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The bestest generative network

Normalizing flows — INN [Ardizzone, Köthe]

· Gaussian latent space

· bijective mapping

· known Jacobian

· log-likelihood loss

→ Better than VAEs and GANs [for different opinion ask Daniel→ OTUS]
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The bestest generative network

Normalizing flows — INN [Ardizzone, Köthe]

· Gaussian latent space

· bijective mapping

· known Jacobian

· log-likelihood loss

→ Better than VAEs and GANs [for different opinion ask Daniel→ OTUS]

Bayesian INNs [Bellagente, Haußmann, Luchmann, TP]

· network weight distributions [Gal (2016)]

· sample for output [efficient ensembling]

· working for regression, classification

· events with error bars [density & uncertainty maps]

· 2D: wedge ramp, kicker ramp,...

→ INNs just fits

0.0

0.5

1.0

1.5

2.0

2.5

N
or

m
al

iz
ed

BINN

Truth

±σpred

0.2 0.4 0.6 0.8
x

0.9
1.0
1.1

B
IN

N
T

ru
th

0.2 0.4 0.6 0.8
x

0.00

0.02

0.04

0.06

0.08

0.10

0.12

0.14

A
bs

ol
ut

e
U

nc
er

ta
in

ty

Fit: ∆x0 = 0.04, ∆xmax = 0.01

σpred

±δσpred

http://www.cs.ox.ac.uk/people/yarin.gal/website/
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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 t t̄ → 6 jets [resonance peaks]

2- Zµµ + {1, 2, 3} jets [Z -peak, variable jet number, jet-jet topology]
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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 t t̄ → 6 jets [resonance peaks]

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

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

· challenging ∆Rjj features

· opposite of importance sampling
w (1-jet) = 1

w (2-jet) = f (∆Rj1,j2
)

w (3-jet) = f (∆Rj1,j2
)f (∆Rj2,j3

)f (∆Rj1,j3
)

f (∆R) =
∆R − R−
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(∆R ∈ [R−,R+])
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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 t t̄ → 6 jets [resonance peaks]

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

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

· challenging ∆Rjj features

· opposite of importance sampling
w (1-jet) = 1

w (2-jet) = f (∆Rj1,j2
)

w (3-jet) = f (∆Rj1,j2
)f (∆Rj2,j3

)f (∆Rj1,j3
)

f (∆R) =
∆R − R−
R+ − R−

(∆R ∈ [R−,R+])

→ Per-cent precision in reach
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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 t t̄ → 6 jets [resonance peaks]

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

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

· challenging ∆Rjj features

· opposite of importance sampling
w (1-jet) = 1

w (2-jet) = f (∆Rj1,j2
)

w (3-jet) = f (∆Rj1,j2
)f (∆Rj2,j3

)f (∆Rj1,j3
)

f (∆R) =
∆R − R−
R+ − R−

(∆R ∈ [R−,R+])

→ Per-cent precision in reach
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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 t̄ → 6 jets [resonance peaks]

2- Zµµ + {1, 2, 3} jets [Z -peak, variable jet number, jet-jet topology]
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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 t̄ → 6 jets [resonance peaks]

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

Discriminator: training vs generated

· input {pT , η, φ,M,Mµµ,∆R}
· output D = 0(generator), 1(truth)

· decent generator training D ≈ 0.5

· additional event weight wD = D
1−D

→ Control & reweight
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Uncertain precision generator

Bayesian INN generator

· learned uncertainty over phase space

· useful after control step

· low statistics means large uncertainty

→ Training-related error bars 10−5
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Uncertain precision generator

Bayesian INN generator

· learned uncertainty over phase space

· useful after control step

· low statistics means large uncertainty

→ Training-related error bars 10−5
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Theory uncertainties

· systematics from data augmentation

· adjust data in tails [a = 0 ... 30]

w = 1 + a

(
pT ,j1 − 15 GeV

100 GeV

)2

· train conditionally on a

· uncertainty from sampling a

→ Network for LHC standards
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Systematic inverse simulation

Invertible ML-simulation [orthogonal technique to Omnifold]

· detector unfolding known problem [needed for global analyses]

· QCD parton from jet algorithm standard

· jet radiation combinatorics challenge

· decays established by top groups [needed for global analyses]

· matrix element method an old dream

→ Free choice of data-theory inference point

detectors EventsQCDscattering decay fragmentationshowerTheory

forward

inverse
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Systematic inverse simulation

Invertible ML-simulation [orthogonal technique to Omnifold]

· detector unfolding known problem [needed for global analyses]

· QCD parton from jet algorithm standard

· jet radiation combinatorics challenge

· decays established by top groups [needed 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, Köthe]

· partonic events from {r}, given detector event
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Systematic inverse simulation

Invertible ML-simulation [orthogonal technique to Omnifold]

· detector unfolding known problem [needed for global analyses]

· QCD parton from jet algorithm standard

· jet radiation combinatorics challenge

· decays established by top groups [needed 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, Köthe]

· partonic events from {r}, given detector event

· maximum likelihood loss

L = −〈log p(θ|xp, xd )〉xp,xd

= −
〈

log p(g(xp, xd )) + log

∣∣∣∣∂g(xp, xd )

∂xp

∣∣∣∣〉
xp,xd

− log p(θ) + const.

· eventually to be combined with reweighting

→ Stable and statistically calibrated
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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
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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...
...improve established tasks
...develop new tools for established tasks
...transform through new ideas

· comprehensive unfolding possible

→ Let’s make a difference!
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Inverting to QCD

cINN for inference [Bieringer, Butter, Heimel, Höche, Köthe, TP, Radev]

· condition jets with QCD parameters
train model parameters→ Gaussian latent space
test Gaussian sampling→ parameter measurement

· beyond CA vs CF [Kluth etal]

Pqq = CF

[
Dqq

2z(1− y)

1− z(1− y)
+ Fqq (1− z) + Cqqyz(1− z)

]

Pgg = 2CA

[
Dgg

(
z(1− y)

1− z(1− y)
+

(1− z)(1− y)

1− (1− z)(1− y)

)
+ Fgg z(1− z) + Cgg yz(1− z)

]
Pgq = TR

[
Fqq

(
z2 + (1− z)2

)
+ Cgqyz(1− z)

]
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Inverting to QCD

cINN for inference [Bieringer, Butter, Heimel, Höche, Köthe, TP, Radev]

· condition jets with QCD parameters
train model parameters→ Gaussian latent space
test Gaussian sampling→ parameter measurement

· beyond CA vs CF [Kluth etal]

Pqq = CF

[
Dqq

2z(1− y)

1− z(1− y)
+ Fqq (1− z) + Cqqyz(1− z)

]

Pgg = 2CA

[
Dgg

(
z(1− y)

1− z(1− y)
+

(1− z)(1− y)

1− (1− z)(1− y)

)
+ Fgg z(1− z) + Cgg yz(1− z)

]
Pgq = TR

[
Fqq

(
z2 + (1− z)2

)
+ Cgqyz(1− z)

]
· idealized shower [Sherpa]

· More ML-opportunities...
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