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The bestest generative network

Normalizing flows — INN  [Ardizzone, Ksthe]
- Gaussian latent space
- bijective mapping
- known Jacobian
- log-likelihood loss
— Better than VAEs and GANS ffor different opinion ask Daniel — OTUS]
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The bestest generative network

Normalizing flows — INN  [Ardizzone, Ksthe]
- Gaussian latent space
- bijective mapping
- known Jacobian
- log-likelihood loss
— Better than VAEs and GANS ffor different opinion ask Daniel —

Normalized

Bayesian INNs [Bellagente, HauBmann, Luchmann, TP]

- network weight distributions (Gl (2016)]

- sample for output fefricient ensembling] 020 0608
- working for regression, classification 0.14 —— Fit: A = 0.04, Ay = 0,01
- events with error bars  density & uncertainty maps] L] IR
- 2D: wedge ramp, kicker ramp,... %“ 0
— INNs just fits z)(
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http://www.cs.ox.ac.uk/people/yarin.gal/website/

Precision generator

ML-event generators  (suter, Plehn..., CaloFlow: Krause & Shih]

- useful ML-playground

- training from event samples
no momentum conservation
no detector effects [Fastsim easy to include]

1- top-quark pairs ft—6 jets  [resonance peaks]
2- ZF‘P« + {1 s 2, 3} jets [Z-peak, variable jet number, jet-jet topology]
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- challenging AR;; features o000
- opposite of importance sampling true

7500 distribution
wi1de) _ ¢

5000

event counts

wiet) _ AR,

weighted
distribution

W2 )

(3-jet) _ o o o
W = F(AR i )I(AR, ) HAR )

2500

AR—R_ 210
f(aR) = —=——=  (ARE[A_,A]) 509 /
+ — M= = 0.

0.0 0.5 10 L5 2.0
ARjj,




Precision generator

ML-event generators [Butter, Piehn..., CaloFlow: Krause & Shih]

- useful ML-playground

- training from event samples
no momentum conservation
no detector effects [Fastsim easy to include]

1- top-quark pairs ft—6 jets  [resonance peaks]

2- ZMH + {1 s 2, 3} jets [Z-peak, variable jet number, jet-jet topology]

INN—generator [Butter, Heimel, Hummerich, Krebs, TP, Rousselot, Vent]

- challenging AR]'/‘ features Z + 1 jet exclusive

- opposite of importance sampling 21072
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— Per-cent precision in reach




Precision generator

ML-event generators [Butter, Plehn..., CaloFlow: Krause & Shih]

- useful ML-playground

- training from event samples
no momentum conservation
no detector effects [Fastsim easy to include]

1- top-quark pairs ft—6 jets  [resonance peaks]

2- ZH«M + {1 s 2, 3} jets [Z-peak, variable jet number, jet-jet topology]

INN-generator [Butter, Heimel, Hummerich, Krebs, TP, Rousselot, Vent]

Z + 3 jet exclusive

Truth
INN

Train

- challenging ARj; features 04
- opposite of importance sampling g
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Controlled precision generator

ML-event generators

- useful ML-playground
transferable to detector simulation
needed for inverse simulations

- training from event samples
no detector effects [Fastsim easy to include]

1- tOp'qUark pairs t? — 6 jets [resonance peaks]

2- ZMH + {1 s 2, 3} jets [Z-peak, variable jet number, jet-jet topology]

0.4 7 + 3 jet exclusive
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Controlled precision generator

ML-event generators

- useful ML-playground
transferable to detector simulation
needed for inverse simulations

- training from event samples
no detector effects [Fastsim easy to include]

1- top-quark pairs ftt -6 jets  [resonance peaks]
2- ZMN + {1 s 27 3} jets [Z-peak, variable jet number, jet-jet topology]

Discriminator: training vs generated
: inPUt {pT7 uB ¢7 M7 MMM? AR} 107!
- output D = 0(generator), 1(truth)

7 + 2 jet exclusive

o —— Reweighted

. S — INN

- decent generator training D ~ 0.5 : 10 — Tvain

- additional event weight wp = =5 E
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— Control & reweight 1
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Uncertain precision generator

Bayesian INN generator

- learned uncertainty over phase space
- useful after control step

7 + 1 jet exclusive

B
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- low statistics means large uncertainty =
g
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— Training-related error bars —— Reweighted




Uncertain precision generator

Bayesian INN generator

- learned uncertainty over phase space 7+ 1 jot exclusive
- useful after control step 2109
S
- low statistics means large uncertainty =
— Training-related error bars g 107 ~—— Reweighted
10.0
£ 10
Theory uncertainties [1]1
oL
. . s 1.0
- systematics from data augmentation = 0
- adjust datain tails [a=o...30 bz 1o
prj, — 15 GeV)? Lo
w=1+a | —F/—————
100 GeV )
- train conditionally on a 1 e
H H 0 50 100 150
uncertainty from sampling a i [GeV]

— Network for LHC standards




Systematic inverse simulation

Invertible ML-simulation [orthogonal technique to Omnifold]
- detector unfolding known problem  [needed for giobal analyses]
- QCD parton from jet algorithm standard
- jet radiation combinatorics challenge
- decays established by top groups  ineeded for global analyses]
- matrix element method an old dream
— Free choice of data-theory inference point
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Systematic inverse simulation

Invertible ML-simulation [orthogonal technique to Omnifold]
- detector unfolding known problem  [needed for giobal analyses]
- QCD parton from jet algorithm standard
- jet radiation combinatorics challenge
- decays established by top groups  ineeded for global analyses]
- matrix element method an old dream
— Free choice of data-theory inference point

Conditional INN [Bellagente, Butter, Kasieczka, TP, Rousselot, Winterhalder, Ardizzone, Kéthe]

- partonic events from {r}, given detector event

@/ 9@y, f(z)

Condition



Systematic inverse simulation

Invertible ML-simulation [orthogonal technique to Omnifold]
- detector unfolding known problem  [needed for giobal analyses]
- QCD parton from jet algorithm standard
- jet radiation combinatorics challenge
- decays established by top groups  ineeded for global analyses]
- matrix element method an old dream
— Free choice of data-theory inference point

Conditional INN  [Bellagente, Butter, Kasieczka, TP, Rousselot, Winterhalder, Ardizzone, Kéthe]
- partonic events from {r}, given detector event
- maximum likelihood loss
L= —(log p(01Xp: Xa)) »,,
99(Xp; Xa)
(22

= — <|og P(9(Xp, Xq)) + log > — log p(6) + const.
Xp, Xy
- eventually to be combined with reweighting

— Stable and statistically calibrated




Inverting to hard process

Undo QCD jet radiation
- nasty jet combinatorics, little information
- detector level: pp — ZW+jets  [variable number of objects]
- hard process given, ME vs PS jets from network
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Inverting to hard process

Undo QCD jet radiation
- nasty jet combinatorics, little information
- detector level: pp — ZW+jets  [variable number of objects]
- hard process given, ME vs PS jets from network

Matrix element method [Butter, Heimel, Martini, Peitzsch, TP (soon)]
- parameter likelihood from parton-level events
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ML for LHC Theory

ML-applications in LHC physics
- just another numerical tool for a numerical field
- driven by money from data science, medical research

- goals are...
Anja Butter'2, Tilman Plehn’, Steffen Schumann® (Editors),

...improve established tasks
..develop new tools for established tasks e et o ey ooy '"“““‘“"“‘"““23“‘"2;@

. ‘Theo Heimel", Gudrun Heinrich'", Lukas Heinrich'S,. Alexander Held'?, Stefan Hoche!?,
Jessica N. Howard'?, Phili IIm\“> Joshua Isaacson'’, Timo JanRen®, Stephen Jones™,
...transform through new ideas eron Ko . e Ko, Grepr Kot Pt Kl S e
Claudius Krause?, Frank Krauss®, Kevin Kroninger””, Rahool Kumar Barman',
H H H Michel Luchmann', Vitaly Magerya'*, Daniel Maitre?”, Bogdan Malaescu?,
comprehensive unfolding possible i Mot T N, it et o,
Sebastian Pitz', Juan Rojo™*, Matthew Schwartz**, David Shih®®, Frank Siegert®,
Roy Stegeman'!, Bob Stienen®, Jesse Thaler"”, Rob Verheyen®, Daniel Whiteson'®,

— Let’'s make a difference! o Winomlders e e

Abstract

Machine Learning and LHC Event Generation

‘They link the vast data output of multi-purpose detectors with fundamental theory pre-
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Inverting to QCD

cINN for inference (Bieringer, Butter, Heimel, Hoche, Kothe, TP, Radev]

condition jets with QCD parameters
train model parameters — Gaussian latent space

test Gaussian sampling — parameter measurement
- beyond C4 vs Cr  [Kuthetal

D a1 2+ Gt - )

1—z(1—y)

) 2(1—y) (=20 -y - -
Pgg = 2C4 [Dgg (1 T + 1T—(1-20 7y)> + Fggz(1 — 2) + Cggyz(1 z)]
Pgg = Tg [qu (22 +(1 - 2)2)  Cgayz(t Z)]

Training

Pgq = C¢ [qu

Inference
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Inverting to QCD

cINN for inference [Bieringer, Butter, Heimel, Héche, Kéthe, TP, Radev]

- condition jets with QCD parameters
train model parameters — Gaussian latent space
test Gaussian sampling — parameter measurement

- beyond C4 vs Cr  [Kuthetal
2z(1—y)
1T—2(1-vy)

z(1 - ) -20-y
1—z1—-y) 1-(1-2(1=-»

Pqq = C¢ [qu + Fgq(1 — 2) + Cqqyz(1 — Z)]

) + Fggz(1 —2z)+ ngyz(1 — z)}

Pgg = 2Ca [Dyg <
0.4

Pgg = Tr [qu (z2 +(1— 2)2) + Cgqyz(1 — z)] ’
- idealized shower [sherpa)
- More ML-opportunities... ’ 2

= Posterior
—— Gaussian fit
== Absolute error of 2.5
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