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Massive black hole binaries for LISA
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LISA response and sky localization of MBHBs

Response: Multimodality patterns:
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Time: motion of LISA on its orbit AL (rad) Ar (rad) Az (rad)

Frequency: inter-spacecraft delays

‘Pattern function’ localization:

m/4 ;

Without these effects TDIA, TDIE
become 2 LIGO-like channels

The size of the main mode in the sky is driven by the pattern
function response I, I, for 2 channels, with higher harmonics:
amplitude/phase of /., important

Degeneracy breaking:

 motion of LISA: weak for short high-mass signals
* high-frequency effects in the response: only at high frequencies

-

e ‘Pattern function’ response is a source of information at
high mass, depends on /,,, amplitudes

e Multimodality broken by subdominant effects in response
(motion, high-f)
_ e LISA sky localization at high mass: weak effects, high SNR
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Waveform systematics and parameter estimation

Systematic biases:

lgnoring the effect of the noise, bias given by the best=fit parameters on the
model signal manifold: A0 = 6, — 0.

* the bias is SNR-independent (optimization problem), but requires to

explore the full parameter space [expensive]
* the statistical errors scale with SNR: significant bias ?

- / \\
Mismatch (unfaithfulness): Indistinguishability criterion: [Lindblom&al 2008]
Mismatch, optimization over time/phase/polarization: , [Chatziicannouéal 2019]
(o ) In £(0) = —5 (h(0) — hex[1(0) = hex)
MM =1 —max; ,q,... e e Constant D: dimension
A r r D 1 . ’
VUil ) o/ (e o) In L(Opt) ~InL(O1_,) MM < 5 approximate
e Computed locally [fast] 2 SNR” o Scaling SNR? robust
e SNR-independent 4 )
 Used in waveform modelling - Assess Yvaveform moc.lels
» Different versions: single-detector Goals:| systematics for LISA with full PE
optimized over sky, combining /_, A, - Compare with simpler methods




Analysis settings: waveform models

Aligned spin case: mismatch with NR ~ 10™% — 1072
Precessing spin case: mismatch with NR ~ 107> — 10!

NRHybSursdq8  [Varma&al 2018]
* SXS NR simulations hybridized with long EOB R e — | SEOBNRWEM -

inspirals (covers ~6 months for M = 105M®)
e Surrogate interpolant, time-domain

Injections:

Templates:

Efficient Fourier-domain models from 2 families:

e PhenomHM London&al 2017]
¢ PhenomXHM 'Garcia-Quirds&al 2020]
e SEOBNRvV4AHM_ROM [Cotesta&al 2018]

e SEOBNRvVSHM_ROM  [Pompili&al 2023]

o
%
=
Mode content for all: 22, 21, 33,44
4 ) _ |
Limitations: e g =15.0, 1 =0.5, x2 = — 0.0 —— q=7.0,x1=—0.6,x2=—0.0 ]
° allgned splns only - 1501 - 11001 - 115()1 - 12001 - 12501 - 13001 | 1501 - 11001 - 11501 - 12001 - 12501 - 1300
* in the inspiral, all based on PN/EOB Mo [Pompili&al 2023] Mo,
- J




Analysis settings: waveform models

Parameter estimation: Parameter space merger

exploration: 20 : :

We use PE sampling tools: lisabeta, [Marsat&al 2020] 3000
o MZ — [105,106,107]M® 154 | ... ............... 1000

PE provides posteriors, max In £ provides the ¢ 7 . =1

bias 500
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and templates) e uniform y, € [—0.8,0.8] =] . . NN\ 50

Direct FD Whittle likelihood (no approx.) , uniform 7, € =0.8,0.5] ; r )
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[Preliminary] Miguree (M)

Tempering the analysis:

InL_trace_phenomxhm_MIle6_1d_11

Start at large z / small SNR, then

. 1051 4
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Additional parallel tempering with 2000 1000 6000 3000
4 temps. Steps
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SNRs and mismatches

Signal-to-noise ratios:

SNR? = (ho|ho)

4 )
SNRs up to thousands at z = 1

- J

Mismatch:

* averaged response
* single-detector
e optimized: time, phase,

MM =1 —-max; ,4,...

polarization, sky
(form | o)

vV (hin|hm) /o | o

-

* Mismatches order-of-
magnitude similar to LVK

* Improvement for more
recent models

~
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Example Parameter estimation with systematics |

o Injection: NRHybSur3dq8 {M = 10°M_,q = 4,y, = 0.5, , = 0.3}
* Template: PhenomXHM

Intrinsic params. Sky localisation
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Example Parameter estimation with systematics |

Intrinsic params.

A

M, =10° Mg
z SNR
1.0 317
1.76 158
3.11 79
5.59 40
10.21 20
18.97 10

;

Q-II

o Injection: NRHybSur3dq8 {M = 10°M_,q = 4,y, = 0.5, , = 0.3}
* Template: PhenomXHM

Sky localisation

LISA plane




Example Parameter estimation with systematics |

o Injection: NRHybSur3dq8 {M = 10°M_,q = 4,y, = 0.5, , = 0.3}

* Template: PhenomXHM

Intrinsic params. Sky localisation

M, = 10° Mg
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Example Parameter estimation with systematics |

o Injection: NRHybSur3dq8 {M = 10°M_,q = 4,y, = 0.5, , = 0.3}
* Template: PhenomXHM

Intrinsic params. Sky localisation
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Example Parameter estimation with systematics |

o Injection: NRHybSur3dq8 {M = 10°M_,q = 4,y, = 0.5, , = 0.3}
* Template: PhenomXHM

Intrinsic params. Sky localisation
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SNR &
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The good:
* converges on the true parameters
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Example Parameter estimation with systematics I

Mz — 106 M@

e Injection: NRHybSur3dq8 {M = 10°M_,q = 4, v, = 0.5, y, = 0.3}
* Template: PhenomXHM

Sky localisation
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Example Parameter estimation with systematics I

e Injection: NRHybSur3dq8 {M = 10°M_,q = 4,5, = 0.5, y, = 0.3}

* Template: PhenomXHM
Intrinsic params.

Sky localisation

»‘x - Mz — 106 M@ J i aes L
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Example Parameter estimation with systematics I

Intrinsic params.

e Injection: NRHybSur3dq8 {M = 10°M_,q = 4,5, = 0.5, y, = 0.3}
* Template: PhenomXHM

Mz — 106 M@
z SNR o -
)
1.0 1907 Q-
1.76 954
3.11 477 o -
N
5.59 238 o
10.21 119 g
18.97 59 =
SN
Q-
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Example Parameter estimation with systematics I

e Injection: NRHybSur3dq8 {M = 10°M_,q = 4,5, = 0.5, y, = 0.3}
* Template: PhenomXHM
Intrinsic params. Sky localisation

'\,\, R Mz — 106 M@
> | | 2 SNR Q7
B 1.0 1907

3.11 AT7 Q

N 5.59 238 -
S 10.21 119 R
N 18.97 59
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Example Parameter estimation with systematics I

e Injection: NRHybSur3dq8 {M = 10°M_,q = 4,5, = 0.5, y, = 0.3}

* Template: PhenomXHM
Intrinsic params.

Sky localisation

17
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Example Parameter estimation with systematics ll|

e Injection: NRHybSur3dq8 {M = 10°M_,q = 4,5, = 0.5, y, = 0.3}
* Template: SEOBNRv5S5HM ROM

Intrinsic params. Sky localisation
X - MZ — 106 M@
”"k 2 SNR
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= o 1.76 054 & ﬁé\
» 3.11 ATT |
.0 \ 5.59 238 §///
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Intrinsic params.

Example Parameter estimation with systematics ll|

e Injection: NRHybSur3dq8 {M = 10°M_,q = 4,5, = 0.5, y, = 0.3}

* Template: SEOBNRv5S5HM ROM

Sky localisation

MZ — ].06 M@ % .
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Example Parameter estimation with systematics ll|

e Injection: NRHybSur3dq8 {M = 10°M_,q = 4,5, = 0.5, y, = 0.3}

* Template: SEOBNRv5S5HM ROM

Intrinsic params. Sky localisation

Mz — 106 M@ U
Ca @ 2 SNR & ( Q ) B
. 1.0 1907 T~ 1
S 4 1.76 954
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. (O 5.5 238 R
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®, N
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N —— 5h=0
< o - - - — 0h 75 0
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Ny (@ @‘ (Q\[ . Waveform errors lead to
. u u . . . . , N .
S O S Had O D D & D O O 3 the selection of the wrong
o o o T 7 T sky mode !
M, (10°M.,) q X+
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Example Parameter estimation with systematics ll|

o

5

G A
<

Q o
%

o

Intrinsic params.

e Injection: NRHybSur3dq8 {M = 10°M_,q = 4,5, = 0.5, y, = 0.3}

* Template: SEOBNRv5S5HM ROM

p
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Example Parameter estimation with systematics ll|

e Injection: NRHybSur3dq8 {M = 10°M_,q = 4,5, = 0.5, y, = 0.3}
* Template: SEOBNRv5S5HM ROM

Intrinsic params.

Sky localisation

22
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Statistical significance of biases: intrinsic parameters

Bias in chirp mass:

Wrong skymode
recovered:

phenomxhm
M,(Mg) | % wrong
10° 0 %
10° 10 %
107 54 %
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Linking mismatches and biases

103 Mleb z =1
! o  phenomhm
) phenomxhm
10 seobv4hm
| © seobvbhm o
10! ; s
S o
J 10 5
-1,
] o
®,0g0
10—2 UL ALY | N N ,§.g,9 ' AL | N AR | ' A
0= 10t 10 10! 107 10°
6;‘71(JM(-)

From indistinguishability criterion:

D 1

MM <
2 SNR?

2
=1/ =SNR*MM
S

e, > 1 means that the mismatch is large

enough to indicate a significant bias
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10 - 4
1 |
—~ 10 ¢ o
S ot R ®
\.% ' % ®o
i P
L
(@)
10~} L
O
O
102 g T T e S S S
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From bias measured in PE:

Gb(-"\/l (')

€, > | indicates means that PE measures a

significant bias
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Example Parameter estimation with systematics lll: Cutler-Vallisneri bias

PhenomXHM (z = 1)

o o o o o rtemceee

Linearized biases (Cutler-Vallisneri): 101 ® OV bias

[Flanagan-Hughes 1997] 2. -

[Cutler-Vallisneri 2007]
I e _
2 " . T — ¥
s na T
= ¥

In the linear signal approximation [locall], |
estimation of bias: - :

Fz’j — (@h\@jh) —i0 =

L4
L —1 Mchirp q chip chim Deltat dist inc phi lambda beta psi
Aez — Fij (ajh‘6h) - SEOBV5HM (2 = 5.6)
5) |
ptemcee
® CV bhias
100 +
50 1 T iR dh
P = 1]
— | T - A e .
ellz e ¢ 4 1 :
s 0 " = 1 T 4 1 T
. Cy . . N\ 3 | e T i 4 L &
e Cutler-Vallisneri biases give . ;
reasonable estimates in mild cases e e
* Fails to capture distant secondary ~100 T
mode
- / ~150
' Mchirp q chip chim Deltat dist inc phi lambda beta psl
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Results and outlook

Results IPreliminary]

e Unsurprisingly, strong biases for loud LISA signals at z = 1

e Strong dependence on mass:at z = 1, low-mass much better than high mass
* Noticeable improvement for most recent waveform models
* Degeneracies in the sky position can lead to the wrong sky mode to be selected

* Indications that the distinguishability criterion does not apply well; Cutler-Vallisneri bias
esimates can work but do not capture multimodality

Outlook
e Compare to LVK/3G studies
* Focus on high masses: NR waveforms long enough ?

* More realistic waveforms: precession (and eccentricity)
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Fitting factors in parameter space
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Waveform systematics and parameter estimation

Systematic biases:

lgnoring the effect of the noise, bias given by the best=fit parameters on the
model signal manifold: A0 = 6, — 0.

* the bias is SNR-independent (optimization problem), but requires to

explore the full parameter space [expensive]
e the statistical errors scale with SNR

- / \\

Different questions for systematics:

* Are waveforms good enough for prospective science ! Are e.g.
Fisher errors accurate with approx. waveforms ! More forgiving.
e ™~ * Will the biases be statistically significant ?
Are current waveform models * Will biases affect hierarchical analyses (population, cosmology) ?
accurate enough for LISA ? —>  How will they stack (coherent/incoherent) ?
How accurate do they need to be ! * Will residuals affect the rest of the global fit ?
- / e How will tests of GR be affected ?
e Can we mitigate the biases ! Computational aspects for low-
latency !
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Waveform systematics and parameter estimation

Mismatch (unfaithfulness):

Indistinguishability criterion: Lindblom&al 2008]
[Chatziioannou&al 201 9]
1 Toubiana-Gair 2024]

In £(0) = =2 (h(0) = hux[h(8) = hex)

In £(6s) ~ In £(6;_,)

e Constant D: dimension,
approximate

D 1 e Scaling SNR? robust
2 SNR”

MM <

MM — 1 o maXt7()07¢7"'

Mismatch, optimization over time/phase/polarization:

(hm‘htr)

e Computed locally [fast]
* SNR-independent
e Different versions: single-detector

\/(hm‘hm)\/(htr‘htr)

optimized over sky, combining /i, A,

Linearized biases (Cutler-Vallisneri): [Flanagan-Hughes 1997]

[Cutler-Vallisneri 2007]

In the linear signal approximation, estimation of
bias [fast]:

30

F;; = (0;h|0;h)
AO; = F-(9;h|oh)

/

tools ?

-

\

Can we assess biases with efficient
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The LISA instrumental response

The low-frequency response Pattern function respclmse with HM:
t h = —Ff@’hgm
/‘ 7 /4 e At low frequencies TDIA, TDIE ; Em: d ™
’ become equivalent to 2 LIGO- / 1 9
m __ — 21 -+ - 71X
like channels Foe = 5—2Y€m€ " (Fa,e ™ ZFab,e)
* For short transients the LISA 1 |
motion has only a weak effect + 5(—1)6_2Y'Z_m6+2wL (F;re — iFafe)
The full response Example FD transfer function
/.//.——— N ) 0.00 - 40 h 2.5h 7 min peak

. /4 ©_0.05- /
\\‘ // B o
NS —0.10

Single-link response:

Tsir = mgLSmC mfL(1—k-ng)]explinf(L+Fk-(pr+ps))]ng - P-ni(ty) 0.00-

Re (7,,)

+ Doppler phase: exp |2imfk - po(ty)] + TDI combinations f\j —0.05-
= Full
Time and frequency-dependency in transfer functions - 010 T s
Time: motion of LISA on its orbit o trozen low-f
L

Frequency: departure from long-wavelength approx. BT R A
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LISA response and multimodality in the sky

Multimodality pattern:

Py

()

GO°

== 7 | '
O Q
R = & 2 9
RS s 5
) G | (\ = QQ ] \»q/ QQQ
= QP \‘.Jj SN =
> Q
2> ] Q> ~
S / = S
DD Ao A R S N A A N V.
VTN AN S AP (DT D7 S 0 s
A A A P E RS
)\L (rad) )\L (rad) )\L (rad)
Degeneracy breaking: hem , Full response
: . : 7 min “ peak
* motion of LISA: eliminates all modes but the antipodal, weak for o q True
short high-mass signals A\
* high-frequency effects in the response: eliminates all modes but N {
the reflected, only at high frequencies
R\ Wl etk sl Reflected
i
4 o . . A ¥
e Multimodality broken by subdominant effects in
response (motion, high-f) | PN -
\ / 10—2
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Fisher localization: impact of waveform model

Sky localization at z = 1

Analysis settings: 10° 4

e Fisher matrix localization: sky area of the main 103 -
mode of the posterior f
* Randomization over 1000 orientations, mass ratios, ;|

spins .
 Change the waveform model: PhenomHM, 1ot
PhenomXHM, SEOBNRv5SHM ROM ]
; 10"
2
10~
— phenomxhm | \
10—2_; ——  gseobvbhm \
1 — seobvbhm_32
1 = seobvbhm_55
1077 seobvbhm_allmodes
_ phenomhm
10 10°* 10° 10° 107 108 10
N M. (Mz) [Marsat, Mangiagli, Toubiana, in prep.]
* In the high-mass range (HM important), older
waveform models can be inaccurate also for
prospective PE
* Modern waveform models agree well for
rospective
prosp y
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Sky multimodalities for LISA MBHBs

* Bayesian PE required to explore Astrophysical models [Barausse 2012]:
multimodal posteriors * Heavy seeds - delay (Q3d)
e Simulation of 90yrs catalogs * Heavy seeds - no delay (Q3nd)
e Custom proposals for degeneracies e Poplll seeds - delay (Pop3)
10- Q3d - Pop3
e ™ " 3000
o | mode ] 8 1
o 2 modes 1000
o >2 modes
\_ ) 6 61 500
Threshold: - . . .
5% prob. N e 0 %
50
21 21

20

10

Msource (M®> Msource (M(D) Msource (MCD)
Applications: EM counterparts and cosmological inference 4 Multimodality in the sky A
[Mangiagli&al 2022, Mangiagli&al 2023] present, but rare for
counterpart candidates
\_ post-merger Y
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Fisher localization: impact of response approximation

Sky localization at z =1
Analysis settings: 10" 5
e Fisher matrix localization: sky area of the main 1034
mode of the posterior
e Randomization over 1000 orientations, mass ratios, 102 {2\
spins |
 Change the response model: keep or ignore the —~ 10"
I N =y :
motion and high-f effects TR
; 1()“‘;
N A i
e ‘Pattern function’ response is the main source of 107 ;
main-mode localization at high mass, from |
subdominant HM i -
e Multimodality broken in turn by subdominant effects | — frozen
I : : 1077 5 ‘
in response (motion, high-f) | low ~—~
/ j frozen-lowf
10° 10 10° 10° 10° 10° 107
M. (Mz)  [Marsat, Mangiagli, Toubiana, in prep.]
4 )

e Sky localization at high mass: weak effects, high SNR
e Unlike LVK localization from triangulation, LISA
localization potentially vulnerable to systematics
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Example Parameter estimation with systematics ll|

@ * Injection: NRHybSur3dq8
BN * Template: SEOBNRv5SHM ROM

Mz — 106 M@

z SNR

b
i

_ k) 1.0 1907
L] | | ' | 1.76 954
3.11 477

A

Q]

N & | @@ 5.59 238
3 Qz I | @ 10.21 119
< _
B I | I | N 18.97 59
N
‘l@ Dl @e o] s,
S S S A AV ~————.
R - | | -
. |
@"4@'_@ LSl | > =
_by\‘gj‘ : el & ‘\\_}/" ' ' 9 ' "4 - Q_J‘ "\'_/ &
| & | e = B fr@
= N - » »
SOENEI NN [N
1@ Al @ o @ gl a
IR 1117/ 01 I 7
& IR | /] | ~e ] ¢ | |
N s > S s o o s = e o e W O
z ' ' ' ' ‘
o .‘\3 4 4 4
@ @ ||@ . @ = ® @p <>
© @[® | g & | i) cb ( =, [0
v @ 2y (OIVS) IR EN o n 2%
Nl B | A B A | =1C | == T
EAIE ARSI RN RN N N NN S PP DRI RS DI PSP P ITITTITEILIR®
Moo q X Y Aty (s) D (Gpo) (rad) o (rad) A (rad) 3, (rad)



Example Parameter estimation with systematics lll: TD signals and residuals

M — 105M®

Whitened time-domain signals

1_

M 00 o

UL

—1 1

L

30000 95000 20000 15000 10000 5000 0 5000
t(s)

M — ].OGM@

90 1

0_ - R — A S D -~~~ ,\,\,\r\/\/\/\,\

—50

—30000 —25000 —20000 —15000 —10000 5000 0 5000
t(s)
M — 1O7M@
200 1

4 ) 100- d ﬂ
* Wide range of signal morphology . o . A /\L WM —
e High-mass signals are completely \1
merger/HM dominated o ﬂu
\§ J 200
30000 —25000 —20000 —~15000 —1((50)00 —5000 0 5000
t(s
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Example Parameter estimation with systematics lll: TD signals and residuals

50 1

- hgjg data
------ aligned
............ best—ﬁt

500

200

_50 i
2000 —1500 —1000 500
9.0 1 - hg,l data
o5l T aligned
............ best—ﬁt
0.0
2.5
_5.01
_751 . | .
2000 —1500 —1000 —500
20 h3,3 data
aligned
10 best-fit
O i
_10 i
—20-
—2000 —1500 —1000 —500
10 -
— h4,4 data
5 aligned
............ best—ﬁt
! / \/
_5 4
2000 —1500 —1000 500

500

Residuals for the ‘ugly’ case

O T T T T T T
—1000 —800 —600 —400 —200 0 200

e Residuals are ‘visually’ small...
e Details of HM at merger are
Important

\_
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Biases caused by missing higher harmonics

M;j: 1 mode .
Ms: 3 modes 107
] Mg: 4 modes 0
Mg: 6 modes 0
Q N
o e .
- [Chantal Pitte&al 2023] »
Vv 10
%bt . <=
10"
- Frequency (Hz)
p.
— © @ ’ ’I
a /Q;o _ Q | ﬁ ‘Simpler’ waveform error: missing higher
) = o harmonic(s)
|'f — A4 L4
Q) Y - 4 A 2N . )
. _ _ Missing higher harmonics
< Qﬁ) can cause biases: cross-
S ® Al ) products between modes
QS ! \_ Y
log M q X1 X2
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Biases caused by missing higher harmonics

Estimating the bias is an optimization problem [Preliminary]
e Cutler Vallisneri is one step of Newton’s gradient descent, ANO=H 1. Vin,
approximating the Hessian with the Fisher matrix H;; = 0;0; In L ~ (9;h|0;h)

* Are there better optimization algorithms ? (e.g. simplex method)

~

e One simple idea is to repeat CV as iterated gradient descent There should be
better bias estimators

than CV - robustness !
[SophiaYi &al, in prep.] \_ .
Mode config: [(2, 2), (3, 3), (2, 1)]

201 |
—— ptemcee e
® C(CV bias -
10 Nelder-Mead bias .
® iter. gradient bias 8 :::
0 — =
i KB
—|-
10 I 1 e 4
t ES T
—20 1
Mchirp q chip chim Deltat dist inc phi lambda beta psi
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Mismatches of NR surrogate

X1z

X2z

0.75

Il.OO

0.50
0.25
0.00

—0.25

—0.50

I ~0.75
' ~1.00

1.6 10—1
1 NRHybSur3dgs
1 SEOBNRV4HM .
L2 /[ NR 10
<
2 103
0.8 - 2 10
N2
=
1074
1 l g
gLt .
‘ h‘“ | IIIIIII| [ [ [ 111 | IIIIIII| [ [ 1111l [ 1 LIl 10
10-7 10°® 10 1074 103 10°%¢ 107!
Mismatch [Varma&al 2018
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Statistical significance of biases: intrinsic parameters

Mleb z =1
40 - i [ 1 phenomhm
| .| phenomxhm
30 4 — [ ] seobv4dhm
| Mol ] seobvhl
. Pl - seobvbhm
1 ah|
ol i L
10-2 10! 10" 10! 107 10°
[AM.|/oa(M,)
Mleb z =1
50 1 T
[ 1 phenomhm
A0 .| phenomxhm
40 =
{1 [__] seobv4hm
301 — 1 [ seobvbhm
10 1
. L
10-2 10! 10" 10! 107 10°
[Aql/o(q)

Mle6 2 = 1
50 -
30 - -
20 - __M II_
10 - rjﬁ o
0 LA | LA | v LENLELELAL AL | v LA AL LB | v v """l' 'L LA |
102 10~} 10Y 10! 102 103
AM,|/o(M.)
Mle6 2 = 1
40 - -
30 - ‘ F_
B |
10 - — | =
4 L
102 10~} 10Y 10! 102 103
Aql/o(q)
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Statistical significance of biases: extrinsic parameters

Mleb z =1
40 - l_ [ ] phenomhm
| .| phenomxhm
30 - | 1 seobv4dhm
i [ ] seobvbhm
20 - =
10 -
[
102 107! 10" 10! 10 10
[AA[/a(N)
Mleb z =1
1 ] phenomhm
4 | phenomxhm
30 A H | ] 1 seobv4hm
r,_—_a [ ] seobvbhm
A H e
10 - — -
102 107! 10" 10! 10 10
[AB[/a(5)

Mle6 z =1

40 - -
30 - 1 1
20 - =)
rr ik il
10 - =
|| ;ﬂqq
102 10~} 10Y 10! 102 103
AN /a(N)
1\,[1@6~:
30 - N _L
20 - B=SNi (
- ]
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St {
102 10~} 10Y 10! 102 103
AF/o(5)
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Pre-merger analysis: likelihood with decomposed response

InLC

Degeneracy breaking for 8 sky maxima

Instrument response:
e ‘Full’: keep all terms

‘Frozen’: ignore LISA motion
‘Low-f’: ignore f-dependency
‘Frozen Low-f’: ignore both

Likelihood: In £(d|f) = — Z

channels

henm, , Full response

Or
AL

Br

40 h

25h

PE maxIn L

)\L—|—7T/2
A+
)\L—7T/2

N

1
2

In L

5 (1(0) — d|r(0) — d)

Sky modes L-frame

hem , Frozen response

GO°

()

Approximate degeneracy measure: likelihood at the other sky positions

40 h

2.5h

7 min

ronly

I
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InLC

7\

-

ntipodal

Reflected

hem , Low-f response

High-f feature

crucial

)

40 h

2.5h

7 min

[Marsat&al 2020]
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Discussion: thoughts on biases

* Estimating biases is an SNR-independent deterministic optimization problem: best method ?
Should waveform modellers evaluate parameter biases along mismatches !

* The stochastic view on biases: introduce stochastic waveform errors, marginalize over
waveform uncertainty

* The deterministic view on biases: model the bias as a parameter map (how quickly is it
varying with parameters ?), for instance with dedicated NR injections in the vicinity of

detected signals

* Different goals for waveform errors: evaluate width of posterior / likelihood surface simply
connected through gradient descent to optimum / no significant biases

* Tests of GR: are modified-GR effects orthogonal to waveform errors ? Orthogonality better
in the inspiral, not much at merger
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