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Abstract. Since its emergence in the early 1940s as a connectionist approxi-
mation of the functioning of neurons in the brain, artificial neural networks have
undergone significant development. The trend of increasing complexity is steadily
exponential and includes an ever-increasing variety of models. This is due on the
one hand to the achievements in microelectronics, and on the other to the growing
interest and development of the mathematical apparatus in the field of artificial
intelligence. It can be assumed however that overcomplicating the structure of
the artificial neural network is no guarantee of success. Following this reason-
ing, the paper proposes a continuation of the author’s previous research to create
an optimized neural network designed for use on resource-constrained hardware.
The new solution aims to present a design procedure for building neural networks
using only a single hardware neuron by using context switching and time multi-
plexing by the aid of an FPGA device. This would lead to significant reduction in
computational requirements and the possibility of creating small but very efficient
artificial neural networks.

Keywords: Artificial Neural Network - Contextual Switching - Hardware
Acceleration - FPGA - Optimization

1 Motivation

The study of the principles and working patterns of the nervous system of living organ-
isms has a long history. The first attempts to recreate it with technical means date back to
the early 1940s, when the neurophysiologist Warren McCulloch, and the mathematician
Walter Pitts published a research on possible working model of the neuron [17]. Their
point of view has been oriented toward the use of electronic circuits to model simple
neural networks. In general, the modeling of artificial neural networks (ANN) aims at
not only recreating the basic functionality of the neural cell alone but also mimicking
intelligence at the biological level by simulating the neurophysiology of the brain. The
ultimate goal is to achieve such a mechanism of information processing, which is as close
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as possible to the processes taking place in a set of multi-connected neurons, and then
make all this work in a hardware computation device. Thus the information processing
is parallel and distributed among multiple simple, interconnected elements. In theory, a
single nonlinear layer with a very large number of neurons can learn arbitrary relations
between the input and the output of that layer. Increasing the number of layers and the
ways their individual nodes (neurons) are interconnected, may lead to an even more
efficient learning process [16]. ANNs are capable of solving a large variety of linear
and nonlinear problems, so in a more general mathematical sense, neural networks are
considered by [23] as a universal approximator. The final objective of these models is to
create a technical device capable of learning and making decisions similar to the human
brain and at the same time outperforming its speed of data processing.

A consistent overview of the major ANN topologies, taxonomy, and chronological
development is provided by the members of the Asimov Institute [16]. Without claiming
to be exhaustive, in Table 1 are outlined the major milestones in the development of
ANN [3, 18, 25, 29].

Table 1. Key milestones in the evolution of the ANN development.

Year Authors Achievement

1943 ‘W. McCulloch, W. Pitts Modeled a simple NN with electronic circuits [17]

1949 D. O’Hebb The learning hypothesis of biological neurons
— Hebbian Learning [9]

1957 F. Rosenblatt Perceptron, the oldest ANN model still in use
today [27]

1959 B. Widrow, M. Hoff (Multiple) ADAptive LINear Elements
— ADALINE, MADALINE [34]

1969 M. Minsky, S. Pappert Demonstrate the impossibility for a single-layer
perceptron to learn an XOR function [19]

1974 P. Werbos Backpropagation — backward propagation
algorithm of errors propagation working back from
output nodes to input nodes [33]

1982 J. Hopfield Hopfield network. A content-addressable model
for understanding human memory [10]

1998 LeCun Convolutional Neural Network (ConvNet, CNN).
A class of ANN mostly applied for image analysis.
It uses the convolution instead of matrix
multiplication [15]

1985-2006 | Various scientists Boltzmann Machine (Ackley), Autoencoder
(Rumelhart), Multilayer Perception
(Rumelhart,Hinton, Williams), Recurrent Neural
Network (Jordan), Restricted Boltzmann Machine
(Smolensky), LeNet (LeCun), Long short-term
Memory LSTM (Hochreiter, Schmidhuber), Deep
Belief network (Hinton)

2005 F. Scarselli, S. Yong, M. Gori, M. Hagenbuchner, A. | Graph Neural Network (GNN). A class of ANN for

Tsoi, M. Maggini processing data that are given as graphs [28, 35]

2012 A. Krizhevsky AleXNET. It is the first fast GPU-implementation

of a CNN [14]

(continued)
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Table 1. (continued)

Year Authors Achievement

2014 1. Goodfellow Generative Adversarial Networks (GNN). ML
framework with two NN where one agent’s gain is
another agent’s loss [6, 32]

2020 OpenAl Generative Pre-trained Transformer 3 (GPT-3), a
deep learning model to produce human-like text [1]

It can be seen from this table that the diversity and the capabilities of ANNs are con-
stantly rising all along with the increase of their complexity. There are authors however
that claim that “fewer neurons are needed as experience is gained”. Such an observation
has been made by the renowned professor of molecular and cell biology at the University
of California, Berkeley, Walter Freeman, who is among the founders of computational
neuroscience, where mathematics is employed to study brain dynamics. He concludes
that “after sniffing again and again it appears that only a few neurons are sufficient”,
and “animals and humans can perceive same information for things like odour, but
require different amount of neurons — flies have 100 000 neurons while human brain has
billions” [4]. McCulloch and Pitts with their cybernetic neuron model [17], and Karl
Pribram [24] with his studies on brain dynamics, have strongly impacted Freeman’s
scientific thought. This interpretation differs from theories in neuroscience, which aim
to collect data from as many neurons as possible, which can then be analyzed offline to
improve understanding of the brain’s information processing [13].

Apart from the main task of solving the function approximation, object recognition,
or decision-making problem, ANNs nowadays face the need to overcome the problem
of saving power. The latter is obvious, since the number of neurons in the mathematical
model, the topological complexity, and therefore the required computation resources, are
growing at breakneck speed. In [36] a very important observation is made, namely, the
fact that a considerable amount of arithmetic operations in ANN do repeat many times,
so in order to decrease the energy consumption redundant computations can be elimi-
nated. The authors of that study called their model CORN (COmputation Reuse-aware
Neural network accelerator) and proposed the neurons to share their computation results.
Another study [20] discusses a multiplexing technique called DataMUX which allows
ANN to analyze multiple data streams in nearly simultaneous manner by multiplexing
the inputs and the outputs. In this study, the software approach has been taken as the
experimental platform and no hardware implementations have been attempted. A recent
paper in Nature Communications [30] discusses the possibility to build a deep neu-
ral network using a single neuron. The architecture proposed by the authors is named
“folded-in-time DNN (Fit-DNN)” and uses multiple time-delayed feedback loops to
model the so called delay dynamical system, again by software means. In fact, to date,
the design and implementation of neural networks using high-performance hardware is
gaining a lot of speed [21, 22, 26, 33]. However, the trend of increasing complexity, and
therefore increasing the cost of computing power, continues to be sustainable.

In the present research, an attempt is made to go even further by allowing the entire
artificial neural network to be implemented using a single hardware neuron. For neural
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networks with a smaller number of layers and up to a few tens of neurons, this approach
can be very efficient and quite sufficient to solve the entire task. For more complex neural
networks such as deep neural networks (DNN), convolutional neural networks (CNN),
graph neural networks (GNN), etc., this approach can aid in combining a network built
using a single hardware neuron and time-multiplexed computations [7] for modeling
of one layer or one node in a graph respectively, and next context-switching of the
weight matrices and the activation function matrices. The latter can lead to a reduction
in the total number of network layers, a significant reduction in hardware resources, and
hence strongly decreased energy consumption. This suggests the possibility of creating
more affordable, smarter, and energy-efficient devices that employ space-constrained
hardware, without making a compromise with the performance.

The remainder of this work is organized as follows: At first in chapter “Hardware
model of the artificial neuron,” it is described the hardware principle that lies behind
the implementation of the artificial neuron. Discussed are its building blocks and the
quantization problem. In chapter “The single-layer artificial neural network” the context
switching organization proposed in the previous work of the authors [7] is reintroduced
as it can aid in understanding the approach presented in the next chapter “The sin-
gle hardware-neuron network”. Directions for future improvement are given in chapter
“Future work”. The chapter “Conclusions” summarizes the results.

2 Hardware Model of the Artificial Neuron

In living organisms, the nervous system is made up of nerve cells called neurons, which
are their basic structural units. An abstract model of the living neural cell together with
its analogical mathematical model is depicted in Fig. 1. It puts together the biological
terms (A), the corresponding mathematical abstract counterparts (B), and the basic task
that is performed in the process of converting the input to output (C). In the biological
cell, the entry points of the neuron are the nerve endings obtained from the branching
of axons that come from other nerve cells, each end being connected by a dendrite.
The point of connection is called a synapse. In reality, the neuron endings and dendrites
do not touch but are located at a very small distance (50 to 200 angstroms), which is
called the synaptic gap. Dendrites come together in bundles, which are their connection
to the cell body, called the soma. The output of the soma is a filamentous outgrowth
called an axon. It serves to carry electrical energy to the dendrites of another neuron.
The condition for the occurrence of an electrical potential depends on the sum of the
magnitudes of the stimulating effects that the neuron receives through its inputs. When
sufficiently large input stimuli are received, the neuron is activated and generates (fires)
an output signal with constant amplitude and variable frequency, i.e. the neuron acts as
a threshold function with saturation. This corresponds to a decision making. The high
speed of information processing in the biological nervous system is due to the high
number of neurons (about 10'2 in mammals, about 107 in reptiles, and about 10° in
flies), and their complex multi-connected topology, which has dynamic behavior.

The mathematical model is much more simple but clearly reflects the main compo-
nents in the living cell. Each synaptic connection consists of a multiplier that computes
the product of a given input with a weight which purpose is to model the strength of
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Fig. 1. A model of the artificial neuron along with a functional description: A — biological cell
parts description, B — mathematical abstraction equivalent, and C — functions.

the synaptic link. Technically the weights are organized in matrix form and contain the
knowledge of the neural network. Their negative or positive values are obtained dur-
ing the learning process which consists of strengthening or weakening the connections
between neurons. The products along with a tuning parameter called the bias, are fed to
the cell body which sums them up and feeds the result to the activation function. The
latter models the behavior of the axon and may take various predefined implementation
forms. It determines the relationship between the neurons of the consecutive layers.

The following conclusions can be drawn from the presented model: (a) the inputs
are high-dimensional; (b) the outputs are multidimensional; (c) multiple multipliers are
required; (d) one multi-input adder is required; (e) the activation function can be of
different types depending on the layer.

In multilayer neural networks, the listed structural elements are multiplied by the
number of neurons and can occupy significant hardware resources. Additionally, cal-
culations are performed using signed floating-point arithmetic. When building artificial
neural networks using a purely hardware approach, programmable logic circuits of the
Field Programmable Gate Array (FPGA) type are most often used. On the one hand,
they offer an extremely high level of parallelism and great flexibility, but on the other
hand, they do not have built-in floating-point units (FPU) so they do not support the
floating-point (FP) standard IEEE-75 [11].

Everything said above leads to the conclusion that instead of having multiple repeat-
ing nodes, it is possible to build a single one as shown in Fig. 2. Following the principles
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of modularity and regularity [8] instead of generating multiple instances it is possible to
use a surrounding (peripheral) infrastructure and organize it in terms of a virtual context.

neuron
— —] smult neuron
- - add
nlin ) :
] L 3 activation
— - function
L w[m:0]
x[n:0]

input hidden output D

layer € R® layer € R*  layer € R3 by

(a) (b)

Fig. 2. The artificial neural network consists of multiple repeating nodes (a) that can be substituted
with a single neuron (b) which can be utilized multiple times.

Given the three-layer, 7-neuron network from Fig. 2 (not counting the input layer as
it just forms the inputs), the processing effort can be computed as 21 multiplications, 28
additions and 7 activations. The numbers for a single neuron unit are seven times less.

The weight matrices (knowledge), the bias (corrective factor that shifts the activation
function across the plane), and the activation function (decision making), are structured as
arrays. In order to reduce the memory consumption, it is suitable to reduce the precision
and process the numbers in signed fixed-point arithmetic [5]. This process in called
quantization and can be easily done by performing the shift operation to upscale and
downscale the FP number. In [2, 12] it is stated that 8-bit integer multiplies can consume
6X less energy and occupy 6X less area than IEEE 754 16-bit floating-point multiplies,
and the advantage for integer addition is improved 13 times in terms of energy and 38
times in terms of area. A transition from 32-bit to 8-bit arithmetic would reduce the
model size by a factor of 4, and so there will be a significant reduction in memory. The
IEEE 754 standard specifies the 32-bit single precision numbers as a binary number
(Npp32) with three fields, namely the sign bit, 8 bits for the exponent (E-127) and 23 bits
for the mantissa (M) (1). The exponent is a biased 8-bit unsigned integer, ranging from
—126 to +127. This is due to the fact that special numbers are represented with —127
(all Os) and 4128 (all 1s).

Nipsz = £M E17 = (<)M 261D (14572 byy.277) (1)

Generally, the quantized 8-bit number Ngg can be obtained from the 32-bit IEEE 754
binary number Npp3; as shown in Fig. 3 by following (2):

N
Ny = rnd (Z.max(abs(FIG;in))/ 256) ”
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Fig. 3. 1IEEE 754 single precision floating point

The denominator is the scaling factor that maps the floating-point dynamic-range to
the range [—128, 127], and rnd is a rounding function. A possible drawback is that the
ANN can lose accuracy because information precision is poorer but, depending on loss
factor, the quantized ANN can in fact result in a very minimal loss. This comes at the
price of improved latency, memory usage, and power.

3 The Single-Layer Artificial Neural Network

The concept of the single-layer artificial neural network is depicted in Fig. 4.
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Fig. 4. The single-layer context-switching ANN structure

In a previous research of the authors [7] is has been discussed a model of an artificial
neural network with a single hardware layer of processing units. As can be seen from
Fig. 2, the ANN consists of a number of repeating structures — neurons, arranged in
layers. Each layer is dependent on the data from another layer (in most topologies
this is the previous layer). That means instead of multiplying the processing units it is
convenient to multiply only the weights, biases and activation functions matrices, and
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keep the number of neurons equal to their number in the largest layer since for the
unused nodes the matrices will be zeroed. The proposed approach offers a possibility to
perform pipelining of the computation chain by switching the parameters set (context)
over time. The increase in the processing time between layers is near to zero. The model
is simplified and the example has a maximum of three neurons in a layer but it can
be easily expanded to more neurons. The vectors of the real inputs and the ones of the
subsequent layer outputs are multiplexed and stored one at a time in the input register file
(A) which serves the purpose of synchronizing the data transfer. Their values enter the
neurons together with the vectors of the knowledge base — the memory arrays that contain
weights and biases for the layers L1, L2 and L3. After the data are being processed, the
individual neuron firing decision is made based on the associated activation function.
Finally, the outputs are stored in another register file (B) and are distributed next with
the aid of the output demultiplexer.

The synchronization process is managed by the context-switching finite state
machine (FSM) whose directed graph, states encoding, transition, and output tables
are given in Fig. 5.

state] s2 sl sO current state| new state | T2 T1 TO statel A1 [AO[B1 BO
a0| 0 0 0 0O 0 0f0O O 1]0 0 1 a0| 0| O|1 O
al| 0 0 1 0O 0 1(0 1 0|0 1 1 al| 0|00 O
a2|0 1 0 0O 1 of0 1 1]0 0 1 a2| 0| 1[0 O
a3| 0 1 1 o 1 11 0o o011 1 1 a3| 0| 1[0 1
a4| 1 0 0 1 0 0f1 0 1]0 0 1 a4| 1|00 1
as| 1 0 1 1 0 10 0 Ol 0 1 aS| 1|01 O
(b) (c) (d)

Fig. 5. The context-switching FSM directed graph (a), states encoding (b), state transitions (c),
and outputs table (d)

This finite state machine works as a simple counter if taking states a0, a2, and a4
(even states) and as a data transfer synchronizer if taking states al, a3, and a5 (odd
states). The counter functionality takes its outputs directly from the state register and is
connected to selector inputs of the input multiplexer and the output demultiplexer. The
outputs table (Fig. 5(d) is divided in two halves — the A-side determines the sync signal
for the input register file and other input-related tasks, while the B-side determines the
sync signal for the output register file and controls the output data distribution.

The schematic diagram of the synthesized finite state machine device with the aid
of T-type flip-flops is shown in Fig. 6. It is in fact a parallel synchronous counter with
associated outputs decoding logic. The FSM is of a deterministic synchronous Moore-
type. The parallel implementation guarantees that there will be no cumulative delay in
the signal propagation chain.
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Fig. 6. The synthesized finite state machine (left) and the outputs generation (right)

The general mathematical form of the elaborated single layer neural network is (3).

I Wilkl W2kl *** Wimkl hi1 b1
hio Wilk2 Wi2k2 *** Wimk2 hi bia
= . . . . . +
hien Wilkn Widkn *** Wimkn hin bin 3)

witk1-hi1 + wizki-hi2 + - -+ + Wimki-him + bk
witk2-hi1 + wizka.hi2 + - - - + Wimk2-him + bx2

Wilkn-Pi1 + Wizkn-Bi2 + - - - + Wimkn-Dim + bxm

In this equation / is the single neuron, w is one of the weights, & is the index for next
and i is the index for the previous layer of the network. As it can be seen weight and
bias matrices can easily fit in two- and single-dimensional arrays respectively. A linear
data structure memory array is very convenient for storing the matrices.

4 The Single Hardware-Neuron Network

The artificial neural network discussed above contains a single layer in which computa-
tions are performed in parallel. There are no dependencies between individual neurons
of this layer. It is therefore possible, at the cost of a small delay, to use a single neuron to
perform computations with data sequentially fed to it. For this purpose, it is necessary
to add a second state machine to time multiplex the weights coefficients and bias of the
neuron’s inputs, as well as the activation functions and the final result of its output. The
presentation of all the data remains unchanged, in matrix form.

The weights that are associated with each input constitute a multidimensional array.
In this array elements in each row correspond to the weights of the respected neuron,
the elements in each column are associated with the equally numbered inputs and the
depth of the array corresponds to the different layers. The multidimensional array can
be transformed into a two-dimensional one as shown in Fig. 7. That means it can fit into
a memory and be manipulated using simple addressing arithmetic.

After this step, the array takes the form of the one shown in Fig. 8 which represents
an unfolded-in-time structure. This allows the inputs to be multiplexed with the aid of
the finite state machine. Each row in this array corresponds to a network layer, and is
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controlled by the layer context-switching state machine (Fig. 4). The multiplexing of
the weights groups and biases for a neuron is controlled by the time-unfolding state
machine.

Wo [PWaoRlBWagl] Wop | Wy | Wos | - | | o | Wni | Wz [ W3
Wop | Wap | W3 _/
neuron 1 wyp | Wyp [ wis
neuron 2
W1 | Wy | Wy Wy | Woy | Wos
layer 3
neuronn [ w ;| wy, | wpy layer 2
layer 1
& &
L & K
Fig. 7. The three-dimensional array can be converted into a two-dimensional one.
neuron 1 neuron 2 neuron 3 neuronn
1 i i i 1 i i 1 i 1 1 1
Wiy [ Wi | Wihig (Wi | Whyy [Whs | wihyy (Wi, [wihss [ Jwhy fwh fwhg | layerl
2 2 2 2 2 2 2 2 2 2 2 2
W23q [ W25 | W23 [ W2 | W2y [W2hs | W2y (W2, | Woaa [ | W2, w2, | w2 s | layer2
k k k k k k k k k k k k
W | Wi [ W | Wg [ W) | W53 | Wiy [ W5y | Whyg | Wiy [ Wi | wis | layer k
time 1 time 2 time 3 timen
P
time

Fig. 8. The two-dimensional representation of the time multiplexed weights matrix. The super-
script denotes layer number.

The proposed single hardware neuron architecture is depicted in Fig. 9. There is a
single processing unit that involves several multiplications (three in the example) and a
single summation at a time. The performance of execution of these operations is depen-
dent on the type of the microarchitecture implementation. The algorithms can be highly
optimized for speed, occupied space or power efficiency. The proposed structure also
significantly reduces the memory space that is required by the activation function com-
pared with the method proposed in [7]. Moreover, based on the principles of regularity
and modularity, the activation function can be implemented in various ways and new
functions can be added without needing a redesign of the rest of the circuit. For instance,
it is possible to implement the activation function as a look-up table (LUT) which is very
fast but not always precise. Or it can be implemented by using some special algorithm
such as CORDIC (COordinate Rotation DIgital Computer) or the partial linear approx-
imation of a nonlinear function (PLAN) where the exponent and division are replaced
with shift and add operations.
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Fig. 9. The single hardware-neuron network

The single hardware-neuron network effectively combines the context switching
approach proposed in [7] with the newly proposed time multiplexing mechanism. This
suggests that the neural network built using this method will require many times less
computing power and energy. A similar structure could be multiplied so that several
completely independent artificial neural networks run simultaneously on a single FPGA
device which may find myriads of applications in technical fields such as machine
learning, robotics and many others.

5 Future Work

The early stage of the present research suggests a huge amount of future work aimed
at verifying real networks built in the proposed way, as well as finding new high-
performance application areas. It is planned to carry out experiments on the application of
the artificial neural network with a single hardware neuron in tasks of functional approx-
imation, simple pattern recognition, and machine learning through the construction of
multilayer neural networks. A good candidate where the proposed approach can find a
real application, are Graph Neural Networks (GNN), where machine learning algorithms
can make useful predictions at the level of nodes, edges, or entire graphs. An irrevocable
future task is to conduct a comparative analysis and performance benchmarking with
other networks built in a classical way with multiple neurons. The expectations are that
the qualities of the proposed network with a single hardware neuron will exceed the
indicators of performance, energy efficiency, and area of occupied computing resources,
achieved by mass-developed conventional methods.
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6 Conclusions

The article presents an innovative author’s method for designing artificial neural net-
works intended for use on devices with limited resources. It combines the switching
context methodology for resource sharing, proposed by the authors in previous research,
with a novel approach that uses time multiplexing. The latter allows building an ANN
using a single hardware neuron which leads to a significant reduction of the process-
ing effort and achieving even better resource utilization. Despite being in an early and
immature stage, the suggested design strategy provides a viable mathematical model that
deserves to be developed further and opens a quite broad field for scientific research.
This method will allow for the design and implementation of highly optimized neural
networks that can fit in resource-constrained digital hardware while keeping the perfor-
mance metrics high. Hopefully, the proposed research will provide research ideas for
committed researchers in the field of FPGA-based neural network acceleration.
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