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The physics problem

The problem: Measuring a CP-phase in the top Yukawa coupling
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The process: Associated single-top and Higgs production

pp — tHj — (bjj) (yy) J + ISR Jets




From Theory to Experiment in LHC Physics
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Each event undergoes reconstruction




From Theory to Experiment in LHC Physics




Why Is this a problem here?
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Why Is this a problem here?
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[Figures taken from Butter et al arXiv:2210.00019]
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Going for the likelihood ratio
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1 do(a)
o(a) dxp,,,

At hard-scattering level likelihood given by differential cross-section p(xha,,d o) =

Unfortunately we do not measure at hard-scattering level



Going for the likelihood ratio

p(xhard ‘ a) p('xI’BCO ‘ a)

Need access to the likelihood at reconstruction level!



Going for the likelihood ratio

P (xhard ‘ (,Z) P (xreco ‘ Ahard (l) P (xreca ‘ a)

Hard-scattering and reconstruction linked by forward transfer probability

Forward transfer probability not known, encoded implicitly in forward simulation chain
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Going for the likelihood ratio

2\ | >
SN O | y /
\ y

dxhard (xhard ‘ (,Z) p reco ‘xhard’ (,Z) P xreca C{

Integrate over all possible hard-scattering configurations
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Going for the likelihood ratio
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dxhard (xhard ‘ (,Z) p reco ‘ Ahards (l) G(xhard’ Cl) — p\ ( reco C{

Include an efficiency term to account for acceptance of events

Encodes the probability that hard-scattering level configuration will pass reco level cuts
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Going for the likelihood ratio

Event likelihoods are combined into sample likelihoods



The Matrix Element Method

dxhard P (xham’ ‘ (,X) P\ ( reco ‘ Ahard (l) G(xhard’ (l) PX ( reco ‘ )

+++ Unbinned and multivariate by design
+++ Optimal use of information derived from Newman-Pearson lemma
— — Transfer probability and efficiency not known

— — Integral numerically very challenging 14



The Matrix Element Method

dxhard (xham’ ‘ (,X) p reco ‘ Ahards (l) G(xhard’ (l) — p\ ( reco ‘ a)

+++ Unbinned and multivariate by design
+++ Optimal use of information derived from Newman-Pearson lemma

— — Transferprobability-and-efficieneynoet known USE NMACHINE LEARNING

— Integral-numerically-very-challenging USE MACHINE LEARNING 15



The Transfer Network
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The Transfer Network
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The Transfer Network

Transfer probability is analytically intractable

Transfer can be simulated to generate paired data Xprd s Xroco

* Generative Neural Network to encode the transfer probability
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The Acceptance Network
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The Acceptance Network
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The Acceptance Network

|

Efficiency at hard-scattering level is unknown

l
Transfer can be simulated to generate labeled data x,_,., = X,...(X},,.0)

| X

* Classifier Neural Network to encode the acceptance probability
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The Sampling Network

P (Xreca ‘ a) — [dxham’ P (xhard | (l) P (xreco ‘ xhard) €(xhard)

22



The Sampling Network

P (Xreca ‘ a) [dxham’ P (xhard | (l) P (xreco ‘ xhard) €(xhard)

P (xhard ‘ (X) P (xreco ‘ xhard) G(Xham’)>

< 9 Xnara)

Xhard NQ(xham’)
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The Sampling Network

P (Xreca ‘ a) [dxham’ P (xhard | (l) P (xreco ‘ xhard) €(xham’)

P (Xhard ‘ (X) P (xreco ‘ xhard) G(Xham’)>

< 9 Xnara)

xham’NQ(xham’)

Integral becomes trivial if : q(xha,,d) X p(xha,,d ‘ Xeocos 05)6 (Xham’)
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The Sampling Network

P (Xreco ‘ a) [dxham’ P (xhard | (l) P (xreco ‘ xhard) €(xham’)

P (Xhard ‘ (,X) P (xreco ‘ xhard) G(Xham’)>

< 9 Xnara)

xham’NQ(xham’)

Integral becomes trivial if : q(xha,,d) X p(xha,,d ‘ Xeocos 05)6 (Xham’)

Generative Neural Network to encode sampling distribution

v~ platent(r ) «— xham’(r ) ~ q¢(xhar d)
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Machine-learned MEM
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Baseline Results
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Transter-Diffusion Results

a = 45°, 400 events
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Estimating Uncertainty

a = 45°, 400 events
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Estimating Calibration

a = 45°, 100 x 100 events
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Summary and Outlook

Modern machine learning makes the MEM tractable and scaleable

We present a state-of-the-art three network setup consisting of
1) Transfer-Network encoding the transfer probability p(x,..., | X;,.,.7)
2) Acceptance-Network encoding the efficiency e(x;,,,.,)
3) Sampling-Network encoding the proposal distribution g(x;, ,,.;)

Bootstrapping and Bayesian NNs allow us to capture the uncertainties

Extend our formalism to NLO, both on the physics and the ML side

Test our setup on an actual analysis and/or more challenging processes
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