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Quantum Speedup for Aeroscience and Engineering
Peyman Givi,∗ Andrew J. Daley,† Dimitri Mavriplis,‡ and Mujeeb Malik §

Algorithms and hardware for quantum computing (QC) are reaching a critical stage in
their development and have the potential to generate a paradigm shift in computing capability
across a range of fields. Opportunities are growing for genuine impact of these systems over
a timescale of 10-15 years, and there has been significant investment both from government
agencies and private industry in the development of quantum computing. However, utilization
of quantum phenomena is extraordinarily challenging due to its delicate nature and difficulties
in measurement and control. A clear path exists towards demonstrating the advantages of QC
over existing high-performance computing for some physics and materials science problems, but
addressing practical computational challenges in other fields – though promising – is at an early
stage of development. Reaching the next level of development will require strategic coordination
between physicists, computer & information scientists, mathematicians, and engineers, in order
to transition this technology from the laboratory to robust and scalable computations for
practical problems, especially those of interest to the aeroscience and engineering community.
This community has been relying on high performance computing heavily, and will surely want
to be informed of the developments in QC. This survey introduces the background and current
state-of-the-art in QC, as well as its perceived opportunities and challenges.
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I. Introduction
oore’s law [1] has largely held true for over five decades. However, over the last few years, there has been

M

increasing discussion about its continued longevity as illustrated in Fig. 1 [2]. As silicon processes shrink to

smaller and smaller sizes, physical limitations start to play an important role. As a result, the expense and effort required
to continue the increase in performance are now much greater than ever before. In order to provide new disruptive
means to perform computations with increased complexity, high performance computing will need a radical departure
from the conventional classical computing platform. Quantum computing (QC) – which makes use of the unusual
physical properties of microscopic objects to process information – is a particularly promising candidate to be this
disruptive technology for a range of computational problems [3–12].
A. Background
Quantum Computing is one branch of the more general fields of Quantum Information Science (QIS) and Quantum
Technology. QIS represents the merger of the two most significant scientific and technological revolutions of the 20th
century, notably quantum physics and information technology. The resulting devices have the potential to revolutionize
applications in sensing and metrology, communication, simulation and computing. Realization of the enormous
scientific, economic and security implications of quantum technologies has led to rapidly growing investment worldwide,
both from national governments in the US and abroad, and from private enterprises, as we detail below.
Quantum computing as an area has undergone rapid development, both in hardware and software, over the last
decade. Used in appropriate ways, quantum mechanics can provide powerful resources for solving certain classes of
problems, achieving cost scalings with the size of the problem that are not available to existing “classical” computers
[10, 13]. This is known as“quantum speedup.” Amongst the oldest and best known examples of quantum algorithms are
Shor’s algorithm for factorization of integers [14, 15], and Grover’s algorithm for unstructured search problems [16].
The gain in efficiency of the scaling of these algorithms can either be exponential (i.e., a problem where the solution
time on a classical computer scales exponentially in the size of the problem 𝑁 can have a solution time that scales
polynomially in that size on a quantum computer); or polynomial (i.e., the problem scales polynomially with 𝑁 on a
classical computer, and with a smaller power of 𝑁 on a quantum computer) [17, 18]. In either case, for the solution of
large-scale problems for which quantum algorithms have been developed, quantum computers represent a potentially
transformative new paradigm in computing.
Within the last few years, much progress has been made in experimental realizations of quantum computing hardware.
Several architectures have been proposed based on a variety of physical hardware. On a small scale, quantum information
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has been stored and manipulated in a range of devices, including superconducting quantum bits1 2 3 [19–27], trapped
atomic ions [24, 28–34], neutral atoms [35–39], silicon quantum electronics [40], electron spins [41–44], nuclear
spins in the liquid or solid state [32, 45], and photons [46]. On the theoretical side, new quantum algorithms have
recently been found, exhibiting significant polynomial speedups on quantum computers for solutions of a wide variety
of problems. Examples include solution of linear equations [47–50], differential equations [48, 51, 51–57], quantum
Monte Carlo simulation [58], and annealing problems [56], amongst a wide range of other possibilities [59].
The progress is very substantial across each of these hardware platforms, as we will review below, with challenges
being systematically addressed on a path towards universal quantum computation and demonstration of quantum
speedup. However, the developments in the last few years have also gone well beyond just progress towards universal
quantum computing. There is a growing realization that the devices being developed may have short to medium term
applications, especially in situations where the hardware can be tailored towards specific problems. This includes a
range of approaches involving hybrid classical-quantum algorithms [60–62], and analogue devices such as quantum
simulators [63, 64], and quantum annealers [65], where it might be possible to demonstrate quantum speedup [66].
Some of these devices already make it possible to study problems from quantum physics at a scale that would be
intractable to classical high-performance computing [63]. The challenge is now to adapt the control over these devices,
and improve certification techniques, in order to tailor them for solution of problems that are of interest beyond basic
science in physics. Because the use of the hardware is specific to the problem being studied, this naturally must involve
interdisciplinary collaborations with the end users of the hardware, with clear ties into mathematics, computer science,
and engineering. This provides potential opportunities for the aerospace community and members of a broad range of
other fields to contribute directly to the development of quantum computing for computational problems of interest in
their own field.
B. Investment in QC
Internationally, there is very strong investment in QC both from governments and from private enterprise. This is
strongly represented in the European Quantum Technologies Flagship, where projects are funded in Quantum Computing
and Quantum Simulation pillars, in one of the United Kingdom’s National Quantum Technologies hubs, as well as
similarly sized investments through programs in China, Australia, Germany and the European Union [11].
In the US, various government agencies have initiated significant investments in QIS and an Interagency Working
group on Quantum Information Science has been formed to coordinate research and investments across the federal
government [67]. The Department of Energy (DOE), the Department of Defense and the National Science Foundation
1 International Business Machines Corporation, IBM Builds its Most Powerful Universal Quantum Computing Processors, 2017, https://www03.ibm.com/press/us/en/pressrelease/52403.wss
2 International Business Machines Corporation, IBM Building First Universal Quantum Computers for Business and Science, 2017, https://www03.ibm.com/press/us/en/pressrelease/51740.wss
3 Rigetti Corporation, We are Close to a Universal Quantum Computer, Here is Where We are At, 2018, https://www.rigetti.com/news,
https://youtu.be/6yaY4Fw-ovM
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have allocated significant resources to develop the hardware platforms and to assess the potential capabilities of
quantum computing. In 2015, DOE sponsored a workshop to assess the extent of QC’s capabilities to meet its
computational requirements [68]. The promising outlook encouraged another workshop in 2017 focused on testbeds
and the technologies needed to advance QC for actual applications within the next 5 years [13, 69]. A review of these
programs suggests an exciting future in QC applications in a variety of problems. Within NASA, the Quantum Artificial
Intelligence Laboratory (QUAIL) serves as a focal point for assessing the potential of quantum computers to impact
computational challenges faced by the agency in the coming years [70]. There is also significant recent interest in
national laboratories, publicly-traded companies, private industry and several recent start-up companies 4
C. Opportunities for Aeroscience Applications
There is growing evidence that QIS in general, and QC in particular are approaching an inflection point, with significant
opportunities and challenges for various scientific and engineering fields. In the fields of aeroscience and engineering,
there are important implications for various national missions and responsibilities, including mission planning, autonomy,
air space management, and material design – and advancing current high performance computing (HPC) applications
such as computational materials research, computational fluid dynamics (CFD), combustion, aerothermodynamics
and multidisciplinary design and optimization (MDAO). The CFD Vision 2030 report commissioned by NASA
[71] advocates the need for continuous advances in HPC in the context of CFD and design optimization, notes the
revolutionary impact that advances in quantum computing may have in these areas, and emphasizes the need to carefully
monitor advances in this field as they develop. Given the potential of these new and emerging technologies, the aerospace
community has a need to stay at the forefront of developments in quantum information science and quantum computing
in order to know how and when to make strategic investments in these technologies and to accelerate their deployment
into the most promising aerospace application areas.
D. Purpose and Structure of This Survey
Within the past 30 years, there has been impressive progress in developments of quantum computers and algorithms
suitable for such computing. However, many open questions remain in regards to the future utilization of QC in relation
to classical computing for engineering simulations. The objective of this survey is to give an overview of the state-of-the
art in QC, tailored towards interests in the aerospace community. We begin with an introduction to the principles of
how quantum computing works (§II), followed by a summary of the challenges in implementing universal quantum
computing and an assessment of the state of the field in terms of hardware and software development (§III). We describe
both the progress in universal quantum computing as well as the potential for practical nearer-term applications via
advances in analogue and special-purpose quantum simulators (§IV). We then turn our focus to the potential applications
4 Quantum

Computing Report, https://quantumcomputingreport.com/players/
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of specific interest to aeroscience and engineering (§V), and future prospects (§VI).

II. Universal Quantum Computing and Quantum Speedup
In the late 1970s-1980s, quantum computing was discussed in different forms by a number of authors, inspired by
the control that was gradually being developed over quantum systems. It was famously conceptualized by Feynman in a
presentation in 1981 [72] as a potential means to simulate quantum mechanical systems, overcoming the exponential
complexity for such simulations on a classical computer. The idea was formalized by Deutsch [73], and Bernstein and
Vazirani [74] who further developed the modern concept of quantum computers, which are capable of solving problems
that do not have efficient solutions on classical Church-Turing [75] machines.
The potential advantages arise from the quantum nature of QC processors, which can exist in many classically
possible states simultaneously. This is similar to the behavior of matter on a microscopic or nanoscale level. Quantum
computers take advantage of this so-called superposition of different states to gain a speedup; not just for simulating
microscopic systems, but also for solving broad classes of classical computational problems. Initially this seems to be an
overwhelming advantage, as quantum computers could simultaneously encode every possible piece of information that
could be represented on it or a similarly-sized classical computer – an amount of information that grows exponentially
with the size of the computer. However, there is a crucial difficulty in programming a quantum computer to take
advantage of this opportunity. For example, while quantum computers can supposedly operate with superpositions of
many states, at the end of the computation, when the final state is measured or output, the result collapses to a single
classical state with a defined probability. That is, while QC makes use of exponentially large amounts of information,
the inputs and outputs involve a reduction to the same amount of information that would be available on a classical
computer of the same size. Additionally, exponentially many operations cannot be performed during the calculation. It
is then a non-trivial task to design computational algorithms that will make use of the superposition of exponentially
large amounts of information during a calculation, but manipulate it with few operations and reduce the output to a
single useful answer or state.
To elaborate on this superposition of information, we describe in more detail how information is represented in a
quantum computer. A qubit (sometimes written as qbit), or quantum bit, is the unit of quantum information [76]. It is
the quantum analogue of the classical binary bit, but behaves markedly differently. In classical computing, the basic
unit is a bit, which takes on the discrete values 0 or 1. Calculations are done via logic gates using Boolean algebra. In
quantum computing the base units are qubits, which have the quantum mechanical property of being simultaneously in
both states 0 and 1 i.e., a superposition (Fig. 2). As noted above, when we measure or read out the state of a qubit, it
collapses to the classical values of 0 or 1 with a prescribed probability. As is the standard in quantum physics, we use
so-called Dirac notation in which a state |𝜙i can be associated with a column vector 𝜙 of complex numbers. A qubit’s
state can be in any linear superposition of |0i and |1i, i.e. |Ψi = 𝑎 0 |0i + 𝑎 1 |1i, where the complex numbers 𝑎 0 and 𝑎 1
7

are normalized to unity: |𝑎 0 | 2 + |𝑎 1 | 2 = 1. This implies that the sum of the probabilities of the two states must be 100%.
The difference between the two means of computing is recognized by noting that a classical bit is specified either as a 0
or 1, whereas a quantum bit (qubit) is specified by a “continuum” of the values of 𝑎 0 and 𝑎 1 , with the requirement that
the total probability of being in the two states is 1.
As the number of qubits in a machine is increased, each of them can be entangled with some or all of the others.
This implies that the state of any of the qubits can be correlated with the states of other qubits within the system in
ways that would not be possible in classical physics. This ”entanglement,” makes it possible to have an arbitrary
superposition involving any combination of the exponentially large number of classical configurations of all of the
qubits. The corresponding exponentially large space is the basis of the potential advantages provided by a quantum
computer - with the right algorithm for the right application, to double the computational power we only need to add a
single qubit to the machine. The state of 𝑁 qubits is represented in Dirac notation [77] as:

|Ψi =

𝑁
−1
Õ

𝑎 ℓ |ℓi = 𝑎 0 |0 . . . 00i + 𝑎 1 |0 . . . 01i + . . . + 𝑎 𝑁 −1 |1 . . . 11i ,

ℓ=0

|𝑎 0 | 2 + |𝑎 1 | 2 + . . . |𝑎 𝑁 −1 | 2 = 1,

(1)

where the 𝑎 𝑛 ’s are complex numbers.
The most desired way of conducting quantum computation is via a gate-based digital computer, similar to that
in classical computing. A quantum computer is composed of an ensemble of coupled qubits that are manipulated
to implement a quantum algorithm in such a way that the final measurement provides that solution in the form of a
probabilistic answer with a high degree of fidelity. The implementation of a quantum algorithm involves three basic
steps, as depicted in Fig. 3. The first step, shown on the left hand side of the figure, involves the preparation of the
qubits in an initial state for the computation.
The second step consists of a sequence of instructions, each associated with the implementation of a gate from a
universal gate set to approximate a desired 𝑁-qubit unitary operation. Just as classical computing modifies the values of
binary bits through logic gates (AND, OR, XOR, etc.) quantum computing evolves the state of entangled qubits through
analogous quantum gates to achieve an algorithmically determined outcome (Figs. 4-6). Most systems are based on 1,2,
or 3 qubit gates with 𝑇 (a 𝜋/8 rotation gate, or 𝑅3 ), Hadamard (𝐻) and CNOT forming the Universal set (see Fig. 5).
These gates perform unitary operations on the qubits, corresponding to modifications of the phases of the complex
numbers associated with the superposition state. For a single qubit, these unitary transformations can be represented as
rotations on a sphere depicting the complex coefficients 𝑎 0 and 𝑎 1 in the state equation |Ψi = 𝑎 0 |0i + 𝑎 1 |1i as shown in
Fig. 7. Any quantum algorithm then involves such a series of such unitary transformations. Though in Fig. 3 we depict
quantum gates acting on single qubits and neighboring qubits only, the connectivity between qubits, or equivalently our
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ability to perform operations on distant qubits can substantially increase the efficiency of a quantum algorithm. The
complexity of the quantum algorithm is given by the number of simple operations needed for each of the three steps.
Typically, this complexity is dominated by the number of elementary unitary gates needed to prepare the initial state
and the second step, since the complexity of simple measurements is assumed to be, at most, linear in the number of
operations.
The final step is a measurement or read-out of the final state of the computation. As noted above, the nature of
superposition means that this read-out is inherently probabilistic. Any measurement returns only 𝑁 bits of information
from a 𝑁-qubit quantum system. Algorithms are therefore designed to achieve high probability of producing the desired
result in a way that does not depend on the problem size 𝑁.

The way that quantum algorithms are written, they

either provide a high probability of producing the correct answer, which is verifiable at low computational cost (e.g.,
checking prime factors of a number), or inherently are designed to compute a probability distribution (e.g., Monte Carlo
sampling).
The literature is rich with a wide variety of algorithms that exhibit quantum speedup. Examples include matrix
manipulations, the solution of sparse linear equations, quantum Monte-Carlo problems, classical simulated annealing
problems and much more. For a catalog of a large number of popular algorithms see the “quantum zoo” maintained at
NIST by Jordan [59]. There are many classical problems that are already utilizing such algorithms. Some others can
exhibit speedup only for very large number of qubits. As a broad estimate, in order to perform a computation on a
quantum computer that cannot be performed on a classical computer, we need to have at least 50 qubits. To implement a
particular algorithm might require many more qubits than this, however.
In the cleanest form, a quantum computer “outperforming” its classical counterpart should be characterized by
superpolynomial speedup over the best possible classical algorithm [78]. A term coined by Preskill [79] and used often
in this context is the notion of Quantum Supremacy. This refers to a situation where a quantum computer markedly and
demonstrably outperforms the fastest classical computer, at least for one specific demonstration problem (in general,
irrespective of the usefulness of that problem). With this power, the opportunity is to identify potential problems that
are intractable on today’s leading classical computers, but could potentially be solved on a quantum computer in the
order of minutes! Here again we should emphasize that the gain is not in how fast an individual operation is performed it is in how the number of operations required to implement a particular algorithm scale with the size of the problem
being solved. This is harder to demonstrate when the problems are small-scale, but has the potential to be completely
transformative for large-scale high-performance computing problems. We note that there is a growing preference in
the literature to move towards a focus on useful applications where a quantum computer can outperform classical
computation, providing a practical quantum advantage.
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III. Implementation of Digital Quantum Computing
Some of the properties that make quantum computing powerful also lead to difficulties for practical computing. In
order to understand the requirements to achieve a practical quantum computing capability, we first need to understand
the unique challenges faced in building a quantum computer. This requires: (1) isolating qubits from their environment,
so that they can remain in superposition states during the calculation, avoiding so-called “decoherence” in which they
are inadvertently perturbed by the environment; and (2) developing the high degree of control required in order to
implement quantum gate operations. Development and implementation of quantum computing technology is ongoing,
combining hardware for quantum computing, with simultaneous work on developing quantum algorithms (and indeed a
full software stack for programming and verifying quantum computers) [80, 81]. In this section we survey the general
challenges and state-of-the-art.
A. Decoherence and Error Correction
As with storage and processing of information in classical computers, operations on physical qubits are not necessarily
perfect. Treatment of noise in quantum computers is not as easy as that in classical computers. The superposition can
be altered due to noise, or unwanted coupling of the qubits to the surroundings. Moreover, most qubits are formed
from two states of a system that can have more than two states (physical systems have more than 2 levels), so there can
be problems with leakage to additional levels. These processes can lead to a disturbance of the so-called “coherent”
superposition of different states stored in a quantum computer, which is referred to as “decoherence.” This combined
with imperfect implementation of operations that change the state of qubits cause errors that accumulate in time. A
major building block in the development of gate-based quantum computers was the realization that these errors can be
corrected. These quantum error correction (QEC) techniques are very similar to error correction codes for storage,
processing and communication in classical computers and communications systems [79]. With QEC, one can effectively
store information in multiple coordinated physical qubits, in what is often referred to as a logical qubit. These have
some redundancy in the information they carry such that when they are affected, the errors can be corrected. When
operating with a system that should be entirely error corrected, one must distinguish between the number of physical
and logical (error corrected) qubits. Most manufacturers normally list the former, with no means of error correction.
Another question is how much we can compute if errors are not completely corrected. At the moment, when we
have relatively few qubits available we can ask how the computational power of the system depends on the number of
qubits and the error rate. The lower the error rate, the more complex an algorithm we can implement reliably on the
hardware. This is often characterized using the notion of “gate depth,” essentially the minimum number of operations in
sequence that are required to implement a particular calculation on a given set of hardware. The larger the gate depth
that can be reliably implemented, and the more qubits the system has, the more computational power we are able to
draw from the system.
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In determining the capabilities of a quantum computer, we need to consider not just the number of qubits, but also
the rate of errors (including decoherence) for qubits and gate operations. In cases where it is not possible to perform
operations involving an arbitrary choice of qubits – but rather, gates can only be applied to certain combinations of
qubits – then we also have to consider the connectivity of the system.
One way of quantifying the rate of errors is by considering the quantum volume, as shown in Fig. 8 [82]. This figure
represents the useful computing that can be done with a quantum computer (or the size of the space of problems that can
be addressed), taking into account the number of available qubits, their connectivity, and the error rate [83]. Beyond a
certain level (which depends on the error rate), it does not help in practical terms to add more qubits unless we can
decrease the error rates at the same time. These linked challenges – scaling up the number of qubits while decreasing
error rates – are being addressed across a range of hardware architectures for practical quantum computers.
B. Hardware for Universal Quantum Computing
The QC community as a whole has an overarching goal to build a general purpose, universal quantum computer that
is error corrected, tolerates noise and remains coherent for the duration of computation: the digital universal quantum
computer [84]. Google, IBM, Intel, Microsoft, and a large and growing number of start-ups in the US and abroad are
focused on the development of such a machine. Quantum computers are increasingly available in the cloud, with
commercial offerings from IBM, Microsoft, and Amazon recently being announced. Although these machines are
not yet error corrected, metrics such as IBM’s quantum volume show steady progress in increasing system size while
simultaneously reducing sources of errors [85]. In parallel, Google claims that their latest 53 qubit machine has achieved
quantum supremacy, in which the machine’s coherence and size are sufficient that for a specially designed calculation,
confirming the results of its calculations on a supercomputer is impractical [86]. As noted above, the most prevalent
current technology for construction of quantum computing hardware consists of superconducting circuits, trapped ions,
silicon quantum electronics, neutral atoms, quantum dots, topological systems based on Majorana Fermions, photonic
networks, electron spins, and nuclear spins in the liquid or solid state. At the moment, it is not clear which of these
platforms will ultimately provide the best technology platform for quantum computing. Following from the discussion
of noise and decoherence in the previous section, the total number of qubits is not the only issue to be considered
in evaluating progress in this direction. The connectivity, coherence, error rates, and therefore the capability to run
algorithms for long durations are equally important. The same goes for the number of logical quantum gates and the
depth and width of the quantum circuits required to execute an algorithm. Presently, the most advanced platforms in
terms of increasing numbers of qubits and reducing error rates are superconducting circuits and trapped ions. We will
briefly survey the progress in these directions as an example of the state-of-the-art.
Industry in the United States has invested particularly heavily in superconducting circuit technologies. The advantage
of these qubits is that the technology can be integrated with existing electronics and, in principle, scaled up without
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too much inconvenience, and the individual qubits are fast. Progress is measured by the error rates of a qubit, the
inter-qubit activity, the total number of the qubits, and the errors caused by the gates. IBM has released a 20-qubit
superconducting curcuit based quantum computer5 . They have also made several IBM Q quantum devices available
for public use through the cloud including 5, 16, and 20 qubit devices accessible through the IBM-Qiskit, and IBM Q
Network. IBM has moved towards 49 qubits 6 [87, 88]. Google is aiming to build a universal quantum computer of
72 qubits 7 8 [89, 90]. The start-up company Rigetti has built a 19-qubit computer. They have tested it on a machine
learning task 9 [91]. Now they have two computers with 8 and 19 qubits available for cloud computing 10 , and are
working on a 128-qubit chip 11 [92]. Intel has released a 49-qubit quantum computer 12

13 ,

and is continuing work

towards the development of newer chips 14 . The challenges for superconducting qubits lie in making the qubits identical,
reducing errors in individual gate operations, and improving the connectivity. Because these qubits are usually coupled
capacitively, it is a difficult engineering issue to make all-to-all couplings in these systems.
The other platform that is particularly advanced involves the use of trapped arrays of individual atomic ions. There,
the qubits are written by manipulating the electronic states of ions with lasers, and quantum gates are performed using
Coulomb interactions between ions in the array. The leading developers of this platform include startup companies in
Maryland (IonQ) and in Austria (Alpine Quantum Technologies). In the United Kingdom, there is a national quantum
technology hub that is focused around the development of quantum computers with trapped ions. These platforms have
demonstrated in excess of 20 qubits with two-qubit gates that are currently higher fidelity than superconducting circuits.
These systems allow for the possibilities of scaling using optical interfaces to link small quantum computers. While the
operation times are slower, the coherence times of these systems are very long, allowing for a particularly high gate
depth. In addition, the connectivity is generally excellent: it is more straight-forward to perform operations between
selected qubits in a large array in this implementation, which doesn’t require hardware for coupling specific qubits, as
superconducting qubits do. While it is straight-forward to add additional identical qubits to the system (as the ions are
naturally identical), there are physical limitations to the number of ions that interact with each other in a regular trap
(because the interactions rely on normal modes of the collective motion of the ions, which become closer in frequency
5 IBMq,

Quantum Computing at IBM, 2018, https://www.research.ibm.com/ibm-q/learn/what-is-ibm-q/
Pednault, Quantum Computing: Breaking Through the 49 Qubit Simulation Barrier, 2017, https://www.research.ibm.com/ibmq/learn/what-is-ibm-q/
7 Google AI, Quantum AI, 2018, https://ai.google/research/teams/applied-science/quantum-ai
8 Julian Kelly, A Preview of Bristlecone, Google’s New Quantum Processor, 2018, https://ai.googleblog.com/2018/03/a-preview-of-bristleconegoogles-new.html
9 Will Zeng, Unsupervised Machine Learning on Rigetti 19Q with Forest 1.2, 2017, https://medium.com/rigetti/unsupervised-machine-learningon-rigetti-19q-with-forest-1-2-39021339699
10 Rigetti Computing,QPU Specifications, 2018, https://www.rigetti.com/qpu
11 Chad Rigetti, The Rigetti 128-qubit chip and what it means for quantum, 2017, https://medium.com/rigetti/the-rigetti-128-qubit-chip-and-whatit-means-for-quantum-df757d1b71ea
12 Intel, 2018 CES: Intel Advances Quantum and Neuromorphic Computing Research, 2018, https://newsroom.intel.com/news/intel-advancesquantum-neuromorphic-computing-research
13 Intel, Quantum Computing, 2018, https://newsroom.intel.com/press-kits/quantum-computing/
14 Intel, Intel Starts Testing Smallest ‘Spin Qubit’ Chip for Quantum Computing, 2018, https://newsroom.intel.com/news/intel-starts-testingsmallest-spin-qubit-chip-quantum-computing/
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when ions are added). This has led to the development of both segmented ion traps and architectures with the optical
connections mentioned above, which allow for a moderate number of ions to be maintained in any one trap.
We note that there have been recent major advances in other candidate technologies, for example in using highlyexcited Rydberg states of neutral atoms to provide fast, high-fidelity gates [93]. These systems present fewer technical
challenges for scaling to a few hundred qubits than other platforms, but until recently the gate fidelities have been limited
by laser noise and coherence times are generally limited by the lifetime of the highly excited states. However, there
has been an enormous increase in the number of groups taking this approach, due to significant improvements in gate
fidelities, and the promising potential for scaling [36].
There have also been significant advances in silicon-based qubits and photonic quantum computing. Microsoft,
together with several academic groups, is working on development of topological qubits, which provide another potential
route to quantum computing, 15

16 .

At the same time, there is a commensurate level of progress in the development of a

full software stack, ranging across architectures and algorithms for quantum computing. This includes the development
of compilers for quantum programming (which would interface a generic language to specific hardware),17 , building
emulators for quantum computers on which algorithms can be tested. This software development often involves
highly interdisciplinary research, with physicists, mathematicians, and computer scientists contributing substantially
both in academia and in industry. Within industry, there are many quantum software start-up companies, as well as
substantial groups at Microsoft, Intel, IBM, Google, Atos-Bull, and many other companies. There is a substantial
growing interaction between researchers developing quantum algorithms and potential end-users, both in industry and
in a diverse range of academic fields. This software stack also includes error correction mechanisms and verification
techniques for quantum computers. None of the devices mentioned above have yet reached the so-called “threshold level”
for error correction in which we can permanently protect quantum information, and errors currently restrict the gate
depth of quantum algorithms that can be reliably implemented. Research is therefore ongoing towards improvement of
QEC techniques to lower this threshold.
Overall, the progress in hardware and software for universal quantum computation is very substantial and promising
for the future. At the same time, compared with the current state-of-the-art, the error rates need to be smaller and/or
the system sizes larger in order to compete with classical high-performance computing even for the purposes of
demonstration problems relevant to basic science. For many quantum algorithms, we will potentially require quantum
computers with many thousands of error corrected qubits [94]. As a result, in parallel to the development of universal
quantum computers, there is significant interest in taking advantage of short to medium term opportunities presented by
15 Microsoft Quantum Team, The Microsoft approach to quantum computing, 2018, https://cloudblogs.microsoft.com/quantum/2018/06/06/themicrosoft-approach-to-quantum-computing/
16 Microsoft Quantum Team, Developing a topological qubit, 2018, https://cloudblogs.microsoft.com/quantum/2018/09/06/developing-atopological-qubit/
17 Microsoft
Quantum
Team,
Atom
by
atom:
Fabricating
materials
for
a
quantum
computer,
2018,
https://cloudblogs.microsoft.com/quantum/2018/09/18/atom-by-atom-fabricating-materials-for-a-quantum-computer/
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these hardware platforms for solving specialized problems.

IV. Alternatives to Gate-Based Digital Quantum Computing
It is safe to indicate that it is currently possible to conduct gate-based digital quantum computation with about 20
qubits with average gate error rates of order of a few percent. To achieve an advantage for quantum over classical
computing, it is required to increase the number of qubits to about 50 (because for qubit numbers up to around ∼ 40, it
is possible to use large shared-memory computers to directly simulate quantum states of the corresponding quantum
computers), and most estimates suggest we also need to decrease the error rates to less than 0.1%, to enable a path
towards fault-tolerant computing. This is expected to happen possibly within the next 5-10 years. In the meantime,
other near-term alternatives might provide the fastest route to useful quantum computing.
One popular option is referred to as Noisy Intermediate-Scale Quantum (NISQ) Computing [9]. The devices for this
computing paradigm are likely to consist of 100s of imperfect qubits, which can only operate for some fixed maximum
number of clock cycles before their qubits decohere. The algorithms in these machines are based on digital gate
operations, but without any QEC. There is currently substantial active research in the applicability of NISQ hardware to
selected problems in optimization, machine learning, data compression, particle physics, chemistry, materials science
and other scientific computations. An important element of this is the idea of using a quantum system as a co-processor
to a calculation on a classical computer. Algorithms that are developed in this form are often referred to as hybrid
quantum-classical computation (HQCC), and provide a promising route towards near-term quantum computing [60–62].
This type of integration is much in the spirit of current emerging classical exascale heterogeneous HPC hardware
[95]. To a certain extent, the nature of quantum computing is that it is particularly good at certain difficult, specialized
operations. So, it is likely (for many decades at least) that a combination of existing HPC with quantum computing will
provide the optimal solution.
Another option involves the use of devices that operate as analogue computers, including quantum simulators, and
quantum annealers. An analogue quantum computer, in general, is a device where operations are implemented as
controlled interactions between qubits that operate continuously in time, rather than being broken into discrete quantum
gates. These machines are not general purpose universal quantum computers, but can be designed to deal with specific
problems and potentially provide significant quantum speedups. This is by control of the Hamiltonian to advance the
quantum state of the system. The operation is conducted in an analog fashion; therefore, cannot be subject to QEC. A
quantum simulator [63] usually has the specific goal of simulating a physical system and computing the properties of that
system. These are very interesting because they would make it possible to map other mathematical problems (especially
in materials science, chemistry, and optimization) onto the problem of computing the evolution of a quantum mechanical
system. There is significant interest in building quantum simulation architectures from neutral atoms (where the starting
point is often an array of hundreds up to many thousands of atoms, but currently with much less programable control
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than we have over individual qubits in universal quantum computers), as well as trapped ions, photonic networks, and
superconducting circuits. There is significant investment in this direction ( e.g., from the European Union’s Quantum
Technologies Flagship).
A quantum annealer is closely related, in that it is also an analogue device, but is generally built for a particular type
of problem, in which the computation is conducted by using control Hamiltonians that change slowly in time. In this
way, the ground state of the original Hamiltonian is transformed to the ground state of the final one, which is designed
to encode the solution to some problem of interest. For example, optimization problems can generally be rewritten
mathematically into problems to minimize the energy of a set of two-state systems, or “spins,” with an energy penalty
for spin configurations chosen in such a way as to encode the specific optimization problem [96]. With the correct
connectivity, these problems of minimizing the energy of a spin system can be translated onto a quantum annealer.
Generally, hardware appropriate for quantum simulation with sufficient connectivity and control over the system
parameters (programmability) are good candidate platforms for quantum annealing. The machines built by D-Wave
systems are examples of special-purpose quantum annealers with superconducting qubits. The D-Wave 2000Q is a
commercially available quantum annealer containing 2048 qubits 18 [65] specifically designed to solve the Ising spin
model minimization problem, which is mathematically equivalent to the quadratic unconstrained binary optimization
(QUBO) model minimization problem. In order to make use of this hardware for optimization, one must be able to
recast the optimization problem at hand into an equivalent QUBO model problem.
Although significant progress has been made on demonstrating model optimization problems on the D-Wave system
and other devices, the solution of large-scale problems that outperform classical algorithms is still to be demonstrated on
quantum annealers. For some devices, the limitations involve combinations of the size, connectivity, and potentially the
error rate of the hardware [70]. It is also broadly a non-trivial problem to define and detect quantum speedup for these
analogue devices [66]. At the same time, exploring these approaches has led to substantial improvement in classical
algorithms for optimization problems, as the energy of the spin encodings of the optimization problem can also be
minimized using numerical techniques that were developed in physics specifically to investigate spin systems [97]. This
provides further motivation to explore quantum computing solutions to new classes of problems, as it can also provide
new ways to improve the existing classical algorithms.

V. QC Prospects for Aeroscience and Engineering
At the same time as major advances have been happening in quantum computing, classical supercomputing
technology has also experienced significant growth, accompanied with development of massively parallel computers.19
The aeroscience and engineering communities have benefited from this growth, and are gearing up to take advantage
18 DWave, Phase transitions in a programmable quantum spin-glass simulator, 2018, https://www.dwavesys.com/sites/default/files/qpt_synopsis.pdf
19 For example, see Steve Lohr:
Move Over, China:
U.S. Is Again Home to World’s Speediest Supercomputer,
https://www.nytimes.com/2018/06/08/technology/supercomputer-china-us.html (2018)
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of exascale power in the near future. An example is in the field of computational fluid dynamics (CFD), where the
projected rate of supercomputing growth is redefining the path towards future applications [71]. This head-start of
classical technology seems to be a point of discussion within the community when forecasting the timetable for the
relevance of quantum computing. With a modest speedup (low order polynomial), the crossover point at which quantum
calculations beat equivalent classical calculations may be in the relatively far future. Classical hardware is likely to
remain much faster and more highly parallel than quantum hardware for many years. It is possible that breakthroughs
in quantum algorithms will lead to speedups sooner, but this is very difficult to predict. The overhead for quantum
computing is also typically much higher than available in current classical computing technology [98]. Solving classical
multi-dimensional non-linear partial differential equations, typical of those in CFD or other applications, on a digital
universal quantum computer would generally require a fault-tolerant quantum computer, and could require millions of
gates and qubits [94]. Again, typical estimates imply that it could be at least a decade, and most likely more before we
have universal quantum computers at this scale.
The scenario portrayed above, does not imply that the community can only benefit from QC in the long run. As
indicated already, quantum gates do not necessarily need to reach the fault tolerant threshold for us to conduct quantum
computations. As an example, on NISQ Hardware, Variational quantum algorithms [99] belonging to the family of
HQCC might be useful for solving differential equations. Moreover, analogue machine and quantum annealers have
been effective for implementing quantum dynamics, which themselves are described by classes of differential equations.
These machines are expected to be developed earlier than their digital quantum counterparts. If so, they could be useful
for simulating some specific aspects of aeroscience and engineering if the differential equations of interest can be
mapped into the form of the equations describing quantum dynamics. As noted above, we can also combine such NISQ
computational capabilities with existing classical computers to produce a hybrid approach to computing that could have
substantial advantages.
The key question for the aeroscience and engineering community is that of identifying which algorithms or
applications will be impacted most effectively by advances in quantum computing. Clearly, as the early discovery
of Shor’s algorithm has demonstrated, areas such as cryptography stand to be revolutionized by quantum computing.
However, developing algorithms that identify and use QC for any given purpose is a non-trivial challenge, and developing
corresponding algorithms will require interactions between experts in algorithms and software for quantum computing,
and specialists in computational aeroscience and engineering.
As a starting point, in recent years significant progress has been made in mapping some initial problems of interest
in aerospace engineering onto quantum algorithms exhibiting theoretically predicted speedups. Below we summarize
some of the initial advances in this direction, which will illustrate the substantial possibilities for the future.
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A. Linear Equations and Machine Learning
Linear algebra problems are ubiquitous in science and engineering, and they have been the subject of many quantum
solution strategies. Whereas the solution of a sparse system of 𝑁 linear equations can be solved at best in O (𝑁)
operations using classical algorithms, the recent HHL algorithm devised by Harrow et al. [47] runs in O (log 𝑁) time,
providing an exponential quantum speedup. However, the output of this quantum algorithm is a quantum state with
amplitudes proportional to the solution vector 𝑥 instead of the values of 𝑥 itself. This property makes the HHL algorithm
useful for computing expectation values in 𝑥, i.e. 𝑥𝑇 𝑀𝑥, where 𝑀 is some 𝑁 × 𝑁-dimensional matrix. Therefore, as
with many other quantum algorithms, this approach is not directly applicable to all current linear algebra applications, at
least in their current formulation.
Quantum algorithms for linear algebra problems are expected to be useful for both supervised and unsupervised
machine learning; and general artificial intelligence applications. These applications rely on large data-sets often in
high dimensional parameter space, with training outcomes that most often improve with increasing data-set size and
dimensionality. Because of their ability to manipulate high-dimensional vectors using tensor-product spaces, quantum
computing algorithms are expected to significantly impact the field of machine learning, which in turn has already found
widespread applications throughout science and engineering. To this end, improved versions of the HHL algorithm will
be paramount, especially when considering near-term implementations. One such improvement, given in Ref. [49],
results in a quantum algorithm for systems of linear equations that requires a time that is logarithmic in one divided by
the required precision, corresponding to an exponential speedup. Another improvement, given recently in Ref. [50],
results in a quantum algorithm that needs only one ancillary qubit, in contrast to the many ancillary qubits needed by
HHL. A small-scale demonstration of the latter is given in Ref. [100].
Machine learning techniques are also being used as indispensable tools in diverse areas such as decision making,
autonomy, scheduling, model generation, chemical kinetics, and even turbulence modeling. The stochastic nature of
machine learning and data-analytics problems are also well suited to benefit from quantum algorithmic approaches.
For example, quadratic speedup of stochastic sampling problems has been demonstrated using quantum approaches
√
[101], reducing the traditional Monte Carlo sampling convergence rate from O (1/ 𝑀) to O (1/𝑀), where 𝑀 is the
number of samples. These approaches also have strong implications for uncertainty quantification techniques, which are
increasingly becoming an integral part of many aerospace analysis and design problems.
B. Differential Equations
For aeroscience and engineering applications, numerical solution of differential equations is naturally very important,
and some progress has been made in development of quantum algorithms for solving linear differential equations.
Polynomial speedups over classical algorithms have been demonstrated in both finite-difference [51, 52] and finite
element [53–55] discretization schemes. It is also demonstrated that differential equations can be represented in
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such a way that with 𝑁 variables, a quantum computer would need of order log 𝑁 qubits, with an essentially linear
time-complexity. The speedup becomes exponentially larger as the dimension of the problem increases with better
performance obtained for the wave equation than for the heat equation [55]. Progress has also been made in the
development of quantum algorithms for the solution of nonlinear differential equations [48, 51, 56, 57]. However, it is
not yet clear whether an exponential speedup can be achieved; a polynomial speedup is much more likely.
Hybrid combinations of quantum and classical methods have also been effective for solving PDEs. An example is
given in Ref. [53], where a classical preconditioning method is employed with a quantum algorithm. Other examples are
the lattice gas model simulations of the diffusion [102] and Burgers’ equation [103], and vortex in cell method solution
of the Navier-Stokes equation [104, 105].
Another method which appears promising involves a “renormalization” algorithm [106]. This algorithm works
by mapping the differential equation onto a tensor network [107, 108], and evolving the network towards the solution.
These networks provide one of the most effective means of dealing with strongly correlated quantum systems [109, 110].
The matrix product states (MPS), an important subtype of tensor networks [111], appear very promising for numerical
solution of differential equations. Another contribution with direct relevance to aerospace science & engineering
is simulation of turbulent mixing [112] and chemically reactive flows [113] via an algorithm developed in quantum
metrology [101]. These works exhibit a quadratic speedup over classical Monte Carlo methods for estimating moments
of the probability density function (PDF). These results are very useful in Reynolds-averaged Navier Stokes simulation
via PDF [114] and large eddy simulation (LES) via the filtered density function (FDF) [115, 116] methods.
C. Current QC Communities
It is true that currently, there are no quantum algorithms that can outperform their counterpart classical ones for
commercial/practical applications. However, there are various user communities in which progress is being made in the
use of both gate-based and analog quantum computers.
NASA’s Quantum Artificial Intelligence Laboratory (QuAIL) at the NASA Ames Research Center was established to
explore the potentials of quantum computing for NASA missions and computing requirements. NASA has also partnered
with Google and USRA to host and make available subsequent generations of the D-Wave quantum annealer machine.
The research program includes fundamental work in areas such as programming principles, hardware characterization,
error correction and compilation techniques, as well as on-going efforts in specific application areas using quantum
annealing. The QuAil team has investigated both theoretical and empirical aspects of quantum annealing for application
areas including planning and scheduling, fault diagnosis and machine learning. Significant work has shown how
problems from these application areas can be mapped onto a QUBO problem and solved on a quantum annealer. Hybrid
algorithms with a combination of classical algorithms and quantum annealing tasks have also been demonstrated, and
quantum heuristic algorithms are also being pursued and tested empirically. While in many cases these applications have
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demonstrated the potential to outperform classical approaches, significantly more capable hardware will be required to
scale up to the problem sizes needed to achieve these goals. At the same time, although the program focuses on the
most promising application areas for quantum computing, a significant gap exists between these applications and the
majority of the current computational disciplines that consume the bulk of the resources on the NASA Pleiades classical
supercomputer system.
D-Wave has also been collaborating with the USC-Lockheed QC center and the Quantum Institute at the Los Alamos
National Laboratory promoting the use of their quantum annealers for various applications. As for gate-based QC, IBM,
Microsoft, and Rigetti corporations have provided web access support with several quantum software developments
for applications. With these communities, the hope is to demonstrate quantum supremacy in the near future. In the
meantime, these efforts have been found to help in advancing classical computing algorithms as they result in viewpoints
and intuition not previously conceived.

VI. Future Prospects
Quantum computing clearly has the potential to be a disruptive technology that will revolutionize many current
computational tasks affecting diverse areas of science and engineering. The rate of progress in QC technology has been
very promising. In fact, the rapid developments in this technology has lead to what is now known as the ”Neven’s law,”
stating that: ”quantum computers are gaining computational power relative to classical ones at a doubly exponential
rate,” 20 . However, at the same time, for most problems, it is still unknown what advantages QC can deliver, at what cost,
and within what time frame. The challenge for aerospace program planners is to formulate a suitable investment strategy
that contributes to foundational advances in the field, enables researchers to stay abreast of national and international
developments, and identifies opportunities for leveraging QC in specific application areas that are most relevant to
aerospace missions. Important stakeholders need to maintain a pathfinder program that builds and maintains internal
expertise in quantum computing, partners with relevant outside institutions, and is capable of making informed decisions
on when opportunities are ripe for investment. Prescribing specific areas and levels of investment is necessarily a difficult
and dynamic task at this early stage. However, the most logical approach is to focus on cross-cutting technological areas
that are most relevant to the aerospace mission and current HPC application areas. In particular, there is a need to bridge
the gap between current QC algorithms and the more traditional HPC application areas of relevance to aeroscience and
engineering such as CFD, combustion, MDAO and materials.
The CFD2030 Vision [71] calls for the quantum computing demonstration of a relevant model problem (i.e. relevant
to CFD) periodically over the next 15 years to assess the maturity of and guide investment decisions in QC for CFD
applications. Of course, choosing a suitable model problem in itself can be a difficult task, given the disparities between
quantum versus classical computing paradigms. However, fundamental new approaches to CFD, PDE-constrained
20 xttps://www.quantamagazine.org/does-nevens-law-describe-quantum-computings-rise-20190618/
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optimization and uncertainty quantification (UQ) must be explored to answer these questions. At the same time,
investigations of how known fundamental QC algorithms for linear algebra, optimization and sampling can be applied
to existing HPC applications of national interest are also needed.
Engaging domain scientists and application researchers to participate in QC represents another fundamental
challenge. Algorithmic research in QC is certainly a high risk endeavor, particularly for organizations or individuals
with an application driven focus. Additionally, QC algorithms and paradigms are fundamentally different from the more
familiar classical computing approaches. Therefore, simply making QC hardware and software available to established
research groups may not be a viable strategy. Rather, a complete rethinking of the algorithmic approach will be required,
including a thorough understanding of QC algorithmic paradigms, which in turn will require educational activities as
well as interaction with other communities. Past computing paradigm shifts, such as the advent of vector computing in
the 1970’s and massively parallel computing in the 1990’s were not nearly as disruptive, but were facilitated by new
organizational structures.
At the national level, various federal government agencies manage significant and growing investments in quantum
computing and more generally in quantum information science (QIS). As an example, the Networking and Information
Technology Research and Development (NITRD) supplement to the President’s 2017 budget contains no less than
50 references to QC/QIS and identifies on-going efforts at NIST, DOE, NSF and NASA, including highlights from
the NASA QuAIL team work. Realizing the growing importance of QIS, an Interagency Working group (IWG) on
Quantum Information Science has been formed under the Subcommittee on Physical Sciences of the National Science
and Technology Council (NSTC) on Science (within the Office of Science and Technology Policy (OSTP)). The IWG
contains membership from DoE, NSF, DoD NIST and IARPA and is tasked with assessing federal programs in QIS,
monitoring the state of the field, providing a forum for inter-agency coordination and engaging in strategic planning of
federal QIS activities and investments.
In order to ensure the maximum benefit, we also need a parallel community of future users asking what the key
end applications might be, and also in the near term, what special purpose/NISQ machines can achieve. Many of the
communities in the aeroscience and engineering are, to a large extent, disjoint from the condensed matter and quantum
physics communities. However, we need to be aware of the ongoing progress; at least on a level where we can interface
between fields and properly join the discussions of near and medium-term applications. To ensure this, we need to
generate more interaction between aerospace scientists and engineers and QC researchers. We have reached a point in
the development of QC and other quantum technologies where interaction and collaboration beyond a specific narrow
scientific field is going to be a key to further developments. We need to develop strong engagement between people
developing QC software and the potential end-users in aeroscience and engineering (CFD, for example). This implies
connections to industry and to agencies such as NASA directly, and also engagement between physicists and engineers
to identify what the most promising problems are that can be addressed in the short and medium term, and to ensure that
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the research in developing QC is directed towards these applications.
In order to identify the most promising areas and to enhance the likelihood of significant impact of QC on aeroscience
and engineering in the relative near term, the community must:
• become aware of currently available QC algorithms that may be useful for specific applications. In doing so,
critically examine the assumptions made in constructions of these algorithms. Some of the algorithms may
demonstrate speedup but may be under assumptions that are not physical.
• engage directly with the community of researchers developing algorithms for quantum computers, through
combinations of workshops and resulting research collaborations, making QC researchers aware of the most
important computational problems relevant for aerospace.
• identify, in combination with QC researchers, problems that could be simulated with 100s-1000s of qubits and
short depth quantum circuits; thus avoiding the need for quantum error correction techniques. Then implement
these on QC devices that will be on the market in the near future.
• identify other areas where the governing equations can be mapped into a format that can be treated by quantum
annealers and analogue simulators.
• Investigate other opportunities opened by quantum technologies: in addition to QC, there are important application
areas in metrology, sensing and communication of relevance to aeroscience & engineering that will be impacted
by advances in quantum technologies. Although these remain beyond the scope of this report, they should be
considered in any future strategic planning exercises.
It is clear that the era of QC is here and the community is moving towards developments that could potentially
have a profound impact on computational sciences and engineering. The challenge lies in understanding the new
technology, and identifying the highest-impact applications. As the Nobel Laureate Bill Phillips said: “...Quantum
information is a radical departure in information technology, more fundamentally different from current technology
than the digital computer is from the abacus...”
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The CFD community along with other aeroscience and engineering

communities need to recognize this evolution and understand that this is not a short-term endeavor. There is a need
to build infrastructure and expertise in this technological frontier of the 21st century. The response should not be
crisis-driven. What we are seeing now in terms of global awareness of QC is the logical extension of what has been
happening over the last 20 years.
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Moore’s law. From Ref. [2].
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Sample of classical logical gates.
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Fig. 5

Sample of quantum gates.
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Fig. 7 A Bloch sphere representation of single-qubit unitary transformations. Up to a global phase factor,
single qubit states can be represented as |Ψi = cos(𝜃/2) |0i + 𝑒 𝑖 𝜑 sin(𝜃/2) |1i. The curved arrows indicate
rotations with respect to the corresponding axis 𝜈.
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Fig. 8 Quantum Volume, which provides an estimate for the computational power of a quantum computer,
accounting for the number of gates, connectivity, and error rates. From Ref. [82].
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