Title: Gravitational-wave Source Inference with Data-driven Models
Speakers: Bruce Edelman

Series. Strong Gravity

Date: January 20, 2022 - 1:00 PM

URL.: https://pirsa.org/22010086

Abstract: With the release of the third gravitational wave transient catalog (GWTC-3), the LIGO and Virgo detectors have reported nearly 100
gravitational waves from colliding black holes and neutron stars. Among these detections there have been numerous surprises, such as the heavy
GW190521, the confidently asymmetric GW190412, and the exceptionally small secondary of GW190814. In addition to analyses of each
individual sources properties, such as their masses and spins, one can also summarize the collective properties of the colliding objects as population
probability distributions over these parameters. As catalog sizes continue to grow, it enables both finer grained investigations into the population
properties of merging compact objects, and robustly testing GR in the strong gravity regime. In this talk | will present data driven statistical models
to look for deviations to underlying theoretical expectations, both for individual gravitational waveform models and population models describing
the astrophysical distributions of merging compact binaries. | will present the results of an analysis using this novel data-driven model on the 11
compact binary mergers in GWTC-1, then move towards hierarchical models, inferring the binary black hole mass distribution with similar
data-driven methods. | will conclude with showing new results from the LVK population analyses of GWTC-3 and motivate the need towards
developing more data-driven statistical models for the incoming swath of observations expected in the fourth observing run that, as we have seen,
will likely continue to further challenge theoretical expectations.
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Overview

e Single Source Inference and Parameter Estimation
o  Coherent Waveform Deviation Model (Edelman et. al 2021)

e Hierarchical Inference of a Population of Sources
o  Pair-Instability Mass Gap Model (Edelman, Doctor, Farr 2021)
o  Semi-Parametric Modeling of the BBH Mass Distribution (Edelman et al 2022)

e Population Updates from GWTC-3*

Pirsa: 22010086 Page 5/56




Parameters Describing a BBH Merger

e Intrinsic (8 parameters) Tapeal Merger
o Mass of each BH: ml >=m2 (2) O @ ‘
o  Spin vector of each BH (6) Ringdown

e [Extrinsic (7 parameters)

©  Luminosity Distance D_L

—
A

o  Sky localisation (right ascension,

L=
i

declination), Inclination angle,
Arrival Time, Phase, Polarization
angles

Strain/ 10721

1
e
h
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Parameter Estimation — Bayes’ Theorem S

e Noisy Data Limits our Inferences

p(0ld) = Z40p0)
Z(d)
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Parameter Estimation — Bayes’ Theorem

e Uninformative (Agnostic) Priors
Likelihood Prior

r 9

L(d|0)p(6)
2(d)

p(0]d) =

(20

Posterior Evidence




Parameter Estimation — Bayes’ Theorem L

e Uninformative (Agnostic) Priors
Likelihood Prior _
e Under Assumption of

r 9

ﬁ (dl 9 )p( ) Uncorrelated Gaussian

Stationary Noise, we use the

Z(d) b

p(0]d) =

o

\ N —— LIGO Hanford
Posterior Evidence

2111.03606
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Likelihood and GW Waveform model

e The waveform model h, 1 ‘dk i ’7’)’]6(9)’2
L(d|0) x exp (— 5 z}; —

is different for each
k

detector according to

antenna pattern

di(f) = hobs,k(f) + nr(f)
hobs,‘k(f) — h—l—(f)F+,k(f) =+ h>< (f)Fx,k(f)
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Coherent Waveform Deviations

How do we know our models are correct? Or “good enough”
We parametrize deviations to the COHERENT waveform model
This could be due to:

o  Waveform Model systematic errors

o0  Deviations from GR

o0  Presence of physics not included in the waveform model

i x (f) = hmodel,+,x (f)[L + 6 A(f)]e??)

e What Properties do we want in Amp/Phase deviations?
o  Smoothly varying in frequency
o Flexible enough to fit generic forms without bias
e Let the Data sort it out! (non-parametric models)
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Signal Spline Deviation Model

e Use cubic spline functions to

pidefphae | OA(f) = Ts(f:{fi,0Ai})
E?Esiricfitffen knot points 5¢(f) — IS(f’ {f@? 6¢2})

initialized uniformly across
log-frequency space (f_low ->
Nyquist)
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Signal Spline Deviation Model

e Use cubic spline functions to
model deviations in
amplitude/phase
Construct set of n knot points
initialized uniformly across
log-frequency space (f_low ->
Nyquist)

Add 3n parameters to model

© n knot locations in freq space
o n knot heights for amp deviation
o n knot heights for phase deviation
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Toy Model of Simulated Deviations

We construct a toy model deviation based
on an extreme spontaneous scalarization
Rapid jump in phase with temporary
amplitude reduction

SA(f) = exp(id}l[tanh('f —
= f

0o(f) = —dcb[tanh(

Edelman et. al 2021
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Simulated Deviation Study

O6A Spline Interpolation

Simulate a GW150914-like
signal with IMRPhenomD
model with no deviations

6¢ Spline Interpolation

and fit our deviation model

36 M-
29 M-
1450 Mpc
2.76 rad
1.37 rad
-1.26 rad
0.0
0.0

Frequency (Hz)
Edelman et. al 2021
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Simulated Deviation Study

Simulate a GW150914-like
signal with IMRPhenomD
model and Modify it
according to our toy model

36 M-
29 M
1450 Mpc
2.76 rad
1.37 rad
-1.26 rad
0.0
0.0

Edelman et. al 2021
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Simulated Deviation Study
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Simulated Deviation Study

Do same procedure with
varying phase jump from 0
-> 60 degrees (increments of

&)

Use DIC metric to compare

using the signal deviation
model vs. not

20 30 40
Phase Jump Maginitude (degrees)

Difference of Nospline run DIC - Spline run DIC

Edelman et. al 2021
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Looking for Deviations in the 11 CBCs of GWTC-1 (2-3)

GW170729 GW190823

Edelman et. al 2021
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Overview

e Single Source Inference and Parameter Estimation
o  Coherent Waveform Deviation Model (Edelman et. al 2021)

e Hierarchical Inference of a Population of Sources

o  Pair-Instability Mass Gap Model (Edelman, Doctor, Farr 2021)
o  Semi-Parametric Modeling of the BBH Mass Distribution (Edelman et al 2022)

e Population Updates from GWTC-3
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Hierarchical Bayesian Inference

e How many BBH mergers are there in the Universe?
e How often do they merge?
e How are their event properties distributed?

L(d|0)p(6

o - ST

p(7) [ dOL(d|0)p(6]A)
Z(d)

p(Ald) =

o

Hyper-Prior

Z(1di})

irsa: 22010086
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GW Selection Effects

® GW Detection efficiency depends on parameters
o Distagce (Malmquist Bias)
o Mass (Heavier mass BBHs merge at lower frequencies)

e Number of observed BBHs should be dependent on region of parameter space
(Inhomogeneous Poisson Process)
e Use Importance sampling to compute monte carlo Integrals

Nobs
p(A, N|{di}) x [H /dé’zﬁ(dz\@@)p(@iM) N Nebs g =Npaet (M) (A )p( )

Naetll) = / d{d; }doL({d; }|0)p(B|A)
. {ff_, }'_'f:-fh!'t shold
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GW Selection Effects

e Use catalog Posterior samples to access the Likelihood
e Use a set of Software “Injections” ran through search pipelines to estimate p__

93 A)
p(AvN‘{dz}) OCP( ) H Z;)P | NNobse—diCt(A)

E

Nound
I e (1Y

o A) =
i t( ) Ndra,w ; pdraw(gi)
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BBH Mass Population Models

[ hgmel

Bruce Edelman
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R. Abbott et al 2021 ApJL 913 L7
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BBH Mass Population Models =

{

Illustration: Shanika

TRUNCATED BroKeN POWER LAW

plmy )

Break

Sharp
cut-oll

Smoaoth

ﬂ Turm-on

Neubron stars Black holes

Low-Mass End: Lower mass gap? What's the minimum BH mass? Is the NS-BH gap populated?

R. Abbott et al 2021 ApJL 913 L7
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BBH Mass Population Models

plmy )

Shamp
cut-oll

TRUNCATED

High Mass end: Sharp Cutoff or slow taper? PISN mass gap?
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BBH Mass Population Models

Illustration: Shanika™
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Is there a “pileup” of BBHs from PPISNe? Second peak

Stars of masses ~ 80M, — 130M,, at ZAMS

Pirsa: 22010086

from hierarchical mergers?

R. Abbott et al 2021 ApJL 913 L7
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Astrophysical Lessons from GWTC-2

e Truncated Powerlaw is no longer

GWI90602175927 . W GCWTC-1

consistent with the data N i il

==+ GWI190519.153544
e We are seeing more heavy BBHs

GWI-2 (w/o GWI100521)

plr”"'umx_) [A[ 1]

Gl 70 80 a0 100

’“llmx ["‘[ ]

R. Abbott et al 2021 ApJL 913 L7
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Astrophysical Lessons from GWTC-2

Truncated Powerlaw is no longer
consistent with the data

We are seeing more heavy BBHs

There is a feature at 35-40 solar masses
that could be described by a peak or a
break in the Powerlaw

Appears to be a dearth of Low-mass
black holes <6 solar masses

Mass model

PoweERr Law + PEAK
Muvurri PEAK
BROKEN POWER Law
TRUNCATED
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R. Abbott et al 2021 ApJL 913 L7
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GW190521 - A Challenge for Pair-Instability =

Hanford Livingston Virgo

\\'ili'l‘ll"(l Data
| @ BayesWave
LALInference

.Ww.%.ww

g

T T T T T
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Time H Time [b] Time [::]

Frequency [Hz]

Phys. Rev. Lett. 125, 101102
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GW190521 - A Challenge for Pair-Instability

1 Metallicity
GW events —= 20x10? - 10x103

1.0 x 1072 —_ L0x 1071

A

e e e e

50 80 100 200 300
mzams (Mg)

R. Abbott et al 2020 ApJL 900 L13
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z BN LVC PhenomPyv3HM
e ninformative prior I N LVC NR Surrogate
- i W Reweighted XPHM
— nopulation-informed prior r . B with LVC constraints

[0 XPHM Nitz&Capano
XPHM PV=223 FS=0
XPHM PV=223 FS=2

[0 XPHM PV=223 FS=3

Ié(l ['ll] ]ll}“
my [Mg)]

Maya Fishbach and Daniel E. Holz
D : .
Sl e Alexander H. Nitz and Collin D.

Capano 2021 ApJL 907 L9 mj®[Mg)

150

Héctor Estellés et al 2022 ApJ 924 79
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Parameterized PISN Mass Gap Model Ly

e GW19052T’s component
masses could straddle the

GW190521(LVC)

PISN mass gap

Parameterize mass gap T
with start, mg, (Msun)
and width, wg (Msun)

Use Truncated and
Powerlaw+Peak model and

explicitly enforce zero rate 0

. for mgy < my < my + w,
p(mi|A,mg,w,) = S

within the gap

p(mq|A) otherwise

0 for mg < my *xqg < mg + wy
Edelman, Doctor, Farr 2021

p(qlA,m1, mg, wy) = {

p(q|A) otherwise
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Evidence for an Upper Mass gap in GWTC-2 =
T N

T GW190521 Samples

=

A A

== NC21
e V/C

Edelman, Doctor, Farr 2021
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Evidence for an Upper Mass gap in GWTC-2
S mImmmismesy st

GW190521 Samples
- - NC2

Edelman, Doctor, Farr 2021
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Semi-Parametric Modeling of the B

10! 5

e Introduce a multiplicative

perturbation factor to the 10° _

simple Truncated mass

model
We choose to model the
perturbation with cubic

10_1g

splines interpolated from n 107%9

knots

Pspline (M| A, { fi}) oc p(ma|A) exp(f(mi|{fi})
e J (M) = Zg(mi;{my, fn})
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Semi-Parametric Modeling of the BBH Mass Distribution S5 N

knots linearly spaced in

log-m1 space,

Gaussian Priors on knot
heights centered on zero
Model Specifications

O n, the number of knots, sets

the resolution of
perturbations

Width of the gaussian priors | n=10, =15 MIVA 15 s n=20, Ginot=1.5

sets the a priori magnitude Ts5 1 50 10 50 5 10 50 5 10 50
. my my m my
of perturbations

p({fi}) =N(u = 0,0 = oxnot)

Edelman et al 2022
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e =

Semi-Parametric Modeling of the BBH Mass Distribution £

e Run multiple models with
variable number of knots
Use Model Comparison
Metrics to evaluate
Combine posterior samples
from each model variant
according each BF

Edelman et al 2022
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Oknot = 2

Powerlaw+Spline Powerlaw+Spline
Powerlaw+Peak | _ i Powerlaw+Peak

I

! e ‘\\\w .

Edelman et al 2022
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Signs of Structure in the BBH Mass Distribution

Oknot = 1

10 Solar mass excess at 80-87%
credibility

35 Solar mass excess at 97-99%
credibilit

10M Deviation 35M Deviation

15 knots: ; I 15 knots:

w20 knots

mmmm 15 knots f

w10 knots

w20 knots
mmm= 15 knots
w10 Knots

p=0.154 p=0.006

10 knots: é H 10 knots:
p=0.183 p=0.010

20 knots: 20 knots:
p=0.243 ; Il =0.010

Combined: Combined:
p=0.194 i P Il p=0.008

15 knots: 15 knots:
p=0.099 i H p=0.014

10 knots: 10 knots:
p=0.128 ; i i p=0.056

20 knots: i 20 knots:

p=0.167 I p=0.008

Combined: Combined: i |
my [M
p=0.131 p=0.025 1Mo ]

Edelman et al 2022
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Overview

e Single Source Inference and Parameter Estimation
o Coherent Waveform Deviation Model (Edelman et. al 2021)

e Hierarchical Inference of a Population of Sources

o  Pair-Instability Mass Gap Model (Edelman, Doctor, Farr 2021)
o  Semi-Parametric Modeling of the BBH Mass Distribution (Edelman et al 2022)

e Population Updates from GWTC-3
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What is new in the population with GWTC-37 (BBH Mass [

B

New events broadly
consistent with previous
predictions

PL+Peak model still “favorite”  [BL A tpRAN

Steeper primary mass power 000 0% 050 05 10 15
law )
Shallower mass ratio power
law

2111.03634
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What is new in the population with GWTC-3? (BBH Mass [-..cs- 5

e First application of more

“flexible” models

e Three different Non or semi
parametric approaches
broadly agree
Signs of Structure in the

[a—y
—

mass distribution
(peaks/dips/etc) are now

._.
o
|

stronger than in GWTC-2
Repeat of PISN mass gap

dR/dm, [Gpe™ yr M3

model with LVK GW190521
samples in GWTC-3 shows
inconclusive evidence

2111.03634
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GWTC-3 Population - Other Lessons Learned

NS Mass distribution broader than galactic

First self-consistent measurement of merger rate
across all compact object masses

Merger rate confidently increases with redshift
Misaligned Spins are present in the population
Correlation between spin and mass ratio

-= GWTC-2
-_— GWTC-3

pleos @)

0.4 06

Mass ratio
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Conclusions

Pirsa: 22010086

Data-Driven Models provide a useful
method for testing where our
observations agree or disagree with
expectations

The population of compact objects is
proving to be a treasure trove of
astrophysical information

O4 coming soon will only increase the
fidelity we can probe these properties
with

Semi-parametric population modeling
will only become more necessary as we
further develop our understanding

Cumulative Detections
8 8 8 8 8
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Cradit: LIGO-Virgo-KAGRA Colaborations
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Thanks!

bedelman@uoregon.edu ﬂElGO)
MIRGO
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