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✤ Part I: Data Analysis for stochastic GW signals  
[Just a recap focusing on SGWB] 

✤ Part II: Modelling the stochastic signals for the 
band of LISA 
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Part I 

Data Analysis for stochastic signals  
 
       [very briefly, and not about maps]
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✤ Usually when it comes to stochastic signals we are interested in their 
power, and not the amplitude at each sample. 

✤ So, if we assume that the amplitude is distributed as a Gaussian variable as 
 
 

✤ We can marginalise it over amplitude, which yields 
 
 

✤ But now, inside the                       , we write:
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✤ Usually when it comes to stochastic signals we are interested in their 
power, and not the amplitude at each sample. 
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Challenges! 

Those will be discussed a lot during this meeting! 
J. Gair and N. Cornish gave us a pretty good overview 
this morning. 
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Challenges! 
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Challenges! 

✤ Stationarity (gaps, glitches, astro signals, … ) 
✤ Not completely known (many signals in there) 
✤ LPF lessons (unknown noise components) 

✤ Correlations between channels 
✤ Residuals 
✤ […] 
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Challenges! 
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Challenges! 

✤ Astrophysical & Cosmological 
✤ Non-stationary, anisotropic 
✤ Models with many different spectral shapes 

<latexit sha1_base64="cn06Yvk8zP1XDrxx3bDXOer/ksg="></latexit>

Cn(f) = Sn(f) +R(f)Sh(f)

✤ Parts of response can be similar to noise 
✤ [ … ] 
✤ We will hear a lot about these tomorrow.
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Part II 

Modelling the stochastic signals for the band of LISA  
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✤ Previous speakers gave us a really nice overview on the different sources 
of stochastic signals.  

✤ We can try now to assign the different models to the various sources.
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Cosmological sources
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Cosmological sources

✤ Chiara this morning gave us an overview of the physical processes that might 
generate cosmological stochastic signals. 

✤ Most processes predict a signal in the LISA band that follows a particular spectral 
shape.
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Stellar Origin Black Hole Binaries
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Stellar Origin Black Hole Binaries
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✤ We expect to get 
 
 

✤ Which means: 
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Stellar Origin Black Hole Binaries

✤ And how detectable will that signal be?
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Figure 7: Posterior distribution of the SOBBH SGWB log-amplitude in the LISA band,
from GWTC-3 (blue solid line). The coloured lines represent the percentiles 5, 25, 50, 75,
and 95 (left to right) of the posterior, and their surrounding vertical bands represent the 68%

(dark shading) and 95% (light shading) uncertainties on the corresponding SGWB amplitudes,
forecasted from a LISA measurement (the uncertainties quoted in the legend correspond to
the 68% error): as derived in Section 4.3, LISA will measure the SOBBH SGWB with an
uncertainty on the amplitude one order of magnitude smaller than the present GWTC-3
prediction.

too small, even at high frequencies, to alter the SGWB spectral shape, as already pointed out
in [22] (see also [29]).

The signals from the frequency-binned MC sum and from the iterative subtraction share
some features, especially at low frequencies, despite the fact that the former uses simplified
waveform and does not account for frequency drifts. Both approaches also follow closely the
averaged power-law-like MC sum, which is distributed around the analytical calculation of
the background, from Equation (3.6) (see Figure 3).

4.2 Expected SOBBH signal in the LISA band from GWTC-3

Having established the consistency of the four methods, we turn to the actual computation
of the expected SGWB in the LISA band, based on the present knowledge about the SOBBH
population. To this purpose, we rely on Equation (3.5) and evaluate the SGWB amplitude by
integrating Equation (3.6) for all points in the LVK posterior parameter sample that is publicly
available [43] for the FidLVK model [41], following the prescriptions described in Section 2.2.
The distribution of the SGWB amplitude at the reference frequency f = 3 ⇥ 10

�3
Hz is

shown in Figure 7 (blue solid line). On a logarithmic scale, it follows a lightly-right-skewed
distribution with median h

2
⌦GW(f = 3 ⇥ 10

�3
Hz) = 7.87 ⇥ 10

�13, and has an interquartile
range of h

2
⌦GW(f = 3 ⇥ 10

�3
Hz) 2 [5.65, 11.5] ⇥ 10

�13.
The computation of the SGWB amplitude has been performed under the assumption

– 17 –
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Galactic Binaries
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Galactic Binaries
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Figure 1: (a) : Illustration of the progress of the procedure for estimating the confusion noise. For the population of
the CGBs described in section III, it takes 6 to 10 iterations for the algorithm to converge, depending on the
convergence tolerance criterion. The starting data are represented with the gray curve (300 segment averaged

spectrum), while the final combined instrument and confusion noise is represented here in bright magenta. The dark
blue dashed line represents the analytic model fit of the confusion noise component, together with the associated
error-bars. In this example the observation time is Tobs = 2 years. (b) : Using the analytical model of eq. (7), and
the parameter values from table II, we can make a prediction of the level of the confusion noise due to CGBs,

depending on a given observation time. Here, we depict the power spectrum of the residual data with grey, while the
colored dashed lines represent the model prediction for the given Tobs .

S̃instr(f) + S̃conf(f) includes the confusion residual GW signal S̃conf(f), and the instrumental noise S̃instr(f). A
solution is to follow a methodology similar to [23], and set-up an iterative process to estimate S̃n(f). The basic steps
of the analysis are summarized as

a. First, the data generation takes place either in frequency or in time domain, based on a predefined observation
time and a given sampling frequency. We simulate the GW signals from the population of N sources drawn
from a given astrophysical population model. During this process we also SNR of each source with respect to
the adopted instrumental noise model, we refer to it as the optimal SNR of the source in isolation, ⇢isoi . We will
use ⇢

iso
i as a measure of GW strength in the next step.

b. We estimate the confusion noise Sn, k using either a running mean or median on the power spectrum of the
data. The index k refers to the iteration number. On top of the smoothed PSD, one can also fit a polynomial
model, or perform spline interpolation smoothing (which we usually do). Then, assuming the SNR threshold
⇢0, we calculate the SNR, ⇢i, for each source i 2 N using the smoothed Sn, k = S̃instr(f) + S̃conf, k(f) as the
total noise PSD in eq. (2). If ⇢i > ⇢0, the source is subtracted from the data. In this step we make use of the
previously calculated ⇢

iso
i to accelerate the procedure : if ⇢opti < {⇢0, we skip computation of the SNR for this

(i-th) source, instead automatically adding it to the confusion. Here {  1 is some safety factor. Note, that we
assume perfect source identification and subtraction, which will not be achievable in practice [20].

c. After subtracting the brightest sources in the previous step, we return back to the step (a) where we evaluate
the smoothed PSD of the residuals Sn, k+1 and iterate steps (a)-(b). The algorithm stops when either no sources
exceed the threshold ⇢0, or Sn, k+1 ' Sn, k based on a fractional tolerance limit which we choose to be around
⇠5% for all frequencies and all channels. In principle, both criteria can be met at the same time. We usually
choose to work with the fractional tolerance because it accelerates convergence, since the number of sources
subtracted at the final iterations of the algorithm is small.

d. The process converges within 5-10 iterations resulting in the smooth estimation of the PSD for the confusion
noise, Sfinal. We use it to evaluate the final SNR for all subtracted source during the iterative procedure.
In addition, we evaluate a projected accuracy in measuring parameters of those sources based on the Fisher
Information matrix (FIM). This iterative scheme is illustrated in figure 1a for the population of CGBs (see next
section for details).

e. Finally we perform an MCMC analysis to fit a parameterized model for the confusion noise Sfinal to the residual.

• More complicated stochastic signal that depends on many things 
• Population properties. 
• Our abilities to analyse the data [remember Neils’ talk this morning]. 
• The measurement length.

[NK+, PRD 104 043019, 2021] 
[M Georgousi, Msc thesis, AUTh, 2021] 

[V Korol+, MNRAS, 511, 4, 2022] 
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Galactic Binaries
• A great selection of resulting stochastic 

signals has this particular shape, which can 
be modelled with an empirical model as: 
 
 

• Similar models work equally well…  
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• Cyclo-stationarity can be modelled and taken into account: 
 
 
 
 10 Digman and Cornish

Figure 4. Comparison of whitened residual power (wAE
nm)2/SAE

nm,model between Left: a constant model of
the galactic stochastic background and Center: our cyclostationary model for a two year simulated dataset.
The cyclostationary model is a significant improvement, with residuals statistically well approximated as
Gaussian. In Right: we show the whitened residuals of the cyclostationary component after turning o↵
instrumental noise completely, i.e. (wAE

nm,gal)
2/SAE

nm,gal. At frequencies around 2 mHz, the signal is still very
well approximated as cyclostationary, while at the tails of the spectrum, a slight deviation from perfect
cyclostationarity is apparent. This deviation is of limited practical significance because the spectrum falls
o↵ rapidly compared to the instrumental noise at those frequencies. Additionally, it will not be possible to
separate the instrumental and galactic contributions to the noise spectrum in real data

t (yrs) Ndet,const Ndet,cyclo Ndisagree rvol,1.0 mHz rvol,1.5 mHz rvol,2.0 mHz rvol,2.5 mHz

1 7470 7273 241 1.08 1.17 1.20 1.19

2 11764 11512 298 1.08 1.16 1.21 1.05

3 15089 14831 308 1.11 1.04 1.06 1.10

4 17992 17608 428 1.09 1.12 1.07 1.03

5 20427 20018 477 1.10 1.09 1.08 0.99

6 22674 22223 505 1.08 1.11 1.08 1.02

7 24854 24341 559 1.08 1.11 1.07 0.98

8 26925 26417 576 1.07 1.08 1.03 1.02

Table 3. Detection e�ciency for the binaries in the Sangria dataset as a function of total observation
time, and the ratio of the sensitive observing volumes for an injected test binary at several di↵erent GW
frequencies. At shorter observation times, the cyclostationary model detects less binaries near the galactic
center but overall improves sensitivity. The cuto↵ frequency of the galactic background decreases over time,
and the models begin to agree above the cuto↵ frequency, as shown in Fig. 3.

which evolve over timescales of days to weeks and therefore sample a di↵erent galactic background
amplitude depending on their time of merger.
To illustrate the di↵erence in sensitivity, we inject simulated SMBHB sources at a grid of chirp

times tc and sky positions. The injection procedure as function of tc is shown in Fig. 7. In Fig. 9, we
show the impact of the cyclostationary model on LISA’s sensitivity as a function of sky location at

[Digman and Cornish, ApJ 940 10, 2022] 

<latexit sha1_base64="LgOB37xCxgyq/fYAGSrq5V05IMI="></latexit>
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Galactic Binaries
• However, there might be other effects that may “disturb” this smooth 

shape. For example:

4 S. Scaringi et al.

4 RESULTS

We first assess the detectability of the populations constructed in
Section 2 by calculating the ASD assuming a 4 yr observation dura-
tion for each individual CV as shown in Fig. 2. The 150 pc simulated
population is shown in orange filled points with the observed Pala
et al. (2020) systems highlighted with black borders. The 1 kpc simu-
lated population is shown in teal filled points and the LISA instrument
noise curve from Robson et al. (2019), without the detached DWD
confusion noise, is shown by the black dotted line. Although several
systems are found to lie close to the conventionally adopted LISA
sensitivity limit, 3 systems in particular attain a signal-to-noise de-
tection > 4f. Unsurprisingly, these are the 3 closest systems, namely
WZ Sge, VW Hyi and EX Hya.

It is also interesting to note that there may be the possibility of
detecting other CV systems through their GW emission which have
been missed due to electromagnetic detection biases and not included
in the current 150 pc volume-limited sample. In our simulated 150 pc
population, which represents a single statistical realisation, we find 12
CVs in addition to the 42 systems included in the Pala et al. (2020)
catalog. Of those 12, the CV with the largest ASD has a distance
of 65 pc and a GW frequency 5GW = 0.26 mHz. This system is
likely an outlier, but is consistent with our adopted space density and
orbital period distribution. Perhaps more important are the CVs with
distances beyond 100 pc that have orbital periods near %min, thus
aiding in their GW detection while having dimmer EM signatures
due to the low mass of the donor star. This population could aid in
providing tighter constraints on the local space density of the CV
population. Finally, we note that it is almost certainly impossible
for LISA to observe any orbital evolution for any of the individually
resolved CVs based on the models of Knigge et al. (2011). A lack of an
observed orbital evolution will also limit a distance measurement or
precise sky position. This is in stark contrast to AM CVn systems (e.g.
Nelemans et al. 2004; Kremer et al. 2017; Breivik et al. 2018) and
suggests that the bulk of the scientific return for the CV population
will come from observations of its contribution to the LISA confusion
foreground.

Given the high space density of CVs within 1 kpc and lack of
potential to observe the orbital evolution of any individual source, it
is instructive to evaluate the impact of this population of the LISA
confusion noise. Fig. 3 shows the GW noise profile and confusion
obtained from ldasoft (Littenberg et al. 2020) for the two simu-
lations of the Galactic population of detached DWDs discussed in
Section 2. Since ldasoft analyzes each of the time-delay interfer-
ometry channels in the LISA data stream, we consider the ASD from
the A channel only. Specifically, Fig. 3 shows the ASD from the
A channel of the simulated data (dark gray), the residual after all
resolvable binaries have been removed from the data (light gray),
the confusion noise level from the LDC population (orange) and the
excess confusion noise from the CV population (green). The differ-
ence between the blue and the orange curve is the contribution to
the LISA foreground signal due to unresolved CVs. Interestingly we
note that there are O(102

) resolvable CVs in this mock population,
as indicated by the difference between the dark and light gray traces
at frequencies where the CV noise dominates.

5 DISCUSSION AND CONCLUSIONS

GW astronomy holds huge promise, but our ability to correctly inter-
pret GW observations is heavily reliant on our understanding of un-
resolved background and foreground GW signals. This is particularly

Figure 2. Amplitude Spectral Density (ASD) computed assuming four years
of LISA operations as a function of GW frequency. The corresponding LISA
instrument noise, without the Galactic foreground, is shown with the dotted
black line. The 150 pc Pala et al. (2020) sample is shown by the large orange
circles, while the remaining simulated systems within 150 pc are shown in
orange. Blue dots show the simulated 1 kpc CV population using the inferred
Pala et al. (2020) space density. �

�

Figure 3. Amplitude spectral density of the TDI A channel (ASD�) of
simulated LISA data containing a galactic population of white dwarf binaries
and the 1kpc sample of CVs after four years of observations. Dark gray is
the original simulated data, light gray is the residual data after removal of
detectable binaries, blue is the fit to the residual noise level, and orange is
the fit to the residual noise level for simulations that do not include the CV
population. The CVs produce a clearly identifiable bump in the residual noise
spectrum and yield O(102

) resolvable sources. �

�

important for detecting individual GW signals in the low signal-to-
noise regime. In this Letter, we consider whether CVs will contribute
significantly to the GW foreground and/or the population of individ-
ually detectable GW sources for upcoming GW observatories such as
LISA TianQin (Luo et al. 2016), and the Lunar Gravitational Wave
Antenna (Harms et al. 2021).

MNRAS 000, ?–? (2023)

[S. Scaringi+, 2307.02553, 2023] 
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Generic Spectral shape
• Thus, given the “zoo” of stochastic signals, we might want to take a 

more agnostic route.
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Generic Spectral shape
• Thus, given the “zoo” of stochastic signals, we might want to take a 

more agnostic route. A: The Binner.

(a)

(b)

Figure 7: (a) Reconstruction of the broken power-law signal described in section 4.2 in

the AET channels using 20 initial bins, which converged to 8. (b) Contour plots of the

posterior of the parameters of the inner bins, showing the maximum a posteriori (MAP).

The result of the reconstruction procedure is shown in fig. 8. We have produced it

choosing 60 initial bins, which has converged to 7. The reconstruction is more accurate in

the central part of the frequency band, where the signal peaks, and worsens in the outer

bins. The SNR of the reconstructed bump signal is approximately 339.

4.4 Degenerate case

One might naively expect that the uncertainties of the parameter reconstruction scale

roughly with the square root of the number of independent channels we consider. This guess

underestimates the gain in constraining power obtained from a multiple-channel analysis.

A key advantage of our three-channel analysis is indeed its capability to break degeneracies.

– 18 –

[Flauger+ JCAP01, 059, 2023] 
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Generic Spectral shape
• Thus, given the “zoo” of stochastic signals, we might want to take a 
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Figure 4. Results for power spectra modelling with a shape agnostic model. (a) The simulated data (gray), generated from the theoretical model (dashed black
line). The PSD computed on an equally-spaced logarithmic grid with the method of (Tröbs & Heinzel 2006; Armano et al. 2018), which is used for inference, is
represented with the red data points. The pink solid lines represent models drawn randomly from the posterior chains. (b) The optimal B-spline knots estimated
by the dynamical parameter estimation procedure. As shown from this histogram, the optimal interior knot count for this data converges to six, corresponding
to eight total knots including the two edge knots. (c) Posteriors for the (log 5 9,: , log ( 9,:) knot parameters, after stacking the MCMC chains for all :
solutions of the model, as shown the the mid panel 4b. It is evident from this figure that we essentially “scan” the true noise shape (pink solid line), by placing
knots across the frequency range (see text for more details).

Einstein Telescope (Maggiore et al. 2020; Punturo et al. 2010) or
Cosmic Explorer (Evans et al. 2021; Abbott et al. 2017). Those
detectors will unlock the sky to larger redshifts I, allowing access
to a vast number of potential sources. In addition, space missions,
such as LISA (Amaro-Seoane et al. 2017, 2012), are predicted to be
signal-dominated observatories, with many types of sources populat-
ing their data streams. In fact, we expect that source confusion will be
one of the primary challenges in future data analysis e�orts in gravi-
tational wave astronomy. In a typical data-set, we expect an unknown
number of signals, originating from sources that generate waveforms
with di�erent characteristics. Those range from the stellar-mass BH
binaries now frequently observed by ground-basd detectors, to the
supermassive BH binaries, extreme mass ratio inspirals, ultra com-
pact Galactic binaries (UCB), and stochastic GW signals from both
astrophysical and possibly cosmological origin (Amaro-Seoane et al.
2017, 2012; Auclair et al. 2022). For this final example, we will focus
on the LISA mission, and in particular on the case of discriminating
UCB signals.

4.1 Application to LISA data and the Ultra Compact Galactic
Binaries

LISA is going to measure GW signals in the mHz regime, accessing
sources of all the aforementioned types. As already discussed, the
most numerous of them are going to be the UCBs, which will be
almost monochromatic in the LISA band. Out of the millions of
sources, only ⇠ O(104

) will be individually resolvable, and the
rest will generate a confusion signal. As a consequence, for the
duration of the mission, we will need to disentangle tens of thousands
of sources which will be overlapping in both time and frequency
domains. This is no trivial task, but various di�erent strategies have
already been proposed for analyzing such challenging data-sets. For
example, Gaussian Processes can be employed (Strub et al. 2022),
or Swarm Optimization techniques (Zhang et al. 2021), or hybrid
swarm-based algorithms (Bou�anais & Porter 2016). Pipelines based
on MCMC methods have been tested extensively (Crowder & Cornish

# 5gw [mHz] dopt

1 3.99780 9.98

2 3.99781 46.70

3 3.99784 4.55

4 3.99854 39.45

5 3.99873 13.02

6 3.99882 8.47

7 3.99919 10.88

8 3.99939 19.07

9 3.99964 20.00

10 3.99965 7.99

Table 1. The optimal SNR dopt for each of the 10 injected sources, computed
for the given duration of the mission (see eq. (39)). The dominant emission
frequency 5gw is also given for reference.

2007; Littenberg 2011; Littenberg et al. 2020a; Littenberg & Cornish
2023), and have been demonstrated to be able to tackle complex cases
where signals are overlapping.

Here, we will focus on the same problem, employing Eryn to solve
a down-scaled version of the UCB challenge. It is down-scaled be-
cause we focus only on a single narrow frequency band, containing
several overlapping signals. In addition, we focus solely on demon-
strating the capabilities of Eryn on dynamic parameter estimation
for UCB type sources and no other types of signals are contained in
the data (e.g., chirping signatures from supermassive BH binaries).
At the same time, we have access to the level of instrumental noise,
which is shown in both panels of figure 5. Searching for the UCB
signals across the complete LISA band requires a more elaborate
implementation of this simplified pipeline. This pipeline will be fo-
cusing on solving the complete second LISA Data Challenge (LISA
Data Challenges Working Group 2022), and is going to be presented
in future work M. L. Katz et al. (prep). We choose to work on the
frequency segment between 3.997 and 4 mHz, which contains 10

MNRAS 000, 1–16 (2023)

[NK+ arXiv:2303.02164, 2023] 
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Figure 4. Estimating the optimal model order using RJ-MCMC [72]. In this investigation we have fixed two knots at the edges
of the noise spectrum, while letting the algorithm determine the optimal number of internal knots together with their position
and amplitude. Right: the posterior samples of the knots amplitudes logSj,k and positions log fj,k for all the given spline
models of order k, as sampled with our RJ algorithm scheme. We essentially stack the chains for all k here. The algorithm is
exploring the true noise curve (solid black line) by proposing spline knots positioned across the frequency range (see main text
for more details). The plot was generated with [73].

densities between 1 ⇥ 10
�14 and 1 ⇥ 10

�12, we run our
Bayesian model comparison and plot the results in fig. 5.

Figure 5. Left: averaged log-Bayes factor contour plot for a
range of SGWB spectral index n (x axis) and log-energy den-
sity log⌦0 (y axis) with a knee frequency of f0 = 3.16mHz.
The color map represents the values of the decimal logarithm
of Bayes factor, with warmer shades indicating larger values.
The orange dashed line is the detection threshold taken equal
to 30, considered as a strong evidence for the presence of the
SGWB. The yellow dotted line shows the SNR = 10 line as a
comparison.

We represent values of log-Bayes factors by a color
scale where the warmer the color, the larger the detec-
tion evidence. From the initial set of 272 computed point,
we interpolate the log-Bayes factor values on a finer grid
of 100 ⇥ 100 points using a Gaussian process regression.

This allows us to plot a line of constant log-Bayes fac-
tor (dashed orange) of B10 = 30, which is considered
as a detection threshold for strong evidence for hypoth-
esis H1 by Adams and Cornish [34]. All couples of pa-
rameters that lie below this line are considered as unde-
tectable signals, and all above values are strong detec-
tions. For example, we find that the amplitude detection
threshold for a scale-invariant SGWB (n = 0) is about
⌦0 = 2.5 ⇥ 10

�13, which is close to what previous works
find with parametrized noise PSDs (for example, Adams
and Cornish get ⌦0 = 1.7 ⇥ 10

�13). Besides the obvious
effect of the increase of detectability with the energy den-
sity, we also observe a dependence that is strongly tied to
the spectral shape of the noise present in the data. For a
given energy density, the Bayes factor is minimum when
n is between 0.5 and 1. We observe the same minimum
for the signal-to-noise ratio (SNR) curve, suggesting that
our ability to detect the signal is mainly driven by its
SNR, which is itself determined by both ⌦0 and n.

The location of the SNR minimum is set by the strain
sensitivity curve in fig. 3, as well as the SGWB strain
PSD’s dependence on frequency which is proportional to
fn�3 as shown in Eq. (6). Note that the choice of the
knee frequency (of about 3 mHz) also drives the location
of the minimum through its contribution to the effective
SGWB amplitude.

Figure 5 provides us with the range of power-law pa-
rameters that LISA will be able to probe when it flies.
This result can be considered in the context of previous
measurements. The LIGO, Virgo and KAGRA collab-
orations were able to put upper limits on the isotropic
gravitational wave background from Advanced LIGO’s
and Advanced Virgo’s third observing run [12]. In par-

[Q Baghi+ JCAP 04, 066, 2023] 
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more agnostic route. B: Using a spline model. 
• Too much freedom is causing degeneracies though. It’s very hard to 

assume a shape-agnostic model for the noise and the signal… 

[N Galanis, BSc thesis, AUTh, 2023] 

6. Application to a more Realistic Model

Figure 6.11: X channel response. The orange and pink transparent lines are from
noise and signal interpolations respectively. The non-transparent lines show the

true underlying ASDs.

6.4 Fitting for deviations from a model

In general, more complicated PSDs will require a larger number of knots in order

to be recreated. However, if we already have a good idea of what the true PSD St(f)

looks like, we can input our initial estimate of the PSD Sp(f) in order to reduce

the complexity of the fitting. In particular, instead of parametrizing the PSD as

S(f ; n, p1, ..., pn, q0, ..., qn+1) = CBI[(p0, q0), ..., (pn+1, qn+1)], we instead

write
S(f ; n, ...) = Sp(f)⇥ CBI[(p0, q0), ..., (pn+1, qn+1)]. (6.14)

This means that the knot positions, instead of tracing St(f), will now effectively

trace the function St(f)/Sp(f) (or lnSt(f) � lnSp(f) in log-space). At the same

time, this alternative analysis caries the meaning of fitting directly for deviations

from a model Sp(f) that we are interested in, regardless of the number of knots it

will require. In the case where our proposal is equal to the true PSD Sp(f) = St(f),

the knot positions should trace a flat line. Overall, if shape of the initial estimate
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6. Application to a more Realistic Model

Figure 6.9: The signal Sgw internal knot positions. Green line : True signal PSD.
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6. Application to a more Realistic Model

Figure 6.10: The signal Sgw number of internal knots. We can see that the number
of knots is smaller and better concentrated.

As in the previous section, in figure 6.11 we isolate the knot positions from some

posterior samples and construct the interpolation. We then plot the response for the

X channel (the response for the other channels is analogous). The orange and pink

transparent lines are from noise and signal interpolations respectively. The noise

interpolation lines are not visible, as they lay exactly on top of the true ASD. The

signal interpolation lines seem to diverge more frequently towards the edges, but

overall mostly lay on top the true ASD.
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To begin we show in Figure 4 a typical S6 LIGO power spectrum (gray, dashed) and and the two component
BayesLine maximum a posteriori PSD (with the appropriate T/2 normalization). The spline model is shown in the
red (solid) curve while the Lorentzians used to fit the spectral lines are depicted by the blue (dotted) lines. The
full PSD would be sum of the spline and Lorentzian fit. For this example we use T = 32 s of data from the LIGO
Livingston Observatory. Our choice for T is consistent with the amount of data required for parameter estimation
follow up of a binary neutron star (BNS) signal. BNS in-spirals pose the most stringent challenge for PSD estimation
(among the transient sources) because the duration of the signal increases with decreasing mass. Binary neutron stars
are anticipated to be the lowest mass signals and, as a result, require the longest data segments.
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FIG. 4: Example S6 data power spectrum (gray, dashed) with BayesLine PSD shown separated into the cubic spline (red,
solid) and Lorentzian (blue, dotted) components.

Using averaged o↵-source data to estimate the PSD would demand >
⇠ 1024 s of data. To show the di↵erence between

the BayesLine noise spectrum and a PSD estimated by averaging we use the 1024 seconds immediately after the 32
s segment of data used in Figure 4 to compute Sn(f) as was done during S6. Had the data from Figure 4 contained a
candidate detection, this would be indicative of the PSD used in the analysis. To compare the two PSDs we use each
of them to whiten the original 32 s of data, and then histogram the real and imaginary Fourier coe�cients.

According to the likelihood function used for parameter estimation (Eq. 1) the whitened data should be drawn from
a normal distribution with zero mean and unit variance. Figure 5 shows the distribution of the whitened data using the
BayesLine PSD (red, solid) and the o↵-source PSD (blue, dotted) as compared to a zero-mean unit-variance normal
distribution N [0, 1] (gray dashed). The di↵erence is striking – using the o↵-source PSD leaves behind significant large
� tails. Because the likelihood is maximized when the whitened residual looks Gaussian, the excess tails left behind
by the o↵-source whitening invite bias by the gravitational wave model in an attempt to account for the non-Gaussian
residual. On the other hand, our BayesLine PSD produces a Gaussian residual thereby suppressing the potential for
large systematic errors in GW parameter estimation due to the PSD estimation.

As motivated in Sec. I, estimating Sn(f) for long-duration signals in the advanced detector era using o↵ source

[Littenberg+, PRD, 91, 084034, 2015] 
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To begin we show in Figure 4 a typical S6 LIGO power spectrum (gray, dashed) and and the two component
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red (solid) curve while the Lorentzians used to fit the spectral lines are depicted by the blue (dotted) lines. The
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Using averaged o↵-source data to estimate the PSD would demand >
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the BayesLine noise spectrum and a PSD estimated by averaging we use the 1024 seconds immediately after the 32
s segment of data used in Figure 4 to compute Sn(f) as was done during S6. Had the data from Figure 4 contained a
candidate detection, this would be indicative of the PSD used in the analysis. To compare the two PSDs we use each
of them to whiten the original 32 s of data, and then histogram the real and imaginary Fourier coe�cients.

According to the likelihood function used for parameter estimation (Eq. 1) the whitened data should be drawn from
a normal distribution with zero mean and unit variance. Figure 5 shows the distribution of the whitened data using the
BayesLine PSD (red, solid) and the o↵-source PSD (blue, dotted) as compared to a zero-mean unit-variance normal
distribution N [0, 1] (gray dashed). The di↵erence is striking – using the o↵-source PSD leaves behind significant large
� tails. Because the likelihood is maximized when the whitened residual looks Gaussian, the excess tails left behind
by the o↵-source whitening invite bias by the gravitational wave model in an attempt to account for the non-Gaussian
residual. On the other hand, our BayesLine PSD produces a Gaussian residual thereby suppressing the potential for
large systematic errors in GW parameter estimation due to the PSD estimation.

As motivated in Sec. I, estimating Sn(f) for long-duration signals in the advanced detector era using o↵ source

[Littenberg+, PRD, 91, 084034, 2015] 
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FIG. 13. The UCB search as one component of a global
fit. The residuals from each source analysis block are passed
along to the next analysis in a sequence of Gibbs updates.
New data is incorporated into the fit during the mission. The
noise model and instrument models are updated on a regular
basis.

We will extend the waveform model to allow for more
complicated signals including eccentric white dwarf bina-
ries, hierarchical systems and stellar mass binary black
holes which are the progenitors of the merging systems
observed by ground-based interferometers [57], and de-
velop infrastructure to jointly analyze multimessenger
sources simultaneously observable by both LISA and EM
observatories [1, 13, 14, 18].
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Modelling non-Gaussianities
• A toy example as demonstration:  
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✤ In terms of modelling the stochastic signals, there is a huge library 
of spectral models. 

✤ We have shape-agnostic models that are very useful for data 
analysis.  

✤ We need to make use of the different responses of the instrument. 
✤ We need: work with more realistic data scenarios, where 

components of the noise are not fully known.  
✤ Put all the pieces together.


