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Abstract: Transformers have become the primary architecture for natural language
processing. In this study, we explore their use for auto-regressive density estimation in
high-energy jet physics, which involves working with a high-dimensional space. We draw an
analogy between sentences and words in natural language and jets and their constituents
in high-energy physics. Specifically, we investigate density estimation for light QCD jets
and hadronically decaying boosted top jets. Since transformers allow easy sampling from
learned densities, we exploit their generative capability to assess the quality of the density
estimate. Our results indicate that the generated data samples closely resemble the original
data, as evidenced by the excellent agreement of distributions such as particle multiplicity
or jet mass. Furthermore, the generated samples are difficult to distinguish from the original
data, even by a powerful supervised classifier. Given their exceptional data processing
capabilities, transformers could potentially be trained directly on the massive LHC data
sets to learn the probability densities in high-energy jet physics.
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1 Introduction

The Large Hadron Collider (LHC) produces a huge amount of highly structured, high-
dimensional data. Estimating the probability density of this data is a crucial task, as it
allows one to improve experimental analyses, generate synthetic data, or perform anomaly
detection. The LHC data is typically reduced to hand-crafted, high-level features to extract
relevant information, a process that is task-dependent and requires expert knowledge.
Previous machine learning advances in high-energy physics (HEP) have shown the benefits
of using low-level information, which can capture important correlations that may be missed
by high-level observables. However, density estimation in many dimensions is inherently
challenging due to the curse of dimensionality.

Density estimation in HEP has primarily focused on generating data samples that follow
a given distribution p(x), see the reviews [1, 2] and references therein. For this purpose,
the density need not to be tractable, i.e. it is not necessary to be able to calculate p(x) for
given x. Generative adversarial networks (GANs) [3] are an example of models that can
only sample from a distribution. In contrast, normalizing flows [4] allow for both sampling
and likelihood evaluation. Normalizing flows optimize a bijective mapping with a tractable
Jacobian between a simple base distribution and the data distribution, enabling sampling
and likelihood evaluation. However, normalizing flows have the disadvantage of a fixed
input size due to the bijective mapping, and they are typically only applied to high-level
features. While normalizing flows can be applied to high-dimensional physics data, there is
a risk of manifold collapse [5, 6]. Nevertheless, refs. [7–10] provide examples of successful
applications of normalizing flows to such data.
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An auto-regressive approach to density estimation was presented in refs. [11, 12]. This
approach involves clustering the set of particle momenta within a jet into a binary tree,
which is then sequentially analysed by a recurrent neural network. The resulting probability
density can be used for discrimination tasks and generating data samples.

We present a novel method for auto-regressive density estimation in jet physics that
utilizes the transformer-encoder architecture introduced in ref. [13]. Our approach is closely
related to TraDE (Transformers for Density Estimation) introduced in ref. [14], but we
simplify the method to suit our specific needs. Transformers have become the leading
architecture in the field of natural language processing (NLP) [15]. When compared to
recurrent neural networks, transformers offer distinct advantages, especially in handling
long-range correlations and improving training efficiency. Transformers are now being
applied to various HEP tasks, such as jet tagging [16, 17], reconstruction [18, 19], learning
jet representations [20], and data generation [21–23]. These applications modify the
transformer, in particular its attention mechanism, to satisfy desirable physics properties,
such as permutational invariance or explicit pairwise interactions.

We take a different approach and pre-process the data to be more similar to natural
language. To represent jet constituents, we discretize their properties by binning their
transverse momentum, pT , and the difference in rapidity and azimuthal angle relative to
the jet axis, ∆η and ∆φ, respectively. We will argue that this discretization does not result
in significant information loss. The discrete particle states can then be viewed as words in a
dictionary, and the process of combining particles to form jets is analogous to constructing
sentences in natural language processing.

To estimate the density, we use an auto-regressive approach, where the transformer
is trained to predict the probability of a jet constituent p(xi) given all prior constituents
of the jet x1 to xi−1. In this way, we can model the joint density of the entire jet with n
constituents as the product of the probabilities of each constituent

p(x) = p(x1)p(x2|x1) . . . p(xn|x1 . . .xn−1). (1.1)

We introduce a very basic grammar to the language of jets by ordering jet constituents in
pT . The transformer setup is flexible, e.g. it allows density estimation as well as sampling
for jets with varying numbers of constituents. An alternative approach to sampling jets
with variable multiplicity using GANs has been presented in ref. [24].

We use Monte Carlo data to train a standard transformer architecture and determine
the probability density for QCD and top-jets. By evaluating the likelihood ratio of the
densities, we demonstrate that the transformer learns properties specific to the physics of
top and QCD jets. To further assess the quality of the density estimation, we generate data
samples from the learned probability distributions. The generated samples display excellent
agreement with the Monte Carlo data, as demonstrated by distributions such as particle
multiplicity or jet mass, and are difficult to distinguish from the data, even for a powerful
supervised classifier.

This paper is structured as follows: in section 2 we describe the transformer architecture
together with the way we pre-process the data. We show results on density estimation
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as well as sampling in section 3. Finally, we conclude the paper in section 4 and outline
possible future research directions. Additional results are presented in the appendices.

2 Setup

This section provides a detailed description of our setup. Section 2.1 presents the trans-
former architecture, the training procedure, and the sampling from the learned probability
distribution. Section 2.2 introduces the data set and its pre-processing.

2.1 Transformer encoder for density estimation in high dimensions

We use the encoder part of a transformer network as proposed in ref. [13]. As mentioned in
the introduction and discussed in detail in section 2.2, the features of each jet constituent
are discretized, i.e. we consider a large but finite number of different particles, where each
xi in eq. (1.1) is represented by a tuple of integers that describe pT , ∆η, and ∆φ. These
particles correspond to the words in an NLP dictionary. An embedding layer is used to
map the particles back to a trainable continuous representation.

We perform the embedding separately for pT , ∆η and ∆φ. Each embedding consists of
a trainable matrix with rows corresponding to the bins in the corresponding feature and
a fixed number of columns determined by the embedding dimension. We obtain the final
embedding of a particle by summing the three vectors of the embedding dimension. In
NLP, this embedding learns to map words with similar meanings close to each other in the
embedded space.

The embedding is followed by a block of layers with multi-head self-attention, as
implemented in PyTorch [25] as TransformerEncoderLayer. The attention mechanism
allows the network to learn which positions are especially linked. As in NLP, where words
are strongly correlated, the transformer learns the correlations hidden in the jet probability
distribution. The multi-head attention allows the network to consider various correlations
in a single processing step. This block is followed by a final fully connected layer that maps
to the desired output dimension and assigns a probability to each particle of our particle
dictionary using a softmax activation. As we discretized the features, i.e. we work with a
finite dictionary, we only have to deal with probabilities rather than probability densities.
Using Gaussian mixtures, one could also extend the method to continuous features [14].

We have set the embedding dimension and the output dimension of each Trans-
formerEncoderLayer to 256. Our model consists of eight such layers, each with four
heads. We apply LayerNorm and Dropout of 0.1 within and after the last Trans-
formerEncoderLayer. With this setup, our network has about 13M trainable parameters.
These parameters are optimized for 50 epochs using the Adam optimizer [26] with an initial
learning rate of 5 × 10−4, a batch size of 100 and a cosine learning rate schedule with
a final learning rate of 10−6. To maximize the likelihood, we minimize the categorical
cross-entropy loss between the predicted next particle and the actual next particle in a
jet. Given the exploratory nature of this study, we have not performed hyperparameter
optimization. Note that training the transformer model on a NVIDIA Tesla V100 SXM2
GPU takes approximately 5 hours.
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During training we use two masks on our data. A fixed length input is desirable to
ensure an efficient batch training. Thus, we need to perform padding on jets that have
less constituents and mask these padded values using a padding mask. An additional
causal mask is used during training to ensure that the network only uses the preceding jet
constituents x1 to xi−1 when predicting the current jet constituent xi. To technically treat
the first jet constituent on the same footing as the others, we add a meaningless zeroth jet
constituent x0 at the beginning of each jet. For the first particle, the network learns the
marginal distribution over the training set. To indicate the end of a jet, we use a stop token
as discussed in section 2.2, which allows for the density estimation and the generation of
jets with flexible length.

Using the trained network, we obtain the probability p(x) for a given input jet by
multiplying the probabilities p(xi) that the network assigns to the constituents of the jet
(including the stop token), according to eq. (1.1). In practice, we calculate the log-probability
and sum up the logarithms of the individual probabilities. For inference, the causal mask
allows us to obtain the probability for all particles in the jet at once, with a single forward
pass through the network, as was the case during training.

The trained network can also be used to sample jets. However, unlike training and
inference, sampling requires an iterative procedure due to the auto-regressive nature of the
density estimator, which can impact the speed of sampling. To begin the sampling process,
we feed only the zeroth jet constituent into the transformer, and the network provides
the probabilities for the first particle. We then sample according to the probabilities, add
the sampled particle to the jet, and repeat this procedure until a maximum number of
constituents is reached, or the stop token is sampled to indicate that the jet is complete.

As it is well known in NLP, text generation from a transformer network is improved
by suppressing the sampling of extremely unlikely possibilities, see for example ref. [27].
Here, we adopt this procedure by only sampling from the 5000 most likely particles when
predicting the next particle in a jet, which is usually referred to as top-k sampling in NLP.
Our choice of k = 5000 is motivated at the end of section 2.2 after discussing the structure
of the data set. Top-k sampling reduces the generic problem that the transformer is not
able to reduce probabilities for unlikely events to arbitrarily low values. Further discussion
on sampling from the full probability distribution without a top-k restriction is provided in
appendix A.1.

2.2 Data set and data format

To demonstrate the effectiveness of our method, we use the top tagging reference data
set [28] in this study. This data set comprises 2 milllion events, split equally between light
QCD jets and hadronically decaying top jets. The jets are clustered using the anti-kT

algorithm with R = 0.8 and selected with pT ∈ [550, 650]GeV and |η| < 2. The data
set contains the 200 highest pT constituents in each jet. We consider only the 50 highest
pT constituents for training the transformer network, but perform density evaluation and
sampling with up to 100 constituents to emphasize the flexibility of the setup. We use 600k
jets for training and reserve 200k jets each for validation and testing, respectively.
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Figure 1. ROC curves in background rejection 1/εQCD and signal efficiency εtop for top tagging,
using the ParticleNet architecture [30] on continuous and discretized data. The data is discretized
according to the discription provided in the text. The performance matches the ParticleNet
performance stated in ref. [31]. Discretization does not cause a significant decrease in performance.

We represent a jet as a list of its constituents sorted by decreasing pT . While alternative
orderings inspired by physics, such as those derived from jet clustering algorithms [11, 12, 29],
could be employed, we deliberately choose the simple pT order. This choice is based on
the expectation that the transformer model has the ability to learn non-trivial correlations
between the jet components without the need for complex task-specific jet setup. For each
constituent i, we use pT,i, ∆ηi = ηi − ηjet, and ∆φi = φi − φjet as features. We discretize
these features by binning. We divide the range [−0.8, 0.8] (set according to the jet radius)
into 29 equidistant bins for both ∆η and ∆φ. A similar binning is performed when using
jet images. To account for the steeply falling pT spectrum, we work in log-space and use 39
equidistant bins in the range [log(pT )min, log(pT )max], where 99.9% of all jet constituents in
the training data satisfy pT > log(pT )min, and log(pT )max is defined by the constituent with
the largest pT . We add a bin 0 as an underflow bin and use bin 40 and 30 as an overflow
bin for pT and ∆η,∆φ, respectively. Each constituent is then described by three integers
corresponding to the respective bins p̂T ∈ [0, 40], ∆η̂ ∈ [0, 30], and ∆φ̂ ∈ [0, 30]. These
tuples of integers serve as input for the transformer network.

As described in section 2.1, we map these tuples of integers back to a continuous space
using an embedding. One could argue that we could instead directly use the continuous values
of the features as input. However, we will sample discrete values. These sampled constituents
are successively used as input to sample consecutive constituents. Using continuous values
during training and discrete values for sampling might reduce the sampling accuracy.

To determine if a significant amount of information is lost using discretized data,
we train a ParticleNet classifier [30] to distinguish between top jets and light QCD jets.
We excluded features related to the energies of jet constituents or the jet itself, as this
information is lost with the features selected for density estimation. The ROC curves for
this classifier for both continuous and discrete data, see figure 1, show that there is indeed
no significant loss of information for this task. The same ParticleNet classifier is later used
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Figure 2. Number of distinct particles that are present at each constituent position.

in section 3.2 to assess the quality of our generated samples. Specifically, the classifier is
tasked with distinguishing between the generated samples and the actual data.

To indicate the end of a jet, we utilize a stop token, which is always a possible prediction
for the next particle. To ensure that the network can generate jets with varying numbers of
constituents, the stop token is added to the particle dictionary as an additional particle.
During training, the stop particle is only added as the last particle of the jet if the jet has
less than N constituents, where N = 50 is the maximum number of training constituents.
This approach enables the network to learn what constitutes a complete jet and allows
the generation of jets with more than N constituents. The probability of a jet with
n < N constituents includes the probability of the stop token appearing at constituent
position n+ 1.

Note that not all possible particles are present in the training data; for QCD jets,
roughly 35% of particles are absent from the training set. Figure 2 illustrates the number
of distinct particles present at each constituent position, with less than half of the possible
states being populated even at the peak, and a sharp drop in numbers for positions above
20. Some particles may be present in a more extensive training set, and it is part of the
task of density estimation to also extrapolate the density into these regions. However, quite
a few particles will actually have zero probability. Sampling from those particles might
lead to unsatisfactory results because the transformer cannot suppress the probability of a
particle to zero. To avoid this problem we use top-k sampling as introduced at the end of
section 2.1. To sample mostly from particles that are present in the training set we chose
k = 5000. We found that varying k by a factor of two did not have a significantly impact
on the results presented in section 3.

3 Results

Employing the setup described in section 2, the transformer is trained to learn the density
of QCD and top jets. Learning the density in a high-dimensional space is challenging,
and evaluating the accuracy of the density estimate is equally difficult. In section 3.1, we
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Figure 3. Left: distribution of the estimated jet probability (100 leading constituents) for the QCD
jets (black) and the top jets (blue) in the data set. The transformer is either trained on QCD jets
(solid) or top jets (dashed). Right: correlation between the estimated probability and the number of
constituents. Contours contain 25%, 50% and 75% of the density using a kernel density estimate
(on 50k of the test set). The dashed line shows the jet probability obtained by assigning the same
probability to each particle in our dictionary, i.e. log(p) = log(1/Nd)× n, where Nd is the size of
our particle dictionary and n is the number of constituents for a given jet.

describe some aspects of our density estimate, specifically the learned jet probabilities.
Additionally, in section 3.2, we discuss the generation of jets by sampling from the learned
probability distribution to further evaluate the quality of the density estimate.

3.1 The density estimate

The transformer assigns a probability to a given input jet. The distributions of all jet
probabilities are shown in figure 3 (left). While we train on the 50 leading pT constituents,
we show the probability taking into account the 100 leading pT constituents. As we will
see below, the transformer accurately extrapolates to larger jet multiplicities that are not
present during training. Note that there is no computational limit to using more constituents
for training. We have used 50 constituents to demonstrate the extrapolation capabilities of
the sampling. While each individual jet has a small probability, the jet probabilities vary
extensively, primarily due to different jet multiplicities.

The correlation between the number of constituents and the probability assigned to a jet
is shown in the right panel of figure 3. The probability decreases approximately exponentially
with increasing number of constituents, because each jet constituent introduces an additional
factor in eq. (1.1). To guide the eye, the probability for a uniform prediction for all particles
in our particle dictionary is included in figure 3. The decrease in probability for higher
multiplicity is (partly) compensated by an increase in the phase space for the jets, i.e. in the
number of possible jet realizations, and results in the well-known multiplicity distribution
to be discussed in section 3.2.

In figure 3 (left), we also display the probability distribution for top jets, which the
network did not encounter during training. The distribution for top jets is shifted toward
smaller probabilities, mainly due to their larger multiplicities. As shown in the right panel
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Figure 4. Left: Log-likelihood ratio s for top and QCD jets. Right: ROC curves for top vs. QCD
classification; the supervised ParticleNet classifier [30] is shown for comparison.

of figure 3, the distribution has approximately the same slope but is shifted to higher
multiplicities. The distinction between QCD and top jets based on their underlying physics
can be evaluated by training the transformer on top jets (represented by the dashed lines in
figure 3). As expected, training on top jets, the distribution of probabilities indeed shifts to
larger probabilities for the top jets and to smaller probabilities for QCD jets. Although this
shift is small compared to the trivial multiplicity offset, it encodes the different physics of
the two jet types, since the probabilities for a given jet still change by orders of magnitude.

To demonstrate that the transformer not only learns some generic properties but indeed
QCD and top specific features, we investigate the classification performance of the likelihood
ratio, see also refs. [11, 12, 32]. We calculate s = log(pt(x))− log(pq(x)) for any given jet,
where t and q represent training on top and QCD jets, respectively. If the densities were
perfectly estimated s would be the ideal classification score and monotonically related to the
score of an ideal supervised classifier. We show the distribution of s for top and QCD jets
in the test set in figure 4 (left), together with the resulting ROC curve (right). While the
likelihood ratio calculated from the low-level features of the jets is not expected to match
the performance of a fully supervised classifier like ParticleNet [30], it still demonstrates
some separation capability. Refining the training of the models within the classification
framework, as demonstrated in ref. [12], could potentially further optimise the discriminative
power. In addition, we believe that a significant improvement in the performance of the
likelihood-based classifier can be achieved by increasing the amount of training data, as
the current limitation appears to be due to overfitting with a training set consisting of
only 600k jets. Notably, evaluating the likelihood-based classifier on the training set even
outperforms ParticleNet.

3.2 Jet generation

In this section, we employ the transformer network as a generative model to sample jets.
The transformer network is trained as described in section 2 using the 600k light QCD
training jets. While the network is only trained on the 50 leading pT constituents, it samples
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Figure 5. Comparison of data and sample distributions for QCD jets. We compare the particle
multiplicity (top left), log(pT ) (top right), ∆η (bottom left), and mjet (bottom right) distributions
of all jet constituents. We use 200k jets for both the generated samples as well as the data from the
test set.

jets with an arbitrary number of constituents with high fidelity. Generating jets with up
to 100 constituents takes ∼20ms per jet when sampling from the full distribution. The
sampling time is slightly reduced for top-k sampling.1 Where we compare jet samples with
our test data, we use discretized values for both.

In figure 5, we compare distributions of 200k sampled events with those from the test
set data. The results for the particle multiplicity are particularly interesting. We observe
that the transformer does not only learn the multiplicity as seen in the training set where
the number of constituents is truncated at 50. The transformer is also able to extrapolate
the multiplicity to larger values. Hence, it learns the structure of jets to the extent that it
knows how to terminate them.

In figure 5, we also present the distributions of the input features pT and ∆η, along
with the jet mass calculated assuming massless constituents and the central values for the
input features in each bin. We do not show the distribution of ∆φ for brevity since it closely
resembles that of ∆η. The pT distribution of all constituents is accurately reproduced,
and the jet mass is well-reproduced. Although the angular distributions exhibit some
minor deviations, with the sampling being slightly too central on average for QCD jets, the
generated samples show an impressive overall agreement with the data.

1Timing was tested on a NVIDIA Tesla V100-SXM2-16GB GPU, generating 10k jets with a batch size
of 100.
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Figure 6. ROC curves for a ParticleNet classifier to distinguish 200k generated samples from the
200k jets of the test data set. We display three separate curves, each corresponding to independent
training, sampling, and classification. The dashed line shows the ROC curve of a random classifier.

To assess the quality of our generated samples beyond one-dimensional distributions,
we train a ParticleNet classifier (see section 2) to differentiate between the samples and
the data. This is an important test because generative models often produce samples
that are easily distinguishable from the real data by a classifier (see for example the
discussion in refs. [7, 10]). The resulting ROC curves, shown in figure 6, indicate that our
generative model produces samples of high fidelity. We display three separate curves, each
corresponding to independent training, sampling, and classification. Despite the ParticleNet
classifier’s high discriminative power, its AUC score of 0.62 is only slightly better than
random. The success of our generative model in passing this test can be attributed to its
excellent density estimation capabilities. Results for sampling without applying the top-k
method are discussed in appendix A.1. Results for evaluating the quality of the density
estimation for top jets by sampling can be found in appendix A.2.

4 Conclusion

Transformers are extremely powerful deep learning architectures that have set new standards
in natural language processing. In particular, large and powerful models can be trained if
sufficient amounts of data are available. In this study, we investigate the use of transformers
for determining probability densities in jet physics. We consider low-level information, such
as the transverse momentum and angular position of the jet constituents, rather than relying
on hand-crafted high-level features. While low-level information can capture important

– 10 –



J
H
E
P
0
6
(
2
0
2
3
)
1
8
4

correlations in the data, density estimation in such a high-dimensional space remains a
challenging task.

We draw an analogy between sentences and words in natural language and jets and their
constituents in high-energy physics. To make the data more similar to natural language, we
pre-process the features of the jet constituents by discretizing them. We have shown that
this discretization does not lead to a significant loss of information. The discrete particle
states can then be viewed as words in a dictionary, and the process of combining particles
into jets is analogous to constructing sentences in natural language processing.

We use an auto-regressive approach to determine the probability density of QCD and
top-jets. In this approach, the transformer is trained to determine the probability of a jet
constituent given all the previous constituents of the jet. The design of the transformer is
flexible, allowing for both density estimation and the generation of artificial jet samples
with different numbers of constituents.

We train a standard transformer architecture on 600k Monte Carlo data to determine
the probability density for QCD and top-jets. By evaluating the likelihood ratio of the
densities for QCD and top-jets, we demonstrate that the transformer learns properties
specific to the physics of top and QCD jets. To assess the quality of the density estimation
in more detail, we use the transformer to generate data samples from the learned probability
distributions. To suppress the sampling of extremely unlikely particle configurations, we
utilize top-k sampling, a method commonly used in natural language processing.

The generated data samples exhibit impressive overall agreement with the data, as
demonstrated by the excellent agreement of distributions such as particle multiplicity or jet
mass. Additionally, the generated samples are difficult to distinguish from the data, even
for a highly powerful supervised classifier, a feature which is hard to achieve with other
generative models on low-level LHC data.

Our analysis has shown that transformers can effectively learn the probability densities
of jets. Given their ability to process vast amounts of data, larger and more powerful
transformers can be trained on the enormous data sets generated so far at the LHC and
expected in the future.

Moving forward, also our specific study on jets can be extended in several directions.
One interesting avenue is investigating how the transformer architecture can be generalized
to continuous variables, either by turning to Gaussian mixture models or even in a more
straightforward way by increasing the particle dictionary to a size where the binning is
practically irrelevant. Another promising direction is optimizing the hyperparameters and
increasing the training data to further improve the performance of the model. We plan to
pursue these questions in a future publication.
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A Further results

A.1 Sampling QCD jets from the full distribution

In the main part of the paper, we present the results of sampling using the top-k method,
with a value of k = 5000. For more information, see section 2.1. In figure 7, we show
the results when sampling from the full probability distribution, as estimated by the
transformer. While the multiplicity and transverse momentum distributions, as well as the
angular distributions, are almost identical to those obtained through top-k sampling, there
is a slight oversampling of the multiplicity distribution in the overflow bin. Moreover, we
observe an unphysical tail at high jet masses, indicating that the transformer is oversampling
very unlikely particle configurations that it cannot adequately suppress.

In figure 8, we show the ROC curve obtained through a ParticleNet classifier used to
differentiate between the samples from the full probability distribution and the data. While
the ROC curve appears similar to that of the top-5k samples for large εsample, there is a
slightly larger fraction (about 5%) of sampled events that can be easily separated from
the data. With top-k sampling this fraction can be reduced to the 1% level, because less
unphysical jets are sampled from the low-probability region where the transformer struggles
to suppress these probabilities efficiently.

A.2 Sampling top jets

In figure 9, we present distributions of various observables for sampled top jets. Compared
to QCD jets, the multiplicity distribution of the data is somewhat less well-reproduced for
top jets. This is perhaps not surprising, as our training only includes 50 constituents, which
captures only a fraction of the complexity of a typical top jet. However, the one-dimensional
distributions in log(pT ), ∆η and mjet are well-reproduced, with a level of agreement between
the samples and data similar to that for QCD jets.

Figure 10 shows the ROC curves for classification between the top jet samples and
the data. Compared to figure 8 for QCD jets, we observe a slightly better separation
between the samples and the data for top jets, with an AUC score of about 0.7 for the top-k
results. We also observe a wider spread in the results obtained by independent training,
sampling and classification, and a stronger influence of sampling from the 5k most probable
particles compared to QCD jets. These results suggest that more extensive training on
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Figure 7. Comparison of data and sample distributions for QCD jets. As in figure 5, but now
including the distributions obtained from sampling the full probability distribution (blue curve).
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Figure 8. ROC curves for a ParticleNet classifier to distinguish 200k generated QCD jet samples
from the 200k jets of the test data set. As in figure 6, but now including the ROC curves obtained
from sampling the full probability distribution (blue curve).
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Figure 9. omparison of data and sample distributions in jet multiplicity, log(pT ), ∆η and the jet
mass mjet for top jets. We show the distributions obtained from top-k and full sampling.

a larger data set is required to further improve the probability density of top jets, which
have an inherently more complex structure than QCD jets. We will address the need for
more comprehensive training, including a larger number of constituents and a much larger
training data set in future research.
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Figure 10. ROC curves for a ParticleNet classifier to distinguish 200k generated top jet samples
from the 200k jets of the test data set. We show three ROC curves corresponding to independent
training, sampling, and classification for top-k and full sampling, respectively.
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