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Variations in the instrumental noise of the Laser Interferometer Space Antenna (LISA) over time are
expected as a result of e.g. scheduled satellite operations or unscheduled glitches. We demonstrate
that these fluctuations can be leveraged to improve the sensitivity to stochastic gravitational wave
backgrounds (SGWBs) compared to the stationary noise scenario. This requires optimal use of data
segments with downward noise fluctuations, and thus a data analysis pipeline capable of analysing
and combining shorter time segments of mission data. We propose that simulation based inference
is well suited for this challenge. In an approximate, but state-of-the-art, modeling setup, we show
by comparison with Fisher Information Matrix estimates that the optimal information gain can be
achieved in practice.

O GitHub: The saqgara simulation and inference library is available here (peregrine-gw/saqqara).

In addition, the TMNRE implementation swyft is available here (undark-lab/swyft). Fi-
nally, the GW_response code to compute the LISA response function is available here

(Mauropieroni/gw_response)

I. INTRODUCTION

The next generation of gravitational wave (GW) inter-
ferometers, in particular the Laser Interferometer Space
Antenna (LISA) [1], the Einstein Telescope (ET) [2], and
Cosmic Explorer (CE) [3] will revolutionize our ability to
explore the Universe through GWs. A key to this is the
extension of the frequency coverage as well as the tremen-
dous increase in strain sensitivity compared to current
GW detectors [4-6]. However, there is a significant data
analysis challenge that comes with this increased sensitiv-
ity. While current ground-based GW detectors are noise
dominated with sparse signals due to merging compact
objects, the next generation detectors will be signal dom-
inated, with thousands of resolvable binary systems as
well as astrophysical (and possibly cosmological) stochas-
tic gravitational wave backgrounds (SGWBs) within in-
strument reach. This calls for a paradigm change in the
data analysis [7, 8].

In this paper, we focus on the particular challenge of
detecting an SGWB in LISA under these circumstances.
In the LISA band, we expect astrophysical SGWBs due
to unresolved (i.e. faint) binaries of compact objects
(neutron stars, white dwarfs, black holes). Moreover,
cosmological SGWBs are predicted in many extensions
of the Standard Model of particle physics, due to, e.g.,
first order phase transitions, topological defects, the for-
mation of primordial black holes, or in some models of
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cosmic inflation, see e.g., Ref. [9] for an overview. Thus,
observing or constraining the presence of such SGWBs
provides a unique window to the early universe and un-
explored particle physics regimes.

In rather simplified terms, the challenge in searching
for such signals in LISA is twofold. Firstly, any fit to
the data needs to account for the presence of GW signals
from loud binaries, the possible presence of SGWBs, and
the instrument noise. This is at the core of the ‘global
fit’ program [7, 8, 10, 11] currently based on Monte Carlo
Markov Chain (MCMC) techniques, although the first
steps towards implementing this using simulation based
inference (SBI, see Ref. [12] for a review) have been taken
in Refs. [13-15]. Secondly, disentangling an SGWB con-
tribution from the instrument noise suffers from the lim-
ited knowledge of the latter. This situation is exacer-
bated by (i) the lack of ‘down-time’ in the detector, i.e.,
the lack of a signal free environment to measure the noise
properties, (ii) the absence of independent data chan-
nels (as in a network of ground-based detectors) to cross-
correlate with and suppress the noise, and (iii) the mul-
titude of possible signal templates. Given this, existing
analyses have relied on fixed templates for the noise [16—
19], the signal [20, 21] or both [22, 23]. See also [24], for
an analysis with flexible signal and noise templates.

An additional simplification used in all these ap-
proaches is to assume that the SGWB (in the appro-
priate reference frame) and the noise are stationary, i.e.,
the data can be modelled by drawing different realiza-
tions from fixed, time-independent distributions. While
for SGWBs this is fully justified on the time-scales of
relevance for LISA, the instrumental noise is known
to suffer from scheduled (due to instrument operation)
and unscheduled glitches, i.e., interruptions in the data
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stream [25-28]'. After such events, in particular if due
to a change in the instrument configuration, there is no
reason to expect the noise level to be exactly the same
before and after. Our goal in this paper is twofold: (i)
to explore the implications of time-varying instrumental
noise on the SGWB reconstruction, and (ii) to demon-
strate that SBI techniques are well-suited for analysing
this scenario.

To this end, we have developed public
codes (see Mauropieroni/gw_response and
peregrine-gw/saqgara) to simulate and analyze

LISA data. The simulator features a modular structure
for the signal components, the noise components, and
the LISA response functions. In particular, compared
to earlier work [13], we include all three data channels
of LISA and account for the full ~ 3 years of effective
mission duration [27, 31]. In this paper, we are in
particular interested in the impact of more realistic
noise modeling on the ability to reconstruct SGWB
parameters. The base LISA model is a two-parameter
noise model parametrizing the amplitude of the test
mass (TM) and optical metrology system (OMS) noise
assuming a given spectral shape. Being more realistic,
however, the noise levels should be expected to vary in
time, nominally lying between the current best estimate
and the allocated noise budget [31]. To investigate the
impact of non-stationary noise on the ability to search
for SGWBs, we cut the data streams into segments
of 11.5 days (motivated by the cadence of scheduled
satellite operations) where we assume the noise to be
well-described by the two-parameter base LISA noise
model. We then draw independent fiducial values
for the two noise parameters in each segment from
Gaussian distributions motivated by the allocated noise
budget [31].

This setup is, of course, still rather simplified com-
pared to the full LISA data analysis challenge. However,
the modular setup of our code lays the groundwork for
several possible extensions, such as further refining the
underlying (parametric) noise model, including different
signal templates, or adding GW signals from different
source populations of binaries.

The rest of this work is structured as follows: in Sec. 11,
we start by describing the properties of the different mod-
eling components included in our analysis. We proceed,
in Sec. ITI, by using the Fisher Information Matrix (FIM)
formalism to demonstrate that with a suitable analysis
strategy, we can (in principle) leverage the rare low-noise
data segments to increase the signal-to-noise ratio (SNR)
of the signal. With this expectation, in Sec. IV, we show
that our SBI pipeline can efficiently achieve close to the
optimal information gain in this scenario. Ultimately
this highlights that time variation in the noise levels can
allow for a more accurate reconstruction of the SGWB

1 See also [26] (LISA) and [29, 30] (LIGO) for work on distinguish-
ing glitches from transient signals.

parameters compared to a constant noise scenario with
fiducial values for the noise parameters taken to be the
mean values of the distribution. Finally, in Sec. V, we
conclude and discuss future perspectives for our work.

II. SIGNAL, INSTRUMENTAL AND
TIME-VARYING NOISE MODELING

Taking a step towards more realistic modeling of the in-
strument noise, our goal is to investigate the ability to
search for SGWBs in the presence of non-stationary noise
components. The naive expectation may be that this
added complication could lead to a degradation of our
ability to reconstruct the signal parameters. However, as
we demonstrate below using both FIM forecasts and SBI
techniques, this is not necessarily the case. If the data
analysis method succeeds in leveraging the gain in the
SNR from the low noise segments, this can overcompen-
sate for the loss in information in the high noise segments.
Concretely, we will demonstrate that for a sufficiently
large number of data segments, the signal parameter re-
construction with time varying noise can be more precise
than for a constant noise level with mean amplitude.

In this section, we summarize the main ingredients
used in the analysis regarding the data modeling. We
start by introducing the instrumental noise model em-
ployed in our analysis and Time Delay Interferometry
(TDI). We proceed by describing the instrumental re-
sponse function and conclude by providing the template
we use for the SGWB. The discussion and notation
closely follow the one employed in [23] to which we refer
the reader for further details.

Before discussing these specific topics, we first intro-
duce the conventions used throughout the paper. We use
lower Roman letters (i,7,...) to index the three LISA
satellites labeled as 123. We denote with 7;;(t) the mea-
surement performed at time ¢ on the “link” ij, corre-
sponding to the path connecting satellite j to satellite
i. Six links with different time-dependent lengths L;;(t)
form the LISA configuration?. The measurement is de-
fined as the time derivative of the difference between the
measured travel time, including noise and, if present,
GWs, and the travel time in the absence of such effects.
In the following, we denote with 5" (t) and 7} (t) the
GW and noise contributions to the single link measure-
ments, respectively. While in the analysis performed in
Secs. III and IV, we will restrict ourselves to the case
where L;;(t) = L = 2.5 million kilometers (i.e., a static
equilateral configuration) and uniform noise parameters

2 Notice that since LISA rotates around its center of mass, even in
the absence of GWs, the travel time for a photon leaving satellite
J at time (t — L;j;/c), reaching satellite ¢ at time ¢ is different to
the one for a photon traveling in the opposite direction from
satellite 4 to satellite j, i.e., L;; # Lj;. This is known as the
Sagnac effect.
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across all satellites (albeit with independent noise real-
izations), in this section we provide the general formulae
that do not rely on this assumption. Finally, D;; denotes
the delay operator, whose action on a single link measure-
ment 7, (t), under the assumptions stated above can be
expressed as D; My, (t) = Mim (t — Li;/c). The simulator
defined in peregrine-gw/saqqara and the GW_response
code closely follows the notation and procedure described
in the remainder of this section. Looking forwards, this
setup also allows for a straightforward implementation
of more complex noise, signal, and instrument models
beyond the specific choices used in this paper.

As a final comment, for consistency with most liter-
ature, in this section, we work with both positive and
negative frequencies. For computational reasons, how-
ever, in all our codes we work with positive frequencies
only. For this reason, all equations in the other sections
of this paper (including App. A), are written in terms of
positive frequencies only.

A. Time Delay Interferometry

Time Delay Interferometry, or TDI [32] is a data pro-
cessing technique that consists of combining measure-
ments performed at different times to achieve noise sup-
pression. In LISA, this technique will be crucial to re-
duce laser frequency noise, which otherwise dominates
the noise budget, jeopardizing the prospects of any GW
detection [1, 33]. While it is possible to define several
TDI variables [34—41], in this work we restrict our fo-
cus to two TDI bases: the Michelson variables, typically
dubbed XYZ, and the diagonalized version, denoted by
AET [35]. In the first-generation version®, the TDI X
variable, describing the difference in time delay between
a return trip along the 12-arm and the 13-arm, is defined
as

X = (1 = D13D31)(m2 + Di2n21)
— (1 = D12D21)(ms3 + Disnz1) - (1)

The (1 — Dy, D,1) factors in this expression ensure that,
in the absence of GWs, the total travel time in the two
directions is the same for unequal (but constant) arm
lengths. The Y and Z variables are defined through cyclic
permutations of the indices appearing in this equation.
Starting from the XYZ variables, the AET basis is then
defined as

Z-X B X-2Y+1Z X+Y+7Z

e T TS

3 First-generation TDI variables ensure laser noise suppression
only in the limit of constant arm lengths, neglecting the Sagnac
effect L;; # Lj;. If these assumptions are relaxed, more compli-
cated TDI variables are required (see, e.g., Ref. [38]).

For equal arm lengths and equal noise levels across the
three satellites, this basis removes the cross-correlations
between different channels both for signal and noise.
Moreover, it has the property that the T channel is
nearly signal insensitive at low frequencies [35] (hence
it is known as a null channel), making it a good monitor
for some noise components.

Notice that the XYZ, and similarly the AET variables,
are defined as linear combinations of the single-link vari-
ables. As a consequence, the mapping from the single-
link variables to any TDI basis can be defined through a
3 by 6 matrix, say Xin, where the index I runs over the
three variables in the TDI basis and 75 labels the 6 single
link variables. Analogously, any Power or Cross Spectral
Density (PSD/CSD) can be defined by applying a 3 by 3
by 6 by 6 tensor AL
and CSDs.

XinXi]m on the single-link PSDs

i, lm

B. LISA noise model

After suppressing the laser frequency noise using TDI
techniques, the LISA noise budget is expected to be dom-
inated by two components: the Test Mass (TM) accel-
eration noise, and the Optical Metrology System (OMS)
noise [31, 33, 42]. For this reason, the TM and OMS
noises are typically known as “secondary noises”. Each
satellite composing the LISA constellation contains two
TMs, whose noises are, in principle, independent. Simi-
larly, six independent OMS noise components will affect
the LISA measurements. These noise components enter
the single-link measurements as

my (1) = ngMS(t) + Dyjn "

(&) +n'(t) . (3)

The CSDs of the TM and OMS noise can be formally
expressed as

AEM ) S () = 5 By ST 1) (4)
AN NS (F)) = 5 0ugam SUS() (S — ), (5)

where we assume the noise PSDs (in seconds) to be given
by [1]

2 2
STM(py = A2 x7.737x10~%0x [ — L\ (L=
N i 25x10°m) \ f

0.4mHz A\

XlH( 7 ) 1+(8mHZ>

2 2

SOMS(f) = P2 x1.6x107* x (25XL109m> (J{)

2mHz 4
”( 7 )

xs, (6)



https://github.com/peregrine-gw/saqqara
https://github.com/Mauropieroni/GW_response

where f, = (2nrL/c)~! ~ 19 mHz is the characteristic fre-
quency for LISA, and A;;, P;; are the six TM and OMS
dimensionless noise parameters. In the following, we will
work with a simplified version of the noise model where
Ajj = A, P;; = P, with the fiducial noise levels speci-
fied in [42] corresponding to Ap = 3 and Py = 15. To
model the time varying noise, for each data segment of
11.5 days, we draw the values of A and P from Gaussian
distributions with mean Ay and Py and standard devi-
ation of 20% of these fiducial values. This is motivated
by the range between the allocated noise budget and the
current best estimate in Fig. 7.1 of Ref. [31]. Given these
values of A and P, we generate independently the noise
realizations in each link and in each data segment.

C. Instrument response function and signal model

The signal contribution to the single-link measurement
ngw(t) is the fractional frequency shift induced by GWs
on the path of a photon traveling from satellite j (at po-
sition &;) to satellite ¢ (at position Z;). By expanding the
GW signal in plane waves, this quantity can be expressed
as

nGW () = i <L£j> /_00 of (J{k) 27 (= Lij)

[aoe g hingh . ©
A

where k is the GW wavevector, and k is its norm, € is

the solid angle, hy(f, k) are the Fourier coefficients with
polarization index A, and

i,\j (f, k) — omifLis(1=k-li3) e <'/TfLij(1 + k- [l.j))

AL
7%1;(79), 9)

where Zij = (&; — 4,)/|%; — &;| is the unit vector going

X

from 4 to j and egb(l%) are the GW polarization tensors
defined as in [23]. The single-link CSD (in the frequency
domain) for the signal can then be expressed as

S (f) =D RY i PN
A

(Lg) (Lm (J{)z;a&m

dQ o e = . .
[k eI QR (1B, (10
where we have introduced the (polarization-dependent)
single-link response functions Rf‘jmn and substituted the
statistical properties for a homogeneous and isotropic

SGWB

o ) w
(A(f, k) B3 (f' R = 8(f = )6 )

167
(11)

— /Afl)(s)\)\/

Following the procedure discussed in Sec. IT A, the single-
link responses and signal CSDs can be suitably combined
to get their analogues in any TDI basis.

Note that, while we consider all noise components to be
independent link-by-link there is only one SGWB realiza-
tion at a given time, characterized by hy(f, k) to be pro-
jected onto the different TDI variables. However, given
the orthogonality of the AET basis, in practice, each
channel measures statistically independent realizations of
the sky-averaged signal. This is due to a re-weighting of
contributions from the different angular directions by the
corresponding sky-dependent response functions.

D. Signal model

Finally, we discuss our choice for the signal model. In
this work, we restrict our study to one of the simplest
possible choices, i.e., a power law template

Qaw(f)h* =10%(f/£.) (12)

with the two parameters o and v and the pivot scale f,
set to v/fminfmax =~ 3.8 x 1073 Hz, where fuminmax are
the minimum and maximum frequencies defined below
in the case studies. This simple template serves as an il-
lustrative example and allows for a thorough comparison
between the different methods (FIM forecasts and SBI)
presented here. As demonstrated in Refs. [13, 14], SBI
techniques can be straightforwardly generalized to more
complicated signal templates, including quasi-agnostic
templates consisting of multiple broken power laws. The
signal parameters are taken to be constant across all data
segments.

In this work, we assume a static SGWB. An anisotropic
SGWB would violate this assumption in the instrument
reference frame, due to the LISA antenna pattern sweep-
ing the sky. However, this could be included in the mod-
eling of the instrument response, thus recovering a time-
independent SGWB [43].

Moreover, we ignore the presence of foreground signals
such as inspirals and transient sources. See, however,
Ref. [13] for a demonstration of an unbiased recovery of
the SGWB signal parameters in the presence of mock
foreground transients. In the context of this work, long
duration foreground signals spanning more than one data
segment may pose a particular challenge, as phase in-
formation is lost when the data segments are analyzed
separately. However, for SGWB analyses, a possible so-
lution may be to mask the corresponding frequencies of
foreground inspirals. We leave a more detailed study of
this problem to future work.

III. EXPECTATIONS: FISHER FORECASTING

In this section, we use FIM techniques (see below) to
provide a benchmark estimate for the impact that time-
varying noise modeling has on the reconstruction of an



SGWRB. For this purpose, we take the modeling setup de-
scribed in the previous section and investigate the con-
straints on the model parameters a and « in the power
law signal template across two case studies detailed be-
low. We start this section by describing the case studies
considered in this work. We proceed by introducing the
FIM formalism and applying it to the case studies to fore-
cast the accuracy in reconstructing the signal parameters
in the different configurations.

A. Case Studies

In each case study, we consider the frequency-domain
data df . = dL(f;) across the TDI channels I = A, E,T
split into Ny = 100 time segments of duration Ty =
11.5 days, indexed by 7 and defined on a frequency range
with fiin = 3 x 1072 Hz and fiax = 5 x 107 Hz. In all
cases, we take the fiducial values of the signal parameters
to be @« = —11 and v = 0. Consistently with App. A, we
define the parameter vector 8 = (6p,0n,1,...,0n n,) toO
consist of a set of signal parameters 6, = («,~) and Ny
sets of noise parameters 6, , = (A,, P;) for each segment
7 = 1...Ns. In more detail, we consider:

e Case 1 (Fixed Noise): For this benchmark case,
we assume that the noise level does not vary across
the various data segments® so that the parameter
vector 6 is given by 6 = (o« = —11,7 = 0,4; =
3,Pp =15,--- , Ay, = 3, Py, = 15). The FIM and
the corresponding covariance matrix (see below),
allows us to define a benchmark sensitivity for the
signal parameters o and .

e Case 2 (Time-varying Noise): In the second
case study, we investigate how time-varying noise
across the various data segments impacts the de-
termination of « and «y. Specifically, the parameter
vector 6 = (a,7v, Ay, Py,...) that we evaluate the
FIM on is now constructed as follows: fix « = —11
and v = 0 as per Case 1, then sample N realiza-
tions of (A, ~ N (3,0.6), P, ~ N (15,3)) and popu-
late the parameter vector. For each realization, the
corresponding FIM is computed, inverted to obtain
the covariance matrix, and the parameter sensitiv-
ities and correlations for o and « are read off from
the relevant covariance matrix components. This
is then repeated for Ngamples = 5000 realizations,
generating a distribution over the expected sensi-
tivities.

4 Tt can be shown either from an information perspective or di-
rectly at the level of the covariance matrix that this setup is
equivalent (in the sense of constraints on o and ) to analysing
the full dataset as a single entity with only one set of noise pa-
rameters (Ao, Po) = (3,15). This is not true for the more general
Case 2.

In Case 2 the varying noise levels in each segment will
inevitably lead to segments where the noise is larger than
the corresponding fixed case Case 1 (with A = 3, P =
15) and vice versa. Naturally, in those segments where
the noise is larger than the average value, the constraints
on the signal parameters will degrade. Likewise, if the
noise is below average, the constraints on the signal pa-
rameters tighten. The question we are trying to answer
in this section is how do these two effects balance out at
the level of parameter estimation in our setup.

B. Fisher Information Matrix Construction

In order to carry out these estimates, we construct the
FIM F4p(0) for the parameters 6 given our data model-
ing assumptions. The full derivation for the FIM over all
data segments is given in App. A, and is implemented in
the sgwbfish module of the saqqara code. In short, the
FIM is given by the expectation E of the following quan-
tity over data realizations d under the data generation
process p(d|0),
0% log p(d|6
Fap(0) = —Eap(ajo) {89%23')} : (13)
where A and B run over the signal and noise parame-
ters in all data segments, see App. A for details. After
constructing the FIM, one can then compute the corre-
sponding covariance matrix Cap(f) = F,5(0) by sim-
ply taking the matrix inverse. In our context, and for
the results below, we are then interested in the rele-
vant sub-matrix, corresponding to the parameters of the
signal template. These provide sensitivity estimates for
the variance and covariance across the signal parameters,
marginalised over the noise parameters. Specifically, we
can consider the sub-matrix Cp(0) of Cxp () given by:

Cn0 = (oA i) = [ Geofl) Gy

— [Ui Uow]

= Tory 0.2 )
where o, 0, are the expected standard deviations on
the reconstruction of the parameters o and ~ in the sig-
nal template, and o, is the covariance between them.
For a given choice of 0, these quantities directly provide
estimates of the possible precision one can achieve when

determining the model parameters across the case studies
above.

C. Fisher results

We carry out this analysis using the sgwbfish module in
saqqgara for the parameter choices provided above. The
key results of this study are shown in Fig. 1. Specifically,
the pink curves and vertical lines in this figure denote the
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FIG. 1. FIM forecasts for the two-parameter signal model. The pink curves in the corner plot and the inset indicate the result
for non-varying noise parameters. The black curves and the black histograms highlight the results for time-dependent noise
parameters, sampled according to Sec. II. The fiducial parameters taken here are given by: a« = —11, y =0, A =3, P = 15,
with N = 100 data segments, fmin = 3 X 107° Hz, fmax = 5 x 107 Hz, and T = 11.5 days.

results of Case 1. In the corner plots, we have gener-
ated the 1-dimensional Gaussians and the 2-dimensional
ellipses using the covariance matrix Cp(#). The results
for Case 2 are then shown via the black curves in the
corner plots, and the black histograms in the upper pan-
els. The histograms in particular show the distribution
of the errors in the parameters relevant for signal recon-
struction over realizations of 6.

This leads to a very clear picture regarding the impact
of the time varying noise on the sensitivity to SGWB.
In particular, by analysing the data on a segment-by-
segment basis, the increased sensitivity from the seg-
ments where the noise is reduced compared to the average
outweighs the reverse impact. As such, we see that the
distribution of errors on signal parameters lies below the
benchmark value that would arise from either a) noise
which maintains a fixed magnitude, or b) analysing the
data assuming the noise remains fixed throughout, via
some form of averaging process over segments. This mo-
tivates developing an analysis strategy that can leverage
this improvement in performance induced by the low-

noise segments of the data®. In the next section, we ex-
plore the extent to which SBI is a useful tool for this pur-
pose and demonstrate that we can recover this expected
sensitivity distribution in a full analysis of the data.

IV. VALIDATION: SIMULATION BASED
INFERENCE FRAMEWORK

In this section, we demonstrate that, consistently with
the FIM results in Sec. I1I, the SBI pipeline we have de-
veloped can leverage the information gain in the low-noise
segments. This framework relies on analysing the data
segment-by-segment, as stacking all data segments would
instead result in data featuring the average noise level
and the additional information will be lost. This show-
cases the benefit of an implicit likelihood method (here

5 As an aside, we note that analysing the data allowing for time
varying noise when in fact the noise levels are constant does not
result in any information loss, i.e., the FIM results for the four
parameter model («,7, A, P), averaged over all segments, agree
with those found in Case 1.



for the frequency coarse-grained single-segment data), for
performing this analysis efficiently, as detailed below. Be-
low we describe our general strategy and technical imple-
mentation before presenting the results for the case study
described above.

A. SBI Analysis Strategy

Ultimately, the possible benefits highlighted by the FIM
analysis come down to analysing the data segment-by-
segment as opposed to averaging over portions of data
with different noise characteristics. Several key aspects
of our SBI strategy allow us to realise these benefits effi-
ciently in a full analysis pipeline.

¢ Amortised Marginal Posterior Estimates: The
full dataset is a series of Ng segments, each with inde-
pendent noise parameters (A, P;), with 7 = 1... N,
but shared signal parameters 65 = («,7) which we
ultimately want to infer. The independence of the
segments allows us to break up the calculation of
the signal posterior p(«,v|{d1,...,dn,}) into Ny sub-
components:

pla,y|{d1,...dn,})
p(a, )
- / dA, dP; - -dAy, dPy,

BN} ANS ) PNQ
P, )

AN, P
:/dAldP1~-~dANsdPNS plavy,. . An., P.)

p(a,7)
p({dlv <. 'st} aa'YaAhPla s aANs7PN5)
X
p({dl, . ng})

d Ay, P
:/dAldpl"'dANsdPNsp( 1oy, Ar, 1)

p(Oé,")/,A17P1,.. {dl,ng})

p(d1)
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where the proportionality factor in the second-to-last
line is only a function of the data {dj,...} and in the
last line we have assumed that the prior p(a, vy, A1,...)
factorises across the segments. Given our assumptions
about the noise specified above, we assume that the
spectral shapes of the noise components do not vary,

N

only their magnitude as specified by the parameters A
and P. This means that each of the marginal posteri-
ors p(a,y|d;) are solving the same Bayesian inference
problem segment-by-segment, albeit with varying real-
izations of d,, drawn from different noise parameters.
In the SBI context, this means that we only need to
solve the one-segment problem once, and then we can
apply the trained network to the remaining segments
essentially for free, once a well-calibrated marginal pos-
terior estimate p(«,y|d;) is obtained. In terms of per-
formance, with a trained network, we can analyze a
single segment in O(seconds) and the full dataset in
O(1 minute)®.

Low-dimensional Data Representations: Ar-
guably, one of the key challenges for analysing LISA
data in an SBI context is data storage. To train an
SBI algorithm requires data d generated according to
the implicit data likelihood p(d|@) across a range of pos-
sible model parameters 6. Breaking down the inference
problem as above already helps in this regard because
it allows us to store only data for a single segment
but use it to train a network capable of analysing all
segments. In addition, because SBI is an implicit likeli-
hood technique, we can actually perform any transfor-
mation to the data d — f(d) and the set of algorithms
can (in principle) learn the corrected likelihood for the
compressed or transformed data p(f(d)|6). Here, we
take a similar approach to [17, 19] and coarse-grain
the data across the almost 500,000 frequency bins. In
particular, we first fix the relevant coarse-grained fre-
quencies before directly averaging the data inside the
bins defined by this grid. An example of this coarse-
graining process is shown in Fig. 2. In the analysis
shown below, we coarse-grain the quadratic data down
from ~ 500,000 frequency bins to ~ 2000”. This has
three key benefits as far as SBI is concerned: firstly,
we can retain all the necessary information in the
coarse-grained representation (as shown by the MCMC
comparison); secondly, the data storage requirements
are significantly reduced, since we only need to store
coarse-grained data for a single segment; and thirdly,
the network training is significantly accelerated, since
the architecture only has to process data with ~ 6000
dimensions, as opposed to the ~1.5 million that one
would nominally start with. We describe the network
architecture in more detail below, but it is worth noting
that this sort of compression on a segment-by-segment

For a more precise benchmark, the computing hardware used in
this work consisted of 18 (shared) Intel(R) Xeon(R) Platinum
8360Y CPUs and a single, shared NVIDIA A100 graphics card.
With the learning rate scheduler and network described below,
training takes O(1 hour).

We have also checked explicitly that we can achieve the same
posteriors with far fewer bins than this, at least as low as 200.
This immediately decreases the training and inference time and
reduces data storage requirements.



basis may not possible in an MCMC context if the ex-
act likelihood for the compressed data p(f(d)|0) cannot
be written down explicitly®.

Efficient Data Generation: The final aspect that al-
lows us to make our pipeline efficient to train and carry
out inference with, is our data generation and storage
scheme. Due to the particular setup of this simula-
tion model, the three relevant components (TM noise,
OMS noise, and signal) have a known scaling with fre-
quency. We can leverage this and significantly boot-
strap our sample size by splitting up simulations into
component-by-component blocks. Specifically, we are
ultimately interested in analysing the coarse-grained
quantity given schematically by fog(d*d! = |nky +
nis + 87|%) where fci represents the coarse-graining
operator. This operation is linear, so we can write this
quantity as:

fea(Iny + nbus +5'1°) = fea(Inful?)

+ fea(Indusl?) + foa(Is"?) + foa (2Re(ninbms))
+ fea(2Re(nbiss™)) + fea(2Re(ntigs’))  (16)

The crucial point is that each of these terms
has a known scaling with the parameter values
and/or a given frequency dependence through the
templates. For example, fca(|nky|?) oo A2
foa(2Re(nfymbys)) o< AP etc. This means, that
if we generate and store these 6 independent coarse-
grained quantities, we can generate a “new” simula-
tion for any combination of parameters (or indeed any
signal /noise template, making this a very general pur-
pose approach). Note that these quantities are all ex-
pressed in the relevant TDI basis (AET in this paper).
Crucially, this ensures that the (relatively) expensive
signal response, noise generation, and TDI basis trans-
formations need only be carried out once. In practice,
we generate 50,000 realizations of each term in this
sum which we can use for all training and analyses”.
This saves significantly on simulation costs that would
otherwise typically be associated with sequential SBI
methods, see e.g. [45-47].

We note, however, that it is possible to write approximate like-
lihoods for the compressed data. For example, in [19] an ap-
proximate likelihood is defined for coarse-grained data that are
the result of averaging over many time segments. Alternatively,
in [20], a Wishart likelihood is used to model data averaged across
frequency bins.

From a technical perspective, we write a pytorch [44] dataset
and data loader that loads coarse-grained examples and rescales
them according to sampled parameter values. This is fast enough
to be carried out online, during training. The data generation,
paralellised across 10 (shared) Intel(R) Xeon(R) Platinum 8360Y
CPUs, took O(1 — 2) hours.
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FIG. 2. Coarse-grained Data. Realization of the coarse-
grained data for the A (orange), E (blue), and T (pink) chan-
nels used in the analysis. The black curves in the background
are the uncompressed quadratic data across the full frequency
grid.

B. SBI Implementation and Technical Details

SBI Algorithm: In this work, and the corresponding
saqgara code, we use the Truncated Marginal Neural
Ratio Estimation (TMNRE) algorithm [46, 47]'. This
is described in detail in Refs. [46, 47, 50, 51], see in par-
ticular Ref. [13] where the first version of sagqara was
released. To recap, however, the key points of the method
are:

e Given simulation data (z,6) such that « ~ p(x|0), i.e.,
z is sampled from the data likelihood under 6, one can
construct a binary classification problem between joint
samples (z,0) ~ p(z,0) = p(z|f)p(f) and marginal
samples (x,0) ~ p(x)p(d). Training data for the latter
class is easy to generate from simulation data by simply
permuting § amongst examples or resampling 6 ~ p(6).
By parametrizing (typically through a neural network)
a classifier f4(x,#) and optimising the binary cross en-
tropy loss,

Note this is not the only option, and the core aspects of our
proposed framework will remain unchanged regardless of SBI
algorithm, up to and including the compression aspect of the
network design. Other options include Neural Likelihood Esti-
mation (NLE) [48, 49] or Neural Posterior Estimation (NPE) [48]
and their sequential versions.
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FIG. 3. MCMC vs. SBI Comparison. Comparison between
MCMC (black contours and histogram) and SBI (orange con-
tours) at the single segment level, evaluated on the same noise
realization. The MCMC analysis uses the Whittle likelihood,
evaluated on the full frequency grid. The blue lines indicate
the injection values for the signal parameters o (amplitude)
and v (slope).

Clfy) = - / dz d0 p(z, 0) log o (f (-, 0))
T p(@)p(6) log o (~ fo(x.6)), (17)

with respect to ¢, it can be shown that the optimal
classifier is given by f7(x,0) = log [p(z, 0)/p(x)p(0)] =
log [p(0|z)/p(#)]. In the expression above, o(xz) =
(1 + exp(—=x))~" is the sigmoid function. In other
words, we can directly obtain the posterior-to-prior ra-
tio by optimising this loss. For low-dimensional prob-
lems, this can be evaluated on a suitably dense grid of
6, or it can be efficiently sampled, see, e.g., Ref. [52]. If
an alternative such as Neural Posterior Estimation [48]
was used instead, then the density estimator could be
directly sampled or evaluated.

e Importantly, this classification problem can be carried
out on either the full parameter vector 6 or any sub-
set of # to obtain the full joint posterior or any de-
sired marginal posterior. We use this feature here to
target specifically the marginal posteriors for the sig-
nal parameters p(«,y|d,), motivated by the discussion
above. This allows us to combine the information from
segment to segment immediately at the level of the
marginal posteriors rather than having to marginalise
over the noise parameters of each segment explicitly.

Network Architecture: Our algorithm is designed to
analyze coarse-grained, quadratic data in the frequency
domain across three data channels (here AET, but this is

not a strict choice). We designed our network architec-
ture accordingly, with the knowledge that: the normal-
ization across the channels differs in the raw data (e.g.,
the TT channel is dominated by OMS noise), the data
can vary by orders of magnitude across the frequency
grid, and the information about spectral shapes is con-
tained in data spanning the full frequency grid.

With these facts in mind, given -coarse-grained
quadratic data DI = fog(di*dl) the first step is to
normalise across the dataset both log DI and DI sep-
arately, channel-by-channel and frequency-by-frequency,
i.e., we essentially whiten the data independently across
A, E, T, and frequency. Then, two copies of a stan-
dard resnet architecture with 3 input channels, 64 hid-
den features, and 2 blocks are applied to the normalised
versions of both log DI and DI. These networks output
a compressed version of the data with shape (3, # of pa-
rameters to infer). The second part of the network takes
this learned summary statistics and uses the standard ra-
tio estimator implemented in the swyft code [46, 47] to
estimate the 2-dimensional ratio p(a,v|ss(DL))/p(a, )
where s4(DI) is the learned summary statistic of the
input data DI. Tmportantly, both parts of the net-
work are trained simultaneously under the binary cross-
entropy loss defined above to obtain a single estima-
tor fs(DL, (a,7)) = fs(s4(DL), (c,7)) which first com-
presses the data, then computes the marginal posterior.
We have tested that moderate changes to this architec-
ture, e.g., increasing the number of residual blocks, or
changing the number of hidden features have no impact
on the inference quality.

Training Details: As discussed, we train the classifier
according to the binary cross entropy loss. The param-
eters of the network are optimised using the Adam opti-
miser with a learning rate scheduler that consists of an
initial 20 step linear warm up from zero learning rate
to a maximum learning rate of 5 x 107°. The learning
rate then decays with a cosine scheduler for a total of
380 steps to a minimum learning rate of 8 x 1077, Given
that this learning rate schedule is somewhat conserva-
tive, we expect that the number of steps (and therefore
the training time) in this cosine decay step can be re-
duced. In total, we use 50,000 simulations per epoch
split into 70% training steps, and 30% validation steps.
We use a relatively large batch size of 8192 for training
and validation, although as with the network architec-
ture, we found that moderate changes to this setup, e.g.,
up to maximum learning rates of ~ 1 x 10~ or down
to the batch size of ~ 1024 had no impact on the infer-
ence results. The training and validation curves as well
as the learning rate schedule for the production run can
be found in the Appendix.

Prior Truncation: For the case study at hand, the
parameter reconstruction is extremely precise, and the
posterior is highly peaked compared to the initial prior
we take. To ensure that we are efficiently accessing
the information, we use a prior truncation scheme to



initially “zoom-in” on the relevant region of signal pa-
rameter space. This follows the approach described in
Refs. [13, 51], where the inference proceeds in rounds,
and regions of extremely low posterior(-to-prior) are re-
moved from the prior and the data re-simulated. Given
our efficient data simulation technique described above,
this does not require any further simulation runs, only
a change in the prior evaluation at training time. For
the production run provided here, the inference pro-
ceeds in two rounds, with an initial signal prior given
by p(a,v) = Uy(—13,-8) x Uy(—5,5). In the future,
we plan also to explore online active learning techniques
to avoid the need for discrete rounds (see e.g. [53]). We
will also explore techniques for zooming in to relevant
regions of noise parameter space across full mission du-
ration data.

C. Results

Following the training and implementation details de-
scribed above, we can now test our SBI framework. First,
we ascertain whether we match the expected posteriors
within a single segment. This is to ensure that when
we combine segments, following Eq. (15), we obtain un-
biased and accurate results. To carry out this test,
we implement the full Whittle likelihood across all fre-
quency bins and channels (i.e., written in terms of the
non coarse-grained data, as discussed above) provided in
App. A. We then use the emcee sampler [54] to evolve
100 walkers for 1000 steps. The comparison to the SBI
approach is shown in Fig. 3 for the fiducial parameters
(a,7,A,P) = (—11,0,3,15). We see that we achieve ex-
cellent agreement in this very high precision setting with
the classical sampling approach. In addition to this single
observation test, we also show the expected vs. empirical
coverage of our trained network in the right hand panel
of Fig. 6.

With this agreement established, we can now look to
combine segments. To do so efficiently, for a given ob-
servation we evaluate our amortized (log)-ratio estimator
log[p(ex, v| D) /p(a, )] on a (2000, 2000) grid of a, vy val-
ues. These can then be used to compute the total, un-
normalised (log)-posterior logp(c,y|{D1,...,Dn.}) =
> log[p(a,v|D-)/p(e, v)] + const.. We found this grid
strategy led to significantly more stable posteriors once
combined compared to a random sampling of the prior
space. An example of the resulting posteriors is shown
in Fig. 4. We emphasize the unbiased nature of the pos-
terior, which is non-trivial to achieve in this context. In-
deed, even slight inaccuracies in the single segment re-
sults, when combined for many segments, can lead to bi-
ased results. This feature demonstrates the high level of
accuracy we have achieved in the single-segment results.

Finally, the key results of this work are shown in Fig. 5.
Here, we show the resulting sensitivity for reconstructing
the signal parameters using our SBI method. The black
histogram and pink vertical line represent the FIM re-
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FIG. 4. Full mission duration inference. Example of a com-
bined inference result across Ns; = 100 segments with the SBI
method described in this work. The blue lines indicate the
true injection values.

sults derived in the last section for comparison. The blue
histogram is the result of using our SBI pipeline on real-
izations of a full mission dataset consisting of Ny = 100
segments, each with instrumental noise that has different
underlying values of A and P, sampled as described in
Sec. II. The orange histogram then shows the sensitivity
obtained analysing data generated with noise parameters
fixed to their fiducial (mean) values A = 3, P = 15. We
see that we indeed obtain the predicted sensitivity in-
crease found in Sec. IIT when analysing the varying noise
case.

D. Generalisability and Pros/Cons vs. Traditional
Methods

So far we have discussed the strategy that can be em-
ployed to efficiently analyze LISA data when time vary-
ing instrumental noise is present. This broadly revolved
around breaking the analysis into segments and develop-
ing an amortised analysis pipeline that can be applied
to each segment before combining. We showed that we
could achieve the estimated performance improvement in
the signal reconstruction conjectured with the FIM anal-
ysis. We also showed that we can achieve the necessary
robust agreement with the high precision MCMC result
on a segment-by-segment basis. As we look forward to
applying this to increasingly realistic scenarios, it is im-
portant to evaluate the generality of the approach as well
as the relative pros and cons versus, e.g., a traditional
approach.



Generalisation of strategy: The general strategy em-
ployed in this work is to analyze cosmological SGWBs
in LISA data segment-by-segment using a pre-trained
network to combine individual segments into one infor-
mative posterior. Looking forward, we are interested as
to how well this strategy can generalise to more com-
plex scenarios. To do so, we identify some challenges
and possible solutions. Firstly, the assumption regarding
the independence of individual segments could be bro-
ken. This would happen for instance if working with
data containing long-lived transient signals that exceed
segment boundaries, see Sec. IID for a more detailed
discussion and possible mitigation strategies. Secondly,
realistic signal and noise models will likely be more com-
plicated than the simple templates used here. As long as
these can be described by parametric models, i.e., they
allow for forward modeling, the tools developed here can
be straightforwardly generalized. In fact, the modular
structure of our code is set up to facilitate this. On
the signal side, this may include complicated analytical
templates or template data banks. On the noise side,
this may involve noise models with many different noise
components, whose parameters may vary independently.
However, a truly agnostic modeling of either the signal
or the noise requires going beyond the analysis strategies
presented here, and we plan to return to this in future
work. Finally, there is the challenge of data generation
and storage. Specifically, to maintain the efficient data
generation step described above, we needed to store both
the coarse-grained, squared data as well as the cross-
terms (totalling 6 different pieces of data per simulation).
As the number of modeling components increases, con-
structing and storing the data this way introduces com-
binatorially increasing storage requirements. This moti-
vates the further investigation of linear data compression
steps, or indeed analysis carried out directly at the linear
level, which would then only scale linearly in the number
of components. We will explore these avenues in future
work and releases of saqqara.

Strengths of SBI Approach: Beyond the applicability
of the methods to more complex setups, there are several
benefits compared to traditional methods. The first is
the inherent ability of SBI to analyze bespoke/flexible
data representations. Here, we use that to our advan-
tage by analysing a coarse-grained version of the data.
This speeds up inference substantially (by a factor of
approximately 103 here given by the ratio of the num-
ber of initial frequency points to the number of coarse-
grained bins), and reduces storage requirements. At the
segment-by-segment level, this compression may not be
possible with traditional sampling approaches, since it
is not possible to explicitly write down the exact likeli-
hood for the coarse-grained data (see footnote 8). The
second major benefit is the ability to amortise the analy-
sis over segments. In particular, by training the network
to analyze one segment, we then get the posteriors for
the other segments “for free”. In a sequential sampling-
based approach, however, each segment must be analyzed
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FIG. 5. Main result of this work. Sensitivity results for the
« (amplitude) and v (slope) parameters. The blue histogram
shows the results of analysing data with varying instrumental
noise, orange instead for fixed noise parameters across all the
segments. The black histograms and the pink vertical lines
are the results of the FIM approach for comparison. We see
that we can obtain the expected sensitivity improvement with
our SBI method. Note that there is some additional spread
compared to the FIM method as a result of noise fluctuations
when analyzing the full data.

on the full frequency grid from scratch each time. For
N = 100 segments, this can lead to a significant infer-
ence cost given a single MCMC run on one uncompressed
data segment takes O(1) hour'!. In comparison, for each
set of Ny = 100 segments, given a trained network, we
can analyze the full mission dataset in O(1) minute. A
final advantage of the SBI approach is that we can di-
rectly target the inference results we are most interested
in. For example, using TMNRE (although it is possible
with other SBI methods) we can directly access the pos-
terior for the signal parameters, marginalised over the
noise model. The important point to note here is that
the scaling of this method is in principle independent of
the parametric complexity of the noise model, whereas
classical sampling run-times must scale with the full di-
mensionality of the problem.

Open Challenges for SBI Approach: Currently, the
main challenges facing SBI surround convergence checks
and the identification of mismodeling. Specifically, in

11 As mentioned above in footnotes 6 and 9, we are running this on
hardware consisting of 18 (shared) Intel(R) Xeon(R) Platinum
8360Y CPUs.



the SBI context, we are often in the position where infer-
ence results are optimal conditional on simulation dataset
size, and network architecture. In other words, for a
given problem, it is possible that an increase in training
dataset size, or a change in network architecture could
improve the sensitivity of the method. This is compared
to convergence tests such as the Gelman-Rubin criteria
for MCMC. In this work here, of course, we made direct
comparisons so could benchmark our performance with
Fisher analyses and MCMC runs, however, more gener-
ally this motivates the further development of these tools
for SBI applications. On a related note, some of the same
convergence guarantees are not available for SBI tech-
niques - such as the long-term Markov Chain behaviour
of MCMC. As such, there is a certain reliance on stable
network training and faithful data representations to ob-
tain accurate posteriors. On the other hand, additional
cross checks, such as testing coverage, can be a comple-
mentary diagnostic for an analysis pipeline. Finally, as
the modeling of LISA data becomes more complex and
detailed, the identification of systematic effects and any
mismodeling, either via the likelihood or the simulator in
the SBI context is a crucial step. Again, we would argue
that this need motivates the more general development of
goodness-of-fit tools and checks as SBI becomes a more
widespread analysis technique. In addition, it underlines
the need for several different analysis chains, based on
different methods and making different modeling choices.

V. CONCLUSIONS AND OUTLOOK

The key result of this work is to establish that an analysis
of LISA data fragmented into time segments can leverage
variations in the instrument noise to increase the sensitiv-
ity to a stochastic gravitational wave background. Such
noise variations are expected to occur after scheduled
satellite operations or unscheduled glitches. However,
fragmenting the data into time segments poses a chal-
lenge for traditional data analysis techniques in terms
of efficiency. We demonstrate that SBI techniques are
well adapted to take up this challenge: The network can
be trained and amortised on a single data segment, us-
ing frequency coarse-grained data. Obtaining the full
inference result then simply amounts to combining the
marginal posterior estimates of the different data seg-
ments. Marginalization over noise variations is inbuilt,
returning directly the posterior estimates for the signal
parameters of the SGWB. The successful implementation
of this procedure is illustrated in Fig. 5, which shows the
sensitivity increase achieved by performing a segment-
by-segment analysis with our SBI pipeline, together with
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estimates of the expected effect using FIM forecasts.

This work should be seen as proof of principle demon-
stration, relying on simplified assumptions on the noise,
signal, and instrument modeling. In particular, we have
taken all data segments to have a fixed length of 11.5
days, corresponding to the scheduled reorientation of the
satellites. In reality, glitches may occur unscheduled and
more frequent than this. On the signal side, we have in-
cluded only an SGWB and have assumed this signal to be
static. Finally, we emphasize that we have used simpli-
fied noise and signal templates throughout this work. A
generalization to more complex templates is in principle
straightforward (see also [13, 14]) and we do not expect
this to impact the key results of this work. Going beyond
template-based approaches to more agnostic modeling is
more challenging, and we plan to return to this in future
work.

Our code to simulate and analyze LISA data is publicly
available at GW_response and peregrine-gw/sagqara.
Our simulator features a modular architecture, allowing
for independent changes to the signal components, the
noise model, and the LISA response functions. We wel-
come contributions to and the use of this framework aim-
ing to extend the analysis pipelines to a broader class of
scenarios.

In this spirit, we plan to address in future work the
inclusion of foreground sources and their parameter re-
construction. Another target is the efficient use of SBI
to discriminate SGWB from noise components, based on
exploiting differences in the instrument response (i.e.,
transfer functions) with only minimal input on noise and
signal knowledge.
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Appendix A: Derivation of the Fisher Information Matrix

In this appendix, we provide a derivation of the Fisher Information Matrix (FIM) used to carry out the anal-
ysis in Sec. III. Following the notation set up in that section, we start by writing down the (log)-likelihood
log p-({d} ; }|0n.+,0n) of frequency-domain strain data d/. = d.(f;) in the time segment 7 = 1..N, for the TDI
channel I across frequencies f;, ¢ = 1...Nj, (i.e., we work with positive frequencies only) given signal parameters 0,
and noise parameters (within segment 7) 6, . Since under the assumptions discussed in Sec. ITA, the AET basis is
diagonal, we directly work in this basis, and the total log-likelihood is simply a sum over the three channels. Simi-
larly, we assume no correlations between different frequency bins. Finally, assuming the linear data in channel I to
be Gaussian with a variance given by the sum of the instrumental noise PSD S!(f,6,, ;) and SGWB contribution
SE(f,0n), in that channel, the (log)-likelihood reads

dI* dI
T _ Z 0,7 1, T T s I r .
long({di,T}wn,T?eh) - i {AE E: T} Pt ( fz; » T) + Sl(fzaeh) + log [2 (Sn(flaonﬂ') + Sh(flaah))]> (Al)

To simplify the notation, we define the total variance in channel I at a frequency f; to be C]_(0;) = SL(fi,0n-) +

S,ﬁ (fi,6r), where 6, = (0, +,0,). We can then compute the relevant second derivatives for computing the FIM F,p -
in time segment 7 via 0?(— logp,)/002002. These are given by,

82(_1()ng) _
062008 2 Z
(A2)

I={AE,T} i=1
The FIM Fig,, in the segment 7 can then be computed by taking the expectation value E of this quantity over
{d] .} ~ p({d] ;}|0-). This can be done analytically by noting that Erar yop(ral 110, )[dl wdl ] =0Cl(0,).

& (~ logp- ({d!, }107)) 1 ocl (6,)oC! (6,)
Faﬁﬁ(ef):]E{df,}w({d{,,}o*)[ = > Z CT (0,2 092 20| (A9

]
902067 I={AE,T} i=1 i,

oct,(6:) 0L () [ 1 +2d{:d57 o) [ 1 dindl,
8@“ o7 | CL6,)? " CL6.)°| " agman? |CT(6,) CI(0,)?

Finally, taking the continuum limit we approximate F,3  as,

o acffwa oC! (0,)
Faﬁ,‘r(en,‘rv ah) = Ts Z / df 8’90‘ éea 5 (A4)

I={A,E

where T (=~ 11.5 days in our analysis) is the length of a single time segment. Assuming the segments to be statistically
independent, we can then use the FIMs for each segment 7 to construct the overall FIM for the full set of data across

0! — 0.2p . 1.0 —
F ] I 1 — I 2
5 0.0 1T 4
~ 1 0.8f R
= 202 1 =0 4
N =} é’o [ //
L 9 —04 B E 0.6l g i
< Jc_é o L g«
= = —0.6f 1 5 | /4
ep G ] O 4l 2
E S 08 1 204 7 ]
= ~ I S | 7
z g —1.0F T = L 7
S E O 1 202 Z 1
= —1.2F | I 5 I /,/
[ i | / 1
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FIG. 6. Left: Learning rate schedule used for training. In this work we use a linear warm up of 20 steps, followed by a cosine
decay. Middle: Training (blue) and validation (pink) curves for the production network trained in this work. Right: Coverage
test results for the single segment analysis. The blue contour shows the 95% confidence region for the uniform coverage of 4000
samples. The pink line indicates the observed coverage across the final prior range for our trained network.
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segments 7 = 1...N; (where we take Ny = 100 segments above, or about 3 years of effective data). In particular, if we
define the full parameter vector 8 = (0y,0,,1,- - ,0,, n,) to consist of the signal parameters 6, which are assumed to
not vary across segments, and noise parameters 6,, - in each segment 7, then we can construct the non-zero components
of the full FIM Fjy,¢,(#) (where A, B run over the dimensions of 8). The construction and evaluation of this full FIM
Fap(0) is implemented following this appendix within the sgwbfish module within the sagqara code.
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