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Nothing is ever new

LHC visionaries

– 1991: NN-based quark-gluon tagger [visionary: Lönnblad, Peterson, Rögnvaldsson]
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Nothing is ever new

LHC visionaries

– 1991: NN-based quark-gluon tagger [visionary: Lönnblad, Peterson, Rögnvaldsson]

– 1994: jet-algorithm W /top-tagger [Seymour]
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Why LHC jets?

Data from ATLAS & CMS

– most LHC interactions qq̄, gg → qq̄, gg

– quarks/gluon visible as jets σpp→jj × L ≈ 108fb× 80/fb ≈ 1010 events

⇒ Tons of data
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Why LHC jets?

Data from ATLAS & CMS

– most LHC interactions qq̄, gg → qq̄, gg

– quarks/gluon visible as jets σpp→jj × L ≈ 108fb× 80/fb ≈ 1010 events

⇒ Tons of data

Physics in jets

– re-summed perturbative QFT prediction from QCD

– jets as decay products
67% W → jj 70% Z → jj 60% H → jj 67% t → jjj 60% τ → j ...

– flavor tagging classic multivariate

– new physics in ‘dark showers’

⇒ Fundamentally interesting
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Why LHC jets?

Data from ATLAS & CMS

– most LHC interactions qq̄, gg → qq̄, gg

– quarks/gluon visible as jets σpp→jj × L ≈ 108fb× 80/fb ≈ 1010 events

⇒ Tons of data

Physics in jets

– re-summed perturbative QFT prediction from QCD

– jets as decay products
67% W → jj 70% Z → jj 60% H → jj 67% t → jjj 60% τ → j ...

– flavor tagging classic multivariate

– new physics in ‘dark showers’

⇒ Fundamentally interesting

Subjets for the cool stuff

– resonance searches in VV , VH, t t̄

– target masses high
target EFT kinematic same

⇒ Why invent high-level observables?
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Early ML-years

A brief history of ML-tagging

– 2014/15: first jet image papers [Cogan, Kagan, Strauss, Schwartzman, de Oliveira, Mackey, Nachman]

– 2017: first (working) ML top tagger [Kasieczka, TP, Russell, Schell]

– ML4Jets 2017: what architecture works best?
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Early ML-years

A brief history of ML-tagging

– 2014/15: first jet image papers [Cogan, Kagan, Strauss, Schwartzman, de Oliveira, Mackey, Nachman]

– 2017: first (working) ML top tagger [Kasieczka, TP, Russell, Schell]

– ML4Jets 2017: what architecture works best?

– ML4Jets 2018: lots of architectures work [1902.09914]
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Early ML-years

A brief history of ML-tagging

– 2014/15: first jet image papers [Cogan, Kagan, Strauss, Schwartzman, de Oliveira, Mackey, Nachman]

– 2017: first (working) ML top tagger [Kasieczka, TP, Russell, Schell]

– ML4Jets 2017: what architecture works best?

– ML4Jets 2018: lots of architectures work [1902.09914]

– ML4Jets 2020: nothing is ever over [Dreyer, Carrazza, Qu]
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Early ML-years

A brief history of ML-tagging

– 2014/15: first jet image papers [Cogan, Kagan, Strauss, Schwartzman, de Oliveira, Mackey, Nachman]

– 2017: first (working) ML top tagger [Kasieczka, TP, Russell, Schell]

– ML4Jets 2017: what architecture works best?

– ML4Jets 2018: lots of architectures work [1902.09914]

– ML4Jets 2020: nothing is ever over [Dreyer, Carrazza, Qu]

Tagging with per-jet errors [Bollweg, Haussmann, Kasieczka, Luchmann, TP, Thompson]

– Bayesian tagging network

– similar performance as deterministic network

– Per-jet error: training statistics
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Anomaly searches

From supervised to unsupervised learning

– what ML people consider cool

– knowledge just an unwanted bias
elevate ignorance to structural requirement

– unsupervised learning/anomaly searches [remember Bruce Knutsen?]

– fun LHC applications: Tao Liu’s talk
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ML in simulation

Fundamental understanding a unique LHC feature

– precision theory

– precision simulations

– precision measurements



Machine
Learning

Tilman Plehn

Jet tagging

Anomalies

Simulaton

Inversion

Inference

ML in simulation

Fundamental understanding a unique LHC feature

– precision theory

– precision simulations

– precision measurements

⇒ What’s needed to keep the edge?

Data Proc

12%

MC-Full(Sim)

10%

MC-Full(Rec)

2%

MC-Fast(Sim)

8%

MC-Fast(Rec)

13%

EvGen

18%

Heavy Ions

8%

Data Deriv

5%

MC Deriv

16%

Analysis

7%

ATLAS Preliminary
2020 Computing Model -CPU: 2030: Aggressive R&D

Data Proc
MC-Full(Sim)
MC-Full(Rec)
MC-Fast(Sim)
MC-Fast(Rec)
EvGen
Heavy Ions
Data Deriv
MC Deriv
Analysis
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ML in simulation

Fundamental understanding a unique LHC feature

– precision theory

– precision simulations

– precision measurements

⇒ What’s needed to keep the edge?

Precision event generation

– simulated event numbers ∼ expected events [factor 25 for HL-LHC]

– general move to NLO/NNLO [1%-2% error]

– higher relevant multiplicities [jet recoil, extra jets, WBF, etc.]

– new low-rate high-multiplicity backgrounds

– cutting-edge predictions not through generators [N3LO in Pythia?]

– interpretation beyond specific models [jets+MET]
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ML in simulation

Fundamental understanding a unique LHC feature

– precision theory

– precision simulations

– precision measurements

⇒ What’s needed to keep the edge?

Precision event generation

– simulated event numbers ∼ expected events [factor 25 for HL-LHC]

– general move to NLO/NNLO [1%-2% error]

– higher relevant multiplicities [jet recoil, extra jets, WBF, etc.]

– new low-rate high-multiplicity backgrounds

– cutting-edge predictions not through generators [N3LO in Pythia?]

– interpretation beyond specific models [jets+MET]

Three ways to use ML

– improve current tools: iSherpa, ML-MadGraph, etc

– new ideas, like fast ML-generator-networks

– conceptual ideas in theory simulations and analyses
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Coolest ML-algorithm

Generative adversarial network

– training: true events {xT }
output: generated events {r} → {xG}

– discriminator constructing D(x) by minimizing [classifier D(x) = 1, 0 true/generator]

LD =
〈
− log D(x)

〉
xT

+
〈
− log(1 − D(x))

〉
xG

– generator constructing r → xG by minimizing [D needed]

LG =
〈
− log D(x)

〉
xG

– equilibrium D = 0.5 ⇒ LD = LG = − log 0.5

⇒ statistically independent copy of training events
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Coolest ML-algorithm

Generative adversarial network

– training: true events {xT }
output: generated events {r} → {xG}

– discriminator constructing D(x) by minimizing [classifier D(x) = 1, 0 true/generator]

– generator constructing r → xG by minimizing [D needed]

⇒ statistically independent copy of training events

Vast number of studies

– Jets [de Oliveira (2017), Carrazza-Dreyer (2019)]

– Detector simulations [Paganini (2017), Musella (2018), Erdmann (2018), Ghosh (2018), Buhmann (2020)]

– Events [Otten (2019), Hashemi, DiSipio, Butter (2019), Martinez (2019), Alanazi (2020), Chen (2020), Kansal (2020)]

– Unfolding [Datta (2018), Omnifold (2019), Bellagente (2019), Bellagente (2020), Howard (2020)]

– Templates for QCD factorization [Lin (2019)]

– EFT models [Erbin (2018)]

– Event subtraction [Butter (2019)]

– Sherpa [Bothmann (2020), Gao (2020)]

– Basics [GANplification (2020), DCTR (2020)]

– Unweighting [Verheyen (2020), Backes (2020)]

– Superresolution [DiBello (2020), Baldi (2020)]
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Inversion

Beyond forward simulation [Bellagente, Butter, Kasieczka, TP, Rousselot, Winterhalder, Ardizzone, Köthe]

– bijective transformation — physics mapped on latent space
Jacobian tractable — normalizing flow [specifically: coupling layer]

evaluation in both directions — INN [Ardizzone, Rother, Köthe]

– conditional GAN/INN: inverted events generated
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Inversion

Beyond forward simulation [Bellagente, Butter, Kasieczka, TP, Rousselot, Winterhalder, Ardizzone, Köthe]

– bijective transformation — physics mapped on latent space
Jacobian tractable — normalizing flow [specifically: coupling layer]

evaluation in both directions — INN [Ardizzone, Rother, Köthe]

– conditional GAN/INN: inverted events generated

– unfolding detector effects ... and jet radiation [pp → ZW → (``) (jj)]
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Inversion

Beyond forward simulation [Bellagente, Butter, Kasieczka, TP, Rousselot, Winterhalder, Ardizzone, Köthe]

– bijective transformation — physics mapped on latent space
Jacobian tractable — normalizing flow [specifically: coupling layer]

evaluation in both directions — INN [Ardizzone, Rother, Köthe]

– conditional GAN/INN: inverted events generated

– unfolding detector effects ... and jet radiation [pp → ZW → (``) (jj)]

⇒ parton-level pdf from single detector-level event
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Inference

Fun things we can do with simulation

– where physics can tell ML people how to do it right

– Kyle Cranmer’s talk
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Heidelberg in virtual summer 2021
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