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The Why part

Motivation

• Too many sources 

• Overlap in time and frequency 

• Correlations between them 

• Noise is not fully known and also  

• Non-stationary! 

• EMRIs are Long-lived!
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[Katz et al, 2025]
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The Why part
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‣ Residuals! 
‣ Noise non-stationarities

[Katz et al, 2025]

• Too many sources 

• Overlap in time and frequency 

• Correlations between them 

• Noise is not fully known and also  

• Non-stationary! 

• EMRIs are Long-lived!
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The How part

Robustness against outliers

• Certain outliers will be treated by fitting them out. 

• Follow the example of BayesWave [Cornish and Littenberg, 2014] 

• Still, there might be untreated signals, and residuals from other source types. 

• Also slow unmodelled noise PSD variations.
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3.1. TOY MODEL DEMONSTRATION 33

overall phase o↵set. Below we can see a visual representation of a Morlet-Gabor wavelet
in the time domain for di↵erent values of 50 and &.

Figure 3.2: Various examples of wavelets. For all wavelets in the figure � = 0.5, C0 = 8B,
q0 = 0. Top row, left corner: & = 1, 50 = 0.8, Top row, right corner:& = 1, 50 = 2, Bottom
row, right corner: & = 5, 50 = 1, Bottom line, right corner: & = 5, 50 = 0.5

In our analysis, we will combine the algorithms mentioned above. By incorporating
transdimensional sampling, the number of models becomes a parameter in the analysis,
allowing us to select the optimal number of wavelets for improved reconstruction.

3.1.3 Likelihood and Priors

As a starting likelihood we choose to work with a Gaussian likelihood function which is
written as:

? (G8 | `,f) =
1p

2cf2
exp

✓
� (G8 � `)2

2f2

◆
(3.3)

where we assume that we have a dataset X = {G1, G2, . . . , G=} that follows a Gaussian
distribution with mean ` and standard deviation f

We adapted this to our specific case of study by expressing it as follows:

LogLikelihood = �0.5
’✓Õ

⌘8 � 3

f

◆2

, (3.4)
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The How part

Robustness against outliers
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‣ Demonstrated only recently on LISA data  
[Muratore et al, arXiv:2505.19870]
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The How part [but on the likelihood level]

Robustness against outliers

• We can model or treat such situations at the likelihood level. 

• Choose a heavier-tailed distribution, based on the Generalized Hyperbolic distribution [K. Prause, 1999].
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The How part [but on the likelihood level]

Robustness against outliers
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This is where our model  
parameters live!

The How part [but on the likelihood level]

[Sasli et al, 2023]

• We can model or treat such situations at the likelihood level. 

• Choose a heavier-tailed distribution, based on the Generalized Hyperbolic distribution [K. Prause, 1999].
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The Neat part

Why the hyperbolic?

• Because it can be considered as the “mother” of exponential distributions. 

• Thus, by fitting its parameters, we can “arrive” at the given distributions of the residual data! 

• This is super useful and neat! 

• Because we can do parameter estimation AND get information about the statistics of the residuals!

<latexit sha1_base64="a76psW+/G98+mzvxYs59NQwgmcM="></latexit>

N if �/↵ ! Sn as ↵, � ! 1



NK - EMRI Search and Inference within the LISA Global Fit - Part I - June 25, 2025

The Neat part

Why the hyperbolic?

<latexit sha1_base64="a76psW+/G98+mzvxYs59NQwgmcM="></latexit>

N if �/↵ ! Sn as ↵, � ! 1

‣ Consider: we still have gaussian noise, but the model we have 
chosen is wrong. The relation above will still converge to the 
right answer.

• Because it can be considered as the “mother” of exponential distributions. 

• Thus, by fitting its parameters, we can “arrive” at the given distributions of the residual data! 

• This is super useful and neat! 

• Because we can do parameter estimation AND get information about the statistics of the residuals!
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The Neat part

Why the hyperbolic?

4.2. GENERALIZED HYPERBOLIC DISTRIBUTION 71

with d � 0 and |b| < a. For b = 0 it becomes the Symmetric Hyperbolic distribu-
tion (SH). More generally, in the multivariate, d�dimensional case, the multivariate
Hyperbolic (Hd) distribution is as subclass of the GHd distribution for l = (d + 1)/2

Hd(a, b, d, µ) = GHd

✓
l =

d + 1
2

, a, b, d, µ

◆
. (4.33)

Student’s t-distribution

Student’s t-distribution with n degrees of freedom is a limiting case of the GH distribu-
tion when l = �n/2, a = 0, b = 0, d =

p
n and µ = 0.

Schematic representation of limiting cases

In Sects 4.2.2 and 5.1.3, we demonstrate that one can recover the theoretical distributions
of the above subclasses and limiting cases for test data, using Bayesian inference with
appropriate likelihood functions. We refer the reader to [236–240, 245] and references
therein for a more extensive list of limiting distributions and subclasses of the GH
distribution, while a summary graph is given in Fig. 4.1.

Figure (4.1) Some subclasses of the Generalized Hyperbolic distribution.

4.2.2 The shape triangle

The shape triangle is a very useful graphical tool for visualizing the degree to which a
distribution belonging to the exponential family is heavy-tailed or skewed. One can begin

[Sasli PhD Thesis, 2025]
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The Neat part

Why the hyperbolic?
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• The “shape triangle” as a visual tool to aid 
with the interpretation of the results.

[Sasli et al, 2023]
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The “Let’s see it action” part

Simple example
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A. The residual signal from the unresolved Galactic Binaries

Application to LISA data

• Many different astrophysical population models predict confusion stochastic signal. 

• Cyclo-stationary due to LISA motion. 

• Gaussian?
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Figure 5: Characteristic strain of the signal induced by the UCBs. The square points
represent the sources that are individually resolvable, while the gray line the confusion signal
generated by the unresolved binaries. The blue line represents the overall measured data, as
the sum of instrumental noise (black) plus the aforementioned confusion signal. The resolved
binaries and confusion signal were estimated with the methodology resented in [10], for a
mission duration of Tobs = 4 years. Here, the non-stationarity of the confusion signal is not
represented, because all the data in this figure are derived from the PSD of the data of the
complete duration of the measurement.

of this type of binaries, which is driven by GW emission, is really slow compared to the
overall observation time of the future LISA mission. For this reason, they emit an almost
monochromatic GW signal, which appears as spikes in the frequency data series [77]. LISA
will measure the majority of the GW signals from the UCBs that are distributed in the
Galaxy (O(107)), while only a small percentage of those will be resolvable. Depending on
the given population model, around O(104) objects [13, 70] will be well measured from the
data. The rest will generate a non-stationary confusion stochastic signal, which might also
have non-Gaussian properties (see figure 5). The non-stationarity is caused by the orbital
motion of the LISA constellation, pointing in and out the galactic center, where the density
of those objects rapidly increases [70, 78, 79].

Understanding the statistical properties of this contribution is crucial for extracting the
full scientific potential of the future LISA mission, simply because the recovery of any GW
signature will depend on our level of understanding of the underlying total noise. This means
that testing for the statistical properties of the spectrum at all frequencies is necessary. Here,
we will do that by separating the data in small frequency bins and fitting for the ↵ and � (or
a suitable reparametrization) for each of them. The procedure is described in the following.

4.2.1 Using the measurement as a single segment

For our purposes, we simulate the GW signals of all binaries for Tobs = 4 years, and instru-
mental noise directly from the theoretical PSD [70]. The Galaxy population model is the same
used in previous works, mostly focusing on LISA data analysis challenges [10, 69, 70, 78, 80–
83]. The first step is to generate the UCBs signals directly in the frequency domain using the
FastGB waveform software [84]. We then apply the iterative procedure of [69] (which was
first introduced in [85]), in order to estimate both the number of resolvable sources, as well
as the residual confusion signal generated by the remaining unresolved sources. The iterative
procedure is based on a signal-to-noise ratio (SNR) criterion, where sources that produce an

– 11 –

[NK et al, 2025]
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A. The residual signal from the unresolved Galactic Binaries
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• Do as before with the simple example. 

• Divide the data into i segments. 

• Fit αi and δi parameters for each. 

• Get an estimate of the level of the PSD, AND 

• an estimate of their underlying statistical distribution.

[NK et al, 2025]
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[NK et al, 2025]

‣ To arrive to this result we first need to “demodulate” the data. 
This modulation is caused by the LISA motion.
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[Sasli PhD Thesis, 2025]

https://www.didaktorika.gr/eadd/handle/10442/59253
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Figure (5.11) Cornerplots using the Whittle (blue) and the hyperbolic (pink)
likelihood. This case correspond to a source of 357 SNR for one-year data (see
Table 5.1).

• For the case of Binary Black Holes, and 

• Gaussian noise, 

• Results of the Whittle and the hyperbolic likelihood match! 

• Also, the hyperbolic converges to the Gaussian distribution!

[Sasli PhD Thesis, 2025]

https://www.didaktorika.gr/eadd/handle/10442/59253
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Figure (5.11) Cornerplots using the Whittle (blue) and the hyperbolic (pink)
likelihood. This case correspond to a source of 357 SNR for one-year data (see
Table 5.1).

• For the case of Binary Black Holes, and 

• Gaussian noise, 

• Results of the Whittle and the hyperbolic likelihood match! 

• Also, the hyperbolic converges to the Gaussian distribution!

[Sasli PhD Thesis, 2025]

‣ Currently being Adapted to data from ground-based detectors!

https://www.didaktorika.gr/eadd/handle/10442/59253
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Frequency [Hz]

[1
/H

z-
1/

2 ]

C. Transient sources - EMRIs

• Do a simple exercise.  

• How does the noise knowledge affects the 
Parameter Estimation of EMRIs? 

• Simulate Gaussian data and add “unknown noisy 
components” that disrupt the noise PSD. 

• We can pretend that this mismatch can be due to 
slow PSD variations of the noise, glitches, imperfect 
residuals, un-subtracted Galactic Binaries. [ … ]  

• Perform analyses with both Gaussian and 
Hyperbolic likelihoods, by assuming the nominal 
PSD value for the noise (black).

[https://github.com/OllieBurke/EMRI_PE]
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C. Transient sources - EMRIs

FEW: Chua et al 2021,  
Katz et al 2025, 
Speri et al, 2023
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Application to LISA data

‣ Not entirely fair comparison though. Serves as 
an example application and motivation.
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C. Transient sources - EMRIs

FEW: Chua et al 2021,  
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Speri et al, 2023
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Message to take home
• PE and Search for Long-lived sources will depend on  

• Correlations to other sources (overlaps) 

• Noise non-stationarities (varying PSDs, glitches) 

• A framework such as the one with the hyperbolic likelihood is flexible to 

• Unknown noise PSDs (gaussian data) 

• Glitches and residuals (departures from Gaussianity) 

• Data gaps treatment?
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1.Residuals become less of a problem. 

2.Departures from Gaussianity are more 
controlled. 

3.Easy to compute, the inner product is 
something we need anyways. 

4.Suitable for any kind of analysis with a 
likelihood.
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• PE and Search for Long-lived sources will depend on  

• Correlations to other sources (overlaps) 

• Noise non-stationarities (varying PSDs, glitches) 

• A framework such as the one with the hyperbolic likelihood is flexible to 

• Unknown noise PSDs (gaussian data) 

• Glitches and residuals (departures from Gaussianity) 

• Data gaps treatment?

Message to take home

▲ Flexible ▼ Flexible

1.Sometimes flexibility is a problem:  
Sweep everything under the rug, or  
in this case under the heavy tails. 

2.Penalize estimates across the 
duration of the measurement, even  
if outlier is localized in time (tackled 
with t-f analyses).  

1.Residuals become less of a problem. 

2.Departures from Gaussianity are more 
controlled. 

3.Easy to compute, the inner product is 
something we need anyways. 

4.Suitable for any kind of analysis with a 
likelihood.
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Relevant to the discussion about  EMRIs DA

• Provide a robust framework for searching for EMRIs in a Global Fit scheme. 

• Incorporate uncertainties into the overall distribution of the residuals, and 

• get an estimate for it as well.  

• Hide biases under the rug!? 

• Estimate properties of populations of sources (Gaussianity? Stochasticity? Anisotropy?) 

• Perhaps avoid the extra parametrisation steps during the GF procedure? (maybe for certain 
pipelines or certain purposes) 

• Robust detection statistics and significance in the presence of other signals or unknown noise. 

• Reason to keep the likelihood computations inside the Deep Analyses module of the DDPC.


