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Abstract

The modification of quark- and gluon-initiated jets in the quark-gluon plasma pro-
duced in heavy-ion collisions is a long-standing question that has not yet received a
definitive answer from experiments. In particular, the size of the modifications differs
between theoretical models. Therefore a fully data-driven technique is crucial for an
unbiased extraction of the quark and gluon jet spectra and substructure. We demon-
strate a fully data-driven method for separating quark and gluon contributions to jet
observables using a statistical technique called topic modeling. We will also demon-
strate that jet substructures, such as jet shapes and jet fragmentation function, could
be extracted using this data-driven method. This proof-of-concept study is based
on proton-proton and heavy-ion collision events from the PYQUEN generator with
statistics accessible in Run 4 of the Large Hadron Collider. These results suggest the
potential for an experimental determination of quark- and gluon-jet spectra and their
substructures.
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Chapter 1

Introduction

For the first millionth of a second after the Big Bang, the universe was a hot, dense

primordial soup, consisting of subatomic particles, before cooling down and forming

the ordinary matter. This soup was mostly comprised of quarks (the fundamental

building blocks of matter) and gluons (messenger particles that carry the strong force

which binds quarks together). This deconfined phase of matter, known as the quark-

gluon plasma (QGP), only exists at extremely high temperatures and pressures [1].

Quantum chromodynamics (QCD) is a component of the widely-accepted Stan-

dard Model of physics that focuses on the strong force interactions between quarks

and gluons. One motivation behind studying QCD is to better understand the QGP

that once dominated the universe. Experiments at ultrarelativistic particle accelera-

tors, such as CERN’s Large Hadron Collider (LHC) have been able to recreate the

quark-gluon plasma through head-on collisions of heavy ions. However, the QGP ex-

ists only for a brief flash of time, less than 10 fm/c, or 𝑂(10−23) seconds, before cooling

and disappearing into ordinary matter, rendering it impossible to probe directly, and

thus requiring some alternative way to infer its properties.

In high-energy particle collisions, the collision sometimes produces a high-energy

quark or gluon, “kicked out” from the nucleus, which then fragments and hadronizes

into collimated sprays of particles, known as jets. We reconstruct jets from the

particle level by applying a well-defined clustering algorithm, anti-𝑘𝑡 clustering [2], to

the individual particles collected in the collision. In heavy-ion collisions, the produced
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quark-gluon plasma may modify the properties of jets traveling through it. One such

modification is jet quenching, a medium-induced parton energy loss phenomena where

partons lose energy as they propagate through the QGP due to multiple scattering

[3, 4, 5]. Therefore, the phenomena of jet modification makes jets a natural probe to

infer qualities of the medium [6].

One area of interest is to understand how the color charge of partons impacts

its traversal through the quark-gluon plasma, as the jet quenching effects of the

QGP are different depending on the color charge. Therefore, comprehending the

modification of quark- and gluon- jets in the QGP is crucial as it may shed light on

such properties. Jets can be modeled in simulation, and such jet quenching models

predict certain energy losses for quark and gluon jets, but a data-driven method would

be able to directly reveal the quark- and gluon-like jet interaction with the QGP

without relying on any theoretical biases. However, designing a data-driven method

to discriminate quark- and gluon-initiated jets in collected jet samples remains an

outstanding question [7, 8, 9, 10, 11, 12, 13, 14, 15]. Prior work [16] demonstrates

proof-of-concept success in applying a statistical method known as topic modeling [7]

to extract quark- and gluon-initiated jet fractions in proton-proton and heavy-ion jet

samples.

We apply topic modeling to dijet and 𝛾+jet samples from PYQUEN [17], which is

a Monte Carlo event generator that simulates medium-induced energy loss of partons

in heavy-ion collisions. We operate under the assumption that these input samples

are mixtures of the same quark and gluon base distributions. In the topic modeling

algorithm, we solve for the quark and gluon fractions in these samples and utilize the

results to further extract quark and gluon jet substructure observables in both proton-

proton and heavy-ion collisions. The resulting jet substructure observable patterns

suggest potential for a fully data-driven mechanism for experimental determination of

quark- and gluon-initiated jet spectra and their substructures. Furthermore, we apply

supervised learning techniques to craft new observables that can be input into the

unsupervised learning algorithm and demonstrate the potential of machine learning

observables to improve topic modeling results.
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Chapter 2

Unsupervised Learning

Machine learning algorithms can be largely classified into two primary subdomains:

supervised learning and unsupervised learning. In supervised learning, one is given a

set of data points with corresponding labels, and algorithms are trained to learn the

mapping function from the inputs to the outputs. However, in unsupervised learning,

one is given a set of unlabeled data, and the goal is to infer some structure or pattern

from the given dataset. Unsupervised learning is often used for clustering, anomaly

detection, and dimensionality reduction.

In the context of distinguishing quark- and gluon-initiated jets, the samples col-

lected from events at the LHC and RHIC do not contain the truth labels. Thus, we

must rely on a data-driven, unsupervised technique to solve this problem. We will

discuss the theory behind the algorithm in this section, the simulated data in Section

3, and the results of the algorithm in Section 4.

2.1 Topic Modeling

One well-studied application of unsupervised learning is topic modeling, which is

an algorithm used to discover abstract “topics” that occur in a collection of text

documents [16, 7]. Following the precedence of previous studies, we borrow the term

“topic modeling” to apply to the problem at hand, where the topics are the type of

jet (quark-like/gluon-like), the documents are the histograms of some observable, and
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the corpus is a collection of histograms [7]. The key to topic modeling is the presence

of anchor words, which are words unique to a certain topic. In the context of jets,

these correspond to anchor bins in the jet observable histogram.

In order to illustrate the concept of topic modeling, we present a small example

which we will refer to throughout the chapter. Suppose we have two input distribu-

tions, input A and input B, as shown below in Fig. 2-1. In the case of quark/gluon

topic modeling, we assume that these two input distributions are both a combination

of the same two unknown base distributions (one quark-like and one gluon-like), or

“topics”. The goal of the algorithm is to derive these distributions.

Figure 2-1: Example of two input distributions that might be used for topic modeling.

Similarly, jet samples collected from colliders are mixtures of these jet topics.

Each jet observable histogram is a mixture of the two underlying quark/gluon base

distributions. Mathematically, we can represent the input histograms as

𝑝
(𝑠)
𝑂 (𝑥) = 𝑓 (𝑠)𝑝1(𝑥) + (1− 𝑓 (𝑠))𝑝2(𝑥) (2.1)

where 𝑝
(𝑠)
𝑂 (𝑥) represents the density distribution in sample 𝑠 with respect to some

observable 𝑂, 𝑓 (𝑠) represents the fraction of topic 1 in sample 𝑠, 1 − 𝑓 (𝑠) represents

the fraction of topic 1 in sample 𝑠, and 𝑝𝑖(𝑥) represent the base distributions, which

correspond to the jet topics. Fig. 2-2 illustrates the contributions from the underlying

base distributions, which superimpose to obtain the example input distribution.
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(a) Base distributions of input A (b) Base distributions of input B

Figure 2-2: The input distributions are the result of superimposed base distributions.

However, in Eq. 2.1, there remains some ambiguity as there are infinitely many

ways to define 𝑝1 and 𝑝2 and modify 𝑓 (𝑠) accordingly such that the equation remains

true. In order to resolve this, we use the DEMIX algorithm [18], which breaks this

ambiguity by choosing unique base distributions for 𝑝1 and 𝑝2, which we represent

using 𝑏1 and 𝑏2, respectively.

DEMIX results in the mutually irreducible [19] underlying distributions, 𝑏1 and

𝑏2. This is synonymous with requiring the presence of anchor bins, or requiring

each underlying distribution to be not be a mixture of one another plus another

distribution. In other words, we cannot write 𝑏1(𝑥) = 𝑐𝑏2(𝑥) + (1 − 𝑐)𝐹 , and vice

versa, where 𝐹 is some probability distribution and 0 < 𝑐 ≤ 1. This also implies that

lim𝑥→∞ 𝑏1(𝑥)/𝑏2(𝑥) = 0 and lim𝑥→−∞ 𝑏2(𝑥)/𝑏1(𝑥) = 0 1. The two mutually irreducible

base distributions underlying our example input distributions are shown in Fig. 2-3.

The goal of this data-driven algorithm is thus to obtain these two base distributions,

along with the mixture fractions of each topic, 𝑓 and 1− 𝑓 , in each input sample.

It is worth noting that DEMIX requires the input distributions to be sample in-

dependent and contain different base purities, and guarantees that the two resulting

base distributions are mutually irreducible. Ref. [20] defines the operational defini-

tion quark and gluon categories as the mutually irreducible underlying distributions

1Depending on how we define 𝑏1(𝑥) and 𝑏2(𝑥), the limits may be reversed. That is, we may find
lim𝑥→−∞ 𝑏1(𝑥)/𝑏2(𝑥) = 0 and lim𝑥→∞ 𝑏2(𝑥)/𝑏1(𝑥) = 0
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Figure 2-3: The base distributions underlying the example input.

given two mixed jet samples:

Quark/gluon jet definition (operational). [20] Given two samples 𝐴 and 𝐵

of QCD jets at a fixed 𝑝𝑇 obtained by a suitable jet-finding procedure, taking 𝐴 to be

“quark-enriched” compared to 𝐵, and a jet substructure feature space 𝒪, the quark

and gluon jet distributions are defined to be:

𝑝𝑞(𝒪) ≡ 𝑝𝐴𝒪 − 𝜅𝐴𝐵𝑝𝐵(𝒪)

1− 𝜅𝐴𝐵

, 𝑝𝑔(𝒪) ≡ 𝑝𝐵𝒪 − 𝜅𝐵𝐴𝑝𝐴(𝒪)

1− 𝜅𝐵𝐴

where 𝜅𝐴𝐵, 𝜅𝐵𝐴, 𝑝𝐴(𝒪), 𝑝𝐵(𝒪) are directly attainable from 𝐴 and 𝐵.

Therefore, according to this definition, the topics resulting from DEMIX will cor-

respond to the quark- and gluon-like jet distributions. We choose to use constituent

multiplicity (number of constituent particles in a given jet) as the input observable

because it has been shown to be mutually irreducible in the high-energy limit [7].

To extract the base distributions, we need to find the reducibility factor 𝜅, which

represents the largest amount one distribution can be subtracted from the other, such

that all bins remain non-negative:

𝜅𝑖𝑗 = inf
𝑥

𝑝𝑖(𝑥)

𝑝𝑗(𝑥)
(2.2)
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Then, with 𝑏1 and 𝑏2 corresponding to the distributions for topic 1 and topic

2, respectively, and 𝑝𝐴 and 𝑝𝐵 corresponding to the distributions for the two input

samples, we are able to derive the base distributions using the following equations:

𝑏1(𝑥) =
𝑝𝐴(𝑥)− 𝜅𝐴𝐵𝑝𝐵(𝑥)

1− 𝜅𝐴𝐵

,

𝑏2(𝑥) =
𝑝𝐵(𝑥)− 𝜅𝐵𝐴𝑝𝐴(𝑥)

1− 𝜅𝐵𝐴

(2.3)

However, in the context of collider physics, 𝑝𝐴 and 𝑝𝐵 are finite histograms with 𝑛

bins. For a finite-sampled distribution, the 𝜅 values are extracted from the tails, where

the statistics are low. In order to combat this, we can leverage the additional statistics

from the middle of the distribution by fitting a sum of skew-normal distributions to

the sampled histograms, expressed as

𝑓𝑁(𝑥;𝛼𝑖, 𝜃) =
𝑁∑︁
𝑘=1

𝛼𝑖,𝑘SN(𝑥;𝜇𝑘, 𝜎𝑘, 𝑠𝑘) (2.4)

where SN(𝑥;𝜇𝑘, 𝜎𝑘, 𝑠𝑘) represents a skew-normal distribution with parameters 𝜇𝑘, 𝜎𝑘,

and 𝑠𝑘. While the mixture fractions, 𝛼𝑖, are unique to the input histograms, 𝜇𝑘, 𝜎𝑘, 𝑠𝑘

are shared between the two. For generality, we use 𝑁 = 4, such that we have 18 fit

parameters, representing 𝛼𝐴, 𝛼𝐵, and 𝜃 [16].

Let 𝑖 represent the 𝑖th jet sample, 𝑗 represent the bin index of the corresponding

histogram, such that 𝑛𝑖,𝑗 = 𝑛𝑖𝑦𝑖,𝑗 represents the count in bin 𝑗 of the 𝑖th sample,

where 𝑦𝑖,𝑗 is the probability density value of the bin. We assume that the count

follows a Poisson distribution with mean value 𝜇𝑖,𝑗(𝛼𝑖, 𝜃) = 𝑓(𝑥𝑖,𝑗;𝛼𝑖, 𝜃). The best-fit

parameters and the corresponding uncertainties can thus be captured by the Poisson-

likelihood chi-square function [21, 22]:

ln
𝐶

𝑝
=

∑︁
𝑖,𝑗

𝑛𝑖

[︂
𝜇𝑖,𝑗(𝛼𝑖, 𝜃)− 𝑦𝑖,𝑗 + 𝑦𝑖,𝑗 ln

𝑦𝑖,𝑗
𝜇𝑖,𝑗(𝛼𝑖, 𝜃)

]︂
(2.5)

where 𝑝 represents the probability and 𝐶 represents a constant scaling factor, intro-

duced to simply cancel out a term that comes from taking the log of the Poisson
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distribution [16, 21].

In order to extract the parameter values and uncertainties from the likelihood

function, we use Markov chain Monte Carlo (MCMC) [23]. We obtain initial estimates

of the parameter values by running a simultaneous least-squares fit. For the results

shown in this paper, we use 100 MCMC walkers, initialized using the least-squares

parameters, and run for 35,000 samples using a burn-in of 30,000 samples.

Once we have the MCMC fits for the input distributions, we can take ratios

between the inputs’ skew-normal fits. Fig. 2-4 displays a conceptual image of what

the input ratios look like using our example distributions. Here, the reducibility factor

for input A / input B, 𝜅𝐴𝐵, would be extracted from the right tail of Fig. 2-4a, and

similarly, 𝜅𝐵𝐴, would be extracted from the left tail of Fig. 2-4b, as that is where the

minimum of the curve is located.

(a) (b)

Figure 2-4

However, in the above example, there is only a single curve, as the example inputs

are well-defined. In reality, when we obtain results from the MCMC, there will be

multiple curves, each corresponding to a fit from the walkers, and each with a different

minima, or 𝜅 value. In order to extract the topics and calculate the corresponding

uncertainty using Eq. 2.3, we sample for 𝜅𝐴𝐵 and 𝜅𝐵𝐴 from the fits, and calculate

the mean and standard deviation.
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Chapter 3

Simulated Collision Events

This proof-of-concept study is based on proton-proton and heavy-ion collision events

from the PYQUEN generator [17] with statistics accessible in Run 4 of the Large

Hadron Collider. The PYQUEN event generator simulates of rescattering, and ra-

diative and collisional energy loss of partons in the QGP in heavy-ion collisions [17].

The input distributions are photon-jet (𝛾+jet) samples and dijet samples. We choose

these because at Large Hadron Collider energies, 𝛾+jet and dijets have different quark

and gluon jet fractions. The modified jets are not embedded in thermal background.

The proton-proton and heavy-ion events are produced using 𝑝𝑇 > 80 GeV, where

𝑝𝑇 is the hard scattering scale, and an impact parameter range corresponding to 0-

10% centrality. We use FastJet 3.3.0 [24, 25] to reconstruct anti-𝑘𝑡 jets with radius

𝑅 = 0.4 [2]. For this analysis, in the 𝛾+jet samples, we select the leading jet in the

opposite direction azimuthally (|∆𝜑| > 𝜋/2) to the high-momentum photon, and in

the dijet samples, we select the two jets with largest transverse momenta.

We only include jets with 80 < 𝑝𝑇 < 100 GeV and we impose a cut of |𝜂| < 1.

In addition, there was a low multiplicity peak in the 𝛾+jet sample, composed of

particles that surrounded a high-momentum photon. Therefore, we also imposed a

photon 𝑝𝑇 ratio cut by determining the highest momentum photon within the jet,

𝛾ℎ, and removing any jets where 𝑝
(𝛾ℎ)
𝑇 /𝑝

(jet)
𝑇 > 0.8, which resolved the low multiplicity

peak.

Lastly, one critical piece of information to assess the performance of the topic
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modeling algorithm is the Monte Carlo truth labels for quark-like and gluon-like jets.

Although these labels are not quite well-defined, in order to determine such labels,

we build an approximation by comparing angular distance between the selected jet

and the two outgoing matrix elements in the simulation. For 𝛾+jet, we simply label

the jet under the outgoing matrix element that is not the photon. For dijets, we

match the jet to the outgoing matrix element with the smallest angular distance,

∆𝑅 =
√︀
(∆𝜂)2 + (∆𝜑)2, from the jet.

Furthermore, in the MC truth labels, we only include samples where ∆𝑅 < 0.4

between the matrix element and the jet. In the pp 𝛾+jet sample, we utilize 97% of

the jets for the quark/gluon truth label, and in the pp dijet sample, we utilize 92% of

jets for the quark/gluon truth label. In the PbPb sample, we utilize 95% and 89% for

𝛾+jet and dijet quark/gluon truth labels, respectively. Ultimately, this means that

the MC truth in any of the results should not be taken as the absolute truth, but

rather just an approximation.
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Chapter 4

Topic Modeling Results

4.1 MCMC and Resulting Topics

In this section, we demonstrate the results of the topic modeling algorithm on the

PYQUEN data. Since previous work [7] has demonstrated that constituent multiplic-

ity approximately satisfies quark-gluon mutual irreducibility, we use this observable

as input into the topic modeling machinery as a starting point. The input distri-

butions are shown in Fig. 4-1. Fig. 4-1a shows the 𝛾+jet and dijets histograms

for proton-proton collision events and Fig. 4-1b shows the input histograms for the

heavy-ion events.

(a) Proton-proton input distributions (b) Heavy-ion input distributions

Figure 4-1: PYQUEN-generated proton-proton (left) and heavy-ion (right) normal-
ized constituent multiplicity input distributions for 𝛾+jet and dijets.
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(a) Proton-proton MCMC fits

(b) Heavy-ion MCMC fits

Figure 4-2: MCMC fits for proton-proton (top) and heavy-ion (bottom) input dis-
tributions. Each red line represents a single fit (set of parameters) dictated by the
MCMC walkers.

20



The Markov chain Monte Carlo fits for both the 𝛾+jet and dijets histograms are

shown in Fig. 4-2. Each red line represents one set of parameters from the MCMC

for the following equation [16]:

𝑓4(𝑥;𝛼𝑖, 𝜃) =
4∑︁

𝑘=1

𝛼𝑖,𝑘SN(𝑥;𝜇𝑘, 𝜎𝑘, 𝑠𝑘) (4.1)

These MCMC fits are then used to find the ratio between the 𝛾+jet and dijet

distribution, or 𝑓𝛾+jet
4 (𝑥;𝛼𝑖, 𝜃)/𝑓

dijet
4 (𝑥;𝛼𝑖, 𝜃), and vice versa, as shown in Fig. 4-3.

As demonstrated in Eq. 2.2, the desired 𝜅 value to extract is the infimum of the

ratio of the input distributions, which in the finite case, becomes the minimum of the

MCMC fit ratios. The extracted 𝜅 values are shown in blue in Fig. 4-3. Following

Eq. 2.3, using the extracted 𝜅 values, we can thus calculate the base distributions

(topics) given the input histograms. The resulting topics for both the proton-proton

input, as well as the heavy-ion input, are shown in Fig. 4-4.

In general, the extracted topics correspond fairly well to the MC truth distri-

butions, with topic 1 being quark-like and topic 2 being gluon-like. However, the

topic-truth matching appears slightly better for proton-proton than for heavy-ion,

though there appears to be some disparity between topic 1 and the quark-like truth,

which is exacerbated in the heavy-ion sample. It is worth noting that previous work

[16] has demonstrated similar success in extraction of the topics using DEMIX in both

pp and PbPb samples, but using a different model (JEWEL). Thus, it is non-trivial

that we have corroborated such findings by reproducing similar results in PYQUEN.

4.2 Substructure Observable Extraction

While the data-driven determination of quark- and gluon-like jet fractions in a sam-

ple is significant, applying these results to extract quark and gluon jet substructure

allows for deeper insight into the modification of quark and gluon jets in the quark

gluon plasma. In this section, we demonstrate the application of the topic modeling

algorithm to find jet observable distributions corresponding to the topics, and com-
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(a) Proton-proton kappa extraction

(b) Heavy-ion kappa extraction

Figure 4-3: Ratio of 𝛾+jet / dijet (left) and dijet / 𝛾+jet (right) MCMC fits for
proton-proton (top) and heavy-ion (bottom). These red lines represent the ratios of
the MCMC fits from Fig. 4− 2. The real value from data is shown in black, and the
sampled 𝜅 values are shown in blue.

(a) Proton-proton topic separation results (b) Heavy-ion topic separation results

Figure 4-4: Proton-proton (left) and heavy-ion (right) topic extraction results, dis-
playing the resulting topics in comparison to the gluon and quark MC truth labels.
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pare these to the MC truth quark and gluon jet observable distributions. Namely, we

will take a look at jet shape, jet fragmentation, jet mass, and jet splitting function.

We also utilize these results to determine the modification of quark and gluon jet

observable by taking the ratio of jet observable between the heavy-ion sample and

the proton-proton sample.

4.2.1 Jet Shape Extraction

We first apply our findings to derive the topics’ jet shape. Jet shape describes the jet

transverse momentum distribution as a function of radial distance from the jet axis,

and can be described by the following equation

𝜌(𝑟) =
1

𝑟𝑏 − 𝑟𝑎

1

𝑁𝑗𝑒𝑡

∑︁
𝑗𝑒𝑡𝑠

∑︀
𝑡𝑟𝑎𝑐𝑘𝑠∈[𝑟𝑎,𝑟𝑏) 𝑝

𝑡𝑟𝑎𝑐𝑘
𝑇

𝑝𝑗𝑒𝑡𝑇

(4.2)

Here, 𝑟 corresponds to the radial distance from the jet axis, and 𝑟𝑎, 𝑟𝑏 correspond to

the inner and outer radii of the given annulus [26]. Each annulus corresponds to a

bin in the jet shape plot, where 𝑟𝑎 is the left edge of the bin and 𝑟𝑏 is the right edge

of the bin.

In order to obtain the jet shape using our topic modeling results, we can simply

perform a linear combination using the extracted 𝜅 values for each bin in the jet

shape:

𝜌1(𝑟) =
𝜌𝛾+jet(𝑟)− 𝜅𝐴𝐵𝜌dijets(𝑟)

1− 𝜅𝐴𝐵

,

𝜌2(𝑟) =
𝜌dijets(𝑟)− 𝜅𝐵𝐴𝜌𝛾+jet(𝑟)

1− 𝜅𝐵𝐴

(4.3)

Here, 𝜌𝛾+jet(𝑟) and 𝜌dijets(𝑟) are the jet shapes for the 𝛾 + jet and dijets, respectively.

The resulting topic jet shapes, along with the MC truth quark and gluon jet

shapes, are shown in Fig. 4-5. The gluon jet shape and the topic 2 jet shape appear

to be in very good agreement in both the proton-proton and heavy-ion samples. On

the other hand, the quark jet shape and the topic 1 jet shape demonstrate similar

trends in pattern, but it appears that the topic 1 jets tend to be slightly narrower

23



(a) Proton-proton jet shape

(b) Heavy-ion jet shape

(c) Jet shape modification ratio

Figure 4-5: Proton-proton (top) and heavy-ion (middle) jet shape extraction using
topic modeling results from Fig. 4-4. The jet shape results for the two topics are
shown in comparison to the jet shape patterns constructed from the quark and gluon
MC truth labels. The modification of jet shape in the quark-gluon plasma, according
to the extracted topics as well as the MC truth labels, is shown as the ratio between
heavy-ion and proton-proton jet shape (bottom).

24



than the quark-like jets in both samples.

We then computed the jet shape modification (ratio between heavy ion jet shape

and proton-proton jet shape), shown in Fig. 4-5c. In the jet shape modification plot,

while the extracted topic ratios are able to roughly match the quark and gluon ratios

in terms of general trend, there does appear to be a disparity up to 5% between the

topic and the MC truth in some bins.

4.2.2 Jet Fragmentation Function Extraction

The topic modeling results can also be used to extract the quark and gluon jet frag-

mentation function. The jet fragmentation function represents the longitudinal mo-

mentum distribution of the tracks inside a jet, and can be expressed by the following

equation

𝐷(𝜉) =
1

𝑁𝑗𝑒𝑡

𝑑𝑁𝑡𝑟𝑎𝑐𝑘

𝑑𝜉
(4.4)

Here, 𝑁𝑗𝑒𝑡 is the total number of jets, 𝑁𝑡𝑟𝑎𝑐𝑘 is the number of tracks in a jet, and

𝜉 = ln (1/𝑧), where 𝑧 is the longitudinal momentum fraction, defined as

𝑧 =
𝑝𝑇 cos∆𝑅

𝑝𝑗𝑒𝑡𝑇

=
𝑝𝑇

𝑝𝑗𝑒𝑡𝑇

cos
√︀
(∆𝜂)2 + (∆𝜑)2 (4.5)

Here, 𝑝𝑗𝑒𝑡𝑇 is the transverse momentum of the jet relative to the beam direction, 𝑝𝑇

is the transverse momentum of a charged particle in the jet, and ∆𝜂 and ∆𝜑 are

measures of distance between the particle and E-scheme jet axis in pseudorapidity

and azimuth [27].

In the jet fragmentation function, we can also compute each bin of the topics using

a linear combination as shown below.

𝐷1(𝜉) =
𝐷𝛾+jet(𝜉)− 𝜅𝐴𝐵𝐷dijets(𝜉)

1− 𝜅𝐴𝐵

,

𝐷2(𝜉) =
𝐷dijets(𝜉)− 𝜅𝐵𝐴𝐷𝛾+jet(𝜉)

1− 𝜅𝐵𝐴

(4.6)

One note here is that previous, in calculating the jet shape, the formula includes
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a normalization factor. In the jet fragmentation function, the histogram, 𝐷(𝜉), is

normalized by the total number of jets, such that the integral of the histogram over

𝜉 represents the average number of charged particles per jet. Therefore, rather than

normalize for density, we take the direct combination of the per-jet quantities in each

bin, since we want the output to be a per-jet quantity. To demonstrate this, by

definition,

𝐷dijets(𝜉) = 𝑓𝑑𝐷1(𝜉) + (1− 𝑓𝑑)𝐷2(𝜉)

𝐷𝛾+jet(𝜉) = 𝑓𝛾𝐷1(𝜉) + (1− 𝑓𝛾)𝐷2(𝜉)
(4.7)

Now, after we integrate, we arrive at the following set of equations:

𝑁
(dijets)
tracks = 𝑓𝑑𝑁

(topic 1)
tracks + (1− 𝑓𝑑)𝑁

(topic 2)
tracks

𝑁
(𝛾+jet)
𝑡𝑟𝑎𝑐𝑘𝑠 = 𝑓𝛾𝑁

(topic 1)
tracks + (1− 𝑓𝛾)𝑁

(topic 2)
tracks

(4.8)

which demonstrates that the average number of tracks in dijets (or 𝛾+jets) equates

to the weighted average of topic 1’s average number of tracks and topic 2’s average

number of tracks. Therefore, rather than include any normalization, we directly

apply 𝜅 to the dijet and 𝛾 + 𝑗𝑒𝑡 jet fragmentation values in order to solve for jet

fragmentation of topic 1 and topic 2.

Fig. 4-6 shows the extracted topic 1 and topic 2 jet fragmentation, as well as the

MC truth quark and gluon jet fragmentation, in proton-proton and heavy-ion colli-

sions. In both samples, the topic 1 agreement with the quark fragmentation function

and the topic 2 agreement with the gluon fragmentation function are extremely sim-

ilar.

At low 𝜉, we actually observe that for topic 2, bin 1 (0 < 𝜉 < 0.5) appears to

be slightly negative, at approximately −9.39× 10−4, which should be impossible. In

addition, we observe that at high track 𝑝𝑇 , such as when 𝜉 < 2, it appears that

our topic modeling fractions tend to underestimate the gluon fragmentation, but

overestimate the quark fragmentation. At 2 < 𝜉 < 3, the fragmentation function of

the topics matches their respective MC truth fragmentation functions to within the
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(a) Proton-proton

(b) Heavy-ion

(c) Jet fragmentation modification ratio

Figure 4-6: Extracting jet fragmentation for proton-proton (top) and heavy-ion (mid-
dle) collision using topic modeling results from Fig. 4-4. The extracted topic jet
fragmentation patterns are shown alongside the quark and gluon MC truth jet frag-
mentation patterns. The jet fragmentation modification, represented by the ratio
between PbPb and pp jet fragmentation, is also shown (bottom) for the topics, as
well as quark and gluon.
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error bound. At higher 𝜉, it appears that the extracted topic fragmentation functions

underestimate the values for the quark fragmentation, and overestimate the values

for the gluon fragmentation.

In the jet fragmentation modification plot in Fig. 4-6c, we see a similar rough

matching in the middle, such as between 1 < 𝜉 < 4. However, at 𝜉 < 1, there appears

to be a large discrepancy between quark and topic 1, as well as gluon and topic 2,

assuming the trend that topic 1 is more quark-like and topic 2 is more gluon-like

holds. We also note that while there is a large discrepancy, the errors in these two

bins are also quite large, due to a small value in the corresponding jet fragmentation

bins and thus large relative error. On the other hand, at 𝜉 > 4, there appears to be

a generally close match between the quark and topic 1 ratios, but the ratio for the

gluon is outside the error range for the topic 2 ratio. This is interesting, as previously,

we had seen a closer match between gluon and topic 2, in comparison to the match

between quark and topic 1.

4.2.3 Jet Mass Extraction

In addition to jet shape and jet fragmentation, which measure the distribution of

energy in specified areas of the jet cone, we also perform this exercise on two additional

per-jet substructure observables: jet mass and jet splitting function.

The jet mass is calculated from the jet four-momentum, the total four-momentum

of all the constituents in the jet, and is expressed as 𝑚 =
√︀
(𝐸 + 𝑝𝑧) * (𝐸 − 𝑝𝑧)− 𝑝2𝑇 ,

where 𝐸 is the jet energy, 𝑝𝑧 is the longitudinal momentum of the jet, and 𝑝𝑇 is the

transverse momentum of the jet. To extract the topics’ jet mass histogram using our

topic modeling results, we perform a linear combination on the normalized jet mass

input histograms, 𝐻𝛾+jet(𝑚) and 𝐻dijets(𝑚), using the extracted 𝜅 values:

𝐻1(𝑚) =
𝐻𝛾+jet(𝑚)− 𝜅𝐴𝐵𝐻dijets(𝑚)

1− 𝜅𝐴𝐵

,

𝐻2(𝑚) =
𝐻dijets(𝑚)− 𝜅𝐵𝐴𝐻𝛾+jet(𝑚)

1− 𝜅𝐵𝐴

(4.9)

The resulting topic 1 and topic 2 normalized jet mass histograms for pp and PbPb
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(a) Proton-proton jet mass

(b) Heavy-ion jet mass

(c) Jet mass modification ratio

Figure 4-7: Topic modeling results for proton-proton (top) and heavy-ion (middle)
jet mass, compared to MC truth. Modification of the jet mass in the QGP, as defined
by the ratio of the heavy-ion and proton-proton jet mass spectra is shown as well
(bottom).
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are shown in Fig. 4-7, along with the normalized jet mass histograms for the MC-

labelled quark and gluon samples. The ratio between the PbPb and pp jet mass

histogram bins is shown as well.

For both proton-proton and heavy-ion, the results corroborate previous jet shape

and jet fragmentation results that demonstrate topic 1’s correspondence to the quark

distribution and topic 2’s correspondence to the gluon distribution. While it appears

that the extracted topics are slightly narrower than the quark and gluon “truths”, the

overall shape of the topics seemingly aligns well with the quark and gluon labels.

Furthermore, the modification plot illustrates a strong match between topic 1 and

quark, and topic 2 and gluon, especially in the range where the jet mass histograms

have more statistics, namely [5, 25]. It does appear that topic 1 and quark match

better when the mass is lower, and topic 2 and gluon match better when the mass is

higher, but this is likely a byproduct of the number of statistics in the histogram, since

the quark peak is to the left of the gluon peak. Nonetheless, the jet mass modification

plot seems to demonstrate a good extraction of the quark and gluon values, via the

topics, in each bin.

4.2.4 Jet Splitting Fraction Extraction

The jet momentum splitting fraction observable, characterized by 𝑧𝑔, describes the

momentum ratio of the two leading subjets within the jet. It is defined as 𝑧𝑔 =

𝑝𝑇,2/(𝑝𝑇,1 + 𝑝𝑇,2), which represents the ratio between the 𝑝𝑇 of the subleading subjet

over the 𝑝𝑇 sum of the two leading subjets [28].

In order to find the subjets, we use SoftDrop [29] / mMDT [30] to decluster the

jet’s branching history, until transverse momenta of subjets fulfills SoftDrop condition:

min (𝑝𝑇,𝑖, 𝑝𝑇,𝑗)

𝑝𝑇,𝑖 + 𝑝𝑇,𝑗
> 𝑧𝑐𝑢𝑡𝜃

𝛽 (4.10)

where 𝜃 represents the relative distance between the two subjets. The settings of

SoftDrop used for this analysis was 𝑧𝑐𝑢𝑡 = 0.1 and 𝛽 = 0 [31, 32, 28].

The procedure for extracting the topics is the same as for jet mass. The extracted
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(a) Proton-proton jet splitting function

(b) Heavy-ion jet splitting function

(c) Jet splitting function modification ratio

Figure 4-8: Topic modeling results for proton-proton (top) and heavy-ion (middle)
jet mass, compared to MC truth. Modification of the jet mass in the QGP, as defined
by the ratio of the heavy-ion and proton-proton jet mass spectra is shown as well
(bottom).

31



topics’ splitting functions, along with the MC truth quark and gluon splitting func-

tions, are shown in Fig. 4-8 for both proton-proton and heavy-ion samples. It appears

that the topics match the MC truth labels extremely well for the proton-proton jet

splitting fraction, at least well within the uncertainties. However, for the heavy-ion

sample, it appears that the MC truth labels are at the edge of or slightly beyond the

topics’ error bounds.

Thus, the modification plot, measuring the ratio between the PbPb and pp 𝑧𝑔

values, appears to perform less well than the previous observables’ modification plots.

In the previous observables, we observed that the topic 1 corresponds to the quark

label and topic 2 corresponds to the gluon label. For the splitting fraction, when we

simply compare topic 1 to the quark label or topic 2 to the gluon label, we observe

that the topic and the MC truth values are within (or extremely close to) the error

bounds for one another.

However, if we compare the topics and the MC truths together, it is not obvious

which topic corresponds to which label. Furthermore, comparing the topic 1 and topic

2 splitting fraction modification may result in a different conclusion than comparing

the quark and gluon modification, as the topic 1 results relative to topic 2 differ

from quark relative to gluon. For example, when 𝑧𝑔 > 0.35, the topic 2 (supposedly

“gluon”) ratio is greater than the topic 1 (supposedly “quark”) ratio, while the MC

truth labels show the opposite.
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Chapter 5

Machine Learning Observables

Prior work, as well as results in Section 4, demonstrate that the constituent multi-

plicity performs well as an input when extracting topics that are relatively consistent

with the quark- and gluon-initiated jet MC truth distributions [16]. However, the

observables can be further optimized, for example from machine learning techniques,

to obtain better separability between the quark and gluon topics [20]. Therefore, we

explore the possibilities of utilizing supervised learning and classification without la-

bels (CWoLa) to construct new observables that we can input into the topic modeling

algorithm.

In this chapter, we introduce a supervised learning technique known as linear

discriminant analysis (LDA), present a potential feature vector for jets, and give

an overview of the training technique used in the presence (or absence) of MC

quark/gluon labels. In the next chapter, we will assess the results of the new ob-

servable and compare it to the baseline results from topic modeling based on the

constituent multiplicity input.

For the purposes of this paper, we choose to use LDA given that it is a technique

that can specifically achieve a one-dimensional, linear projection of the data that

maximizes separability between the signal and background classes. In addition, LDA

requires no hyperparameter tuning, which is convenient as a proof-of-concept method.

However, this is not limited to LDA; we could also train a Boosted Decision Tree

(BDT) or (deep) neural network to classify between the signal and background, and
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utilize the (log) probability output as the new observable value.

5.1 Linear Discriminant Analysis (LDA)

Linear discriminant analysis (LDA) is a dimensionality reduction technique that also

operates as a linear classifier, separating two or more classes [33, 34]. LDA attempts

to maximize between-class variance while minimizing within-class variance via a linear

projection of the data.

The between-class variance represents the distance between means of different

classes:

𝑆𝑏 =
𝑚∑︁
𝑖=1

𝑁𝑖(𝑥𝑖 − 𝑥̄)(𝑥𝑖 − 𝑥̄)𝑇 (5.1)

Here, 𝑚 represents the total number of classes, 𝑁𝑖 represents the number of samples

per class, and 𝑥𝑖 represents the mean of the samples within the class.

The within-class variance represents the distance between the samples and the

mean of a given class:

𝑆𝑤 =
𝑚∑︁
𝑖=1

𝑁𝑖∑︁
𝑗=1

(𝑥𝑖,𝑗 − 𝑥𝑖)(𝑥𝑖,𝑗 − 𝑥𝑖)
𝑇 (5.2)

LDA determines the lower-dimensional projection, 𝑃 , such that

𝑃𝐿𝐷𝐴 = argmax
𝑃

|𝑃 𝑇𝑆𝑏𝑃 |
|𝑃 𝑇𝑆𝑤𝑃 |

(5.3)

Once the projection 𝑃 has been determined, we can transform each feature vector,

each representing a jet, in the sample to obtain a single value, which would correspond

to the new observable. The distribution of such LDA-projected values determined

from the input samples are now the new input distributions into the topic modeling

mechanism.
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Figure 5-1: Probability density of constituents in track 𝑝𝑇 buckets for quark-like and
gluon-like jets

5.2 Feature Vector

Here, we introduce the concept of ML multiplicity. A jet’s constituent multiplicity

is simply the count of constituent particles within a jet cone. However, a jet’s track

multiplicity within certain 𝑝𝑡𝑟𝑎𝑐𝑘𝑇 bins is known to be a good quark/gluon discriminant.

Therefore, we can decompose this multiplicity into an 𝑛-dimensional vector, where

𝑛 represents some number of 𝑝𝑡𝑟𝑎𝑐𝑘𝑇 bins and each value in the vector represents the

number of constituents with a 𝑝𝑡𝑟𝑎𝑐𝑘𝑇 within the bin range corresponding to that vector

element index.

In particular, we create a 4-dimensional vector to represent each jet, [𝑥1, 𝑥2, 𝑥3, 𝑥4],

where 𝑥𝑖 corresponds to the following:

𝑥1: # of constituents with 0 < 𝑝𝑡𝑟𝑎𝑐𝑘𝑇 ≤ 1 GeV

𝑥2: # of constituents with 1 < 𝑝𝑡𝑟𝑎𝑐𝑘𝑇 ≤ 4 GeV

𝑥3: # of constituents with 4 < 𝑝𝑡𝑟𝑎𝑐𝑘𝑇 ≤ 10 GeV

𝑥4: # of constituents with 𝑝𝑡𝑟𝑎𝑐𝑘𝑇 > 10 GeV

The sum, 𝑥1+𝑥2+𝑥3+𝑥4, should be equal to the constituent multiplicity of the jet.

Fig. 5-1 shows the probability density of tracks in each 𝑝𝑡𝑟𝑎𝑐𝑘𝑇 bin for both quark and

gluon jets, with respect to the MC label, illustrating that this feature vector may be

appropriate to achieve better quark/gluon discrimination.

This is the feature vector we will feed into the supervised learning algorithm to
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achieve a projection that we can then use for topic modeling. Since this paper focuses

on LDA, we will term the multiplicity projection as the LDA multiplicity.

However, it is also worth mentioning that there are other observables that may

seem promising as well, and potentially even better to use in a realistic collider sce-

nario. Prior work has proven that count observables (such as constitutent multiplicity)

performs better than shape observables with respect to the MC generator truth [20].

However, count observables are also often difficult to accurately measure in realistic

settings and generally not IRC-safe, meaning that any minuscule perturbation will

change the result. In these situations, relying purely on count observables renders

the extension of this algorithm to more realistic data questionable. Other observables

that are also known to be good quark/gluon discriminators are 𝑝𝐷𝑇 [35], LHA (“Les

Houches Angularity” [36]), width (related to jet broadening), and mass (related to

jet thrust) [36, 14, 37].

5.3 Machine Learning Methodology

Previous work has demonstrated as a proof-of-concept that using machine learning

methods to derive an observable can enhance the separation power between quark and

gluon jets, and rely less on count observables [20, 37]. This section will discuss differ-

ent ways to leverage machine learning, namely supervised learning and classification

without labels, to craft new observables.

5.3.1 Quark/Gluon Supervised Learning

Since we are attempting to separate quark- and gluon-like jets, the most straight-

forward and obvious supervised learning exercise is to simply train a classifier to

discriminate between MC-labeled quark jets and MC-labeled gluon jets. Thus, we

are leveraging the fact that we have access to the Monte Carlo “truth” labels to

train a classifier. The approach we use is to train the discriminator on proton-proton

samples, and apply the resulting model to heavy-ion inputs.
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5.3.2 Classification Without Labels (CWoLa)

The downside of the aforementioned technique in the previous section is that it re-

quires quark/gluon truth labels in the data, which we do not have access to in realistic

collider scenarios. However, a previously introduced paradigm known as classification

without labels, or CWoLa, allows classifiers to be trained directly on data in scenarios

where labels may be unknown, such as the given one [37]. Under CWoLa, we simply

need to fulfill the assumptions that the training samples are pure (uncontaminated)

mixed samples. The theorem that describes the principle behind CWoLa is as follows:

CWoLa Theorem. [37] Given mixed samples 𝐴 and 𝐵 defined in terms of pure

sample 1 and 2 with signal fractions 𝑓𝐴 > 𝑓𝐵 in the equations below, an optimal

classifier trained to distinguish 𝐴 from 𝐵 is also optimal for distinguishing 1 from 2

𝑝𝐴(𝑥⃗) = 𝑓𝐴𝑝1(𝑥⃗) + (1− 𝑓𝐴)𝑝2(𝑥⃗),

𝑝𝐴(𝑥⃗) = 𝑓𝐵𝑝1(𝑥⃗) + (1− 𝑓𝐵)𝑝2(𝑥⃗)

The pure sample 1 and pure sample 2 distributions in this theorem correspond

to the base distributions (topics) in the topic modeling algorithm, and by extension,

the quark- and gluon-like jet distributions. The mixed samples are the input dijet

and 𝛾+jet samples, which we will assume fulfills the CWoLa assumption of being

uncontaminated mixtures of quark- and gluon-initiated jets.

The CWoLa paradigm argues that an optimal classifier, ℎ, trained using full su-

pervision to discriminate between the input samples, is the same optimal classifier to

distinguish between the base distributions. Ref. [37] proves this via demonstrating

that the likelihood ratio 𝐿𝐴/𝐵(𝑥⃗) = 𝑝𝐴/𝑝𝐵 is a monotonically increasing rescaling of

the likelihood ratio 𝐿𝑆1/𝑆2 if 𝑓𝐴 > 𝑓𝐵 (if 𝑓𝐴 < 𝑓𝐵, then classifier is reversed).

Though the optimal classifier remains the same, the operating point 𝑐, which can

be interpreted as the classification output threshold value, of the classifier ℎ changes.

While it is possible to directly classify between the signal and background samples if

we know the value of 𝑐, this requires additional knowledge, such some sample where
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the mixture proportions, 𝑓𝐴 and 𝑓𝐵, are known [37].

However, without such a sample, we can still leverage the CWoLa paradigm by

combining it with topic modeling, such as in Ref. [20]. In order to do so, we train

a model on dijet and 𝛾+jet samples, given the feature vectors described in 5.2. The

output of the model is then fed into the topic modeling machinery.

5.4 LDA Application

In order to perform the LDA transformation, we use the TMVA (Toolkit for Multi-

variate Data Analysis) [38] library in ROOT. To form the training set, we construct a

dataset consisting of feature vectors that contain 50% of the 𝛾+jet sample and 50% of

the dijet sample. Each jet in the training set is randomly selected from the respective

input sample.

Once we train the classifier, we apply the LDA transformation to the entire in-

put sample for both 𝛾+jet and dijets. Though traditional machine learning advise

against utilizing the training data for purposes other than training, throwing away

such samples would be quite wasteful.1

In addition, it is worth noting that the test set is somewhat irrelevant in our sce-

nario, because we have not defined an operating point for our classifier. This means

that we are not utilizing LDA for direct classification, and thus the classification accu-

racy does not matter much. If comparisons amongst various types of classifiers (such

as BDTs and neural nets) are desired, the receiver operating characteristic (ROC)

and the area under the ROC curve (AUC) are better summaries than classification

accuracy.

1We tried various combinations here: using the entire sample for training and transformation,
using part of the sample for training and the rest for transformation, using part of the sample for
training and the entire sample for transformation, etc. In practice, there has not been an issue with
using the full dataset for the projection.
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Chapter 6

Machine Learning Observables:

Results

6.1 Quark/Gluon Discrimination

The first approach is to train a classifier to directly discriminate between quark and

gluon jets, using the Monte Carlo simulation labels, on pp data, then apply the

model to PbPb data. The motivation behind training on pp data is because simply

that pp collision simulations are more robust and reliable. Supposing that any QGP

modification is second order effect, the quark/gluon classification should be captured

by pp simulation. Thus, it is more reasonable to start from a better simulation for

training the separation model, then apply the trained model to the PbPb sample.

Topic modeling has also been already been applied experimentally and compared to

simulation on pp collisions at ATLAS [39]. From this approach, we can obtain the

input histogram of the transformed observable values for 𝛾+jet and dijet samples for

both proton-proton and heavy-ion collisions, as shown on the left in Fig. 6-1.

The resulting topics from the LDA-projected histograms are shown on the right in

Fig. 6-1. Comparing these results to the constituent multiplicity results in Fig. 4-4,

they are pretty consistent, with the exception of the heavy-ion topic 2 appearing to

matching slightly better with the MC truth label for the gluon distributions. There-

fore, it appears that including some machine learning to craft another observable can,
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(a) Proton-proton input distributions (b) Proton-proton topic results

(c) Heavy-ion input distributions (d) Heavy-ion topic results

Figure 6-1: The input density distributions and corresponding topic results for pp
(top) and PbPb (bottom) samples, where the 𝑥-axis represents the LDA projection
of the jets’ track 𝑝𝑇 feature vector trained to discriminate between quark and gluon

40



in fact, help improve the performance of the topic modeling, though the effect may

be fairly minimal.

Furthermore, Appendix B contains figures that demonstrate the extraction of jet

substructure plots for both pp and PbPb, as well as the ratio between heavy-ion

and proton-proton jet substructure observables. It appears that for LDA multiplic-

ity trained to distinguish between quark and gluon, the use of supervised learning

does not seem to affect the value of each bin much, but rather simply increase the

uncertainty.

6.2 CWoLa

Given that in a realistic setting, it is impossible to classify individual jets as quark

or gluon jets, so training a classifier to distinguish between them is out of question.

However, we can use the CWoLa paradigm mentioned in Section 5.3.2. The advantage

using CWoLa is that we can train a separate discriminator for the pp and the PbPb

samples, and we have absolute knowledge of the labels used during the classification,

making this approach purely data-driven.

The input LDA-projected distributions and the resulting topics are shown in Fig.

6-2. While it’s not obvious that there is any increased separability between the 𝛾+jet

and dijet samples from the input histograms, the resulting topics do appear to align

better with the MC truth labels.

In the proton-proton sample, topic 1 appears to almost match exactly with the

quark truth, and topic 2 appears to match quite well with the gluon truth. In the

heavy-ion sample, it appears that the results of topic modeling outperform both the

constituent multiplicity results and the LDA results from Sec. 6.1. Topic 1 appears

to “fill out” the top of the quark distribution better than in previous experiment and

topic 2 appears to fit the gluon truth extremely well.

In the figures in Appendix B, it appears that the 𝑝𝑡𝑟𝑎𝑐𝑘𝑇 multiplicity trained us-

ing CWoLa results show potential for improvement over the constituent multiplicity

baseline results. In particular, the pp topic 1 results are noticeably closer to the
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(a) Proton-proton input distributions (b) Proton-proton topic results

(c) Heavy-ion input distributions (d) Heavy-ion topic results

Figure 6-2: The input distributions and output topics for pp (top) and PbPb (bottom)
samples. The 𝑥-axis represents the LDA projection of the jets’ track 𝑝𝑇 feature vector
using the CWoLA paradigm (training to discriminate between the input samples)
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quark truth labels for all four substructure observables (jet shape, jet fragmentation,

jet mass, and jet splitting fraction), while the pp topic 2 results and the PbPb results

appear unchanged.

6.3 Comparing Fractions

While we only need the 𝜅 values in order to calculate the quark/gluon jet spectra

and substructures, we can also compute the fraction of each base distribution in

the input samples and compare the results, as another indicator of topic modeling

performance. Recall Eq. 2.1 represents the input distributions as mixtures of some

base distributions. Rewriting this equation for clarity, we can express the 𝛾+jet and

dijet distributions as:

𝑝𝛾+𝑗𝑒𝑡 = 𝑓𝐴𝑏1(𝑥) + (1− 𝑓𝐴)𝑏2(𝑥),

𝑝𝑑𝑖𝑗𝑒𝑡 = 𝑓𝐵𝑏1(𝑥) + (1− 𝑓𝐵)𝑏2(𝑥)
(6.1)

Thus, 𝑓𝐴 represents the fraction of topic 1 in the 𝛾+jet sample, and 1−𝑓𝐴 represents

the fraction of topic 2 in the 𝛾+jet sample. Similarly, 𝑓𝐵 represents the fraction of

topic 1 in the dijet sample, and 1− 𝑓𝐵, topic 2.

The 𝜅 values are related to the fractions via the following equations [16]:

𝜅𝐴𝐵 =
1− 𝑓𝐴
1− 𝑓𝐵

, 𝜅𝐵𝐴 =
𝑓𝐵
𝑓𝐴

(6.2)

We can derive the expression for 𝑓𝐴 and 𝑓𝐵 from the 𝜅 values in Eq. 2.3:

𝑓𝐴 =
1− 𝜅𝐴𝐵

1− 𝜅𝐴𝐵𝜅𝐵𝐴

,

𝑓𝐵 =
𝜅𝐵𝐴(1− 𝜅𝐴𝐵)

1− 𝜅𝐴𝐵𝜅𝐵𝐴

(6.3)

Therefore, in order to have a better sense of the “accuracy” of each approach,

relative to the true value, we plot the extracted topic 1 fraction values next to one

another in Fig. 6-3, for each input sample. In addition, we also plot the estimated
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(a) pp 𝛾+jet sample (b) pp dijet sample

(c) PbPb 𝛾+jet sample (d) PbPb dijet sample

Figure 6-3: Extracted value of 𝑓𝐴 and 𝑓𝐵 for pp and PbPb samples, compared to
MC quark and gluon truth values. Here, 𝑓𝐴 represents the fraction of topic 1 jets in
sample A (𝛾+jet in this case) and 1− 𝑓𝐴 represents the fraction of topic 2 jets in the
same sample. 𝑓𝐵 and 1 − 𝑓𝐵 represent the fractions of topic 1 jets and topic 2 jets,
respectively, in sample B (dijets in this case).

quark and gluon fractions in the PYQUEN samples, keeping in mind that 𝑓𝑔𝑙𝑢𝑜𝑛 =

1 − 𝑓𝑞𝑢𝑎𝑟𝑘. While the Monte Carlo “truth” values are the closest values we have to

the ultimate truth, this is a gentle reminder that they are not to be taken as the

absolute true. Recall, we match jets to the “truth” particle based on the nearest

matrix element, as determined by ∆𝑅. In addition, we only account for jets in the

sample where the outgoing matrix element is ∆𝑅 < 0.4 from the jet axis, which is

not all the jets in the sample, as stated in Section 3.

In Fig. 6-3, we once again see that topic 1 aligns well with the quark truth

value. For the proton-proton sample, we notice that the constituent multiplicity and
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the quark/gluon-trained result in approximately the same value, but the supervised

learning approach has a larger error, similar to what was observed in the substructure

observables extraction.

The CWoLa-trained result obtains a different value for the fraction, but one that

seemingly overestimates the quark fraction in both the 𝛾+jet and dijet samples. In

the 𝛾+jet sample, we observe that the CWoLa-trained result appears slightly closer

to the truth, while in the dijet sample, we observe that the CWoLa-trained result

appears slightly further from the MC truth. The slight improvement in the 𝛾+jet is

consistent with the analysis for the extracted jet substructure observables in Appendix

B, and it demonstrates that there is potential in creating an observable that improves

performance of the algorithm. Nonetheless, in all three scenarios, the values are quite

close to one another and to the quark truth, all within uncertainty.

In the heavy-ion case, we observe that in both the 𝛾+jet and the dijet samples, we

underestimate the quark sample in all the input scenarios. It is worth noting that this

quark underestimation is a phenomenon also consistent with Brewer’s observations

using topic modeling on a JEWEL dataset [16].

It appears that in both input samples, the quark/gluon training actually results

in a value further from the MC quark truth, while the CWoLa training results in a

value closer to the quark truth. For the quark/gluon-trained observable, this is no

surprise, as the training had been done on a proton-proton sample, and simply applied

to the heavy-ion sample. This could be evidence that perhaps transfer learning for a

new observable is an area that could be explored. Nonetheless, these results appear

consistent with the substructure observable results in Appendix B, as well. In the

dijet sample, the quark truth is within the uncertainty range for the CWoLa-trained

value. Once again, overall, all the results indicate that there is potential for topic

modeling improvement using machine learning.
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Chapter 7

Discussion/Conclusion

In summary, we have corroborated previous proof-of-concept results for fully data-

driven jet topic separation, using Monte Carlo samples from the PYQUEN generator.

The resulting topics from the topic modeling machinery appear to be in good agree-

ment with the MC generator level truths for quark-like and gluon-like distributions,

though there appears to be slight disagreements, especially when extracting the quark

and gluon jet substructure observables. One possible explanation for these disparities

may be that constituent multiplicity is not an optimal input into the topic modeling

algorithm, and additional observables, such as ones derived from machine learning,

may be required to yield better results [20].

On the other hand, one assumption that is made in this algorithm is that the

resulting mutually irreducible base distributions correspond to the quark- and gluon-

like jets. Therefore, another potential reason for the observed differences may be

simply that this assumption does not hold. In other words, the mutually irreducible

base distributions are simply not associated with the quark- and gluon-initiated jet

distributions. Alternatively, it may be possible that the quark- and gluon-like jets in

dijets are slightly different from the quark- and gluon-like jets in the 𝛾+jets, which

violates the assumption that the signal and background distributions are the same in

the mixed input samples. Practically, one could still extract the mutually irreducible

jet topics using the data-driven technique and compare with the same extraction in

the theoretical calculation or predictions from event generators to work around this
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problem.

Another issue is that there are ambiguities in defining the per-jet MC truth label,

as we define the truth labels to only include jets that are within ∆𝑅 =
√︀

∆𝜂2 +∆𝜑2 =

0.4 from a quark or gluon outgoing matrix element, which does not include all jets in

the sample. This implies that our input samples of the 𝛾+jet and dijets, from which

we extract topic 1 and topic 2, are not pure mixtures of quark and gluon jets, as we

have defined them. Perhaps even more unsettling, the labels of “quark” and “gluon”

themselves are fundamentally ambiguous for reasons mentioned in Ref. [14].

One observation that Brewer makes is that the topic modeling algorithm in JEWEL

consistently finds a larger gluon-like fraction compared to the MC labels, which is

consistent in our PYQUEN results as well [16]. This may be attributed to a quark-

initiated jet becoming more gluon-like through gluon radiation, meaning it may be

possible that there are changes to jet structure during the collision that may lead

them to appear either more quark-like or gluon-like.

Nonetheless, our results from PYQUEN-generated Monte Carlo samples corrobo-

rate previous proof-of-concept studies performed using JEWEL, demonstrating that

a fully data-driven technique can potentially be used to extract separate quark and

gluon jet distributions from experimental samples, without additional pieces of knowl-

edge. We further extended the proof-of-concept study by demonstrating that resulting

fractions can be applied to 𝛾+jet and dijet observable values to extract jet substruc-

ture observables, such as jet shape and jet fragmentation. The results also show po-

tential for extracting quark and gluon per-jet substructure spectra, involving per-jet

quantities, such as jet mass and jet splitting fraction. While there are still disparities

between the topics and the MC-labeled quark- and gluon-like values, these results

suggest potential for an experimental determination of quark and gluon jet spectra

and their substructure.

The substructure observables obtained from the topics can then be used to approx-

imate the quark and gluon jet substructure modification in the quark-gluon plasma.

Despite these aforementioned discrepancies, we are ultimately able to extract the

jet substructure modification by observing the ratio between heavy-ion and proton-
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proton jet substructures. While the uncertainty is quite large and sometimes the

topic does not correspond well to the true quark/gluon value, the modification plots

demonstrate that approximate ratio values can be extracted.

Since these deviations may demonstrate limitations of the input observable, we

explore the potential of additional observables, constructed from machine learning,

specifically focusing on LDA. The LDA multiplicity observable, constructed from

feature vectors representing multiplicity in various 𝑝𝑡𝑟𝑎𝑐𝑘𝑇 bins, appears to improve the

discrimination power between the quark and gluon topics. The supervised learning

results illustrate potential for greater quark/gluon mutual irreducibility from an input

observable created from machine learning.

With regards to future work, in addition to training models using multiplicity in

various 𝑝𝑡𝑟𝑎𝑐𝑘𝑇 bins, there are other discriminating observables, such as jet 𝑝𝐷𝑇 , LHA,

width, and mass, that hold quark/gluon separating potential [36, 14, 37]. We hope

to further analyze these observables and utilize them effectively in training additional

machine learning models. Furthermore, there are limitations with the linear nature of

the LDA algorithm. We hope to perform the same analysis using nonlinear models,

such as boosted decision trees and (deep) neural nets, which may allow for improved

quark/gluon discrimination. We encourage further exploration of observables and

models that may ultimately increase the quark/gluon separability of input samples,

improving the results of the topic modeling algorithm.
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Appendix A

Code Availability

The code for this topic modeling analysis can be found at https://github.com/kying18/jet-

topics.
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Appendix B

Figures
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(a) pp multiplicity result (b) PbPb multiplicity result

(c) pp LDA multiplicity result (d) PbPb LDA multiplicity result

(e) pp multiplicity CWoLa result (f) PbPb multiplicity CWoLa result

Figure B-1: Jet shape extraction result for pp (left) and PbPb (right) for the con-
stituent multiplicity topic modeling baseline, followed by topic modeling results per-
formed on supervised learning inputs
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(a) Constituent multiplicity result

(b) LDA multiplicity result

(c) Multiplicity CWoLa result

Figure B-2: Jet shape modification results for the constituent multiplicity topic mod-
eling baseline, followed by topic modeling results performed on supervised learning
inputs
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(a) pp multiplicity result (b) PbPb multiplicity result

(c) pp LDA multiplicity result (d) PbPb LDA multiplicity result

(e) pp multiplicity CWoLa result (f) PbPb multiplicity CWoLa result

Figure B-3: Jet fragmentation extraction result for pp (left) and PbPb (right) for the
constituent multiplicity topic modeling baseline, followed by topic modeling results
performed on supervised learning inputs
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(a) Constituent multiplicity result

(b) LDA multiplicity result

(c) Multiplicity CWoLa result

Figure B-4: Jet fragmentation modification results for the constituent multiplicity
topic modeling baseline, followed by topic modeling results performed on supervised
learning inputs
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(a) pp multiplicity result (b) PbPb multiplicity result

(c) pp LDA multiplicity result (d) PbPb LDA multiplicity result

(e) pp multiplicity CWoLa result (f) PbPb multiplicity CWoLa result

Figure B-5: Jet mass extraction result for pp (left) and PbPb (right) for the con-
stituent multiplicity topic modeling baseline, followed by topic modeling results per-
formed on supervised learning inputs
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(a) Constituent multiplicity result

(b) LDA multiplicity result

(c) Multiplicity CWoLa result

Figure B-6: Jet mass modification results for the constituent multiplicity topic mod-
eling baseline, followed by topic modeling results performed on supervised learning
inputs
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(a) pp multiplicity result (b) PbPb multiplicity result

(c) pp LDA multiplicity result (d) PbPb LDA multiplicity result

(e) pp multiplicity CWoLa result (f) PbPb multiplicity CWoLa result

Figure B-7: Jet splitting fraction extraction result for pp (left) and PbPb (right)
for the constituent multiplicity topic modeling baseline, followed by topic modeling
results performed on supervised learning inputs
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(a) Constituent multiplicity result

(b) LDA multiplicity result

(c) Multiplicity CWoLa result

Figure B-8: Jet splitting fraction modification results for the constituent multiplicity
topic modeling baseline, followed by topic modeling results performed on supervised
learning inputs
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