PHYSICAL REVIEW D 81, 124048 (2010)

Application of asymptotic expansions for maximum likelihood estimators errors to gravitational

waves from binary mergers: The single interferometer case

M. Zanolin,' S. Vitale,'* and N. Makris®
lEmbry—Riddle Aeronautical University, 3700 Willow Creek Road, Prescott, Arizona, 86301, USA
*Massachusetts Institute of Technology, 77 Mass Ave, Cambridge, Massachusetts, 02139, USA
SLPTMC—Université Pierre-et-Marie-Curie, 4 Place Jussieu, 75005 Paris, France
(Received 23 February 2010; published 25 June 2010)

In this paper we apply to gravitational waves (GW) from the inspiral phase of binary systems a recently
derived frequentist methodology to calculate analytically the error for a maximum likelihood estimate of
physical parameters. We use expansions of the covariance and the bias of a maximum likelihood estimate
in terms of inverse powers of the signal-to-noise ration (SNR)s where the square root of the first order in
the covariance expansion is the Cramer Rao lower bound (CRLB). We evaluate the expansions, for the
first time, for GW signals in noises of GW interferometers. The examples are limited to a single, optimally
oriented, interferometer. We also compare the error estimates using the first two orders of the expansions
with existing numerical Monte Carlo simulations. The first two orders of the covariance allow us to get
error predictions closer to what is observed in numerical simulations than the CRLB. The methodology
also predicts a necessary SNR to approximate the error with the CRLB and provides new insight on the
relationship between waveform properties, SNR, dimension of the parameter space and estimation errors.
For example the timing match filtering can achieve the CRLB only if the SNR is larger than the Kurtosis
of the gravitational wave spectrum and the necessary SNR is much larger if other physical parameters are

also unknown.
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I. INTRODUCTION

The ground-based gravitational waves detectors LIGO,
Virgo, and GEO 600 [1-3] are rapidly improving in sensi-
tivity. By 2015, advanced versions of these detectors
should be taking data with a design sensitivity approxi-
mately 10 times greater than the previous generation, and
the probed volume will grow by a factor of about a thou-
sand. Such improvements in detector sensitivity mean that
the first gravitational-wave signature of a compact-binary
coalescence (CBC) could be detected in the next few years
(see, for example, [4]).

Among the expected signals, a special role is covered by
inspiralling compact binaries. This follows from the ability
to model the phase and amplitude of the signals quite
accurately and consequently to maximize the signal-to-
noise ratio (SNR) by using matched filtering techniques.
Matched filters also provide a maximum likelihood esti-
mation (MLE) of the waveform parameters such as com-
ponent masses or time of coalescence. The choice of the
MLE:s as reference estimators is also motivated by the fact
that if an unbiased estimator that attains the CRLB exists,
is the MLE [5].

The existing GW frequentist literature [5—18] evaluates
the MLE accuracy in two ways: (a) analytically by calcu-
lating the so-called Fisher information matrix (FIM), or
equivalently the Cramer Rao lower bound (CRLB), which
is the square root of the diagonal elements of the inverse
FIM, and (b) numerically by performing Monte Carlo
simulations. The FIM was derived analytically in
[10,11,13] using Newtonian waveforms, extended to
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second-order post-Newtonian [14,15] and recently revis-
ited up to 3.5 PN [6,7].

In [6,7] the authors calculate the CRLB for the three
standard binary systems (NNS, NBH, BBH), and show
how the errors change when the successive different PN
orders are taken into account. They consider initial LIGO,
advanced LIGO and Virgo noises. They also considers PN
corrections to the amplitude. Monte Carlo simulations
were performed, for example, in [8,9], for the lowest PN
orders, where it is also suggested that the inclusion of the
higher PN orders would be computationally expensive.
More recent Monte Carlo simulations with 3.5 PN wave-
forms are described in [18]. We did not try to compare the
uncertainties derived here to other existing papers (espe-
cially those from the 1990s) since different parameter sets,
noise spectra (even for the same antenna) and PN terms
were used. For example, in [12] a comparison between the
CRLB and other bounds is done for a waveform at the Oth
PN order. This work also uses different conventions on the
waveform spectrum than more recent literature. In [13]
phasing is extended to the 1.5 PN order. The spin parame-
ters are taken in account but the noise spectrum for LIGO is
different than the currently used design noise curves. In
[8,14,15] the 2 PN wave was used. In the work [14]
interesting observations are made about the fluctuation of
the parameters variance with the PN orders, analyzing both
the case of spin and spinless systems. The fluctuations of
the variance in the spinless case is also stressed in [6].

The CRLB is a convenient tool to approximate the
accuracies in large SNRs and to obtain error bounds for
unbiased estimators. Unfortunately, for low SNRs (below
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20) where the first detections might emerge, the CRLB can
grossly underestimate the errors [8,12,19,20]. The reason
is that with nonlinear data models and (or) with non-
Gaussian noises, the CRLB depends only on the curvature
of the likelihood function around the true value of the
parameter.

In this paper we apply a recently derived analytical tool
[21-24]to better predict a MLE accuracy and to establish
necessary conditions on the SNR for the MLE error to
attain the CRLB. Explicitly, within the frequentist frame-
work, for arbitrary probability distribution of the noise,
expansions of the bias and the covariance of a MLE in
inverse powers of the SNR are discussed. The first order of
the expansion of the variance is the inverse of the FIM. By
requiring that the second-order covariance is smaller, or
much smaller, than the first order, this approach predicts a
necessary SNR to approximate the error with the CRLB.
The higher order of the expansions are determinant in the
low SNR regime where the inverse FIM underestimates the
erTor.

We compared the errors computed using the first two
orders of the expansions to the Monte Carlo simulations in
[18]. We observed the first two orders of the expansions
provide error predictions closer than the CRLB to what is
observed in the numerical simulations. In [18] the simula-
tions are related to the FIM to establish ranges of SNR
where the CRLB describes the error. Our expansions pre-
dict the same SNR range of validity for the CRLB. The
expansions are sensitive to the side lobes of the likelihood
function because they make use of higher order derivatives
than the second one (which is only sensitive to the curva-
ture of the main lobe). The methodology also provides new
insight on the relationship between waveform properties,
SNR, dimension of the parameter space, and estimation
errors. For example, as noted in [22] for an arrival-time
matched-filter estimate in white noise, the accuracy
achieves the CRLB only if the SNR is larger than the
Kurtosis of the gravitational wave spectrum. Here we
also notice that the necessary SNR is much larger if the
other physical parameters are unknown. More specifically,
the MLE of the arrival time for NS-NS binary signals
might require a SNR equal to 2 with the time as the only
parameter or 15 when all the other parameters are un-
known. These results are important to understand the do-
main of validity of recent papers like [16] that defines 90%
confidence regions in direction reconstruction with time
triangulation. The regions discussed in [16] for SNR
smaller than 10 are based on timing MLEs, with the arrival
time being the only unknown parameter, and the time
uncertainties quantified by the CRLB.

We also note that [25], using a formalism introduced in
[19,20], describes a consistency criterion, different from
the condition derived in this paper, for the validity of the
CRLB that, if applied to a 4 pp compact-binary signal
computed with a 2 PN expansion and m; = m, = 10M,
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requires a SNR of at least 10. At the time of the writing of
this paper, we established with M. Vallisneri that the
Eq. (3.19) of this paper becomes, in the one parameter
case and colored Gaussian noise, equivalent to Eq. (60) in
[25] or (A35) in [19]. A comparison for the Gaussian noise
and multiparameter case is the object of current work,
while a comparison for arbitrary noise is not possible
because [19,25] use Gaussian noises from the beginning
of their derivations. The explicit calculations shown here
for different GWs are also not performed in [19,25].

In Sec. II we present the explicit expressions of the
expansions of the bias and the covariance matrix for arbi-
trary noise and size of the parameter space. In Sec. III we
explain how the expansion can be evaluated for signals in
additive colored Gaussian noise. In Sec. IV we describe the
post-Newtonian inspiral waveform used for the examples,
the parameter space and the initial and advanced LIGO
noises. In Sec. V we study the one-dimensional parameter
space results when only one parameter at a time is consid-
ered unknown. In Sec. VI we present the results for full
parameter space with the initial and advanced LIGO
noises. We also compare our results with published results
from Monte Carlo simulations. In Sec. VII we present
some conclusions, and in the appendix we describe the
derivation of the expansions as well as the relationship of
this method with the statistics literature.

II. EXPANSIONS FOR THE BIAS AND
COVARIANCE MATRIX OF A FREQUENTIST MLE
IN ARBITRARY NOISE

In this section we present the first two orders of the
expansions in inverse powers of the SNR for the bias and
the covariance matrix. The details of the derivation are
provided in Appendix A. Given an experimental data
vector x = {x|, ..., xy}, where N is the dimension, we
assume that the data are described by a probability density
P(x, ¥) that depends on a D-dimensional parameter vector
9 ={d,..., 9p}. According to [26], we suppose that the
MLE & = {&},, ..., p} of 9 is given by a stationary point
of the likelihood function I(x, 4) = In(P(x, ) with re-
spect to the components of

L) == o b e
9, 9=9
If we introduce the notations .
b, = o 9) = 5
Vararan.bibyb, = Ellayay..a. - bby.i.]
where —wv,, is the Fisher information matrix i,, =

—v,, = —E[l,,] = E[1,1,] (E[.] is the expected value),
the first two orders of the bias for the MLE of the r
component of the parameter vector ¢ are given by

by (") = 1imaiPe (v gy + 200 0p) (2.2)
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[vahcde + 4ch,bde + Svde,ubc + 4vahce,d + 4Uubc,d,e + 8Uub,cd,e]

+ 7[(2Uafedvgb,c + 2Ubedfvac,g + 4vabedvgf,c) + (Uafedvgcb + +2vabedvgcf + 2vdbegvacf)

4

+ (zvaedvgb,fc + 4vacfvdg,eb + 4vbedvac,gf + 2vfcbvag,ed) + (4Uafe,gvdb,c + 4vafe,cvdb,g + 4Udbe,gvaf,c)

+ (2vabe,gvcdf + 4vdbe,gvacf + 4vabe,fvcfg + 2vdge,bvacf) + (4Uag,fcved,b + 4Ued,fcvag,h + 4Uag,edvfc,b)

2
+ (4vacgvef,b,d + Zvcdevab,f,g) + gvabdevc,f,g] +

ma ibcide l'fg iti

] Uadf(vebcvgti + 2vetcvgbi + 4vgbevtci

+ 8vgbtveci + 2vebcvgt,i + 4Uetcvgb,i +2v iVeb,c + 4Ugtcveb,i + 8Ugbtvce,i + 8Ugbtvci,e + Svgbevct,i

gti

+ Svctevgb,i + 4vctivgb,e + 4vgt,iveh,c + 4veb,ivgt,c + 8Ugt,hvic,e + Svgt,evic,h + 4vhetvg,c,i)

+ vdci(gvbgtvae,f + 4Ubgfvae,t + Svae,tvbg,f + 8vae,fvbg,t + 8vaf,bvge,t)]

were we assumed the FEinstein convention to sum over
repeated indices. For the covariance matrix the first order
is the inverse of the Fisher information matrix while the
second order is given in by (for simplicity we provide the
diagonal terms):

Cy(§) = —ill + i/miinipd(2u +v

ng,m, p nmpq T 3V

nq,pm

+ 2Upmpg  Vmpgn) + I P (v

mpgq,n npm

+ vn,mp)(qul + 2vt,zq) + Unpq(%vmzl + 2Um,tz

+ Um,t,z) + vnq,z(6vmpt + 2Upr,m + Ump,t)]'
2.4)

ITI. EXPANSIONS FOR SIGNALS IN ADDITIVE
COLORED GAUSSIAN NOISE

For this analysis we assume that the output of an opti-
mally oriented GW interferometer has the form:

x(1) = h(z, 0) + w(r) 3.1
where A(z, 6) is the signal, which depends on the parame-

ters vector 6, and w(r) a stationary Gaussian noise with
zero mean. The probability distribution can be written as

p) = expf =3 [1x() = e, 0106 = 1)x(n)

— h(t, Q)]dtdtl}. (3.2)

The first and second derivative of the log-likelihood give

_ dlogp(x)
D

= j ho(t, ) — 1)[x(ty) — her, O)ldedr,  (3.3)

lq

2.3)
[
_al,
lap = a0,
- f oy (1, )0t — 1)x() — h(1y, 0)]
— hy(t, )Q(t — 1))hy,(t,, 0)]drdty, (34)
iab = E[lalb] = _E[lab]
- f ho(t, OOt — 1)hy(t1, O)dedt, = (3.5)
= [ararnpmoer . Go
It is easy to verify that
o(f + 1)
o, ) =22 .
=" (3.7)

where we have introduced, S,(f), the one sided power
spectral density defined as the Fourier transform of the
noise autocorrelation:

R(t) = E[n(t + 7)n(7)]. (3.8)

S,(f) = f dte=2TIIR(s). (3.9)
Notice that the sign convention in (3.7) follows from the
implicit assumption that R(r) is the Fourier transform of
E[n(f)n(f")]. In the literature, another convention with the
minus sign is also found corresponding to defining R(¢) as
the Fourier transform of E[n(f)n*(f’)]. Using the relation
h(—f) = h(f)*, we can finally write the FIM:

iap = Ell1p] = (ho(f), hp (), (3.10)

where h,(f) are the derivatives of the Fourier transform of
the signal with respect to the ath parameter. We have
introduced a mean in the frequency space:

Feut u(f)v(f)*]

w(f), v(f)) = 4:R[ dp IV

3.11
Siow Sh(f) ( )
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where the range of integration depends on the antenna
properties and the theoretical model for the binary system.
The SNR corresponds to the optimal filter:

|h(H)I?
Su(f)
We can express in the same way all the quantities we

need in order to calculate the second-order variance, like
scalar products of A(f) derivatives.

feu

daf
f]ow

p* = (h(f), h(f)) = 4

Vap = ~Vap = iap = (ha hp) (3.12)

Vape = (hap, he) (3.13)

Vape = —aps Be) = (e M) = (e, ) (3.14)
Vaved = (hap hea) + (o, BpXhe, ha) (3.15)
Vaved = Papes ha) (3.16)

Vabed = _<hab’ hcd) - <hac’ hbd> - <had’ hbc> - <habcr hd>
= (hapas he) = Chacas M) = Ppeas ha) (3.17)

Vab,ed = <ha’ hb><hc’ hd> = iabicd'

If one uses these functions, the form for the second-order
variance, Eq. (2.4) can be further simplified:

Cy(99) = imiinipa(v,  + 3(h

(3.18)

nmpq ng’ hpm> + 2vnmp,q
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IV. INSPIRAL PHASE WAVEFORM FOR BINARY
SYSTEMS

We apply the general results of the theory to the case of a
binary system in the inspiral phase. Starting from the
3.5 PN phasing formula [27] we write the Fourier trans-
form of the chirp signal:

h(r) = (e + e7 00

where ¢(f) is the implicit solution of the 3.5 PN phasing
formula, using the stationary phase approximation (SPA)
[28,29]. The final result is

h(f) = Af-0/0ei0H),

.1

4.2)

The phase is given by
W =2mfi- T4 D Sant @3
= 47T - - — v, .
4 12898 &t

where r and ¢ are the arrival time and the arrival phase.
The function v can be defined either in terms of the total
mass of the binary system, M = m; + m,, or in terms of

the chirp mass, M = 73 M:
v = (M) = (af )y,

where 7 is the symmetrized mass ratio
_ mymy
=

+ Vpipg )+ imiinpe iqt(vnpquzt + %Unpqvmzt The amplitude is a functiqn of the chirp mass, the effective
’ distance, and the orientation of the source:
+ 2V, Umin T 2V -Vt T OV Un
genmy apemmt e A o« M5/ °Q(angles)/D.
+ quzvnt,m + 2vmq,zvpt,n + 2vpt,zvmq,n
The coefficients «;’s with k = 0...N (the meaning of
+ Uiz tvnq p)' (319) . k . . .
T | each terms being the 5 PN contribution) are given by
20 /743 11 3058673 5429 617
=1, =0, = (=+-—17) = —16m, =1 +—p?
@0 @ =0 ae=g <336 4 ") @3 om a4 0(1016064 10087 " 144" )
(38 645 38645 o v 65 [1 43l v ])
as =1 - —
: 756 | 252 %y, 9" o,
(11 583231236531 640 , 6848 ) < 15335597827 | 2255 , 17606 12320 )\)
g = —_—— Tt — - T —
6 4694215680 3 21 Y 3048192 12 3 9
76055 , 127825 , 6858 logd
_ 3 _ v,
1728 7 71296 T
(77 096675 378515 74045 2)
a; =T - ,
7 254016 1512 756

where A = —0.6451, 6 ~ —1.28. vy is the Euler constant,
and v, = (mMfi,)"?, with fi, the last stable orbit
frequency for a test mass in a Scharzschild space-time of
mass M:

fiso = (6327M) ™! (4.4)

which will be also used as the upper cutoff for the integrals
(3.11), (3.12), (3.13), (3.14), (3.15), (3.16), (3.17), and
(3.18).

Given the waveform (4.2), one can easily calculate the
Fisher information matrix, and its inverse, the CRLB.
Equation (4.2) contains five unknown parameters,
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(A, t, ¢, M, n) (the total mass M could be used instead of
the chirp mass), so that one should calculate a five dimen-
sional square matrix.

It was already observed by [13] that the errors in the
distance, and consequently the amplitude ‘A, are uncorre-
lated with the errors in other parameters, i.e. that the Fisher
information is block diagonal. We observed that this is also
the case for the waveform (4.2) we use here for both the
FIM and the second-order covariance matrix. We can
therefore work in a four-dimensional parameter space
(t, d, M, ;). However, it is worth observing that this is
not an obvious point since in general the amplitude esti-
mation can be coupled with other parameters if they enter
in the signal in specific ways (see Ch. 3 of [5]).

For the analysis of this paper, the SNR and the amplitude
A are related like follows:

fau  fTO)
h(f)) =4A% | dft——ro.
W Fiow ! Su(f)

We perform the calculations using analytical forms of
the design initial and advanced LIGO noise spectrum (4.6).
The initial one-sided power spectral density of LIGO can

be written for f = fiow (S,(f) = 00, f = flow):

Syu(f) = So[(4.49x) 736 + 0.16x~*32 + 0.52 + 0.32x?],
(4.6)

p* = (h(f), (4.5)

where the lower frequency cutoff value is fj,, = 40 Hz,
x = io fo =500 Hz, and S, = 9 X 1074 Hz .

The Advanced LIGO one sided psd has the following
CXpI’GSSiOI’l, for f = flow (Sh(f) = X, f = flow):

1 —x*+x*/2

S, (F) = Syl x4 — 552 + 111
n(f) 0[x o 1+ x2/2

:I, “4.7)

where the lower frequency cutoff value is fi,, = 20 Hz,
X = %, fo=215Hz, and S, = 107 Hz"'. They are
plotted in Fig. 1.

— Advanced Ligo — — Initial Ligo

=22 b “
| N !
10 N =

Su(f)? 5 —

-23
10

24
10

10 100 1000

f

FIG. 1. The Initial (dashed line) and Advanced (solid line)
LIGO noise spectrum.
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We now calculate the second-order covariance for the
full four-dimensional parameter space (¢, ¢, M, 1).

To compare our results with the literature more easily,
we study a binary neutron star system (NS-NS), a neutron
star—black hole system (NS-BH), and a black hole system
(BH-BH). A neutron star is assumed to have a mass of
1.4M and a black hole of 10M,.

We performed our calculations following these steps:
(I) We give to the total mass M and the mass ratio 7 a
numerical value depending on the binary system we con-
sider. This makes the upper cutoff (4.4) to have a numerical
value. (II) We compute analytically the derivatives of the
wave function %(f) and use it to compute the Fisher
information (3.10) and his inverse, the CRLB. (III) We
calculate the v’s functions (3.12), (3.13), (3.14), (3.15),
(3.16), (3.17), and (3.18) and use them to compute the
second-order covariance (3.19). (IV) We plot for the four
parameters the CRLB, the second-order variance and the
total error (without bias, see end of Sec. V).

V. ONE-DIMENSIONAL PARAMETER SPACE

In this section we describe the results for the instance
where only one of the parameters (we call it ) is consid-
ered unknown, while the others have known values. It can
be shown that in this case the second-order variance (3.19)
can be written as

C2(0) = (i%%)(8i%Chyg, hg)* — (hgge. hp))

Let us consider the case where 6 is the arrival time ¢ in
the waveform (4.2). The ratio between the second order and
the first order variance turns out to be

(5.1

K.
Cy(n) 1 fz 59
2 T 4,7 (K (5.2)
O-t p (Kl))

where K, = [de{Zf |h(f)|?> is the ath moment of the

signal’s frequency spectrum. The second order is negli-
gible with respect to the first if
K,
X,
K2’
&)

that is, if the SNR is much larger than the Kurtosis of the
signal’s spectrum. This means that for two signals with the
same bandwidth, the one with a more peaked spectrum
requires higher SNR to attain the CRLB. It must be noted
that the K, are functions of the total mass via the upper
limit of the integral [see (4.4)]. This kind of observation
was also introduced in [22] for an arrival-time matched-
filter estimate from data disturbed by additive white noise.

It can be shown that for a BH-BH (NS-NS) system the
second order becomes equal to the first for p = 1.32 (p =
1.97). These values of SNR are smaller than those we will
derive with the full parameters space. This indicates that it
is much harder to estimate all the parameters at the same

p’ > (5.3)
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time. Also notice that if someone requires the second order
to be much smaller than the first, for example, 10%, the
conditions become more stringent.

A similar calculation can be done when one of the other
parameters is considered as unknown. For M and 7 the
same analysis does not give a result that is equally compact
and we only show a plot of the ratio between the second
order and the first order variance, for a fixed value of SNR,
p = 10; These values, are presented in Fig. 2, for different
values of n and M and 1 PN waveforms. When 7 is the
unknown parameter (upper plot), the ratio becomes smaller
when the total mass of the system increases. This is in
agreement with the Monte Carlo simulations (see e.g. [18],
and Sec. 8.3) performed in the full four parameter space.
The necessary SNR is not very sensitive to the value of 7.
Similar considerations can be drawn when the total mass M
is the unknown parameter (bottom plot), except that now
the necessary SNR seems to be slightly more sensitive to
the value of 5. In both panels of Fig. 2, the second order is
always about 30% of the first order. If one works with a
one-dimensional parameter space more compact expres-
sions can also be given for the first and second-order bias,

20r
18 2
16k '3
147 1305
12 2
M
M, 1of 0.315
8r 0.32
6,
0.325
4_ . . .
0.33 : : i
0.1 0.15 0.2 0.25
D0 g g
0.29%
0.3
—0.305—
15[ S
031 —
o — —
_— 0.32
Mg
10f
0.325
5r i i i i
0.1 0.15 0.2 0.25

FIG. 2 (color online).
C,(M)/iMM (bottom).

The ratio C,(n)/i" (top) and
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Egs. (2.2) and (2.3):

b[1] = —3(i?)*(hgg, hg) (54

b[2] = —(i00)3(%<h0000’ h) + 2 hoge, hge) — Xhgge, ho)
— i%%hggg, ho)hog, hg) — 3i%%(hgg, hgg) g, hg)
+ 2% (hgg, hp)?) (5.5)

We observed that the first two orders of the bias are, for
all of the examples in this paper, few order of magnitude
smaller than the variance contributions. Therefore, we do
not include them in the presented results. Ongoing research
on waveforms including the merger and ringdown phases
show that the bias can also become important for systems
with masses beyond the range considered here.

VI. FULL PARAMETER SPACE

We present results for the full parameter space beginning
with the examples obtained using the initial LIGO noise
(4.6), see Figs. 3-5 and then show the same results for the
advanced LIGO noise (4.7), see Figs. 6-8. In each plot we
show three curves as a function of the SNR. The dotted one
is the CRLB (square root of the diagonal elements of the
inverse of the FIM). The dashed one is the square root of
the corresponding diagonal elements in the second-order
covariance matrix, and the continuous one is the square
root of the sum of the diagonal elements of the of the FIM
and of the second-order covariance matrix. For all the cases
analyzed in this paper, the bias resulted in a negligible
contribution and, as a result, is not included in the plots.

For the bottom two of the four plots panels, the curves
are divided by the actual value of the parameter in order to
express the relative uncertainty. The general trend is that
the CRLB fails to describe correctly the error for SNRs
lower than 20. For the ¢ and the M, this regime is of
physical interest while for the symmetrized mass ratio
and the phase the CRLB already predicts very large un-
certainties. It is also worth noticing that the SNR at which
the second-order covariance matrix contribution becomes
comparable to the CRLB is much larger when the full
parameter space is involved. For ¢ for example in the NS-
NS case the two are the same at p = 2 while for the full
parameter space they equate around p = 15, see the first
panel of Fig. 3. These results appear to indicate that also the
timing based directional reconstruction accuracy is worse
when the other physical parameters of the waveform are
unknown.

It is interesting to compare our results with Monte Carlo
simulations for 3.5 PN waveforms, [18].

In Fig. 9 we reproduce the plots of [18] obtained for a
NS-NS system (first panel from top) and for a low mass
BH-BH system—10M ,— (third panel from top) when the
initial LIGO noise is used.
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FIG. 3. NS-NS signal in initial LIGO noise. The dotted line is
the CRLB. The dashed line is the square root of the second-order
covariance matrix, and the continuous line is the square root of
the sum of the diagonal elements of the FIM and of the second-
order covariance matrix. In the last two panels the errors are
divided by the value of the parameter.

The results we obtain for the same systems are shown in
the second and fourth panels from the top of Fig. 9, where
the CRLB and the square root of the sum of the inverse
FIM and the second-order covariance are plotted. The plots

PHYSICAL REVIEW D 81, 124048 (2010)
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FIG. 4. NS-BH signal in initial LIGO noise. The dotted line is
the CRLB. The dashed line is the square root of the second-order
covariance matrix, and the continuous line is the square root of
the sum of the diagonal elements of the FIM and of the second-
order covariance matrix. In the last two panels the errors are
divided by the value of the parameter.

show that the use of the second-order covariance predicts
correctly the SNR regime where the CRLB fails to describe
the MLE accuracy. The explicit percentage discrepancies
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FIG. 5. BH-BH signal in initial LIGO noise. The dotted line is
the CRLB. The dashed line is the square root of the second-order
covariance matrix, and the continuous line is the square root of
the sum of the diagonal elements of the FIM and of the second-
order covariance matrix. In the last two panels the errors are
divided by the value of the parameter.

presented for SNR equal to 20, 10, and 6 in Table I seem to
indicate that higher orders of the expansions might be
necessary to fully reproduce the error derived with the
Monte Carlo simulations.
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FIG. 6. NS-NS signal with Advanced LIGO noise. The dotted
line is the CRLB. The dashed line is the square root of the
second-order covariance matrix, and the continuous line is the
square root of the sum of the diagonal elements of the FIM and
of the second-order covariance matrix. In the last two panels the
errors are divided by the value of the parameter.

VII. CONCLUSIONS

In this paper we applied a recently derived statistical
methodology to gravitational waves generated by the in-
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FIG. 7. NS-BH signal with advanced LIGO noise. The dotted
line is the CRLB. The dashed line is the square root of the
second-order covariance matrix, and the continuous line is the
square root of the sum of the diagonal elements of the FIM and
of the second-order covariance matrix. In the last two panels the
errors are divided by the value of the parameter.

spiral phase of binary mergers and for noise spectral den-
sities of gravitational wave interferometers. Explicitly, we
computed the first two orders of MLE expansions of bias
and covariance matrix to evaluate MLE uncertainties. We

PHYSICAL REVIEW D 81, 124048 (2010)

RN —Total
s W] e CRLB
10 k- N ---2nd Order
0N
\‘ \
At[ms] MO,
\‘
5 \\
10 < b
N
N —
‘\ \

Ag[rad] 10°

vl

229

FIG. 8. BH-BH signal with advanced LIGO noise. The dotted
line is the CRLB. The dashed line is the square root of the
second-order covariance matrix, and the continuous line is the
square root of the sum of the diagonal elements of the FIM and
of the second-order covariance matrix. In the last two panels the
errors are divided by the value of the parameter.

also compared the improved error estimate with existing
numerical estimates. The value of the second order of the
variance expansions allows us to get error predictions
closer to what is observed in numerical simulations than
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FIG. 9. The simulations of T. Cokelaer (first and thrid panel
from top), compared with our result (see the text for a discus-
sion).

the inverse of the FIM. The condition where the second-
order covariance is negligible with respect to the first order
predicts correctly the necessary SNR to approximate the

PHYSICAL REVIEW D 81, 124048 (2010)

TABLE I. The discrepancies between the CRLB error predic-
tion and Monte Carlo simulations are presented above the
discrepancies observed using the first and second-order covari-

ance matrix. The discrepancies are presented for three values of
the SNR: 20, 10, and 6.

NS-NS SNR 20 10 6
Cokelaer 25% 200% 700%
ZNM. 8.6% 131% 174%
BH-BH SNR 20 10 6
Cokelaer 10% 150% 230%
Z.NVN.M. 2.9% 111% 129%

error with the CRLB and provides new insight on the
relationship between waveform properties SNRs and esti-
mation errors. Future applications include IMR wave-
forms, a network of detectors, and source location
estimation.
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APPENDIX A: DERIVATION OF THE EXPANSIONS

Analytic expressions for the moments of a MLE are
often difficult to obtain given a nonlinear data model.
However, it is known from [21] that likelihood expansions
can be used to obtain approximate expressions for the
moments of a MLE in terms of series expansions in inverse
powers of the sample size (n). These expansions are valid
in small samples or SNR where the MLE may have sig-
nificant bias and may not attain minimum variance.

An expression for the second covariance equivalent to
the one used here was first given in a longer form (about a
factor 2), and with the prescription of isolating the different
asymptotic orders inside the tensors, in [22]. The expres-
sions presented here were first derived in an unpublished
MIT technical report [30] by two of the authors of this
paper, where (a) the Bartlett identities [31,23] were used to
simplify the expression of the second-order variance, and
derive the second-order bias. (b) the prescription on the
tensors no longer needed to be implemented. The final
form of the second-order covariance has already been
published without proof, in two papers [24,32], where the
first and third author of this paper are coauthors, involving
MLE of source and environment parameters that use
acoustic propagation within a shallow water ocean wave
guide.

In this section, we derive the second-order bias for a
multivariate MLE and we introduce a chain rule that allows
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the derivation of the second-order covariance matrix from
the second-order bias. The explanation follows closely
[30]. The derivation of the bias is performed in two steps:
first we derive the expansions in the nonphysical scenario
of n statistically independent identical measurements and
then set n = 1 for the case of interest of this paper.

The derivation follows the approach of [26] for like-
lihood expansions, [33] for the large sample approxima-
tions and [34,35] for the notation of the observed
likelihood expansions. For the small sample case of inter-
est, asymptotic orders generated from the likelihood ex-
pansion may contain different powers of %, and the
contributions to a single power of % may have to be col-
lected from different asymptotic orders. The authors of
[36] extending the work of [21], confronted the equivalent
problem of separating the powers in n within the expecta-
tions of products of linear forms and arrived at expressions
for the second-order bias of the MLE by embedding the
derivation in a discrete probability scheme. Some applica-
tions of their results are given in [37-41]. We present here
an independent derivation for the second-order bias that is
valid for general discrete or continuous random variables.
Let us consider a set of n independent and identically
distributed experimental data vectors x; = {x;;, ..., Xin}s
where N is the dimension of every vector. We assume
that these data are described by a probability density
P(x, 9) = I1,p(x;, ¥) that depends on a D-dimensional
parameter vector ¥ = {9, ..., 9p}. According to [26],
we suppose that the MLE & = {9, ..., 9p} of 9 is given
by a stationary point of the likelihood function I(x, ) =
In(P(x, 9)) = 3, In(p(x;, ¥)) with respect to the compo-
nents of 9

al(x, 9)

L(x, 9) = 0 s

=0r=1...,D (A1)

The first step in deriving the likelihood expansion, if
I(x J) can be expanded as a Taylor series in the compo-
nents of the observed error 9 — ¥, consists of writing
I(x, D) as

0=1x9) =L@ -9+ 9)
=1(x 9+ ,(x 9D — 9

1 D — YD — D)+, (A

where (5 — ) for r =1,..., D are the components of
the observed error. We will use the notation

Vla ay...a.}..{b by by = E[Ha]az...ax ce Hblbz...bs]r

where H, o, o, = lajay..a, = Vajay..a, A —v,, is the in-
formation  matrix i, = —v,, = —E[l,,] = E[1,1,].
Introducing j** as the inverse of the matrix whose elements

are given by j,, = —l,, Eq. (A2) can be rearranged to
solve for (¥, — 9,) = (9 — 9)"

PHYSICAL REVIEW D 81, 124048 (2010)
(3 —9) = J”l +1 ”lm,(ﬁ 9) () — 9~
+ 4" L (9 = 9D — 9)(D — 9)
24J”lsmuw(19 9)'(J = 9D — 9

X (§ — 9" + (A3)
Finally we can iterate Eq. (A3) with respect to the compo-
nents of the observed error and expand j*® in terms of the
information matrix inverse i’ = (i~'),, ([42], page 149)

T e (R (S D
= % + 4P H,, + Y H L H,

+ i vicdH, | Hy, + (Ad)
From (A3) and (A4) the terms that contribute to each
asymptotic order of the observed error can be obtained.
However, in order to isolate the asymptotic orders neces-
sary to compute the second-order bias we have chosen only
a finite number of terms within Eqs. (A3) and (A4). This
choice can be made by (a) observing that v is
proportional to n

ayay...ag

a*In(p(x;, 9))
99,,00,, ... 00,

R N nE[ ] (A3)

where the value of i is irrelevant because all the vector data
have the same distribution, and (b) using the large sample
approximation expressed by ([33], page 221)

H =1

a,a...a; - E[lalaz...aj] -~ n1/2, (A6)

aa,...a

and proved for discrete and continuous random variables in
the next paragraph.

Equation (A6) indicates that the expectation of a product
of ¢ generic factors H, ,, , 1s a polynomial of integer
powers of n, where the highest power of n is the largest
integer less than or equal to § (we use the notation int(%)).
For example, Via,ay...a,{by by by Herer.oc,} is proportional to 7.

The proof of the large sample approximation (A6) is an
extension to continuous random variables of the analysis
performed in ([43], page 36), for discrete random varia-
bles. To prove Eq. (A6) we show that the quantities

P, (n)

obtained as the expectation of products of m functions
H, = >r, h,-,gl_ are polynomials in integer powers of n
~{lia).
The subscripts «; that appear in H,_represent collections

of indexes as introduced in Eq (A6).
The factors H, H,, - .. H, appearing in the expectation

can be seen as the ﬁrst m terms of a succession H,, , where

we choose arbitrary H,, for i > m. Using such a succession
_I

we can define the quantity

= E[Hy H,, ... Hy, | (A7)

of order less than or equal to % . Here, & b, = I i,
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F(y) = y'Py(n)
s=0

_ inEKi h,»,,%)--‘(i‘. hj.&:)]’

s=0 ji1=1 =1

where we assume that all the expectations exist.
Moving all the sums outside of the expectations and
redefining the notation in the sums, we can obtain

o0 al,’ﬁqZO,l
Fy)= Yy >
s=0 Ala -%—...+a,Lgl +...+a1vﬁs+...+am£$:s
aya an,a a N al,ll
X E[hl‘gl ey ...hn’gl =1 ...hl,gx Lag "'hﬂ,gs ’—s]’
(A8)

where the quantity a p.a, CAN be equal to 0 or to 1 to indicate
that the quantity / ra,
the expectation. The summation over all @; , s intended to

is present or not in the product inside

account for all possible configurations of the indexes
(choosing some equal to zero and the others equal to
one) with the constraint that the number of factors within
the expectation is equal to s. We can now group together
terms (hi,g/_)a"ﬂf for different i and define 375, Qja, = Sis
where Y, s; = s. In this manner we can also factorize the
expectations in (A8) as expectations for different data
vectors. By making use of the statistical independence of
the different data vectors, and defining
)‘(ai,g/-l’---’ai’g,p) = E[hi,g/_l "'hi,g/-,,]’ (A8) can be re-
written as follows:

S

F)=>»> X
s=0

= Xl:oal,gl +...+a1&_=sl

)\(al,gl, ...,alygx)

S8

X z Z /\(Clz‘gl,...,az‘gx)...

$3=0as 4t Fay 0 =52

x X >

Sp =S TS TS T T S an,g] +"'+an’ﬁszsn

=(z y Z A(al,gl,...,alygx))...

(o]
X ( z ysn Z Mg, an&))
5, =0 Z‘}:l g, =S

(5=

We observe that, when the expectations contain only one
factor, for s, =1, we have E[h;, “«h, “e.. . ]=

Mapa,, - ana,)

Zs

(A9)

E[hl,gj] = )\(al,gj) = 0 for any j. As a consequence, the
Taylor expansion of f(y) in y can be written as f(y) =

PHYSICAL REVIEW D 81, 124048 (2010)

co + ¢y* + ¢3y° + ... Eventually, it is the absence of
¢,y in this expansion that allows us to explain the proper-
ties of the polynomials in Eq. (A7) and finally the large
sample approximation (A6). To accomplish this last step,
we explain how the polynomials P,,(n) are related to the
coefficients c;. Let us consider the contribution to P,,(n)
that originates from the product of k& factors
¢; ¥, ..., ¢; y* with the constraints i; = 1 and i) + ... +
i, = m. The number of ways these products can be formed

for an assigned set of iy, ..., iy is proportional to ( k) =

n* + lower powers inn. Moreover, the contributions to
P,,(n) are formed by an integer number of factors less
than or equal to 7 because ¢; = 0. This property limits
the highest power in n contained in P,,(n) with the largest
integer number smaller than or equal to 7 . Equation (A7) is
then proved as is the large sample approximation (A6).

Each asymptotic order m of the rth component of the
observed error is denoted by (3 — 9)"[m], where the index
is given by m = % and s is a natural number. For ex-
ample, the asymptotic order for m = 1 is given by

(& — 9)T1] = Lol + i Hyd,, (A10)

where we have adopted the lifted indexes notation v+ =
i ...i%%v, 5. The asymptotic orders of the bias are then
given as the expectation of the asymptotic orders of the
observed error

B, m] = E[( — 9)[m]]. (A11)

The asymptotic order b[9", m] contains different powers of
% as we discuss in this paragraph. It follows from Egs. (A3)
—(A6) that 5[ ", m] is the sum of terms having the structure
Y. ..iY v . v E[H(...H,] where a, b, and c are the
—_ U

¢ b c

numbers of factors in the three products satisfyinga — b —
5 = m. Different powers of % can be generated because
E[H,...H] can contain all the integer powers of n equal

%,—J

c

to or less than n"(/2 However, from the fact that no
power higher than n™(/?) can be generated follows that
an asymptotic order m will never generate powers in the
sample size - with p smaller than m. It still remains to
prove which is the largest power in % contained in the
asymptotic order m. We show that in the following.

Since the largest range of powers of % is allowed when
b =10, we study these terms to evaluate the range of
powers of 1 contained in B[, m]. The structure of
Eq. (A3) implies that its iteration with respect to the
observed error components generates an equal number of
j¢? and Hy (werecall that [y = H() + v(,). Similarly, the
number of i) generated from the expansion of j%° given in
Eq. (A4) is equal to the number of H,;, plus 1. These two
observations imply that the terms where b = 0 also verify
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a = c=2m. As a consequence, the powers of % that
B[, m] contains can range from the smallest integer
number larger than or equal to m, up to 2m — 1. The
analysis above implies that in order to compute the con-
tributions to 1 and to - in the bias expansion that we denote
with 5[9", 1]and b[d", 2], it is necessary to obtain the first
three asymptotic orders of the bias, 15[19r, 1], 5[1‘}’, %], and
B[9", 2]. In the explicit expressions below, to condense the
notation, we introduce the quantities /*5--7% = j*B __ jv?
so that

IT.97 — qrikl Lyrjl

B, 1] = Iiklyy,  + rritey,, (A12)
.97 31— 1 B, 1y, ud
b[ﬁ ’ 5] - E(Ira SBity.u Vapys

+ 3Ira'sﬁyy6'tg'uvvaByvé,g,vvs,t,u

+ Ira,s,B,uy,tvv v

aByYuv,s,t
+ %I”’ta’uﬂ’vyvaﬁ'yvst,u,v + %Irs,tu,vwvstvyu,w

+ [rSuw,, + 2Irx,twv”yw + ]ra’ﬂyvaﬁyr

(A13)

st,yu,w

or9 — 1
b[ﬁr, 2] — (Ira,bq,cd,lp + EIrd'm’bq’cp)U{abc}{dt}{q}{p}
1
L U S e LTI BTt
+ (%Iap,rqubg + Ira,tqvbpg + %Ira,bgvtpq
+ PP Ui T AV O
+ Urzqsl-tp + %vpzqtirs + (Idz,eq,ptvrcs

+ Irp,dz,etvsqc + Zqu’e‘Y’ptvrzc)vcde]v{‘\‘p}{z}{q}{t}

+ o st,bc,de U{ab}{cd}{et}{s}

Lyrjkl,mp, 1
+ gl gy T gV

1, ,raayBb,gé,vd 1,,rayd yBc,ba
+ E'U I'B 80y Uabgd + Z‘U Y I'B Vabe

raByé

1, rvaywa,zB,by,gé
+§U 1 Whbrvs vvwzvabg

+ 0 P, v Ul e
(Al4)

The first order of the bias 5[, 1] can then be obtained by
substituting the explicit expressions for the tensors in
b[d", 1]. The second order b[",2] takes contributions
from B[, %] and B[9", 2]. However, while 5[, %] gen-
erates only n~2 contributions, 5[19’, 2] generates n~2 and
n~3 contributions. Consequently, to collect all and only the
contributions to n~2, it is necessary to extract the n~?
component from 5[9", 2] and add it to H[", 3]. The ex-

traction can be done by introducing into 5[9", 2] only the
highest powers of n of the tensors.

The first two orders of the bias for the MLE of the r
component of the parameter vector ¥ then become (2.2)
and (2.3).

PHYSICAL REVIEW D 81, 124048 (2010)

Starting from (2.3), the form for the second-order co-
variance matrix can be obtained using the following
theorem:

Theorem: Let g(.) be an invertible and differentiable
function and let £ = g(19) be a set of parameters dependent

on 9. Let b(J,) and b(&,) be the biases relative to the
estimation of the components of & and £, which can be
computed as power series of %, as explained in Sec. II. The
terms of the expansion in powers of % for b(é,) can be

obtained from the terms of the expansion for b(d,) by
replacing the derivatives with respect to the components
of 1}, with derivatives with respect to the components of .
The explicit dependence on £ can be removed at the end of
a derivation by means of the Jacobian matrix J defined by

% &y 99, .

To prove the chain-rule theorem given in Sec. II, we
analyze how the derivation of the expansion in powers of %
for b(9,)r = 1, ..., D, which is described there, changes if
we are interested in the expansion for b(¢,)r = 1,..., D,
where £ is a vector of parameters in an invertible relation-
ship with 9: ¢ = f(9); & = f~!(£). The starting point for
the derivation of the expansion of b(&,)r = 1, ..., D is the
stationarity condition

-1
. (A15)

that can be obtained from Eq. (A1) by replacing only the

derivatives %~ for r =1,..., D with 2% for r = 1,..., D,
U, a¢,

because ¥ = 9 implies & = f(J) = £. The subsequent

steps can then be obtained from Egs. (A2) up to (2.3) by

replacing the derivatives in the same way. Since % =

ms aiﬂj’ where the components of the Jacobian

v, 9 __
¢, 9V, J

matrix J,,, behave like constants in the expectations, the
substitution of the derivatives can also be done only in the
final result [for example, in the orders given in Eqs. (A14)
and (2.3)]. The expectations contained in the expansion of
b(¥9,) in powers of 1 can also be computed before the
substitution of the derivatives if the likelihood function
dependence on the parameters is expressed in terms of
auxiliary functions. Examples of auxiliary functions are
g,(9) = U, for a general parametric dependence and
g1(9) = u(9) g,(9) = () for a scalar Gaussian distri-
bution. By means of these auxiliary functions, the deriva-

9 98y o 8 o Ag a

. 9 0
tives 75 and e become 99, 98, A€y 98y

consequence the orders of the expansion for b(£,) can be
found from the orders for the expansion of b(4,) imple-
menting, in the result of the expectations, the substitutions

and

girtit-tipg () _ gititoting (£71(¢))
(097" ...(a9p)"» (0&)1 ... (9€p)™r.

(A16)
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The converse of the chain rule, in which higher moments of
the observed error are used to compute lower moments, is
not possible. We can observe, for example, that the expan-
sion of a general moment of a MLE does not always
contain all the powers of % The lowest order present in
the expansion of the m order moment is given by the largest
integer number smaller than or equal to % [we use the
notation int(%)]:
1
nint(m/ 2)

E[(d -9 ... (3= 9)n] =

1
+ higher powers of —.
n

The consequence of this observation is that only the bias
and the error correlation matrix may contain first order
terms. For this reason an inverse chain rule would have to
generate nonzero orders of lower moments expansions
from the corresponding orders of the higher moments
expansions that are zero for powers of .+ lower than .

Let us consider how the chain rule makes it possible to
compute the expansion of the error correlation matrix
Z(9) defined by E(J) = E[(3 — 9D — 9)7] and the
covariance matrix. Using the invariance property of the
MLE,

E@) = b@D) — BT — b(H)ST, (A7)

—_

where ()7 is the transpose of a vector and b(3d7) is a
matrix whose components are the bias of the product of
two components of 9. Once =(?) and the bias are known,
then the covariance matrix C(9) can also be computed by
means of

c(d) = E(J) — b(Db(H)T.

To compute the right-hand side of Eq. (A17), we express it
in terms of the components, obtaining

E,(9) = b(,9;) — 9,b(D;) — b();.

t

(A18)

(A19)

It is important to realize that knowledge of b(J,) is suffi-

cient because the expansion of b(1; 19j) can be derived from
it by means of the theorem given above. In fact, if we
choose

§={’l91,.. "&D}

as a new set of parameters, b(1;4;) becomes b(£)).
However, it is necessary to insure that the relationship
between ¢ and ¢ is invertible. This condition holds if
both ; # 0, where i = 1, ..., D and the sign of the com-
ponents of ¥ is known, for example, by means of con-
straints on the data model. In a scalar estimation scenario,
Eq. (A17) becomes simply

2 = E[() — 9] = b(H) —29b(d)  (A21)
and the variance C(9) = () — b())2. In this case b(F*)

LD, 0 Qi

[ (A20)
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can be derived from b(J) if we choose & = 92 as the new
parameter and the Jacobian matrix becomes ﬁ because
aig = %—? - = 35 . A useful simplification of the algebra
of the chain rule in the derivation of second-order moments
is described in the following two paragraphs. The chain-
rule and the subsequent conversion of the derivatives re-

quire the substitutions

L)L
99, ... 00,  0& ...0&

d J
ST (D) T ().
o) 55T (@) 55
dJ
X i, (@) ——L[] (A22)
J ;.

From the right-hand side of (A22) it is clear that the
derivatives will also be applied to the Jacobian matrix,
thereby generating m! terms for every derivative of order
m. However, it can be observed that the terms contributing
to the final result are only a small subset. In fact, among
all the terms generated from the conversion of the
derivatives in the bias expansion, only those where a first
derivative of the Jacobian matrix appears must be consid-
ered. For example, we can consider the term
sresbvey v, Ve Y, v, that comes from Eg.
(2.3), which must be used to derive the second-order
E(9). In this case, we need to consider only the 3 terms
in which one of the derivatives represented by a, b, ¢
operates on a Jacobian matrix and d, e, f operate on the
likelihood function, plus the 3 terms where the role of a, b,
c and d, e, f are inverted. In general, the total number of
relevant terms among those generated in every derivative is
equal to or less than the order of the derivative m. The
detailed analysis of Eq. (A19) reveals that the terms gen-

erated in bias(;;) can be divided into three groups:
(a) the terms where no derivative of the Jacobian matrix
appears are equal to ((J~1)7),bias(d,) [we show in
Example 1 that ((J~")7),bias(d,) cancels with
—ﬂib(ﬁj) — b(ﬁ,-)ﬁj after its introduction in Eq. (A19)];
(b) the terms where only one derivative of the Jacobian
matrix appears give the error correlation matrix; and (c) the
terms that contain higher derivatives of the Jacobian matrix
or more than one first derivative of the Jacobian matrix in
the same term, summed together, give zero. To clarify the
use of the chain-rule and the algebraic issues discussed
above, we present two examples. In Example 1 we use the
first order term of the bias in a general vector estimate to
derive the first order term of (). It is useful to recall that
the expansion of E(J) and the expansion of C(d) can be
different only from the second order on, so this example
also describes a derivation of the first order of the covari-
ance matrix C(9). Following the same approach, the
second-order term of the error correlation matrix expan-
sion can be derived from Eq. (2.3) and the second-order
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covariance matrix can also be derived if we also use (2.2)
and (A18). In Example 2 we illustrate the way the chain
rule can still be used, if the available expression of the bias
expansion is explicitly computed for a particular data
model. In particular, we derive the second-order mean
square error and the second-order variance from the
second-order bias in two scalar Gaussian models. In
Example 2 we also illustrate the simplification introduced
above for the algebra involved in the conversion of the
derivatives.

Example 1

Using the Bartlett identities [31,23], we rewrite the first
order bias, given by Eq. (A12), as

b[d,, 1] = =3P (v, + vj,). (A23)
From Eq. (A23), b(ﬁlﬁ) b(&;) can be computed by
means of the chain rule by replacing the derivatives with
respect to the components of § with derivatives with
respect to the components of &, where ¢ is given in
Eq. (A20) and using the corresponding Jacobian matrix.

The tensors in Eq. (A23) become

R Y Lk B
& = E| gag | = im0,
921 .
= JlrE[aﬁiéﬁjiI(]T)spllp’
(&) = (DD (NI D)
(f) = JjonlB‘,pyva,B y(ﬁ)v/ Ip»
aJ
(f) J]oz']lﬁ(‘] Vg, By agy Ua,y(ﬁ)):

where we have specified in the bracket beside the tensors
the dependence on the parameter sets. Inserting these ex-
pressions in Egs. (A23) and observing that Eq. (A19) can
be expressed in the form

) — ((@HD);,b(d,) (A24)

the first order term of the error correlation matrix can then
be obtained as

A 1. z00 Dy 1
Gl 1] =ZivF ——% =

—jaB = jiJ
i“Fy, i,
00y 2 T

where we have introduced the tensor
1 fa=iB=jora=jB=i
YaB 710 otherwise.
Example 2
In this example we determine the second-order variance
and mean square error from the second-order bias for two

cases of parameter dependence for the scalar Gaussian
density

no(x, — 2
P )= o l)n/2 p(_%z%) (A26)

i=1

1l

(A25)
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as a direct application of Eq. (A21). In the case where ¢
does not depend on the parameters (55 d¢ — ()) the second-
order bias can be derived using the scalar version of
Eq. (2.3) and of the tensors v defined in Eq. (AS). For
this parameter dependence, the asymptotic order for m = ;
[Eq. (A13)] is zero, and the second-order bias can be
directly obtained also from Eq. (A14). The result is b[n%] =
—gh(p) = § p(@)l
cham rule, the second-order mean square error for the

estimation of ¥ becomes ~(1‘})[ L= 15:6

Applying  the

£ where
A

the full conversions of the derivatives are given by g —

R R = L (& ). Pp 1
597 200 B Gor T 2as T 290 BT Garr T 2w

e = 20 S it = v — 3 10—
By means of these conversions and the expression of the
second-order bias, it can be observed that among the 18
terms that are in principle generated by the chain rule, only
6 contribute to the second-order mean square error.

In the following we show that the expansion in the
inverse of the sample size is equivalent to an expansion
in 1/SNR. The derivation of the asymptotic orders in %
would be the same for an expansion in any quantity if (A5)
and (A6) can be derived for a certain quantity 7y instead of
the sample size n. In this section we illustrate indeed that
this is the case where the signal-to-noise ratio for a set of
scalar data distributed according to a deterministic
Gaussian PDF takes the role of the sample size. The
probability distribution and parameter dependent part of
the likelihood function are given by

! ~( (i w7/ 0?)

plx, 9) = o ° (A27)

— u(9))?

0.2

1(9) = — 2z (A28)

We also define the signal-to-noise ratio for this example as
vy = u?/a? following standard practice for scalar deter-
ministic Gaussian data. We can obtain

Ho(9) = 2p14(9) z’”:‘(x"a S0

(A29)

1o(9) =

a” X; U
_”gc(l’)%+2#a(ﬁ)21 1( ~ ( )

(A30)

v =<za<ﬁ>>=n5—§[—§%p>(%")(“ )] @

where a or p denote the order of the derivative or an
arbitrary set of derivatives.

From (A31) it becomes obvious that v, is proportional
to not only the sample size n, but also to the . The term
inside the square brackets is simply a sum over normalized
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derivatives of the mean and contains information about the
shape of the signal. In the above equations we use

5, (2n)!
2"n!”
The next step is to determine the dependence of

E[H,, .. .Hap] on vy. This is shown below:

E[(x — p(@)*] = & (A32)

1 n
E[H, ... Hy 1=2Ppg, "'Ma,,ﬁEl:Z(xi - M(ﬁ))”]
i=1
P
= 21)(@)“(’““")”“_;0-17 @3t np/?
m w ) 205!

_ (“_2)”/2 o (&) o (&)np/z
o’ 5 ®

PHYSICAL REVIEW D 81, 124048 (2010)

= E[H,, ...H, ] > (ny)"? (A33)

It is therefore found that E[H,, ... H,, ] is proportional

to (y)“/2 and we have proved the analogy between sample
size and vy.

Note that for deterministic Gaussian data, the noninteger
asymptotic orders of the bias are zero and the integer
orders are equal to by, b,, etc. This is sufficient to prove
that the orders in 1/n of the bias expansion are also orders
in 1/vy. This also holds for the variance expansion. A
similar, although longer proof can be written for the SNR
definition provided in (4.5).
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