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Abstract

Quantum computers can theoretically have significant accel-
eration over classical computers; but, the near-future era of
quantum computing is limited due to small number of qubits
that are also error prone. Quilt is a framework for performing
multi-class classification task designed to work effectively
on current error-prone quantum computers. Quilt is evaluated
with real quantum machines as well as with projected noise
levels as quantum machines become more noise-free. Quilt
demonstrates up to 85% multi-class classification accuracy
with the MNIST dataset on a five-qubit system.

Introduction
Problem Motivation. Quantum algorithms have been de-
veloped in the areas of chemistry, cryptography, machine
learning, and optimization (Lu et al. 2019; Shor 1999; Ti-
wari and Melucci 2019; Khairy et al. 2020). A class of al-
gorithms known as quantum variational algorithms are de-
signed to optimize and execute quantum machine learning
and classification workloads (Benedetti et al. 2019).

While theoretically-promising, existing quantum machine
learning classifiers are designed for future large-scale ideal
quantum systems. This is because loading data, training,
and testing samples on existing near-term intermediate-scale
quantum (NISQ) computers is challenging due to significant
hardware errors (Schuld and Killoran 2019a; Jurcevic et al.
2021; Preskill 2018). Consequently, existing quantum clas-
sifiers have been demonstrated to be effective only for rela-
tively simple binary classification tasks (Schuld, Fingerhuth,
and Petruccione 2017; Grant et al. 2018). As our evalua-
tion confirms, existing state-of-the-art approach are ineffec-
tive for multi-class classification (e.g., <30% accuracy for
eight-class image classification). Currently, there is lack of
capability to perform multi-class classification tasks on the
real quantum machines for exploration and improvement.
Contributions. Quilt specifically bridges this gap by open-
sourcing its framework and dataset to the community for
multi-class classification on NISQ quantum machines. Quilt
makes the following key contributions:

(1) A key idea behind Quilt is to build an ensemble
of quantum classifiers to perform multi-class classification.
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While intuitive and widely-applied in the classical world, we
found that classical way of building ensembles is ineffective
– it improves the accuracy only by 5%-10% over the state
of the art. To mitigate this challenge, Quilt builds a novel
ensemble of quantum classifiers by (1) constructing diverse
classifiers, and (2) keeping them simple.

(2) Second, we demonstrate that Quilt further enhances
the classification accuracy obtained via carefully con-
structed diverse ensembles of models. Quilt makes an ob-
servation that when outputs from diverse models are com-
bined, individual models agree on “most parts” of the out-
put, but they may disagree on “some parts” due to the intrin-
sic noise, which cannot be mitigated simply by increasing
the diversity or number of members. To mitigate this, Quilt
designs a safeguard error correcting mechanism that detects
which parts have most disagreement and then, builds specific
error-correcting binary classifiers to increase the consensus
for those parts, improving the overall prediction accuracy.

(3) Third, we show how Quilt performs on a variety of
datasets and in different simulation environments. We evalu-
ate Quilt on MNIST, Fashion-MNIST, and Cifar for four and
8 classes. Quilt demonstrates an advantage in every case by
up to 46% over state-of-the-art for eight classes of MNIST.
We also demonstrate that Quilt can be run on real quantum
machines today and test on IBM Manila and IBM Lima.

Quantum Classification Background
Qubit and State Manipulation. The qubit is the fundamen-
tal building block of a quantum computer. Where a classical
bit is strictly binary, a qubit can be in a superposition of both
binary states, as shown below in Dirac notation:

|Ψ⟩ = α |0⟩+β |1⟩ s.t α, β ∈ C& ∥α∥2+∥β∥2 = 1 (1)

Here, |Ψ⟩ is the state of the qubit, which is in a superposi-
tion of the |0⟩ and |1⟩ basis states. When the qubit’s state is
measured, its superposition collapses and outputs state |0⟩
with probability ∥α∥2 and |1⟩ with probability ∥β∥2.

Qubit states can be manipulated using unitary transforma-
tions that act as single- or multi-qubit quantum gates. Single-
qubit gates are represented as rotation gates with three angle
parameters: R3(θ1, θ2, θ3). Arbitrary superpositions can be
achieved by tuning the rotation angles of this R3 gate. Gates
spanning multiple qubits have the ability to entangle qubits
into a unified quantum system.

The Thirty-Sixth AAAI Conference on Artificial Intelligence (AAAI-22)

8324



2 3 4 5 6 7 8
Number of Classes

(b)

0

20

40

60

80

100

A
cc

u
ra

cy
(%

)

2 3 4 5 6 7 8
Number of Classes

(a)

0

5

10

15

20

25

M
o
d

el
s

N
ee

d
ed

Figure 1: State-of-the-art multi-class quantum classifiers
have (a) quadratic scaling for number of models and (b)
quickly degrading accuracy scaling with number of classes.

Quantum Circuits. A quantum circuit is a sequence of gates
applied to a system of qubits to affect the outcome of their
entangled superposition state. The goal of this paper is to
perform classification. On quantum computing systems, a
specific type of quantum circuits – quantum variational cir-
cuits (QVCs) – have been used for classification tasks in
place of classical neural networks due to their more efficient
structure using far fewer parameters and their theorized ex-
ponential scaling properties over classical algorithms(Chen
et al. 2020; Lockwood and Si 2020). Therefore, next we
briefly introduce the basic functions of QVCs.

Quantum Variational Circuits. QVCs are tunable quantum
circuits that can be optimized for a specific purpose through
training (Schuld and Killoran 2019b). QVCs are built using
a mix of fixed gates (e.g., single-qubit gates with fixed ro-
tation angles), which encode fixed classical data x (e.g., in-
put features used for a classification task) and tunable gates
(e.g., single-qubit gates with parameterized rotation angles),
which encode objective function information θ (e.g., maxi-
mize classification accuracy). A function f is then created
to map these parameters (x, θ) to a quantum system. This
function can be any series of unitary operations that define
the unique circuit architecture, applied to the initial |0⟩ state.

f(x, θ) = U(x, θ) |0⟩ (2)

The parameters of this function are tuned via a hybrid
classical-quantum computing approach for objective opti-
mization (Benedetti et al. 2019; Havlı́ček et al. 2019). QVCs
are fully differentiable and can therefore, be optimized
through standard deep learning optimization algorithms.
QVCs for Classification. QVCs are a suitable choice for
a binary classifier as they provide high accuracy with few
parameters, can be optimized with the same procedures as
a neural network, and are small enough to fit on quan-
tum machines today. A major challenge however is how to
scale these classifiers to multi-class classification. Most real-
world classification work done today involves more than two
classes, but existing quantum classifiers are focused on solv-
ing only binary classification tasks and do not place much
emphasis on multi-class classification tasks (Schuld, Fin-
gerhuth, and Petruccione 2017) and (Grant et al. 2018).

Motivation and Related Works
Quantum computing can have exponential acceleration over
classical computers in many problem domains (Shor 1999;
Baertschy and Li 2001; Smith et al. 2019; Biamonte et al.
2017; Abrams and Lloyd 1999; Lu et al. 2019). Notably,
quantum computing is also expected to prove useful for the
field of machine learning and classification (Biamonte et al.
2017; Aaronson 2015; Lockwood and Si 2020; Chen et al.
2020; Yang et al. 2020; Li et al. 2021; Khairy et al. 2020).
While new discoveries have led to better quantum machines,
a defining limitation of the near-term noisy intermediate-
scale quantum (NISQ) computers is the lack of large fault-
tolerant machines. One is therefore limited to using only
a handful of qubits to perform quantum algorithms. This
largely constrains the development of quantum algorithms
for real-world applications.

Related Quantum Classification Efforts Multiple works
have been put forward in the space of quantum image classi-
fication. For example, (Gambs 2008), (Monràs, Sentı́s, and
Wittek 2017), and (Wang et al. 2021b) are focused on the-
oretical algorithms that can only run on large fault-tolerant
quantum computers; while promising, these works are not
applicable in the current NISQ era as the computers are
small and noisy. Other works leverage classical neural net-
works to handle much of the heavy lifting for quantum
classification (Nguyen and Kenyon 2018; Hellstem 2021).
Unfortunately, in these cases, the potential for quantum
speedup is greatly reduced as the works inherit the limita-
tions of classical networks, such as when dealing with data
in quantum entangled states (Grant et al. 2018).

The most relevant and recent efforts in the quantum clas-
sification space are (Schuld, Fingerhuth, and Petruccione
2017) and (Grant et al. 2018). These efforts are state-of-
the-art effort for classification tasks on NISQ quantum com-
puters. In (Schuld, Fingerhuth, and Petruccione 2017), the
authors use a simple distance-based classifier in simulation
to classify the Iris dataset by analyzing how it performs for
each pair of classes (1v2, 2v3, and 1v3) in separate binary
classifications. The more recent work – (Grant et al. 2018) –
tackles the same image classification problem of splitting the
Iris dataset into tuples, with the addition of analyzing binary
splits in the MNIST dataset. They use tensor networks to
build their binary classifiers, then evaluate the performance
on a real quantum computer. However, both (Schuld, Fin-
gerhuth, and Petruccione 2017) and (Grant et al. 2018) are
primarily designed to be effective for binary classification.
While they attempt to extend to multi-class classification us-
ing binary classifications on every unique two-class pairing
in their datasets, this ad-hoc extension approach has several
limitations, as we discuss next and our evaluation confirms.
Recently, (Wang et al. 2021a) has proposed a framework to
address noise in classification circuits.

Why are the State-of-the-Art Quantum Classifiers
Not Effective for Multi-Class Classification?
The state-of-the-art approach for multi-class classifica-
tion (Grant et al. 2018) essentially relies on splitting a multi-
class dataset into many binary datasets and classifying each
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Figure 2: Overview of the design of Quilt. The label under each step indicates if the step is performed quantumly or classically.

pair and combining them all for a multi-class decision –
known as the OneVsOne Classifier. For example, for a three-
class classification with classes A, B, and C, this would re-
quire three unique classifiers; for (A,B), (B,C), and (A,C).
Each one votes in favor of one class and the class with two
votes wins. However, this method has several shortcomings.

First, the current approach suffers from poor scalability
as a large number of models are needed for training. The
number of models required to build an n-class multi-class
classifier is n(n − 1)/2 (Fig. 1(a)). Each model that needs
to be trained classically slows down training significantly.
Additionally, the inference on quantum machines becomes
impractical with larger number of classes. For example, 8
classes would require 28 models, and 16 classes would re-
quire 120 different models to be initialized on quantum com-
puters. Instead, Quilt, as we discuss later, is designed to
scale only linearly with the number of classes.

Second, the accuracy of the current approach degrades
quickly with increase in the number of classes (Fig. 1(b)).
One reason for this is the well-documented issue for the
OneVsOne classifier: the “the unclassable region” prob-
lem (Galar et al. 2011; Liu, Hao, and Yang 2007). This
is where no obvious winner can be selected from the bi-
nary classification pairs; for example, a three-class scenario
where two candidates tie with one vote each. As more
classes are added, the opportunities for ties increase as well.
In fact, each additional classifier brings more noise to the
system and adds more points of failures if the classifier
is biased to a particular class. For this reason, we design
Quilt with an ensemble of classifiers, where each classifier
is wholly responsible to classify all classes.

Quilt: Design and Implementation
Overview of the approach. Fig. 2 illustrates the overview
of Quilt. A key idea behind Quilt is to use an ensemble of
smaller classifier models instead of using a single large clas-
sifier model. This design decision is made to ensure that the
impact of quantum operation errors – which are prevalent on
quantum real machines – is minimized. Multiple lightweight
simple models (referred to as “core classifiers”) make the
training and inference process simpler and reduce the impact
of errors. In fact, at present, training and inferring large com-
plex models is not feasible due to technological constraints
and that is a major roadblock that Quilt curbs.

A small-sized ensemble model is potentially less powerful
than a complex, heavyweight model and may produce lower

accuracy results. Therefore, to improve the classification ac-
curacy, Quilt builds an ensemble in a unique way. As shown
in the second stage of Fig. 2, each classifier outputs its clas-
sification prediction (three bits for an 8-class classification
problem) and these inference results are combined across
all classifiers by weighting according to their accuracies. As
an efficiency measure, the already calculated outputs, x̂, are
used to calculate the accuracy after each iteration. We started
with a withheld validation set (10% of the data), but we ro-
bustly verified that it did not improve accuracy significantly;
so we removed this calculation to save time. As we discuss
in detail later, simply replicating the models is not sufficient
for improving the accuracy. Quilt specifically designs them
to be “different by construction”. Each core classifier can
have multiple instances and variants that help diversify the
ensemble. Model, variant, and instance design details are
discussed later in this section.

During the development of Quilt, we discovered that
building a diverse ensemble is also not sufficient. As the
fourth stage of Fig. 2 illustrates, when predictions across
all classifiers are combined, some bits in the final predicted
(e.g., one bit out of three bits for an 8-class prediction task)
output may have low-confidence. This is despite careful se-
lection and construction of individual core classifiers. To ad-
dress this, Quilt designs unique binary classifiers to improve
the prediction confidence of low-confidence bits. For exam-
ple, in Fig. 2, “1 vs All” and “5 vs All” are used because
the most significant bit has the lowest confidence and hence,
the only output possibility is a ‘1’ or a ‘5’ depending upon
the other predicted bits. Finally, Quilt combines the results
to predict the target class in a multi-class setting.

Next, before we discuss the model design details of Quilt,
we discuss the data processing procedure.

Preprocessing and Embedding Images and Labels
Running a quantum classifier on a small NISQ quantum ma-
chine requires loading and encoding classical data on the
quantum computer in a scalable manner. Quilt has selected
the model size to be five qubits because models spanning a
larger number of qubits increase the surface area of error and
hence, risk lowering the overall accuracy.

Quilt’s solution to encoding each image on a quantum
machine is to perform Principal Component Analysis (PCA)
on the entire dataset as a preprocessing procedure prior to
training the model. PCA allows particular specification for
the exact number of dimensions for data reduction. PCA has
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Figure 3: General structure of the different circuit architectures of Quilt.

a one-time offline overhead of processing the image data
and generating the 32 features (< 1 minute overhead even
with serial processing of 60,000 MNIST images). This al-
lows QUILT to fit on today’s NISQ machines and is the most
efficient way to encode data to maximize explained variance
across a dataset. It is worth noting that other works such as
(Henderson et al. 2020) have used threshold based encoding
where pixel values above a certain threshold are encoded as
the state |0⟩ and those above are in the state |1⟩. While it
is possible this may perform well for certain datasets such
as MNIST where color and shade are not as important, this
should not be expected to perform well for more complex
datasets where color is important.

Once the images are preprocessed, Quilt uses amplitude
embedding to encode the normalized input vectors on to the
qubits. Amplitude embedding transforms L vectors of nor-
malized classical data of size N and encodes the data as a
quantum state of size log2(NL). The training set size affects
the pre-processing step, but not the characteristics of indi-
vidual quantum classifiers The first step of preparing classi-
cal data for quantum computation is to initialize all qubits
to the ground state: |0⟩. Then, the state preparation circuit
(Ux) is applied to add the fixed classical data to the circuit,
embedding one input feature per quantum state amplitude.
Once the state is prepared, Quilt’s classification model can
then be applied. Quilt also preprocesses the labels to ensure
compatibility with the quantum space. This requires select-
ing a value of {-1,1} for each bit representing the label. With
the preprocessing step complete, we delve into the model de-
sign details of Quilt.

Quilt’s Model Ensembles
Large and complex models can be used as a building block
for classification, but they increase the likelihood of er-
rors on error-prone NISQ machines. To mitigate this chal-
lenge, Quilt builds on a base of small-sized circuits because
smaller circuit size reduces the adverse impact of errors.
In addition, to compensate for the small circuit size, Quilt
builds an ensemble of such models that work together to col-
lectively improve the classification performance. Quilt uses
accuracy as a weighting mechanism to aggregate the classifi-
cations of individual ensemble components. Each ensemble
ϵ with weight wϵ contributes to the output ŷ according to the
following equation:

ŷ = sgn
[∑

ϵ

wϵO(x, θ)
]

(3)

where the sgn(z) operation is defined as

sgn(z) =

{
−1, for z < 0

1, for z > 0

}
and the output O(x, θ) is a real number between -1 and 1,
with its absolute value suggesting the confidence of being
a member of the -1 or 1 class. The output is the result of
applying the U(x, θ) operator to the |0⟩ state and measuring
it, where U is the unitary transformation applied to input x
and parameters θ (from Eq. 2).

The ensemble representation for a QVC then becomes

ŷ = sgn
[∑

ϵ

aϵ
a
O(x, θ)

]
(4)

where aϵ is the associated accuracy of ensemble member ϵ
and a is the sum of all ensemble accuracies.

Model Construction
Core Classifier. The building block of Quilt’s ensemble is
the core classifier, which is designed to be able to classify
all classes on its own (as opposed an ensemble of OneV-
sOne classifiers used for state-of-the-art multi-class classifi-
cation). It consists of an amplitude embedding circuit, fol-
lowed by repeating rotation gates on each qubit, then CNOT
gates to entangle all qubits together, followed by a measure-
ment on all output qubits.

In classical computing, traditional neural networks per-
form classification by assigning a single class to an output
neuron to then use a function such as Softmax to find the
most likely candidate. Quilt uses a different approach by
leveraging the quantum nature of the model: it uses each
measurement qubit b as a bit in the full n-bit classifica-
tion. This allows better scaling to handle a larger number
of classes. All measurement qubits form a single bitstring
that has an associated class label:

ŷ =

n∑
b=0

2n−b
(sgn(qb) + 1

2

)
(5)

Here, qb is the value of the bth bit as measured in the quan-
tum state output (Eq. 4). The number of these models scale
logarithmically with the number of classes in the label space
n = log2N , but the accuracy scales inversely. This is par-
tially because in order for the entire output to be correct, all
the bits have to be correct. For example, if each bit is correct
with probability .95, the probability of a correct guess for a
three-bit classifier would be .953 = .857 or 85.7%.
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hierarchy is the ”model”, which represents a quantum cir-
cuit with a unique objective. An example of this would be
a OneVsOne classifier with the objective of distinguishing
Trousers and T-Shirts. A model can have multiple ”vari-
ants”, which are circuits with the same objective, but dif-
ferent structures. Finally, a variant can have multiple ”in-
stances”. All instances associated with a variant have the
same structure, but may differ in their parameters due to dif-
ferent initial conditions used for optimization.

Multiple Diverse Variants of Core Classifiers. Now that
we have the general structure for a core classifier defined,
our next task is to use this general structure to form an en-
semble. It is imperative to diversify the ensemble compo-
nents as much as possible in order to ensure that they cor-
rect for each other’s deficiencies, blind spots, and biases.
Initializing model instances with different initial conditions
enforces some degree of diversity. However, these instances
would still be optimizing over the same search space due to
the model structure being the same, thus resulting in similar
outputs and reduced ensemble diversity.

Quilt mitigates this challenge by constructing model vari-
ants with heterogeneous architectures in order to establish
more diversity and independence between them. These vari-
ants differ in that each variant under the same model can
have different number of additional CNOT gates and cor-
responding connections – Fig. 3 provides examples of differ-
ent variants of the core classifier circuit. Each heterogeneous
variant therefore has a different hyper-dimensional search
space to optimize over and a different set of minima, result-
ing in a diverse set of core classifiers with different struc-
tures and parameters. The output of these variants can be
combined by integrating Quilt’s bitwise core classifiers with
the weighted ensemble averaging, as expressed below:

ŷ =
n∑

b=0

2n−b

[
sgn

(∑
ϵ

aϵ
a
qbϵ

)
+ 1

2

]
(6)

Fig. 4 provides a visual representation of the diversity hierar-
chy of a model, a variant, and an instance. Different models
are the most diverse due to them optimizing different objec-
tives. However, for Quilt’s ensemble, we need all core clas-
sifier models to have the same objective. Therefore, Quilt
employs different variants that are part of the same model

(i.e., have the same objective) and provide better diversity
than just having different instances.
OneVsAll Classifiers for Error Correcting. While core
classifiers do most of the heavy lifting with classification,
the addition of support networks improves the overall accu-
racy of the classification. One vs all (OneVsAll) classifiers
are used for each class in order to provide a parity bit when
necessary. These act as error correcting procedures that ac-
tivate under certain conditions. A OneVsAll classifier is a
binary classifier where one class is assigned to one class and
every other class is grouped together in the other class. In
the case of Quilt, there is one OneVsAll classifier for each
class in the class space. These classifiers only act when the
core classifiers have low confidence, defined by a confidence
threshold, γ. This is shown in Eq. 7 and is applied to each
image separately. ∣∣∣∑

ϵ

aϵ
a
O(x, θ)

∣∣∣ < γ (7)

We find the value of γ is optimal when it is met for 10%
of all guesses. For all images, if any have an absolute sum
of weighted outputs that falls within γ, we identify the least
confident bit b in the output as:

b = argmin
b

∣∣∣∑
ϵ

aϵ
a
O(x, θ)

∣∣∣ (8)

The next step is to evaluate the associated OneVsAll clas-
sifier for a final verdict on the bit in question. As there is
a single bit in question, two OneVsAll Classifiers that are
charged with the decision. For example, in the case of evalu-
ating the most significant bit where the two least significant
bits are certain (e.g., X01), the output is either a 1 or a 5,
so the 1VsAll and 5VsAll classifiers must be evaluated. The
bit is only set if and only if both OneVsAll Classifiers be-
ing evaluated agree on a decision, otherwise it defaults to its
original state. This is shown for classifiers C1 and C2 below.

qb =


0, for C1 = −1, C2 = 1

1, for C1 = 1, C2 = −1

qb, otherwise


Here, −1 indicates that the image is in the specific OneVsAll
class, and 1 indicates that it is not in the class.

Stitching Together the Ensemble
Overall, Quilt requires five core classifiers + n OneVsAll
classifiers to build an ensemble for n classes. For example,
for its eight-class ensemble, Quilt requires 13 classifiers:
five core classifiers (each is a different variant) and eight
OneVsAll classifiers. The number of models required by
Quilt therefore scales linearly with the number of classes, as
opposed to quadratically with the state-of-the-art approach
(Fig. 1). Quilt’s models construct a robust scalable ensemble
with error correction built in. Next, we describe the imple-
mentation of our training and inference procedure.

Training and Inference Procedure
Quilt begins by constructing the core model variants, each
set to a learning rate of .05, optimized using the Adam opti-
mizer (Kingma and Ba 2014). This is followed by randomly
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initializing all variants’ weights separately between 0 and
1. For 100 epochs, these variants sample 50 random images
and corresponding labels from the training set split. All vec-
torized images are passed into the network for evaluation.
Within the context of the hybrid quantum-classical frame-
work, gradients are computed classically after generating the
outputs of the circuit. The new gate parameters are then op-
timized by shifting along the gradient to estimate the eigen-
values, then repeating until the optimization has terminated.
Quilt uses a form of a squared L2 loss to perform gradient
descent optimization. We find that squared loss works the
best in training these small classification networks and out-
performs L1 loss or even techniques enforcing sparsity, such
as the L0 norm. Quilt incorporates L2 loss in multiclass clas-
sification using N outputs qubits as follows:

Loss =
batch∑
i=0

N∑
j=0

(label[i][j]− prediction[i][j])2 (9)

As an instance, in the eight-class case, this translates to
only training the optimizer against the outputs of the first
three qubits and ignoring the last two. As training these types
of sensitive quantum networks does not provide a reliable
advantage from one epoch to the next, we save the weights
for the running best model.

To train the OneVsAll classifiers, we sample the labels to
create an equal amount of data in both classes of the clas-
sifier. For example, to classify a “7” with 1000 images, the
training set would consist of 1000 images of “7” and 1000
images composed of all other digits. These classifiers are
also optimized using the Adam optimizer with L2 loss.

In terms of inference, Quilt runs the five trained core clas-
sifiers for each inference task and takes the weighted aver-
age of their output. If it determines that there exist bits with
low confidence, Quilt runs the respective OneVsAll classi-
fiers for the bit with the lowest confidence. Once the final
output is produced, Quilt assesses all the classifier outputs
and generates the final label for the inference task.

Evaluation
Experimental Methodology
Dataset. We evaluate Quilt with the MNIST (Deng 2012),
Fashion-MNIST (Xiao, Rasul, and Vollgraf 2017), and Ci-
far (Krizhevsky, Hinton et al. 2009) datasets, using an 80/20
training-to-testing split. MNIST is a greyscale digit dataset
that is widely used for quantum classification (Grant et al.
2018; Wilson et al. 2018; Kerenidis and Luongo 2020; Li,
Song, and Wang 2021; Tiwari and Melucci 2019). We also
use Fashion-MNIST and Cifar due to the greater difficult
of classifying them than MNIST. For example, Cifar has
more pixels than MNIST and is also in RGB. We use classes
[{(0, 1), 6, 7}, 2, 3, 4, 5] for MNIST, [{(t-shirt/top, trouser),
pullover, dress}, coat, sandal, shirt, sneaker] for Fashion-
MNIST, and [{(airplane, automobile), bird, cat}, deer, dog,
frog, horse] for Cifar. Here, the class sets used for two-class,
four-class, and eight-class classification are enclosed in (),
{}, and [], respectively. We refer to these classes using the
naming convention “<dataset>-<classes>” (e.g., Cifar-8
for eight-class Cifar).
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Figure 5: Quilt scales better to higher number of classes than
comparative techniques for the MNIST dataset.

Setup Details. Our solution environment uses Python3, with
Pennylane (Bergholm et al. 2018) as a framework using
Qiskit (Abraham et al. 2019) as the backbone. We use
Sklearn to perform PCA preprocessing for our datasets. Our
noise-free simulations take place using the default Penny-
lane backened simulator. For our noisy simulations, we use
“qiskit.aer” to set the error rates of quantum gates. Our real
machine evaluations are run on IBM’s five-qubit Lima and
Manila computers.
Comparative Techniques. (1) OneVsOne: As introduced
in Fig. 1, this current state-of-the-art technique performs
multi-class classification by combining many binary clas-
sifiers for a multi-class decision. This is the extension of
(Grant et al. 2018). (2) Ensemble: The ensemble is simi-
lar to Quilt, but without the OneVsAll classifiers or multiple
variants. Each member is responsible for a bit of the classifi-
cation, allowing the binary classifier to scale to multi-class.
There are five of these members for each bit and the de-
cision procedure is a simple majority rules. We include this
method for a comparison to show why off-the-shelf ensemble
methods are not sufficient for multi-class classification. We
use the same PCA-based dataset preprocessing technique as
Quilt for the competitive techniques for fair comparison.

Results and Analysis
Quilt achieves higher accuracy than comparative state-
of-the-art techniques as the number of classes increases.
We show classification accuracy for MNIST-2, MNIST-4,
and MNIST-8 in Fig. 5. We make several observations. We
note that all methods perform similarly on 2 classes as bi-
nary classification is a relatively simpler task. However,
Quilt provides 22% and 46% point better classification accu-
racy over the state-of-the-art OneVsOne method as the num-
ber of classes increases to four and eight. This is because the
accuracy-weighted ensemble allows Quilt to factor in model
accuracy, allowing more accurate models to be favored. Ad-
ditionally, Quilt consolidates classification to an ensemble,
where each model is responsible for classifying all classes
on its own, therefore making better use of the full capacity
of the QVC: where Quilt only requires 13 circuits for eight-
class classification, the state-of-the-art OneVsOne classifier
requires 28. However, having an ensemble is not enough;
by checking the error-prone bits, Quilt is able to effectively
treat one of the bits in each bad sample and obtain higher
accuracy than the ensemble method. Even though the sim-
ple ensemble approach requires fewer models (i.e., 5), we
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Figure 6: Quilt’s accuracy is better than other methods for
all well-known (a) four-class and (b) eight-class datasets.
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Figure 7: An ensemble with different variants outperforms
one with multiple instances of one variant (MNIST-4).

find Quilt’s linear increase in the number of models with
the number of classes to be justified given the significant in-
crease in accuracy.
Quilt outperforms competitive techniques across multi-
ple well-known deep learning image datasets. In Fig. 6(a),
we evaluate how well Quilt performs on Fashion-MNIST-
4 and Cifar-4, in addition to MNIST-4. We also look at
how Quilt compares to other solutions. Quilt outperforms
the state-of-the-art by 46%, 38%, and 14% for MNIST-8,
Fashion-MNIST-8, and Cifar-8, respectively. All methods
perform better on Fashion-MNIST-4 and MNIST-4 than on
Cifar-4. This is because of the limited size of the encoded
data that makes encoding the RGB images in Cifar-4 into 32
features tougher (i.e., more information is lost by perform-
ing PCA on Cifar images). We also evaluate performance of
different datasets for eight classes in Fig. 6(b) and observe
similar behavior. Comparing the two figures demonstrates
that Quilt is the most scalable and highest performing solu-
tion across different datasets.
Quilt’s strategy of using multiple variants achieves sig-
nificantly higher accuracy than using a single variant.
Fig. 7 confirms Quilt’s critical design component: higher
accuracy is achieved by adding diversity to variant archi-
tectures in ensembles. While different instances of a ho-
mogeneous variant can be diversified using different initial
weights, because these instances traverse the same hyper-
dimensional space during parameter optimization, they can-
not provide the level of diversity of heterogeneous variants.
Quilt outperforms other techniques on running image
classification tasks on today’s noisy real quantum ma-
chines. Fig. 8 (a) and (b) show Quilt’s classification accu-
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Figure 8: (a) MNIST-4 and (b) MNIST-8 accuracy on IBM’s
quantum machines Lima and Manila along an interpolation
based on half of Manila’s noise levels. OneVsOne could not
be computed for eight classes on the real machines as it re-
quired an impractical number of model evaluations.
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Figure 9: Projected increase in MNIST-8 accuracy as the
hardware noise decreases with evolution in hardware.

racy for MNIST-4 and MNIST-8 datasets on real quantum
computers. Quilt outperforms other methods due to the re-
dundancies built into it that were designed to make it work
well on small and noisy circuits. While we do not focus our
optimizations on the noisy machines of today, we still abide
by the constraints that allow Quilt to be executable on to-
day’s quantum machines. We also note that the overall ac-
curacy on real systems in lower than our previous simulated
results due to the hardware noise. However, in the future, the
noise is expected to reduce significantly, with estimates such
as 10−4 error rate (Jurcevic et al. 2021).

Quilt’s accuracy performance will only improve with re-
duction in hardware noise levels as quantum technol-
ogy advances. We simulate several noise levels between the
ideal case of 0 and the current case of real machines and
show how different levels of noise affect the accuracy. Fig.
9 demonstrates that as noise levels continue to improve on
real NISQ devices, the accuracy of Quilt improves.

Conclusion
In this paper, we proposed Quilt, an ensemble-based end-
to-end multi-class image classifier for NISQ machines. We
showed the scalability potential of Quilt compared to other
methods and demonstrated a significant improvement over
the state-of-the-art in terms of accuracy and resource re-
quirements. We also showed that these models can be run on
today’s quantum machines and project the improvements of
QUILT as quantum machines become more error-resistant.
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