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Abstract—Neuromorphic computing technology continues to
make strides in the development of new algorithms, devices,
and materials. In addition, applications have begun to emerge
where neuromorphic computing shows promising results. How-
ever, numerous barriers to further development and application
remain. In this work, we identify several science areas where
neuromorphic computing can either make an immediate impact
(within 1 to 3 years) or the societal impact would be extremely
high if the technological barriers can be addressed. We identify
both opportunities and hurdles to the development of neuromor-
phic computing technology for these areas. Finally, we discuss
future directions that need to be addressed to expand both the
development and application of neuromorphic computing.

Index Terms—neuromorphic computing, spiking neural net-
works, neural simulation, scientific applications
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I. INTRODUCTION

The revolution of Artificial Intelligence (AI) in scientific re-
search continues to expand as the AI techniques and available
software grow and increase in both capability and usability.
There are several drivers behind this rapid adoption of AI tech-
nology. First, neural models (typically, convolutional neural
networks (CNNs)) have become more advanced in design and
performance capability. These models are capable of perform-
ing on data and with accuracy levels not previously achievable
and well beyond human capability. Second, these models are
openly shared, accessible, and often just require retraining
on application specific data in order to be operational. For
instance, models developed and trained on ImageNet [1] have
been simply retrained on application specific images and then
used operationally for that application. This reduces the AI
expertise needed by a domain scientist looking to apply these
models, thereby enhancing adoption. Third, CNNs benefit
from a robust software stack that enables domain scientists
to simply execute these models without much concern for
the underlying hardware needed to execute the model. In
fact, the CNN software stack has been used on computing
hardware ranging from laptops to supercomputers. Fourth,



the underlying hardware to execute these models has rapidly
advanced and have become widely available. This hardware
availability further enhances adoption of CNN-based methods.
Finally, there is extensive educational support via numerous
online content ranging from blogs, tutorials, videos, and in-
dustry supported training. Much of this content is free and
readily available twenty four hours a day. All of these factors
combined have resulted in very fast, wide ranging adoption of
CNN-based AI technology in scientific research.

Despite these numerous benefits, there remain several areas
of scientific research where CNNs and their corresponding
software and hardware stacks are prohibitive, or where a
neuromorphic computing approach would provide significantly
more benefits such as very low size, weight, and power (SWaP)
computing. Neuromorphic computers are implemented on non-
von Neumann architecure devices and compute in an event-
driven manner with the use of Spiking Neural Networks
(SNNs) [2].

The following sections will describe a sample of these
potential science areas where neuromorphic computing can
have a high positive impact in achieving new scientific dis-
coveries or achievements. Finally, we describe areas where the
neuromorphic community can reduce the barriers of entry and
increase the adoption of neuromorphic computing in scientific
research.

II. CONSTRAINTS & OPPORTUNITIES

Most scientific applications involve processing huge
amounts of data, which demand High Performance Computing
(HPC) resources. However, with the ever growing volumes
of data generated by these applications, it becomes more
imperative that the various aspects of neuromorphic computing
for processing the incoming high bandwidth data at a low
power be explored. By utilizing non-von Neumann architec-
ture, neuromorphic hardware can better co-locate memory and
processing units, thereby enhancing parallelism and potentially
reducing the overall memory access power, which is quickly
becoming the major bottleneck in increasing the throughput
of processors [3]. There have been several neuromorphic
hardware demonstrated to date, which include both digital and
mixed signal processors [4]. BrainScales 1 and 2, and DY-
NAPs are mixed signal neuromorphic hardware with neurons
and synapses implemented as analog circuits [5]. While analog
hardware platforms have lower power consumption, and can
support various biological time constant through circuit and
device dynamics, but they suffer from device mismatches [4].

Neuromorphic computers are event-driven by nature, and
are inherently scalable. Furthermore, on machine learning
tasks, they consume orders of magnitude less power as com-
pared to CPUs and GPUs, without compromising on compu-
tation time [6]. These characteristics lend them to event-based
sensing applications that require low latency processing of
signal information in real time [7]. Neuromorphic computing
is envisioned to have the most impact in applications that
require low size, weight and power (SWaP). Some examples
of such applications include autonomous systems (for e.g.,

self-driving cars, drones, automated guided vehicles etc.),
embedded systems (for e.g., control circuits, signal processing,
power electronics etc.), Internet of Things (for e.g., smart au-
tomation), and remote sensing (for e.g., high energy physics).
Neuromorphic computers also lend themselves to modeling
and simulation applications in computational sciences such as
neuroscience and epidemiology. In computing, neuromorphic
processors are seen as low power machine learning accelera-
tors in the near future. We shed some light on the utility of
neuromorphic computing in many such scientific disciplines
in Section III.

III. HIGH IMPACT SCIENCE AREAS

In this section, we identify several science areas that are
fertile for the development and application of neuromorphic
computing. This list is not intended to be exhaustive, but
intended to highlight areas where neuromorphic computing
can either make an immediate impact (1 to 3 years out) or
the societal impact would be extremely high. In some areas,
there are either no or very few barriers to using neuromorphic
computing. In other areas, however, there are significant bar-
riers that remain but the potential societal impact is very high
if those barriers can be addressed.

A graphic overview of this work is shown in Figure 1. We
have grouped the science areas into ”Modeling & Simulation”,
which involves simulating a physical phenomena to better
understand it, or ”Data Analytics”, which involves the pro-
cessing of data in order to classify or predict physical events
primarily with timing information. Furthermore, we identify
several ”non-neuromorphic” computer science areas (shown
along the bottom of the figure) that can both contribute to the
development of neuromorphic computing as well as benefit
from the use of neuromorphic computing in that area (i.e.,
mutually beneficial co-development). Development of these
computer science areas would also enable neuromorphic com-
puting to expand into additional science areas not discussed
here.

A. Simulating Neuromorphic Hardware

Simulating neuromorphic systems is important to under-
stand their performance and behavior to better inform the
architectural design decisions in the future editions of these
systems. Current efforts to simulate neuromorphic systems on
CPUs and GPUs have several limitations such as poor scal-
ability, restricted size of SNNs and undesirably long running
times. In order to simulate neuromorphic systems effectively,
it is important to have a simulation engine that can comply
with intrinsic neuromorphic characteristics such as co-located
processing and memory, inherent scalability and event-driven
computation. We postulate that current neuromorphic comput-
ers might be the ideal simulation platform for simulating the
next generation of neuromorphic computers. Such approaches
are currently used in HPC, where current HPC systems are
used to model the performance of future HPC systems [8].



Fig. 1. Science areas that are prime candidates for the application of neuromorphic computing.

B. Neuroscience

Computational neuroscience modeling was one of the earli-
est scientific applications of neuromorphic computing, with
the goal of understanding the different brain regions [9].
Abstract models of spiking neurons and synapses have pro-
vided a seamless way to model the electrical activity in the
brain regions [10]. Digital neuromorphic hardware such as
SpiNNaker, and GPU-enabled simulation framework - GeNN,
have demonstrated simulations of cortical microcircuit with
over 70, 000 neurons [11]. Several neurological dynamics
such as neurogenesis in dentate gyrus, understanding episodic
memories, and different neuroscience models of cognition are
being studied by modeling and simulating them as SNNs
[12]. This also brings several opportunities to develop novel
predictive models for other AI applications [13].

C. Epidemiological Simulations

Epidemiological models that can run in real-time, are
adaptive, robust, and efficient, allow us to effectively plan
for pandemics such as COVID-19, Ebola and Swine Flu.
Such epidemiological models also inform critical decisions
taken at the local, state and federal governments. Over the
last couple of years, the COVID-19 pandemic has exposed
many vulnerabilities in the way we perform epidemiolog-
ical simulations. These have affected the policy decisions
and in turn revealed shortcomings in our healthcare system,

medical science and supply chain operations. Neuromorphic
computing-based approaches might hold the key to perform
adaptive, robust and efficient (in terms of time, space and
energy) epidemiological simulations in the future. Hamilton
et al. have successfully demonstrated a spiking approach
to Susceptible-Infected-Recovered (SIR) model, which is a
standard model used in epidemiology [14]. There is a striking
similarity between the individual-scale dynamics of complex
network contagion models, such as SIR models, and the spike-
threshold-fire mechanisms of SNNs. Further research along
this line can enable us to perform epidemiological simulations
in a much efficient manner, accounting for larger populations
and simulating a wider range of contagion parameters. This
has the potential to inform policy makers in taking critical
decisions during global pandemics.

D. Mobility

Mobility has recently experienced new growth in electri-
fication and autonomy, with predicted growth to continue
for decades to come. It is also anticipated that 5G cellular
communications will play a key role in mobility. Currently,
CNN-based approaches are widely used, primarily for camera
sensors both on the vehicle and on infrastructure such as a traf-
fic lights. However, vehicles currently have a limited electrical
capacity, which is primarily used for vehicle movement. As a
result, this electrical capacity does not support a power hungry



computing environment. Furthermore, autonomous navigation
is expected to rely on multiple sensors (e.g., cameras, lidar,
radar, cellular communications) with each type of sensor
requiring processing and analyzing as well as fusion with
other sensors. Consequently, a CNN-based approach would
currently require power hungry devices to operate. This ap-
plication space lends itself naturally to the very low SWaP
of neuromorphic computing. In addition, there are existing
data sets and simulators readily available or attainable for
training. Preliminary results have demonstrated neuromorphic
computing for fully electrified autonomous driving in a small
scaled, controlled environment [15]. However, this is just the
beginning of the potential for neuromorphic computing in mo-
bility. Additional areas could extend to mobility infrastructure
and communications.

In addition to autonomy and control of vehicles, neuromor-
phic computing can play a role even with internal combustion
(IC) engines. Even though electrification is growing signif-
icantly, the use of IC engines is expected to continue for
some time still. Premlinary work [16] [17] has demonstrated
the use of neuromorphic computing to actively monitor the
combustion process within an engine, and then control the air
and fuel mixture in order to improve the combustion efficiency
and measurably reduce fuel consumption. Additional research
is continuing in this area.

E. Power Electronics

The field of power electronics has been using ANNs and
recurrent neural networks for modeling the dynamics of the
electrical state of the control system [18]. One such demonstra-
tion of using SNN for state prediction, was in solar power plant
controller, to monitor and predict the next states of the system
for anomalies [19]. While in this study, the performance of
SNNs compared to the other AI models such as Decision Trees
and non-linear auto regressive exogenous (NARX) models was
lower due to the SNNs being employed as classifiers, more
study is needed where SNNs can be deployed for tasks such
as regression [20]. The inherent temporal characteristics of
SNNs make them a suitable candidate for modeling dynamical
systems and hence, the field of power electronics presents a
great opportunity to suitably make use of these characteristics
of SNNs.

F. Smart Automation

As the Internet-of-Things (IoT) continues to grow and
mature, smart home automation as well as smart manufac-
turing holds significant potential for increased efficiency in
time and energy, ultimately resulting in reduced costs. Most
CNN-based approaches are typically applied to cameras that
may be mounted to observe people or equipment operation.
Some convolutional long short-term memory (LSTM) models
are used for time series prediction. However, there remains
a significant opportunity to bring neuromorphic computing
to a wide range of sensors to perform sensor fusion and
event detection or prediction. Furthermore, the advantages of
neuromorphic computing’s low SWaP could further increase

the potential for time and energy efficiency by deploying
devices much closer to the sensor locations. In addition, SNN
training and development based on evolutionary optimization
is uniquely suited toward reinforcement learning and control
applications.

G. High Energy Physics

The advancements in sensing and detector technologies
have greatly benefited high energy physics experimentation
techniques and thereby, aiding the theories being formulated.
Machine learning techniques have also been increasingly de-
ployed in order to intelligently process the high volume of
data being generated from these experiments [21]–[23]. A
major constraint for these data processing modules is the
ability to process the data at very low latency and in a
power-efficient manner, in a noisy environment. A recent
work has demonstrated Application Specific Integrated Chip
(ASIC) that implements a neural network autoencoder for
performing data compression on the front-end detector of the
High-Luminosity Large Hadron Collider (HL-LHC), with over
2,000 parameters for configuration, and consuming 95mW
of power. Deep Learning CNN models have been applied
for identifying the vertex of particle interactions in neutrino
scattering experiments [22], [23]. In the same application
domain, SNNs trained with EONS were used to classify the
segments of the detected neutrino particles with just about
90 neurons and 86 synapses, and operating with less than 2µJ
per classification when realized on a memristive neuromorphic
hardware [24].

H. Health Sciences

In health sciences, much of the CNN-based approaches
drive toward image analysis such as pathology and radiology
[25]. This is a natural application for those techniques in that
there is no need for real-time processing and the computing
environment does not need to be mobile. In addition, there
are multiple data sets available for training and development
of CNN architectures. However, there remains opportunities
within health sciences where mobility, real-time processing,
and low SWaP requirements would enable enhanced patient
care, thanks to the portability and low power demand of
neuromorphic devices. For example, neuromorphic devices
could be used to monitor multiple sensors of patient vitals
to identify trends or predictive patterns that may not currently
be visible. Such a device could be embedded within a hospital
bed, as a wrist band, or even as part of a smart watch. However,
a significant barrier to this application is the lack of data sets
or simulators for training and development of SNNs.

I. Material Sciences

With theoretic modeling, experimentation, and machine
learning, the design of materials for desired target properties
such as gas adsorption, conductivity, binding affinity, and
others, becomes possible. Machine learning methods, includ-
ing surrogate model design, active learning, and generative
models, are playing an increasingly important role in materials



research [26]. Graph neural networks (GNNs) receive much
recent attention in material science as they are a natural
representation of the structures of materials [27]. For example,
meta-organic framework (MOFs), alloys, nanoporous materi-
als, and drugs, can all be represented as graphs.

In contrast to convolutional neural networks (CNNs), GNNs
employ graph convolution, where the feature for a node
is computed with all features of its neighboring nodes in
the graph. Intuitively, spiking neural networks (SNNs) on
neuromorphic hardware lend a natural implementation to the
computation in GNNs. Different from the imperative mode of
computation on CPUs and GPUs, computation on SNNs is
more of a data-flow nature and may enjoy more parallelism.
Although research in this area is in its nascent stage, we expect
SNNs with neuromorphic computing to bring new capabilities
to learning on graph structures for materials research.

The number of nodes in graphs for material structures range
between a few hundreds to several thousands. The graphs are
oftentimes highly regular and sparse. Such graphs can be easily
implemented using neuromorphic hardware. Convolutions on
such graphs are naturally recurrent, and may not suffer from
over-smoothing [28] that plagues deep GNNs on CPUs and
GPUs. Moreover, the relative small graph sizes in materials
research can also make neuromorphic implementations fast
and energy-efficient.

IV. OUTLOOK

Simulators are a vital component of the design, develop-
ment, and deployment cycle of neuromorphic computing solu-
tions. As pointed out in a survey of several existing neuromor-
phic computing simulators [29], performance, scalability, and
flexibility are of utmost importance when selecting a suitable
neuromorphic simulator. While most existing simulators lean
toward computational neuroscience problems and not easily
deployable in machine learning type problems, there are a
few simulators such as NEST/PyNest [30], [31], Brain2 [32],
[33], Brain2GeNN [33], [34], Nengo [35], and BindsNET
[36] that have been applied to machine learning problems.
Although most of these tools were originally designed for
computational neuroscience models, BindsNET in particular
has been developed for machine learning and reinforcement
learning tasks using neuromorphic computing. However, the
findings of [29] show that there is still no single simulator
that is a best fit for all neuromorphic computing problems
under varying demands in speed, scalability in network size,
scalability with increasing compute resources, and flexibility.
Frameworks suffer from at least one of a set of drawbacks
including a lack of flexibility in the the backend deployment
architecture (single CPU, GPU, or multi-node), and limitations
in neuron and synapse behavior required by particular SNN
implementations.

We recognize the need for such a neuromorphic simulator
that will provide the flexibility to work across multiple ar-
chitectures including multi-CPU, GPU, and multi-node com-
puting, as recommended in [29]. Such a simulator should
be focused on facilitating spiking neural network solutions

for machine learning and reinforcement learning tasks and
support fundamental spiking neural network mechanisms such
as synapse delays and weights, and neuronal thresholding,
leak, refactory state, and axonal delays. Of particular interest
is the close similarity between certain agent-based modeling
applications and SNN mechanisms. Specifically, diffusion of
information models [37] and SIR-type epidemiology models
[38], [39] make use of a graph representation and spike-
threshold-fire mechanisms that are highly similar to those
of spiking neural networks. Agent-based models have been
successfully implemented to use GPU [40], [41] and HPC
[42] architectures to simulate large populations at-scale and
it is likely that these framework could be extended to provide
a basis for neuromorphic simulator development.

A neural network model promises a universal approximated
function without laborious feature engineering and complete
problem formulation. Despite its huge success in many learn-
ing tasks, the advantages of neural network models come at a
price: the inability to interpret and understand the model be-
havior,creating a fundamental barrier to optimize and evaluate
the model. Due to this barrier, it is an open research question to
systematically design/diagnose a novel neural network model
for the target learning objective. Moreover, neural network
model families for neuromorphic computing such as Spiking
Neural Network (SNN) exhibit a higher degree of freedom
and complexity than other neural network models such as
Convolutional Neural Network (CNN). For instance, SNN
has temporal aspects in the connection between neurons and
randomly connecting neurons rather than chain-like topology,
common in CNN models. Thus, the understanding of neu-
romorphic models imposes additional challenges than other
neural network models.

Traditional applications of neuromorphic computing have
been in modeling and simulations or data analytics as shown
in Figure 1. While these applications have demonstrated the
efficacy of neuromorphic computing, we believe neuromorphic
computing is capable of much more. For instance, neuro-
morphic computing is shown to be Turing-complete, i.e., it
can perform any computation that a Turing machine can
perform [43]. This is a key result in the field and shows
that neuromorphic computing is capable of general-purpose
computation. Furthermore, a framework for determining the
computational complexity of neuromorphic algorithms has
been proposed in the literature [44]. This allows us to compare
the time and space complexity of neuromorphic algorithms to
their conventional counterparts in a fair manner. Furthermore,
several graph algorithms such as shortest path, minimum
spanning trees, neighborhood subgraph extraction and max
flow have been proposed in the literature [45]–[47]. Neuromor-
phic methods to solve differential equations and NP-complete
problems have also been presented in the literature [48]–[50].
These advancements in neuromorphic computing showcase
only the tip of the iceberg when it comes to the plethora of
applications that could potentially benefit from neuromorphic
computing.

Having said that, several advancements must be made in



neuromorphic computing, both at the software and hardware
level, in order to fully realize its potential. For instance, at
the software level, mechanisms for encoding rational num-
bers, alphabets and symbols need to be defined. Furthermore,
neuromorphic abstractions for several logical, relational and
math operators need to be built. A unified compiler framework
for neuromorphic computing is critical for assisting users in
application development and deployment on any neuromorphic
hardware. At the hardware level, readily deployable hardware
needs to be built and made available to research groups as well
as consumers. Most reliable neuromorphic hardware today is
digital, but their accessibility is limited. Analog neuromorphic
hardware, on the other hand, is still in the research phase
and not very reliable. Thus, neuromorphic computing offers
tremendous potential in a plethora of scientific disciplines.
However, to achieve its full potential, several advancements
must be made in neuromorphic computing such as readily
available neuromorphic hardware, standardized data encoding
mechanisms, neuromorphic operators and gates, neuromorphic
compilers, simulators and novel methods of addressing the
explainability of SNN models.

V. SUMMARY

Various scientific domains quickly adopted and applied
deep learning (convolutional neural networks) to solve their
challenges in analyzing data or as function approximators in
simulation systems. However, convolutional neural networks
do not lend themselves well to low size, weight, and power
science applications. In addition, the inference time of a
CNN can be at least an order of magnitude higher than a
comparable spiking neural network (SNN). However, SNNs
suffer from the lack of developmental tools and a higher
learning curve relative to CNNs. Despite these challenges,
neuromorphic computing shows significant promise to expand
in the scientific applications where CNNs either can not be
used or perform poorly relative to their SNN counterparts. In
this paper, we shed some light on many scientific disciplines
where neuromorphic computing is poised to make a significant
impact. We also discussed the advancements that need to be
made in neuromorphic computing at the software and hard-
ware level in order to fully realize its potential. To establish
and expand the use of neuromorphic computing in scientific
applications, an open neuromorphic-oriented developmental
ecosystem that reduces the barrier of entry and enhances
adoption of the technology must be developed.
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