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Massive Black Hole Binaries
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Massive Black Hole Binaries
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Population of MBHB we are focusing on

We focus on a sub-population of MBHBSs, with masses between 10724 and 1075 solar masses,
astrophysically motivated by the possibility of observing an EM signature for such systems

Mangiagli et al +22
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Low Latency Alert Pipeline

Real-time detection essential for:

* Trigger protected periods in LISA data stream
* Multi-messenger alerts: precursor EM emission detection + afterglow surveys
- Trigger complete parameter estimation pipelines

Global Fit is too slow for real time
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Our SBI framework: conditional flow matching

Flow Matching trains a neural network to predict the velocity vector field
describing a the path from an easy distribution into a complex target distribution
(parameters’ posteriors)
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Parameter estimation on MBHB

We train and evaluate our network on two data representations:
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Choosing the optimal time-frequency representation
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Input 4000 (scattering) Target: MBHB + Noise Prediction

0 0 0
-1.5
[ | | | | | |
200 200 200
-2.0
g
- V]
; 400 400 400 s E
A a
a u O e C O e rS 2 L %
I l T 600 600 600
s -3.08
]
&
800 800 800 35
2DCNN learning curves
.. 1000 1000 1000 -4.0
tralnlng set loss 0 2 4 6 8 10 0 2 4 6 8 10 0 2 4 6 8 10
, - \alidation loss Time (s) Time (s) Time (s)
5x 1074 1 . Input 4200 (scattering) . Target: MBHB + Noise . Prediction
-15
200 200 200
-2.0
g
2D CNN 4x1072
A S
0 < - g
- a £ 600 600 600 o
scattering .
T
@
transform
1000 1000 1000 -4.0
0 2 4 6 8 10 0 2 4 6 8 10 0 2 4 6 8 10
3 X 10_2 1 Time (s) Time (s) Time (s)
Input 4700 (scattering) o Target: MBHB + Noise 0 Prediction
-15
. . . . . bt it g 200 200 200
0 5 10 15 20 = -2.0
o
epoch S 400 400 400 8
o >
: N -25 £
cal A 3
. . . . - < <
o Input 4500 (scattering) 0 Target: MBHB + Noise o Prediction Lo £ 600 600 600 2
-1. P -3.0 2
]
@
800 800 800 _35
-1.5
200 200 200
1000 1000 1000 -4.0
o 2.0 0 2 4 6 8 10
g e Time (s) Time (s) Time (s)
[
% 400 400 400 g Input 4999 (scattering) Target: MBHB + Noise Prediction
- = 0 0 0 -1.5
A _ =
< 2.5 8
o <
T 600 600 600 " 200 200 200 -2.0
- -
] —
f_U _3.0 g
[v] fre
n = 400 400 400 253
3 2
800 800 800 A =
-3.5 < £
(=)}
I 600 600 600 -30%
|
1000 1000 1000 -4.0 ”
800 800 800 -3.5
0 2 4 6 8 10 0 2 4 6 8 10 0 2 4 6 8 10
Time (s) Time (s) Time (s)
2 1000 1000 1000 -4.0
0 2 4 6 8 10 0 2 4 6 8 10 0 2 4 6 8 10

Time (s) Time (s) Time (s)




Offline Inference | Epoch 199 | Job: 39945370
t_ref: 2344993.499 | m1: 2.56e+05 | m2: 2.05e+05 | dist: 26.26 Gpc (z~3.02 redshift) | beta: 0.000 | lam: 3.116 | inc: 0.791 | psi: 2.128

t ref = 234542369t%;§%g%

PE on time-frequency

m1 = 252688.69+887077
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Preliminary results: P-P plot

P-P Plot | Job ID: 39945370
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Parameter estimation

Time series

Benchmarking against standard
Bayesian inference methods (MCMC

or Nested Sampling) is necessary to o

establish the posteriors that we expect.
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To summarise:

Low-Latency parameter estimation: Simulation-Based Inference using Conditional Flow
Matching and Normalizing Flows allows rapid, likelihood-free PE

SBI can naturally marginalise over other signals and noise artefacts

time-frequency repre

Next steps:
- Compare to standard Bay‘
- Apply our method to data
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MBHB

MBHs need to reach the milliparsec distance to merge in ¢ < tHubble
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Dynamical friction » binary hardening — gravitational wave emission

Kpc > DC pC » mpcC mpc ——» coalescence

EM emissions in gas rich environments:

e Circumbinary disks: accretion onto circumbinary disk and mini-disks around each BH

e Magnetized jets

e Post-merger shocks: shock waves induced by gravitational wave kick after coalescence

e Emission from host galaxy



Population of MBHB we are focusing on

We focus on a sub-population of MBHBSs, with masses between 1074 and 1075 solar masses,
astrophysically motivated by the possibility of observing an EM signature for such systems

Mangiagli et al +22
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FIG. 13. Distribution of the Imode, 2modes, and 8modes EMcps in the z — M plane in the maximizing case for the three astrophysical
scenarios. The gray solid curved lines in background correspond to constant redshifted chirp mass values.



How does conditional flow matching work"

n
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Our SBI framework: conditional flow matching

fong et al + 23 Optimal transport

Optimal Transport forces the paths to be straight lines with
constant speed. This makes the paths non-crossing, drastically
simplifying what the neural network has to learn.

Could work on changing paths to adapt to our model ( not
straight path)

‘a probability path that connec

Derivative of this path

Thanks to



Epoch 151 | Job: 41425578
t_ref: 603500.000 | beta: -0.011 | lam: 0.722 | inc: 0.999 | psi: 2.428
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Trying to recover phase information
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