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What has been observed so far ?

» Gravitational Wave Transient

Catalogue 3:
e 90 transients (CBCs)

- 2 Binary Neutron Stars
- 3 Neutron Star + Black Hole

Abbot R. et al. (2021)
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Abbot R. et al. (2023)

Hint to dynamical
formation channels



Dynamical Interactions

in dense stellar environments

Dense stellar cluster

Ejected inspirals: f.,, < 1072Hz

N - body

interactions

» In-cluster mergers: e ~

(binary-single + binary-binary)
GW captures: f;,=> 10"1Hz / e = 0.05

Eccentricity Distribution (All Redshifts)

All
" ..+ Primordial
.71 Ejected
—_1 In-Cluster
[ Captures Samsing J. (2018)

a4 )

Close Encounters
Subpopulation e ~ 1 at fy, ~ 10 Hz

- J

0% 100 10 Rates (BHs): 1 — 2 Gpc3yr~1

Eccentricity (fow = 10 Hz)

Rodriguez C. et al. (2018) 2



Close Encounters Waveforms: The Effective Fly-by framework

» Single-burst description (2.5 PN)
> parabolic orbit (fly-by) as e = 1

Parameters:
. M total mass

1\/1277 * 7 symmetric mass ratio
hysy C—— e p semi latus-rectum
pd; .

e eccentricity
* d; luminosity distance
* t,time of periastron

passage

» Multi-burst sequences & known timing model

db
0iy1 =0; + (E)ei T;

Loutrel N. (2020)
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& Single L Eccentric merger

\

Implications of GW Observations

Samsing J. (2022)

> High eccentricity (e ~ 1): P

— GW emission: Repeated Bursts at each periastron
— v ~ 0.7c¢ - strong field regime / GR Tests

— f-modes excitation in Neutron Stars - Hquation Of State constraints
— Dynamical formation channel — Astrophysics

—> Possible e.m. counterparts — Multimessenger Astronomy

Detection & Parameter Estimation required !




Close Encounters Detection

[] LIGO Livingston

[1 LIGO Hanford

» Challenges :

e [.ow SNR with current sensitivities

e Burst-like signal with
small frequency evolution

» Approaches :

e Power stacking of multi-bursts SNR ~ N1/4

e Machine Learning (e.g. Sorrentino 2023)




Machine Learning & Deep Neural Networks

Artificial Neuron

{ yi” = o® b, +z“6-3?x,?‘”] }
4 2 5
Supervised Learning

hidden layers
input
@ @ output

» Algorithms that are trained to perform specific tasks

Classification Regression

( Noise vs Signal ) ( Parameter Estimation )

» Traditional M. — point estimates

» Probabilistic ML — probability distributions




Normalizing Flows
Pamakarios G. (2019)

> Key idea: parametrize an analytical function f: RY - RN to map A

> f

GW parameters into a simpler distribution

(s)
0 5y u~mn(u) = N(0,I)

must;
e be invertible and differentiable

e depend on parameters ¢ « NN output

I

\_

p(6ls) ~ q(0ls) = (f4(6,5)) |det] (f4(6,5))

~

J




Training a Normalizing Flow

Kullback S, Leibler R.A. (1951)

» p(0|s) =~ q(0|s) = define the loss function as the Kullback-Leibler divergence (distance) between p and ¢

unknown posterior

p(6] S)) _

1iplia] = [ dsp(s) [ a0 peols)og (F 5

j ds p(s) l j 15 (615)10gq 0l5) + j dsp(HLstgp/wls)]

[pllq] H[p]|p]

(using Bayes Theorem)

N
1
~ —]d@ p(@)]ds p(s|0)logq(B]s) = | — Nzlongi | si)
i=1

" 6; ~p(6)
Training dataset: .
{ ; ~ p(s]6;)

» No Likelihood evaluation required



HYPERION: Model Overview

> HYPer fast close EncounteR Inference from Obsetvations with Normalizing flows

Strain
/ (3, 2048)
Embedding
Network

\ Normahzmg —_
training Flow

l inference

Ock

» Developed in Python + PyTorch

> Input: 1s strain at 2 kHz ( 3 detectotrs )

> Output: HCE — {M, q, eo,ﬁo, dL, 6tp, a, 6}

> Core modules:

- Embedding IN[Sav/e)d e CNN, extracts features

4 Normalizing Flow: coupling layets,
reconstructs posterior distribution

e ~ 180 M parameters



HYPERION: Embedding Network

Strain
(3, 2048)

CNN 1D
kernel size = 5
Filters = [32, 64, 128 ]
BatchNorm 1D
MaxPool 1D (size=2)
ELU activation

Flatten
Dropout (0.2)

Linear (2048)
ELU activation

CNN 1D .
BatchNorm 1D Filters
GlobalMaxPool 1D Kernel sizes
ELU acfivation

Concat
Dropout (0.2)

)
Linear (2048)

Morphology
features

Concat

ResNet

ELU activation

L.ocalization

Embedded strain
(1, 256)



HYPERION: Flow Architecture

|

HCE = {M' q,€o, p_Oi dL' Stpi a, 6}

Embedded
strain

Upg = O14
Ugt1.p = Ba+1p0 O eXp(S(91:d)) + t(61.q4)

» Affine Coupling Layers (Dihna L. et al. (2017))

Ock [ Embedded strain ]

I

Coupling Layer 1 +——

i

Random Permutation 1

Coupling Layer 2

Rondom Permutation 2

Coupling Layer 32

§i

[ Random Permutation 32 ]

Embedded
strain

Ol:d = Uq.g
0410 = [Ugsrp —t(ugq) ] O exp(— S(u1:d))




Simulations and preprocessing

Detectors
orientation

Ocp distribution

uniform
uniform

my [Mg]
mo < my [Mg]

Population
distributions

[ Sampled PSD ]

[ remen

Effective Fly-by
Waveforms

uniform
uniform

Po
dr, [Mpc]

[

Sample source
parameters

Project waveform
onto detectors and
add background noise

Simulate Template
Timeseries

)- () - (=)~ =)

uniform

uniform
Cos

uniform

0 T
0 T
1370692818.0

: uniform
( sin

GPS time fixed

whitened strain

5x10° training samples

!

HDF strain
timeseries files

L1 - SNR 5.04
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Training » ~ 20 hr on Nvidia A30 GPU

0.00010 —— learning rate

—— train loss
—— val loss

0.00009

0.00008

0.00007

0.00006

Learning rate

0.00005

0.00004

0.00003

e Trained for 250 epochs

e Batch size = 512

e Training Dataset split: 90% training + 10% validation
o ADAM optimizer

° 4t, augmentation

 Learning rate reduced by 50% if validation loss did not improve after 10 epochs
13



Results and Performance

» Comparison with standard PE tools e.g. Bilby: ( Askzon G. eral 2018) ) :

e Dynesty Sampler e nact = 50

e nlive = 1000

« N CPU=42

Posterior samples

Bilby ~ 5x10°
HYPERION (cpru) 5x10%
HYPERION (Grw) 5x10%

Inference time

14



117.52*21-33

Results and Performance > SNR ~ 30 -

—— Bilby
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Results and Performance

> SNR =~ 30 > SNR =~ 12 > SNR =~ 6

HYPERION HYPERION
—— Bilby —— Bilby

HYPERION
—— Bilby

. 5 2 50% area: 1271 deg?
50% area: 389 deg ’ % area: 53%69692

o area: 3262 deg? .

50% area: 4219 deg?
90% area: 182%(89deg2

0.873:91

-30°
18.45+328
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15.19733%
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Results and Performance: Probability - Probability Plot

1. Obtain posterior for 1024 events | N=1024, p-value=0.5168

—— M_tot (0.767)
from the test dataset — qT0.429)

= e0 (0.335)

= p_0(0.343)

= distance (0.493)
—— time_shift (0.345)

2. For each parameter compute the ©1 — s
= dec (0.139)

percentile score of the true value in
the marginalized posterior

3. Take the cumulative distributions

Fraction of events in C.I.

4., Kolmogorov-Smirnov Test (95%)

) Cumulative distributions lie
» Promising approach on simulations 7 on the diagonal

17



Importance Sampling & Bayes Factors

Murphy K. (2023)

> Bayes Factor . .
sighal + noise

» Importance Sampling

p(6) p(s|B)
q(8]s)

2, = j 46 p(6) p(s| 8) = j do a(0]s)

5 1N p0:) p(sil6n) 1ZW' Unbiosed et
1= N i q(0:1s7) i i  (Unbiased estimator )
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Conclusions and future works

» Normalizing Flows for Close Encounters :

CEs are interesting but challenging sources

Likelihood — free approach
~ 10* times faster than traditional methods = low latency — e.m. follow-up

To our knowledge, first application to CE

> Future work :

o Test detection capabilities on real data

o Perform systematic searches over O3

» Method Paper: VIR-0011B-24 , DCC: P2400041 (PRD submitted)

19



Thank You for the Attention !
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HYPERION: Embedding Network - ResNet block

» ResNet = more efficient information compression

Linear (2048)
ELU activation

Linear (1024)

( Linear (2048)
ELU activation
Dropout (0.2)

Linear (2048)
ELU activation
\ Dropout (0.2)

\

ELU activation

Linear (512)

ELU activation

Linear (256)

(" Linear (1024)
ELU activation
Dropout (0.2)

Linear (1024)
ELU activation

_J

X3

\_  Dropout (0.2)

\

J

( Linear (512)
ELU activation
Dropout (0.2)

Linear (512)
ELU activation

X3

\ Dropout (0.2)

\

ELU acftivation

( Linear (256)
ELU activation
Dropout (0.2)

Linear (256)
ELU acftivation

.

X3

K Dropout (0.2)

\

J

X3




HYPERION: Flow Architecture

Embedded Strain
Concat (1, 256)

Linear (512) / Linear (512)

TANH activation ELU activation

Linear (512) Linear (512)
TANH activation ELU activation

Linear (512) Linear (512)
TANH activation ELU activation

Dropout (0.2) Dropout (0.2)

Linear (D —d) Linear (D —d)
TANH activation ELU activation

S (01.q) t (01.q)




Effective Fly-by Waveforms

/
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