
Lecture Recording
❖ Note: These lectures will be recorded and posted onto the IMPRS website 

❖ Dear participants, 

❖ We will record all lectures on “Making sense of data: introduction to statistics for 
gravitational wave astronomy”, including possible Q&A after the presentation, 
and we will make the recordings publicly available on the IMPRS lecture 
website at: 

- https://imprs-gw-lectures.aei.mpg.de/2023-making-sense-of-data/

❖ By participating in this Zoom meeting, you are giving your explicit consent to 
the recording of the lecture and the publication of the recording on the course 
website. 
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Introduction

❖ Many applications so far of machine learning to gravitational waves:

• searches, parameter estimation, waveform modeling, glitch classification, 
population inference, noise reduction, … 

❖ Objectives of these applications:

• Usually speed of calculations

• Increasingly (and I believe in the future) previously-intractable analyses

(somewhat biased presentation)



Searches
❖ George and Huerta (2017), Gabbard et al (2018), Gebhard et al (2019), … 

❖ Approach is to train a classifier to distinguish signal + noise vs noise only.

❖ Dataset:

• time domain data, , 

•  samples; half with signal, half without; whitened

• IMRPhenomD, , zero spin, 

• Probability model:  2 softmax outputs representing   

• Loss:  Binary cross-entropy

T = 1 s fs = 8192 Hz

5 × 105

5 M⊙ ≤ m1,2 ≤ 95 M⊙ 0.65 s ≤ tc ≤ 0.85 s

p(y = i |x)



Searches
❖ 1D convolutional architecture captures time-translation invariance of the data





Other search approaches
❖ Gebhard et al (2019) used dilated convolutions for longer data sets.



Waveform modeling
❖ Chua, Galley, Vallisneri (2019):  Reduced Order Modeling with Artificial 

Neurons (ROMAN)

❖ Expand waveforms in reduced basis (  elements) and interpolate with 
neural network 
 

❖ Training data:    pairs  

❖ Loss function: 
 

❖ Fully-connected network:   25 hidden layers  x  256 units

∼ 102

6 × 105 {θn, α(θn)}

Engineered to give more weight 
to later basis elements



Waveform modeling
❖ Initial work:  TaylorF2; four parameters  

 
 
 
 

❖

θ = (m1, m2, χ1, χ2)

❖ Automatic differentiation enables 
gradient-based sampling methods 
(e.g., Hamiltonian Monte Carlo)



Waveform modeling
❖ More recent work (S. Khan and R. 

Green, 2021) uses similar techniques 
applied to SEOBNRv4.

❖ Fit to amplitude and phase





Types of glitches 
in database



Other search approaches
❖ Jadhav et al (2021) used transfer learning with InceptionV3 network



Parameter estimation

❖ George and Huerta (2018):  point estimate

❖ Gabbard et al (2019):  variational autoencoder

❖ Chua and Vallisneri (2020):  Gaussian with learned covariance, histogram

❖ Dax et al (2021):  normalizing flow

method to build very 
complicated distributions



Normalizing flow
❖ A normalizing flow  defines a complex distribution in terms of 

a simple one
fd : u ↦ θ

q(θ |d) = &(0,1)D(f −1
d (θ)) det J−1

fd

q(θ |d)&(0,1) fd



Normalizing flow

❖ Requirements:

1. Invertible

2. Simple Jacobian determinant

❖ Parametrize  using neural network.fd

q(θ |d) = &(0,1)D(f −1
d (θ)) det J−1

fd

Fast to evaluate and sample from q(θ |d)
needed for computing 

cross-entropy loss



Normalizing flow
❖ Requirements:

1. Invertible

2. Simple Jacobian determinant 

❖ Use a sequence of “coupling transforms”: 
 
 
 
 

❖  should be differentiable and have analytic inverse with respect to .ci ui

Hold fixed half of the components 
 
Transform remaining components element-wise, 
conditional on other half and .s

<latexit sha1_base64="AqVFqENhv6EMhHa5PT/O7K/NGhE="></latexit>

cd,i(u) =

(
ui if i  D/2

ci
⇣
ui;u1:D2

, d
⌘

if i > D/2

<latexit sha1_base64="ebIF+bhM4wy0dbLz7pb3nEkDvFE="></latexit>

det Jfd =
DY

i=D
2 +1

c0i

⇣
ui;u1:D2

, d
⌘



Normalizing flow
❖ Spline flow 

(Durkan et al, 2019):

ui

c i
knots and derivatives 

output of neural 
network;

input (u1: D
2
, d)

rational-quadratic 
spline interpolationanalytic inverse

Figure: Durkan et al (2019)



Normalizing flow
❖ Sequence of flows can give very complicated distribution

Image: Durkan et al (2019)



Training
❖  training waveforms

❖ IMRPhenomPv2
❖ ,  ,   
❖ 15D parameter space
❖

❖ + stationary Gaussian noise realizations

❖ Train several neural networks based on different noise level / number of detectors/ 
distance range:

5 × 106

T = 8 s fmin = 20 Hz fmax = 1024 Hz

m1, m2 ∈ [10,80] M⊙

<latexit sha1_base64="sVKHp1uB2Dc+IrMd7HzOWb/LWlg="></latexit>
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Method validation
❖ Uncertainty estimates allow 

for consistency checks

❖ “within-distribution” 

❖ On individual events, 
compare posteriors against 
standard tools.

❖ “out-of-distribution”
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NPE refinements: embedding network
❖ The existence of reduced bases shows that waveform bases can be compressed. Could 

impose this by hand, but more robust to learn this using an embedding network. 

Nin = ndet x 24099

Linear projection

Seed with principal components
of noise-free waveforms

ndet x 400

Fully connected residual network

48 hidden layers

Nout = 128 to flow

non-linear compression

inductive bias to recognise waveforms

(8033 frequency bins) x (Re + Im + PSD)
8s segment, sampled at 1024Hz, 

flow = 20Hz



NPE refinements: group equivariant NPE
❖ Representing the time of coalescence, tI, requires many reduced basis elements. Uses 

up a lot of training resources and freedom within the network.

❖ A change in time of coalescence in a single detector corresponds to a (trivial) 
transformation of the data and template. If the time shift is known, the waveform 
can be aligned and the learning process significantly simplified.

❖ Don’t know this a priori and not an exact symmetry for a detector network.



NPE refinements: group equivariant NPE
❖ Introduce a blurred estimate of    ,    , into 

the parameter space.

❖ In training and inference, follow a Gibbs 
sampling procedure

1. Align data based on  

2. Sample      from a fixed kernel

❖ Converges in O(10) iterations.

❖ GNPE exploits (near-) symmetries to 
simplify the learning task.
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NPE refinements: noise variabilityAmortized inference
❖ Account for detector nonstationarity 

from event to event by conditioning on 
noise PSD
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• LIGO noise varies from run to run. Want to be 
able to use NPE to analyse events right from 
the start of the run.

• Compare three approaches

• Early OR noise: train network using PSD 
measured in the first ~week of the OR.

• Synthetic noise: use earlier runs to infer 
distribution of noise over a run. Use this 
distribution and early OR noise to simulate 
the noise distribution for training.

• Oracle: use measured noise over the full 
run to train network.

NPE refinements: noise variability



❖ Performance of synthetic noise much better than early OR, comparable to oracle.

NPE refinements: noise variability



Group-Equivariant NPE

noise PSD
Sn

strain data
d

time shifts
⌧I

embedding
network

normal
u

flow f
parameters

✓

d�⌧I

128 dims

GNPE

Dax, SRG+ (ICLR, 2022)
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Data compression
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Out-of-distribution extrapolation

❖ Standard methods directly sample the likelihood

❖ Out-of-distribution data, e.g., waveform errors have a predictable effect 
on inference. The projection into the model space leads to a parameter 
bias

❖ Projections out of the model space have no effect.

p(s|~�) = p(n(t) = s(t)� h(t;~�)) / exp


�1

2
(s� h(~�)|s� h(~�))

�
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❖ Neural networks extrapolate out-of-
distribution (OOD) in ways that are 
difficult to predict.

❖ This means that systematic errors are 
not directly comparable, but it 
provides sensitivity to OOD data.

❖ Reweight samples to target density 
using importance sampling.

❖ Effective sample size, neff, provides 
metric of samples quality.

❖ Evidence can also be directly 
computed from the weights.

❖ But: no longer likelihood-free! :-(

Out-of-distribution extrapolation
Establish trust in deep learning

❖ Since we have GW likelihood and the NPE density, we can use importance sampling to compare. 
 
 
 
 
 
 
 

❖ Effective number of samples                                 as measure of performance.

❖ Evidence 

wi ∝ p(θi)p(d |θi)
q(θi |d)

proposal (NPE)

target (prior x likelihood)

Dax, SRG+ (2210.05686)
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DINGO-IS

Flagging failure cases

❖ Sample efficiency  serves to 
validate results. 

❖ Out-of-distribution data:

❖ Inconsistent with noise or 
signal model.

❖ Known cases identified 
through low !

ϵ

ϵ
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GW150914 LI MCMC
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❖ This generates the 
posterior, matching 
MCMC

❖ 50,000 samples in ~ 20 s



Simulation-based inference

❖ These machine-learning methods are all examples of simulation-based 
inference, which simply means that training uses simulated data (noisy 
waveforms).

• Standard inference methods (e.g., MCMC) are likelihood-based.

• Simulation-based inference is applicable in situations where 
likelihoods are unavailable or too expensive.

• Because of this, machine learning can carry out analyses that are not 
possible using standard tools.  E.g., non-Gaussian detector noise.



Summary

❖ Presented a sample of applications of machine learning for gravitational 
waves:

• Search, parameter estimation, waveform modeling glitch classification

❖ Frequent new papers on arxiv

❖ Next class: practical session!


