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Quantum machine learning may provide powerful tools for data analysis in high-energy physics.
Sau Lan Wu and Shinjae Yoo describe how the potential of these tools is starting to be tested and
what has been understood thus far.

As the Large Hadron Collider (LHC) experiments en-
ter the post-Higgs discovery era, one of the major ob-
jectives of the experimental programs at the LHC is the
discovery of new physics. Doing so requires the identifi-
cation of rare signals in immense backgrounds — the dis-
covery of the Higgs boson ten years ago required sifting
through data from 1015 proton–proton collisions per ex-
periment, and the ambitious high-luminosity LHC (HL-
LHC) program will produce more than 300 times as much
data. Machine learning is well-suited for such a task,
and was already in use in the Higgs analysis, but an-
alyzing the ever larger volumes of data will require in-
creasing computing resources in the next two decades. In
the face of such big high-dimensional data sets, quantum
machine learning (QML) holds promise [1, 2]. Because
it efficiently operates in the high-dimensional quantum
state space, QML offers potential computational speed-
ups and better classification performance than classical
machine learning. With the progress of quantum tech-
nologies, QML could become a powerful tool for data
analysis in high-energy physics (HEP), because it could
potentially accelerate certain types of classically expen-
sive operations, including eigensolvers. In addition, qubit
representations for both data and states (also known as
embedding or code space) offer better compression. Now,
researchers in HEP are starting to test whether, and in
what circumstances, QML lives up to this promise.

QML TESTS

For example, a collaboration between academic insti-
tutions and private companies has used three methods:
the variational quantum classifier (VQC) method, the
quantum support vector machine kernel (QSVM-kernel)
method and a quantum neural network (QNN). These
methods all map classical data into quantum state space.
VQC uses variational quantum circuits (quantum cir-
cuits with adaptable parameters) to classify the data.
QSVM-kernel evaluates kernel functions for the data us-
ing quantum computing. QNNs classify data using neu-
ral networks consisting of both classical layers and lay-
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ers made of quantum circuits. The methods were ap-
plied to one or both of the two LHC flagship analyses
[3, 4]: tt̄H (Higgs production in association with two top
quarks) and H → µ+µ− (Higgs decay to two muons, sec-
ond generation fermions). For both analyses, the Higgs
signals and the non-Higgs backgrounds were simulated
using Delphes [5] and then classified using the QML al-
gorithms.
Importantly, the three methods were all tested on

commercial quantum computer simulators from IBM,
Google and Amazon, allowing for ready benchmarking.
The classification performances (with 10–20 qubits)
are comparable to classical machine learning methods
(boosted decision tree and classical support vector
machine). Furthermore, the three methods were suc-
cessfully run on the IBM quantum computer hardware,
for which the classification performance (with 10–15
qubits) approaches that of the noiseless quantum
computer simulators. Although the era of efficient
quantum computing may still be years away, these
results demonstrate that QML algorithms can exploit
the large dimensionality of the quantum state space for
realistic physics datasets.

LIMITATIONS AND CHALLENGES

QML in HEP still faces limitations. Quantum com-
puter simulations require a large amount of computa-
tional power for studies of a large number of events and
a large number of qubits (20 qubits or more).
Meanwhile, present-day quantum computer hardware

is susceptible to noise and the qubit coherence time is
only on the order of a few hundred microseconds. The
number of quantum operations that can be executed on
a noisy quantum computer is typically limited by the in-
creasing errors from decoherence. As a result, the num-
ber of events in our studies on quantum hardware was
restricted to 100, mainly because of the limited access
time, long queuing time and long execution time. The
long execution time is most likely due to the initialization
and measurement time in the current quantum hardware.
In addition, to obtain a good performance, the number
of qubits in our studies was restricted to 10–15 because
of limitations of the quantum computer hardware.
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Overall, the greatest challenge in using quantum com-
puter hardware for machine learning at present, and in
future HL-LHC physics analyses, is the size of the event
samples and the effective use of large numbers of qubits.
Future HL-LHC physics analyses will need to manage
large event sample size and large data dimensionality.

OPPORTUNITIES

In the context of HEP data analysis, future studies
will aim to show that QML can outperform classical ma-
chine learning in classification power. In simulations, we
are confident that this may be achieved by exploiting a
larger number (≥ 30) of qubits. More advanced quantum
computers may offer increases in speed for QML, which
is critical for HEP applications. Indeed, road maps pre-
sented by IBM, IonQ and Google suggest that future
quantum hardware will have reduced noise, improved
running time, and will achieve a performance close to
noiseless quantum simulators, an expectation which is
justified by the recent large investments and fierce inter-
national competition in quantum technology.

Specifically, industry roadmaps of quantum computer
hardware project an exponential growth in the number
of qubits, and that high-fidelity quantum computers will
be available within the next 10 years. IBM expects
more than a thousand qubits by 2023 and millions qubits
soon after. IonQ expects to have quantum computers
with more than one thousand algorithmic qubits avail-
able with error correction by 2028. Google plans to build
the error corrected quantum computers with more than
one million qubits by 2029. These roadmaps are evolving
rapidly and the promised progress is impressive.

How many qubits would be required to demonstrate
quantum advantage in HEP applications? It depends
on how the quantum computer is used. For instance,
HL-HLC expects ∼ 104 particles per bunch crossing.
Hence ∼ 105 qubits may be needed with the quantum
algorithms that we have been studying. If we adopt a
quantum–classical hybrid approach, we expect the re-
quired qubits could be fewer than 1000, for three reasons.
First, classical prepossessing can guide us to have a com-

pressed representation (i.e. [6]). Second, we can decom-
pose the problems into smaller pieces, the results from
which can be merged. Finally, classical post-processing
improves error mitigation [7, 8].

There have been substantial efforts in studying the po-
tential of QML for HEP physics analyses, particle recon-
struction and event simulation. For these efforts, a va-
riety of quantum computers are being considered such
as gate-model quantum computers or quantum anneal-
ers. One of the earliest and pioneering QML studies from
HEP optimized the Higgs → two photons analysis with a
D-wave quantum annealer [9]. HEP researchers are work-
ing to speed up HL-LHC Monte-Carlo simulation, using
quantum generative adversarial networks and quantum
variational auto-encoders. There are also proposals to
exploit unsupervised machine learning for anomaly detec-
tion using quantum computers to search for new physics.

In conclusion, advanced quantum computers with
large number of qubits, reduced noise and improved
running time may outperform classical machine learning
in both classification power and in speed. QML may well
be a new computational paradigm for big data analyses
in HEP. For this reason, the HEP community should
stay aware of what is happening in quantum technologies
— improvements in the hardware, software ecosystem
and algorithms — to bring a quantum advantage to
the HEP data challenge. Conversely, the development
of solutions for unique HEP data challenges could also
lead to contributions to the development of quantum
technologies.
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