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Abstract
Moore’s “law” was the observation that the number of transistors in an integrated circuit doubled approximately every two
years. This trend has distinctly failed to hold in recent years. The death of Moore’s law has left researchers and practitioners in
the computational sciences searching for technologies to provide the speedups formerly supported by Moore’s law. Previously
overlooked chip architectures and other computing technologies are now receiving more development resources. Critically,
these technologies are gaining more mature software support, opening their adoption by researchers in algorithms and ap-
plications. In this article, we review some of these computing technologies, their relationship with various algorithms and
applications, and their potential benefits (or pitfalls). We close with recommendations for future work by the process systems
engineering community specifically.
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1 Introduction

A key tenet of the field of Process Systems Engineering (PSE)
is the formal mathematical description of a problem to enable
efficient numerical solutions with the aid of a computer. With
this, the limits of what is possible in PSE are, of course, linked
to what is possible in the area of computing. Problems en-
countered in PSE require the solution of challenging compu-
tational tasks, which require the solution of primordial com-
putational operations such as matrix-vector multiplication, so-
lution of systems of (partial) differential equations, derivatives
computation and evaluation, search, and optimization meth-
ods. These operations build up to constitute problems rele-
vant to process, chemical, energy, environmental, and systems
engineering. Work in PSE has included developing and im-
proving numerical algorithms (largely serial). Steady hard-
ware performance improvements coupled with these algorithm
developments have led to repeated successes in solving previ-
ously intractable problems in the area of PSE. However, as sin-
gle core performance improvements slowed, computing hard-
ware breakthroughs now focus on emerging technologies with
new capabilities, limitations, and computing paradigms. To
see continued performance improvement and innovation, sci-
entific computing research is focused on developing new un-

derstanding, implementations, and algorithms that can effec-
tively exploit these emerging computational architectures.

Computational complexity theory captures the ability of
an algorithm to scale with problem size and limits the num-
ber of steps an algorithm must take to solve a given problem.
However, there is still much flexibility in implementing those
algorithms. While emerging architectures have the potential
for transformative computational performance, they also bring
implementation constraints; different architectures have differ-
ent strengths and weaknesses concerning execution time and
power requirements. Using the proper computing hardware
for the right job provides opportunities to achieve practical
time or energy savings; these savings could make the differ-
ence between a problem being “tractable” or not at an applica-
tion scale. Furthermore, there is significant scope for design-
ing and implementing new algorithms that can take advantage
of emerging computational architectures and, in some cases,
even co-design the algorithm and hardware simultaneously to
improve computational performance significantly [23].

In this article, we provide an overview of some emerging
computational architectures, discuss their capabilities and the
maturity of software tools, and provide context for these archi-
tectures with respect to different algorithms and applications
within PSE. We close with some discussion of the maturity of
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and applicability of these architectures with recommendations
for future work by the PSE community specifically.

2 Emerging Technologies and Their Applications

2.1 Multi-core, Distributed, and Hybrid Parallel Architec-
tures

The early to mid-2000s saw a stagnation in the year-over-
year increase in CPU clock speeds, and chip manufacturers fo-
cused instead on hyperthreading and the development of mul-
ticore architectures to drive performance improvements [58].
Similarly, we also saw a significant rise in the availability of
distributed computing clusters for both academic and indus-
trial users that promised scalable parallel computing resources.
These changes had a major impact on the landscape of sci-
entific computing today, where parallel computation is now
mainstream.

Almost every standard desktop or laptop sold today con-
tains multiple computing cores. Typical multicore systems
are affordable, and there is a range of mature, standardized
tools for implementing parallel scientific computing codes.
While communication between threads can be very fast on
these shared-memory architectures, they still typically contain
a relatively low number of cores, and for large-scale applica-
tions, key bottlenecks include the available bandwidth for “off-
chip” memory [22]. Distributed computing clusters, on the
other hand, bring a large number of cores by connecting many
computational nodes with standard or specialized networking
technology. While these architectures can overcome memory
bottlenecks by distributing the workload over multiple nodes,
communication across the network must be carefully managed
for scalable performance.

Graphics processing units (GPUs) can hardly be consid-
ered “emerging” hardware anymore, but their impact on vari-
ous scientific computing problems cannot be overstated. Orig-
inally driven by computer graphics requirements, GPUs have
become a highly parallel computing architecture that can cost-
effectively deliver many operations per second for suitably
parallelizable applications, such as dense linear algebra as
commonly found in neural networks (NN) training. While
they promise massive parallelism at a relatively low cost, these
“streaming” architectures come with significant implementa-
tion constraints over general CPU-based architectures, and ap-
plications must be selected carefully.

Modern distributed computing clusters are hybrid architec-
tures that combine many multicore computing nodes and often
include specialized accelerators. Effective use of these hybrid
architectures is a major theme of the DOE Exascale Comput-
ing Project [5, 24]. The tools for building parallel applications
with these architectures (e.g., MPI [28]) are very mature with
well-established standards and implementations [27]. Even
high-level languages like Python and Julia have mature li-
braries and interfaces for implementing parallel codes on both
shared- and distributed-memory architectures [17, 18, 13]. Ex-
tensions built on these packages have enabled scalable paral-
lel optimization implementations for specific applications like
large-scale nonlinear programming [47, 34, 62, 53]. Matur-
ing APIs and software support for GPUs (e.g., [36]) has en-

abled the use of GPUs for a number of scientific computing
applications [42], mainly focused on training deep NNs [37]
but also including nonlinear optimization [14]. Numerous ex-
amples within PSE demonstrate solutions to previously in-
tractable problems through effective use of these architectures.

2.2 Application Specific Integrated Circuits, Tensor Process-
ing Units, and Field Programmable Gate Arrays

The categorization of a device as an application-specific inte-
grated circuit (ASIC) can vary. For this discussion, we con-
sider an ASIC to be a device where an algorithm that runs on
it has a significant portion programmed directly into the chip’s
architecture and thus is fixed at the time of manufacture. D.E.
Shaw Research’s development of Anton, the supercomputer
for performing molecular dynamics simulations, provides a
good example of the types of considerations that go into the
development of ASICs for a scientific problem [50]. By defi-
nition, an ASIC is almost inextricably linked with a particular
algorithm or family of computational kernels. This means that
there must be mature algorithms for solving the target problem
that are unlikely to change over the intended lifespan of the
chip. Further, chip design takes time (and money!), and the
Anton development team had to consider whether more con-
ventional hardware would advance to the required level of per-
formance in the time it would take them to develop and manu-
facture the chip. Even with the death of Moore’s Law, the rapid
progress of GPUs, driven by applications in machine learning,
might provide a more cost-effective solution. However, the
performance improvements from an ASIC can be huge; the
second generation of Anton was over two orders of magnitude
faster than conventional HPC and GPUs [51]. Anton may be
used for non-commercial research through the Pittsburgh Su-
percomputing Center.

Another case study is that of the Tensor Processing Unit
(TPU). Google saw enough room for improvement over GPUs
to develop their custom chip, the TPU [33]. Once again, a
careful analysis of alternative technologies and the total costs
of ownership was necessary. The main takeaway from these
case studies is that while a custom chip is almost certainly
faster or more power efficient, the overall economics of the
hardware development, purchase, and operation must be con-
sidered.

On the other hand, field programmable gate arrays (FP-
GAs) provide a more flexible alternative to ASICs. Roughly,
an FPGA is an integrated circuit with reconfigurable intercon-
nections between the elements. FPGAs are often used for pro-
totyping and testing ASIC design. Like ASICs, FPGAs allow
more control of data flow, data reuse, and other optimizations
like limited precision fixed-point numbers where possible [52].
Functionally, FPGAs fill a role and have development chal-
lenges somewhere between those of GPUs and ASICs. While
the software is improving, programming an FPGA is generally
not as simple as a GPU. Further, FPGAs tend to have slower
clock rates and more limited on-chip memory than GPUs. In
an extensive review [52], a general trend was that FPGA-based
accelerators for NN inference are more energy efficient than
GPU or CPU alternatives but not generally faster. However,
with fine control over data and logic flow, FPGAs do permit



effective implementation of parallel algorithms; in a review of
hardware accelerators for MPC, suitably parallel algorithms
saw a modest (∼ 2x) speedup on FPGAs versus CPUs [2].

2.3 Non-von Neumann architectures

Compute-in-Memory refers to techniques that aim to circum-
vent the bottlenecks in traditional von Neumann architectures
– namely, the time and energy bottleneck of data movement
through the various levels of memory and onto and off process-
ing units [49]. A common feature of these devices is the ability
to do analog matrix-vector multiplication. Fast matrix-vector
multiplication enables a number of scientific computing ap-
plications, including equation solving, optimization, and ma-
chine learning. However, while these devices can perform this
operation quickly, their analog nature limits precision. Con-
sequently, compute-in-memory does not suit every applica-
tion, and taking advantage of it might require hybrid strate-
gies or a fundamental reformulation of the problem. Sebastian
et al. [49] review some successful applications of compute-in-
memory, including inference in deep NN and iterative linear
algebra solvers.

A related idea is that of neuromorphic computing.
Neuromorphic computing is a field that aims to develop
neurologically-inspired computing devices [63, 20]. While
many research devices may be called “neuromorphic chips’,’
the most high-profile examples (IBM’s TrueNorth chip [40]
and Intel’s Loihi chip [20]) focus on efficient implementation
of spiking NNs, a particular type of artificial NN that encodes
data through the timing of spikes or pulses [61]. As with
compute-in-memory devices, a benefit of these chips is their
incredibly low power consumption compared to convolutional
or other deep NN architectures (potentially 1000 times less
for particular devices and problems [20]). Spiking NNs, and
thus neuromorphic chips, may be applied to several problems,
including various machine learning problems, but also graph
search and stochastic optimization [20]. The specific benefits
of spiking NNs over other solution methods are unclear, but
the low power consumption of neuromorphic chips expands
where these problems may be solved to include autonomous
or “edge” devices, where power consumption is a constraint.
Due to the departure from von Neumann architecture in neu-
romorphic chip design, proponents of the technology prefer
to distinguish between neuromorphic chips and, for example,
accelerators for deep learning.

Dataflow architectures are another alternative to the von
Neumann architecture. Initially proposed in the 1960s and
1970s as a computing paradigm optimized for data-driven par-
allel computation [60], academic research on dataflow archi-
tectures stalled in the 1980s. However, the rise of deep NN-
driven machine learning has motivated the development of
commercial systems incorporating ideas from dataflow archi-
tectures. Emani et al. [26] have tested one of these systems on
scientific applications of deep learning with positive results.

2.4 Physical Annealing and Analog Computing

Historically, the term analog computing was used to refer to
computing with physical systems whose evolution mimics the

system they were intended to model and simulate. Today that
definition has shifted to refer to devices working on the contin-
uum [12]. As opposed to digital computers, in which informa-
tion is processed in discrete form (and input, output, and inter-
mediate calculations are discretized), analog computers repre-
sent variables continuously using various physical quantities
(e.g., electrical, mechanical, hydraulic signals) as analogs for
the information being processed.

Analog computing devices were widely used throughout
history to perform specific calculations, from the ancient-
greek Antikythera mechanism used to predict astronomic po-
sitions of sky bodies, through the slide rule for computing log-
arithms, to the advanced military targeting systems that are
still in use on navy ships all over the world. Such devices took
the back seat after the invention of digital computing machines
and the rapid evolution of these computers due to their general
applicability and programmability.

As high-performing digital computing systems become
more challenging to design, and their increased energy de-
mand makes them expensive to use, analog (or hybrid digital-
analog) devices are again a topic of interest due to their speed
and efficiency.

One of the more promising examples of this renewed re-
search interest is the physical annealing machines [41], such
as the D-Wave quantum annealer or the Coherent Ising ma-
chines developed at NTT and Stanford University [32]. These
machines attempt to exploit the device’s underlying physics
to approximate ground solutions to the Ising model, an NP-
hard problem equivalent to quadratic unconstrained binary op-
timization (or QUBO). As many combinatorial and graph-
theoretical problems can be reformulated as QUBOs, the po-
tential of physical annealing machines to accelerate the finding
of solutions to hard optimization problems is attractive. Nev-
ertheless, there are a number of technical challenges that need
to be addressed first. On the engineering side, these include
scaling the number of variables and ensuring that the system’s
connectivity and resolution sufficiently represent the problem
with enough precision.

In addition, most practical optimization problems are not
only unconstrained and discrete; many problems involve com-
plex constraints and continuous decision variables. While such
problems can still be reformulated into QUBOs through dis-
cretization and incorporating the constraints using additional
variables and penalty terms, the satisfaction of the constraints
may only be guaranteed by finding the QUBO’s optimal so-
lution. Inexact approximations of the solution might be very
close to optimal in terms of minimizing the objective of the
problem but still lead to infeasible answers due to the inability
to satisfy a specific hard constraint. Nevertheless, the poten-
tial availability of an efficient close-to-optimal QUBO solver
opens the way for novel algorithms and heuristics that may
accelerate the solution of at least some challenging and rel-
evant optimization problems. Considerable effort has been
made in developing high-level interfaces to QUBO-based pro-
gramming, for instance, with the Python-based open-source
package from D-Wave Ocean, among several others [46]. Re-
search in overcoming the challenges and defining the practical
applicability of the physical annealing machines is ongoing.



Recently, analog mechanisms that perform optimization
have also been implemented in neutral-atom devices, where
spin variables are represented by atomic qubits trapped in
arbitrary 3D configurations via optical tweezers. When op-
erated as annealers [25], the coherence of these systems is
considerably larger than flux-qubits in superconducting ar-
chitectures; however, there are programmability limitations,
with early-stage opensource projects supporting their primi-
tives [54]. The current size of devices supports only hun-
dreds of variables, with thousands within reach. These de-
vices are natively implementing interactions that naturally
map into Maximum-Independent-Set (MIS) constraints, with
compilation techniques similar to minor-embedding required
in superconducting annealers [35]. Applications of MIS in-
clude scheduling, asset allocation, telecommunication decod-
ing [19], and its analog mode can be used to define quan-
tum sampling protocols with generic machine learning kernel-
based applications [31].

2.5 Digital Quantum Computing

Quantum computing (QC) refers to computing and informa-
tion processing that leverages phenomena explained through
quantum mechanics, such as quantum interference and super-
position. This computational paradigm does not expand what
is computable using non-quantum (or classical) computation,
but its promise is that it can accelerate (even exponentially)
certain computational tasks [9, 45]. Several computational
models can fall under the definition of QC presented above,
e.g., adiabatic QC, measurement-based QC, and the quantum
circuit model. This section will focus on the quantum cir-
cuit model of QC, where algorithms can be implemented as
quantum mechanical manipulations of the primary processing
unit in QC, the quantum bit or qubit, through a set of op-
erators known as gates, which compose what is known as a
quantum circuit. These (quantum) algorithms can be proved
to provide speedups in specific computational tasks compared
to algorithms implemented in the non-quantum (classical) set-
ting, and there have been successful experimental realizations
of such computational tasks, demonstrating the physical pos-
sibility of quantum supremacy [9]. The apparent parallelism
coming from the seamless operation of information that grows
exponentially with respect to the number of qubits in the quan-
tum circuits, together with probability amplitudes that inter-
fere constructively and destructively, are the main ingredients
that can explain the theoretical advantage of quantum algo-
rithms. Some of those algorithms with proven advantages are
aimed to tackle the simulation of quantum systems, number
factorization, and search and optimization [11]. There is a con-
siderable drive to keep developing quantum algorithms, hard-
ware, and software that allows the practical use of this tech-
nology in science and engineering applications, with a partic-
ular interest in finding those applications where the potential
speedups provided by QC can be exploited. In particular, com-
plete software stacks are developed by different companies,
providing high-level access to quantum computing simulators
and devices, such as IBM Qiskit [7] and Google Circ [21].

Specialized devices known as quantum computers need to
be built to implement quantum algorithms, with the stringent

requirement of maintaining the delicate quantum state of the
qubits while controllably applying the predefined gates. Cur-
rent quantum computers can reliably implement algorithms for
enough qubits (around 50) and gates for their classical simu-
lation to be impractical but too few to implement error cor-
rection schemes that can prevent unintended perturbations of
the quantum states. These devices have been named noisy
intermediate-scale quantum (NISQ) computers. Although the
practical realization of most algorithms that provide quantum
advantage requires implementing circuits beyond the current
capabilities of NISQ devices, one can still leverage the capabil-
ities of these computers to represent probability distributions
that are difficult to represent using classical computers. This
is mainly done by proposing parameterized quantum circuits
integrated into a computational loop with a classical computer
to optimize a performance metric of the circuit, in an approach
known as variational quantum algorithms (VQA) [16]. This
setting is similar to the training of an artificial NN, where
the parameterized circuit can be executed by specialized hard-
ware, e.g., a GPU in the NN case or a gate-based quantum
computer in the case of VQA. These approaches can still pro-
vide quantum advantage using NISQ devices, and algorithms
for quantum systems simulation, optimization, and machine
learning using this paradigm have been proposed and imple-
mented in the existing hardware [9, 16].

3 Opportunities for the PSE Community

Table 1 summarizes the intersection of emerging computing
technologies with disciplines of the process systems engineer-
ing community. Emerging technologies have already been suc-
cessfully applied within several domains, and reasonably ma-
ture examples or implementations exist. In other cases, the
area may not be mature; however, there is enough preliminary
research to indicate potential for further adoption. In this ta-
ble, we provide some examples of work in each of these areas;
however, in the interest of space, this is not an exhaustive list.

These emerging computing technologies offer opportuni-
ties to re-think our problem formulations and go-to solution
methods. Given the PSE community’s adoption of computing
technology so far, it is likely that many of these new hardware
platforms will become standard tools.
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