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NS Observables

o Mass
e Radius
o Tidal Deformability

Antoniadis et al,, Science 340 (2013)
Cromartie et al, NatAs 4 (2019) 72
Riley et al,, ApJL 887 (2019) L21
Riley et al,, ApJL 918 (2021) L21
Abbott et al, PRX 9 (2019) 011001
Coughlin et al, 480 (2018) 3
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Inverse Problems

e Reconstructing the dense matter EoS using mass-radius observations of neutron stars (NSs)
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TOV Equations: From EoS to Stellar Structure

@ quatic
P| M|
_ar le(r) + P(r)] [M(r) + 4xr° P(r)]
dr rir—2M(r)]
y dM(r)
p ra dmroe(r),
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MR Observables to EoS: An Inverse Problem

TOV Equations

P MAL

 —

Inverse Problem
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The Bayesian Approach

P(M-R|EoS) P(EoS)

P(EoS | M-R) = AR

Steiner et al,, ApJL 765 (2013) L5
Raithel et al., Ap) 844 (2017) 156
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Automatic Differentiation

A

/—NN\‘

Optimization

\/
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Train a neural network (NN) to output the MR curve from an EoS

M

Optimize the input (EoS) to obtain the desired output (MR curve)




Procedure

1.

Shriya Soma

Train a NN model to solve TOV
Equations — TOV Solver Network
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Procedure

1. Train a NN model to solve TOV
Equations — TOV Solver Network

ShrivaSoma | MAGIC23, Kerala

P(EoS | M-R) =
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EoS

—> TOV Solver Network —>

MR Observables

P(M-R | EoS)|P(EoS)

P(M-R)
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Procedure

Shriya Soma

Train a NN model to solve TOV
Equations — TOV Solver Network

Fix the weights of TOV Solver
(freeze training)
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Procedure

1. Train a NN model to solve TOV
Equations — TOV Solver Network

2. Fix the weights of TOV Solver
(freeze training)

3. Optimize the input layer (EoS)
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— TOV Solver Network

EoS

l_ Back Propagation

—>

MR Observables
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Back Propagation

Backpropagation of weights

Inputs

Qutput Layer

Hidden Layer

Input Layer

Output
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J(w)

Jin(W)

>

Gradient

Global cost minimum
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Procedure 4

al

1. Train a NN model to solve TOV
Equations — TOV Solver Network

2. Fix the weights of TOV Solver
(freeze training)

3. Optimize the input layer (EoS)
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— TOV Solver Network

EoS

l— Back Propagation

—>

MR Observables
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Procedure

Density (Constant)

—>

Shriya Soma
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EoS Network
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EoS
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MR Observables
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Procedure

—>

Density (Constant)

ShrivaSoma | MAGIC23, Kerala

P(EoS | M-R) =

EoS Network

—>
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P(M-R | EoS)|P(EoS)
P(M-R)
@ — TOV Solver Network —>

L Back Propagation

MR Observables
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Procedure

Density (Constant)

—>

Shriya Soma
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EoS Network
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EoS

—>

TOV Solver Network

Back Propagation

—>

MR Observables
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Data Preparation

Shriya Soma

« p<po : Sly/PS/DD2
« p > po : Piecewise Polytropes at (1.0,1.4,2.2,3.3,4.9,1.4) po

P=Kp ; dS=—Pds
p p
where,
K — P;._1
Pilq
and I'; € [1, min{5,T juminar }];
dP dP
— <1 ; T =T mina h =
de S ; / / whnen dE
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[Raithel ef al,, ApJ 831 (2016) 44]
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https://iopscience.iop.org/article/10.3847/0004-637X/831/1/44/pdf

TOV Solver Network: Training

* P <po
* P> Po

Pressure (MeV/fm?>)
—
o

Shriya Soma

: Sly/PS/DD2

: Piecewise Polytropes at (1.0, 1.4, 2.2, 3.3, 4.9, 1.4) Po

Mass (M @)

—— PS + polytrope
—— SLy + polytrope
—— DD2 + polytrope
2 4 6
Density (0520

MAGIC23, Kerala
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[Raithel et al, ApJ 831 (2016) 44]
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EoSs Generated: 3 x 100,000

On exclusion of MR curves

with maximum mass < 1.9
Solar Mass: 228,569 EoSs
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TOV Solver Network: Performance
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Accuracy : 99.9%
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TOV Solver Network: Performance on SFHo

0.010 .
Training Loss ===+ SFHo (TOV Equations)
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Mock data: An Ideal Case

3.0 b
—— M-R (Ground Truth) 1 —— Ground Truth
55 -=-== M-R (from reconstructed EoS) i =---- Reconstructed EoS
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Mock data: A Realistic Scenario

Pressure (MeV/fm?3)

Shriya Soma

—— Ground Truth
] 5% Noise
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EoS Network: Performance on SFHo

Pressure (MeV/fm?)
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NS Radius and Mass measurements
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Normal Distribution Fits to MR data
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Comparison with Previous Works
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Pressure (MeV/fm?3)

Comparison with Previous Works
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Summary
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Trained a NN to replace the TOV
Equations

Inverted the NN to optimize the
input layer (EoS)

Reconstructed the EoS from Real
Observations (post successful tests
on mock data)

Consistent with A limits from
GW170817
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Inverse Problems

Shriya Soma

Reconstructing the dense matter EoS using mass-radius observations of neutron stars (NSs)

Analyzing GWs for inferring the properties of NSs

| MAGIC23, Kerala |  Frankfurt Institute for Advanced Studies |  30-03-2023
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GWs : Ripples in the fabric of space-time

Massive accelerating objects disrupt space-time and emit
Gravitational waves.

ShrivaSoma | MAGIC23, Kerala |  Frankfurt Institute for Advanced Studies | 30-03-2023
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http://www.youtube.com/watch?v=WgE6lb_i78A

Listening to Cosmic Whispers - aLIGO & Virgo
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Simulation of GW Waveforms from mergers of BBHs and BNSs

%1078 X10~*
= BBH 21
= £
g 0.0 g 0
)] w
-2
—‘0.5 T - T T - - - -1
-10 -08 -06 -04 -02 00 -60 -50
Time(s)

« LALSuite Library to generate simulated signals
« Model: IMRPhenomPv2_NRTidal (Frequency Domain)
* Inputs: m1, m2, A1, A2 (Note: For BHs, A = 0)
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Classification of BBH signals, BNS signals, and Noise
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« For pSNR > 0.75, accuracy > 98%

« For pSNR = 0.50, train longer?
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Classification of BBH signals, BNS signals, and Noise.

Validation Accuracy

Shriya Soma
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| MAGIC23, Kerala
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Shriya Soma

e Classification

e Regression?

MAGIC23, Kerala |  Frankfurt Institute for Advanced Studies

30-03-2023
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Regression - mass & tidal deformation

1.8 2 22 24 26
M (Solar Mass)
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Regression - chirp mass & combined tidal
deformation

(m1m2)3/5

. Chirp Mass, M =
d (m + mp)l/5

= _ 16 [(My + 12My)M{Ay + (M, + 12M1) M3ho]
o | 13 (M1 + M)

1.2 1.4 1.6 1.8 2 22 24 2.6
M (Solar Mass)
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Regression - chirp mass & combined tidal

deformation
I(XX)O F 1 1 1 1
i Training Data
3000 E [ Test Data
2500 | 1000 3
2000 -
< \ < 100 F
1500 1 i
1000 -
10 F
500 g
0 = l 1 L 1 1
1.2 1.4 1.6 1.8 2 22 24 2.6 1 1.2 1.4 1.6 1.8
M (Solar Mass) Chirp Mass (Solar Mass)
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Predicting Chirp Mass

10000

1000

< 100

I 1 | L

Testing Data
Training Data

1 12 1.4 1.6 1.8 2
Chirp Mass (Solar Mass)

Channel 1: Absolute Value, Channel 2: Argument
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Predicted Chirp Mass

0.65 I T .
R” =0.9457
0.6 1
&
e
055 F e i
i
05 I .
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0.45 0.5 0.55 0.6 0.65
True Chirp Mass

Training Examples: 55055, Test Examples: 19945
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Predicting Combined A

10000 T I I I
Testing Data
Training Data
1000 F -
< 100 | —
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l | 1 ! !
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Chirp Mass (Solar Mass)

Channel 1: Absolute Value, Channel 2: Argument
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Predicted Tidal Parameter
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Predicting chirp mass and combined A

simultaneously
0.65 , I ] , 1 0.2
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Predicting chirp mass and combined A

simultaneously
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Predicting chirp mass and combined A

simultaneouslv (Signal + Noise)
| T -

Shriya Soma
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Predicted Tidal Parameter

’ 4
og Ll R*=09689 |
04 } ¢ !

.?.
il

0} A -
ik

'().4 = !'”~ =1
e -:'..n'.\".

A
08 | : J
0.8 0.4 0 0.4 0.8

True Tidal Parameter

Training Examples: 36000, Test Examples: 12000

46



Learning Curves (Signal + Noise)

Chirp Mass Prediction
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Summary

e (lassification of GW signals from mergers of BBHs, BNSs and noise.

e Regression of mass and tidal parameters from GW signals of BNSMs.
o  Without noise
o  With white noise

o  With detector noise?

S.S, K. Zhou, J. Steinheimer, H. Stocker: (in preparation)
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Thank you.

Email: soma@fias.uni-frankfurt.de
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Why 7.4p 2

We set the last point, p = 1.4 p, following the results of Read et al. (2009) and
Ozel & Psaltis (2009) who found that the pressure at this density determines
the NS maximum mass and that pressures at higher densities do not
significantly affect the overall shape of the resulting MR curve.

[Raithel ef al,, ApJ 831 (2016) 44]
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https://iopscience.iop.org/article/10.3847/0004-637X/831/1/44/pdf

How do P affect the MR curve?
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Comparing M-A and chirp mass - combined A

Dimensionless Units

Shriya Soma
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Tidal Deformability Doppelgangers

arXiv:2208.04294
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Tidal Deformability Doppelgangers

arXiv:2208.04294
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Stiff and soft doppelgangers

1

= | Pressure-density histograms for the set of
doppelgangers identified from the randomly-generated
sample of PWP EoSs, for which the parametrization
starts at 0.5p_sat. We classify each EoS in a given pair
of doppelgangers as “stiff” or “soft” hased on the
pressure at the first fiducial density, and we plot the 2D
histograms for each subclass in red and blue
respectively. The general doppelganger behavior is
caused by allowing for a phase transition at densities
near the nuclear saturation density p_sat. The onset of
the phase transition can be pushed to higher densities
by adopting more restrictive nuclear input.
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Speed of Sound
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WaveNet - An Autoregressive Network

Causal Series

Output
Dilation = 8

*2 9.9 9.9.

Q O O O ., Hidden Layer
i Y iR ety s Dilation = 4
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Dilation = 2

Hidden Layer
Dilation = 1

Input
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WaveNet - An Autoregressive Network

Shriya Soma

EoS (1,128)

| MAGIC23, Kerala
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1D Convolutions - Preserving Order

(0,0.1) Linear Spacing

Shriya Soma

_» Non-negative

d
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Learning Curves

Loss

Shriya Soma

3.0 1e4 WaveNet Loss History (32)
—— Training Loss
25 —— Validation Loss
2.0
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0.5
0% 1000 2000 3000
Epochs

|  MAGIC23, Kerala

Frankfurt Institute for Advanced Studies |

30-03-2023

Number of Epochs : 3000

Number of Layers : 10
Dilations : 1, 2, 4, 8, 16, 32, 16, 32, 64

Padding : ‘causal’
Activation function : ‘elu’ (last layer - sigmoid)
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Classification Network

Shriya Soma
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Regression Network

Shriya Soma

| MAGIC23, Kerala
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Mock data

Shriya Soma
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Behind the Scenes

Mass (Mg)

Shriya Soma
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Behind the Scenes

Mass (Mp)

Shriya Soma

25 MR curves of reconstructed EoSs (real data)
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Behind the Scenes

Mass (Mp)
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25 MR curves of reconstructed EoSs (real data)
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Behind the Scenes

Mass (Mp)

Shriya Soma

25 MR curves of reconstructed EoSs (real data)
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EoSs and corresponding MR curves
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Procedure

Density (Constant)

—>

Shriya Soma

|  MAGIC23, Kerala

EoS Network

Frankfurt Institute for Advanced Studies
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30-03-2023

EoS

—>

TOV Solver Network

—>

MR Observables
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EoS Parameters

EoS no m*/m BE K S L Mz Mp
(fm=3) (MeV) (MeV) (MeV) (MeV) Mg) (Mp)

DD2  0.1491 0.56 16.02  243.0 31.67 55.04 242 2.89
BHBA¢  0.1491 0.56 16.02  243.0 31.67 55.04 2.1 243
SFHo  0.1583 0.76 16.19 2454 31.57 47.10 2.06 2.43
SFHx  0.1602 0.72 16.16  238.8 28.67 23.18 2.13 2.53
TM1  0.1455 0.63 16.31 281.6 36.95 110.99 221 230
TMA  0.1472 0.64 16.03  318.2 30.66 90.14 202 230
G230a  0.153 0.78 16.30  230.0 32.50 89.76 2.01 231
G230b  0.153 0.70 16.30  230.0 32.50 94.46 233 2.75
G240a  0.153 0.78 16.30  240.0 32.50 89.70 202 2.75
G240b  0.153 0.70 16.30  240.0 32.50 94.39 234 2.75
G300a  0.153 0.78 16.30  300.0 32.50 89.33 2.08 240
G300b  0.153 0.70 16.30  300.0 32.50 93.94 236  2.78
Hybrid  0.1491 0.56 16.02  243.0 31.67 55.04 205 239

Exp. 0.15-0.16 0.55-0.75 16.00 220-315 29.00-31.70 45.00-61.90 - -
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The Bayesian Posterior

prior p(#)
model likelihood p(d|0)

Shriya Soma
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Likelihood-based methods

Markov Chain Monte Carlo (MCMC) : Likelihood-based sampler used to draw samples
from the posterior.

Nested Sampling, etc.
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Likelihood-free inference methods : Deep Neural Networks

If it is possible to sample d ~ p(d|©) (i.e., simulate data) one can alternatively use
simulation-based (or likelihood-free) inference methods.

For Gravitational Wave (GW) inference, deep neural networks (DNNs) have also been
shown to achieve similar accuracy to MCMC.
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Deep Neural Networks : Pros?

e When rapid results are desired—for alerts to trigger electromagnetic follow-up
of transient phenomena—computational efficiency makes all the difference, by
using either fast models or specialized inference algorithms.
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Deep Neural Networks : Cons?

e (an it generalize to out-of-distribution (i.e., data inconsistent with the training
distribution) data?

e Insufficient training?

e Lack diagnostics to be confident in results.

These powerful approaches are therefore rarely used in applications where accuracy
is important.

ShrivaSoma | MAGIC23, Kerala |  Frankfurt Institute for Advanced Studies | 30-03-2023

75



Importance Sampling

Shriya Soma

Start from a collection of n samples 6. ~ q(6]d) (the “proposal”)

Assign to each sample an importance weight w. = p(d|6.)p(6.)/q(8|d)

For a perfect proposal, w. = constant

Number of effective samples is related to the variance, n . = (L, w)?/ I, (w.?)

The sample efficiency € = n_./n < (0, 1] arises naturally as a quality measure of the
proposal

| MAGIC23, Kerala |  Frankfurt Institute for Advanced Studies |  30-03-2023
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Importance Sampling

e Importance sampling requires evaluation of p(d|6)p(6) rather than the
normalized posterior

e The evidence can then he estimated from the normalization of the weights as
pd)=1/n} w.
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Importance Sampling for EoS reconstruction

Ozel et al, Ap) 820 (2016) 28
Bogdanov et al, Ap) 831 (2016) 184

o TOV Solver trained on 4 low-density EoSs — Bias at low-densities while reconstructing the EoS

3.0

o Several M-R curves sampled from the uncertainty 2.5
distribution of data. Each reconstructed curve is

fitted to these M-R samples rather than the mean ~ =0

M-R curve. S s

=
1.0
e Importance sampling to correct bhias 0.5

ShrivaSoma | MAGIC23, Kerala |  Frankfurt Institute for Advanced Studies | 30-03-2023

Riley et al, ApJL 887 (2019) L21
Riley et al, ApJL 918 (2021) L27
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Importance Sampling for EoS reconstruction

Ozel et al, Ap) 820 (2016) 28 Riley et al, ApJL 887 (2019) L21
Bogdanov et al, Ap) 831 (2016) 184 Riley et al, ApJL 918 (2021) L27
Calculating the sample efficiency :
3.0—";\“'3|"--|---'|--v—
- 2 2y o
o n=(Lw) L (w?)~902 _

—— NGC 6304

NGC 6397
e Samples ~ 1759 2.0k — o Cen |
~ 47 Tuc X5
E —— 47 Tuc X7 3
» 1.5F il
e €=n./n~313% 8
1.0 il
0.5 i
Apply a cut-off and sQM1
reweight the samples accordingly s 10 s

Radius (km)
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