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Novel uses of graphical processing units for accelerated computation revolutionized the field of high- 3
performance scientific computing by providing specialized workflows tailored to algorithmic requirements. 4
As the era of Moore’s law draws to a close, many new non–von Neumann processors are emerging as poten- 5
tial computational accelerators, including those based on the principles of neuromorphic computing, tensor 6
algebra, and quantum information. While development of these new processors is continuing to mature, the 7
potential impact on accelerated computing is anticipated to be profound. We discuss how different process- 8
ing models can advance computing in key scientific paradigms: machine learning and constraint satisfaction. 9
Significantly, each of these new processor types utilizes a fundamentally different model of computation, and 10
this raises questions about how to best use such processors in the design and implementation of applica- 11
tions. While many processors are being developed with a specific domain target, the ubiquity of spin-glass 12
models and neural networks provides an avenue for multi-functional applications. This also hints at the in- 13
frastructure needed to integrate next-generation processing units into future high-performance computing 14
systems. 15
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1 INTRODUCTION25

Graphical processing units can be networked into clusters for distributed computing, and the use of26
matrix-based computations changed the landscape for scientific and high-performance computing27
[66, 133, 245, 261]. Most notably, the incorporation of GPUs into neural network training has28
allowed for significant advances in the field of deep learning and artificial learning [148, 204, 220].29

With the proliferation of non–von Neumann architectures and devices, such as quantum and30
neural processing units, there is an expectation that these devices will lead to a similar disrup-31
tion in scientific computing. These are young technologies that are not developed to be general32
purpose computing systems, but are designed instead to efficiently implement specific computa-33
tional models. The paramount question is: On what application will these devices show signifi-34
cant speedup, computational advantage, or supremacy? Second, what is the domain that stands35
most to benefit from these new technologies? Third, how will they perform in heterogeneous36
workflow?37

The goal of this survey is to identify several prominent computational models that are imple-38
mented by emerging processor technologies. For each identified type of processor, we summarize39
the class of algorithms for which they are expected to outperform current computing technolo-40
gies. We also highlight secondary algorithm classes that can be deployed on the same hardware.41
In Section 2 to 4, we describe the hardware, computational models, and algorithms that we use to42
organize our discussion of four different processors. This survey focuses on four next-generation43
processor types: tensor processing units, Section 5; annealer-based devices, Section 6; digital quan-44
tum devices, Section 7; and neural processing units or neuromorphic systems, Section 8. For each,45
we discuss the computational model and focus on how each hardware can be used for two al-46
gorithm classes: constraint satisfaction problems (CSPs) and machine learning (specifically deep47
learning of neural networks).48

This is an expanded version of a paper presented at GraML 2018 [94]. We have added a sig-49
nificant discussion of digital quantum devices and challenges encountered when working with50
next-generation processors. As these are rapidly developing fields of research, we have tried to51
provide a comprehensive listing of recent results and highlight other relevant survey papers when52
possible. For easy reference, we have included a table of acronyms defined throughout the main53
text in Appendix B.54

2 HARDWARE DEVICES55

At the hardware level, we discuss three classes of next-generation processors: quantum process-56
ing units (QPUs), neural processing units (NPUs), and tensor processing units (TPUs). NPUs and57
QPUs are non–von Neumann architectures. Quantum processors are devices that utilize quantum58
properties such as superposition and entanglement as part of their computational model and we59
distinguish between: annealer-based devices (ABD) and digital quantum devices (DQD). Neural60
processing units cover neuromorphic hardware, from semiconductor-based, to memristive, and61
also biological systems. We focus our discussion on the following near-term devices:62

• TPU: Google’s custom design called a Tensor Processing UnitTM[126]63
• ABD: Annealer-based devices such as: quantum D-Wave 2X and 2000Q developed by D-64

Wave [58, 121], optical Ising machines, and the digital annealer developed by Fujitsu [77].65
• DQD Digital quantum devices such as: superconducting qubit chips developed by IBM66

[116], Rigetti [209], or trapped ion systems developed by IonQ [55].67
• NPU: IBM’s Neurosynaptic System [168], the SpiNNaker System [78, 187], Intel’s Loihi chip68

[154], and systems based on memristors or other emerging technologies69
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and include TPUs in our discussion, as they are a natural continuation of the progression from 70
vector-based computation (CPUs) to matrix-based computation (GPUs) to tensor-based computa- 71
tion (TPUs). 72

3 COMPUTATIONAL MODELS 73

3.1 Artificial Neural Networks: Computing with Nonlinear Neurons 74

Artificial Neural Networks (ANNs) have been applied to a large variety of tasks that will be useful 75
in a supercomputing setting. They use nonlinear neurons with weighted connections to uncover 76
features in data, compress and retrieve data, and to generate data. Data analytics is one of the key 77
areas in which neural networks will play a role, both in the development of analytics tools (i.e., 78
training for neural networks) and in the deployment of existing analytics tools (i.e., inference for 79
neural networks). 80

The structure of ANNs encompasses a wide variety of topologies. A general feed-forward neu- 81
ral network is a layered construction formed by stacking several perceptrons to build a multilevel 82
perceptron (MLP). This is an edge-weighted, acyclic network with deterministic, nonlinear units 83
connected with directed edges. Hidden units play a vital role in the computational power of MLPs 84
and other ANNs. These units are not controlled by the user, and their values are determined by 85
the weights and biases of the network. ANNs are powerful computational models and increasing 86
the number of layers they contain (and subsequently the number of hidden units) can result in 87
a network that can be a universal approximator if nonlinear functions [46, 109]. Currently, theQ1

88
most widely used discriminative model utilizes MLPs [212] or one of its derivatives, such as con- 89
volutional neural networks (CNNs) [149]. These networks are trained using stochastic gradient 90
descent–based back-propagation. Traditional ANNs such as MLPs and CNNs map most naturally 91
to TPU-style systems but can also be mapped to NPU systems. 92

Boltzmann machines are a neural network type with symmetric edges. These are ANNs com- 93
posed of stochastic neural units used to define generative models. These networks are fully con- 94
nected, weighted graphs and training is used to find a minimum global energy [1]. The compu- 95
tational complexity that results from this complete connectivity makes them impossible to train 96
for anything but trivial problems on conventional hardware [185]. Thus, a modification called a 97
restrictive Boltzmann machine (RBM) is typically used where the neurons are partitioned into a 98
bipartite graph, and the network is trained using contrastive divergence [103]. RBMs can then be 99
stacked into a deep structure to form a network called a deep belief network (DBN) [104], which 100
is used to build generative models. 101

DBNs have been utilized in the literature for unsupervised feature recognition in both audio 102
[170] and image [111, 151] data. The ability to do unsupervised feature recognition is a key ca- 103
pability in a variety of contexts for future supercomputing systems. For training purposes, access 104
to a co-processor that can quickly train Boltzmann machines or restricted Boltzmann machines 105
for unsupervised feature recognition would be extremely useful in making realistic use of those 106
systems. This is an especially compelling use case when considering that another processor in a 107
heterogeneous supercomputing node may be used for scientific simulations, which are generating 108
data, and a co-processor that could perform training and inference with a Boltzmann machine on 109
that data could operate in parallel, resulting in Boltzmann machines trained on data as it is gener- 110
ated, or Boltzmann machines performing feature recognition on data as it is generated. RBMs and 111
DBNs map most naturally to systems that can realize stochasticity. In this case, they map most 112
naturally to QPUs. 113

Recurrent neural networks retain the general layered construction of a feed-forward net- 114
work, but introduce connections within layers. These networks, such as long short term memory 115

ACM Transactions on Parallel Computing, Vol. 7, No. 1, Article 6. Publication date: February 2020.



TOPC0701-06 ACMJATS Trim: 6.75 X 10 in February 27, 2020 15:4

6:4 K. E. Hamilton et al.

networks (LSTMs) [105], are able to model temporal relations in data. Recurrent neural networks116
have seen much success in providing a new state-of-the-art for domains ranging from computer117
vision [98] to speech processing [10]. Like traditional ANNs, recurrent neural networks and LSTMs118
map most naturally to TPUs.119

The Hopfield network is a class of recurrent neural network with completely symmetric con-120
nections and no hidden units [106, 107]. An edge-weighted network can store a set of binary or121
bipolar patterns that is retrieved by supplying a candidate pattern that is then completed to match122
a stored pattern. We choose to include it in this section based on how it is trained. These networks123
are distinguished from other ANNs in that the weights associated with a model are determined124
through various “learning” rules, not through training over data. There are a number of learning125
rules for the synaptic weights, including: Hebb rule learning [106], Willshaw learning [82], Storkey126
learning [247], or projection learning [150].127

Hopfield networks can be utilized as an auto-associative memory model known as a content-128
addressable memory (CAM) model [106]. The edge weights of the network are determined using129
Hebbian learning (or another learning rule), fixing the units contained in the key, while the net-130
work updates the remaining units to complete the pattern. For this application, Hopfield networks131
can be considered both as CSP or ANN: They are constructed using nonlinear neurons connected132
by weighted edges, and pattern matching is implemented by finding a pattern that minimizes the133
network energy functional.134

The topology of the network for a CAM model of order N is a fully connected clique KN , and135
the storage capacity with perfect recall is upper bounded by 0.15N [9, 106, 108, 166]. A bidirec-136
tional memory model stores patterns of order N in the edge weights of a fully connected biclique137
KN /2,N /2 [140]. Multiple learning rules [82, 150, 247] and network topologies [7, 8, 22, 86, 129]138
have been developed with the goal of increasing the pattern storage capacity of associative mem-139
ory models.140

3.2 Spiking Neural Networks: Event-driven Computing141

Spiking neural networks (SNNs) are a third type of artificial neural network that incorporate time142
into the way that the network processes information [159], most notably by computing through143
the transmission and reception of electrical pulses (“spikes”). In SNN systems, the times at which144
inputs are received in the system matter in how the network processes that information. Neurons145
in SNNs may be deterministic or stochastic, giving a degree of flexibility in the way computation146
is done in these systems.147

One of the use cases of SNNs is to emulate biological neurons to execute brain-like comput-148
ing, as they are more closely aligned with how biological brains operate than traditional artificial149
neural networks. The need for more brain-like characteristics has driven device development in150
terms of supporting synaptic plasticity [51] and having neuron models that can emulate neuronal151
dynamics [38]. Spiking neural networks can be constructed and trained like ANNs by modifying152
training methods such as back-propagation to allow for spiking data, and this has been the domi-153
nant application for NPUs. However, they have also been trained by a variety of other mechanisms,154
including unsupervised, Hebbian-style learning [246] and evolutionary optimization [229].155

As a computational model, spiking recurrent neural networks with synaptic plasticity156
mechanisms—which are learning mechanisms that update the synaptic weights based on activity157
in the network—have been shown to have super-Turing capabilities [34, 241]. More precisely, these158
types of networks are capable of solving a class of problems beyond those that can be described159
with Turing machines. Though they are more powerful in theory, in practice, the algorithms re-160
quired to assemble, train, or learn these types of networks have not yet been fully developed or161
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investigated by the community, which has restricted their widespread use. NPUs are the natural 162
platform for SNNs, as most NPUs directly implement in hardware some form of an SNN. 163

3.3 Ising Model: Computing with Interacting Spins 164

In the Ising or “spin glass” model, information is stored in pairwise correlations between inter- 165
acting variables called spins. Spin glasses are most commonly used to model complex probability 166
distributions or, via controlled evolution of the interaction parameters, to solve minimization prob- 167
lems. The latter process is generally called annealing in analogy to the physical process of relaxing 168
a material into its energetically optimal configuration by slowly lowering its temperature. Solving 169
an optimization problem with a spin glass first requires the objective function to be expressed as an 170
Ising (or Potts) energy function called the Hamiltonian. The goal is then to find the configuration 171
of spins that minimizes the Hamiltonian. This configuration, called the ground state, is determined 172
by the pattern of positive and negative couplings between spins. 173

Graphically, spin glass models are undirected graphs with weighted edges and vertices. They 174
can be constructed with binary or bipolar spin states (Ising) or with multilevel spin states (Potts). 175
The theoretical development of Ising-glass and Potts-glass models has grown from the study of 176
spin dynamics in magnetic and paramagnetic materials. These materials can have novel dynamics 177
due to the competition between local and global spin-spin interactions, often exhibiting sharp 178
transitions between ordered and disordered phases [237]. Spin glasses can be used to solve not 179
only optimization problems, but constraint satisfaction problems and a variety of other NP-hard 180
problems [101, 158]. The transition between ordered and disordered phases generally corresponds 181
to a transition between “easy” and “difficult” regimes of a computational problem [110]. Spin glass 182
systems and SNNs share a common feature of parallelization, where a single unit is able to affect 183
change in multiple neighboring units simultaneously. Spin glasses are easily mapped to ABDs. 184

3.4 Quantum Circuits: Computing with Superpositions of Logical Values 185

Quantum computing promises new capabilities for processing information and performing com- 186
putationally hard tasks. This includes significant algorithmic advances for solving hard problems 187
in computing [172], sensing [56], and communication [142]. The breakthrough examples of Shor’s 188
algorithm for factoring numbers and Grover’s algorithms for unstructured search have fueled a 189
series of more recent advances in computational chemistry, nuclear physics, and optimization re- 190
search among many others. However, realizing the algorithmic advantages of quantum computing 191
requires hardware devices capable of encoding quantum information, performing quantum logic, 192
and carrying out sequences of complex calculations based on quantum mechanics [183]. 193

The quantum circuit model is the oldest and most-studied quantum computational model. Anal- 194
ogous to a conventional digital circuit, a quantum circuit is a sequence of primitive logical oper- 195
ations on a set of quantum mechanical bits, whose net effect is to transform an input value into 196
an output value. But in contrast to bits, quantum bits (“qubits”) have the peculiar ability to exist 197
in multiple logical states at the same time. More precisely, a set of qubits can encode any linear 198
combination of their possible logical values. Such a superposition state is in many ways like a prob- 199
ability distribution, but it can be manipulated in more complex ways. The upshot is that a set of 200
qubits has an exponentially larger state space and supports a richer set of logical operations than 201
the same number of bits. Consequently, quantum circuits are believed to be much more powerful 202
than classical (non-quantum) computers for certain computational tasks. An important example 203
of such a task is finding hidden subgroups, which can be accomplished efficiently by a quantum 204
circuit to yield an efficient factoring algorithm [239]. Quantum circuits are also expected to sig- 205
nificantly outperform classical computers at finding preimages of functions, sometimes described 206
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as unstructured database search [87]. The circuit-based model of quantum computation is directly207
implemented on DQDs.208

4 ALGORITHM CLASSES209

The storage and retrieval of information in next-generation processors makes it difficult to define210
matrix-based data structures and computation that are utilized in most CPU-based algorithms.211
For quantum ABDs and NPUs (without synaptic plasticity) the information cannot be updated in-212
place. Quantum ABDs stores information in the weights of couplers and spin states; NPUs rely on213
discrete spikes and can only store information in synaptic weights. Each of the models in Section 3214
have characteristics that make them well-suited to different types of algorithmic tasks, but they215
can all be implemented or simulated on CPUs and GPUs. A significant amount of research is aimed216
toward identifying algorithmic tasks that will benefit from next-generation processor hardware.217

For example, the theoretical advantages of quantum algorithms over classical algorithms have218
been derived for many tasks, including integration, matrix inversion, finding eigenvalues and219
eigenvectors, constraint satisfaction, combinatorial optimization, and sampling.1 The wide variety220
of applications that could benefit from accelerating such core computational tasks makes the quan-221
tum circuit model of computing very appealing. However, this model requires either extremely222
well-controlled qubits or a very large number of imperfectly controlled qubits in conjunction with223
a sophisticated scheme for fault-tolerant computation. At the time of writing this survey, we are224
not aware of any devices capable of supporting either approach.225

We focus on two applications, constraint satisfaction problems (CSPs) and machine learning226
(ML), which have incorporated next-generation processors in distinct ways. For CSPs, a model is227
constructed off-line (commonly referred to as pre-processing) and then implemented on a next-228
generation processor to speed up time to solution. For machine learning, next-generation proces-229
sors can be used to speed up the execution of a trained ANN; they can be used to make the training230
of an ANN more efficient; or the training process may use the next-generation processor in the231
loop to significantly speed up model development. In Section 5 to 8, we will discuss each of the232
next-generation processors in terms of the computational model and algorithmic class, and also233
identify potentially new use cases.234

4.1 Constraint Satisfaction Problems235

CSPs represent an important class of hard problems for scientific computing, in which a satis-236
fying variable assignment maximizes a defined objective while adhering to specified constraints.237
In general, the worst-case problem complexity is categorized as NP-Complete, but many problem238
subclasses can be solved in polynomial time. In addition, approximate solutions can be recovered239
that either do not satisfy all the necessary constraints or do not find the global maximum value. The240
approximation ratio measures the ratio of the observed value to the actual maximum, and efficient241
methods that provide guarantees on the expected approximation ratio are useful for bounding242
practical results.243

CSPs such as graph coloring and 3-SAT belong to the computational complexity class NP [160,244
173, 219]. A wider range of problems, including traveling salesman, are classified as NP-hard. Both245
NP and NP-hard problems cannot be solved through reduction to a simpler problem, but instead246
require an exhaustive search over a large set of possible solutions (which may be exponentially247
large). Many algorithms have been developed to solve CSPs [145], and in particular, simulated248
annealing is a well-established algorithm for solving constraint satisfaction problems that has been249
realized in software using conventional computing platforms. Simulated annealing [138, 255] can250

1We direct the reader to the Quantum Algorithm Zoo for an exhaustive and up-to-date listing of quantum algorithms [123].
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Table 1. Neural Network Characteristics, Applications, and Target Hardware

Computational
Model

Hidden
Units

Network
Characteristics

Training Method Hardware

Spin-glasses No
Recurrent,
deterministic

Heuristic (classical)
QPU-ABD,
NPU

RBMs, DBNs Yes Recurrent, stochastic
Contrastive divergence
(classical)

QPU-ABD,
NPU

SNNs Yes
Recurrent, temporal
dynamics stochastic
or deterministic

STDP (spiking), gradient descent
(classical), evolutionary
algorithms (classical)

NPU

ANNs Yes Deterministic
Gradient descent (classical),
Back-propagation (classical,
spiking or quantum)

GPUs,
TPUs,
NPUs

QCL NA
Stochastic(due to
device noise)

Gradient descent
(quantum-classical), adversarial
(classical or quantum)
Gradient-free methods
(quantum-classical)

QPU-GBD

be used to solve optimization problems, utilizing the phase transitions in a spin-glass system to 251
find a global optima. 252

On a conventional processor the search for the ground state can be executed through various 253
simulated annealing methods or Markov Chain Monte Carlo methods. The fundamental challenge 254
faced when solving these problems on conventional processors is the possibility that the search 255
terminates at a locally optimal configuration that is substantially different than, and inferior to, 256
the global optimum. It is hoped that many next-generation processors can offer significant com- 257
putational advantages in solving these problems. 258

4.2 Machine Learning and Deep Learning 259

ML refers broadly to a set of algorithms or techniques that “learn” from data, rather than being 260
programmed. Deep Learning is a diverse field of research and covers the algorithms used to train 261
the ANNs described in Section 3. These learning methods can be supervised, semi-supervised, or 262
unsupervised [148]. There are also a number of biologically inspired models such as evolutionary 263
learning or reinforcement learning. Examples of these techniques include decision trees, k-nearest 264
neighbors, and support vector machines. 265

Training an ANN determines the weights and biases in the set θ = {w,b}. For large ANNs this is 266
a computationally intensive task that has been significantly accelerated through the use of GPUs. 267
Large networks are generally trained using gradient descent (or stochastic gradient descent), where 268
the parameters are iteratively updated depending on the gradient (or an estimate of the gradient) 269
of the cost function. Generative models (such as RBMs) are trained with gradient-based estimation 270
methods such as Gibbs sampling or contrastive divergence. Training ANNs is also an optimization 271
problem, as the search focuses on identifying the parameter set that minimizes (or maximizes) a 272
given cost function J (θ ). 273

Table 1 gives a brief summary of the differences of the computational models that are variants 274
of ANNs, how they are trained, and the most appropriate post Moore’s era technologies for those 275
network types. Training that is done on a CPU or GPU is characterized as “classical” and can 276
be done prior to deployment on another processor, or can be incorporated into a hybrid training 277
algorithm. Training that is implemented solely on a next-generation processor is distinguished by 278
the computational model (i.e., spiking or quantum). 279
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5 TENSOR PROCESSING UNITS280

Currently, the most computationally intensive and widely used types of neural networks in deep281
learning research are CNNs and LSTM networks. Like their predecessor, the MLP, the overwhelm-282
ing majority of the computation used for inference lies within a weighted-sum computation that283
can be mapped to multiply and accumulate operations. Thus, for a wide variety of deep learning284
approaches that are rapidly being deployed to production systems, there exists a shared computa-285
tional unit at their core. With the surge of use of these networks, a custom ASIC implementation of286
this computation is now becoming an economically feasible proposition for many large data com-287
panies. As such, researchers at Google have developed a custom design called a Tensor Processing288
UnitTM(TPU) [125, 126].289

The current generation TPU focuses heavily on concerns that could previously be ignored when290
deep learning computation was largely done as research or batch process runs against data peri-291
odically. Stakeholders are now looking to utilize deep learning in near real time. They are looking292
to collect data (e.g., speak into their phone), have the deep learning system operate on that data293
(e.g., transcribe voice to text), and then be provided actionable information on that data (e.g., a294
list of relevant search results). Such a system demands low-latency, low-power consumption, and295
high-throughput. To provide a low-latency inference system, the TPU is designed with a determin-296
istic execution model, rather than a model that incorporates optimizations such as cache or out-of-297
order execution, which can come at the expense of guaranteed latency. This design allows the TPU298
to meet latency requirements while achieving throughput improvements of over 15×–30× and a299
power efficiency improvement of 30×–70× over current CPUs and Kepler generation GPUs [126].300
Moreover, the TPU designers have proposed some minor changes that would allow future designs301
to achieve 3× improvements in throughput while more than doubling the power efficiency. While302
there may be concerns about using the reduced precision computation available in TPUs, there has303
been work in utilizing the lower-precision computation to perform higher-precision computation304
through methods such as iterative refinement [100]. This work aims to bring the accelerated com-305
putation offered by low-precision hardware to scientific applications requiring higher precision306
than commercial machine learning applications.307

This system represents the current state-of-the-art for deep learning hardware. However, it has308
been noted that many NP hard problems are tensor in nature [102] and recently, CSPs have been309
constructed for execution on a TPU [14].310

6 ANNEALING DEVICES311

Simulated annealing is a common method used to solve CSPs. Annealer-based devices have been312
used to accelerate the solving of CSPs by relying on computational models that can natively im-313
plement annealing through low-level dynamics of the hardware.314

6.0.1 Quantum Annealers. Currently, there is a family of quantum annealers from D-Wave Sys-315
tems [58, 121]. In this design family, which contains the 2X and 2000Q devices, the interacting316
qubits are connected in a fixed geometry known as a Chimera structure (see Figure 1) that can be317
conceptualized as a graph with weighted vertices and edges. The current D-Wave 2000Q processor318
contains approximately 2,048 qubits. The sparsity of the fixed Chimera hardware graph limits the319
size of problems that can be solved with the D-Wave system [139], though many approaches to320
the “embedding problem” have been developed [24, 35, 41, 42, 90, 265].321

The D-Wave system can be used by researchers to explore the physics of Ising spin systems.322
Recent studies have been carried out that demonstrate critical behavior of quantum systems with323
over 400 simulated qubits [135] as well as three dimensions [96]. Other quantum annealing plat-324
forms have been developed, mainly for the simulation of quantum systems [19] of up to 51 qubits.325
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6.0.2 Optical Ising Machines. Optical Ising machines (OIMs), also called coherent Ising ma- 326
chines [161], are nascent computing devices that use a process similar to annealing to find the 327
minimum energy state of a spin glass. Each binary variable or spin is encoded in the phase (0 or π ) 328
of an optical field. Starting from quantum fluctuations, the fields are amplified within an optical 329
resonator while being mixed according to the coefficients of the spin coupling matrix. This causes 330
field configurations that correspond to low-energy spin states to grow in amplitude at the expense 331
of field configurations that correspond to high-energy spin states [263]. After a few hundred cycles 332
around the resonator, the fields converge to a steady configuration. Measuring the phases of the 333
fields then yields a spin configuration that with high probability has a low Ising energy. 334

OIMs have been demonstrated to solve MAX-CUT problems (a type of combinatorial optimiza- 335
tion problem) and to sample from Boltzmann distributions with performance comparable to that 336
of state-of-the-art quantum annealers [88, 118, 167, 251]. While it was initially conjectured that 337
OIMs may be a type of quantum computer [95, 238, 250], some recent studies suggest that OIMs 338
may be best understood as a type of gradient-descent optimizer [43, 134]. 339

In contrast to many of the near-term processors considered in this article, OIMs are based on 340
mature technology and can be constructed largely from commercial off-the-shelf components. 341
Another attractive feature of OIMs is that they do not require highly specialized facilities or oper- 342
ating conditions: mechanical stability and optical isolation are all that is required. This eases the 343
incorporation of OIMs into HPC environments. 344

6.0.3 Digital Annealers. Recently, Fujitsu has announced the development of a hardware-based 345
annealer implemented initially using a conventional FPGA and later with CMOS technology. Un- 346
like the implementations of quantum annealing, the Fujitsu device is reported to support all-to-all 347
connectivity between 1,024 binary register elements. Therefore, the technology should be capable 348
of operating at room temperature. Details about the technology are currently limited [11, 25, 77]. 349

6.1 Application to CSPs 350

Spin glass models have found success in a number of algorithms, but the search over all spin 351
states is not guaranteed to find the global energy minimum. Simulated annealing relies on thermal 352
vibrations to search over the energy landscape, but these may not be sufficient to allow the system 353
to escape spurious minima. Similar to simulated annealing, quantum annealing finds the solution 354
of an Ising system by searching over its energy landscape [4, 68, 70] and can be applied to many NP 355
hard problems and, specifically, quadratic unconstrained binary optimization problems [181, 208]. 356

Quantum annealing is expected to have significant computational advantages over simulated 357
annealing by leveraging quantum effects such as tunneling through barriers and superposition to 358
escape local minima [57, 137]. QPU-ABDs have been used to solve SAT problems and CSPs [60, 136, 359
216] and other general optimization problems [40, 99, 120, 256]. Programming the D-Wave ABD 360
to solve an unconstrained optimization problem requires first constructing a Hamiltonian for an 361
Ising spin glass system, which defines the needed edge weights (couplings) and vertex weights 362
(biases) [112, 256]. The processor then operates by evolving a well-known initial quantum state to 363
the corresponding ground state of the programmed Ising Hamiltonian [158]. Measurement of the 364
prepared state provides a candidate solution for the programmed optimization problem. 365

However, the full capability of quantum annealing and identifying problems that could arise as 366
systems are scaled up still remain an active area of debate [5, 6, 13, 131, 146, 193]. 367

6.2 Application to ML 368

The most computationally intensive part of the contrastive divergence algorithm for unrestricted 369
Boltzmann machines is the annealing to reach the thermal equilibrium, followed by sampling at 370
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the equilibrium state to estimate the probabilities required for contrastive divergence. The D-Wave371
quantum annealing processor performs this type of calculation naturally. Due to the Chimera372
topology in the D-Wave, however, a fully connected Boltzmann machine utilizing all qubits is not373
realizable; to get around this issue, Potok et al. proposed a limited Boltzmann machine, which has374
greater connectivity than the restricted Boltzmann but still operates within the constraints of the375
D-Wave configuration [198]. Utilizing the D-Wave as a co-processor allows training for the limited376
Boltzmann machine that would take months on a conventional von Neumann architecture to occur377
in minutes to hours. Because Boltzmann machines have more sophisticated representations due378
to their greater interconnections, their data analysis capabilities are theoretically greater as well.379
QPUs will allow researchers to apply Boltzmann machines to real tasks in a reasonable amount of380
time.381

The quantum Helmholtz machine introduced in Reference [17] is an example of utilizing quan-382
tum annealers as part of a hybrid classical-quantum workflow. In this case, a DBN is constructed383
with most layers being deployed on classical processors, and only the final layer deployed on a384
quantum annealer. This approach is able to avoid several of the challenges described in Section 2385
such as limited connectivity and bits of precision.386

Classical associative memory models models can be mapped to quantum systems for pattern387
retrieval [231]; the use of quantum annealing simplifies the search for a stored pattern by replacing388
the iterative update rule with a single system annealing [9, 82, 140, 166]. While quantum annealing389
is projected to significantly increase the capacity of an associative memory model [217], finding390
sparser representation of the Hopfield network can also improve to associative memory models391
for quantum annealing. For bidirectional memory models on quantum annealers [222] the choice392
of learning rule affects the performance of the model, as well as allows for flexibility in the face of393
limited bits of precision.394

7 DIGITAL QUANTUM DEVICES395

The computational model underlying DQDs differs from TPUs, NPUs, and ABDs, as it is a general396
purpose model of computation that enables a wide diversity of algorithms. In particular, the under-397
lying quantum circuit model affords a digital representation of computation, in which individual398
qubits are manipulated through the application of a discrete sequence of unitary gates. A number399
of algorithms developed within the quantum circuit model have been shown to scale better than400
best-in-class algorithms for conventional circuit approach. The prominent examples of Grover’s401
unstructured search algorithm and Shor’s integer factoring algorithm emphasize that quantum402
computing has the potential to vastly outperform classical computers. However, currently avail-403
able devices have been limited by the intrinsic noise and relative small size of the quantum proces-404
sor. Efforts to realize these algorithms are expected to require hardware that supports fault-tolerant405
operations, which has a strong theoretical development but has yet to be demonstrated experimen-406
tally. In addition, the cross-over point in problem size for which a quantum algorithm finds the407
solution faster than a conventional approach has yet to be determined tightly. Current estimates408
suggest fault-tolerant quantum computers will require many orders of magnitude improvements409
in both the capacity and fidelity of the quantum register. However, there have been several recent410
studies that claim that a quantum speedup or advantage can be observed with small or shallow411
circuits for machine learning tasks [210] or solving linear algebra problems [26].412

Consequently, current efforts to demonstrate the principles of quantum computing are focused413
on so-called noisy, intermediate-scale quantum (NISQ) devices [199], which loosely define a cate-414
gory encompassing the foreseeable future of faulty operations. NISQ devices lack the capacity and415
accuracy necessary to sustain to fault-tolerant operations, but they are a necessary step in such416
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developments. Many different technologies have been developed to implement physical qubits, 417
such as trapped ion systems [31] and superconducting qubits [141]. 418

For more than 35 years, there has been a broad array of experimental efforts to build quantum 419
computing devices to demonstrate these new ideas. Multiple state-of-the-art engineering efforts 420
have now fabricated functioning quantum processing units (QPUs) capable of carrying out small- 421
scale demonstrations of quantum computing. Prominent examples of commercial NISQ devices 422
include the family of cryogenic superconducting electronics processors developed independently 423
by a number of laboratories including IBM [116], Rigetti [209], Alibaba [267], and Google [132], 424
which are based on variants of the transmon qubit design. Other examples includes the trapped ion 425
processors being developed by IonQ [55] or the photonic processors developed by the companies 426
Xanadu [215] or PsiQuantum [201]. These QPUs are among a growing list of devices that have 427
demonstrated the fundamental elements required for quantum computing [155]. This progress in 428
prototype QPUs has opened up new discussions about how to best utilize these nascent devices 429
[27, 29]. 430

Current NISQ devices have on the order of 5–50 register elements (for examples, see Figure 2), 431
gate operations with error rates from 0.1% to 0.01%, and decoherence times that are 5̃00-2000× the 432
gate duration. Noise in NISQ devices comes from unwanted couplings between the registers, which 433
can interact uncontrollably with the surrounding material as well as other registers. In addition, 434
errors in the basic operations arise from fluctuations in the applied fields as well as unintended 435
induced interactions with the environment. These effects collectively limit the scale at which such 436
registers and operations can perform, though efforts are underway to mitigate or reduce this noise. 437

Despite the performance limitations of NISQ devices, it remains possible to use them for demon- 438
strations of small-scale applications. Modeling and simulation of quantum mechanical systems has 439
played an important role in presenting a variety of problems that map easily into quantum com- 440
puting paradigm, largely because they share the same underlying physical principles. For example, 441
several groups have validated the use of NISQ processors for calculating the electronic structure of 442
small molecules within standard chemical accuracy. Although these demonstrations are far from 443
surpassing conventional methods, the ability to recover the correct answer from NISQ devices 444
represents a milestone in the development toward solving more complex systems. Additional ex- 445
amples arise in modeling and simulation of nuclear and high-energy physics, where accurate mod- 446
eling of quantum mechanical interactions between fundamental particles is essential to solution 447
accuracy. 448

Underlying the methodologies for modeling and simulation on NISQ devices is a relatively 449
straightforward mapping of the quantum mechanical data structure, i.e., the Hamiltonian that 450
describes the interactions between physical particles such as electrons and nuclei, into the quan- 451
tum circuit model. For static properties, such as electronic or nucleon structure, this reduction is 452
effectively cast as an optimization problem for finding the quantum state representing the lowest- 453
energy eigenstate of the model Hamiltonian. The variational quantum eigensolver (VQE) approach 454
relies on the guarantee offered by the variational principles from quantum mechanics, which as- 455
sert that only the true lowest-energy eigenstate, i.e., the ground state, can minimize the energy of 456
a model Hamiltonian. Using VQE with NISQ devices becomes an exercise in accurately preparing 457
quantum states with the quantum computer, and several examples have demonstrated this is pos- 458
sible by leveraging the judicious choice of so-called ansatz states that can be parametrically tuned 459
[127, 165, 186]. Recently, studies have shown how the quantum approximate optimizer algorithm 460
(QAOA) can also be applied to the simulation of quantum dynamics [257]. 461

Minimizing the observed energy requires a search through the classical parameter space guided 462
by the experimentally observed energy. In the absence of prior knowledge about the solution, this 463
search becomes a costly bottleneck for even small molecules modeled with modest basis sets. 464
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7.1 Applications to ML: Quantum Machine Learning465

In this section, we cover recent advances in quantum machine learning as it has been developed for466
DQDs—specifically the circuit model of quantum computing. This area of research has been devel-467
oped along multiple paths: casting elements of classical machine learning into quantum circuits,468
developing quantum circuits that can emulate classical machine learning algorithms, and develop-469
ing standalone quantum algorithms that can speed up classical machine learning. Any advantage470
from quantum computing is expected to come from how the Hilbert spaces of quantum circuits471
and the quantum mechanical property of superposition are poised to accelerate known (classical)472
machine learning methods through increased representational power and parallelization. For ex-473
ample, there are a number of quantum algorithms that utilize superposition and quantum Fourier474
transforms to significantly reduce the computational overhead associated with gradient calcula-475
tion [124, 258]. Full utilization of these properties requires fault-tolerant hardware or more qubits476
are then available on near-term NISQ devices. We refer the reader to the extensive survey papers477
that have been published [20, 61, 192, 226] for a fuller picture of the QML landscape.478

Section 3 defined ANNs as a computational model built upon nonlinear neurons and percep-479
trons. Recent studies have shown how classical perceptrons [72, 225, 227] and ANNs can be imple-480
mented as quantum circuits and deployed on near-term devices [249]. Many quantum algorithms481
that emulate classical ML algorithms, such as reservoir computing and echo state machines [76,482
80, 169], or quantum implementations of back-propagation [258, 259]. Alternatively, the studies483
we highlight below are focused on algorithms developed for or deployed on NISQ devices and uti-484
lize “data driven circuit learning” [15] in which a parameterized quantum circuit is not constructed485
from an explicitly defined Hamiltonian. These methods follow closely from the VQE methods used486
in simulation and the trained quantum circuits can be incorporated into generative or discrimina-487
tive models. We distinguish these applications from general quantum state preparation or quan-488
tum system simulation (e.g., quantum chemistry applications), because the parameterization of the489
quantum circuit may not rely on a known Hamiltonian.490

Generative modeling with data-driven circuit learning is effectively training a quantum circuit491
to prepare a target probability distribution. In this task, the exponentially large Hilbert space can492
be spanned by a few qubits, and the ability to simulate and sample from distributions may be493
difficult to compute classically. This has led to the development of quantum generative adver-494
sarial networks [49, 157] and quantum circuit Born machines [15, 156]. Many recent studies of495
implementing generative models on NISQ hardware [15, 16, 89, 156, 242, 266] have utilized the496
hardware-efficient ansatz [127]. The layers of rotation gates and entangling gates encode a high497
degree of nonlinearity into the circuit.498

A significant task in machine learning is classification and the training of discriminator models.499
With near-term NISQ devices there has been a focus on how to construct quantum circuits that500
can classify classical data. In Reference [205], the proposed quantum advantages are twofold: A501
kernel classifier is expected to exhibit a quantum speedup in the runtime due to the use of am-502
plitude amplification routines, and the exponential size of a quantum Hilbert space means that503
nonlinear kernels can be constructed with few qubits. References [72, 224] considered quantum504
classifiers that could be feasibly run on near-term hardware by restricting the number of qubits505
(<20), the choice of gates (one- or two-qubit unitary operations) and the overall circuit size. Refer-506
ence [224] studied how the model size (number of trainable parameters) scaled with respect to the507
number of qubits in the circuit for a number of binary and multi-class classification tasks and also508
incorporated gradient-based training of circuits that could be deployed on near-term hardware. In509
Reference [72], a classifier was constructed as a 17-qubit circuit and used to classify the MNIST510
dataset (downsampled into 16 pixel images). In addition, Reference [72] introduced the concept of511
“quantum batch training” in which the classical data for training is put into superposition states.512
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The studies in References [72, 224] rely on numerical simulation of quantum circuits, but there 513
are several recent studies of quantum classifiers that use circuits deployed on NISQ hardware us- 514
ing well-known benchmark datasets [84] or synthetic data [97]. In Reference [84], a circuit with 515
4 qubits was constructed using the 4 features of the Iris dataset [73]. This classifier was trained 516
classically, then deployed on the IBM ibmqx4 5-qubit chip. For a binary classification task (distin- 517
guishing between 2 of the 3 iris species) the model was able to reach an accuracy of 96.5% even in 518
the presence of device noise. In Reference [97] a 2-qubit binary classifier was trained on synthetic 519
data and deployed on IBM hardware. This study considered two methods to incorporate quan- 520
tum circuits into a classifier model. The first approach trained a parameterized quantum circuit 521
on hardware via supervised learning and then the class label is assigned by a applying a threshold 522
on the final sampled distribution. The second approach used a quantum circuit to construct the 523
kernel function of a larger SVM. For both approaches, the models were able to reach near 100% 524
accuracy on synthetic datasets of 20 points. The lowest accuracy of the second method reported 525
as 94.75%. 526

7.2 Application to CSPs: Quantum Approximate Optimization Algorithms 527

QAOA is another candidate algorithm for NISQ devices. It is an approach for finding the minimiz- 528
ing assignments for a well-defined objective function. This approach casts the objective functions 529
into a Hamiltonian formalism such that the lowest-energy quantum states is again the satisfying 530
assignment. QAOA shares similarities with VQE [127, 165, 195], as a classical parameter search is 531
necessary to identify the quantum state that optimizes the defined objective. Therefore, the over- 532
all computational complexity depends on both the conventional and quantum processing steps as 533
well as the approximation parameter. 534

QAOA introduces an approximation parameter that can be used to control solution quality by 535
discretizing the search over the manifold of quantum states. In particular, QAOA offers a guar- 536
antee for the approximation ratio with respect to a controllable approximation parameter p. As p 537
approaches infinity, the approximation ratio approaches unity. However, increasing p corresponds 538
to an increase in the complexity (depth) of the digital circuit. This approach has been applied to 539
the study of synthetic 3-SAT problems as well as related graph problems. QAOA can be used for 540
approximately solving CSPs by using a quantum superposition state in the search for potential 541
assignments [67, 71]. Although the method depends strongly on the search step, there is some 542
evidence that efficient heuristics may be possible for certain problem classes. 543

QAOA for small value of the approximation parameter p can be tested using very small CSP 544
examples on NISQ devices [69, 264]. While the necessary qubits and gates are relatively small 545
for these examples, the implementation is limited by the noisy operations supported by the NISQ 546
devices. Moll et al. have recently evaluated QAOA to solve the CSP for MAX-Cut on a simple graph 547
over four nodes [171]. This demonstration used the IBM quantum circuit simulator to verify that 548
the correct solution is found with greater than 95% accuracy. 549

8 NEURAL PROCESSING UNITS 550

The dominant form of NPUs in the literature are spiking neuromorphic systems [230]. The primary 551
purpose for utilizing an NPU is to provide either accelerated simulation of spiking neural net- 552
works or provide very lower power execution (or both). The current generation of neuromorphic 553
hardware that is relatively widely available are digital systems such as IBM’s TrueNorth Neurosy- 554
naptic Processor [168], SpiNNaker [53], and Intel’s Loihi [51]. All three of these systems can im- 555
plement many known classes of neural networks used in machine learning, such as CNNs, RBMs, 556
and liquid state machines [50, 53, 63, 65, 191]. Programming of neuromorphic hardware requires 557
the specification of many parameters required to implement systems of coupled spiking neurons. 558
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Physical hardware custom chip implementations typically have more restrictions on connectivity,559
which can make programming more difficult. For example, on the TrueNorth chip, the layout and560
available connections show dense local connectivity (intra-core) and sparse global connectivity561
(inter-core). In the current hardware there are limited bits of precision allocated for specifying the562
various system parameters. We expect that other neuromorphic hardware systems (as they are563
made available) will be similarly highly optimized for a particular network model and topology564
and have their own sets of restrictions. Because of these potential restrictions in implementation,565
there are non-trivial issues associated with using conventional neural network training algorithms566
to produce neural networks for use on neuromorphic hardware platforms.567

Though TrueNorth, SpiNNaker, and Loihi are fully digital systems, there is a large variety of568
spiking neuromorphic hardware implementations that utilize a variety of novel emerging device569
types to implement neuromorphic systems, including metal oxide memristors [39, 200], super-570
conducting optoelectronic circuits [235], and biomolecular memristors [176]. Systems that include571
memristors and other emerging device types typically consume much less energy than their fully572
digital counterparts, which are already more energy-efficient than other, more traditional archi-573
tectures. Since energy and power consumption will likely be limiting factors in post Moore’s era574
supercomputing, novel neuromorphic systems that consume significantly less energy than most575
computing systems will be well-suited to a future supercomputing environment.576

It is worth noting that one of the motivating factors for developing neuromorphic systems is to577
perform simulations of biological neural systems, which, for example, has motivated the neuro-578
morphic system development in the Human Brain Project [36]. Large-scale, efficient, and real-time579
or near-real-time neuroscience simulations are still one the overarching goals for neuromorphic580
systems, though it is clear that there is still significant work to be done to achieve this goal [254].581

8.1 Application to Deep and Machine Learning582

Spiking neural networks can be constructed in the same manner as ANNs. However, executing583
deep learning with an SNN deployed on neuromorphic architecture requires modifying the net-584
work construction as well as the learning algorithms to incorporate spike-based signals. SNNs585
typically implement a learning rule called Spike Timing Dependent Plasticity (STDP), which ad-586
justs synaptic weights in the network based on the firing activity in the network [246]. However,587
SNNs can also be trained using a variety of other mechanisms, including gradient descent–based588
methods [23, 233, 240], which adapt the training method in some way to accommodate SNNs, and589
evolutionary algorithms [190, 229]. Spike-based implementations of back-propagation [64, 178],590
CNNs [65], Gibbs sampling [50], RBMs [191], DBNs [248], and recurrent neural networks [59]591
have been developed for IBM’s TrueNorth Neurosynaptic System and the SpiNNaker system.592

An increasingly common use case of spiking neural networks on neuromorphic systems is as593
the “liquid” in a liquid state machine [143, 144]. Liquid state machines are a special use case of594
a recurrent spiking neural network with a read-out layer that is similar to the final layer in a595
traditional neural network [177]. Liquid state machines have been successfully used to analyze596
spatio-temporal data such as speech [221] and video [33]. The “liquid” itself is an untrained recur-597
rent spiking neural network; the read-out layer is typically trained using some form of gradient598
descent or back-propagation. A co-processor that implements a liquid state machine could per-599
form inference on spatio-temporal data as the data is being generated by another processor in600
the environment. Unlike many of the other discussed models, liquid state machines are very well-601
suited to deal with temporal data and could be used in combination with other neural network602
models for data analysis. Because the recurrent spiking neural network is untrained, it can be de-603
ployed immediately onto any spiking neuromorphic system that can realize sufficiently complex604
networks.605
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8.2 Application to CSPs 606

While NPUs can efficiently execute neural networks, the training of these networks is usually 607
done on conventional processors or GPUs. There has been growing interest in applications for 608
NPUs that avoid the need for pre-training of large neural networks. This has led to the mapping 609
of CSPs and label propagation algorithms onto NPUs. The main challenge in adapting difficult 610
computational problems onto NPUs is how to translate spiking data into relevant information. 611

CSPs have been mapped onto the SpiNNaker system and solved using systems of stochastic neu- 612
rons to minimize an energy function [74, 122]. Whereas QPUs utilize quantum effects to escape 613
spurious minima, the spike-based annealing used in References [74, 122] traverse energy barri- 614
ers using intermediary network states. Pattern recall tasks have been mapped to spiking neuron 615
systems [2, 45, 130, 159, 244] and deployed on many different neuromorphic systems [12, 194, 232]. 616

9 INTEGRATION WITH HIGH-PERFORMANCE COMPUTING 617

These emerging devices are still very early in their development as computational engines, and 618
there is an immediate focus to developed tools and libraries that enable users to interface directly 619
with the underlying hardware. This provides expert users the ability to construct optimal pro- 620
gramming patterns and instruction follows that may be later abstracted. However, even within thisQ2

621
expert community, there is a need to establish a common set of tools that improve user efficiency, 622
program reproducibility, and performance comparisons. Several Pythonic modules and libraries 623
have been made available recently to support testing and evaluation of quantum machine learn- 624
ing tasks on gate-based hardware [18] or targeted for specific hardware (e.g., IBM’s Qiskit Aqua 625
library [117], Rigetti’s PyQuil library [243], D-Wave [188]) as well as quantum hardware-agnostic 626
libraries [83, 163]. Similar libraries have been developed for neuromorphic hardware control and 627
device interfaces, including PyNN [52], Nengo [179], the TENNLab software framework [196], and 628
Fugu [3]. 629

Users building applications that take advantage of these devices will depend on the available 630
interfaces. However, current library approaches are limited to relatively narrow use cases for in- 631
terfacing with either the QPUs or NPUs based on currently identified workflows. Extending exist- 632
ing software packages presents a non-trivial burden on the users, as low-level, hardware-centric 633
interfaces are presently the norm for both QPU and NPU programming. Widespread adoption of 634
these new types of devices is anticipated to require a more robust ecosystem of software tools and 635
languages that enable broader device programmability and usability. 636

The future integration of these next-generation processors into high-performance computing 637
systems will require much tighter coupling between communication and memory subsystem than 638
is currently available [260]. These interfaces must not only be compatible with devices operat- 639
ing under potentially disjoint computational models, but they must account for the operational 640
constraints and programming models [114]. As a case in point, modern examples of CPU-GPU 641
computing systems are facilitated by many different methods for enabling multi-platform com- 642
munication and control, including application programming interfaces such as OpenMP, OpenCL, 643
CUDA, and OpenACC. For the emerging devices considered above, there is a lack of best practice 644
in the field of programming and execution that would be needed to guide similar communication 645
and control libraries [162]. TPUs are the closest to being fully integrated into HPC workflows, 646
while recent work on developing CPU-QPU hybrid computing systems underscores the difficulty 647
facing those approaches [18, 28, 30, 163]. 648

In addition, current constraints on fixed hardware size and connectivity limit the practical size of 649
problem instances that can be executed on many NPUs and QPUs. There is a significant interest in 650
understanding how larger quantum devices can show speedup and accelerate computing [30, 113, 651
174], but scaling up these devices to include more qubits or more neurons and denser connections 652
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is a significant device engineering problem [115]. For example, thermal effects present a signifi-653
cant obstacle to scaling quantum devices to large sizes, and recent results posit that this may even654
inhibit any possible quantum speedup [6]. One workaround is to divide problems that are too large655
to be directly embedded onto the existing hardware into smaller sub-problems [48], or defining656
hybrid models. Hybrid classical-quantum solvers have been put forth by D-Wave, in which compu-657
tationally difficult parts of a computation are off-loaded to a QPU [180]. Hybrid classical-quantum658
training methods for generative models were derived for the Helmholtz machine of Reference [17]659
and generally underlie the concept of VQE algorithms [165]. NPUs can operate at room temper-660
ature and have been developed to be more scalable, but less emphasis has been placed on how to661
incorporate them into larger HPC workflows. Currently, they are incorporated into heterogeneous662
workflows by training ANNs on CPUs and GPUs, prior to deployment on a NPU.663

We would like to highlight a specific use case that shows how software has been developed to664
incorporate DQDs and NPUs into machine learning workflows. The incorporation of DQDs into665
machine learning faces a significant challenge in the computational cost incurred during gradient666
evaluation. The PennyLane library developed by Xanadu [18] is developed for machine learning667
workflows and incorporates auto-differentiation. A computational graph can be constructed that668
incorporates both classical and quantum nodes. The incorporation of NPUs into machine learning669
workflows usually requires that an SNN is constructed from a pre-trained ANN. The Whetstone670
library [234] is targeted toward the integration of SNN into machine learning workflows by both671
translating an ANN into an SNN and also training the SNN. This library addresses the challenge672
of how to apply gradient-based training to discrete spike-based computation.673

10 GRAPH ALGORITHMS674

This review has focused on CSPs and ML as primary targets for acceleration with next-generation675
processors. These problems have many different facets, which makes them amenable to incorpo-676
ration into hybrid workflows. However, there are many other problems that can benefit from next-677
generation processors. The analysis of graphical data is computationally expensive, as most real-678
world networks can contain millions of vertices and billions of edges. There is a significant need679
for efficient search and classification algorithms that can be deployed on these higher-dimensional680
data structures. Many graph algorithms can be implemented using matrix-based computing on681
GPUs and have been shown to outperform CPUs for certain graph analysis tasks such as triangle682
counting [262].683

One of the compelling graph algorithms for NPUs is shortest-path finding. The shortest-path684
algorithm as related to spiking neural activity was described in Reference [197], but it has also been685
recently demonstrated on both real [51] and simulated [228] NPUs. This algorithm takes advantage686
of the massively parallel nature of NPUs and the natural spike propagation functionality of these687
systems to perform shortest-path finding. Moreover, these approaches also leverage the on-chip688
learning capabilites of spiking NPUs in determining the shortest paths.689

Another graph analysis problem is community detection, which is both a search and a classifi-690
cation problem. For a graph G (V ,E) the goal of a community detection task is to identify subsets691
of the vertex set that can be considered “related.” This is a problem encountered in many scien-692
tific fields where structured, relational data is generated. Many algorithms exist for solving this693
problem [75, 152, 218], and there is wide use of interacting spin systems in solving community694
detection problems [21, 110, 206, 207], which have been shown to be resolution-limit free [211].695

The synchronicity of spiking neurons with excitatory and inhibitory connections has been ex-696
ploited to implement label propagation algorithms using leaky integrate and fire neurons or Ku-697
ramoto oscillators [54, 202, 203] under global driving and inhibition. A separate spike-based ap-698
proach to label propagation has been implemented by combing spin-glass dynamics with locally699
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driven leaky integrate and fire neurons [91, 92], deployed on IBM’s TrueNorth [93] and tested on 700
the 128-vertex Girvan-Newman benchmark graph. The algorithm described in Reference [91] re- 701
lies on a fully connected SNN that could not be directly embedded on the TrueNorth hardware. 702
Instead, the spiking algorithm was embedded onto hardware using a set of sparse sub-trees [93]. 703
The question of how to effectively embed a graph into an SNN to avoid resolution limits remains 704
an open question. 705

The mathematical construction of graphs and networks make them a natural candidate for spik- 706
ing neural networks and Ising spin glasses, and many graph algorithms can be constructed as CSPs 707
and deployed on ABDs (see Section 6), though hardware connectivity can limit problem size. These 708
include the traveling salesman problem [175], network flow problems [180], graph coloring prob- 709
lems [48], spanning tree identification [184], and graph isomorphism [268]. In addition, there are 710
a number of studies that show via query complexity proofs that a quantum speedup is possible for 711
several graph problems: triangle finding on sparse graphs [119], triangle finding on dense graphs 712
[32], diameter calculation for network routing [147], and general routing in distributed computing 713
networks [79]. 714

Additional studies have shown how quantum annealers can be used to implement graph par- 715
titioning and community detection [189, 253]. In References [236, 253], the D-Wave annealer and 716
a 16-qubit chip from IBM were used to implement community detection and graph partitioning. 717
In Reference [253] the use of multi-node embeddings allowed for the D-Wave annealer to be used 718
for partitioning graphs of up to 1K nodes. For certain graphs the D-Wave out-performed a clas- 719
sical solver by reducing the number of cut-edges between found partitions. In Reference [236], a 720
16-qubit chip was used in community detection problems on graphs up to 400 vertices by decom- 721
posing a larger graph into smaller sub-graphs and using QAOA to iterate over local solutions to 722
find a global solution. 723

11 CURRENT CHALLENGES AND ADAPTATIONS 724

There are a number of common challenges to the effective utilization of NPUs and QPUs stemming 725
from the following hardware characteristics: connection sparsity, low-precision computing, and 726
device noise. These three areas affect the hardware devices described above to different degrees, 727
but overall this has led to many different approaches to embedding a problem into a hardware rep- 728
resentation to maximize the problem size, the number of gates in a circuit, or network complexity. 729

For ABDs, DQDs, and custom neuromorphic systems, sparse connectivity at the device level lim- 730
its the problem size, or the types networks that can be directly embedded onto the hardware. Sparse 731
connectivity can limit the interactions between spins in a quantum annealer, the gates that can be 732
implemented in a digital quantum device, or the communication between neurons in NPUs. For ex- 733
ample, IBM’s Neurosynaptic System (TrueNorth) [168] and D-Wave’s (2X and II) quantum anneal- 734
ers have dense local connectivity and relatively sparse global connectivity. For NISQ devices, noise 735
limits the size of circuits that can be constructed and executed on hardware and has spurred the de- 736
velopment of noise mitigation strategies that have shown promising results when applied to shal- 737
low circuits [62, 128, 153, 252]. Overall, fixed connectivity and device noise emphasize a need for 738
sparseness in the construction of the model that is deployed on many different types of hardware. 739

Most physical neuromorphic systems also have low-precision realizations of parameters on neu- 740
rons and synapses to allow for high efficiency. For example, IBM’s TrueNorth has a two-bit weight 741
resolution on its synapses [168]. Intel’s Loihi [51] is flexible and supports anywhere from one-bit 742
to nine-bit synaptic weight resolution. These limitations in weight resolution result in adaptations 743
to the training algorithms used to determine synaptic weights in machine learning applications. 744
Rather than using out-of-the-box techniques like back-propagation implementations in Tensor- 745
Flow, these approaches now have to either be adapted to incorporate restrictions into training 746
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process, or a mapping procedure from high weight resolution networks to lower weight resolution747
networks must be established [64]. Similarly, the available bits of precision for couplers and biases748
in the D-Wave annealer affects the complexity of a spin glass that can be deployed on hardware.749

A common feature of many near-term and current generation hardware is a strong emphasis on750
sparse coding or sparse embedding. A common coding feature that has shown promising results751
on both NPUs and QPUs is sparse coding [214] with locally competitive algorithms [213]. This is752
a coding technique that is motivated by how the brain encodes information. Sparse coding with753
local competition has been implemented on Intel’s Loihi chip and has been shown to outperform754
conventional processors for solving LASSO optimization [154]. Sparse coding has also been shown755
to improve computational time for solving optimization problems on a QPU [182]. The DQDs756
discussed in this survey are all NISQ devices and the presence of noise and decoherence make the757
construction of sparse or shallow circuits a necessity.758

We close this section with a discussion of a significant bottleneck to the specific application of759
quantum machine learning on near-term DQDs: gradient-based training. The evaluation of gra-760
dients is a significant bottleneck in classical machine learning as well, and a number of quantum761
algorithms have been developed to reduce the computational cost of evaluating a n-dimensional762
gradient [81, 124] by utilizing quantum superposition and Quantum Fourier Transforms. However,763
the circuits that can be evaluated on near-term NISQ hardware are not large enough to implement764
these algorithms, and the evaluation of an n-dimensional circuit gradient will require 2n circuit765
evaluations. In addition, for circuits trained on near-term NISQ devices, the final state prepared by766
the circuit is estimated by taking multiple measurements. Shallow circuits can be utilized to evalu-767
ate the gradient [153, 223, 224], removing the need for additional qubits, but the reliance on draw-768
ing a finite number of samples from the final prepared state introduces the possibility that under-769
sampling states in the final wavefunction can cause training to fail. This is the “barren plateau”770
problem introduced in Reference [164]. Recent studies have explored how this phenomenon can771
be avoided by better parameter initialization [85] or by different choice of classical optimizer [16].772

12 CONCLUSIONS773

We have provided a review of several recent applications of neural networks on next-generation774
hardware platforms. These examples emphasize that there are both familiar and unfamiliar ele-775
ments in the design and implementation of applications, such as neural networks or constraint776
satisfaction problems onto these new systems. A common feature in these designs is the rele-777
vance of graphical structures to indicate associations, patterns, and feedback. While the use of778
these concepts is natural for programming neuromorphic and/or quantum systems, the migration779
of existing applications is less familiar. However, there are problems that find a natural connec-780
tion with these data structures, including graph-analytic methods and machine learning tasks.781
The translation of existing applications to neuromorphic and quantum processing and other fu-782
ture technologies may therefore be expected to proceed in stages with early adoption by select783
user communities. We expect that success in these areas will set the stage for adoption later by784
broader user groups. The transition between these stages will depend on the infrastructure that785
provides support for translating data structure from conventional representations to the structure786
necessary for next-generation hardware.787

There have been growing concerns that emerging computing paradigms, such as neuromorphic788
computing and quantum computing, will provide such disruptive capability as to undermine ex-789
isting investments in software infrastructure [37, 44]. However, as the applications presented here790
show, the disruption lies largely at the interfaces between the specialized methods allocated to791
these processors and the routines that may make use of them. In this regard, neuromorphic and792
quantum processing may best befit the accelerator model that has become increasingly popular793
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with the successful use of GPUs. Designs for these systems emphasize the expectation of extreme 794
heterogeneity in future HPC systems and the need for infrastructure to manage, schedule, and 795
tune these systems. However, we must emphasize that the successful use of neuromorphic and 796
quantum processing to date does not discourage this approach, but rather makes clear that such 797
efforts are worthwhile. 798

APPENDIX 799

A HARDWARE CONNECTIVITY OF ABDS AND DQDS 800

In the main text, we highlight how sparse connectivity can limit the size of models or programs that 801
can be implemented on different next-generation processors. In this Appendix, we include figures 802
of quantum devices that were heavily discussed in the main text: a subgraph of the Chimera layout 803
of the D-Wave 2000Q processor [47] and qubit layouts of two publicly available IBM devices [116]. 804
The Chimera layout (see Figure 1) is characterized by dense local connections but sparse global 805
connections. To increase the connectivity, chains of qubits can be constructed to define a problem 806

Fig. 1. A subgraph of the Chimera layout. Qubits are arranged in a 4 × 4 grid of bipartite unit cells with 8

qubits in each unit cell.

Fig. 2. Layouts of qubits and couplers for two IBM quantum processors. (a) the 14-qubit Melbourne chip has

a ladder structure. (b) the 5-qubit Tenerife chip has a bowtie structure.
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embedding. The IBM devices (see Figure 2) use superconducting qubits and the orientation of807
the couplers between adjacent qubits determines which two-qubit gates can be implemented in a808
circuit.809

B NOMENCLATURE810

We collect all the acronyms defined in the main text in Table 2 for quick reference.811
812

Table 2. Table of Acronyms

ABD annealer-based device
ANN artificial neural network
CNN convolutional neural network
CPU central processing unit
CSP constraint satisfaction problem
DBN deep belief network
DQD digital quantum device
GPU graphical processing unit
HPC high performance computing
LSTM long short term memory network
ML machine learning
MLP multilevel perceptron
NISQ noisy intermediate scale quantum (device)
NPU neural processing unit
OIM optical Ising machine
QAOA quantum approximate optimization algorithm
QCL quantum circuit learning
QML quantum machine learning
QPU quantum processing unit
RBM restricted Boltzmann machine
SAT constraint satisfiability (computational problem)
SNN spiking neural network
STDP spike timing dependent plasticity
SVM support vector machine
TPU tensor processing unit
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