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Abstract
Third-generation ground-based gravitational wave detectors are expected to
observeO(105) of overlapping signals per year from a multitude of astrophys-
ical sources that will be computationally challenging to resolve individually.
On the other hand, the stochastic background resulting from the entire popula-
tion of sources encodes information about the underlying population, allowing
for population parameter inference independent and complementary to that
obtained with individually resolved events. Parameter estimation in this case is
still computationally challenging, as computing the power spectrum involves
sampling ∼105 sources for each set of hyperparameters describing the binary
population. In this work, we build on recently developed importance sampling
techniques to compute the stochastic gravitational-wave background (SGWB)
efficiently and train neural networks to interpolate the resulting background.
We show that a multi-layer perceptron can encode the model information,
allowing for significantly faster inference. We test the network assuming an
observing setup with CE and ET sensitivities, where for the first time we
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include the intrinsic variance of the SGWB in the inference, as in this setup it
presents a dominant source of measurement noise.

Keywords: gravitational waves, gravitational wave background,
machine learning for physics, black hole binaries populations,
deep learning for physics

1. Introduction

In the first ten years of gravitational-wave (GW) astronomy, the LIGO-Virgo-KAGRA (LVK)
network has observed numerous signals from compact binary coalescences [1–4]. Ongoing
technological advances will bring about third-generation (3G) ground-based GW detectors,
such as the Einstein Telescope [5] and Cosmic Explorer [6]. These new 10 km-scale detectors
are expected to detectO(105) signals from compact binaries per year. Many of these will over-
lap in the data stream, and the computational challenges of resolving and characterizing each
event individually will be extreme [7]. The cumulative signal sourced by the binary population
is that of a stochastic GW background (SGWB), which carries information about the underly-
ing population features, and can be leveraged to perform population parameter inference [8].
To this end, the SGWB is usually combined with individual event detection. On the contrary,
in this paper we propose a method to infer the binary population parameters solely from the
stochastic signal, avoiding the need to infer parameters of each individual source first.

Evaluating the SGWB as a function of the population parameters is an expensive but
unavoidable operation during inference. It typically involves sampling realizations of indi-
vidual events and evaluating their corresponding waveforms, which is an inherently costly
process. Recent methods leveraging importance sampling techniques [9] have significantly
accelerated this computation, yet they still overlook the intrinsic variance arising from the
finite number of events used in the calculation.

In this work, we present further advances in this direction. In particular, we (i) accelerate the
computation of the expected value of the SGWB using a neural network and (ii) include the
associated variance during inference to improve robustness. Parameter estimation involving
SGWB measurements with ground-based detectors [8, 10–12] has thus far ignored the effect
of the signal’s intrinsic variance, as currently measurements are entirely noise-dominated, and
only produce upper limits of the stochastic signal. In this paper, we consider cases where this
intrinsic variance dominates the measurement, lying well above the uncertainty due to detector
noise, and consistently include it in the inference process for the first time.

This paper is organized as follows. In section 2, we introduce the SGWB computation prob-
lem; in section 3, we describe the population models employed; in section 4, we present our
network training and results, and discuss the separate modeling of the SGWB variance; in
section 5, we analyze the resulting performance in inference tasks; and in section 6, we draw
conclusions and discuss potential future directions.

2. SGWB modeling

2.1. Relevant quantities

The fractional energy density spectrum of gravitational waves is given by [13]:

ΩGW ( f) =
1
ρc

dρGW ( f)
dln f

, (1)
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where ρGW( f) is the GW energy density at a frequency f and ρc = 3H2
0/8πG is the critical

energy density.
Let us denote the properties of individual GW sources (e.g. masses, redshift) by Θ. For a

finite number of sources Ns, the energy density spectrum ΩGW can be estimated as the average
fractional GW energy density detected over an observation period Tobs [14],

ΩGW ( f)≃ f 3

Tobs

4π2

3H2
0

Ns∑
i

Pd (Θi; f) , (2)

where

Pd (Θ; f) = h̃2+ (Θ; f)+ h̃2× (Θ; f) (3)

is the unpolarized power in the detector frame associated with a GW event with parameters
Θ in the frequency domain and h̃+,×(Θ, f) are the polarizations of the GW waveform, also in
the frequency domain. A single realization of the ΩGW spectrum is determined by a particular
set of source parametersΘi. In contrast, its ensemble average, denoted by ΩGW, is determined
by the distribution of Θ, which is characterized through a set of population parameters Λ. In
the limit of infinite observation time and number of events, the observed spectrum converges
to its ensemble average [8, 9, 13]:

ΩGW (Λ; f) = f 3
4π2

3H2
0

R
ˆ

dΘpd (Θ|Λ) Pd (Θ; f) , (4)

where pd(Θ|Λ) is the (normalized) probability distribution for the GW parameters and R is
the total rate of events per unit detector-frame time.

For a fixed population described by a set of parametersΛ, individual realizations ofΩGW( f)
will exhibit fluctuations around the expected value ΩGW( f) due to the finite number of con-
tributing sources. This variability, which we refer to hereinafter as intrinsic, is linked to the
underlying stochasticity of the background, and is particularly relevant when the number of
sources contributing to the signal is small (e.g. for short observation times). Accounting for this
intrinsic variance is essential in assessing inference procedures based on the SGWB spectrum.

At this stage, it is important to note that, thus far, inference on the quantity ΩGW from a
population of stellar mass black holes has assumed that detectors are weakly sensitive to its
intrinsic variance, and that measurements are dominated by detector noise [15]. This will no
longer be the case for 3G ground-based detectors, as it is not the case for the SGWB observed
by pulsar timing arrays [16] and for stochastic signals potentially observed by LISA. In this
paper, we include the intrinsic signal variance in the inference process for the first time.

2.2. Importance sampling

A naive Monte-Carlo evaluation of equation (4) with direct sampling from pd(Θ|Λ) is a pro-
hibitive operation, even for straightforward parameter space explorations. Current approaches,
such as the popstock implementation [9]—which is built on top of bilby [17] and gwpopu-
lation [18]—rely on importance sampling.

Importance sampling approximates the process of sampling from a target distribution by
reweighting samples drawn from a proposal distribution. For the case of the SGWB, one can
sample from a compact binary population described by population parameters Λ0, and then
reweight in favor of the desired population Λi. This may be written as [9]:

ˆ
dΘpd (Θ|Λi)Pd (Θ) =

ˆ
dΘwi (Θ) pd (Θ|Λ0)Pd (Θ) . (5)

3
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where the weight

wi (Θ) =
pd (Θ|Λi)

pd (Θ|Λ0)
(6)

is computed for each sample Θj extracted from the fiducial population. Provided that a suffi-
ciently large number of samples is used, one can then approximate the integral of equation (5)
with a Monte Carlo summation:ˆ

dΘpd (Θ|Λi)Pd (Θ)≃
∑
j

wi (Θj)Pd (Θj) . (7)

This re-weighting methodology allows for significant computational efficiency because the
GW waveforms required to compute Pd(Θj) are evaluated once and used for several values
of Λi. A key aspect of importance sampling is controlling the variance of the weights [19]. A
large variance in the weights can lead to inaccurate estimates of the target distribution, as the
results become dominated by a few highly weighted samples. This typically occurs when the
proposal distribution poorly matches the target distribution. One can quantify this mismatch
using the effective sample size

Neff =

[∑Ns

j=1wi (Θj)
]2

∑Ns

j=1w
2
i (Θj)

, (8)

where Ns is the total number of samples. In practice, a reliable estimate should have Neff ≫
1, and as close as possible to Ns. In [9], the re-weighted SGWB spectrum was validated by
comparison with directMonte Carlo estimates. They found that employing a number of sample
sources of Ns ⩾ 105 for the spectral computation is sufficient for the results to lie within the
intrinsic sample variance of theMonte Carlo realizations in all cases. In all the cases considered
below, the median effective sample size is approximately Neff ≃ 2× 104, indicating a well-
behaved weight distribution.

2.3. Neural networks

While importance sampling significantly reduces the cost of exploring the parameter space,
it remains a bottleneck in inference tasks that require repeated evaluations of ΩGW. This lim-
itation is particularly evident in rapid parameter estimation with large sample sets Ns, where
reweighting (which requires calculating the probability of each sample) can become prohib-
itively time consuming, as well as when inferring complicated population models with many
features, which are inherently hard to re-weight and lead to low Neff

4. Furthermore, the sum-
mation (7) is affected by an intrinsic variance due to the finite number of Monte Carlo samples,
which is directly interpreted as a variance on ΩGW due to the specific event realization used in
the calculation. Directly modeling the ensemble average ΩGW, rather than a single realization,
and including an estimate of its variance, will improve the robustness of the inference process
by mitigating the impact of stochastic fluctuations inherent to the SGWB. To address this, we

4 We point out that, while in this paper we employ importance sampling to train the network, this is not strictly
required, and one could take the (lengthier) route of direct Monte-Carlo evaluation of 4 to train the network.
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propose interpolating ΩGW using an multi-layer perceptron (MLP), enabling faster and more
stable evaluations, and explicitly accounting for the variance ofΩGW aboutΩGW when defining
the likelihood for Λ.

MLPs are feed-forward neural networks with an input layer, one or more hidden layers,
and an output layer. They are universal function approximators [20, 21], making them well-
suited for interpolating complex functions, while remaining relatively simple to implement
and train. A similar approach for the SGWB originating from supermassive black holes has
been recently presented in [22], relevant in the context of pulsar-timing array measurements.
In [22] the background mean and variance are modeled together, although the network was
not used for inference tasks.

For each set of hyperparameters Λ, we generate multiple realizations of ΩGW and com-
pute their mean, which serves as an estimator for the expectation value ΩGW. Our MLP is
then trained to interpolate this ensemble average, rather than modeling individual realizations.
To complement this, we also model the intrinsic variance—i.e. the fluctuations of a specific
ΩGW realization around ΩGW—as a separate quantity (as described below, one does not need
the complexity of a MPL to model the variance; a much simpler interpolation scheme is suf-
ficient). The SGWB variance depends on the number of sources contributing to the signal,
and therefore on the observation time, with shorter durations yielding larger fluctuations. As a
result, our approach inherently captures the average behavior across finite-population realiza-
tions, which is especially important when the number of sources is small, or equivalently for
short observation times, where stochastic fluctuations are more significant.

We compare the average time required to compute the spectrum for a single set of hyper-
parameters using different methods, as it constitutes the dominant cost in the likelihood eval-
uation process. Given a population of 105 sources, traditional Monte Carlo approaches typic-
ally require on the order of 102 s, while reweighting-based methods reduce this significantly,
with each computation taking approximately 10−1 s on average. In contrast, our MLP-based
approach enables near-instantaneous spectra evaluations, with each taking approximately 10−4

s. All timings were obtained on the same MacBook Pro with an M4 chip, without paralleliza-
tion or multithreading. While the MLP requires an initial training phase of ∼1 h on the same
machine, the cost is quickly amortized in scenarios involving tens or hundreds of thousands
of likelihood evaluations.

3. Population models

We now introduce the population models we use to describe the redshift and mass distribu-
tions of binary black holes. These models will be used to compute the SGWB training sets.
In this paper, we assume non-spinning5 black holes in non-eccentric binaries, hence mass and
redshift are the key parameters that capture the complexity of the population. A summary of
the population model parameters Λ used in this work is provided in table 1; some represent-
ative models are illustrated in figure 1. These models for the SGWB are further illustrated in
appendix A, where we vary individual population parameters while fixing others at reference
values.

5 We have independently verified that assuming the black-hole spin distribution most recently inferred by the LVK
collaboration [23] does not appreciably change GWB estimates.
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Table 1. Summary of population model parameters. The table includes the ‘Madau-
Dickinson’ (MD) redshift model, the ‘power-law plus peak’ (PP) mass model, and the
‘broken power-law’ (BPL) mass model.

Redshift model: Madau-Dickinson

γ Power-law index at low redshift
κ Power-law index at high redshift
zpeak Redshift at which the merger rate peaks
R0 Local merger rate

Mass model: power-law plus peak

α Power-law index of the primary-mass distribution
β Power-law index of the mass-ratio distribution
mmin Minimum-mass cutoff of the primary-mass distribution
mmax Maximum-mass cutoff of the primary-mass distribution
λpeak Fraction of the population in the Gaussian component
µpeak Mean of the Gaussian component in the primary-mass distribution
σpeak Width of the Gaussian component in the primary-mass distribution
δm Width of mass tapering at the low-mass end

Mass model: broken power law

α1 Power-law index of the primary mass below mbreak

α2 Power-law index of the primary mass above mbreak

β Power-law index of the mass-ratio distribution
mmin Minimum mass of the primary-mass distribution
mmax Maximum mass of the primary-mass distribution
b Fractional position of the break in the allowed mass range
δm Width of mass tapering at the low-mass end

Figure 1. Black-hole binary population models. Left: Primary-mass distributions for
both the PP (blue) and BPL (green) models. For this example, we set α= 3.5, δm = 4.5,
λpeak = 0.04, mmax = 100, mmin = 4, mpeak = 34, σpeak = 4 for PP, and α1 = 2.5, α2 =
7.5, b= 0.5, δm = 4.5, mmax = 100, mmin = 4 for BPL. Right: Redshift distribution for
the MD model (pink) assuming γ= 3.2, κ= 5.9, and zpeak = 1.9.
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3.1. Redshift model: Madau-Dickinson

The merger rate R of binary black holes per unit comoving volume Vc and unit source frame
time is modeled after the star-formation rate density as described by Madau and Dickinson
(MD) [24]:

R(z|R0,γ,κ,zpeak) =R0 (1+ z)γ
1+

(
1

1+zpeak

)κ

1+
(

1+z
1+zpeak

)κ . (9)

which depends on four population parameters: the local merger rateR0, the low-redshift spec-
tral index γ, the high-redshift spectral index κ, and the location of the turnover zpeak. The
redshift probability distribution is then given by [25, 26]:

p(z)∝ 1
1+ z

dVc
dz

R(z|R0,γ,κ,zpeak) , (10)

We assume Planck 18 cosmology [27] for all calculations.

3.2. Mass model: power-law plus peak (PP)

The power-law PP model is a popular [23, 28] parametrization for the black-hole binary mass
spectrum. The primary-mass distribution is a mixture of a truncated power-law component (P)
and a Gaussian component (G)

p(m1|λpeak,α,mmin,mmax, δm,µpeak,σpeak) = [(1−λpeak)P (m1| −α,mmax)

+λpeakG (m1|µpeak,σpeak)]S(m1|mmin, δm) (11)

where the spectral index of the power-law component is−α, the high-mass cutoff of the power-
law component is mmax, the mean of the Gaussian component is µpeak, the standard deviation
of the Gaussian component is σpeak, and the mixing fraction is λpeak. The smoothing term

S(m | mmin, δm) =


0 if m< mmin ,

[f(m−mmin, δm)+ 1]−1 if mmin ⩽ m< mmin + δm ,

1 if m⩾ mmin + δm ,

(12)

f(m ′, δm) = exp

(
δm
m ′ +

δm
m ′ − δm

)
, (13)

regularizes the low-mass end of the distribution. The distribution of the mass ratio q=
m2/m1 ⩽ 1 conditioned on that of the primary mass is modeled by a smoothed power law

p(q | m1,β,mmin, δm)∝ qβ S(qm1 | mmin, δm) . (14)

3.3. Mass model: broken power-law

For comparison, we also consider an alternative model for the mass distribution: a broken
power law (BPL). However, we note that [23] found this model to be disfavored relative to PP.

7
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In this prescription, one has

p(m1 | α1,α2,mmin,mmax) =


m−α1

1 S(m1 | mmin, δm) if mmin < m1 ⩽ mbreak ,

m−α2
1 S(m1 | mmin, δm) if mbreak < m1 ⩽ mmax ,

0 otherwise ,

(15)

mbreak = mmin + b(mmax −mmin) , (16)

where α1 and α2 are the spectral indexes for low and high masses, respectively, and b sets the
position of the transition point within the allowed mass range. The smoothing function and the
mass ratio distribution are the same as in equations (12) and (14), respectively.

4. Interpolation

4.1. SGWB ensemble average

We model the expected SGWB spectrum using MLPs implemented in PyTorch [29]. Each
MLP is trained to predict the ensemble-averaged power spectrum ΩGW(Λ; f) at a given fre-
quency f as a function of the population hyperparameters Λ.

To generate the training set, we begin by sampling 8000 distinct combinations of the hyper-
parameters Λ for each population model. Samples for the PP mass model are drawn from the
posteriors available in the LVK data release at [30], while samples for the BPL mass model
are available as a part of the example sample sets in the popstock package repository [31].
As for the MD model, we use R0 and γ samples from [30], while for κ and zpeak, which are
not captured in the simpler redshift model used in [28], we assume Gaussian priors centered
at 5.6 and 1.9, respectively, with standard deviations of 1.0 and 0.3 respectively.

4.1.0.1. Spectral generation. To compute the SGWB spectra of a specific set of hyperpara-
meters, we begin by drawing 100 independent sets of samples from a common fiducial binary
population distribution. This fiducial distribution is shared across all hyperparameter config-
urations within a given model. For each of the 8000 sampled hyperparameter combinations,
we compute 100 independent realizations of the SGWB spectrum by reweighting these 100
fiducial sets of samples in a one-to-one manner: the ith realization of a given hyperparameter
set is obtained by reweighting the ith fiducial set of samples. The fiducial distribution used
to generate the base samples is defined, for the PP+MD model, by the parameters: α= 2.5,
β= 1, δm = 3, λpeak = 0.04, mmin = 4, mmax = 100, µpeak = 33, σpeak = 5, γ= 2.7, κ= 5.6,
zpeak = 1.9, and R0 = 15. An analogous fiducial distribution is defined for the BPL+MD
model, with the same common parameters as well as α1 = 2, α2 = 1.4, δm = 4.5, b= 0.4,
and R0 = 16. On average, the effective number of binaries used in the reweighting process
is Neff ≃ 2× 104. Spectra are computed at 400 logarithmically spaced frequencies between
10 Hz and 2000 Hz, using the waveform approximant IMRPhenomD6.

6 Although this approximant is somewhat outdated and neglects spin precession and eccentricity, its use remains pre-
valent in many studies of the astrophysical SGWB [12]. This is largely due to its computational efficiency and the
fact that previous comparisons, such as those in [9], have indicated that the overall shape and amplitude of the pre-
dicted stochastic background spectrum are not dramatically altered by employing more complex waveform approxim-
ants. See also appendix B for a comparison between spectra calculated using IMRPhenomD and IMRPhenomXAS.
Therefore, for the scope of this analysis, IMRPhenomD is deemed an adequate choice.

8
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Figure 2. Mean (top panels) and variance (bottom panels) of the SGWB power spectra
ΩGW( f) computed over 100 realizations for each hyperparameter configuration in the
training set only. Results are shown separately for the PP+MD (left panels, blue) and
BPL+MD (right panels, blue) models. The spectra span 400 logarithmically spaced
frequencies between 10Hz and 2000Hz, capturing the sensitivity band of ground-based
3G detectors.

4.1.0.2. Computation of mean and variance. For each of the 8000 hyperparameter combin-
ations, we compute the mean ΩGW and standard deviation σΩGW of the power spectrum across
the 100 realizations, for each of the 400 frequencies. The result is thus a dataset of 8000 mean
spectra (each with 400 frequency points) and their corresponding variances, for each model.

The full dataset is split as follows: 80% for training, 20% for testing. Within the training
set, an additional 80/20 split is applied to create training and validation subsets. The mean and
variance of the spectra included in the training set are shown in figure 2.

EachMLP is trained to predict the ensemble-averaged power spectrumΩGW(Λ; f) as a func-
tion of the population hyperparametersΛ and the frequency f. The input to the network consists
of the frequency f and the hyperparameters describing the source population: 14 total para-
meters for the PP+MD model and 13 for the BPL+MD model. The output is a single scalar
value ΩGW at that frequency.

Inputs and outputs are preprocessed in log space to have zero mean and unit variance. We
train the networks to minimize the mean absolute error (MAE) using the Adam optimizer [32]
with an initial learning rate of 10−3, a batch size of 128, and early stopping based on validation
loss with a patience of 20 epochs. Training runs for a maximum of 1000 epochs.

9
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Table 2. Test set performance metrics for the PP+MD and BPL+MDmodels. The table
reports the mean absolute error (MAE), coefficient of determination (R2), and Spearman
correlation coefficient.

Model: PP+MD

MAE 1.50× 10−11

R2 0.974
Spearman correlation 0.99996

Model: BPL+MD

MAE 7.68× 10−12

R2 0.994
Spearman correlation 0.99996

Figure 3. Mean relative error of the MLP predictions on the test set as a function of
frequency. Relative error as a function of frequency for the MLP-based models. The
PP+MDmodel (red) and the BPL+MDmodel (grey) are compared across the frequency
range of interest. Both axes are on a logarithmic scale. In the frequency range relevant
to inference, the relative error remains well below 1%.

Table 2 reports the test set performance, including the MAE and the determination coeffi-
cient R2. Figure 3 shows the mean relative error of the MLP predictions on the test set across
frequencies. The error is lowest at the lower end of the frequency range probed (20–200Hz),
which is advantageous for inference since detector sensitivity peaks in this range.

4.2. SGWB variance

To complement the mean spectrum prediction, we also quantify the intrinsic variance across
the 100 realizations, σΩGW . This variance, depicted for the training set in figure 2, is relevant for
inference, as it encodes the stochastic uncertainty associated with a finite number of sources.
The spectrum variance σΩGW depends on the population parameters Λ as well as the number
of events, or equivalently the observing time Tobs, assumed for the calculation of the SGWB.

10
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Figure 4. Relative standard deviation σrel( f;Λ), as defined in equation (17), computed
across 100 realizations for the PP+MD (blue) and BPL+MD (green) models. Shaded
bands show the standard deviation of σrel( f;Λ) across different hyperparameter con-
figurations within each model. The curves are shown up to 750Hz, which corresponds
to the frequency range where the SGWB signal is strongest relative to the expected
detector noise (see section 5). The relative variance is lowest at lower frequencies, which
is favorable for inference. At higher frequencies, the variance increases as the number
of contributing sources drops and the spectrum signal becomes weaker.

One could model the variance with an MPL, as discussed above, conditioned on the number of
sources or the observation time; however, we find that simplifying assumptions can be made
that obviate the need for this.

We estimate the relative standard deviation

σrel ( f;Λ) =
σΩGW ( f;Λ)

ΩGW ( f;Λ)
, (17)

across the training set and interpolate its frequency dependence using scipy.interp1d [33].
The resulting curves for the two mass models are shown in figure 4. We find that σrel( f;Λ)
is consistently small, lying below 10% for the majority of the frequency space probed.
Approximating σrel( f;Λ) to a constant spectrum leads to a percent-level error on the variance
estimate; hence in the inference process we fix it to the mean spectrum

σrel ( f)≃ ⟨σrel ( f;Λ)⟩Λ (18)

which is shown as the solid line is figure 4. The variance spectrum σΩGW( f;Λ) is from
equation (17) using the MLP prediction for ΩGW( f,Λ). We verify in the inference process
that this approximation is acceptable—see discussion in section 5.

5. Inference

5.1. Methodology

The sensitivity of a gravitational wave detector is characterized by its power spectral density
(PSD), which quantifies the noise amplitude as a function of frequency. In this work, we adopt

11



Class. Quantum Grav. 42 (2025) 195015 G Giarda et al

the projected PSDs of ET and CE from [34], as implemented in PyCBC [35]. Specifically,
we use the ET-D sensitivity curve, which corresponds to a 10 km interferometer configuration
representing one component of the proposed triangular ET design [36]. For CE, we use the
Stage 2 target sensitivity for a 40 km detector.

We use a Gaussian likelihood to describe the distribution of the SGWB estimator values
{Ω̂GW( fi)} over Nf discrete frequencies {fi}. The likelihood is given by [37]

L
(
Ω̂GW|Λ

)
=

Nf∏
i=1

1√
2πσeff (Λ; fi)

exp

−1
2

[
Ω̂GW ( fi)−ΩGW (Λ; fi)

]2
σ2
eff (Λ; fi)

 , (19)

where ΩGW(Λ; fi) is the MLP prediction for the SGWB energy density spectrum at frequency
fi for a given set of parametersΛ, and σeff(Λ; fi) is the effective standard deviation combining
detector and intrinsic contributions. This is defined as:

σ2
eff (Λ; fi) = σ2

detector ( fi)+
[
σrel ( fi) ΩGW (Λ; fi)

]2
, (20)

whereσ2
detector( fi), whichwe define in equation (21), reflects the uncertainty due to instrumental

noise and scales inversely with the observation time, while the second term accounts for the
stochastic nature of the SGWB signal, and scales as 1/Ns, as it is equivalent to the error of
a Monte Carlo integral. In a realistic observation, Ns =RTobs (R being the total merger rate
integrated over redshift), hence the intrinsic variance of an observed signal also scales with
Tobs. These are assumed to be independent and Gaussian.

Importantly, the data {Ω̂GW( fi)} are the unbiased estimator of the SGWB energy dens-
ity spectrum. This is constructed from the correlation of strain data over multiple short time
segments, which correspond to the weighted average of the squared strain over the total obser-
vation time [15]. The associated variance due to the detector noise, in the case of data from a
pair of independent colocated, co-aligned correlated with itself, is then [15, 38]:

σdetector ( f) =
10π2

√
2Tobs∆f

PSD( f)

3H2
0

f 3 , (21)

where H0 is the Hubble constant today and we assume a Tobs = 1yr. The variances relative
to each measurement are shown in figure 5. Note that in this simplified approach we assume
the detector PSD is perfectly known, that the estimator Ω̂GW is unbiased, and that it is pos-
sible to correlate colocated, co-aligned detectors without worrying about correlated noise. In
a real-data scenario, all of these assumptions will break down, as we discuss in section 6 and
appendix C.

We carry out parameter inference using the Dynesty nested sampler [39], as implemen-
ted in the Bilby library [17], with parallelization enabled. The sampler is configured with
nlive = 1800 and a stopping criterion of dlogz = 0.1, all other parameters are left to
default values unless otherwise specified.

To illustrate the importance of including the intrinsic variance in the likelihood, we perform
parameter inference on a single realization of a spectrum taken from the test set of the PP+MD
model, for which both themean and standard deviation are known andwe inject Gaussian noise
generated from detector variance. We compare three inference setups:
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Figure 5. Instrumental uncertainties σdetector converted to dimensionless SGWB power
spectrum units. Red and blue curves correspond to ET and CE, respectively. The black
curve shows an example SGWB realization ΩGW from the training set, while the red
curve represents its interpolated intrinsic standard deviation σΩGW . Note the relative
amplitude between these quantities: σΩGW is orders of magnitude larger than σdetector in
the lower portion of the frequency spectrum, thus dominating the measurement below
∼ 100Hz, while the opposite is true for frequencies higher than ∼ 300Hz, for either
detector setup.

(i) No variance: the intrinsic uncertainty is entirely neglected, setting σeff = σdetector.
(ii) Relative variance: the intrinsic uncertainty σΩGW is approximated via interpolation of the

relative variance, as described in equation (18).
(iii) Known variance: the known intrinsic variance computed on the test spectrum as a fixed

input.

The spectrum corresponds to the following source population parameters: α= 3.89,
β= 2.13, δm = 5.52, λpeak = 0.012, mmax = 89.08, mmin = 5.40, µpeak = 34.22, σpeak = 3.67,
R0 = 17.93, γ= 3.45, κ= 4.90, and zpeak = 1.69. In our analysis, all parameters are held
fixed except for α, R0, and γ, which are inferred. As shown in figure 6, ignoring the
intrinsic variance leads to significantly biased and overly narrow posterior distributions,
which falsely suggest high confidence in incorrect parameter estimates. By contrast, includ-
ing the intrinsic uncertainty—either approximately through interpolation or exactly using the
known variance—results in consistent and accurate posteriors. This demonstrates that even
an approximate treatment of intrinsic variance substantially improves inference quality. The
effect becomes especially pronounced at shorter observation times, where the detector noise
increases and the contribution from intrinsic uncertainty becomes more significant.

5.2. Inference on the MD model

We first examine the redshift population parameters in isolation, using the MD model. This
provides a clean setup to isolate the effect of redshift evolution on the SGWB signal. The
injected signal corresponds to a reference spectrumΩGW generated from 105 binary black-hole
realizations with population parametersα= 3.5, β= 1.0, δm = 5.0, λpeak = 0.03,mmax = 85.0,
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Figure 6. Posterior distributions for a test-set spectrum of the PP+MDmodel where we
fix all parameters except for α, R0, and γ, inferred under three different treatments of
the intrinsic uncertainty. Dashed lines in the one-dimensional marginalized distributions
indicate the prior distributions. The left panel compares the full posteriors when intrinsic
uncertainty is ignored (blue), approximated via interpolation (orange), or known for the
given spectrum (green). The right panel zooms in on the first case, highlighting the
biased and overconfident contours resulting from neglecting the intrinsic variance.

mmin = 5.0, mpp = 33.0, σpp = 4.5, R0 = 17, κ= 5.7, and zpeak= 1.9. The signal is injected
into Gaussian noise generated from the detector variance, yielding the dataset Ω̂GW used for
parameter estimation. In the inference, we jointly sample all model parameters using nested
sampling. For this analysis, we increase the number of live points to nlive = 2500. To focus
on the redshift parameters, which have the strongest impact on the SGWB spectrum, we mar-
ginalize over the mass-related parameters by projecting the full posterior distribution onto the
redshift subspace. We adopt broader priors for R0, γ, and zpeak to ensure that the posterior
constraints are driven by the data rather than by restrictive prior assumptions, since these para-
meters are expected to be well constrained by the observed population (see also the discussion
in appendix A).

As shown in figure 7,R0, γ, and zpeak are themost tightly constrained. This is expected given
their dominant impact on the low-frequency end of the SGWB spectrum, where sensitivity
is highest. The consistency between CE and ET posteriors confirms the robustness of these
constraints. In contrast, κ remains poorly constrained due to its limited spectral imprint in the
relevant frequency band (see also figure A1).

The top right portion of figure 7 shows an inset comparing the injected and recovered
ΩGW spectrum, and the prior and posterior area. As may be observed here, the posterior is
significantly constraining and is broadly consistent with the injection. Note that at high fre-
quencies (f > 1000 Hz), the inference becomes unreliable. Although the model was trained
over a broader frequency range, the signal at these high frequencies is strongly dominated by
detector noise and lacks sufficient event statistics. As a result, the posterior in this region is
prior-dominated and does not provide meaningful constraints.
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Figure 7. Posterior distributions on the redshift parameters in the MD model, inferred
using simulated data from CE (blue) and ET (orange). The corner plot highlights the
consistency between the two detectors in constraining redshift population parameters.
Dashed lines in the one-dimensional marginalized distributions indicate the prior distri-
butions using CE simulated data. The inset displays the SGWB spectra predicted by the
MLP emulator for CE, showing the median and 90% credible interval derived from
posterior samples (blue), as well as from prior samples (black) using CE simulated
data, while the red curve shows the injected SGWB signal corresponding to a single
realization.

5.3. Inference on the PP+MD model

We perform parameter inference on the combined PP+MD model using simulated stochastic
background data from CE and ET. The injected signal corresponds to the same reference spec-
trum ΩGW introduced previously.
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To avoid performing inference on the entire 12-parameter set for the PP+MDmodel, as sev-
eral parameters have a negligible effect on the background, we identify a subset of parameters
which effectively dominate the background spectral shape and amplitude:R0, γ, λpeak, and α.
We refer the reader to appendix A for a detailed view of the effect of each parameter in the
PP+MDmodel on ΩGW and to table A2 for a complete summary indicating which parameters
are fixed, marginalized, or constrained in each inference run, considering each parameter indi-
vidually drawn from the population posteriors published in [28]. In this section, to simplify
and speed up the inference, parameters that are not inferred are fixed to their injected values7,
while we employ broad, uninformative priors on the selected informative parameters, these
were chosen for their demonstrable influence on the spectrum and ability to be constrained by
current data.

Results are shown in figures 8. From these results, we find that R0 and γ are better con-
strained, consistent with their prominent influence on the low-frequency end of the SGWB
spectrum, where the signal is strongest and detector noise is minimal. The ability of SGWB
data to constrain the shape of the merger rate history confirms earlier findings such as those
in [8]. The mass distribution parameters λpeak and α are also well constrained, reinforcing the
sensitivity of the stochastic background signal to the shape of the black-hole mass spectrum,
as discussed in [9].

The top right portion of figure 8 shows the inset comparing the injected and recoveredΩGW

spectrum, and the prior and posterior area. As in previous cases, the posterior is significantly
constraining and is consistent with the injection.

To assess the statistical reliability of our inference pipeline, we perform a posterior predict-
ive test using 100 independent simulations, each generated using parameter values drawn from
the prior. For this analysis, the priors are chosen to match the posteriors reported in [28]. For
each simulated dataset, we perform inference using the CE configuration and evaluate how
often the injected (true) parameter values fall within a given posterior credible level. Figure 9
shows the resulting empirical coverage for a subset of representative parameters in the PP+MD
model. Despite these small deviations, the overall calibration is statistically acceptable for a
sample size of 100 injections, confirming the robustness of our parameter-estimation approach.

5.4. Inference on the BPL+MD model

Finally, we present results obtained with the BPL+MD model. Redshift parameters exhibit
constraints similar to those already discussed (see section 5.2 and figure 7); therefore, here we
focus on the inference results for the BPLmass distribution parameters and their degeneracies.
In this example, we employ as priors the posterior distributions used in the MLP training [31].

We perform parameter inference for the BPL+MDmodel using simulated stochastic back-
ground data assuming ET and CE sensitivity. The injected signal corresponds to a reference

7 We also performed a full inference run including all model parameters, employing priors matching the training priors
(LVK population, [28]). Parameters β, mmax, µpeak, σpeak as well as κ, exhibited posterior distributions indistinguish-
able from the priors used, indicating they are effectively unconstrained by the data, while mmin and δm are degenerate,
and are discussed in section 5.4.
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Figure 8. Posterior distributions ofα, λpeak,R0, and γ from the PP+MDmodel inferred
using simulated data from CE (blue) and ET (orange). The corner plot highlights the
consistency between the two detectors in constraining the mass and redshift population
parameters. Dashed lines in the one-dimensional marginalized distributions indicate the
prior distributions. The inset displays the SGWB spectra predicted by theMLP emulator
for CE, showing the median and 90% credible interval derived from posterior samples
(blue), as well as from prior samples (black) using CE simulated data, while the red
curve shows the injected SGWB signal corresponding to a single realization.

spectrum generated from 105 binary black hole realizations, assuming the hyperparameters:
α1 = 2.0, α2 = 10.0, β= 1.0, break fraction b= 0.4, mmin = 5.0, mmax = 90.0, and δm = 3.0,
with redshift parameters fixed toR0 = 16.0, γ= 3.0, κ= 5.6, and zpeak = 1.9.

Figure 10 presents the posterior distributions for the mass parameters α1, b, mmin, and δm,
alongside the corresponding background spectra. The inferred posteriors from both detectors
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Figure 9. Probability-probability test evaluating the calibration of the inferred posteri-
ors for the PP+MD model using simulated CE data. The plot compares the empirical
cumulative distribution of true parameter values with the corresponding posterior cred-
ible levels, aggregated over 100 simulated injections. A perfectly calibrated inference
would produce a curve along the diagonal. The 1σ, 2σ, and 3σ confidence intervals
are indicated by progressively darker shaded regions. Overall, the deviations remain
within acceptable bounds, confirming that the inference remains statistically sound for
the sample size considered. The numbers in the legend show the p-values corresponding
to the KS test applied to the individual parameters.

are consistent and reveal the expected degeneracy between mmin and δm, see [23]. This cor-
relation is a well-known characteristic of phenomenological mass distribution models. The
parameter α1 in the best-inferred mass parameter, similarly to the PP mass model case, while
b is also constrained, albeit weakly. These appear positively correlated in the posteriors but
remain distinguishable.

As with the PP+MD case, parameters that leave only a weak imprint on the power
spectrum—particularly at frequencies where the detectors are most sensitive—remain poorly
constrained. In particular, mass parameters that primarily influence the high-mass end of the
distribution, such as α2, have limited impact within the detectors’ optimal frequency band, as
illustrated in appendix A. Parameters not shown in the posteriors are fixed to their injected
values.

The top right portion of figure 10 highlights the comparison between the injected and
recovered ΩGW spectrum, and the prior and posterior area. We find in this case that the pos-
terior is weakly constrains the prior area, remaining consistent with the injection. This is also
due to the fact that we employ narrower priors in this analysis, focusing specifically on the
mass parameter degeneracies.
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Figure 10. Posterior distributions for a subset of BPL+MD model mass parameters
from simulated SGWB data from CE (blue) and ET (orange). Notably, a strong correl-
ation between mmin and δm is evident, reflecting the known degeneracy in shaping the
low-mass end of the black hole mass spectrum. The inset displays the SGWB spectra
predicted by the MLP emulator for CE, showing the median and 90% credible interval
derived from posterior samples (blue), as well as from prior samples (black) using CE
simulated data, while the red curve shows the injected SGWB signal corresponding to
a single realization.

6. Conclusions

In this paper, we improve robustness and efficiency of SGWB analysis and offer an efficient
alternative to the time-consuming process of population hyper-parameter estimation involving
hundreds of thousands of CBC events which is expected in 3G detectors. We perform pop-
ulation parameter inference by treating the signal as a loud stochastic background, and infer
population parameters from the background spectrum directly assuming an optimal estimator.
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This approach is complementary to population inference involving individual events, and will
provide a precious control result for compatibility checks and model testing.

We leverage a series of MLPs trained on LVK’s third observing run (O3) posterior data
to efficiently calculate the binary black hole SGWB power spectrum. This method allows for
quicker likelihood evaluation in Bayesian inference pipelines, significantly accelerating the
inference process. We have shown that the MLP approach provides reliable estimates of the
mean SGWB power spectrum given a set of population hyper-parameters, from which we
estimate the associated variance assuming the scaling relation of equation (17). In this paper,
we model the variance dependence on the hyper-parameters by fixing the relative variance
(equation (17)), hence assuming the dominant term of the dependence is proportional to the
SGWB spectrum itself.

We consider an observing scenario assuming co-aligned, colocated detectors at 3G sensitiv-
ities for one year with uncorrelated noise realizations between detectors, and model the SGWB
estimator as Gaussian, as commonly done in the literature both in real and mock observing
campaigns [10–12, 14, 38, 40, 41]. This implies the likelihood of equation (19), where the
variance assumed is given by the combination of detector variance and signal variance. This
is a key novelty of this approach and is necessary to achieve unbiased inference results in the
strong signal scenario.

We observed that parameters that influence the low-frequency regime, such as the local
merger rate R0 or the slope of the redshift distribution at low redshift γ, are more easily con-
strained, whereas parameters affecting higher frequencies are more challenging due to detector
noise and weaker spectral features. This behavior aligns with expectations from previous stud-
ies [9], which show that the distribution of redshift parameters primarily influences the amp-
litude of the SGWB spectrum, while the shape is mostly governed by the mass distribution of
binary black holes. Parameters that are well-constrained are highlighted in figures 8 and 10.
The two detector set-ups considered here (ET and CE sensitivity) perform extremely simil-
arly, implying that these measurements are limited by the intrinsic variance of the signal. On
the other hand, we expect higher sensitivities are required to constrain parameters concerning
the high-redshift evolution, and parameters which dominate the higher frequencies where the
detector noise dominates in this study (figure 5).

As previously noted, the assumption of uncorrelated noise for co-located detectors does
not readily apply to real data. In present ground-based detector analyses, e.g. employing LVK
data [12], data from non-colocated detectors are cross-correlated to obtain Ω̂GW to achieve
independent noise. This comes with a penalty factor that takes into account the loss of coher-
ence across the light-travel path, i.e. the distance between the detectors. This same penalty
factor, or overlap factor, will be relevant for non-colocated 3G detectors such as ET and CE,
if data from these were cross-correlated as in [12]. As sensitivity to the isotropic stochastic
background is maximized when detectors are co-located, the most efficient characterization
strategy involves detectors that are as close as possible, and independent noise estimation
strategies will be transformative for stochastic searches. In practice, with 3G detectors the
estimator Ω̂GW may be constructed in a quite different fashion compared to how it is cur-
rently obtained, and may include correlated detector noise mitigation strategies that are still
under development—for example, in the case of triangular detectors, it may be possible to
construct null channels [42] insensitive to GWs which in turn would allow the construction of
two uncorrelated colocated detectors. Auxiliary noise-monitoring channels will also be funda-
mental, especially for L-shaped detectors such as CE. Furthermore, it is important to note that
a source of correlated terrestrial noise will come from magnetic fields [43–47], particularly
relevant for 3G detectors and especially at short distances from each other. Several magnetic
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noise mitigation strategies have already been discussed in the literature [45, 48–50]. An exten-
sion of this work will take into account both the effect of non-colocated detectors and potential
correlated noise. Due to these considerations, as well as the fact that some parameters are fixed
in the inference, this study should not be considered as a quantitative prediction of the cap-
abilities of the ET and CE detectors. The value of this work lies in the qualitative assessment
of the capabilities of the inference with the MLP model and its ability to correctly reconstruct
population parameters in the limit where the SGWB intrinsic noise can dominate.

Moreover, we recognize that using an MLP interpolator introduces systematic biases, par-
ticularly in regions of parameter space with sparse training coverage. While the injection in
this work lies well within the training prior, reducing this concern, it remains important to
systematically assess emulator-induced bias in future applications. To address this, we plan
to adopt simulation-based inference methods, as in [51], which provide a principled way to
account for model uncertainty and reduce bias.

For future applications, the training dataset can be expanded to include simulated injec-
tions that better capture astrophysical uncertainties, for example by using a wider training
prior and/or drawing samples from flexible models. This will ultimately improve the model
robustness and generalizability. Furthermore, a natural next step of this approach is to make
the variance a free parameter in the MLP model, allowing for a more flexible and data-driven
estimation of the stochastic uncertainty. We plan to develop this in an extension of this work.

Although the current MLP efficiently approximates the power spectrum, exploring altern-
ative architectures, such as Bayesian neural networks [52], normalizing flows [53], or vari-
ational inference techniques [54], which can also naturally incorporate detector and signal
noise, could provide a more comprehensive approach, by explicitly modeling the variance of
the predictions. This would lead to a more reliable uncertainty quantification in the inferred
SGWB power spectrum. We leave these extensions for future work.
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Appendix A. Hyperparameter variation

We computed reference spectra using the parameters in table A1. To understand the individual
impact of each hyperparameter, we then varied each parameter within the LVK inference run
posteriors [28] for the PP+MD model and within the range of the example sample sets in the
popstock package repository [31] for the BPL+MD model, while keeping the others fixed at
their reference values.

Table A1. Summary of the PLPP+MD and BPL+MD model hyperparameters

PP+MD

α 2.66
β 0.81
δm 6.28
λpeak 0.04
mmax 89.53
mmin 3.71
µpeak 35.78
σpeak 2.89
R0 17.36
γ 2.08
κ 6.78
zpeak 1.52

BPL+MD

α1 2.66
α2 6.3
β 0.81
b 0.38
mmin 3.71
mmax 89.53
δm 6.28
R0 17.36
γ 2.08
κ 6.78
zpeak 1.52

The impact of varying the redshift parameters assuming the PP+MDmodel is presented in
figure A1, while the impact of varying mass parameters is in figure A2. The impact of varying
the redshift parameters assuming the BPL+MD model is presented in figure A3, while the
impact of varying mass parameters is in figure A4.

To summarize which parameters were fixed, marginalized, or constrained in each inference
run corresponding to a corner plot, we provide table A2. In bothmodels, the redshift parameters
which have a visible impact on theΩGW spectrum (within the tested priors) are R0, γ, and zpeak.

In the PP mass model, dominant parameters are α and Λpeak, as well as mmin and δm, which
are degenerate. Parameters which characterize the location and size of the peak (µpeak and
σpeak) do not have significant impact onΩGW, most probably due to the fact that the fraction of
black holes expected in the peak is small for the entire set (λpeak ≲ 0.2). The secondary mass
parameter β and the maximum mass cut-off mmax are also sub-dominant.

In the BPL mass model, dominant parameters are α1, α2, and b, as well as mmin and δm,
which are degenerate (for both mass models) as discussed in section 5.4. The β and the mmax

parameters are sub-dominant, as in the PP case.
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Figure A1. Impact of redshift parameters on the predicted SGWB spectrum for the
PP+MDmodel. The varying parameter (R0, γ, κ, or zpeak) is indicated next to the color
bar, with different color curves indicating different values. All other parameters are kept
fixed at their reference values. We observe that redshift parameters, particularlyR0 and
γ (upper right and left) have a significant impact on the strength of the signal, while κ
(bottom right) exhibits a comparatively limited influence, which influence the inference
process as further discussed in section 5.2.
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Figure A2. Impact of mass parameters on the predicted SGWB spectrum for the
PP+MD model. Each panel illustrates the SGWB spectrum Ω̄GW( f) as a function of
frequency f. The varying parameter (α, β, δm, λpeak,mmax,mmin, µpeak, or σpeak) is indic-
ated next to the color bar in each panel, with different color curves representing differ-
ent values. All other parameters are kept fixed at their reference values. We observe that
parameters like µpeak and σpeak have a relatively low impact on the spectrum, suggesting
they will be challenging to constrain directly from the SGWB signal. Additionally, the
panels formmin and δm illustrate the degeneracy between these parameters, as previously
discussed in section 5.4. The seemingly limited impact of α is primarily due to the strin-
gent constraints on its variation range, derived from LVK posteriors. While mmax also
shows a very limited impact, this is not problematic for inference as it can often be fixed
to fiducial values.
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Figure A3. Impact of redshift variation on the predicted SGWB spectrum for the
BPL+MD model. The varying parameter (R0, γ, κ, or zpeak) is indicated next to the
color bar, with different color curves indicating different values. All other parameters
are kept fixed at their reference values. We notice that the results are consistent with
those shown for the PP+MD model.
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Figure A4. Impact of mass parameters on the predicted SGWB spectrum for the
BPL+MD model. Each panel illustrates the SGWB spectrum Ω̄GW( f) as a function of
frequency f. The varying parameter (α1,α2, β, b,mmin,mmax and δm,) is indicated next to
the color bar in each panel, with different color curves representing different values. All
other parameters are kept fixed at their reference values.We canmore clearly observe the
impact of α1, which is analogous to the α parameter discussed for the PP+MDmodel in
figure A2, since the range of variation is greater. Furthermore, these plots again highlight
the degeneracy between mmin and δm.
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Table A2. Summary of parameters for each inference run. Constrained parameters are
shown in the corner plots, marginalized parameters were sampled but not shown, and
fixed parameters were held at injected values.

Inference Run Constrained Marginalized Fixed

MD (figure 7) R0, γ, κ, zpeak α, β, mmin, mmax, —
δm, λpeak, µpeak, σpeak

PP+MD (figure 8) α, λpeak, R0, γ — β, mmin, mmax, δm
µpeak, σpeak, , κ, zpeak

BPL+MD (figure 10) α1, b, mmin, δm — α2, β, mmax

R0, γ, κ, zpeak

Appendix B. Waveform model sensitivity check

To verify that the choice of waveform approximant does not significantly affect our results,
we compare the SGWB spectra computed with IMRPhenomD and IMRPhenomXAS [55].
Figure B1 shows the frequency-dependent relative difference. The comparison shows that the
deviations remain below 5% across the frequency band relevant for inference, indicating that
our results are robust against the choice of waveform model.

Figure B1. Relative difference between SGWB spectra obtained with IMRPhenomD
and IMRPhenomXAS as a function of frequency. The deviations remain below 5%
across the frequency band relevant for inference.
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Appendix C. Sensitivity of non-colocated detectors to the GWB

To quantify the impact of non-colocated detectors in our analysis, we compare the power-law
integrated sensitivity curves (PI curves) [56] for different configurations, similarly to [57]. The
error on the measurement will scale according to the PI curve, which is defined as the locus
where an envelope of power-law signals is tangent to the detector sensitivity, assuming a certain
detection statistic (i.e. signal-to-noise ratio). In figure C1, we show PI curves assuming 3σ
measurements for four configurations: co-located, triangular ET; two non-colocated L-shaped
ET instruments; a triangular ET (in Europe) correlated with a CE instrument (in the USA); and
a single L-shaped ET with a CE instrument. We assume standard locations and orientations
for these instruments, as used throughout this work. For the L-shaped ET detector pair, we
use conventions as presented in [58]. Non-colocated detector pairs have lower sensitivity to
GWBs due to the decoherence induced by the overlap reduction function [56]. In particular,
comparing the colocated triangluar ET case with the non-colocated L-shaped ET we find that
the sensitivity varies between a factor of 5 at low frequency (<100Hz) to a factor of 100
at high frequency (>1000Hz). On the other hand, cross-correlating an ET detector with CE
appears to be comparable to a triangular ET configuration at low frequency, due to the increased
sensitivity of CE. As the analysis presented here is dominated by the intrinsic variance of the
signal, and not the detector noise, it is not immediately clear how this would impact parameter
inference.

Figure C1. Power-law integrated sensitivity curves (PI curves) for different detector
configurations assuming 3σ measurements. Co-located, triangular ET (blue); two non-
colocated L-shaped ET instruments (orange); a triangular ET (in Europe) correlated
with a CE instrument (in the USA) (green); and a single L-shaped ET with a CE instru-
ment (red). We assume standard locations and orientations for these instruments, as
used throughout this work. Comparing the colocated triangluar ET case with the non-
colocated L-shaped ET we find that the sensitivity varies between a factor of 5 at low
frequency (<100Hz) to a factor of 100 at high frequency (>1000 Hz).
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