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EMRI populations

EMRI event rates are uncertain
expected between ~ 10 and ~ 20000 per year

Model | MBH Mass MBH spin  Cusp Erosion M —o N, Rate [yr—!]
M1 Baraussel2 a98 yes Gultekin09 | 10 1600
M5 Gairl0 a98 no Gultekin09 | 10 140
M6 Baraussel?2 a98 no Gultekin09 | 10 2080
M7 Baraussel2 a98 yes Gultekin09 | 0 15800
M11 Gairl0O al) no Gultekin09 | 100 13

Babak et al. 2017 [arxiv:1703.09722]

Each catalog contains EMRI populations across the Universe over 10 years
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We focus on 5 EMRI catalogs
- M5-M11 - M7

- pessimistic - optimistic

2117

we allow the mass of the small CO to vary:

ILVK - Power Law + Peak
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What's the full process?

Computational Cost
T, =4yrs,dt =5s, 2ndGenTDI

1. Evolve source parameters from plunge to initial values. (FEW backwards) O(minutes)

e [0, 10]yr

We randomly sampled ¢, ., = (o p—

2. Compute signals and SNRs for each source and sum them together. (FEW, 1isa-on-gpu) O(hours - day)
2 TDI;, k = A, E, T= Sgpyrio(f) is necessary as input for the IFE algorithm

l

3. Iterative Foreground Estimation (IFE) for more realistic detection rates. (IF'E) O(days - week/s)

4. Fisher Estimates on detectable sources (SNR > 20). (SEF) O(days - Iweek)

5. Bayesian Inference on a subset of detectable sources. (eryn) 1 day per source
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https://github.com/OllieBurke/FastEMRIWaveforms_backwards
https://github.com/BlackHolePerturbationToolkit/FastEMRIWaveforms/tree/master
https://github.com/mikekatz04/lisa-on-gpu
https://gitlab.in2p3.fr/Nikos/gwg
https://github.com/perturber/StableEMRIFisher/tree/CV_bias
https://github.com/lisa-analysis-tools/Eryn/tree/main

2. Signals and SNRs

To obtain detection rates => we need SNRs = defining a noise PSD
Static PSD S, (f) = Sinstr(f) + Sgb( 1)

pis 2 IDI, k=AE,T = Semrio(f) = Semrro(f)

computationally efficient but neglects the self-generated EMRI confusion noise

Babak et al. 2017

# before IFE Rate [1/yr]
Model Model | (detected # after 4 years
(T()bs — 4 yr) with AAK)
M1 461 M1 294 ~1200
M5 32 M5 47 ~200
M6 604 M6 479 ~1900
M7 4289 M7 2712 ~11000
M11 1 M11 11 ~45
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3. Iterative Foreground Estimation

To obtain detection rates => we need SNRs = defining a noise PSD

Static PSD S,(f) = Sinstr(f) + Sgp(f)

IFE steps:

N
1. Initialization: EMRI PSD at Oth iteration Sgyp; o(f) = 2 - df| ) TDI|?
i=0

2. Noise Model Update: At iteration k, the PSD is updated to include the
unresolved sources below p,, = 20: S, (f) = ;5. (/) + S gb( )+ Semrik()

3. Classification and Subtraction: SNRs pl.(k) are recalculated against the updated
S,.(f). Resolvable if pl.(k) > Pine

4. Convergence: This loop repeats until no additional sources cross the detection
threshold (typically requiring 1 to 5 iterations)
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Model Rate [yr—']
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M1 461 71 192 310 411 102
M5 32 0 4 19 32 8
M6 604 92 227 390 527 132~
M7 4282 413 870 1598 1962 4" 491
M11 1 0 0 1 1 0.25




Detected Fraction: “Fiducial” Model (M1)

Detections with Tgw > 4 yrs = 48. ﬁ .
In good support for a longer LISA lifetime. S
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4. Fisher Estimates
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5. Bayesian Inference

Setup:

Sampler: eryn

n,,, = 6000 Lo -
n = 48

ntempemture — 1
Uniform broad priors, with initialization 101 -

close to the true values.

"1 Fisher
1 MCMC

walkers

The comparison is made on ~80 sources

10—3 -

On average, Fisher seems to
underestimate intrinsic parameters

(Ma /’ta aa p()a e())

o (Standard Deviation)
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Example 2: SNR = 63

2O

N

R

le—6+6.48e—-1

aNzalzalzs

I k4
B

7 N
N\ 78

> 1 ‘ ‘ ‘ ]

& ° ° SR 7| LG
| ) | . . I )

e

S

—— Fisher

—— Bayesian
—— True Value

- Intrinsic parameters are |
| strongly correlated "

9.8 -10*"M
9.2 M,
9.107
0.995

24
0.59

\

bv &V nv.\, 60‘ 00‘ «w,

o®e

\}

> 72 Co o

Oke

& @

v ®©
2 | |

@

@

M
d

Po
€0

Example 1: SNR =47
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* Why are catalogs important?

An application: Spectral Sirens Cosmology with EMRIs - CosmologyWG

* Population Inference First: Phenomenological
model fitting primary /secondary mass and
redshift rate (includes selection effects; LVK-style).

* Joint Cosmological Inference: Cosmology
parameters inferred simultaneously

- The “Pink" Case: H,, is fixed (mimicking post-O5
knowledge before LISA), leaving other parameters
free.

- Key Primary Result: EMRIs could measure £,
due to higher redshift reach compared to LVK.
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Take-home message and prospects

* Detection rates and horizons are lower than previous predictions.

* Fast tools like Fisher seem to be working only approximately. Parameters are too correlated /instability of the Fisher inversion
» We need new realistic EMRI populations (wet EMRISs, cliffanger EMRISs, etc..)

» How could we improve the efficiency of full MCMC runs?

* What are the most urgent tasks to focus on?
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Derivatives are evaluated at 20 different steps

4. Fisher Estimates: Matrix inversion for each parameter to ensure stability.
High computational cost (~1 week for M?7)

107 5 =M
ah ah l _1 106-:
L' = | —= | & A0 =4/07);
agl 69] 105-;
5k
EE 10 -
Large dynamic range of EMRI parameters ——> we pre-condition before inversion 10

1 10~ 10-3 1072 107! 10° 10!
JACH

1. Pre-conditioning (Diagonal Scaling): D, =

..
i Fisher condition number for M1 detectable sources
2. Dimensionless, well-conditioned Fisher matrix: I" = DI'D —
50 A r
- - — 16
3. Inversion & Rescaling, via Cholesky decomposition 2 = -1 40- 10
The physical covariance matrix is 2 = DXD
#* 30 -
4. Further check on numerical stability: max ‘FZ — 1 ‘ <1073
20 -
10 -
0 . I

107 10° 1013 106 10'° 1022
cond number

M. PIARULLI



Po

Dy, bk o’ ¢s gs d;

Is it a waveform problem? Let’s try with Kerr
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Example 2: SNR = 63
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First ~ 2 hours - Total SNR: 63, pJ"" = 24.6052, pJ®* =24.6128
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m, = m;(1+2)

p(ml,s)

Astrophysical distribution
(stationary)

Phenomenological mass scales in BH
distributions convey redshift information

Ls -

M a2)

cosmology with Hy > 0
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GWTC-4.0: Constraints on the Cosmic Expansion Rate and Modified Gravity
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