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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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The Masking Mojito factor
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The Masking Mojito factor

Because Fisher matrices are (semi)positive definite

% — (Spp) _ (0°) Ty Lo blev (07 - [}), .
(SGF) (0! Ty 0°

Postprocessing always hides extra physics
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How to compute < (re)using a global fit posterior
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For each sample compute s(6,) = (9, m | m(6,))

v AW

Computed once @ best-fit estimates Can be saved during first inference

Under linear-signal approximation Cov|s]| = 2 Fbj(F)j](IF ww/ L, k=c,v
jk

Fb\ cvV o F bb — COV[S] Suffers from Monte-Carlo errors -



How to compute < (re)using a global fit posterior
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Moshito: my s***** common dataset
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71 R, S Rs (Fisher) Rg (samples)
1[0.632] {1} 0.632 0.672
010.803|  {1,2 0.477 0.463
310.992| {1,2,3) | 0.467 0.45
410.999({1,2,3,4} | 0.465 0.449
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Postprocessing
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Meditations and possible directions

1. Is this useful/interesting as it is?
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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
false positive term

1 1 B
(SGp) = gl(eg)T | P 0y +Nb] + () Zg, + E(Z(gnF ) Fb\%:v Zsm
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Solution (?)

Down-scale global fit in follow-up

tests of vacuum GR?
Duque & Gair, Iin prep

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

Santos, Duque, Toublana & Gair, in prep
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parametric tests of General Relativity
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Non-parametric tests of General Relativity

h = Agw(l + 6A)e Pawll+0®aw) E=Egy (1 + 6E) SE = Splines
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Non-parametric tests of General Relativity

System params

1

1flexible envelope p(6,,y|d) =~ ————> Many physical models p(6,,1,&|d)

10-1 | (6B/E)qw = A f~2m/3 3 / l
| S 5 Beyond-vacuum params R

emapping params
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Non-parametric tests of General Relativity

Flexible-envelope likelihood Remapping kernel (‘loss function’)

~ \A - - A/ -
p(d‘/la 9/19 5) — Jp(d‘eya }/) p(eyayl/la Hﬂ,a 5) dé’},d}/

System params

1

1flexible envelope p(6,,y|d) = ———> Many physical models p(6,,4,&|d)

101 : (6E/E)qw = A f2/3 3 / l
| . E Remapping params

Beyond-vacuum params
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Non-parametric tests of General Relativity
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3. Adapt this for systematics studies

4. Different reconstructions/mappings (wavelets, GPs):
Machine Learning approach to residual analysis
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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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