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Abstract
The laser interferometer space antenna (LISA), due for launch in themid 2030s,
is expected to observe gravitational waves (GWs) from merging massive black
hole binaries (MBHBs). These signals can last from days to months, depend-
ing on the masses of the black holes, and are expected to be observed with
high signal to noise ratios (SNRs) out to high redshifts. We have adapted
the PyCBC software package to enable a template bank search and inference
of GWs from MBHBs. The pipeline is tested on the LISA data challenge’s
Challenge 2a (‘Sangria’), which contains MBHBs and thousands of galactic
binaries (GBs) in simulated instrumental LISA noise. Our search identifies all
six MBHB signals with more than 92% of the optimal SNR. The subsequent
parameter inference step recovers the masses and spins within their 90% con-
fidence interval. Sky position parameters have eight high likelihood modes
which are recovered but often our posteriors favour the incorrect sky mode.
We observe that the addition of GBs biases the parameter recovery of masses
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and spins away from the injected values, reinforcing the need for a global fit
pipeline which will simultaneously fit the parameters of the GB signals before
estimating the parameters of MBHBs.

Keywords: data analysis, gravitational waves, LISA,
massive black hole binaries, PyCBC

1. Introduction

In preparation for the laser interferometer space antenna (LISA) [1] launch in the mid 2030s,
considerable efforts are being made to design and develop the data analysis tools needed to
extract and examine the numerous different types of gravitational wave (GW) signals expected
to be found in the LISA band. LISA will probe the mHz GW spectrum, allowing us to explore
sources such as massive black hole binaries (MBHBs) with total mass between 105M⊙and
108M⊙ [2]; intermediate-mass black hole binaries with total masses in the range 102M⊙–
105M⊙ [3]; extreme mass-ratio inspiral (EMRI) and intermediate mass-ratio inspirals where
coalescences have mass ratios of 10−6–10−3 and 10−3–10−1 respectively, with total masses
in the range 103M⊙–107M⊙ [4, 5], and more. Each of these systems, if detected and analysed
properly, will help constrain and test a wide range of theories. For example, the effect of dark
matter on a GWpropagating from anMBHB or constraining the deviation from the Kerr metric
using EMRIs (for example see [6]). Depending on themodel ofMBHBpopulations, themerger
rate is estimated to be from O(2) to O(100) yr−1 [7–10].

In order to ensure that we can detect and analyse these signals, the LISA data challenge
(LDC) [11, 12] generates mock LISA data with various GW signals injected into simulated
LISA noise. The series of challenges will eventually replicate all of the complexities that the
true LISA data will contain, such as gaps in the data; noise artefacts found within the data that
will affect the ability to infer a system’s parameters; realistic LISA spacecraft orbits; a time
varying estimate of the noise to account for longer, GW signals. All of these issues will need
to be addressed before LISA data can be analysed. Several groups are working on different
aspects of LISA data analysis and their work is highlighted in [13–22].

In this paper, we present our pipeline which was developed to analyse the second LDC,
referred to as ‘Sangria’ [23, 24]. The challenge consists of a training and blind data set where
both the signals and the Gaussian instrumental noise are generated in the same way. We used
the training data set to test and develop our pipeline as the number of signals with their injected
parameters were given with the data.We then ran our analysis on the blind data, which contains
an unknown number of signals. Our results for the blind data challenge were submitted to the
LDC in October 2022. The blind challenge has now finished and the injected parameter values
have been released publicly and can be accessed in [25].

There are two types of GW signals injected into Sangria. The first type of signal is galactic
white dwarf binaries (GBs) [26] which are expected to be the most abundant source of GW sig-
nals present in LISA data. The accumulation of these signals forms a ‘confusion noise’ which
dominates the 0.5–3mHz range of the frequency spectrum. A subset of these are known as
verification binaries [27], which are signals that are known in advance due to electromagnetic
observations. The second type of signal in the data are MBHBs. These are generated using
the IMRPhenomD waveform model [28, 29]. IMRPhenomD produces two GW polarisations
which encode the effect a GW has on the relative distance between particles, the derivation
of which is well known and can be found in [30]. These polarisations are then projected onto
the LISA constellation to produce an arm response. The arm response from LISA is known to
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Figure 1. Timeseries of X TDI variable from the Sangria training data set. The data
consists of a year’s worth of data sampled at 5 s, with 15 MBHB signals injected into
the data. This data also contains Gaussian instrumental noise and 30million GBs, of
which 17 are VBs. Reproduced with permission from [23].

be dominated by laser frequency noise and therefore time delay interferometry (TDI) [31, 32]
techniques must be used in order to extract GW information from the raw data streams. The
Michelson TDI variables X, Y and Z are provided in this data challenge.

The data set spans a year’s worth of data sampled at 5 s, which is the expected sample rate
for LISA. Figure 1 shows a time series of the X TDI data stream of the Sangria training data
set. An overview of previous LDCs can be found in [33–35].

The tools used in our analysis have been developed within PyCBC [36]. PyCBC is an open
source GW data analysis software package and is one of the main pipelines used to detect
and characterise compact binary mergers from LIGO, Virgo and KAGRA (LVK) detectors
[37–39, 54]. PyCBC has been used to detect and analyse O(100) GW signals from compact
binary mergers to date, an overview of which can be found in [40–42]. We have adapted the
techniques developed for LVK searches and applied them to LISA-like signals, in this case
MBHBs.

It is important to note that there is far more work to do to achieve a reliable analysis of
MBHBs in realistic conditions. The tools made available through this paper are a first attempt
at the bigger picture solution, which will require many more iterations before being considered
‘production ready’.

The paper is laid out as follows. In section 2, we introduce PyCBC and the components
which make up our pipeline. We give the basic details needed to understand how PyCBC
approaches detecting and recovering GW system parameters. In section 3, we outline how
we have adapted PyCBC in order to detect and infer MBHBs. In section 4, we present the
results our search and each stage of inference leading to the analysis of the blind Sangria data.
Finally in section 5 we discuss the challenges in developing these tools, future work and our
conclusions.
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2. PyCBC: search and inference

We can split the PyCBC analysis pipeline up into two distinct sections, the search and the infer-
ence. The search portion of the pipeline is responsible for identifying candidate GW signals
within the data, and the inference portion returns a statistical estimate of the parameters of
the GW signals identified. Below we outline which tools within PyCBC have been used and
adapted for MBHB signals.

2.1. The search

The main component of the search is the application of matched filtering. The matched filter
signal-to-noise ratio (SNR) is designed to indicate when a particular signal we are searching for
could be present in data [43]. For data in the form d(t) = h(t)+ n(t), where h(t) is a modelled
signal we are looking for and n(t) is the detector noise, we can choose a linear filter, F(t), such
that the output SNR is maximised for the signal h(t). We can represent this filtering acting in
the time or frequency domain, as shown in equation (1),

ϕ =

ˆ ∞

−∞
F(t)d(t)dt=

ˆ ∞

−∞
F̃∗ ( f) d̃( f)df (1)

where tilde represents the Fourier transform. The optimal SNR defined as ρopt = S/N, where
S is the value of ϕ where a signal h(t) is present, and N is the root mean squared value of ϕ
with no signal.

If we assume the noise to be Gaussian and stationary, we can define the one-sided power
spectral density (PSD) via Sn in equation (2),

⟨ñ( f) ñ∗
(
f ′
)
⟩= 1

2
Sn (| f |)δ ( f − f ′) (2)

where f⩾ 0 and the square brackets represents the ensemble average. By introducing the inner
product of two real time series a(t) and b(t) in equation (3)

(a|b) = 4ℜ
ˆ ∞

0

ã∗ ( f) b̃( f)
Sn ( f)

df, (3)

we can express the optimal SNR as

ρopt =
(u|h)

(u|u)1/2
, where ũ( f) =

1
2
F̃( f)Sn ( f) . (4)

In order to maximise ρopt it is clear that F̃( f) should be proportional to h(t)

F̃( f) = A
h̃( f)
Sn ( f)

, (5)

where A is some arbitrary constant. This results in the optimal SNR taking the form

ρopt = (h|h)1/2 . (6)
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In order to filter the data for a given signal, we would compute the matched filter SNR in
equation (7) which is distinct from ρopt

ρmf =
(d|h)

(h|h)1/2
. (7)

To generate an SNR timeseries, we can inverse Fourier transform the matched filter as
shown in equation (8),

(d|h)(t) =
ˆ ∞

−∞

d̃( f) |h̃( f) |∗

Sn ( f)
exp [−2π i f t]df, (8)

where t is time. Equation (8) shifts the waveform h(t) to the defined time. By computing across
the entire time of the data, the SNR timeseries returned indicates at which times the signal h(t)
is likely to be present by peaks in the SNR timeseries.

We use a model for signals, h(t), which we will now refer to as templates, that represents the
response of a detector given a GW passing through the instrument. PyCBC can project the GW
polarisations produced by varying waveform models onto different ground-based detectors to
return an arm response. For some GW emitting systems, many parameters are required to
define the full signal response. Given such a broad parameter space of values to explore, we
require a large number of templates to search the data in order to potentially detect a GW.
PyCBC generates template banks which can contain O(100000) templates for an LVK-like
search to explore the parameters which affect GW emission from compact binary coalescing
systems. These parameters are split into intrinsic, which define the masses of both compact
objects and their spins, and extrinsic, which describes the system’s sky position, the luminosity
distance to the binary and the orientation of the binary relative to the detector [44]. Details of
the various methods used to generate template banks can be found in [45–49]

When generating a template bank, the match, as defined in equation (9), is computed
between templates

M(h1,h2) =maxϕc,tc [(h1|h2)] , (9)

given two templates h1 and h2, the match tells us how similar to each other these templates
are while maximising over the coalescence time tc and the phase at coalescence ϕc. Templates
are first normalised such that the inner product gives (h1|h1) = 1. Using the normalised tem-
plates in the match returns a number in the range [0,1] where 1 states that the two normalised
templates are identical.

The matched filter is then applied to all templates and the data we are searching over, giving
an SNR timeseries per template. Each timeseries is then passed to a clustering algorithm, to
return the highest SNR template per time in the data. A trigger is defined by a peak in the
SNR timeseries reaching, or surpassing, a certain threshold. Additional steps are then applied
to search for coincidences over multiple detectors and calculate their significance [37, 50].

2.2. The inference

PyCBC can infer signal parameters through sampling the posterior probability defined by
Bayes theorem

p(θ|d) = L(d|θ)p(θ)
p(d)

(10)
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where L(d|θ) is the likelihood of the data d given the parameters θ, p(θ) is the prior of the
parameters and p(d) is the evidence and θ represents an integer N number of parameters θ =
{θ1, . . .,θN}. The main component of equation (10) to compute is the likelihood which under
the assumptions of Gaussianity and stationarity takes the form:

logL(d,θ)∝ (d|hθ)−
1
2
(hθ|hθ)−

1
2
(d|d) , (11)

where hθ ≡ h(θ).
We can speed up likelihood calculations by enforcing some assumptions about our GW

h̃( f;θ,ϕ) = A( f,θ)exp [i(Ψ( f,θ)+ϕ)] . (12)

We use IMRPhenomD (2, 2) mode only signals, and express our GW strain, h̃( f), as a product
of smoothly varying amplitude and phase factors, where f is frequency, A( f,θ) is the amplitude
of the GW, Ψ is the phase of the waveform and ϕ is some arbitrary phase constant.

With the GW strain expressed in this form, we use the application of heterodyning (some-
times referred to as relative binning) which assumes a smooth signal which varies in amplitude
and phase. Heterodyning is a signal processing technique used to separate data into slowly and
rapidly varying frequency components. Our inference application of heterodyning allows us
to greatly speed up likelihood calculations by first finding a high likelihood template with our
template bank search. The corresponding template is then used as a reference to explore the
region of high likelihood. A derivation of this method applied to GWs can be found in [51–53].

In order to explore the parameter space, there are several samplers in PyCBC which imple-
ment different methods, including Markov chain Monte Carlo and nested sampling. An over-
view of PyCBC’s inference setup can be found in [54].

3. Adapting PyCBC’s search and inference for MBHBs

3.1. Templates

In order to perform a matched filter search, we need to be able to generate templates that
represent LISA’s arm response given a GW signal passing through the instrument. The data
we are searching over is given in terms of TDI variables; we therefore must put the templates
in this format.

A vital part of this development is the use and implementation of the open source soft-
ware BBHx waveform generator [28, 29, 55–60], which we use to generate the expec-
ted strain from MBHB systems. BBHx generates the GW polarizations, projects them onto
LISA to form an arm response and then creates the TDI channels. BBHx implements the
IMRPhenomHM [60, 61], an aligned spin waveform model which produces GW polarisa-
tions based on IMRPhenomD, but includes other sub-dominant modes. In this work, we set
the IMRPhenomHM to generate just the (2, 2) mode in order to match the Sangria convention.
We transform both the data and the TDI templates into noise independent data streams referred
to as A, E and T [62] via the transforms in equation (13)

A= (Z−X)/
√
2, E= (X− 2Y+Z)/

√
6, T= (X+Y+Z)/

√
3. (13)

The data streams A and E have equal SNR across the entire LISA frequency band. This is
not true for the T TDI stream as at lower frequencies the SNR contribution from T does not

6
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Table 1. The parameter ranges used to generate the template bank. This covers the full
range of potential systems that are defined within the conventions of the Sangria chal-
lenge.MT is detector frame total mass of the black holes; q is mass ratio wherem1 > m2

and m1 is the primary mass and m2 the secondary; a1 and a2 are the aligned spins of the
two black holes; β is ecliptic latitude; λ is ecliptic longitude; ψ is polarisation angle; ι
is inclination.

Parameter Lower bound Upper bound

MT (M⊙) 2× 105 2× 107

q 1 4
a1, a2 −0.99 0.99
β (rad) −π/2 π/2
λ (rad) 0 2π
ψ, ι (rad) 0 π

compete with A and E. However, T does contribute SNRs that can be greater than A or E at
higher frequencies in the LISA band and is therefore included in the inference analysis [63].
BBHx generates templates A, E and T in the same convention as in equation (13).

3.2. Template bank

This work explores whether a template bank based search is a viable approach to finding
MBHBs in LISA data, so to reduce complexity we only perform the search on the A TDI
stream. We generated a template bank for the A TDI data stream, which was used for the fil-
tering stage of the search on just the A TDI data. As the A and E TDI streams have equal SNR
across the LISA frequency band, searching through just the A or just E data streams would be
equivalent. We do lose power when searching over one instead of both of the TDI streams, but
due to the SNRs of these signals being so large, we find that the information lost is negligible.
Due to the SNRs of MBHBs being so large, we populated a less dense template bank when
compared with LIGO template bank searches to balance accuracy of the signal trigger time
versus computation cost of producing the bank.

For the bank generation we use stochastic placement [64–66]. Specifically we use the
PyCBC algorithm ‘brute bank’ with the parameters defined in table 1 and a minimal match of
0.9 which resulted in a bank size of 50 templates. The minimal match defines how densely the
parameter space is sampled. For example, with a minimal match of 0.9, if any newly generated
template matches with any other template in the bank above the minimal match, it is rejected
and another template is generated. The process repeats until a pre defined number of templates
have been rejected from the bank placement.

The luminosity distance DL is marginalised over in the matched filter calculations and is
set to an arbitrary value when generating templates. The time of coalescence tc is sampled
with one month from the beginning and end of the year removed. This is to ensure no edge
corruption artefacts are present in the data when performing matched filtering, which could
cause false triggers.

When computing the match, maximising equation (9) over time of coalescence tc implies
that we do not take into consideration the varying response function from LISA over time.
LISA’s response function varies over time due to the antennas sky position changing within
the duration of the MBHB signal. However, because the majority of the SNR from merging
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Table 2. A list of all parameters and their ranges given to the prior, p(θ). Mc, q, a1, a2,
tc, ψ and DL are distributed uniformly. β, λ and ι are distributed isotropically. tref is the
coalescence time found in the search.

Parameter Lower bound Upper bound

Mc (M⊙) 87 055 8705 505
q 1 4
a1, a2 −0.99 0.99
tc (s) tref − 2 days tref + 2 days
β, λ, ψ (rad) 0 π/2
ι (rad) 0 π

DL (Mpc) 103 106

MBHBs is within the final O(hour), and these systems have SNRs O(1000), we are safe to
assume LISA is approximately stationary during this time period.

As tc is directly related to LISA’s orbital position in the case of BBHx, we ensure that
the template bank can generate templates at different orbital positions by varying tc. The
actual recovery of tc is done via the filter output time series from the inner product, shown
in equation (8), as tc is not an explicit template bank parameter.

3.3. Sampling, priors and sky folding

We sample the heterodyne likelihood using the nested sampling tool Dynesty [67]. Table 2
outlines the parameters used with their corresponding distributions in the inference.Mc is the
chirp mass of the system [68].

The importance of multi-modality and degeneracies when considering extrinsic parameters
are summarised in detail in [59] and are vital to understand for our application of sampling
we introduce here. Considering a (2, 2) mode signal within the LISA frame, and applying
the frozen low-f approximation which neglects both time and frequency dependence in the
instrument response, there are eight exact degeneracies for sky location. Four longitudinal at
{λL +

π
2 (0,1,2,3),ψL +

π
2 (0,1,2,3)} and two latitudinal at {±βL,±cos ιL,±cosψL}, where

the subscript L represents the extrinsic parameters in the LISA reference frame

λ
(r)
L = λL,

β
(r)
L =−βL,

ψ
(r)
L = π −ψL,

ι
(r)
L = π − ιL,

ϕ
(r)
L = ϕc. (14)

The BBHx waveform model that we use in this work, uses the frozen approximation and
frequency-dependent instrument response which neglects LISA’s motion. This breaks the
eight-fold degeneracy into an approximate two-fold degeneracy in the reflected mode shown
in equation (14).

Instead of sampling the entire parameter space, we restrict our sky location parameters to
one of eight octants of the sky. After drawing a sample from our defined octant, we compute the

8
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likelihood at the other seven modes. We marginalise over the eight sky modes by summation
during the inference process. We then normalise them to sum to one. A post-processing step
is then implemented to ‘unfold’ the sky positions by randomly selecting one of the eight sky
modes based on the likelihood of each. This effectively samples the entire parameter space
without having to sample other parts of the sky as we compute the likelihood directly at the
analytical location of the other sky modes.

All samples for inference are taken within the LISA reference frame, not the Solar System
barycentre (SSB) frame, even though the injected parameters in Sangria are all with reference
to the SSB frame. The techniques described above for sampling the sky position are used in
every inference run in this work.

3.4. PSDs

When GBs are included in the data, we assume them to be part of the noise n(t). As there are
several thousands of these signals of varying amplitude and phase, we can justify their accu-
mulation to be Gaussian (but not stationary) by the central limit theorem. When constructing
the PSDs for all three TDI variables, we implemented Welch’s method over 31 segments of
the year’s worth of data. This gave frequency bins with a resolution of 10−6 Hz, which were
narrow enough to model the structure of the PSD accurately. The same number of segments is
used to generate all other PSDs for the different inference stages and the search. We generate
a PSD per TDI channel at each inference stage.

By constructing the PSDs in this way we have ignored the fact that the PSDs are time-
dependent and therefore cannot be stationary. This is also true in the case where the GBs are
not included in the noise due to LISA’s motion across the sky. We prioritised the LISA high-
frequency information over the entire year’s worth of data by reading all of the data and using
31 segments instead of a quasi-stationary PSD which is estimated on smaller chunks of data.

4. Results

In this sectionwe present the results of our search andmultiple inference stages. The associated
data release which contains all of the code and instructions on how to reproduce the results
presented can be found in [69]. It contains the results for all analysis of the search and inference
in all of their various stages. Documentation for ongoing developments in PyCBC for LISA
related searches and inference can be found in [70].

4.1. Search results

To quantify how effective the template bank search was, we computed the match between the
highest SNR template per trigger against the injected waveform parameters. All matches are
greater than 0.92 and are presented in table 3 for each candidate.

The template parameters from the search and the corresponding injected waveform para-
meters for signal 0 can be found in table 4. We attempted to produce template banks at higher
minimal matches but the time to complete was O(days) instead of O(minutes) in the 0.9
minimal match case. A template bank search as we have applied it worked exactly how we
needed it when considering the balance of computational cost verses accuracy of the returned
template.

9



Class. Quantum Grav. 41 (2024) 025006 C R Weaving et al

Table 3. The match defined in equation (9) between the highest SNR template per trig-
ger and the waveforms injected value of the template bank search over the Sangria blind
data.

Signal index Match

0 0.945 10
1 0.926 66
2 0.973 44
3 0.940 91
4 0.945 62
5 0.924 39

Table 4. Comparisonwith template parameters found from the search verses the injected
waveform parameters of signal 0 in the Sangria blind data.

Parameter Injected Recovered

m1 (M⊙) 1.76× 106 2.02× 106

m2 (M⊙) 1.30× 106 7.20× 105

a1 0.51 0.27
a2 0.14 −0.09
tc (s) 6712 124 6712 065
ι (rad) 1.31 2.27
ψ (rad) 1.06 5.51
β (rad) −0.35 0.52
λ (rad) 2.31 2.78
ϕc (rad) 4.23 3.14

4.2. Inference results

In this section, we present our results from the inference. All of the runs have the reference
parameters for the heterodyne likelihood set to the injected parameter values. Each inference
run uses all three TDI data streams. Running the heterodyne likelihood with the reference
values found in the search gave no significant bias when comparing to the reference parameters
being set to the injected signal values.

When building the inference tools for this challenge, there were several stages of addi-
tional complexities which were successively built upon to ensure that each step performed as
expected. We performed inference with increasing complexity as follows:

• Injections with BBHx in zero noise.
• Injections with BBHx in Sangria training noise without GBs.
• Injections with BBHx in Sangria training noise with Sangria training GBs.
• Sangria blind data.

When generating data with BBHx injections for the with and without GB cases, we used the
Sangria training data set. The Gaussian LISA noise and GBs for Sangria blind are generated in
the same way as the training data set, but are unique to the blind data set. The Sangria data has
waveform injections that were created with the LDC code base and not injected with BBHx.

10
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Figure 2. A figure showing the different PSDs we use in the results section. The red
curve is the A TDI PSD of the Sangria data and the black curve is the A TDI PSD of
Sangria without GBs.

We will now present the results of each stage of this development. The parameters used
to create the BBHx injections are identical to that of the signals in the Sangria blind data.
We ran analysis on all signals injected with BBHx and Sangria blind, but will concentrate our
discussion on the first signal (from time zero) which we refer to as signal 0.We will distinguish
the Sangria blind injection of the first signal as ‘blind 0’ as it is not produced with BBHx and
is in the Sangria blind noise and GBs data. Quoted parameters found in the inference are the
maximum log-likelihood sample from the posterior.

All of the BBHx inference runs were performed with the heterodyne parameters set to the
true injected parameters. The final Sangria runs reference parameters were set to the parameters
found in the search section of the pipeline. Figure 2 shows the PSDs used for the first three
stages before analysing the Sangria blind data. The same sampler settings are used for each
analysis to ensure a fair comparison.

For each stage of development, we performed two sets of inference. One set of inference
contained only signal 0 injected into the data, shown in blue in subsequent figures, and the
other contained all six signals from Sangria, shown in orange. All injections are created in a
year’s worth of data sampled at 5 s intervals to match the convention of the Sangria challenge.

Note that all of these parameters are given in the detector frame. This is the standard return
of BBHx. For the interest of those wanting to inspect parameters in the source frame, the
redshift for signal 0 injections is z= 3.72. Finally, we highlight the degeneracy, h(θ,ψ) =
h(θ,ψ +π), which can be observed throughout the results section.

4.2.1. Zero noise, BBHx injection. Figure 3 presents the recovered intrinsic parameter pos-
teriors for this analysis, and figure 4 the extrinsic parameters, along with their 90% confidence
intervals. The black PSD curve from figure 2, was used to scale the signals, to give SNRs of
comparable sizes to subsequent analyses.We can see for the single andmultiple injection cases
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Figure 3. A corner plot showing the recovered intrinsic parameters posteriors of signal
0 in zero noise. The blue curves represent a year’s worth of data containing only signal
0. The orange curves represent data containing all six signals. The red lines represent
the injected parameter values of the signal. The tiles at the top of each column display
the median and 90% range for each inference. The contour in the 2D tiles represents the
90% confidence intervals.

that the intrinsic parameters are recovered within the 90% confidence interval of the injected
values. However, most extrinsic parameters do not fall within the 90% confidence interval; the
sky position β has found the correct sky mode but the injected value falls just outside the peak
of both single and multiple signal runs. The correct mode for λ is also recovered, however,
in both the single and multiple signal cases the 90% confidence intervals do not capture the
injected value.

4.2.2. Sangria noise without GBs, BBHx injections. These signals are injected into
Gaussian, stationary noise using the Sangria training data. The black curve in figure 2 is the
PSD used for this stage.

As figure 5 shows, the inclusion of Gaussian noise when comparing to the zero noise case
for both multiple and single injections has no negative bias to the inferred intrinsic parameters.
All intrinsic parameters fall within the 90% confidence interval in both cases. The extrinsic
parameter recovery, shown in figure 6, shows no notable differences when comparing to the
zero noise case. We do start to see some preference to other likelihood modes in sky position
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Figure 4. Extrinsic parameter posterior corner plot of injected BBHx signal in zero
noise for signal 0. Red lines represent the injected parameter values of the signal. The
tiles at the top of each column display the median and 90% range for each inference.
The contour in the 2D tiles represents the 90% confidence intervals.

as in two cases (signals 2 and 4) the inference preferred the other high likelihood mode of β
instead of the true injected mode. This is true in both the single injection case and the multiple
injection case.

4.2.3. Sangria noise with GBs, BBHx injections. The red curve in figure 2 is the PSD used
for this stage and contains all of the noise from the GBs. We see that this significantly changes
the shape of the PSD in the 10−3–10−2Hz region of frequency space.

The posteriors in figures 7 and 8 are broader which is expected given the noise curve with
GBs present. Figure 7 demonstrates that the intrinsic parameters still fall within the 90% con-
fidence interval.
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Figure 5. Intrinsic parameter posterior corner plot of injected BBHx signal(s) in
Gaussian stationary noise without GBs for signal 0. Red lines represent the injected
parameter values of the signal. The tiles at the top of each column display the median
and 90% range for each inference. The contour in the 2D tiles represents the 90%
confidence intervals.

GBs have had the most significant effect on inference thus far as the peaks in the posterior
likelihood have shifted from the injected value when compared to the no GBs case. We also
see a lot more structure in the posteriors that includes GBs. In table 5 we have calculated the
percentage of samples from the posterior with a higher likelihood than that of the likelihood
of the injected waveform. If the assumptions of Gaussianity and stationarity are valid, these
values for a collection of posteriors from different signals/injections should be uniformly dis-
tributed. We see for the case of Gaussian stationary noise without GBs that the distribution of
values does appear to be uniform. The test performed here would have benefited fromO(100)
posteriors to properly conclude that the distribution is uniform. When including GBs, we can
see that the distribution is no longer uniform. The effect of GBs being non-stationary therefore
has biased the inferred parameters away from the injected value. Even with only six signals
we can clearly see the bias when the data contains GBs and when inspecting the full Sangria
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Figure 6. Extrinsic parameter posterior corner plot of injected BBHx signal(s) in
Gaussian stationary noise without GBs for signal 0. Red lines represent the injected
parameter values of the signal. The tiles at the top of each column display the median
and 90% range for each inference. The contour in the 2D tiles represents the 90%
confidence intervals.

data. We have presented the other five signal parameter injections in appendix. We can clearly
see that figures A1–A5 show a bias in intrinsic parameter recovery as signal 0.

As for the extrinsic parameters for signal 0, the inferred values represent the injected wave-
form well. This is not true for the other signals in the data as most struggle to find the correct
sky mode for β and/or λ.

4.2.4. Sangria blind. The full parameter recovery of blind 0 in Sangria is presented in
table 6, which also displays the injected parameter values. The intrinsic parameters in figure 9
fall within the 90% confidence interval. However, this is not true for all signals in the data set.
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Figure 7. Intrinsic parameter posterior corner plot of injected BBHx signal(s) in
Gaussian stationary noise with GBs for signal 0. Red lines represent the injected para-
meter values of the signal. The tiles at the top of each column display the median and
90% range for each inference. The contour in the 2D tiles represents the 90% confidence
intervals.

There is one case where all intrinsic parameters peak at roughly the 88% confidence interval.
Overall, the peaks in likelihood are far less prominent when compared to the previous cases.

Extrinsic parameters also have far less prominent peaks than previous cases and suffer from
the same sky position degeneracy issues where the wrong mode is commonly favoured. For
half of the cases,DL is recoveredwithin the 90% interval and for all cases, tc and ι are recovered
in the 90% confidence interval.

Figure 10 shows the extrinsic recovery of our reference signal and is the only example out
of the six signals that recovers the correct mode for λ. Extrinsic parameter recovery would be
greatly improved when analysing signals with higher order modes [59]. As this data challenge
uses just (2, 2) mode injections, it was expected that the extrinsic parameters would be the
most difficult to recover correctly.
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Figure 8. Extrinsic parameter posterior corner plot of injected BBHx signal(s) in
Gaussian stationary noise with GBs for signal 0. Red lines represent the injected para-
meter values of the signal. The tiles at the top of each column display the median and
90% range for each inference. The contour in the 2D tiles represents the 90% confidence
intervals.

Table 5. Each percentage represents the amount of samples whose likelihood value is
greater than the likelihood of the corresponding injected waveform.

Signal Sangria noise without GBs Sangria noise with GBs Sangria blind

0 78% 34% 93%
1 41% 84% 98%
2 20% 44% 99%
3 2.7% 84% 100%
4 36% 84% 81%
5 18% 6.7% 86%
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Table 6. The injected and recovered parameters for signal 0 in the blind Sangria dataset.
The recovered values are stated with the 90% confidence regions.

Blind 0

Parameters Injected value Recovered value

m1 (M⊙) 1.76× 106 1.70+0.13
−0.11 × 106

m2 (M⊙) 1.30× 106 1.34+0.083
−0.089 × 106

a1 0.51 0.39+0.32
−0.56

a2 0.14 0.29+0.66
−0.49

tc (s) 6712 124 6712 466+103
−793

ι (rad) 1.31 1.32+0.52
−0.02

ψ (rad) 1.06 1.44+1.03
−1.08

β (rad) −0.35 −0.05+0.77
−0.59

λ (rad) 2.31 2.11+2.40
−0.79

Figure 9. Intrinsic parameter posterior corner plot of Sangria blind data for signal 0.
Red lines represent the injected parameter values of the signal. The tiles at the top of
each column display the median and 90% range for each inference. The contour in the
2D tiles represents the 90% confidence intervals.
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Figure 10. Extrinsic parameter posterior corner plot of Sangria blind data for signal 0.
Red lines represent the injected parameter values of the signal. The tiles at the top of
each column display the median and 90% range for each inference. The contour in the
2D tiles represents the 90% confidence intervals.

5. Conclusion

The application of a template bank search was able to identify all MBHB signals in the Sangria
mock data challenge. Although the search forMBHB signals is relatively trivial due to the high
SNR, being able to provide reference parameters for the heterodyne likelihood is the main
advantage when taking this approach. We can produce a template bank O(minutes) to fulfil
a minimal match of 0.9. Given that the SNR recovered is greater than 92%, we find that this
technique is a viable approach to quickly search through LISA data for MBHBs. At the same
time, the templates returned from the search provide appropriately high likelihood reference
parameters for heterodyning which do not bias parameter estimation. To expand and improve
upon the search, we could consider a coincident search over both the A and E TDI data streams.
This would filter each TDI stream separately and then check for coincident triggers.

We have shown that the introduction of different forms of noise can have an effect on both
intrinsic and extrinsic parameter recovery, although the extrinsic parameter recovery suffers
more than the intrinsic. Something to consider about this data set is how the injected signals
only contain the dominant (2, 2) mode. Other works have shown that sky position recovery
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is vastly improved as other sub dominant modes are introduced to parameter estimation [59].
A further study could be to investigate the inference of a multi-modal signal, in the presence
of LISA instrumental noise. We could then go further by introducing non-stationarities in the
data, with the inclusion of GBs.

The intrinsic parameter recovery of MBHBs in the presence of confusion noise caused by
GBs can bias the result away from the true value. Although the injected values in our work
did fall within the 90% confidence intervals, the peak likelihood has moved away from the
injected value when compared to the no GB inference case, see figures 5 and 7. This motivates
the need for a full global fit pipeline, that can identify and infer the properties of the GBs and
then remove them from the data before running inference on MBHBs. This was first described
in [13].

An area of further investigation concerns how we estimate PSDs. As stated previously, in
this work we estimate our PSDs by reading in the entire year’s worth of data. Due to LISA’s
motion across the sky, this makes the PSDs non-stationary. One possible method is to construct
our PSD by assuming quasi-stationarity on smaller time chunks of the year’s worth of data,
and assemble these into one PSD using the time/frequency track of the reference signal in
question. It would also be interesting to investigate what effects the PSD being non-stationary
has on the search and inference of such high SNR signals.
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https://github.com/gwastro/mbhbs-with-pycbc.
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Appendix. Intrinsic parameter inference plots with GBs

Figure A1. Inference for BBHx injection of signal 1 from Sangria blind over intrinsic
parameters.

Figure A2. Inference for BBHx injection of signal 2 from Sangria blind over intrinsic
parameters.
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Figure A3. Inference for BBHx injection of signal 3 from Sangria blind over intrinsic
parameters.

Figure A4. Inference for BBHx injection of signal 4 from Sangria blind over intrinsic
parameters.
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Figure A5. Inference for BBHx injection of signal 5 from Sangria blind over intrinsic
parameters.
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