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Outline

❖ Simulation-based inference for gravitational waves

❖ Three case studies

❖ Eccentricity

❖ Binary neutron stars

❖ Flow matching

❖ DINGO tutorial
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Parameter estimation for gravitational waves

observed data 

= 
 
 

signal 

+ 
 

noise

h(θ)
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Bayesian inference
❖ Goal is to draw samples from the posterior distribution 

 
 

❖ Gravitational waves

❖ Likelihood assumes stationary Gaussian detector noise 

❖ Uninformative prior

❖ Typically use stochastic sampler, repeatedly evaluating right hand side

❖ Can be expensive, depending on cost of , and must be repeated for each event

p(d |θ) = 𝒩(hI(θ), Sn,I)

h(θ)
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θ ∼ p(θ |d) =
p(d |θ)p(θ)

p(d)



Motivation
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Speed

Handle the large number 
of events expected in the 

future

Enable fast alerts for 
electromagnetic observers

Accuracy

Move beyond 
approximations such as 

stationary Gaussian noise 

Flexibility

Analyze data in most natural 
representation, e.g., time domain

Incorporate other types of data, 
e.g., galaxy catalogs for 

populations

Marginalize unwanted 
parameters



Simulation-based inference

Two key facts

❖ Deep neural networks have tremendous 
capacity to model complicated probability 
distributions.

❖ Using simulated data alone, can train networks 
to learn Bayesian inference distributions (e.g., 
the posterior). No likelihood evaluations are 
required.
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Distributions with neural networks
❖ For SBI, it is convenient to use a normalizing flow. Represents a complex distribution  

using a mapping    from simpler distribution: 
 
 
 
 
 
 
 

❖  is defined using neural networks. It must be invertible with simple Jacobian determinant. 

q
fd : u ↦ θ

fd

q(θ |d) = 𝒩(0,1)D(f −1
d (θ)) det J−1

fd
𝒩(0,1)D

fd
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Neural posterior estimation

Normalizing flow

Data simulator

L = 𝔼(θ,d)[−log q(θ |d)]
Minimize 

loss

Training

Normalizing flow

Observations

Posterior 
distribution

Inference

Inference is fast since it uses only 
forward neural network passes.

More general than likelihood-based 
inference methods.
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Loss function
❖ To train the network, specify a target loss function.

❖ Want 

❖ Take Kullbeck-Liebler (KL) divergence  between these distributions 
 
 

❖ This still depends on  so marginalize over it

qϕ(θ |d) → p(θ |d)

DKL

d
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𝔼p(d)DKL(p |q) = ∫ dd p(d)∫ dθ p(θ |d) log
p(θ |d)
qϕ(θ |d)

DKL(p |q) = ∫ dθ p(θ |d) log
p(θ |d)
qϕ(θ |d)

≥ 0  for identical 
distributions

= 0



Loss function

❖ To evaluate, re-order the integrals using Bayes’ theorem 
 
 
 

❖ Finally
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𝔼p(d)DKL(p |q) = ∫ dθ p(θ)∫ dd p(d |θ) log
p(θ |d)
qϕ(θ |d)

𝔼p(d)DKL(p |q) = ∫ dd p(d)∫ dθ p(θ |d) log
p(θ |d)
qϕ(θ |d)

L[ϕ] =
1
N ∑

θ(i) ∼ p(θ)
d(i) ∼ p(d |θ(i))

− log qϕ(θ(i) |d(i)) 1. Sample  from the prior
2. Simulate  = signal + noise

θ(i)

d(i)



LI MCMC
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❖ Well-trained networks give 
extremely good agreement with 
standard samplers.

❖ Inference in seconds to minutes.

DINGO

11Dax, SRG+ (PRL 2021)

https://github.com/dingo-gw/dingo

https://github.com/dingo-gw/dingo


Architecture
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Data d

Embedding network 
(ResNet)

Normalizing flowNoise u Parameters θ

latent representation 
(128 dimensions)

z

Noise spectrum Sn( f )

  q(θ |d) ⟶ q(θ |d, Sn( f ))

Trivial to condition on extra 
information, e.g., PSDs



Other SBI approaches

❖ Neural likelihood estimation (NLE)

❖ Learn likelihood 

❖ Requires MCMC to obtain posterior in 
the end 
 
 
 
 

❖ Neural ratio estimation (NRE)

❖ Train a classifier to distinguish samples 
from joint  and .

❖ This gives ratio . Use MCMC 
to obtain posterior samples

p(d |θ)
p(θ, d) p(θ)p(d)

p(d |θ)/p(d)
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We can use neural density estimators in many ways:  highly flexible! 

Trivial to marginalize parameters, add additional context, different data representations, etc. 



Neural importance sampling
❖ By combining with classical likelihood-based techniques, we can correct SBI inaccuracies using 

importance sampling: 
 
 
 
 
 

❖ The mean of the weights gives the Bayesian evidence:  

❖ Variance gives the sampling efficiency 

wi ∝
p(θi)p(d |θi)

q(θi |d)
proposal (NPE)

target (prior x likelihood)
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p(d) =
1
n

n

∑
i=1

wi

ϵ =
(∑i wi)

2

n∑i w2
i

Dax, SRG+ (PRL 2023)



Neural importance sampling
❖ Performance depends on quality of the proposal: 

 
 
 
 
 
 

❖ NPE proposals have the mass-covering property, making them well-suited to IS

15

❖ Poor proposal 
      large variance    ⟹ ϵ ≈ 0

❖ Perfect proposal 
        wi = constant ⟹ ϵ = 1

L[ϕ] ∼ DKL(p |q) = ∫ dθ p(θ |d) log
p(θ |d)
qϕ(θ |d)

Penalty in loss if    misses a mode!qϕ

Dax, SRG+ (PRL 2023)



Neural importance sampling
GW151012

LALInference (IMRPhenomXPHM)
Dingo-IS (IMRPhenomXPHM)
Dingo-IS (SEOBNRv4PHM)
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DINGO-IS:  −16412.88 ± 0.01 
BILBY:         −16412.73 ± 0.12 
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sampling efficiency

ϵ = 12.5 %

Dax, SRG+ (PRL 2023)



Validating results

❖ Good sampling 
efficiency for majority of 
events 

[Dax+ 2022]17

Dax, SRG+ (PRL 2023)



Application:  Eccentric binaries

❖ Use DINGO for a large study of eccentricity binaries using an expensive waveform model.

❖ “Effective one body” SEOBNRv4EHM model (Ramos-Buades+, 2022).

❖ Two new parameters:  eccentricity and relativistic anomaly

❖ Aligned spin, but includes effect of higher-order multipoles

❖ Costs:

❖ Nested sampling:  O(week) per event w/ 320 cores.

❖ DINGO:  O(minute) for initial samples, and O(hour) for importance sampling.

Gupte+ (2024)
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Application:  Eccentric binaries
❖ Three events with evidence for eccentricity (  compared to aligned spin) 

 
 
 
 
 
 
 
 
 
 
 

log10 Bayes ≥ 1

 
only

(l, m) = (2,2) higher 
modes

Gupte+ (2024)
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Application:  Eccentric binaries
❖ Caveat for GW200129:  Result highly dependent on glitch 

subtraction algorithm 
 
 
 
 
 
 
 
 

❖ However, all cases show eccentricity, even in comparison to 
precession!
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Binary neutron stars
GW170817:  Rapid sky localization enables multimessenger astrophysics

PRL 119, 161101 (2017) ApJ Lett 848:L12 (2017)
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Binary neutron stars
❖ Challenge:  BNS signals are longer and more complex than BBH
❖ Solution:

1. Heterodyning (Cornish 2010)    —    factor out overall phase 
2. Multibanding (Vinciguerra+ 2017)   —   use reduced resolution at higher 
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M. Dax, SRG+ (Nature, 2025)



Binary neutron stars
❖ But heterodyning depends on a specific chirp mass  . To achieve significant simplification this 

must be close to the true chirp mass.

❖ One solution:  Divide up the prior, and train a network only over a narrow chirp mass range, 
 
 
 
 

❖ Impractical:  Would require too many networks.

❖ Instead use prior conditioning.

M̃c

23

Mc

1.0 M⊙ 2.2 M⊙

ΔMc ∼ 0.005 M⊙

M. Dax, SRG+ (Nature, 2025)



Prior conditioning
❖ Train network conditioned on narrow prior .pM̃c

(Mc)

24

Sample hyperprior
M̃c ∼ p̃(M̃c)

Sample narrow prior
Mc ∼ p̃M̃c

(Mc)

M̃c

Generate data d = d(Mc)

Minimize 
−log qϕ(Mc − M̃c |d ⋅ eiφ(M̃c, f ), M̃c)

Mc

M. Dax, SRG+ (Nature, 2025)



Binary neutron star inference
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Enable pre-merger inference

M. Dax, SRG+ (Nature, 2025)



Binary neutron star inference
❖ Pre-merger inference: 

 
Full Bayesian analysis takes ~ 1 second!

M. Dax, SRG+ (Nature, 2025)
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Pre-merger BNS
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Binary neutron stars
❖ With XG detectors, obtain sky position many minutes before merger
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SBI is extremely general

Normalizing flow

Data simulator

L = 𝔼(θ,d)[−log q(θ |d)]
Minimize 

loss

Training Augment data simulator as desired, e.g.,
❖ Include varying noise spectrum to treat 

non-stationarity from event to event
❖ Inject signals into real noise
❖ Marginalize over unwanted parameters
❖ Use any data representation
❖ Include additional data channels

The network will learn how to incorporate 
this information.

29

Challenge is making it work in practice!



Improved density estimators
❖ Discrete normalizing flow 

 
 
 
 

❖       continuous normalizing flow  /  flow matching [Lipman+ (ICLR 2023)]⟶

30

⟶ tt = 0 t = 1

30

u θ1

f1
d

θ2

f 2
d

θ3

f 3
d

…
θ

…



Continuous normalizing flows
❖ Sample trajectories defined by vector field 

 
 
 
 
 
 

❖ Density satisfies transport equation 

❖ However, expensive to sample and evaluate density, since many network evaluations required. 
Makes training with loss  impractical.

∂tqt = ∇θt
⋅ (qtvt)

L = 𝔼(θ,d)[−log q(θ |d)]

31

dθt

dt
= vt(θt |d)

θ0

t0 1

θt

θ1

vt(θt |d)

noise samples

neural network

[cf. diffusion models - stochastic differential equations]



Flow matching
❖ Lipman+ (ICLR 2023):  Directly regress vector field using sample-conditional flow matching

❖ If we knew a target trajectory  that gives rise to an approximation to posterior , flow 
match with 

❖ Instead, consider a single point  and a simple 
conditional trajectory  
 
E.g., optimal transport 

❖ Remarkably, matching to the sample-conditional path yields a vector field that gives the marginal 
path 

(ut, pt) p(θ1 |d)
LFM = 𝔼(d,θt,t) ∥vt(θt |d) − ut(θt |d)∥2

θ1
(ut(θt |θ1), pt(θt |θ1))

32

θ0

t0 1

θt

θ1ut(θt |θ1)

LSCFM = 𝔼(d,θ1,t,θt) ∥vt(θt |d) − ut(θt |θ1)∥2



Flow matching posterior estimation (FMPE)

❖ We applied flow matching to posterior 
estimation.

❖ Proved that under reasonable assumptions, 
mass covering property holds.

❖ Outperforms NPE with discrete flows

❖ Faster training, better scaling to large 
networks
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Conclusions

❖ Simulation-based inference can deliver fast and accurate PE for gravitational waves.

❖ Enabled new eccentricity studies, finding evidence in three events.

❖ For binary neutron stars, prior conditioning enables O(second) pre- and post-
merger inference.

❖ New architectures promise to bring ever-improving performance.

❖ Going forwards, efforts focused on (1) extending to new sources and observatories, 
(2) training on realistic noise, and (3) building flexible networks.

Next: Tutorial
34


