Statistics of generative models for the LHC
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Deep Generative Models
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- Implicit via a set of training data |{x} ~ pg..(x) - MEM (transfer function)
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Deep generative models
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State-of-the-art in precision

Fast and stable training < Diffusion Model

. © Slow likelihood estimation N
: Score-matching Conditional Flow

L : Model Matching

Application
dependent

.................................................................
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MADNIS — Neural importance sampling @
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What we have vs what we want @

So far: NNs are deterministic — fixed input x — fixed output y

However, In particle physics:

— we are not only interested in results, but also in errorbars

We need: fixed input x ——— probabilistic output (y) & 0, ———>

How do we achieve this?



Bayesian neural networks
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BNN loss function @

p(y|x) = [de(y |, x) p(w | x) | <—— Average over posterior
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 Predictive distribution in DGMs:
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 Approximate posterior: | p(@|x) =~ g, (0 |x) = q,(®) | — e.g. Gaussian with



BNN loss function @

p(y|x) = [de(y |, x) p(w | x) | <—— Average over posterior

Intractable ®

 Predictive distribution in DGMs:

DGM output
 Approximate posterior: | p(@|x) =~ g, (0 |x) = q,(®) | — e.g. Gaussian with

Bayes’ Theorem p(x|w) p(w)
» Variational inference: find a that minimizes | KL(g,(x),p(®|x)) | < ple]x) = p(x)

* BNN loss function
@ Neg log-likelihood averaged over g,

°CZBNN — = <10gp(x ‘ a))>qa(a)) + KL(Qa(a))a p(a)))

1 9 @ g, shoud not deviate too much from prior!
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Inference — Matrix element method
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https://indico.cern.ch/event/1407421/contributions/6117869/
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Classifier test
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Discussion Topic

Given N training samples, how many more events N, > N can
the DGM generate that can effectively increase the statistics?
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— More details and link to BNNs, see talk from G.Kasieczka and [2408.00838]
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