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Modern LHC physics

Classic motivation

· dark matter

· baryogenesis

· Higgs VEV

LHC physics

· fundamental questions

· huge data set

· complete uncertainty control

· first-principle precision simulations
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· complete uncertainty control
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Not our future

· seach for BSM models

· measure fiducial rates

· measure couplings
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Modern LHC physics

Classic motivation

· dark matter

· baryogenesis

· Higgs VEV

LHC physics

· fundamental questions

· huge data set

· complete uncertainty control

· first-principle precision simulations

Not our future

· seach for BSM models

· measure fiducial rates

· measure couplings

Simulation-based inference

· start with Lagrangian

· calculate scattering using QFT

· simulate events [Sherpa, Madgraph, Pythia]

· simulate detectors [Geant4, Delphes]

→ LHC events in virtual worlds

Searching for BSM physics

· compare simulations and data

· analyze data systematically [SMEFT]

· publish useable results

· understand LHC dataset [SM or BSM]

→ With a little help from ML

detectors EventsQCDscattering decay fragmentationshowerTheory

forward

inverse
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Shortest ML-intro ever

Fit-like approximation

· approximate known f (x) using fθ(x)

· no parametrization, just very many values θ

· θ-space the fun space [latent space]

Construction and contol

· define (well-defined) loss function

· minimize loss to find best θ

· compare x → fθ(x) for training/test data

LHC applications

· regression [matrix element over phase space]

· classification [gluon/quark/bottom/top inside jet]

· generation [event generation, detector simulation]

· conditional generation [unfolding, inference]

· · · ·
→ Transforming numerical science
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Generative networks

GANGogh [2017]

· generation r → pθ(r) sampled r ∼ N
· networks to create new pieces of art

· train on 80,000 pictures

· generate flowers
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Generative networks

GANGogh [2017]

· generation r → pθ(r) sampled r ∼ N
· networks to create new pieces of art

· train on 80,000 pictures

· generate portraits

→ Nowadays INNs
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ML-applications for analysis

Top tagging [supervised classification]

· ‘hello world’ of LHC-ML

· different NN-architectures

→ Just do it right...
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ML-applications for analysis

Top tagging [supervised classification]

· ‘hello world’ of LHC-ML

· different NN-architectures

→ Just do it right...

Particle flow [classification, super-resolution]

· mother of jet tools

· combined detector channels

→ Seriously impressive
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QCD and symmetries

Lund plane representation [input preprocessing]

· QCD-inspired input with cutting-edge networks

· angular separation vs transverse momentum

→ Understanding data helps
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QCD and symmetries

Lund plane representation [input preprocessing]

· QCD-inspired input with cutting-edge networks

· angular separation vs transverse momentum

→ Understanding data helps

Self-supervised training [contrastive learning, transformer network]

· rotations, translations, permutations, soft splittings, collinear splittings

· learn symmetries/augmentations

→ Symmetry-aware latent space
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Non-QCD and parton densities

Anomaly searches [unsupervised training]

· train on QCD-jets, SM-events

· look for non-QCD jets, non-SM events

→ Trigger, searches



ML4Theory

Tilman Plehn

LHC physics

ML examples

Uncertainties

Inversion

Symbolic reg

Non-QCD and parton densities

Anomaly searches [unsupervised training]

· train on QCD-jets, SM-events

· look for non-QCD jets, non-SM events

→ Trigger, searches

NNPDF/N3PDF parton densities [full blast]

· starting point: pdfs without functional ansatz

· moving on: cutting-edge ML everywhere

→ Leaders in ML-theory
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Events and amplitudes

Speeding up Sherpa [sampling]

· precision simulations limiting factor for Runs 3&4

· unweighting critical

→ Phase space sampling
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Events and amplitudes

Speeding up Sherpa [sampling]

· precision simulations limiting factor for Runs 3&4

· unweighting critical

→ Phase space sampling

Speeding up amplitudes [precision regression]

· loop-amplitudes expensive

· interpolation standard

→ Network amplitudes
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Invertible event generation and errors

Unfolding and inversion [conditional normalizing flows]

· shower/hadronization unfolded by jet algorithm

· detector/decays unfolded e.g. in tops

· calibrated inverse sampling

→ Discussed later
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Invertible event generation and errors

Unfolding and inversion [conditional normalizing flows]

· shower/hadronization unfolded by jet algorithm

· detector/decays unfolded e.g. in tops

· calibrated inverse sampling

→ Discussed later

Generative networks with uncertainties [Bayesian discriminator-flows]

· control through discriminator [GAN-like]

· uncertainties through Bayesian networks

→ Discussed later
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String landscape and learned formulas

Navigating string landscape [reinforcement learning]

· searching for viable vacua

· high dimensions, unknown global structure

→ Model space sampling
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String landscape and learned formulas

Navigating string landscape [reinforcement learning]

· searching for viable vacua

· high dimensions, unknown global structure

→ Model space sampling

Learning formulas [genetic algorithm, symbolic regression]

· approximate numerical function through formula

· example: score/optimal observables

→ Discussed later
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Controlled precision generator

ML-event generators

· useful ML-playground
efficient ways to ship events
training on combined MC and data
transferable to detector simulation

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

· 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
efficient ways to ship events
training on combined MC and data
transferable to detector simulation

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

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

Control through discriminator

· classification easier than generation

· 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

Uncertainties from Bayesian INN

· learned phase space density
plus 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

Uncertainties from Bayesian INN

· learned phase space density
plus 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

w = 1 + a

(
pT ,j1 − 15 GeV

100 GeV

)2

· train conditionally on a

· uncertainty from sampling a

· correlation to all of phase space

→ Network for LHC standards
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Inverse simulation

Invertible ML-simulation

detectors EventsQCDscattering decay fragmentationshowerTheory

forward

inverse

· forward: r → events trained on model

· inverse: r → anything trained on model, conditioned on event
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Inverse simulation

Invertible ML-simulation

detectors EventsQCDscattering decay fragmentationshowerTheory

forward

inverse

· forward: r → events trained on model

· inverse: r → anything trained on model, conditioned on event

· individual steps known problems
detector unfolding [needed for global analyses]

unfolding to QCD parton means jet algorithm
unfolding jet radiation known combinatorics problem
unfolding to hard process standard in top groups [needed for global analyses]

matrix element method an old dream

· improved through coherent ML-method

→ Free choice of data-theory inference point
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Inverse simulation

Invertible ML-simulation

· forward: r → events trained on model

· inverse: r → anything trained on model, conditioned on event

· individual steps known problems
detector unfolding [needed for global analyses]

unfolding to QCD parton means jet algorithm
unfolding jet radiation known combinatorics problem
unfolding to hard process standard in top groups [needed for global analyses]

matrix element method an old dream

· improved through coherent ML-method

→ Free choice of data-theory inference point

Conditional INN

· 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 [think pp → tH with CPV]
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Optimal observables

Measure model parameter θ optimally

· single-event likelihood again

p(x|θ) =
1

σtot(θ)

dmσ(x|θ)

dxm

· expanded in θ around θ0, define score

log
p(x|θ)

p(x|θ0)
≈ (θ − θ0) ∇θ log p(x|θ)

∣∣∣∣∣
θ0

≡ (θ − θ0) t(x|θ0) ≡ (θ − θ0) Oopt(x)

· parton level, as used in ATLAS [CPV]

p(x|θ) ≈ |M|20 + θ|M|2int ⇒ t(x|θ0) ∼
|M|2int

|M|20
,

⇒ Easy at parton level, LEP physics...
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Optimal observables

Measure model parameter θ optimally

· single-event likelihood again

p(x|θ) =
1

σtot(θ)

dmσ(x|θ)

dxm

· expanded in θ around θ0, define score

log
p(x|θ)

p(x|θ0)
≈ (θ − θ0) ∇θ log p(x|θ)

∣∣∣∣∣
θ0

≡ (θ − θ0) t(x|θ0) ≡ (θ − θ0) Oopt(x)

· parton level, as used in ATLAS [CPV]

p(x|θ) ≈ |M|20 + θ|M|2int ⇒ t(x|θ0) ∼
|M|2int

|M|20
,

⇒ Easy at parton level, LEP physics...

Discrete symmetry

· CPV at dimension-6 in WBF

· unique CP-observable [C-even, P-odd, T̂ -odd]

t ∝ εµνρσ kµ1 kν2 qρ1 qσ2 sign [(k1 − k2) · (q1 − q2)]
lab frame−→ sin ∆φjj

⇒ Computable including prefactor
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PySR

Analytic formula for score [M Cranmer (2020)]

· function to approximate t(x |θ)

· order-one phase space parameters xp = pT /mH ,∆η,∆φ [node]

· operators sin x , x2, x3, x + y , x − y , x ∗ y , x/y [node]

· represent formula as tree [complexity = number of nodes]

⇒ figures of merit

MSE =
1
n

n∑
i=1

[
gi (x)− t(x, z|θ)

]2

→ MSE + parsimony · complexity

Simulated annealing

· combine trees to populations

· mutate trees exchange, add, delete nodes

· acceptance probability

p = exp

(
−

MSE’new − MSE’old

αT MSE’old

)
· added: proper fit of pre-factors

⇒ Hall of Fame: best equation per complexity
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Score around Standard Model

Score around Standard Model [Brehmer, Butter, TP, Soybelman]

· shift in distributions, reflected in score [parton level]

CP-effect in ∆φjj
D6-effect in pT ,j
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Score around Standard Model

Score around Standard Model [Brehmer, Butter, TP, Soybelman]

· shift in distributions, reflected in score [parton level]

CP-effect in ∆φjj
D6-effect in pT ,j

· best 4-parameter formula including ∆η [without/with detector]

t = −xp,1
(
xp,2 + c

)
(a− b∆η) sin(∆φ + d)

with a = 1.086(11) b = 0.10241(19) c = 0.24165(8) d = 0.00662(32)
a = 0.926(2) b = 0.08387(35) c = 0.3542(20) d = 0.00911(67)

⇒ Mostly expected formula
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Score around Standard Model

Score around Standard Model [Brehmer, Butter, TP, Soybelman]

· shift in distributions, reflected in score [parton level]

CP-effect in ∆φjj
D6-effect in pT ,j

· best 4-parameter formula including ∆η [without/with detector]

t = −xp,1
(
xp,2 + c

)
(a− b∆η) sin(∆φ + d)

with a = 1.086(11) b = 0.10241(19) c = 0.24165(8) d = 0.00662(32)
a = 0.926(2) b = 0.08387(35) c = 0.3542(20) d = 0.00911(67)

⇒ Mostly expected formula

Using the formula

· expected limits:
very wrong formula
wrong formula
right formula
MadMiner

· same within statistical limitation

⇒ Unknown optimal observables next
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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

→ Turn HL-LHC into fun!
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Modern generative networks

Normalizing flows — INN

· Gaussian latent space

· bijective mapping

· known Jacobian

· log-likelihood loss

→ Better than VAEs and GANs

detectors EventsQCDscattering decay fragmentationshowerTheory

forward

inverse
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Modern generative networks

Normalizing flows — INN

· Gaussian latent space

· bijective mapping

· known Jacobian

· log-likelihood loss

→ Better than VAEs and GANs

Bayesian INNs

· 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
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http://www.cs.ox.ac.uk/people/yarin.gal/website/
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