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Abstract 

This thesis presents a digital hardware implementation of an artificial neuron with 

learning ability using the QuartusII 5.1spl web edition software on Altera's University 

Program Development Board (UP2). The learning method implemented is neither 

backpropagation nor conjugate gradient, but the weight simultaneous perturbation. By 

combining this method with a pulse density system and using a Field Programmable Gate 

Array, an interesting artificial neuron hardware architecture is obtained. Finally, two 

applications of the neuron implementation are presented: an analog function and a digital 

function. 
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Chapter 1 

Introduction 

1.1. Background 

Two basic concepts have marked the development of the artificial neural networks. 

The first one was the use of a statistical mechanism to explain the certain class of recurrent 

network (an associative memory) [1], The second concept was the introduction of the 

backpropagation algorithm for training multilayer neural networks [2]. 

Fast advances in digital computer technology permitted the hardware implementation 

of neural networks, a development that was not possible at the beginning of the artificial 

neural network field. These days, a large number and a wide variety of applications integrate 

neural networks [3]. 

For example, in robotics neural networks increased the visual capability of robots and 

controlled their trajectories and manipulators. Robots equipped with neural networks are also 

used in automobile automatic guidance systems, in manufacturing process control, and in 

many aerospace applications [3]. 

In medicine, neural networks are used to analyse breast cancer cells; to analyse 

electrocardiography (ECG) and electroencephalography (EEG) results; to design prostheses or 

1 



Chapter 1. Introduction 

to optimize the transplant time of human organs; to improve the quality of medical 

management; and to achieve better test results in emergencies [3]. 

In telecommunications, specific neural networks are designed for real time translation 

of spoken language, for customer payment processing systems, or for compressing image data. 

As they could increase the manufacturing productivity, reduce risks, and eliminate 

human errors in many fields like banking, defence, electronics, financial securities and 

transportation, the use of neural networks has been growing rapidly in the last years [3]. 

1.2. Artificial Neural Networks 

The human brain consists of approximately 1011 biological neurons. Every biological 

neuron has four major components (figure 1.1) [3]: 

• the dendrites, which bring the electrical input signals into the cell body, 

• the body, which sums and thresholds the input signals from dendrites, 

• the axon, which is the single long fibber that carries out the output signals from the 

body of the neuron to other neurons, and 

• the synapse, which is the contact between the axon of one cell and a dendrite of 

another biological neuron. 

There are approximately 104 connections between one specific neuron and other 

neurons. 

When a neuron has enough energy, it "fires". This process means that the neuron 

sends an electrical pulse from its body to the next neuron, through its axon and its synaptic 

junction. Then, the destination neuron fires if it has enough energy at its inputs and the process 

goes on and on [3]. 

2 



Chapter 1. Introduction 

Dendrites 

Figure 1.1. Biological neuron (from [3]) 

Even though the biological neurons respond slower than electrical circuits 

(milliseconds compared to picoseconds), the brain is able to solve many tasks in less than one 

second because of their essential property of parallelism, which means that all the neurons are 

operating at the same time. 

Similar to the biological neuron, the artificial basic neuron, also called processing 

element (PE), consists of the following (figurel.2): 

where:: y = f(wx Xpx + • • • + w. X p • + • • • + wr X pr + b) 

Figure 1.2. Artificial neuron (from [3]) 

[pi... PR] - the inputs (corresponding to the dendrites from the biological neuron) 

[wi ... WR] - the weights (corresponding to the strength of a synapse from the 

biological neuron) 

3 



Chapter 1. Introduction 

b - the bias (can be treated as a weight whose input is always 1. Some authors use 

the name of offset instead bias). 

y = f(wi x P\ "• 1- W • X n . H 1- Wr X pr + b) - the output of PE (represents 

the signal on the axon of the biological neuron) 

Z = (wl X Pj H h w, X p . H h w r X p r - f - i ) - the summed output, often 

referred to as the net input 

/ - a n internal state of the neuron, called the activation function, which is a function 

of the inputs it receives. It is a nonlinear transfer function that produces the scalar 

output value y. Four of the most commonly used transfer functions are shown in 

figurel.3. 

Hard Limit. y = 0 if z<0 
y = 1 if z>=0 

LogSigmoid: 
y=l/<l+e*) 

j- y * 

y • 

0 

i 

*• z 

Linear. 
v = z 

Symmetrical: y = -l if z<0 
Hard Limit v = +l if z>=0 

- * • z 

Figure 1.3. Examples of neuron transfer functions (from [3]) 

The artificial neuron performs the same basic tasks as the biological neuron: 

• processes the input data, 

• arranges this data into some manner, and 

• carries out the information to the output. 

Artificial neurons are interconnected to form a network. The network topology is 

defined from the way in which neurons are connected. 

4 



Chapter 1. Introduction 

Most artificial neural networks (ANN) have a layered topology (figure 1.4) that 

consists of: 

• an input layer that receives external inputs from outside of the network, 

• an output layer whose output is the network output, 

• one or more hidden layers that are the inner layers of a network, which do not 

receive inputs from outside and do not send out information of the network. 

Layer 1 Layer 2 Layer L-l Layer L 
Input layer Hidden layer Hidden layer Output layer 

Figure 1.4. Artificial neural network with L Layers (adapted from [4]) 

There are two topologies of artificial neural networks (ANN) [8]: 

• Feed-forward neural networks, in -which the data flows from the input to the 

output layers in a strictly feed-forward manner and no feedback is allowed. 

• Recurrent neural networks, in which the data flows from the input to the output 

layers through both feed-forward and feedback connections. Recurrent neural 
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Chapter 1. Introduction 

networks are used for systems that have some important dynamical properties, 

which need to be captured through feedback connections. 

The fundamental idea of an artificial neural network is that first it has to be trained 

with an input data set and then, the network should correctly recognize a similar but different 

input data set, which the network has not been presented before. 

The operation of an artificial neural network consists of two important steps: training 

(or learning) and testing [13]. In the training process, the neural network is fed with a given 

input set, and it modifies the connection weights such that the error between the output of the 

network and the desired output is very small. The learning process takes a great deal of time as 

it requires an artificial neural network to be presented with many examples. The testing 

process shows how well the artificial neural network has learnt. 

The power of an artificial neural network is given by the large number of 

interconnections (weights) between neurons and the adaptive nature of them. 

In conclusion, the neurons are able to store information in their weights. This 

information is used to determine the output of the network for any set of input data. During 

the learning process the weights are modified over time in order for the system to accomplish 

the desired task. 

1.3. Neural Network Implementations 

The definition of neural networks given by the inventor of the first neurocomputer, Dr. 

Robert Hecht-Nielson, is as follows: "a computing system made up of a number of simple, 

highly interconnected processing elements, which process information by their dynamic state 

response to external inputs" [5]. 

Neural networks are usually implemented as a software program on an ordinary 

digital computer. In this way the weights and activation functions are calculated serially, thus 

consuming a great deal of time. In real life there are many applications of neural networks that 

6 



Chapter 1. Introduction 

request a short time to learn and respond. Unfortunately, the software implementation of ANN 

cannot utilize the fundamental property of parallelism found in biological neural networks. To 

cope with this drawback, artificial neural networks are implemented using hardware elements 

suchasFPGAs[7,8,9,10] . 

The rapid development of technology, particularly of VLSI circuits, makes it possible 

to implement different ANNs with different learning algorithms. Even though software 

implementations are characterized by high precision (given by the possibility of using floating 

point variables with a large number of decimals) and large dynamic range of neural network 

data (only limited by the maximum floating point number that can be stored in a computer), 

this thesis has chosen a hardware implementation, which represents signals and weights with 

limited precision (because it uses only integer variables or floating point variables with one or 

two decimals) and large noise (inherited to electronic circuits). The hardware implementation 

has the advantage of being much faster than a software implementation. This is because a 

software implementation uses serial computations, whereas in a hardware implementation the 

processes are parallel, as in a biological neural network, and are much faster [3]. 

Hardware implementations of neural networks consist of interconnected circuits that 

perform the basic operations needed by a neural network to learn. These operations are: 

multiplication, addition/subtraction, thresholding, and weight storage. 

Until now, the most known hardware implementation technologies are: analog 

implementations, digital implementations, hybrid implementations, and optical 

implementations. 

1.3.1. Analog Implementations 

In analog implementations, signals are represented not by codes or numbers but by 

physical variables like voltage, current, pulse frequency, charge, or time duration [11]: 
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• Voltage representation: capacitors are used to store signals, active components 

sum voltages, and the transmission of signals between components is easily 

done through wires. 

• Current representation: summing signal operations are done by adding 

currents based on Kirchhoff's law, but the transmission of signals is more 

complicated because the original current is never exactly equal to its replicas. 

New techniques that use translinear circuits and pseudoconductances 

eliminate some of the drawbacks of this implementation. 

• Pulse frequency representation: uses pulses of fixed amplitude and duration. 

This is the main representation of signals in ANN. 

• Charge representation: summing and subtraction operations require time 

sampling and are made using charge-coupled devices (CCDs), whereas 

multiplication is a more complicated operation in this case and is easier 

performed by first translating signals to voltage or current representation. 

Some of the disadvantages of the traditional analog implementations are [11]: 

Data communications over long lines are very sensitive to random noise, such as 

thermal noise. 

Relatively poor precision of analog components due to manufacturing process 

variations, temperature variations, and aging. For example, capacitors lose their 

charge over time, which negatively influence the storage of weights in an ANN. 

Sensitive to non-random sources of noise, such as power supply noise and 

crosstalk, i.e. noise coming from other signals generated on chip. 

1.3.2. Digital Implementations 

Compared with analog implementations, digital implementations have the advantages 

of being much simpler and having a high signal-to-noise ratio. Also, digital circuits are much 
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more flexible and are easily cascade-able in comparison to analog designs. Moreover, at the 

present time, the fabrication price of digital implementations is quite low and many digital 

synthesis tools are available. Digital implementations are quite reliable [12]. 

In digital circuits, summation is realized by adders, whereas the non-linear transfer 

function can be implemented by either using small lookup tables or a dedicated circuit. 

Usually, multiplication is made by using timed multiplexers and is the most area-consuming 

operation. There are two forms of storage elements: static and dynamic, e.g. RAM cells [12]. 

Disadvantages of traditional digital implementations include: limited interconnectivity 

(even though latest FPGAs contain several tens of thousands of gates, implementations of 

ANN might require more), limited precision (variables are represented with maximum 10 bits), 

possible high power dissipation, and limited number of available input/output pins per 

chip [12,18]. 

1.3.3. Optical Implementations 

Analog and digital neural network implementations can manage large numbers of 

neurons, but their many two-dimensional interconnections consume a great deal of circuit area. 

On the other hand, biological neural networks are fully three-dimensional, exploiting 

the extra dimension at all scales from microns to centimetres [14]. 

Optical implementations of artificial neural networks offer the possibility of three-

dimensional interconnections. In some type of crystals as much as 1010 interconnections per 

cubic centimetre can be achieved. 

One of the advantages of the optical implementations is the lower power dissipation 

compared to analog and digital implementations [14]. 

In optical artificial neural networks information is coded in light intensity, thus all 

variables have only positive values. This is a drawback, because usually neuron network 

algorithms are based on negative and positive weights. 
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There are two approaches in optical implementations. One is to transform light 

intensities into electrical signals and further process them with standard electronics. The 

second approach is to do all processing with optical devices [14]. 

In optics, summation is performed by using simple lenses that can provide fan-in. It is 

easier to add light than to subtract. Subtraction can be achieved by destructive interference of 

light, but this is a difficult operation because it requires mutually coherent light beams and 

very high physical stability of the components. Multiplication is accomplished by passing an 

optical beam through a semitransparent medium. The intensity of the transmitted (or reflected) 

beams is the product of the original intensity times the medium's transmittance (or 

reflectance) [14]. 

Even though they can somehow solve the number of interconnections problem by 

using the third-dimension, optical technologies have their drawbacks: they are quite expensive; 

they have not yet become sufficiently sophisticated; and the number of neurons that can be 

implemented is still quite low [13]. 

1.3.4. Hybrid Implementations 

Fully analog implementations do not offer a reliable storage of weights and are very 

sensitive to a variety of noises. On the other hand, due to limited interconnectivity and 

precision, fully digital implementations cannot achieve the natural parallelism and 

compactness of the biological neural networks. 

For these reasons, hybrid implementations combine both digital and analog 

technologies, so that their advantages can be summed up and achieve better performances. 

1.3.5. Discussion 

In order to obtain a high accuracy of results, a small circuit area and a high processing 

speed, when designing an ANN hardware implementation we should concentrate on 

10 
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optimization of the balance of the many trade-offs involved in selecting the classes and sizes of 

the architecture, the learning algorithms, and the types of circuits. 

In the last years, many ANN implementations have been built and some of them are 

available as commercial products. However, their performance is still far behind the 

performance of the biological neural networks [12]. 

1.4. Thesis Organization and Main Contributions 

The thesis is organized into the following chapters: 

Chapter 2 presents a basic introduction to the pulse technique and describes a few basic 

examples of pulse representation found in literature. 

Chapter 3 introduces the simultaneous perturbation method and its advantages versus 

the widely used backpropagation method. 

Chapter 4 focuses on the digital hardware implementation of a neuron. First, the block 

diagram of the neuron is introduced. Then, the specification and a description of the 

functionality of the units that compose the neuron are presented in detail. Finally, the 

simulation results for each unit are presented. 

Chapter 5 describes two applications of this artificial neuron implementation. First, the 

analogical function y = 1 - X, and second the digital function XOR are implemented. 

Chapter 6 summarizes the work done in this thesis and briefly suggests some directions 

for further research developments. 

Appendix A contains the VHDL code of the state machine used in the neuron 

implementation. 

Appendix B presents the examples of the input neuron implementation schematic 

diagram. 

Appendix C summarizes each block with their signals used in the artificial neuron 

implementation. 

11 
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The main contribution of this thesis is the study and development of a gate-level 

prototyping environment for modular hardware ANN architectures using an internal 

stochastic pulse data representation. We have used QuartusII 5.1spl web edition integrated 

development environment to design, compile and simulate the developed neuron circuits and 

test neural network examples before their FPGA implementation. 

12 
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The Stochastic Pulse Data Representation Technique 

As stated in the previous chapter, analog signals can be represented by physical 

variables like pulse frequency. A representative selection of the existing pulse encoding 

techniques is shown in figure 2.1 [6,16]: 

• Pulse Amplitude Modulation - when the pulsed waveform is modulated in time and 

follows the variation of the given signal. 

• Pulse Width Modulation - when the width of individual digital pulses follows the 

variation of the given signal. 

• Pulse Phase or Delay Modulation - when two signals are used to represent each 

neural state, and the phase difference between these two waveforms follows the 

variation of the given signal, that is, the delay between the occurrences of two 

pulses is modulated. 

• Pulse Frequency Modulation - when the signal is represented as the instantaneous 

frequency of the digital pulses, whose widths are equal. 

13 
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Figure 2.1. Pulse encoding technique (from [16]) 

This thesis uses a stochastic coded pulse frequency modulation technique. The 

fundamental characteristic of this technique is that it is based on the similarities between 

Boolean algebra and statistical algebra. The two basic arithmetic operations, summation and 

multiplication, can be easily implemented with simple digital gates. An ANN implementation 

based on the stochastic pulse technique presents a fairly good computational accuracy, a high 

packing density of electronic circuits, and is very well suited for FPGAs [26]. 

2.1. Data Representation 

The probabilities of streams of random pulses were first presented by von Neumann in 

1956. Beginning with 1960, several similar stochastic data processing concepts were reported, 

such as noise computer, random-pulse machine, and stochastic computing [17]. 

In the random-pulse machine theory the analog variables are represented by the mean 

rate of random-pulse streams. This particular representation can be viewed as the probability 

modulation of a random-pulse carrier by a deterministic analog variable [24, 39]. 

ANN is one of the applications of stochastic computing. In the stochastic pulse 

technique signals are represented by probabilities and are encoded in random pulse streams. 

These pulses are of fixed amplitude and duration (digital signals) and carry information [15]. 
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For example, a number is represented by a long probabilistic bit-stream whose density 

of bits set to 1 is proportional to its numeric value. The main advantage of stochastic 

computing is the easy way in which the basic operations can be implemented. For instance, 

only a single 2-input logic gate is necessary for implementing the multiplication of two 

probabilistic bit-streams [10]. 

There are two stochastic representations [8,9]: 

• Unipolar - where a number A in the interval [0, N] is mapped to a random 

binary variable with the generating probability of A, named PA , given by: 

PA(A = 1) = ± (1) 

For example, if N = 1 then the number 0 is converted to the bit-stream 00...0 and the 

number 1 to the bit-stream 11...1. The information carried in a stochastic bit-stream A 

corresponds to P(A = 1) — PA. 

• Bipolar - where a number A in the interval [-N, N] is mapped to a random 

binary variable with the generating probability of A named PA, given by: 

PA(A = 1) = — + - (2) 
A 2N 2 

For example, if N-l then number -1 is converted to the bit-stream 00...0 and the 

number 1 to the bit-stream 11...1. In the bipolar format, the information carried in a 

stochastic bit-stream A corresponds to 2P(A = 1) -1 = 2PA - 1-

Since these two stochastic representations have quite different features, they are used 

according to the particularities of each neural network topology. If there is a need for a more 

accurate neural network, then a bipolar representation should be used, whereas for a faster 

computing neural network a unipolar representation is used [8, 9]. 
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The following sections describe the architecture of the basic signal processing 

components for a stochastic arithmetic required in an artificial neural network. The typical 

operations needed to implement an ANN are digital to stochastic pulse conversion, stochastic 

pulse to digital conversion, multiplication, and summation. 

2.2. Digital Data to Stochastic Pulse and Stochastic Pulse to Digital Data 

Conversions 

Two conversions are introduced: 

Digital data to stochastic pulse conversion - a digital value is converted to a 

bit-stream. 

Stochastic pulse to digital data conversion - the converter generates an estimate for 

the probability of the bit-stream. 

2.2.1. Digital Data to Stochastic Pulse Conversion 

The digital data to stochastic pulse conversion is made by comparing the given digital 

value, which is stored in a register, with a random number. If the random number is less or 

equal than the given digital value, the output of the comparator is set to a high level. 

Otherwise, a low level is set [31, 32, 36]. Figure 2.2 shows the schematic diagram of a digital 

data to stochastic pulse converter. 

Register ^ 

Random 
Generator 

c* 
Comp 

_rLTL_n_n_ 
Output 

Figure 2.2. Digital data to stochastic pulse conversion (adapted from [26]) 
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The probability P of a high-level output is defined as: 

„/ x Digitalvalue 
P(Output = l) = —-— 

The stochastic pulse stream at the output of the comparator is a Bernouilli's sequence 

with the probability of a high-level output equal to the given digital number stored in the 

register. According to Bernouilli's theorem, the mean of the addition of the Bernouilli's random 

variables tends to the above probability. Thus, the more pulses a circuit processes, the best 

accuracy is obtained when representing a digital value by means of a stochastic pulse stream. 

A random pulse generator is one of the fundamental elements of a digital stochastic 

processing system [26]. 

Linear Feedback Shift Registers (LFSR) 

Random numbers needed for the above conversion are obtained by using a linear 

feedback shift register (LFSR), which can be implemented with standard digital 

components [26]. 

There are known two main techniques to generate pseudo-random number sequences 

using linear feedback shift registers: 

• The Galois law and 

• The Fibonacci law 
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The Galois technique consists of a shift register, the content of which is modified at 

every step by a binary-weighted value of the output stage [8]. 
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Figure 2.3. The Galois LFSR random number generation (adapted from [8]) 

The Fibonacci technique consists of a shift register in which a binary-weighted modulo-

2 sum of the taps is fed back to the input. The modulo-2 sum of two one-bit binary numbers 

yields 0 if the two numbers are identical, and 1 if not [8]. 
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Figure 2.4. The Fibonacci LFSR random number generation (adapted from [8]) 

Galois or Fibonacci LFSR random number generation can be used to generate multiple 

pseudorandom bit sequences. The variables of such pseudorandom generators are the length of 

the LFSR and the taps from which the sequences are produced [8]. 
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2.2.2. Stochastic Pulse to Digital Data Conversion 

A given bit-stream cannot directly be converted to a binary digital number, but an 

estimate for the probability can be generated. A digital value can be recovered from a 

stochastic pulse stream by estimating its mean value in a long enough sequence. Statistically, 

the mean value estimator has a Gaussian distribution. This distribution has a mean value equal 

to the mean value of the discrete Bernoulli sequence [I, and a standard deviation cr that 

decreases with the root square of the length N of that sequence [27]: 

Mean value estimator : AN 
v 4N j 

The estimation is done by an up /down counter because probabilities can be both 

positive and negative. The stochastic pulse to digital data conversion, shown in figure 2.5, can 

be performed by counting the bits set to logic 1 in the stochastic stream X, whose sign is 

Sgn(X). NPx is the estimated number of bits in bit-stream X [9]. 
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Figure 2.5. Stochastic pulse to digital data conversion (adapted from [9]) 
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2.3. Stochastic Multiplication 

This section presents the stochastic multiplication operation for the two above 

mentioned representations: unipolar and bipolar. 

2.3.1. The Stochastic Multiplication of Two Bit-Stream Pulses with Unipolar 

Representation 

The stochastic multiplication of two bit-stream pulses with unipolar representation is 

performed by an AND gate [33, 34, 35]. The input stochastic pulse streams have to be 

uncorrelated. 

Figure 2.6 shows a stochastic multiplication of two input pulse-stream signals with 

unipolar representation, whose probabilities are PA and PB- The output pulse-stream has the 

probability Pc equal to the product of the input probabilities, which means that the output 

pulse-stream probability will have a high-level value only when both input pulse-stream 

probabilities have a high level value [26]. 

PA 

PB 
Pc 

PA 

PB 

Pc = PA; 

JlTLTirUL 
_n_n_niL 

CPB n n_ 

Figure 2.6. A stochastic multiplier using AND gate (adapted from [29]) 

For example, given the numbers A, B, and C, with 0 < A < V and 0 < B < V and 

where AB = C, the value of number C/V can be obtained by "AND"-ing the bit-streams that 

represent the numbers A and B. The probabilities of these bit-streams are PA, PB and Pc, 

respectively. The AND operation is defined as: 

PC=PAXPB (3) 
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Using the equation (1) from section 2.1 for each A, B, C numbers, we obtain: 

PA=—I PB=~ » Pc=— > (4) 
A V V V 

Introducing equations (4) in equation (3) and scaling these values with 1 / V we obtain: 

C = AxB 

2.3.2. The Stochastic Multiplication of Two Bit-Stream Pulses with Bipolar 

Representation 

The stochastic multiplication of two bit-stream pulses with bipolar representation is 

performed by an XNOR gate. 

;XNOR 

*31> 
j inst 

-*c 

Figure 2.7. The XNOR gate used for the multiplication of 
two bit stream with bipolar representation 

Figure 2.7 shows a stochastic multiplication of two input pulse-stream signals with 

bipolar representation, whose probabilities are PA and PB. The output pulse-stream probability 

will have a high-level value only when the input pulse-stream probabilities have different 

values [26]. 

For example, given the numbers A, B, and C, with -V < A < V and -V < B < V and 

where AB = C, the value of number C/2V can be obtained by "XNOR"-ing the bit-streams 

that represent the numbers A and B. The probabilities of these bit-streams are PA, PB and Pc, 

respectively. The XNOR operation is defined as: 

Pc=PAxPB+(l-PAll-PB) (5) 
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Using the equation (2) from section 2.1 for each A, B, C numbers, we obtain: 

A 1 B 1 C 1 
PA = + - . PR = + - > Pr = + - . (6) 

A 2V 2 B 2V 2 c 2V 2 

Introducing equations (6) in equation (5) we obtain: 

C = AxB 

2.4. Stochastic Addition 

So far, all the operations were performed using basic gates, thus we would be tempted 

to try to implement a stochastic addition with an OR gate. Unfortunately, using a simple OR 

gate the result of a stochastic addition of two input pulse-stream signals with unipolar 

representation, whose probabilities are PA and PB and the output pulse-stream having the 

probability Pc is not actually an addition, but it is described the following formula: 

Pc = PA + PB — PAX PB. Thus, the OR gate stochastic adder has the disadvantage of having a 

sigmoidal saturation property when a pulse overlapping occurs. The OR gate is only suitable 

for implementations in which low pulse density inputs are used [8]. 

Thus, the stochastic addition is not a simple addition. For example, the sum S of two or 

more unipolar or bipolar bit-stream signals representing values in the ranges of [0, 2] or 

[-1, 1] does not necessarily belong to [0, 1] or [-1, 1] respectively. 

One of the simplest solutions to this problem is to use a multiplexer (figure 2.8) that 

randomly selects a given input h with the probability Seh such that ~S\ Selt = 1 will generate 
i 

an output with a probability that is a scaled sum of the input probabilities. Using an N-to-1 

multiplexer, we have [8, 35]: 
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Ps=SellP!+Sel2P+- + SelP 

i, -

tr 
i»; 

Figure 2.8. The summation of an n- bit stream with 
bipolar representation: performed by a multiplexer 

The summation of two bit-stream signals with unipolar representation with Pr = li is 

a scaled sum of the inputs [9]: 

S = SelJ^+Sel2l2+--- + SelJn 

The summation of two bit-stream signals with bipolar representation is [9]: 

/ , + 1 
S = 2PS - 1 = 2 Selx — • + SeL 

/ , +1 
• + ••• +SeL 

I. +1 
•1 = 

= SelJ{ + Sel2I2 +••• + SelnIn + Sel{ + Sel2 +••• + Seln -1 = 

= 5e/,7, +Sel2I2 H vSelnln 

In an ANN implementation, the sum of the weighted inputs is obtained by using an 

N-to-1 multiplexer, whose inputs are selected randomly by a counter with a modulus equal to 

the number of inputs. This counter is driven by a single random bit in order to either increment 

or maintain its state each cycle, resulting in its random output [9]. 

Another solution to a stochastic addition is the use of a multiplexer (figure 2.9), whose 

inputs are selected by a random number generator consisting of a linear feedback shift register 

(LFSR). The LFSR acts as a "stochastic isolator", which means that it removes unwanted 

correlations between sequences with similar patterns. The outputs of the multiplexer are 
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statistically independent because its random scanning inputs are uniformly distributed and 

have the same probability [17, 33, 38]. 
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Figure 2.9. The stochastic addition circuit (from [38]) 

Another solution that uses multiplexers is the voting neuron structure, which is an 

improved version since it features a variance much smaller than that featured by stochastic 

neurons. In a conventional voting neuron circuit the neuron architecture fires whenever the 

number of the excitatory input pulses exceeds that of the inhibitory ones. In [28] the proposed 

neuron architecture is based on a voting machine, which uses two digital multiplexers and one 

shift-register, such that the numbering of the output shift-register cells represents the scale on 

which the difference between the excitatory and inhibitory pulses can be directly read after the 

neuron computation. 

2.5. Advantages and Drawbacks of using the Pulse Density 

Representation and Stochastic Technique in ANN Implementations 

In stochastic pulse density representation, signals are represented by probabilities and 

encoded in random bit-stream pulses. In this representation the adding and multiplication 

operations are stochastic processes that use pseudorandom pulse sequences. In this way, both 
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the product between inputs and weights, and the output of the neuron are represented as 

probabilities and estimated as average rates of pulse occurrences. 

The advantages of ANN implementations based on stochastic computing are: 

Large, dense, fully parallel networks can be made with basic electronic circuits 

while maintaining a high computational accuracy [10, 15]. For example, 

multiplication of two probabilistic bit-streams can be accomplished with a single 

2-input logic gate. 

They are well suited to VLSI technology, in particular FPGAs, thus offering a high 

packing density of electronic circuits [15]. 

They can handle quantized analog values based on digital circuits [7, 26, 30, 37]. 

This is because analog variables can be represented by the mean value of the pulse 

stream [15]. 

They are not vulnerable to noisy conditions. For example, variation in the 

amplitude of signals due to noise does not affect the number of pulses of the 

transformed signals because the weight of a single pulse in the pulse train signal is 

always unity. 

Some of the disadvantages of ANN implementations based on stochastic computing 

are: 

The inherent variance of the output of a neuron is very large due to the stochastic 

computation. For example, when transforming a digital value into a pulse stream, 

we compare this value with different random numbers, thus we may obtain a 

different number of pulses for the output signal for each random number. 

Due to the above mentioned variance, the number of clock cycles required to 

accomplish a given computation (summation, multiplication, etc) is increased 

because we need to compute the mean value of the pulses [9]. 
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Weights and input signals are restricted to the range [0.0, 1.0]. 

The shape of the activation function realized by the statistical saturation is almost 

fixed [23]. 
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Chapter 3 

Simultaneous Perturbation as Learning Rule 

Neurons store information in their weights, which are associated with each 

communication link. The value of the weights determines the output of the neuron for any of 

its given input. Neural networks can modify the weights during the learning process, which 

consists of the adjustment or adaptation of the network weights or parameters over time to 

enable the system to perform the task it has been designed for. 

3.1. Perturbation Algorithms 

The most popular algorithm for training multilayer networks is an approximate 

steepest descendent algorithm, named the backpropagation algorithm, in which the 

performance index is a mean square error. 

However, implementations of large backpropagation learning algorithm based ANNs 

in analog hardware create serious problems because of the need of an accurate derivative of the 

activation function in the calculation of the gradients on the error surface. 

Another disadvantage of backpropagation learning is that its implementation asks for 

separate circuitry for the backward pass of the algorithm. 
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In order to overcome these drawbacks, perturbation algorithms as learning rules that 

are better suited for hardware implementations have been designed. 

The main idea of perturbation algorithms (proposed by Maeda in [7]) is to calculate a 

direct estimate of the gradients by a slight random perturbation of some network parameters 

(e.g. weights and inputs), using only the forward pass of the network to measure the resulting 

network error. By eliminating the complex backward pass, these algorithms yield to much 

more simpler and robust implementations [19]. 

There are two types of perturbation learning algorithms: 

• Node perturbation - in which each gradient is estimated by perturbing the input value of 

the neuron. The Madaline-3 rule, the first node perturbation algorithm, was based on an 

application of the chain rule, which is standard in the deviation of the backpropagation 

algorithm. The disadvantage of this type of learning is that the node perturbations are 

performed serially, thus the complexity of the circuits increase significantly as compared 

with implementations based on backpropagation learning rule [20]. 

• Weight perturbation - in which each gradient is estimated by perturbing the weight value 

of the neuron [21]. The weight perturbation algorithm performs better when limited 

precision weights are used, but on the other hand, even though the addressing and routing 

circuitry is simpler, the weights are perturbed serially, thus a higher computational 

complexity is needed [18, 25]. The loss of parallelism can be addressed by perturbing all the 

weights of the neuron simultaneously and using the resulting error to update the weights. 

The weights have to be perturbed more than once in order to obtain a fairly estimate of a 

gradient descent weight, but the number of perturbations is quite small compared to the 

number of the weights of the network [26]. 

28 



Chapter 3. Simultaneous Perturbation as Learning Rule 

3.2. Simultaneous Weight Perturbation 

The concept of weight perturbation can be understood by observing that the gradient 

descent weight tipdate can be approximated by finite differences: 

c 

where: 

Aw' is a modifying quantity for the i-ih weight, 

W is a weight vector, 

J(w) denotes the unperturbed error function and Jdu+ce*) denotes the perturbed 

error function, 

C represents a magnitude of the perturbation, 

OC is a positive coefficient (represents the learning coefficient), and 

ei is the fundamental vector whose /-th component is 1 and the others are 0 [19]. 

In order to overcome the loss of parallelism, this thesis concentrates on the 

simultaneous perturbation learning rule instead of the simple weight perturbation. 

The simultaneous perturbation learning rule computes the weight updates according 

to [7,19,30,37]: 

wl+l = w , - f l A w , (2) 

,- iJ(w,+cs,)-J(wt) 
Aw, = st — (3) 

where: 

Wt is the weight vector, including the threshold of all neurons in a network at the 

Z-th iteration, 
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C is the magnitude of the perturbation, 

ais a positive constant (the learning coefficient), 

AvOi is the modification of the weight vector Wt, with the component i given by 

Awt', 

Si denotes the sign vector. If the sign is +1, then a positive perturbation +C is 

added to the Z-th weight, and if the sign is —2, then a negative perturbation — C is 

used. 

The value of the constant C is empirically determined and controls the magnitude of 

the perturbations. 

The sign of Sh satisfies the following statistical requirements [7,19,30,37]: 

is randomly determined with a zero mean for each iteration. 

is independent of the sign of the y-th element Sh of the sign vector. This means that 

a different sign is used for a different weight. 

its characteristic function has periodic zeros: 

E(s't) = 0, E(s[si) = 0(i*j) (4) 

where £ is the expectation. 

The error function f(lO) is defined as follows: 

J(w) = \o~d\ (5) 

where: 

0 is the output of the neural network, and 

d is the teaching signal corresponding to the output 0. 

Usually the error function is defined by a square error, but for simplification we use an 

absolute error. 
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In the simultaneous perturbation learning rule, the modifying quantities AWt of the 

weight vectors ZVt are calculated using the unperturbed error function }(w) and the perturbed 

error function Jiw+ce1). This means that two forward operations are performed in the 

network. In this way we obtain ]{w+C&) - }(w) , which multiplied by S'/c yields to the right 

hand side of equation (3). This result, Au>tl, is an estimated gradient of the error function with 

respect to WK By repeating the same above calculation for i = l,...,n all the weights are 

updated [7,19,30,37]. 

Expanding the error J(u>t+CSt) at the weight Wt, there exist Wsi, such that 

u ^ ^ u ^ rdJiw,) , c2
 T d2J(u(wsl)) 

J(wt+csl) = J(w,) + csl + — s, 2 s, (6) 
aw 2 dw 

Therefore, equation (3) becomes: 

; r dJ(wt) | cs't ^T d2J(u(wsl)) 

dw 2 ' dw2 *w:=s:s!^rlL+^s!"T:sist (7) 
Taking into consideration the conditions from equation (4), an expectation for the 

quantity in equation (7) is: 

EiA^J-^l (8) 
dw, 

This means that the modifying quantity is an estimate value of the first differential 

coefficient: 

Aw - — £ _ i _ (9) 
' o(w't) 

In conclusion, in order to obtain estimators of the first differential coefficients of the 

error function with respect to all weights in the network, the simultaneous perturbation 

learning rule requires only two forward operations through the ANN [7,19,30, 37]. 
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3.3. Advantages and Disadvantages of using the Weight Simultaneous 

Perturbation as Learning Rule 

The simplicity of an ANN implementation based on the weight simultaneous 

perturbation optimization method derives from the following considerations: 

• The weight simultaneous perturbation method can estimate the gradient using 

only two values of the error function [7,19, 30,37]. 

• This learning rule requires only forward operations of networks and does not have 

to calculate the backpropagation error, thus only one circuit realizing the learning 

mechanism is used to update all the weights, even if the number of weights is 

large [7,19, 30, 37]. 

• The method can be implemented with ordinary logical elements used in common 

digital circuits [7,19, 30, 37]. 

The disadvantages of the weight simultaneous perturbation algorithm are: 

• Limited precision weights, which has to be in the interval [0, 1]. 

• Not efficient for neural networks with a large number of neurons [19]. 

3.4. Learning Mode Implementations 

Any hardware implementation of a neural network needs to optimize the trade-off 

between three main constraints: high accuracy, compactness, and processing speed [22]. 

High accuracy leads to high resource consumption and the hardware implementation 

does not present a very fast computational speed [18]. 

Therefore, hardware implementations of neural networks typically use a 

representation of the network parameters with a limited accuracy. There are three methods to 

deal with the limited accuracy problem and they are divided according to three different 

training modes for the neural network hardware implementation [18]: 
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3.4.1. Off-Chip Learning 

In this case, the learning process is not accomplished in the hardware implementation, 

but instead it takes place on a high-precision computer. The learning process results, e.g. the 

weights, are then quantized and downloaded onto the chip at the end of iterations, thus only 

the forward pass in the recall phase is performed on-chip [18]. 

3.4.2. Chip-In-The-Loop Learning 

In the chip-in-the-loop learning implementation, the neural network hardware is also 

only used in the forward propagation and the weights are calculated on a computer, but the 

updated weights are downloaded onto the chip after each training iteration. In order to 

increase the accuracy of the system, special functions that transform the weights into discrete 

values are used [18]. 

3.4.3. On-Chip Learning 

In the on-chip learning implementation, the training process of the neural network is 

accomplished entirely on-chip, without the use of an extra computer. Since the learning is done 

only on-chip, the advantage of this technique is that the neural network can be continuously 

trained, but the drawback that results is that the weight values are represented with limited 

precision [18, 31]. 

Chapter 4 presents a two-input neuron digital implementation with the ability of on-

chip learning based on the weight simultaneous perturbation method. The inputs, weights, and 

outputs are described by pulse density signals. The basic computing operations needed in this 

implementation are based on stochastic logic. The implementation is made on an Altera Field-

Programmable Gate Arrays (FPGA). 
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Digital Hardware Implementation of a Neuron 

As previously stated, the property of biological neural networks of being massively 

parallel in structure is not met in artificial neural networks (ANN) that are implemented as a 

software program on an ordinary digital computer. To deal with this drawback, a hardware 

implementation of neural networks must be used. 

Any ANN hardware implementation must satisfy four basic criteria: 

• to allow building systems with large numbers of artificial neurons; 

• to permit the neurons of the net to make large number of connections to other 

neurons; 

• the weights of the neurons must be changeable such that the ANN can learn and 

adapt; 

• the ANN needs to be implemented in a small package with a manageable 

dissipated amount of power [13]. 

At the same time the hardware implementation of an ANN has to optimize three main 

constraints: accuracy, space and processing speed [22], Although the analog implementation of 

the ANN is characterized by small area and low speed, the accuracy of the network 

34 



Chapter 4. Digital Hardware Implementation of a Neuron 

components are limited. On the other hand, digital implementations using hardware elements 

such as Field-Programmable Gate Arrays (FPGAs) offer a better optimization of the three 

previous constraints. 

With this in mind this thesis describes a digital implementation of an artificial neuron 

using Field-Programmable Gate Arrays (FPGAs). 

The key advantages of a digital implementation using FPGAs are [10]: 

• provides a reprogrammable hardware resource; 

• can be personalized to specific ANN configurations; 

• reduced hardware development cycle; 

• low cost. 

I chose the Altera's University Program Development Board (UP2) that actually 

contains two CPLD development boards in one. The Altera MAX 7128S series chip on the left 

side of the board has a gate count of over 2,500, while the FLEX10K70 series chip on the right of 

the board has over 70,000 gates [39], Since a digital implementation needs a great deal of 

resources, this thesis uses the FLEX chip (EPF10K70RC240-4) [39]. 

The entire implementation uses the Mega Wizard Plug-In Manager megafunctions in 

the QuartusII software version 51spl from Altera installed on a PC that has a 1.8 GHz Pentium 

4 microprocessor, 512 MB RAM and is running Windows XP operating system. 

Megafunctions are standard performance-optimized functions for Altera devices that 

have the following advantages [40,41]: 

• provide efficient logic synthesis and device implementation; 

• offer improved performance compared to basic logic elements; 

• automate the coding process saving design time. 

The overall configuration of one artificial neuron is shown in figure 4.1. Basically, the 

artificial neuron consists of one or more Weight Units and a Neuron Unit. In figure 4.1, the 

neuron is connected to a Learning Unit and a Command and Control Unit, which are needed 
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for its proper functioning. Hence, an ANN implementation can have numerous weight and 

neuron units but only one learning unit and one command and control block. The weight unit 

calculates the product of the input signals and weight value. The neuron unit calculates the 

thresholding stochastic weight sum of inputs. The learning unit calculates the quantity of 

modification for all weights and sends it to all weight units. This quantity has the same value 

for all the weights. 

clock 

reset 

Inputs! A 

Command and 
Control Unit 

Teaching Inputs 

Weight 
Unit 

Weight 
Unit 

Neuron 
Unit 

Artificial 
Neuron 

Modifying Quantity 

Learning Unit 

Output 

- • 

Figure 4.1. One artificial neuron and the units needed for its functioning 

The simulation of each unit of the artificial neuron was executed with the Quartus II 

Simulator, which can perform two types of simulations: functional and timing. 

The functional simulation verifies the logical operation of the design without taking 

into consideration the timing delays in the FPGA. This simulation is performed using only 

register transfer level (RTL) code. In contrast, timing simulation verifies the operation of the 
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design taking into consideration timing information. This simulation is performed using the 

post place-and-route netlist. 

Figure 4.2 (part a) and figure 4.3 (part b) show the implementation of one artificial 

neuron with two weights, whose block diagram is presented in figure 4.1. The entire design 

has been implemented on Altera's University Program Development Board (UP2). As can be 

seen, we need just one unit for commands and controls (instl), one block for learning (inst6), one 

unit for neuron (inst), and two units for weight (instl, and inst3). The four blocks instlO, instil, 

instl3, and instl4 are not mandatory, as they implement the negative or positive bias of the 

neuron. 

The next sections will present the schematic diagram, the functionality and the 

simulation results of each unit of this implementation. 
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Figure 4.3. The two-input neuron - schematic diagram (part b) 

39 



Chapter 4. Digital Hardware Implementation of a Neuron 

4.1. The Clock Unit 

Regardless of the number of neurons and the number of weights of a neural network, 

the clockjunit is the only timing block of the neural network implementation. Its purpose is to 

feed the entire neuron implementation with clock signals. The symbol of the clock_ unit is 

shown in figure 4.4. 

clock_unit 

— 

! in 

reset 

clock 

st2 

PulseCounter[7..0] 

AdderlnSel[7..0] 

State Reset 

Clockn/256 

Clock/256 

StateClockn 
StateClock 

LayerO 

LayeM 

Layer2 

_4 
— > 
— r 
— ? 

— ? 

—I 
— [ 

Figure 4.4. The clockjunit symbol 

Figure 4.5 shows the clock signals that need to be implemented. The clock and reset 

signals are the inputs to the unit. After every 256 pulses of clock, one pulse of the Clockn/256 is 

obtained. It is proposed that one state to last for 255 pulses of the Clockn/256 signal. 

Two more signals are defined: StateReset and StateClock, which will indicate the 

beginning and the end of a state. 

Finally, we need some other signals which match the number of layers in which the 

neurons are organized. For example, for an ANN with 3 layers, we need three signals: LayerO, 

Layerl, and Layer2. 
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clock -

Clockn/256 -

StateReset -

LayeiO 

Layerl 

Layer2 

StateClock 

reset P -

_TL 

_TL 

J l _ 

J r 

J1_ 

JT. 

J T . 

_TL 

J 253" 

_TL 

J~L 

State 1/i 

254 

_TL 

X L 

Figure 4.5. The clock timing diagrams to he implemented 

4.1.1. Description and Functionality 

The clock_unit is shown in figure 4.7 and consists of: 

• clock_counter - is a binary up counter, with an 8-bit wide output q[7..0] and a carry-

out cout port. It has two inputs: clock and synchronous clear sclr. 

• clock_counter255 - is an 8-bit up direction counter q[7..0]. The modulus of the 

counter is set to 255. It has synchronous clear sclr and carry-in cin input ports. 

• decode_8tol - is an 8-line-to-l-line decoder that has 8 inputs and 1 active-high 

output. The data input is treated as an unsigned binary encoded number. The 

decode_8tol decodes only the state 0. 

• decode_8to254 - is an 8-line-to-l-line decoder that has 8 inputs and 1 active-high 

output. This decoder outputs one active-high pulse when clock__counter255 reaches 

binary 254. The data input is treated as an unsigned binary encoded number. 

• decode\_3to4 - is a 3-line-to-4-line decoder that has four active-high outputs, used 

with an output latency of 1 clock cycle. It also has three data inputs and one enable 

input. The enable input shows that all outputs are low when not active. The data 
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input is treated as an unsigned binary encoded number. The decode_3to4 decodes 

only state 1, state 4, state 5 and state 6. 

The clock_unit has only two input signals: reset and clock. 

• reset is an input that clears the registers at power on. This reset signal can be 

obtained with a simple circuit that consists of a capacitor (CI) and a resistor (RIO) 

shown in figure 4.6. 

At power on, the capacitor CI is discharged, thus the inverter gate has an active-

high output (reset condition). Then the capacitor CI begins charging and after the 

R10*C1 time-out the voltage reaches the logic 1 level that is applied to the inverter 

gate, which generates a 0 logic at its output (reset is inactive). 

vcc 

1N41 

Reset 

GND 

Figure 4.6. The additional reset circuit 

• clock is a positive-edge-triggered signal that is the general clock of the entire 

neuron network implementation. It is an external signal. 

The output signals of the clock unit are: 

• PulseCounter is an 8-bit bus q[7..0] that counts from 0 to 254. 

• AdderlnSel is an 8-bit bus q[7..0] that counts from 0 to 255. 

• StateReset is a positive pulse that appears in each state cycle on the first active low 

level of Clockn/256. 
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• Clockn/256 is identical to AdderlnSeU, which is the most significant bit of the 8-bit 

bus AdderInSel[7..0]. 

• Clock/256 is Clockn/256. 

• StateClock, is the 255th positive pulse of Clockn/256 and it is obtained by decoding 

the value 11111110 of PulseCounter[7..0]. 

• StateClockn is StateClock . 

• LayerO is a short positive pulse that appears in each state cycle on the first active 

high level of Clockn/256. 

• Layerl is a short positive pulse that appears in each state cycle on the first active 

high level of Clockn/256, but after LayerO. 

• Layer2 is a short positive pulse that appears in each state cycle on the first active 

high level of Clockn/256, but after Layerl. 

On the negative edge of the reset signal, clock counter starts to count up. When it reaches 

the maximum number of the pulses (256), the next counter clock_counter255 starts counting. 

This second counter counts up only to 255 pulses. The output PulseCounter[7..0] of 

clock_counter255, is decoded by decode_8tol and decode_8to254 in order to obtain StateReset and 

StateClock. The purpose of the AND gate insti is to narrow the width of the StateReset pulse so 

that it equals the width of the AdderInSel4 pulse. 

On the positive edge of the clock of the D flip-flop instl and when AdderlnSeU is high, 

the output of the D flip-flop {StateClock) goes to zero. 

On the positive level of the AdderInSel4 signal, decode_3to4 is controlled by the selection 

signal AdderInSel[7..5] to decode only the states 1, 4, 5, and 6. In this way, on each high level 

pulse of the Clockn/256 signal, we obtain four successive pulses of width equal to the positive 

level of the AdderInSel4: StateReset, LayerO, Layerl, and Layer2. 
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4.1.2. The Simulation Results 

Prior to running a simulation, we must create a vector source file, Vector Waveform 

File (.vwf), which is the source of simulation input vectors. This file is used by the Quartus II 

Simulator to generate the output signals that a programmed device would produce under the 

same input conditions. 

The Vector Waveform File contains the following: 

• Maximum frequency fmax = 20 MHz 

• End time of simulations = 300 ms 

• reset after 6 clock's pulses 

• The clock signal frequency f = 5 MHz, which means T = 200 ns 

• One state = 255 * (256 clock pulses) = 255 * (200 ns x 256) = 255 * 51200 ns = 13.1 ms 

The simulation has been made on the ALTERA FLEX 10K family EFP10K70RC240_4 

FPGA device. 

The simulation lasted 2 minutes and 17 seconds. The implementation of this unit uses 

35 total logic elements and needs 26 total input/output pins. The simulated waveforms are 

shown in detail in figure 4.8 and 4.9. 

By comparing these figures with the signals in figure 4.5 we can see that the simulated 

output signals are the same as those to be implemented. 
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4.2. The State Machine Unit 

The objective of the statejnachine unit is to implement a state machine that uses control 

inputs as well as the clock to direct their operation. The outputs of the state machine will be 

function of the present state and synchronous to the system clock. The symbol of the 

statejnachine unit is shown in figure 4.10. 

| statejnachine 

1— 
|— 
j — 
|— 

! in 

StateClockn 

Reset 

RestartTrial 

TrialEnd 

St 

GReset 

Rlnit 

Wlnit 

NPrpg 

NErr 

NErrF 

WPerturbation 

PPrpg 

PErr 

PErrF 

WModification 

Testing 

—\ 

— f 

Figure 4.10. The statejnachine unit symbol 

The following definitions are introduced: 

• a pattern is when one set of data inputs are propagated forward trough the 

consecutive layers of the ANN in order to obtain an output. 

• an epoch is a period of training process involving ANN weight updates using 

training error from all patterns of training data just one time. 

• a trial consists of many epochs with the same OC (the learning coefficient) and C 

(perturbation). 

This thesis implements a synchronous state machine whose outputs are signals named 

after states. An assignment is defined for every state: 

0. In this state a general reset for all the registers of the implementation is generated. 
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1. In this state the random generators are initialised with random numbers. 

2. In this state the weights are initialised to an initial random number value. 

3. This state is for the normal propagation throughout the ANN. 

4. In this state the error between the number of pulses of the output of the ANN and the 

corresponding teaching signal J(G)) is calculated. 

5. In this state the result obtained in the previous state is transformed in an equal number of 

pulses, named error function calculation. 

6. In this state the weights are perturbed simultaneously with the perturbation c, which is 

constant, but with different signs. 

7. This state is for the perturbed propagation throughout the ANN. 

8. In this state the error between the number of pulses of the output with perturbation of the 

ANN and the corresponding teaching signal J(co+cs) is calculated. 

9. In this state the result obtained in the previous state is transformed in an equal number of 

pulses, named error perturbed function calculation, and if the error < 0.01 or the number of 

epochs > 216 the trail ends and goes to the testing procedure (state 11). 

10. In this state the weight's modification (either through modification or perturbation) is 

calculated. 

11. During this state the neural network can be tested in order to see if it has learnt properly. 

The state machine remains in this state until an exterior RestartTrial signal is applied. Then 

the state machine goes to state 2. 

Figure 4.9 shows the timing diagram of the state machine. 
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Reset 
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Trial End — 

Restart Trial — 

Pattern 1 

Trial 1 

Pattern 2 

_n_ 

Pattern N 

Testing 

n_ 

Figure 4.11. The statejnachine timing diagrams to be implemented 

Trial n 

Pattern 1 

4.2.1. Description and Functionality 

After the states were previously defined, we obtained the number of flip-flops that is 

equal to the number of the state variables in the state machine shown in figure 4.12. The state 

machine has 12 states. The duration of one state was specifically defined in section 4.1. 

The names of the states of the statejnachine unit and its output signals are: 

State 0 = General Reset, which gives the output GReset 

State 1 = Random Generators Initialization, which gives the output RInit 

State 2 = Weight Initialization, which gives the output WInit 

State 3 = Normal Forward Network Propagation, which gives the output NPrpg 

State 4 = Normal Output Error Calculation (testing signal), which gives the output 

NErr 

State 5 = Normal Error Function Calculation, which gives the output NErrF 

State 6 = Weight Perturbation, which gives the output WPerturbation 

State 7 = Perturbed Forward Network Propagation, which gives the output PPrpg 
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State 8 =Perturbed Output Error Calculation (teaching signal), which gives the output 

PErr 

State 9 = Perturbed Error Function Calculation, which gives the output PErrF 

State 10 = Weight Modifications, which gives the output WModification 

State 11 = Testing, which gives the output Testing 

TrialEnd (small error or maximum epochs) 

Figure 4.12. The statejnachine - state diagram 

The functionality of the statejnachine is very simple. First, if the machine is in the start 

State 0 and reset is logic 1, then there is no transition. When reset falls down in logic 0, then 

when the first StateClock goes to 1 there is a transition to State 1. Moreover, if the reset is kept in 
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0, there is another transition to State 2 and so on, until State 9 is reached. Now, there are two 

branches that can follow: 

• If the TrialEnd signal is 1, which means the right values for weights were found, 

then there is a transition to State 11. Then, if the RestartTrial signal is 0 the state 

machine remains in State 11, else it goes to State 2 to start the cycle again. 

• If the TrialEnd signal is 0, which means the right values for weights were not 

found, then there is a transition to State 10, and so on. 

• Finally, the state machine stops in State 11 when the error < 0.01 or the number of 

the epochs > 216. 

The input signals of the statejnachine unit are: 

• StateClockn - this signal comes from the clock-unit and is the general clock. 

• Reset - this is the reset signal that comes from the additional reset circuit shown in 

figure 4.6. 

• RestartTrial - this signal is the output of the following additional reset circuit 

(Figure 4.13) that was implemented on the Altera board : 

vcc 

R10 
10k 

SW1 

Restart Trial 

U15 

INV 
C1 
10U 

RestartTrial 

Figure 4.13. The additional RestartTrial circuit 

When SW1 is pushed, a positive pulse is generated resulting in the RestartTrial signal. 

• TrialEnd - this signal comes from the controls_unit and shows when the learning 

process has stopped. 
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The state jnachine unit consists of the neuron_states block and the state_dec block, which 

are shown in figure 4.14. 

StateClookn 

Reset 

RestartTrial 

T r i a T i n ™ ' ™ 

neuron„states 

2JEJ-
2zMt± 

StateClockn q[3..0] 

Reset 

RestartTrial 

TrialEnd 

• inst 

state dec 

data[3..0] 

eqO 

eq1 

eq2 

eq3 

eq4 

eq5 

eq6 

eq7 

eq8 

eq9 

eq10 

eq11 

SOUTP1IT 

OUTPUT 

'OUTPUT 

OUTPUT 

^OUTPUT 

iOUTPUT 

'OUTPUT 

;QUTPUT 

'OUTPUT 

'OUTPUT 

'OUTPUT 

'OUTPUT 

2> GReset 

— — « 
_ „ _ „ 

W Perturbation 

_ ™ _ 

5'iA/M^iSatioir 

instl 

Figure 4.14. The state jnachine - schematic diagram 

neuron_states block - is a state machine that generates at its output a 4-bit state 

code. It was defined in VHDL within a CASE statement from the QuartusII 

software version51spl. The code is attached in appendix A. 

state_d.ec block - consists of a 4-line-to-12-line decoder that has active-HIGH 

outputs. Only the first 12 states are decoded. 

4.2.2. The Simulation Results 

Prior to running a simulation, we must create a vector source file, Vector Waveform 

File (.vwf), which is the source of simulation input vectors. This file is used by the Quartus II 

Simulator to generate the output signals that a programmed device would produce under the 

same conditions. 

The Vector Waveform File contains the following: 

• Maximum frequency fmax = 20 MHz 

• End time of simulations = 300 ms 
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• reset after 6 clock's pulses 

• The clock signal frequency f = 5 MHz, which means T = 200 ns 

• One state = 255 * (256 clock pulses) = 255 * (200 ns x 256) = 255 * 51200 ns = 13.1 ms 

The simulation has been made on the ALTERA FLEX 10K family EFP10K70RC240_4 

FPGA device. 

The simulation lasted 2 minutes and 10 seconds. The implementation of this unit uses 

29 total logic elements and needs 16 total input/output pins. The simulated waveforms are 

shown in detail in figure 4.15,4.16 and 4.17. 

As seen from the above mentioned figures, the statejnachine has a correct functionality. 

However, we can see some short glitches of 2.1 ns, but they do not disturb the 

functionality of the statejnachine because they do not appear on the active positive edge of the 

clock. Such being the case, the glitches were not eliminated. 
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Chapter 4. Digital Hardware Implementation of a Neuron 

4.3. The Command Unit 

The symbol of the commands_ unit is shown in figure 4.18. 

| commands_unit 

i__ R|nit 

I—• Clockn/256 

h— Wlnit 

j — SiateClock 

I-— GReset 

j — NErrF 

j — PErrF 

\— Layer2 

j — PulseCountert7..0] 

i instl 

Figure 4.18. The commands_unit symbol 

The purpose of this block is to provide successive command signals for initializing the 

pulse^generator units and the weight_counter units. At the same time, commands_ unit will 

generate the initial random number needed to initialize the random generators in order to 

obtain a good source of pseudorandom sequence. Equally important, the commands_unit will 

randomly generate the signs for perturbations and for the modified quantities from the 

learning unit. 

4.3.1. Description and Functionality 

The commands_unit contains one 8-bit random generator block, one 9-bit random 

generator block, two registers and a couple of basic digital gates to make the logic operation as 

it can be seen in figure 4.19. 

• random9_generator - is a block that will be described in section 4.3.2 of this thesis 

and generates an 8-bit random signal named Initln and a 1-bit random signal 

named Signlnitln. Initln is used for a random initialization of all the 8 random 

lnitln[7..0] 
Signlnitln 

SignChange[7..0] 

R_lnit[15..0] 

W_lnit[7..0] 
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generators of the neural network, whereas Signlnitln is used for the initialization of 

the sign of the weights. 

• randomSgenerator - is a block that will be described in section 4.3.3 of this thesis 

and creates the 8-bit SignChange signal. 

• decodelG - consists of an 8-line-to-l6-line decoder that has active-HIGH outputs, 

with an output latency of 1 clock cycle, and an enable input. When the enable input 

is LOW then all the outputs are LOW. This decoder has a number of outputs equal 

to the number of the Pulse_generator units. For example, for a 2-input neuron, the 

number of outputs of decode!6 is 16. The decodeU decodes all its states. 

• decoded - consist of an 8-line-to-8-line decoder that has active-HIGH outputs, with 

an output latency of 1 clock cycle, and an enable input. When the enable input is 

LOW then all the outputs are LOW. This decoder has a number of outputs equal to 

the number of the weight_unit units. For example, for a 2-input neuron, the number 

of outputs of decodeS is 8. The decoded decodes all its states. 

The input signals of the commands_unit are: 

• 9binaryconst[8..0] - the external random-number constant input that initializes the 

random9_generator. 

• RInit - this signal comes from the statejnachine unit and indicates the state when 

the random generators need to be initialized. 

• Clockn/256 - this signal comes from the clockjmit and it is the general clock. 

• WInit - this signal comes from the statejnachine unit and indicates the state when 

an initial value of weight and its corresponding sign need to be initialized. 

• StateClock - this signal comes from the clockjunit and it is a small pulse given at the 

end of each state. 

• GReset - this signal comes from the state_ machine unit. 
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• 8binaryconst[7..0] - the external random-number constant input that initializes the 

random8_generator. 

• NErrF - this signal comes from the statejnachine unit and indicates the state in 

which the error function is calculated. 

• PErrF - this signal comes from the statejnachine unit and indicates the state in 

which the perturbed error function is calculated. 

• PulseCounter[7..0] - this signal comes from the clock_unit counting the 255 pulses in 

one state. 

• Layer! - this signal comes from the clockjunit and is a short positive pulse that 

appears in each state cycle on the first active high level of Clockn/256, but after 

Layerl. 

The output signals of the commands junit are: 

• Initln[7..0] - is the random number that represents the initial value the 

weightjzounter units and the pulse^generator units are loaded when ANN begins to 

learn. 

• Signlnitln - is the randomly generated signal that indicates the sign of the initial 

value of the weight. 

• SignChange[7..0] - each bit of this signal goes to one of the weight_unit units to 

change the sign of the weight. The number of bits of this signal is equal to the 

number of the weight units. For instance, for 8 weight units we need an 8-bit 

SignChange signal. 

• R_Init[15..0] - every bit of this signal initializes one of the pulse^generator units. 

• W_Init[7..0] - every bit of this signal initializes one of the weight_unit units. 

The randomS^generator provides the initial random numbers to the random8_generator 

units located in the pulse ̂ generator units. In addition, the least significant bit of the 

randoms ̂ generator output provides the initial random sign for the initial weights. These 
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random numbers are generated only during the first logic-HIGH of Clockn/256 from RInit state 

and the logic_HIGH StateClock of WInit state of the state_machine. The random9_generator will 

be explained in section 4.3.2. 

Only at the beginning of RInit state the decodel6 detects the presence of its binary input 

values. The decodel6 block successively provides the narrow initializing pulses to the 

random^generators units. 

In the same way, the decode8 block successively provides the narrow initializing pulses 

to the weight units, during the WInit state. These pulses have the same width as the pulses of 

Layer! signal, as can be seen in figure 4.19. The address lines of decodeU and decoded blocks are 

provided by PulseCounter[7..0]. 
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Chapter 4. Digital Hardware Implementation of a Neuron 

4.3.2. 8 and 9-bit Random Generator Units 

As can be seen in figure 4.19, the schematic diagram of the commands_ unit contains 

two blocks named random9_generator and random8_generator. This section describes these two 

blocks. The symbol of the randoms_generator unit is shown in figure 4.20 and the symbol of 

| randomsLgenerator ] 

Randlnit I 
Randlnitln[8..0] RandOutput[8..0] —f 
RGCIock 

I inst j 

Figure 4.20. The random9_generator symbol 

randomsgenerator unit is shown in figure 4.21. Both of them are sources of pseudorandom 

\ random8_generator ] 

Randlnit 

Randlnitln[7..0] RandOutput[7..0] —f 
RGCIock j 

| instl \ 

Figure 4.21. The random8_generator symbol 

numbers. They can easily be implemented by using standard digital gates. A Fibonacci 

implementation using linear feedback shift registers (LFSR) has been used, which consists of a 

simple shift register in which a binary-weighted modulo-2 sum of the taps is fed back to the 

input. These standard digital gates never produce totally random numbers, thus the results are 

actually pseudo-random sequences. However, a very long pseudo-random binary sequence 

can be considered a random sequence. The table in figure 4.22 shows how to generate an n-bit 

pseudo-random binary sequence. 

For instance, in order to obtain an 8-bit random generator, an 8-bit shift register that 

shifts left one bit per each clock cycle is needed. From the table in figure 4.22 we can see that for 
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n = 8, bits 8, 6, 5, and 4 must be XORed together in order to obtain the next shifted input used 

as the least significant bit in the shift register. 

n 

3 
4 
5 
6 
7 
8 
9 
10 
11 
12 

XOR 
From bits 

3,2 
4,3 
5,3 
6,5 
7,6 

8,6,5,4 
9,5 
10,7 
11,9 

12,6,4,1 

Figure 4.22. Primitive Polynomials Modulo 2. 
Note: The least significant bit number is "1". 

Adapted from [40]. 

As it can be seen from the table, only a minimal number of XOR gates are needed for 

the circuit. If the previous value is "x", then the next value in the random sequence is actually 

"2x" or "2x+l". 

In this way, we can build a pseudo-random generator with 2n-l non-zero sequences, 

which are repeating themselves in the same order. 

The counter must first be loaded with an initial value, named the seed, which cannot 

be zero because otherwise the shift register would be stuck at zero. The circuit will always 

generate the same sequence of numbers for a given initial seed value [40]. 

In this thesis, the 9-bit pseudo-random generator creates the seed for the 8-bit 

generators, which means that the 8-bit random generators have different seeds for every trial 

cycle. Figures 4.23 and 4.24 show the schematic diagrams of random9_generator and 

random8_generator, respectively. 
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All the random generators must be initialized only one time per trial in the RInit state 

of the statejnachine unit. Also, the weight units must be initialized only in the WInit state of the 

statejnachine unit. 

The functionality of the random9_generator is the same as the random8_generator. 

Randlnit 

"RrndTnTt ln lOr" ' " * 

; RGCIock 

B=HH 
U^> .y.bfc'. — 

=>.1W. ! 

! in 

XOB i 
• TV i 

' f T( ' ^ VV 
— — \ \ • 

! inst48 ! 

shift_reg_9 
left shift 

load 

data[8..0] 

>c,ock
 q [ 8 - ° ] 

shiftin 

St 

3 

13 
O 

R
an
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R
an
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ut

 

Figure 4.23. The random9_generator - schematic diagram 

Randlnit 

"TandlnlhTr'bT 

I RGCIock 

4EUJ-

-JPUT 

; X O R ; 

! \ ^ _ \ ^ - f - , ! inst2 ! 
I inst3 I 

shift8 

load 
data[7..0] 

left shift 

> clock 

shiftin 

q[7..0] 

inst4 

XOR-

instl I 

o 

PIITPUT •y RandOutput[7..0] 

Figure 4.24. The random8_generator - schematic diagram 

65 



Chapter 4. Digital Hardware Implementation of a Neuron 

4.3.3. The Simulation Results 

In order to simulate the commands_unit we need to use the clockjunit and the 

statejnachine unit. 

The Vector Waveform File contains the following: 

• Maximum frequency fmax = 20 MHz 

• End time of simulations = 300 ms 

• reset after 3 clock's pulses 

• The clock signal frequency f = 5 MHz, which means T = 200 ns 

• One state = 255 * (256 clock pulses) = 255 * (200 ns x 256) = 255 * 51200 ns = 13.1 ms 

• 9binaryconst[8..0] is set to 011010010 

• 8binaryconst[7..0] is set to 01010100 

The simulation has been made on the ALTERA FLEX 10K family EFP10K70RC240_4 

FPGA device. The simulation lasted 15 minutes. The simulated waveforms are shown in 

figures 4.25 to 4.30. 

Figure 4.25 shows the random outputs of the random9_generator seeded with the value 

of 011010010. Figure 4.26 shows the random outputs of the random8__generator seeded with the 

value of 01010100. 

Figure 4.27 shows the R_lnit [15..0] signal generated during the RInit state. The glitches 

that can be seen on the R_Init waveform in figure 4.27 do not affect the functionality of the 

commands_\xnit because they do not appear during the active period of R_Init. In the same 

figure we can see that the Signlntln and Initln[7..0] signals are random numbers. 

Figure 4.28 shows the W_ Init[7..0] signal generated during the WInit state. In the same 

figure we can see that the Signlntln, Initln[7..0] and SignChange[7..0] signals are random 

numbers. 

Figures 4.29 and 4.30 show the RJnit and W_Init signals synchronized with all the 

states of state_machine. 
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Chapter 4. Digital Hardware Implementation of a Neuron 

4.4. The Control Unit 

The controls_un.it block creates the signals that count up the numbers of the patterns, 

epochs and trials. Also, this block converts the input and teaching digital signals into pulse 

signals. For simplicity, we consider a controlsjunit block for a neuron with two inputs, one 

teaching signal and four patterns. Figure 4.31 shows the symbol of this controlsjunit. 

\ controls_unit 

L_ 

i — 
h™ 

h~ 
!__ 

I — 
i— 

1— 

l__ 

pmem 

I in 

Testing 

StateClock 

PErrF 

Win it 

SmallError 

Clock/256 

Clockn/256 

RJnitO 

lnitln[7..0] 

IN1/0O[7..O] 

IN1/01[7..0] 

IN1/10[7..0] 

IN1/11[7..0] 

R_lnit1 

IN2/00[7..0] 

IN2/01[7..0] 

IN2/10[7..0] 

IN2/11[7..0] 

R_lnit2 

Teach/00[7..0] 

Teach/01 [7..0] 

Teach/10[7..0] 

Teach/11 [7..0] 

sl3 

Patterns[1..0] 

Epochs[1..0] 

TrialEnd 

Netlnl 

Netln2 

Teach 

—i 

—4 
— \ 

Figure 4.31. The controlsjunit symbol 

4.4.1. Description and functionality 

The controlsjunit consists of as many signal generator blocks as the number of the 

input and teaching signals. For example, for a neuron with two inputs and one teaching signal, 
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the controls jinit block must have three signal_generator blocks. The controls_unit block also 

contains two counters that count the patterns and the epochs. 

The signals generated by clockjunit, statejnachine unit and commands_ unit are not 

depicted again, but they are used as inputs to the controls_unit block. Their description has 

been already done in their corresponding sections. 

Figure 4.32 illustrates the controls junit schematic diagram. It consists of the following 

blocks: 

• Pattern_counter - is a binary up counter, with a 2-bit wide output q[1..0] and a 

carry-out port cout. It has two inputs: clock and synchronous clear sclr. The number 

of bits of the Pattern_counter output signal is given by the number of the learning 

patterns of the ANN. For example, for a 2-input neuron with 4 learning patterns, 

we need 2 bits. By counting every StateClock pulse of the PErrF state from the 

beginning (Testing or WInit state), this counter counts up the number of the 

patterns. When the Pattern jzounter reaches its maximum number, it gives a pulse 

to the second counter Epocjzounter. 

• Epoc_counter - is a binary up counter, with a 16-bit wide output a[15..Q] and a 

carry-in cin port. It has two inputs: clock and synchronous clear sclr. When 

Epoc_counter takes a pulse from the Pattern_counter counter it begins to count up 

the number of the epochs. When it reaches the maximum number of 65636, it sends 

out a signal and stops the statejnachine unit, which means that the learning process 

was not convergent. 

• signaljgenerator - will be described in section 4.4.3. 

The input signals of the controls junit are: 

• Testing - this signal comes from the statejnachine unit and represents the testing 

state. 
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• WInit - this signal comes from the statejnachine unit and represents the weight 

initialization state. 

• PErrF - this signal comes from the statejnachine unit and represents the perturbed 

error function calculation state. 

• StateClock - this signal comes from the clockjunit and is a small pulse given at the 

end of each state. 

• Clockn/256 - this signal comes from the clockjunit and is the general clock. 

• Initln [7..0] - this signal comes from the commands junit and is the random number. 

• R_Init [2..0] - this signal comes from the commands junit. It is actually formed by 

taking the first 3 least significant bits of R_Init [15..0] and is an initialisation signal. 

• SmallError - this signal comes from the learningjunit and indicates when the error 

is < 0.01 

• INI/00, INI/01, INI/10, INI/11 - these are external signals that supply the ANN 

with inputs. In our case, there are four different values for inputl . 

• IN2/00, IN2/01, IN2/10, IN2/11 - these are external signals that supply the ANN 

with inputs. In our case, there are four different values for input2. 

• Teach/00, Teach 101, Teach/10, Teach /ll - these are external inputs that supply the 

ANN with teaching signals. In our case, there are four different values for Teach 

input, one for each pattern. 

The output signals of controls__ unit are: 

• PaternSel[1..0] - this signal selects the learning patterns. For example, for 4 learning 

patterns, the PaternSel signal needs to have only two bits. 

• Epochs [15..0] - this signal will go to an additional exterior circuit, in order to 

capture the number of the epochs on a display. 

• TrialEnd - this signal stops the statejnachine unit 
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• Netlnl - represents the Inputl signal converted to a random pulse representation 

signal, which has a number of pulses between 0 and 155. 

• Netlnl - represents the Inputl signal converted to a random pulse representation 

signal, which has a number of pulses between 0 and 155. 

• Teach - represents the Teaching Input signal converted to a random pulse 

representation signal, which has a number of pulses between 0 and 155. 

The number of Netln and Teach signals is equal to the number of the inputs and 

teaching signals of the ANN, respectively. These signals will be described in section 4.4.3 

Signal generator. 
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Chapter 4. Digital Hardware Implementation of a Neuron 

4.4.2. The Pulse Generator 

The pulse_generator block converts digital signals into pulse signals. Figure 4.33 shows 

its symbol. 

pulse_generator 

RGInit 

lnitln[7..0] 

Clock/256 

Byteln[7..0] 

Clockn/256 

PulseOutput — r 

inst l 

Figure 4.33. The pulse_generator symbol 

An 8-bit random-number generator and a comparator have been used to build this 

block, as it is shown in figure 4.34: 

! random8_generator 

I RGInit 

: Byteln[7..0] 

rciocknffi5T" 

i — ^ W -

J^=tMz 

'WKUT I 
i lnitln[7..0] | > ^ j - j , 

rcTock/256 P ^ ' ^ I N P U T ' " ! '' 

Randlnit RandOutput[7„0] 

Randlnitln[7..0] 

RGCIock 

comp_pulse 
unsigned compare) 

dataa[7..0] 

datab[7..0] 
alb 

IAN 02 

inst3 
cm 
; instl • 

OUTPUT | > PulseOutput 

Figure 4.34. The pulse_generator - schematic diagram 

randomSgenerator - this block was described in section 4.3.2. 

compjpulse - this block performs the unsigned comparison a < b, where a is the 

random number from the random8generator, and b is the value to be compared 

with. When this condition is satisfied, the output of compjpulse goes to 1, otherwise 

it remains in 0. The result of the comparison is outputted only on the positive level 

of the Clockn/256 signal, which is accomplished by the AND2 gate instl. 
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The randomS_generator produces random numbers. The comp__pulse block compares a 

given value with a random value generated by the random8_generator. If the given value is 

larger than the random number, then the pulse generator generates a single pulse. If the given 

value is smaller or equal than the random number, then no pulse is generated. This happens 

only on the positive level of the Clockn/256. This procedure is repeated and new random 

numbers are generated at each Clockn/256. Hence, a large given value results in many pulses, 

whereas a small given value results in very few pulses. By using this method, the given values 

are represented by pulse density. 

The pulse_generator block is used in many other blocks, such as: 

• controls _unit - located in the signal generator block, where inputs and teaching 

signals must be converted into a series of pulses. 

• weight_unit - where the weight values calculated in the weightjmit must be 

converted into a series of pulses. 

• learning_unit - where the digital error value, C-perturbation and Qf-learning 

coefficient must be converted into a series of pulses. 

4.4.3. The Signal Generator 

The signalgenerator block converts the input and teaching signals into pulse signals. 

Figure 4.35 shows the signal_generator symbol. Its schematic diagram is shown in figure 4.36. 

The signal generator consists of eight multiplexers and one pulse ̂ generator block: 

• patternjnux - is a 4-to-l multiplexer, which chose the right signal to be sent to the 

pulse generator unit. The PatternSel[1..0] signal, which comes from the 

Pattern_counter block, selects the patternjnux outputs. 

• pulse generator - this block has been described in section 4.4.2. 
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Clock/256 
Clockn/256 

RGInit 

lnitln[7..0] 

PatternSel[1..0] 

PattemA[7..0] 

PatternB[7..0] 

PattemC[7..0] 

PatternD[7..0] 

Signal 

inst4 

Figure 4.35. The signal ̂ generator symbol 

Each input value of the ANN must be written as an 8-bit value [7..0]. For example, a 0 

input value will be written as 00000000, whereas a 1 input value will be written as 11111111. 

This convention allows feeding the block with noisy inputs, such as 011011111. The new 8-bit 

[7..0] form of the input value is sent to the pulse_generator block to be converted into a series of 

pulses. 

In order to represent a digital number as a number of pulses we make the following 

convention: 

• zero logic is represented through no pulses in a time unit 

• one logic is represented by 255 pulses in a time unit 

• a, a value between 0 and 1, is represented by (255*0) pulses. For instance, if 

a = 0.45 then it is represented by 255*0.45 = 115 pulses. 
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! dataO 

i datal 

[se([l".'."on 

ByleO 

result! 
! data2 

[3313 

] pattern_mux 
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result; 
! data2 

[ d a i S ^ 
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fdataO 
! datal 

j Byte2 

result; 
! data2 
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i datal 

I Byle3 

result; 
! data2 
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i data2 
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I dataO 
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j Byte5 

result; 
; data2 

fdata3 
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raitics 
! datal 

Byte6 

result; 
I data2 

Tdata3 

| pattern_mux \ 

jfcfO]] 
idatafJ 

idataT 
Byte7 

result; 
j data2 
fdataS 

i pattern„mux 

i pulse generator 

Byte[7..0] 

RGInlt 

lnitln[7..0] 

Clocl</256 

Byteln[7..0] 

Clockn/256 

PulseOutput iOliTPIIT Signal 

Figure 4.36, The signal_generator - schematic diagram 
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4.4.4. The Simulation Results 

In order to simulate the controlsjunit we need to use the clock_unit, the statejnachine 

and the commands junit. In this way we obtained a new block: 

clock_commands_state_control_unit. Figures 4.37 and 4.38 show the symbol and the schematic 

diagram of the clock_commands_state_control_unit, respectively. 

clock commands state control unit 

reset 

clock 

RestartTrial 

SmallError 

IN1/00[7..0] 

IN1/01[7..0] 

IN1/10[7..0] 

IN1/11[7..0] 

IN2/00[7..0] 

IN2/01[7..0] 

IN2/10[7..0] 

IN2/11[7..0] 

Teach/00[7..0] 

Teach/01 [7..0] 
Teach/10[7..0] 
Teach/11 [7..0] 

instl 

lnitln[7..0] 

Sign In it In 

SignChange[7..0] 

R_lnit[15..0] 

WJnit[7..0] 

GReset 

Rlnit 

Wlnit 

NPrpg 

NErr 

NErrF 

WPerturbation 

PPrpg 

PErr 

PErrF 

WModification 

Testing 

AdderlnSel[7..0] 

StateReset 

Clockn/256 

Clock/256 

LayerO 

Layer 1 

Layer2 

Patterns[1..0] 

Epochs[1..0] 

Netlnl 

Netln2 

Teach 

Figure 4.37. The clock_commands_state_control_unit 
symbol 
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This block can be kept for another implementation of an ANN, but a few adjustments 

are required. For an extra layer, decode_3to4 located in the clockjunit must decode an extra state. 

If we have more weights and inputs, the decodel6 and decode8 decoders from the commands_unit 

must also increase the number of their outputs. Also, the signal generator from the controls_unit 

must be adapted to the increased number of weights and inputs. 

In our case of the two input neuron with 4 patterns, the Vector Waveform File contains 

the following: 

• Maximum frequency fmax = 20 MHz 

• End time of simulations = 2.7 s 

• reset after 3 clock's pulses 

• The clock signal frequency f = 5 MHz, which means T = 200 ns 

• One state = 255 * (256 clock pulses) = 255 * (200 ns x 256) = 255 * 51200 ns = 13.1 ms 

• 9binaryconst[8..0] is set to 100110101 

• 8binaryconst[7..0] is set to 01101011 

• INI/00, INI /01 , INI/10, INI/11 is set to 0,0,1,1 

• IN2/00, IN2/01, IN2/10, IN2/11 is set to 0,1,0,1 

In order to obtain a short time of simulation and a correct view of patterns and epochs, 

4 patterns for one epoch have been considered. However, the ANN implementation can 

calculate 65536 epochs. 

The simulation has been performed on the ALTERA FLEX 10K family 

EFP10K70RC240_4 FPGA device. The simulation lasted 15 minutes and 9 seconds. The 

implementation of this unit uses 191 total logic elements and needs 174 total input/output 

pins. The simulated waveforms are shown in figures 4.39 and 4.40. 

As can be seen in the above mentioned figures, the controlsjunit has a correct 

functionality. The patterns and the epochs are correctly counted up. The Netl, Net2 and Teach 

digital signals are converted into pulse signals. 
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Figure 4.40 shows an example of a digital-to-pulses conversion for the following case: 

the pattern is 10, the epoch is 01, Netl is 1, Net2 is 0, and Teach is 1. The conversion resulted in: 

Netl has 255 pulses, Netl has 0 pulses, and Teach has 255 pulses. 

84 



Chapter 4. Digital Hardware Implementation of a Neuron 

INPUT 

3ST 

INPUT 

INPUT 

33H 

; IN!/00[7.,0] 

' !N1/01[7 0] 

'NJ 10| ' 0] 

INI/11|7 0| 

fiN2/bof 

TN2/0lf7..0] 

r__5j 

: Teach/00[7..0| 

f'TracfSip'JDJ 
fToach/To['7Toj 

rTeacKTl[f'oj"" 

cz> 
INPI/T 

zmt. INPUT 

ML:. 
J=>$t 

INPUT 

3 t JS=5B£ 
,.£=>Jfc 
J^ffifc 

cz>-
,J=>«£ 

I s INPUT 

clock_unit 

reset PulseCounter[7..0] 
clock AdderhSel(7..0] 

StateReset 
Oockn/256 

Clock/256 
StateOockn 

StateClock 

LayerO 
Layerl 

Layer2 

;PulseCounter(7..01 

urachine 

StateClockn 

Reset 

RestartTria! 

TrialBid 

GReset 
Rhft 

Whit 

NFrpg 
NBr 

NBrF 

WFferturbatfon 

PFVpg 
PBr 

PBrF 

WModification 

Testing 

i cormtandsj jn i t 

RInit 

Clockn/256 

Wlnit 

StateClock 

GReset 

NBrF 

P&rF 

Layer2 

PulseCounter[7..0] 

lnltln[7..0] 

Signlnitln 

SignChange[7.,0] 

R_lnit[15.0] 

W_hit[7..0] 

i controlsjjnit 

" Mln[7. .0 | 

" im;oo[7..oi 

In1/01[7..0| 

In1/I0[7..0| 

In1/11|7..0] 

In2/00[7..0] 

In2/01|7.0] 

In2/10|7..0] 

N12/11I7..0] 

Teach/00[7..0] 

ieacWOl|7..o] 

Teach/10|7.0| 

Teach/11[7..0| 

Testing 
StateQock 

P&rF 

Whit 
SmallError 

Qock/256 

Oockn/256 

R_lnitO 

lni*[7..0] 
IN1/00[7..0] 

IN1/01[7..0] 

IN1/10[7..0] 

IN1/11[7.0] 

R_ini!1 

IN2/00[7..0] 

IN2/01[7..0) 

IN2/10[7..0J 

IN2/11[7..0] 

R_M2 

Teach/0O[7..O) 
Teach/01 |7..0J 
Teach/10[7.,0] 
Teach/11[7..0] 

Fatterns[1..0] 

Ftx>chs[1..0] 

TrialEnd 

Netlnl 

Netln2 

Teach 

lnilln|7..0] 

"sTgnTriilln"1"""" 

'slgncliange]r.bT" 

. R..MM5..01 

-CZ> 

OUTPUT 
iOUTPIIT | > 

- { = > ' 

:£=t 

GReset 

. _ , . „ . . 

'NPipg " 

"NErr " " * " " 

" N E ~ 
WPerturbation 

ppr|>™ 
_ , „ , . , 

"PE*riF * " " 

WModification 

Testing 

^ O U T P U T | > Addor!nSel|7.0] 

rnuTp7if~*p^*''sia1S'e's'er'"''1" 

Signr'"'p^'''ciSn/25r 

M'TPllT i > LayerO 

JSliini^^'Tay'eiT" 

Patterns[1..0| 

Epochs[1..0| 

OUTPUT J > Nelint 

_3SiEZ£^'"Netffi"" 
>. „ „ , „ .p_—•-. , . , 

Figure 4.38. The clock_state_commands_controls - schematic diagram 
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Chapter 4. Digital Hardware Implementation of a Neuron 

4.5. The Weight Unit 

As will be described, the weight_unit block is implemented as a distinct unit in order to 

reach the highest level of parallelism, which is a very important feature of a neural network. 

The weight_unit symbol is shown in figure 4.41. This unit calculates the product of the 

input signals and the weight values. Moreover, the weightjunit updates the weight values. 

j weight__unit 

\— 

i__ 
1— 
1— 
!__ 
j — 

1— 

i__ 

i in 

Input 

RGInit 

Clock/256 

Clockn/256 

SignChange 

WPerturbation 

PPrpg 

StateReset 

lnitln[7..0] 
WModification 

WeightChange 

Signlnitln 

Weightlnit 

St7 

negative_w eight 

positive_w eight — f 

Figure 4.41. The weightjunit symbol 

4.5.1. Description and functionality 

Figure 4.42 illustrates the weighjunit schematic diagram. The weightjunit consists of 

two counters, one pulse_generator block, two D flip-flops, three l-to-2 demultiplexers and some 

basic gates: 

• weight-count - is a plain binary up /down counter, which counts up if the 

u p / d o w n input port is set to 1 and counts down if u p / d o w n is set to 0. It has an 8-

bit output q[7..0]. Also, the weight-count counter has two other input ports: a count 

enable port and an asynchronous load port. The weight-count counters update the 

weight values based on the quantity received from the learning_unit and carries out 



Chapter 4. Digital Hardware Implementation of a Neuron 

addition or subtraction of the perturbation. At the same time, the weight-count 

counters store the weight values. 

• pulse^generator - this block converts the digital weight values delivered by counters 

into pulse signals. The pulse_generator block was described in section 4.4.2. 

• ltolDemux - is a l-line-to-2-line demultiplexer, which has a selection input. This 

type of demultiplexer is used in the following three ways: 

(instl9) - this demultiplexer selects where the output of the weightjunit unit will 

be sent. If the sign of the result is positive, the result of the weight_unit unit will be 

sent to the positive side of the neuron_unit, whereas if the sign is negative, the 

output is sent to the negative side. 

(inst 20) - this demultiplexer selects whether the D flip-flop (inst) is set or reset in 

the PPrpg state of the state jnachine unit. 

{inst 21)) - this demultiplexer selects whether the D flip-flop (instl) is set or reset 

in the W_Init state of the statejnachine unit. 

The weight_count counter {instil) stores an initial value of a weight, which is a random 

value Initln[7..0], whereas the D flip-flop (instl) store its corresponding sign. Then the initial 

value and its sign are sent to the weight_count counter (instlO) and the D flip-flop (inst), 

respectively. During the PPrpg state, the weight_countI counter (instlO) sends the initial weight 

value to the pulse_ generator block, which will converted it to pulses. Next, the demultiplexer 

(instl9) separates the negative and the positive outputs. 

In the WPerturbation state, the weight_count counter (instlO) adds or subtracts the 

perturbation C (that comes from the leamingjunit through the WeightChange signal, depending 

on the perturbation's sign) to its saved weight value. Hence, one role of the weight-unit is to 

add a perturbation to the present weight value. This operation is simultaneously done for all 

89 



Chapter 4. Digital Hardware Implementation of a Neuron 

the weights in each weightjcount counter (instlO) of each weight junit. The perturbation C is 

constant. 

Next, in the WModification state, the modifying quantity from the learning_unit is sent 

to the weight j:ount counter (instl4). This quantity is common to all weights. The sign of the 

quantity is sent to the D flip-flop (instl), which decides whether counting up or down should 

be performed. The sign is generated by the commands junit. These operations modify the 

weights according to: 

w,+1 =wt-aAwt 

The multiplication between input and weight is calculated by an AND gate (instl7). 

All the products are computed at once in a single state cycle, i.e. 255 pulses. 

The inputs of the weightjunit are: 

• Input - this signal comes from the controls_unit and has a pulse form. 

• RGInit - this signal comes from the commands_unit and is an initialisation signal. It 

is actually one of the R_Init[15..0] bit. 

• Clock/256 - this signal comes from the clockjunit and is the inverted general clock. 

• Clockn/256 - this signal comes from the clockjunit and is the general clock. 

• SignChange [7..0] - this signal comes from the commands_unit and each bit of this 

signal goes to one of the weightjunit units to change the sign of the weight. 

• WPerturbation - this signal comes from the statejmachine unit 

• StateReset - this signal comes from the clockjunit and is a positive pulse that 

appears in each state cycle on the first active low level of Clockn/256. 

• WModification - this signal comes from the statejnachine unit and represents the 

weight modification state 

• WeightChange - this signal comes from the learningjunit and represents a 

perturbation or a modified quantity. 
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• Initln [7..0] - this signal comes from the commandsjxnit and is the random number 

that represents the initial value the weight_counter unit is loaded when ANN 

begins to learn. 

• W_Init - this signal comes from the commandsjunit and is an initialisation signal. 

• Signlnitln - this signal comes from the commandsjunit and is the randomly 

generated signal that indicates the sign of the initial value of the weight. 

• PPrpg - this signal comes from the statejnachine unit and represents the perturbed 

forward network propagation state. 

The outputs of the weight_unit are negativejweight and positive jveight. 
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Figure 4.42. The weight junit - schematic diagram 
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4.5.2. The Simulation Results 

In order to simulate the weight_unit we need to use the 

clock_commands_state_control_unit (figure 4.37) from the previous section. The Vector Waveform 

File contains the following parameters: 

• Maximum frequency fmax = 20 MHz 

• End time of simulations = 2.7 s 

• reset after 3 clock's pulses 

• The clock signal frequency f = 5 MHz, which means T = 200 ns 

• One state = 255 * (256 clock pulses) = 255 * (200 ns x 256) = 255 * 51200 ns = 13.1 ms 

• 9binaryconst[8..0] is set to 100110101 

• 8binaryconst[7..0] is set to 01101011 

• INI/00, INI/01, INI/10, INI/11 is set to 0,0,1,1 

• IN2/00, IN2/01, IN2/10, IN2/11 is set to 0,1,0,1 

In order to obtain a short time of simulation and a correct view of patterns and epochs, 

4 patterns for one epoch have been considered. 

The simulation has been performed on the ALTERA FLEX 10K family 

EFP10K70RC240_4 FPGA device. 

The simulation lasted 17 minutes and 35 seconds. The implementation of this unit uses 

191 total logic elements and needs 174 total input/output pins. The simulated waveforms are 

shown in figure 4.43. 

As can be seen in the above mentioned figure, the weightjunit has a correct 

functionality. The negativejuueight and positive_weight signals have the proper number of pulses 

and they appear in the NPrpg or PPrpg state of the state_macnine. 
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Chapter 4. Digital Hardware Implementation of a Neuron 

4.6. The Neuron Unit 

This block implements an activation function by thresholding a stochastic sum. In 

other words, the neuron_unit calculates the weighted sum of its inputs. The neuron_unit symbol 

is shown in figure 4.44. 

I neuron_unit 

|— 

;— 
I — 

'.— 

h— 

\— 

• — 

! — • 

| 

j 

; 

i — 

I — 

1 in 

positive_Jnput15 NeuronOut 

positive_lnput14 

positive_lnput13 

positive_lnput12 

positive_lnput11 

positive_lnput10 

positive_lnput9 

positive_lnput8 

positive_lnput7 

positive_lnput6 

positive_lnput5 

positive_lnput4 

posit ive„lnput3 

positive_lnput2 

positive_lnput1 

positivejnputo 

AdderlnSel[3..0] 
negative_lnput15 
negative_lnput14 

negative_lnput13 
negative_lnput12 
negative_lnput11 
negative_lnput10 
negative_lnput9 

negative_lnput8 
negative_lnput7 
negative_lnput6 
negative_lnput5 
negative_lnput4 

negative_lnput3 
negative_lnput2 
negative_lnput1 
negative_lnputO 

Clockn/256 
clock 
Layer 

St16 

Figure 4.44. The neuron_unit symbol 
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4.6.1. Description and Functionality 

Figure 4.45 shows the neuron_unit schematic diagram, which consists of two 

multiplexers, two counters and a comparator: 

• Muxl6_l - is a 16-to-l multiplexer, whose outputs are selected by AdderInSel[3..0] 

from the clockjunit. 

• ncounter - this counter counts the number of pulses given by the weight units. The 

inst3 counter counts the number of positive inputs, whereas the inst4 counter 

counts the number of negative inputs. 

• comparator_neuron - is an unsigned 8-bit comparator that generates a positive pulse 

if input a (the total number of positive weight pulses) is greater than input b (the 

total number of negative weight pulses). 

Thus, the neuron unit generates a single positive pulse if the number of positive pulses 

is larger than the number of negative pulses. If a weighted input sum of a neuron is very large, 

then the maximum number of pulses per unit time is limited. If the weighted input sum of a 

neuron is less than the lowest limit of the output, then no pulse in generated. Between these 

two extreme situations, the number of the output pulses is equal to the weighted sum of 

inputs. 

The above described input-output behavior of the neuron unit is characterized by a 

piecewise-linear function whose amplification factor is 1. This function is determined by the 

saturation of pulse density. In conclusion, the system uses a linear function with a restriction 

applied [14]. 

The inputs of the neuron_unit are: 

• Layern - this signal comes from the clock_unit and corresponds to the layer in which 

the neuron is located. For example, if we have a neuron in layer 1, then the name of 

this signal will be Layerl. 
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• clock - is a positive-edge-triggered clock that is the general clock of the entire ANN 

implementation and is externally generated. This signal comes from the clockjunit. 

• positivejweight - this signal comes from the weightjunit, and represents the number 

of positive pulses of the weight signal. 

• negativejweight - this signal comes from the weightjunit, and represents the 

negative of positive pulses of the weight signal. 

• Clockn/256 - this signal comes from the clockjunit and is the general clock. 

• AdderlnSel[3..0] - this signal comes from the clockjunit and is actually formed from 

the first four least significant bits of AdderlnSel[7..0] signal and are to address the 

Muxl6_l multiplexer. 

The output of the neuron junit is the NeuronOut signal. 

As it can be seen from the neuronjunit schematic diagram (figure 4.43), the clock for the 

neuron junit is much faster then Clockn/256. This allows for all the inputs of the Muxl6_l 

multiplexers (inst and instl) to be added by the ncounter counters (inst3 and insti). 

The ncounter counts up all the inputs of the Muxl6_l multiplexers (inst and inst) only 

during the specific layer pulse. 

To cope with the glitches that appear at the outputs of the Muxl6_l multiplexers (inst 

and instl), two clock-ed AND gates (inst8 and instl) are needed, which clean the signal applied 

to the ncounter counters (inst3 and inst4). The glitches that appear on the NeuronOut output 

signal of the neuronjunit are eliminated by using the D-flip-flop inst6. 
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Figure 4.45. The neuronjunit - schematic diagram 
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4.6.2. The Simulation Results 

In order to simulate the neuronjmit we need to use the 

clock_commands_state_control_unit (figure 4.37) and two weight_unit units. The Vector Waveform 

File contains the following parameters: 

• Maximum frequency fmax = 20 MHz 

• End time of simulations = 2.7 s 

• reset after 3 clock's pulses 

• The clock signal frequency f = 5 MHz, which means T = 200 ns 

• One state = 255 * (256 clock pulses) = 255 * (200 ns x 256) = 255 * 51200 ns = 13.1 ms 

• 9binaryconst[8..0] is set to 100110101 

• 8binaryconst[7..0] is set to 01101011 

• INI/00, INI/01, INI/10, IN1/11 is set to 0,0,1,1 

• IN2/00, IN2/01, IN2/10, IN2/11 is set to 0,1,0,1 

Again, in order to obtain a short time of simulation and a correct view of patterns and 

epochs, 4 patterns for one epoch have been considered. 

The simulation has been performed on the ALTERA FLEX 10K family 

EFP10K70RC240_4 FPGA device. The simulation lasted 21 minutes and 20 seconds. The 

implementation of this unit uses 191 total logic elements and needs 174 total input/output 

pins. The simulated waveforms are shown in figure 4.46. 

The NeuronOut signal has the proper number of pulses and it appears in the NPrpg or 

PPrpg state of the statejnachine. The positive_count, positivejnux, positivejind, negative_count, 

negative_mux, and negativejmd signals are shown in order to understand the correct 

functionality of the neuronjunit unit. 
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Chapter 4. Digital Hardware Implementation of a Neuron 

4.7. The Learning Unit 

The learningjanit calculates the basic modifying quantity using simultaneous 

perturbation: 

Aw ' = sl J(wt+cst)-J(w,) 

This quantity is common for all weights and is sent to all weightjunit units. The 

learning rule described by this formula requires only forward operations of the ANN. 

The symbol of the learningjunit is shown in figure.4.47. 

Iearning_unit 

— 

1 mmm 

in 

Clockn/256 

Clock/256 

RJniLLUI 

RJnit_LU2 

R_lnit_LU3 

RJnit_LU4 

R_lnit_LU5 

lnitln[7..0] 

NPrpg 

NetOut 

NErr 

Teach 

PPrpg 

PErr 

NErrF 

PErrF 

WModification 

WPerturbation 

StateReset 

MinError[7..0] 

alfa2c[7..0] 

C[7.,0] 

st6 

SmallError 

WeightChange 

Figure 4.47. The learningjunit symbol 
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4.7.1. Description and Functionality 

The learningjunit block consists of two error_unit blocks, five pulse generator blocks, one 

counter and one comparator, as it can be seen in figure 4.48. 

• error_unit (instl9, instlO) - this block will be described in section 4.7.2. 

- instl9 - calculates the normal error 

- instlO - calculates the perturbed error 

• pulse generator {instil, instil, instl8, inst!4, inst!5) - this block has been described 

in section 4.4.2. 

- instil - transforms the normal error into pulses 

- instil ~ transforms the perturbed error into pulses 

- instl8 - transforms the difference J(w+cs)-J(w) into pulses 

- instli - transforms a/lc into pulses 

- inst!5 - transforms c into pulses 

• learning_counter (instil) - is a plain binary up /down counter, which counts up if 

the u p / d o w n input is set to 1 and counts down if the u p / d o w n input is set to 0. 

The output of the counter is an 8-bit bus q[1..0]. The error_counter has a count 

enable input port and an asynchronous load input port. The counter calculates the 

difference (in number of pulses) between the following two error functions: J(w) 

and }(w+cs). 

• learning_comp (inst!3) - is an unsigned 8-bit comparator that generates a positive 

pulse if input a (MinError [1..0]) is greater than input b (the absolute value of 

J(w+cs) - J(w)). This comparator sends a positive pulse to the controls_unit to stop 

the learning process because the difference between the two error functions J(w) 

and J(w+cs) is less than 0.01. 

• Absjualue (inst3) - is one of the arithmetic megafunctions provided by the 

QuartusII software, function that computes the absolute value of }(w+cs) - }(w).. 
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The inputs of the learning junit block are: 

• Clock/256 - this signal comes from the clock_un.it and is the inverted general clock. 

• Clockn/256 - this signal comes from the clockjunit and is the general clock. 

• R_Init_Lul - this signal comes from the commandsjunit and is an initialisation 

signal. It is actually bit 3 of RJnit[15..0]. 

• R_Init_Lu2 - this signal comes from the commands junit and is an initialisation 

signal. It is actually bit 4 of R_Init[15..0]. 

• R_Init_Lu3 - this signal comes from the commands junit and is an initialisation 

signal. It is actually bit 5 of R_Init[15..0]. 

• R_Init_Lu4 - this signal comes from the commands_unit and is an initialisation 

signal. It is actually bit 6 of R_Init[15..0]. 

• R_Init_Lu5 - this signal comes from the commands_unit and is an initialisation 

signal. It is actually bit 7 of R_lnit[15..0]. 

• Initln[7..0] - this signal comes from the commandsjunit and is the random number 

that represents the initial value the pulsejgenerator unit is loaded when ANN 

begins to learn. 

• StateReset - this signal comes from the clockjunit and is a positive pulse that 

appears in each state cycle on the first active low level of Clockn/256. 

• NPrpg - this signal comes from the statejnachine unit and represents the Normal 

Forward Network Propagation state. 

• NetOut - this signal comes from the neuron junit and is the output of the neuron. 

• NErr - this signal comes from the state jnachine unit and represents the Normal 

Output Error Calculation state. 

• Teach - this signal comes from the controls junit and represents the leaching Input 

signal converted to a random pulse representation signal, which has a number of 

pulses between 0 and 255. 
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Chapter 4. Digital Hardware Implementation of a Neuron 

• PPrpg - this signal comes from the statejnachine unit and represents the Perturbed 

Forward Network Propagation state. 

• PErr - this signal comes from the statejnachine unit and represents the Perturbed 

Output Error Calculation state. 

• NErrF - this signal comes from the statejnachine unit and represents the Normal 

Error Function Calculation state. 

• PErrF - this signal comes from the statejnachine unit and represents the Perturbed 

Error Function Calculation state. 

• WModification - this signal comes from the statejnachine unit and represents the 

Weight Modifications state. 

• WPerturbation - this signal comes from the statejnachine unit and represents the 

Weight Perturbation state. 

• MinError [7..0] - this is an external constant (0.01) translated in an 8-bit format 

• Alfa2c[7..0] - this is an external constant (a/2c) translated in an 8-bit format 

• c [7..0] - this is an external constant (the perturbationc) translated in an 8-bit format 

The outputs of the learning jinit unit are the SmallError and the WeightChange signals. 

At the end of the NPrpg state, the error jinit (intl9) computes the error }(w) between the 

output of the neuron and its teaching signal. Next, in the NErrF state, the pulsejgenerator (inst 

17) sends the number of the pulses (corresponding to the error ](w) received from the error jinit 

(intl9)) to the learning_counter. 

In a similar way, at the end of the PPrpg state, the error jinit (intlO) computes the 

perturbed error }(w+cs) and in the PErrF state, the pulsejgenerator (inst 21) forwards the 

number of the pulses (corresponding to the perturbed error J(w+cs)) to the learning_counter . 

The learning^counter is designed such that the error J(w) is counted down, and then the 

perturbed error J(w+cs) is counted up. At the end of the PErrf state we obtain the difference 

between the perturbed error and the normal error. 
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The learning coefficient a and the perturbation c are constants during a trial. The value 

of these parameters is transformed into a number of pulses by the pulse_generator blocks (inst24 

and inst25). 

Also, the difference between }(w+cs) and ](w) is transformed into pulses through the 

pulse_generator (instl8). By multiplying this difference by ajlc, the learningjunit computes the 

basic modifying quantity, which is then sent to all the weightjunit units. 

During the WPerturbation or ^Modification states, a perturbation or a modified 

quantity, respectively, which are obtained from the learning_unit, will be sent to the weightjunit 

units through the WeightChange signal. 
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illDpppi 
Figure 4.48. The learning_unit - schematic diagram 
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4.7.2. The Error Unit 

Figure 4.49 shows the symbol of the error_unit. 

error„unit 

— 

— 

State Reset 
Prpg 

NetOut 

Err 

Teach 

• inst19 

Error[7..0] 

Figure 4.49. The error_unit symbol 

The error•_vm.it block calculates the absolute difference (in number of pulses) between 

the output of the ANN and the corresponding teaching signal. 

J(w) = \o - d\ 

By counting up for the output pulses and counting down for the teaching pulses, the 

error_unit block provides the error. 

Figure 4.50 shows the error_unit schematic diagram. 

Abs Value 

data[7..0] result[7..0] 

i inst3 

j l l lTPllf | > Error[7..0] 

Figure 4.50. The error junit - schematic diagram 
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The error_unit consists of a counter, a few gates and a block that computes the absolute 

value of the error. 

• error-_counter - is a plain binary up /down counter, which counts up if up /down is 

set to 1 and counts down if up /down is set to 0. The output of the counter is an 8-

bit bus q[7..0]. The error_counter has a count enable input port and an asynchronous 

load input port. The counter calculates the difference (in number of pulses) 

between the output of the ANN and the corresponding teaching signal. 

• Abs_value (inst3) - is one of the arithmetic megafunctions provided by the 

QuartusII software, function that computes the absolute value of J(w) = \o — d\. 

After perceiving the StateReset pulse in Prpg state, the error_counter counts up the 

Netout pulses, which come from the neuronjinit. Next, after the error_counter perceives the 

StateReset pulse in PErr state, the errorjzounter counts down the Teach pulses, which arrive from 

the controls-_un.it. Finally, the Absjoalue block calculates the absolute value of the 

error: J(w) = | o - < i | 

This block is used for both normal error and perturbed error calculations in the NPrpg 

and PPrpg states of the state jnachine unit. 

4.7.3. The Simulation Results 

In order to simulate the learningjunit we need to use the 

clock_commands_state_control_unit (figure 4.37), two weightjunit units and one neuronjunit unit. 

This way we obtain the new schematic diagram for a two-input neuron with the ability to 

learn, as it can be seen in figures 4.2 and 4.3. The Vector Waveform File contains the following 

parameters: 

• Maximum frequency fmax = 20 MHz 

• End time of simulations = 2.7 s 
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reset after 3 clock's pulses 

The clock signal frequency f = 5 MHz, which means T = 200 ns 

One state = 255 * (256 clock pulses) = 255 * (200 ns x 256) = 255 * 51200 ns = 13.1 ms 

9binaryconst[8..0] is set to 100110101 

8binaryconst[7..0] is set to 01101011 

INI/00, INI/01, INI/10, INI/11 is set to 0,0,14 

IN2/00, IN2/01, IN2/10, IN2/11 is set to 0,1,0,1 

In this case too, in order to obtain a short time of simulation and a correct view of 

patterns and epochs, 4 patterns for one epoch have been considered. 

The simulation has been performed on the ALTERA FLEX 10K family 

EFP10K70RC240_4 FPGA device. The simulation lasted 25 minutes and 49 seconds. The 

implementation of this unit uses 191 total logic elements and needs 174 total input/output 

pins. The simulated waveforms are shown in figure 4.51. 

As can be seen, the leamingjunit has a correct functionality. The SmallError and 

WeightChange signals appear in the desired state of the state^machine. Also, the Error 

calculation is accurate and comes out in the NErrF and PErrF states of the state machine. 
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Chapter 5 

Applications 

This chapter contains two examples that I designed using the hardware neuron 

implementation. First, an implementation of an analogical function y = 1 - x is presented. Then, 

an implementation of the digital function XOR is shown. 

5.1. The Implementation of the Analogical Function y = 1 - x 

Figures 5.1, 5.2, 5.3 and 5.4 show the schematic diagram of the implementation of the 

artificial neural network that performs the function y = 1 - x. 

This specific ANN has three layers, one input, one output and four neurons in the 

hidden layer. In addition to the weight and neuron blocks, there is another block for 

commands and controls, named clock_commands_state_control_big unit. This block is designed to 

supply 22 RJnit signals needed for initializing the pulse generators, and 9 W_Init signals 

needed to set the weight units. The four blocks instlO, instil, instl3 and instl4 (form Layer!) 

are needed for implementing a positive and a negative bias. We select 4 points as inputs: 1.0, 

0.666, 0.333, and 0.0. According to the rule described in section 4.4.3, these signals have the 

following corresponding number of pulses: 255 pulses, 0.666 x 255 = 170 pulses, 0.333 x 255 = 
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85 pulses, and 0 = 0 pulses, respectively. The teaching signals for these inputs are: 0, 0.333, 

0.666, 1 and the number of the pulses are: 0 pulses, 85 pulses, 170 pulses and 255 pulses, 

respectively. Thus, this implementation has only four patterns. The learning coefficient is set to 

a = 0.024 and the perturbation to C = 0.098 (corresponding to 25 pulses). The resulting ratio is 

a/c = 0.25 ("corresponding to 64 pulses). 
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5.1.1. The Simulation Results 

The Vector Waveform File contains the following parameters: 

• End time of simulations = 10 s 

• reset after 3 clock's pulses 

• The clock signal frequency f = 10MHz, which means T = 100 ns 

• One state = 255 * (256 clock pulses) = 255 * (100 ns x 256) = 255 * 25600 ns = 6.528 ms 

• 9binaryconst[8..0] is set to 100110101 

• 8binaryconst[7..0] is set to 01101011 

• MinError is set to 000000001 

• Offset = 128 

The simulation has been performed on the ALTERA SRATIX II family EP2S15F672I4 

FPGA device. The simulation lasted 10 hours and 26 minutes. The implementation of this unit 

uses 533 registers. The simulated waveforms are shown in figures 5.5,5.6, and 5.7. 

Figure 5.5 shows the first 50 epochs of the simulation of the y = 1 - x function. 

Figure 5.6 shows a detail of the simulation of the y = 1 - x function. 

Figure 5.7 shows the simulation for an improperly chosen learning coefficient 

(a/c = 127 pulses), which makes the error function reach a local minim and triggers the 

network to pass in the testing state. 
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ÎN 
(CD"1 

rcpj 

^ b 
. ra i 

1 
K 
^ B 

5 

I 
T 

| 
3— 
^ ^ ~ " • 

• = • ! 

• 
^ B 
^ B 

B 
^ H 
B 

^ 3 « B ^ 
^3 SS II 
• • • 
• B • • • • 

" " 

s 
S 
1 
••1 
•3 
5 1 
B^ 
B 1 
• 

1 
m 
•jJS 

I 
5 
• M 

= 
mm 
mm s 

• 
p j 
^ B 

fl 
I 
fl ^ B 
^ B 

fl 
^ B 
S 

• • i 

• 
• 1 

i—i 

— 

— p 

— 

-— 

— 

n 

CD 
CD 
CD 

8 
.. CD 

CD 
CD 

g 8 
- CD 

CD 
" CD 

s* 
• CD 

o 
CD 

CD 
CD 
CD 

CD 

CD 
O 
CD 
O 

- CD 

BJ 

CD 
CD 
CD 
CD 

CD 

5 

CD 

JCD 
K 

O 

fe 
E 

CD 

fS 
[ 5 

; / < • ' 

Z 

E 
-; 
; 
: 

-z 

; 

= 

= 

» 
~ 
• 

= 
-

z 
z 
'z 
• 

: 

I 

SStf o -

CD 
CD 
O 
CD 

P 
CD 
CD 
CD 

B CD 
CD 

5 * 

B CD 

CD 
CD 
CD 

• « 

B 
CD CD 
CD 

'CD 

B CD 
CD 

is, 

S i -

ICDJ _ 

|B] -

5 ^ I 
ri—is _ 

fcn i 
KJ i 
M -
o -

fcy\ -

[5J Z 

( B j -
Sir I 

i 

o Q . to nj CC 

u m u n. a 
H H 

l l f l l o o o o o 

H HI 

>|gi|^|.»|^|ti|>|ti|t|tilti|^lt>lti|»l1i|tltlti|ftl^ltl^l<i|<l^l<l<il^i<i|^ 
^ < !« @f B 

Figure 5.7 The function y = 1 - x implementation with great learning coefficient - wave diagram 

120 



Chapter 5. Applications 

5.2. The Implementation of the Digital Function XOR 

This section presents a hardware implementation of a neural network that is capable to 

learn the digital function XOR. The inputs, teaching signals and patterns used in the network 

are shown in figure 5.8. 

XOR 

Pattern 1 

Pattern2 

Pattern3 

Pattern4 

I i 

0 

0 

1 

1 

h 

0 

1 

0 

1 

Teaching 
signal 

0 

1 

1 

0 

Figure 5.8. The truth table for the two-input XOR gate 

The hardware implementation of the XOR function consists of 3 layers, 2 inputs, 1 

output, and 2 neurons in the hidden layer. This means that we need 8 weight units and 16 

pulse generator units, thus the W_Init signal will have 8 bits, whereas the R_Init signal will 

have 16 bits. The learning coefficient is set to a = 0.024 and the perturbation to C = 0.098 

(corresponding to 25 pulses). The resulting ratio is fl/c = 0.25 ("corresponding to 64 pulses). The 

input, output, and teaching signals are represented by the same rule described in section 4.4.3, 

in which 0 logic is transformed into 0 pulses and 1 logic to 255 pulses. 

Figure 5.9 and 5.10 illustrate the schematic diagram of the XOR artificial network 

hardware implementation. 

121 



Chapter 5. Applications 

MinError I 

clock..commands_slate_control_big_unit 

lnitln[7..0] 
Signlnitin 

SignChange[8..0J 
R_lnit[22..0] 
WJnit[8..0) 

GReset 
Rlnrt 

Whit 
NPrpg 

NErr 
NErrF 

WRerturbation 
PPrpg 

PErr 
PErrF 

WModifioation 
Testing 

AdderlnSel[7..0] 
StateReset 
Clockn/256 

aock/256 
LayerO 
Layerl 
Layer2 

Fatterns[1..0] 
Epochs[15..0] 

Netlnl 
Carry 

Netln2 
Teach 

Clockn/256 

lnitln[7..0] 

learning.._unit 

Oockn/256 
aock/256 
RJnitJ-U1 
R_!nit__LU2 

R_lnit„LU3 
R....lniLLU4 
RJnit_LU5 

lnitln[7..0] 
NPrpg 

NetOut 
NErr 

Teach 
PPrpg 

PErr 

NErrF 

PErrF 

WModification 
WPerturbation 

StateReset 

MnError[7..0] 
alfa2c[7..0) 

c[7..0] 

SmallError 

WeightChange 
WeightChange 

SmallError 

WeightChange 

lnilln|7..0] 

sTgnlnitln 

"signCh^ngGrCon 

;QUTPIIT 

imiTPiif | i 

_jpilTPIIT ! ) 

jDIITPIIT 

:cz5" 

RJnlt[22..0] 

wjiiiifOj 
"GReseT""*"™"™ 

"RTnit"w™ 

N*p7pg 

"NErrF ™ 

WPerturbation™' 

'pprpg 

'wr/iodiricatTon 

testing 

TddertnSelf7Tof" 

"srateResel 

15tockn?256™™"™ 

"clociT/S"" " 
La7er0 "'"" ™" 

Tayerl 

Lay'era 

Patternsfi ~op""" 

TpocfisTlTToP"* 

Carry 

fJetTnT""'"™" 

Teacti 

Figure 5.9. The two-input XOR - schematic diagram (part a) 
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Chapter 5. Applications 

5.2.1. The Simulation Results 

The Vector Waveform File contains the following parameters: 

• End time of simulations = 10 s 

• reset after 3 clock's pulses 

• The clock signal frequency f = 10MHz, which means T = 100 ns 

• One state = 255 * (256 clock pulses) = 255 * (100 ns x 256) = 255 * 25600 ns = 6.52 ms 

• 9binaryconst[8..0] is set to 100110101 

• 8binaryconst[7..0] is set to 01101011 

• MinError is set to 000000001 

• Offset = 128 

The simulation has been performed on the ALTERA SRATIX II family EP2S15F672I4 

FPGA device. The simulation lasted 10 hours and 46 minutes. The implementation of this unit 

uses 490 registers. The simulated waveforms are shown in the figures: 5.11, 5.12, and 5.13. 

Figure 5.11 shows the waveforms of the first 45 epochs of the simulation of the XOR 

function. 

Figure 5.12 shows how the negative and positive weights of the first neuron of the 

implementation are updated after every pattern. The same figure shows in detail how the 

following signals are changed: the weight modification (WModification), the outputs of the 

neurons (Outputl, Output2, Output3, Output4), the output of the network (NetOut), and the 

sign change (SignChange), which is needed in the calculation of the weight and error 

modification. 
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Chapter 5. Applications 

Figure 5.12 The two-input XOR - wave diagram (detail) 
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<& < r*! <sf 

Figure 5.13 The two-input XOR - wave diagram (detail) 
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Chapter 6 

Conclusions 

6.1. Summary of the Research 

The main contribution of this thesis is the study and development of a gate-level 

prototyping environment for modular hardware ANN architectures using an internal 

stochastic pulse data representation. We have used QuartusII 5.1spl web edition integrated 

development environment to design, compile and simulate the developed neuron circuits and 

test neural network examples before their FPGA implementation. 

The starting point of this work was the understanding of the design and functionality 

of different types of artificial neural network hardware implementations. 

We chose to work with the QuartusII software version 51spl from Altera installed on a 

PC that has a 1.8 GHz microprocessor, 512 MB RAM and is running Windows XP operating 

system. MegaWizard Plug-In Manager megafunctions from the QuartusII software version 

51spl were used to design every unit of the implementation. 

A two-input neuron with learning ability was designed from scratch. The learning 

method implemented is the on-chip simultaneous perturbation learning rule. The inputs, 

weights, and output are described by pulse density signals. The basic computing operations 

128 



Chapter 6. Conclusions 

needed in this implementation are based on stochastic logic. The implementation is made on an 

Altera Field-Programmable Gate Arrays (FPGA). 

Basically, the artificial neuron consists of one or more Weight Units and a Neuron Unit. 

Also the neuron hardware implementation has a Learning Unit and a Command and Control 

Unit, which are needed for its proper functioning. Hence, an ANN implementation can have 

numerous weight and neuron units but only one learning unit and one command and control 

block. The weight unit calculates the product between the input signals and the weight values. 

The neuron unit calculates the thresholding stochastic weight sum of inputs. The learning unit 

calculates the quantity of modification for all weights and sends it to all weight units. This 

quantity has the same value for all the weights. The entire behaviour of the implementation is 

given by a state machine with 12 states. In order to obtain estimators of the first differential 

coefficients of the error function with respect to all weights in the network, the simultaneous 

perturbation learning rule requires only two forward operations through the ANN: first 

without perturbing the weights and second with perturbing weights. The code for the 

statejnachine unit was written in Hardware Description Language (HDL) - version IEEE 

standard 1164 - within a CASE statement in the QuartusII software. 

A great deal of work has been done in order to obtain accurate signals of each unit of 

the implementation. Each unit of the implementation has been simulated. The simulation has 

been made on both the ALTERA FLEX 10K and STRATIX families FPGA devices. 

This implementation is suitable to an ANN that has 3 layers and only one neuron in 

the output layer. The limit of weight units are given by the maximum number of bits of the 

initialization registers. 

Finally, two applications using the artificial neuron implementation were designed: an 

analog function and a digital function. The simulation has been performed on the ALTERA 

STRATIX II family FPGA device. 
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6.2. Future Work 

Further developments could include the following: 

• Increase the number of outputs of the ANN in order to cope with the main limit of 

this implementation: a single output. This could imply the adding of a new state to 

the state machine unit and designing a circuit to add the error of each neuron. 

• Increase the maximum number of the layers, inputs, weights and neurons 

available to the implementation by increasing the number of the registers for 

initialization. 

• The transmission speed can also be increased by choosing a newly available Altera 

FPGA. 

• Increase the representation of the signals from one-bit representation to two-bit 

representation in order to obtain much more precise results. 
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Appendix A 

The VHDL Code of the Neuron State Machine 

LIBRARY ieee; 
USE ieee.std_logic_1164.All; 

ENTITY neuron_states IS 
PORT ( 

StateClockn 
Reset 
RestartTrial, TrialEnd 
q 

0)) ; 
END neuron states; 

IN STD_LOGIC; 
IN STD_LOGIC; 
IN STD_LOGIC; 
OUT STD_LOGIC_Vector(3 downto 

ARCHITECTURE a OF neuron_states IS 

TYPE STATE_TYPE IS (sO, si, s2, s3, s4, s5, s6, s7, si s9, slO, 
sll) ; 

BEGIN 
SIGNAL state: STATEJTYPE; 

PROCESS (StateClockn, Reset) 
BEGIN 

IF Reset = '1' THEN 
state <= sO; 
ELSIF StateClockn'EVENT AND StateClockn 
CASE state IS 

WHEN sO => 
IF Reset='1' 

THEN 
state <= sO; 

THEN 
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Else 
state <= sl; 

END IF; 

WHEN sl => 
state <= s2; 

WHEN s2 => 
state <= s3; 

WHEN s3 => 
state <= s4; 

WHEN s4 => 
state <= s5; 

WHEN s5 => 
state <= s6; 

WHEN s6 =>• 
state <= s7; 

WHEN s7 => 
state <= s8; 

WHEN s8 => 
state <= s9; 

WHEN s9 => 
IF TrialEnd='1' 

THEN 
state <= sll; 

Else 
state<=slO; 

END IF; 

WHEN slO => 
state <= s3; 

WHEN sll => 
IF RestartTrial='l' 

THEN 
state <= s2; 

Else 
state<=sll; 

END IF; 

END CASE; 
END IF; 

END PROCESS; 

WITH state SELECT 
q <= "0000" WHEN sO, 

"0001" WHEN sl, 
"0010" WHEN s2, 
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"0011" 
"0100" 
"0101" 
"0110" 
"0111" 
"1000" 
"1001" 
"1010" 
"1011" 

WHEN 
WHEN 
WHEN 
WHEN 
WHEN 
WHEN 
WHEN 
WHEN 
WHEN 

s3 , 
s4, 
s5, 
s6, 
s7, 
s8, 
s9, 
slO, 
sll; 

END a ; 
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Appendix B 

The Two-Input Neuron Schematic Diagram 

Figures B.l and B.2 contain the schematic diagram of an artificial neuron 

implementation with two inputs and two weights. 
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Figure B.l. The two-input neuron - schematic diagram (part a) 
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Figure B.2. The two-input neuron - schematic diagram (part b) 

139 



Appendix C 

The Blocks of the Neuron Implementation 

Figures C.l contains each block with their signals used in the artificial neuron 

implementation. 
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Figure C.l.The constituent blocks of the artificial neuron implementation 
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