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What 1s QPESs?

Quasi-periodic eruptions (QPEs) are intense repeating soft X-ray bursts with
recurrence times about a few to ten hours from nearby galactic nuclei. The
origin of QPE:s 1s still unclear.
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What 1s QPESs?

Characteristics:

* FEruptions typically occur every few hours to every ~ 20 hours.

e FEach flare usually lasts between 30 minutes and an hour.

 The emission 1s "soft," meaning it 1s dominated by lower-energy X-rays, typically consistent with thermal
emission from an accretion disk.
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Fig 1: 0.2-2 keV X-ray luminosity light curve from
the XMM-Newton observation XMMJ5 of GSN 069A
36.6 hrs long

Fig 2: 0.2-2 keV X—ray luminosity hght curve from a
NICER ~ 250 hr long monitoring of eRO-QPE]1 4

A. Franchini, M. Bonetti et al. 2023
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EMRI

Extreme Mass Ratio Inspirals (EMRIs)- black hole binary system
that are characterized by a small compact object of mass typically
u € [1,100]M, mspiralling around a Massive Black Hole (MBH) of

mass M € [10°,107]1M




Model

Schematic view of the model where the
central big black dot

represents the primary MBH, the small
black dot represents the EMRI
companion, the grey area represents the

disc and the EMRI-disc
crossings are shown with yellow stars.

For our case we use

M, = 100M, and

M= 10° — 1()6MCD and mass
ratiog = M,/M < < 1

e

A. Franchini et al. 2023



Model
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panel: 0.2-2 keV quiescence-subtracted X-ray luminosity light curve panel: 0.2-2 keV X-ray luminosity light curve from a NICER~250 hr-
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Model

Equantion of motion:

d’r GM 1
= (1+AN+BV)) +C s+0 o

A, B— coefficient which encodes the interaction due to the non-spin terms
Ci s— coetticient which introduces the spin-orbit interaction

¥, V— relative separation and velocity vector
n=r/|r|

Radius of cloud: GM, R

R, = R)=R +—— 1
= CS2 + Vrzel AtQPE

v, c,— relative velocity between the gas and secondary object, and gas sound speed

rel?

R, R(t)— 1nitial radius and radius over time t
Atopg— Duration of QPE



Luminosity:

Expansion temperature:

T =T Rin
exp -~ T2 R(t) T2 =

T..,— temperature during the expansion

T,— pre-shock disc gas temperature

T,— post-shock disc gas temperature

M, ,— effective pre-shock Mach number 10



Model

Due to mass ratio is so small we use Kerr geodesics:

For this we have Woltfram Mathematica and Python packages which are part of the
Black Hole Perturbation ToolKit:

1) Python package KerrGeoPy: https://kerrgeopy.readthedocs.io/en/latest/

2) Woltram package KerrGeodesics: https://bhptoolkit.org/KerrGeodesics/

KerrGeodesics KerrGeoPy


https://kerrgeopy.readthedocs.io/en/latest/
https://bhptoolkit.orgKerrGeodesics/

Motivation

QPE parameter inference

Bayesian inference:
v statistically rigorous
v/ uncertainty estimates
BUT
» computationally expensive
* multimodal posterior due to parameter degeneracies (J. Chakraborty et al. 2025)

Our approach:
Learn the inverse mapping EMRI parameters using neural networks

v inference in milliseconds after training
v Point parameter estimation
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Machine Learning Model

Physical Model (a, _ Synthetic Light Curve
p, M, e, inc etc.) (L1, L2, ....Ln)

Synthetic Light Curve > ANN _ Parameters (a, p,
(L1,L2,....Ln) M, e, inc etc.)
Observed Light Curve Parameters (a, p,

(L1,L2,....Ln) > ANN " M, e, inc etc.)

13



B W N

59719

59720

Luminosity [erg/s]

1.75

-y - -
o N w
o w o

0.75

0.50

0.25

0.00

Machine Learning Model
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Machine Learning model

We use supervised machine learning model: Deep learning

Deep learning: Multilayer Perceptrons (+Convolutional NN)
fxn; 0) — > Ypred
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Machine Learning model

For our case input vector x, is luminosities in each time bucket

And output vector y, is predicted parameters of EMRI

Yo — — — > Do, My, €y, 1NC 16



ANN model results

The parameter space:

M ~ %[10° — 10°]

e ~ 210.05,0.8]

inc ~ %[5°,45°]

Pmin = 2197, p,... = 637.33
N =5andN, .= 20

We introduce a new parameter:

A = p—3/2M—1(1 _ 62)3/2 o Qorb

inc
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Initial results ANNSs

And now we have:
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Initial results ANN (Train

Train(80% of the dataset)
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Initial results ANN (Test)

Test (20% of the dataset)
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Initial results ANN
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Initial results ANN
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Initial results ANN
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Summary and future direction

Completed:

*Developed a neural-network framework for EMRI parameter inference from simulated QPE

light curves.
* Achieved accurate recovery of the orbital parameters

Future work:

*Improve inclination (inc¢) inference by investigating parameter degeneracies and
alternative network architecture

* Assess robustness to observational noise using realistic detector and astrophysical
noise models

* Apply the framework to real QPE observational data (in collaboration with J.

Chakraborty).
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