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We apply neural posterior estimation for fast-and-accurate hierarchical Bayesian inference of
gravitational wave populations. We use a normalizing flow to estimate directly the population hyper-
parameters from a collection of individual source observations. This approach provides complete
freedom in event representation, automatic inclusion of selection effects, and (in contrast to likelihood
estimation) without the need for stochastic samplers to obtain posterior samples. Since the number
of events may be unknown when the network is trained, we split into sub-population analyses that
we later recombine; this allows for fast sequential analyses as additional events are observed. We
demonstrate our method on a toy problem of dark siren cosmology, and show that inference takes
just a few minutes and scales to ∼ 600 events before performance degrades. We argue that neural
posterior estimation therefore represents a promising avenue for population inference with large
numbers of events.

I. INTRODUCTION

Hierarchical Bayesian analysis (HBA) provides the sta-
tistical framework to combine individual gravitational
wave (GW) observations to answer questions about entire
populations. Starting from a population model ppop(θ|Λ)
for source parameters θ depending on population hyper-
parameters Λ, with prior p(Λ), HBA characterizes the
population in terms of the posterior distribution p(Λ|DC),
where DC is a catalog of GW observations. With over 100
observations by the LIGO-Virgo-KAGRA Collaboration
[1–7] to date [8], HBA has been used to constrain a wide
variety of population properties including mass and spin
distributions [9–33], and fundamental physics [34–47].

When combined with redshift information, GWs can
also be used to constrain cosmology. Indeed, the joint
GW and electromagnetic observation of GW170817—a
standard siren—constrained the Hubble constant H0 to
within ∼ 20% [48, 49]. However, the vast majority of
observations are of binary black holes, with no electro-
magnetic counterpart. In these cases, statistical dark
siren methods using HBA can nevertheless still place
constraints on cosmology. This can be done by either
correlating GW signals with galaxy catalogs [45, 50–56]
or by involving assumptions on the source binary mass
distribution [39, 40, 57–61].

Here, we focus on the mass spectrum method: given
a population model in the source frame, the predicted
distribution of detector frame masses1 and luminosity
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1 Recall the relation between detector frame masses md and source

distance depends on the population and the cosmological
parameters. By comparing this predicted distribution to
the one observed with gravitational waves (GWs), we can
therefore jointly constrain population and cosmological
parameters.

However, the current uncertainty on H0 from GW ob-
servations is much larger than from studies of the cosmic
microwave background [62] or supernovae [63] and it will
not be before O(104) binary black hole mergers [39, 59–
61], or several hundred binary neutron stars [64] that
their uncertainty will be comparable. Networks of fu-
ture detectors, such as the Einstein telescope (ET) and
Cosmic Explorer (CE), will provide the requisite large
number of observed events, reaching far into the cosmic
past. This will allow for the precise inference of cosmolog-
ical parameters, using bright sirens [65], in conjunction
with galaxy catalogs [66–71] and features in the mass
spectrum [57, 58, 71–73]. Conventional population analy-
ses (hierarchical Bayesian inference methods) require an
analytic population model, and are slow when analyzing
a large number of events. The large number of events of
the upcoming detector networks calls for new methods
for the measurement of the hyperparameters (e.g., H0)
with GW events.2

In this work, we apply neural posterior estimation to
population inference of GW signals. The specific illustra-
tive problem we set out to solve is to obtain constraints
on cosmological parameters through the dark siren mass

frame masses ms are related as md = (1 + z)ms. Throughout,
we assume the contribution from proper motion to be negligible
against the cosmological redshift.

2 Since the hyperparameters describe the overall distribution of
source parameters rather than the single-event ones, the extrac-
tion of the hyperparameters is also referred to as hierarchical
inference.
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spectrum method3, addressing the aforementioned issues.
In addition to the gain in computational speed, simulation-
based approaches can, in principle, directly incorporate
predictions from astrophysical simulations, without hav-
ing to resort to phenomenological descriptions of the
resulting source parameter distributions. We summarize
the analyzed GW data by posterior samples of the pa-
rameters of the individual events4, but the method could
be applied to any input data that summarizes the GW
observations sufficiently well. It is therefore particularly
adapted to future analysis chains that rely on other deep
learning algorithms. In principle, our method can also
account for additional uncertainty from latent variables,
which are difficult to account for in conventional methods
or when modeling the population likelihood. For example,
this could include the use of different waveforms for the
production of single-event posterior samples.

The learning task is to approximate the posterior
p(Λ|DC), where Λ is the set of hyperparameters describing
the population model and the cosmological parameters,
and DC is the GW catalog data. We propose a deep
neural network scheme that learns directly the posterior
distribution of the population parameters – including the
selection effect. In particular, this approach allows us to
infer population properties in a likelihood-free way (also
referred to as simulation-based inference), requiring solely
the simulation of observed event data.

A number of previous studies have applied machine
learning techniques to aspects of the population inference
problem. In [74], machine learning was used to esti-
mate the selection function, while [75–78] used machine
learning to represent the population likelihood (including
selection effects in the latter two cases). By contrast,
in our approach we directly model the population pos-
terior distribution, which circumvents the need for an
additional MCMC analysis to obtain the hyperparameter
posterior since posterior samples are produced directly
through importance sampling. Additionally, [76] learned
the population likelihood (in the bright siren case – as-
suming an EM counterpart), but used a toy model for the
single-event posterior distribution, whereas our method
uses posterior samples generated with the realistic deep
learning model dingo [79]. It has been shown that this
model agrees very well with the true posterior distribution
in the parameter ranges we consider.

The network’s architecture used here is that of a con-
ditional normalizing flow [80–84]. This framework allows
one to generate a distribution conditioned on data, and
to draw samples from the distribution efficiently. This
method has been applied to a large variety of problems

3 We note, however, that the proposed method of population anal-
ysis with deep neural networks is not limited to this application.
In principle, our scheme could use electromagnetic, or GW data
or both to produce constraints on the cosmological or population
parameters.

4 In the following, we refer to these as single-event posterior sam-
ples.

Variable Description

GW data

θ Single-event BBH parameters

p(θ̂|D) Single-event posterior distribution

GW catalog

DC A catalog C of GW observations

Nobs Number of observed GW events

Population parameters

Λ Hyperparameters

ppop(θ|Λ) Population model

p(Λ|DC)
Hyperparameter posterior from

a catalog C, cf. Sec. 2

ξ(Λ) Selection bias

Machine learning

nsub Number of events per sub-population

q(Λ|DC)
Hyperparameters posterior estimate

from a GW catalog C

TABLE I. Overview of the variables and quantities used.

in science [75, 79, 85–91]. In particular, it has acceler-
ated single-event parameter estimation for compact binary
coalescences by several orders of magnitude, see dingo
[79, 89–91]. Whereas the latter model outputs posterior
samples of individual event parameters given the esti-
mated noise spectral density and measured strain for that
event, the model described in this work outputs the dis-
tribution of the hyperparameters given posterior samples
of the individual events.

The structure of this paper is as follows. In Section II A,
we begin by revisiting the classical approach to population
inference utilizing Bayesian statistics. Following this, in
Section II B 1, we outline our divide-and-conquer strategy,
which splits the population into smaller sub-populations
for independent analysis, subsequently merging them to
obtain the final result analysing the complete catalog. In
Section III, we then provide an overview of the astrophys-
ical assumptions that underlie our study. The training
dataset, along with its number of entries, is then presented
in detail in Sec. IV. From these training datasets, we train
our models and present the results, which are described
in Section V, accompanied by a comparison against the
traditional Bayesian approach. Finally, in Section VI, we
discuss our results and possible extensions to our work.

II. METHODS

We now outline the conventional hierarchical Bayesian
population analysis and relate it to the deep neural net-
work approach in Sec. II B. The classical approach will
function as our reference point against which we will com-
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pare the outcomes with the normalizing flow (NF) method.
We refer to the classical method as HBA (hierarchical
Bayesian analysis) and to the neural network model as
neural posterior estimation (NPE).

To facilitate the following discussion, we introduce some
notation (see also tab. I for a summary of the variables
used). We denote the set of hyperparameters as Λ – this
can include cosmological parameters such as H0 and the
parameters describing the mass, spin and redshift distri-
bution of individual events. The true source parameters
are written as θ, and the distribution of data, D, given
the true parameters as p(D|θ). The latter term is the
single-event GW likelihood. The population model is de-
noted as ppop(θ|Λ), and we use K to denote a collection
of events. For instance, θK := {θi}i∈K is the set of true
parameters of events in the set K. In this notation, the
probability of drawing the true parameters θK from the
population model is then

ppop(θK |Λ) =
∏
j∈K

ppop(θj |Λ) , (1)

since individual sample draws are independent. The
number of events in the GW catalog is denoted as
Nobs := card(C), with card(X) the number of elements
in the set X.

A. Hierarchical Bayesian population method

The goal of extracting population and cosmological pa-
rameters from GW data is classically approached with a hi-
erarchical Bayesian analysis (HBA) [10, 12, 16, 59, 60, 92–
97]. We wish to infer the posterior distribution of Λ,
based on a set of GW events DC := {Di}i∈C . With the
catalog DC the posterior of Λ can be rewritten with Bayes’
theorem as p(Λ|DC) = p(Λ)p(DC |Λ)/p(DC), where p(Λ)
denotes the prior knowledge of Λ, p(DC |Λ) is the hierarchi-
cal likelihood, and p(DC) is the evidence, the probability
of observing data DC .

Using then the HBA scheme, the posterior of the hy-
perparameters informed from Nobs events is given by
(marginalizing over the overall rate of events) [98–100]

p(Λ|DC) =
p(Λ)

p(DC)
p(DC |Λ) =

p(Λ)

p(DC)

Nobs∏
j=1

p(Dj |Λ)

=
p(Λ)

p(DC)

Nobs∏
j=1

∫
p(Dj |θj) ppop(θj |Λ)dθj∫
pdet(θj) ppop(θj |Λ)dθj

, (2)

the prior on Λ is denoted as p(Λ) and the prior probability
of the data as p(DC). The uncertainty in our knowledge
of single-event parameters is encoded in the likelihood
p(Dj |θj) of obtaining data Dj , given the true parameters
θj . Finally, the probability of detection, given the source
parameters θ, is denoted by pdet(θ) and depends (amongst
other factors) on the detector sensitivity, the number of
detectors and the detection threshold. This encodes the

fact that not all data is included in the set DC , but we
choose segments of data in which we are confident that
signals of astrophysical origin are present. This selection
is a property of the data alone. The data is the sum
D = h(θ) + n of the pure signal h(θ) and the noise n.
The detection probability is the probability that this data
lies in the region we define as a detected source, i.e.,
pdet(θ) =

∫
D detected dn p(D|θ). The denominator (in the

product) of the above equation accounts for this selection
effect – not all GW sources have the same probability of
detection. It is common to define the detected fraction of
the population ξ(Λ) :=

∫
pdet(θ) ppop(θ|Λ)dθ. In general,

it is difficult to evaluate this term, and one usually relies
on an injection campaign to produce a set of detected
GW signals. We will show that our method accounts for
the selection effect, bypassing the explicit computation
of ξ(Λ). Effectively, we perform an injection campaign
during the generation of the training data and hence,
the cost is amortized over the repeated evaluation of the
neural population posterior.

There is some freedom in the representation of the
GW data Di: we focus here on posterior samples, that
approximate the uncertainty of the source parameters
θ (such as the component source frame masses, or the
luminosity distance). The posterior samples follow the
distribution θ̂ ∼ p(θ̂|Dk), and we denote the assumed prior
under which the posterior samples were created as πMCMC.
In the following, we use θ̂ik to denote the ith posterior
sample from the GW event k (compare to Eq. (9)), and
npost,k is the number of posterior samples for this event.
The numerator of Eq. (2) is usually approximated by
summing over posterior samples of the individual GW
events. The population likelihood as informed by one
GW event Dk can then be rewritten as

p(Dk|Λ) ≈
p(Dk)

ξ(Λ)npost,k

npost,k∑
i=1

ppop

(
θ̂ik|Λ

)
πMCMC

(
θ̂ik

) , (3)

where the sum above is taken over the posterior samples
θ̂ik ∼ p(θ̂ik|Dk). To evaluate the full population posterior
of Eq. (2), one multiplies the individual contributions of
Eq. (3).

B. Neural posterior estimation (NPE) methods

Hierarchical Bayesian analysis becomes increasingly ex-
pensive as the number of sources included in the analysis
increases, due both to the cost of obtaining the poste-
rior samples for each event, and the cost of combining
the events to obtain the population posterior. The use
of machine learning approaches is becoming increasingly
widespread in the physical sciences, as these often provide
a fast and efficient way to complete complex analysis tasks.
In a gravitational wave context, dingo has been shown to
generate posterior distributions nearly indistinguishable
from those produced by standard sampling algorithms
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in a small fraction of the time [91], while residual differ-
ences can be efficiently eliminated through importance
sampling [101]. We hope to see similar benefits from the
application of machine learning methods to population
inference. A major complication is that the number of
events that will be observed is not typically known a pri-
ori. Not only does this present the difficulty of generating
an arbitrarily large training dataset, but neural networks
typically have fixed input dimension. We overcome this
problem by implementing a strategy that divides the
GW catalog into smaller sub-populations, each containing
O(10− 100) signals. Our model then learns the posterior
distribution analyzing a sub-population of events. We com-
bine the intermediate results (the population posterior of
each sub-population) to derive the population posterior of
the entire catalog.5 We will now elaborate on the model
loss, how to combine sub-populations of events, the NF’s
architecture and the generation of the training dataset.

1. Sub-population analysis

To simplify the problem, we split the GW catalog
into smaller sub-populations. Calling one of these sub-
populations DK := {Dk}k∈K , the model we propose then
approximates the population posterior from analyzing
DK , converging to the term p(Λ|{Dk}k∈K). One then
obtains the complete posterior analyzing all events by
combining the individual posteriors of each of the sub-
populations. This approach ensures the computational
cost to generate the training dataset is not too large.

The catalog C is divided into sub-populations of events,
{Ki}, where each of the Ki contains nsub events.6 That is,
the Ki, for i ∈ {1, 2, . . . , nb}, define a (random) distinct
partition of C, i.e.

C = K1 ∪̇K2 ∪̇ . . . ∪̇Knb
, (4)

with nb := Nobs/nsub. The machine learning model pro-
duces a population posterior q(Λ|DKi

) for each of the
sub-populations, which approximates p(Λ|DKi

). The re-
peated application of Bayes’ theorem yields the complete
posterior informed by all events in C, i.e.

q(Λ|DC) :=
N

p(Λ)nb−1

nb∏
i=1

q(Λ|DKi) , (5)

with p(Λ) the prior on the hyperparameters and
N is a normalization constant given by N−1 :=∫ [∏nb

i=1 q(Λ|DKi
)/p(Λ)nb−1

]
dΛ. In the limit

5 The hyperparameters samples are combined via importance sam-
pling, as detailed in Sec. II B 1.

6 Throughout, we assume the length of the subset of events nsub

to divide the total number of events Nobs.

q(Λ|DC) := p(Λ|DC), N = (
∏nb

i=1 p(DKi
)) /p(DC), where

p(DKi) =

∫
p(DKi |Λ)p(Λ) dΛ

p(DC) =

∫ [
nb∏
i=1

p(DKi
|Λ)

]
p(Λ) dΛ . (6)

Below in Sec. IV, we assume a uniform prior of the hy-
perparameters Λ so that the denominator in equation (5)
also amounts to a normalization constant. If the model
correctly learns the posterior distribution that analyzes a
sub-population of events, we should have the approxima-
tion

q(Λ|DC) ≈ p(Λ|DC) . (7)

The target distribution is conditioned on the observed
data. In general, this could be a large space, making the
learning task more complex. However, not all components
of the data are informative about the target distribution.
It is clear from the form of a standard HBA, Eq. (2),
that one possible summary of the data for each event is
the set of samples from the individual event parameter
posterior distribution. Therefore, we make the choice to
represent the input data via a set of posterior samples for
the GW events. The neural network (NN) then learns the
population posterior from the posterior samples of the
individual signals in one sub-population. We denote the
set of posterior samples of the events in K as θ̂K and the
number of posterior samples per event as npost, assumed
to be equal for all events. We define,

θ̂K =
{
θ̂ij : i ∈ K; j = 1, 2, . . . , npost − 1, npost

}
, (8)

where

θ̂i• ∼ p(θ|Di) , (9)

for i an event in the sub-population K. From our choice of
the data representation, we can then schematically write

q(Λ|DK) ≈ q(Λ|θ̂K) . (10)

In principle, however, the network could learn the popu-
lation posterior from any representation of the data DK

that is sufficiently informative; this could be the Fourier-
transformed or the time-domain strain data. Of course,
no matter the representation of the data, the resulting
posterior distribution should be the same.

The neural networks used in this work have O(106−8)
parameters that are optimized during the training process
to minimize the chosen loss function, ensuring that the
learned function converges to the desired distribution. We
take the loss function to be proportional to the Kullback-
Leibler (KL) divergence (up to an additive constant),
which is defined as [102]

DKL(p ∥ q) :=
∫
p(x) log

(
p(x)

q(x)

)
dx . (11)
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The KL divergence is positive semi-definite, and is zero
only if p = q. Also, note that the KL divergence is not
symmetric in the distributions p and q. Thus, it can
be seen as a (generalized) distance between the target
distribution and the one learned by the network.

The objective is thus to minimize DKL(p(Λ|DK) ∥
q(Λ|DK)). In reality, we will be approximating p(Λ|DK)

by p(Λ|θ̂K), since we assume that the data DK is summa-
rized accurately by the single-event posterior samples θ̂K .
This can be done by minimizing the loss

L := Ep(Λ)Eppop(θK |Λ)Ep(DK |θK)Ep(θ̂K |DK) [

− log
(
q(Λ|θ̂K)

)]
, (12)

where we have introduced the expectation value

Ep(x|y) [f(x, y)] :=
∫

dx p(x|y) f(x, y) . (13)

The right hand side of Eq. (12) is the expectation value
over four distributions. Averaging over noise realizations,
DK , and population draw, θK , we can apply Bayes’ theo-
rem successively to obtain the equality (see app. B)

L = −Ep(θ̂K)Ep(Λ|θ̂K) log
[
q(Λ|θ̂K)

]
. (14)

From the definition of the KL divergence in Eq. (11), we
rewrite the above equation as

L = Ep(θ̂K)

[
DKL(p(Λ|θ̂K) ∥ q(Λ|θ̂K))

− DKL(p(Λ|θ̂K) ∥ 1)
]
. (15)

Thus, this expression is (up to a constant and the expec-
tation value over p(θ̂K)) the KL divergence between the
model q(Λ|θ̂K) and the target distribution p(Λ|θ̂K). Since
the KL divergence is minimized for p = q, it follows that
the above loss is also minimized for p(Λ|θ̂K) = q(Λ|θ̂K),
and if the network is properly trained, q(Λ|θ̂K) will ap-
proximate p(Λ|θ̂K). If a network achieved the minimum
loss for every possible choice of input parameters, θ̂K ,
then it would perfectly represent the population posterior.
In practice, this will not be achievable. By averaging the
loss over noise realizations, DK , and population draws,
θK , we ensure that learning effort is expended to represent
the distribution best for values of θ̂K that are more likely
to be observed in practice.

To evaluate the loss value of Eq. (12) one has to eval-
uate an expectation value over four distributions. We
approximate these expectation values by Monte Carlo
averaging, i.e.

L ≈ 1

N

∑
{Λν ,DK,ν}

q(Λν |DK,ν) , (16)

where N is the number of samples drawn as follows: ac-
cording to the prior p(Λ) we draw population parameters.

For each sample Λ, we create the cosmological model,
draw nsub true events, simulate nsub observed strains
(passing some specified selection threshold) and produce
npost posterior samples. For computational reasons, we
precompute the samples {Λν ,DK,ν} and call the resulting
data the training dataset. The loss is then minimized
over choices for the NN parameters during the training
process.

Note that at no point in the process is the (true) popu-
lation posterior explicitly evaluated. The above scheme
relies solely on the simulation of data rather than on
evaluating the hierarchical Bayesian likelihood in Eq. (2).
As such, it differs fundamentally from the HBA since it
does not require explicit likelihood evaluations, making
it applicable when the likelihood is unknown or compu-
tationally expensive. Also, by construction, the model
contains the selection effect term ξ(Λ) appearing in the
denominator of Eq. (2). We thus avoid the computation
of this term during inference.

In some cases the NPE results differ from the HBA ap-
proach for reasons we elaborate below. These differences
can be corrected by reweighting the NPE samples to the
target HBA posterior using importance sampling weights

w(Λ) =
p(Λ|DC)

q(Λ|DC)
. (17)

This is possible because we have access to the learned
NPE posterior density, and have an explicit expression
for the target HBA density. We show this procedure
on one example in Sec. VA. Importance-sampling can
also provide a validation: an unchanged posterior (af-
ter reweighting) implies that the model has learned the
correct HBA distribution.

2. Combining sub-populations of events

In the previous section, we have subdivided the complex
problem of obtaining the posterior distribution from cata-
logs of GW events into multiple simpler problems, namely
to obtain the posterior distribution from a sub-population
of GW events. We thus train a model q to approximate
the population parameter posterior informed by a subset
of events DKi , i.e. p(Λ|DKi). One is eventually inter-
ested in the posterior as informed by the event catalog
C =

⋃̇nb

i=1Ki. To obtain this distribution we apply the
following procedure:

1. With the model, we draw Nprop Λ samples from
each of the posteriors q(Λ|DKi

) analyzing a sub-
population of GW events – these are our proposal
samples. In total, we have nb ×Nprop samples.

2. Out of these, we randomly choose Nprop sam-
ples. The chosen samples follow the distribution
qinit(Λ|θ̂C) := 1

nb

∑nb

i=1 q(Λ|DKi
).

3. We evaluate the combined population posterior ac-
cording to Eq. (5) for the proposal samples with
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our model; to obtain q(Λ|θ̂C). From this, we can
compute the weights w as

w(Λ|θ̂C) =
q(Λ|θ̂C)
qinit(Λ|θ̂C)

=

N
p(Λ)nb−1

∏nb

i=1 q(Λ|DKi
)

1
nb

∑nb

i=1 q(Λ|DKi
)

,

(18)
where we applied the definition of q(Λ|θ̂C) in Eq. (5)
in the second equality.

4. The samples are importance-weighted according to
w(Λ|θ̂C) above. The reweighted samples follow the
desired distribution q(Λ|θ̂C).

In order to apply this procedure it is vital that one can
sample from the distribution and that one has access
to the probability with which the samples are created.
The architecture of a normalizing flow allows for this.
The generation of random samples with normalizing flows
is rapid, making the scheme fast. We will apply the
procedure in practice and compare it to the conventional
HBA method in Sec. V.

Other scheme are also possible: one could multiply
the hierarchical (neural) posterior (dividing out the prior,
cf. Eq. 5) that analyze each of the sub-populations (the
probability of which is given by the flow) and use MCMC
sampling to recover the combined posterior (that analyzes
the entire catalog). The sampling method we outlined
above avoids running a full MCMC analysis, which would
further increase the computing time. We have compared
the two approaches for selected cases and found very good
agreement.

C. Flow architecture

The following section summarizes the building blocks
that make up our NPE model. The proposed machine
learning model combines two embedding neural networks
for data compression and a normalizing flow for popula-
tion posterior generation as described in Fig. 1. In the
following, we refer to the full algorithm simply as the
“model”.

The posterior samples from all events in one sub-
population represent a large dataset that we seek to
reduce with two embedding networks that summarize
(i) the individual events in a first stage and (ii) the set
of all summaries of nsub events produced by the first em-
bedding network. The flow is then conditioned on the
output of the second embedding network. Fig. 1 shows a
schematic overview of the model architecture.

The first embedding network summarizes each single-
event posterior.7 This network takes as input data the

7 As input data of the first embedding network, we use the stan-
dardized posterior samples (subtracting the mean and dividing
by the standard deviation of the respective variable). This stan-
dardization of the input data is a common practice in machine
learning (ML) and allows for faster convergence of the model.

collection of npost posterior samples of the component
masses and the luminosity distance (following Sec. IIA);
that is a three-dimensional posterior distribution for the
nsub events in the sub-population. We have found that
16 “summary” parameters for the single-event posterior
are sufficient to recover the population posterior. The
first embedding network is identical for each event. If the
flow analyzes nsub events, we thus have 16× nsub scalars
describing the input data after applying the first embed-
ding network. These data are then further summarized
by an additional embedding network, whose output feeds
into the flow. We choose this second summary to have 64
and 256 parameters for the two models we train in the
result section below. The embedding network parameters
(summarizing the input data) also implicitly appear in
the loss (cf. Eq. 12) and are therefore optimized jointly
with the parameters that define the flow transformation
as discussed below. The two embedding networks signifi-
cantly reduce the number of free parameters in the model,
leading to less overfitting.

As anticipated, the normalizing flow is conditioned on
the output of the second embedding network and com-
putes an approximation of the true population posterior
p(Λ|DK). In general, the normalizing flow performs a
transformation that maps the physical variables (here the
hyperparameters Y := Λ) to an unphysical variable Z
that follows the normal distribution.8 One can rapidly
generate samples in Λ ∼ q(Λ|DKi) by drawing samples
from the normal distribution (Z ∼ N (µ = 0, σ = 1)) and
applying the flow transformation to them, i.e. Λ = g(Z).

We use the nflows [103] package to construct this trans-
formation, where the flow transformation from Z to Y is
constructed from a sequence of simple transformations.
In our case, these are piecewise rational quadratic cou-
pling transforms [104] in analogy to those implemented
in [90].9 The number of coupling transforms is referred
to as the number of flow steps. The parameters govern-
ing the coupling transforms are trained to minimize the
loss defined in Eq. (12). We have investigated different
choices of parameters and found that four flow steps, each
parameterized by a fully connected residual network with
32 parameters and five to fifteen layers provided the best
results. Table IV summarizes the details of the specific
network architecture. Throughout, we use graphics pro-
cessing units (GPUs) to accelerate both the generation
of single-event posterior samples and the training of the
normalizing flow.

8 We follow the standard notation as used in the review of normal-
izing flows of [84]

9 See app. A for additional details on these transformations.
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FIG. 1. Overview of the data reduction with the embedding networks and the conditioning of the normalizing flow. This method
reduces the data dimension from initially nsub × npost × 3 to 128. Note that the embedding network 1 is identical for all GW
events. This data summary reduces the number of adjustable NN parameters and hence simplifies the training process.

III. ASTROPHYSICAL AND INSTRUMENTAL
SETUP

In the following we describe our assumptions on the
astrophysical population of binary black holes (BBHs),
the detector network, the detection criterion and the
generation of waveforms.

A. Assumptions on the population distribution

Throughout this work, we model sources as uniformly
distributed in comoving volume in a flat ΛCDM universe
described by the Hubble constant, H0, and the matter
content, Ωm. We fix the latter to Ωm = 0.3 and assume
it to be known. This assumption is straightforwardly
relaxed, but this is beyond the scope of our work here.

The two training datasets we construct follow the

Power Law source frame mass distribution.10 This
source frame mass model is characterized by four param-
eters. The minimum mass mmin and the maximum mass
mmax limit both source frame masses from below and
above, respectively. In addition, we have two power law
slope parameters α and β characterizing the distribution
of masses according to

p(m1,s|Λm) = Nm−α
1,sχ[mmin,mmax](m1,s) , (19)

p(m2,s|m1,s,Λm) = N ′mβ
2,sχ[mmin,m1,s](m2,s) ,

where we have defined the normalization constants N
and N ′, as well as the set of hyperparameters Λm =

10 This is the simplest of the four source frame mass distribution
considered currently by the LIGO-Virgo-KAGRA collaboration
[10, 12, 16].
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{mmin,mmax, α, β}. Finally, χ is the characteristic func-
tion, defined as

χ[a,b](x) :=

{
1 if x ∈ [a, b]

0 otherwise.
(20)

B. Assumptions on BBH sources

We focus on precessing BBHs in quasi-circular orbits,
characterized by 15 parameters: the component (detector
frame) masses of the BHs, m1,d,m2,d, the two spin vectors
described by their magnitudes, a1, a2, angles of reference,
ϕ12, ϕjl, and tilts, θ1, θ2, as well as the time of coalescence,
tc, the phase at coalescence, Φc, declination and right
ascension of the sky position, δSP and αSP, luminosity
distance, dL, the inclination of the orbital plane with
respect to the line of sight, θjn and polarization angle, ψ.
We assume sources to be distributed uniformly in the sky,
we draw the spins isotropically over the sphere and the
spin magnitudes uniformly between 0 and 0.99.

The IMRPhenomXPHM waveform [105] is used to
model the gravitational wave signal of the BBH coales-
cences in the frequency domain.

C. Assumptions on waveform and the detector
network

We assume the O1 sensitivity curve [1] for the Laser
Interferometer Gravitational wave Observatory (LIGO)
Hanford and LIGO Livingston detectors and impose as a
selection criterion a signal-to-noise ratio (SNR) threshold
of 12. Given a detected GW signal, we then use the
deep learning tool dingo [79, 91] to analyze the strain
data and produce single-event posterior samples. Due to
limitations in the size of the parameter space of signals
that can be reliably analyzed we restrict the mass range
of signals to a conservative mass cut-off in source frame
mass of m1,s ≥ m2,s ≥ 18M⊙.11 This lower bound on the
mass range directly implies a lower bound on the prior of
mmin we can explore. Also, recall that the mass spectrum
method uses only the component masses and luminosity
distance. We thus discard the remaining single-event
parameters. See table III for the priors on the training
set and, by extension, the prior learned by the model.

IV. TRAINING DATASETS

The number of events per sub-population, nsub, is a
free parameter of this approach, the optimal value of
which we would like to determine. To study this, we

11 In the near future, the lower bound of dingo’s mass range is
expected to decrease to 5M⊙.

build two different training sets and train models on each
one, assuming the same detector network and with the
population model, described in Sec. III. In the following,
we refer to a hyper-sample, as one population of events
that share the same hyperparameters. Training set low
has 6.7 × 105 hyper-samples, which is ten times more
hyper-samples than that of training set high (which has
4.4× 104 hyper-samples). However, training set low has
only ten events per population, which is 20 times less than
training set high (which has 200 events per hyper-sample).
Overall, the two datasets contain approximately the same
number of GW events (and posterior samples) and hence,
their information content (and their computational cost)
is also approximately equal. For this reason, the perfor-
mance of the models trained on the respective datasets
can be directly compared. Training dataset low only
allows small event sub-populations (≤ 10), but with an
in-depth training on many population examples, whereas
training dataset high allows for large sub-populations at
the price of a limited number of populations.

A. Training set low

Each hyper-sample of the training data contains the
true value of the hyperparameters, Λ, ten events and 200
associated posterior samples in three variables: the (detec-
tor frame) component masses and luminosity distance. In
total, the data associated to one population hyper-sample
thus contains 6000 = 10× 200× 3 scalars.

During one training epoch, we randomly choose nsub
events among the ten events for each hyper-sample with
npost random posterior samples each. This sampling
method increases the variability of the input data. After
several trials, we have found that the model provides
a good approximation to the population posterior if it
analyzes six events per sub-population (nsub = 6).12 The
same reasoning applies to the number of posterior samples,
100 posterior samples per event seem to be sufficient
to produce a faithful approximation (although see the
discussion below in Section V B).

A summary of the training dataset low can be found
in table II.

B. Training set high

With future GW detector networks in mind, we also
construct a training dataset that allows for models that
analyze a much larger number of events. Each population
hyper-sample of the training set high includes 200 events

12 The combination of sub-populations of events delivers more re-
liable posterior distributions if the number of events per sub-
population (nsub) is high. However, the time to generate the
training dataset limits the maximum value nsub which therefore,
cannot be set arbitrarily high.
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Summary of training datasets
Study low high

# training population samples 6.7× 105 4.4× 104

# available events per population 10 200
# available posterior samples per event 200 200

TABLE II. Properties of the two generated training datasets.

Summary priors
Metaparameter Prior Unit

H0 U(40, 140) km s−1 Mpc−1

mmin U(18, 30) M⊙

mmax U(37, 47) M⊙

α U(−2, 2) -
β U(−2, 2) -

TABLE III. Summary of priors assumed for the two training
datasets. The uniform prior is denoted as U .

with 200 posterior samples per event. The data associated
to each hyper-sample thus includes 120, 000 = 200×200×3
scalars. The model we train below selects randomly 100
out of the 200 available events during each training epoch.
For each of these events, the flow chooses 100 out of 200
posterior samples at random. Thus, each input population
sample includes 30, 000 = 100× 100× 3 scalars. Again,
this method of drawing a subset of the available data is
introduced to reduce overfitting. For training set high
we find that nsub = 100 gives the best performing models.
This is the result of a trade-off; given that one hyper-
sample contains 200 GW events, if nsub is set higher
the variability of the training data is not high enough,
and if nsub is too low we cannot analyze a large number
of events, since too many sub-populations have to be
combined. Empirically, we find that the model does not
produce reliable results above O(10− 20) combinations
of different sub-populations.

C. Training the networks

Given the training data, we train different models by
minimizing the loss we have introduced in Eq. (12), vary-
ing the network parameters, as well as the number of GW
events that are taken as input parameters. The param-
eters describing the flows that yield the best agreement
with standard HBA results are summarized in table IV.
The network trained on dataset low (which we refer to
in the following as model low) had a training time of
∼ 5.5 hours. In Fig. 2a, we present the training and test
loss curves for the model. Based on the loss curves, we
conclude that the model can generalize effectively to data
that were not included in the optimization process.

The training time of model high was 82 minutes. The
shorter training time (compared to model low) is due to

Summary of the normalizing flow parameters

Variable
Model

low high

Events per
batch nsub

6 100

Posterior samples
per event npost

100 100

Dimensions embedding
network 1

(512, 2565,
128, 64)

(512, 256,
128, 64)

Dimensions embedding
network 2

(5124, 2564,
1282, 643)

(10242, 5122,
256)

Flow steps 3 4
Spline points 8 6

Hidden dimensions
(spline network)

32 32

Hidden layers
(spline network)

5 15

Training epochs 200 300
Learning rate 0.0001 0.0001

Scheduler Plateau Plateau
Batch size 1024 1024

TABLE IV. Architecture of the embedding networks and the
normalizing flow. For the hidden layers of the embedding
networks we use the tuple notation Xn := (X,X, . . . ,X), with
X repeated n times.

the smaller number of hyper-samples in training dataset
high. The associated training and test loss curves of
model high are plotted in Figure 2b. We discuss the
resulting respective posterior distributions in Sec. V A for
the training set low and Sec. VB for training set high.

V. RESULTS

A. Results with model low

As a first validation step, we generate the P-P-plot
of the model. To this end, we draw 1000 population
hyper-samples from the training dataset, input the cor-
responding posterior samples in the model, and sample
q(Λ|DKi) for each. From the Λ samples, we compute
the percentile in which the true value of the population
lies and sort the resulting percentiles by value. The cu-
mulative density of the percentiles is shown in Fig. 3a.
If the model correctly infers the hyperparameters, the
figure should follow the diagonal within a reasonable er-
ror interval. From the Kolmogorov–Smirnov (KS) test
(comparing the computed percentiles against the uniform
distribution), we obtain p-values between 27% and 93%,
which is expected for five variables, indicating that the
model reconstructs the population posterior correctly.
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FIG. 2. Loss for the (left) model low and (right) model high. Since the test loss (blue) and train loss (orange) do not differ
much, we conclude that the models generalize well to unseen data.
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FIG. 3. The P-P-plot for 1000 injections for model low (left) and 2500 injections for model high (right). We find p-values as
indicated in the legend, indicating that the models reconstruct the population posterior correctly. However, the lowest p-values
of model high is slightly lower than the model low. The mmax parameter of model high has the lowest value, with 15.7%.

The above tests only include nsub = 6 events per pop-
ulation. To further validate our results, we generate a
detected population with 60 GW events. With dingo,
we produce posterior samples for each of these events
and run a classical Monte Carlo Markov chain (MCMC)
analysis (with an analytical likelihood, using icarogw
[60]) on these samples. The resulting hyperparameter
posterior distribution serves as our ground truth. This

scheme differs from the classical approach (for instance
in [16, 92]) as the computationally expensive parameter
estimation (PE) has been carried out with dingo. This
“crossing” from the likelihood-free inference part to the
classical inference (with icarogw) is a simplification and
comes at a cost. If dingo does not correctly estimate
the single-event posterior distribution, the resulting dis-
tribution of the hyperparameters with icarogw will not
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represent the ground truth. We will discuss below for
model high the possible consequences of this assumption.
Note that it is possible to correct for possible inaccuracies
of dingo by importance sampling. However, since this
significantly increases the computation time we do not
choose to pursue this here.

In parallel, we apply our model to the same single-event
posterior samples and combine the results with the impor-
tance sampling step that was outlined in Sec. II B 2. This
procedure is applied for twelve different populations.13
Fig. 4 shows one out of these twelve distributions, with
a model that analyzes 60 events in total. Since the net-
work was trained for nsub = 6 events, we divide the input
data in nb = 10 sub-populations. The result shows that
it is possible to combine the output of multiple model
evaluations and obtain the correct population posterior.
This figure is representative of the majority of cases –
we generally see good agreement between the two meth-
ods. We have also verified that the (arbitrary) division of
events in the different sub-populations does not impact
the resulting population posterior.

To make this comparison more quantitative, we com-
pute the Jensen-Shannon (JS) divergence14 between the
NPE and HBA results for each of the variables in Λ.
Tab. V collects these values. The lower the JS diver-
gence, the better the agreement between two distributions.
The JS divergence for single-event PE with LALInfer-
ence (for identical runs with different random seeds) is
∼ 7×10−4 nat [106]. For two icarogw runs with the same
settings, we find JS divergences between 3× 10−3 nat and
10−4 nat. The JS divergences observed in our experiments
are an order of magnitude higher than these baselines.
Thus, there exists potential for further refinement in our
approach. The problems appear almost exclusively for
two hyperparameters: the minimum and maximum mass
of the population, mmin and mmax, and out of the two,
the minimum mass proves to be the more difficult pa-
rameter. Out of the 60 JS divergences we have analyzed
(twelve populations with five hyperparameters each), 16
had a JS divergence larger than 0.01. The population
models which proved to be most difficult to reconstruct
were populations 1, 7 and 10, where population 1 and 7
both have low Hubble constant. Additionally, population
7 has mmax = 38M⊙, very close to the boundary of the
prior for which the model was trained (mmax = 37M⊙).
It is well known the neural network performance decreases
close to the prior boundary. We show in the next section
that it is possible to recover the HBA result by applying
importance sampling to the samples produced from our
model.

13 Each population has a different Hubble constant, and variables
parametrizing the source frame mass distribution. The details of
the populations are given in tab. VI.

14 The JS divergence is a symmetrized version of the KL divergence
that was defined in Eq. (11).

Population
JS divergence (10−3 nat)

H0 mmin mmax α β

0 6.4 26.4 4.9 2.9 1.6
1 (Fig. 5) 10.0 70.9 15.3 17.7 4.0

2 3.8 6.3 11.9 4.1 5.8
3 3.2 4.3 4.2 8.5 1.5

4 (Fig. 4) 7.0 10.3 3.5 0.9 1.4
5 0.9 4.2 7.2 6.8 0.8
6 1.8 6.6 11.6 8.1 3.5
7 2.6 16.4 18.4 3.4 21.3
8 8.9 4.6 4.5 3.4 1.0
9 2.3 10.1 17.2 6.2 2.1
10 30.6 10.2 21.8 4.0 0.8
11 3.4 4.1 11.1 6.9 2.6

Mean 6.73 14.53 10.97 6.07 3.86
Median 3.61 8.36 11.35 5.16 1.81

TABLE V. JS divergence (in units of 10−3 nat) for all hyper-
parameters and all twelve populations. The mean and median
values over all populations are also presented. The most prob-
lematic parameters are mmin and mmax. We have indicated
which population are plotted in later sections, corresponding
to cases where our model differs weakly or strongly to the
conventional approach.

1. Failing of the model and recovery from importance
sampling

In certain cases the NPE samples do not agree with
the HBA samples. However, we have access to the proba-
bility associated with which each population sample was
generated through the construction of the NF. We can
therefore obtain the HBA result by calculating the (con-
ventional) population likelihood for each sample, p(Λ|DC),
and reweighting the NF samples to this target likelihood,
using the weights determined by Eq. (17). Fig. 5 shows
this procedure on the example of population 1, and model
low. For comparison, to produce the classical result (with
24, 000 samples) took (parallelizing on 16 cores) ∼ 8 hours,
whereas the flow produced 300,000 samples in 2.3 minutes.
Applying an additional importance sampling step (paral-
lelizing on 16 cores) generated an effective sample size of
104 in ∼ 3.3 hours. This gain in computation time is due
to the reduced number of likelihood evaluations with the
NPE (3× 105) when compared to the HBA (1.7× 106).
These computation times do not include the times for
single-event parameter estimation (here carried out with
dingo and therefore, within minutes).

When combining more than 10− 20 sub-populations of
events, the resulting NPE posterior becomes unreliable.
Consequentially, model low cannot analyze more than
∼ 100 events. This might be caused by model low not
resolving the fine structure in the posterior distribution
that becomes important when combining large event sets.
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We thus rely on training set high to construct a model
that can analyze a larger number of events as we now
elaborate.

B. Results with model high

To show the capability of the model to reconstruct the
population posterior given a large number of observed
events, we use training set high to construct a model ana-
lyzing nsub = 100 GW events. Fig. 2b shows the resulting
loss curves of the training and test dataset, respectively.
The train and test loss coincide, suggesting that the model
can process unseen input data and generate accurate hy-
perparameter posterior distributions. Fig. 3b shows the
P-P-plot of model high with 2500 population realiza-
tions, implying that the network has correctly learned the
desired posterior distribution.

We have verified that when analyzing 100 GW events
that the NN is in good agreement with the HBA for all the
populations described in table VI. Considering a larger
number of events, we focus on one specific population,
with the parameters H0 = 67 km s−1 Mpc−1,mmin =
20.1M⊙,mmax = 42.9M⊙, α = 0.6 and β = −0.5. Fig. 6
compares the posterior of our model and the classical
posterior, analyzing 600 events. Although the posterior
distributions overlap, they show a significant deviation.15
The computation time for the conventional approach was
127 hours16 and for our model 7 minutes.

The reason for the discrepancy in Fig. 6 is still an open
question: as anticipated above, we make an approxima-
tion of the ground truth. We use dingo to estimate the
single-event posterior distributions, and these samples
are then subsequently analyzed by icarogw to derive the
hyperparameter posterior. To decrease the computation
time we did not perform importance sampling on the gen-
erated dingo samples for the individual event posteriors.
This can degrade the performance of the estimation of the
single-event posterior. From a preliminary analysis, we
find that some posterior distributions as inferred by dingo
differ from the PE samples of bilby. In the near future,
we hope to perform a full PE on all events and compute
the ground truth from conventional analyses alone. How-
ever, we emphasize that even if the dingo algorithm is not
a perfect approximation to the single-event posterior, this
does not invalidate our approach – by construction the
NPE model learns the posterior distribution marginalized
over the dingo uncertainty.

There are other potential sources of the discrepancy,
such as the smaller number of hyper-samples represented
in the training dataset high. We have checked that the
posterior resulting from a model trained with training set

15 As previously, we can successfully recover the HBA result through
importance sampling.

16 This computation time was for an injection set (used to compute
the selection effect) of 1.4× 105 detected GW signals.

low is compatible with a posterior trained with training
set high.

Moreover, we find a strong dependence of the HBA
results on the number of posterior samples per event (if the
number of posterior is not “high enough”). This potentially
additional source of uncertainty is now discussed.

1. Impact of the number of posterior samples

The HBA scheme usually processes O(103 − 104) pos-
terior samples per event. Since the NPE model works
with a significantly lower number, this section explores
the consequences of this approximation.

We carry out the HBA using 100 posterior samples per
event, for 300 events in total. The population analyzed
is the same as in the previous paragraph. We repeat
the HBA many times, using a different set of posterior
samples for each event each time. This leads to a scatter
of the population posterior, as shown in Fig. 7.

For the hyperparameters with more scatter (in par-
ticular H0 and mmin) the NPE differs more from the
individual HBAs and gives posteriors that are broader,
covering the range over which the individual HBAs vary.
So, the NPE is mass-covering, i.e. it has support across
the scatter of the posterior that arises from the limited
number of posterior samples. This indicates that the NPE
marginalizes over the additional uncertainty arising from
this approximation. This behavior is also expected from
the construction of the loss in Eq. (14) – if the model
q(Λ|DK) has no support on the support of p(Λ|DK), the
loss diverges. As a consequence, future analyses will either
have to increase the number of posterior samples or use a
more complete summary of the GW signal. In this limit,
we expect to find a closer agreement between these two
methods.

VI. CONCLUSION

Future planned detector networks will detect up to a
hundred thousand GW sources each year, allowing for
high-precision measurements of the parameters character-
izing the population, including cosmological parameters.
With these many events, fast methods, such as machine
learning, will be essential for population inference and
related analyses, e.g., tests of general relativity (GR).

In this work, we have demonstrated that normalizing
flows can rapidly produce the posterior distribution of
cosmological and population parameters inferred from
observed GW dark sirens. We have introduced a loss
function one has to maximize for the NF to converge to
the true posterior distribution. Within this setup, the
posterior learned naturally incorporates selection effects.
Normalizing flows prove to be flexible enough to approxi-
mate the posterior distribution of up to 600 GW events.

However, there are instances where the results from
the flow do not align with the standard results from the
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FIG. 4. Results from model low (NPE, blue) compared to a conventional hierarchical Bayesian analysis (HBA, green). The
posterior analyzes 60 GW events of population no. 4 (cf. app. C). The one and two sigma intervals are indicated as two-dimensional
contours and dashed lines mark the true values of Λ. We could produce an effective sample size of ∼ 8× 104 posterior samples
in 2.5 minutes of computation time. In total, we have verified our results on a total of twelve populations. For the largest
discrepancy between our model and the conventional approach consider the result in Fig. 5. The “PE” stands for individual
event parameter estimation which, in both cases, uses the dingo algorithm.

HBA. An almost perfect agreement can still be obtained
by performing importance sampling on the samples out-
puted by the neural network, using the standard HBA
likelihood for the weights. This process increases the com-
putational time of our method, but still requires O(10)
fewer likelihood evaluations than in the standard HBA
approach.

The reasons for the discrepancies between HBA and our
method are still unresolved. The single-event posterior
samples generated by dingo could deviate from the true
single-event posteriors, possibly leading to biases in the
HBA results. Our method relies on an arbitrary data

summary (provided the summary contains the majority
of the signal information).17 As long as the flow trains
on this summary data, the model should recover the true
hyperparameter posterior. Indeed, the network could,

17 The choice we made here, to represent data by physical posterior
samples, θ, is not the only possibility. For instance, another
approach would be to directly compress the strain data. This
compressed data can then provide the input for the population
inference with a NF. As such, our approach is particularly adapted
to a population analysis relying on other NN summaries.
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FIG. 5. Results from model low (NPE (PE: DINGO), blue) compared to a conventional hierarchical Bayesian analysis (HBA)
(green). The posterior analyzes 60 GW events of population no. 1 (cf. app. C). The one and two sigma intervals are indicated as
two-dimensional contours and dashed lines mark the true values of Λ. As the NF and the classical analysis differ, most notably
in the variable mmin, we perform an importance sampling with the classical likelihood. The resulting posterior is shown in red
(NPE (weighted)) and agrees well with the classical result.

in principle, compensate for the eventual incorrect rep-
resentation of the GW data, but we have not explicitly
shown this in the present work. Moreover, we currently
use 100 posterior samples per GW event which also leads
to an additional uncertainty. To produce reliable poste-
rior distributions one has to use a sufficient number of
posterior samples per event, posing a potential bottleneck
for analyses of 3G detector data. Indeed, future analyses
might have to limit the number of posterior samples for
computing efficiency, resulting in an additional uncer-
tainty our approach can marginalize over. Alternatively,
a possibility is that the model has not accurately learned
the population posterior, but we have performed several
tests that make this scenario unlikely.

Our approach requires to divide the observed popu-

lation into sub-populations of fixed dimensionality to
use as input for the network. Errors in the learning
of the posterior accumulate when combining the results
of sub-populations. In practice, we find that when the
model is repeatedly evaluated to combine a large number
(O(10− 20)× nsub) of sub-populations of events, instabil-
ities appear that prevent the production of an accurate
posterior, i.e. GW catalogs with Nobs/nsub ⪆ 10 cannot
be robustly analyzed with the current framework. A more
robust network architecture might be needed to learn the
posterior with the necessary accuracy to analyse O(1000)
events. We leave this for future work, as well as more
complex mass and redshift distributions.

Finally, the method proposed can test population mod-
els with source frame mass distributions that are difficult
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FIG. 6. Results from model high (blue) compared to a conventional hierarchical Bayesian analysis (HBA) (green). Both
analyses use the dingo samples as input data. The posterior analyzes 600 GW events. The one and two sigma intervals are
indicated as two-dimensional contours and dashed lines mark the true values of Λ. The model and the conventional analysis
show a discrepancy. However, the model is generally closer to the injected values than the HBA method that relies on dingo PE
samples.

to parametrize analytically since it relies on simulation-
based inference, with (in principle) no explicit likelihood
needed. For instance, one could include stellar evolution
codes, circumventing the choice of a analytic distribution
describing the source frame mass distribution.

ACKNOWLEDGMENTS

KL is grateful to the Fondation CFM pour la Recherche
in France for support during his doctorate. We thank
Eric Chassande-Mottin for comments on the manuscript.
Numerical computations were performed on the DANTE
platform, APC, France. Numerical computations were
partly performed on the S-CAPAD/DANTE platform,



16

 

HBA, #PS = 100, #run = 0
HBA, #PS = 100, #run = 1
HBA, #PS = 100, #run = 2
HBA, #PS = 100, #run = 3
HBA, #PS = 100, #run = 4
NPE

18
.4

19
.2

20
.0

20
.8

21
.6

m
m

in
[M

] 

38

40

42

44

46

m
m

ax
[M

] 

0.6

0.0

0.6

1.2

1.8

 

60 80 10
0

12
0

H0
[km s 1Mpc 1] 

1.6

0.8

0.0

0.8

1.6

 

18
.4

19
.2

20
.0

20
.8

21
.6

mmin
[M ] 

38 40 42 44 46

mmax
[M ] 

0.6 0.0 0.6 1.2 1.8

 
1.6 0.8 0.0 0.8 1.6

 

FIG. 7. Results from repeating the HBA analysis with different random sets of 100 samples from each single-event posterior. We
compare this to the NPE scheme, plotted in grey. The posterior here was computed from 300 events, and the true population
parameters are indicated by the dashed lines.

IPGP, France. This material is based upon work sup-
ported by NSF’s LIGO Laboratory which is a major
facility fully funded by the National Science Foundation.

Appendix A: Coupling flows

We provide details of the deep NN in this appendix. The
flow transformation of Sec. II C, g, is given by a sequence
of coupling transforms [82] that are each parametrized by
monotonic rational quadratic splines [104]. As a reminder,
g applies a coordinate transformation on Z ∈ RD.

One can write the sequence of coupling transforms as

g = g(nblock) ◦ g(nblock−1) ◦ . . . ◦ g(2) ◦ g(1) , (A1)

where nblock is the number of blocks. Each of the functions
g(i) depends on the data, a set of NN parameters and the
latent variable Z. The gi all share the same functional
form (but have different model parameters). First, one

applies a random (but different for each coupling trans-
form, fixed during training) permutation of Z. Then the
first k components of the reshuffled variable Z̃ are left
unchanged. The remaining parameters undergo an invert-
ible (spline) transformation si that is parametrized by
the NN parameters Θi. One can write the transformation
component-wise as [82]

[
g(i)(Z)

]
j
=

{
Zj if 1 ≤ j ≤ k ,[
s(Z; Θ(i))

]
j

if k + 1 ≤ j ≤ D ,
(A2)

where Θ(i) are the NN parameters of the ith coupling
transformation. A fully-connected residual network gov-
erns the spline function. Each transformation is invertible,
and its inverse and Jacobian is simple to compute. Fig. 8
shows schematically the transformation of one such ele-
mentary cells that make up the flow. In our case, the
transformation s : RD → RD−j corresponds to a mono-
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FIG. 8. Schematic overview of an elementary cell of the cou-
pling transform on the example of a four-dimensional flow.
The compressed data that is summarized by the second embed-
ding network serves as the input data for the spline through a
residual neural network.

tonic18, quadratic, rational spline function [104] (see Fig. 1
of [104] for an example of a one-dimensional spline func-
tion). The parameters of this function are governed by a
NN. Note that s depends on all variables Z and can hence
incorporate correlations between different parameters.

Appendix B: Loss identity

In this appendix, we show that the loss function pro-
posed in Eq. (12) equals the expectation value of the KL
divergence between the true posterior and the model.
We proceed in two steps: we demonstrate that the four
expectation values can be rewritten in terms of two ex-
pectation values. These two expectation values can then
be exchanged (from Bayes’ theorem), yielding the desired
result.

Let us consider the following expectation value of the
function f(w, z)

L = Ep(w)Ep(x|w)Ep(y|x)Ep(z|y)f(w, z) . (B1)

This can be written from definition as a fourfold integra-
tion

L =

∫
dw dxdy dz p(w) p(x|w) p(y|x) p(z|y) f(w, z) .

(B2)

Making the additional assumption that y and w are con-
ditionally independent given x, i.e.,

p(y, w|x) = p(y|x)p(w|x) ⇔ p(y|x,w) = p(y|x),
(B3)

and similarly that z and (x,w) are conditionally indepen-
dent given y, so that p(z|y) = p(z|y, x, w), and applying
the law of conditional probability p(s|t)p(t) = p(s, t), the
above expression can be rewritten as

L =

∫
dw dx dy dz p(w, x, y, z) f(w, z) . (B4)

Since the function f is independent of the random vari-
ables x, y, we can perform the integration

L =

∫
dw dz p(w) p(z|w) f(w, z) (B5)

After applying Bayes’ theorem and changing the order of
the integration, we obtain

L =

∫
dw dz p(z) p(w|z)f(w, z) = Ep(z)Ep(w|z)f(w, z) .

(B6)
The identity claimed in Section IIB 1 of equations (12)
and (14) can be obtained for w = Λ, x = θK , y = DK ,
z = θ̂K , f = − log[q(Λ|θ̂K)] and p(w|z) is the target dis-
tribution, namely the population posterior given a set
of GW events p(Λ|{Dk}k∈K). The conditional indepen-
dence conditions reduce to assuming p(θ̂K ,Λ, θK |DK) =

p(θ̂K |DK)p(Λ, θK |DK), which holds because the distribu-
tion of posterior samples depends only on the observed
data, and p(DK ,Λ|θK) = p(DK |θK)p(Λ|θK), which holds
because the observed data depends only on the parameters
of the sources in the data.

Appendix C: Population details

In the results section we analyze 13 different popu-
lations, each of which has a different underlying set of
hyperparameters. Table VI lists the value of all parame-
ters for each population.

[1] J. Aasi et al., Advanced LIGO, Classical and Quantum
Gravity 32, 074001 (2015).

18 If the spline was not monotonic the function would be not invert-
ible, making it unsuitable for NFs.

[2] A. Buikema et al. (aLIGO), Sensitivity and performance
of the Advanced LIGO detectors in the third observing
run, Phys. Rev. D 102, 062003 (2020), arXiv:2008.01301
[astro-ph.IM].

[3] M. Tse et al., Quantum-Enhanced Advanced LIGO De-
tectors in the Era of Gravitational-Wave Astronomy,
Phys. Rev. Lett. 123, 231107 (2019).

https://doi.org/10.1088/0264-9381/32/7/074001
https://doi.org/10.1088/0264-9381/32/7/074001
https://doi.org/10.1103/PhysRevD.102.062003
https://arxiv.org/abs/2008.01301
https://arxiv.org/abs/2008.01301
https://doi.org/10.1103/PhysRevLett.123.231107


18

Λ H0 mmin mmax α β

# Pop
Units km s−1×

Mpc−1
M⊙ M⊙ - -

0 60.0 22.0 46.0 0.0 0.0
1 50.0 21.0 44.0 0.5 0.5
2 55.0 23.0 42.0 1.0 -0.5
3 100.0 18.5 46.0 1.0 0.0
4 50.0 24.0 45.0 1.0 0.2
5 90.0 23.0 44.0 0.4 0.0
6 80.0 24.0 43.0 -0.3 -0.7
7 45.0 19.0 38.0 1.5 0.5
8 135.0 19.0 46.0 1.5 -0.5
9 60.0 19.0 45.0 -1.6 0.0
10 70.0 22.0 43.0 -0.4 0.4
11 80.0 19.4 42.3 0.6 -0.3
12 67.0 20.1 42.9 0.6 -0.5
13 70.0 21.0 43.3 0.8 0.3

TABLE VI. The hyperparameters for the fourteen populations
considered.

[4] F. Acernese et al. (VIRGO), Advanced Virgo: a second-
generation interferometric gravitational wave detector,
Class. Quant. Grav. 32, 024001 (2015), arXiv:1408.3978
[gr-qc].

[5] F. Acernese et al. (Virgo), Increasing the Astrophysical
Reach of the Advanced Virgo Detector via the Appli-
cation of Squeezed Vacuum States of Light, Phys. Rev.
Lett. 123, 231108 (2019).

[6] T. Akutsu et al. (KAGRA), Overview of KAGRA: Detec-
tor design and construction history, PTEP 2021, 05A101
(2021), arXiv:2005.05574 [physics.ins-det].

[7] Y. Aso, Y. Michimura, K. Somiya, M. Ando,
O. Miyakawa, T. Sekiguchi, D. Tatsumi, and H. Ya-
mamoto (KAGRA), Interferometer design of the KA-
GRA gravitational wave detector, Phys. Rev. D 88,
043007 (2013), arXiv:1306.6747 [gr-qc].

[8] R. Abbott et al. (LIGO Scientific, VIRGO, KAGRA),
GWTC-3: Compact Binary Coalescences Observed by
LIGO and Virgo During the Second Part of the Third
Observing Run, (2021), arXiv:2111.03606 [gr-qc].

[9] M. Fishbach, D. E. Holz, and B. Farr, Are LIGO’s Black
Holes Made From Smaller Black Holes?, Astrophys. J.
Lett. 840, L24 (2017), arXiv:1703.06869 [astro-ph.HE].

[10] B. P. Abbott et al. (LIGO Scientific, Virgo), Binary
Black Hole Population Properties Inferred from the First
and Second Observing Runs of Advanced LIGO and
Advanced Virgo, Astrophys. J. Lett. 882, L24 (2019),
arXiv:1811.12940 [astro-ph.HE].

[11] M. Isi, K. Chatziioannou, and W. M. Farr, Hierarchical
test of general relativity with gravitational waves, Phys.
Rev. Lett. 123, 121101 (2019), arXiv:1904.08011 [gr-qc].

[12] R. Abbott et al. (LIGO Scientific, Virgo), Population
Properties of Compact Objects from the Second LIGO-
Virgo Gravitational-Wave Transient Catalog, Astrophys.
J. Lett. 913, L7 (2021), arXiv:2010.14533 [astro-ph.HE].

[13] I. M. Romero-Shaw, P. D. Lasky, E. Thrane, and J. C.
Bustillo, GW190521: orbital eccentricity and signatures
of dynamical formation in a binary black hole merger sig-
nal, Astrophys. J. Lett. 903, L5 (2020), arXiv:2009.04771
[astro-ph.HE].

[14] I. M. Romero-Shaw, N. Farrow, S. Stevenson, E. Thrane,
and X.-J. Zhu, On the origin of GW190425, Mon. Not.
Roy. Astron. Soc. 496, L64 (2020), arXiv:2001.06492
[astro-ph.HE].

[15] V. Tiwari and S. Fairhurst, The Emergence of Structure
in the Binary Black Hole Mass Distribution, Astrophys. J.
Lett. 913, L19 (2021), arXiv:2011.04502 [astro-ph.HE].

[16] R. Abbott et al. (KAGRA, VIRGO, LIGO Scientific),
Population of Merging Compact Binaries Inferred Using
Gravitational Waves through GWTC-3, Phys. Rev. X
13, 011048 (2023), arXiv:2111.03634 [astro-ph.HE].

[17] B. Edelman, Z. Doctor, J. Godfrey, and B. Farr, Ain’t
No Mountain High Enough: Semiparametric Modeling
of LIGO–Virgo’s Binary Black Hole Mass Distribution,
Astrophys. J. 924, 101 (2022), arXiv:2109.06137 [astro-
ph.HE].

[18] C. Hoy, S. Fairhurst, M. Hannam, and V. Tiwari, Un-
derstanding How Fast Black Holes Spin by Analyzing
Data from the Second Gravitational-wave Catalogue,
Astrophys. J. 928, 75 (2022), arXiv:2110.13542 [gr-qc].

[19] S. Biscoveanu, T. A. Callister, C.-J. Haster, K. K. Y. Ng,
S. Vitale, and W. M. Farr, The Binary Black Hole Spin
Distribution Likely Broadens with Redshift, Astrophys. J.
Lett. 932, L19 (2022), arXiv:2204.01578 [astro-ph.HE].

[20] G. Ashton, S. Thiele, Y. Lecoeuche, J. McIver, and
L. K. Nuttall, Parameterised population models of tran-
sient non-Gaussian noise in the LIGO gravitational-
wave detectors, Class. Quant. Grav. 39, 175004 (2022),
arXiv:2110.02689 [gr-qc].

[21] S. S. Bavera, M. Fishbach, M. Zevin, E. Zapartas, and
T. Fragos, The χeff − z correlation of field binary black
hole mergers and how 3G gravitational-wave detectors
can constrain it, Astron. Astrophys. 665, A59 (2022),
arXiv:2204.02619 [astro-ph.HE].

[22] C. Karathanasis, S. Mukherjee, and S. Mastrogiovanni,
Binary black holes population and cosmology in new
lights: signature of PISN mass and formation channel
in GWTC-3, Mon. Not. Roy. Astron. Soc. 523, 4539
(2023), arXiv:2204.13495 [astro-ph.CO].

[23] M. Fishbach, C. Kimball, and V. Kalogera, Limits on
Hierarchical Black Hole Mergers from the Most Negative
χ eff Systems, Astrophys. J. Lett. 935, L26 (2022),
arXiv:2207.02924 [astro-ph.HE].

[24] S. Mastrogiovanni, A. Lamberts, R. Srinivasan, T. Bruel,
and N. Christensen, Inferring binary black holes stellar
progenitors with gravitational wave sources, Mon. Not.
Roy. Astron. Soc. 517, 3432 (2022), arXiv:2207.00374
[gr-qc].

[25] C. Ye and M. Fishbach, Inferring the Neutron Star Max-
imum Mass and Lower Mass Gap in Neutron Star–Black
Hole Systems with Spin, Astrophys. J. 937, 73 (2022),
arXiv:2202.05164 [astro-ph.HE].

[26] F. Antonini, M. Gieles, F. Dosopoulou, and D. Chat-
topadhyay, Coalescing black hole binaries from globular
clusters: mass distributions and comparison to gravita-
tional wave data from GWTC-3, Mon. Not. Roy. Astron.
Soc. 522, 466 (2023), arXiv:2208.01081 [astro-ph.HE].

[27] C. Adamcewicz and E. Thrane, Do unequal-mass binary
black hole systems have larger χeff? Probing correlations

https://doi.org/10.1088/0264-9381/32/2/024001
https://arxiv.org/abs/1408.3978
https://arxiv.org/abs/1408.3978
https://doi.org/10.1103/PhysRevLett.123.231108
https://doi.org/10.1103/PhysRevLett.123.231108
https://doi.org/10.1093/ptep/ptaa125
https://doi.org/10.1093/ptep/ptaa125
https://arxiv.org/abs/2005.05574
https://doi.org/10.1103/PhysRevD.88.043007
https://doi.org/10.1103/PhysRevD.88.043007
https://arxiv.org/abs/1306.6747
https://arxiv.org/abs/2111.03606
https://doi.org/10.3847/2041-8213/aa7045
https://doi.org/10.3847/2041-8213/aa7045
https://arxiv.org/abs/1703.06869
https://doi.org/10.3847/2041-8213/ab3800
https://arxiv.org/abs/1811.12940
https://doi.org/10.1103/PhysRevLett.123.121101
https://doi.org/10.1103/PhysRevLett.123.121101
https://arxiv.org/abs/1904.08011
https://doi.org/10.3847/2041-8213/abe949
https://doi.org/10.3847/2041-8213/abe949
https://arxiv.org/abs/2010.14533
https://doi.org/10.3847/2041-8213/abbe26
https://arxiv.org/abs/2009.04771
https://arxiv.org/abs/2009.04771
https://doi.org/10.1093/mnrasl/slaa084
https://doi.org/10.1093/mnrasl/slaa084
https://arxiv.org/abs/2001.06492
https://arxiv.org/abs/2001.06492
https://doi.org/10.3847/2041-8213/abfbe7
https://doi.org/10.3847/2041-8213/abfbe7
https://arxiv.org/abs/2011.04502
https://doi.org/10.1103/PhysRevX.13.011048
https://doi.org/10.1103/PhysRevX.13.011048
https://arxiv.org/abs/2111.03634
https://doi.org/10.3847/1538-4357/ac3667
https://arxiv.org/abs/2109.06137
https://arxiv.org/abs/2109.06137
https://doi.org/10.3847/1538-4357/ac54a3
https://arxiv.org/abs/2110.13542
https://doi.org/10.3847/2041-8213/ac71a8
https://doi.org/10.3847/2041-8213/ac71a8
https://arxiv.org/abs/2204.01578
https://doi.org/10.1088/1361-6382/ac8094
https://arxiv.org/abs/2110.02689
https://doi.org/10.1051/0004-6361/202243724
https://arxiv.org/abs/2204.02619
https://doi.org/10.1093/mnras/stad1373
https://doi.org/10.1093/mnras/stad1373
https://arxiv.org/abs/2204.13495
https://doi.org/10.3847/2041-8213/ac86c4
https://arxiv.org/abs/2207.02924
https://doi.org/10.1093/mnras/stac2850
https://doi.org/10.1093/mnras/stac2850
https://arxiv.org/abs/2207.00374
https://arxiv.org/abs/2207.00374
https://doi.org/10.3847/1538-4357/ac7f99
https://arxiv.org/abs/2202.05164
https://doi.org/10.1093/mnras/stad972
https://doi.org/10.1093/mnras/stad972
https://arxiv.org/abs/2208.01081


19

with copulas in gravitational-wave astronomy, Mon. Not.
Roy. Astron. Soc. 517, 3928 (2022), arXiv:2208.03405
[astro-ph.HE].

[28] A. M. Farah, B. Edelman, M. Zevin, M. Fishbach, J. M.
Ezquiaga, B. Farr, and D. E. Holz, Things That Might
Go Bump in the Night: Assessing Structure in the Bi-
nary Black Hole Mass Spectrum, Astrophys. J. 955, 107
(2023), arXiv:2301.00834 [astro-ph.HE].

[29] T. A. Callister and W. M. Farr, A Parameter-Free
Tour of the Binary Black Hole Population, (2023),
arXiv:2302.07289 [astro-ph.HE].

[30] M. Fishbach and G. Fragione, Globular cluster formation
histories, masses, and radii inferred from gravitational
waves, Mon. Not. Roy. Astron. Soc. 522, 5546 (2023),
arXiv:2303.02263 [astro-ph.GA].

[31] M. Mould, D. Gerosa, M. Dall’Amico, and M. Mapelli,
One to many: comparing single gravitational-wave events
to astrophysical populations, Mon. Not. Roy. Astron. Soc.
525, 3986 (2023), arXiv:2305.18539 [astro-ph.HE].

[32] J. Sadiq, T. Dent, and M. Gieles, Binary vision: The
merging black hole binary mass distribution via itera-
tive density estimation, (2023), arXiv:2307.12092 [astro-
ph.HE].

[33] S. Rinaldi, W. Del Pozzo, M. Mapelli, A. L. Medina,
and T. Dent, Evidence for the evolution of black hole
mass function with redshift, (2023), arXiv:2310.03074
[astro-ph.HE].

[34] B. P. Abbott et al. (LIGO Scientific, Virgo), Tests of
General Relativity with the Binary Black Hole Signals
from the LIGO-Virgo Catalog GWTC-1, Phys. Rev. D
100, 104036 (2019), arXiv:1903.04467 [gr-qc].

[35] R. Abbott et al. (LIGO Scientific, Virgo), Tests of general
relativity with binary black holes from the second LIGO-
Virgo gravitational-wave transient catalog, Phys. Rev.
D 103, 122002 (2021), arXiv:2010.14529 [gr-qc].

[36] R. Abbott et al. (LIGO Scientific, VIRGO, KAGRA),
Tests of General Relativity with GWTC-3, (2021),
arXiv:2112.06861 [gr-qc].

[37] I. Magana Hernandez, Constraining the number of space-
time dimensions from GWTC-3 binary black hole merg-
ers, Phys. Rev. D 107, 084033 (2023), arXiv:2112.07650
[astro-ph.HE].

[38] J. M. Ezquiaga, Hearing gravity from the cosmos:
GWTC-2 probes general relativity at cosmological scales,
Phys. Lett. B 822, 136665 (2021), arXiv:2104.05139
[astro-ph.CO].

[39] M. Mancarella, E. Genoud-Prachex, and M. Maggiore,
Cosmology and modified gravitational wave propagation
from binary black hole population models, PhRvD 105,
064030 (2022), arXiv:2112.05728 [gr-qc].

[40] K. Leyde, S. Mastrogiovanni, D. A. Steer, E. Chassande-
Mottin, and C. Karathanasis, Current and future
constraints on cosmology and modified gravitational
wave friction from binary black holes, JCAP 09, 012,
arXiv:2202.00025 [gr-qc].

[41] M. Isi, W. M. Farr, and K. Chatziioannou, Comparing
Bayes factors and hierarchical inference for testing gen-
eral relativity with gravitational waves, Phys. Rev. D
106, 024048 (2022), arXiv:2204.10742 [gr-qc].

[42] R. Niu, T. Zhu, and W. Zhao, Testing Lorentz invariance
of gravity in the Standard-Model Extension with GWTC-
3, JCAP 12, 011, arXiv:2202.05092 [gr-qc].

[43] A. Chen, R. Gray, and T. Baker, Testing the nature of
gravitational wave propagation using dark sirens and

galaxy catalogues, (2023), arXiv:2309.03833 [gr-qc].
[44] A. Ray, P. Fan, V. F. He, M. Bloom, S. M. Yang, J. D.

Tasson, and J. D. E. Creighton, Measuring Gravitational
Wave Speed and Lorentz Violation with the First Three
Gravitational-Wave Catalogs, (2023), arXiv:2307.13099
[gr-qc].

[45] S. Mastrogiovanni, D. Laghi, R. Gray, G. C. Santoro,
A. Ghosh, C. Karathanasis, K. Leyde, D. A. Steer,
S. Perries, and G. Pierra, A novel approach to infer
population and cosmological properties with gravita-
tional waves standard sirens and galaxy surveys, (2023),
arXiv:2305.10488 [astro-ph.CO].

[46] R. Magee, M. Isi, E. Payne, K. Chatziioannou, W. M.
Farr, G. Pratten, and S. Vitale, The impact of selection
biases on tests of general relativity with gravitational-
wave inspirals, (2023), arXiv:2311.03656 [gr-qc].

[47] E. Payne, M. Isi, K. Chatziioannou, and W. M.
Farr, Fortifying gravitational-wave tests of general
relativity against astrophysical assumptions, (2023),
arXiv:2309.04528 [gr-qc].

[48] B. P. Abbott et al. (LIGO Scientific, Virgo), GW170817:
Observation of Gravitational Waves from a Binary Neu-
tron Star Inspiral, Phys. Rev. Lett. 119, 161101 (2017),
arXiv:1710.05832 [gr-qc].

[49] B. P. Abbott et al. (LIGO Scientific, Virgo, 1M2H,
Dark Energy Camera GW-E, DES, DLT40, Las Cumbres
Observatory, VINROUGE, MASTER), A gravitational-
wave standard siren measurement of the Hubble constant,
Nature 551, 85 (2017), arXiv:1710.05835 [astro-ph.CO].

[50] B. F. Schutz, Determining the Hubble Constant from
Gravitational Wave Observations, Nature 323, 310
(1986).

[51] W. Del Pozzo, Inference of the cosmological parameters
from gravitational waves: application to second gener-
ation interferometers, Phys. Rev. D 86, 043011 (2012),
arXiv:1108.1317 [astro-ph.CO].

[52] R. Gray et al., Cosmological inference using gravitational
wave standard sirens: A mock data analysis, Phys. Rev.
D 101, 122001 (2020), arXiv:1908.06050 [gr-qc].

[53] R. Gray, C. Messenger, and J. Veitch, A pixelated ap-
proach to galaxy catalogue incompleteness: improv-
ing the dark siren measurement of the Hubble con-
stant, Mon. Not. Roy. Astron. Soc. 512, 1127 (2022),
arXiv:2111.04629 [astro-ph.CO].

[54] A. Finke, S. Foffa, F. Iacovelli, M. Maggiore, and M. Man-
carella, Cosmology with LIGO/Virgo dark sirens: Hub-
ble parameter and modified gravitational wave propaga-
tion, JCAP 08, 026, arXiv:2101.12660 [astro-ph.CO].

[55] C. Turski, M. Bilicki, G. Dálya, R. Gray, and A. Ghosh,
Impact of modelling galaxy redshift uncertainties on the
gravitational-wave dark standard siren measurement of
the Hubble constant, (2023), arXiv:2302.12037 [gr-qc].

[56] R. Gray et al., Joint cosmological and gravitational-
wave population inference using dark sirens and galaxy
catalogues, (2023), arXiv:2308.02281 [astro-ph.CO].

[57] S. R. Taylor, J. R. Gair, and I. Mandel, Hubble without
the Hubble: Cosmology using advanced gravitational-
wave detectors alone, Phys. Rev. D 85, 023535 (2012),
arXiv:1108.5161 [gr-qc].

[58] S. R. Taylor and J. R. Gair, Cosmology with the lights off:
standard sirens in the Einstein Telescope era, Phys. Rev.
D 86, 023502 (2012), arXiv:1204.6739 [astro-ph.CO].

[59] W. M. Farr, M. Fishbach, J. Ye, and D. Holz, A Future
Percent-Level Measurement of the Hubble Expansion at

https://doi.org/10.1093/mnras/stac2961
https://doi.org/10.1093/mnras/stac2961
https://arxiv.org/abs/2208.03405
https://arxiv.org/abs/2208.03405
https://doi.org/10.3847/1538-4357/aced02
https://doi.org/10.3847/1538-4357/aced02
https://arxiv.org/abs/2301.00834
https://arxiv.org/abs/2302.07289
https://doi.org/10.1093/mnras/stad1364
https://arxiv.org/abs/2303.02263
https://doi.org/10.1093/mnras/stad2502
https://doi.org/10.1093/mnras/stad2502
https://arxiv.org/abs/2305.18539
https://arxiv.org/abs/2307.12092
https://arxiv.org/abs/2307.12092
https://arxiv.org/abs/2310.03074
https://arxiv.org/abs/2310.03074
https://doi.org/10.1103/PhysRevD.100.104036
https://doi.org/10.1103/PhysRevD.100.104036
https://arxiv.org/abs/1903.04467
https://doi.org/10.1103/PhysRevD.103.122002
https://doi.org/10.1103/PhysRevD.103.122002
https://arxiv.org/abs/2010.14529
https://arxiv.org/abs/2112.06861
https://doi.org/10.1103/PhysRevD.107.084033
https://arxiv.org/abs/2112.07650
https://arxiv.org/abs/2112.07650
https://doi.org/10.1016/j.physletb.2021.136665
https://arxiv.org/abs/2104.05139
https://arxiv.org/abs/2104.05139
https://doi.org/10.1103/PhysRevD.105.064030
https://doi.org/10.1103/PhysRevD.105.064030
https://arxiv.org/abs/2112.05728
https://doi.org/10.1088/1475-7516/2022/09/012
https://arxiv.org/abs/2202.00025
https://doi.org/10.1103/PhysRevD.106.024048
https://doi.org/10.1103/PhysRevD.106.024048
https://arxiv.org/abs/2204.10742
https://doi.org/10.1088/1475-7516/2022/12/011
https://arxiv.org/abs/2202.05092
https://arxiv.org/abs/2309.03833
https://arxiv.org/abs/2307.13099
https://arxiv.org/abs/2307.13099
https://arxiv.org/abs/2305.10488
https://arxiv.org/abs/2311.03656
https://arxiv.org/abs/2309.04528
https://doi.org/10.1103/PhysRevLett.119.161101
https://arxiv.org/abs/1710.05832
https://doi.org/10.1038/nature24471
https://arxiv.org/abs/1710.05835
https://doi.org/10.1038/323310a0
https://doi.org/10.1038/323310a0
https://doi.org/10.1103/PhysRevD.86.043011
https://arxiv.org/abs/1108.1317
https://doi.org/10.1103/PhysRevD.101.122001
https://doi.org/10.1103/PhysRevD.101.122001
https://arxiv.org/abs/1908.06050
https://doi.org/10.1093/mnras/stac366
https://arxiv.org/abs/2111.04629
https://doi.org/10.1088/1475-7516/2021/08/026
https://arxiv.org/abs/2101.12660
https://arxiv.org/abs/2302.12037
https://arxiv.org/abs/2308.02281
https://doi.org/10.1103/PhysRevD.85.023535
https://arxiv.org/abs/1108.5161
https://doi.org/10.1103/PhysRevD.86.023502
https://doi.org/10.1103/PhysRevD.86.023502
https://arxiv.org/abs/1204.6739


20

Redshift 0.8 With Advanced LIGO, Astrophys. J. Lett.
883, L42 (2019), arXiv:1908.09084 [astro-ph.CO].

[60] S. Mastrogiovanni, K. Leyde, C. Karathanasis,
E. Chassande-Mottin, D. A. Steer, J. Gair, A. Ghosh,
R. Gray, S. Mukherjee, and S. Rinaldi, On the impor-
tance of source population models for gravitational-
wave cosmology, Phys. Rev. D 104, 062009 (2021),
arXiv:2103.14663 [gr-qc].

[61] J. M. Ezquiaga and D. E. Holz, Spectral Sirens: Cosmol-
ogy from the Full Mass Distribution of Compact Binaries,
Phys. Rev. Lett. 129, 061102 (2022), arXiv:2202.08240
[astro-ph.CO].

[62] N. Aghanim et al. (Planck), Planck 2018 results. VI.
Cosmological parameters, Astron. Astrophys. 641, A6
(2020), [Erratum: Astron.Astrophys. 652, C4 (2021)],
arXiv:1807.06209 [astro-ph.CO].

[63] A. G. Riess, S. Casertano, W. Yuan, L. M. Macri,
and D. Scolnic, Large Magellanic Cloud Cepheid Stan-
dards Provide a 1% Foundation for the Determina-
tion of the Hubble Constant and Stronger Evidence for
Physics beyond ΛCDM, Astrophys. J. 876, 85 (2019),
arXiv:1903.07603 [astro-ph.CO].

[64] H.-Y. Chen, M. Fishbach, and D. E. Holz, A two
per cent Hubble constant measurement from stan-
dard sirens within five years, Nature 562, 545 (2018),
arXiv:1712.06531 [astro-ph.CO].

[65] E. Belgacem, Y. Dirian, S. Foffa, E. J. Howell, M. Mag-
giore, and T. Regimbau, Cosmology and dark energy
from joint gravitational wave-GRB observations, JCAP
08, 015, arXiv:1907.01487 [astro-ph.CO].

[66] J. Yu, Y. Wang, W. Zhao, and Y. Lu, Hunting for
the host galaxy groups of binary black holes and the
application in constraining Hubble constant, Mon. Not.
Roy. Astron. Soc. 498, 1786 (2020), arXiv:2003.06586
[astro-ph.CO].

[67] S. Borhanian, A. Dhani, A. Gupta, K. G. Arun, and
B. S. Sathyaprakash, Dark Sirens to Resolve the Hub-
ble–Lemaître Tension, Astrophys. J. Lett. 905, L28
(2020), arXiv:2007.02883 [astro-ph.CO].

[68] J.-Y. Song, L.-F. Wang, Y. Li, Z.-W. Zhao, J.-F. Zhang,
W. Zhao, and X. Zhang, Synergy between CSST galaxy
survey and gravitational-wave observation: Inferring the
Hubble constant from dark standard sirens, (2022),
arXiv:2212.00531 [astro-ph.CO].

[69] I. Gupta, Using Gray Sirens to Resolve the Hubble-
Lemaître Tension, (2022), arXiv:2212.00163 [gr-qc].

[70] L.-G. Zhu and X. Chen, The Dark Side of Using Dark
Sirens to Constrain the Hubble–Lemaître Constant, As-
trophys. J. 948, 26 (2023), arXiv:2302.10621 [astro-
ph.CO].

[71] N. Muttoni, D. Laghi, N. Tamanini, S. Marsat, and
D. Izquierdo-Villalba, Dark siren cosmology with binary
black holes in the era of third-generation gravitational
wave detectors, (2023), arXiv:2303.10693 [astro-ph.CO].

[72] Z.-Q. You, X.-J. Zhu, G. Ashton, E. Thrane, and Z.-H.
Zhu, Standard-siren cosmology using gravitational waves
from binary black holes, Astrophys. J. 908, 215 (2021),
arXiv:2004.00036 [astro-ph.CO].

[73] H. Leandro, V. Marra, and R. Sturani, Measuring the
Hubble constant with black sirens, Phys. Rev. D 105,
023523 (2022), arXiv:2109.07537 [gr-qc].

[74] C. Talbot and E. Thrane, Flexible and Accurate Evalua-
tion of Gravitational-wave Malmquist Bias with Machine
Learning, Astrophys. J. 927, 76 (2022), arXiv:2012.01317

[gr-qc].
[75] K. W. K. Wong, G. Contardo, and S. Ho, Gravita-

tional wave population inference with deep flow-based
generative network, Phys. Rev. D 101, 123005 (2020),
arXiv:2002.09491 [astro-ph.IM].

[76] F. Gerardi, S. M. Feeney, and J. Alsing, Unbiased
likelihood-free inference of the Hubble constant from light
standard sirens 10.1103/PhysRevD.104.083531 (2021),
arXiv:2104.02728 [astro-ph.CO].

[77] M. Mould, D. Gerosa, and S. R. Taylor, Deep learning
and Bayesian inference of gravitational-wave popula-
tions: Hierarchical black-hole mergers, Phys. Rev. D
106, 103013 (2022), arXiv:2203.03651 [astro-ph.HE].

[78] D. Ruhe, K. Wong, M. Cranmer, and P. Forré, Normaliz-
ing Flows for Hierarchical Bayesian Analysis: A Gravita-
tional Wave Population Study, (2022), arXiv:2211.09008
[astro-ph.IM].

[79] M. Dax, S. R. Green, J. Gair, M. Deistler, B. Schölkopf,
and J. H. Macke, Group equivariant neural posterior es-
timation, in International Conference on Learning Rep-
resentations (2022) arXiv:2111.13139 [cs.LG].

[80] E. G. Tabak and E. Vanden-Eijnden, Density estimation
by dual ascent of the log-likelihood, Communications in
Mathematical Sciences 8, 217 (2010).

[81] E. G. Tabak and C. V. Turner, A family of nonparametric
density estimation algorithms, Communications on Pure
and Applied Mathematics 66, 145 (2013).

[82] L. Dinh, D. Krueger, and Y. Bengio, NICE: Non-linear
Independent Components Estimation, arXiv e-prints ,
arXiv:1410.8516 (2014), arXiv:1410.8516 [cs.LG].

[83] D. Jimenez Rezende and S. Mohamed, Variational Infer-
ence with Normalizing Flows, (2015), arXiv:1505.05770
[stat.ML].

[84] I. Kobyzev, S. J. D. Prince, and M. A. Brubaker, Nor-
malizing Flows: An Introduction and Review of Current
Methods, (2019), arXiv:1908.09257 [stat.ML].

[85] G. Kanwar, M. S. Albergo, D. Boyda, K. Cranmer,
D. C. Hackett, S. Racanière, D. J. Rezende, and P. E.
Shanahan, Equivariant flow-based sampling for lattice
gauge theory, Phys. Rev. Lett. 125, 121601 (2020),
arXiv:2003.06413 [hep-lat].

[86] F. Noé, S. Olsson, J. Köhler, and H. Wu, Boltzmann gen-
erators: Sampling equilibrium states of many-body sys-
tems with deep learning, Science 365, eaaw1147 (2019),
https://www.science.org/doi/pdf/10.1126/science.aaw1147.

[87] P. Wirnsberger, A. J. Ballard, G. Papamakarios, S. Aber-
crombie, S. Racanière, A. Pritzel, D. Jimenez Rezende,
and C. Blundell, Targeted free energy estimation via
learned mappings, The Journal of Chemical Physics 153,
144112 (2020).

[88] J. Köhler, L. Klein, and F. Noé, Equivariant flows: sam-
pling configurations for multi-body systems with sym-
metric energies, arXiv preprint arXiv:1910.00753 (2019).

[89] S. R. Green, C. Simpson, and J. Gair, Gravitational-
wave parameter estimation with autoregressive neu-
ral network flows, Phys. Rev. D 102, 104057 (2020),
arXiv:2002.07656 [astro-ph.IM].

[90] S. R. Green and J. Gair, Complete parameter inference
for GW150914 using deep learning, Mach. Learn. Sci.
Tech. 2, 03LT01 (2021), arXiv:2008.03312 [astro-ph.IM].

[91] M. Dax, S. R. Green, J. Gair, J. H. Macke, A. Buonanno,
and B. Schölkopf, Real-Time Gravitational Wave Science
with Neural Posterior Estimation, Phys. Rev. Lett. 127,
241103 (2021), arXiv:2106.12594 [gr-qc].

https://doi.org/10.3847/2041-8213/ab4284
https://doi.org/10.3847/2041-8213/ab4284
https://arxiv.org/abs/1908.09084
https://doi.org/10.1103/PhysRevD.104.062009
https://arxiv.org/abs/2103.14663
https://doi.org/10.1103/PhysRevLett.129.061102
https://arxiv.org/abs/2202.08240
https://arxiv.org/abs/2202.08240
https://doi.org/10.1051/0004-6361/201833910
https://doi.org/10.1051/0004-6361/201833910
https://arxiv.org/abs/1807.06209
https://doi.org/10.3847/1538-4357/ab1422
https://arxiv.org/abs/1903.07603
https://doi.org/10.1038/s41586-018-0606-0
https://arxiv.org/abs/1712.06531
https://doi.org/10.1088/1475-7516/2019/08/015
https://doi.org/10.1088/1475-7516/2019/08/015
https://arxiv.org/abs/1907.01487
https://doi.org/10.1093/mnras/staa2465
https://doi.org/10.1093/mnras/staa2465
https://arxiv.org/abs/2003.06586
https://arxiv.org/abs/2003.06586
https://doi.org/10.3847/2041-8213/abcaf5
https://doi.org/10.3847/2041-8213/abcaf5
https://arxiv.org/abs/2007.02883
https://arxiv.org/abs/2212.00531
https://arxiv.org/abs/2212.00163
https://doi.org/10.3847/1538-4357/acc24b
https://doi.org/10.3847/1538-4357/acc24b
https://arxiv.org/abs/2302.10621
https://arxiv.org/abs/2302.10621
https://arxiv.org/abs/2303.10693
https://doi.org/10.3847/1538-4357/abd4d4
https://arxiv.org/abs/2004.00036
https://doi.org/10.1103/PhysRevD.105.023523
https://doi.org/10.1103/PhysRevD.105.023523
https://arxiv.org/abs/2109.07537
https://doi.org/10.3847/1538-4357/ac4bc0
https://arxiv.org/abs/2012.01317
https://arxiv.org/abs/2012.01317
https://doi.org/10.1103/PhysRevD.101.123005
https://arxiv.org/abs/2002.09491
https://doi.org/10.1103/PhysRevD.104.083531
https://arxiv.org/abs/2104.02728
https://doi.org/10.1103/PhysRevD.106.103013
https://doi.org/10.1103/PhysRevD.106.103013
https://arxiv.org/abs/2203.03651
https://arxiv.org/abs/2211.09008
https://arxiv.org/abs/2211.09008
https://openreview.net/forum?id=u6s8dSporO8
https://openreview.net/forum?id=u6s8dSporO8
https://arxiv.org/abs/2111.13139
https://doi.org/10.48550/arXiv.1410.8516
https://doi.org/10.48550/arXiv.1410.8516
https://arxiv.org/abs/1410.8516
https://arxiv.org/abs/1505.05770
https://arxiv.org/abs/1505.05770
https://arxiv.org/abs/1908.09257
https://doi.org/10.1103/PhysRevLett.125.121601
https://arxiv.org/abs/2003.06413
https://doi.org/10.1126/science.aaw1147
https://arxiv.org/abs/https://www.science.org/doi/pdf/10.1126/science.aaw1147
https://doi.org/10.1103/PhysRevD.102.104057
https://arxiv.org/abs/2002.07656
https://doi.org/10.1088/2632-2153/abfaed
https://doi.org/10.1088/2632-2153/abfaed
https://arxiv.org/abs/2008.03312
https://doi.org/10.1103/PhysRevLett.127.241103
https://doi.org/10.1103/PhysRevLett.127.241103
https://arxiv.org/abs/2106.12594


21

[92] R. Abbott et al. (LIGO Scientific, Virgo„ KAGRA,
VIRGO), Constraints on the Cosmic Expansion His-
tory from GWTC–3, Astrophys. J. 949, 76 (2023),
arXiv:2111.03604 [astro-ph.CO].

[93] J. M. Ezquiaga and M. Zumalacárregui, Dark Energy in
light of Multi-Messenger Gravitational-Wave astronomy,
Front. Astron. Space Sci. 5, 44 (2018), arXiv:1807.09241
[astro-ph.CO].

[94] J. M. Ezquiaga and D. E. Holz, Jumping the Gap: Search-
ing for LIGO’s Biggest Black Holes, Astrophys. J. Lett.
909, L23 (2021), arXiv:2006.02211 [astro-ph.HE].

[95] M. Corman, A. Ghosh, C. Escamilla-Rivera, M. A.
Hendry, S. Marsat, and N. Tamanini, Constrain-
ing cosmological extra dimensions with gravitational
wave standard sirens: from theory to current and
future multi-messenger observations, arXiv e-prints ,
arXiv:2109.08748 (2021), arXiv:2109.08748 [gr-qc].

[96] J. M. Ezquiaga, Hearing gravity from the cosmos:
GWTC-2 probes general relativity at cosmological scales,
Phys. Lett. B 822, 136665 (2021), arXiv:2104.05139
[astro-ph.CO].

[97] I. Magana Hernandez, Constraining the number of
spacetime dimensions from GWTC-3 binary black
hole mergers, arXiv e-prints , arXiv:2112.07650 (2021),
arXiv:2112.07650 [astro-ph.HE].

[98] I. Mandel, W. M. Farr, and J. R. Gair, Extracting distri-
bution parameters from multiple uncertain observations
with selection biases, Mon. Not. Roy. Astron. Soc. 486,
1086 (2019), arXiv:1809.02063 [physics.data-an].

[99] E. Thrane and C. Talbot, An introduction to Bayesian
inference in gravitational-wave astronomy: Parameter

estimation, model selection, and hierarchical models,
PASA 36, e010 (2019), arXiv:1809.02293 [astro-ph.IM].

[100] S. Vitale, D. Gerosa, W. M. Farr, and S. R. Taylor, Infer-
ring the properties of a population of compact binaries
in presence of selection effects 10.1007/978-981-15-4702-
7_45-1 (2020), arXiv:2007.05579 [astro-ph.IM].

[101] M. Dax, S. R. Green, J. Gair, M. Pürrer, J. Wildberger,
J. H. Macke, A. Buonanno, and B. Schölkopf, Neural Im-
portance Sampling for Rapid and Reliable Gravitational-
Wave Inference, Phys. Rev. Lett. 130, 171403 (2023),
arXiv:2210.05686 [gr-qc].

[102] S. Kullback and R. A. Leibler, On Information and
Sufficiency, The Annals of Mathematical Statistics 22,
79 (1951).

[103] C. Durkan, A. Bekasov, I. Murray, and G. Papamakarios,
nflows: normalizing flows in PyTorch (2020).

[104] C. Durkan, A. Bekasov, I. Murray, and G. Papamakarios,
Neural spline flows, in Advances in Neural Informa-
tion Processing Systems, Vol. 32, edited by H. Wallach,
H. Larochelle, A. Beygelzimer, F. d'Alché-Buc, E. Fox,
and R. Garnett (Curran Associates, Inc., 2019).

[105] G. Pratten et al., Computationally efficient models for
the dominant and subdominant harmonic modes of pre-
cessing binary black holes, Phys. Rev. D 103, 104056
(2021), arXiv:2004.06503 [gr-qc].

[106] I. M. Romero-Shaw et al., Bayesian inference for compact
binary coalescences with bilby: validation and applica-
tion to the first LIGO–Virgo gravitational-wave transient
catalogue, Mon. Not. Roy. Astron. Soc. 499, 3295 (2020),
arXiv:2006.00714 [astro-ph.IM].

https://doi.org/10.3847/1538-4357/ac74bb
https://arxiv.org/abs/2111.03604
https://doi.org/10.3389/fspas.2018.00044
https://arxiv.org/abs/1807.09241
https://arxiv.org/abs/1807.09241
https://doi.org/10.3847/2041-8213/abe638
https://doi.org/10.3847/2041-8213/abe638
https://arxiv.org/abs/2006.02211
https://arxiv.org/abs/2109.08748
https://doi.org/10.1016/j.physletb.2021.136665
https://arxiv.org/abs/2104.05139
https://arxiv.org/abs/2104.05139
https://arxiv.org/abs/2112.07650
https://doi.org/10.1093/mnras/stz896
https://doi.org/10.1093/mnras/stz896
https://arxiv.org/abs/1809.02063
https://doi.org/10.1017/pasa.2019.2
https://arxiv.org/abs/1809.02293
https://doi.org/10.1007/978-981-15-4702-7_45-1
https://doi.org/10.1007/978-981-15-4702-7_45-1
https://arxiv.org/abs/2007.05579
https://doi.org/10.1103/PhysRevLett.130.171403
https://arxiv.org/abs/2210.05686
https://doi.org/10.1214/aoms/1177729694
https://doi.org/10.1214/aoms/1177729694
https://doi.org/10.5281/zenodo.4296287
https://proceedings.neurips.cc/paper/2019/file/7ac71d433f282034e088473244df8c02-Paper.pdf
https://proceedings.neurips.cc/paper/2019/file/7ac71d433f282034e088473244df8c02-Paper.pdf
https://doi.org/10.1103/PhysRevD.103.104056
https://doi.org/10.1103/PhysRevD.103.104056
https://arxiv.org/abs/2004.06503
https://doi.org/10.1093/mnras/staa2850
https://arxiv.org/abs/2006.00714

	Gravitational wave populations and cosmology with neural posterior estimation
	Abstract
	Introduction
	Methods
	Hierarchical Bayesian population method
	Neural posterior estimation (NPE) methods
	Sub-population analysis
	Combining sub-populations of events

	Flow architecture

	Astrophysical and instrumental setup
	Assumptions on the population distribution
	Assumptions on BBH sources
	Assumptions on waveform and the detector network

	Training datasets
	Training set low
	Training set high
	Training the networks

	Results
	Results with model low
	Failing of the model and recovery from importance sampling

	Results with model high
	Impact of the number of posterior samples


	Conclusion
	Acknowledgments
	Coupling flows
	Loss identity
	Population details
	References


