
Abstract. Major achievements in designing and analyzing re-
current spiking neural networks intended for modeling func-
tional brain networks are reviewed. Key terms and definitions
employed in machine learning are introduced. The main ap-
proaches to the development and exploration of spiking and
rate neural networks trained to perform specific cognitive func-
tions are presented. State-of-the-art neuromorphic hardware
systems simulating information processing by the brain are
described. Concepts of nonlinear dynamics are discussed,
which enable identification of the mechanisms used by neural
networks to perform target tasks.

Keywords: artificial neural networks, nonlinear dynamics,
machine learning, spiking neurons, modeling of cognitive
functions

1. Introduction

The use of nonlinear dynamic methods to study processes in
neural structures of the brain has a fairly long history and
goes back to the pioneering explorations by English electro-
physiologists E Hodgkin and E Huxley of nerve impulse
conduction. To date, significant progress has been made in
this area. Nonlinear dynamic models of many types of
neurons have been developed, and the dynamics of both

various ensembles consisting of a relatively small number of
interacting neurons and large neuromorphic systems have
been studied [1±6].

In Physics Uspekhi, topics related to the application of
nonlinear physics approaches to the study of dynamic
processes in the brain and neural ensembles have been
presented in a number of reviews [7±18]. Lately, modeling
the cognitive and functional properties of the working brain
have come to the forefront of neurodynamics [19±21]. In
particular, growing interest in this topic is associated with the
creation of artificial intelligence systems that reproduce the
key properties of natural intelligence [22, 23]. To solve such
problems, it is necessary to build new dynamic models that
can reproduce, first, a complex hierarchical organization and,
second, the plasticity of neuron structures, as their composi-
tion and connections between and within structures change
depending on the presence or absence of information inputs.

To date, two approaches to dynamic modeling have been
developed [24, 25]. In one of them, the so-called top-down
approach, the models operate with brain activity modesÐ
integral variables that imitate high-level processes in the brain
[20]. In the other approach, bottom-up, to models of neural
structures that can reproduce the higher functions of the
brain, first, models of individual neurons are built based on a
realistic description of connections between neurons and
structures [25, 26].

It is clear that biologically relevant models of both
approaches should be based on experimental data. In the
experimental study of the brain by neurophysiologists, the
activity of neurons is recorded in the state of rest of the subject
or when the subject performs a certain task. Amodel based on
experimental data can be developed in two ways. The first is
data-driven modeling, when a dynamic system is recon-
structed that produces time series quantitatively close to
those recorded experimentally. The second way is modeling
based on the behavioral problems under consideration, when
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data on the transformation of sensory inputs into certain
motor outputs are recorded during the experiment, and the
task is to restore a dynamic system that performs similar
transformations of inputs into outputs [27].

State-of-the-art methods for studying the brain, positron
emission tomography (PET), electroencephalography (EEG),
magnetoencephalography (MEG), near infrared spectroscopy
(nIRS), all of which feature a high time resolution, and
magnetic resonance imaging (MRI), which has good spatial
and satisfactory time resolution, havemade it possible to form
immense databases.

However, the direct use of experimental data in dynamic
models is an extremely challenging problem. Now, as a way
out of this controversial situation, computer technologies of
machine learning have begun to be actively used to find
hidden patterns of converting input signals into output ones
[28±31]. In this area, in our opinion, the construction and
training of models based on recurrent spiking neural networks
are especially promising [32±36]. Models of this type have
analogies with brain networks in two essential aspects. The
recurrent architecture inherent in most parts of the brain is
characterized by the presence of feedback loops, which allows
the network not only to be directly influenced by input stimuli
but also to respond to its own behavior in the past. Spiking
dynamics, i.e., the ability to generate action potentials or
spikes, is one of the most important properties of neurons,
which underlies communication between neurons and the
processing of large amounts of data. Training such a network
yields a dynamic system, which can, on the one hand, be
studied numerically using various input data andunder various
external conditions, and, on the other hand, be analyzed by
nonlinear dynamics methods. The study of such neural net-
works is also of great interest for the currently emerging branch
of microelectronics associated with the creation of specialized
neurochips and neuroprocessors [37±39]. It is assumed that
such devices, due to the principles of operation of the neural
structures of the brain incorporated in them, will be effective in
solving not only conventional problems of recognition and
coding but also cognitive and behavioral tasks.

Our review is dedicated to this promising topic. Section 2
contains the basic concepts of machine learning, which are
necessary for the subsequent presentation. Section 3 presents
examples of modeling the functional and cognitive properties
of brain structures using recurrent neural networks. Issues of
modeling spiking networks are considered in Section 4. The
main achievements in constructing artificial neuromorphic
systems are described in Section 5. In the final Section 6, the
main conclusions are presented and further promising areas
are discussed.

2. Basics of machine learning

Machine learning is a vast area of modern science, and this
review does not aim to cover all of its aspects [22, 40]. This
section only discusses the key concepts and machine learning
algorithms necessary for the further presentation of the main
results of their application to the construction of recurrent
spiking neural networks for modeling the functional proper-
ties of brain networks.

2.1 Three components of machine learning
The procedure for constructing an artificial neural network
that models the functional properties of brain networks
usually includes the following steps. First, the neurobiologi-

cal phenomenon under study is formulated as a target
function that transforms input stimuli into output responses
in a certain way. Second, a basic artificial neural network is
initialized, which takes into account the known anatomical
aspects of the biological prototype. Third, the network is
trained, i.e., its parameters are modified, after which the
model becomes capable of generating output responses in a
way qualitatively or even quantitatively similar to the
generation of responses in a real system, based on input
stimuli. The trained network is a dynamic system that can be
studied by nonlinear dynamics methods, finding the popula-
tion mechanisms of the performed function of converting
input signals into output responses.

Thus, in developing any artificial neural network, it is
required to determine three key components: (1) the target
function or learning task; (2) the network architecture, i.e.,
the structure of connections between neurons; and (3) the
learning algorithm, i.e., the rules by which network weight
coefficients change.

2.1.1 Task of learning.Modern machine learning systems can
be divided into three main classes according to the type of
problem being solved: supervised learning, unsupervised
learning, and reinforcement learning [41]. In this review, we
mainly deal with issues related to the first class, but in this
section we also outline the features of the other two classes.
Supervised learning. The supervised learning problem
includes two sets of vectors: input x �i�, i � 1; . . . ;M and
target z

�i�
targ. Each vector of the first set is associated with a

vector from the second set, i.e., the entire dataset consists of
matched `input±target output' pairs fx �i�; z �i�targg. An artificial
neural networkmaps inputs into outputs F : x! z. In general
terms, the learning task is to adjust the network parameters,
which we denote as h, in such a way that in response to some
input stimulus x �i�, the network generates an output
z �i� � F �x �i�; h� that is as close as possible to the target signal
z
�i�
targ, i.e., z

�i� � z
�i�
targ. In other words, the learning process

minimizes the value of the error function E �
1=M

P
i E �z �i�; z �i�targ�, where E �z �i�; z �i�targ� is a quantitative

measure of the difference between the target signal z
�i�
targ and

the output z �i�. To this end, the initial data set is usually
divided into two unequal sets: a larger one, the training set,
and a smaller one, which includes the remaining data and is
referred to as the validation set. Minimization of the neural
network error is carried out using training set vectors, after
which the quality of training, i.e., the magnitude of the error,
is evaluated using the validation set data.

For example, in an image classification problem, the input
is an image represented as a vector that contains information
about the color of individual pixels, while the target output is
a vector that specifies the class to which the imaged object
belongs. In cognitive neuroscience problems, the target
output may be a certain behavioral act performed by an
animal under given conditions that determine the input. For
example, in the perceptual decision-making problem, the
experiment is set up in such a way that the test animal,
which perceives images of randomly moving points from a
monitor, should determine whether the ensemble of points is
predominantly moving to the right or left by pressing one of
two buttons. In terms of artificial neural networks, this
problem can be formulated as follows: at each moment of
time, a vector containing the coordinates of moving points is
supplied to the input, and the target output is the sign of the
average speed of the ensemble.
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Reinforcement learning. In reinforcement learning problems,
an agent interacts with the environment, the state of which is
described by the variable st, at time t. In natural experiments,
a virtual labyrinth can also be chosen as amedium. The agent,
interacting with the environment, receives an observation ot,
performs an action at that changes the state of the environ-
ment to a new one st�1, and receives a reward or reinforce-
ment for this action, described by a scalar value rt. For
example, an artificial agent moves in a virtual maze, receives
visual images in the form of pixel images as observations ot,
performs actions at to move in the maze, and receives
reinforcement if it manages to find a way out of the maze.
The goal is to perform a sequence of appropriate actions,
given past and present observations, in such a way as to
maximize the total reinforcement

P
t rt. In many classical

reinforcement-learning problems, observations ot coincide
with environment states st, i.e., contain complete informa-
tion about the environment.

Reinforcement learning theory is used in neuroscience to
study decision-making problems. It is employed to analyze how
the agent's behavior adapts over time to changing conditions
and what neuronal mechanisms underlie certain value-based
behavior. The use of artificial neural networks makes deep
reinforcement-learning even more flexible and allows, in
principle, simulation of most of the tasks set out in experiments
on laboratory animals, since such animals almost always learn
to perform certain commands through rewards [42, 43].
Unsupervised learning. In the case of unsupervised learning,
the network only receives input stimuli x�i�, and the error
function is set depending on the inputs and network para-
meters E �z �i�; h�. Unsupervised learning includes problems
related to finding hidden structures and patterns in unlabeled
data, for example, the clustering problem (grouping inputs
into various clusters) or dimensionality reduction.

2.1.2 Architecture of networks. To date, numerous types of
neural network architectures have been developed, including
multilayer deep learning networks, convolutional networks,
networks with long short-term memory, recurrent networks,
and hybrid networks. Here, we describe two basic types of
architecture: feedforward multilayer networks and recurrent
networks, which are used in modeling the functional proper-
ties of brain networks. In the former, data are transmitted
across neurons in one directionÐ from inputs to outputs,
while in the latter, there is feedback, so the data can
repeatedly return to the original neurons.
Feedforward networks. Multilayer feedforward networks,
which are the most common type of network structure in the
field of machine learning, consist of a sequence of layers,
within each of which neurons are not connected to each other.
The network usually has input and output layers, and one (or
more) internal or deep layers. The input stimulus is processed
sequentially starting from the input layer; the neurons of the
previous layer are directly connected with the neurons of the
next one. Thus, neurons are activated in a layer-by-layer way
from the input layer to the output one. The basic type of
feedforward network consists of N layers of neurons; the
neurons of the lth layer receive inputs from the neurons of the
�lÿ 1�th layer and send outputs to the �l� 1�th layer:

r �1� � x ; �1�
r �l�1� � s

ÿ
W �l �r �l � � b �l �

�
; 1 < l < N ; �2�

z �W �N �r �N� � b �N � ; �3�

where x is the input stimulus, r �l � is the activity of neurons in
the lth layer, W �l � is the matrix of connections from the lth
layer neurons to the neurons of the �l� 1�th layer, and z is the
output response. The activation function s�. . .� converts the
weighted sum of the inputs from the previous layer into the
output response of the next layer. The output of the entire
network z is read through the output connections W �N �.
Parameters b �l � and b �N � are displacement vectors for
neurons in the deep and output layers, respectively.
Recurrent networks. An important class of artificial neural
networks is recurrent networks, which, due to the presence of
feedback, can process data over time. In the basic model of a
recurrent neural network, the activity of neurons rt at the
moment t is determined by external stimuli xt input through
the matrix of input connections Wx and the matrix of
recurrent connectionsWr:

rt � s �Wxxt �Wrrtÿ1 � br� : �4�

The output of the network zt is determined through thematrix
of output connectionsWz:

zt �Wzrt � bz : �5�

A recurrent neural network can be deployed in time and
represented as a special form of a multi-layer feedforward
network, in which the tth layer receives inputs from the
�tÿ 1�th layer and additionally from the input layer xt.

2.1.3 Learning algorithm. The main learning algorithm in the
class of supervised learning problems is stochastic gradient
descent. For a feedforward network, the error backpropaga-
tion algorithm can be described as follows. In the direct
passage of the network, for each neuron, the input x is
calculated, which is equal to the weighted sum of the outputs
of the previous layer elements. Then, a nonlinear function is
calculated, the value of which gives the output of this neuron.
This procedure occurs layer by layer starting from the input
layer and continues further, passing through deep layers, up
to the output layer. Comparing the network output with the
target value makes it possible to calculate the error function
E. In the reverse pass, at each deep layer, the partial
derivatives of the error function E with respect to the outputs
of all elements in the layer are calculated. Each such
derivative is a weighted sum of the partial derivatives of the
error function with respect to the total inputs of the previous
layer.

Thus, to adjust the weight coefficients, the learning
algorithm calculates the error gradient vector, the compo-
nents of which show the extent to which the error increases or
decreases if one weight or another is slightly increased. The
parameter vector h is then modified in the opposite direction
of the error gradient qE=qh. Since estimating the error over
the entire training sample is a computationally expensive
procedure, the error is often calculated based on a mini-
sample: some small number K5M of randomly selected
elements fx �k�g with indices k from the set B� fk1; . . . ; kKg:

To reduce the error, the modified parameters h are changed in
the direction opposite to the gradient, by an amount

Ebatch � 1

K

X
k2

E
ÿ
z �k�; z �k�targ

�
: �6�

B
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proportional to the so-called learning rate Z (Z > 0):

Dh � Z
qE
qh

: �7�

Usually, theW and b parameters are modified,

W new �Wÿ ZHWE �W; b�; b new � bÿ ZHbE �W; b� ; �8�

while other parameters, called hyperparameters, are initial-
ized and do not change during the learning process. The key
condition for calculating the error gradient is the differentia-
bility of the activation functions s�. . .� (see Eqns (2) and (4)).

2.2 Models of neurons
2.2.1 Static neurons. In conventional artificial neural net-
works, the basic element is a static neuron, i.e., an element
without its own dynamics, which implements an activation
function. Its input is a weighted sum of the outputs zi �P

j wi jyj of other neurons, and it performs a nonlinear
transformation, yielding at the output the value yi � f �zi�.
As a nonlinear function, we have various types of sigmoid,
hyperbolic tangent f �z�� tanh z, logistic function f �z� �
1=�1� exp �ÿz��, or piecewise linear function ReLu (the so-
called rectifying linear unit represented as f �z� � max �0; z��.
Suchlike neurons in recurrent networks are sometimes called
rate neurons, since the value of the variable is interpreted as
the average rate of the spikes, although the spikes themselves
are not generated in the model [44±46]. A network of N such
neurons can be described by continuous-time equations:

t
dxi
dt
� ÿxi �

XN
j�1

Ji jf �xj� ; i � 1; 2; . . . ;N ; �9�

where xi are variables that describe the activity of the
corresponding neuron, f�x� is the average rate of the
neuron, defined as a nonlinear function of its activity, the
structure of connections is described by the adjacency matrix
Ji j, and t is the time constant. The dynamics in networks of
static neurons manifest themselves in the case of precisely
recurrent networks, since the presence of feedback indicates a
dynamic system even in the absence of activity in individual
nodes-neurons. In contrast, in multilayer deep learning
networks consisting of static neurons, the process of layer-
by-layer transmission of activation occurs beyond the time
dimension. That is why, in tasks that require the processing of
information presented in the form of packages alternating in
time, recurrent neural networks are used. Problems whose
solution is based on the use of recurrent networks of static
neurons are reviewed in Section 3.

2.2.2 Dynamic neurons. Dynamic models of neurons include
all systems in the form of differential equations or point
mappings that describe a change in the activity of an
individual neuron over time [14, 47]. These systems include
models such as Hodgkin±Huxley, Morris±Lecar, FitzHugh±
Nagumo, and Hindmarsh±Rose. However, to model the
functional properties of brain networks, simplified spiking
models, such as integrate-and-fire neurons, are most often
used. This class of models, whichmakes it possible to describe
the generation of action potentials, or spikes, includes a
number of various modifications: first of all, the conven-
tional leaky integrate-and-fire neuron [48], the quadratic [49,
50], exponential [51] integrate-and-fire neurons, the theta-
neuron [52], and the adaptive exponential neuron [53]. A

simplification common for this class of models is that they
ignore the form of the action potential, and each spike is an
event only determined by the moment of its occurrence. The
dynamics of the membrane potential of a leaky integrate-and-
fire type of neuron is described by a first-order differential
equation:

tm
dvi
dt
� v0 ÿ vi � RI �t� ; i � 1; . . . ;N ; �10�

where vi is a variable describing the neuronmembrane voltage
and tm is a time constant. When the variable reaches the
threshold value of the potential vthr at the moment tf
(assuming dv=dtjt�tf > 0), a spike is generated, and the
potential is reset to the resetting value v0 (it is often assumed
that v0 � 0). The application of spiking models in recurrent
neural networks is discussed in Section 4.

3. Recurrent neural networks in tasks
of modeling the functional properties
of brain networks

Recurrent neural networks, unlike feedforward networks, are
characterized by the property that each neuron can receive
input from any other neuron in the network. Thus, the
activity of neurons at a given moment is influenced not only
by an external stimulus but also by the state of the network
during a whole time interval in the past. In computational
neuroscience, recurrent networks are used to model the
functional properties of brain networks associated with
motor or cognitive processes. The capacity of such networks
to perform as models of neural structures in the brain is
justified by their anatomy and physiology, since the output
connections of most cortical neurons are inputs for other
cortical neurons, i.e., typical cortical populations are recur-
rent in their structure [54]. Moreover, the dynamics of
artificial recurrent networks in many aspects reproduces the
spontaneous activity observed in the brain [55].

Artificial recurrent neural networks are trained on specific
tasks, designed based on experiments with animals conducted
by neuroscientists. Such experiments usually study the
properties of neuronal populations of the brain that underlie
the execution of various cognitive or motor tasks. The task
performed by the test animal in the course of the experiment is
formalized as a target function that transforms the input
stimuli into the required output responses. Then, an artificial
neural network is set, the structure of which can be selected
taking into account anatomical features. Further, using
machine learning methods [40, 56], the parameters of this
network are tuned to perform the target transformation of
inputs into outputs.

This formulation of the problem represents a new
methodology for obtaining network models, an alternative
to the approach that prevailed for a long time, in which the
construction of a mathematical model of a functional neural
network was entirely based on the researcher's intuition.
However, the artificial network obtained in the course of
training is a `black box' with an a priori unknownmechanism
responsible for the fulfillment of its target tasks [57]. An
analysis of a trained recurrent network, kind of its reverse
engineering, can shed light on the mechanisms of a particular
function at the level of both individual neurons and popula-
tion activity.

It should be noted that the resulting neural network can be
investigated using themethods of nonlinear dynamics and the
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theory of complex networks [58±61]. In particular, special
trajectories can be identified in a multidimensional phase
space that correspond to the execution of a particular
function, and the distribution of weights, clustering of
connections, and presence of modules in the structure of a
trained network can be analyzed [62]. In addition, for a better
comparison of biological and artificial neural networks, the
latter is often analyzed usingmethods similar to those applied
in the analysis of experimental neurophysiological data. For
example, dimensionality reductionmethods, such as principal
component analysis, are commonly used to identify low-
dimensional subspaces in a multidimensional data space, in
the projection onto which the variance of data is preserved to
a greater extent. To identify cause-and-effect relationships
between the structure of the network and its functions, both in
the experiment and in the corresponding model, the activity
of a certain group of neurons can be stimulated or suppressed,
or connections between individual neurons or neural ensem-
bles can be disrupted.

We consider first the problem associated with training a
recurrent network of rate neurons to produce a target space-
time pattern at the output. The corresponding system,
schematically presented in Fig. 1a, consists of a layer of
input neurons, the recurrent network itself, and a layer of
output neurons. This model describes the process of generat-
ing motor and other rhythmically coordinated activities by
neural networks of the motor and premotor cortex.

The system of rate neurons is described by the equation

_x � ÿx� Ar�Uz� Vy ; �11�

where x 2RN is the state vector of the neural network nodes,
which determine the rates of their activity through the
activation function s�x� � tanh x : r � �rj���s �xj��. Matrix
A 2RN�N sets the structure of recurrent connections; matrix
V 2RN�L defines the weights of input links; and matrix
U 2RN�M determines the feedbacks (L, M are the dimen-
sions of the input and output vectors, respectively). The input
of the network is given by the vector y 2RL, while the output
of the network z 2RM is determined through the matrix of
output connectionsW 2RN�M:

z �Wr : �12�
It is noteworthy that system (11) describes the dynamics of the
network in continuous time, in contrast to the discrete form of
Eqn (4). In addition, the recurrent neural network in Fig. 1a
belongs to the class of so-called reservoir computing systems,
which are characterized by the fact that, in contrast to the
general case (4), the output weights W alone are trained in
such systems. Due to the presence of feedback, amodification
of the output connections leads to restructuring of the
efficient topology at the level of the entire recurrent network.

It has been shown that a recurrent neural network of the
form (11) can be trained to autonomously generate various
output patterns in the absence of input signals (y � 0). For
example, Fig. 1b, c shows the target space-time activity of the
output neurons and the corresponding dynamics of the
neurons of the recurrent network trained to reproduce the
given target pattern at the output. In amultidimensional phase
space, after training, a stable limit cycle arises, the projection
of which onto the space of three principal components is
shown in Fig. 1d. It should be noted that the points where the
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Figure 1. (Color online.) (a) Diagram of a trained recurrent neural network. (b) Example of target space-time pattern that the network generates as an

output after successful training. (c) Corresponding dynamics of recurrent network neurons that underlie autonomous generation of the specified pattern.

(d) Projection of the multidimensional activity of the neural network onto the space of three principal components. (e) Similar projection when the

network converts short input stimuli into output responses on the corresponding output element. (Modified figure from [58].)
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trajectory direction changes, which are highlighted in Fig. 1d
in different colors, correspond to the activity peaks of the
output neurons in Fig. 1b displayed in the same color.

In the presence of input signals, neural network (11) can
perform various target transformations that model the
simplest types of sensory-motor transmission of information.
The use of a nonlinear dynamics approach also makes it
possible in this case to establish the mechanisms of such
transformations. For example, let the target problem be that
the network, when subjected to a short action from one of the
input neurons (yk > 0, yj � 0, j 6� k), generates a response
with a given duration and shape on the corresponding output
neuron alone (zk > 0). It turns out then that the network
exhibits irregular activity after training, just as before training;
however, the arrival of input stimuli leads to the exit of the
phase trajectory into metastable regions, the projections of
which onto the space of three principal components are shown
in different colors in Fig. 1e. The transient dynamics in these
areas are quasi-regular, so the network functionally demon-
strates target responses at the output.

Next, we consider examples of the use of recurrent neural
networks for modeling cognitive functions studied in experi-
ments. Study [63] describes an experiment in which a monkey
learns to make a decision by analyzing a visual stimulus

taking into consideration the so-called contextual signal. The
animal observes dots randomlymoving on the screen, some of
which move in one direction (to the right or left), while the
others move in the opposite direction. In addition, some of
the dots are colored red, and the rest are green. From trial to
trial, the color ratio and the predominant direction of
movement change; moreover, in each trial, a contextual
signal is presented that tells which task the animal should
perform. If a yellow square appears, the direction of move-
ment of most of the dots should be determined by saccadic
(i.e., fast synchronous) eye movement in the corresponding
direction; if a blue cross appears, then the dominant color
should be determined in a similar way (Fig. 2a).

During the experiment, the activity of neurons in the
prefrontal cortex of the brain is recorded, which demonstrate
complex patterns of activity. An analysis of experimental data
has shown that, although at the level of individual-neuron
dynamics it is virtually impossible to separate the influence of
input stimuli or decisions at the output, at the level of
population activity, the influence of various aspects of input
information and various solutions can be separated. It has
been established that both characteristics of the visual stimulus
(i.e., color and direction of movement) are reflected in the
multidimensional activity of neurons, regardless of the
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context. Thus, the communication of a contextual signal filters
out irrelevant information not in earlier parts of the brain, as
was previously thought, but in the neuronal populations of the
cortex itself.

To identify the mechanism for solving the described
problem at the level of population activity of the prefrontal
cortex, the authors constructed a model in the form of a
recurrent neural network (Fig. 2b) trained to perform the
transformation of inputs into outputs, which is qualitatively
similar to what is happening in the experiment. The network
dynamics are described by a system of equations of the form
(4) and (5). During each test, the model-network neurons
receive two independent noisy signals as inputs, simulating
sensory sensations about the predominant color and direction
of movement of the cloud of dots, respectively. The network
also receives a context input in the form of a 2D vector
corresponding to the context signal in the experiment, which
tells the network what specifically should be determined:
color or direction of movement (Fig. 2b). After training, the
network reports its decision in response to incoming stimuli,
generating a binary response (�1 or ÿ1 at the output). In the
model network terms this implies that the output response
supplies information about whether the average value of the
signal over the test time from the input pointed to by the
context input is positive or negative.

An analysis of the activity of the recurrent neural network
after training revealed that in a multidimensional space it is
possible to distinguish the axes of choice, color, and direction
of movement. In the projection onto the three-dimensional
subspace defined by these axes, the model dynamics qualita-
tively reproduce the key properties of the neurophysiological
data from the experiment (Fig. 2c). First, in the process of
receiving sensory input, a kind of accumulation of evidence in
favor of one of two alternative solutions occurs. The
population response trajectory moves along the choice axis.
Second, the larger the values of the color and direction signals,
the further the trajectories go from the choice axis along the

corresponding axes. Third, the direction of the selection axes,
colors, and direction ofmovement are invariantwith respect to
the contextual input signal. Fourth, trajectories associated
with different contexts are spatially isolated from each other.
This behavior of the system is determined by the special phase
space trajectories that emerged in the course of training.

The authors have found that, in the phase space of a
recurrent neural network, two lines of stable equilibrium
states are formed, each of which is directed along the choice
axis. The appearance of one of these two lines depends on the
context, and the two of them never occur concurrently. Under
the action of the input signal, the trajectory moves away from
the corresponding line, and the stronger on average the input
signal, the further it moves. For a fixed context, the move-
ment of the trajectory after the end of the input stimulus
occurs in the direction determined by the choice vector, which
in turn is orthogonal to the direction of the irrelevant input.
The directions of the lines of stable equilibrium states and the
directions of the choice vectors are determined, respectively,
by the right and left highest eigenvectors of the system
linearized in the vicinity of the equilibrium states (Fig. 2c).

Thus, the use of a model recurrent neural network in this
problem made it possible to identify the previously unknown
mechanism of context-dependent decision making, in which
the same input signal is processed in one context and ignored
in another.

A recurrent neural network was constructed in [64] to
model the problem of categorization of visual stimuli received
with a delay. In prototype experiments [65, 66], monkeys were
presented with visual stimuli in the following sequence: first, a
fixation stimulus (for 500 ms), then a trial stimulus (for
650 ms), a delay period (1000 ms), and a test stimulus
(650 ms) (Fig. 3a). The fixation stimulus is a yellow spot on
the screen, and the trial and test stimuli are given by a set of
dots that can move in a randomly chosen direction in the
range from 0 to 360�. All stimuli used were divided into two
categories using a preselected boundary (Fig. 3b). The test
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animals were trained to report the coincidence of the trial and
test stimulus categories by pressing a lever.

In themodel system [64], the recurrent network defined by
system (4) and (5) receives signals from the layer of input
neurons whose activity encodes the direction of movement of
dots on the screen; a subset of neurons in the network sends
connections to two output elements, the activity of which
signals the match or mismatch of the categories of the first
and second input stimuli. Analyzing the dynamics of the
recurrent neural network after training, the authors of [64]
revealed the mechanism of categorization of visual stimuli
(Fig. 3c, d). At the beginning of the test, the trajectory is in a
stable state of equilibrium (gray oblique cross); after the input
stimulus is presented, the trajectory leaves its vicinity in the
direction of one of the states that correspond to a particular
category (red and blue circles) (Fig. 3d). Further, during the
delay interval, a transition occurs to the neighborhood of
stable or saddle points corresponding to two categories (red
and blue stars). The action of the second stimulus brings the
trajectory to the vicinity of one of the two equilibrium states
that correspond to the match or mismatch of the stimulus
categories. In qualitative terms, similar metastable states and
transitions between them can be revealed based on the
analysis of multidimensional neurophysiological data taken
experimentally from cortex neurons of the monkeys being
tested [64]. Thus, the recurrent neural network makes it
possible to identify the features of population dynamics that
reflect the entire chain of stages in the implementation of the
described complex task.

Study [67] explored the mechanisms of neural activity that
underlie the ability to control the speed of execution of motor
and cognitive functions. During the experiment, the monkey
was presented with visual stimuli: a circle in the center of the
screen and a square below the circle (Fig. 4a). The test animal
looked at the circle, while the square signaled that the button
below the screen should be pressed. In each trial, one figure
was painted blue or red, and the other was white. The colored
figure indicated the target action: the circle corresponded to

the requirement to make a saccadic eye movement, while the
square communicated the requirement to press the button.
The color indicated the desired time interval: red corre-
sponded to 800 ms, and blue, to 1500 ms. The four different
test conditions were designated as EL, ES, PL, PS (E and
P stand for eye and paw, L and S for long and short intervals).
After a delay period (varied in a range of 500±1500 ms), a
target for saccadic eyemovement appeared for a short time on
the screen to the right or left of the center. After another
delay, a short-term annular flash around the square and circle
signaled the beginning of the control interval, during which
the monkey had to perform the target action: saccadic
fixation of the gaze or pressing a button. To receive a
reward, the animal had to change the duration of this action
in accordance with the target value indicated by color.
Concurrently, the electrical activity of neurons in the medial
frontal cortex was recorded.

The described setting of the experimentmakes it possible to
analyze the properties of neural activity that correspond to the
control of the duration of time intervals during the perfor-
mance of motor acts. Studying the population response of
neurons, the authors have found that the average spiking
frequency has a time profile, the width of which changes in
accordance with the target duration of the control interval.

To find a mechanism that controls the duration of time
intervals, the authors of [67] developed a model in the form
of a recurrent neural network (4) and (5) consisting of
200 neurons (Fig. 4b). The network receives two scalar
inputs: one is contextual, the value of which determines the
duration of the target interval, and the other is a short
rectangular stimulus that signals the beginning of the
interval, during which the activity of the target output should
monotonically increase until a certain threshold value is
reached for a time equal to the target interval. An analysis
of the activity of the trained network showed that the model
qualitatively reproduces the key phenomena discovered in the
experiment. At the level of individual neurons, their response
profiles have complex and diverse shapes, and they change
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their width in accordance with the target duration (Fig. 4c).
Moreover, the speed of the population dynamics is the factor
that determines the duration of the response produced at the
output. The authors of [67] analyzed the properties of objects
in the phase space of the network that correspond to such
behavior (Fig. 4d). It has been found that two sets of stable
equilibrium states are formed: Finit, corresponding to the
beginning of the test, and Fterminal, corresponding to its end.
The contextual stimulus initializes the network state in the
vicinity of the equilibrium state Finit, then the input rectan-
gular stimulus drives the trajectory out of its basin of
attraction, and the trajectory relaxes to the vicinity of the
stable equilibrium state Fterminal at a rate determined by the
value of the contextual input stimulus, which affects the
position of the points Finit and Fterminal along the direction
called the input stimulusmanifold, which is determined by the
input weight vector. At the same time, the recurrent-network
weights define the direction (the so-called recurrent manifold)
along which the trajectories move between the initial and final
states.

The approach presented has been successfully used to
build recurrent neural networks that model other cognitive
functions associated with working memory [27, 69, 70],
compare the characteristics of input stimuli [71, 72], and
make decisions depending on changes in the environment
and contextual signals [67, 73±77]. As a rule, the artificial
network for the given examples is trained on a single specific
task, which makes it possible to identify the dynamic
mechanisms for the implementation of a certain function.
This formulation is a strong simplification compared to
biological networks, which, in the process of functioning,
concurrently perform a number of various tasks.

In [68], a recurrent neural network of the form (4) and (5)
was built, which was trained to perform 20 various cognitive
functions, such as working memory, decision-making after a
time delay or in the presence of a contextual signal, and
comparison and categorization of sensory stimuli. These
functions are typical in solving problems performed by
experimental animals with concurrent recording of the
activity of brain neurons.

In solving each task, the network receives inputs of three
types: a fixation signal, meaningful stimuli, and an input that
defines the task (Fig. 5a). The fixation signal specifies the
stages of task execution, i.e., determines when the network
should `perceive' information from the inputs (the fixation

signal then takes a positive value), and when the network
should generate a response at the output (when the fixation
signal is reset to zero). The meaningful inputs are represented
by stimuli of two modalities, each of which is given by a ring
of input elements encoding a one-dimensional circular
variable, such as direction of movement or color. The input
that defines the task is given by a vector consisting of zeros
and one unit, the position of which informs the network about
which task it is trained for in this test or which task it should
perform after training. The network outputs are a fixation
output whose purpose is to repeat the path of the input
fixation signal and a group of motor elements, the response of
which determines the direction and intensity of the network
response. Network training, in which all network weights
(input, recurrent, and output) were tuned, was carried out
with random switching of target cognitive tasks. An analysis
of the network after training showed that groups of neurons
are formed in it, clusters specialized to perform a certain class
of cognitive tasks (Fig. 5b). In addition to the established
functional specialization, the authors also discovered another
principle for organizing the operation of the network:
compositionality, i.e., the technique to solve a complex task
by dividing it into simpler tasks that the network has already
been trained in earlier.

Summing up, we note that the described recurrent neural
networks that model the performance of cognitive functions
make it possible to identify a number of important dynamic
mechanisms underlying the problems solved by prototype
neural populations. All examples presented are based on
models of so-called rate neurons [78, 79]. This circumstance
reflects the assumption that the coding of external signals and
the transmission of information between individual neuron
subsystems are carried out using a rate code. However, a large
number of experimental facts indicate that rate coding is not
the only way of coding which is possible in the nervous
system, and that it is not only rate that plays a significant
role. Also of importance are the specific moments when
elementary dynamic events occur in the form of short
impulses or spikes that emerge when the neuronal membrane
voltage reaches the excitation threshold. Artificial neural
networks, in which the very fact of generating action
potentials by neurons is modeled, are called spiking net-
works. Section 4 presents various aspects of the use of
specifically spiking neural networks in modeling the func-
tional properties of brain networks.
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4. Spiking neural networks

Despite the fact that in a number of neuroscience problems it
has been possible to achieve results based on standard
machine learning techniques (basic architecture in the form
of recurrent neural networks and stochastic gradient descent
as a learning method), further progress both in these areas
and in the construction of next-generation neuromorphic
systems of artificial intelligence requires taking into account
biologically relevant aspects.

One of the factors that distinguishes the behavior of
biological neurons from that of deep learning artificial
neural networks is the ability to generate action potentials,
or spikes. Almost a quarter of a century ago, in [80], spiking
networks were characterized as third-generation artificial
neural networks, in contrast to networks of the first
generation (perceptrons based on McCulloch±Pitts neurons)
and the second generation (deep networks based on sigmoid
and other similar nonlinear activation functions), which
includes most state-of-the-art machine learning systems [81].

It should be noted that there is currently no conclusive
understanding of the role played by spikes in the implementa-
tion of the functions of the brain. Some arguments favor both
the importance of the average spike frequency in information
processing and the key role played by the timing of the
emergence of individual spikes. Therefore, in modeling
spiking neural networks, various hypotheses and views on
the role of spike activity are common. In machine learning,
one of the motivations for the use of spiking networks is
energy efficiency, since the generation of sparse spike codes
requires less energy than the processing of continuous
variables in conventional deep neural networks.

It is worth noting that most deep neural networks in use
today have static inputs and produce static outputs. Even in
the case of video image processing by a convolutional neural
network, it is divided into separate static frames and object
recognition on each of them is carried out. In other words,
such systems contain neither time as a physical variable,
which is an argument of input and output signals, nor model
neurons and synapses. In spiking neural networks, on the
contrary, time is incorporated at the level of the dynamics of
individual neurons, and input signals are processed in a
natural way as a nonautonomous effect on the dynamic
system.

The vast majority of studies in this area are associated
with the conversion of deep neural networks into spiking ones
[81±83], which involves scaling and normalization of the
parameters of a nonspiking neural network trained to per-
form certain tasks so that the resulting spike network
produces the same conversion of inputs to outputs. How-
ever, approaches are also being developed that are initially
focused on the spiking dynamics of artificial neurons. Spiking
neural networks are being developed both for solving
standard machine learning problems and for building
systems that model neuroscience problems [33±36]. Based on
spiking neurons, multilayer feedforward networks have been
constructed that are used to model low-level sensory systems,
in particular, in vision [84, 85], smell, or tactile sensations [86].
Recurrent spiking neural networks have been used, for
example, to study neural information processing associated
with the formation of associative [87, 88] or working [89±91]
memory. Recurrent spiking networks are also used to model
and analyze the phenomena observed in the brain that arise
from the complex dynamics of interconnected networks, such

as network fluctuations [92, 93] or network multi-stability
[94], and to model competition between neurons or neuron
populations [95±97] and various processes that accompany
decision-making [98].

To model the functional properties of neural spiking
populations in terms of the top-down approach, various
methods are used, among which reservoir computing and
methods based on the neuroengineering framework may be
singled out. These methods assume that the target behavior of
the system is known a priori, and the recurrent network of
spiking neurons is trained with various constraints on the
level of biological detailing of the models. We now consider
each of these approaches in more detail.

4.1 Reservoir computing
Reservoir computing has emerged as an alternativemethod to
training recurrent networks, which makes it possible to avoid
the difficulties associated with training networks [99±104]. In
a typical implementation, a reservoir network consists of a
fixed topology recurrent network (reservoir) and a set of
output (readout) neurons. Typically, the latter only receive
direct unidirectional connections from the reservoir,
although, in some models, feedback from output neurons to
the reservoir is also taken into account. However, the desired
output from the network is obtained by training only the
connections between the reservoir neurons and the readout
neurons. This approach greatly simplifies training in reservoir
networks.

A reservoir canbe viewed as a structure thatmaps inputs to
a multidimensional activity vector of neurons belonging to the
network. Each component of this vector reflects the influence
that specific neurons can have on the output units. The
structure of connections within the reservoir is usually
random and fixed. To obtain stable output data, it is not
necessary to have stable internal states of the reservoir, since
transient internal states can be converted by readout neurons
into stable output signals due to the high dimensionality of the
dynamic system. In addition, reservoir states and transitions
between themdo not requiremaking adjustments for a specific
task, implying that the same sufficiently large common
reservoir can be used to solve many different problems.

The concept of reservoir computing was originally pro-
posed in the context of nonspiking artificial neural networks
[99±101]. Later, the method was adapted for spiking networks
as part of the concept of so-called liquid state machines [102,
105]. Reservoir computing with spiking neurons has been
successfully applied to problems such as spoken word
recognition, space-and-time classification of spike patterns,
motion prediction, motor pattern generation, and motion
control [106±110]. To model functional properties, the
FORCE method was used to extend application of spiking
neural networks.

FORCE, themethod of reduced and controlled first-order
error [46], extends the reservoir computing approach by
adjusting the low-rank component of the recurrent weight
matrix that results from the feedback loop. The structure of
the spiking network (Fig. 6a) trained by this method is similar
to the reservoir computing systems described in Section 3,
which are schematically shown inFig. 1a. The difference is that
the dynamics of neurons is given by equations that explicitly
describe spiking events. Integrate-and-fire neurons (10) are
often used as models of spiking neurons; models with an
adaptive excitation threshold, Izhikevich and Courbage±
Nekorkin models, and theta neurons can also be employed.
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It has been found that recurrent spiking networks can be a
reservoir capable of learning tasks related to the autonomous
and stimulus-induced generation of various space-time
patterns. For example, a network of spiking neurons that
exhibits irregular activity before training (Fig. 6b, c) by
adjusting the output weights is able to maintain the reproduc-
tion of a harmonic signal at the output (Fig. 6d, e), forming a
stable invariant curve in the phase space.

Figure 6f displays an example of a spiking neural network
trained using the FORCE method to reproduce bird singing
(in the form of a spectrogram) recorded from an adult zebra
finch. The singing behavior of these birds is due to two main
brain nuclei: HVC and RA. The neurons that project
connections from RA to HVC form a synfire chain, and
each neuron in RA fires only once at a certain time during the
song performance. This synfire chain is transmitted to the RA
module and activates it. Each neuron in RA generates bursts
at several precisely defined times during song playback. The
RA neurons then project connections to the lower motor
nuclei, which stimulate the vocal muscles.

4.2 Neuroengineering framework
The neuroengineering framework consists of three principles
used to describe neural computing: (1) representation,
(2) transformation, and (3) dynamics.

The principle of representation is that the neural popula-
tion activity encodes the dynamics of some vector variable.
Coding is based on the fact that different neurons have
different amplitude-frequency characteristics, i.e., the fre-
quency of their spikes depends differently on the magnitude
of the input current determined by the encoded variable. In
addition, by measuring the spike activity of a neuronal
population, the variable can be decoded using a linear
transformation.

The transformation principle is that the weight vector,
which can be used to decode a variable from the network
spiking activity, can be configured in such a way that the
neural population performs an arbitrary transformation
(function) of the encoded variable.

The principle of dynamics is that the weights of connec-
tions in a recurrent spike neural network can be adjusted in
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such a way that its activity directly corresponds to a variable
of a certain dynamic system.

For example, a spike network is presented in [112] that
models a number of functional properties of the brain, based
on a neuroengineering framework the essence of which is
described below. The network, which consists of 2.5 million
integrate-and-fire spike neurons, is organized as a system of
interacting subnetworks (Fig. 7a, b), including three hierarch-
ical networks (visual and motor networks and working
memory) that compress input signals, and an action selection
mechanism. Interaction among subsystems is maintained by
spike neurons, which by their activity map the signals of the
outside world onto the space of so-called semantic pointers.
The latter are elements of a vector space, the dimension of
which is determined by the degree of compression executed by
the neural network. Compression is understood as a reduc-
tion in the size of subnets that process information flows. For
example, in perceiving visual images, a sequential transmis-
sion of signals occurs from the primary visual cortex, in which
contrast patterns in the observed image are recognized, down
to the lower temporal cortex, which makes distinctions at the
level of concepts related to individual elements of the
observed image. The number of neurons in the subsystems
participating in this process is successively reduced; thus, a
compressive mapping of vectors from the image space to the
low-dimensional space of concepts is carried out.

The authors used the described spiking network to solve a
number of problems simulating cognitive functions, such as
recognition of handwritten digits, their copying, addition,
and pattern recognition in number series. One of the difficult
tasks is the Raven test, in which two groups of images are
presented. Each of the groups contains three logically related
elements, and next a third group is presented which contains
only two elements, and the missing third element must be
reported based on the principles that have to be identified on
the basis of the first two groups. For example, Fig. 7c shows

the solution to the problem by the spiking network, in which
the missing element of the pattern 1 11 111; 4 44 444; 5 55?
should be determined.

Thus, the neuroengineering framework provides a general
principle for training the weights of recurrent networks of
spike neurons for the implementation of specific dynamic
systems [113]. This problem is solved using weight matrices
that encode and decode the dynamics of some vector variable
into spiking activity (from spiking activity), and optimization
through amulti-stage application of the least squaresmethod.
Effective application of the methodology is carried out in
practice using the Nengo software package [114], which can
be used to program neuromorphic devices [115].

5. Hardware neuromorphic systems

The term `neuromorphic systems' refers to specialized hard-
ware performing computations that mimic the principles of
information processing in biological neural populations [116,
117]. Such computations are called neuromorphic. Currently,
this concept is often applied in a narrower sense to spiking
neural networks. From the perspective of information theory
and computer calculations, hardware architectures based on
spiking neurons perform functional transformations of
inputs into Turing-computable outputs, i.e., can be imple-
mented on a Turing machine. Unlike conventional compu-
ters, neuromorphic architectures are intended for implement-
ing algorithms specially designed for spiking networks that
perform parallelized computations that are sparse in space
and time, due to which much less computer power is
consumed [118].

The number of studies devoted to the development of
neuromorphic systems using the principles on which biologi-
cal neural networks function has increased significantly over
recent decades; for example, a recent review [37] analyzed
more than 3,000 such publications. Neuromorphic comput-
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ing is now used in a variety of devices; this is due to the fact
that the development of central processor systems with the
von Neumann architecture is approaching its peak comput-
ing power [119]. It is assumed that the development of
neuromorphic devices, in which the basic principles of the
operation of neural networks of the brain, such as spike
dynamics and synaptic plasticity, and which have a compar-
able number of neurons and a topology of connections close
to reality, will result in an enhanced ability to self-organize,
learn, and perform various classes of tasks.

It is noteworthy that today neuromorphic systems are
implemented using various technologies, for example,
optical (photonic), optoelectronic, and spin-electronic, but
semiconductor technology is the most common, since it has
been developing relatively longer and more actively than
the other technologies and therefore is the most standar-
dized for the creation of large integrated circuits of various
types and applications. Application-specific integrated cir-
cuits (ASICs) that solve a specific class of problems have a
unique architecture only characteristic of them; in this sense,
neuromorphic systems belong to this type of semiconductor
device, since they have a structure similar to that of living
biological neural networks. Developers are naturally trying to
implement all the properties of spiking neural networks,
which, in principle, can boost the efficiency of calculations
and reduce energy consumption when implemented using
state-of-the-art microelectronic technologies [120].

However, it is apparent that the systems already devel-
oped by now do not yet feature a density of neuromorphic
elements and connections or an energy efficiency comparable
to those of brain neural networks. And this is not accidental,
since a straightforward reproduction of the physicochemical
structure of neurons and the architecture of biological neural
networks in the semiconductor (and any other micro- and
nanoelectronic) paradigm is impossible due to many limita-
tions.

For example, biological neural networks have a three-
dimensional (3D) architecture of connections located in
space, while semiconductor crystals on which integrated
circuits are placed have a planar structure with a limited
area, and, if the number of circuit elements is very large
(comparable to the number of neurons and connections
between them in the human brain), their placement is a very
challenging and not always feasible task. Despite the fact that
attempts to develop semiconductors interconnected in three
directions have been made since the 1970s [121], 3D
semiconductor technologies so far only exist in single copies.

Another difficulty is the implementation of asynchronous
multicast communication (`from one to many'), which often
occurs in systems with a parallel architecture, including
neuromorphic ones. In fact, such a connection should allow
individual elements or subsystems of the whole system to
operate (for example, generate spikes in the case of neuro-
morphic networks or perform calculations for conventional
multiprocessor systems), without waiting for the execution of
any tasks by other elements or subsystems. However, today,
there is in general no asynchronous communication which
would be suitable for any complex network implemented at
the hardware-algorithmic level in continuous time (not
sampled by clock counts). There are only a limited number
of relevant studies [122], although in some neuromorphic
systems, which will be discussed below, such as IBM's
TrueNorth, such a connection at the level of interaction
between subsystems has already been implemented.

Another key task in the construction of a neuromorphic
system is the implementation of connections between ele-
ments, which are carried out in biological neural networks
through a synaptic contactÐa microscopic gap between two
neurons. Synapses are known to be of two types: electrical
and chemical (notably, the latter predominate in the human
brain), and it is assumed that it is the various properties of
chemical synapses, including synaptic plasticity, that enable
the brain to learn and store information (have memory).
Here, difficulties arise in creating artificial synapses with ideal
synaptic properties, and developers again have to solve the
problem of implementing chemical processes using semicon-
ductor or any other technologies.

Problems, in turn, should be solved in developing the
characteristics of artificial synapses, such as the dynamic
range (the ratio between the maximum and minimum
conductivity of synapses), the number of states (sampling by
value), the linearity of the weight update (which enables
changing the synaptic weight to the desired value during
training), the ability to maintain the weight value (that
provides long-term data storage), and the cyclic endurance
of changing weight values (synaptic weights are repeatedly
adjusted during training and, accordingly, the option to
physically overwrite the state should be maintained). For
instance, examples are reported in [123] of how relatively new
ferroelectric field effect transistors (FeFETs) and organic
electrochemical transistors (OECTs) are used to implement
artificial synapses.

It should be noted that the implementation of various
properties of biological neural networks in neuromorphic
systems involves many limitations, due not only to the
technological features of microelectronics but also to experi-
mental data and the basic understanding of the properties of
biological networks per se and their components. Thus, the
implementation of a neuromorphic system is reduced to
finding the optimal solution in attaining a balance of several
factors: the biological relevance of the system, technological
capabilities, and the goals pursued (i.e., what the constructed
system should eventually `be able' to do).

At present, it is not completely clear to what extent
complete biological similarity leads to an improvement in the
final capabilities of a neuromorphic system; nevertheless, it is
apparent that, the higher the similarity degree, the significantly
greater the technological costs. An important role in this issue
is played by theoretical and numerical studies of the dynamics
of the functioning of neuromorphic networks. Such studies
enable making the optimal choice of fairly adequate models of
neurons and synaptic contacts, which, when building a
neuromorphic system, allow maintaining a balance between
biological relevance and its final properties and capabilities.
Nevertheless, even within the framework of modern ideas and
technological capabilities, it has become obvious that, com-
pared to conventional processor systems, neuromorphic net-
works are more efficient in solving problems of recognition
(images, sounds, gas identification, etc.), forecasting of time
series, and solving cognitive problems.

In Sections 5.1±5.6, we consider examples of several of the
most popular large-scale projects in which neuromorphic
systems have been implemented in the form of hardware
devices.

5.1 Neurogrid and Braindrop neuromorphic systems
Researchers at Stanford University have created two classes
of neuromorphic devices. The first is Neurogrid, a mixed
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analog-digital system that can simulate in real time networks
consisting of several million spike neurons and several billion
synaptic connections [124]. Neurogrid consists of 256� 256
analog neurons produced on a 180-nm complementary
metal±oxide±semiconductor (CMOS) structure to create the
Neurocore core. To build a complete Neurogrid system,
16 Neurocore chips are placed on a board and arranged in a
tree structure. An example of the practical application of the
Neurogrid system is presented in [125], where an articulated
robot with three degrees of freedom controlled by Neurogrid
is described. A robot capable of performing arbitrary
movements in 3D space controls a pen that touches a
surface.

The second project, called Braindrop [126], has been
developed, similar to Neurogrid, on the basis of a mixed
analog-digital design. However, unlikeNeurogrid, Braindrop
is designed for programming at a high level of abstraction.
Braindrop uses a neuroengineering framework as a theore-
tical basis for computations, which are defined as coupled
nonlinear dynamic systems, while systems and equipment
are synthesized using an automated procedure. Braindrop,
which is manufactured based on 28-nm technology using
fully-depleted silicon-on-insulator (FD SOI), combines
4096 neurons on a single Braindrop chip. Several Braindrop
cores will be integrated to create a larger Brainstorm chip.

5.2 BrainScaleS and SpiNNaker neuromorphic systems
The BrainScaleS and SpiNNaker neuromorphic systems have
been developed as part of the EuropeanHuman Brain Project
(HBP) [127]. BrainScaleS is a mixed analog-digital type
neuromorphic system developed through the joint efforts of
several research groups, including those from the University
of Heidelberg and the Technical University of Dresden [128,
129]. The integration technology developed for BrainScaleS
makes it possible to use a 20-cm plate for a large-scale
neuromorphic system that includes up to 180,000 neurons
and 40 million synapses. The BrainScaleS system is built by
implementing a multitude of analog neural circuits and their
synapses in a structure called the analog network core (ANC).
The ANC is produced using a 180-nm CMOS structure to
create a high input count analog neural network (HICANN).
Three hundred fifty-two HICANN chips are placed on a
single wafer.

The second generation of the BrainScaleS-2 system [130] is
currently under development; it is based on a more complex
neuron model, nonlinear transformations in dendrites, and
other functions. Also added is the option to run the system in
themode of amultilayer network of feedforward propagation
and build convolutional neural networks without spiking.
This feature makes it possible to concurrently combine in
BrainScaleS-2 both spiking neurons and multilayer networks
of nonspiking neurons in one experiment.

As part of the HBP, researchers from the University of
Manchester are developing the SpiNNaker digital neuro-
morphic system [131]. The SpiNNaker system simulates
spiking neural networks in real time by connecting more
than 1 million ARM processors, which enable simulation of
1 billion neurons with a biologically realistic number of
connections (1,000±10,000 synapses per neuron) and with a
time resolution of 1 ms. Eighteen ARM968 processors are
integrated into a single-chipmultiprocessor (SCMP) based on
130-nm CMOS. Sixteen processors are used for simulation;
one processor is for administration, and another one is
redundant in case of failure. The complete system, which

has a two-dimensional toroidal structure of connections,
consists of 216 CMPs.

The first version of SpiNNaker contains about 1% of
the number of neurons and connections between them that
exist in the human brain. The second generation, called
SpiNNaker2, is designed to model a network with the
number of neurons comparable to that contained in the
whole brain [132]. To achieve this goal, it is planned to scale
up the previous generation system so that SpiNNaker2 will
have 144 ARM MF4 cores per CMP based on state-of-the-
art 22FDX (22-nm FD SOI) technology. In addition,
SpiNNaker2 will include new features such as dynamic
power management, support of floating point computations,
synchronous memory sharing with neighboring cores, multi-
accumulation accelerators, and other numerical accelerators.

The SpiNNaker and BrainScaleS projects have been under
development for more than 12 years, and there are numerous
examples of their application. We only note a few of them. The
spiking neural network implemented on the SpiNNaker
neuromorphic chip (4 chips, 64 cores) performs as a noninva-
sive brain-computer interface that decodes imaginary move-
ments based on electroencephalogram signals [133]. The
SpiNNaker system can control the interaction of a mobile
robot with the environment [134], as well as with a mobile
robot by interpreting visual data [135]. The BrainScaleS system
implements a spiking network that generates random samples
with a Bayesian distribution, which are used for generative and
discriminatory calculations on visual data [136]. A new
generation of the BrainScaleS-2 neuromorphic system demon-
strates the experimental possibility of creating a reward spiking
network with STDP synapses that learns from the Pong video
game [137].

5.3 TrueNorth system
The TrueNorth neuromorphic platform (Fig. 8) was devel-
oped by IBM as part of the SyNAPSE program of the
Defense Advanced Research Projects Agency (DARPA)
[138]. One chip of the TrueNorth system consists of 4096
neurosynaptic cores, each of which combines memory
(`synapses'), processors (`neurons'), and connections
(`axons'), manufactured using IBM's 45-nm SOI (silicon-on-
insulator) technology [140]. Each core contains 256 leaky
integrate-and-fire neurons which have 1024 axonal circuits of
the input connection organized according to the static
random access memory (SRAM) scheme [141]. One True-
North chip containing 5.4 billion transistors can simulate
1 million neurons and 256 million synapses integrated into a
single structure. Several chips are combined into a larger
NS16e platform with 16 chips, which made it possible to
simulate 16 million neurons and 4 billion synapses.

The TrueNorth system has been under development for
more than seven years, andmany tasks have been tested using
this system. For example, it performs classification tasks,
demonstrating very high accuracy on eight sets of various
data (including images of various infrastructure objects, road
signs, house numbers, various sounds, and spoken English
phonemes), and features an impressive image processing rate,
from 1200 to 2600 fps, and energy consumption from 25 to
275 mW [142]. The TrueNorth system implements noise
filtering for an image sensor with asynchronous detection of
changes for moving objects (the so-called silicon retina, a new
class of vision sensor that operates on the basis of the
biological principles of vision); its filtering outperforms the
conventional nearest-neighbor noise filter [143].
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5.4 Loihi system
Intel has developed Loihi, a digital neuromorphic research
chip [144], which has a unique programmable on-chip
training engine for spiking neural networks. Loihi is manu-
factured using Intel's 14-nm process. In addition to the
128 neuromorphic cores, the chip contains three Lakemont
cores that implement more complex learning rules with
control of neuromorphic cores. One hundred twenty-eight
neuromorphic nuclei implement 130,000 artificial neurons
(CUrrent BAse Intagrate and Fire, CUBA IF [86, 145]) and
130 million synapses. A detailed block diagram of such a
neuron is displayed in Fig. 9. The Loihi design supports
scaling up to 4096 cores per chip and 16,384 chips. All cores
operate asynchronously, so when receiving signals, each can
spend a different time processing them; however, it is only
after all the cores have completed processing that the next
iteration of the transmission of spikes and their processing
begins. This property implies that, the more spikes generated
throughout the system, the longer each iteration is pro-
cessed.

According to Intel, this chip is completely deterministic, in
contrast to other chips, i.e., transmission of all spikes between

all neurons is guaranteed, and, under the same initial
conditions, the computational process will be fully repro-
duced even if the system size is comparable in the number of
neurons and synapses with the human brain. For the device
under consideration, a programming language has been
developed that enables setting various parameters of both
the neurons themselves and synaptic connections, and the
structure of connections between neurons.

The Loihi neuromorphic system shows various possibi-
lities of its use for training spiking networks. For example, the
Loihi system was used to implement a spiking network that
classifies the video data of a road situation, which is necessary
for solving problems involving autonomous driving. Imple-
mentation that uses this neuromorphic hardware features a
maximum latency of 0.72 ms per sample and only consumes
310mW [146]. The Loihi systemwas used in [147] to recognize
images, handwritten digits, and other data, and its perfor-
mance was compared with that of other neuromorphic
systems. The Loihi system implemented a neural network
for online learning and identification of odor samples under
noise conditions, based on the architecture of the mammalian
olfactory bulb, using synapses with STDP plasticity [148].
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random number generator. (Adapted figure from [138].) (b) Block diagram of an accumulation-reset neuron with leakage. (Adapted figure from [138].)

(c) TrueNorth-based system consisting of 64 million neurons [139].
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5.5 `Altai' system
Neuromorphic systems have also been developed in Russia.
Novosibirsk-based Motiv LLC presented the Altai neuro-
morphic chip, which is being developed for use in robotic
complexes and specialized systems for classification and
recognition problems [149]. The chip itself is a scalable
network of neurocores. Each core is a small isolated group
of spiking neurons communicating with each other by means
of a matrix of connections, which provides a large bandwidth
of signals and excludes their mutual blocking. The cores are
connected into a 2D network; shared buses and AER
(Address Event Representation) relative routing are used for
communication between them. In the Altai neuromorphic
chip, similar to Loihi, asynchronous operation of the cores is
used, but, inside the core, the computations occur in a
synchronous way. A modified integrate-and-fire neuron
model with a constant leakage value is used as a neuron
model. Each neuron has a discrete set of allowed states
(integer computations). The chip contains a 32� 32 lattice
of neurocores, i.e., 1024 cores, in which 262,144 neurons and
67,108,864 synapses are located [149]. The chip is made using
28-nm technology.

5.6 Tianjic system
A group of researchers from China, Singapore, and the
United States presented the Tianjic neuromorphic chip
[150], which can be used to program two types of networks.
The first is a network of rate neurons represented by
activation functions of a weighted sum of inputs. The second
type is spiking neural networks, in which the integrate-and-
fire neuron is used as a model. Both types of network also
contain models of dendrites and axons and synaptic connec-
tions between them. A single chip can support models of the
two types together rather than of only one type. The chip,
made using 28-nanometer technology, has a clock frequency
of 300 MHz; the chip area is 14.44 mm2, and its power
consumption is 0.95 watts. One chip contains 156 cores,
which house 40,000 neurons and 106 synapses. Chips can be

combined with each other and provide interaction between
neural networks located on different chips. Figure 10 shows
an image of a single chip and an array of 25 connected chips.

Study [150] reports the results of using such a chip to
control a two-wheeled bicycle that follows a person and
processes voice commands, i.e., the chip processes and
recognizes images, recognizes several voice commands, and
also controls several motion parameters (the angular speed of
rotation of the wheel, two angles, and transitional±motion
speed), while the networks responsible for the corresponding
control of a particular function have different connection
topologies and are of a different type.

In general, the development of hardware neuromorphic
systems mimicking the basic principles of brain operations is
aimed at developing and implementing algorithms that
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consume much less energy and are easier to scale to massive
parallelization of computing architectures than standard deep
learning neural networks and operate in real-time mode (see
table).

6. Conclusion

Despite the progress in the experimental study of brain
networks on various space and time scales and the develop-
ment of mathematical modeling of nervous system activity,
we are still far from a comprehensive understanding of how
the elementary processes of transmission of short pulses
between neurons are eventually combined into the implemen-
tation by the body of complex sensory, motor, and cognitive
functions. One of the approaches, bottom-up is associated
with finding a connectome, i.e., a detailed arrangement of
connections between nerve cells, and the determination of
modes of individual activity of the neurons that make up the
network. It would seem that, by having an explicit matrix of
connections between neurons and equations describing the
dynamics of each of them, conclusions could be drawn about
specific functional properties such a network exhibits. How-
ever, such a mathematical model with an immense array of
variables and parameters turns out to be almost as difficult to
analyze as its biological prototype. It can be integrated using
supercomputer technologies, obtaining time series, but it is not
always possible to answer the question about the mechanisms
for performing a particular function based on these data.

An alternative approach, top-down, starts from the
analysis of specific transformations of input stimuli into
output responses performed by a neural network. Based on
machine learning methods, the neural network, primarily its
weight coefficients, is adjusted to perform similar transforma-
tions formulated as target functions. The resulting artificial
neural network is a dynamic system that, on the one hand,
takes into account certain aspects of the structure and activity
of the prototype neural network, and, on the other hand, can
perform the specified target functions. The study of this
multidimensional dynamic system using nonlinear-dynamics
methods and the theory of complex networks makes it
possible to reveal the mechanisms for the implementation of

the analyzed sensory, motor, or cognitive functions by the
network. The examples of the use of recurrent neural net-
works presented in this review demonstrate the effectiveness
of the described approach. However, the initial assumptions
apparently limit the possibilities of a comprehensive under-
standing of the principles of encoding and processing of
cognitive information by the brain.

First, the random recurrent topology of connections
contrasts with highly organized and structured parts of the
brain, and adding the identified structural properties to the
model will most likely improve the performance of the
artificial network. For example, in a number of studies, the
structure of themodel is basedon theDale principle, according
to which about 80% of cortical neurons have excitatory
connections and 20% have inhibitory connections. However,
the complete connectome of connections between neurons has
only been identified for the simplest organisms, such as the soil
nematode C. elegans, while, for higher organisms, the existing
tools fail as yet to enable determination of the exact topology
with similar detail. On the other hand, in the nervous system of
two individuals of the same species, connectomes are not
identical to each other, which implies that the task still of
importance is to identify common patterns in the structure of
connections that surpass individual differences and enable
performing complex nervous functions. Modeling using
artificial neural networks may help to identify the desired
characteristics, since, in the course of optimizing the para-
meters, the network is tuned to perform certain target tasks,
and, using the found properties of the trained network
connectome, the importance of a particular structure in
solving specific tasks can be hypothesized.

Second, the learningmethods in the examples given, based
on controlled error minimization using stochastic gradient
descent, are not biologically relevant. This observation does
not imply that the trained network cannot have operational
features down to the level of individual activity of individual
neurons, which are characteristic of a biological prototype,
since the model system after training nevertheless solves the
target problem; however, the way in which it comes to the
stage of executing the target function does not reflect the
essence of the processes that occurs in biological systems. In

Table. Comparison of characteristics of neuromorphic systems.

Neuromorphic
device

Graph of connections Plasticity Number
of neurons/number

of synapses per neuron

Model Transmission
of spike
exchange

Neurogrid Hierarchic (treelike), programmable No 65,536
(on one chip)/256

Analog LiF No

SpiNNaker Hierarchic (treelike),
programmable, 2D mesh

Programmable
models

109/Programmable
up to 1000

Programmable
models

Possible

BrainScaleS Hierarchic
(treelike)

LTP, STP, STDP 4� 106/224-14,336 ALIF
and/or perceptron

Possible

TrueNorth Programmable No 106

(on one chip)/256
LIF Possible

Loihi Hierarchic (treelike),
2D mesh,

address (conégurable)

LTP, STP, STDP 130,000
(on one chip)/1000

CUBA IF No

Altai Programmable ì 262,144
(on one chip)/256

LIF ì

Tianjic Programmable Ofêine STDP
training of weights

40,000
(on one chip)/250

LIF
and/or perceptron

ì
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this regard, of relevance are the tasks of applying the laws of
plasticity of various types already established in the experiment,
which are characterized by the fact that, unlike gradient descent,
learning takes place online, i.e., in the current time, and locally.
This implies that the intensity of synaptic connections is
determined by the activity of adjacent neurons and the
concentration of available neurotransmitters. In addition,
natural learning occurs in the environment, and the target
signal, as well as the error signal, is often not explicitly available
to the cognitive agent. In such a situation, a solution is found by
way of penalties and rewards received from outside, and an
adequate method for describing this process in artificial neural
networks is the concept of reinforcement learning.

Thus, advancing in the direction of ever greater detailing
of the individual activity of neurons and the structure of
connections between neurons, based at the same time on
models that are effective for machine learning, studies based
on this approach are able to identify the dynamicmechanisms
of the performance of increasingly complex tasks by brain
networks. The implementation of bioinspired plasticity
properties in model systems will, in our opinion, make it
possible to establish the mechanisms for the high adaptability
and multitasking inherent in brain networks.

During the preparation of this review for publication, a
number of papers have been published that are relevant to the
topics reviewed. Among these publications, the following
should be noted that are of importance for the respective
sections of the review: [151±157] (Section 3), [158±160]
(Section 4), and [161, 162] (Section 5).

This study was supported by the RF Ministry of Science
and Higher Education as part of the state assignment to the
Institute of Applied Physics of the Russian Academy of
Sciences (project no. 00-30-2021-0011).
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