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Abstract—Quantum computers can theoretically speed up op-
timization workloads such as variational machine learning and
classification workloads over classical computers. However, in
practice, proposed variational algorithms have not been able to
run on existing quantum computers for practical-scale problems
owing to their error-prone hardware. We propose OPTIC, a
framework to effectively execute quantum binary classification
on real noisy intermediate-scale quantum (NISQ) computers.

Index Terms—Quantum Computing, NISQ Computing, Quan-
tum Machine Learning, Quantum Image Classification

I. INTRODUCTION

Background. Quantum algorithms have been developed in
the areas of chemistry, cryptography, drug-discovery, finance,
and optimization [42], [28], [14], [46], [17], [19], [12], [32],
[44]. A class of algorithms known as quantum variational
algorithms are designed to optimize and execute quantum
machine learning and classification workloads [39], [29], [23],
[4], [6], [2], [25], [34], [37].

While theoretically-promising, existing quantum machine
learning (ML) classifiers are designed for future, large-scale
ideal quantum systems, and evaluated only on ideal quan-
tum simulators. This is because loading data, training, and
testing samples on existing noisy intermediate-scale quantum
(NISQ) computers is challenging due to significant hardware
errors [35], [7], [11], [31], [43], [30], [41]. Consequently, a
classifier trained on a quantum simulator yields poor accuracy
when run on existing NISQ computers because it does not
mitigate the effect of errors on the real systems. Currently,
computer systems researchers do not have access to any
practical and feasible capability to perform classification tasks
on real quantum machines for exploration and improvement.

Contributions. OPTIC specifically bridges this gap by propos-
ing a binary classification framework for NISQ quantum ma-
chines. OPTIC builds upon three key ideas and insights to make
quantum classification tasks practical on quantum computers:

(1) OPTIC uses a hybrid quantum-classical approach to
mitigate the data loading challenge and erroneous nature of
quantum machines. The training is partially done on a quantum
simulator for faster training to overcome the challenge of
loading large data. The training is also augmented using partial
training on real error-prone quantum machines to account for
the effects of errors and markedly improve the classification
accuracy of the inference tasks on real quantum machines.

(2) OPTIC performs partial training and inference tasks on a
pool of quantum machines instead of a single machine. While
the idea of building a pool of classifiers has been applied
for classical machine learning tasks, we found that applying
this idea as-is in the quantum machine learning context does
not provide any benefit without mitigating quantum-specific

challenges that have no classical analogy. For example, to make
the pool effective, OPTIC builds an optimizer to disperse the
observed Pauli Z measurements for different quantum machines
as real machines do not display ideal dispersion.

(3) OPTIC improves the effectiveness of the classifica-
tion process by making each quantum computer’s train-
ing and inference process accommodate for its inherent
error characteristics using computer-optimal logistic func-
tions. As an outcome, OPTIC designs and implements a
real quantum classifier circuit that works effectively on
real IBM quantum machines. OPTIC is open-sourced at:
https://doi.org/10.5281/zenodo.5758994.

Limitations and Scope. While OPTIC achieves only moderate
classification accuracy (≈70%) compared to its matured classi-
cal counterparts, these limitations are due to the NISQ technol-
ogy capabilities. OPTIC’s performance will only improve with
the rapidly improving technology. OPTIC is the first step toward
demonstrating how NISQ computers can be used to perform
non-trivial ML classification tasks with reasonable accuracy by
overcoming quantum roadblocks.

II. QUANTUM COMPUTING AND CLASSIFIER BACKGROUND

A Brief Overview of Quantum Computing. A qubit exists
in a superposition of two basis states: |0〉 and |1〉, which can
be represented as |ψ〉 = α |0〉 + β |1〉, where |ψ〉 is the qubit
state, and α and β are amplitudes s.t. ‖α‖2+ ‖β‖2 = 1. When
a qubit is measured, its superposition collapses and it can be
observed in state |0〉 with probability ‖α‖2 and state |1〉 with
probability ‖β‖2. Extending the one-qubit notation, the state of
a system of two qubits is |ψ〉 = α |00〉+β |01〉+γ |10〉+λ |11〉,
where ‖α‖2 + ‖β‖2 + ‖γ‖2 + ‖λ‖2 = 1. Each state’s measure-
ment probability is determined by the associated coefficient.
Similarly, this notation can be extended to an n-qubit system.

Qubits initialized to state |0〉 can be put in desired su-
perpositions by applying quantum gates. A general one-qubit
gate is a rotation-gate with three parameters, R(θ, φ, δ), where
the three parameters determine the angles of rotation that the
qubit experiences along the three axes in a representational
Bloch sphere. For example, an X gate applies a rotation of
π about the x-axis, which can transfer a qubit from state |0〉
to state |1〉. Two-qubit gates can entangle two qubits into an
interdependent system. For example, a CX gate applies the
X gate to the “target” qubit if the “control” qubit is in state
|1〉. A general quantum algorithm or “circuit” is a set of one-
and two-qubit gates that are applied to qubits in the |0〉 state
in sequential order to put the multi-qubit system in a desired
superposition. At the end of the circuit execution, the qubits are
measured and the output probabilities of the states are obtained.
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Quantum Variational Classifiers (QVCs). QVCs are a class
of quantum circuits that have tunable and differentiable pa-
rameters (e.g., rotation angles of single-qubit gates) and can
therefore be optimized for a specific objective [28]. The steps of
designing a QVC are as following. First, the tunable parameters
are initialized. Then, the circuit is executed on a quantum com-
puter for the training dataset. Using an optimization approach
(e.g., simulated annealing, Adam [24]), the new values of the
tunable parameters are calculated on a classical computer and
the QVC is updated with those parameters. This is repeated
until the parameters are reasonably tuned.

Quantum variational classifiers are a type of QVCs that are
used for data classification. They typically have repeated “lay-
ers” of tunable sub-circuits known as quantum neural networks
(QNNs). To work on NISQ computers and demonstrate training
speedup, QNNs need to be much smaller than their classical
counterparts. Once a QNN is tuned and optimized, its circuit
can be directly run on a quantum machine for inference. The
output of the circuit can be used to classify the inference
sample. Inference on a real quantum machine is faster than
using a classical simulation of a quantum machine. However,
the accuracy of inference on quantum machines is reduced
because of the hardware errors on current quantum machines.

Quantum Hardware Errors. NISQ machines are prone to a
variety of errors [35], [7], [11], [31], [43], [30], [41]. These
include: (1) state preparation and measurement (SPAM) errors
related to the imprecision in preparing the initial state of the
qubit as well measuring the qubit; (2) gate operation errors
related to the qubit being put in a slightly-off superposition
– these errors can accumulate over the course of applying
multiple circuit gates, resulting in the final system state being
much off the intended state; (3) amplitude and phase dampening
errors known as T1 and T2 coherence errors, respectively.
Overall, these errors make it challenging to produce accurate in-
ference on NISQ computers. This is the fundamental challenge
that OPTIC tackles to enable an effective quantum classifier.

III. RELATED WORK AND MOTIVATION FOR OPTIC

Prior related work can broadly be classified as following:

Quantum Variational Algorithms. Quantum variational algo-
rithms have been proposed to solve problems spanning several
different fields [34], [42], [29], [18], [28], [25], [46], [17],
[19]. For example, the Variational Quantum Eigensolver (VQE)
algorithm [34] has been shown to solve for the eigenvalues of
the Hamiltonian of a quantum system (e.g., a molecule).

Quantum Variational Machine Learners. Hybrid quantum-
classical computing has applications in supervised machine
learning [9], [3], [40], [20], [21], [38], [45], [27], [8]. For
example, Wilson et al. [45] make use of quantum circuits to
transform classical input features into quantum features in a
non-linear manner. Tomesh et al. [40] use coresets to load data
on a quantum computer to perform k-means clustering using
the Quantum Approximate Optimization Algorithm (QAOA).

Quantum Variational Classifiers. Quantum variational clas-
sifiers, the most relevant category in the context of OPTIC,
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Fig. 1: OPTIC’s classifier circuit structure. The horizontal lines
show the qubits and the gates are executed from left to right.

are used to predict the category of a data sample using input
features [39], [23], [6], [2], [14], [37], [12]. The most recent
effort is by Capelletti et al. [12], which uses small 2-qubit
circuits to classify simple datasets with very few features such
as the Iris flower dataset [22], but does not consider the effect
of hardware errors (leading to approx. 50% accuracy on real
machines even on a smaller dataset than used by OPTIC).
As another example, Adhikary et al. [2] propose a single-run
training algorithm that uses data inputs in the form of multi-
level quantum system to train the variational circuit in a single
run. While theoretically-promising for future large-scale and
error-free quantum computers, previous works are neither suited
for nor evaluated on current noisy quantum computers; they do
not co-design training and inference for NISQ machines.

IV. OPTIC’S DESIGN AND EXPERIMENTAL METHODOLOGY

Testbed. Our quantum inference runs on five quantum comput-
ers available via the IBM cloud: Ourense, Vigo, Rome, Bogota,
and Santiago (each five-qubit wide) [13]. These machines have
quantum volumes of 8, 16, 32, 32, and 32, respectively. Quan-
tum volume (QV) is a metric that encapsulates the performance
of a quantum computer by considering the number of qubits
on the computer, the gate and SPAM errors of all the qubits
on a computer, and the inter-qubit connectivity and cross-
talk [15]. The higher the quantum volume of a computer, the
better its performance. We also perform experiments on the 15-
qubit machine Melbourne computer to understand the effect of
having more qubits. We use a widely-used Pennylane quantum
simulator [10] running on a classical machine for training to
ensure that the training is not affected by real errors.

Dataset and Pre-processing. We evaluate the performance of
our classifier using the MNIST dataset. The MNIST dataset is
a compilation of images of digits 0-9 in a variety of different
handwritten fonts [26]. We use all images of digits 1 and 5 for
our binary classification, although the results are not affected
by the choice of digits. Due to current limited capability of
NISQ computers, it is not possible to load, train and test
all combinations of the digits. Principle Component Analysis
(PCA) [1] is used to reduce the feature size from 784 (image
size is 28×28 pixels) to 32, while maintaining an explained
variance of 95%. This allows us to build a five-qubit variational
classifier circuit (25 = 32) for the five-qubit machines. ≈ 12k
images are used for training and ≈ 2k are used for testing with
approximately equal number of images for each class.

Programming Environment. We train the circuit using the
Adam optimization algorithm on Pennylane [10]. The circuits
are run on IBM QX systems using the Qiskit [5] interface of
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Fig. 2: Real computers achieve a lower accuracy and true
positive/negative rates than ideal simulation. Higher quantum
volumes (QV) do not necessarily lead to better performance.

Pennylane. Python-based scikit-learn library is used to optimize
the parameters of the logistics functions via dual annealing [33].
Metrics. OPTIC is evaluated using standard classifier metrics:
accuracy, true positive rate (TPR), true negative rate (TNR), F1

score, and the absolute difference between TPR and TNR.

V. OPTIC’S DESIGN AND FRAMEWORK

Designing OPTIC’s Quantum Variational Classifier. OPTIC

takes a simplistic approach by developing a quantum variational
circuit to use for classification. Prior to adding the variational
layers to the circuit, the data (sample image) has to be loaded
in the circuit (Fig. 1). To solve the data loading challenges,
OPTIC employs amplitude embedding method, similar to [36].
Amplitude embedding embeds the sample in the form of the
amplitudes of the quantum states. For example, a five-qubit
quantum system has 32 states and each of these states has a
corresponding amplitude: |ψ〉 = α1 |00 . . . 0〉 + α2 |00 . . . 1〉 +
· · · + α32 |11 . . . 1〉. For such a system, up to 32 features can
be embedded into the 32 amplitudes of the states. Note that
all features have to be numericalized and normalized to ensure
that the norm of the amplitudes adds up to one. Amplitude
embedding is applied to qubits initialized to the |0〉 state. At
the end of the embedding, the features manifest as a multi-qubit
state. The variational logic can then be applied to this state.

All subsequent layers begin with a single rotational gate on
each of the qubits. A rotational gate has three parameters: one
angle corresponding to rotations about each of the three axes
on the Bloch sphere. Next, qubit entanglements are established
by performing CX operations on consecutive pairs of qubits.
Following this step, the next layer (with the same structure)
repeats for up to four layers. At the end of the circuit, one
qubit is measured to classify the sample (Fig. 1).

The Pauli Z measurement measures the qubit state relative
to the z-axis of the Bloch sphere. The expectation value of
the measurement is obtained by running the circuit multiple
times and getting the probabilities of the |0〉 state and the |1〉
state. The expectation value of the Pauli Z measurement is -
1 for state |0〉 and 1 for state |1〉. Rest of the superpositions
result in a value between -1 and 1. Thus, binary classification
can be performed by counting all measurements below 0 as
class -1 and above 0 as class 1. Due to timing constraints,
data loading, and hardware errors, model training happens on
a quantum simulator and inference on real quantum machines.

Why not make the circuit deeper and complex with more
parameters? While OPTIC’s trained model achieves nearly
98% accuracy on a quantum computing simulator, its accuracy
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Fig. 3: PMFs of the Pauli Z measurements. The PMFs are
well split when using a simulation, but indistinguishable on
real devices due to the high degree of hardware errors.

drops to around 58% on real quantum machines (Fig. 2). In fact,
the accuracy level is not a monotonic function of the quantum
volume of the machine. A natural tendency in classical machine
learning is to make networks more complex, bigger and deeper.
Via our iterative design and experimentation, we learned that
quantum circuits need to be relatively simpler. For example, we
discovered that more layers and tunable parameters increased
the accuracy to 99% on the simulator, but on the real system
the accuracy dropped to around 52%. Developing a larger 15-
qubit quantum circuit for the Melbourne machine also only
achieved 52% accuracy (as shown in Sec. VI). Circuits with
higher number of qubits and gates are more likely to suffer
from decoherence and SPAM errors. In fact, even our simpler
circuit achieves only ≈60% accuracy at maximum.

To investigate this further, we analyzed the values of the Pauli
Z measurements of the output qubit in simulation compared to
a real computer. Fig. 3 shows the probability mass function
(PMF) of the Pauli Z measurements of the test images. Recall
that if the Pauli Z measurement is less than 0, the sample is
classified as class -1, and if it is greater than 0, the sample is
classified as 1. The figure shows that in the ideal simulation
results (Fig. 3(a)), there is a distinctive split between the two
classes: most of the class -1 samples fall below 0 and most of
the class 1 samples fall above 0. On the other hand, Fig. 3(b)
shows that on real computers (e.g., Santiago), there is no
distinctive difference between the two distributions due to the
errors of quantum hardware. This poor accuracy on error-prone
quantum machines reveals the need for the model training
process to be embedded with the effects of the hardware errors.

Key Ingredient 1: Hybrid Quantum-Classical Training.
OPTIC employs a hybrid training process where a small subset
of the data is used to trained on real quantum computers.
Recall that due to time constraints and data load challenges,
the full training cannot be performed on quantum computers
at this stage of technological development. Partial training on
quantum computers helps capture the effects of hardware errors.
However, each quantum computer can have varying spatial and
temporal error characteristics and training on a single quantum
machine may introduce machine-specific bias in the model.

Key Ingredient 2: Pool of Classifiers. To address the above
challenge, OPTIC implements a voting mechanism among a
pool of classifiers where each machine in the pool participates
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Fig. 4: (a) Parameters that determine the shape and properties
of logistic functions. (b) Representation of how an inference
sample is run on multiple machines, and how the machine-
specific logistic functions are used to obtain the final class.

in the partial training process. Then, it performs inference on
all quantum machines and takes an average of the outputs. For
instance, if one computer is biased toward classifying more
images as class -1 (e.g., Bogota has a high TNR of 80%
in Fig. 2 because it classifies most images as class -1 and
therefore, has a very low TPR), then, getting the opinion of
another computer that is less biased or biased in a different
manner can be helpful (e.g., Ourense has a high TPR of 69%,
which can help reduce the bias of Bogota). This is similar
to the concept of ensembles of learners where a few learners
participate and improve the accuracy of classification. However,
in this case, the same variational classifier model is run on each
computer. Individual computers act as different learners due to
their unique error properties without the need to train different
variational classifier models. Note that OPTIC also performs
multiple runs on the same computer to get stable results.

Including multiple machines with different error characteris-
tics helps improve the classification accuracy, but we observed
that it may increase the bias in certain cases if multiple
machines are making similar classification mistakes (increase
in the difference between TPR and TNR, Sec. VI). To address
this challenge, OPTIC implements an optimizer that disperses
the observed Pauli Z measurements near 0 toward the extremes
in a machine-specific way, as described next.

Key Ingredient 3: Tuning The Classifier For Each Machine.
OPTIC uses a logistic function to transform the Pauli Z mea-
surements near 0 to a value closer to -1 or 1 (Fig. 4(a)). A
logistic function is defined as L(x,wi, ki, ti) = wi

2
1+e−k(x−ti)

.
Here, x is the measurement value being transformed, wi is
the weight placed on the runs of the ith computer, ki is the
parameter that determines the steepness of the “S” curve, and
ti is the parameter that determines the classification threshold;
wi, ki, and ti are computer-specific parameters. wi has a value
between -1 and 1. A computer with high prediction error would
get a close-to-zero weight and a computer with low error would
get a weight close to -1 or 1. ki determines how far the Pauli
Z measurement has to be from 0 for it to be pulled up to 1 or
pulled down to -1. A higher ki makes the curve more steep,
thus indicating a higher confidence in classification even if the
value is close to 0. Lastly, ti determines where the inflection
point of the logistic function should be. As an example, the
hardware errors could shift all samples in the class 1 direction.
In this case, ti should be set to a slightly positive value to
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Fig. 5: Visual representation of the three-step training and in-
ference procedure of OPTIC to execute classification workloads
on real quantum machines in the current NISQ era.

accommodate the shift. Once the measurements are transformed
using the logistic functions for all runs across all computers,
they can be summed up (Fig. 4(b)). If the sum is below 0, then
class -1 is assigned; class 1 is assigned otherwise.

OPTIC determines the function parameter values by framing
it as a black-box optimization problem: given the Pauli Z mea-
surements of different image samples, determine the logistic
function parameter values that maximize the training accuracy
of the classification and minimize the difference between the
TPR and the TNR: minimize

(
|TPR− TNR| − accuracy

)
.

Note that the minimization term regarding the difference be-
tween TPR and TNR is added to ensure that the accuracy is
not improved at the cost of large difference in the TPR and the
TNR (as we observed experimentally with a naive solution of
pool of multiple inferences). Note that we chose this metric for
optimization instead of a metric like the F1 score, because we
found that it is more efficient to optimize and also improves
the F1 score by 12% points, as we show next in Sec. VI. We
use dual annealing to perform this optimization [16].

Putting It All Together. As shown in Fig. 5, OPTIC begins
by designing and programming a quantum variational classifier
circuit consisting of data embedding followed by multiple
layers of networks. This model is then trained using an ideal
simulation of quantum computing. Training samples are then
run on different quantum computers to make the training
process embed the effects of hardware errors. These samples are
used to train and optimize a logistic function for each quantum
machine using a dual annealing approach. OPTIC weighs and
sums the output of these logistic functions to predict the class.
Once, the second stage of training is completed, the model can
be used for inference.

VI. RESULTS AND ANALYSIS

OPTIC variants provide significant boost in the classification
quality on real NISQ-era quantum machines. Fig. 6 shows
the various figures of merit for OPTIC variants compared
to the baseline (a quantum model trained on a simulator
and run on the least erroneous machine, Santiago (QV 32)).
We make several observations. First, OPTIC’s approach of
leveraging a pool of machines for inference is more effective
than the baseline. This is true in terms of all the figures of
merit (F1-score, accuracy, and |TPR − TNR|). In particular,
OPTIC’s improves the classification accuracy by 12% points
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1

Fig. 6: OPTIC provides the highest accuracy and F1 score, and
the lowest |TPR− TNR|, as compared to other techniques.

and F1 score by 11% points over the baseline. Second, using
a pool of machines is useful, but its effectiveness is further
improved by engaging the quantum machine in training and
tuning each machine to accommodate the inherent effect of
its error characteristics on the classification process (logistic
function optimization). In particular, using the logistic function
optimization improves the accuracy and removes the bias in
the classification (the absolute difference between TPR and
TNR is near zero) as expected because of the construction of
the optimization function. Third, we note that the classification
quality cannot be simply improved by taking the majority vote
since it does not capture the contribution of the individual
machines, and may lead to higher difference between TPR
and TNR. This is why, it is critical to tune each machine
individually using the logistic function optimizer.

OPTIC becomes increasingly effective with inclusion of
more machines, and outperforms the best combination of
smaller set of machines. To better understand the impact
of real computers on OPTIC, we look at the performance of
OPTIC with up to five computers (Fig. 7). Choosing fewer
than five machines provides the opportunity to select different
combinations of computers. For example, if two computers are
selected, these computers can be Ourense and Vigo or Ourense
and Rome. Because it is not clear which combination is the
best before performing the experiments (recall that a computer
with a higher quantum volume does not necessarily perform
better), we consider all combinations and present the mean F1-
score of the combinations in Fig. 7(a), the maximum F1-score
in Fig. 7(b), and the minimum F1-score in Fig. 7(c).

The results show that using all the five machines results in the
best classification quality (F1-score 73%) compared to smaller
subsets of machines. In general, the results are worse with
fewer number of machines. For example, for a three-computer
selection, the mean F1-score is 68%. The maximum F1-score
for the best combination of three machines is 69%, but this
combination is not known apriori and some combinations have
an F1-score as low as 65%. In fact, the set of best and worst
performing combination changes significantly as the sizes of
the combinations change. For example, for a single-computer
selection, Bogota performs the worst. But, for a four-computer
selection, the best combination includes the worst-performing
computer Bogota. Overall, OPTIC’s approach of including all
machines is more productive than guessing which machines are
best or attempting to form a smaller set. This is because more
machines provide higher chances of removing the bias from
individual error characteristics.

Effect of larger circuits and more samples. Finally, we briefly

1 1 1

Fig. 7: OPTIC becomes more effective with inclusion of more
machines and outperforms the best combination of smaller sets.

1

Fig. 8: The 15-qubit Melbourne computer performs worse than
the 5-qubit baseline computer due to the higher hardware error.

discuss two important results. First, we found that running a
15-qubit version of OPTIC on the Melbourne machine, does
not increase the classification quality, as shown in Fig. 8. The
15-qubit variational circuit was trained in the same manner and
using the same variational structure as our 5-qubit variational
circuit, using the Adam optimizer. This model also has an
ideal simulation accuracy of 98%. But, when run on a real 15-
qubit computer, the accuracy drops to 52% because variational
circuits running on larger number of qubits are likely to suffer
from more errors as the degree of error increases proportionally
to the number of qubits. This offsets the benefit of running
on larger machines at this point in the evolution of NISQ
technology. We experimented with an increasingly larger circuit
size on the 15-qubit machine and found that the accuracy
drops with increasing circuit size. This shows another aspect of
OPTIC’s usability: in terms of the training overhead, building
a diverse and tuned pool of smaller-size models is linearly
scalable and faster than training a single 15-qubit model, which
has an exponentially-scaling training time on the simulator.
Our results also show that there is no benefit to undertaking
this overhead as the accuracy does not improve; it only drops.
Using smaller-sized models is more beneficial in terms of both
the training overhead and the model’s predictive performance.

Second, we found that increasing the number of runs beyond
five per computer for each tested sample does not increase
the classification quality of OPTIC. This is because five runs
already amount to a large number of execution samples (5120
execution samples; 1024 per run) and further runs do not
remove the error bias in the results.

VII. CONCLUSION

We proposed OPTIC to design quantum circuits that run on
real NISQ computers to perform quantum binary classification
tasks. OPTIC leverages simple variational circuit structures,
divergent error characteristics of different computers, and lo-
gistic function optimization to achieve high accuracy. OPTIC

improves classification accuracy by 12% points beyond running
on just one computer, all the while ensuring that the true
positive rate and the true negative rate are similar.
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