
Rouding up the usual suspects 
Towards inference of beyond-vacuum effects in LISA Global Fit

Francisco Duque  
EMRI Search and Inference within the LISA Global Fit - Part II



Galactic 
Binaries

Stellar-mass 
black holes

Noise

Massive  
black holes

EMRIsUnmodeled

Stochastic

Vacuum

Accretion disks

Dark matter

Modified Gravity

…

x

Systematics

Triple Systems

UFOs

1





‘Catalogue'
Vacuum models

Postprocessing

Galactic 
Binaries

Massive  
black holes

EMRIsUnmodeled

Stochastic

Stellar-mass 
black holes

Noise

Vacuum

Accretion disks

Dark matter

Modified Gravity

…

Systematics

Triple Systems

UFO

2



Many signals in the data
Down-scale global fit in follow-up 
tests of vacuum GR?

Problem Solution (?)
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When we reanalyse a source of interest for a beyond-vacuum effect, some 
overlapping nuisance/confusion sources can absorb part of that effect in the 

first vacuum global fit, masking it. Which ones, so we know which to re-fit 
jointly with the source of interest instead of alone?
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Detection Statistic with noise and nuisance sources

SGF = (θb + bGF
θb )T Γb|cv (θb + bGF

θb ) ≫ few bθX = (Γ−1)XY(∂Ym |n + δm)

Bias Model systematic

Residual
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How to compute  (re)using a global fit posterior ℛ
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Meditations and possible directions
1. Is this useful/interesting as it is? 

2. Apply this to Mojito Lite 
2.1 Does linear-signal approximation work? (Probably not…) 
2.2 Better way to estimate  ? 

3.   Adapt this for systematics studies

ℛ
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Many signals in the data
Down-scale global fit in follow-up 
tests of vacuum GR?

Many possible models
1. Use catch-all agnostic models  
2. Map them to physical models

Problem Solution (?)

Duque & Gair, in prep
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Santos, Duque, Toubiana & Gair, in prep
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Non-parametric tests of General Relativity 
·E = ·EGW (1 + δ ·E)h = AGW(1 + δA)eiΦGW(1+δΦGW) δ ·E = A f −2nr / 3
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Non-parametric tests of General Relativity 
·E = ·EGW (1 + δ ·E)h = AGW(1 + δA)eiΦGW(1+δΦGW) δ ·E = Splines

1 flexible envelope

p(θγ, γ |d)

Spline parameters

System parameters

γ = (B̄(γ), 𝒪̄(γ))

Knots locations “Observable” 
e.g.  δ ·E
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Non-parametric tests of General Relativity

1 flexible envelope  p(θγ, γ |d) Many physical models  p(θλ, λ, ξ |d)

Beyond-vacuum params Remapping params 

System params 

22



Non-parametric tests of General Relativity

1 flexible envelope  p(θγ, γ |d) Many physical models  p(θλ, λ, ξ |d)

  p(d |λ, θλ, ξ) = ∫ p(d |θγ, γ) p(θγ, γ |λ, θλ, ξ) dθγ dγ

Flexible-envelope likelihood

Beyond-vacuum params Remapping params 

Remapping kernel (‘loss function’)

System params 
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Non-parametric tests of General Relativity
 E.g.  p(θγ, γ |λ, θλ, ξ) ∼ exp [−(𝒪(θλ, λ) − 𝒪(γ))2/(2σ2

ξ )]
‘Goodness of fit’
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Meditations and possible directions

1. Is this useful/interesting as it is? 

2. Apply this to Mojito Lite 

3.   Adapt this for systematics studies 
4.   Different reconstructions/mappings (wavelets, GPs):  

Machine Learning approach to residual analysis  
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Meditations and possible directions

1. Is this useful/interesting as it is? 

2. Apply this to Mojito Lite 

3.   Adapt this for systematics studies 
4.   Different reconstructions/mappings (wavelets, GPs):  

Machine Learning approach to residual analysis  
5.   Non-parametric analysis of individual events    population analysis
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