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Artificial neural network and deep learning algorithms have
made tremendous progress, allowing us to achieve impres-
sive results in Artificial Intelligence (Al) applications, such
as image recognition, natural language processing, or au-
tonomous driving. However, despite these advancements,
conventional and artificial intelligence technologies cannot
match the performance of biological ones for many practical
tasks that involve real-time processing of sensory data and
closed-loop interactions with the environment. One of the
reasons for this gap is that neural computation in biological
systems is organized in a way that is very different from the
way it is implemented in today’s deep networks.

Typically, Al algorithms run on digital computing systems
based on the von Neumann architecture using Boolean log-
ic, bit-precise digital representations, time-multiplexed and
clocked operations. In addition they are often implement-
ed on large and power-hungry platforms, often distributed
across multiple machines in server farms, which are requir-
ing increasing amounts of energy in a way that is not sus-
tainable [1, 2]. Conversely, biological neural systems carry
out low-power and reliable computation using analog com-
ponents that are inherently noisy and operate in continu-
ous time. These components typically communicate among
each other with all-or-none discrete events (spikes), thus
using a combination of analog computation and digital com-
munication. Moreover, they form distributed, event-driven,
and massively parallel systems, and they feature consider-
able amount of adaptation, self-organization, and learning
with dynamics that operate on a multitude of time-scales.
One of the reasons biological systems carry out computa-
tion using orders of magnitude less energy than digital com-
puters is because in these systems computation is tightly
linked to the properties of their computational embodiment,
to the physics of their computing elements, and to their tem-
poral dynamics.

One promising approach for bridging both the performance
and efficiency gap between the biological and artificial neu-
ral systems is to develop a new generation of ultra-low
power and massively parallel mixed-signal analog/digital
computing technologies, that use the physics of silicon and
emerging memory technologies to emulate the biophysics
or real neurons. This approach is the “neuromorphic en-
gineering” one [3, 4], originally proposed in the early '90s
[5]. Similar to how Al architectures and models originally
proposed in the 80’s became popular in the early 2000’s,
neuromorphic computing is starting to show its full potential
only now, thanks to the progress made in both VLSI and
emerging memory technologies, as well as the in computa-
tional neuroscience, which has revealed many principles of
computation used by (analog and noisy) neural systems for
making robust and reliable computation.

Indeed, analog signal processing offers several advantag-
es compared to digital signal processing, including lower
complexity, lower latency, and lower power consumption.
However, analog circuits, both biological and electronic,
also face critical limitations, such as susceptibility to noise,

limitations in accuracy and reproducibility, and challenges
in scaling. By using neural action potentials (i.e., “spikes”)
as binary all-or-none events, alongside population coding,
adaptation, plasticity, and learning, animal brains achieve
an optimal synergistic integration of analog and digital pro-
cessing [6].

Neuromorphic processors built using analog circuit for im-
plementing neural dynamics, and digital circuits for trans-
mitting and routing digital spikes among the neurons can
also achieve an optimal balance between low-power and ro-
bustness [7, 8]. By integrating memory elements in both the
analog fabric (e.g., the synapse cross-bars) and the digital
one (e.g., the routing tables), these neuromorphic systems
can also optimally combine the efficiency of in-memory
computing with the flexibility of neural network configuration
(e.g., to implement multi-layer feed-forward networks, recur-
rent networks, convocational networks, etc.) Moreover, by
exploiting the low-power features of the analog circuits and
the programmability of the digital routers in these neuromor-
phic processors to implement real-time brain-inspired neu-
ral networks, this approach will enables the development of
ultra-low power neuromorphic intelligence devices that can
operate in resource-constrained setups with low-latency
and fast reaction time requirements.

In addition to carrying out signal processing through the
dynamic properties of neurons and synapses, spike-based
learning features can be added to the silicon neurons and
synapses, to form “perceptrons” [9] that can be trained as
binary classifiers [10]. As the analog synapse and neuron
circuits are affected by devise mismatch and device-to-de-
vice variability, the accuracy of such classifiers is typical-
ly low and cannot compete with that of digital systems.
However, thanks to this mismatch, multiple neurons act as
diverse “weak classifiers”. As a consequence, unlike with
bit-precise digital circuits, it is possible to use ensemble
techniques and aggregate multiple neuromorphic classifi-
ers to increase their average accuracy [11, 12]. Figure 1a
shows an example of a neuromorphic processor comprising
multiple rows of neurons and a matrix of synapses forming
a layer of spike-based learning neurons. By converting in-
put signals into spike trains, each of these perceptrons can
be trained to recognize different patterns (e.g, see Fig. 1b).
By combining multiple of these perceptrons, the accuracy of
the whole ensemble increases, consistent with the boosting
theory [11].

Rather than competing with high-accuracy, but high energy,
deep learning networks implemented on Graphical Process-
ing Units (GPUs) and Central Processing Units (CPUs),
neuromorphic computing technologies can complement
conventional Al approaches in those application areas that
require low-power, and for classification problems that can
be solved with shallow networks [14]. This became particu-
larly relevant in recent times, as the number of sensors and
sensory processing applications has been increasing stead-
ily, as well as the requirements and needs to reduce energy
consumption.
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Figure 1: (a) Example layout of a mixed-signal neuromorphic pro-
cessor, with analog synapse and neuron circuits and digital routing
blocks; (b) Schematic diagram of a silicon neuron used as a per-
ceptron used to classify images of handwritten digits, converted
into spike-trains, adapted from [13]; (c) Classification rates using
random uncorrelated patterns with 50% noise. Each class is gen-
erated from a prototype pattern by adding Gaussian noise on each
component. As predicted by ensemble and boosting theory, the
performance scales with the number of (noisy) classifiers, adapted
from [13].
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The progress in VLS| and memristive technologies is en-
abling the construction of complex neuromorphic process-
ing systems with many cores and up to 10® neurons [15].
The bottleneck that this approach is facing currently is not
from the implementation aspects, but from the theory and
modeling aspects: given the possibility and requirement to
compute with analog neurons and synapses that carry out
processing through the physics of their computing substrate
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and through their real-time dynamics, what are the network
architectures and computational primitives that enable the
desired performance? As animal brains, ranging from in-
sects to humans, represent an existence proof that these
primitives exist and are very powerful, the best strategy to
exploit neuromorphic computing technologies is to follow
a highly interdisciplinary approach, combining notions of
physics, neuroscience, computer science and electrical en-
gineering [16]. Only by following a holistic “co-design” ap-
proach that takes into account all these disciplines can real
progress be made in this domain. Even though Al algorithms
and software developments are making headlines, research
and development on neuromorphic computing could lead to
breakthroughs for building a new generation of autonomous
intelligent systems [17].
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