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A survey of brain-inspired artificial intelligence and its engineering
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Exploring the human brain is perhaps the most challenging and fascinating
scientific issue in the 21st century. It will facilitate the development of various
aspects of the society, including economics, education, health care, national
defense and daily life. The artificial intelligence techniques are becoming useful
as an alternate method of classical techniques or as a component of an
integrated system. They are used to solve complicated problems in various fields
and becoming increasingly popular nowadays. Especially, the investigation of
human brain will promote the artificial intelligence techniques, utilizing the

accumulating knowledge of neuroscience, brain-machine interface techniques,
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where new researches are required.

Human brain

The human brain is one of the most
complicated systems in the nature,
which is the miracle of the
biological evolution [1-3]. It has
the  high-level
cognition, memory and emotion,
and it is also a significantly
optimized system. Its working
power consumption is only 25W,
but the number of neurons in it can
be up to 10", Each neuron can be
connected with 10000 synapses.
Such low power consumption with
a considerably large neural
network of human brain makes the
brain have the absolute advantages
when dealing with sophisticated
Although the

neuroscience has been developed

problems.

in recent years, our progress of

functions  of

understanding ~ the  physical
structure and cognition functions
of human brain is still in the initial
stage. The operating mechanism of
human brain is still a mystery.
Recently with the development of
techniques, the research in the field
of neuroscience has attracted world
attention. The human brain, as the
center of the neural system,
contains with billions of neurons
that are coupled with each other by
synapses.
transmitted and performed in the

Various signals are
neural network that is made up
with neurons and synapses, so that
the complex biological cognition
emerges [4-6]. The investigation of
human brain is vital for the
understanding of the neuroscience,

effective treatment of the brain

algorithms of spiking neural networks and neuromorphic supercomputers.
Consequently, we provide a comprehensive survey of the research and
motivations for brain-inspired artificial intelligence and its engineering over its
history. The goals of this work are to provide a brief review of the research
associated with brain-inspired artificial intelligence and its related engineering
techniques, and to motivate further work by elucidating challenges in the field

diseases and promoting a new

generation of the artificial
intelligence (AI).
Neuroscience
The long-term ambition of

neuroscience is to obtain a better
understanding of the anatomical,
molecular and circuits bases for the
logical operations in human brain.
The Human Brain Project, based in
Europe, plans to understand the
human brain by simulating the
functions by using the
supercomputers [7]. In recent years,
neuroscientists have proposed
various kinds of new technological,
molecular and computational tools
that are applied in more efficient
and accurate recording from many

nerve cells at the same time, in
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correlating structure and neural activities to test the
causal role of defined neural elements in behavior [8-
10]. The
development of new techniques provide conditions for
high-
is one of the critical

innovation of research methods and

the investigation of human brain. The
performance computing
supporting techniques. High-performance computing
provides investigation methods and platforms for the
quickly accumulated data observed from human brain
and enables the neuroscience research step into the era
of multi-mode, big sample and collaborative research
[11-13]. The big data contains more beneficial
information value, which provides important supports
to the following neuroscience research. On the other
hand, the current neuroscience research requires
improvement of high-performance computing
techniques, which facilitates the development of high-
performance computing platform. Besides, the
neuroscience provides new methodologies for the
information  technology, and facilitates the
development of the high-performance computing
methods and platforms including deep neural network,
spiking neural network and brain-inspired computing
chip. The human intelligence emerges from the large-
scale, complicated connected neural network in brain
[14]. Thus, it is vital for the development of Al to learn

from the human brain.

Artificial intelligence

Recently, rapid progress has been made in the fields of
neuroscience and Al. Al is a critical application of
simulating brain. Building the human-level general Al
(or "Turing-powerful" intelligent systems) is a
difficult task because the search space of possible
solutions is huge. Studying human cognition and its
neural implementation can also have a critical
meaning that provides various vital aspects of higher-
level general intelligence. In summary, the benefits to
developing Al by closely relating with biological
Firstly, the

neuroscience provides a rich amount of inspiration for

intelligence have two reasons.
the development of new types of algorithms and
architectures. Secondly, neuroscience can provide

validation of the existed Al techniques. If a known
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algorithm is realized in human brain, then that is
strong support for its plausibility as an overall general
intelligence system. The investigation of the cognitive
system structure is the foundation of the brain-like
cognitive model investigation. Recently the
researchers have combined the mechanisms of human
memory, inference and attention with general AI [15-
17].

cognition model across different brain areas has been

Besides, the investigation of collaborative

presented, aiming at the brain-like cognition
computing model of the general Al. For example, the
SPAUN brain simulator from Waterloo University of
Canada realizes the cognition functions including
working memory and visual information processing
by divide 2.5 million neurons into several brain areas
modularly [18]. The hierarchical temporal memory
model further considers the information processing
mechanisms of human brain, which wuses the
information processing principle across various brain

areas [19-20].

Brain-machine interface

Another critical technique in the field of brain-inspired
Al is the brain-machine interface (BMI) engineering
[21-24]. It can obtain the human thoughts of behaviors
via the neural decoding, which can be divided to
invasive and non-invasive BMI techniques. The
invasive BMI is majorly used to rebuild special
cognition such as vision and motor functions of
movement-disorders patients, which is planted into
gray matter in brain. The representative work is from
the research group led by John Donoghue [25]. They
put a microelectrode into the brain cortex of a
paralyzed patient. The patient can control TV,
prosthetic or send email based on his thought. The
non-invasive BMI uses multiple electrodes to obtain
the EEG signals of human brain. In the last decades,
most works are focusing on the decoding of EEG
signals from brain cortex. Mason et al. divides the
existing BMI techniques into three types, which are
signal transducer system, demonstration system and
assistive device control system [26]. Besides, the
interact control between brain and machine is
significantly necessary.
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On one hand, the information such as voluntary
cognition or emotion can be output based on the BMI
platform. On the other hand, the external information
such as sounds or some kinds of electrical stimulation
can be sent into human brain directly [27-30]. By
using the BMI techniques, we can control external
devices based on brain signals directly, and control
animal behaviors by stimulating the animal nervous
system directly, i.e., the animal robots. The final
ambition is to obtain the valuable products with
practical values. The accurate decoding of brain
information is the most critical factor for the BMI
system. Previous studies have proposed various
methods of signal processing and pattern classification
[31-32]. However, not all of these methods can be
applied in the practical systems, because the practical
application requires online computation in real time,
and should solve the problems of individual parameter
optimization, interact adaption between brain and
machine, and testing of the rest state. In addition, the
practical system should consider the convenience of
the product and the economic cost. Thus, there still
requires more efforts and focuses on this field.

Spiking neural networks

The spiking neural network (SNN) is called as the
third generation of neural network [33]. It uses the
discrete neural spikes-based coding method to
simulate the timing feature of the neural network and
to make the network to own stronger ability of
information processing [34-39]. The computing
process of the SNNs is similar with the human brain,
which receives the stimulation generated from the
external environment and gradually accumulates.
When the power is accumulated to a degree, the
electrical signals are generated and the stimulation
information can be shared and processed based on the
transition of the electrical signals. The weights and
delay of the SNNs can be changed based on learning,
whose mechanisms are more closed to human brain.
The modeling and parameter selection of the SNNs are
based on the biological neural network in human brain
in the field of neuroscience. In comparison with the
based on the neural network structure of the human

general artificial neural network, the SNNs have the
superior advantages in terms of versatility, parallel
computation, hardware implementation,
computational speed and computational capability
[40-42]. The major structures of SNNs contain
feedforward and recurrent type. In summary, the
models of SNNs are constituted by differential
equations with timing properties. The classical neuron
model is the Leak and Fire model, which can be
regarded as a circuit with capacitance. When the
membrane potential arrives at a threshold, a spike is
generated and the membrane potential is reset to the
resting voltage. Besides, a refractory period occurs in
which no response is generated and the membrane
potential keeps in the resting value even if there is an
input stimulation. The major model of the recurrent
SNN is the liquid state machine (LSM), which refers
to a kind of reservoir computing. It has a sophisticated
structure and is used to deal with the high-dimension
timing problem [43-44]. The presentation of LSM is
based on the memory capability for the timing
problem based on the recurrent connection. The
structure of LSM contains three levels, which are input
level, reservoir level and output level. The input level
is responsible for the coding of input data trains into
spike trains and input them into the reservoir level
based on a certain ratio. The reservoir level contains
80% excitatory neurons and 20% inhibitory neurons,
which is based on the ratio of neural type in biological
brain. The connection is stochastic recurrent. The
output level is responsible for the neural state of each
reservoir level and linear classification based on some
algorithms such as logistic regression. From the view
of machine learning, the application of SNNs contains
two tasks, which are classification and regression,
which refers to the organization and processing of data.
Thus, data should be coded into spiking trains before
it is input into the SNN. The classical coding methods
include rate-based, binary-based and rand-based [45-
46].

The brain-like computing is the essential
evolution of the current computational system on the
levels of hardware, software and algorithm, which is

brain and its operation mechanism of the information

Life Research | July 2018 | vol.1 | no.1 | 25



REVIEW

TMR

DOI: 10.12032/1ife2018-0711-005

storage, combining modern information technology
and theory. Its ambition is to build a brain-like
supercomputer and realize more sophisticated
artificial general intelligence. The investigation of
brain-like computing is based on the SNNs, which can
simulate the cognitive functions of human brain such
as face recognition. Currently, the major trend of the
investigation in the field of brain-like computing is
divided into three parts. The first aspect is the
synapses
corresponding mechanisms including memory and

modeling of the neurons, and their
attention in biological brain. The second one is the
learning algorithm of the biologically inspired neural
networks and their application in the machine learning
task including pattern recognition. The third one is the
biologically inspired algorithm and the investigation
of the hardware system for SNNs. Besides, the
combination of multiple techniques is helpful for the
development of the brain-like computing. For example,
previous works have combined deep neural networks
with Bayesian-based Al methods [47]. The deep
neural network can learn the nonlinear dynamics from
data and output high-dimension vectors, and Bayesian
inference can finally obtain the results based on these
The
Bayesian inference algorithm is also needed to adapt

high-dimension  vectors. improvement of

to the inference of high-dimension vectors.

Neuromorphic engineering

The conventional Von Neumann computer has two
major features: using the separated CPU and memory;
sequential operating based on program. Because the
memory and calculator is separated with each other,
the frequent data transition limits the efficiency of the
conventional computer significantly, which induces
the so-called "Von Neumann" bottleneck and leads to
high power consumption consequently. Besides, the
conventional computer has limited ability of self-
adaption, which further constrains the application of
the Al on conventional computers. The human brain
can realize the high-level intelligence with 20W power
consumption and 10Hz low frequency, which is
significantly superior to the computers. It can also be
the example of the high-performance and low-power-
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consumption hardware. Besides, the human brain has
huge and highly connected neural loop. It processes
the information in energy-efficient, highly parallel,
event-driven architectures. They are able to self-repair,
the
interaction. The memory function in human brain is
distributed throughout the architecture based on local
biological organization for efficient storage and recall.

self-adapt and learn from environmental

Although the signal transmission between neurons is
slow, the distributed and parallel computation in
human brain accelerates the signal processing
significantly. The human brain can interact with the
external environment and has the ability of self-
learning, which has the advantages of low power
consumption, high fault tolerance, high parallelism
and unsynchronized information processing. Thus,
building the brain-like supercomputing machine is the
final target of the intelligence technology and
engineering. Under this background, the brain-
inspired Al computing occurs. In this field, the
conventional computational mode is abandoned
thoroughly, and the parallel spiking neural network
architecture is used to realize the higher level of
intelligence, which will be the critical technique in the
field of computer science and Al science.

In the field of brain-inspired Al computation, the
neuromorphic engineering is a vital aspect which
combines the neuroscience with engineering [48-55].
Neuromorphic  engineering is a  promising
interdisciplinary field that obtains inspiration from
biology, physics, computer science, mathematics and
engineering to implement artificial neural systems
including vision systems, head-eye systems,
autonomous robots and auditory processors, whose
physical structure and design principles are based on
the biological nervous systems. Neuromorphic VLSI
systems are the bridging technology between the
biological neural systems models and VLSI-based
engineering, which is the term to describe full custom-
designed integrated circuits or silicon chip. It is also a
methodology of building biologically inspired
elements and systems, including individual neurons,
density to the point where it is probable to develop

large-scale neural network on a single FPGA-based
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neuromorphic system. The spiking neural networks
inspired by biological brain have been implemented by
using FPGA device based on various
[57, 60, 63, 64, 66].
optimization of digital realization method for a single

digital
architectures Since the
neuron is useful for the implementation of large-scale
SNN, previous works have also focused on this target
[62, 65, 67, 69]. Besides, the digital neuromorphic
systems based on FPGA have also applied in the
intelligent control and dynamics identification of
nonlinear systems [58, 59, 61, 70]. Though it is limited
by larger area, higher power consumption and lower
throughput than the customized analog VLSI
implementations, previous works have proposed
interesting neuromorphic signal processing systems
based on FPGA technology, which have advantages
over analog VLSI circuit, including shorter design and
fabrication time, more roust to power supply,
temperature and transistor mismatch variations than
high
reuseability for many applications, arbitrarily high

analog  systems, reconfigurability  and
dynamic range and signal-to-noise ratios, more
convenience to interface with a host computer.
Modern investigation in biological brain enables
better understanding of form, structure and biological
behaviors of neural systems to develop algorithms
implemented on a neuromorphic circuit, which is
realized in parallel-distributed architectures with
functions of adaption and learning by using low power
and high integration density techniques. As the
technology being mature, the neuromorphic
engineering is expected to become more efficient for
the clinical industrial field such as neuroprosthetic
replacement. Effective interdependence collaborations
among several critical fields of biology, neuroscience,
electrical engineering, computer science and
physiology are essential to develop this promising

filed of engineering neural systems.

Conclusions

In the era of big data and Al, the brain research faces
challenges and chances for the development. The
combination of the brain research and high-

performance computing techniques will be the

effective approach towards the investigation of the
efficient information processing. The brain-inspired
Al will finally make significant influence on science,
society and economics. Besides, the engineering of
brain-inspired Al will combine the high performance
of supercomputer with high intelligence of human and
present "brain-like machine", so as to open new
perspective of various applications including machine
vision, speech recognition and big data mining.
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