
Looking for mergers in gravitational 
wave data: results, lessons, and 

future outlook

Tejaswi Venumadhav

University of California

Santa Barbara



Tejaswi Venumadhav

d(t)

h(t)

Data

Signal model

Summary 
statistic  

+ Triggers

Candidates

Parameter estimation

Population inference



Tejaswi Venumadhav

GW from binaries: source properties
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Gaussian noise model: matched filtering
Simplest case is stationary Gaussian random  
noise

⟨d(t + τ)d(t)⟩ = C(τ)

We have to estimate S( f ) ourselves!

FT of C(τ) is the PSD S( f ) ∼ σ2( f ) ≡ ⟨ |d( f ) |2 ⟩

NOISE BUDGET

Waves on the Lake, Como, May 28th, 2018 G Losurdo - INFN Pisa 10Credit: Giovanni Losurdo

Define (`whitening filter’) 1/σ( f )

w( f ) =
d( f )
σ( f )

such that

has white noise statistics

ρ =

∑f d( f )h⋆( f )

σ2( f )

[
∑f |h( f ) |2

σ2( f ) ]
1/2

The matched-filtering score is the convolution  
of the whitened data with the whitened template

Behaves  
like SNR

h(t)
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filtered data
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10 ms

Shift data stream by t > 10 ms  
to estimate background

Collect coincident and background events

Credit: Ian Harry
Zero lag

Time slide
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Detection criteria (O2)

False alarm rate (FAR) < 1 in 30 days

Detection  
statistic

Rate

30 days−1

Threshold

Candidates

pastro =
R (candidate ∣ 𝒮)

R (candidate ∣ 𝒩) + R (candidate ∣ 𝒮)
> 0.5

1.

2.

e.g.:           should be  
distributed according to a 

chi-squared distribution

SNR2

Abbott et. al. (2018)  
arxiv:1811.12907
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Template bank

Sachdev et. al., (2019)  
arxiv: 1901.08580
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FIG. 7. Distribution of templates in two projections of the
search space. The top panel shows the e↵ect of the di↵erent
placement steps (compare with figure 6) while in the lower
panel one can see the e↵ect of the duration boundary shown
in figure 4.

than 5M� and mass ratio between 1 and 3 is the dense
initially covered BBH region. The lack of templates just
outside the stripe is due to the fact that templates at its
boundary also cover systems just outside of it, such that
the final covering step does not add templates there.

III. VALIDATION

In a matched-filter search, the maximum SNR that can
be ideally observed for a given astrophysical signal (opti-
mal SNR) requires a template that exactly matches the
signal waveform. Because the template bank is discrete
and finite and because the waveform model does not in-
clude the full physics of the system, the bank can only
recover a fraction of the optimal SNR, which is known
as the fitting factor ' between the signal and the bank
[51]. Thus, given a population of N sources detectable
with perfectly-matching templates, only ↵N source will
be observed on average with a realistic bank, where ↵ < 1
is known as the signal recovery fraction [52] and is related

to the fitting factor by

↵ =

R
d~x '3(~x)�3(~x)R

d~x �3(~x)
. (3)

Here ~x is the source’s parameter vector (excluding the
luminosity distance) and �(~x) is the distance at which
the optimal SNR of the source takes a fixed reference
value2. Banks are typically constructed to achieve at
least a 90% signal recovery fraction and it is customary
to evaluate the correct performance of a bank in terms
of fitting factor or signal recovery fraction. This can be
done by simulating a large population of compact binary
mergers at a fixed luminosity distance and calculating the
fitting factor between each signal and the bank. Then the
signal recovery fraction can be measured as

↵ ⇡
P

i '
3
i�

3
iP

i �
3
i

(4)

where i labels each simulated signal.
When testing a bank where all templates use the same

lower cuto↵ frequency, the optimal SNR of each signal
is calculated using the same cuto↵. As such, the fitting
factor only shows the SNR loss due to the discretization
of the bank and any disagreement between the true signal
and our waveform model. However, because templates
in the bank described here have a variable flow, optimal
SNRs must now use a lower cuto↵, which we choose to
be fixed at 15 Hz, i.e. the reference frequency used for
calculating each template’s flow. Therefore, our fitting
factors also account for the fact that some SNR is lost
due to a higher starting frequency of the templates. Since
by our definition of flow this loss is never smaller than
0.5%, our fitting factors cannot be larger than 99.5%.
We simulate three di↵erent classes of sources: BNS,

NSBH and BBH. The BBH set is split into two subsets
by M = 100M�, where the lighter set is uniformly dis-
tributed in component masses and covers the BBH mass
space used in O1, while the heavier set is distributed uni-
formly in M and mass ratio q and covers a mass range
similar to the search space of [27]. Each set contains
5 ⇥ 104 systems and the parameters of the simulations
can be found in table I. The waveform model used for the
BNS simulations is the same post-Newtonian model used
for templates with M < 4M�; NSBH and BBH simula-
tions use instead the same e↵ective-one-body model used
for templates with M > 4M�. Note that the BBH sim-
ulations contain signals falling into the region excluded
by the minimum-duration requirement, i.e. they span a
slightly larger parameter space than the bank is designed
to cover.
Figure 8 presents the signal recovery fractions and fit-

ting factor distributions for each class. We divide the

2 Normally taken to be 8, in which case the resulting � is referred
to as the horizon distance. However, the choice is arbitrary and
does not change the value of the signal recovery fraction.

χeff =
m1χ1,z + m2 χ2,z

m1 + m2

Canton and Harry (2017)
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Template bank
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FIG. 7. Distribution of templates in two projections of the
search space. The top panel shows the e↵ect of the di↵erent
placement steps (compare with figure 6) while in the lower
panel one can see the e↵ect of the duration boundary shown
in figure 4.

than 5M� and mass ratio between 1 and 3 is the dense
initially covered BBH region. The lack of templates just
outside the stripe is due to the fact that templates at its
boundary also cover systems just outside of it, such that
the final covering step does not add templates there.
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In a matched-filter search, the maximum SNR that can
be ideally observed for a given astrophysical signal (opti-
mal SNR) requires a template that exactly matches the
signal waveform. Because the template bank is discrete
and finite and because the waveform model does not in-
clude the full physics of the system, the bank can only
recover a fraction of the optimal SNR, which is known
as the fitting factor ' between the signal and the bank
[51]. Thus, given a population of N sources detectable
with perfectly-matching templates, only ↵N source will
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is known as the signal recovery fraction [52] and is related
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Here ~x is the source’s parameter vector (excluding the
luminosity distance) and �(~x) is the distance at which
the optimal SNR of the source takes a fixed reference
value2. Banks are typically constructed to achieve at
least a 90% signal recovery fraction and it is customary
to evaluate the correct performance of a bank in terms
of fitting factor or signal recovery fraction. This can be
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mergers at a fixed luminosity distance and calculating the
fitting factor between each signal and the bank. Then the
signal recovery fraction can be measured as
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where i labels each simulated signal.
When testing a bank where all templates use the same

lower cuto↵ frequency, the optimal SNR of each signal
is calculated using the same cuto↵. As such, the fitting
factor only shows the SNR loss due to the discretization
of the bank and any disagreement between the true signal
and our waveform model. However, because templates
in the bank described here have a variable flow, optimal
SNRs must now use a lower cuto↵, which we choose to
be fixed at 15 Hz, i.e. the reference frequency used for
calculating each template’s flow. Therefore, our fitting
factors also account for the fact that some SNR is lost
due to a higher starting frequency of the templates. Since
by our definition of flow this loss is never smaller than
0.5%, our fitting factors cannot be larger than 99.5%.
We simulate three di↵erent classes of sources: BNS,

NSBH and BBH. The BBH set is split into two subsets
by M = 100M�, where the lighter set is uniformly dis-
tributed in component masses and covers the BBH mass
space used in O1, while the heavier set is distributed uni-
formly in M and mass ratio q and covers a mass range
similar to the search space of [27]. Each set contains
5 ⇥ 104 systems and the parameters of the simulations
can be found in table I. The waveform model used for the
BNS simulations is the same post-Newtonian model used
for templates with M < 4M�; NSBH and BBH simula-
tions use instead the same e↵ective-one-body model used
for templates with M > 4M�. Note that the BBH sim-
ulations contain signals falling into the region excluded
by the minimum-duration requirement, i.e. they span a
slightly larger parameter space than the bank is designed
to cover.
Figure 8 presents the signal recovery fractions and fit-

ting factor distributions for each class. We divide the

2 Normally taken to be 8, in which case the resulting � is referred
to as the horizon distance. However, the choice is arbitrary and
does not change the value of the signal recovery fraction.

Canton and Harry (2017)

ϕ ∼
1

(Mc fmin)5/3

??

Most 
detections

z(h) = ∑
f

d( f )h⋆( f )
σ2( f )

ϕ ∼
1

(Mc fmin)5/3

dN
dlnMc

∼ (Mc fmin)−5/3

h( f ) ∼ f −7/6eiϕ( f )

Solution: 
 
Template prior  
(Dent, T., and Veitch, J., (2014)


Multiple banks (Roulet et. al., (2019), Olsen et. al., (2022))
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Systematic: non-stationary noise
the highest- and lowest-mass signals, respectively). The
PSD changes between data blocks, but usually only
slightly, so template banks stay roughly constant over
time in a data set.

C. Matched filtering

The central stage of the pipeline is the matched filtering
of detector data with bank templates, resulting in a list of
triggers that are further analyzed downstream. This stage
was described in detail in Ref. [28]; here we sketch its key
features.

The maximized statistic !2 of Eq. (4) is a function only
of the component masses and the time of coalescence tc.
Now, a time shift can be folded in the computation of inner
products by noting that gð"Þ ¼ hð" $ !tcÞ transforms to
~gðfÞ ¼ ei2#f!tc ~hðfÞ; therefore, the SNR can be computed
as a function of tc by the inverse Fourier transform
(a complex quantity)

ðsjhÞð!tcÞ ¼ 4
Z fhigh

flow

~sðfÞ~h%ðfÞ
SnðfÞ

e2#if!tcdf: (11)

Furthermore, if ~h#=2ðfÞ ¼ i~h0ðfÞ then Eq. (11), computed
for h ¼ h0, yields ðsjh0Þð!tcÞ þ iðsjh#=2Þð!tcÞ.

The IHOPE matched-filtering engine implements the dis-
crete analogs of Eqs. (4) and (11) [28] using the efficient
FFTW library [46]. The resulting SNRs are not stored for
every template and every possible tc; instead, we only
retain triggers that exceed an empirically determined
threshold (typically 5.5), and that corresponds to maxima
of the SNR time series—that is, a trigger above the thresh-
old is kept only if there are no triggers with higher SNR
within a predefined time window, typically set to the length
of the template (this is referred to as time clustering).

For a single template and time and for detector data
consisting of Gaussian noise, !2 follows a $2 distribution
with two degrees of freedom, which makes a threshold of
5.5 seem rather large: pð!> 5:5Þ ¼ 2:7 ' 10$ 7. However,
we must account for the fact that we consider a full
template bank and maximize over time of coalescence:
the bank makes for, conservatively, a thousand independent
trials at any point in time, while the rapid falloff of the
template autocorrelation (as demonstrated in Fig. 7) ren-
ders trials separated by 0.1 s in time essentially indepen-
dent. Therefore, we expect to see a few triggers above this
threshold already in a few hundred seconds of Gaussian
noise, and a large number in a year of observing time.
Furthermore, since the data contain many non-Gaussian
noise transients, the trigger rate will be even higher. In
Fig. 3 we show the distribution of triggers as a function of
SNR in a month of simulated Gaussian noise in blue (dark
gray) and real data in red (light gray) from LIGO’s fifth
science run (S5). The difference between the two is clearly
noticeable, with a tail of high SNR triggers extending to
SNRs well over 1000 in real data.

It is useful to not just cluster in time, but also across the
template bank. When the SNR for a template is above
threshold, it is probable that it will be above threshold
also for many neighboring templates, which encode very
similar waveforms. The IHOPE pipeline selects only one (or
a few) triggers for each event (be it a GW or a noise
transient), using one of two algorithms. In time-window
clustering, the time series of triggers from all templates is
split into windows of fixed duration; within each window,
only the trigger with the largest SNR is kept. This method
has the advantage of simplicity, and it guarantees an upper
limit on the trigger rate. However, a glitch that creates
triggers in one region of parameter space can mask a true
signal that creates triggers elsewhere. This problem is
remedied in TrigScan clustering [47], whereby triggers
are grouped by both time and recovered (template) masses,
using the parameter-space metric to define their proximity
(for a detailed description see Ref. [48]). However, when
the data are particularly glitchy TrigScan can output a
number of triggers that can overwhelm subsequent data
processing such as coincident trigger finding.

D. Multidetector coincidence

The next stage of the pipeline compares the triggers
generated for each of the detectors, and retains only those
that are seen in coincidence. Loosely speaking, triggers are
considered coincident if they occurred at roughly the same
time, with similar masses; see Ref. [49] for an exact
definition of coincidence as used in recent CBC searches.
To wit, the ‘‘distance’’ between triggers is measured with
the parameter-space metric of Eq. (8), maximized over the
signal amplitude A and phase"0. Since different detectors
at different times have different noise PSDs and therefore
metrics, we construct a constant-metric-radius ellipsoid in
"0-"3-tc space, using the appropriate metric for every
trigger in every detector, and we deem pairs of triggers to

FIG. 3 (color online). Distribution of single detector trigger
SNRs in a month of simulated Gaussian noise in blue (dark gray)
and real S5 LIGO data in red (light gray) from the Hanford
interferometer H1.

S. BABAK et al. PHYSICAL REVIEW D 87, 024033 (2013)

024033-6

Incorrect PSD

Z
σZ

=
∑f

h*( f )d( f )
σ2( f )

∑f
|h( f ) |2

σ2( f )

Zackay et. al., (2021)

⟨d(t + τ/2)d(t − τ/2)⟩ = C(τ, t) ≈ C(τ)f(t)⟨d(t + τ)d(t)⟩ = C(τ)
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Glitches
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both the Livingston and Hanford detectors. Although blip transients are seen in both
detectors, they are not found as coincident triggers and do not represent gravitational
wave signals.

Blip transients show up as short duration, band-limited impulses that have power
in the ⇠30-300 Hz frequency range (see Figure 12). They do not couple into any
monitors of detector performance and are not loud enough to exceed the gating
threshold applied in the PyCBC search.
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Figure 12: A time-frequency representation [26] of the Livingston strain channel at the
time of a blip transient. This visualization of a blip transient demonstrates
their typical features: band-limited, short duration, and little visible
frequency structure.

A time-domain analysis reveals why blip transients are so damaging to the CBC
searches. Figure 13 shows a filtered time-domain representation of a blip transient
in the Livingston strain channel. The data have been filtered with a bandpass filter
with notch filters to attenuate strong lines in the strain spectrum, double-passed to
be zero-phase. Overlaid on top of the strain data is a CBC waveform that reported
a high re-weighted SNR value at the time of the blip transient under study. The two
curves show significant overlap in the few cycles where the template has appreciable
amplitude.

The CBC template that reported a high re-weighted SNR when filtered against
the blip transient in Figure 13 represents a neutron star-black hole binary system
with a total mass Mtotal of 98.34 M� and a highly anti-aligned e↵ective spin of �0.97,
resulting in a short template duration. The waveform spends less than 0.1 seconds
at the frequencies that aLIGO is sensitive to, which, as shown in Figure 13, is the
approximate time scale of some instrumental transients. This time scale is in stark
contrast to that of a binary neutron star waveform, which can have a duration on the
order of 1 minute and contain ample signal for use in the �2 test.

Although blip transients are capable of creating high re-weighted SNR triggers,
their e↵ects are constrained to a fairly small region of the CBC parameter space.
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Figure 16: A time-frequency spectrogram of the 60-200 Hz noise. This noise appears
in storms that often last for many minutes. This time scale and frequency
range is damaging to CBC searches and has often been found responsible for
loud background events.

Figure 17: A zoomed in time-frequency spectrogram of the 60-200 Hz noise. This period
of noise caused a loud trigger in the PyCBC background. The arc-like shape
of the noise is reminiscient of noise due to scattered light, but the frequency
of the noise is higher than expected.
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z(h) = ∑
f

d( f )h⋆( f )
σ2( f )

the highest- and lowest-mass signals, respectively). The
PSD changes between data blocks, but usually only
slightly, so template banks stay roughly constant over
time in a data set.

C. Matched filtering

The central stage of the pipeline is the matched filtering
of detector data with bank templates, resulting in a list of
triggers that are further analyzed downstream. This stage
was described in detail in Ref. [28]; here we sketch its key
features.

The maximized statistic !2 of Eq. (4) is a function only
of the component masses and the time of coalescence tc.
Now, a time shift can be folded in the computation of inner
products by noting that gð"Þ ¼ hð" $ !tcÞ transforms to
~gðfÞ ¼ ei2#f!tc ~hðfÞ; therefore, the SNR can be computed
as a function of tc by the inverse Fourier transform
(a complex quantity)

ðsjhÞð!tcÞ ¼ 4
Z fhigh

flow

~sðfÞ~h%ðfÞ
SnðfÞ

e2#if!tcdf: (11)

Furthermore, if ~h#=2ðfÞ ¼ i~h0ðfÞ then Eq. (11), computed
for h ¼ h0, yields ðsjh0Þð!tcÞ þ iðsjh#=2Þð!tcÞ.

The IHOPE matched-filtering engine implements the dis-
crete analogs of Eqs. (4) and (11) [28] using the efficient
FFTW library [46]. The resulting SNRs are not stored for
every template and every possible tc; instead, we only
retain triggers that exceed an empirically determined
threshold (typically 5.5), and that corresponds to maxima
of the SNR time series—that is, a trigger above the thresh-
old is kept only if there are no triggers with higher SNR
within a predefined time window, typically set to the length
of the template (this is referred to as time clustering).

For a single template and time and for detector data
consisting of Gaussian noise, !2 follows a $2 distribution
with two degrees of freedom, which makes a threshold of
5.5 seem rather large: pð!> 5:5Þ ¼ 2:7 ' 10$ 7. However,
we must account for the fact that we consider a full
template bank and maximize over time of coalescence:
the bank makes for, conservatively, a thousand independent
trials at any point in time, while the rapid falloff of the
template autocorrelation (as demonstrated in Fig. 7) ren-
ders trials separated by 0.1 s in time essentially indepen-
dent. Therefore, we expect to see a few triggers above this
threshold already in a few hundred seconds of Gaussian
noise, and a large number in a year of observing time.
Furthermore, since the data contain many non-Gaussian
noise transients, the trigger rate will be even higher. In
Fig. 3 we show the distribution of triggers as a function of
SNR in a month of simulated Gaussian noise in blue (dark
gray) and real data in red (light gray) from LIGO’s fifth
science run (S5). The difference between the two is clearly
noticeable, with a tail of high SNR triggers extending to
SNRs well over 1000 in real data.

It is useful to not just cluster in time, but also across the
template bank. When the SNR for a template is above
threshold, it is probable that it will be above threshold
also for many neighboring templates, which encode very
similar waveforms. The IHOPE pipeline selects only one (or
a few) triggers for each event (be it a GW or a noise
transient), using one of two algorithms. In time-window
clustering, the time series of triggers from all templates is
split into windows of fixed duration; within each window,
only the trigger with the largest SNR is kept. This method
has the advantage of simplicity, and it guarantees an upper
limit on the trigger rate. However, a glitch that creates
triggers in one region of parameter space can mask a true
signal that creates triggers elsewhere. This problem is
remedied in TrigScan clustering [47], whereby triggers
are grouped by both time and recovered (template) masses,
using the parameter-space metric to define their proximity
(for a detailed description see Ref. [48]). However, when
the data are particularly glitchy TrigScan can output a
number of triggers that can overwhelm subsequent data
processing such as coincident trigger finding.

D. Multidetector coincidence

The next stage of the pipeline compares the triggers
generated for each of the detectors, and retains only those
that are seen in coincidence. Loosely speaking, triggers are
considered coincident if they occurred at roughly the same
time, with similar masses; see Ref. [49] for an exact
definition of coincidence as used in recent CBC searches.
To wit, the ‘‘distance’’ between triggers is measured with
the parameter-space metric of Eq. (8), maximized over the
signal amplitude A and phase"0. Since different detectors
at different times have different noise PSDs and therefore
metrics, we construct a constant-metric-radius ellipsoid in
"0-"3-tc space, using the appropriate metric for every
trigger in every detector, and we deem pairs of triggers to

FIG. 3 (color online). Distribution of single detector trigger
SNRs in a month of simulated Gaussian noise in blue (dark gray)
and real S5 LIGO data in red (light gray) from the Hanford
interferometer H1.

S. BABAK et al. PHYSICAL REVIEW D 87, 024033 (2013)
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z(h) = ∑
f

d( f )h⋆( f )
σ2( f )

p(z)

Vary with detector and parameters
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Candidate lists (O3)
16

Name Inst. MBTA GstLAL PyCBC PyCBC-BBH

FAR (yr�1) SNR pastro FAR (yr�1) SNR pastro FAR (yr�1) SNR pastro FAR (yr�1) SNR pastro

GW190403 051519 HL �� �� �� �� �� �� �� �� �� 7.7 8.0 0.61

GW190408 181802 HLV 8.7 ⇥ 10�5 14.4 1.00 < 1.0 ⇥ 10�5 14.7 1.00 2.5 ⇥ 10�4 13.1 1.00 < 1.2 ⇥ 10�4 13.7 1.00

GW190412 HLV < 1.0 ⇥ 10�5 18.2 1.00 < 1.0 ⇥ 10�5 19.0 1.00 < 1.1 ⇥ 10�4 17.4 1.00 < 1.2 ⇥ 10�4 17.9 1.00

GW190413 052954 HL �� �� �� �� �� �� 170 8 .5 0 .13 0.82 8.5 0.93

GW190413 134308 HLV 0.34 10.3 0.99 39 10 .1 0 .04 21 9 .3 0 .48 0.18 8.9 0.99

GW190421 213856 HL 1.2 9.7 0.99 0.0028 10.5 1.00 5.9 10.1 0.75 0.014 10.1 1.00

GW190425 LV �� �� �� 0.034† 12.9 0.78 �� �� �� �� �� ��
GW190426 190642 HL �� �� �� �� �� �� �� �� �� 4.1 9.6 0.75

GW190503 185404 HLV 0.013 12.8 1.00 < 1.0 ⇥ 10�5 12.0 1.00 0.038 12.2 1.00 0.0026 12.2 1.00

GW190512 180714 HLV 0.038 11.7 0.99 < 1.0 ⇥ 10�5 12.2 1.00 1.1 ⇥ 10�4 12.4 1.00 < 1.1 ⇥ 10�4 12.4 1.00

GW190513 205428 HLV 0.11 13.0 0.99 1.3 ⇥ 10�5 12.3 1.00 19 11 .6 0 .49 0.044 11.8 1.00

GW190514 065416 HL �� �� �� 450 8 .3 0 .00 �� �� �� 2.8 8.4 0.76

GW190517 055101 HLV 0.11 11.3 1.00 0.0045 10.8 1.00 0.0095 10.4 1.00 3.5 ⇥ 10�4 10.3 1.00

GW190519 153544 HLV 7.0 ⇥ 10�5 13.7 1.00 < 1.0 ⇥ 10�5 12.4 1.00 < 1.0 ⇥ 10�4 13.2 1.00 < 1.1 ⇥ 10�4 13.2 1.00

GW190521 HLV 0.042 13.0 0.96 0.20 13.3 0.79 0.44 13.7 0.96 0.0013 13.6 1.00

GW190521 074359 HL < 1.0 ⇥ 10�5 22.2 1.00 < 1.0 ⇥ 10�5 24.4 1.00 < 1.8 ⇥ 10�5 24.0 1.00 < 2.3 ⇥ 10�5 24.0 1.00

GW190527 092055 HL �� �� �� 0.23 8.7 0.85 �� �� �� 19 8 .4 0 .33

GW190602 175927 HLV 3.0 ⇥ 10�4 12.6 1.00 < 1.0 ⇥ 10�5 12.3 1.00 0.29 11.9 0.98 0.013 11.9 1.00

GW190620 030421 LV �� �� �� 0.011† 10.9 0.99 �� �� �� �� �� ��
GW190630 185205 LV �� �� �� < 1.0 ⇥ 10�5 15.2 1.00 �� �� �� 0.24 15.1 1.00

GW190701 203306 HLV 35 11.3 0.87 0.0057 11.7 0.99 0.064 11.9 0.99 0.56 11.7 1.00

GW190706 222641 HLV 0.0015 11.9 1.00 5.0 ⇥ 10�5 12.5 1.00 3.7 ⇥ 10�4 11.7 1.00 0.34 12.6 1.00

GW190707 093326 HL 0.032 12.6 1.00 < 1.0 ⇥ 10�5 13.2 1.00 < 1.0 ⇥ 10�5 13.0 1.00 < 1.9 ⇥ 10�5 13.0 1.00

GW190708 232457 LV �� �� �� 3.1 ⇥ 10�4† 13.1 1.00 �� �� �� �� �� ��
GW190719 215514 HL �� �� �� �� �� �� �� �� �� 0.63 8.0 0.92

GW190720 000836 HLV 0.094 11.6 1.00 < 1.0 ⇥ 10�5 11.5 1.00 1.4 ⇥ 10�4 10.6 1.00 < 7.8 ⇥ 10�5 11.4 1.00

GW190725 174728* HLV 3.1 9.8 0.59 �� �� �� 0.46 9.1 0.96 2.9 8.8 0.82

GW190727 060333 HLV 0.023 12.0 1.00 < 1.0 ⇥ 10�5 12.1 1.00 0.0056 11.4 1.00 2.0 ⇥ 10�4 11.1 1.00

GW190728 064510 HLV 7.5 ⇥ 10�4 13.1 1.00 < 1.0 ⇥ 10�5 13.4 1.00 < 8.2 ⇥ 10�5 13.0 1.00 < 7.8 ⇥ 10�5 13.0 1.00

GW190731 140936 HL 6.1 9.1 0.80 0.33 8.5 0.78 �� �� �� 1.9 7.8 0.83

GW190803 022701 HLV 77 9.0 0.96 0.073 9.1 0.94 81 8 .7 0 .17 0.39 8.7 0.97

GW190805 211137 HL �� �� �� �� �� �� �� �� �� 0.63 8.3 0.95

GW190814 LV < 2.0 ⇥ 10�4 20.4 1.00 < 1.0 ⇥ 10�5 22.2 1.00 0.17 19.5 1.00 �� �� ��
GW190828 063405 HLV < 1.0 ⇥ 10�5 15.2 1.00 < 1.0 ⇥ 10�5 16.3 1.00 < 8.5 ⇥ 10�5 13.9 1.00 < 7.0 ⇥ 10�5 15.9 1.00

GW190828 065509 HLV 0.16 10.8 0.96 3.5 ⇥ 10�5 11.1 1.00 2.8 ⇥ 10�4 10.5 1.00 1.1 ⇥ 10�4 10.5 1.00

GW190910 112807 LV �� �� �� 0.0029† 13.4 1.00 �� �� �� �� �� ��
GW190915 235702 HLV 0.0055 12.7 1.00 < 1.0 ⇥ 10�5 13.0 1.00 6.8 ⇥ 10�4 13.0 1.00 < 7.0 ⇥ 10�5 13.1 1.00

GW190916 200658* HLV 6.9 ⇥ 103 8.2 0.66 12 8 .2 0 .09 �� �� �� 4.7 7.9 0.64

GW190917 114630 HLV �� �� �� 0.66 9.5 0.77 �� �� �� �� �� ��
GW190924 021846 HLV 0.0049 11.9 0.99 < 1.0 ⇥ 10�5 13.0 1.00 < 8.2 ⇥ 10�5 12.4 1.00 8.3 ⇥ 10�5 12.5 1.00

GW190925 232845* HV 100 9 .4 0 .35 �� �� �� 73 9 .0 0 .02 0.0072 9.9 0.99

GW190926 050336* HLV �� �� �� 1.1 9.0 0.54 �� �� �� 87 7 .8 0 .09

GW190929 012149 HLV 2.9 10.3 0.64 0.16 10.1 0.87 120 9 .4 0 .14 14 8 .5 0 .41

GW190930 133541 HL 0.34 10.0 0.87 0.43 10.1 0.76 0.018 9.8 1.00 0.012 10.0 1.00

TABLE I. Above-threshold GW candidate list. We find 44 events that have pastro in at least one of the searches as greater
than 0.5. Bold-faced names indicate the events that were not previously reported in GWTC-2 [8]. The candidates marked
with an asterisk were first published in 3-OGC [17]. The second column denotes the observing instruments. Candidate events
in GWTC-2.1 which do not meet the pastro threshold but were at the same time as above-threshold events are given in italics.
The 4 events marked with a dagger (†) next to their FARs were found only in one detector by the GstLAL search. All four
were detected using the data from LIGO Livingston. For the single-detector candidate events, the FAR estimate involves
extrapolation. All single-detector candidate events in this list according to the FAR assigned to them are rarer than the
background data of about 6 months collected in this analysis. Therefore, a conservative bound on the FAR for triggers denoted
by † is ⇠ 2 yr�1. GstLAL FARs have been capped at 1 ⇥ 10�5 yr�1 to be consistent with the limiting FARs from other
pipelines. Dashes indicate that a pipeline did not find the event with a FAR smaller than the subthreshold FAR threshold of
2 per day.

GWTC 2.1 (O3a) 
arxiv: 2108.01045
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Name Inst. cWB GstLAL MBTA PyCBC-broad PyCBC-BBH

FAR SNR pastro FAR SNR pastro FAR SNR pastro FAR SNR pastro FAR SNR pastro
(yr

�1
) (yr

�1
) (yr

�1
) (yr

�1
) (yr

�1
)

GW191103 012549 HL – – – – – – 27 9.0 0.13 4.8 9.3 0.77 0.46 9.3 0.94

GW191105 143521 HLV – – – 24 10.0 0.07 0.14 10.7 > 0.99 0.012 9.8 > 0.99 0.036 9.8 > 0.99

GW191109 010717 HL < 0.0011 15.6 > 0.99 0.0010 15.8 > 0.99 1.8 ⇥ 10
�4

15.2 > 0.99 0.096 13.2 > 0.99 0.047 14.4 > 0.99

GW191113 071753 HLV – – – – – – 26 9.2 0.68 1.1 ⇥ 104 8.3 < 0.01 1.2 ⇥ 103 8.5 < 0.01

GW191126 115259 HL – – – 80 8.7 0.02 59 8.5 0.30 22 8.5 0.39 3.2 8.5 0.70

GW191127 050227 HLV – – – 0.25 10.3 0.49 1.2 9.8 0.73 20 9.5 0.47 4.1 8.7 0.74

GW191129 134029 HL – – – < 1.0 ⇥ 10
�5

13.3 > 0.99 0.013 12.7 > 0.99 < 2.6 ⇥ 10
�5

12.9 > 0.99 < 2.4 ⇥ 10
�5

12.9 > 0.99

GW191204 110529 HL – – – 21 9.0 0.07 1.3 ⇥ 104 8.1 < 0.01 980 8.9 < 0.01 3.3 8.9 0.74

GW191204 171526 HL < 8.7 ⇥ 10
�4

17.1 > 0.99 < 1.0 ⇥ 10
�5

15.6 > 0.99 < 1.0 ⇥ 10
�5

17.1 > 0.99 < 1.4 ⇥ 10
�5

16.9 > 0.99 < 1.2 ⇥ 10
�5

16.9 > 0.99

GW191215 223052 HLV 0.12 9.8 0.95 < 1.0 ⇥ 10
�5

10.9 > 0.99 0.22 10.8 > 0.99 0.0016 10.3 > 0.99 0.28 10.2 > 0.99

GW191216 213338 HV – – – < 1.0 ⇥ 10
�5

18.6 > 0.99 9.3 ⇥ 10
�4

17.9 > 0.99 0.0019 18.3 > 0.99 7.6 ⇥ 10
�4

18.3 > 0.99

GW191219 163120 HLV – – – – – – – – – 4.0 8.9 0.82 – – –

GW191222 033537 HL < 8.9 ⇥ 10
�4

11.1 > 0.99 < 1.0 ⇥ 10
�5

12.0 > 0.99 0.0099 10.8 > 0.99 0.0021 11.5 > 0.99 9.8 ⇥ 10
�5

11.5 > 0.99

GW191230 180458 HLV 0.050 10.3 0.95 0.13 10.3 0.87 8.1 9.8 0.40 52 9.6 0.29 0.42 9.9 0.96

GW200112 155838 LV – – – < 1.0 ⇥ 10
�5†

17.6 > 0.99 – – – – – – – – –

GW200115 042309 HLV – – – < 1.0 ⇥ 10
�5

11.5 > 0.99 0.0055 11.2 > 0.99 < 1.2 ⇥ 10
�4

10.8 > 0.99 – – –

GW200128 022011 HL 1.3 8.8 0.63 0.022 10.1 0.97 3.3 9.4 0.98 0.63 9.8 0.95 0.0043 9.9 > 0.99

GW200129 065458 HLV – – – < 1.0 ⇥ 10
�5

26.5 > 0.99 – – – < 2.3 ⇥ 10
�5

16.3 > 0.99 < 1.7 ⇥ 10
�5

16.2 > 0.99

GW200202 154313 HLV – – – < 1.0 ⇥ 10
�5

11.3 > 0.99 – – – – – – 0.025 10.8 > 0.99

GW200208 130117 HLV – – – 0.0096 10.7 0.99 0.46 10.4 > 0.99 0.18 9.6 0.98 3.1 ⇥ 10
�4

10.8 > 0.99

GW200208 222617 HLV – – – 160 8.2 < 0.01 420 8.9 0.02 – – – 4.8 7.9 0.70

GW200209 085452 HLV – – – 0.046 10.0 0.95 12 9.7 0.97 550 9.2 0.04 1.2 9.2 0.89

GW200210 092254 HLV – – – 1.2 9.5 0.42 – – – 17 8.9 0.53 7.7 8.9 0.54

GW200216 220804 HLV – – – 0.35 9.4 0.77 2.4 ⇥ 103 8.8 0.02 970 9.0 < 0.01 7.8 8.7 0.54

GW200219 094415 HLV 0.77 9.7 0.85 9.9 ⇥ 10
�4

10.7 > 0.99 0.18 10.6 > 0.99 1.7 9.9 0.89 0.016 10.0 > 0.99

GW200220 061928 HLV – – – – – – – – – – – – 6.8 7.5 0.62

GW200220 124850 HL – – – 150 8.2 < 0.01 1.8 ⇥ 10
3

8.2 0.83 – – – 30 7.8 0.20

GW200224 222234 HLV < 8.8 ⇥ 10
�4

18.8 > 0.99 < 1.0 ⇥ 10
�5

18.9 > 0.99 < 1.0 ⇥ 10
�5

19.0 > 0.99 < 8.2 ⇥ 10
�5

19.2 > 0.99 < 7.7 ⇥ 10
�5

18.6 > 0.99

GW200225 060421 HL < 8.8 ⇥ 10
�4

13.1 > 0.99 0.079 12.9 0.93 0.0049 12.5 > 0.99 < 1.1 ⇥ 10
�5

12.3 > 0.99 4.1 ⇥ 10
�5

12.3 > 0.99

GW200302 015811 HV – – – 0.11† 10.6 0.91 – – – – – – – – –

GW200306 093714 HL – – – – – – 410 8.5 0.81 3.4 ⇥ 103 7.8 < 0.01 24 8.0 0.24

GW200308 173609 HLV – – – 680 8.1 < 0.01 6.9 ⇥ 104 8.3 0.24 770 7.9 < 0.01 2.4 8.0 0.86

GW200311 115853 HLV < 8.2 ⇥ 10
�4

16.2 > 0.99 < 1.0 ⇥ 10
�5

17.7 > 0.99 < 1.0 ⇥ 10
�5

16.5 > 0.99 < 6.9 ⇥ 10
�5

17.0 > 0.99 < 7.7 ⇥ 10
�5

17.4 > 0.99

GW200316 215756 HLV – – – < 1.0 ⇥ 10
�5

10.1 > 0.99 12 9.5 0.30 0.20 9.3 0.98 0.58 9.3 0.98

GW200322 091133 HLV – – – – – – 450 9.0 0.62 1.4 ⇥ 103 8.0 < 0.01 140 7.7 0.08

Table I. Candidate GW signals. The time (UTC) of the signal is encoded in the name, as GWYYMMDD hhmmss (e.g.,
GW200112 155838 occurred on 2020-01-12 at 15:58:38). The names of candidates not previously reported are given in bold.
The detectors observing at the merger time of the event are indicated using single-letter identifiers (e.g., H for LIGO Hanford);
these are not necessarily the same detectors that contributed triggers associated with the candidate. Where a candidate was
found above the pastro of 0.5 threshold by at least one analysis but below threshold by others, we include in italics the results
from the other analyses, where available. A dash indicates that a candidate was not found by an analysis. The 2 candidates
labeled with a dagger (†) were only found above threshold in a single detector with the GstLAL analysis, and the FAR estimates
were made using significant extrapolation of the background data, meaning that single-detector events have higher uncertainty
than coincident events. A conservative estimate of the FAR for these single-detector events is one per live time of the analysis;
this is ⇠ 3.16 yr�1 for both LIGO Hanford and LIGO Livingston.

GWTC 3 (O3b) 
arxiv: 2111.03606

Criteria: 
FAR < 2 day^(-1)

p_astro > 0.5 

See also OGC analyses:

Nitz et. al. (2021)
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Our search

• Construct template banks


• Whiten and clean the data


• Generate triggers and correct for non-stationary noise


• Collect coincident triggers and veto remaining glitches


• Coherently analyze remaining coincident triggers

Z(h) = ∑
f

d( f )h⋆( f )
σ2( f )
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Impact of improved noise modeling and vetoes

Zackay et. al., (2021)



10

FIG. 6. The impact of signal and data quality vetoes on the
distribution of Hanford detector triggers in the BBH 3 bank.

local maxima within subintervals of 0.1 s. We set a
generous threshold that should be reached at most
once per run (approximately accounting for corre-
lations between templates) within Gaussian noise,
and is robust to astrophysical events (due to the
maximization over time).

3. Finally, we account for rare cases with significant
PSD drifts on finer timescales than the ones used
while triggering (described in Section III F and
Ref. [10]. When this PSD drift is statistically sig-
nificant, we veto coincidence candidates (both at
zero-lag and in timeslides) whose combined inco-
herent scores are brought down below our collection
threshold.

Figure 6 shows the cumulative e↵ect of our vetoes on
the score distribution of the triggers in the BBH 3 bank,
which contains short waveforms of heavy binary black
hole mergers. Also shown are the hardware injections
present in the data stream and GW150914 which belongs
to this bank’s chirp mass domain. We note that the veto
retained every hardware injection in this chirp mass do-
main that passed the flagging procedure of Section III C.
It is interesting to note that GW150914 does not stand
out from the single detector trigger distribution before
the application of the veto, and is clearly detected even
without resorting to coincidence after it.

J. Incoherent Ranking

When constructing a statistic to rank events an impor-
tant part is P (⇢2

H
, ⇢

2

L
| H0), the probability of obtaining a

trigger with SNRs ⇢H, ⇢L in each detector under the null
hypothesis H0. Under the assumption that the noise in
both detectors is independent,

P (⇢2
H
, ⇢

2

L
| H0) = P (⇢2

H
| H0)P (⇢2

L
| H0) . (11)

FIG. 7. Relation between our new rank-based score ⇢̃ and
the SNR ⇢, for the Hanford detector. The initial linear de-
pendence reflects the Gaussian part of the trigger distribution,
the curve saturates due to the non-Gaussian glitch tail. This
e↵ect is more prominent in the higher-mass banks, which are
more sensitive to glitches.

If the noise in each detector was Gaussian,

logP (⇢ | H0) = �⇢
2
/2 + const (12)

and

logP (⇢H, ⇢L | H0) = �(⇢2
H
+ ⇢

2

L
)/2 + const . (13)

Under this assumption it is optimal to use ⇢
2

H
+ ⇢

2

L
to

rank candidate events. Unfortunately this is an invalid
assumption for two reasons: firstly, even for Gaussian
noise, at high SNR the maximization over templates,
phase and arrival time leads to

logP (⇢ | H0) = �⇢
2
/2 + c log(⇢) + const (14)

where the constant c depends on the bank dimension.
However, in practice this is a minor correction, the more
substantial problem is the non-Gaussian tail of the noise,
the so-called glitches. In the high SNR limit P (⇢ | H0) is
much larger than the Gaussian expression would predict.
The non-Gaussian tail in the ⇢ distribution has an im-

portant consequence when combining the scores of multi-
ple detectors. If we were simply to use ⇢2

H
+⇢

2

L
as a score,

we would be ranking coincidences in which the trigger in
one of the detectors is coming from this non-Gaussian
tail, as we would be misjudging its probability by many
orders of magnitude.
To correct this problem we empirically determine

log[P (⇢i | H0)] for each detector. We do so by taking
our triggers and ranking them according to ⇢i for each
detector i. We then model

P (⇢i | H0) / Rank(⇢i), (15)

which is a good approximation for distributions with ex-
ponential or polynomial tails. We denote

⇢̃
2

i
= �2 logP (⇢i | H0). (16)

Effect of mitigating glitches

Background

No vetoes With 
vetoes

z(h) = ∑
f

d( f )h⋆( f )
σ2( f )

Injections

Roulet et. al., (2020)
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Template
   Prior

Geometric 
coordinates

    uniform in component  
masses and effective spin
Π

See also Nitz et. al., (2017)
Olsen, S., TV, et. al. (2022)
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Multi-detector coherence
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In going from the first line to the second, we used Eq. (D29), along with the fact that the complexified waveform hk

only has positive frequencies. The inner product of the predicted waveform with itself is

hhk|hkik =
1

2
hhk|hkik (D49)

=
1

2
y
2 |Rk|2 hhT |hT ik (D50)

=
1

2
y
2 |Rk|2

D
2

k

D2

0

hhT,k|hT,kik (D51)

= y
2 |Rk|2

D
2

k

D2

0

(D52)

= |zk|2 . (D53)

The log-likelihood for the data, given a set of parameters, is

2 lnL(I, Em, Ed) = �
X

k2detectors

hdk � hk|dk � hkik (D54)

= �
X

k

[hdk|dkik + hhk|hkik � 2hhk|dkik] (D55)

= �
X

k

h
hdk|dkik + |zk|2 � 2hhk|dkik

i
(D56)

= �
X

k

hdk|dkik �
X

k

h
|Y |2 |z0,k|2 � 2Re

�
Y

⇤
z
⇤
0,kZk

�i
(D57)

= �
X

k

hdk|dkik �
h
|Y |2 ||z0||2 � 2Re (Y ⇤z0 · Z)

i
(D58)

= �
X

k

hdk|dkik � ||z0||2
"
|Y |2 � 2Re

 
Y

⇤ z0 · Z
||z0||2

!#
(D59)

= �
X

k

hdk|dkik � ||z0||2
2

4
�����Y � z0 · Z

||z0||2

�����

2

�

�����
z0 · Z
||z0||2

�����

2
3

5 (D60)

= �
X

k

hdk|dkik +
|z0 · Z|2

||z0||2
� ||z0||2

�����Y � z0 · Z
||z0||2

�����

2

. (D61)

We can see that in the final form, we have separated out the dependence of the terms on the various parts of I, Em, Ed:
z0 depends on I, Em/�, and Ed/{⌧c, D} (see Eq. (D41)), Z depends on I and Ed (see Eq. (D35)), and the term Y

depends on the distance D and phase �.
If we multiply the likelihood L (derived from the log-likelihood in Eq. (D61)) with a prior ⇧ over the various

extrinsic parameters in Ed/m and integrate, we get the evidence integral for fixed values of intrinsic parameters, which
is formally the probability of seeing the data that we do under the hypothesis that it contains a gravitational wave
signal with known intrinsic parameters I.

p(d|I) =
Z

d⇧(Em, Ed)L(I, Em, Ed). (D62)

If we have the alternative hypothesis that the data is composed of pure Gaussian random noise, the probability of
the data in that case is

p(d|noise) = exp

 
�1

2

X

k

hdk|dkik

!
. (D63)

According to the Neyman-Pearson Lemma, the optimal detection statistic is the ratio of the two probabilities

p(d|I)
p(d|noise) =

Z
d⇧(Em, Ed) exp

0

@1

2

2

4 |z0 · Z|
2

||z0||2
� ||z0||2

�����Y � z0 · Z
||z0||2

�����

2
3

5

1

A. (D64)

LikelihoodPrior Extrinsic parameters: 

• Inclination

• Orbital phase

• RA

• Dec

• Polarization angle

• Distance

• Merger time

28

exp
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||z0||3 g (|ẑ0 · Z|) , (D81)

where �D denotes the Dirac-delta function. Without loss of generality, let us assume the common merger time ⌧c is
that seen in the first detector. The integral over ⌧c in Eq. (D81) then fixes ⌧c = ⌧0. Defining �⌧k = ⌧k � ⌧0 for k > 0,
we have

p(d|I)
p(d|noise) =

4⇡⇧0D
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⇣
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⌘�
||z0||3 g (|ẑ0 · Z|) . (D82)

Given the structure of the integral in Eq. (D81), we can use the following sequence of steps to evaluate it using a
Monte-Carlo method:

1. Discretize the arrival times in each detector, ⌧k, on a time grid that we choose to be fine enough to capture any
structure in the Z(⌧k) timeseries. Select a tuple of arrival times (· · · , ⌧k, · · · ) (i.e., a cell in the Nd-dimensional
space of times, where Nd is the number of detectors) with each component ⌧k picked according to a probability

⇠ exp
⇣

1

2
|Zk(⌧k)|2

⌘
.

2. In general, not all tuples are physically realizable, for two reasons. The first is simple: physically-realizable delays
�⌧k between detectors k and 0 are bounded. The second reason is more subtle: given several detectors (number
Nd > 3), physically realizable arrival times live inside a three-dimensional subspace of the Nd dimensional space
of the ⌧k (or two-dimensional for the �⌧k with k > 0), with degrees of freedom corresponding to a free global
arrival time, and the two degrees of freedom on the sky.

3. If the cell corresponding to the given tuple (· · · , ⌧k, · · · ) does not intersect the physical subspace, the contribution
of this sample to the integral is zero (i.e., the argument of the delta function in Eq. (D82) never hits zero). If
the cell intersects the physical surface, the delta function picks up a factor of the fraction of the total sky-area
that produces delays contained within the cell.

4. To account for the final terms
R
(dµ/2) d /(2⇡) · · · , we can pick a random point in the sky area within the

cell, as well as the range of µ and  , and record the sample’s contribution to the integral as the integrand
multiplied by the fraction of the sky-area with delays contained within the cell, and a normalization constant
for the probability distributions over times ⌧k.

To facilitate steps 3 and 4 above, we discretize the sky into cells of equal area (to a high enough angular resolution),
compute the tuples of delays corresponding to each discretized sky-cell’s center, record which delay-cell it lies in, and
build up a dictionary that maps a given delay-cell (i.e., cell in �⌧k) to all the sky-cells that produced delays consistent
with this delay-cell.
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TABLE II: Hanford–Livingston coincident events already reported in the GWTC-2.1 catalog [3] and the 3-OGC catalog [5] as
detected by our pipeline. Three events found by LVC in Hanford–Livingston coincidence were vetoed in our search:
GW190521, GW190924 021846, and GW190403 051519. The following events are not included in this table because they were
detected in Livingston–Virgo or Hanford–Virgo coincidence, or single detector search, all of which we have yet to run:
GW190910 112807, GW190925 232845, GW190620 030421, GW190630 185205, GW190708 232457, and GW190814. The
inverse false alarm rate (IFAR) values in the GWTC-2.1 column were taken from the highest (most recent) version number of
each event in the GWOSC catalog (https://www.gw-openscience.org/eventapi/json/GWTC-2.1-confident/), which
corresponds to whichever LVC pipeline achieved the highest astrophysical probability for that event in the GWTC-2.1
analysis. The 3-OGC column was taken from the catalog summary data on the GitHub listed in the publication
(https://raw.githubusercontent.com/gwastro/3-ogc/master/3-OGC_top.txt).

Event Name Bank ⇢2H ⇢2L pastro
IFAR (yr)

IASa | GWTC-2.1 | 3-OGC

GW190403 051519 (4, 0) 23.1 29.7 — Veto 0.13 —

GW190408 181802 (3, 0) 95.4 109.2 1.00 > 1000 > 1000 > 1000

GW190412 053044 (2, 0) 76.2 245.5 1.00 > 1000 > 1000 > 1000

GW190413 052954 (4, 0) 26.7 50.5 0.83 4.2 1.2 1.4

GW190413 134308 (4, 2) 30.1 62.3 1.00 > 1000 2.9 6.4

GW190421 213856 (4, 1) 68.0 42.0 1.00 > 1000 71.4 > 1000

GW190426 190642 (5, 5) 24.1 42.7 0.33 0.19 0.24 —

GW190503 185404 (3, 1) 83.2 57.7 1.00 > 1000 > 1000 > 1000

GW190512 180714 (2, 0) 39.4 119.4 1.00 > 1000 > 1000 > 1000

GW190513 205428 (3, 0) 78.0 66.0 1.00 > 1000 > 1000 > 1000

GW190514 065416 (4, 1) 38.9 31.7 0.98 290 0.36 0.19

GW190517 055101 (3, 1) 48.7 58.5 1.00 > 1000 9.1 66.1

GW190519 153544 (4, 2) 81.6 128.7 1.00 > 1000 > 1000 > 1000

GW190521 030229 (5, 5) 65.0 129.8 — Veto 769 805

GW190521 074359 (3, 1) 142.3 431.3 1.00 > 1000 > 1000 > 1000

GW190527 092055 (3, 1) 27.4 46.9 0.92 10.8 4.3 0.37

GW190602 175927 (4, 3) 41.9 111.6 1.00 > 1000 > 1000 391

GW190701 203306 (2, 2) 25.1 53.8 0.23 0.084 1.8 0.13

GW190706 222641 (4, 3) 91.3 79.2 1.00 > 1000 2.9 > 1000

GW190707 093326 (1, 0) 63.7 97.5 1.00 > 1000 > 1000 > 1000

GW190719 215514 (3, 1) 37.0 33.2 0.90 8.5 1.6 0.25

GW190720 000836 (1, 0) 44.7 62.3 1.00 > 1000 10.6 559

GW190725 174728 (1, 0) 31.3 59.1 0.96 34.2 2.2 0.41

GW190727 060333 (4, 0) 76.0 61.3 1.00 > 1000 > 1000 > 1000

GW190728 064510 (1, 0) 58.4 110.1 1.00 > 1000 > 1000 > 1000

GW190731 140936 (3, 1) 28.9 39.6 0.76 2.1 0.53 0.43

GW190803 022701 (3, 1) 30.6 43.7 0.94 15.7 2.6 2.4

GW190805 211137 (4, 1) 18.8 54.8 0.81 3.3 1.6 —

GW190828 063405 (3, 1) 112.6 142.3 1.00 > 1000 > 1000 > 1000

GW190828 065509 (2, 1) 54.5 53.6 1.00 > 1000 > 1000 > 1000

GW190909 114149b (3, 1) 31.3 32.4 0.52 0.45 0.010 —

GW190915 235702 (3, 0) 92.4 71.1 1.00 > 1000 > 1000 > 1000

GW190916 200658 (4, 2) 27.1 36.5 0.93 20.7 < 0.001 0.22

GW190917 114629 (0, 0) 26.8 40.6 0.35 0.17 1.5 —

GW190924 021846 (1, 0) 31.9 94.9 — Veto > 1000 > 1000

GW190926 050336 (3, 1) 45.3 31.4 0.96 25.3 0.91 0.27

GW190929 012149 (5, 2) 40.2 51.2 1.00 > 1000 6.2 3.1

GW190930 133541 (1, 0) 41.1 55.6 1.00 > 1000 55.6 295

a
The inverse false alarm rates (IFARs) are computed within each bank.

b
The LVC reduced GW190909 114149 to the marginal candidate list between GWTC-2 [4] and GWTC-2.1 [3], so we include it here

since our recovery with pastro = 0.52 is not the first detection. We leave other marginal LVC candidates (such as GW190531 023648

and GW190426 152155) o↵ this list since they were sub-threshold in our analysis as well.

Results on known candidates

5

TABLE I: New events with pastro > 0.5. The parameter ranges are the results of PE with the waveform model
IMRPhenomXPHM, which includes higher harmonics and precession, unlike the waveforms used to generate the template bank.
The sampling priors are uniform in detector-frame constituent masses, e↵ective spin, and comoving V T . The PE also takes
into account the data from the Virgo detector when available, unlike the search. Likelihoods marked with an asterisk include
the contribution from Virgo.

Name Bank m1(M�) m2(M�) �e↵ z lnLmax ⇢2H ⇢2L IFAR (yr)a pastro

GW190707 083226 (4, 2) 52+17

�12
32+12

�11
�0.2+0.5

�0.6 0.6+0.4
�0.3 43.9 37.0 31.5 23.2 0.94

GW190711 030756 (3, 1) 80+50

�40
18+11

�7
0.2+0.3

�0.7 0.41+0.24
�0.16 49.5 19.8 60.7 11.2 0.93

GW190818 232544 (4, 3) 67+23

�19
38+17

�15
0.7+0.2

�0.3 1.0+0.6
�0.4 40.5⇤ 33.0 32.0 3.4 0.81

GW190704 104834 (0, 0) 7+6

�2
3.2+1.2

�1.1 0.20+0.27
�0.14 0.10+0.03

�0.03 48.7⇤ 47.0 32.1 2.8 0.81

GW190906 054335 (3, 1) 37+12

�8
24+8

�8
0.1+0.4

�0.5 0.9+0.4
�0.3 34.1⇤ 23.6 38.1 0.73 0.61

GW190821 124821 (1, 0) 7.6+3.9
�1.7 4.0+1.0

�1.1 �0.45+0.33
�0.17 0.17+0.06

�0.06 48.5⇤ 28.1 49.4 0.71 0.60

GW190814 192009 (5, 4) 68+28

�19
48+21

�18
0.5+0.4

�0.6 1.5+0.8
�0.7 25.2 29.9 33.4 0.65 0.64

GW190910 012619 (1, 1) 34+3

�3
2.9+0.3

�0.2 �0.87+0.19
�0.11 0.16+0.04

�0.04 40.2⇤ 35.7 32.1 0.65 0.58

GW190920 113516 (0, 0) 6.0+3.3
�1.5 3.2+0.9

�1.0 0.60+0.26
�0.07 0.13+0.05

�0.05 40.7 26.4 48.0 0.56 0.57

GW190718 160159 (1, 0) 10.0+4.5
�1.8 6.8+1.4

�2.1 0.73+0.10
�0.17 0.28+0.10

�0.09 41.1⇤ 23.5 47.6 0.48 0.53

a
The inverse false alarm rates (IFARs) are computed within each bank and are given in terms of years based on a total analysis time of

106 days for Hanford–Livingston coincidence.

fective spin, and comoving volume-time (V T ), with other
extrinsic parameters drawn from standard geometric pri-
ors (i.e., isotropic orientation angles and locally uniform
coalescence time). Redshifts are computed using a ⇤ cold
dark matter (⇤CDM) cosmology with Planck15 results
[94].

More detail on the priors for intrinsic parameters can
be found in Zackay et al. [87], and a comparison of the flat
e↵ective spin prior with the isotropic spin prior used in
other catalogs [3, 5] is given in Section II of Olsen et al.
[86]. One observation that can be made about several
events in Table I is that the lnLmax achieved in PE was
significantly larger than half the sum of the pipeline’s
squared SNR in Hanford and Livingston. Analytically,
the maximum (coherent) network squared SNR is equiv-
alent to twice the log of the maximum likelihood ratio
for that same model and data, so the di↵erence evidently
comes from the additional information incorporated in
the PE that does not enter into the pipeline SNR: Virgo
data (when available) and a waveform model that in-
cludes the e↵ects of higher-order multipole modes and
spin precession (IMRPhenomXPHM [93]). This suggests
that future searches incorporating these e↵ects might find
those detections to be substantially more secure. We
cannot yet precisely quantify the statistical significance
of this di↵erence, but it motivates the development of
such search algorithms. In the remainder of this section,
we briefly comment on the properties of each of the new
source binaries.

A. High-mass sources

a. GW190707 083226 This event is our most se-
cure new detection, with pastro = 0.94. The primary
BH mass posterior extends to the UMG, although m1 =
52+17

�12
M� does not place it confidently above 45M� (see

Fig. 6). The e↵ective spin is consistent with zero and
there is no preference for precessing signals in the poste-
rior. The maximum likelihood sample has non-negligible
contribution from higher-order multipole modes, with the
whitened (`, |m|) = (2, 1) amplitude becoming compara-
ble to the fundamental mode near 100Hz in Livingston.
The (`, |m|) = (3, 3) gives the dominant contribution for
f 2 [150, 200]Hz, and above 200Hz the (4, 4) mode is the
leading order amplitude. The presence of higher modes
is expected due to a combination of the high total mass
(93M�), unequal masses (m2/m1 ⇡ 0.23), and an incli-
nation that does not favor the fundamental mode (◆ ⇡ 1.2
rad).
b. GW190711 030756 This event, with a high

pastro = 0.93, presents a mass ratio significantly di↵er-
ent from unity, a mildly positive e↵ective spin, and pri-
mary mass that is most likely in the UMG (see Fig. 7).
In comparing the PE results with the search we find
2 lnLmax � ⇢

2

H
� ⇢

2

L
⇡ 18, which indicates that this

event would likely be even more secure in future searches
with templates that include higher modes and preces-
sion. This is supported by the result that PE with IMR-
PhenomD [99]–the same aligned-spin fundamental mode
approximant used in the search–does not produce pos-
teriors covering the higher likelihood region at extreme
mass ratio (see Fig. 3a). There is some preference for
precessing waveforms in the posterior (see Fig. 3c), and

New candidates
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(a) Comoving Posteriors (b) Multipole Mode Content (c) In-Plane Spin

FIG. 3: A closer look at the posteriors for GW190711 030756. Panel (a) shows the di↵erences in constituent masses and
e↵ective spin between the parameter estimation with IMRPhenomXPHM [93], which has higher harmonics and generic spins,
versus IMRPhenomD [99], which has only the fundamental mode and aligned spins. The contours indicate 50% and 90%
confidence intervals, and the stars indicate the maximum likelihood sample in each posterior. In panel (b) we plot the
whitened waveform of the maximum likelihood sample broken down by multipole modes sharing the same value of m (this is
what determines a mode’s frequency clocking). The maximum likelihood sample has a primary BH mass of 147M� and a
secondary mass of 8M� at redshift 0.26, with an e↵ective spin of 0.25 and a strongly precessing primary tilted at 63� from the

orbital angular momentum and having dimensionless in-plane spin magnitude
q

�2

1,x + �2

1,y = 0.59. The whitened detector

strain is labeled ‘Data’ and is low-passed before plotting to contain frequencies below 256 Hz for ease of visualization (note
that the template contains no weight above 200 Hz). In panel (c) we plot the in-plane spin posterior for the primary BH,
which is clearly pulled away from the prior (uniform within each disk of constant �j,z) by a coherent peak in the likelihood
manifold at nonzero tilt away from alignment. The 50% and 90% contours represent the full posterior, but for visualization
we scatter only every eighth sample with L/Lmax > e�15 (the black star indicates the maximum likelihood sample).

there is evidently a contribution from higher harmonics
in the extreme mass ratio solution. In the maximum
likelihood sample (see Fig. 3b), the amplitudes of the
(`, |m|) = (3, 3) and (4, 4) modes overtake the fundamen-
tal mode at frequencies above 90 Hz and 100 Hz, respec-
tively. The strength of higher harmonics near the peak of
the likelihood makes this a good candidate for quasinor-
mal mode analysis similar to that of Capano et al. [12] in
their study of the GW190521 ringdown. The primary BH
mass posterior’s 90% confidence interval extends beyond
125M�, meaning that the extreme mass ratio solution
consists of an IMBH merging with a stellar mass BH.

c. GW190818 232544 This event, with pastro =
0.81, has similar masses to GW190707 083226 but has
a very large and positive e↵ective spin at high confi-
dence: �e↵ = 0.7+0.2

�0.3 (see Fig. 8). The inferred mass of

67+23

�19
M� puts the primary BH in the UMG, while the

secondary is fairly heavy but can easily avoid the UMG.
This source joins a pileup of events with total mass near
100M� and positive e↵ective spin (see Fig. 1). There is
no indication of precession and the maximum likelihood
waveform has a similar (`, |m|) = (3, 3) and (4, 4) contri-
bution to GW190707 083226, but with the (2, 1) mode
losing significance.

d. GW190814 192009 This event, with pastro =
0.64, is not the most marginal in the statistical sense,
yet it poses challenges in PE due to its low coherent
network SNR. Both bank searches and likelihood max-
imization methods can find higher likelihood solutions
at lower masses, but the increase in SNR is not enough
to outweigh the look-elsewhere penalty we apply to low-
mass candidates due to the large numbers of templates
in that region of parameter space. More importantly, the
coherence between detectors is weak in the sense that the
coherent score with bank templates (no higher modes,
aligned spins) and the likelihood maximization with IM-
RPhenomXPHM (higher modes, generic spins) both con-
verge on two-detector coherent results which are signif-
icantly lower than the sum of the same maximization
methods performed on individual detectors. The over-
all result is that the two-detector likelihood manifold has
comparable peaks throughout a vast region of intrinsic
parameter space, which means that priors may have a
heavy hand in determining the inferred parameters. For
this reason we cannot be confident that the inferred red-
shift of z = 1.5+.8

�.7 indeed makes this the farthest ever
detected GW signal (see Fig. 11). If real, however, this
may be the most distant source to date. Note that, de-



Tejaswi Venumadhav

Interesting new events

• Events with BH masses in the lower and upper mass 
gaps 

14

nates, which will be described in detail in the cogwheel
release paper, are carefully designed to minimize corre-
lations throughout the intrinsic and extrinsic parameter
space. These coordinate choices improve the sampling ef-
ficiency and reduce the risk of pathological convergence.
While the new coordinates do improve spin measure-
ments, the e↵ective spin remains the only consistently
well-measured spin variable, so we do not include any
additional spin parameters in these corner plots. No-
tably, there is not a reliable way to quantify precession
in the population, although Gerosa et al. [137] have de-
veloped generalized precession parameters to this end
which may prove informative as measurements improve
in other spin dimensions. As seen in Fig. 3c, our pre-
ferred visualization method for examining precession in
an individual event is a likelihood mapping of the in-
plane spin posterior for the primary BH. We provide code
to produce these plots in the public repository with the
samples: https://github.com/seth-olsen/new_BBH_
mergers_O3a_IAS_pipeline.

FIG. 5: GW190704 104834 has pastro = 0.81 and a
secondary which may be a BH in the LMG or a heavy NS.
This source should be targeted by searches for EM
counterparts of NSBH mergers (sky localization, which is
well-constrained, is presented in Fig. 4).

FIG. 6: GW190707 083226 has pastro = 0.94 and the
maximum likelihood region has a significant contribution
from higher harmonics.

FIG. 7: GW190711 030756 has pastro = 0.93 and the
likelihood favors an extreme mass ratio solution whose
primary is a precessing IMBH (see Figures 3a, 3b, 3c)

.
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FIG. 8: GW190818 232544 has pastro = 0.81, a primary BH
in the UMG, and a very large and positive e↵ective spin at
high confidence.

FIG. 9: GW190906 054335 has pastro = 0.61 and the BH
masses are favorable for optimizing the intrinsic luminosity,
which helps to explain why the inferred redshift places it
farther than every event in GWTC-2.1 [3] except for
GW190403 051519.

FIG. 10: GW190821 124821 pastro = 0.61 and might be
considered more secure in future searches where we
incorporate Virgo data in the ranking score and use
templates with higher harmonics and precession. The
source’s e↵ective spin is negative and the secondary BH is in
the LMG, both at 90% confidence.
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The distribution of e↵ective spin �e↵ , a parameter that encodes the degree of spin–orbit alignment
in a binary system, has been widely regarded as a robust discriminator between the isolated and
dynamical formation pathways for merging binary black holes. Until the recent release of the
GWTC-2 catalog, such tests have yielded inconclusive results due to the small number of events
with measurable nonzero spins. In this work, we study the �e↵ distribution of the binary black holes
detected in the LIGO–Virgo O1–O3a observing runs. Our focus is on the degree to which the �e↵

distribution is symmetric about �e↵ = 0 and whether the data provides support for a population
of negative-�e↵ systems. We find that the �e↵ distribution is asymmetric at 95% credibility, with
an excess of aligned-spin binary systems (�e↵ > 0) over anti-aligned ones. Moreover, we find that
there is no evidence for negative-�e↵ systems in the current population of binary black holes. Thus,
based solely on the �e↵ distribution, dynamical formation is disfavored as being responsible for
the entirety of the observed merging binary black holes, while isolated formation remains viable.
We also study the mass distribution of the current binary black hole population, confirming that
a single truncated power law distribution in the primary source-frame mass, m1s, fails to describe
the observations. Instead, we find that the preferred models have a steep feature at m1s ⇠ 40M�
consistent with a step and an extended, shallow tail to high masses.

I. INTRODUCTION

The growing number of gravitational wave sources
observed by the LIGO and Virgo detectors is leading
to an improved picture of the astrophysical population
of binary mergers. The recent release of the second
Gravitational-Wave Transient Catalog, GWTC-2 [1], by
the LIGO–Virgo Collaboration (LVC) has roughly tripled
the sample size of observed binary black hole mergers [2–
8] and is starting to o↵er hints about the astrophysical
origin of these binary systems [9–12].

Indeed, the distribution of binary black hole param-
eters (e.g. masses, spins, redshift) is an observable that
allows us to test models of formation pathways for these
systems. Proposed scenarios include dynamical assem-
bly and hardening of binary black holes in dense stellar
environments, such as globular clusters [13–21], nuclear
star clusters [22, 23], and young stellar clusters [24–27];
isolated evolution of a binary star in the galactic field,
which undergoes either a common envelope phase [28–
43] or a chemically homogeneous evolution [44–46]; and
binary mergers prompted by interactions with a super-
massive black hole [47], gas and stars in the accretion
disk of an active galactic nucleus [48–50], or additional
companions in higher-multiplicity systems [51–55].

Since the individual components of the dimensionless
spin vectors �1 and �2 are hard to measure [56–58] and
their directions generally evolve with time due to preces-
sion [59, 60], a well-known e↵ective aligned-spin param-

eter was introduced [61–63]

�e↵ :=
�1 + q�2

1 + q
· L̂, (1)

where L̂ is the unit vector along the Newtonian orbital
angular momentum of the binary, q = m2/m1  1 is the
mass ratio. The e↵ective spin is motivated by the fact
that it can be measured relatively precisely in the data,
and is approximately conserved throughout the binary
coalescence after orbit averaging [61]. No less important,
two of the main broad classes of binary black hole forma-
tion channels make predictions about qualitative features
of the e↵ective spin distribution that are robust to model
uncertainties. Dynamical formation channels in general
predict that the spins and orbit should be isotropically
distributed and uncorrelated with each other. In partic-
ular, this implies that for these systems the �e↵ distribu-
tion is symmetric about 0. Isolated formation channels
instead predict correlations in the spins and orbit direc-
tions due to mass transfer episodes or tidal interactions
between the component stars. As a result, the isolated
scenario predicts a distribution of �e↵ with little sup-
port at negative values. Within this channel, a small
fraction of mergers with negative �e↵ could still possi-
bly be explained by anisotropic supernova explosions at
the black holes formation, which impart a natal kick that
can change the plane of the orbit and thus the value of
�e↵ [64, 65]. However, if these kicks were strong enough
to invert the direction of the orbit in a sizeable fraction
of the cases, they would also unbind the binaries so fre-

Roulet et. al., (2021)
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interpretation. In the middle panel of Fig. 1, we plot the
empirical distribution of �e↵ correcting for this observa-
tional bias. The bias is computed as follows: for each
event, we compute the weight factor

w = hVno spin/V i, (2)

which is inversely proportional to the sensitive volume V
to the corresponding event. Here, we approximate V of
a source that has (detector-frame) intrinsic parameters
✓int = {m1,m2,�1z,�2z} as

V (✓int) / ⇢30(✓int), (3)

with ⇢0 the single-detector signal-to-noise ratio (SNR)
of an overhead, face-on source at a fiducial luminosity
distance with a fiducial sensitivity. Vno spin is defined
similarly but with �1z = �2z = 0. For simplicity, we set
the in-plane spin components to zero and neglect cosmo-
logical evolution throughout this computation. We then
average the ratio of these two volumes over the posterior
distribution of each event in order to obtain the weight
w. In the middle panel of Fig. 1, we see that many of the
events that deviate most significantly away from �e↵ = 0
have small values of �e↵ and hence a small impact in
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NtrigY
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✓
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����
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+ 1� pastro,i(�0)

◆
. (4)

Here, Na(�) is the expected number of triggers of astro-
physical origin under the population model � (as opposed
to detector noise), over a fixed and arbitrarily chosen de-
tection threshold; dNa(�)/dNa(�0)|di is the ratio of ex-
pected densities, in data space, of astrophysical triggers
similar to that of the ith event between the population
model � and a fixed, arbitrary reference model �0; and
pastro,i(�0) is the probability of astrophysical origin of the
ith trigger under the reference population model. The
data space contains observable quantities that carry in-
formation about the astrophysical population, like mea-
sured detector strains and derived detection statistics.

Roulet et. al., (2020, 2021)
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All the quantities described above depend on the search
pipeline used; in addition, Na(�) and the set of triggers
itself depend on the detection threshold chosen. Three
ingredients are required in order to estimate these quan-
tities: a set of software injections labeled by whether
they exceed the detection threshold, to quantify the sen-
sitivity of the search; posterior samples characterizing
the parameters of each individual event; and the set of
{pastro,i(�0)} encoding the events’ significance [73].

Equation (4) naturally factors into the product of like-
lihoods from searches on disjoint datasets, such as dif-
ferent observing runs. Since the full strain data from
observing runs O1 and O2 are publicly accessible [102],
for these data sets we base our analysis on our searches
for binary black holes [7, 103, 104]. The strain data for
O3a has also recently been released, and analyzed by Nitz
et al. [84] when this work was close to completion; we do
not include these results here. The LVC provides a set of
software injections with FAR estimates from the search
pipelines they used (cWB, GstLAL, PyCBC and PyCBC
BBH) [105], and the GWTC-2 catalog itself which re-
ports {pastro,i} for the latter 3 pipelines [1]. For O3a we
use these data products, which are adequate for comput-
ing the quantities in Eq. (4) with the following caveat.
Our method requires knowing {pastro,i(�0)} under some
specific astrophysical model, which was not explicited
in the GWTC-2 release. We take two alternative ap-
proaches: (i) we conservatively consider only O3a events
that are in the gold sample, so that all pastro = 1 under
any model allowed by observations; or (ii) we consider
the same O3a binary black hole mergers as in Ref. [9]—
i.e. with an inverse false-alarm rate IFAR > 1 yr in any
pipeline and excluding GW190814—taking the reported
pastro at face value and assigning it to an arbitrary model
�0 featuring a broad distribution in black hole parame-
ters, described below. We will refer to these two samples
as GWTC-1 + IAS + Gold O3a and GWTC-1 + IAS +
GWTC-2, respectively. We will find that our conclusions
are not strongly a↵ected by the sample used. We imple-
ment the sample choices by setting appropriate thresh-
olds on the IFAR, which are reported for both events
and injections in GWTC-2. The O3a injections do not
report whether they fall near a glitch (one of the criteria
of the gold sample), but these should be present in only
a few percent of the events given the reported rate of
⇠ 1 glitch/min [1].

Following [73], we adopt a fiducial population model �0

that is described by the following distribution function:

f(m1s, q,�e↵ , DL | �0
0) / m�↵0

1s D2
L, (5)

where DL is the luminosity distance and ↵0 = 2.35. We
adopted the �0 notation for the parameters that control
the shape of the distribution, while the rate R controls
its normalization, i.e. � = (R,�0). The ranges of the
parameters in Eq. (5) are taken to be m1min < m1s <
m1max and qmin < q < 1, where m1min = 3M�, m1max =
120M� and qmin = 1/20.

FIG. 2. Sketch of the functional form Eq. (6), which we use
to parametrize the �e↵ distribution as the sum of three sub-
populations. These subpopulations have positive, negative or
zero e↵ective spins, with each described by truncated Gaus-
sians that peak at �e↵ = 0. We use three independent shape
parameters: the width of the positive and negative distribu-
tions, ��eff , which are constrained to be equal, and the three
branching ratios ⇣j which sum to unity. For technical reasons,
we fix the width of the �e↵ ⇡ 0 subpopulation to have a small
but non-vanishing dispersion of �0 = 0.04.

B. Spin distribution

Motivated by Fig. 1 and the discussion in Sections I
and III, as well as Refs. [9, 71], we will consider a phe-
nomenological model for the e↵ective spin distribution
that allows us to explore the degree of symmetry of the
distribution about �e↵ = 0. This model will also allow us
to quantify the support for positive and negative values
of �e↵ in the population.
Firstly, we model the e↵ective spin distribution as a

mixture of three subpopulations with negative, zero, and
positive �e↵ :

f�eff (�e↵ | ⇣pos, ⇣neg,��eff ) = ⇣0N (�e↵ ;�0 = 0.04)

+ ⇣negN<0(�e↵ ;��eff )

+ ⇣posN>0(�e↵ ;��eff ) .

(6)

Here, the various parameters ⇣j 2 [0, 1] are the branch-
ing ratios for each subpopulation, constrained to have
unit sum; N (x;�) is the normal distribution with zero
mean, dispersion �, truncated at x = ±1; N<0(x;�) is
a similar normal distribution but truncated at x = �1
and x = 0, while N>0(x;�) is truncated at x = 0 and
x = 1. The functional form Eq. (6) is sketched in Fig. 2
for a particular choice of parameters. Note that we have
enforced the dispersion parameters of the positive and
negative subpopulations to be equal, such that setting
⇣pos = ⇣neg yields a �e↵ distribution symmetric about
zero. For the �e↵ ⇡ 0 subpopulation, we adopt a small
(relative to typical measurement uncertainties) but non-
vanishing dispersion �0 = 0.04 in order to ensure that
the reweighting procedure used in our algorithm is well
behaved [73].

In this Section we will only vary the e↵ective spin dis-
tribution, while the remaining spin components are as-
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sumed to follow the parameter estimation prior described
in Section II. For the other binary black hole parameters,
we will assume the following fixed distribution :

f(�e↵ ,m1s, q,DL) = f�eff (�e↵)fm1s(m1s)fq(q)fDL(DL).
(7)

Following Abbott et al. [9] we adopt a broken power-law
distribution for the primary mass:

fm1s(m1s) /

8
>>>>><

>>>>>:

0, m1s < 5M�✓
m1s

mbreak

◆�↵1

, 5M� < m1s < mbreak

✓
m1s

mbreak

◆�↵2

, mbreak < m1s,

(8)
with ↵1 = 1.6, ↵2 = 5.6, mbreak = 40M�. For simplic-
ity, we adopt a mass-ratio distribution that is uniform in
1/20 < q < 1 and take the distance distribution to be
uniform in comoving volume-time.

We use the likelihood in Eq. (4) to obtain a posterior
distribution for the population parameters, by adopting
a Je↵reys prior for the overall merger rate ⇡(R | �0) /p

Na(R,�0)/R; recall that �0 are the shape parameters
(⇣pos, ⇣neg,��eff ). For these we adopt a uniform prior
⇡(�0) = const. This prior is invariant to the choice of

FIG. 3. Constraints on the model parameters of the popula-
tion model Eq. (6). We see that a �e↵ distribution symmetric
about 0 (black dashed line), with ⇣pos = ⇣neg, is disfavored
by the data. In addition, the population is consistent with
having no negative-spin subpopulation. The two-dimensional
contours enclose the 50% and 90% credible regions. Parame-
ter values (median and 90% confidence level) are reported for
the GWTC-1 + IAS + Gold O3a sample.

� max ln L � ln Z
Symmetric �e↵ 0 0
Positive �e↵ 2.1+0.5

�0.4 1.6+0.5
�0.3

Positive/Negative mixture �e↵ 2.1+0.5
�0.4 1.4+0.4

�0.2

Gaussian �e↵ 0.2+0.7
�0.6 �0.2+0.6

�0.8

TABLE I. Scores for models of the �e↵ distribution. Di↵er-
ence in the maximum log likelihood and log evidence relative
to the �e↵ model symmetric about zero, ⇣pos = ⇣neg. Er-
ror bars indicate the 90% confidence level and account for
stochastic errors due to the finite number of injections and
parameter samples used, and are estimated with 100 boot-
strap realizations of the analysis similarly to [73].

which two out of the three branching ratios are used to
parametrize the distribution.

We show our constraints on the parameters of this
model in Fig. 3, for the two samples used. We find
two remarkable results: first, 95% of the posterior lies
at ⇣pos > ⇣neg and a �e↵ distribution symmetric about
zero (⇣pos = ⇣neg, dashed line) is disfavored; second, the
population is consistent with ⇣neg = 0, i.e. no spins anti-
aligned with the binary orbit. These conclusions do not
depend on which of the two event samples are considered.

We quantify these statements using the Bayesian evi-
dence and maximum likelihood as model scores: we re-
port in Table I the scores achieved by the following mod-
els: a �e↵ distribution symmetric about zero given by
Eq. (6) with ⇣pos = ⇣neg, a positive �e↵ distribution set-
ting ⇣neg = 0, and the full mixture. The symmetric �e↵

model is representative of a scenario completely domi-
nated by dynamical formation in clusters, while the pos-
itive �e↵ model represents a case dominated by isolated
binaries—with the caveat that in this channel there ex-
ist mechanisms to achieve some spin–orbit misalignment,
e.g. supernova kicks.

The first result that positive �e↵ predominates over
negative is in general agreement with the analysis of Ab-
bott et al. [9]. Indeed, parametrizing the �e↵ distribution
with a Gaussian, they find that a positive mean is pre-
ferred; likewise, they favor spin orientation distributions
with at least some degree of anisotropy.

On the other hand, our second finding that there is
yet no evidence for negative �e↵ in the population is
in contrast with the results of Abbott et al. [9], who
found that all Gaussian fits to the observed �e↵ dis-
tribution had a sizable support at negative �e↵ . We
suggest that their result is contingent on the assumed
parametrization of the population as a Gaussian dis-
tribution, while our parametrization has more freedom
to accommodate features near �e↵ = 0. In partic-
ular, the maximum likelihood solution has parameters
(⇣pos, ⇣neg, ⇣0,��eff ) = (0.45, 0.00, 0.55, 0.23), featuring a
sharp peak at �e↵ ⇡ 0, a rapid decline at negative �e↵

and an extended tail at positive �e↵ which are hard to
capture with a single Gaussian. To test this hypothesis
we try a similar Gaussian model for the �e↵ distribution,
shown in Fig. 4. With this model, we indeed find good
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parameters in Eq. (5) are taken to be m1min < m1s <
m1max and qmin < q < 1, where m1min = 3M�, m1max =
120M� and qmin = 1/20.

FIG. 2. Sketch of the functional form Eq. (6), which we use
to parametrize the �e↵ distribution as the sum of three sub-
populations. These subpopulations have positive, negative or
zero e↵ective spins, with each described by truncated Gaus-
sians that peak at �e↵ = 0. We use three independent shape
parameters: the width of the positive and negative distribu-
tions, ��eff , which are constrained to be equal, and the three
branching ratios ⇣j which sum to unity. For technical reasons,
we fix the width of the �e↵ ⇡ 0 subpopulation to have a small
but non-vanishing dispersion of �0 = 0.04.

B. Spin distribution

Motivated by Fig. 1 and the discussion in Sections I
and III, as well as Refs. [9, 71], we will consider a phe-
nomenological model for the e↵ective spin distribution
that allows us to explore the degree of symmetry of the
distribution about �e↵ = 0. This model will also allow us
to quantify the support for positive and negative values
of �e↵ in the population.
Firstly, we model the e↵ective spin distribution as a

mixture of three subpopulations with negative, zero, and
positive �e↵ :

f�eff (�e↵ | ⇣pos, ⇣neg,��eff ) = ⇣0N (�e↵ ;�0 = 0.04)

+ ⇣negN<0(�e↵ ;��eff )

+ ⇣posN>0(�e↵ ;��eff ) .

(6)

Here, the various parameters ⇣j 2 [0, 1] are the branch-
ing ratios for each subpopulation, constrained to have
unit sum; N (x;�) is the normal distribution with zero
mean, dispersion �, truncated at x = ±1; N<0(x;�) is
a similar normal distribution but truncated at x = �1
and x = 0, while N>0(x;�) is truncated at x = 0 and
x = 1. The functional form Eq. (6) is sketched in Fig. 2
for a particular choice of parameters. Note that we have
enforced the dispersion parameters of the positive and
negative subpopulations to be equal, such that setting
⇣pos = ⇣neg yields a �e↵ distribution symmetric about
zero. For the �e↵ ⇡ 0 subpopulation, we adopt a small
(relative to typical measurement uncertainties) but non-
vanishing dispersion �0 = 0.04 in order to ensure that
the reweighting procedure used in our algorithm is well
behaved [73].

In this Section we will only vary the e↵ective spin dis-
tribution, while the remaining spin components are as-
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FIG. 4. Constraints assuming a Gaussian model for the �e↵

distribution. The black dashed line corresponds to ��eff =
�e↵ , models above the line have sizable support at negative
�e↵ . Thus, contrary to Fig. 3, under this model one would
conclude that negative �e↵ are present in the population.

quantitative agreement with Abbott et al. [9, figure 11]
and would recover their same conclusions: we find that
models without support at negative �e↵ (��eff ⌧ �e↵)
are excluded. In Table I we see that the Gaussian model
performs worse than other models we tried, in particular
the model restricted to positive �e↵ . Abbott et al. [9]
did consider the possibility that their finding of negative
spins could be driven by the Gaussian parametrization.
Indeed, in Abbott et al. [9, figure 27] they show that
adding a free parameter �min

e↵ below which the Gaussian
is truncated, they exclude �min

e↵ � 0 at 99% credibility
and find that small negative values �0.2 . �min

e↵ . 0
are preferred. We interpret that the large number of
events at �e↵ ⇡ 0 drives the exclusion of positive �min

e↵ ,
furthermore, the fact that small negative values of �min

e↵
are preferred over large negative values indicates that the
Gaussian model �min

e↵ = �1, which motivated the claim
of existence of negative �e↵ systems, does not fit well the
observed population. We conclude that, while it is cer-
tainly possible that there are negative �e↵ systems in the
population, there is not enough evidence for them yet.

Within isolated formation channels, the fraction of
negative �e↵ systems ⇣neg is an indicator of typical natal
(supernova) kick velocities, larger kicks generally giving
larger ⇣neg. Gerosa et al. [65, figure 6] find that mea-
surements of ⇣neg to a precision better than 0.1 would
start putting meaningful constraints on kick velocities.
Our current bound ⇣neg . 0.3 is compatible with even

extreme kicks, but with a factor of few more detections
this would be a promising source of information.
We point out that the GWTC-1 + IAS + GWTC-2

sample di↵ers from that of the analysis in Abbott et al.
[9] in that it includes events in the IAS catalog. How-
ever, having included these events only weakens our con-
clusions due to the presence of GW170121, the confident
detection with the most support for negative �e↵ in the
sample.

C. Mass distribution

We now turn to the distribution of merging binary
black hole masses. Using data from the first two ob-
serving runs, several past studies have identified that the
primary mass distribution was well described by a power-
law truncated atmmax ⇡ 40M� [72, 73, 81, 82, 106]. The
third observing run revealed that the mass distribution
has a tail that extends to higher masses, and that mod-
els with more features, e.g. a broken power-law, were fa-
vored. One diagnostic that a single truncated power-law
did not fit the O3a data was that its inferred parameter
values experienced a large shift when including the new
events, in particular, mmax was found to increase from
40.8+11.8

�4.4 M� to 78.5+14.1
�9.4 M� [9].

As this development evidenced, one has to bear in mind
that with a finite number of events one cannot probe the
tail of the distribution arbitrarily far out. Thus, con-
straints obtained on the population are to be interpreted
as a characterization of the bulk of the distribution, up
to a quantile that depends on the number of events: with
Ntrig triggers, a fraction ⇠ O(1/Ntrig) of the distribution
cannot be probed; with the present sample this is at the
few-percent level. At this point we introduce a feature in
our analysis that makes this notion explicit: we add to
the model a second subpopulation of astrophysical trig-
gers that come from a broad parameter distribution �0

0
accounting for a small fraction ✏ of the total rate:

dNa

d✓
(✓ | �,�0

0, ✏) = R
⇥
(1� ✏)f(✓ | �0) + ✏f(✓ | �0

0)
⇤
; (9)

for ✏ = 0 we recover the previous analysis. Recall that
we call the distribution shape parameters �0, so that
� = (R,�0). For simplicity, we will fix the parameter
✏ = 0.05. This change makes little di↵erence for events
that are well described by the population model �, but
since the broad subpopulation can accommodate any of
its outliers, the model � is no longer forced to explain all
the observations. A practical advantage of this is that
we get a sensitive diagnostic that some specific events
may be poorly accommodated by the (ultimately arbi-
trary) parametrizations we chose, if they get classified
with high confidence as belonging to the other subpopu-
lation �0

0—evidencing that a model with more freedom is
needed to explain all events. We also construct a simple
goodness-of-fit test for the � model based on the Bayes
factor between a model with ✏ = 0 or a small fixed value

f(χeff ) ∼ 𝒩( ¯χeff , σχeff
)
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sumed to follow the parameter estimation prior described
in Section II. For the other binary black hole parameters,
we will assume the following fixed distribution :

f(�e↵ ,m1s, q,DL) = f�eff (�e↵)fm1s(m1s)fq(q)fDL(DL).
(7)

Following Abbott et al. [9] we adopt a broken power-law
distribution for the primary mass:

fm1s(m1s) /

8
>>>>><

>>>>>:

0, m1s < 5M�✓
m1s

mbreak

◆�↵1

, 5M� < m1s < mbreak

✓
m1s

mbreak

◆�↵2

, mbreak < m1s,

(8)
with ↵1 = 1.6, ↵2 = 5.6, mbreak = 40M�. For simplic-
ity, we adopt a mass-ratio distribution that is uniform in
1/20 < q < 1 and take the distance distribution to be
uniform in comoving volume-time.

We use the likelihood in Eq. (4) to obtain a posterior
distribution for the population parameters, by adopting
a Je↵reys prior for the overall merger rate ⇡(R | �0) /p

Na(R,�0)/R; recall that �0 are the shape parameters
(⇣pos, ⇣neg,��eff ). For these we adopt a uniform prior
⇡(�0) = const. This prior is invariant to the choice of

FIG. 3. Constraints on the model parameters of the popula-
tion model Eq. (6). We see that a �e↵ distribution symmetric
about 0 (black dashed line), with ⇣pos = ⇣neg, is disfavored
by the data. In addition, the population is consistent with
having no negative-spin subpopulation. The two-dimensional
contours enclose the 50% and 90% credible regions. Parame-
ter values (median and 90% confidence level) are reported for
the GWTC-1 + IAS + Gold O3a sample.

� max ln L � ln Z
Symmetric �e↵ 0 0
Positive �e↵ 2.1+0.5

�0.4 1.6+0.5
�0.3

Positive/Negative mixture �e↵ 2.1+0.5
�0.4 1.4+0.4

�0.2

Gaussian �e↵ 0.2+0.7
�0.6 �0.2+0.6

�0.8

TABLE I. Scores for models of the �e↵ distribution. Di↵er-
ence in the maximum log likelihood and log evidence relative
to the �e↵ model symmetric about zero, ⇣pos = ⇣neg. Er-
ror bars indicate the 90% confidence level and account for
stochastic errors due to the finite number of injections and
parameter samples used, and are estimated with 100 boot-
strap realizations of the analysis similarly to [73].

which two out of the three branching ratios are used to
parametrize the distribution.

We show our constraints on the parameters of this
model in Fig. 3, for the two samples used. We find
two remarkable results: first, 95% of the posterior lies
at ⇣pos > ⇣neg and a �e↵ distribution symmetric about
zero (⇣pos = ⇣neg, dashed line) is disfavored; second, the
population is consistent with ⇣neg = 0, i.e. no spins anti-
aligned with the binary orbit. These conclusions do not
depend on which of the two event samples are considered.

We quantify these statements using the Bayesian evi-
dence and maximum likelihood as model scores: we re-
port in Table I the scores achieved by the following mod-
els: a �e↵ distribution symmetric about zero given by
Eq. (6) with ⇣pos = ⇣neg, a positive �e↵ distribution set-
ting ⇣neg = 0, and the full mixture. The symmetric �e↵

model is representative of a scenario completely domi-
nated by dynamical formation in clusters, while the pos-
itive �e↵ model represents a case dominated by isolated
binaries—with the caveat that in this channel there ex-
ist mechanisms to achieve some spin–orbit misalignment,
e.g. supernova kicks.

The first result that positive �e↵ predominates over
negative is in general agreement with the analysis of Ab-
bott et al. [9]. Indeed, parametrizing the �e↵ distribution
with a Gaussian, they find that a positive mean is pre-
ferred; likewise, they favor spin orientation distributions
with at least some degree of anisotropy.

On the other hand, our second finding that there is
yet no evidence for negative �e↵ in the population is
in contrast with the results of Abbott et al. [9], who
found that all Gaussian fits to the observed �e↵ dis-
tribution had a sizable support at negative �e↵ . We
suggest that their result is contingent on the assumed
parametrization of the population as a Gaussian dis-
tribution, while our parametrization has more freedom
to accommodate features near �e↵ = 0. In partic-
ular, the maximum likelihood solution has parameters
(⇣pos, ⇣neg, ⇣0,��eff ) = (0.45, 0.00, 0.55, 0.23), featuring a
sharp peak at �e↵ ⇡ 0, a rapid decline at negative �e↵

and an extended tail at positive �e↵ which are hard to
capture with a single Gaussian. To test this hypothesis
we try a similar Gaussian model for the �e↵ distribution,
shown in Fig. 4. With this model, we indeed find good

Roulet et. al., (2021)
Also: Galaudage, S., et. al. (2021)



Tejaswi Venumadhav

Interesting future directions

• The improvements to the LIGO detector have largely left 
the low-frequency noise (<~60-70Hz) unaffected between 
the O2-O3 runs. What could be the reason?


• If this is mitigated and we approach “design” sensitivity, 
we should generically see more cycles in BBH 
waveforms. Are current waveform models good enough 
to analyze these signals?


• Can we include more physics (orbital precession + higher 
harmonics) into the signal models for searches?



Tejaswi Venumadhav

Summary

• The availability of the LVK data gives everyone in the community the 
opportunity to try out and propose new ideas and methods.


• We developed a new end-to-end analysis pipeline that incorporates 
several innovations


• We achieved an improvement in sensitive volume as quantified by the 
false alarm rates of known events and injections


• We have new candidate events in all the observing runs, above the 
thresholds for detection as defined by the LVC


• We also find interesting new results when we analyze the astrophysical 
population - the distribution of effective spins suggests a preference for 
positively aligned vs negatively aligned spins in the population


