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This work[1] presents the first demonstration of a
quantum machine learning (QML) algorithm on an on-
site room temperature quantum computer. Specifically,
a two-qubit quantum computer located at the Pawsey
Supercomputing Centre (cf. Figure 1c) in Perth, Aus-
tralia, was utilized to solve binary and trinary classifica-
tion problems on unseen 2D data points. The employed
model – the Universal Quantum Classifier (UQC, cf. Fig-
ure 1a)[2] – was trained on an ideal quantum simulator.
After optimization, the model was deployed to the quan-
tum device for randomly generated, i.e., unseen 2D data
points through three individual single qubit rotations (cf.
1b), achieving remarkably high classification accuracies
comparable to ideal state vector simulations.

The Universal Quantum Classifier [2] is based on the
data re-uploading framework, effectively circumventing
the no-cloning theorem [3–5] of quantum computing.
This allows the direct correspondence between a single-
layered classical neural network and a parameterised sin-
gle qubit quantum circuit shown in Figure 1a.

In a single layered classical neural network, all data
connections are applied in parallel, effectively requiring
a parallel copy operation, which is inherently impossi-
ble on quantum computers [3–5]. Pérez-Salinas et al. [2]
proposed to circumvent this problem by serializing all
processing nodes into parameterised consecutive quan-
tum gates θ1 ◦ x⃗, . . . θL ◦ x⃗, where the input data x⃗ is
re-uploaded in every single step before the final result
is extracted from a final measurement M . The param-
eters θ1, . . . , θL may be optimised classically according
to a global cost function in a hybrid classical-quantum
algorithm pipeline.

To apply the data re-uploading framework to a multi-
label classification task, the measurement outputs need
to be mapped to the individual classification labels. This
can be achieved using maximally orthogonal label states
|Yc⟩ for each classification label c.[2]

The classification label c may be acquired by measur-
ing the single qubit state tomography after applying the
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full data re-uploading circuit and identifying the closest

mapped label state |Yc⟩ to the measured density ρ̃(θ⃗, x⃗µ),

i.e. identifying |Yc⟩ with the largest fidelity to ρ̃(θ⃗, x⃗µ).
The circuit parameters may then be trained in a super-
vised learning algorithm to move the single qubit states
as close as possible to their respective label states de-
pending on the uploaded input data x⃗. Given that the
final classification result is based on a fidelity metric, the
UQC pipeline is naturally robust to quantum noise [6].
Given an optimal set of circuit parameters, noise will
affect the classified labels if and only if the measured
density gets closer to another, i.e. wrong, maximally or-
thogonal label state. In other words, binary classification
results will remain accurate as long as noise does not shift
the measured densities to the wrong hemisphere on the
Bloch sphere. Analogous reasoning applies to multi-label
classification problems, where each additional label state
decreases the overall noise tolerance.
After obtaining a trained model in the form of opti-

mised rotation angles θ⃗(l) and ω⃗(l), new random data
points were (i) generated, (ii) inserted into the circuit
model, and (iii) classically transpiled into a single se-
quence of XYX rotations to be deployed to the room-
temperature quantum computer – the Quantum Develop-
ment Kit (QB-QDK). A schematic pictogram displaying
the deployment route is shown in Figure 1b.
Since the product of two unitaries remains unitary, it

is possible to condense all re-uploading layers 1 . . . L into
a single unitary U1 ·U2 · . . . UL, which can then be decom-
posed (while neglecting an irrelevant global phase) into
three single qubit rotations RX , RY , and RX , which are
part of the native gate set of the QB-QDK.
Figure 2 shows the classification results of (i) the UQC

executed on an ideal simulator, and (ii) the UQC circuits
deployed to the on-site room-temperature quantum com-
puter QB-QDK.
New, randomly generated data points were used to

validate the performance for each classification problem.
These are shown as individual points in the respective
plots. For the binary and trinary classification problems,
200 and 150 data points requiring 20,000 and 30,000 mea-
surements (100 measurements per data point and mea-
surement basis), respectively, were evaluated. The colour
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Figure 1: The first QML application on an on-site room-temperature quantum computer 1a The
applied model – the Universal Quantum Classifier (UQC) [2] – is based on the data re-uploading framework, creating
an analogy between single-layered classical neural networks and single qubit quantum circuits. 1b Schematic
deployment pipeline of classically optimised UQC models to the QB-QDK quantum computer. To execute inference
tasks on the QB-QDK, unseen randomly generated data points were uploaded into the classically optimised UQC
models, transpiled into a single sequence of RXRY RX rotations and sent off to the room-temperature quantum
computer (highlighted in red) 1c The Quantum Brilliance Quantum Development Kit (QB-QDK) – an on-site
room-temperature quantum computer installed at the Pawsey Supercomputing Centre in Perth, Australia.

of the data points represents the classification result (la-
bel) returned by the respective models. The separating
margins imposed by the training data are included as
only a visual aid.

The UQC model could effectively learn all defining fea-
tures of the training data sets, reaching excellent classi-
fication accuracies of 0.95, 0.97, and 0.873 and 0.925,
0.955, and 0.850 on the ideal state vector simulator and
the QB-QDK, respectively. In comparison to the ideal
state vector results, the QB-QDK performed suprisingly
well, almost reaching the exact limit of the ideal state
vector simulation in terms of the classification accuracy.
Overall, the QB-QDK reached only 1.5% to 2.5% lower
classification accuracies. Especially in light of the fact
that no on-device training was necessary before deploy-
ing the UQC circuits to the QB-QDK, these results in-
dicate a significant milestone in room-temperature quan-
tum machine learning in the prospect of Quantum Utility
[7].

Very recently, there have been reports of successful ap-
plications of the UQC method on ion trap [8], photonic
[9], and superconducting [10] architectures. All deployed
models reach classification accuracies above 90%, on par
or better than classical competitors with a similar num-
ber of trainable parameters. The results, reported in
this work, differ from the already published applications
in two fundamental points:

(i) All results in this study were obtained from an
on-site nitrogen-vacancy-based spin qubit quantum
computer, operating at ambient conditions and
mounted on a standard 19” HPC server rack in the
Pawsey Supercomputing Centre.

(ii) The native performance of the quantum computer
was sufficient to achieve high classification accura-
cies from classically trained (on an ideal simulator
using classical hardware) quantum models without
the need for additional noise mitigation techniques
or on-device training.

Therefore, this work marks an important milestone in
the pursuit of Quantum Utility [7]. Tackling more com-
plicated and classically difficult classification problems
using larger UQC models with more trainable param-
eters will ultimately require large quantum processing
resources. Here, a simple but robust integration to clas-
sical computing centres as demonstrated with point (i),
will enable massively parallel quantum infrastructures,
accelerating the UQC training by the parallel distribution
of workflows. At the same time, the trained models re-
main executable on individual quantum processing units,
which – due to their ability to operate in ambient con-
ditions – are edge-deployable. Given a sufficient native
device performance, these individual units could be used
to perform highly complicated inference tasks utilising
feature space mappings inaccessible by even the largest
classical computing facilities. Following a similar train
of thought and indicated by point (ii), it might even be
possible to achieve Quantum Utility by larger but classi-
cally trained UQC models. Here, moderately-sized UQC
models could be trained on large supercomputing infras-
tructures and then deployed to individual on-site quan-
tum processing units. If the latter are able to outperform
classical processing units of similar size, weight, and cost
by being faster, more accurate, or requiring less energy
[7], a practical quantum advantage could be achieved in
the near future.
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Figure 2: Classification results of the trained UQC models. The results for each classification problem
obtained from inference of the trained UQC models on an ideal state vector simulator (top) as well as deployed to
an on-site room-temperature quantum computer, i.e. the QB-QDK (bottom). Each data point is coloured according
to the obtained classification label. Separating margins are explicitly shown as a visual aid, only.
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