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The quark-gluon plasma
Creating and probing the properties of the quark-gluon plasma

Quarks & gluons are confined in hadrons in ordinary matter. Heavy-ion collisions deposit huge
energy in a finite region, creating quark-gluon plasma (QGP) medium for �x ,�⌧ ⇠ 10 fm.

ALICE event

Only see final state.

What are medium’s properties?

The created QGP demonstrates hydrodynamic and near-equilibrium behaviors
! we can learned a lot long-wave length properties ⌘/s, ⇣/s, · · ·

We still need additional probes to test its microscopic structures.

Weiyao Ke HENPIC (online) July 2, 2020 3 / 17

Figure 1.4: Lattice QCD calculation of several thermodynamic quantities including "
T 4 vs.

T , which exhibits a rapid rise in the degrees of freedom near a crossover temperature Tc

[10].

1.3.1 A strongly coupled relativistic fluid

When we heat up QCD matter, deconfinement is achieved as the hadronic bound states are

melted. But there are two crucial questions that must be answered if we are to understand

the nature of hot QCD matter. First, what is the structure of deconfined QCD matter at

a given T? Does it consist of individual quarks and gluons, or are there quasi-particles,

such as screened color centers (e.g. “dressed” quarks or gluons) or perhaps more exotic

structures, which are the relevant constituents of the system? If quasi-particles do exist

at certain T , at what T do they melt? And what is the structure of QCD matter during

the transition? This is a particularly tantalizing question, since it may give us a view of

the mechanism of confinement. Second, what is the coupling in the quark-gluon plasma

at a given T? This of course depends on the first question – the coupling between what?

In the limit of ultra-high temperatures, where we expected to have individual partons, we

expect the coupling in the quark-gluon plasma to become weak, since momentum transfers

between partons become large and we obtain asymptotic freedom. But what is the case at

T that have been measured experimentally, up to ⇡ 3�4 Tc? And if there is a quasi-particle

12
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The quark-gluon plasma

Deconfined
Strongly-coupled

In the last two decades it has been 
established that hot QCD matter is:

But much more to learn!

Low specific shear viscosity ( )η/s Strong coupling

November 2, 2014 21:9 World Scientific Review Volume - 9.75in x 6.5in UH˙Quarks50 page 17

Quark-gluon soup 17

Fig. 1.9. Progress in the uncertainty of the QGP shear viscosity (⌘/s)QGP over the last
decade.29

properties “quark-gluon soup” over the last decade or so. Initial estimates63

based on leading order perturbative QCD gave results that were uncertain
by at least an order of magnitude. The work by Son et al. on strong cou-
pled plasmas62 first gave an indication that the QGP shear viscosity could
be quite small, as originally suggested by the unexpected semi-quantitative
success of ideal fluid dynamics.21,22 Significant progress was made with
the development of viscous relativistic fluid dynamics in 2007 and the vis-
cous hydro+cascade hybrid models in 2010 which reduced the uncertainty
in (⌘/s)QGP to about a factor of 3. As of today we know that at RHIC and
LHC energies (⌘/s)QGP ' 2/(4⇡), with an uncertainty of about 50% in both
directions. High precision data for the entire vn spectrum from pp, pA and
AA collisions and a careful analysis of the influence of event-by-event ini-
tial state quantum fluctuations has now opened the possibility to constrain
(⌘/s)QGP to within a few percent relative precision. This opens the window
to establishing meaningful constraints also for the bulk viscosity ⇣/s and its
temperature dependence, as well as the shear and bulk relaxation times ⌧⌘,
⌧⇣ . Recent additional improvements in the dynamical framework65 will help
to further decrease systematic theoretical uncertainties.

1.6. Summary: status of and prospects for the Little Bang
Standard Model

The Little Bang Standard Model is still under construction, but its key
features are showing through the sca↵olding: 1. Every heavy-ion collision
system, centrality class, and collision energy generates a di↵erent class of
Little Bangs, each with its own characteristic initial density fluctuation and
final anisotropic flow fluctuation spectrum. 2. The initial fluctuation spec-
trum can be computed from the Color Glass Condensate (CGC) theory using
e.g. the IP-Glasma model; gluon field fluctuations inside the nucleons within
the colliding nuclei play an essential role in this spectrum. 3. After a very

Burrows et al.
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The quark-gluon plasma

How does a strongly-coupled fluid arise from the Lagrangian of QCD?
What are the relevant degrees of freedom of the QGP as a function of resolution scale?
How does color confinement emerge?

The quark-gluon plasma is a laboratory to study how complex properties 
emerge from the fundamental laws of quantum chromodynamics

Deconfined
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Burrows et al.
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Heavy-ion collisions

We collide nuclei together at the 

to produce droplets of hot, dense 
quark-gluon plasma

Big picture

3

� We have a model of some physical process, say a relativistic heavy ion collision

� We have experimental measurements of this same process

Initial stage Hydrodynamics Cooper-Frye SMASH

What can we learn about 
the model from the 

measurements?

T ≈ 150-500 MeV t ∼ " (10 fm/c)
MADAI Collaboration

Large Hadron Collider (LHC) 
Relativistic Heavy Ion Collider (RHIC)

Soft collisions transform 
kinetic energy of nuclei into 
region of large energy density
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Jets3DUWRQ�VKRZHUV

6YQ�MG[�KPITGFKGPVU�

��

Ɣ /CP[�UJQYGTU�CTG�FKRQNG�CPVGPPC�UJQYGTU�YJGTG�INWQP�GOKUUKQPU�EQTTGURQPF�VQ�FKRQNG�
URNKVVKPIU�

Ɣ 5SWCTGF�CORNKVWFGU�QDVCKPGF�HTQO�TGEWTUKXG�EJCKP�QH�GOKUUKQPU�

Ɣ -KPGOCVKE�OCRRKPI�QH�VJG�OQOGPVC
Ɣ (XQNWVKQP�XCTKCDNG�X�FGȤPKPI�QTFGT�QH�GOKUUKQPU

Jets are produced abundantly in collidersCollimated shower of particles arising 
from the iterative fragmentation of a 
high energy quark or gluon

24 Chapter 1. Jet physics at hadron colliders

We see conditions 3 and 4 are essentially the requirement that the jet definition
be IRC-safe. Condition 5 comes from our desire to have jets act as proxies
for the underlying hard partons, and hence to minimize their sensitivity to
hadronization effects.

A jet definition is comprised of two components: the jet algorithm and the
recombination scheme. The jet algorithm is simply a recipe for grouping par-
ticles into jets. Once the algorithm determines two particles must be clustered
together, one must then decide how to assign momentum to the newly formed
object. This is done through the recombination scheme.

(a) Unclustered event (b) Anti-kt with R = 1

(c) Cambridge-Achen with R = 1 (d) kt with R = 1

Figure 1.5 High-energy event: Unclustered and clustered with different algo-
rithms (keeping only the jets).

The jet algorithm usually involves free parameters that one needs to specify,
for example the jet radius R or the cut on the transverse-momentum pcut

T
. The

Yen-Jie Lee (MIT) 

Probe the QGP with high energy quarks and gluons 

2 

PP PbPb#

medium&

Increased rate of  
asymmetric dijets 

in central PbPb collisions 

Quenched Energy Flow for Dijets with CMS 

CMS

dP ∼ αsCR
dθ
θ

dω
ω

ω
θ
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Jet quenching in the quark-gluon plasma

Hard Probes 2020 Jaime Norman (Liverpool) 

⟶ Measure trigger-normalised yield of jets 
recoiling from a trigger hadron

7

⟶ Well defined in pQCD (ratio of high pT hadron/jet cross sections)  

Recoil jets: 
⟶ Statistical subtraction of combinatorial background:


• Unbiased fragmentation

• Access Low pT jets: reduce vacuum broadening; most sensitive to jet deflection

• Access Large R jets: access to intra-jet broadening


⟶ Expected geometrical bias towards longer in-medium path lengths

Method

1
NAA

trig

d3NAA
jet

dpch
T,jetdΔφdηjet pT,h∈TT

= ( 1
σpp→h+X ⋅ d3σpp→h+jet+X

dpch
T,jetdΔφdη )

pT,h∈TT

D. de Florian, Phys. Rev. D 79, 114014

Δφ

“Energy loss” Substructure modification Deflection

Rg = Δy2 + Δφ2

R

By modeling these interactions, we hope to determine the structure of the QGP

The QGP is too small and short-lived to be 
probed by traditional scattering beams

Use jets as probes

Jets interact with the quark-gluon plasma as they traverse it:
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Jet classification — pp vs. AA

We seek to understand how jets in 
heavy-ion collisions are different than 
jets in proton-proton collisions

How much information is in the nuclear modification factor of jets?

Yue Shi Lai,1, ⇤ James Mulligan,1, 2, † Mateusz P loskoń,1, ‡ and Felix Ringer1, §

1
Nuclear Science Division, Lawrence Berkeley National Laboratory, Berkeley, California 94720, USA

2
Physics Department, University of California, Berkeley, CA 94720, USA

(Dated: July 1, 2021)

In heavy-ion collisions the substructure of jets is modified compared to a rescaled proton-proton
baseline due to the presence of the Quark-Gluon Plasma (QGP). In this work, we employ machine
learning techniques to quantify how much information is contained in the nuclear modification
factor of jet substructure observables. We formulate the question about the information content as
a binary classification problem where the machine is trained to learn information that distinguishes
jets in proton-proton and heavy-ion collisions. We perform the classification task using i) deep sets
which includes Infrared-Collinear (IRC) safe and unsafe information, ii) a complete basis of IRC safe
jet substructure observables which is passed to a Dense Neural Network (DNN) and iii) from the
trained DNN we identify optimal observables using symbolic regression. As a proof of concept, we
perform our analysis using parton shower event generator models but we expect that the proposed
framework can be applied directly to the raw data for which we outline possible future directions.
We expect that the automated design of suitable observables for heavy-ion collisions can provide
guidance for extracting information about the QGP from jet substructure data. In addition, the
proposed framework can also be applied to event-wide data samples in heavy-ion collisions and at
the future Electron-Ion Collider.

I. INTRODUCTION

Jets are highly energetic and collimated sprays of par-
ticles which are observed in the detectors of high-energy
scattering experiments such as RHIC and the LHC. They
directly reflect the underlying quark and gluon degrees
of freedom which acquire a large transverse momentum
due to a hard-scattering event and subsequently form a
jet due to multiple soft and collinear emissions. The area
of jet substructure is aimed at quantifying and utilizing
the radiation pattern inside jets [1–3]. Jets and their
substructure have been studied both in pp and heavy-
ion AA collisions. In heavy-ion collisions the Quark
Gluon Plasma (QGP) is formed which is a state of
matter where quarks and gluons are unbound and the
QGP is conjectured to have existed shortly after the Big
Bang. By comparing vacuum jets (pp) to their coun-
terparts in heavy-ion collisions which have traversed the
hot and dense nuclear matter, information about the
QGP can be obtained. The modification of jets in heavy-
ion collisions is typically quantified in terms of the nu-
clear modification factor which is given by the ratio of
the heavy-ion cross section and a rescaled pp baseline
RAA = d�AA/(hNcollid�pp). From the inclusive jet cross
section, it was found that only roughly half of the jets are
produced in heavy-ion collisions compared to pp []. In
addition, various jet substructure observables have been
measured in AA collisions. It turns out that some ob-
servables are consistent with no modification while oth-
ers are significantly modified due to the presence of the

⇤ ylai@lbl.gov
† james.mulligan@berkeley.edu
‡ mploskon@lbl.gov
§ fmringer@lbl.gov

FIG. 1. Schematic illustration of jets in pp (left) and heavy-
ion AA (right) collisions. Interactions with the Quark-Gluon
Plasma can lead to a modification of the jet substructure.
By training a classifier (fully supervised), the machine learns
the relevant information that distinguishes jets in pp and AA
collisions.

QGP []. Significant theoretical e↵ort have been made to
compute and predict the modification of jet observables
in heavy-ion collisions [4–18].

(Cite somewhere [19])

In general, we identified guiding principles to design
suitable jet substructure observables to obtain informa-
tion about the QGP. The first criterion is driven by theo-
retical considerations in pp collisions. For example, often
observables are chosen which Infrared Collinear (IRC)
Safe which means that they can be calculated in per-

Goal: Use ML to discriminate pp from AA jets in 
a way that is theoretically interpretable

Binary classification problem
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Outline

1. Identify the useful information content in the jet

2. Design optimal observables to maximize discrimination

3. Assess information loss due to backgrounds
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Outline

1. Identify the useful information content in the jet

2. Design optimal observables to maximize discrimination

3. Assess information loss due to backgrounds
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Jet observables and IRC safety

However, usually only those combinations that 
obey infrared-collinear (IRC) safety 
are calculable in perturbative QCD

We are free to construct any observable 
from the jet’s constituents

e.g. λκ
α = ∑

i∈jet
zκ
i θα

i

e.g. λκ=1
α>0 = ∑

i∈jet
ziθα

i

θi =
Δy2 + Δφ2

R

zi =
pT,i

pT,jet

R θi, zi

ω ∼ 0
θ ∼ 1

ω ∼ 1
θ ∼ 0

Insensitive to soft/collinear emissions
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f(p1, . . . , pM) = F (
M

∑
i=1

ziΦ ( ̂pi))
Particle Flow Network (PFN)

Includes IRC-unsafe information

Zaheer et al. 1703.06114
Wagstaff et al. 1901.09006
Bloem-Reddy, Teh JMLR 21 90 (2020) 

Komiske, Metodiev, Thaler JHEP 01 (2019) 121

Permutation-invariant neural networks based on deep sets

Classifier DNNs

latent space d = 256

f(p1, . . . , pM) = F (
M

∑
i=1

Φ (pi))
Energy Flow Network (EFN)

Includes only IRC-safe information

Classifier DNNs

IRC-safe vs. IRC-unsafe architectures

 Unordered, variable-length sets of particles as input



James Mulligan, LBNL INT Workshop on Machine Learning for Nuclear Theory March 31, 2022 13

IRC-safe vs. IRC-unsafe physics

The PFN performs significantly 
better than the EFN

IRC-unsafe information contains 
significant discriminating power

We compare the IRC-unsafe network 
(PFN) to an IRC-safe network (EFN)

Figure 2. Classification performance of pp vs. AA jets quantified in terms of ROC curves using
IRC-unsafe PFNs and IRC-safe EFNs. The jet samples in pp and AA collisions are obained from
Pythia 8 [68] and Jewel [70, 71].

layers with 100 nodes each. For each dense layer we use the ReLU activation function [106]

and we use the softmax activation function for the final output layer of the classifier. We

train the neural networks using the Adam optimizer [107] with learning rates ranging from

10�3 to 10�4. We use the binary cross entropy loss function [108], and train for 10 epochs

with a batch size of 500. We find no significant changes in performance when changing the

size of the layers, latent space dimension, learning rate, and batch size by factors of 2-10.

For each reconstructed jet, we record the transverse momentum, rapidity and az-

imuthal angle (pT i, yi,�i) of each particle i inside the jet. Following Ref. [86], we perform

a preprocessing step to simplify the training process. We rescale the transverse momenta

of each particle inside the jet with the total transverse momentum of the observed jet. In

addition, we center the rapidity and azimuthal angles of the particles in the jet with respect

to the jet direction. The jet axis is determined using the E-scheme [109]. Here we only

consider PFNs without PID and we leave a more detailed exploration for future work. We

benchmark our setup using the quark- vs. gluon-jet data set provided in Ref. [110] as well

as our own generated quark and gluon samples with PYTHIA8, finding compatible results

with Ref. [86].

Figure 2 shows the ROC curve for pp vs. AA jets using the PFNs and EFNs. The

AUC is 0.860 for the PFN and 0.675 for the EFN. Since PFNs can e�ciently make use

of all the available information, we use them as a benchmark for the other classification

techniques discussed below.

– 8 –

Lai, Mulligan, Płoskoń, Ringer arXiv 2111.14589 
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Jet classification in vacuum: Information content

QCD vs. Z jet discrimination

Datta, Larkoski JHEP 06 (2017) 073

By constructing a complete set of observables 
encoding the jet’s internal structure, can study 
at what point the information content saturates

The substructure of a jet with  
final-state partons can be specified 
by  observables 

M

3M − 4
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Figure 1: Z boson jet e�ciency vs. QCD jet rejection rate plot as generated by the deep neural

network. Details of the event simulation, jet finding, and machine learning are described in

Sec. 3. The di↵erent curves correspond to the mass plus collections of observables that uniquely

define M -body phase space. Discrimination power is seen to saturate when 4-body phase space

is resolved.

use the N -subjettiness observables. In this section, we also prove that the set of observables

is complete and minimal. In Sec. 3, we discuss our event simulation and machine learning

implementation. We present the results of our study, and compare discrimination power from

the M -body phase space observables to standard observables as a benchmark. We conclude in

Sec. 4. Additional details are in the appendices.

2 Observable Basis

In this section, we specify the basis of IRC safe observables that we use to identify structure in

the jet. For simplicity, we will exclusively use the N -subjettiness observables [24–26], however

this choice is not special. One could equivalently use the originally-defined N -point energy

correlation functions [27], or their generalization to di↵erent angular dependence [28]. Our

choice of using the N -subjettiness observbles in this analysis is mostly practical: the evaluation

time for the N -subjettiness observables is significantly less than for the energy correlation

functions. We also emphasize that the particular choice of observables below is to just ensure

that they actually span the phase space for emissions in a jet. There may be a more optimal

choice of a basis of observables, but optimization of the basis is beyond this paper.

The N -subjettiness observable ⌧
(�)
N is a measure of the radiation about N axes in the jet,

specified by an angular exponent � > 0:

⌧
(�)
N =

1

pTJ

X

i2Jet
pT i min

n
R

�
1i, R

�
2i, . . . , R

�
Ni

o
. (2.1)

In this expression, pTJ is the transverse momentum of the jet of interest, pT i is the transverse

momentum of particle i in the jet, and RKi, for K = 1, 2, . . . , N , is the angle in pseudorapidity

– 3 –

z

1 � z

✓

particle 1

particle 2

(a)

particle 1

particle 2

particle 3

z1

z2

1 � z1 � z2

✓12

✓23

✓13

(b)

Figure 2: Illustration of the momentum fraction and pairwise angle variables that describe

2-body (right) and 3-body (left) phase space.

and azimuth between particle i and axis K in the jet. There are numerous possible choices for

the N axes in the jet; in our numerical implementation, we choose to define them according

to the exclusive kT algorithm [29, 30] with standard E-scheme recombination [31]. Note that

⌧
(�)
N = 0 for a jet with N or fewer particles in it.

To identify structure in the jet, we need to measure an appropriate number of di↵erent

N -subjettiness observables. This requires an organizing principle to ensure that the basis of

observables is complete and minimal. Our approach to ensuring this is to identify the set

of N -subjettiness observables that can completely specify the coordinates of M -body phase

space. Ensuring that the set is minimal is then straightforward: as M -body phase space is

3M � 4 dimensional, we only measure 3M � 4 N -subjettiness observables. A jet also has an

overall energy scale. To ensure sensitivity to this energy scale, we will also measure the jet

mass, mJ .

We will describe how to do this for low dimensional phase space, and then generalize to

arbitrary M -body phase space. We will work in the limit where the jet is narrow and so all

particles in the jet can be considered as relatively collinear. This simplifies the expressions

for the values of the N -subjettiness observables to illustrate their content, but does not a↵ect

their ability to span the phase space variables.

• 2-Body Phase Space: 2-body phase space is 3 · 2 � 4 = 2 dimensional. For a jet with

two particles, the phase space can be completely specified by the transverse momentum

fraction z of one of the particles:

z =
pT1

pTJ
, 1 � z =

pT2

pTJ
, (2.2)

and the splitting angle ✓ between the particles. This configuration is shown in Fig. 2a. To

uniquely identify the z and ✓ of this jet, we can measure two 1-subjettiness observables,

defined by di↵erent angular exponents ↵ 6= �. For concreteness, we will measure ⌧
(1)
1 and

⌧
(2)
1 .
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e.g. N-subjettiness basis:

• M-Body Phase Space: For M -body phase space, we can define the coordinates of

that phase space by M � 1 transverse momentum fractions zi, for i = 1, . . . , M � 1, and

2M � 3 pairwise angles ✓ij between particles i and j. The remaining
✓

M

2

◆
� (2M � 3) =

1

2
(M � 2)(M � 3) ,

pairwise angles angles are then uniquely determined by the geometry of points in a plane.6

To determine all of these phase space variables, we extend the set of N -subjettinesses

that were measured in the 2- and 3-body case. In this case, the 3M � 4 observables we

measure are:
n

⌧
(0.5)
1 , ⌧

(1)
1 , ⌧

(2)
1 , ⌧

(0.5)
2 , ⌧

(1)
2 , ⌧

(2)
2 , . . . , ⌧

(0.5)
M�2, ⌧

(1)
M�2, ⌧

(2)
M�2, ⌧

(1)
M�1, ⌧

(2)
M�1

o
. (2.8)

Note that there are 3(M � 2) + 2 = 3M � 4 observables, and these will span the space

of phase space variables for generic momenta configurations, when all particles have

non-zero energy and are a finite angle from one another.

As we observed in the 3-body phase space case, for a collection of M particles, all but

one of the axes for the measurement of (M � 1)-subjettiness lies along the direction of

a particle. Therefore, we only measure two (M � 1)-subjettiness observables. Stepping

back another clustering as relevant for (M � 2)-subjettiness, there are two possibilities:

– Either M �3 axes lie along the direction of M �3 particles in the jet, and the three

remaining particles are all clustered around the last axis. Then, the measurement

of (M �2)-subjettiness is sensitive to the phase space configuration of 3 particles in

the jet. By measuring three (M � 2)-subjettinesses and two (M � 1)-subjettinesses,

this then completely specifies the phase space configuration of those three particles.

– The other possibility is that M �4 axes lie along particles in the jet, while there are

two particles clustered around each of the two remaining axes. About each axis, you

are sensitive to the phase space configuration of two particles, which corresponds

to a total of 4 phase space variables. Additionally, you are sensitive to the relative

contribution of the two pairs of particles to the total (M � 2)-subjettiness value.

This configuration therefore is described by 5 phase space variables, and can be

completely specified by the measurement of three (M � 2)-subjettinesses and two

(M � 1)-subjettinesses.

This argument can be continued at further stages in the declustering. Each time an axis

is removed, three new phase space variables are introduced. These can be completely

specified by the measurement of three additional N -subjettiness observables. This then

proves that the collection of N -subjettiness observables given above uniquely determines

M -body phase space.

6The proof of this is an application of the Euler Characteristic formula:

V � E + F = 2 . (2.7)

The number of vertices V is just the number of particles in the jet, M . The number of faces F is equal to the

number of triangles that tesselate the plane, with vertices located at the particles. This is F = M � 1, as we

include the face outside the region where the points are located. It then follows that the number of edges E,

that is, the number of pairwise angles necessary to uniquely specify their distribution, is E = 2M � 3.
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The di↵erence in the classification performance between PFNs and EFNs can be con-

sidered as a measure of the IRC unsafe information contained in jet quenching. We observe

that the classifier based on IRC-unsafe PFNs significantly outperforms the one based on

IRC-safe EFNs. While our findings here are model dependent, this result indicates that a

significant part of the information content of jet quenching is in the IRC unsafe physics.

This striking di↵erence between PFNs and EFNs was not observed for quark/gluon jet tag-

ging in Ref. [86]. Our findings suggest that in order to advance our understanding of the

quenching process, it will be valuable to measure jet substructure observables in heavy-ion

collisions that go beyond IRC-safety, such as Sudakov safe observables [29–31] or hadronic

observables. For example, if model parameters such as q̂ were extracted only using the

jet mass, a large amount of additional information which is encoded in the modified jet

substructure in heavy-ion collisions would be missed. Our results can therefore provide

guidance for future e↵orts to extract the maximum information content of jet quenching.

3.2 Hard vs. soft information content

In this section, we consider a di↵erent data representation and machine learning setup

based on complete sets of IRC safe observables. In order to examine the distribution of

information, we train classifiers using IRC safe observables as input and we explore when

the discrimination power of the classifier saturates as more observables are included.

The number of jet substructure elements required to saturate the information content

depends in general on the jet substructure basis employed. We consider two di↵erent

choices. In Section 3.2.1, we employ the N -subjettiness basis introduced in Ref. [87]. The

N -subjettiness basis o↵ers the benefit of minimally describing the available phase space,

and vanishes when N exceeds the particle multiplicity. In Section 3.2.2, we consider EFPs

which were introduced in Ref. [96] as a linear IRC safe basis of jet substructure. Through

their linear nature, EFPs o↵er the benefit of being more analytically tractable and are well

suited for machine learning assisted observable design discussed in Section 4.

3.2.1 N-subjettiness basis

We start by reviewing the N -subjettiness observables [90–92, 94] which provide a complete

and minimal basis of the M -body phase space of emissions inside the jet [87]. The N -

subjettiness observables ⌧ (�)N are defined as follows. First, we identify N axes inside the jet

using the exclusive kT algorithm [111, 112] with the E-recombination scheme [109]. The

N -subjettiness variables measure the radiation in the direction of these axes:

⌧ (�)N =
1

pjetT

X

i2Jet
pT imin

n
R�

1i, R
�
2i, . . . , R

�
Ni

o
, (3.3)

where pT i is the transverse momentum of particle i inside the jet and Rji is its distance in

the ⌘ � � plane with respect to the identified axes j. The exponent � > 0 is a tuneable

parameter. For a given N and �, the N -subjettiness observables output a single number

per jet which quantifies the radiation pattern inside the jet. We note that for  N particles

inside the jet, the N -subjettiness observables vanish. We compute the N -subjettiness ob-

servables using the implementation in the FastJet Contrib software package [113]. Figure 3

– 9 –

where
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Hard vs. soft physics

Figure 4. ROC curves for jets in pp vs. AA collisions using the N -subjettiness basis. For
comparison we also show the result obtained using the classifier based on PFNs.

jets, however, for pp vs. AA jets we expect that there is significant information contained

in the soft physics due to sensitivity to the surrounding medium in AA case. We note

that this observation is generally in agreement with the large di↵erence between PFNs and

EFNs found in Section 3.1. Our findings suggest that it will be necessary to measure new

soft-sensitive jet substructure observables in heavy-ion collisions to fully make use of the

available information recorded by the experimental collaborations. This information can

be accessed by N -subjettiness observables for large values of N . We emphasize again that

while the conclusions here are model-dependent, we are confident that a similar analysis

can be performed with experimental data. In addition, we note that the studies here do

not include the heavy-ion background, which poses a major obstacle in measurements of

soft physics. We will discuss the impact of the heavy-ion underlying event in more detail

in Section 6.

3.2.2 Energy Flow Polynomial basis

EFPs were introduced in Ref. [96] as an (over)complete linear basis of IRC-safe jet sub-

structure observables. They are multi-particle correlators which can be indexed with multi-

graphs G = (V,E) with V vertices and E edges. For a jet with M particles, the EFPG is

defined as

EFPG =
MX

i1=1

· · ·

MX

iV =1

zi1 · · · ziV
Y

(k,l)2E

✓ikil . (3.5)
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Significant information in 
quenched jets up to M ≈ 25

N-subjettiness basis:

{τ(0.5)
1 , τ(1)

1 , τ(2)
1 , τ(0.5)

2 , τ(1)
2 , τ(2)

2 , . . . , τ(0.5)
M−2, τ(1)

M−2, τ(2)
M−2, τ(0.5)

M−1, τ(1)
M−1}

DNN with complete set of jet 
substructure observables as input

Lai, Mulligan, Płoskoń, Ringer arXiv 2111.14589 
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Figure 4. ROC curves for jets in pp vs. AA collisions using the N -subjettiness basis. For
comparison we also show the result obtained using the classifier based on PFNs.

jets, however, for pp vs. AA jets we expect that there is significant information contained

in the soft physics due to sensitivity to the surrounding medium in AA case. We note

that this observation is generally in agreement with the large di↵erence between PFNs and

EFNs found in Section 3.1. Our findings suggest that it will be necessary to measure new

soft-sensitive jet substructure observables in heavy-ion collisions to fully make use of the

available information recorded by the experimental collaborations. This information can

be accessed by N -subjettiness observables for large values of N . We emphasize again that

while the conclusions here are model-dependent, we are confident that a similar analysis

can be performed with experimental data. In addition, we note that the studies here do

not include the heavy-ion background, which poses a major obstacle in measurements of

soft physics. We will discuss the impact of the heavy-ion underlying event in more detail

in Section 6.

3.2.2 Energy Flow Polynomial basis

EFPs were introduced in Ref. [96] as an (over)complete linear basis of IRC-safe jet sub-

structure observables. They are multi-particle correlators which can be indexed with multi-

graphs G = (V,E) with V vertices and E edges. For a jet with M particles, the EFPG is

defined as

EFPG =
MX

i1=1

· · ·

MX

iV =1

zi1 · · · ziV
Y

(k,l)2E

✓ikil . (3.5)
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Unlike QCD vs. Z jets (which saturate 
at ), vacuum vs. quenched jets 
contain discriminating power in soft 
physics (high -body phase space)

M = 4
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Figure 1: Z boson jet e�ciency vs. QCD jet rejection rate plot as generated by the deep neural

network. Details of the event simulation, jet finding, and machine learning are described in

Sec. 3. The di↵erent curves correspond to the mass plus collections of observables that uniquely

define M -body phase space. Discrimination power is seen to saturate when 4-body phase space

is resolved.

use the N -subjettiness observables. In this section, we also prove that the set of observables

is complete and minimal. In Sec. 3, we discuss our event simulation and machine learning

implementation. We present the results of our study, and compare discrimination power from

the M -body phase space observables to standard observables as a benchmark. We conclude in

Sec. 4. Additional details are in the appendices.

2 Observable Basis

In this section, we specify the basis of IRC safe observables that we use to identify structure in

the jet. For simplicity, we will exclusively use the N -subjettiness observables [24–26], however

this choice is not special. One could equivalently use the originally-defined N -point energy

correlation functions [27], or their generalization to di↵erent angular dependence [28]. Our

choice of using the N -subjettiness observbles in this analysis is mostly practical: the evaluation

time for the N -subjettiness observables is significantly less than for the energy correlation

functions. We also emphasize that the particular choice of observables below is to just ensure

that they actually span the phase space for emissions in a jet. There may be a more optimal

choice of a basis of observables, but optimization of the basis is beyond this paper.

The N -subjettiness observable ⌧
(�)
N is a measure of the radiation about N axes in the jet,

specified by an angular exponent � > 0:

⌧
(�)
N =

1

pTJ

X

i2Jet
pT i min

n
R

�
1i, R

�
2i, . . . , R

�
Ni

o
. (2.1)

In this expression, pTJ is the transverse momentum of the jet of interest, pT i is the transverse

momentum of particle i in the jet, and RKi, for K = 1, 2, . . . , N , is the angle in pseudorapidity

– 3 –
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Hard vs. soft physics
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Figure 4. ROC curves for jets in pp vs. AA collisions using the N -subjettiness basis. For
comparison we also show the result obtained using the classifier based on PFNs.

jets, however, for pp vs. AA jets we expect that there is significant information contained

in the soft physics due to sensitivity to the surrounding medium in AA case. We note

that this observation is generally in agreement with the large di↵erence between PFNs and

EFNs found in Section 3.1. Our findings suggest that it will be necessary to measure new

soft-sensitive jet substructure observables in heavy-ion collisions to fully make use of the

available information recorded by the experimental collaborations. This information can

be accessed by N -subjettiness observables for large values of N . We emphasize again that

while the conclusions here are model-dependent, we are confident that a similar analysis

can be performed with experimental data. In addition, we note that the studies here do

not include the heavy-ion background, which poses a major obstacle in measurements of

soft physics. We will discuss the impact of the heavy-ion underlying event in more detail

in Section 6.

3.2.2 Energy Flow Polynomial basis

EFPs were introduced in Ref. [96] as an (over)complete linear basis of IRC-safe jet sub-

structure observables. They are multi-particle correlators which can be indexed with multi-

graphs G = (V,E) with V vertices and E edges. For a jet with M particles, the EFPG is

defined as

EFPG =
MX

i1=1

· · ·

MX

iV =1

zi1 · · · ziV
Y

(k,l)2E

✓ikil . (3.5)

– 12 –

17

Hard vs. soft physics

Deep set data representation 
(PFN) performs slightly better 
than substructure basis (DNN)

The difference can be due to:
IRC-unsafe information in PFN
Different data representations / 
training / hyperparameter performance
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Outline

1. Identify the useful information content in the jet

2. Design optimal observables to maximize discrimination

3. Assess information loss due to backgrounds
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ML-assisted observable design

Product observable: Sudakov safe

Now that we have demonstrated an ML classifier, we can find observable(s) 
that can approximate the classifier

Approximate the  N-subjettiness observables with e.g. product observables3M − 4

Theoretical calculability

O = ∏
N<K, β∈{0.5,1,2}

(τβ
N)

cNβ

ln O = ∑
N<K, β∈{0.5,1,2}

cNβ ln τβ
N

N-subjettiness exponents become 
weights in linear regression
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ML-assisted observable design
Lasso regression

O = ∏
N<K, β∈{0.5,1,2}

(τβ
N)

cNβ

          24 terms 
           4 terms 
           1 term 

α = 0.01
α = 0.1
α = 0.5

e.g. (τ2
1)1.437(τ2

5)0.068(τ2
6)1.712 × . . .

Stronger regularization drives  to zerocNβ

Figure 7. ROC curves for the Lasso regression using the N -subjettiness basis and EFPs. For
comparison we also show the result for typical observables in heavy-ion collisions.

The regularization parameter � provides a handle to balance the performance of the

classifier with the simplicity of the resulting observable. When � is small, a product

observable with strong classification performance but many terms will be found, and as

� is increased, a product observable with decreased classification performance but fewer

terms will be found. The convergence of the Lasso regression can be slow for a large

parameter space which is why we limit ourselves here to a relatively small number of input

observables. For several values of �, we find the following observables without background

for M = 15 in our Monte Carlo model studies:

� =0.5 : O
ML
N�sub = ⌧ (1)14 , (4.3)

� =0.1 : O
ML
N�sub =

⇣
⌧ (1)10

⌘0.071⇣
⌧ (1)11

⌘0.157⇣
⌧ (1)14

⌘0.649
⌧ (2)14 , (4.4)

� =0.01 : O
ML
N�sub =

⇣
⌧ (0.5)2

⌘0.608⇣
⌧ (2)4

⌘�0.186
⇥ ...⇥ ⌧ (2)14 (23 terms) . (4.5)

Since we can rescale the exponents by an overall factor without changing the performance

of the classifier, we choose the exponent of the rightmost factor in Eq. 4.2, in this case ⌧ (�)14 ,

as 1 for all values of �.

We find that the Lasso regression generally prefers large values of N . For su�ciently

large values of �, we find that the Lasso regression always picks only one observable which

turns out to be one of the N -subjettiness observables with the largest allowed value of N .

When � is lowered gradually, the Lasso regression adds additional N -subjettiness observ-

able with intermediate values of N . If we further lower �, the Lasso regression eventually

– 16 –
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By training ML classifier and balancing the tradeoff of discriminating power 
and complexity, we can design the most strongly modified calculable observable
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ML-assisted observable design
Lasso regression

O = ∏
N<K, β∈{0.5,1,2}

(τβ
N)

cNβ

          24 terms 
           4 terms 
           1 term 

α = 0.01
α = 0.1
α = 0.5

e.g. (τ2
1)1.437(τ2

5)0.068(τ2
6)1.712 × . . .

Stronger regularization drives  to zerocNβ

Lai, Mulligan, Płoskoń, Ringer arXiv 2111.14589 

By training ML classifier and balancing the tradeoff of discriminating power 
and complexity, we can design the most strongly modified calculable observable

Figure 8. Distributions of observables in pp and AA collisions which have already been mea-
sured by experimental collaborations and examples of the machine-learned observables using the
N -subjettiness and EFP basis.

The corresponding ROC curve and the distribution of this ML-learned observable are shown

in Figs. 7, 8, respectively. We find that despite the simplicity of the machine-learned EFP

observable, it outperforms the other “traditional” observables. The intriguing aspect of

observables which involve a relatively small number of EFPs, as in Eq. (4.7), are that they

are generally analytically tractable within perturbative QCD.

5 Information loss: the underlying event and background subtraction

The large, fluctuating underlying event produced by the QGP causes notorious experi-

mental and theoretical challenges in heavy-ion collisions – in particular, by limiting which

observables can be reliably measured. Typically, background subtraction procedures are

applied in order to mitigate this problem. Systematic uncertainties associated with the

subtraction are estimated in order to adequatly capture the lack of exact knowledge of

which particles arise from the underlying event, and which from the jet.

From the perspective of information content, this presents two distinct mechanisms by

which the information in jet quenching can be lost. First, the fluctuating underlying event

can be viewed as a source of noise. One cannot distinguish particles arising from underlying

– 18 –
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Outline

1. Identify the useful information content in the jet

2. Design optimal observables to maximize discrimination

3. Assess information loss due to backgrounds
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Heavy-ion background
The soft collisions in a heavy-ion event produce a large, fluctuating underlying event

Yen-Jie Lee (MIT) 

Probe the QGP with high energy quarks and gluons 
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This is a major experimental and theoretical hurdle
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To what extent does the background destroy discriminating power?
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Results — w/o vs. w/ background

Discriminating power is highly reduced 
by the fluctuating underlying event

Figure 9. ROC curves for PFNs trained with (i) PYTHIA8/JEWEL jets, (ii) jets clustered from a
combination of PYTHIA8/JEWEL events with a thermal background, with event-wide constituent
subtraction applied (Rmax = 0.25), (iii) PYTHIA8/JEWEL jets only considering jet constituents
with pT > 1 GeV, and (iv) jets clustered from a combination of PYTHIA8/JEWEL events with a
thermal background, only considering jet constituents with pT > 1 GeV, with event-wide constituent
subtraction applied (Rmax = 0.25).

event from those correlated to the jet, and so to the extent that the noise distribution

overlaps with the signal distribution, the ability to distinguish the two is irrecoverably

reduced. Second, background subtraction algorithms themselves can cause information

loss. Since background subtraction inherently involves removal of particles from the jet,

and one does not have exact knowledge of which particles arise from the underlying event,

this procedure strictly results in information loss.

The jet classification methods used in Section 3 can be used to evaluate the magnitude

of each of these contributions. Within the context of the parton shower models considered,

we assess the overall impact of the underlying event on the jet classification performance

by comparing a PFN trained only on the hard jet particles to a PFN trained on the

combination of jet and background particles (after performing constituent subtraction).

Figure 9 shows that there is a dramatic decrease in the classification power due to the

presence of the underlying event. We also plot PFNs trained on jet particles with pT >

1 GeV. Comparing the ROC curves with and without this requirement, we find that in the

case without background, a large discrimination power resides in the soft physics – whereas

in the case with background, the presence of soft information makes no di↵erence. That is,

in the presence of background, su�ciently soft discrimination is no longer useful – and the

discrimination is dominated by hard physics. This observation presents a delicate challenge

– 19 –

Large, irrecoverable information loss

Delicate challenge: soft information is 
crucial to discriminate, yet background 
fundamentally prevents much of this 
information from being accessed
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Assessing background subtraction algorithms

Background subtraction does remove 
a small but significant amount of 
information

Figure 11. ROC curves comparing the performance with (i) Hard jet particles only, (ii) Hard jet
particles and background particles, with constituent subtraction applied (for two di↵erent values of
Rmax, and (iii) Hard jet particles and background particles, without any background subtraction
applied

possible, even to the extent of unfolding full events and thereby enabling the training of a

classifier directly on corrected particles.

There are several additional challenges in performing these measurements compared

to the Monte Carlo studies presented above. First, the detector conditions between the

proton-proton and heavy-ion data taking periods may be di↵erent – and the classifier will

naively learn these di↵erences. Second, in the pp � AA jet sample, one must ensure that

only soft particles – and not hard jets – enter the distribution from the embedded heavy-ion

event. Third, the size of the jet sample is limited by the available statistics recorded by

the experiment, which in turn can limit the performance of the classifier. These challenges

are each surmountable, and we are optimistic that such an analysis can be performed at

the LHC.

We propose that each of the three complementary studies in Sections 3-5 can be per-

formed on experimental data:

• Measuring the ROC curve. The measured ROC curve can serve as an observable

that can be compared to Monte Carlo event generators. Moreover, the distribution

of information content with complete sets of jet substructure observables can provide

a di↵erential test of jet quenching models, to the extent that highly soft-sensitive

observables, such as high-N N -subjettiness or high-dimension EFPs, can be reliably

measured in the presence of the heavy-ion underlying event.

– 22 –

In practice, experiments must perform 
background subtraction procedures 

This subtraction strictly removes 
information — use ML classifier 
performance as a metric to assess
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Theory-motivated binary classifiers to distinguish jets in heavy-ion collisions 
from those in proton-proton collisions

Can also apply to full events: LHC, EIC 

These methods can be applied directly to experimental data — labels are known

Summary

New physics insights
Important information contained in soft emissions and IRC-unsafe physics
Large, irrecoverable information loss due to underlying event

ML-assisted observable design of optimally discriminating (and calculable!) observables


