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Can we invert the simulation chain?

forward
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— Get multidimensional probability distribution for each event
— Need generative networks
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Neural network based generative networks

GAN

hybrid models

INN/NF
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Invertible networks

[1808.04730] L. Ardizzone, J. Kruse, S. Wirkert, D. Rahner, E. W. Pellegrini, R. S. Klessen, L. Maier-Hein, C. Rother, U. Kéthe

s1 Xt output

u;
input
us

+ Arbitrary networks s and t
+ Fast evaluation in both directions
+ Simple Jacobian — Control over phase space density
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Applications

EVENT GENERATOR:g—

re~ N« > x ~ M(r)

< inversion:g

SHOWER/DETECTOR:g—
(Xparton < ” Xdetector)

< inversion:g

LHC SIMULATION:g—

(Xmodel param ) < ” Xdetector)

< inversion:g
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Inverting detector effects

-
® pp— ZW — (I1)(if) 7 &
® Train: parton — detector » j
® Evaluate: parton < detector _

J

x10~!

A 2 jet no ISR
————— Parton Truth
Parton INN
————— Detector Truth
—— Detector INN

,,,,,, _ mnﬂ%w UM
70 75 80 85 90 95
Miyreco [GeV]

multi-dimensional v* bin independent v only for deterministic process
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Including the probabilistic aspect

PyTHIA,DELPHES:g—

(Xdet)

(Xpart) <— inversion:g

Wlth L = Lpart + Ldet
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Including the probabilistic aspect

PyTHIA,DELPHES:g—
Xpart ’ g Xdet
I'part < inversion:g I'det

with £ = Epart + ‘Cdet + L:r

Arbitrary choice of Lyart, Ldet, £+ determines (un)supervised training
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Conditional INN

Rephrasing the problem

Given detector level information [ condition c]
— What is the probability density at parton level?

Anja Butter Simulating and unfolding LHC events with generative networks 8 /13



How to train the network

— Training: Maximize posterior over model parameters

L=—- <|Og p(0|y)>ywdata
— (log p(¥16)) ~qata — log p(6) + const. < Bayes

— <|og p(go(y)) + log ()g:))(/y) ‘> — log p(#) + change of var
—( 0sllgtIB - 0|20 ) - togpl0)
l yr~data \
Gaussian latent variable ?\ b Regularization
gly) =N acopian 161>

Anja Butter Simulating and unfolding LHC events with generative networks 9/13



Anja Butter

cINN result for calibration

8(xp,f(xd))—
Xp r
+ unfolding: g(r,f(x4))

Minimizing L = (0.5[|2(xp, f(x4)))|13 — log |J]) — log p(6)

Xp~Pp,xg~ Py

Single detector event 10
3200 unfoldings :

FCGAN

T AT

10 15 20 25 30 35 40 45 50 0.0 0.2 0.4 0.6 0.8 1.0
Pra, [GeV] quantile pr.,,

multi-dimensional v* bin independent v* statistically well defined v
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Inverting the full event

x1072
4.0
B 2 jet incl
ol - 1 T Parton Truth
3.0

Parton cINN
rrrrr Detector Truth

Gev)
™

pp > Wz > qc7/+/_ + ISR 3 2.‘0

Train on inclusive dataset

L Y]]
T i

0 20 40 60 80 100 120
P (GeV)

CINN vs Truth

Evaluate
exclusive 2/3/4 jet channels

0 20 30 40 5 6 70 80
Pra, [GeV]
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Going beyond unfolding

| — Posterior
— Gaussian fit

Relative error of 2%

QCD

measurement
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Invertible networks

Fast evaluation and tractable Jacobian

Trainable on samples as well as densities

Invertible networks for deterministic mapping

cINN guaranties correct calibration in probabilistic mapping

Simultaneous unfolding of different exclusive channels
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