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"Power of ML meets IRC-safe physics"

"Understanding the space of IRC-safe observables"

"A deep connection between EFPs and EFNs"
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Jets in Theory

 3Slide by Jesse Thaler
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Jets in Theory
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[CMS-SUS-16-040]

Many models of new physics 
generate boosted Standard 
Model hadronic final states

e.g. Z'       tt,̅ cascade decays, 
various SUSY scenarios  
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Cartoon of Jet Formation
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Boosted Event Topologies at the LHC

 6"Exploring the (Metric) Space of Collider Events," Eric Metodiev, P&AP Seminar 
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What is a Jet?

An unordered, variable length collection of particles

 7

J ({pµ1 , . . . , p
µ
M}) = J({pµ

π(1), . . . , p
µ

π(M)}), M ≥ 1
| {z }

Multiplicity

, ∀π ∈ SM
| {z }

Permutations
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Due to quantum-mechanical indistinguishability
Due to probabilistic nature of jet formation

represents all the particle properties:

• Four-momentum – 

• Other quantum numbers (e.g. particle id, charge)

• Experimental information (e.g. vertex info, quality criteria, PUPPI weights)

p
µ
i
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Point Clouds

Point cloud: "A set of data points in space" –Wikipedia
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LIDAR data from self-driving car sensor 
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Point Clouds

Point cloud: "A set of data points in space" –Wikipedia

 9

LIDAR data from self-driving car sensor 

[Popular Science, 2013]
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Particle Collision Events as Point Clouds

Point cloud: "A set of data points in space" –Wikipedia
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Jet/event Particles Feature space

Multi-jet event at CMS
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Processing Point Clouds

Methods for processing point clouds/jets should respect the 
appropriate symmetries 

Variable constituent multiplicity requires at least one of:

Preprocessing to another representation (jet images, N-subjettiness, etc.)

Truncation to an (arbitrary) fixed size

Recurrent NN structure

Particle permutation symmetry requires:

Permutation symmetric observables 

Permutation symmetric architectures 
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Energy Flow Networks
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Fixed preprocessing of a point cloud
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Infrared and Collinear (IRC) Safety

QCD has soft and collinear divergences associated with gluon radiation

KLN Theorem: IRC safety of an observable is sufficient to guarantee that soft/collinear 
divergences cancel at each order in perturbation theory

Infrared (IR) safety – observable is unchanged under addition of a soft particle

Collinear (C) safety – observable is unchanged under a collinear splitting of a particle

IRC safety is a key theoretical and experimental property of observables
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Derivation of EFP Linear Spanning Basis
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Derivation of EFP Linear Spanning Basis
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Derivation of EFP Linear Spanning Basis
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Energy Flow Polynomials (EFPs)
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of and

EFPG =
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· · ·
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iN=1
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Generalizes many well-known and studied classes of energy correlators observables

A family of energy correlators with angular structures determined by multigraphs

[PTK, Metodiev, Thaler, 1712.07124]
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Linear Basis of IRC-Safe Observables

One can show via the Stone-Weierstrass approximation theorem that any IRC-safe 
observable is a linear combination of EFPs
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Multivariate combinations of EFPs only require linear 
methods to achieve full generality

Strategy: Learn coefficients sG via linear regression or classification 

S '

X

G∈G

sGEFPG, G a set of multigraphs
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Familiar Observables as EFPs
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(                )3
D2 = 

(                )2
C2 = 

mJ2 = 

Energy correlation functions are 
complete graphs

Even angularities are exact linear 
combinations of EFPs

[Larkoski, Salam, Thaler, 2013]

[Larkoski, Moult, Neill, 2014]

EFPs organized by degree d – number of edges
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Other formats possible, e.g. (εs, 1/(1− εb)), (εs, εs/
√
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[PTK, Metodiev, Schwartz, 2016]

[Datta, Larkoski, 2017]

Saturation observed with more EFPs 
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[de Oliviera, Kagan, Mackey, Nachman, Schwartzman, 2015]
[PTK, Metodiev, Schwartz, 2016]

[Datta, Larkoski, 2017]

Saturation observed with more EFPs 

DNN gets there faster but linear suffices

Linear EFPs excel at high efficiency 

Boosted Top: EFP Classification Performance Comparison
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Energy Flow Moments

.
.
.

.
.
.

.
.
.

Particles Observable

Per-Particle Representation Event Representation

Φ
Φ
Φ

F

Energy/Particle Flow Network

Latent Space

Learning to process point clouds into observables



Patrick Komiske – Point Cloud Strategies for Boosted Objects

Point Clouds

How do we make a machine learning architecture to process point clouds?

 22
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Deep Sets

Namespace for symmetric function parametrization

A general permutation-symmetric function is additive in a latent space (piece of math)

 23

Deep Sets Theorem [63]. Let X ⊂ R
d be compact, X ⊂ 2X be the space of sets with bounded

cardinality of elements in X, and Y ⊂ R be a bounded interval. Consider a continuous

function f : X → Y that is invariant under permutations of its inputs, i.e. f(x1, . . . , xM ) =

f(x⇡(1), . . . , x⇡(M)) for all xi ∈ X and ⇡ ∈ SM . Then there exists a sufficiently large integer

` and continuous functions Φ : X → R
`, F : R`

→ Y such that the following holds to an

arbitrarily good approximation:1

[1703.06114]
Deep Sets

Manzil Zaheer1,2, Satwik Kottur1, Siamak Ravanbhakhsh1,
Barnabás Póczos1, Ruslan Salakhutdinov1, Alexander J Smola1,2

1 Carnegie Mellon University 2 Amazon Web Services
{manzilz,skottur,mravanba,bapoczos,rsalakhu,smola}@cs.cmu.edu

f({x1, . . . , xM}) = F

 

M
X

i=1

Φ(xi)

!

<latexit sha1_base64="8fL7/MFeRB6Xl5HpAYCLzi0nAeQ="></latexit><latexit sha1_base64="8fL7/MFeRB6Xl5HpAYCLzi0nAeQ="></latexit><latexit sha1_base64="8fL7/MFeRB6Xl5HpAYCLzi0nAeQ="></latexit><latexit sha1_base64="8fL7/MFeRB6Xl5HpAYCLzi0nAeQ="></latexit>
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Permutation 
invariance

Deep Sets

Namespace for symmetric function parametrization

A general permutation-symmetric function is additive in a latent space (piece of math)

 23

Feature space

Variable length

Latent space

Deep Sets Theorem [63]. Let X ⊂ R
d be compact, X ⊂ 2X be the space of sets with bounded

cardinality of elements in X, and Y ⊂ R be a bounded interval. Consider a continuous

function f : X → Y that is invariant under permutations of its inputs, i.e. f(x1, . . . , xM ) =

f(x⇡(1), . . . , x⇡(M)) for all xi ∈ X and ⇡ ∈ SM . Then there exists a sufficiently large integer

` and continuous functions Φ : X → R
`, F : R`

→ Y such that the following holds to an

arbitrarily good approximation:1

[1703.06114]
Deep Sets

Manzil Zaheer1,2, Satwik Kottur1, Siamak Ravanbhakhsh1,
Barnabás Póczos1, Ruslan Salakhutdinov1, Alexander J Smola1,2

1 Carnegie Mellon University 2 Amazon Web Services
{manzilz,skottur,mravanba,bapoczos,rsalakhu,smola}@cs.cmu.edu

General parametrization for a function of sets

f({x1, . . . , xM}) = F

 

M
X

i=1

Φ(xi)

!
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Infrared and Collinear (IRC) Safety

QCD has soft and collinear divergences associated with gluon radiation

KLN Theorem: IRC safety of an observable is sufficient to guarantee that soft/collinear 
divergences cancel at each order in perturbation theory

Infrared (IR) safety – observable is unchanged under addition of a soft particle

Collinear (C) safety – observable is unchanged under a collinear splitting of a particle

IRC safety is a key theoretical and experimental property of observables

 24

dPi→ig '

2αs

π
Ca

dθ

θ

dz

z
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Cq = CF = 4/3
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Cg = CA = 3
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S({pµ1 , . . . , p
µ
M}) = lim

✏→0
S({pµ1 , . . . , p

µ
M , p

µ
M+1

}), ∀ p
µ
M+1
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S({pµ1 , . . . , p
µ
M}) = S({pµ1 , . . . , (1− λ)pµM ,λp

µ
M+1

}), ∀λ ∈ [0, 1]
<latexit sha1_base64="b0KPN7fJhcPXHe1HcTJpfb5jKAs="></latexit><latexit sha1_base64="b0KPN7fJhcPXHe1HcTJpfb5jKAs="></latexit><latexit sha1_base64="b0KPN7fJhcPXHe1HcTJpfb5jKAs="></latexit><latexit sha1_base64="b0KPN7fJhcPXHe1HcTJpfb5jKAs="></latexit>

IRC safety is a statement of linearity in energy and 
continuity in geometry 

Theorem:  Any IRC-safe observable can be written in the following form:

Proof: In 1810.05165.

f({pµ
1
, . . . , p

µ
M}) = F

 

M
X

i=1

zi~Φ(p̂i)

!

, p̂i = (yi,�i).
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Deep Sets for Particle Jets

 25

.
.
.

.
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.
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Particles Observable

Per-Particle Representation Event Representation

Φ
Φ
Φ

F

Energy/Particle Flow Network

Latent Space

[PTK, Metodiev, Thaler, 1810.05165]

PFN({pµ
1
, . . . , p

µ
M}) = F

 

M
X

i=1

Φ(pµi )

!
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Particle Flow Network (PFN)

Fully general latent space

EFN({pµ
1
, . . . , p

µ
M}) = F

 

M
X

i=1

ziΦ(p̂i)

!
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Energy Flow Network (EFN)

IRC-safe latent space
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Approximating Φ and F with Neural Networks

Employ neural networks as arbitrary function approximators

Use fully-connected networks for simplicity

Graph CNNs also interesting (see H. Qu’s talk at ML4Jets)

Default sizes –  Φ: (100, 100, ℓ),  F: (100, 100, 100)

 26
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Quark vs. Gluon: Classification Performance
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Quark vs. Gluon: EFN Latent Dimension Sweep
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Boosted Top: Classification Performance
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Boosted Top: EFN Latent Dimension Sweep
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Energy Flow Network Visualization

EFN observables are two-dimensional geometric functions

Visualize EFN observables as filters in the translated rapidity-azimuth plane
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Quark vs. Gluon:  Visualizing EFN Filters

Generally see blobs of all scales

Local nature of activated region lends 
interpretation as "pixels"

EFN seems to have learned a 
dynamically sized jet image
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EFN (ℓ = 256) randomly selected filters, sorted by size
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Generally see blobs of all scales

Local nature of activated region lends 
interpretation as "pixels"

EFN seems to have learned a 
dynamically sized jet image!
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EFN (ℓ = 256) randomly selected filters, sorted by size
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ℓ = 4 ℓ = 8 ℓ = 16

ℓ = 32 ℓ = 64 ℓ = 128

Quark vs. Gluon:  Visualizing EFN Filters
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ℓ = 4 ℓ = 8 ℓ = 16

ℓ = 32 ℓ = 64 ℓ = 128
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Quark vs. Gluon:  Visualizing EFN Filters
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Quark vs. Gluon:  Visualizing EFN Filters in the Emission Plane
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Quark vs. Gluon: Measuring EFN Filters

Power-law dependence between filter size and 
distance from center is observed

Slope of 2 is predicted at leading log

Non-perturbative physics, axis recoil, higher 
order effects cause deviations from slope of 2
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Boosted Top:  Visualizing EFN Filters
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ℓ = 4 ℓ = 8 ℓ = 16

ℓ = 32 ℓ = 64 ℓ = 128

Without rotation/reflection preprocessing
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ℓ = 4 ℓ = 8 ℓ = 16

ℓ = 32 ℓ = 64 ℓ = 128
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Boosted Top:  Visualizing EFN Filters



Patrick Komiske – Point Cloud Strategies for Boosted Objects  40

ℓ = 4 ℓ = 8 ℓ = 16

ℓ = 32 ℓ = 64 ℓ = 128

With rotation/reflection preprocessing

Boosted Top:  Visualizing EFN Filters
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ℓ = 4 ℓ = 8 ℓ = 16

ℓ = 32 ℓ = 64 ℓ = 128
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Quark vs. Gluon: Extracting New Analytic Observables

EFN (ℓ = 2) has approximately radially symmetric filters

Fit functions of the forms:

 42
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EFN2: Quark vs. Gluon

Pythia 8.230,
√
s = 14 TeV

R = 0.4, pT ∈ [500, 550] GeV

Learned Filter Φ1(θ)

Learned Filter Φ2(θ)

Closed-Form Φ(θ)
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zi Φ1(θi)
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Take radial slices to obtain envelope

Separate soft and collinear phase space regions
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Can visualize F in the two dimensional               phase space 
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Individually, extracted observables are 
comparable to other angularities

Extracted              performs nearly as well 

as EFN (ℓ = 2)

Meanwhile, multivariate combination (BDT) 
of three other angularities does not show 
improvement 
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Quark vs. Gluon: Benchmarking New Analytic Observables
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Energy Flow Networks

Energy Flow Polynomials

Energy Flow Moments

.
.
.

.
.
.

.
.
.

Particles Observable

Per-Particle Representation Event Representation

Φ
Φ
Φ

F

Energy/Particle Flow Network

Latent Space

Relating EFPs and EFNs via additivity
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Energy Flow Moments

 46
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Energy Flow "Network"
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Energy Flow Networks

Energy Flow Polynomials

Energy Flow Moments

.
.
.

.
.
.

.
.
.

Particles Observable

Per-Particle Representation Event Representation

Φ
Φ
Φ

F

Energy/Particle Flow Network

Latent Space

Jet symmetries, point clouds, Deep Sets, performance, versatility,
simplicity, visualization, new analytic observables

Linear basis of IRC-safe observables, fixed processing of point 
cloud, identify many common observables as combinations

Connects multiparticle correlators to additive structures, linear in 
M computation of EFPs, algebraic identities
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EnergyFlow Python Package

Implements variable elimination for efficient EFP computation

Contains EFN and PFN implementations in Keras

Several detailed examples demonstrating how to train models and make visualizations

 49

CNN, DNN architectures included 
for easy model comparison
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EnergyFlow Python Package

Implements variable elimination for efficient EFP computation

Contains EFN and PFN implementations in Keras

Several detailed examples demonstrating how to train models and make visualizations
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CNN, DNN architectures included 
for easy model comparison

https://energyflow.network
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Thank You!
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Jet Representations         Analysis Tools

How to represent the jet

• Single expert observable

• A few expert observables

• Many expert observables

• Jet images

• List of particles

• Clustering tree

• N-subjettiness basis

• Energy flow polynomials

• Set of particles

 53

How to analyze that representation

• Threshold cut

• Multidimensional likelihood

• Boosted decision tree (BDT), shallow 
neural network (NN)

• Convolutional NN (CNN)

• Recurrent/Recursive NN (RNN)

• Fancy RNN

• Dense neural network (DNN)

• Linear classification

• Energy flow network

Two key choices when analyzing jets
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Multigraph/EFP Correspondence

 54
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Fun with the Stone-Weierstrass Theorem

Try to approximate function that has no Taylor expansion around zero

 55
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Fun with the Stone-Weierstrass Theorem

That was too easy, try the Weierstrass function (continuous everywhere, differentiable on a 
measure zero set of points)
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Computation Complexity of EFPs – Variable Elimination

Naive computation complexity of an energy correlator is 

For ~100 particles this becomes intractable for N > 4 

EnergyCorrelator fjcontrib package gives up in this case

Variable elimination (VE) algorithm can speedup EFPs by finding efficient elimination ordering

 57

O(MN )
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Disconnected is product 
of connected

Clever parentheses 
placement corresponds to 
good elimination ordering

All tree graphs become O(M2)
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Top Jet Samples and Other Methods

Common top and QCD dijet samples for standardized benchmarking

                      GeV,  AK8 jets, fully-merged, Delphes simulation, 2m jets total

 60

[Butter, Kasieczka, Plehn, Russell, 2017]

pT ∈ [550, 650]
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Performance saturation?
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Top Jet Samples and Other Methods

Common top and QCD dijet samples for standardized benchmarking

                      GeV,  AK8 jets, fully-merged, Delphes simulation, 2m jets total
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[Butter, Kasieczka, Plehn, Russell, 2017]

pT ∈ [550, 650]
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Not yet!

However, ResNeXt50 has 25m parameters and DGCNN takes 2 days to train 

PFN has 40k parameters and takes 1 hour to train


