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❖ Context: current gravitational wave detectors

❖ The Laser Interferometer Space Antenna

❖ Current state of the art in LISA data analysis development

❖ Key outstanding challenges in LISA data analysis

❖ New approaches

Talk outline



Context: gravitational wave detectors
❖ A network of ground-based gravitational wave 

interferometers is currently operating

❖ LIGO: two 4km interferometers in WA and 
LA. Operating since September 2015. 

❖ Virgo: 3km interferometer near Pisa, Italy 
(since 2017). KAGRA: Japanese 4km 
underground detector (since 2020).

❖ Pulsar timing arrays are searching for 
nanohertz gravitational waves by accurate 
timing of millisecond pulsars

❖ Several major collaborations, including 
NANOGrav, PPTA, CPTA and the EPTA.



Context: first detection
❖ Merging Binary Black Hole, GW150914, at 

a distance of ~400 Mpc.

❖ Masses: 

❖ Signal fully consistent with              
General Relativity.

Nobel prize 2017
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Context: LIGO/Virgo observations

~90  coalescences observed to date



Context: PTA observations
❖ In June 2023, the major PTAs announced a likely 

detection of a GW background.
❖ Key signature is a characteristic correlation 

pattern between pulsars in different sky locations.
❖ Current data supports this correlation at ~2-4   .

Astrophysik

Neue Signale aus den Tiefen des
Universums
Dem Verständnis des Alls etwas näher: Forscherteams weltweit könnten

erstmals Gravitationswellen gigantischer Schwarzer Löcher entdeckt haben.

Von Viola Kiel

Schwarze Löcher, Neutronensterne und Radiosignale aus dem All –

einfach ist die Suche nach Gravitationswellen nicht. © Daniëlle

Futselaar / Max-Planck-Institut für Radioastronomie

Es gibt Bewegungen im Universum, die die Raumzeit stauchen, dehnen, krümmen

und eindellen. Die weder sichtbar noch direkt messbar sind, die aber

Informationen über die Quellen enthalten, aus denen sie stammen. Über

gigantische Schwarze Löcher, über verschmelzende Galaxien. Über die Entstehung

und das Wachstum des Universums.

Albert Einstein war der Erste, der diese Bewegungen theoretisch berechnete:

1915, in seiner Allgemeinen Relativitätstheorie. Knapp 100 Jahre später gelang

der praktische Nachweis, der 2017 mit dem Nobelpreis [https://www.zeit.de

/wissen/2017-10/gravitationswellen-nobelpreis-physik-albert-einstein-rainer-

29. Juni 2023, 6:14 Uhr

EXKLUSIV FÜR ABONNENTEN
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Fig. 1: Spectral properties of a CRS assuming HD correlations. The left panel shows the free spectrum, the independent measurement
of common power at each frequency bin, for the two versions of the EPTA-only data set. The right panel shows the 1/2/3� contour
of the 2D posterior distribution of amplitude and spectral index when modelling the spectrum with a power law. In both panels,
results for DR2full are in blue, while those of DR2new are in orange. The solid lines in the left panel are the power law best-fits to
the GWB (see main text for the parameters of the fit), while the vertical dashed line indicates the position of f = 1 yr�1. The vertical
dashed line in the right panel denotes � = 13/3.

Table 2: 90% credible regions for the power law parameters constraints in the di↵erent Bayesian analyses with DE440 for both
DR2full and DR2new. The analyses included the search for common uncorrelated red noise (CURN), gravitational wave background
(GWB), and a common correlated signal with overlap reduction function (ORF) modelled with di↵erent methods (binned ORF,
Chebyshev ORF, and Legendre ORF).

DR2full DR2new

Software +Model log10 ACRS �CRS log10 ACRS �CRS

ENTERPRISE + CURN �14.53+0.29
�0.44 4.13+0.80

�0.59 �14.00+0.28
�0.77 2.91+1.72

�0.87

FORTYTWO + CURN �14.52+0.30
�0.40 4.12+0.74

�0.60 �14.00+0.27
�0.66 2.91+1.51

�0.85

ENTERPRISE + GWB �14.54+0.28
�0.41 4.19+0.73

�0.63 �13.94+0.23
�0.48 2.71+1.18

�0.71

FORTYTWO + GWB �14.53+0.30
�0.40 4.16+0.74

�0.66 �13.94+0.24
�0.55 2.71+1.30

�0.75

ENTERPRISE + Binned ORF �14.47+0.27
�0.35 4.10+0.64

�0.56 �13.89+0.22
�0.32 2.63+0.86

�0.71

FORTYTWO + Binned ORF �14.49+0.29
�0.39 4.11+0.72

�0.62 �13.87+0.22
�0.37 2.58+0.98

�0.74

ENTERPRISE + Chebyshev ORF �14.50+0.32
�0.40 4.17+0.73

�0.72 �13.87+0.22
�0.31 2.57+0.86

�0.76

ENTERPRISE + Legendre ORF �14.51+0.30
�0.40 4.19+0.74

�0.63 �13.89+0.23
�0.35 2.59+0.98

�0.72

Table 3: Z-score (in number of �) produced by the tensiometer package, detailed in Raveri & Doux (2021) when comparing
posteriors produced by various data sets and software packages. The second column compares the posteriors between the DR2new
and DR2full data set while employing ENTERPRISE and FORTYTWO (in brackets). On the contrary, the third column compares the
posteriors given by the ENTERPRISE and FORTYTWO software packages running on the DR2new and DR2full data sets (in brackets).

Data set comparison Software package comparison

DR2new vs DR2full ENTERPRISE vs FORTYTWO

ENTERPRISE (FORTYTWO) DR2new (DR2full)

CURN 1.06 (1.15) 0.0063 (0.0274)

GWB 1.50 (1.49) 0.006 (0.0229)

Binned ORF 1.69 (1.68) 0.002 (0.0325)
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Fig. 5: Binned overlap reduction function. Blue is for DR2full while orange is for DR2new. The left panel shows violins of the
posterior of the correlation coe�cients averaged at ten bins of angular separations with 30 pulsar pairs each. The black line is the
HD curve based on theoretical expectation of a GWB signal. The grey histogram is the arbitrarily normalised distribution of the
number of pulsar pairs at di↵erent angular separations. The right panel is the corresponding 2D posterior for the amplitude and
spectral index of the common correlated signal, showing 1/2/3 � contours.

Fig. 6: Constraints on the overlap reduction function from the
optimal statistic. Blue and orange points indicate the results for
DR2full and DR2new respectively. The correlation coe�cients
for each pair of pulsars are weighted and averaged following the
description in Allen & Romano (2022) and grouped in the same
way as those in Figure 5 for comparison. The HD correlation is
plotted as a black line for reference.

4.3. Significance tests

To quantitatively estimate the significance of the hypothesis that
a GWB signal with HD correlation is present in the data, the null
hypothesis distribution need to be constructed. Many repetitions
of an experiment need to be performed in order to define a strict
p-value. This is, unfortunately, not possible for PTAs. Thus, we
can only attempt to find a good proxy to estimate the true statis-
tical p-value for the null hypothesis. In the following, we refer
to the estimated value from our proxy methods as p-values for
simplicity. The respective distributions can be constructed in two
di↵erent ways, by introducing random phase shifts in the Fourier
basis of the common red noise process (Taylor et al. 2017) or
by moving the positions of the pulsars in the sky via a random
scramble (Cornish & Sampson 2016). The aim of both methods

is to e↵ectively destroy the distinctive cross-pulsar correlations,
unique to the GWB signal, while retaining the individual pulsar
noise characteristics. One should emphasise that both methods
should be robust against any mismodelled features in the data
set, therefore they, in general, provide more conservative esti-
mates of the significance in comparison to the possibly oversim-
plified noise simulation bootstrapping.

The distributions of BFs under the null hypothesis (PSRN +
CURN) were constructed for DR2full and DR2new using about
200 and 2000 phase shifts, respectively and are displayed in the
upper panel of Figure 7. The DR2full measured BF from Ta-
ble 5 lies within the 2� range of the null hypothesis distribu-
tion with a p-value of 0.04. The p-value for the BF derived with
the DR2new data set reaches a statistically interesting value of
0.0005, which corresponds to the 3� level of significance (’ev-
idence’). The analysis was performed using both ENTERPRISE
and FORTYTWO and shows consistent results between the two
software packages. This significance test was repeated for the
OS S/N values for the HD correlation and results are shown in
the bottom panel of Figure 7. For DR2full a p-value of 0.07
is found. None of the 10000 realisations produced a S/N that is
comparable to what has been found in DR2new. Therefore, only
an upper limit can be set for the p-value < 0.0001, which corre-
sponds to a significance of > 3.5�.

Figure 8 shows the null distribution obtained with sky scram-
bles in the OS analysis in the top panel. A matching threshold of
0.2 for any two sky scrambles was imposed to produce about
5000 samples. A large di↵erence particularly in the high S/N
tail of the density functions can be found between DR2full and
DR2new. The p-value for DR2full of 0.08 is comparable to that
obtained with the phase shifts. This could indicate that in the low
S/N regime, both methods produce reliable null distributions. In
the high S/N regime, however, with DR2new the sky scramble
p-value of 0.004 is not consistent with the phase shift method.

The bottom panel of Figure 8 compares p-values from sim-
ulations, theoretical computation and the two methods. A null
distribution was generated using a set of realistic simulations re-
sembling the statistical properties of the real DR2new data set
and with the injected CURN only. The noise parameters as well
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EPTA+IPTA (2023)
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The Laser Interferometer Space Antenna

❖ LISA will comprise three satellites, 
~2.5km apart (± 2%), in a heliocentric, 
earth-trailing orbit.

❖ Two laser links (one in each direction) 
connecting each pair of satellites.

❖ Constellation between 50 and 70 million 
km from Earth in first ten years – 
gradually drifts away.

❖ ESA-led, but NASA is a significant 
junior partner.

❖ Technology demonstrator mission, LISA 
Pathfinder, launched 2015.



The Laser Interferometer Space Antenna
❖ LISA was officially adopted as an ESA mission at the SPC meeting on January 25th 

2024. Launch date: second half of 2035.



GW frequency spectrum

gwplotter.com

New frequency window

http://gwplotter.com


❖ LISA is expected to observe gravitational waves from
❖ Ultra-compact binaries (UCBs): binaries of stellar compact objects in the Milky Way 

with ~hour long periods. Dominated by double white dwarf binaries. Total population 
of ~107 systems, of which ~104 resolvable and the rest form a foreground. Signals 
essentially monochromatic and last entire duration of mission.
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❖ Extreme-mass-ratio inspirals (EMRIs): mergers of compact objects formed from stars 
with massive black holes in the centres of galaxies. In band for O(yrs) before merger. 
Rate unknown, could be as low as ~1 yr-1 or as high as 1000 yr-1.

❖ Stellar-origin-black-hole inspirals (SOBH): most massive binaries observed by 
LIGO/Virgo would be visible to LISA a few years before merger. O(few) yr-1.

❖ Cosmological sources: phase transitions and other processes in the early Universe can 
generate stochastic backgrounds at mHz frequencies. Could also see individual bursts 
or a background generated by cosmic strings. Amplitude/rate very uncertain.

GW sources for LISA (heterogeneous data)



LISA data complexity

LISA Red Book (arXiv:2402.07571)



❖ There are similarities between data analysis for LISA and ground-based detectors 
(non-pointable detectors, signals buried in noise), but also several key differences
❖ Signal duration: primary source for LIGO/Virgo are compact binary mergers, 

which last ~O(1s) for BBHs, and up to O(1m) for BNS. LISA sources last between 
days (heavy MBHBs) to years (EMRIs) to entire mission (UCBs).
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GW data analysis framework
❖ Data analysis for LISA is typically based on Bayesian inference methods applied to TDI 

time series data

❖ The noise is assumed to be Gaussian and stationary with a likelihood of the form

❖ Complexity and computational cost of parameter estimation is driven by
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❖ waveform model evaluation: every likelihood evaluation requires the 
computation of many waveform models, which are expensive to evaluate.

❖ variable dimensionality: number of sources of each type in data is unknown.

❖ sampling: we typically represent the complex posterior distribution by a set of 
samples. Drawing these requires ~millions of likelihood evaluation.
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• LISA data set not big (few Gb) but the 
model is (large representation model).

• To date, successful solutions to the 
global fit problem have used classic 
stochastic sampling techniques.

• Typical strategy adopted is to 
iteratively update the solution for one 
source type and then move to the 
next. (Gibbs)

• Techniques like reversible jump MCMC 
are necessary to handle the problem 
of variable dimensionality.

• Employ affine-invariant sampling and 
parallel tempering to improve sampling 
convergence.

LISA Data Analysis

 

https://lisa-ldc.lal.in2p3.fr/ldc


 

State of the art: Sangria data set
❖ LISA data analysis development is being promoted through a series of Data Challenges. 

Most sophisticated to date (Sangria): a galaxy of white dwarf binaries plus massive 
black hole signals in stationary Gaussian noise. 

https://lisa-ldc.lal.in2p3.fr/ldc


 

❖ Massive black holes can be observed with 
very high SNR by LISA. Merger typically 
stands out above the noise, so signals are 
compact in time.

❖ Data analysis uses
❖ search phase: sliding one day window 

used to identify mergers and crudely 
estimate parameters with stochastic 
search algorithms;

❖ characterisation phase: stochastic 
sampling of parameters, using initial 
estimates and fixing number of sources, 
used to obtain parameter posteriors.

Strategy: massive black holes
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Figure 3.4: Left panel: LISA’s cosmic horizon of MBHBs described in terms of contour lines of constant SNR in
the diagram redshift z versus (source-frame) binary mass M . The MBHs have aligned spins of amplitude �1,2 = 0.2,
and the binary mass ratio is q =0.2. Grey shaded areas show the current distribution of the quasar/AGN population
[408], and red dots indicate the quasars observed at 6.3 < z < 7.5 [412], for which their rapid growth represents a
challenging problem. LISA not only wll explore for the first time the population of binary MBHs, but also the less
constrained lower-mass tail compared to the quasar/AGN popukation. The two ways of observing MBHs (both with
the EM and GW messenger) can give insight into the population as a whole. Right panel: same as the left panel, but
here we depict the loci of a simulated population of light seed (light blue) and heavy seed (red) and their mass and
redshift distributions (corner plots), from [100].
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Results: massive black holes
❖ Massive black hole binary parameters determined to high precision and consistent 

with values used to generate data.

https://lisa-ldc.lal.in2p3.fr/ldc


Strategy: white dwarf binaries
❖ White-dwarf binary signals are compact in frequency. Analysis updates binaries in 

frequency sub-bands in parallel. Number uncertain so use reversible jump. Tune 
proposals to improve efficiency (see Natalia’s talk).



 

Results: white dwarf binaries
❖ Recover ~10,000 bright binaries distributed throughout the galaxy.

https://lisa-ldc.lal.in2p3.fr/ldc


 

Results: white dwarf binaries
❖ Assess performance by looking at posteriors for white dwarf binaries known optically.

https://lisa-ldc.lal.in2p3.fr/ldc


 

Results: white dwarf binaries
❖ ….and by comparing to the known injected catalogue.

https://lisa-ldc.lal.in2p3.fr/ldc


Overall performance

 

• In addition to MBH mergers and WD binaries, we fit the unknown noise level in the 
instrument, using a (stationary) parametric model.

• Four groups successfully analysed the Sangria data, with comparable levels of 
performance.

• Our approach required ~1 week on 4 GPUs.

https://lisa-ldc.lal.in2p3.fr/ldc


Outstanding challenges: EMRIs

 

• Various sources not yet included, 
including stellar-origin black hole 
mergers and EMRIs.

• EMRI waveforms show a rich 
structure built up from harmonics of 
three fundamental frequencies.

• EMRIs generate O(105) cycles in 
strong field region close to central 
black hole.

• In principle: high precision 
measurements of system properties, 
including possible environmental 
effects and deviations from GR.

• In practice: narrow mode in big 
parameter space, many secondaries.
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Outstanding challenges: EMRIs
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FIG. 9. Locations of 30 secondary nodes (red points) identified in the intermediate region R1 \ R0. Relative overlap values
at these nodes are indicated by color saturation. The black square and ellipse in each panel corresponds to the plot range
and dashed ellipse in each panel of Fig. 8. Inset: The six pairwise connections among the injection parameters and the three
highest-overlap nodes in R1, i.e., the overlap value against the injection along the corresponding colored lines in each panel.

Chua & Cutler (2021)



❖ LISA Pathfinder observed 
glitches at a rate of 1/day. 
Expect glitches in LISA too.

❖ Pathfinder glitches well 
described by a single 
exponential.

❖ No guarantee LISA glitches 
will have the same 
morphology.

 

Outstanding challenges: glitches

https://lisa-ldc.lal.in2p3.fr/ldc


 

Outstanding challenges: glitches

❖ If a glitch overlaps an MBH 
merger, can get biases.

❖ Avoid biases by fitting for glitch 
simultaneously with signal 
parameters.

❖ Need reliable glitch model.
❖ But, glitches arise on spacecraft. 

So, at population level, glitches 
should follow a different 
distribution.

❖ Glitch fitting tested in the Spritz 
LDC data set.

https://lisa-ldc.lal.in2p3.fr/ldc


❖ Many possible causes of gaps in the LISA data stream, of both known and unknown 
origin. Impact of antenna repointing gaps tested in Spritz data challenge.

 

Outstanding challenges: gaps

Gap type Frequency Duration Total loss (hr/yr)

Antenna repointing every 2 weeks 3.3h 1%

PAAM angle adjust 3 per day 100s 0.3%

TM stray pot. est. 2/yr 1 day 0.56%

TTL coupling est. 4/yr 2 days 2.22%

Unplanned: platform 3/yr 2.5 days 2%

Unplanned: payload 4/yr 2.75 days 3%

Unplanned: micro-meteorites 30/yr 1 day 8%

https://lisa-ldc.lal.in2p3.fr/ldc


❖ Can deal with gaps by gap filling, 
noise filtering, time-frequency 
analysis etc.

❖ Results depend critically on 
assumptions about noise 
behaviour across gap. Using the 
wrong model leads to biases.

 

Outstanding challenges: gaps

https://lisa-ldc.lal.in2p3.fr/ldc


❖ Bayesian approaches fit noise model. However, in LISA Pathfinder only 25% of total 
noise power was explained by measured noise sources.

 

Outstanding challenges: lack of noise knowledge

Do we understand the excess?

• Within LISA 
band we 
understand ≃
25% in power

Uni-Meinz 02_05_22 S. Vitale 12
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❖ At leading order, noise estimation and signal estimation are orthogonal, so PE for 
individual sources only modified by change in SNR, but problematic for backgrounds.

❖ Need flexible models to fit noise uncertainties (see Riccardo’s talk).

 

Outstanding challenges: lack of noise knowledge
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Novel approaches: machine learning
❖ Machine learning is being used in various ways in data analysis for GW detectors

- searches: use classifiers to identify potential signals in data from ground-based 
detectors;

- detector characterisation: train networks to learn glitch morphologies and flag 
bad data periods;

- parameter estimation: use a neural network to generate samples from the 
posterior distribution on the parameters of a source;

- representation of distributions: use neural networks to describe proposal 
distributions to use in sampling (see Natalia’s talk).

❖ Key challenges for LISA
❖ compression of input data: need to project input data onto a suitable reduced 

representation to facilitate network training;
❖ overlapping sources: data contains an unknown number of overlapping signals;
❖ high precision: precise measurements means large training data sets.



Example: PE for LIGO using DINGO
❖ Train a conditional normalising flow that, when conditioned on observed data, generates 

samples from a density,           , that approximates the true posterior,           . Achieved 
by minimising cross-entropy on training set of simulated data.

❖ Various refinements needed to make it work in practice.
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Example: PE for LIGO using DINGO
❖ DINGO posteriors for GW events 

indistinguishable from standard 
sampling, but much faster.

❖ Related techniques have been 
applied to LISA measurements of 
stochastic GW backgrounds.

❖ Extension to LISA MBH mergers 
currently in development.

❖ Possible LISA applications:

- low latency alerts;

- provide initial parameter 
estimates to global fit;

- catalogue representation?

- replace whole global fit?
❖ Simulation-based-inference would 

be a natural approach to tackle 
instrumental complexities.



❖ Currently operating facilities are observing gravitational waves in the 1-1000Hz 
(LIGO/Virgo) and nanohertz (PTA) bands.

❖ LISA will open up the millihertz band, which is expected to be very rich in sources, 
including: ultracompact binaries in the Milky Way, massive black hole mergers, extreme-
mass-ratio inspirals, stellar-origin black hole mergers and stochastic backgrounds generated 
in the early Universe.

❖ LISA data analysis is a big model problem, requiring simultaneous fitting of a large 
number of overlapping sources of many different types.

❖ Progress is being made using classic stochastic sampling methods, augmented with 
reversible jump, affine-invariant sampling and parallel tempering.

❖ Several problems still need to be overcome, including simultaneous treatment of 
instrumental artefacts (gaps, glitches and uncertain noise) and the search and 
characterisation of EMRIs and SOBHs.

❖ Machine learning approaches to LISA data analysis are being explored and have 
potential applications to low latency, search and to accelerate the convergence of 
existing algorithms.

Summary


