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Inferring mass, width

2 1
Mx|m,]l)|] «c———@MM —,
0
r(x|0) = M, 0=m;,1|,m,I5,...)
pp(x)

Generating simulations over a continuous parameter space can become a
significant bottleneck:

e expensive detector simulations
* higher-order corrections
e |low efficiencies after cuts

 Difficulty in inferring s (reconstructing the invariant mass)
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2
| M (x10) | Matrix element ratio at each m, I can be obtained
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Toy example: Inference at parton level

Signal: uit —» Z' — XX — (ud)(iid)

Background: uit — (ud)(iid)

0: Opape = (mZ,, [',,my, FX) and &

r, r
m, =2600 GeV, —= =0.035, m, =300 GeV, —==0.15

mZ/ mX
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Toy example: Inference at parton level

1.0

empirical coverage

Coverage improves with rounds!

round 1
round 6

denser

- more data

perfect (Wilks)

0.2

| |
0.4 0.6
nominal level
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Inference at reco-level

Signal: pp — Y > HH — (tt)(tt)
Background: pp — QCD Di-jet

0 : eshape = (mY’ mH) and Ogig

my = 3500 GeV, m =400 GeV 0., = 0.010928 pb

Parameterized classifier trained on full reconstructed jets
L-GATr-slim (arXiv:2512.17011)
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Inference at reco-level (Preliminary Results)
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Rounds converge to tighter 68% confidence regions
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Inference at reco-level (Preliminary Results)

1o region (68% CL) 20 region (95% CL)
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- terative, round 5 (226k ev) === 30 X 20 grid, 1k/pt (699K ev) - round-1 grid, 10k/pt (699k ev)
-« jterative, round 1 (75k ev) - = 30 x 25 grid, 0.5k/pt (365k ev) == == round-1 grid, Sk/pt (375K ev)

Tighter 68% and 95% confidence regions than single round with the more
simulations
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Inference at reco-level

1.0
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1.0

(Preliminary Results)

lterations don’t make
the coverage under-
confident or over-
confident.



Conclusions

*For inferring mass/widths generating simulations can be a
bottleneck.

*Sequential-SBI generates simulations for parameters closer to high
likelihood regions, resulting in more efficient simulations

*For parton level and reco-level, iterative SBI results in better
confidence regions as well as improved coverage
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