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Jet quenching in 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

What are the relevant degrees of freedom of the QGP? 

How does a strongly-coupled system arise from QFT?

Jets can be used as a probe of the QGP

As jets traverse the QGP, their fragmentation is modified due to interactions with the medium

These modifications can tell us about the microscopic structure of the QGP

W. Ke

In heavy-ion collisions at LHC/RHIC, we study the high-temperature, deconfined state 
of QCD known as the quark-gluon plasma (QGP)

We seek to understand how jets in heavy-ion collisions 
are different than jets in proton-proton collisions
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QCD vs. Z jet discrimination

Datta, Larkoski JHEP 06 (2017) 073

By constructing a complete set of IRC-safe 
observables, one can study at what point 
the information content saturates

A jet with  particles can be fully 
specified by  observables 
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M-Body Discrimination
13 TeV, pT > 500 GeV, R = 0.8

Pythia8
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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
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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.

– 6 –
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In this talk we extend this idea to jet quenching

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-

See also:
    Chien, Elayavalli 1803.03589
    Lai 1810.00835
    Du, Pablos, Tywoniuk JHEP 03 (2021) 206
    Apolinário et al. 2106.08869

Binary classification problem

Determine the minimal set of observables 
to optimally discriminate pp vs. AA jets

Quantify K-body discriminating power
Find observables that capture the most 
discriminating aspects of jet modification
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N-subjettiness basis with
Dense Neural Network (DNN)

Particle Flow Network (PFN)

Only includes IRC-safe information

Deep sets

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

Input layer: Complete set of jet 
substructure observables

Permutation-invariant neural network

3

FIG. 2. Classification performance quantified in terms of ROC curves using deep sets (with and without PID) to distinguish
jets in pp and AA collisions. For comparison, we also show the result based on the jet mass. The results using the LBT (left)
and Jewel (right) heavy-ion parton shower are shown. (Placeholder figure.)

mation is passed to a permutation invariant neural net-
work. This approach will give the best discrimination
power as it makes use of all the available information,
including nonperturbative/IRC unsafe physics. ii) The
N -subjettiness complete set of observables which is IRC
safe and iii) we perform a symbolic regression to identify
single (Sudakov safe) observables which capture impor-
tant aspects of the di↵erence between pp and AA jets.
Following Ref. [38] it is su�cient to train per-instance
(jet-by-jet) instead of per-ensemble classifier. In Ref. [38]
it was shown that the per-instance classifier contains all
the relevant information since collider events are inde-
pendently and identically distributed.1 We note that
di↵erent than e.g. quark/gluon jet tagging, the classi-
fication task here can be performed on data using fully
supervised learning. In addition, theoretical ambiguities
that arise for quark/gluon jet tagging are absent.

A. Deep Sets

Deep sets [21–23] are ideally suited for machine learn-
ing tasks which have to handle permutation invariant
data with variable size. They are ideally suited for col-
lider physics applications and were introduced in this
context in Ref. [24]. Consider a function f , the clas-
sifier, which depends on the momenta pi of the parti-
cles inside the jet and which is permutation invariant
with respect to the input variables, i.e. f(p1, . . . , pM ) =
f(p⇡(1), . . . , p⇡(M)), where ⇡ is the permutation operator.
Following Ref. [21], we can approximate this function as

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

 
MX

i=1

� (pi)

!
. (1)

1 We thank Ben Nachman, Du↵ Neill and Jesse Thaler for discus-
sions about per-instance vs. per-ensemble learning.

Here the function � maps the momenta pi to a d-
dimensional latent space. We can find a su�ciently large
value of d to approximate the function f arbitrarily well.
In Eq. (1), we then sum over the functions �(pi). The
summation ensures that the result is permutation in-
variant. Next, the function F is a map from the d-
dimensional latent space to the scalar value of the func-
tion f . We note that deep sets in Eq. (1) capture both
perturbative and nonperturbative or IRC safe and IRC
unsafe information. We nevertheless choose to use deep
sets in order to make use of both aspects and achieve
the best possible classification performance to distinguish
jets in pp and AA collisions. We parametrize the func-
tions � and F in Eq. (1) in terms of Dense Neural Net-
works (DNNs). For � we use three layers with 200 nodes
and for the latent space dimension we choose d = 512.
For F we include three layers with 200 nodes each. For
each dense layer we use the ReLU activation function [39]
and we use the softmax activation function for the final
output layer of the deep sets classifier. The training is
done with the Adam optimizer [40] and we use the bi-
nary cross entropy loss function [41]. For the numeri-
cal implementations presented in this work we use both
Keras [42]/TensorFlow [43] and PyTorch [44].

For each reconstructed jet, see section II above, we
record the transverse momentum, the rapidity and the
azimuthal angle (pTi, yi,�i) of each particle i inside the
jet. Following Ref. [24], we perform the following prepro-
cessing 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 direc-
tion. We consider deep sets architectures with and with-
out particle identification (PID). The PID information is
included as an additional feature of each particle and we
are using the preprocessing step introduced in Ref. [24].

Before applying the classifier based on deep sets to

Classifier DNNs

latent space d = 256

4

Model AUC, LBT AUC, Jewel

Deep Sets w/ PID 0.9052 0.9052

Deep Sets w/o PID 0.9005 0.9005

N-subj. (??-body) + DNN 0.9010 0.9010

Jet mass 0.8401 0.8401

TABLE I. Classification performance of the di↵erent mod-
els quantified in terms of the AUC for two heavy-ion parton
shower models.

pp vs. AA jet data, we benchmark our setup by com-
paring to the quark/gluon tagging e�ciency achieved in
Ref. [24] using the corresponding energyflow package
and the quark/gluon jet data set of Ref. [45] which is
based on Pythia 8 [31] and we find overall comparable
results.

The performance of a classifier is typically assessed by
studying the ROC curve. The ROC curve shows the
true positive rate vs. the false positive rate (cumulative
distribution functions) as the decision threshold is varied.
With our convention, e.g. Fig. 2, a random classifier
follows the diagonal dashed line and the better a classifier
is, the closer the curve is to the upper left edge of the
plot. In order to quantify the performance with a single
number, we also compute the Area under the ROC curve
(AUC). Here a random (perfect) classifier corresponds to
an AUC of 0.5 (1).

In Fig. 2, we show the ROC curve for pp vs. AA jets
using deep sets as a classifier. We show the results with
and without PID and LBT (left) and Jewel (right). The
ROC curve with PID is slightly better which is expected
as it generally makes use of more information. For com-
parison we also show the ROC curve for the jet mass
which is given by the squared sum of the momentum
four-vectors of the particles inside the jet. The results
for the AUC are summarized in table I. As expected, we
observe that the classifier based on deep sets significantly
outperforms the result of the jet mass. We conclude that
there is a lot more information contained in the nuclear
modification factor of jets in heavy-ion collisions than
what could be extracted with a single observable like the
jet mass. 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 modi-
fied jet substructure in heavy-ion collisions would be left
out. The ROC curve achieved with the classifier based on
deep sets represents the ideal result and, up to further hy-
perparameter optimization, represents an upper limit on
all the information that can possibly be extracted from
jet substructure observables in heavy-ion collisions. The
general goal is now to find a set of well-defined observ-
ables which, in combination, get as close as possible to
the classifier based on deep sets. Our results can thus
provide guidance for further theory e↵orts. For example,
for other classification tasks it was suggested that non-
linear jet observables [46–52] may help to bridge the gap
from the classification performance to machine learned

FIG. 3. N -subjettiness distributions for jets in pp collisions
obtained with Pythia 8 [31]. (Placeholder figure.)

results. In the next section, we explore how close a com-
plete basis of IRC safe observables can get to this result.
We note that in principle parton shower event genera-
tors can also be trained directly on deep sets which was
explored in Ref. [53].

B. The N-subjettiness basis

In this section we consider the N -subjettiness observ-
ables [28–30] which provide a complete and minimal basis
of the M -body phase space introduced in Ref. [25]. Here
M is the number of particles inside the jet and the corre-
sponding phase space is (3M � 4)-dimensional. The N -

subjettiness observables ⌧ (�)N are defined as follows. First,
we identify N axes inside the jet. Here we use the ex-
clusive kT algorithm [54, 55] with the E-recombination
scheme [56]. The N -subjettiness variables measure the
radiation in the direction of these axes and are defined
as

⌧ (�)N =
1

pT

X

i2Jet

pTi min
n
R�

1i, R
�
2i, . . . , R

�
Ni

o
. (2)

Here pT is the transverse momentum of the measured jet,
pTi is the transverse momentum of particle i inside the jet
and RKi is its distance in the ⌘�� plane with respect to
the identified axes K. The exponent � > 0 is a tuneable
parameter. For a given N and �, the N -subjettiness
describes the radiation pattern inside the jet in terms of a
single number. We note that for  N particles inside the
jet the N -subjettiness observables vanish. We compute
the N -sbujettiness observables using the implementation
in the Fastjet contrib [57]. We show several results for
di↵erent N and � values in Fig. 3. We note that other
observables can also be used to create a complete basis
such as the Energy Flow Polynomials of Ref. [58]. We
leave a more detailed exploration for future work.
Following Ref. [25], we measure a given number of N -

subjettiness observables which completely specify the M -

-body phase space:K

-subjettiness:N

DNN:  inputs, 3 layers, tensorflow/keras3K − 4

Datta, Larkoski JHEP 06 (2017) 073

Thaler,  Tilburg JHEP 03 (2011) 015

• 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.

– 6 –
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Simulate jets using PYTHIA (pp) and JEWEL (AA)

Consider (i) hard event only, (ii) hard event + heavy-ion background

Thermal background tuned to  central 

Event-by-event constituent subtraction: 
Jets matched to hard jet  scale

0 − 10 % sNN = 5.02 TeV
Rmax = 0.25

pT

dN/dη ≈ 2500, ⟨pT⟩ ≈ 0.8 GeV/c

Note: JEWEL without recoils

Results shown here are preliminary with modest statistics ~20k jets per  binpT

Background:

No mass information used

sNN = 5.02 TeV, R = 0.4, |η | < 2

PhaseSpace : bias2SelectionPow = 5.7
PhaseSpace : bias2SelectionRef = 20

200 < pT,jet < 500 GeV/c

multiplicity

200 < pT < 500 GeV/cR = 0.4 No background
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Results — pp vs. AA
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Significant information in quenched jets up to K ≈ 30

200 < pT < 500 GeV/cR = 0.4 No background
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Significant information in quenched jets up to K ≈ 30

200 < pT < 500 GeV/cR = 0.4 No background

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

K = 4

K

��� ��� ��� ��� ��� ���
���

�

��

���

����

� 	
�
� ��������

�
��

��
��
��
	

�
��
��

M-Body Discrimination
13 TeV, pT > 500 GeV, R = 0.8

Pythia8

���� ���� + �-	
��
���� + �-	
�� ���� + �-	
��
���� + �-	
�� ���� + �-	
��

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 –

Datta, Larkoski JHEP 06 (2017) 073

Results — pp vs. AA
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Deep set data representation 
(PFN) performs slightly better 
than N-subjettiness basis (DNN)

200 < pT < 500 GeV/cR = 0.4 No background

Significant information in quenched jets up to K ≈ 30

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

Results — pp vs. AA
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Heavy-ion background

10

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 

2 

PP PbPb#

medium&

Increased rate of  
asymmetric dijets 

in central PbPb collisions 

Quenched Energy Flow for Dijets with CMS 

Y.J. Lee, CMS

This is a major experimental and theoretical hurdle

jet

background

medium 
response

η, φ

d2 E
dη

dφ

To what extent does the background destroy discriminating power?
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Results — w/o vs. w/ background

11

200 < pT < 500 GeV/cR = 0.4 No background

Discriminating power is highly reduced by the fluctuating underlying event

200 < pT < 500 GeV/cR = 0.4 Thermal background
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Results — w/o vs. w/ background

12

200 < pT < 500 GeV/cR = 0.4 No background

Discriminating power is highly reduced by the fluctuating underlying event

PFN performs slightly worse w/background 
— to be investigated
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Results —  dependenceRmax

13

The details of the background subtraction affect the distribution of information 
— but total discriminating power is fairly robust

200 < pT < 500 GeV/cR = 0.4 Rmax = 0.7200 < pT < 500 GeV/cR = 0.4 Rmax = 0.05
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Automated design of observables

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 observables3K − 4

Lai 1810.00835
Datta, Larkoski JHEP 03 (2018) 086
Datta, Larkoski, Nachman PRD 100, 095016 (2019)

Theoretical interpretability

O = ∏
N<K, β∈{0.5,1,2}

(τβ
N)

cNβ
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Automated design of observables

15

Lasso regression

Balancing the tradeoff of discriminating power and complexity, we can design 
optimal observables for distinguishing pp and AA jets

O = ∏
N<K, β∈{0.5,1,2}

(τβ
N)

cNβ

          24 terms 
          11 terms 
           5 terms 

α = 0.02
α = 0.05
α = 0.08

e.g.

200 < pT < 500 GeV/cR = 0.4 No background

(τ2
1)1.437(τ2

5)0.068(τ2
6)1.712 × . . .

Stronger regularization drives  to zerocNβ
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We trained binary classifiers to distinguish jets in heavy-ion collisions from 
those in proton-proton collisions

Using IRC-safe N-subjettiness basis: much more discriminating information from 
soft physics is needed for pp vs. AA jets than for QCD vs. Z-jets

Construct optimally discriminating observables using Lasso regression

Can also apply to full events: LHC, EIC 
Is there an optimal basis, where the information content saturates more quickly?

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

Summary

Motivates design of analytically calculable observables that are sensitive to soft physics


