Title: Modeling waveform uncertainty

Speakers: Michael Puerrer

Collection: Gravitational Waves Beyond the Boxes 1
Date: April 08, 2022 - 9:00 AM

URL.: https://pirsa.org/22040035

Pirsa: 22040035 Page 1/54



Pirsa: 22040035

Modeling and using
waveform uncertainty

Michael Parrer
AE| Potsdam

Gravitational Waves Beyond the Boxes |l
Perimeter Institute, April 8, 2022

Page 2/54



Pirsa: 22040035

GW Inference

» Goal: Infer binary parameters from GW events
» Use Bayesian parameter estimation

 Need model for waveform polarizations and noise
- Accurate waveforms (NR simulations): A(A)
- Approximate waveform model: H(A)

* Inference with approximate model may be biased

» Updated goal: incorporate model uncertainty into
inference

k
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Example impact of waveform systematics

» Parameter estimation for a GW150914-like BBH signal '
* Some parameters can be biased

» Accuracy requirements on waveform models for 3G are steep!
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How can we mitigate waveform systematics?

» Sources of waveform errors: ’
- errors in inputs NR, PN, SF at training data points

- errors arising in the modeling process (analytical
ansatz, waveform decompositions, fits)

* Build more accurate models
- requires more & better NR simulations,
- more accurate analytical information (PN, EOB, SF)

* Build models that incorporate error estimates

- additional degrees of freedom can parameterize
modeling error and errors in inputs

- use in inference and marginalize over error parameters
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Measuring distances
between waveforms
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Matched filtering

Inner product

(dlh)_4R
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Overlap and mismatch

Inner product

© d( (s
(d|h) :4RBJ r(./.)_f _mdf
0 S, (f)
Overlap / match | O(hy, hy) = e max
[ [l [Pzl to
Mismatch M(hy, hy) =1 = OChy, h,)
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How can we model
waveform uncertainties?
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Analytic marginalization over waveform uncertainty

* |dea: construct a prior probablllty dlstrlbutlon on ’
the waveform difference dh( 1 Yy = H{ 2 ) — h( i )

(approximata) (NR)

e Likelihood assuming stationary Gaussian noise:

= 1 — (hlg) =are [ OED,y
L'(s| ) x exp |——]ls — h( 1)||? ; L S
2 Il = \/{hTRY

« In practice only have approximate model H( A1 ):

— l —
L(s| A) «x exp [—Ells - H(A )||2} ~ L’

'Moore & Gair 14‘
9 |Moore+16
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Analytic marginalization over waveform uncertainty

« Likelihood which accounts for uncertainty in H( T): ’
PL(s| 7) x [d (5h(;1 )) P(Sh( 1)) exp [—ZHS — H(Z) + 8h(7 )H ]
"

« Assume that dh( T) is the realization of a Gaussian process (GP).
A GP furnishes a conditional probability distribution given training data 2:

Sh(2) ~ EPm(A) =0,k(A, A7)

_ N sz:{ X, 0h(7) }
P(O6h(A)| <) x exp [—”bh(’l) i(ﬂ)“ } ( ) i=1
202(4)

* Therefore, the marginalized likelihood is (convolution / sum of two Gaussians):

L(s| )

oo | L Is = HGD +u(OII
1 +0%A) 2 1+ 06%(2)

10
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Comparing the likelihoods

* Likelihood for approximate model: '
L(s| A) «x exp —Eﬂs—H(A)H

* Likelihood marginalized over waveform uncertainty:

Lis| T)oc

1 4+ 062(1) 2 1 +062(1)

1m—mﬂ+mﬂwl

11
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Comparing the likelihoods

» Likelihood for approximate model:

- 1 -
L(s| ) o exp [—EII-? — H(4 )||2]

* Likelihood marginalized over waveform uncertainty:

12

ZL(s| T) o

— exp
1+ 02(2)

1 lls = H() +@|2]
2

1+02(T)[

|
Shifted mean
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Comparing the likelihoods

* Likelihood for approximate model: '
L(s| ) < exp [=—lls = H(A)|

* Likelihood marginalized over waveform uncertainty:

exp | LIIs = HOD +GCI?
1 +02(2) 2 1Gro2(2) )

Increased variance

ZL(s| T) o

13
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(Gaussian process regression

n

« A (nonparametric) “probabilistic interpolation algorithm” '

* Training data set: 9 = { (T, Sh( T:)) }
i=1
« Assume that all waveform differences in & are drawn from a
multi-variate Gaussian distribution and are modeled by a GP with

zero mean and covariance function k( - , - ). Therefore,

SR K K.
OR(41) L (KI KH)

P (")'J'T(I:,) ~ N(0,M) o o
(”ih(T) : TE@ (K); —k(l A)(K)—k(}l ) =k(A4,4)

For a stationary & smooth GP the covariance function can be chosen as
il e ) I . o a —_— — h . i
k(A "1,.-') = Oy €Xp —Egu;, (A;— ij) (4;— .l_;-) 8ap = const

14
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(Gaussian process regression

« Training the GP: maximize hyper-likelihood (or evidence for &)
over hyper-parameters (qf-, 8ab) '

] — — 1
log (01 D) = — (K, (3h(X) | 8h(T))) - log K|
0 = argmax Z(Fl )
—dt

« Having determined k( -, - ) at 0 = (67, &) We can show that

ab

16R(2) — u( )|
20%( T)

P(Sh( )| D) x exp [-

u(A) = (K (K™ 6h( 1)

15
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FIG. 1. The mean waveform difference returned by GPR for four values of the chirp mass. The initial value of the waveform difference
is zero and grows as a function of time; this is true independent of the distance in parameter space from points in D

« H(/ ): 3PN and h(./): 3.5PN

« 2 ={1.99,2.01,2.03,2.05,2.07} X M
e 8 = 1/M? Find: M = 0.0226M,,

» Signal at /. = 2M, in zero noise
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1D Toy model: GPR uncertainty

o = 82.0 '
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2.00

17 |Moore & Gair 14
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1D Toy model: likelihoods
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Another 1D Toy model

Overlap with accurate waveform '

[

Do
gl A 1IN = o
0.50
Approx
&

0.25
TABLE I: The properties deseribing the positions of the tem-
plate waveforms for each of the three training sets used,
0.00
1.000 T AM, N
Dy 1.0 x 10 *M 60
Dy 50 x 10 'M 120
0.995
&
T 0.990
é H(A ). MRPhenomC
0.985
h(A ). TaylorF2

"'98-?.93 499 500 501 502 503 504 505
McIM,

19| Moore+16
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Another 1D Toy model

GPR uncertainty '

498 499 500 501 502 503 504 505
MM,

TABLE I: The properties deseribing the positions of the tem-
plate waveforms for each of the three training sets used

AM, N
Dy 1.0 % 10 *M 60
D, 50x107*'M 120

20| Moore+16
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Another 1D Toy model

SNR
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Incorporating NR errors

* To include errors from NR waveforms we can add a
diagonal matrix C in the covariance function

- With C;; being the fractional error ||h — h'||/||oA]|
for each NR simulation

* |In practice want to add a small noise term to
stabilize the condition number of the covariance
matrix.

22
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Computational costs

* Online: computing the GP mean and variance requires'
inverting the matrix K which can be performed offline
since it only depends on training data <.

- Online only matrix vector multiplications

» Offline: the maximization of the hyper-likelihood of the
GP can be expensive as the (dense) matrix Kfj needs

to be inverted at each iteration.
- Cost of O(n?) in time
- Can use covariance functions with compact support

to get a sparse covariance matrix while preserving
positive definiteness

23
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Further assumptions

* So far have made the assumption that '
- model errors are frequency independent
(or: Oh at all frequency bins is perfectly correlated)

* To incorporate frequency dependence
- introduce an additional covariance function in
frequency as well as the covariance in parameter
space

* Assumption of stationary covariance functions

- Non-stationary covariance functions could help to
more adaptively model waveform data in different
parameters

24
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Precessing NR surrogate
model using GPR

o5 Williams+20
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Precessing NR surrogate model

* Training set: 22-mode of : '
132 precessing NR : i
waveformss

* 8 parameters for each
strain value:
- mass-ratio, _ .
- 6 spin components, i 308 (e UL

dependent errors

- @
- time before merger F
* Joint GP in parameters
and time
- Models time 1
B

« Just model /1,,(1)

o6 Williams+20
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Accuracy on training data

27
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Williams+20

10

107

Mismatch

10!

. ..I..H”

SEQO := SEOBNRv3
IMR := IMRPhenomPv2
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Leave-one-out cross-validation

K
25 -
IMR|LOO
SEOQ|LOO
20 - =1 NRILOO
@ 15~
::.f'u 10 |
i ’J_LJ B
0 l——l i a i N Py .I- M i i s b aaal 1 i P T —— |
107 107 10! 10°
Mismatch
ss  Williams+20 Mismatches with GP model
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Waveform comparison

g = 0.625, non spinning ’
i 25~
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Issues

« Computational issues:

- N=4740 data points
- Need to invert a covariance matrix which needs 134GB of
memory!

- Used approximate hierarchical off-diagonal low rank inversion
(HODLR)

» Accuracy:

30

- Compared to NR surrogates from SXS NR data, generalization
error is rather high

- Training set probably too sparse for 7D
- Alignment of data in time?
- Accuracy / smoothness of NR waveforms?

- Decomposing the waveform data could be beneficial, even
though the waveforms are very short

Williams+20
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ki
Constraining unmodeled
physics in waveform
models

31 Edelman+22
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GP model of waveform deviations

* Augment existing waveform model with amplitude '
and phase deviations in the Fourier domain: -

hy=hry [148A(f)] explisg(f)]

« Model A(f), o¢(f) as cubic splines

 Model individual deviations as GPs:
6A; ~ N(0,62)
8¢p; ~ N (0,07)

I; ~ E?Jl.fliuw’./t‘li‘gh-l

10 Edelman+22
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Inference on two synthetic signals

« On GR signal: posterior ~ posterior with 0A, 6¢p ~ 0 .

* On signal with modification for extreme case of
spontaneous scalarization: spline model corrects for bias
and picks out jump in phase

&
0A Spline Interpolation OA Spline Interpolation
~ 0 B - 0 c———
O¢ Spline Interpolation O¢ Spline Interpolation
% 50
- = o
[ 0 W
T - —
il
Node Locations Node Locations
IJ
Q Q
0 0

33 Edelman+22
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Analysis of GWTC-1 events

» =30

6A Spline Interpolation

Spline model '

50 disfavored favored

100 GW1 Tod08

&g Spline Interpolation

104 10
Frequency (Hz)
Gw170729 GW170729 cal GW170729 HOM

DIC:

Edelman+22

DICnospline = DICspline

Deviance Information Criterion
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Marginalizing over
SEOBNRV4 calibration
errors

w/ Stephen Green, AEI
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The SEOBNRv4 model

« The uncalibrated model depends on physical parameters A and
calibration parameters €: .

hEOB(/}1 0)
@200 - ‘(Kadscrdswm;fak
&

« Calibration fixes @(A) based on match between EOB waveforms and NR at
141 specific points {4,}.

]II: O O ﬁ B - o © "
. . @ H 08
do g 8 8 °f

Y I 000 SEOBNRv4

0% P o e 0.5 N .
_ (o, . £
. . B @ © . ocﬂ 00 SEOBNRy2
E o0 aomeoco BOfte = oo QEEmeeo O #000 Feukolsh
_ 1 J @ vukolsky
' d} ) H A vahdation
||'-- B s '\.‘# ‘ - CB
| . 8 of

) P }
o8

36
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The SEOBNRv4 model

« Step 1: For each 4, determine “calibration posterior” over
i ; ; i k
satisfying a figure of merit:
a. MCMC to obtain samples from

eriliarraitdh A difference of merger

time vs NR
;." .n"'/
| . .IF 5 ‘ o ;
P@) o exp | —L [ Pounu® ) _ 1 ( O l®)
2 om 2 05 ‘
\\ '\\.. |
1% 5M

b. discard @ with M., > 1%and |dts, | > SM
c. remove secondary modes from distribution by hand

37
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The SEOBNRv4 model

- Example calibration posterior |
at an NR calibration point: ‘

« Construct polynomial fit to means 6(1,) to obtain 8(1)
throughout physical parameter space.

« Find I, < 1 % against NR waveforms.

38
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Modeling the uncertainty

» We want to incorporate the uncertainty in the
waveform model into parameter estimation

hA) = p(h|4)

 Method:
1. At each NR calibration point A;, determine
parametrized distribution p(h|A)
2. Interpolate the distributions to all A
3. Work with amplitude & g.‘ﬂ'ie"‘af#;{?..{"'HE“.‘Vi?ii'i*{}i'nf-é for
efficiency.
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Calibration error (CE) model ingredients

1. Compressed frequency-domain representation of waveform “error”:
* Amplitude and phase deviations from SEOBNRv4, .

h=|l ‘*:M(f)] ")) X hspoBNRv4
* log-spaced frequency nodes,
5Aj = 5A(fj), 6{/{,,- = 5(/}%), j=1....,10
2. Multivariate normal approximation (from data h,(4;; @) — h4(4;; {')))

p ((6A,5¢)|4;) = N (u(A), Z(4))

3. GPR interpolation

(H(A), Z(4)) & (u(A), ZR))

« One can then rapidly draw ({JA;}, {d¢;}) ~ p((6A, 6¢p) | A), apply this
correction to SEOBNRv4_ROM waveforms, and perform inference.

40
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Summary: SEOBNRv4 calibration error model

* CE model: '
- Data: SEOBNRv4 calibration posteriors against NR

- Amplitude and phase deviations w.r.t. a neutral EOB
calibration (calibration means) modeled by GPRs

- parameterized by 2 x 10 additional parameters €, ~ ./(0,1)
for amplitude and phase

Shcp(.€: f) = (1 + 8A(A, €; f)) exp(i 5p(A, €; )

* Combine error model with base waveform:
- SEOBNRvACE := SEOBNRv4_ROM * CE model
- SEOBNRv4ACE®@: Neutral (e = 0) calibration != SEOBNRv4_ROM

hep(A, €; f) = hspopnrva RoM@s f) Shcg(A, €5 f)

41
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Parameter estimation of synthetic BBH signals

* PE Setup: '
- GW150914-like signal parameters -
- LIGO-Virgo (HLV) design sensitivity, varying SNR, zero noise

- PE with bilby & dynesty [https:/git.ligo.org/lscsoft/bilby]

« Sampling and marginalizing over waveform uncertainty:
- Inference over standard waveform parameters and CE parameters €

- Use zero-mean Gaussian priors for CE parameters See W. Farr et al,
- Marginalize posterior over CE parameters LIGO- T1400682
* NRSur3dq8 signal recovered with waveform models:

- SEOBNRv4_ROM
- SEOBNRV4CE : sampling in A and €
- SEOBNRV4CEQ withe =0
- NRSur3dqg8

42
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Evolution of chirp mass with SNR

Shaded: SEOBNRv4CE I SNR
2500 7| Lines: NRHybSur3dq8 07.7
- \ 50.0
2000 - ,..QJ . 111.2 «— d, = 410Mpc
» | H' ] 222.6
QL T
o 1500 A : .'l
= I}
& S
1000 - 1t
it
4!
500 - g / )
e i1
0~ T 1 .o - 1 “HJ’ li LN 1 ' —
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Chirp mass M/M g ﬁ
43
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Evolution of chirp mass with SNR
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Evolution of chirp mass with SNR

Eﬁ' —&— NRHybSur3dq8 ’
vy SEOBNRv4CE
o 10° -
= B ®— SEOBNRv4_ROM
) g
© -
> 2 2
3 O, ™ \/”C,p +1/p
2
g ].D 1 ]
E J“ﬁr- o ]./p
n .

3x1@x10'6 x 10! 102 2 x 107

Network SNR

. CE model: 6 , scales more slowly with SNR than 1/p

* For the case of analytically marginalizing over a GP it
should tend towards a constant value for infinite SNR
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Current work
SEOBNRvV5

w/ Pompili, Ossokine, Mihaylov, Buonanno, AEl

46
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Calibration posterior distributions
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Mixture density networks (MDN)

« Fit EOB calibration posterior distributions p(@|A4,) to a
mixture of Gaussians depending on physical parameters’

K
p@|A) ~ Z ﬂ'k(ﬂ.) N0 ,uk(/l)a EA(/U) N (x| p, E) o exp [—%(r - (x -F}]

=]
<
A — ’”7’" — 0
|
3D o, 4D
di:?:m::ﬁm
Mixture density network ﬁ

48

Pirsa: 22040035 Page 49/54



A6 MDN posterior PDF and data

- mdn mean O data
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- MDN posterior PDF and data

- mdn mean O data

10 - ‘ '
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- MDN posterior PDF and data

- mdn mean O data

0.0 L T T
0.00 0.05 0.10 0.15 0.20 0.25

Pirsa: 22040035 Page 52/54



Conclusion
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Current state-of-the art

« GP uncertainty model of h:
- marginalize analytically
- no posterior for deviations

« GP uncertainty model of 6A, é¢:
- No GP representation for 6h
- augment a base waveform model
- marginalize numerically over draws or parameters / or infer deviations

« GP waveform model (of i or A/, etc.):
- Compute mean waveform
- Could marginalize numerically over draws
- separate GPs for data pieces
- or a single GP including time / frequency

« Mixture model / GP of calibration posteriors
- model relation between physical parameters and calibration parameters
- Can be used together with an “uncalibrated” model
- Marginalize over draws
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