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Powerful hardware services and software libraries are vital tools for quickly and affordably design-
ing, testing, and executing quantum algorithms. A robust large-scale study of how the performance
of these platforms scales with the number of qubits is key to providing quantum solutions to challeng-
ing industry problems. Such an evaluation is difficult owing to the availability and price of physical
quantum processing units. This work benchmarks the runtime and accuracy for a representative
sample of specialized high-performance simulated and physical quantum processing units. Results
show the QMware cloud computing service can reduce the runtime for executing a quantum circuit
by up to 78% compared to the next fastest option for algorithms with fewer than 27 qubits. The
AWS SV1 simulator offers a runtime advantage for larger circuits, up to the maximum 34 qubits
available with SV1. Beyond this limit, QMware provides the ability to execute circuits as large as 40
qubits. Physical quantum devices, such as Rigetti’s Aspen-M2, can provide an exponential runtime
advantage for circuits with more than 30. However, the high financial cost of physical quantum
processing units presents a serious barrier to practical use. Moreover, of the four quantum devices
tested, only IonQ’s Harmony achieves high fidelity with more than four qubits. This study paves
the way to understanding the optimal combination of available software and hardware for executing
practical quantum algorithms.

I. INTRODUCTION

Quantum computing is a rapidly growing field of tech-
nology with increasingly useful applications across both
industry and research. This new paradigm of comput-
ing has the potential to solve classically-intractable prob-
lems, by exploiting an exponentially-increasing compu-
tational space. This allows quantum algorithms to dra-
matically reduce the runtime for solving computationally
resource-intensive problems.

There is a plethora of quantum algorithms, of which
parameterized quantum circuits represent the most gen-
eral form. Quantum neural networks (QNNs) leverage
powerful techniques developed for classical neural net-
works, to optimize this parameterized structure, and
have already been applied to solve a number of industrial
problems [1–4]. The complexity and performance of clas-
sical neural networks employed to solve data-intensive
problems has grown dramatically in the last decade. Al-
though algorithmic efficiency has played a partial role in
improving performance, hardware development (includ-
ing parallelism and increased scale and spending) is the
primary driver behind the progress of artificial intelli-
gence [5, 6]. Unlike their classical counterparts, QNNs
are able to learn a generalized model of a dataset from a
substantially smaller training set [7–9] and typically have
the potential to do so with polynomially or exponentially
simpler models [10–12]. Thus, they provide a promising
opportunity to subvert the scaling problem encountered
in classical machine learning [1, 13–18], which presents a
serious challenge for data-intensive problems that are in-
creasingly bottle-necked by hardware limitations [19–21].

Nonetheless, even for a small dataset, training QNNs

requires on the order of a million circuit evaluations.
This is a consequence of the multiplicative number of
data points, evaluations required for calculating the gra-
dient [22], and iterations before a solution is reached.
This makes them a relatively challenging and resource-
intensive use case for quantum processing units (QPU).
Therefore, QNNs require stable, on-demand, and accu-
rate quantum circuit execution. A plethora of differ-
ent options for executing quantum circuits exist. These
are either physical QPUs or classical hardware simulat-
ing quantum behaviour. In both cases multiple vendor
options and services are available. Establishing the com-
bination of software and hardware that provides the opti-
mum runtime, cost, and accuracy is crucial to the future
of democratizing quantum software development.

In this study, different pairings of software develop-
ment kits (SDKs) and hardware platforms are compared
in order to determine the fastest and most cost-efficient
route to developing novel quantum algorithms. This
benchmark is performed using QNNs, which represent
the most general form of a quantum algorithm. The
benchmark indicates an advantage in using the QMware
basiq simulator for circuits with 2 to 26 qubits, AWS SV1
for 28-34 qubits, and QMware basiq for 36-40 qubits. Ad-
ditionally, QPUs from four different vendors (IonQ, Ox-
ford Quantum Circuits (OQC), IBM, and Rigetti) were
benchmarked for runtime, accuracy, and cost. The re-
sults show QPUs could become time-competitive in a
practical use case for circuits with 30 qubits or more.
However, the current low fidelity attained by many of
these systems precludes their application to industrial
problems.

This investigation is not an exhaustive benchmark
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of all available systems, and it is worth acknowledging
the existence of other state-of-the-art services. This in-
cludes hardware quantum simulators such as IBM’s sim-
ulator statevector and Atos’s Quantum Learning Ma-
chine [23], as well as software backends such as the
IBM Qiskit machine learning suite and the Qulacs pack-
age [24, 25]. It also includes QPUs such as IBM’s Eagle
processor [26], Honeywell’s System Model H1 [27], and
Google’s Sycamore processor [28]. The authors also ac-
knowledge other works that involved a similar technique
in performing benchmarks on quantum hardware. These
include hardware specific performance benchmarks such
as Refs. [29, 30] as well as metric-specific tests such as
Refs. [31–37].

The work is organized in five sections. Sec. II describes
the methodology, including the benchmark algorithms,
the hardware and software tested, as well as the results
of the runtime benchmark. Sec. III details the cost of ex-
ecuting the proposed quantum circuits on various QPUs
and compares their fidelity. Sec. IV discusses the execu-
tion of large quantum circuit, with as many as 40 qubits,
and the implementation of multi-threading in simulators.
Finally Sec. IV C provides a summary of the findings,
and outlines key challenges for the quantum computing
industry.

II. RUNTIME BENCHMARKING

Quantum simulators are bipartite systems, consisting
of a software library and the hardware on which the soft-
ware is run. Both play a crucial role in the development
and execution of a quantum circuit. Although the var-
ious software libraries available for quantum simulation
are often implemented in a hardware-agnostic way, the
internal implementation of the linear algebraic methods
and the manner in which quantum logic gates are com-
piled will have a significant impact on performance. This
is true for the execution of any quantum circuit, but par-
ticularly relevant for gradient calculations when optimiz-
ing a QNN during the training phase, due to the use
of gradient-based optimization techniques. In particular,
the standard parameter-shift method of calculating the
gradient of the circuit output with respect to each of the
n trainable parameters increases the number of expecta-
tion values evaluated by a factor of 2n. By comparison,
the forward pass of a trained QNN requires evaluating
just a single expectation value, which can usually be ob-
tained with fewer than one thousand circuit shots. The
specification of the simulator hardware also plays an im-
portant role in the ability to quickly and efficiently op-
timize a variational quantum algorithms. Moreover, the
synergy between software and hardware influences how
much computational overhead is required and the ease
with which quantum algorithms can be designed, tested,
and deployed.

For many quantum computing applications, the open-
source PennyLane Python library is extremely popu-

lar [38]. It is also the recommended quantum simu-
lation library for the AWS Braket computing service,
which provides a performance-optimized version of the
PennyLane library [39]. PennyLane offers a variety
of qubit devices. The most commonly used is the
default.qubit, which implements a Python backend
using NumPy, TensorFlow, JAX, and PyTorch. More
recently the lightning.qubit device was introduced,
which implements a high-performance C++ backend [38].
QMware’s cloud computing service provides a quantum
simulator stack which supports open-source, hardware-
agnostic libraries, such as PennyLane, in addition to
QMware’s bespoke quantum computing Python library
basiq [40]. The basiq library also supports a PennyLane
plugin, which translates circuits built using the Penny-
lane SDK into circuits that can be executed using the
basiq backend.

A. Methodology

Hardware Qubits Native Gates

Rigetti Aspen M-2 80 RX RZ CZ, CP
IBMQ Falcon r5.11 27 I, CX, IFELSE, RZ, SX, X

IonQ Harmony 11 GPI, GPI2, MS
OQC Lucy 8 I, ECR, V, X, RZ

TABLE I. Quantum processing units used in the hardware
benchmarking tests, their qubit counts, and native gates.

Initially the performance of the QMware HQC4020
simulator is compared to the performance of the AWS
Braket ml.m5.24xlarge simulator. In both instances the
PennyLane lightning.qubit backend is used in order
to evaluate the performance of the underlying hardware
systems – referred to as QPL and APL, respectively.
The performance of the QMware basiq library is then
benchmarked using both a native basiq implementation
of the QNN and HQNN. This runtime benchmark is ex-
ecuted on the QMware HQC4020 simulator using 384
vCPUs across all circuit sizes. Results are compared to
the high-performance AWS Braket SV1 simulator (ASV),
as well as the previous QPL and APL benchmark. Fi-
nally, the runtime performance of these simulator stacks
is also compared to runtimes achieved for (H)QNN infer-
ence (forward pass) using real QPUs. The QPUs included
are IonQ’s Harmony, OQC’s Lucy, Rigetti’s Aspen M-2,
and IBM Quantum’s Falcon r5.11.

The ml.m5.24xlarge AWS notebook instance provides
96 vCPUs and 384 GiB of random access memory
(RAM). By comparison the QMware HQC4020 simulator
has 12 TB of RAM and 384 vCPUs in total, a maximum
of 48 vCPUs of which are utilized throughout the bench-
marking tests executed on the QMware service. The
exception to this is when benchmarking the PennyLane
Lightning qubit, which implements no parallelization for
the parameter-shift method. Hence the results for the
QMware PennyLane lightning.qubit (QPL) and AWS
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FIG. 1. The scheme for the benchmark. Simulated and native QPU stacks are benchmarked in the present work using
open-source software and proprietary software on AWS, IonQ, OQC, Rigetti, IBM, and QMware.

PennyLane lightning.qubit (APL) benchmark repre-
sents single-core calculations on both hardware services.

The metric used in benchmarks is the training time
per epoch per training sample, which is measured using
the Python time library. The expectation value of each
circuit measurement, corresponding to the output pre-
diction of the (H)QNN, is obtained using 1000 circuit
shots. Measuring the execution time for multiple circuit
shots has the effect of reducing the proportion of circuit
initialization time in the quoted runtime for each stack.
In practice, quantum circuits usually require hundreds
or thousands of circuit shots to obtain an accurate ex-
pectation value. Benchmarks are performed for a range
of circuit sizes (number of qubits). This is achieved by
varying the dimension of the dataset, nd ∈ [1, 15], which
increases linearly with the number of qubits, nq = 2nd
(see Sec. II B for details).

Although the IBM Quantum Cloud development plat-
form allows users to retrieve quantum processor run-
times, the AWS Braket computing platform precludes
the possibility of measuring low-level process times. As
a result all times quoted, for both AWS and QMware
benchmark, include the interaction with the runtime en-
vironment and the backend that compiles, initializes, and
invokes the quantum circuit. This follows the standard
practice in quantum benchmarks and reflects a real-world
use case encompassing the full software and hardware
stack [41]. For the benchmark involving the QPU de-
vices available via AWS Braket, quoted times also include
any potential queue time incurred on the vendor back-
end. The proportion of the total runtime this constitutes
varies according to the number and complexity of tasks
submitted by other users of the same QPU (as detailed
in the Amazon Braket Developer Guide) and cannot be
accurately estimated through the AWS user interface.

B. Benchmark Dataset

The dataset for the benchmarks presented here is an
n-dimensional abstracted version of the well-documented
two-dimensional sklearn.datasets.make circles for
binary classification tasks [42]. It consists of points sam-
pled from two concentric circular shells, distributed ran-
domly about two nominal mean radii, rinner < router. The
distribution of the data points about the mean radius is
described by a normal distribution, and both shells use
the same standard deviation. The method for creating
the dataset is adapted from that proposed by [43] for
sampling points on a sphere. First, an nd-dimensional
vector is created with components vi sampled randomly
from a standard normal distribution with mean µ = 0
and standard deviation σ = 1:

~v =


v1
v2
...
vnd

 , vi ∈ N (0, 1). (1)

The vector is then normalized to length r to obtain a
point sampled randomly with uniform probability from
the surface of an n-sphere. A vector of random noise, ~ρ,
sampled independently from the distribution N (0, σ2), is
applied to each component of the vector:

~x = r
~v

‖~v‖
+ ~ρ, ρi ∈ N (0, σ2). (2)

Data points ~x are sampled from two such distributions
to create an outer shell with classification label yi = 0
and inner shell with classification label yi = 1. In the
present work router = 1.0 is used to create points in the
outer shell and rinner = 0.3 to create points in the inner



4

FIG. 2. Overview of benchmarking methodology and results. Boxes clockwise from top left: examples of the nd-dimensional
dataset used for benchmarking for nd = 1, 2, 3, each containing m = 500 data points; the architecture of the pure quantum
(top) and hybrid (bottom) neural networks used for the benchmarking calculations; the classification accuracy of the HQNN
and an equivalent classical neural network, illustrating the improved learning rate of a hybrid approach; the relative runtime of
different software and hardware stacks for a range of circuit sizes, showing the performance advantage of the basiq SDK using
QMware’s cloud computing service; training (left) and inference (right) runtime for the HQNN on various simulator software
and hardware stacks; training (left) and inference (right) runtime for the pure QNN on various simulator software and hardware
stacks (see legend at bottom). Dashed lines in the runtime plots illustrate the most performant stack for a given range of qubits.
The inference plots in both cases also illustrate the runtime using real QPUs.

shell, with σ = 0.2 for both shells. The dimension of the
dataset determines the number of features used as input
to the neural network. By linearly increasing the dimen-
sion of the dataset, circuits with a varying number of
qubits (nq = 2nd) can be benchmarked without chang-
ing the underlying rubric of the classification problem
itself. Examples of the one-, two- and, three-dimensional
datasets are shown in Fig. 2.

C. Learning Models

The following sections describe the architecture of the
hybrid quantum-classical (HQNN) and pure QNNs used
in the benchmarking tests. In all cases, the networks are
trained using a binary cross-entropy loss function and the
Adam optimizer with a learning rate of α = 0.3 [44].
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1. Quantum Neural Network

The QNN used in this benchmark consists of a multi-
qubit variational quantum circuit, and is based on the
model proposed by [7] The model employs a sequential
Rx Rz two-axis rotation encoding scheme to embed each
of the data features in a single qubit state on the odd-
numbered qubits. The feature encoding is followed by an
entangling layer of sequential ‘nearest-neighbor’ CNOT
gates across all qubits. A layer of trainable single-axis
Ry rotation are then applied to each qubit, followed by
a final layer of sequential ‘cascading’ CNOT gates across
all qubits. Finally, the expectation value of the Pauli-Z
operator (σz) is measured for each of the even-numbered
qubits. The mean expectation value across the nd mea-
surement qubits is interpreted as a probability of the in-
put belonging to the class yi = 1.

To obtain the gradients of the loss function with re-
spect to each of the parameters, the standard analyti-
cal parameter-shift algorithm is used, in which the gra-
dient of an expectation value, with respect to the i-th
parameter, is obtained via measurement of two addi-
tional expectation values. This method requires a total
of 2nw+1 circuit evaluations to obtain the gradient of the
loss with respect to nw circuit parameters and thus scales
linearly with the number of trainable parameters. Un-
like the more efficient adjoint and backpropagation meth-
ods, which are usually available for quantum simulators,
parameter-shift is the only currently available algorithm
that can be implemented natively on a QPU. It therefore
provides an upper bound on the cost of training a QNN
using a QPU, and on the runtime of the benchmarked
simulators [45, 46].

2. Hybrid Quantum Neural Network

The HQNN is a bipartite model consisting of a QNN
and a multi-layer perceptron (MLP) classical neural net-
work, with the expectation value of each measurement
qubit in the QNN used as an input feature for the first
layer of the MLP. The quantum component of the HQNN
follows the same architecture as described in Sec. II C 1,
and uses the same parameter-shift method to obtain the
gradients of the expectation values. The MLP is built
using the PyTorch library and contains three linear lay-
ers with sizes [nd, 40, 1], with ReLU and Sigmoid acti-
vation functions applied to the input and hidden layer,
respectively [47]. The gradients in the classical com-
ponent of the HQNN are computed using the standard
back-propagation algorithm, via the native implementa-
tion in the PyTorch library. For the inference bench-
mark that utilizes QPUs or the AWS SV1 device, the
classical part of the circuit is executed using the AWS
ml.m5.24xlarge compute instance in all cases except for
IBM Quantum Falcon r5.11 whose classical part was ex-
ecuted on QMware HQC4020.

D. Results

This section presents the results of the benchmark
methodology outlined in Sec. II A. The results of the
benchmark are illustrated in Fig 2. A table of these re-
sults is also given in App. IV C, Tab. III and Tab. IV.
The measured runtime values (runtime per epoch, per
training sample) are averaged across 100 repeats in order
to obtain a mean and standard deviation for circuits up
to 24 qubits in size for the training benchmark, and 26
qubits for the inference benchmark. A similar approach
to averaging is impractical for larger circuit sizes, owing
to the significantly longer total runtime. Thus, only a sin-
gle value with no standard deviation is quoted for circuits
larger than 24 qubits. In all cases Chauvenet’s criterion
is applied in order to filter anomalous runtime measure-
ments that arise due to extraneous hardware processes
[48].

Label Hardware SDK Backend

QBN QMware HQC4020 basiq basiq C++
QPL QMware HQC4020 PennyLane lightning.qubit
APL AWS ml.m5.24xlarge PennyLane lightning.qubit
ASV AWS SV1 PennyLane SV1

TABLE II. The abbreviations associated with each hardware,
SDK, and backend.

1. Training

In general, the QMware HQC4020 and the AWS
ml.m5.24xlarge hardware achieve similar performance us-
ing the Pennylane Lightning backend (QPL and APL, re-
spectively - see Tab. II for a list of abbreviations). When
benchmarking with the QNN, QPL performs similarly to
APL for circuits with less than 27 qubits in size, with a
relative runtime of tQPL/tAPL = 0.90(17). When bench-
marking with the HQNN the average relative runtime is
tQPL/tAPL = 0.95(16).

Comparing the QMware HQC4020 hardware using a
native basiq implementation (QBN) to the Pennylane
Lightning implementation (QPL) shows a clear advan-
tage for the native basiq implementation across all cir-
cuit sizes for both QNNs and HQNNs. The QBN im-
plementation achieves an average speedup of tQBN/tQPL

= 0.56(32) over QPL in the QNN benchmark, and
tQBN/tQPL = 0.54(30) for HQNNs. It is also notable that
the native QMware implementation is most performant
for models using fewer than more than 20 qubits, where
an average speedup of tQBN/tQPL = 0.22(4) is obtained
for the QNNs and tQBN/tQPL = 0.21(2) for the HQNNs.

The AWS Braket SV1 device is a high-performance
managed device designed for simulating large quantum
circuits up to a maximum of 34 qubits. Correspondingly,
it outperforms QBN for circuits with 28 or 30 qubits with
an average relative runtime across QNNs and HQNNs of
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tQBN/tASV = 1.35(11). Conversely, it has very poor per-
formance for small and medium circuits, with a relative
runtime approximately two to four orders of magnitude
slower than the other available simulator stacks for cir-
cuits with fewer than 20 qubits. Across all circuit sizes
smaller than 28 qubits, the QBN implementation out-
performs ASV for both QNNs and HQNNs. The average
relative runtime is tQBN/tASV = 0.000 41(25) for circuits
with 14 qubits or less, tQBN/tASV = 0.0049(35) for cir-
cuits with 16 to 20 qubits, and tQBN/tASV = 0.36(29) for
circuits with 22 to 26 qubits.

2. Inference

When training a QNN the number of circuit evalua-
tions increases linearly with the number of trainable pa-
rameters. In contrast, the inference (forward pass) re-
quires only a single evaluation of the output expectation
values. As a result, the total runtime is reduced signifi-
cantly. The results of the inference runtime benchmark
broadly follow the same trends as for the training run-
time. One exception to this are the QPL and APL rel-
ative runtimes, which are identical within one standard
deviation for circuits less than 16 qubits in size. The aver-
age relative runtime is tQPL/tAPL = 1.04(10) for QNNs
and tQPL/tAPL = 1.03(22) for HQNNs. For larger cir-
cuits, APL performs marginally better than QPL with
tQPL/tAPL = 1.11(10) and tQPL/tAPL = 1.12(9) for
QNNs and HQNNs, respectively.

Crucially, the inference tests include a benchmark of
physical QPUs, as listed in Tab. I. For low numbers of
qubits the QPU runtimes are orders of magnitude longer
than their simulator counterparts. This is likely due to
the additional overhead incurred in compiling and initial-
izing a QPU results, as well as the queue time incurred
on the vendor side, where multiple AWS users may be
accessing the QPU device simultaneously. On the other
hand, the runtime for QPUs increases linearly with the
number of qubits. For large numbers of qubits, the expo-
nentially increasing simulator runtime exceeds the fixed
time cost associated with QPUs. This results in a ‘thresh-
old’ circuit size above which it becomes exponentially
faster to execute a QNN using a QPU device.

The limited number of qubits available for many QPUs
means that, in most cases, this threshold is not at-
tainable. Of the three QPUs in the present study,
only Rigetti’s Aspen M-2 has a sufficient number of
qubits to be time-competitive with the simulator stacks
tested. The threshold occurs at 30 qubits for QBN and
ASV where the relative runtime is tASV/tM-2 = 1.03,
tQBN/tM-2 = 1.53 for the QNN and tASV/tM-2 = 1.02,
tQBN/tM-2 = 1.51 for the HQNN. For smaller circuits
sizes OQC’s Lucy produces runtimes that are faster by a
factor of tLucy/tM-2 = 0.22(3) compared to Rigetti’s As-
pen M-2. In contrast, the runtime for IonQ’s Harmony
QPU is on average a factor tHarmony/tM-2 = 13.5(52)
slower than Aspen M-2. The IBMQ Falcon r5.11 QPU

performs similarly to the Rigetti Aspen M-2, with an av-
erage relative runtime of tASV/tM-2 = 0.87(18).

Notably, vendor management of the QPUs results in
a runtime that varies significantly from job to job. The
percentage variance in runtime measured for inference
on a QPU is generally higher than for simulator execu-
tion. In particular for IonQ’s Harmony device, the aver-
age percentage standard deviation across the 100 repeat
measurements is on the order of %125, and %16, %21,
%7 for Aspen M-2, Lucy, and Falcon r5.11, respectively.

III. ACCURACY AND COST ANALYSIS

A. Cost Evaluation

As described in Sec. I a primary consideration in de-
veloping and testing QNNs and HQNNs is the financial
cost of training a network. In general, the pricing struc-
ture of publicly available QPUs is such that the training
cost is proportional to the number of distinct quantum
circuits that must be evaluated during the training pro-
cess. When using the parameter-shift method for gradi-
ent calculations, the number of distinct quantum circuits
is proportional to the number of trainable parameters.
Hence, for the QNN and HQNN considered in Sec. II C 1
and Sec. II C 2, the training costs scales linearly with the
number of qubits. For an increasing number of epochs,
and for an increasing number of training samples, this
rapidly results in millions or billions of distinct quantum
circuits that must be initialized and evaluated on the
QPU.

In the present work, QPUs are accessed through AWS
Braket and IBM Cloud Qiskit Runtime. The AWS pric-
ing scheme includes both a per-task cost, incurred for the
execution of a given quantum circuit, and a per-shot cost
which is applied to the number of shots specified for that
quantum circuit. By comparison, Qiskit Runtime imple-
ments a pricing scheme on the basis of runtime with a
fixed price per second for executing a quantum circuit.
Fig. 3(b) illustrates an example of how the estimated cost
scales with circuit size for the four QPUs presented in this
work. The consequence of this QPU pricing structure is
that for circuits larger than a few bits, training a QNN
on a QPU becomes prohibitively expensive. Prices range
from approximately 1000 USD for a two-qubit QNN us-
ing Rigetti’s Aspen M-2 or OQC’s Lucy, to more than
10× 106 USD for a 26 qubit QNN using IBM’s Falcon
r5.11.

In contrast, the forward pass of a QNN does not en-
tail a gradient calculation and thus requires only a single
task with around 100-1000 circuit shots. The cost of us-
ing a QPU for the inference stage of a trained QNN is
considerably less. For the QPUs accessed through AWS
Braket, the cost is fixed for a given number of shots, ir-
respective of circuit size. For QPUs accessed through
Qiskit Runtime, the cost increases linearly with circuit
size (QPU runtime increases linearly with circuit size).
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FIG. 3. Comparison of circuit fidelity (left), training cost (right) and inference cost (inset) for various publicly available QPUs.
The training price estimates are calculated on the assumption that the model is trained over 100 epochs, with 100 training
samples and 1000 circuit shots per expectation value. For IBM Falcon r5.11 the prices are obtained in CHF and the conversion
is calculated using a rate of 1.06 USD = 1.00 CHF.

A typical forward-pass of a QNN can be executed at a
cost of approximately 1 USD for QPUs accessed through
AWS Braket, or between 10 - 40 USD for QPUs accessed
through Qiskit Runtime.

B. Accuracy Evaluation

Understanding the role noise plays in executing quan-
tum circuits is critical to leveraging quantum comput-
ers. Vendors often provide esoteric measures of fidelity,
gate accuracy and characteristic timescales. Although
these are valuable metrics for assessing the relative per-
formance of different QPUs, evaluating the overall effect
of these different sources of error on a typical quantum
circuit can be challenging. A holistic measure of noise in
a quantum circuit can be achieved with a straightforward
empirical procedure.

First, the parameters of all trainable gates are fixed at
a value of π/4. The input feature values are each set to
π2/4, and the QNN is augmented by applying the adjoint
of the entire circuit prior to measurement. In a noise-
less circuit this results in a final state vector with zero
amplitude for all basis states except the computational
ground state, i.e |00...0〉. In a physical QPU, various
noise sources degrade the fidelity of the circuit, resulting
in a non-zero probability of measuring one of the other
2nq−1 computational basis states. An accuracy measure
is then obtained by counting the proportion of states
measured in the computational ground state over 1000
circuit shots. This is commonly referred to as the fidelity
of a quantum state, F = |〈00...0|ψ〉|2. In this case the
fidelity of the final quantum state is measured relative to
the computational ground state. This fidelity measure-
ment is repeated by executing 10 such jobs on each QPU
to obtain a mean accuracy. The state vectors needed
to obtain fidelities for individual shots are not available

through the PennyLane SDK with AWS. Consequently,
the AWS braket software library is used instead to con-
struct the same quantum circuits described in Sec. II C
for physical QPU accuracy tests presented here, with the
exception of the IBM Falcon r5.11 which was tested on
QMware and accessed through IBM Cloud’s Qiskit Run-
time API.

The results, shown in Fig. 3(a) and Tab. IX, vary sig-
nificantly between QPUs. The IonQ Harmony device at-
tains greater than 99% fidelity across circuits sizes from
two to ten qubits. The fidelity of the OQC Lucy device is
high for small circuits with only two qubits, but degrades
significantly for larger circuits, with 67 ± 2 %, 64 ± 2 %
and 57.6 ± 0.9 % fidelity for four, six, and eight qubits,
respectively. The performance of the Rigetti Aspen M-2
and IBMQ Falcon r5.11 QPUs is similarly high for the
two qubit circuit, with fidelities of 89±6 % and 93.2±0.4
%, respectively. However the fidelity of these devices ap-
proaches zero for circuits larger than approximately eight
qubits.

IV. DISCUSSION AND SUMMARY

A. Large Quantum Circuits

The amount of random access memory (RAM) utilized
in simulating any noiseless quantum circuit is a function
of the dimension of the vector space, and hence grows
exponentially with the number of qubits. An n-qubit
state is specified by 2n complex amplitudes, and thus
requires approximately 16 × 2n bytes of memory. This
equates to approximately 16 GB of RAM for a 30 qubit
circuit.

QNNs using large numbers of qubits are highly suscep-
tible to the barren plateau phenomenon, where the gradi-
ents of a QNN with randomly initialized parameters van-
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FIG. 4. Hardware statistics for the QMware HQC4020 simulator. (a) The optimal number of threads for simulating an n-qubit
quantum circuit. Faster runtimes are indicated with a paler shade, demonstrating how the optimal number of threads varies
for increasing circuit size. (b) a plot of the optimum thread count against number of qubits (c) a plot of total CPU and RAM
utilization over time during the execution of a 40 qubit QNN. (d) memory required to store the state vector for an increasing
number of qubits.

ish exponentially as the number of qubits increases [49].
This could present a serious obstacle to training a QML
model with a large number of qubits unless a variety of
mitigation methods are employed [50–52]. Solving the
barren plateau problem is crucial to achieving highly ex-
pressive models that could outperform classical machine
learning methods on complex datasets. Access to devel-
opment services that are able to simulate QNNs with a
large number of qubits is essential to solving the barren
plateau problem.

To explore the performance of QMware’s HQC4020
with an increasing number of qubits, additional bench-
marks are performed for QNNs and HQNNs with up to
40 qubits. A 40 qubit simulation is achievable by re-
ducing the floating point precision to single precision (32
bit) representation, for all other circuit sizes a double
precision (64 bit) is retained. Fig. 4(d) illustrates the ex-
ponential increase in memory usage for a range of circuit
sizes up to 40 qubits, for both single and double precision
representations.

Tab. XI gives the inference runtimes for circuits with
up to 40 qubits, up to a maximum of 34 qubits in the
case of ASV. The runtimes for the QBN and ASV simula-

tors increase exponentially, with QBN reaching a runtime
greater than 13 hours for the 40 qubit QNN. Owing to
the long simulator runtimes for large circuits, multiple re-
peats are not possible, and thus it is hard to draw mean-
ingful conclusions from the single QBN and ASV trials
presented for circuits larger than 27 qubits. Nonetheless,
in the case of QNNs, ASV achieves a relative runtime of
tASV/tQBN = 1.34(9) for circuits with 28 to 34 qubits.
In the case of HQNNs there is no clear advantage, with
tASV/tQBN = 0.95(22).

B. Multi-threading

The runtime performance for circuits with many qubits
can be improved using various parallelization techniques.
A common method for achieving a substantial increase in
runtime performance for linear algebra operations is to
compute matrix-vector and matrix-matrix products with
the aid of multi-threading. The QMware basiq library
provides native support for a multi-threaded approach to
low-level C++ linear algebra operations. However, deter-
mining the optimal number of threads to execute a cir-



9

cuit with a given number of qubits is not straightforward.
Fig. 4(a) illustrates a cross-sectional study of runtime for
circuits with up to 20 qubits with multi-threading across
as many as 24 threads. In Fig. 4(b) the optimum num-
ber of threads for a given qubit count is shown. These
results can be applied generally to achieve best-in-class
performance with the QMware HQC2040 using the basiq
software library.

PennyLane provides some parallelization for gradi-
ent calculations using the adjoint operator method [46],
which is applicable to parameterized quantum algo-
rithms. However, the authors are not aware of any low-
level parallelization in the PennyLane library for general
linear algebra calculations encountered in generic quan-
tum circuits.

C. Conclusion

This work presents a comprehensive study of various
quantum computing platforms, using both simulated and
physical quantum processing units. The results presented
in Sec. II D demonstrate a clear runtime advantage for
the QMware basiq library executed on the QMware cloud
computing service. Relative to the next fastest classical
simulator, QMware achieves a runtime reduction of up to
78% across all algorithms with fewer than 27 qubits. In
particular, the QMware basiq library achieves a runtime
reduction of 0.56(32) relative to the PennyLane library
for QNNs and 0.54(30) for HQNNs.

The QMware HQC4020 hardware benchmarked
against AWS ml.m5.24xlarge achieves a comparable rel-
ative runtime of 0.90(17) for QNNs and 0.95(16) for
HQNNs. Thus, the advantage offered by the QMware
cloud computing service is primarily due an harmonious
interplay between software and hardware. This perfor-
mance advantage can be attributed to the superior multi-
threading support present in the basiq library. AWS also
provides the SV1 simulator, which performs marginally

better than QMware basiq for large circuits with more
than 27 qubits in the case of QNNs (up to the SV1 maxi-
mum of 34 qubits). There is no clear advantage for either
QMware or SV1 in the case of HQNNs. Additionally,
QMware is the only tested simulator that has the capa-
bility of simulating circuits with 34-40 qubits.

The price and scarcity of quantum hardware means it
is more time and cost efficient to develop algorithms and
train QNNs with quantum simulators such as Amazon
Web Services Braket or QMware’s cloud computing ser-
vice. This is particularly true for variational quantum al-
gorithms and QNNs which represent a promising utiliza-
tion of quantum technologies in artificial intelligence on
NISQ computers. In contrast to the exponential runtime
scaling encountered in quantum simulators, the runtime
of QPUs scales linearly with the circuit size. Publicly
available QPUs are already able to achieve runtime im-
provements over simulator hardware for large numbers
of qubits. For example, Rigetti’s Aspen M-2 is able to
execute 40 qubit circuits in approximately one minute,
which is less than 0.02% of the runtime measured for
QMware’s simulator.

As quantum hardware improves and the number of
qubits available grows, it will become possible to gain a
substantial runtime advantage over simulator hardware
when executing large quantum circuits. However, the
fidelity tests presented in Sec. III B indicate that accu-
rate inference with such a large quantum circuit is not
yet possible. Moreover, the cost of accessing these quan-
tum devices makes training a QNN on currently available
QPUs prohibitively expensive. Owing to the exponential
computational space, QNNs with relatively few qubits
are able to tackle challenging data science and industry
problems. Thus, the key to success in the field of quan-
tum computing is to improve the cost and the accuracy of
QPUs, and integrating them well within classical infras-
tructure. The hybrid interplay between quantum and
classical machines is the key to seamlessly harness the
best performance of QPUs and simulators depending on
the use case.
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A. Beygelzimer, F. dAlché-Buc, E. Fox, and R. Gar-
nett, editors, Advances in Neural Information Processing
Systems 32, pages 8024–8035. Curran Associates, Inc.,
2019.

[48] William Chauvenet. A Manual of Spherical and Practical
Astronomy: Spherical astronomy. J. B. Lippincott &
Company, 1863.

[49] Jarrod R. McClean, Sergio Boixo, Vadim N. Smelyanskiy,
Ryan Babbush, and Hartmut Neven. Barren plateaus
in quantum neural network training landscapes. Nature
Communications, 9(1):4812, 2018.

[50] Chen Zhao and Xiao-Shan Gao. Analyzing the barren
plateau phenomenon in training quantum neural net-
works with the ZX-calculus. Quantum, 5:466, 2021.

[51] Tyler Volkoff and Patrick J. Coles. Large gradients via
correlation in random parameterized quantum circuits.
Quantum Science and Technology, 6(2):025008, 2021.

[52] Edward Grant, Leonard Wossnig, Mateusz Ostaszewski,
and Marcello Benedetti. An initialization strategy for
addressing barren plateaus in parametrized quantum cir-
cuits. Quantum, 3:214, 2019.



12

APPENDIX: RAW NUMERICAL RESULTS

In this section, the raw results of the benchmarks
are provided in tabular view. Tab. III demonstrates
the data obtained during the training process, whereas
Tab. IV shows the data obtained during the inference
process. The blank spaces represent two types of non-
applicability: 1) the standard deviations of training (in-
ference) runtimes were calculated up to 24 (26) qubits to
avoid long execution times as well as limiting our carbon
emission, and 2) as not all QPUs included enough qubits
to fulfill all parts, their numbers are presented up to their
highest even-qubit availability.

Tabs. V, VI, VII, VIII showcase the dependence of the
QBN runtimes for quantum training, quantum inference,
hybrid inference, and hybrid training, respectively. In

all cases, it is evident that for an increasing number of
threads we see a general improvement in runtimes. How-
ever, in some cases even for low-qubit circuits it is bene-
ficial to use more than a single thread.

Furthermore, Tab. IX provides the numerical results
for the QPU accuracy tests, whereas the times obtained
are shown in Tab. X. These runtimes are largely in agree-
ment with those in Tab. III. However, it is worth noting
that these circuits are twice as deep as the ones used in
runtime benchmarks as explained in Sec. III B.

Finally, Tab. XI shows the runtimes associated with
running large quantum circuits. A characteristic feature
of this limit is the scaling of the quantum hardware that
is unavailable to any classical machine. This hints at a
decisive quantum advantage in this region with the con-
dition that the accuracy would also become competitive.
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TABLE III. Benchmarking results – training of quantum and hybrid quantum neural networks.
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TABLE IV. Benchmarking results – inference of quantum and hybrid quantum neural networks.
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Pure Quantum Training

nqubits 2 4 6 8 10 12 14 16 18 20

Threads

1
MEAN 0.0024 0.0054 0.0099 0.0160 0.0248 0.0437 0.0964 0.3243 1.4042 6.6382

STD 0.0003 0.0002 0.0005 0.0006 0.0007 0.0163 0.0023 0.0021 0.0040 0.0066

2
MEAN 0.0026 0.0060 0.0118 0.0195 0.0299 0.0456 0.1439 0.2196 1.1028 3.7856

STD 0.0001 0.0002 0.0002 0.0004 0.0009 0.0016 0.2070 0.0255 0.3134 0.0075

4
MEAN 0.0027 0.0066 0.0139 0.0211 0.0331 0.0501 0.0866 0.1724 0.5542 2.3383

STD 0.0001 0.0001 0.0021 0.0009 0.0017 0.0021 0.0026 0.0114 0.0102 0.0400

8
MEAN 0.0029 0.0090 0.0165 0.0272 0.0406 0.0561 0.0904 0.1636 0.4147 1.5209

STD 0.0003 0.0008 0.0012 0.0013 0.0020 0.0018 0.0043 0.0122 0.0132 0.0262

12
MEAN 0.0036 0.0125 0.0236 0.0356 0.0517 0.0716 0.1064 0.1674 0.3927 1.3844

STD 0.0002 0.0019 0.0006 0.0003 0.0006 0.0009 0.0050 0.0043 0.0061 0.0323

16
MEAN 0.0037 0.0121 0.0261 0.0431 0.0603 0.0835 0.1104 0.1737 0.3786 1.2194

STD 0.0001 0.0002 0.0005 0.0008 0.0007 0.0016 0.0078 0.0026 0.0251 0.0373

20
MEAN 0.0040 0.0130 0.0335 0.0583 0.0711 0.1098 0.1424 0.1930 0.4020 1.2593

STD 0.0004 0.0008 0.0006 0.0011 0.0008 0.0022 0.0026 0.0036 0.0095 0.0298

24
MEAN 0.0042 0.0163 0.0355 0.0618 0.0879 0.1229 0.1577 0.2179 0.4339 1.2116

STD 0.0001 0.0009 0.0004 0.0008 0.0006 0.0047 0.0028 0.0062 0.0158 0.0283

Best thread count 1 1 1 1 1 1 4 8 16 24

TABLE V. The performance of QMware basiq native (QBN) when training the QNN quantum network for different numbers
of threads.

Pure Quantum Forward

nqubits 2 4 6 8 10 12 14 16 18 20

Threads

1
MEAN 0.0008 0.0007 0.0009 0.0011 0.0015 0.0020 0.0034 0.0099 0.0400 0.1687

STD 0.0001 0.0001 0.0002 0.0003 0.0005 0.0006 0.0008 0.0008 0.0148 0.0087

2
MEAN 0.0007 0.0008 0.0010 0.0012 0.0030 0.0020 0.0030 0.0068 0.0236 0.0935

STD 0.0001 0.0002 0.0002 0.0001 0.0002 0.0003 0.0003 0.0004 0.0002 0.0024

4
MEAN 0.0006 0.0008 0.0011 0.0017 0.0017 0.0021 0.0026 0.0050 0.0150 0.0576

STD 0.0000 0.0000 0.0000 0.0001 0.0000 0.0002 0.0000 0.0002 0.0004 0.0019

8
MEAN 0.0006 0.0009 0.0011 0.0018 0.0018 0.0021 0.0026 0.0039 0.0118 0.0389

STD 0.0000 0.0000 0.0000 0.0001 0.0000 0.0001 0.0000 0.0000 0.0005 0.0040

12
MEAN 0.0007 0.0013 0.0014 0.0022 0.0022 0.0026 0.0029 0.0046 0.0122 0.0388

STD 0.0000 0.0000 0.0000 0.0001 0.0000 0.0001 0.0000 0.0003 0.0014 0.0037

16
MEAN 0.0007 0.0013 0.0016 0.0026 0.0023 0.0029 0.0030 0.0048 0.0111 0.0346

STD 0.0000 0.0000 0.0000 0.0001 0.0002 0.0001 0.0002 0.0002 0.0009 0.0022

20
MEAN 0.0008 0.0015 0.0022 0.0033 0.0036 0.0035 0.0039 0.0059 0.0119 0.0356

STD 0.0000 0.0000 0.0000 0.0001 0.0002 0.0001 0.0001 0.0001 0.0005 0.0018

24
MEAN 0.0009 0.0016 0.0028 0.0036 0.0036 0.0044 0.0044 0.0063 0.0120 0.0355

STD 0.0000 0.0000 0.0001 0.0001 0.0001 0.0006 0.0002 0.0001 0.0004 0.0021

Best thread count 4 1 1 1 1 1 8 8 16 16

TABLE VI. The performance of QMware basiq native (QBN) when performing inference using the QNN quantum network for
different numbers of threads.
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Hybrid Quantum Forward

nqubits 2 4 6 8 10 12 14 16 18 20

Threads

1
MEAN 0.0008 0.0008 0.0010 0.0028 0.0014 0.0021 0.0036 0.0104 0.0419 0.1680

STD 0.0001 0.0002 0.0003 0.0159 0.0004 0.0008 0.0008 0.0013 0.0168 0.0105

2
MEAN 0.0007 0.0010 0.0011 0.0014 0.0016 0.0022 0.0331 0.0071 0.0242 0.0932

STD 0.0001 0.0001 0.0001 0.0002 0.0002 0.0002 0.0076 0.0003 0.0034 0.0017

4
MEAN 0.0006 0.0010 0.0011 0.0014 0.0021 0.0022 0.0059 0.0052 0.0177 0.0617

STD 0.0000 0.0000 0.0001 0.0001 0.0002 0.0001 0.0061 0.0002 0.0064 0.0103

8
MEAN 0.0006 0.0010 0.0012 0.0015 0.0023 0.0024 0.0030 0.0046 0.0118 0.0414

STD 0.0001 0.0001 0.0000 0.0000 0.0001 0.0001 0.0006 0.0007 0.0011 0.0100

12
MEAN 0.0007 0.0014 0.0014 0.0017 0.0026 0.0029 0.0035 0.0055 0.0123 0.0363

STD 0.0000 0.0000 0.0000 0.0000 0.0001 0.0003 0.0002 0.0001 0.0008 0.0046

16
MEAN 0.0008 0.0015 0.0016 0.0020 0.0030 0.0032 0.0039 0.0055 0.0109 0.0308

STD 0.0001 0.0000 0.0000 0.0001 0.0001 0.0004 0.0006 0.0002 0.0009 0.0019

20
MEAN 0.0008 0.0016 0.0023 0.0026 0.0035 0.0038 0.0053 0.0060 0.0121 0.0312

STD 0.0000 0.0001 0.0002 0.0000 0.0001 0.0002 0.0003 0.0002 0.0004 0.0019

24
MEAN 0.0009 0.0019 0.0031 0.0034 0.0044 0.0040 0.0057 0.0062 0.0118 0.0295

STD 0.0000 0.0002 0.0000 0.0001 0.0001 0.0002 0.0002 0.0001 0.0002 0.0018

Best thread count 4 1 1 4 1 1 8 8 16 24

TABLE VII. The performance of QMware basiq native (QBN) when performing inference using the HQNN for different numbers
of threads.

Hybrid Quantum Training

nqubits 2 4 6 8 10 12 14 16 18 20

Threads

1
MEAN 0.0008 0.0007 0.0009 0.0011 0.0015 0.0020 0.0034 0.0099 0.0400 0.1687

STD 0.0001 0.0001 0.0002 0.0003 0.0005 0.0006 0.0008 0.0008 0.0148 0.0087

2
MEAN 0.0007 0.0008 0.0010 0.0012 0.0030 0.0020 0.0030 0.0068 0.0236 0.0935

STD 0.0001 0.0002 0.0002 0.0001 0.0002 0.0003 0.0003 0.0004 0.0002 0.0024

4
MEAN 0.0006 0.0008 0.0011 0.0017 0.0017 0.0021 0.0026 0.0050 0.0150 0.0576

STD 0.0000 0.0000 0.0000 0.0001 0.0000 0.0002 0.0000 0.0002 0.0004 0.0019

8
MEAN 0.0006 0.0009 0.0011 0.0018 0.0018 0.0021 0.0026 0.0039 0.0118 0.0389

STD 0.0000 0.0000 0.0000 0.0001 0.0000 0.0001 0.0000 0.0000 0.0005 0.0040

12
MEAN 0.0007 0.0013 0.0014 0.0022 0.0022 0.0026 0.0029 0.0046 0.0122 0.0388

STD 0.0000 0.0000 0.0000 0.0001 0.0000 0.0001 0.0000 0.0003 0.0014 0.0037

16
MEAN 0.0007 0.0013 0.0016 0.0026 0.0023 0.0029 0.0030 0.0048 0.0111 0.0346

STD 0.0000 0.0000 0.0000 0.0001 0.0002 0.0001 0.0002 0.0002 0.0009 0.0022

20
MEAN 0.0008 0.0015 0.0022 0.0033 0.0036 0.0035 0.0039 0.0059 0.0119 0.0356

STD 0.0000 0.0000 0.0000 0.0001 0.0002 0.0001 0.0001 0.0001 0.0005 0.0018

24
MEAN 0.0009 0.0016 0.0028 0.0036 0.0036 0.0044 0.0044 0.0063 0.0120 0.0355

STD 0.0000 0.0000 0.0001 0.0001 0.0001 0.0006 0.0002 0.0001 0.0004 0.0021

Best thread count 4 1 1 1 1 1 8 8 16 16

TABLE VIII. The performance of QMware basiq native (QBN) when training the hybrid quantum network for different numbers
of threads.
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Accuracy, %
nqubits 2 4 6 8 10 12 14 16 18

IonQ Harmony
MEAN 99.76 99.73 99.52 99.19 99.12
STD 0.20 0.17 0.12 0.27 0.30

Rigetti Aspen-M2
MEAN 88.77 5.47 0.67 0.15 0.04 0.02 0.00 0.00 0.00
STD 6.81 0.75 2.65 0.12 0.07 0.04 0.00 0.00 0.00

OQC Lucy
MEAN 93.76 67.87 63.66 57.64
STD 0.69 1.98 1.59 0.93

IBMQ Falcon r5.11
MEAN 93.23 54.40 2.97 1.40 0.13 0.03 0.00
STD 0.42 4.20 0.50 0.22 0.05 0.05 0.00

TABLE IX. QPU accuracies

Times, seconds
nqubits 2 4 6 8 10 12 14 16 18

IonQ Harmony
MEAN 350.2784 80.0766 339.8358 17.9963 73.2473
STD 501.8712 59.0565 630.4188 7.0536 102.1677

Rigetti Aspen-M2
MEAN 58.7262 52.1269 60.1630 64.3308 58.6161 85.4907 85.7971 81.8377 99.0498
STD 35.1338 21.8146 17.8216 16.9935 20.6759 26.5828 22.4378 33.9639 19.8638

OQC Lucy
MEAN 3.4535 3.3095 3.3682 3.4450
STD 0.4990 0.2007 0.2636 0.3664

IBMQ Falcon r5.11
MEAN 43.1557 20.1590 17.6970 18.2476 21.6717 18.6053 18.9948
STD 48.3393 4.9506 0.8301 0.8283 8.4172 0.3280 0.9642

TABLE X. QPUs runtimes for the accuracy test

nqubits 32 34 36 38 40

QNN

QBN 304.1323 1343.5551 5952.5783 28893.5688 48970.1862

ASV 237.3554 986.5651

Rigetti Aspen-M2
MEAN 51.9887 52.1990 59.0934 60.9397 73.9763

STD 8.9592 7.9419 11.5971 7.4355 11.4524

HQNN

QBN 270.6306 1244.3166 3450.6118 18630.4505 47273.2937

ASV 323.9802 1414.4067

Rigetti Aspen-M2
MEAN 49.9818 52.4805 61.9770 64.4956 67.4168

STD 6.9296 7.0688 17.2564 7.6582 7.9843

TABLE XI. Inference runtimes beyond 30 qubits
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