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MBHB signals in LISA
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Waveform systematics and parameter estimation

Systematic biases:
® hir(0ir) lgnoring the effect of the noise, bias given by the best-fit parameters on the

D model signal manifold: A0 = 6, — 0.

* the bias is SNR-independent, requires to

explore the full parameter space [expensive]
* the statistical errors scale with SNR . ~

\l

Mismatch, used in waveform modelling. Optimization over time/phase/polarization:

(A, | Pty ) * Computed locally [fast]

v (M| )/ (B [y ) SNR-independent
* Different versions: single-detector

optimized over sky, combining /i, h,

MM =1 —max; . 4,...

Indistinguishability criterion: Lindblom&al 2008]
[Chatziioannou&al 201 9]
1 Toubiana-Gair 2024]
In £(0) = —§(h(9) — hix|h(0) — hir) Linearized biases (Cutler-Vallisneri): [Flanagan-Hughes 1997]
[Cutler-Vallisneri 2007]
In £(0p) ~ In L£(61_) e Constant D: dimension, In the linear signal approximation, estimation of
approximate2 bias [fast]:
D 1 e Scaling SNR~ robust
MM L — (DRl 4 A
< 2 SNR? [ < thic critar . ) Fij = (0;h|0;h) Can we assess biases with efficient
s this criterion a goo e tools ?
_— representation of requirements ? Al; = Fij (Ojh|oh) \_ Y,

SNR ~ 10° for LISA ! o A




Overview of waveform models: NR
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Overview of waveform models: Phenom / SEOB / NR Surrogates

Phenom: NR surrogates:
IMRPhenomXPNR [Hamilton+ 2025] NRHybSur3dq8 [Varma+ 2018]
* Fourier-domain, precessing e SXS NR simulations hybridized with long EOB

inspirals (covers ~6 months for M = IOSMQ)

IMRPhenomTPHM [Estelles+ 2021} . . .
e Surrogate interpolant, time-domain

 Time-domain, precessing
e GPU acceleration

IMRPhenomTEHM [Planas+ 2025]
e Time-domain, eccentric

NRSur'7dq4 [Varma+ 2019]
e SXS NR simulations, short
e /d,fully precessing, with mode asymmetries

EOB:
+ high-q surrogates + eccentric surrogates
SEOBNRvVSPHM [Ramos-Buades+ 2023] e BH pert.+ NR ® non-spinning
* Time-domain, precessing
SEOBNRvSEHM [Gamboa+ 2024] Packages:

e Eccentric, spin-aligned ,
’ & Moving towards modular codes:

TEOBResumsS-Dali [Nagar+ 2024] * phenomxpy

e Spin-precessing, Eccentric ® pyseobnr
e gywsurrogate

+ _ROM
* accelerated reduced order models (spin aligned)



Overview of waveform models: mismatches for the circularized non-precessing case
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Overview of waveform models: mismatches for precession
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Overview of waveform models: mismatches for eccentricity

[nitial GW eccentricities egy > 0.5 [Gamboa+ 2024]
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Analysis settings

Injections:

NRHybSur3dqd8

[Varmaé&al 2018]

e SXS NR simulations hybridized with long EOB
inspirals (covers ~6 months for M = 1()5M®)
* Surrogate interpolant, time-domain

Templates:

Efficient Fourier-domain models from 2 families:
e PhenomHM

e PhenomXHNM
e SEOBNRv4AHM ROM
e SEOBNRvVvE5HM ROM

Mode content for all: 22, 21, 33, 44

London&al 2017]
(Garcia-Quiros&al 2020]

(Cotesta&al 2018]
[Pompili&al 2023]

4 )
Limitations:
¢ alighed spins only
* in the inspiral, all based on PN/EOB

\_ J

Parameter space

merger

exploration: 20
o« M, =1[10%10%10"1M, 151 S v\ B
* Tmin = 1

e N = 240 simulations
e uniform g € [1,8]

e uniform X1 e [_08’08] 5 4 ..................... v N\ D .

e uniform y, € [—0.8,0.8]
e randomize orientations

Msource (MQ)

Analysis:

Bayesian PE: lisabeta

Posterior gives statistical uncertainty, max In Z gives the bias
Multi-stage tempering to ensure convergence

Fourier-domain response equal-armlength (same for injection and
templates)

Direct FD Whittle likelihood (no approx.)
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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

;
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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
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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
MZ — 105 M@ ]
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The good:
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l%lxl&l/\l !
ANEPAN RPN SEEPAN

AV AN aD D .
R G L

e mild biasatz =1, SNR = 317
\_

S W RN

15



q

Intrinsic params.
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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
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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-
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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

3.11 477 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

20
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¢ 2
> Q‘l \ /




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
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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
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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
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Example Parameter estimation with systematics ll|

o
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Intrinsic params.

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

* Template: SEOBNRv5S5HM ROM
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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

25
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Statistical significance of biases

Bias in chirp mass:
Mleb z =1

Mle6 z =1
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Bias in longitude (on corrected skymode):
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Large biases at high mass
Wrong skymodes common
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Linking mismatches and biases

Mleb z =1

103 f
phenomhm
. phenomxhm
10 5
: seobv4hm
seobvbhm
_ 10%;
>
—
< 100
; ,‘“
—1 &
10 1 <
il'w é;—/
10-2 g
-+ 10t 10 10! 107 10°
6;7?(-"\/1(')

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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From bias measured in PE: Both €, €, X SNR
AG
€p = ———
o(0)

4 . N\
€, > 1 indicates means that PE measures a Relation between mismatch
significant bias and bias not straightforward

\_ J

27




Complement: NR vs NR surrogate

Injections:

NR from SXS catalog [SXS 2025]
e SXS NR simulations hybridized with long EOB

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

Templates:

NRHbeUPSdQB [Varma&al 2018]
e SXS NR simulations hybridized with long EOB

inspirals (covers ~6 months for M = IOSMQ)
* Surrogate interpolant, time-domain

Mode content for all: 22, 21, 33, 44

Time-domain LISA response

4 )
Limitations:
* aligned spins only
e M=le7 only, 2 days of signal

\_ J
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Complement: NR vs NR surrogate

\
0’0

X— N
N &
< 0O v &

N
0’0

SXS:BBH:2497
M=10M,,q=2,7,=0,7,=0,z=1

Intrinsic parames.

87

N

)

/4
-

%

o

/

Z

)

%

N

N

it

7

L7

e

<&

VNG
P & §

& §
NSNS

B \. \.
M (10"M,,)

N

q

S &

Q
N

29

ﬁL (rad)

¢

Extrinsic parames.

T
. e
| (3) @
HI® <<t
Ca> Ol o>
co‘boo CO@ CO(.\CO coc?OQ TR RD Y QQJog;a @09 @an \@Q
D (Gpc) v (rad) Az (rad)



Complement: NR vs NR surrogate

SXS:BBH:2128
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Complement: NR vs NR surrogate

SXS:BBH:2160
A4r=:](ynwlo,42==:3,2ﬁ ==(16L1Z2:=:_'(L43}Z:= 1

—— NR
—— NRSur align - NR

NRSur best fit - NR

x 10719
— NR
: 10~20
| —— NRbur align
NRSur best fit If 10-22 " ,.,'
_ i I r\ <
\\wd ES 10—24_\ l I‘I I | l | | |
— \ | ‘ \ il
| 10—26_
|
10—28
253 254 255 256 257 258 259  2.60 253 254 255 256  2.57
t (s) x 10° t (s)
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MojitoLight MBHBs: a first look

MojitoLight MBHBs SNR(t)

R

103 __'
102 1 I
~ 10! |
10[] _
10-1 7
10-2 LE -
0 6
x10°
Ly | . MojitoLight sources
e 20 MBHBs ranging from M ~ S.IOSMQ to M ~ 2.10'M,
9000 - . .  Reaching SNR=10 from <lday to ~| month before merger
o (highest mass happens to be long !)
< . * Longer signals if looking back in time to SNR=1 threshold
1000 - . o e IMRPhenomTHM waveform model
°* ’ . Analysis .
oo ¢ Preliminar
* ¢ . ° o IMRPhenomXHM templates [ © a Y]
0+ BRT T | * FD response vs TD response, both for equal-armlength orbits
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MojitoLight MBHBs: a first look
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MBHB biases caused by missing higher harmonics

critical redshift

Question: how many /., should be included in waveform templates ? Current models go up to /i< at
Y Mem P 8 P 55

[Pitte+ 2023]
most. Yi+ 2025]
Yi+ 2026]
LISA consortium project [WVaveform Working Group] coordinator: SophiaYi (Johns Hopkins U.)
Min. redshift unbiased when ignoring (3,2) mode: Estimating biases: Cutler-Vallisneri (can fail), direct Nelder-Mead
6 L L .
M =10 MQ? q = 47 L= 7T/3 [Yi+ 2026] M=10M,, ¢=1.1, t =7/3 Yi+ 2026]
ptelmcee O | likelihood biasI(NM) —5— X
_op| " CVbis x likelihood bias (DA) " o o
5 S 5 1
J o == e +
4 - 3 modes
| s
M, q X+ X - ot Dy L ¢ AL Br %

~1.0 —0.5 0.0 0.5 1.0

X1 34




MBHB biases: impact on tests of GR

Question: how does waveform inaccuracy affect tests of GR, and can waveform errors be
mistaken for false deviations from GR ?

LISA consortium project [Fundamental Physics Working Group] coordinators: Manuel
Piarulli (L2IT), Elisa Maggio (La Sapienza, Roma)

2 x 109
40- """"" ::50
30 - | / ) | | L ST R +1o 11
S
> 20 -
=
e
L :
= S~ Wik - (e A = R T e e e e e e e e e e e e e e e - - 5
2 2 | 5 x 10
8 0 :::%:::::::::%:::::::::é:::::: :::::::::g:::::::::_ﬁ:::::::::‘A':::::::::%:::::::::: s
_10-
—20 1 ' . . l ] ] ' . l 105
M. q XPN X-— dr, L A B 0P _9

[Piarulli+ in preparation]
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Conclusion and outlook

Highlights
* Even for the simpler case of aligned spins + HM, significant systematic biases at high masses
e Strong progressivity: worse at higher masses, for merger-dominated signals
e Systematics can also mislead us towards the wrong sky mode

Outlook

e Expectation: systematics could be even worse in presence of precession and eccentricity...

* Mitigation: waveforms should come with uncertainties ! How to determine the error envelopes ? The
LISA science case could require revisiting with a marginalization over waveform uncertainty.

* Mitigation: targeted a posteriori improvement of waveform models for golden events ?
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Dealing with waveform errors

0.5 A1

Marginalization over waveform errors: Marginalization over SEOB NR calibration:
le-21 R
- A (1) | | mm——— SEOBNRv5HM . .
1.5 - B Sample 060 from uniform prior Callbratlon Params
i s Sample 66 from p(d0 | A) prior 9 (9 | NR)
1.0 A I a¥%
| [SNR=366] P

[Pompili+ 2024]

= 0.0

_05 -

_10_

—1.5 1

_20 -

—-0.05 —-0.04 —0.03 —-0.02 -0.01 0.00 0.01 0.02
Time (s)

Probabilistic waveforms:

Hypermodels: Q= {Q, Q,.... _1}
 amplitude/phase envelopes, as in detector calibration — 0o HA DA nA
— (A + i(p+6¢) 2 = — = —
h(f)=(A+0A)e [Kumar+ 2025] = B DB g
. . . = NRSur7dq4
e constructed as Gaussian Process Regression (also guides g " SEOBNRVAPHM
next simulations) 2. N ¥ ’ +  IMRPhenomXPHM
2 95 0 F i ¢ IMRPhenomTPHM
Moore-Gair 2014] 2| + 4 t
Williams+2019] A " T [Puecher+ 2023]
Bachhar+ 2024] 15 20 25 [Hoy+ 2024]
SNR [Ashton+ 2019]

~N
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Fitting factors in parameter space
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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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Waveform systematics studies for LISA MBHBs

NR residuals (Maya code):

[Ferguson+ 2020]

10'18é

10'19§

Characteristic Strain

1020+

10'21 F

= high res. template
----- low res. template
— (2,2) template

107

1072

GW Frequency [Hz]

TGR systematics when ighoring ecc/env.:

[Garg+ 2024]

In B

40 -

20 1

_20 -

Vacuum Eccentric MBHBs

O 0 Rec Ygr+TGR

O
O

O
O

L £3 £ 5 £ E-E-E-B-B

15 5 I i 6 6

ep=1
. D wGR—l—Ecc

O Rec YGR+Ecc+TGR

Inj
] ver

0—2.5

eg=10"225
D wGR—l—Ecc

Qo
/xQQﬁax\ja%qﬁg%%%ﬁa

PN order
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My /My

pSEOBNR vs NR:

— M;o =2 x 10°M,,, SNR=67
—— M;o=2x 10"M,, SNR=927

5&)22

[ Toubiana+ 2023]



Massive black hole binaries for LISA

101 T~ 2 weeks

14— gbse_r\_/a_tory 1 week merger
.eanj::ttli\gtyore roun 20 =] ] -
g 10712+ —N = === '?'o‘lcal s il ' :
> ’, y‘ === Massive BH Binaries 1 day /\_ 3000
S L hour B
T \ . our : 15 1 KB 1 /A ¥ 1000
RPN S e AW A " :
v ? ——+ S
= : R 1
5 107104 (M=5x10M, 2= 12 /\/w/\/w 1 min - : : 500
£ 5 R | ; : :
j:% 10_20_5 [M:5X106M®Z:8 \M:5X104M®’Z:8] | N 10 4. N \ -\
2 .M.z..l(.);M@,z:Q M=5x10°Mg,z=2 : :
; 10_21_: E[I/v./;5><106|\/|@,z:2 M=5x 10°Mg,z = 8 M = 105M, z = 12 _ 200
5 ————- — —————- ———— '
107° 1074 1073 1072 1071 10° : :
Frequency [HZ] 5 ... [ .............. J | \ O\ 50
Science case 20
pa |
MBHBs cardinal sources for LISA, waveform systematics crucial 10% 10° 10% 10

for: Mource (MGD)

e golden events for EM counterparts
e golden events for TGR Extremely loud mergers...

e population inference and cosmology
e global fit and residuals

Broader parameter space than LVK: high-q, high-
spins, precession, eccentricity
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The length of MBHB signals

* How long before merger can we
detect the signal ?
e SNR=10 to claim detection

q — 57 SN}{threshold = 10

20.0

10

el B
ol B WY

S N

S . e
o B - N\

2.0

102 100 10t 100 10° 107 10°
Msource (MQ)

Astrophysical models [Barausse 2012]:
* Heavy seeds - delay

* Heavy seeds - no delay

* Poplll seeds - delay

log,(t(SNR = 10) /day)

103 107 :
1OQg

10lg

109 10_2 100

(MBHB detected signals:
Bulk shorter than ~10days

Tail extending to ~3months
\.

J
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LISA response and multimodality in the sky

Multimodality pattern:

Py

()

GO°

Degeneracy breaking:

* motion of LISA: eliminates all modes but the antipodal, weak for

short high-mass signals

* high-frequency effects in the response: eliminates all modes but

the reflected, only at high frequencies

6L (rad)
o & & ¢
dy Y K Y

-

* Multimodality broken by subdominant effects in
response (motion, high-f)

-

~

J

/ /%' /q)
)\L (rad)

— ) A

Q

=
—0 -
—&

~10
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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: which part of the response is important ?

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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Fisher localization: do waveform models agree on prospective !

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 .
e Change the waveform model: PhenomHM, Ty
PhenomXHM, SEOBNRvSHM ROM ]
; 10"
=
10~
—— phenomxhm \
10—2_; — seobvbhm \\
] — seobvbhm_32
1 = seobvbhm_55
1077 seobvbhm_allmodes
_ phenomhm
10° 10 10° 10° 107 10° 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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Example Parameter estimation with systematics lll: Cutler-Vallisneri bias

PhenomXHM (z = 1)

o o o o o ptemcee
Linearized biases (Cutler-Vallisneri): 101 ® CV bias
[Flanagan-Hughes 1997] . 4
[Cutler-Vallisneri 2007]
I 4 -
2 . — ¥
s il K
. . . . . . b -
In the linear signal approximation, estimation - -
, —20 o 1
of bias: ;
.. — . . —40 - —
Fi; = (9;h|0;h)
L —1 Mchirp q chip chim Deltat dist inc phi lambda beta psi
Aez — Fij (ajh‘6h) - SEOBV5HM (2 = 5.6)
ptemcee
® CV bhias
100 A =is
50 . | - e 1 di
. i1} =i P
e ™\ ]. S > & | :‘: . 4 - A
. . . . o a2k A —|=
 Cutler-Vallisneri biases give . 0 -+ s == ¥ + +
reasonable estimates in mild cases = o + T > T
. . —50 -
* Fail to capture distant secondary +
mode — needs to be adapted o0 1
e Can fail for severe biases
\ / —150
' Mchirp q chip chim Deltat dist inc phi lambda beta psl
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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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