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LHC physics vs data scientist

LHC questions

· How to trigger from 3 PB/s to 300 MB/s?

Data compression [Netflix]

· How to analyze events with 4-vectors?

Graph neural networks [Cars]

· How to incorporate symmetries?

Contrastive learning [Google]

· How to combine tracker and calorimeter?

Super-resolution [Gaming]

· How to remove pile-up?

Data denoising [Cars]

· How to look for BSM physics?

Autoencoders [SAP]

· How to analyse LHC data?

Simulation-based inference [Edinburgh Ultra-Mini 2007]

· How to treat uncertatinties??
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Shortest ML-intro ever

Fit-like approximation [ask NNPDF]

· approximate known f (x) using fθ(x)

· no parametrization, just very many values θ

· new representation/latent space θ

Construction and contol

· define loss function

· minimize loss to find best θ

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

LHC applications

· regression x → fθ(x)

· classification x → fθ(x) ∈ [0, 1]

· generation r ∼ N → fθ(r)

· conditional generation r ∼ N → fθ(r |x)

· · · ·
→ Transforming numerical science
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Networks with error bar

Training-related uncertainties

· different trainings
different initalizations
different data sets

· histogram network output: fθ(x)±∆f (x)

→ Bayesian network: ∆fθ(x) from ∆θ [Yarin Gal (2016)]

Energy measurement with NN

· expectation value from probability distribution

〈E〉 =

∫
dE E p(E)→

∫
dE E pθ(E)

· energy p(E |θ) encoded in network parameters
parameters p(θ|T ) trained on data T

pθ(E) =

∫
dθ p(E|θ) p(θ|T )

→ Prediction by sampling weights

〈E〉 =

∫
dE dθ E p(E|θ) p(θ|T ) =

∫
dE dθ E p(E|θ) q(θ)

http://www.cs.ox.ac.uk/people/yarin.gal/website/
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Constructing the loss function

Training means encoding p(θ|T )

· so-called variational approximation [think q(θ) as Gaussian with mean and width]

p(E) =

∫
dθ p(E|θ) p(θ|T )

!
=

∫
dθ p(E|θ) q(θ)

· similarity through minimized KL-divergence

DKL[q(θ), p(θ|T )] =

∫
dθ q(θ) log

q(θ)

p(θ|T )
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Training means encoding p(θ|T )

· so-called variational approximation [think q(θ) as Gaussian with mean and width]

p(E) =

∫
dθ p(E|θ) p(θ|T )

!
=

∫
dθ p(E|θ) q(θ)

· similarity through minimized KL-divergence

DKL[q(θ), p(θ|T )] =

∫
dθ q(θ) log

q(θ)

p(θ|T )

· Bayes’ theorem to replace p(θ|T )

DKL[q(θ), p(θ|T )] =

∫
dθ q(θ) log

q(θ)p(T )

p(T |θ)p(θ)

= DKL[q(θ), p(θ)]−
∫

dθ q(θ) log p(T |θ) + log p(T )

∫
dθ q(θ)

· normalize distributions, ignore irrelevant terms, so minimize

DKL[q(θ), p(θ|T )] ≈ DKL[q(θ), p(θ)]−
∫

dθ q(θ) log p(T |θ)

→ Loss combining likelihood and regularization

L = −
∫

dθ q(θ) log p(T |θ) + DKL[q(θ), p(θ)]
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ML-applications for analysis

Top tagging [supervised classification]

· ‘hello world’ of LHC-ML

· end of QCD-taggers

· different NN-architectures

→ Non-NN left in the dust...

Symmetric networks [contrastive learning, transformer network]

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

· learn symmetries/augmentations

→ Symmetric latent representation
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· precision simulations limiting factor for Runs 3&4
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Events and amplitudes

Speeding up Sherpa and MadNIS [sampling]

· precision simulations limiting factor for Runs 3&4

· unweighting critical

→ Phase space sampling

Speeding up amplitudes [precision regression]

· loop-amplitudes expensive

· interpolation standard

→ Precision NN-amplitudes
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Invertible event generation

Precision NN-generators [Bayesian discriminator-flows]

· control through discriminator [GAN-like]

· uncertainties through Bayesian networks

→ Discussed later

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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Modern generative networks

Generative networks

· generate new images, text blocks, etc

· encode density in target space
sample from Gaussian into target space

· reproduce training data, statistically independently

· Variational Autoencoder
→ low-dimensional physics, high-dimensional objects

· Generative Adversarial Network
→ generator trained by classifier

· Normalizing Flow/Diffusion Model
→ stable bijective mapping

· Generative Pre-trained Transformer
→ learning all structures

→ Pick best model for purpose

Fundamental question: GANplification

· first generated instances reproducing structures

· too many generated instances reproducing noise?
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Normalizing flows — INN

· Gaussian latent space

· bijective mapping

· known Jacobian

· likelihood loss

· variety of coupling layers

→ Perfect for speed and precision
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Modern generative networks

Normalizing flows — INN

· Gaussian latent space

· bijective mapping

· known Jacobian

· likelihood loss

· variety of coupling layers

→ Perfect for speed and precision

INNs with uncertainties

· Bayesian NN for density estimation

· events with error bars

· density & uncertainty maps cross-talking

→ Bayesian INNs just fits with error bars
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Precision generator

ML-event generators

· useful ML-playground

· training from event samples
no momentum conservation
no detector effects [sharper structures]

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

· useful ML-playground

· training from event samples
no momentum conservation
no detector effects [sharper structures]

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+])
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Precision generator

ML-event generators

· useful ML-playground

· training from event samples
no momentum conservation
no detector effects [sharper structures]

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

Discriminator: training vs generated

· probability output D = 0(generator), 1(truth)

· decent generator D ≈ 0.5

· additional event weight wD = D/(1− D)

→ Dual use — control & reweight
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Controlled precision generator

Discriminator: training vs generated

· probability output D = 0(generator), 1(truth)

· decent generator D ≈ 0.5

· additional event weight wD = D/(1− D)

→ Dual use — control & reweight

Uncertainties

· training uncertainties from BINN

· low statistics challenging

· systematics from data augmentation

· adjust data in tails [a = 0 ... 30]

w = 1 + a

(
pT ,j1 − 15 GeV

100 GeV

)2

· train conditionally on smeared a

· error bar from sampling a

→ INNs 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
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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Inverting to hard process

Conditional INN

· partonic events xp from {r}, given reco-event xr

· loss based on likelihood

L = −〈log p(θ|xp, xr )〉xp,xr

= −〈log p(xp|xr , θ) + log p(θ|xr )− log p(xp|xr )〉xp,xr

= −〈log p(xp|xr , θ)〉xp,xr
− log p(θ) + const.

= −
〈

log p(g(xp|xr )) + log

∣∣∣∣∂g(xp|xr )

∂xp

∣∣∣∣〉
xp,xr

− log p(θ) + const.

→ Stable and statistically calibrated
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Inverting to hard process

Conditional INN

· partonic events xp from {r}, given reco-event xr

· loss based on likelihood

L = −〈log p(θ|xp, xr )〉xp,xr

= −
〈

log p(g(xp|xr )) + log

∣∣∣∣∂g(xp|xr )

∂xp

∣∣∣∣〉
xp,xr

− log p(θ) + const.

→ Stable and statistically calibrated

Undo detector and QCD jet radiation in pp → ZW+jets

· hard process given

· detector and reconstruction universal

· jet radiation (approximately) universal

· model-independence: Butter-Malaescu

→ Stable and statistically calibrated
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Inverting to hard process

Conditional INN

· partonic events xp from {r}, given reco-event xr

· loss based on likelihood

L = −〈log p(θ|xp, xr )〉xp,xr

= −
〈

log p(g(xp|xr )) + log

∣∣∣∣∂g(xp|xr )

∂xp

∣∣∣∣〉
xp,xr

− log p(θ) + const.

→ Stable and statistically calibrated

Undo detector and QCD jet radiation in pp → ZW+jets

· hard process given

· detector and reconstruction universal

· jet radiation (approximately) universal

· model-independence: Butter-Malaescu

→ Stable and statistically calibrated
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Inverting to hard process

Conditional INN

· partonic events xp from {r}, given reco-event xr

· loss based on likelihood

L = −〈log p(θ|xp, xr )〉xp,xr

= −
〈

log p(g(xp|xr )) + log

∣∣∣∣∂g(xp|xr )

∂xp

∣∣∣∣〉
xp,xr

− log p(θ) + const.

→ Stable and statistically calibrated

Undo detector and QCD jet radiation in pp → ZW+jets

· hard process given

· detector and reconstruction universal

· jet radiation (approximately) universal

· model-independence: Butter-Malaescu

→ Stable and statistically calibrated
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Optimal observables

Measure model parameter θ optimally

· single-event likelihood

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)

· leading order parton level

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

|M|20
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Optimal observables

Measure model parameter θ optimally

· single-event likelihood

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)

· leading order parton level

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

|M|20

CP-violating Higgs production

· unique CP-observable

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

· CP-effect in ∆φjj
D6-effect in pT ,j

⇒ Established LHC task
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PySR

Analytic formula for score

· function to approximate t(x |θ)

· 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

Score around Standard Model
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PySR

Analytic formula for score

· function to approximate t(x |θ)

· 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

Score around Standard Model

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

· same within statistical limitation

⇒ New optimal observables next
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ML for LHC Theory

ML-applications

· just another numerical tool for a numerical field

· driven by money from data science and medical research

· goals are...
...improve established tasks
...develop new tools for established tasks
...transform through new ideas

· xAI through...
...precision control
...uncertainties
...symmetries
...formulas

→ Fun with good old LHC problems

http://www.thphys.uni-heidelberg.de/~plehn/pics/modern_ml.pdf
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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)

]



ML-
Simulations

Tilman Plehn

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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Learning background only

Unsupervised classification

· train on background only
extract unknown signal from reconstruction error

· reconstruct QCD jets → top jets hard to describe

· reconstruct top jets → QCD jets just simple top-like jet

→ Symmetric performance S ↔ B?
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Learning background only

Unsupervised classification

· train on background only
extract unknown signal from reconstruction error

· reconstruct QCD jets → top jets hard to describe

· reconstruct top jets → QCD jets just simple top-like jet

→ Symmetric performance S ↔ B?

Moving to latent space

· anomaly score from latent space?

· VAE → does not work
GMVAE → does not work
Dirichlet VAE → works okay
density estimation → does not work
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Learning background only

Unsupervised classification

· train on background only
extract unknown signal from reconstruction error

· reconstruct QCD jets → top jets hard to describe

· reconstruct top jets → QCD jets just simple top-like jet

→ Symmetric performance S ↔ B?

Normalized autoencoder [penalize missing features]

· normalized probability loss

· Boltzmann mapping [Eθ =MSE]

pθ(x) =
e−Eθ (x)

Zθ
L = −

〈
log pθ(x)

〉
=
〈
Eθ(x) + log Zθ

〉
· inducing background metric

· small MSE for data, large MSE for model

· Zθ from (Langevin) Markov Chain

→ Symmetric autoencoder, at last
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Learning background only

Unsupervised classification

· train on background only
extract unknown signal from reconstruction error

· reconstruct QCD jets → top jets hard to describe

· reconstruct top jets → QCD jets just simple top-like jet

→ Symmetric performance S ↔ B?

Normalized autoencoder [penalize missing features]

· normalized probability loss

· Boltzmann mapping [Eθ =MSE]

pθ(x) =
e−Eθ (x)

Zθ
L = −

〈
log pθ(x)

〉
=
〈
Eθ(x) + log Zθ

〉
· inducing background metric

· small MSE for data, large MSE for model

· Zθ from (Langevin) Markov Chain

→ Symmetric autoencoder, at last
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