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BBHs from Pop. lll stars
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Population synthesis: E

Costa et al. 2023 generated a new set of Pop. lll stellar tracks
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Initial conditions
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Initial conditions
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{ Evaluated from SEVN catalogs §
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Merger rate density
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Merger rate density
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Primary mass
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Primary mass

At z = 0, Pop. I-Il BBHs show a main peak at 8 - 10 M,
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Primary mass

At z = 0, Pop. I-Il BBHs show a main peak at 8 - 10 M,
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Can we identify Pop. Ill BBHs?
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At high redshift, overlap increases
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Goal: simulation-based classification
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Classification

This is the probability that the event j is a Pop. Ill BBH

Jp(j € k|x,d, (B}) px|d, {})

Mixing fraction

Fiducial ~4% Fur % Npgp. m ~ 400

4
Pr_if NPop. -1 ~ 10
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Classification

Fisher Information Matrix

Posterior
— Likelihood

p(j € kld, {f}) = Jp(j € k|x,d,{p}) px|d,{p})
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parameter estimation performance of ET
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Classification

p(j € k|d, {B)) = Jm € k|x,d, () p(x|d, (5})

This is the probability that links waveform parameters to Pop. |ll BBHs

kd easy to consider a fix threshold
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p(j € k|d, {B)) = [p<j € k|x,d, () px|d, {})

— 1 lf ml,dz 60 M®
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manual classifier - fiducial
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p(j € k|d, {B)) = [p<j € k|x,d, () px|d, {})

we can use Machine Learning X GBOOS t

supervised ML based on decision trees

Ref. Santoliquido et al. 2024, Chen et al. 2016, Pedregosa et al. 2012, Antonelli et. al 2023
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p(j € kldy, 1)) = |p(j € klx,d, () px|d, ()

* trained and tested on balanced
classes + re-balancing

*

Using Machine Learning
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p(j € k|d, {B)) = Jpo € k|x,d, () px|d, {})

Using Machine Learning

precision = TP/(TP+FP)
high precision > 0.90
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~10% of detected sources are classified

with precision > 0.90
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| p(j € kld, {BD|= Jp(j € klx,d,{p}) px|d,{/})

Using Machine Learning
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Contributions

* First large parameter exploration of Pop. Il BBHs
 SFRD affects normalisation and shape of merger rate density
 primary mass of Pop. lll BHs is substantially larger

 ET will detect Pop. lll BBHs and machine learning increases our ability to identify them

Ref. Costa et al. 2023, Santoliquido et al. 2023, Santoliquido et al. 2024
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aA formalism for modelling the common envelope

AE = Ol(Eb,f — Eb,i) =

Gm, M., < 1 1

) This is the orbital energy before and after the common envelope phase
dr 4

G | Mepy 1My Mgy 211

E.., = + This is the binding energy of the envelope
Al R R,
1 1 2 | My Meomy |1
By imposing AE = E, , — = 0 + —
ag  almgmy | R R, | ¢
a
If a is larger, a; is larger, following a; ~ " . Therefore larger a gets wider binaries
+a

Where A is the parameter which measures the concentration of the envelope (the smaller A is, the more concentrated is the envelope).

The al formalism is a simplified prescription. When a > 1, we account for other sources of energy that make the envelope less bind, for

instance recombination energy. Recent works (e.g. Fragos et al. 2019) suggest that @ > 1 is necessary to reproduce the final orbital
separation obtained with hydrodynamical simulations.
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Initial conditions

Table 1. Initial conditions.

Model  Mzawms, 1 Mzams q P e
LOG1 Flatinlog — S12 S12 S12
LOG2 Flatinlog — S12 SB13  Thermal
LOG3 — Flatinlog  Sorted S12 S12
LOG4 Flatinlog = SB13 S12  Thermal
LOGS5 Flatinlog = SB13  SB13  Thermal
KROI1 K01 = S12 S12 S12
KROS5 K01 - SB13  SB13  Thermal
LARI1 .98 — S12 S12 S12
LARS .98 - SB13  SB13  Thermal
TOP1  Top heavy — S12 S12 S12
TOPS  Top heavy — SB13  SB13  Thermal

Column 1 reports the model name. Column 2 describes how we generate the
ZAMS mass of the primary star (i.e., the most massive of the two members
of the binary system). Column 3 describes how we generate the ZAMS mass
of the overall stellar population (without differentiating between primary and
secondary stars). We follow this procedure only for model LOG3 (see the text
for details). Columns 4, 5, and 6 specify the distributions we used to generate
the mass ratios g, the orbital periods P and the orbital eccentricity e. See
Section 2.2 for a detailed description of these distributions.

| Santoliquido et al. 2023: |
| https://arxiv.org/pd#/2303.15515.pdf |
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Pop. lll BBHs: mass evolution
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detection rate

d?R(my,my,z) 1 4V,
Rdet = / < pdet(ml, ms, Z) dml dmz dZ

dmdm> (1+Z) dz

d’*R(m1, my, )
dmldmz

=R(z) p(m1,my|z)

_ 2 2 2

fian |h(f)?
2 _
popt B 4 ‘/f'iow df Sn (f)
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