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Introduction

Physical motivation



Transform from theory to observation
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Standard Model Hard scattering Shower/hadronization Detector Reconstruction

e ML network to learn the transformation
e Learn both directions

. . X Jessica N. Howard et al.
) Everythlng is stochastic Foundations of a Fast, Data-Driven,

Machine-Learned Simulator. 2021.
arXiv: 2101.08944



http://arxiv.org/abs/2101.08944

Turbo-Sim

Walkthrough the model



Turbo-Sim: complete framework

Turbo-Sim is a generalised autoencoder: encoder, decoder, eight loss terms and a joint data distribution
— Letusdigintoit



Turbo-Sim: complete framework
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Data and latent points are sampled jointly (they may be independent)
Marginal distributions are available as well
In our HEP experiment: Z = hard scattering space / X = reconstruction space
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Turbo-Sim: complete framework

e Autoencoder outputs a latent space and a reconstructed space distributions
e Encoder and decoder should be (stochastic) inverse of each other
—  In our HEP experiment: encoder = unfolding / decoder = simulation 7



Turbo-Sim: complete framework

\_ J
e Supervised and unsupervised losses in both latent and reconstructed spaces

e Information theory interpretation of several usual models (AAE, GAN)
— In our HEP experiment: {z, x} pairs for supervised / {z}, {x} marginals for unsupervised 8




Turbo-Sim: complete framework

Reverse

Direct

e Everything is symmetrical with Z — X
e Four more loss terms and two ways of training (direct and reverse)
—  In our HEP experiment: should helps the network to be good in unfolding and simulation 9



Turbo-Sim: complete framework

Direct Reverse

—  Let us focus on the derivation of these two terms 10



Lower bound to the true mutual information
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Lower bound to the true mutual information
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Lower bound to the true mutual information
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Lower bound to the true mutual information
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Lower bound to the approximate mutual information
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Lower bound to the approximate mutual information
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Turbo-Sim: complete framework

Direct Reverse

—  Similar decompositions lead to the six other terms 17



Turbo-Sim: losses

Turbo-Sim vs Bounded Information Bottleneck AE:

LPTN(9,0) = —T5(X; Z) — T3 4(Z; X)
Lris-ag(8,9) = 14(X; Z) — Blg 5(Z; X)

(1912.00830) }

Mutual information between input and latent space

e Turbo-Sim: maximised (loss is minimised)
e BIB-AE: minimised
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Turbo-Sim: losses

Turbo-Sim vs Bounded Information Bottleneck AE:

LP" (¢, 0) H(5(X; Z) — o 4(Z; X)
Lris-ag(8,9) = 14(X; Z) — Blg 5(Z; X)

(1912.00830) }

Mutual information between input and latent space

e Turbo-Sim: maximised (loss is minimised)
e BIB-AE: minimised
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Turbo-Sim: losses

Direct and reverse losses:

LPTe($.0) = L5(2,2) + Dys(z) + o Li(x,X) + a Dyx (X)
LReverse(§ 0) = La(x, %) 4+ Dyx(X) + 8 L5(2,2) + 8Dy (2)

Total loss:

[ E'I‘urbO(qb, 0) — EDirect(¢, 9) + L_Reverse(qb, 9) }
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Turbo-Sim: losses

Direct and reverse losses: Adversarial AutoEncoder (AAE)

[EDlrect 6, 6) +[DZZ ]+[ A)]—F & Dyg (%) }

LReverse(¢’ ) — i(x’ X) 1 Dxi( ) 4+ ﬁﬁz(z, i) -+ ﬂDZQ(i)

Total loss:

[ E'I‘urbO(qb, 0) — EDirect(¢, 9) + L_Reverse(qb, 9) }
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Turbo-Sim: losses

Direct and reverse losses: Adversarial AutoEncoder (AAE)

Pt (6,0) = £5(,2) 4| D, () [ o La(x, %) - 0 Des (%)
ZReverse(¢’ 0) - EQ(X, 5&) Dxi(i) + B L:Q(Z, i) + 6 Dzi (2)

Generative Adversarial Network (GAN)

Total loss:

[ E'I‘urbO(qb, 0) — EDirect(¢, 9) + L_Reverse(qb, 9) }

22



Training scheme

Direct

e A minibatch of {x} and {x} is
passed through the network

bl

e Supervised losses are computed
between {z, x} and {Z, X}

e Unsupervised losses are
computed between {z, x} and {Z, X}

e Random noise is added to the
input of both the encoder and the
decoder

>

Reverse:
e The same is done swapping X <> z
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Training scheme

Direct
e A minibatch of {x} and {x} is
X. passed through the network
e Supervised losses are computed
between {z, x} and {Z, X}
e Unsupervised losses are
computed between {z, x} and {Z, X}
e Random noise is added to the
input of both the encoder and the
% decoder
Reverse:

e The same is done swapping X <> z
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Training scheme

\ Direct

e A minibatch of {x} and {x} is
X. passed through the network
e Supervised losses are computed
between {z, x} and {Z, X}
j e Unsupervised losses are
computed between {z, x} and {Z, X}
e Random noise is added to the
input of both the encoder and the
% decoder
Reverse:

e The same is done swapping X <> z
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Training scheme

bl

>

Direct

e A minibatch of {x} and {x} is
passed through the network

e Supervised losses are computed
between {z, x} and {Z, X}

e Unsupervised losses are
computed between {z, x} and {Z, X}

e Random noise is added to the
input of both the encoder and the
decoder

Reverse:
e The same is done swapping X <> z
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Training scheme

Direct
e A minibatch of {x} and {x} is
X. passed through the network
e Supervised losses are computed
between {z, x} and {Z, X}
e Unsupervised losses are
computed between {z, x} and {Z, X}
e Random noise is added to the
input of both the encoder and the
% decoder
Reverse:

e The same is done swapping X <> z
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Training scheme

Direct

e A minibatch of {x} and {x} is
passed through the network

bl

e Supervised losses are computed
between {z, x} and {Z, X}

e Unsupervised losses are
computed between {z, x} and {Z, X}

e Random noise is added to the
input of both the encoder and the
decoder

>

Reverse:
e The same is done swapping X <> z
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HEP experiment

Dataset and results

YA)



h SM — MadGraph — Pythia — Delphes
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Legend

e Input data
{z, x} pairs and {z}, {x} marginals
(KS for the dataset itself)

e Generated data
i.e. simulation and unfolding

e Reconstructed data
i.e. autoencoder output

In parenthesis:

x10*

oz

£ 2(041) g

[ x-2(1.77)
[ zi»%—2 (1.65)

b

—

EP [GeV]

Kolmogorov-Smirnov distance to truth (the lower the better)

0 250 500 750 1000 125

Kolmogorov-

Smirnov

Distributions of several observables

Trained on:

e (E p) of final state particles
e (E p) of reconstructed particles

Not trained on:

e mass of underlying particles (W, t)
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Kolmogorov-
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Kolmogorov-
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Kolmogorov-

Smirnov

/Comparison for unfolding (Z space) and simulation (X space + reco. physics)\

N/
Z space X space Reconstructed physics
Model pg pg Eb p]:;etl p%'etl Ejetl My mi‘}‘?d miep méw,d
Turbo-Sim | 2.06 1.06 1.77 5.14 231 342 }16.60 147 6.78 8.19
OTUS 159 123 276 378 239 5.5 15.8 11.7 141 249
N\ )
\\ Trained on Not trained on /
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Conclusion

Summary and outlook
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Summary

e Generalised autoencoder based on information theory principles

o Maximise mutual information between input and latent space
o  Give an interpretation to several architecture (AAE, GAN, etc.)

e Applied to HEP simulation and unfolding
o Transform four-momenta from hard scattering to detector reconstruction
o Achieve very good results with basic building blocks

arXiv: 2112.10629
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Outlook

e Other scattering processes
e Improve stochasticity (more expressive network)
e Permutation invariance (input ordering # output ordering)

o Graph/attention based architecture
e Transform distributions (specialised architecture)
o  Conditional Normalising Flow (see yesterday talk)

e but variable dimensionality (of input/output)
o  Funnels (see next talk)
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Thanks!



