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We introduce 1P1Q, a novel quantum data encoding scheme for high-energy physics (HEP), where each
particle is assigned to an individual qubit, enabling direct representation of collision events on quantum
circuits without classical compression. We demonstrate the effectiveness of 1P1Q in quantum machine
learning (QML) through two applications: a quantum autoencoder (QAE) for unsupervised anomaly
detection and a variational quantum circuit (VQC) for supervised classification of top quark jets. Our results
show that the QAE successfully distinguishes signal jets from background quantum chromodynamics
(QCD) jets, achieving superior performance compared to a classical autoencoder while utilizing
significantly fewer trainable parameters. Similarly, the VQC achieves competitive classification perfor-
mance, approaching state-of-the-art classical models despite its minimal computational complexity.
Furthermore, we validate the QAE on real experimental data from the CMS detector, establishing the
robustness of quantum algorithms in practical HEP applications. These results demonstrate that 1P1Q
provides an effective and scalable quantum encoding strategy, offering new opportunities for applying

quantum computing algorithms in collider data analysis.
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I. INTRODUCTION

The unprecedented collision energies achieved at latest-
and next-generation colliders, like the Large Hadron
Collider (LHC) and the Future Circular Collider (FCC),
produce vast amounts of particle-level data, challenging the
limits of conventional data analysis techniques in high
energy physics (HEP). With the increasing complexity of
these datasets, novel approaches that leverage cutting-edge
computational paradigms have become indispensable.
Machine learning (ML) has established itself as an indis-
pensable tool for analyzing HEP data in recent years,
leading to significant advancements in tasks such as event
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classification, anomaly detection, and parameter estimation.
An emerging frontier in this field is to extend these
techniques to the quantum domain, leveraging quantum
machine learning (QML) to enhance data analysis capabil-
ities. Quantum computing, with its ability to exploit super-
position, entanglement, and interference, offers a promising
framework to address some of the most intricate challenges
in HEP [1-3].

Any quantum machine learning algorithm consists of
three key components: (1) the data encoding, which maps
classical data onto quantum states; (2) the quantum model,
typically implemented through quantum circuits and quan-
tum operations such as entanglement between qubits; and
(3) the loss function, whose optimization is crucial for
training the quantum model. While substantial efforts have
been devoted to designing quantum models and optimizing
loss functions [4—13], the choice of data encoding remains a
critical yet underexplored aspect of QML for HEP appli-
cations. In this work, we propose a new encoding scheme
tailored to HEP data, which we call 1 particle-1 qubit
(1P1Q). This encoding strategy assigns a separate qubit to
each particle, enabling an effective representation of collider
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events within quantum circuits without prior data compres-
sion. Establishing a direct correspondence between particles
and qubits is warranted to advance the usefulness of
quantum computing for HEP in particular upon entering
an era in which crucial LHC measurements reveal the
quantum mechanical nature of the imprints left behind by
the collisions, such as the recently observed entanglement in
top quark pair production [14,15].

We demonstrate the effectiveness of 1P1Q-based QML
models in processing HEP data by employing two distinct
approaches: a quantum autoencoder (QAE) [16] for unsu-
pervised, unlabeled learning and a variational quantum
circuit (VQC) [17] for classification tasks. The QAE
compresses quantum states by learning a lower-dimensional
latent representation, making it well-suited for anomaly
detection in collider physics, while the VQC employs a
parametrized quantum circuit to discriminate between
different class categories based on learned quantum fea-
tures. Both methods fully exploit the kinematic information
of particles encoded via the 1P1Q scheme, using the
quantum state representation to retain and process intricate
correlations between particles. Such information is at risk of
being lost in existing approaches [18-25], which first
encode the information of the collider events into an
abstract, typically compressed, latent representation using
classical machine learning algorithms or domain-inspired
high-level features. Instead, 1P1Q guarantees more imme-
diate access to the raw information of collider events and
allows for the direct exploitation of their content using
quantum variational circuits. 1P1Q therefore also provides a
natural way of extending the input space as quantum
computers and their simulators can accommodate more
and more qubits.

We apply the QML models to one of the most well-
established use cases of classical machine learning in HEP:
the discrimination of hadronically decaying resonances
from the overwhelming background of QCD jets.
Identifying such resonances, including those from top
quarks, Higgs bosons, or hypothetical new physics states,
is crucial for advancing our understanding of fundamental
interactions. We find that for this task, VQC and QAE
models acting on 1P1Q-encoded particle information
result in highly performant QML algorithms, equal to or
even better than comparable classical counterparts in the
case of the QAE.

For the first time, our study explores QML in HEP using
actual experimental data recorded by the CMS detector [26]
in 2016. This real-world application provides a critical test
of the robustness and feasibility of QML strategies in
general, and 1P1Q in particular, beyond simulated datasets.
By demonstrating that QML models can be trained on and
extract meaningful physics from real collision events, we
show that 1P1Q can become a modern, lossless collider
data encoding framework as quantum computing hardware
advances.

In the following, we present the formulation of the 1P1Q
encoding, explore its theoretical underpinnings, and discuss
its potential applications to jet physics at the LHC and
future colliders with the examples of anomaly detection and
a supervised classifier. We demonstrate how this encoding
captures the essential kinematic features of jets and show-
case its utility in leveraging quantum algorithms to analyze
jet substructure, and compare to state-of-the-art classical
machine learning algorithms.

II. 1IP1Q—PARTICLE ENCODING

In collider measurements, reconstructed particles are
kinematically fully described by three key parameters:

the transverse momentum pr = ./p2+ p%, where p,

and p, are the momentum components in the transverse
detector plane, the pseudorapidity #, and the azimuthal
angle ¢. The pseudorapidity # is related to the polar angle v
of the particle’s trajectory by 1 = —Intan(v/2), which
provides an approximation of the rapidity in high-energy
regimes. Finally, the azimuthal angle ¢ describes the
particle’s direction in the transverse plane and is measured
relative to a chosen reference axis. Together, these three
quantities specify the particle’s momentum.

The 1P1Q method directly encodes the kinematics of a
particle on a qubit. The pseudorapidity 7 and the azimuthal
angle ¢ of the particle, modulated by the transverse
momentum pr normalized to the pt of the jet, are used
as spherical coordinates on the Bloch sphere to orient the
qubit, enabling a compact and information-rich represen-
tation of each particle as a quantum state that is not
dependent on the energy scale of the jet, thus facilitating
a straightforward transition to the quantum domain. These
feature encodings, represented by rotation angles about the
Y and X axes respectively, are then additionally scaled by a
factor f = f(w) constrained to lie between [I,27z + 1],
where w is a trainable parameter. This ensures the particles
can spread out across the Bloch sphere instead of clustering
too closely around its North Pole. The encoding can then be
summarized as

o Pr

e (n— ) = 0 (1)
FP - d) )
PT jet

(pr.n.#) = lw) = Rx(@)Ry(0)[0)
= a(6,9)[0) + $(6.9)(0) (3)

2

1
f= +1—|—e‘w

(4)

In the above equations, we take the coordinates # and ¢
relative to the jet axis. While LHC collisions can result in
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Bloch sphere: Effect of the input scaling described in Eq. (4) when applied to the ten hardest particles of a QCD and top jet with

comparable jet pp. The value of w converges to a scaling factor f = 7.268 for the VQC.

hundreds of final-state particles, we limit our studies to the
intrinsic structure of jets rather than entire events due to the
limitations of currently available quantum computers and
their simulators. Studying the substructure of jets can be a
very powerful way to disentangle boosted, hadronically
decaying electroweak-scale or beyond-the-standard-model
resonances from QCD-induced jets [27]. Furthermore, in
order to allow for efficient simulation of our quantum
circuits on a simulator, we limit our study by using up to ten
hardest jet constituents, which are expected to carry most of
the information relevant to jet substructure analysis.
Figure 1 shows an example of the encoding for the ten
hardest particles in a jet from a top quark decay (red) and in
a QCD light-flavor jet (blue). Each particle is encoded on a
different qubit. As can be seen, the encoding is rooted in the
kinematic structure of jets, mapping angular coordinates
and transverse momentum to the Bloch sphere to preserve
geometric and energy correlations among constituents. The
scaling function f in Eq. (4) increases the angles on the
Bloch sphere.

III. ANOMALY DETECTION
AND CLASSIFICATION WITH 1P1Q

Anomaly detection has emerged as a pivotal tool in
model-agnostic searches for new physics, where the only
assumption is that deviations from Standard Model sig-
natures are present [28]. Using classical machine learning,
unsupervised learning models based on autoencoders are
employed as efficient tools for anomaly detection [29-31].
These work by compressing the input data into a lower-
dimensional latent space and attempting to reconstruct the
input, highlighting anomalous events through elevated
reconstruction errors.

Quantum autoencoders extend this paradigm to quantum
devices [16]. A QAE consists of an encoder and a decoder
implemented via variational quantum circuits. The encoder
compresses the input quantum state into a smaller latent
representation, discarding qubits as necessary. The decoder

then reconstructs the input from this latent state using the
Hermitian conjugate of the encoding operators. To achieve
dimensionality reduction in the latent space, QAEs replace a
certain number of qubits (hereafter referred to as N, trash
states) with N..; = N, reference states that are initialized
to |0), thus creating an information bottleneck. The unitary
transformations within the QAE consist of a combination of
parametrized single-qubit rotations and multiqubit entan-
gling gates, such as the controlled NOT (CNOT) gate. Using
specific examples, QAEs have shown first successes com-
pared to classical AEs regarding training efficiency and
performance (e.g., [16]).

To demonstrate the applicability of 1P1Q in a QAE, we
use Egs. (1) and (2) to encode information into a QAE with
an architecture following the left circuit of Fig. 2. For
illustration purposes, the figure shows a 4-particle-input
example, while the QAEs trained are using 6, 8, and 10
particles as input, respectively. To allow the network to
learn higher-order nonlinear terms, we entangle all possible
pairs of qubits using two-qubit CNOT gates. To ensure the
network learns an optimal representation of the input space,
we apply three parametrized rotations, one along each axis
of each qubit. The entanglement and rotation operations are
summarized in Eq. (5).

U<®>=(éRm)RY(eoRz(wi))@( ® ) ©

I<i<j<N

The QAE is trained to reconstruct jets initiated by light
quarks or gluons. We expect this reconstruction quality,
defined as the fidelity between the trash and reference states,
to differ between signal and background, thus providing a
degree of separation.

In addition, we demonstrate that the 1P1Q encoding can
just as well be used for classification within a supervised
learning paradigm. For this task, we use a VQC [17] that
learns to separate signal and background classes, in this case
jets from hadronically decaying top quarks versus jets
initiated by light quarks or gluons.
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FIG. 2. QAE circuit (left) used for anomaly detection. VQC (right) used for supervised classification. Example circuits with 4 and 8

input particles, respectively.

The VQC architecture is similar to that of the QAE, with
features being first encoded into the circuit using the
procedure outlined in Egs. (1)—(4), followed by entangle-
ment operations using two-qubit CNOT gates to allow for
the introduction of nonlinear terms into the network. Only
adjacent qubits are entangled for the VQC, which we find
gives the best performance. Three trainable rotation gates
are applied to each qubit, as summarized in Eq. (6). Unlike
the QAE, which is optimized by maximizing the fidelity
between the trash and reference states, the VQC is opti-
mized by performing a measurement on the first qubit which
is bound in [—1, 1] and comparing it to the ground truth
label. The VQC circuit is shown in Fig. 2 for an input of
N = 8 particles.

N
Uu®) = (g RX(¢i)RY(9i)RZ(wi))

N
® (@ Ci(i+1)mod N) (6)

We highlight that for an input space comprising
of the N hardest input particles per jet, the QAE requires
only 3N +1 trainable parameters to learn a suitable
reconstruction of the inputs. Likewise, the VQC requires
only 3N 42 parameters (the extra parameter of the
VQC being a trainable bias term that is added to the
measurement).

IV. RESULTS AND BENCHMARKING

We train the QAE on two different sets: simulated QCD
jets from the JetClass dataset [32], and real jet data recorded
with the CMS Detector in 2016 [33], which is >99% pure in
QCD jets. For the first time, to our knowledge, Fig. 3 shows
that a QAE trained on real experimental data is comparable
in performance to one trained on simulated events, when
applied to the task of differentiating between simulated
QCD events and simulated signal models. This suggests that
a QAE using 1P1Q encoding, despite not using high-level
information, can extract the underlying physics of the jet

based on the individual particles encoded onto qubits and is
neither corrupted nor biased by the detector response.
Figure 4 illustrates the AUC scores as a function of the
quantum fidelity metric (1 — Fidelity)qcp, for different QAE
configurations trained on either simulated JetClass QCD jets
(dashed lines) or real CMS data (dotted lines). The three
panels correspond to different input sizes, namely 6, 8, and
10 jet constituents, respectively, while different marker
shapes indicate varying latent space sizes. Across the
various configurations, we observe a trend that higher
AUC scores correlate with increased (1 — Fidelity)qcp,
indicating that the fidelity loss serves as a useful proxy
for anomaly detection performance. The discrimination is
particularly strong for top quark jets (r — bgq’, red), which
consistently achieve the highest AUC scores, followed
by Higgs decays to bottom quarks (H — bb, blue).

101 QAE trained on JetHT CMS Data (2016)
FT T T T T T T
JetHT CMS Data (2016) (>99% QCD Jets)
q/g jets (JetClass)
F—— t—obgq
100; e
2
c
)
3101 ?
5 b
o
P
102F E
10°F I | ! ! ! E
97.0 975 98.0 985 99.0 995 100.0
Quantum Fidelity (T|R) (in %)
FIG. 3. Quantum fidelity distributions for a system with 10

input qubits and a latent space of 2 qubits.
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FIG. 4. AUC scores vs (1 — Fidelity)qcp for different QAE configurations. Models trained on simulated (dashed) and real CMS data
(dotted) show consistent trends, with larger input sizes and higher fidelity loss correlating with improved anomaly detection

performance.

The similarity in trends between models trained on real
and simulated data highlights the robustness of the QAE in
learning fundamental jet substructure features independent
of dataset origin. Additionally, larger input sizes tend
to improve performance, suggesting that incorporating
more jet constituents provides richer representations for
classification.

To benchmark the performance of the 1P1Q-encoded
QAE against a classical counterpart, we trained on simu-
lated QCD jets and considered as anomalies to this back-
ground the signals of hadronic W boson, Higgs boson and
top quark decays. While the QAE has a simple structure of
10 input qubits, followed by the circuit of Fig. 2 (left) and a
latent space of 2, the classical autoencoder (CAE) model is
allowed to be significantly larger, consisting of an encoder
model containing an input feature vector of size 30, to be
able to encode the same number of features encoded on the
QAE, followed by dense layers of size 20-16-12 and a
latent space 6. The decoder of the CAE has an identical,
yet inverse, structure.

The QAE achieves superior performance compared to
the CAE across all signal types, as seen in Table I. The

TABLE 1. AUC scores for QAE vs CAE, trained on a
10-particle input space.

Signals
Algorithm W - qq H — bb t— bqq
QAE 0.715 0.774 0.872
CAE 0.671 0.739 0.858

QAE maintains this advantage despite having only 31
trainable parameters, in contrast to the CAE’s ~2,500
parameters, demonstrating the potential of quantum

104 T T T T LI — Lo — L |
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— VQC (IP1Q) | AUC = 0.885 | REJggy = 4.49
ParT | AUC = 0.898 | REJ g9, = 3.89
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Signal Efficiency (TPR)
FIG. 5. Comparison of ROC curves for the VQC and particle

transformer. The VQC trained on the 1P1Q-encoded dataset
closely matches the performance of the state-of-the-art particle
transformer, despite using significantly fewer trainable parame-
ters, with both being trained on the same number of events and
input size of 10 particles.
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machine learning to capture relevant physics with a
significantly reduced model complexity efficiently.

For the supervised classification task, we employ the
VQC to distinguish jets originating from top quark decays

(t —» bqq’) from those initiated by light quarks or gluons.
Figure 5 presents the receiver operating characteristic
(ROC) curves comparing the VQC trained on the 1P1Q-
encoded dataset against the state-of-the-art particle trans-
former (ParT) classifier [34], both trained using the 10
hardest particles per jet, and the same dataset of 1000 jets.
The ROC curve demonstrates that the VQC achieves strong
classification performance, with an AUC score of 0.885.
Although the ParT model achieves a slightly higher AUC
of 0.898, the VQC remains competitive despite having
significantly fewer trainable parameters (32 vs over 2 mil-
lion). Furthermore, for high signal efficiencies (>80%), the
VQC yields better background rejection than the particle
transformer.

This result shows the efficiency and potential of quantum
machine learning models in jet classification tasks, espe-
cially when using the 1P1Q particle encoding. Such a
quantum machine learning method offers competitive
performance to classical state-of-the-art frameworks with
drastically reduced computational resources.

V. 1P1Q ENCODING ABLATION STUDY

The expressivity and efficiency of a quantum machine
learning approach are jointly defined both by the model
(e.g., QAE or VQC) and the encoding step that maps
classical data onto a quantum device. Thus, to assess the
models’ ability to utilize the information provided by the
1P1Q data encoding, we successively reduce the features
encoded on each qubit and observe the resulting perfor-
mance degradation.

Table II shows the impact of different input feature
combinations within the 1P1Q encoding scheme on clas-
sification performance. The best AUC scores are achieved
when all three features (pr, 7, ¢) are included, suggesting
that the full kinematic variables contribute significantly to
the model’s performance. When one feature is removed, we
observe a performance drop, with the most pronounced
reduction occurring when pr is excluded. This emphasizes
the importance of transverse momentum information in jet
classification tasks and suggests that quantum models are
particularly effective at utilizing correlations between

TABLE II. AUC scores vs input features for the VQC and
QAE, for the benchmark signal r — bqq’.

Inputs
Algorithm — (pr.7.¢) (pr.1) (. ¢) (pr.9)
vQC 0.886 0.856 0.808 0.857
QAE 0.872 0.825 0.823 0.827

momentum and angular variables. The robustness of these
results across different models further validates the suit-
ability of 1P1Q encoding for high-energy physics
applications.

VI. SUMMARY

In this work, we introduced the 1P1Q encoding scheme,
a novel approach for representing particle physics data
on quantum hardware by assigning each particle to a
separate qubit. This encoding allows direct utilization of
raw collision event data without classical compression,
enhancing the potential expressivity and efficiency of
QML models. We demonstrated the effectiveness of this
approach using two quantum machine learning models: a
QAE for anomaly detection and a VQC for supervised
classification.

Our results show that the QAE successfully differ-
entiates signal jets from background QCD jets, achieving
superior performance compared to its classical counterpart
while requiring significantly fewer trainable parameters.
Furthermore, the VQC exhibits strong classification
capability, approaching the performance of state-of-the-
art classical models despite its minimal parameter count.
By systematically reducing the encoded features, we
established that the 1P1Q encoding effectively captures
jet substructure information, and performance degradation
with reduced feature input underscores the importance of a
comprehensive quantum data representation.

For the first time, we validate a quantum machine
learning model trained on real experimental data from
the CMS detector, demonstrating that quantum approaches
can extract meaningful physics insights in a real-world
setting. These robust results establish the 1P1Q encoding as
a viable and scalable data representation framework for
quantum computing applications in particle physics. As
quantum hardware continues to advance, the efficiency of
the 1P1Q approach is tailored for more intricate and large-
scale QML applications in high-energy physics, offering
new perspectives for jet classification, anomaly detection,
and measurements revealing the quantum mechanical nature
of particle production.
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APPENDIX

1. Training setup

The quantum circuits presented in this study are simu-
lated and optimized using the quantum machine learning
library pennylane [35] with the 1ightning.gpu and
lightning.kokkos devices. The trainable circuit
parameters are optimized using the classical Adam opti-
mizer [36], with a scheduler that periodically decays the
learning rate.

To train the QAE, we seek to maximize the fidelity
between the output and input states in the subspace relevant
for reconstruction

N et
F=) (TiR;)

V T,€H",R,e H*"  (Al)

i=1

Specifically, following the approach first introduced in
[37], we minimize the cost function defined as the negative
of the fidelity. This measurement is performed using a
SWAP test [38], which requires an ancillary qubit initial-
ized to |0).

In the case of the VQC, we use the expectation value of
the Pauli Z observable on the target, which is the first qubit
in the circuit. The final VQC prediction [Eq. (A2)] is
arrived at by adding a classical, trainable bias term b to the
expectation value

f(x) = (a(x)|Z]q(x)) + b (A2)

The circuit optimization is performed using the mean
squared error (MSE) between the prediction and the truth
label as the loss function.

2. Datasets

The JetClass dataset [34] is more recent and far larger in
scope and size compared to any of its predecessor datasets,
and is therefore used to train and benchmark the 1P1Q
approach. It contains a total of 100M jets divided into 10
classes. The background jets are those initiated by light
quarks or gluons, while jets arising from decays such as,
but not limited to, t — bgq’ and W/Z — qq' are treated as
signal jets. The production and subsequent decay of top
quarks and the W, Z, and Higgs bosons are simulated with

MadGraph5_aMC@NLO at next-to-leading order precision [39].
Parton showering and hadronization processes are simu-
lated in PYTHIAS [40].

To ensure the simulated jets closely resemble those
reconstructed by the CMS detector, the detector effects
are simulated with Delphes [41] using a simplified CMS
detector configuration. Jets are clustered utilizing the anti-
krt algorithm [42] with a distance parameter R = 0.8. As
additional criteria, only jets with pr € [500, 1000] GeV and
pseudorapidity |5| < 2 are stored. For signal jets, additional
quality requirements are imposed to ensure they fully
contain the decay products of the initial particles.

The Aspen open jets (AOJ) dataset [33] is derived from
the CMS 2016 JetHT datasets [43,44] and presented in a
structured format specifically optimized for machine learn-
ing applications. Although an extensive description of
CMS data acquisition and processing falls beyond the
scope of this letter, it is important to note that this dataset
predominantly comprises jets initiated by light quarks or
gluons, with contamination from alternative decay proc-
esses such as those involving W/Z bosons or top quarks
constituting less than 1% of the total sample size. In its
entirety, the dataset contains approximately 180M jets
recorded in 2016 with the CMS detector.

For training the QAE, we use a total of 10,000 events for
training and 2,500 events for validation. Inference is
performed on 10,000 events of background and of each
of the following class of events: H — bb, H — c¢,
H - g9, W > qq, Z— qg and t - bgq'. The VQC is
trained using 1,000 events and validated on 500 events, with
an inference dataset of 10,000 events equally distributed
between signal and background classes.

/g jets
0.007 ————— H‘q‘gjw‘””_‘”
[ [ Original pt spectrum
0.006} [ 1 pr spectrum after sampling{
0.005[ h
> [
< 0.004 -
S [
>
o
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L
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N A R R S S
0-000 500 600 700 800 900 1000
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FIG. 6. Effect of the pr sampling on the input datasets used for
training.
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For training the QAE and VQC respectively, we first
sample jets such that each class has a flat distribution in jet
p1, in the range [500, 1000] GeV, so as to not bias the
training towards the scale of the jet, allowing us to purely

focus on jet substructure. The effect of this sampling can be
seen in Fig. 6. The jet samples used in the inference are also
sampled to have the same flat distribution.
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