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Calculating scattering amplitudes
Simulating parton showerSimulating parton shower
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ments of the tracking detectors. Accelerated particles
interact/collide near the origin of the coordinate sys-
tem of detectors. Products of these interactions travel
outwards from the origin. Charged particles bend in
a direction depending on their electric charge. When
these particles pass through the detectors, they create
signals called as hits. Particle track reconstruction aims
to connect hits belonging to the same particles to assign
a trajectory.

The e�cient reconstruction of particle tracks is one
of the most important challenges in the HL-LHC up-
grade. Although there are novel algorithms (ATLAS
Collaboration (2019); Bocci et al. (2020)) available that
are able to handle the current rate of collisions, they suf-
fer from higher collision rates as they scale worse than
quadratically (e.g. O(n6) (Magano et al. (2021)).

Fig. 1 Drawing of particle track reconstruction problem.
Particles interact near the origin of the coordinate system.
Products of these interactions travel outwards from the ori-
gin. Charged particles bend in a direction depending on their
electric charge. When these charged particles pass through
the detectors, they create signals called as hits. Particle track
reconstruction aims to connect hits belonging to the same
particles.

Recent developments in Quantum Computing (QC)
allowed scientists to look at computational problems
from a new perspective. There is a great e↵ort to make
use of these new tools provided by QC to gain high
speed-ups for many computational tasks in High En-
ergy Physics (Guan et al. (2021)). There are many prob-
lems investigated. This include but not limited to physics
analysis at LHC using kernel (Wu et al. (2021a); Heredge
et al. (2021)) and variational methods (Wu et al. (2021b);
Terashi et al. (2021)), simulating parton showers (Jang
et al. (2021)) and imitating calorimeter outputs us-
ing Quantum Generative Adversarial Networks (Chang
et al. (2021)).

Researchers have been investigating QC tools for
a computational advantage for the particle track re-
construction problem, since it also su↵ers from scaling.
While there are several attempts using adiabatic QC
(Bapst et al. (2019); Zlokapa et al. (2019)), Quantum
Associative Memory Shapoval and Calafiura (2019) or
Quantum search routines (Magano et al. (2021)), this
work focuses on hybrid variational methods.

In this work, we aim to give a complete overview
on our developments, where we investigated the use
of a Hybrid Quantum-Classical Graph Neural Network
(QGNN) approach to solve the particle track recon-
struction problem (Tüysüz et al. (2020a,b,c)) that has
been trained on the publicly available TrackML Chal-
lenge dataset (Amrouche et al. (2019, 2021)). We present
an analysis of several well-performing Quantum Cir-
cuits and give a comparison with its classical equiva-
lent, HEP.TrkX (Farrell et al. (2018)), on which our
approach is based on.

The rest of the paper is organized as follows. Details
of the dataset and pre-processing methods are given in
Section 2. The QGNN model is explained in detail in
Section 3. Results and comparisons with novel meth-
ods are given in Section 4, along with a discussion of
the findings. Finally, our summary and comments on
possible improvements are presented in Section 5.

2 The Dataset and Pre-processing

The publicly available TrackML Challenge dataset pro-
vides 10000 events to emulate the HL-LHC conditions
(Amrouche et al. (2019)). It has become a benchmark
dataset for researchers after the conclusion of the chal-
lenge Amrouche et al. (2021) and allows comparisons
across di↵erent methods. The simulated tracking detec-
tor geometry of the dataset is that of a general purpose
collider experiment. The schema of this geometry in 2
cylindrical coordinates (r,z) can be seen in Fig. 2. Hor-
izontal layers in the center of the detector represent a
barrel-shaped geometry, while vertical layers represent
a disk-shaped geometry and are generally referred to as
end-cap layers.

In many Quantum Machine Learning applications,
it is very hard to work with large datasets due to re-
strictions on simulation times. A pre-processing step is
necessary, which reduces the amount of samples and
prepares the data format for the model.

The pre-processing procedure starts by selecting the
first 100 events from the dataset. Although it would be
ideal to use all events of the dataset, computation time
restrictions of QC simulation limited us to use only a
portion of the dataset. Then, particle hits are restricted
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FIG. 2. The 6518 hits in an example event in the x–y detector
plane (top) and a fraction of the true tracks reconstructed
from those hits (bottom). The hits come from 879 particles
which produced triplets in the barrel region. The 10 layers of
the detector for the barrel region are also shown. The blue,
red, and green layers correspond to the pixel, short strip and
long strip detectors, respectively.

The first step in constructing the triplets is to make a
dataset of doublets, which are defined as two consecu-
tive hits in the detector. Selection criteria are applied
to reduce the size of the doublet dataset and improve its
quality. The following observables are used in the selec-
tion; the intercept from the extrapolation of the doublet
to the z axis, z0, and the ratio ��

�r , as calculated from
the di↵erence in � and r between each hit forming the
doublet. This selection is summarised in Table I, and
was originally implemented in [24].

The selection of triplets is based on the estimation of
the transverse momentum (pT ) as determined from the
three hits, the ✓-breaking angle and the �-breaking angle.
The angle ✓ is defined in the r-z plane and a breaking
angle is that between the straight lines (connecting the

two hits in a doublet) of two doublets that form a triplet.
The triplet selection is summarised in Table II.

Variable Selection
��
�r  6⇥ 104 [ radmm ]

|z0|  100 [mm]

TABLE I. The selection criteria applied to select doublets,
using the z0 intercept from the extrapolation of the doublet
to the z axis and the ratio of the di↵erence in � and r between
each hit forming the doublet.

Variable Selection

✓-breaking angle  0.05� 0.07 [rad]

�-breaking angle  0.05� 0.12 [rad]

pT � 0.75 [GeV]

TABLE II. The selection criteria applied to select triplets
based on the estimated pT and the ✓ and � angles between two
doublets that form a triplet. A range of values is given when
the selection depends upon detector components traversed.

SUPPORT VECTOR MACHINE

The proposed algorithm utilises a support vector ma-
chine (SVM) [25], where a kernel function is calculated
either on a (simulated) quantum or a classical computer.
A support vector machine is a supervised machine learn-
ing algorithm that classifies data by drawing linear deci-
sion boundaries (hyperplanes) between di↵erent groups
of data. This paper focuses on discriminating between
two classes of data. It takes a training dataset of size
N of the form (x1

, y
1), . . . , (xN

, y
N ), where xi is an M -

dimensional vector and y
i = ±1 for data that belongs

to one of two classes. The hyperplane is defined by
hw · xi+ b = 0, where w is the normal vector to the hy-
perplane and b is an o↵set. These parameters are deter-
mined during the learning process. For the simple case of
linearly-separable data, the training points xi of the two
classes are placed on either side of the decision boundary,
satisfying f(xi) = sign

�
hw · xi

i+ b
�
= yi, where f(x) is

called the decision function. The points closest to the
hyperplane are called support vectors and the distance
between them and the hyperplane is called the margin.
The goal is to optimise the parameters of the hyperplane
such that the margin is maximised. Figure 3 shows a vi-
sual representation of this. Once the hyperplane has been
found, a previously unseen data point z can be classified
using the decision function.
The decision boundary is usually defined not in the

original data space but in a higher-dimensional feature
space obtained with a feature map �(x). This can intro-
duce non-linearity whilst keeping the decision boundary
linear. The goal of this operation is to achieve better
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The proposed algorithm utilises a support vector ma-
chine (SVM) [25], where a kernel function is calculated
either on a (simulated) quantum or a classical computer.
A support vector machine is a supervised machine learn-
ing algorithm that classifies data by drawing linear deci-
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of data. This paper focuses on discriminating between
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i = ±1 for data that belongs
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perplane and b is an o↵set. These parameters are deter-
mined during the learning process. For the simple case of
linearly-separable data, the training points xi of the two
classes are placed on either side of the decision boundary,
satisfying f(xi) = sign

�
hw · xi

i+ b
�
= yi, where f(x) is

called the decision function. The points closest to the
hyperplane are called support vectors and the distance
between them and the hyperplane is called the margin.
The goal is to optimise the parameters of the hyperplane
such that the margin is maximised. Figure 3 shows a vi-
sual representation of this. Once the hyperplane has been
found, a previously unseen data point z can be classified
using the decision function.
The decision boundary is usually defined not in the

original data space but in a higher-dimensional feature
space obtained with a feature map �(x). This can intro-
duce non-linearity whilst keeping the decision boundary
linear. The goal of this operation is to achieve better

100,000 hits in detector 10,000 particle tracks

arXiv:2212.07279
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Support vector machine

Reformulate as a classification task: Does a track segment (set of 3 consecutive hits) belong to a particle?

Support Vector Machine (SVM):


•Finds the optimal separating boundary between classes


•Uses only the closest data points (“support vectors”)


•Maximizes the margin for robust classification
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Support vector machine with quantum kernel

Kernel

Input space Feature space

not linearly 
separable

linearly 
separable

Kernel:


•Measures similarity between data points


•Allows SVMs to operate in high-dimensional spaces implicitly


•Makes nonlinear classification possible (“kernel trick”)
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centroid locations for different labels, clearly different feature spaces and hyperplanes are required to
separate and model these data labels successfully. Using the general unitary rotation in Equation 3, we
can create appropriate decision boundaries for these two distinct data sets by optimizing the rotation
factors and combinations of Pauli gates depending on the complexity of the data sets. These gates in
Equation 3 provide enough flexibility to match the complexity of complex decision boundaries but
can also be simplified to be effective for simple data sets such as XOR.

(a) (b)

(c) (d)
Figure 2: (a) XOR patterned data. (b): Complex data. (c) QSVM decision boundary for XOR patterned data.
(d): QSVM decision boundary for complex data.

To give a high level intuition, single unitary rotation gates can provide a variety of feature maps that
can be used to create simple boundary conditions. This single unitary rotation will revolve along with
the input data depending on how it is mapped and applied to the phase rotation of the gate as shown
in Figure 3a. If features need to interact, the interaction can be created through the entanglement (i.e.
ZZ gate) and propagates diagonally through the two feature space (Figure 3b). By combining these
two single unitary and interacting transformation together, the complex and higher order of decision
boundaries can be created shown in Figure 3c.

2.4 Regularization

Regularization is used to reduce generalization error and model complexity by including model
complexity penalties in the training objective. Due to the hybrid approach for QSVM mentioned
previously, we can more easily implement regularization as part of the optimization process as shown
in Equation 4 - defining new loss function L̂(�) to use in place of L(�) in Equation 2. Here we
include the `1 constraint as in the classical formulation (which can also be expressed as `1 norm
penalty), as well as introducing an additional `2 norm penalty.

L̂(�) = L(�) + �1 k�k`1 + �2 k�k`2 (4)

Given the flexibility of QSVM’s decision boundary, introducing proper regularization is an important
factor to avoid over-fitting. Introducing `2 regularization can also help encourage smoother blending
of the complex functionals, which may be particularly beneficial with these more complex kernel
functions, vs. `1 penalty which encourages sparse selection as opposed to smoothing. Interestingly,
we found the `2 regularization to have a much greater smoothing effect in our experiments.

From Figure 4 we can see how the “classical-looking” (simpler) decision boundaries can be formed
with the proposed Quantum kernel and SVM through appropriate gate implementation (Equation 3)

5

arXiv:2012.07725

Comparing two artificially generated datasets with different levels of complexity  
Quantum SVM flexible enough to get the decision boundary for simple and complex datasets.

randomly generated XOR-patterned data complex data

Quantum SVM and kernels can efficiently exploit higher dimensional 
space and generate feature maps that are difficult for classical kernel 

functions
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Particle track 
Not particle track

Support vector machine with quantum kernel

Kernel

Input space Feature space

not linearly 
separable

linearly 
separable

arXiv:2212.07279

Reformulate as a classification task: Does a track segment (set of 3 consecutive hits) belong to a particle?
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Reformulate as a classification task: Does a track segment (set of 3 consecutive hits) belong to a particle?

arXiv:2212.07279
Preprocessing Kernel estimation SVM

Doublets Triplets

Classical kernel

Quantum kernel

Classical SVM
TrackML 
dataset

Randomly selected 
triplets

Quantum-enhanced 
algorithm

Analysis

Classical algorithm



Quantum machine learning

9

Reformulate as a classification task: Does a track segment (set of 3 consecutive hits) belong to a particle?

Support vector machine with quantum kernel

Quantum circuit to 
compute kernel

arXiv:2212.07279

Barrel region
innermost layers
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๏ Increased interest in looking for new physics in a model-agnostic way 

๏ Unsupervised machine learning approach used as anomaly-detection methods 

๏ Train on Standard Model processes and detect outliers that may have new physics origins 

๏ Search for new exotic particles decaying to jet pairs 

arXiv:2301.10780
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arXiv:2301.10780•Narrow Randall-Sundrum gravitons decaying to two W -bosons 
•Scalar boson A decaying to a Higgs and Z boson, A—>HZ—>ZZZ 
•Broad Randall-Sundrum gravitons decaying to two W -bosons 

 latent dimension = 8  

training size =  600 

Narrow graviton 
Scalar boson A 
Broad graviton

Outperforms classical

latent space dimension

For quantum, best performance for 
latent dimension > 4

number of training samples

Large training size = better 
performance 
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• Classify track-like vs shower-like topologies in 
Liquid Argon Time Projection Chambers 
(LArTPCs). 

• Improves neutrino event reconstruction in 
experiments such as MicroBooNE and DUNE. 

• Apply quantum machine learning (QML) 
methods —quanvolutional neural networks 
(QNNs) — to classify event topologies using 
detector hit data. 

• Dataset: Simulated MicroBooNE and synthetic 
datasets with variable opening angles. Neutrino interaction event in a LArTPC from MicroBooNE.  

6 particles from the interaction vertex: 2 track-like (muon and 
proton) and 4 shower-like (photons)

Phys.Rev.D 112 (2025) 9, 092006
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• Classical CNNs use convolutional filters to slide across images for 
local feature extraction.


• Quanvolutional Neural Networks (QNNs) replace these classical 
filters with small quantum circuits.


• Each image patch (e.g 2x2 pixels) is encoded into qubits, applies 
unitary transformations, and outputs measured features.


• These features then fed into a classical classifier (also test a fully 
quantum invariant model)


• Rotational symmetry added, so rotating the input by 90 degrees 
gives equivalent outputs

Phys.Rev.D 112 (2025) 9, 092006
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Quantum Machine Learning for LArTPC Topology Classification
Phys.Rev.D 112 (2025) 9, 092006
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• Quantum models outperform classical CNNs with 
similar parameter counts. 

• Deep classical models (100× parameters) still 
perform best overall. 

• Quantum models generalize better with limited data 

• Adding symmetry gives minor gains but no clear 
advantage. 

• Future work: Separating shower-like deposits from 
different particles, integrating hybrid models into 
DUNE’s reconstruction pipeline.

Phys.Rev.D 112 (2025) 9, 092006

Learning capability of various models

Patch size: 21
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proton

proton

Hard interaction : takes place at 
high energies, short distances. 

Hadronisation 
and Decay

Parton shower: 
dominated by radiation 
of quarks and gluons 

• After the hard interaction, next step in simulating an event at LHC is the parton shower 

• Parton shower evolves scattering process from hard interaction scale down to the hadronisation scale 
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Parton shower

• Classical methods manually track individual 
shower histories and store in physical memory  

• Quantum computing algorithm calculates all 
possible shower histories simultaneously   

• Simulate 2-step parton shower with 31 qubits 

 Phys. Rev. D 103, 076020 
(2021)
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Phys. Rev. D 106, 
056002

Classical walkParton shower

arXiv:2109.13975

Average distance of 
the walker from initial 

position = t

 Phys. Rev. D 103, 076020 
(2021)

• Classical methods manually track individual 
shower histories and store in physical memory  

• Quantum computing algorithm calculates all 
possible shower histories simultaneously   

• Simulate 2-step parton shower with 31 qubits 
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19 Figure 2: Simulation of a 100-step random walk using the IBM Q 32-qubit simulator [22]

for 100,000 shots for a classical random walk obtained by measuring the coin state after

each step, and a quantum random walk using a symmetric initial position and a Hadamard

coin. Only non-zero probabilities are shown, as odd-numbered positions will have zero

probability for this walk.

a many-particle parton shower, and shows a remarkable improvement on the number of

shower steps simulated in comparison to previous quantum parton shower algorithms [1, 2].

The Section is ordered as follows: Section 3.1 describes the theoretical outline of the toy

model used in the parton shower, Section 3.2 shows the implementation of a simple parton

shower with one particle type, Section 3.3 outlines the full collinear parton shower and

Section 3.4 discusses possible extensions to the algorithm with advancements in quantum

computers to simulate a full, realistic parton shower.

3.1 Theoretical outline of shower algorithm

We present a discrete, collinear parton shower using the quantum walk framework. Simi-

larly to the parton shower algorithms presented in References [1, 2], the algorithm utilises

the ability of the quantum device to remain in a superposition state throughout the calcu-

lation. Consequently, all shower histories are calculated simultaneously and are encoded in

the final wavefunction, with a measurement projecting out a specific quantity of the final

state, e.g. the number of partons. This o↵ers a unique advantage over classical parton

shower algorithms, which need to calculate each shower history explicitly and store the

– 4 –

Classical 
Quantum

S. Malik et. al., Phys. Rev. D 106, 056002

Quantum walkParton shower

Quantum walker 
quadratically faster 
than classical 
walker 

 Phys. Rev. D 103, 
076020 (2021)

• Classical methods manually track individual 
shower histories and store in physical memory  

• Quantum computing algorithm calculates all 
possible shower histories simultaneously   

• Simulate 2-step parton shower with 31 qubits 

Nat Rev Phys 4, 744 (2022)
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Quantum walk

With this approach, simulate 31-step 
parton shower using 16 qubits

(a) (b)

Figure 4: Visualisation of a quantum walk as a parton shower comprising gluons and

quarks. The quantum walker’s position on a 2D plot corresponds to the number of particles

in the parton shower: (a) shows a parton shower using the collinear splitting functions for

quarks and gluons, (b) shows a parton shower with modified splitting functions to show

how the walker moves in the 2D lattice.

Hilbert space, with three coin qubit rotations corresponding to the splitting functions in

Equations 3.4 and 3.5. Controlled from the coin register, the shift operations propagate

the walker to reflect the production of new particles in the shower step. A schematic of

the quantum circuit is shown in Figure 5. It should be noted that it is likely that more

than one of the coin qubits can be in the |1i state in a step. In these situations, it is not

clear which splitting kernel should be applied and therefore the algorithm does not apply

a shift operation to the walker. This is realised by controlling from coin states that only

have one coin qubit in the |1i, as shown in Figure 5.

To simulate a parton shower, the steps shown in Figure 5 are performed many times,

with only one splitting allowed to occur per step. Steps where no emission occurred are

dictated by the Sudakov form factors from Equation 3.3. The system is kept in a superpo-

sition state throughout the algorithm, with a measurement taking place only at the end of

the calculation. Therefore, after all the steps have been evaluated, the system is in a su-

perposition of all possible shower histories. This di↵ers dramatically from classical parton

shower algorithms where each shower history must be individually calculated. A physi-

cally meaningful quantity can only be extracted from a classical shower algorithm once all

possible shower histories have been summed over. Consequently, the quantum algorithm

approach to parton showers provides a unique advantage over the classical approach.

The quantum parton shower algorithm with 31 shower steps has been run for 500,000

shots on the IBM Q 32-qubit Quantum Simulator [22]. The output from the quantum

simulator has been compared to a classical parton shower algorithm, which follows the

same theoretical framework as that outlined in Section 3.1, simulating a toy model with one

quark flavour and a gluon. The comparison shows good agreement between the quantum

– 8 –

Parton shower = quantum walk 
in 2 dimensions  

Nat Rev Phys 4, 744 (2022)

Parton shower
Phys. Rev. D 103, 
076020 (2021)

• Classical methods manually track individual 
shower histories and store in physical memory  

• Quantum computing algorithm calculates all 
possible shower histories simultaneously   

• Simulate 2-step parton shower with 31 qubits 
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Quantum walkParton shower

• Quantum computing algorithm calculates all 
possible shower histories simultaneously   

• Simulate 2-step parton shower with 31 qubits 

Phys. Rev. D 103, 
076020 (2021)

‘Translational approach’ ‘Quantum-centric approach’

Quantum walk approach, simulate 31-step 
parton shower using 16 qubits
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Use pairs of top quarks produced in pp collisions at LHC to 
probe quantum entanglement at high energies not explored 
so far. 


The top–antitop system forms a natural two-qubit state:


  - Top quark spin = 1/2 → behaves like a qubit.


  - Top decays before hadronization → spin info 
measurable.


Spin correlations of the top and antitop quark are 
measurable through their decay products


Reconstruct the spin entanglement of top–antitop pairs at 
from decay products using a density-matrix approach, 
extract the correlation matrix, and compute its eigenvalues. 


By constructing a single observable from eigenvalues 
derived from the spin‑correlation matrix can test a 
Bell‑inequality violation.

Can we use other high‑energy processes to test quantum foundations in new ways?
Phys. Rev. Lett. 127, 161801 (2021)
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distributions set and within the four flavor number scheme,
thus fully taking into account for bottom quark mass
effects. Next-to-leading order corrections in the strong
coupling are known to be small on the largest entries of
C: at the LHC energies their impact is less than 2% [5], and
will be neglected in the following. We assume a c.m. energy
of 13 TeV, setting both the renormalization and factoriza-
tion scales to the sum of the transverse energies of the final-
state particles.
We follow [6] for the choice of orthonormal basis for the

matrix C of Eq. (1). The unit vectors r̂ and n̂ are built
starting from the direction of flight k̂ of the top quark in the
top pair c.m. frame with respect to one of the proton beams
directions in the laboratory frame p̂:

p̂ ¼ ð0; 0; 1Þ; r̂ ¼ 1

r
ðp̂ − yk̂Þ; n̂ ¼ 1

r
ðp̂ × k̂Þ; ð6Þ

(see Fig. 1) where

y ¼ p̂ · k̂ ¼ cosΘ; r ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffi
1 − y2

q
; ð7Þ

and Θ represents the top-quark scattering angle. The
correlation matrix C can be experimentally accessed
through the angular spin correlations of the tt̄ leptonic
decays—whose directions of flight in the t and t̄ rest frames
are described, respectively, by the unit vectors l̂$. These
angular spin correlations are determined by properly
averaging the products ξab ¼ cos θaþ cos θb−, where we
defined the quantities

cos θaþ ¼ l̂þ · â and cos θb− ¼ l̂− · b̂; ð8Þ

and the labels a and b ∈ fk; n; rg follow the conventions of
Table I for the choices of reference axes. Indeed one can
show that, in the absence of acceptance cuts, the elements
of the 3 × 3 matrix C can be expressed as [6]

Cab½σðmtt̄; cosΘÞ' ¼ −9
1

σ

Z
dξab

dσ
dξab

ξab; ð9Þ

with the residual dependence of the cross section σ on
cosΘ and the invariant mass mtt̄ of the top-quark pair
system being understood. The integral of Eq. (9) represents
precisely the average of the products ξab taken over the
leptonic angular phase space.
In order to fully take advantage of Eq. (9), the event

generation was performed removing any possible kin-
ematic cuts, both in production and decay. The diagonal-
ization of the matrix C, needed to test Eq. (4), can be
performed as a function of mtt̄ and Θ.
The result of this procedure is shown inFig. 2,whose event

statistics benefits from the intrinsic initial-state symmetry
Θ → π − Θ. The binning choice represents the best com-
promise between the expected event statistics at the LHC and
the unavoidable dilution of entanglement effects coming
from averaging ξ in bigger portions of phase space.
We can identify in Fig. 2 two regions where (4) holds,

one at mtt̄ close to threshold, and another at mtt̄ ≳ 0.9 TeV
and 2Θ=π ≳ 0.7. Of these two regions, only the one at large
mtt̄ presents a constructive sum of the qq̄ and gg contri-
butions, both giving rise to a top-quark pair state close to a
pure, maximally entangled state [6,20], and therefore
increase m1 þm2. In the other region close to threshold,
qq̄ events produce a mixed state and dilute the gg pure
maximally entangled state—even if the qq̄ contribution is
subdominant in terms of cross section rates. This difference
explains the higher values of m1 þm2 in the top right

TABLE I. Notation for the labels a, b and corresponding choice
of reference axes, following the definitions of Eq. (6).

a, b â b̂

k k̂ −k̂
n sgnðyÞn̂ −sgnðyÞn̂
r sgnðyÞr̂ −sgnðyÞr̂

FIG. 1. Kinematics and coordinate systems used in the analysis.
The t and t̄ rest frames are reached from the tt̄ center of mass
frame by rotation-free boosts.
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FIG. 2. Values of the observable m1 þm2 in the phase space of
the invariant mass mtt̄ vs the scattering angle Θ. The last bins in
mtt̄ include overflow events. Bins in the upper right corner have
the largest values of m1 þm2 and are selected for testing the
violation of the Bell inequality.
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sTwo regions show m1 +m2 >1:


1. Near threshold 


2. High-energy region: 


Of the two, only the high-energy region shows 
a clean, strong Bell violation.

The most robust and unambiguous Bell inequality violation happens at high energies and forward angles, where both 
production mechanisms (gg and q̄q) align to produce maximally entangled spin states of the top–antitop pair.


With existing LHC Run II data, can achieve ~98% confidence level (C.L.), and with LHC Run III data up to ~99.99% C.L 
(4σ significance)

Phys. Rev. Lett. 127, 161801 (2021)



ATLAS & CMS probe entanglement
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CMS PAS TOP-23-001

• Measure entanglement of top quark pairs using the spin 
correlation variable D as entanglement proxy. 


• Events with two oppositely charged leptons. 


• Binned profile likelihood fit of D from the distribution of cos ϕ 
in the most sensitive kinematic phase space of 345 < m(tt) < 
400 GeV and 0.0 < β < 0.9. 


• Entanglement proxy D itself is measured by a negative log-
likelihood scan


• Expected (observed) significance of 4.7 (5.1) s.d —> 
observation of top quark entanglement

Nature 633 (2024) 542

• Use particle colliders as a laboratory to study quantum 
information and foundational problems in quantum 
mechanics


• Data from 13 TeV ATLAS experiment during 2015–2018 — 
integrated luminosity of 140 fb−1


• Entanglement variable D = −0.537 ± 0.002 (stat.) ± 0.019 (syst.) 


• More than five standard deviations from a scenario without 
entanglement


• First observation of entanglement in a quark–antiquark pair

entanglement limit

Signal region Validation region

ATLAS CMS



Discussions
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Quantum Information Concepts at the LHC
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10.1103/PhysRevD.110.116016

• Two key phenomena of superposition and entanglement 
that distinguish quantum from classical computers


• Presence of entanglement in certain well-known quantum 
algorithms allows for an exponential speed-up relative to 
classical computing


• But, entanglement by itself not sufficient to provide an 
advantage over classical algorithms


• For any number of qubits, there are a certain number of 
‘stabilizer’ states, which include some maximally 
entangled configurations. The Gottesman-Knill theorem 
states that quantum circuits involving stabilizer states only 
can be efficiently simulated using a classical computer


• For quantum advantage, need something else - ‘magic’ 


• Quantum computation introduces 'magic states' - 
quantum states that enable computational advantage 
over classical algorithms.


• Does nature produce 'magic' states at high energies?

Quantum 
Information 

theory

Particle 
Physics



“Magic Tops” at the LHC — Results & Implications
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• Nature produces 'magic' tops across most of phase space 

• Zero-magic regions correspond to stabilizer states at 
special kinematic limits (maximal/minimal entanglement). 

• Combining channels or angular averaging increases magic 
(mixing destroys stabilizer purity) 

• Maximal entanglement ≠ maximal magic - magic 
measures computational potential 

Future directions: 
  - Use magic as a new observable to probe physics beyond 
the Standard Model.

• Magic analyzed as function of top velocity β and scattering angle z = cosθ.

Scattering angle Scattering angle

Scattering angle

proton-proton

q¯q channel gg channel

10.1103/PhysRevD.110.116016



Summary
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• Quantum machine learning finding various applications across particle physics: event 
classification, particle identification, clustering algorithms.  

• Challenge is to match the right algorithm to the most effective use-case.  

• Highlighted the difference between a translational versus quantum-centric approach to applying 
quantum techniques to HEP problems 

• Interesting bidirectional exchange between quantum computing/information and particle physics, 
using LHC to test the foundations of quantum mechanics. 



BACKUP
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Quantum walk approach to simulating parton showers
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- A novel quantum walk approach to simulating parton showers on a 
quantum computer.  

- emission probabilities implemented as coin flip for walker 

- particle emissions to either gluons or quark pairs = movement of 
the walker in 2D

(a) (b)

Figure 4: Visualisation of a quantum walk as a parton shower comprising gluons and

quarks. The quantum walker’s position on a 2D plot corresponds to the number of particles

in the parton shower: (a) shows a parton shower using the collinear splitting functions for

quarks and gluons, (b) shows a parton shower with modified splitting functions to show

how the walker moves in the 2D lattice.

Hilbert space, with three coin qubit rotations corresponding to the splitting functions in

Equations 3.4 and 3.5. Controlled from the coin register, the shift operations propagate

the walker to reflect the production of new particles in the shower step. A schematic of

the quantum circuit is shown in Figure 5. It should be noted that it is likely that more

than one of the coin qubits can be in the |1i state in a step. In these situations, it is not

clear which splitting kernel should be applied and therefore the algorithm does not apply

a shift operation to the walker. This is realised by controlling from coin states that only

have one coin qubit in the |1i, as shown in Figure 5.

To simulate a parton shower, the steps shown in Figure 5 are performed many times,

with only one splitting allowed to occur per step. Steps where no emission occurred are

dictated by the Sudakov form factors from Equation 3.3. The system is kept in a superpo-

sition state throughout the algorithm, with a measurement taking place only at the end of

the calculation. Therefore, after all the steps have been evaluated, the system is in a su-

perposition of all possible shower histories. This di↵ers dramatically from classical parton

shower algorithms where each shower history must be individually calculated. A physi-

cally meaningful quantity can only be extracted from a classical shower algorithm once all

possible shower histories have been summed over. Consequently, the quantum algorithm

approach to parton showers provides a unique advantage over the classical approach.

The quantum parton shower algorithm with 31 shower steps has been run for 500,000

shots on the IBM Q 32-qubit Quantum Simulator [22]. The output from the quantum

simulator has been compared to a classical parton shower algorithm, which follows the

same theoretical framework as that outlined in Section 3.1, simulating a toy model with one

quark flavour and a gluon. The comparison shows good agreement between the quantum

– 8 –
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Quantum walk approach to simulating parton showers
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- Quantum walk paradigm thus offers a natural and much more efficient approach to simulating parton 
showers on quantum devices.  

- Proposed algorithm dramatically increases the number of steps that can be simulated compared to 
previous quantum algorithms (2-step parton shower in previous algorithm)

(a) (b)

Figure 4: Visualisation of a quantum walk as a parton shower comprising gluons and

quarks. The quantum walker’s position on a 2D plot corresponds to the number of particles

in the parton shower: (a) shows a parton shower using the collinear splitting functions for

quarks and gluons, (b) shows a parton shower with modified splitting functions to show

how the walker moves in the 2D lattice.

Hilbert space, with three coin qubit rotations corresponding to the splitting functions in

Equations 3.4 and 3.5. Controlled from the coin register, the shift operations propagate

the walker to reflect the production of new particles in the shower step. A schematic of

the quantum circuit is shown in Figure 5. It should be noted that it is likely that more

than one of the coin qubits can be in the |1i state in a step. In these situations, it is not

clear which splitting kernel should be applied and therefore the algorithm does not apply

a shift operation to the walker. This is realised by controlling from coin states that only

have one coin qubit in the |1i, as shown in Figure 5.

To simulate a parton shower, the steps shown in Figure 5 are performed many times,

with only one splitting allowed to occur per step. Steps where no emission occurred are

dictated by the Sudakov form factors from Equation 3.3. The system is kept in a superpo-

sition state throughout the algorithm, with a measurement taking place only at the end of

the calculation. Therefore, after all the steps have been evaluated, the system is in a su-

perposition of all possible shower histories. This di↵ers dramatically from classical parton

shower algorithms where each shower history must be individually calculated. A physi-

cally meaningful quantity can only be extracted from a classical shower algorithm once all

possible shower histories have been summed over. Consequently, the quantum algorithm

approach to parton showers provides a unique advantage over the classical approach.

The quantum parton shower algorithm with 31 shower steps has been run for 500,000

shots on the IBM Q 32-qubit Quantum Simulator [22]. The output from the quantum

simulator has been compared to a classical parton shower algorithm, which follows the

same theoretical framework as that outlined in Section 3.1, simulating a toy model with one

quark flavour and a gluon. The comparison shows good agreement between the quantum
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Evolution of parton shower algorithm

• Parton shower algorithm : quantum vs classical, quantum algorithm constructs a wavefunction for 
whole parton shower process, allowing simultaneous calculation of all shower histories. Simulate 2-
step parton shower with 31 qubits in arXiv:2010.00046 

• In arXiv:2109.13975, reframing the parton shower as a quantum walking 2-dimensions allowed us to 
simulate a 31-step parton shower with 16 qubits. 

arXiv:2109.13975


