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psrqpy, M. Pitkin (2018)
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https://psrqpy.readthedocs.io/en/latest/

...and their equation of state

Unique laboratories to study
cold, dense matter

Outer crust: ions, electrons

Thin atmosphere: H, He, C‘

Inner crust: ion lattice,
soaked in superfluid neutrons (SFn)

Outer core liquid: e, 1,
SFn, superconducting protons

Inner core: hyperons?
quarks? unknown
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https://ui.adsabs.harvard.edu/abs/2025PhRvX..15b1014K/abstract
https://ui.adsabs.harvard.edu/abs/2022NatRP...4..237Y/abstract

Probing the EOS of neutron stars

> Mass and radius measurements
NICER X-ray telescope
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https://iopscience.iop.org/article/10.3847/1538-4357/ac490e

Probing the EOS of neutron stars

> Mass and radius measurements > Spin-up glitches
NICER X-ray telescope SKA and other radio observatories
2‘03_ SFHo- « + 1. \\\‘\\ \\\‘\\_
3 g
5 1.5 ' g \K \\
1.0F
i \\ \K
0.5 [ — no Mrov SN AN
Alsing+

time



https://iopscience.iop.org/article/10.3847/1538-4357/ac490e
https://indico.global/event/5670/contributions/46084/attachments/22531/38010/Antonelli-Istanbul2016.pdf

l. Mass and radius: X-ray emission

Pulsed X-ray emission from neutron stars comes from hot spots on their surface.
We can simulate their spectro-temporal emission.

R [km] = 12.00

200
180

o
N

160

o
S

140

o
o)

Energy [keV]
o
[#3]

-
o

1.2

00 02 04 06 0.8 1.0
Phase



l. Mass and radius: X-ray emission

Pulsed X-ray emission from neutron stars comes from hot spots on their surface.
We can simulate their spectro-temporal emission.
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This emission depends on their mass, their radius, and other parameters.




|. Mass and radius: standard analysis

> Relativistic ray-tracing

A few seconds per evaluation

> MCMC in a
multi-dimensional
parameter space



https://svs.gsfc.nasa.gov/20268/
https://ui.adsabs.harvard.edu/abs/arXiv:1912.05705

|. Mass and radius: standard analysis

> Relativistic ray-tracing

> MCMC in a
multi-dimensional
A fe ‘ evaluation parameter space wiieretal (2019) =
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https://ui.adsabs.harvard.edu/abs/arXiv:1912.05705

. Mass and radius: WaFLe

N

A WaveForm Learner:
> 2D, physics-agnostic ResNet
> ~2e6 trainable parameters

— =

> Training distributed across 16 GPUs on the NCCS cluster



https://nccs.nasa.gov/

. Mass and radius: WaFLe

3 input parameters
Training: a few 10*waveforms, days

Model evaluations:

v ~100x faster
v Accurate

Inference:
v ~20x faster
v Statistically correct

X

Toy model, not usable in real analyzes




. Mass and radius: WaFLe

3 input parameters
Training: a few 10*waveforms, days

Model evaluations:
v ~100x faster
v Accurate

Inference:
v ~20x faster
v Statistically correct

~Toy model, not usable in real analyzes

6 inputs parameters
v Simplest model usable in analyzes
Model evaluations:
v ~100x faster

~ Accuracy not sufficient for MCMC

Training: ~108 waveforms, weeks




. Mass and radius:

Simulation-based Inference
of RPP Useful Parameters

A. Kulkarni’'s summer 2025 internship

v Model evaluations with vafie

v Neural Ratio Estimation with swyst
v (M,R) inference done in seconds

v Well-behaved Bayesian posteriors

~ Perfect instrument response
~ No background signal



https://swyft.readthedocs.io/

Il. Glitches: radio timing - i
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https://www.gb.nrao.edu/scienceDocs/SDSS2019/Pulsar%20Observing%20and%20Science%20-%20Ryan%20Lynch.pdf
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https://www.gb.nrao.edu/scienceDocs/SDSS2019/Pulsar%20Observing%20and%20Science%20-%20Ryan%20Lynch.pdf

Il. Glitches: radio timing - i
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Il. Glitches: radio timing - i
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Il. Glitches: Generative Adversarial Net.

* Generative Adversarial Networks (GAN)

| A GAN Architecture

Random Noise

=
=

Simulate noise from noise?



https://www.researchgate.net/journal/Frontiers-in-Neurology-1664-2295/publication/359092430_Time-Series_Generative_Adversarial_Network_Approach_of_Deep_Learning_Improves_Seizure_Detection_From_the_Human_Thalamic_SEEG/links/6645ff0a22a7f16b4f2edd2d/Time-Series-Generative-Adversarial-Network-Approach-of-Deep-Learning-Improves-Seizure-Detection-From-the-Human-Thalamic-SEEG.pdf?_tp=eyJjb250ZXh0Ijp7ImZpcnN0UGFnZSI6Il9kaXJlY3QiLCJwYWdlIjoicHVibGljYXRpb25Eb3dubG9hZCIsInByZXZpb3VzUGFnZSI6InB1YmxpY2F0aW9uIn19

Il. Glitches: Generative Adversarial Net.

* Generative Adversarial Networks (GAN)

| A GAN Architecture

Random Noise
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 TimeGAN for time series
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https://papers.nips.cc/paper_files/paper/2019/hash/c9efe5f26cd17ba6216bbe2a7d26d490-Abstract.html
https://www.researchgate.net/journal/Frontiers-in-Neurology-1664-2295/publication/359092430_Time-Series_Generative_Adversarial_Network_Approach_of_Deep_Learning_Improves_Seizure_Detection_From_the_Human_Thalamic_SEEG/links/6645ff0a22a7f16b4f2edd2d/Time-Series-Generative-Adversarial-Network-Approach-of-Deep-Learning-Improves-Seizure-Detection-From-the-Human-Thalamic-SEEG.pdf?_tp=eyJjb250ZXh0Ijp7ImZpcnN0UGFnZSI6Il9kaXJlY3QiLCJwYWdlIjoicHVibGljYXRpb25Eb3dubG9hZCIsInByZXZpb3VzUGFnZSI6InB1YmxpY2F0aW9uIn19

Il. Glitches: Large Language Model

Time-LLM ;
> Time Series Forecasting
> Reprogramming of LLMs
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https://arxiv.org/abs/2310.01728

Summary e

] e
RN
T ;
S SR 3% Pre-trained LLM
(Body)
il

o ~ Simulation-based
| inference pipeline

% Pre-trained LLM
(Embedder)

B TimeGan Architecture

Reconstruction Loss Supl::rvised Unsupervised L L M

P Loss A
1 T reprogramming

WaFLe, a 2D Res-Net

Reconstructed

Time Series '™\ Time Series
Recovery _y Classification

Discrimination

Auao:tsvzt::er Adversarial
¥ _ Network
'Real == -/E,mb edding Generation Random
Series Tin'“
e Series

GAN for time series

ud - Neutron stars, from NICER to SKA - SF2A 2026



Summary and
perspectives

" Simulation-based

///‘
Y
\
\

)
J);

5
‘\
N
)

\!

¥
«*»

V

)

/

{
5
/
\

%
/
/

S

-

///

B e X

inference pipeline

B

|

Reconstructed

\\ Autoencoder
v Network

GAN for time series

TimeGan Architecture

Reconstruction Loss
Time Series W&

7
Embedding

Simple MLP? — o

Generation Random

o[ oo
1
1

it ;

3 Pre-trained LLM
(Body)

%ﬁ Pre-trained LLM
(Embedder)

LLM
reprogramming

\\

Gaussian
process?

Is Al needed?

N\

\\
\

‘/



Back-up slides



Physical PVO rameters
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Good accuracy across the

entire (M, R/M) parameter space
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Neural Ratio Estimation

Strategy: We estimate posteriors-to-prior ratio by training a Class 1: Matching (data, parameter) pairs

binary classifier to discriminate between matching and fmmmmEEmE——
scrambled (data, parameter) pairs. @ N
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The maths

1. Introduce auxiliary classification variable ¥:

¥Y=1: Joined draws ¥=0: Marginal draws
p X =D=plx% p(x,z| ¥ = 1) = p(x)p(s)
2. Assume flat prior for Y-
| |
p¥=0=p¥=1== = plz|Np(Y) == (8y1p(x, 2) + Bypp(X)p(2))

3. Bayes theorem gives the posterior class probability given an (x, z) pair.

X,z bt !
p¥=1|xz)= ) = AR and p¥Y=0Jxz)=——
plx,z)+plap(z)  rxz)+1 rxz)+ 1
= Training a binary classifier for ¥ is equivalent to learning the ratio r(x, z).
Slide: C. Weniger 13
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