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Abstract

A novel optoelectronic neural network has been designed and constructed to

recognize a set of characters from the alphabet The network consists of a 15X1 binary

Input vector, two optoelectronic vector matrix multiplication layers, and a 1 5x1 binary

output layer. The network utilizes a pair of custom fabricated Spatial Ught Modulators

(SLM's) with 120 levels of gray scale per pixel. The SLM's realize the matrix weights.

Previous networks of this type were hampered by limited levels of gray scale and the

need to use two separate weight masks (matrices) per layer. The weight masks are

operated in unipolar mode. This allows both positive and negative weights to be realized

from the same mask. A hard limiting function is used for the network's nonlinearity . A

modification of Widrow's lesser known MR2 training algorithm is used to train the

network. Furthermore, the network introduces a novel lens-free crossbar matrix-vector
*0

multiplier.
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CHAPTER 1

Introduction

Artificial Neural Networks (ANN's) are computing networks that are adaptable or

trainable, and naturally parallel. ANN's are also referred to as parallel

distributed processors, adaptive systems, connectionist models, self-organizing

systems, and neuromorphic systems [1,2]. ANN's are biologically Inspired and are

based on neurological models[1,2,3,5,8]. Neural networks offer significant potential

benefits in the areas of pattern and speech recognition, Information processing,

nonlinear controls, and expert systems[2,3].

Currently, there is a demand for high speed, low cost, and small size ANN's to serve

a variety of applications. Silicon large scale neuro chips have been designed and

demonstrated [51,52,53,54,55,56]. However these are limited in Interconnect density.

Ozaktkas and Goodman [57 ] point out that low interconnect density arises from large

area requirements of conductor guided interconnections.

To overcome the problems associated with electronic ANN's, various optical neural

network configurations have been investigated [34 through 50]. Optics offer many

advantages such as massive parallelism, free space interconnects, and immunity to EMI

noise. However, most of these networks are Impractical and only demonstrable In a

laboratory environment. By combining optics and electronics, optoelectronic neuro-

chips offer an alternative to previous networks [59]. A hybrid optoelectronic neural

network for recognizing simple characters has been designed and developed.

10
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This thesis provides a tutorial In the areas of neural networks and related

optics and reports on the development of an optoelectronic artificial neural network.

Chapter 2 covers some important foundations, and provides a general framework for

neural networks. Chapter 3 discusses the adaptive linear combiner or ADALINE neuron

and linear separability which provides a justification for multilayer networks. The

MADALINE (many ADALINE) multi layer network is also discussed. Chapter 4

discusses optics for neural networks with special emphasis on Polarization and Spatial

Light Modulators (SLM's). Chapter 5 describes development and implementation of an

optoelectronic neural network and discusses input dependent thresholding. Driver

electronics for the electro optical components are discussed. Software pseudocode is

also presented. Chapter 6 describes the MADALINE RULE 2 (MR 2) training algorithm

and the justification for its implementation. A training set is presented and results are

shown. Chapter 7 concludes the thesis and presents recommendations for future work.



CHAPTER 2

Foundation

The human brain outperforms the fastest digital computers in areas of association,

categorization, generalization, and feature extraction. It consists of about 1010-1011

neurons, each making about 103-104 synaptic interconnections with neighboring

neurons for a total of 1013-1015 interconnections. The brain operates at approximately

100 Hz. This means that the brain functions at about 1016 interconnections per second

[2]. A cross sectional view of the cerebral cortex (main computing apparatus of the

brain) reveals three to six layers of neurons similarly arranged. This corresponds

roughly to about 500 neural network modules [3].

2.1 Biology

ANN's are biologically Inspired and are made up of elements analogous to that of the

biological neuron [3,5]. A biological neuron consists of axons, dendrites and synapses

(Figure 2.1 )[2]. The soma, or nerve cell, is the large central round body of the neuron.

The axon, a thin extended fiber attached to the soma, produces and conducts electrical

pulses. Dendrites extend from the cell body to other neurons where they passively

receive electrical signals at a connection point called a synapse. At the synapse's

receiving end, inputs are conducted to the cell body where they are summed. Inputs

can either excite or Inhibit the cell. When the cumulative excitation in the cell body

exceeds a threshold, the cell fires, propagating a signal down the axon to other cells[5].

12
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AXON

SYNAPSE

Figure 2.1. Biological Neuron

2.2 Artificial Neuron

An artificial neuron (Figure 2.2) is a simple processing element which emulates its

biological counterpart. Processing elements are organized in a way that may or may not

be related to the anatomy of the brain, but surprisingly exhibit a number of the brain's

characteristics [3,5]. Processing elements sum weighted inputs. The weights can be

either Inhibitory (negative) or excitatory (positive) with each weight corresponding to the

"*strength" of a single biological synaptic connection. To better understand the artificial

neuron model one must first be introduced to a general framework for ANN's.

X1 W1
• •~AC--TIVATION

X2 wF (NET)

ARTIFICIAL NEURON

FIGURE 2.2. ARTIFICIAL NEURON
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2.3 Framework

The general framework of ANN models Is described by Rumelhart, Hinton, and

Williams [111. There are eight major aspects common to most ANN models. These are:

1. A set of processing neurons

2. A state of activation

3. An output function for each neuron

4. A pattern of connectivity for each neuron

5. A propagation rule for propagating patterns of activities through the network of

connectivities

6. An activation rule for combining the inputs impinging on an neuron with the

current state of that neuron to produce a new level of activation for the neuron

7. A learning rule whereby patterns of connectivity are modified by experience

8. An environment within which the system must operate

2.3.1 Set of processing neurons

ANN models must specify a set of processing neurons and what they represent.

These neurons may represent conceptual objects such as words, features, or letters.

They may also represent abstract elements which define meaningful patterns. There are

three kinds of neurons, Input, hidden, and output (Figure 2.3). Input neurons receive

inputs from sources external to the system under study. Output neurons send signals

out of the system. The inputs and outputs of hidden neurons are not directly accessible.

Suppose there are N neurons. These neurons can be numbered arbitrarily since each
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neuron is essentially a simple processing element carrying out a simple process. This

process receives inputs, computes an output value, and sends this value to other

neurons.

2.3.2 State of activation

A representation of the state of the system is needed at time k. This is normally

specified by a vector of N real numbers, Xk, representing the pattern of activation over

the set of processing neurons. Each element of Xk stands for the activation of the

neuron at time k (Figure 2.2).

The pattern of activation over the set of neurons captures what the system Is

representing at any time. Activation values may be continuous or discrete. If continuous,

values may be bounded or unbounded. If discrete, values may take binary or a small set

of values. Binary values are often denoted by (-1,+1), or in some cases 10,+11. Non

binary discrete values, for example, could be restricted to the set (-1,0+11.

2.3.3 Output function

Neurons interact by transmitting signals to neighboring neurons. The strength of their

signal and the degree by which neighboring neurons are affected, is determined by the

neuron's degree of activation. Associated with each neuron (Figure 2.2), there is an

output function which maps the current state of activation to an output signal, OUT= F

(NET), where NET = XkW. This function is usually a threshold function, or a sigmoidal

function.
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2.3.4 Pattern of connectivity

Since neurons are connected to one another, It is the pattern of conn, q that

constitutes w"at the system knows and determines how it will respond to arbitrary

inputs. Normally, we assume that each neuron additively contributes to the Input of the

neurons to which It Is connected. Each neuron's output Is simply a weighted sum If the

separate Inputs from each of the connected neurons. The pattern of connectivity Is

normally represented by a weight matrix, W, with Individual connection weights denoted

by wij (Figure 2.3). Weight wij is positive if the Input associated with It excites the

neuron, negative if it Inhibits the neuron, and zero If it has no direct connection to the

neuron.

Input Neurons Hidden Neurons Output Neuron

Weight connectivity matrix-W

Figure 2.3. Neurons connected by weight matrices W.

The pattern of connectivity is very Important because It determines what each

neuron represents. How much Information can be stored and how much serial
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processing the network must perform Is the fan-in and fan-out of each neuron[1l1]. Fan-

in is the number of elements that either excite or inhibit a given neuron. Fan-out refers

to the number of neurons affected by a single neuron.

2.3.5 Propagation rule

The rule of propagation takes the output vector representing the output values of the

neurons and combines it using connectivity weight matrix W to produce a net Input,

NET, for each type of input (inhibitory or excitatory) into the next neuron. This is

expressed as NET = WXk.

2.3.6 Activation rule

This rule takes the combined net Inputs of each type impinging on a particular

neuron and combines them with the current state of the neuron to produce a new state

of activation. In other words, function F takes Xk and vectors NET for each different type

of connection and produces a new state of activation, le Xk+1 = F(NET), where F itself is

the activation rule. Activation functions may be a simple linear function,

OUT = K(NET) where K is a constant a threshold function O = 1 if NET > T and

OUT = 0 otherwise, where T is a constant threshold value; or a sigmold (squashing)

function OUT= 1/(1 + e -NET). These are by no means the only activation functions, but

are used In many models described In the literature[1 through 12].
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2.3.7 Learning rule

Learning rules Involve modifying the patterns of connectivity as a function of

experience. In principle this can involve three kinds of modifications:

1. Development of new connections

2. Loss of existing connections

3. Modifications of strengths of existing connections.

All rules of this type are variants of the Hebblan learning rule [5,11]. If a neuron I

receives an input from another neuron 1, and if both are highly active, weight wij from

neuron I to neuron I should be strengthened. This Is shown In equation (2.1).

w1j(k+1) = wij(k) + ot OUTPUT, (2.1)

where wij(k) = the value of connection weight from neuron I to neuron j prior to

adjustment, wj(k+l) = the value of connection weight from neuron I to neuron j after

adjustment, a = the learning-rate coefficient, OUT, = output of neuron I and Input to

neuron 1, and OUTJ= output of neuron J.



CHAPTER 3

ADAUNE

The adaptive linear combiner, or non recursive adaptive filter, was developed by

Widrow and Steams [66] and Is the basic building element used In many neural

networks (Figure 3.1). The ADALINE functions as an adaptive threshold logic element.

In digital Implementation, an input vector Xk= [X0 Xlk X2kx3k .... xnk] is applied at time k

and is weighted by a set of coefficients which form a vector Wk=[wk Wik W2k W3k....
T

wnJ. The ADALINE produces a scalar analog output or Inner product yk= Xk Wk =

WkT Xk. Weight vector element wok is usually selected as the "bias" weight and is

normally connected to a constant input x0 = +1. A binary output, qk, is then computed

by the ADALINE based on scalar output yk. Decisions are made by a two level

quantizer, where qk = SGN (Yk) for the case of symmetric (+I,-I) inputs. For binary (0 or

1) inputs, qk= 1 if Yk => 0, otherwise qk =0.

The desired response signal is used to train the neuron. During training, input

patterns and desired responses are presented to the ADALINE. An adaptation algorithm

adjusts the weights by minimizing error between the output and the desired output. For

practicality, the adaptation process is oriented toward minimizing the mean-square

value (MSE) or average power of the signal. The least squares adaptation algorithm or

LMS [16,668 (Appendix 1) or the Wldrow-Hoff Delta Rule minimizes the sum of the

squares of the errors over the training set. The desired response and the components of

Xk could be analog or binary. Once the weights are adjusted and the neuron is trained,

19
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responses can be tested by applying a set of Input patterns which contains elements not

included in the training set. If the neuron responds correctly (with high probability), then

it is said that generalization has taken place.

J- -- 4

-- k -l - qk

I.
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Figure 3.2 shows all possible binary Inputs for a two-input neuron in pattern vector

space. The coordinate axes are the components of the input pattern vector. Depending

on the weight values, a critical thresholding condition occurs with the analog response,

y =0, that is:

Y=xw1 +x2w2 + w0 =0(3.1)

which yields

X=2 (WO w 2)" (W11 w2) X1  (3.2)

The three weights determine the slope (-w0 / w2), the intercept (-w / w), and the side
1 2

of the separating line that corresponds to a positive output.The opposite side of the line

then corresponds to a negative output.

Separating
Line

(-1,-1) (+1,-i)

Figure 3.2

The binary inputs are tabulated in table 3.1 This is an example of a linearly separable

function. For a nonlinearly separable function, no single line exists that can achieve the

separation of the input patterns. An example is of a nonlineady separable function is the

EX-OR function (table 3.2).

I,,•
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TABLE 3.1 TABLE 3.2

xl x2 xl x2 Y

+1 +1 +1 +1 +1 +1

+1 -1 +1 +1 - -1 -b

-1 -1 +1 -1 -1 +1

-1 +1 -1 -1 +1 -1

Table 3.3 summarizes the number of linearly separable functions for n Inputs. It can

be seen that the percentage of linearly separable functions decreases exponentially with

Increasing n and thereby limits the classification capability of single neurons (single

layer networks).

n 2 2n Number of Linearly Separable Functions

1 4 4

2 16 14

3 256 104

4 65,536 1,882

5 4.3 x 109  94,572 -

6 1.8 x 1019  5,028,134

Table 3.3.Number of Linearly Separable Functions

'.tJ
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3.2 Networks

A single neuron can perform simple pattern detection functions. However, the power

of neural computation comes from connecting neurons Into networks (single or multi

layer) [4,5,7,9,10,11]. In single and multilayer networks, Wk becomes a weight matrix

rather than a weight vector. One can therefore connect many ADALINE's together to

form MADALINE networks which have greater processing capability. Lippman explains

that multilayer networks perform more general classifications by separating points

contained in convex open or closed regions [4]. A convex region is described as having

any two points which can be joined by a straight line that does not leave the region. A

closed region is one in which all points are contained within a boundary (ie, circle). An

open region has some points outside any defined boundary (ie, region between two

parallel lines). To better understand convexity, consider a two layer (2-2-1.) network with

output neuron threshold set at 0.75. The output neuron receives signals with

connection strengths of 0.5 from layer 2 neurons. It can be seen that the output neuron

performs a logical "ANDo function since both neurons in layer 2 need to be '1 for the

output neuron to exceed its threshold. In Figure 3.3 it is assumed that each neuron in

layer I subdivides the x-y plane, with one neuron producing an output of '1" for Inputs

below the upper line and the other producing an output of "1 " for inputs above the lower

line. A v-shaped region then results, in which the output neuron Is one only over this v-

shaped region. If enough neurons are included In the input layer, a convex polygon of

any desired shape can be formed(5]. However, points not comprising a convex region

cannot be separated from all other points in the plane by a two layer network. The
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output of a neuron can also produce functions other than the logical "AND" by suitably

choosing weights and thresholds. For continuous inputs, the network can subdivide the

plane into continuous regions rather than separate discrete regions.

Layer 2 neuron
Is only "I" In

this region
X S111

X/

S2 y

CONVEX DECISION REGION

FIGURE 3.3. CONVEX DECISION REGION PRODUCED BY A 2-2-1 NETWORK

If another 2-2-1 network is used in conjunction with the first network, tyro separate

convex decision regions are created. These two regions can then be joined by a third

layer neuron as shown in Figure 3.4. Classification capacity is now limited only by the

number of artificial neurons and by the weights. There are no convexity constraints[4,5].

It has been shown that a 3 layer network is capable of realizing any classification

function [16]. A 3 layer network was therefore attempted classifying patterns. The first

two layers were implemented optically since there were only two optical processors, and

the output layer was done electronically in the computer memory.

Ii
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Y No C.onvMy ConstmW

X 83

Figure 3.4. Three layer network shows no convexity constraints



CHAPTER 4

OPTICS FOR NEURAL NETWORKS

Optics offer many advantages which can be exploited for developing ANN's. One

advantage is higher bandwidth over that of electronics because unlike electronics, there

is no capacitance present in optical connections allowing for faster transmission of

signals. Another advantage results from photons not interacting with one another unlike

electrons (because of charge). Consequently, light beams may pass through one

another without distorting the information carried [63].

However, a main disadvantage of optics is that there exist few devices which

perform all optical signal processing functions, and these are still In development and

not accessible. Until these devices are further developed (SEED)[63], electro optical

devices provide a means by which signals can be applied electronically, converted to an

optical equivalent for optical processing, and then converted back to an electronic signal

which can be read or stored by a digital computer.

4.1 Polarization

Polarization is significantly important in optical computing because it enables some

operations to be performed with very little energy loss, such as switching states or

signal steering [63]. Polarization is also essential for using a Spatial Light Modulator

(SLM) discussed In Section 4.3.

26
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Electromagnetic waves such as light, have electrons oscillating transversely to the

direction of wave propagation, z for example, In all directions of the x-y plane [63].

There are three forms of polarization: linear, circular, and elliptical [62,63].

A polarizer is an optical device whose Input Is natural or randomly polarized

light and its output Is some form of polarized light. Polarizers are ctegorized as

linear,circular or elliptical and are all based on one of four fundamental physical

mechanisms: dichrolsm or selective absorption, reflection,scattenng, and

birefringence or double refraction. When used as analyzers, polarizers allows

light polarized in only one direction to pass. Polaroid HN 38 material is dichroic

material which selectively absorbs one of the two orthogonal polarized

components of an incident beam and is widely available [62].

4.2 Spatial Light Modulators

A spatial light modulator produces an output of light that is modulated over the

plane perpendicular to the direction of propagation. The modulation Is generally a

change in the angle of polarization, which In turn can be translated into an amplitude I

modulation based on the angle of rotation and an output polarizer.

Modulation of the output beam Is done by the beam's interaction with the active

medium which Is controlled by a field applied to it [33]. SLM's are constructed from

either liquid crystal [35,39], ferro-electric liquid crystal [34], magneto-optic materials

[37],or micro-channel plate [36]. Other types use deformable mirrors [40,41,42] and I

operate on the phase of the light and not its amplitude. Spatial Light Modulators can be

• ~ ~~~ f I I
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addressed optically or electronically. In electronic addressing the optically active areas

are defined as pixels and arranged as an n-by-n matrix. A computer stored Image can

then be written to the SLM via interface electronics by applying a voltage or current to

the respective X-Y electrical connections.

SLM's perform optical signal steering, multiplication, and memory storage as

illustrated in Figure 4.1. For multiplication, the SLM realizes a vector-matrix

multiplication of vector L containing elements {L1,,L2 ,L3,L4) with matrix A, yielding

vector D containing elements {D1,D2 ,D3,D4}, where D=LTA. If matrix coefficients are

either '0" or "1 a the SLM realizes an interconnection array routing signals from L to D.

LED'#
* LI

L2
L3 Memory .,

L4aSLM Multpicaton
1 ta Interconndulton

0 3Lenses and polarizes
23 are not shown

D44

D3.

D1 Detcors

Figure 4.1. Spatial Light Modulator
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The SLM's used In this thesis study were custom manufactured and constructed with

liquid crystal material. Each SLM has a 16X16 weight matrix and Is driven In the direct

drive method with a IBM compatible computer controlling the pixel transmission level.

Since the transmissive mode is used, input and an output polarizers are needed. The

polarizing material Is Polaroid HN 38.

4.3 Emitters

There are many forms of light emission but not all can be used In optical

implementation of neural networks. A useful device is the light emitting

diode or LED. Semiconductor lasers are of special Interest for optical neural

networks for the following reasons[63]:

"* Devices are small, approximately 300 X 10 X 50 microns

" Voltages, currents, and power are low, typically 2V and 15-100 mA

"• Efficiency is high, on the order of 20%

"* High modulation rates, on the order of 10 GHz

"• Devices interface easily with integrated optics and Integrated electronics

"* Low cost

Arrays of laser diode and light emitting diode sources provide an electronically

addressable SLM with good intensity and equal spot illumination. Ught is

emitted only from diodes which have a voltage applied. Image information

stored in a computer can be transferred to an optical network with such an

array [631.
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4.4 Detectors
Optical detectors convert optical signals Into electronic signals. Detectors

can be classified Into four categories [61].

1. External photoelectric effect detectors. These Include vacuum photodiodes

and photomultlpliers.

2. Internal photoelectric effect detectors. This covers a wide range of

semiconductor devices in which photons are absorbed to produce charge

carders.

3. Thermal detectors. These use the direct open effect of absorbed
.1

radiation and Include bolometers (resistance thermometers) and

thermocouples.

4. Detectors In which a chemical change Is Initiated by oPtical radiation, such
ps1

as in the human eye.

Semiconductor or junction photodiodes are primarily used In neural network

optical detection [63]. A characteristic of these detectors Is that If no bias is

applied, they generate a photovoltaic voltage proportional to the amount of

incident light.

.'-

:1



CHAPTER 5

OPTICAL NEURAL NETWORK

Optical neural networks based on Vector-Matrix multipliers have been configured as

associative memories (18, 20, 22, 23, 28, 29, 51], and pattern classifers [22, 24, 25, 26,

27,30, 31 ]. The function of the weight mask Is to produce a dynamically variable

transmittance proportional to the desired connection weight The use of cylindrical

lenses for signal steering Is not practical if this type of network Is to be

implemented at the micro-optical and micro-electronics level. Therefore crossbar card-

readers which use waveguides for light distribution and collection were used.

The network consisted of 3 layers. The first two layers were realized qptlcaily

with SLM's used as vector matrix multipliers. Each optical layer has a 16X1 input

where one of the inputs served as a bias inputand a 16X1 output vector where

one of the output elements is needed for Input dependent thresholding (see

Section 5.2). The third layer has a 16X1 input with one Input serving as a bias

input and a 3X1 output. Input patterns are presented as 5X3 2-D data mapped as

a one dimensional 15X1 vector.

5.1 Unipolar vs Bipolar SLM arrangement

Most previously mentioned optoelectronic networks utilize one pair of SLM's per

layer. One SLM stores positive weights and the other stores negative weights since one

31
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cannot have *negativeg light. Output detectors are then coupled to differential

amplifiers which provide a weighted sum for each neuron. This technique increases

network complexity and cost In unipolar mode, one SLM is used per layer to realize

both positive and negative weights. This was accomplished by means of a positive

weight offset given to each connection.

5.2 Input Dependent Thresholding

For each output Yk matrix W new weights are Wik* = Wik+ p, where p represents a

positive offset. Because yk=TWik Xk = Y,(Wk+ p) Xk = _WIkXk + I p Xk, the

threshold function is dependent on the varying input. Positive offset p is determined I

from the spatial light modulator gray scale range. For example, if the gray scale range is

120 levels per pixel, the minimum negative weight value could be set at -59 and the

maximum positive value could be set at 60 (because zero counts as a weight). Positive

offset p is then required to have the value of 60 in order for the new weights to span a

range of I to 120.

Hardware realization of input dependent thresholding is realized by having a

threshold column in which each of the column's pixels are set to half of maximum

contrast (Figure 5.1). The value of the photodlode detector which receives the

weighted sum of the Inputs through the threshold column now becomes the two level

quantizer decision value.

*1
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THRII'SHOLD THRESHOLD
COLUMN COLUMN

! I~DETECT'ORSl 0IDITIroR*l

WI^

Figure 5.1. Input Dependent Thresholding Configuration

5.3 Driver and Interface electronics

The optical ANN system Is functionally made up of seven sections. These are:

e Programmable liquid crystal display (LCD) drivers

* Spatial light modulators

* Light emitting diode or LED linear array stages

* Linear array photodiode receivers

9 Analog signal conditioning

* Digital and analog Interface

* Training software

A block diagram of the optoelectronic neural network (Figure 5.2) illustrates the

signal flow of the system. The system's software controls an ADC board and a digital
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SYSTEM 13
SOFTWAREV

E~I~z32

ana

COMPUTERCONNECTIONS 32

.de p GAIN

32

j j, NONLINEAR4 ACTIVATION

OPTOELECTRONIC ANN SYSTEM

Figure 52. System overview

inputt output (I/0) board. The ADC board houses a multiplexed 48 channel 12 bit

successive approximation analog to digital converter. The first 32 channels receive

amplified photodiode signals which represent output vector analog elements. The

digital VO board consists of 96 channels of I/O capacity. This controls the two linear

array LED boards which provide an input vector signal to the SLM's, the programmable

SLM driver boards, and reads the outputs of the nonlinear activation function

(comparators) boards. Except for the ADC and digital I/O boards, the system's

hardware is housed in a 19 inch electronic cabinet

rI
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5.3.1 Programmable drivers

Programmable drivers control the gray scale value of each pixel in the spatial light

modulator. Each spatial light modulator contains 256 pixels. Since two modulators

were used, a total of 512 Independent programmable drivers were needed. The

programmable drivers were designed with the goal of minimizing circuit complexity.

This was realized with the design of a driver "cell" shown In Figure 5.3. The cell was

then replicated 16 times to fit on a 12" x 12" printed circuit board (Appendix 2). The

programmable driver printer circuit board provided 32 pixel driver signals. Sixteen driver

printed circuit boards were manufactured for driving 512 Individual pixels.

POT SIr >
POT DATA IN'n PTO'mAUT'.
POT CLOCK IN POT DLATK OUT

hp POT CLOCK OUT

LCD SLM PIXEL

SETSE OUT32

DATA Q •fUAD OP-AMP

~~ ..IOOFF I •100

SDATA OUT

SCLOCK OUT
BACKPLANE

)10 100 HZ

Figure 5.3. Driver Electronics (512 each)

Pixel transmission programming is accomplished In two steps. A total of 512

,.,mm--mmial m l ni I II iI
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Independent 0-5 volts DC LCD waveforms are generated through 16 cascadable LCD

generator chips Hughes model H0438A. The H0438A is a CMOS/J.SI circuit which

drives field effect or dynamic scattering LCD displays.

VDD r 1-- 40 -" CLOCK

-- - S E G 3 2 r - - - 3 3 8 - ' - I S E G 2
SEG 31 4 37 "- SEG 3
SEG 30 r'--5 38 "'-IGND •

SEG 29 6 35 DATA OUT
SEG280 7 34 DATA IN
SEG27 ,8 33 SEG4
SEG26 9 32 SEG5
SEG 25 10 31 LCD CLOCK| SErs 24 r-'"11 30 BACKPLANE

SEG23 12 29 SEG6
SEG 22 r-'-13 28 -- "ISEO 7

SEG21 14 27 SEG8,
SEG 20 i'--s1 26 "- SEG 9 •
SEG19 16 25 SEG10

_mlSEG18 17 24 SEG11 I
- -SEG17 Is-'-1 23 SEG12

SEG1 19i---l 22 " - SEG 13
- - SEG15 r---20 21 --- 1SEG14

H0438A

Figure 5.4. Hughes H0438A LCD Driver

Each H0438A (Figure 5.4) generates up to 32 pixel driving waveforms with correct

phase and refresh rate for each LCD pixel. The H0438A contains a 32 bit static shift 1
register, 32 latches, an LCD phase generator, and 32 segment (pixel) drivers (Figure

5.5). Information is written to the 32 bit shift register through a three wire serial port.

The three wire serial port consist of Data In, Load, and Clock. Data is entered Into the

32 bit static shift register only when Load is high. Data Is entered while Load Is high



37

through the Data In pin on the falling edge of Clock. Data is loaded starting with the

value for segment 32 down to segment 1. A logic I on Data In causes a segment to be

visible.The H0438A can be cascaded by connecting the Data Out of the first device to

the Data In pin of the next device.The LCD clock signal input pins share a common

driving signal.

DATA IN 0 32 BIT STATIC SHIFT REGISTER )0 DATA OUT
CLOCK

32 SEGMENT (PIXEL) DRIVERS
SEG SEG SEG • 00• SEG SEG SEG

LCO 1 2 3 30 31 32
CLOCK ,,

Figure 5.5. H0438A block diagram

Clock and Load signals are also shared by all cascaded devices. As data Is clocked into

the first device through Data In, previously stored information from the static shift

register is clocked out bit by bit and into the next device.

If a DC voltage were applied to a pixel, it would destroy the pixeI.The H0438A

produces square waves with 5 volt amplitude. The frequency of the output square

waves is equal to the LCD clock input frequency. A backplane output square wave Is

I I I I I l l I I I I I I II I I I lIII
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also generated and serves as a phase reference. Figure 5.6 illustrates the purpose for

having a backplane signal. If both backplane and segment waveforms are in phase, the

pixel is essentially "off'. If the segment signal is 90 degrees out of phase with the it
backplane signal, the pixel is 'on'.

MACKPLANE

5V nm
SEGMENT 0

5V - m m m SEGMENT
BACKPLANE L

0

BACKPLANE

5V

0
SEGMENT

BACKPLANE

Figure 5.6. Segment (pixel) driving.

A LM555 timer chip is used to generate a 100 Hz LCD clock. Figure 5.7 describes

the LCD clock generator. This circuit cannot realize a 50% duty cycle square wave, but

a close approximation was adequate. Values for the circuit elements are: Ra = 1 M,

Rb= 220K, and Ct = 0.01 uF. These yield approximately a 100 Hz LCD clock.

The 0-5 volts DC waveforms are attenuated by a voltage divider resistor circuit. The

non-inverting input receives a square wave with a 17 mV amplitude. Dallas

Semiconductor DS1267 (Figure 5.8) dual programmable potentiometers are used in the
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feedback of the non Inverting gain stages and provide computer controlled gain for each

waveformsv. 1!

Fie 2 TR 0 3:1
100 HZ
Ct , 0.01 uF

DIS 7 RPal M

Rb Rb 220K

5 cv THR 6

1 LM 555 TIMER

TI T2

TI a 0.693 (Ra + Rb) Ct
T2 .0.693 (Rb) Ct

T'TI +T2

Figure 5.8. LCD clock generator

The DS1267 contains two potentiometers, each of which has its wiper set by a value

contained in an 8 bit register (Figure 5.9). Each potentiometer consists of 256 resistors

of equal value with tap points between each resistor and the low end. An 8 bit wiper

register controls a 256-to-1 multiplexer (mux) that selects which tap point is connected

to the wiper output. 2

2I
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HIr 2 13 TSOUT
Li 3 12 WO

WI 4 11 HO

R51N 5 10 10
CLK 6 9 COUT

GND 7 8 DQ

DS1267

Figure 5.8. DS1 267 Dual Potentiometer

Information is written and read from each wiper stack register via a 17 bit VO

Sshift register. The I/O shift register is serially loaded by a 3 wire serial port. The three

wire serial port consist of RST\, DO, and clock. Data is entered Into the 17 bit shift

register only when RSI' is high. Data Is entered while RSR Is high through the DO pin.

10K 10K

Figure 5.9. DS1267 Block diagram

RIO, 10-L
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The potentiometers always maintain their previous value until RST' is set to a low

level, which terminates data transfer. Valid data is clocked in on the low to high

transiton of the CLK input Data is entered with the Stack Select bit starting the data

stream, followed by the LSB of wiper 1, MSB of wiper 1, LSB of wiper 0, and terminated

by the MSB of wiper 0. A total of 17 bits constitutes valid data. As the data is clocked

into the shift register, previous bits are shifted out bit by bit on the c~scade serial port

pin, COUT. By connecting the COUT to the DQ input of another DS1267, multiple devices

can be daisy chained together.

The non-inverting gain stage has a maximum gain of (1 + 1 0K/31) = 257. This gives

the programmable pixel driver an output amplitude range of 34 mV to 4.36 Volts.

The circuit was simulated with PSPICE and its output is shown in Figure 5.10. The

circuit configuration allows for the potentiometer to be useful for almost its entire range 6

of values. However, the operational amplifier saturates close to its positive supply rail

value (5 volts) for the upper 1000 ohms (9,000-10,000 ohms).

5

PROGRAKWMALE DRIVER

22 3

0 . . . . . . . . . _ __._ _.. . . . . . . ._ _ _ __.. . . . . . . ._ 5.

0 2000 4000 0000 600 10000
POTENTIOMETER RESISTANCE. Ohm
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Figure 5.10. Driver output versus potentiometer value

The programmable drivers control each LCD pixel Independently of its neighbors.

Since the amount of polarization is dependent on the angle of rotation of the LCD

material and the LCD material behaves nonlinearly with respect to the electric field

applied to it, a linear range of approximately 120 gray levels (Figure 5.11) Is achieved

for each pixel.

SLM ContraM for Red Emmitter
100

10"

10 -2

50 100 150 260 250

LCD PbwIl DdYer Gain

Figure 5.11. SLM pixel contrast

5.3.2 Spatial light modulator

The SLM 's are made of specially etched glass and were custom manufactured by
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U.C.E. in Connecticut. Indium Tin Oxide conductors were etched on the glass and

provide electrical contacts for each pixel. The arrangement of each pixel number is

shown in Figure 5.12. The conductors are arranged in two set of 128 connections

located on either end of the SLM. Figure 5.13 shows the correspondence of pixel

number to weight matrix W element.

Pixels 0-31 Pixels 128-159

16X16 SLM

<- Pixels 32-63 Pixels 160-191--

LEFT HALF RIGHT HALF

<- Pixels 64-95 Pixels 192-233 --

Pixels 96-127 Pixels 224-255

Figure 5.12. Indium Tin Oxide Conductor Placement

The Indium Tin Oxide conductors were bonded with .025" pitch Silicon Rubber heat

seal connectors to two printed circuit boards for each SLM (Appendix 2). This was

performed by ELFORM, a company located in Reno. Driver board to SLM board

connections are made with 32 conductor ribbon cable assemblies.
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Wij I-0-15- )

SLM LEFT HALF SLM RIGHT HALF

j"0"15 1 2 3 4 5 6 7 8 136 135 134 133 132 131 130 129

9 10 11 12 13 14 15 16 144 143 142 141 140 139 138 137

17 IS 19 20 21 22 23 24 52 151 150 149 148 147 148 145

25 26 27 28 29 30 31 32 160 159 158157 156 155 154 153

33 34 35 36 37 38 39 40 168 167 166 165 164 163 162 161

41 42 43 44 45 46 47 48 176 175 174 173 172 171 170 169

49 50 51 52 53 54 55 56 184 163 182 181 180 179 178 177

57 58 59 60 61 62 63 64 192 191 190 189 188 187 186 185

65 66 67 68 69 70 71 72 200 199 198 197 196 195 194 193

73 74 75 76 77 78 79 80 208 207 206 205 204 203 202 201

81 82 83 84 85 86 87 88 216 215 214 213 ')12 211 210 209

89 90 91 92 93 94 95 96 224 223 222 221 220 219218 21

97 98 99 100 101 102 103 104 232 231 230 229 228 227 226 225

105 106 107 108 109 110 111 112 240 239 238 237 236 235 234 233

113 114 115 116 117 118 119 120 248 247 246 45 244 243 242 241

121 122 123 124 125 126 127 128 256 255 254 253 252 251 250 249

WEIGHT MATRIX to PIXEL NUMBER MAP
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Figure 5.13. Pixel number correspondence to SLM weights

5.3.3 LED linear array

Input and hidden vector light signals are provided by two linear arrays of 16 high

output 680 nm peak light emitting diodes model A.N.D. Kilobright 180CRP. This

wavelength was chosen because It provides the maximum contrast for HN 38 polarizing

material. The LED's are driven with ULN 2001 LED driver IC's. Eacb ULN2001 IC

consists of 7 driver transistors similar to 2N2222 transitors. Figure 5.14 Illustrates the

LED driving circuit used. j
5vI

Fs •

ULN 2001

Figure 5.14. LED driver stage

The LED's were operated in binary fashion, I.e., they represented binary input vector

elements. No gray levels were represented. The arrays were layed out on a printed

circuit board with each LED spaced 5mm apart (Appendix 2). These are connected to a
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digital Interface board by 20 conductor ribbon cable.

5.3.4 Photodlode receivers

The output vector elements of layers I and 2 are realized electro optically with

matched photovoltaic mode photodiodes, model UDT-10 from United Detector

Technologies. These diodes are arranged In a linear array (Appendix 2) and provide a

weighted sum of each input. Two printed circuit boards house the photodiode receivers,

one for each layer. Each board Is mounted next to the output image plane of the

SLM matrx-vector multiplier. The photodiodes are spaced 5mm apart on the printed

circuit boards. Output signals are then fed into corresponding analog conditioning 1
boards with 20 conductor ribbon cables.

5.3.5 Analog signal conditioning

The photodiodes outputs cover a functional range of 40 mV to 340 mV.

Each output vector is fed into a signal conditioning board which provides gain.

The boards consists of LM324 operational amplifier non-inverting gain stages

operating in photovoltaic mode (Figure 5.15).
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-I MIEG

Figure 5.15. Photodiode amplifier

The non-Inverting gain stage circuit was simulated with PSPICE. The simulation

result is shown in Figure 5.16 below.

2.5

2.0 PIIOTODIOCE AMPUSlERIO

1.5

110
0 . ... . .'- • - - '. . . . • . . . .' . .. . . .

0 0.1 0.2 0.3 0.4

Pd OM - wOb

Figure 5.16. PSPICE simulation graph of photodiode gain stage

There are 16 amplifiers on each board. The output of the amplifiers are

connected to analog comparator boards by 20 conductor ribbon cables, and
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f0 a 50 pin ribbon cable connector from the ADC board.

The analog comparators (Figure 5.17) utilize LM311 precision comparators

Wn realize the threshold activation function, i.e. the output is low when Vin <=

Vref and high otherwise. A PSPICE simulation of comparator circuit illustrates a

threshold activation function in Figure 5.18.

The output of the comparators are digital and are read by the computer

through the digital interface board. The ADC Is only used to read analog values

which are needed during the training phase for rank ordering of the optical

neurons. The ADC is not used for testing the network.

COMPARATOR TEST CIRCUIT
5 v

lOSK

!2 311 7 OUTPUT
+ 4

Vin 10
FOOKn_.a -a-

Figure 5.17. Nonlinear activation circuit
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ACTIVATION FUNCTION

0.10 0.7- 3 1.00 1-i 1.50
oPUT.-VOLTS

Figure 5.18. PSPICE simulation of circuit in Figure 5.9

5.3.6 Analog and digital Interface

The analog interface is realized by a 48 channel ADC computer plug IR board

from Computer Boards, Inc. The board was located at base address 320 hex. It

was used to read 32 channels of photodiode data. The values of the photodiodes

represented the analog output of each neuron. These values were required for

training the network.

The ADC board contains a 12 bit converter, a multiplexer, and 48 sample and

hold amplifiers. The sample and hold amplifiers have a 15 us acquisition time to

0.01% of Input signal value. Figure 5.19 provides connector pinout assignment

for the ADC board and the photodiode amplifier outputs.

$

Ii
Ii
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04K LAYin.. a 0 C LAVW"
OM- LAY0R4 4 1 ae"L-AYEI4

6 1* Cf 0LAYM14

12 0011
14 l
1600 6

220 021
24 0 03

20 0 027
30 0 20

04 AVEMIHR OLD 32 0 0 11 Onkl LAYNI.NUEIHOW
CH40 GND 34 00 OWCLtS LAYM4IN 36 OH. CULAYWA

4000U
42004
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46 0047 U LY

amD1 a,0 410 a

Figure 5.19. ADC connector pinout assignment.

The ADC board has 4 addresses which provide ail necessary controls to the

board's functions. The following code reads the first 16 channels of data corresponding

to output layer 1 detectors.

#define ADC_.BASE 0x0320

#def ine TRIGGER 0

#def ine SET...GAIN (ADC_.BASE + 3)

#deflne GAIN 3

#def Ins ADC...CONVERT (ADC-.BASE + 1) P 12 BIT CONERSION '

#def ine SET-CHANNEL (ADC...ASE + 2)
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jp.IIW READ-LOW ADC-BASE

#duWw READJIIGH (ADOB3ASE + 1)

#dsfne EOC (ADC-.BASE + 2)

void ADO J.AYER1 (void)

unsigned hIt channel;

mtj Iow...byte~hlgh..byte~adc...counts;

unsignled char check...EOC;

double analog;

r***Read layer 1 channeLs****I

for (channel - 0; channel<' 16; channel++)(

outportb(SET-.CHANNEL~chanel);

outportb(ADC...CONVERT.TRIGGER);

do

checlc..EOC=lnportb(EOC);

prlntf("EOC = %u ýn*,checlcEOC);

* while (checkEOC > 127);

bow-bytenportb(READ..LOW);

high-.byte=lnportb(READ-.HIGH);

* ~~adc-.counts-=((hlgh...byte*6) + (low .byte/16)); PTOTAL ADC COUNTS '

Hiddenl-analog-value~channeQ = ado-counts * .00122;, / 12 BIT CONVERSION 0 -5 VOLT RANGE

The digital Interface Is realized In two parts. A Computer boards Inc. CIO-DIO
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96 digital I/O computer plug in board located at base address 300 hex provided

digital lines for programming H0438A LCD waveform generators and DS1267

potentiometers, controlling individual LED's, and reading comparators. These

signals were then distributed accordingly by a breakout board (Figure 5.19) which

also provided a 100Hz clock for the H0438A waveform generators.

The CIO-DIO 96 is a 96 line digital I/O board controlled by 4 82C55 TTL level

digital V/O chips. Each chip contains 3 data and one control register occupying 4

consecutive computer address locations (Figure 5.20). The CIO-DIO 96 needs

16 consecutive computer I/O address locations to function without conflicting with

other devices. There are two connectors on the board denoted by P1 and P2 in

Figure 5.20. These provide connections of external digital devices with the CIO-

DIO 96.

II
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amI

S~Figure 5.20. CIO-DIO 96 Block diagram

The ClO-DIO 96 has simple control and data register programming. Table

5.1 summarizes control and data register functions.

ADDRESS READ FUNCTION WRITE FUNCTION

BASE+O Port A Input of 8255 #1 Port A Output

SBASE÷I Port B Input Port B Output
BASE+2 Port C Input Port C Output

BASE+3 None. Read back on 825 Cogure 85 #1

BASE+4 Port A Input of 8255#2 Port. A Output of18255 #2
BASE+ And so on ....

Table 5.1. CIO-DIO 96 data and control register functions

mI
mI

ADDES REA FUCTONW IT FUNCTIONll
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The 8255 chips can be configured in 5 different modes of operation. Mode 0

provides simple I/0 capability with no handshaking since the software controls all

I/0 events. The following C code illustrates Mode 0 i/O programming. 41

void MODE.0ovo(d)

outportb(BASE+3,128); r Mode 0 Output FOR U2*/

outportb(BASE+7,128); r Mode 0 Output FOR U2I1

outportb(BASE+l 1.155); r Mode 0 Input FOR U8/

outportb(BASE+15,137); r Mode 0 Input/Output FOR U7/

)

Connectors P1 and P2 are connected to the interface board through two sets of 50

conductor ribbon cables. The pinout assignemt is shown in table 5.2. LED's are

numbered 0 to 31 indicating that the first 16 drive the input vector and the remaining

16 drive the hidden layer 2 input vector. Likewise, comparator outputs are labeled

PHOTO 0 to PHOTO 31 where PHOTO 0 -15 connect the first layers comparator

output to the computer and the remaining 16 connect the comparators evaluating

hidden layer 2's output. LCD clock 1, LCD Load 1, Pot Clock 1, Pot Data 1, and Pot

Load 1, refer to weight layer 1 drivers. The others to weight layer 2 drivers.

Programmable driver boards 1 through 16 are programmed with lines B0-B7, and

AO-A7 of U7.

Si it I I
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CONNECTOR P1 CONNECTOR P2 1t
uU U2 U7 u8

1 25 A7: LED23 1 A&:BOARDI6DATA 25 A7:PHOTO23
2 26 A6:LED22 2 A5:BOARD15DATA 26A
3 27 AS: LED21 3 A4:6OARD14DATA 27 AS:PHOTOZ
4 28 A4: LED20 4 A3:6OARD13DATA 28 A4:pHOTO2O
5 A3:POT2 CLOCK 29 A: LED19 5 A2:BOARD12 DATA 29 A3:PHOTO19
6 A2: LCD2CLOCK 30 A2: LED18 6 A1:BOARD11 DATA 30 A2:PHOTO18
7 Al: POT1 CLOCK 31 Al: LED17 7 A0:BOARD10 DATA 31 Al:PHOTO17
8 AO: LCD1 CLOCK 32 A: LED16 8 B8: BOARD9 DATA 32 AO: PHOTO16
) B7: POT2 LOAD 33 B7: LED15 9 137: BOARD8 DATA 33 B7: PHOTO15

10 66: POT2 DATA IN 3 B6: LED 14 10 66: BOARD7 DATA 34- 66: PHOTO14
11 B5:POTILOAD 35 B5:LED13 11 BS:BOARDfDATA 3 BS:PHOTO13
12 B4: POT1 DATA IN 36 B4: LED12 12 B4: BOARD5 DATA 36 64: PHOTO 1
13 63: LCD2 LOAD 37 B3: LED 11 13 B3: BOARD4 DATA 37 B3: PHOTO11
14 38 B2: LED 10 14 62: BOARD3 DATA 38 62: PHOT0lO
15 BI: LCD1 LOAD 39 BI: LED9 15 13: BOARD2 DATA 39 B1: PHOTO9 i
16 40 B0: LED8 16 B0: BOARDI DATA 40 B0: PHOTOS
17 C7: LED31 41 C7: LED7 17 C7:PHOTO31 41 C7: PHOTO7
18 C6:LED30 42 C6: LED6 18 C6:PHOTO30 4 C6: PHOTO6
19 C5:LED29 43 C5: LED5 19 C5:PHOTO29 4 C5: PHOTO5
20 C4:LED28 44 C4: LED4 20 C4:PHOTO28 4 C4: PHOTO4
21 C3: LED27 45 C3: LED3 21 C3:PHOTO27 45 C3: PHOTO3
22 C2:LED26 46 C2: LED2 2 C2:PHOTO26 4 C2: PHOTO2
23 Cl: LED25 47 Cl: LEDI 23 C1:PHOTO25 47 Cl: PHOTO1
24 C0: LED24 48 CO: LEDO 24 C0:PHOTO24 48 0C: PHOTOO

49 5V 49 5V
50 GND S0 GND

Table 5.2. CiO-DIO 96 pin assignment

5.3.7 System software

The system software controls both analog and digital plug in boards, and

trains the network. The system software consists of 12 separate hierarchically

shown In Figure 5.12. Menu3.c provides the user with training options and

parameters. lnclude3.c contains all headers, definitions, function prototypes, 4nd

global variables used or called by all other files. Uniform.c contains functions for

Will
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uniformly distributing network weights during weight initialization. Rank.c

contains function for array indexing and ranking. Network3.c saves and recalls

network weights for training and testing of patterns. File.c provides file input and

output capability. Train.c provides a menu for training the network. Test3.c tests

rnenu3.c

share3.c

unfforrn.c rarik.c

Figure 5.12. Software hierarchy

patterns after network has been trained. Share3.c provides MR2 training rule

functions shared by optical system software, optical simulation software, and by

traditional MR2 algorithm training. Driver3.c provides hardware digital and
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analog Input and output functions. Optlcal3.c , Sim3_d.c and 3layer.c are the

actual MR2 training software for the three systems. Detailed system software is

found In Appendix 4. The files are listed in "loose" pseudocode style [65] below.

PROGRAM: MENU3.C

DESCRIPTION: Provides simple menu Interface for Optical ANN. Allows user

to select various modes of training.

get include3 header and definition file

SYSTEM PARAMETERS function asks user for choice of system (Optical or

Software only) and for weight distribution bounds.

function system.parameterso

Main Program

integer maino

Initialize variables ji

Display the ANN Menu

display Optical ANN Main Menu

get choices from
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1. System parameters

2. FIGe menu I

3.Train menu

4. Test menu '.

FILE: Inciude3,c

DESCRIPTION: Contains headers, definitions, and global variables used In the

optical neural network system simulation. Refer to source code since it Is

straightorward.. -"3

FILE:share3.c

DESCRIPTION: Contains functions shared by simulation and optical I
hardware during training phase. !

INITIALIZE WEIGHTS function uniformly distributes weight values in each

of the weight layers.

function initialize-weightsO

Welghulayers 1, 2 and 3 [M]) = uniformdist(Min.Max); -A

INITIALIZE adapted function cears hidden neuron adapted value.

function initialize-adaptedO

Initialize Hidden vectors adaptation control variable at beginning

of training
.: "
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BINARIZEJNPUTS function reads msb and Isb Input vector values and assigns

a coresponding +1 or 0. No symme used This Is ony used to

calculate hidden neuron analog values.

function blnarizejInputs(unslgned char lsb,unsigned char msb)

GENERATE OUTPUT NEURONS function calculates the weighted sum for each

output neuron.

function generate.output~neuronsO

Perform matrix-vector multplications. Used only for simulation since

hardware realizes the vector-matrix multipliers.

HAMMING DISTANCE function looks at the number of differences In the actual

versus desired output vector.

unsigned integer hamming-distance(integer pattem-number)

Examine output vector and desired output vector element by element. For

every nonmatching wupA the Hamming number is increased by one.

I,

TEST OUTPUT function looks for the test output neuron.

Uke Hamming distance above, except uses tet. I,

ibi
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RANK HIDOEN1 NEURONS function ranks the value of the hidden neurons In

&Sif order.

function rank.hiddenl1neuronso

Ranks order neurons In Layer I using ranking algorithm found In numerical Recipes.

RANK HIDDEN2 NEURONS function ranks the value of the hidden neurons In

ascending order.

Same as above, but for layer 2 Instead.

SAVE CURRENT WEIGHTSI function stores weight layerl values.

function savecurrenLweightsl0

Saves weights from layer I In temporary army

RESTORE WEIGHTS1 function restores weight layer1 values.

function restore_puiorweights1l 0

Restore previous welght layer I values for this particular training case.

SAVE CURRENT WEIGHTS2 function stores weight layer2 values.

i-4
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hmcnc meo9pro_w• ghs0

SAECRRN EGHS uction stors weghtflLe vaues

same as above, but for layer 2

RESTORE WEIGHTS2 function restores weight layer2 values.

function restore.prlor_welghts2O
Same as above, but for layer 2

SAVE CURRENT WEIGHTS3 function stores weight layer3 values.

function save..currenlweights30

same as above, but for layer 3

RESTORE WEIGHTS3 function restores weight layer3 values.

function restore.lor..welhts30

Same as above, but for layer3 j

ADAPT WEIGHTS 1 function adapts one neuron at a time until Its blnaiy value

Is Inverted.

function adapt~welghtsl (integer reuron...number

Adapt neurons In layer 1 using MR 2 rule crdterda

Use s•ge1l, Dou 1el Tr~iets 1,and Quaets 1 to m~n~miz (train)

output erro
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ADA"T WEIG-nS2 funtion adapts one neuron at a tme unti Its bnay value

function adapLwlghts2Qintger neuron=jw:be

Same as above. but for layer 2

SINGLETS function adapts one neuron at a time. If change results In

reducing Hamming Distance then change Is kept. Otherwise weights are

restored to origintal values.

function singlets (Integer pattemwnumber)

f Rank analog neurons In order closest to zero~l

rankhldden2_neurons0;

Adapt In direction to change cbinary output

of hidden layer

Test for Hamming distance after each Iteration

DOUBLETS function adapts two neurons at a time. If change results in

reducing Hamming Distance then change Is kept. Otherwise weights are

restored to origin values.

functi don ltnter pattmumber)
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Same as above, but adapt two neurons at a lme

"TRIPLETS function adapts three neurons at a time. If change results •n

reducing Hamming Distance then change Is kept. Otherwise weights are

restored-to original values.

functon triets(nteger patterunnumber)

Same as above, but adapt three neurons at a time

QUADLETS function adapts three neurons at a time. If change results in

reducing Hamming Distance then change Is kept. Otherwise weights are 1$
restored to original values.

function quadlets(Integer pattemnnumber)

Same as above, but adapt four neurons at a time.

ADAPT WEIGHTS 3 function adapts third layer neurons.

function adapLweights3(integer neuron-number)

Adapts output neurons that differ from target vector

Uses Adapt Output Layer below

ADAPT OUTPUT LAYER function adapts one neuron at a time until its binary

value Is Inverted.

function adapLoutpuulayer(nteger pattem-number)
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us" Hamming distance to test for output error, then simply reads

output and tas the ones that need to be changed (Inverted).

FILE: NETWORK3,C

DESCRIPTION: Saves and recalls weight values from a user specified file.

SAVE WEIGHTS LAYERS saves Welghtlayerl and Welghtlayer2 arrays to a fie.

GET WEIGHT LAYERS retrieves weight layers I and 2 from a file and assigns

them to Welghtjayerl and WeIghtlayer2 arrays.

FILE: SIM3_D.C

DESCRIPTION: Simulates Optical ANN hardware and trains with MR2 Rule.

Incorporates Input dependent dynamic thresholding.

DYNAMIC THRESHOLD function calculates the threshold sum for each Input

pattem through column sixteen.

double dynamicthreshodknteger input[16D

Calculate weighted output sum of aN Input vector elements times a constant

value.

WRITE SIMI WEIGHTS function converts the weights and blases Integero usable

forms for the optical simulation weights

:Ii
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WRITE SIM2 WEIGHTS function converts the weights and biases into usable

forms for the optical simulation weights
* laa*O****O****Ol~Oet.t*OO•OOO*e*OOOOO**•t*hO..eO*.*e.OOeetv*i*O*O*O~*ti.*e-

Simulate LAYER 1 NEURONS function calculates the weighted sum for each

neuron In layer 1.

SIMULATE LAYER 2 NEURONS function calculates the weighted sum for each

neuron In layer 2.

Madaline Rule Two Algorithm Training. The same for optical hardware

and symmetric MR2 rule (3layer.c) so I wont repeat documentation.

function simulateO

r Uniform distribution of weights "/

initialize.welghtsO;

/'**Begtin ing*** * '"'"****'"O**4**"/

for (outer-oop=O;outer-oop<lterations;outer-oop++){

for (pattemoounter=O;pattem_counter<24;pattemcounter++)(

Sintialize..adaptedO;

/&****Present Input vecto*** * * * *

blnarzejnputs(Letterjsb[pattemcounterj. Letterjmsbipattem-counterj);

/'"""Check output vector and calculate Hamming Ostence'"'* *

simulate-layerlneuronso;

slmulate-layer2..neuronsO;
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9gSmfIOutput~nburonsO;

HN=mnDIt a hamfmkVl..d~atfc.(pattern..counter);

If (HanvnDla > CRITERIA)

singloftal(pattsm..counter);

If (IHaaMDlt> CRITERIA)

doubltstl (pattm-.counter);

If (HammDist > CRITERIA)il
trlpetsl (pattem-.counter);

If (HammDist > CRITERIA)

quadletal (pattem...counter); ?

If (HanmmDlst > CRITERIA)

slnglts2(pattem...counter);

If (HanimDist > CRITERIA)

doublets2(pattern counter);

If (HammDLst >CRITERIA)

trlpets2(pattem..counter);

IN (HanvnDist > CRITERIA)

quadlets2(pattem-.counter);

If (HanvnDlst > CRITERIA)

adaPLOUtPUulayer(pattem-counter);

If (Ha~nmDist > CRITERIA)

patlern-Imred[pattern..counterJ=O;

paftsmjeaMedfpsttem..counter).i;
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AppIy ne pattern

Store weights In network file and exit

save welghlayersO;

FILE: OPTICAL3.C

DESCRIPTION: Performs Madaline Rule 2 training with optical hardware.

similar to above. ,
/I...m*...** Ot**O*****,O**..**O/lt. *lIQ.bQ /tl***. /IOe. /Qg~l..I/'.I.L'~ '

PROGRAM : TEST3.C

DESCRIPTION: Provides user with a test menu for the optical neural network.

TEST SET function looks for the test output neuron.

unsigned Integer tesLset(Integer test.patternmnumber)

Look at output differences

TEST NETWORK function test network for given Hamming Distance criteria.

This Is the actual test function. The two functions following this one

are for file I/o.

function test.networko

P""Begin testn" " "" " " ' ""/

for (testpataem--O;test.pattem<10'test~jattem++)(

/*"*Present Input v

bina rteinputsfesLlsb~tesLpattem],TesLmsb[ltestpattem]);
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propagate values through all three layers. Look at output

•re .....Check output vector

Apply next pattern

ONE TEST function test network for a single Hamming Distance criteria.
MULTIPLE TESTS function tests network for a user prompted starting and
endng consecutive Hamming Distance criteri•as.j

PROGRAM: DRIVER3.C

DESCRIPTION: The following routines provide hardware i/O Interface to :4
optical ANN and host computer. VO is performed through a 96 bit DIGIO-96
corputer Interface board located at base address HEX 300 utilizing an

kI-house engineered break-out board, and by a 48 channel analog to digital 
* *1

conversion board at base address HEX 320. This board reads 32 optical analog
outputs corresponding to 16 optical outputs for layer 1 and 16 optical

outputs for layer 2.

function ADCLAYER10 and also layer 2.

Refer to section on ADC board for explanation

Setup Digital 10 Interface Board in computer, board base address Is Hex 300.

function MODE_0oo

Writes to sixteen cascaded HUGHES 4038 32-pixel SLM waveform generator chips.

IL•'
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Actually generates pixel *ONO phases which get either amplified or attenuated

by progmable gain amplifiers.

function ENABLEWEIGHTSO

function WRITEINPUT_VECTOR(unsigned char Isb,unslgned char msb)

simply output values to omputer address ports (Interface)

outporth(ILEDLO,Isb);

outportb(ILEDHI,msb);

Write the output from hidden layer as input to output layer only when using

all hardware thresholding.

function WRITE.HIDDENIBINARYO

similar to above, but different addresses.

outportb(HLEDLOmsb);

outpornb(HLEDHHIlsb);

Write the output from hidden layer as Input to output layer when using

ADC board.

function PRESENTHIDDENI1VECTORO

outportb(HLEDLOlsb);

outportb(HLEDHI.msb);

This routine writes the values of weights found In WEIGHTLAYER1[16J[16]
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to the corresponding hardware programmable gain amplifier. The programmable

gain amplifiers provides a gray level driving signal to the weight mask.

function WRITELAYER1IWEIGHTSO

BOARD1[32], P Board 1 registers I

BOARD2[32), P Board 2 registers "1

BOARD3[32]. /* Board 3 registers I

BOARD4[32], /P Board 4 registers /

BOARD5[32], P Board 5 registers "

BOARD6[32], /* Board 6 registers 1

BOARD7[32], P Board 7 registers *

BOARD8(32], P Board 8 registers "

OUTWEIGHTSI[256], P Output array for writing to SLM1 "1

DO = 1, P Typecasting numbers for bit shifting .1

D1 =2,

D2 =4,

D3 =8,

D4= 16,

D5 =32,

D6 = 64,

D7 = 128;

Convert the weights and biases Into usable forms for the optical weights

Recall optical weights are limited in range.
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Mid transmission for column 16, will be used for active thresholding.

Optlca~layeri [15jJ = 90;

Assign corresponding weight to sim driver board

/* Now set up ordinal serial sequence and concatenate all 8 "e

/* board data Ines to be clocked out1

The following defines driver board data line In output port of Interface

BOARD #_BIT POSITIONBIT

BOARDI 0 1

BOARD2 1 2

BOARD3 2 4

BOARD4 3 8

BOARDS 4 1b

BOARDS 5 32

BOARD7 6 64

BOARD8 7 128

This routine writes the values of weights found in WEIGHTLAYER2 [16][16]

to the corresponding hardware programmable gain amplifier. The programmable

gain amplifiers provides a gray level driving signal to the weight mask.

lunction WRITELAYER2_WEIGHTS0
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Simlar to above.

PROGRAM : TRAIN.C

i DESCRIPTION: Provides user with a training menu.

ONE RUN function trains network for a single Hamming Distance criteria.

function one-junO

"Enter Hamming Distance Training Criteria (between 0 and 3 inclusive)
p•

MULTIPLE RUN function trains network for a user prompted starting and

ending consecutive Hamming Distance criteria.

f function multple.runs0

Enter starting Hamming Distance Training Criteria (between 0 and 2 Inclusive)

Enter ending Hamming Distance Training Criteria (between sta0 and 3 Inclusive)

TRAIN MENU FUNCTION prompts user for training options.

function tralnmenuO

FILE: RANK.C

From Numerical Recipes In C.

DESCRIPTION: Ranks an array of N values in ascending order. Used in
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Madarine Rule 2 Training.

INDEXX function produces an array pointer which kIdexes the values passed

* In ascending order.

function Indexx(Integer ndouble arrinGInteger Indxf)

Sknlar to quickson

RANK function takes the Index array and converts It to a ordered rank array.

function Rank(integer n.integer indcB.,Integer irankjJ)

iS



CHAPTER 6

Training

In mu)tilayer networks, it is straightforward to adapt the neurons In the output

layer since network desired responses are equivalent to the desired response of

the output neurons. Given the desired responses, the adaptation of the output

layer can be realized with algorithms such as the LMS.

In layered nets, the fundamental difficulty lies in obtaining desired responses

for neurons In layers other than the output layer. The backpropagation algorithm

(1,5,11,121 Is a method for establishing desired responses for "hidden layer'

neurons.

6.1 Algorithm selection .

Although backprojaation is a well known training algorithm, it is only useful when

the nonlinear activatio,, iunction is continuous and differentiable at all points. The

hardlimiting threshold logic function is not differentiable, but is used because it is less

costly to implement in hardware. Threshold activation functions can be realized with

analog comparators. Very few hardlimiting function, multilayer network training

algorithms have been developed [15,16,20,21,22]. A multilayer extension of the LMS,

known as MR2, was chosen for ease of coding[1 6].

74
I,
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6.1 MR2 training rule

This training rule Is based on the minimum disturbance principle[16]. Its main

objective is to reduce the number of output errors, or the Hamming Distance (HD). The

HD Is simply the number of differences between the actual output vector Yk and the

target or desired vector Dk, and Is expressed mathematically as
HD (Dk. Y (6.1)

The algorithm Is described as follows:

1. Present an input vector to the network.

2. Calculate HD

3. If HD < some criteria present next input vector, otherwise go to 4.

4. Rank order neurons. The first layer neuron whose analog response is closest

to zero is given a trial adaptation in the direction to reverse its binary output.

When reversal takes place, the new output is propagated through the

subsequent layers and the network produces a new output.

5. Calculate new HD. If new HD < previous HD, accept change, otherwise revert

back to previous weights.

6. Adaptively switch the neuron whose analog output is next closest to zero. Go

to step 5 until all neurons in the first layer have been tried.

7. If more adaptation is required, choose pairs of neurons in the first layer and

adapt accordingly.

8. If more adaptation is required, choose three neurons and adapt accordingly.

9. If more adaptation is required, choose four neurons and adapt accordingly.
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10. Go to next layer and and adapt according to steps 4 through 9.

11. If more adaptation is required, adapt output layer. This is straight forward

since desired output values are known.

12. Present next input pattern and go to stop 1.

The source code for this algorithm Is found in Appendix 4.

6.3 Training set

We selected two letters from the alphabet, I and F, and represented them with 12

patterns each. The patterns have one random pixel error, and also Include translation

for the letter I. These patterns are shown In Figure 6.1.

00 000 000 @00000 000
4 00 000 000 @00 000 O00
000 000 000 • 00 000 000

0"0 0 00 000 @ 0 0 00 0 00
000 000 000 000 0*0 0 000

000 090 000 000 000 000@* 0 000 000 000 000 00O
o00 000 000 000 000 000

000 000 0 0 0O• 000 0 0 •
000 000 000 000 000 000

LETTER I

O00 gO0 go0 000 go0 000
@00 @00 000 @00 @ 00 000

goo 000 goo 000 @ 00 000
0OO goo gO 000 00 00 000
000 000 000 000 000 000

goo g00 go0 go0 000 000
000 @00 @00 600 000 000
@00 S00 600 gO0 OOO 000

000 000 0OO 000 000 000
000 000 000 000 000 000

LETTER F

Figure 6.1. Training Set
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6.4 Test set

The network was tested with 10 patterns not previously presented. Six

representations of the letter I and 4 representations of the letter F (Figure 6.2)

were presented to the network after the network was trained with the training

set.
000 000 @00 000 000
@000 oo 0000 0o0 00

0.0 @0 00 00.0 0.0 00 0000 o00 Oo0 0o 00o0

@00 000 0@00 000 0000oo0 000 o 0 o 000 0o. o 0

000. 000 @00. @00 000
00 0 000 000 000 @000

Figure 6.2 Test Set

6.5 Results

The network was trained In two modes(Figure 6.3) . Mode one is a computer
simulation of the optical layers and incorporates input dependent thresholding. The top

line In the plot diagram shows percent recognition vs hamming distance for the

computer simulation. Mode 2 reads the neuron analog values through an Analog to
Digital converter for rank ordeing during training. For testing the network ,

photodiode signals are input to hard limiting comparators which provide a binary output

for the input pattern presented to the optical hardware. The lower performance of the
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optoelectronic system can be accounted for by optical misalignment of the detectors

and by a number of nonfunctioning pixels in each of the SLM's

Netwrk Tot

I
401 ------ MPOLDAT, Skmusladon

0 .
2 3

0 3

Figure 6.3. Results

..



CHAPTER 7

Conclusions

It has been shown that hybrid optical neural networks are very promising for pattern

classification. The technology used In the Implementation of the optoolectronic neural

network can be Incorporated at the integrated circuit level. This means that fully

Interconnected optoelectronic networks of many Inputs can be designed and

constructed. Optics offer a solution for the communication bottleneck encountered by an

* all electronic device, while electronics offer high gain and ease of Interface to current

platforms. The MR2 rule shows that electro optical ANN networks utilizing hard limiting

or threshold logic activation functions are trainable. This offers a significant alternative

to using backpropagation.

*; There is much work to be done In the area of optical neural networks. Current

technology can be used to design and demonstrate an integrated optical chip device

for neural network computation. Semiconductor lasers and detectors are easily

Implementable at integrated circuit scales.The crossbar configuration Is readily

Implemented at the chip level in the form of waveguides [38, 43, 45].High density SLM's

have been demonstrated at the integrated circuit level (30,31,32,33,58] and can be

docked at MHz rates [60]. Everything is In place to take the findings of this thesis to a

practical level and develop next generation devices. A strong recommendation is made

: for this work to be carded further and an optoelectronic neural chip be manufactured.

79



Appendix I

LMS algorithm

Consider the case of a single neuron. For adaptation the LMS rule is:

Wk+1 = Wk + ..OL.~kXk (1)

IXk12

where Wk+1 Is the next value of the weight vector, Wk Is the present value of the

weight vector, Xk is the present value of the input vector, and Ek is the difference

between the desired and actual output before adaptation. With binary +1,-1 values for

the input vector elements, I Xk 12 is equal to the number of weights.

For each adaptation cycle, the above recursion Is applied. This reduces the error by

the fraction a. Suppose that for the kth Iteration the error is:

eF = dk -Xk T Wk (2)

The error is reduced by changing the weights, that Is

Ae = A(dk. x- Wk) =-XkT A Wk (3)

Using equation 1, the weight change is

A Wk = Wk+1 - Wk = e.kXk (4)
lXkl 2

Now combine equations 3 and 4 to obtain:

80
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IXk1 2

= -XTXk -QLE k

IXkl 2

*(5)

The error Is reduced by factor of a as the weights are changed while holding the

input pattern fixed. A new pattern then starts the next adaptation cycle. Since factor

ac reduces the error, it must be chosen to control stability and speed of

convergence. This value is usually between 1.0 and 0.1.

mo

'i.

.A:
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Appendix 2

Schematics

All detailed schematics were drawn with OrCAD SDT III schematic layout tools

on a PC. Printed circuit boards were routed with OrCAD PCB board design tools.

All printed circuit boards, for the exception of the SLM driver boards, were layed out

and manufactured at the Engineering Services Branch of Armstrong Laboratory's

Technical Services Division. Eight major design schematics were created and are

shown in subsequent pages.

82
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LCD pixel driver: DRIVER.SCH

Ifo

Vr-
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Photodiode receiver stage: RECi .SCH

(A

a

3 04

L L~

C

L OO -.

a a. CL L a L CL a. C

a. 0. a. a 0 & a a a. 0.
o u u U U u u U u U U u

"me- "" a- m- -

ILE.a..EH. z-I L CLO LL L
22 1C LGCO LO 7CO I

0 0
0 U

A Az. 06

0IL 0 C.0 0.0.

mU ,

IV62d



85

LED linear array: LED.SCH

z
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U U

u2
0~~ 0
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Modulator Interface: SLM..SCH

J~u- JD i~jI

EHOIý Juo14i4
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Digital Interface and SLM clock: INTER.SCH

161

maw--

a'i

IM
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Photodlode amplifier: AMPLIF.SCH

Il I

II

* It

fil 11 1 1 IV
a' L-
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Threshold activation function: COMPI .SCHI

Mti
fll- alIl

m 01

M u 1 dI A- a II



90

Appendix 3

SPICE listings

The SPICE simulations were performed with Microsim's PSPICE

on a MacIntosh IIFE.

THRESHOLD COMPARATOR

*WILLIAM ROBINSON

*ANN PROJECT

*ANALYSIS REQUESTS

.DC LIN VIN 0.5 1.5 0.050

*CIRCUIT COMPONENTS

", l 1 2 100K

* R2 2 0 100K

R3 3 4 100K

R4 4 0 100K

R5 100 5 5K

*SOURCES

VDD 100 0 DC 5

VIN 3 0 DC 0.5

VREF 1 0 DC 1

*----------------------------------------..................

*.connections: non-inverting input
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* Iinverting input

I jpositive power supply

*II negative power supply

ill open collector output

I I I output ground

"•subckt LM311 1 2 3 4 5 6

S..

fl 9 3 vl 1 iee 3 7 dc 100.OE-6 vil 21 1 dc .45

vi2 22 2 dc .45 ql 9 21 7 qin q2 8 22 7 qin

q3 9 8 4 qmo q4 8 9 4 qmi .model qin

PNP(Is=800.OE-18 Bf=500) .model qmi NPN(Is=800.OE-18

Bf=1002) .model qmo NPN(Is=800.0E-18 Bf=1000 Cjc=IE-15

Tr=118.8E-9) el 10 6 9 4 1 vi 10 1i dc 0 q5

* 5 11 6 qoc •model qoc NPN(Is=800.0E-18 Bf=34.49E3 Cjc=1E-15

Tf=364.6E-12 Tr=79.34E-9) dp 4 3 dx rp 3 4

6.818E3 .model dx D(Is=800.OE-18 Rs=l)

"•. *

.ends

*---------------------------------------------------------------------------------

*COMPARATOR

Xl 4 2 100 0 5 0 LM311
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*OUTPUT REQUESTS

.PRINT DC V(5)

.PROBE

.END

Print data

VIN V(5)

5.OOOE-01 6.405E-02

5.500E-01 6.405E-02

6.OOOE-01 6.407E-02

6.500E-01 6.412E-02

7.OOOE-01 6.423E-02

7.500E-01 6.454E-02

8.OOOE-01 6.534E-02

8.500E-01 6.737E-02

9.OOOE-01 7.244E-02

9.500E-01 8.563E-02

1.OOOE+00 2.454E-01

1.050E+00 5.OOOE+00

1.100E+00 5.OOOE+00

1.150E+00 5.OOOE+00
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1.200E+00 5.OOOE+00

1.250E+00 5.OOOE+00

1.300E+00 5.OOOE+00

1.350E+00 5.OOOE+00

1.400E+00 5.OOOE+00

1.450E+00 5.OOOE+00

1.500E+00 5.OOOE+00

V1RZF V(5)

5.OOOE-01 5.OOOE+00

5.500E-01 5.OOOE+00

6.OOOE-01 5.OOOE+00

6.500E-01 5.OOOE+00

7.OOOE-01 5.OOOE+00

7.500E-01 5.OOOE+00

8.OOOE-01 5.OOOE+00

8.500E-01 5.000E+00

9.OOOE-01 5.OOOE+00

9.500E-01 5.OOOE+00

1.OOOE+00 2.454E-01

1.050E+00 8.563E-02

1.100E+00 7.244E-02
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1.150E+00 6.737E-02

1.200E+00 6.534E-02

1.250E+00 6.454E-02

1.300E÷00 6.423E-02

1.350E+00 6.412E-02

1.400E+00 6.407E-02

1.450E+00 6.405E-02

1.500E+00 6.405E-02

11

4.
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LCD DRIVER

*WILLIAM ROBINSON

*ANN PROJECT

*ANALYSIS REQUESTS

.DC RES RPOT(R) 40 10K 40

*CIRCUIT COMPONENTS

R1 100 2 29.3K

R2 2 0 100

R3 3 039

R4 3 4 RPOT 1

.MODEL RPOT RES(R=1)

*SOURCES

VDD 100 0 DC 5

*LM 324 MODEL

-----------------------------------------------------------------------------------

connections: non-inverting input

* f inverting input

* ~I positive power supply

' (II [negative power supply

* liiiI output

* I I I I .subckt LM324 1 2 3 4 5

..... .. . ...
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c1 11 12 2.887E-12 c2 6 7 30.OOE-12 dc 5 53 dx

de 54 5 dx dip 90 91 dx dln 92 90 dx dp 4 3

dx egnd 99. 0 poly(2) (3,0) (4,0) 0 .5 .5 fb 7 99

poly(5) vb vc ve vlp vln 0 21.22E6 -20E6 20E6 20E6 -20E6

ga 6 0 11 12 188.5E-6 gcm 0 6 10 99 59.61E-9 iee

3 10 dc 15.09E-6 hlim 90 0 vlim 1K qi 11 2 13 qx

q2 12 1 14 qx r2 6 9 100.043 rcl 4 11 5.305E3

rc2 4 12 5.305E3 rei 13 10 1.845E3 re2 14 10 1.845E3

ree 10 99 13.25E6 rol 8 5 50 ro2 7 99 25 rp 3

4 9.082E3 vb 90 dc 0 vc 3 53 dc 1.500 ve 54

4 dc 0.65 vlim 7 8 dc 0 vlp 91 0 dc 40 vln 0 92

dc 40 .model dx D(Is=800.OE-18 Rs=l) .model qx

PNP(Is=800.OE-18 Bf=166.7)

.ends

--------------------------------------------------------------------------------------------------

*OP AMP

X1 2 3 100 0 4 LM324

*CIRCUIT INPUT

*VPULSE 1 0 PULSE(O 5 .5US .1US .1US 20US 30US) .5a

• .9
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*OUTPUT REQUESTS

.PRINT DC V(4)

.PROBE

.END

Print data

R V(4)
4.OOOE+01 7.401E-02

8.OOOE+01 8.760E-02 i

1.200E+02 9.988E-02

1.600E+02 1.119E-01

2.OOOE+02 1.243E-01

2.400E+02 1.375E-01

2.800E÷02 1.517E-01

3.200E+02 1.669E-01

3.600E+02 1.831E-01

4.OOOE+02 2.OOOE-01

4.400E+02 2.173E-01
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4.800E+02 2.350E-01

5.200E+02 2.528E-01

5.6001+02 2.708E-01

6.000E+02 2.888E-01

6.400E+02 3.068E-01

6.800E+02 3.249E-01

7.200E+02 3.429E-01

7.600E+02 3.610E-01

8.000E+02 3.791E-01

8.400E+02 3.971E-01

8.800E+02 4.152E-01

9.200E+02 4.332E-01

9.600E+02 4.513E-01

1.000E+03 4.694E-01

1.040E+03 4.874E-01

1.080E+03 5.055E-01

1.120E+03 5.236E-01

1.160E+03 5.416E-01

1.240E+03 5.778E-01

1.280E+03 5.958E-01

1.320E+03 6.139E-01
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1.360E+03 6.320E-01

1.400E+03 6.500E-01

1.440E+03 6.681E-01

1.480E÷03 6.861E-01

1.520E+03 7.042E-01

1.560E+03 7.223E-01

1.600E+03 7.403E-01

1.640E+03 7.584E-01

1.680E+03 7.764E-01

1.720E+03 7.945E-01

1.800E+03 8.306E-01

1.840E+03 8.487E-01

1.880E+03 8.667E-01

1.920E+03 8.848E-01

1.960E+03 9.028E-01

2.OOOE+03 9.209E-01

2.040E+03 9.390E-01

2.080E+03 9.570E-01

2.120E+03 9.751E-01

2.160E+03 9.931E-01

2.200E+03 1.011E+00
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2.240E+03 1.029E+00

2.280E+03 1.047E+00

2.320E+03 1.065E+00

2.360E+03 1.083E+00

2.400E+03 1.101E+00

2.440E+03 1.120E+00

2.480E+03 1.138E+00

2.520E+03 1.156E+00

2.560E+03 1.174E+00

2.600E+03 1.192E+00

2.640E+03 1.210E+00

2.680E+03 1.228E+00

2.720E+03 1.246E+00

2.760E+03 1.2.64E+00

2.800E+03 1.282E+00

2.840E+03 1.300E+00

2.880E+03 1.318E+00

2.920E+03 1.336E+00

2.960E+03 1.354E+00

3.OOOE+03 1.372E+00

3.040E+03 1.390E+00
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3.080Z+03 1.408E+00

3.120E+03 1.426E+00

3.160E+03 1.444E+00

3.200E+03 1.462E+00

3.240E+03 1.480E+00

3.280E+03 1.499E+00

3.320E+03 1.517E+00

3.360E+03 1.535E+00

3.400E+03 1.553E+00

3.440E+03 1.571E+00

3.480E+03 1.589E+00

3.520E+03 1.607E+00

3.560E+03 1.625E+00

3.600E+03 1.643E+00

3.640E+03 1.661E+00

3.680E+03 1.679E+00

3.720E+03 1.697E+00

3.760E+03 1.715E+00

3.800E+03 1.733E+00

3.840E+03 1.751E+00

3.880E+03 1.769E+00
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3.920E+03 1.787E+00

3.960E+03 1.805E+00

4.OOOE+03 1.823E+00

4.040E+03 1.841E+00

4.080E+03 1.859E+00

4.120E+03 1.877E+00

4.160E+03 1.895E+00

4.200E+03 1.913E+00

4.240E+03 1.931E+00

4.280E+03 1.950E+00

4.320E+03 1.968E+00

4.360E+03 1.986E+00

4.400E+03 2.004E+00

4.440E+03 2.022E+00
P.

4.480E+03 2. 040E+00

4.520E+03 2.058E+00

4.560E+03 2.076E+00

4. 600E+03 2.094E+0o

4.640E+03 2.112E+00

.680E+03 2. 130E+00

720E+03 2.148E+00



103

4.760E+03 2.166E+00

4.800E+03 2.184E+00

4.840E+03 2.202E+00

4.880E+03 2.220E+00

4.920E+03 2.238E+00

4.960E+03 2.256E+00

5.000E+03 2.274E+00

5.040E+03 2.292E+00

5.080E+03 2.310E+00

5.120E+03 2.328E+00

5.160E+03 2.346E+00

5.200E+03 2.364E+00

5.240E+03 2.382E+00 f
5.280E+03 2.400E+00

5.320E+03 2.418E+00

5.360E+03 2.436E+00

5.400E+03 2.454E+00

5.440E+03 2.472E+00

5.480E+03 2.490E+00

5.520E+03 2.508E+00

5.560E+03 2.526E+00



104

5.600E+03 2.544E+00

5.640E+03 2.563E+00

5.680E+03 2.581E+00

5.720E+03 2.599E+00

5.760E+03 2.617E+00

5.800E+03 2.635E+00

5.840E+03 2.653E+00

5.880E+03 2.671E+00

5.920E+03 2.689E+00

5.960E+03 2.707E+00

6.000E+03 2.725E+00 i

6.040E+03 2.743E+00

6.080E+03 2.761E+00

6.120E+03 2.779E+00

6.160E+03 2.797E+00

6.200E+03 2.815E+00

6.240E+03 2.833E+00

6.280E+03 2.851E+00

6.320E+03 2.869E+00

6.360E+03 2.887E+00

6.400E+03 2.905E+00

6.440E+03 2.923E+00

I,
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6.480E+03 2.941E+00

6.520E+03 2.959E+00

6.560E+03 2.977E+00

6.600E+03 2.995E+00

6.640E+03 3.013E+00

6.680E+03 3.031E+00

6.720E+03 3.049E+00

6.760E+03 3.067E+00

6.800E+03 3.085E+00

6.840E+03 3.103E+00

6.880E+03 3.121E+00

6.920E+03 3.139E+00

6.960E+03 3.157E+00

7.000E+03 3.175E+00

7.040E+03 3.193E+00

7.080E+03 3.211E+00

7.120E+03 3.229E+00

7.160E+03 3.247E+00

7.200E+03 3.265E+00

7.240E+03 3.283E+00
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7.280E+03 3.301E+00

7.320E+03 3.319E+00

7.360E+03 3.337E+00

7.400E+03 3.355E+00

7.440E+03 3.373E+00

7.480E+03 3.391E+00

7.520E+03 3.409E+00

7.560E+03 3.427E+00

7.600E+03 3.445E+00

7.640E+03 3.463E+00

7.680E+03 3.481E+00

7.720E+03 3.499E+00

7.760E+03 3.517E+00

7.800E+03 3.535E+00

7.840E+03 3.553E+00

7.880E+03 3.571E+00

7.920E+03 3.589E+00

7.960E+03 3.607E+00

8.000E+03 3.625E+00

8.040E+03 3.643E+00

8.080E+03 3.661E+00

8.120E+03 3.679E+00
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8.160E+03 3.697E+00

8.200E+03 3.715E+00

8.240E+03 3.733E+00

8.280E+03 3.751E+00

8.320E+03 3.769E+00

8.360E+03 3.787E+00

8.400E+03 3.805E+00

8.440E+03 3.823E+00

8.480E+03 3.841E+00

8.520E+03 3.858E+00

8.560E+03 3.875E+00

L 8.600E+03 3.892E+00

S8.640E+03 3.907E+00

8.680E+03 3.921E+00

I 8.720E+03 3.933E+00

8.760E+03 3.943E+00

8.800E+03 3.951E+00

8.840E+03 3.958E+00

8.880E+03 3.964E+00

8.920E+03 3.970E+00
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8.960E+03 3.974E+00

9.OOOE+03 3.978E+00

9.040E+03 3.981E+00

9.080E+03 3.985E+00

9.120E+03 3.987E+00

9.160E+03 3.990E+00

9.200E+03 3.992E+00

* 9.240E+03 3.994E+00

9.280E+03 3.996E+00

9.320E+03 3.998E+00

9.360E+03 4.OOOE+00

9.400E+03 4.002E+00

9.440E+03 4.003E+00

9.480E+03 4.005E+00

9.520E+03 4.006E+00

9.560E+03 4.007E+00

9.600E+03 4. 008E+00

* 9.640E+03 4.010E+00

9.680E+03 4.011E+00

9.720E+03 4.012E+00

9.760E+03 4.013E+00

9.800E+03 4.014E+00
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9.840E+03 4.015E+00

9.880E+03 4.015E+00

9.920E+03 4.016E+00

9.960E+03 4.017E+00

1.OOOE+04 4.018E+00

r:.
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PHOTOVOLTAIC RECXIVER

*WILLIAM ROBINSON

*ANN PROJECT

*ANALYSIS REQUESTS

.DC LIN VIN 0.050 0.350 0.025

*CIRCUIT COMPONENTS

R1 1 2 909

R2 2 0 1MEG

R3 3 0 909

R4 3 4 5K

*SOURCES

VDD 100 0 DC 5

VIN 1 0 DC 0.25

*LM 324 MODEL

-----------------------------------------------------------

connections: non-inverting input

-* j inverting input

* I~ •positive power supply

** jj negative power supply

* ~ output

* 11111

r--



I- 1 1 1

.subckt LM324 1 2 3 4 5

cl 11 12 2.887E-12

c2 6 7 30.OOE-12

dc 553 dx

de 54 5 dx

dip 90 91 dx

dln 92 90 dx

dp 4 3dx

egnd 99 0 poly(2) (3,0) (4,0) 0 .5 .5

fb 7 99 poly(5) vb vc ve vlp vln 0 21.22E6 -20E6 20E6

20E6 -20E6

ga 6 0 11 12 188.5E-6

gcm 0 6 10 99 59.61E-9

iee 3 10 dc 15.09E-6

hlim 90 0 vlim 1K

ql ii 2 13 qx

q2 12 1 14 qx'

r2 6 9 100.0E3

rcl 4 11 5.305E3

rc2 4 12 5.305E3

rel 13 10 1.845E3

ii ",,
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re2 14 10 1.845E3 I

ree 10 99 13.25E6

rol 8 5 50
?2..

ro2 7 99 25

rp 3 4 9.082E3

vb 9 0 dc 0

vc 3 53 dc 1.500

ve 54 4 dc 0.65

vlim 7 8 dc 0

vip 91 0 dc 40

vln 0 92 dc 40

.model dx D(Is=800.OE-18 Rs=l)

.model qx PNP(Is=800.OE-18 Bf=166.7)

.ends

---------------------------------------------------------------------------

*OP AMP

Xl 2 3 100 0 4 LM324

*OUTPUT REQUESTS

.PRINT DC V(4).

. PROBE

.END
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* Print data

. VIN V(41

5.OOOE-02 3.287E-01

7.500E-02 4.910E-o1

1.OOOE-01 6.533E-01

1.250E-01 8.156E-01

1.500E-01 9.779E-01

1.750E-01 1.140E+00

2.OOOE-01 1.303E+00 4

2.250E-01 1.465E+00

2.500E-01 1.627E+00

2.750E-01 1.789E+00

3.OOOE-01 1.952E+00

3.250E-01 2.114E+00 .1

3.500E-01 2.276E+00

;•. ,

ii
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D"2 CIRCUXT

*WILLIAM ROBINSON

*ANN PROJECT

*ANALYSIS REQUEST

.DC VIN -15 15 .5

*RESISTORS

Ri 1 5 10K

R2 2 4 10K

R3 4 5 15K

R4 5 8 15K

R5 1 2 10K

R6 20 2 10K

R7 6 8 10K

R8 1 6 10K

R9 21 6 10K

RF 5 10 10K

R10 1 11 10K

Rll 11 22 10K

R12 11 13 10K

R13 1 14 10K

R14 14 23 10K
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RI5 14 16 10K

R16 13 5 25K

R17 16 5 50K

*DIODES

Dl 2 3 DIN4154

D2 3 4 D1N4154

D3 7 6 D1N4154

D4 8 7 DIN4154

D5 11 12 DIN4154

D6 12 13 DIN4154

D7 15 14 D1N4154

D8 16 15 D1N4154

*OP AMPS

Xl 0 2 30 31 3 LM324

X2 0 6 30 31 .7 LM324

X3 0 5 30 31 10 LM32

X4 0 11 30 31 12 LM324

X5 0 14 30 31 15 LM324

*SOURCES

_Vl 20 0 DC 5

V2 0 21 DC 5

V3 22 0 DC 10
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V4 0 23 DC 10

VCC 30 0 DC 15

VDD 0 31 DC 15

VIN 10 DC 1

.model DIN4154 D(Is=0.1p Rs=4 CJO=2p Tt=3n Bv=60 Ibv=0.1p)

*OP AMP SUBCIRCUIT

* connections: non-inverting input

* jinverting input

i * I positive power supply

I negative power supply

I I output

.subckt OP-07 1 2 3 4 5

cl 11 12 8.661E-12 c2 6 7 30.OOE-12 dc 5 53 dx

de 54 5 dx dip 90 91 dx din 92 90 dx dp 4 3

dx egnd 99 0 poly(2) (3,0) (4,0) 0 .5 .5 fb 7 99

poly(5) vb vc ve vlp vln 0 221.0E6 -200E6 200E6 200E6 -200E6

ga 6 0 11 12.113.1E-6 gcm 0 6 10 99 56.69E-12 iee

10 4 dc 6.002E-6 hlim 90 0 vlim 1K ql 11 2 13 qx

q2 12 1 14 qx r2 6 9 100.0E3 rcl 3 11 8.841E3
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rc2 3 12 8.841E3 rel 13 10 219.4 re2 14 10 219.4

ree 10 99 33.32E6 rol 8 5 40 ro2 7 99 20 rp 3

4 12.03E3 vb 9 0 dc 0 vc 3 53 dc 1 ve 54 4

dc 1 vlim 7 8 dc 0 vlp 91 0 dc 30 vln 0 92 dc 30

.model dx D(Is=800.OE-18 Rs=l) .model qx NPN(Is=800.OE-18

Bf=3.000E3)

* .ends

----------------------------------------------------------------------------------

* connections: non-inverting input

* I inverting input

S* I I positive power supply

* III ]negative power supply

* IIII output

*liiiIII-

.subckt LM324 1 2 3 4 5

cl 11 12 2.887E-12 c2 6 7 30.00E-12 dc 5 53 dx

de 54 5 dx dlp 90 91 dx dln 92 90 dx dp 4 3

dx egnd 99 0 poly(2) (3,0) (4,0) 0 .5 .5 fb 7 99

poly(5) vb vc ve vlp vyn 0 21.22E6 -20E6 20E6 20E6 -20E6

ga 6 0 11 12 188.5E-6 gcm 0 6 10,99 59.61E-9 iee

• • m | m
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3 10 dc 15.09E-6 hlim 90 0 vlim 1K ql 11 2 13 qx

q2 12 1 14 qx r2 6 9 100.0E3 rcl 4 11 5.305E3

rc2 4 12 5.305E3 rel 13 10 1.845E3 re2 14 10 1.845E3

ree 10 99 13.25E6 rol 8 5 50 ro2 7 99 25 rp 3

4 9.082E3 vb 9 0 dc 0 vc 3 53 dc 1.500 ve 54

4 dc 0.65 vlim 7 8 dc 0 vlp 91 0 dc 40 vln 0 92

dc 40 .model dx D(Is=800.OE-18 Rs=l) .model qx

PNP(Is=800.OE-18 Bf=166.7)

.ends

------------------------------------------------------------------------------------------------

iA

*OUTPUT 'at.
PRINT DC V(10)

.PROBE

.END

Print data

VIN V(10)

-1.500E+01 6.333E+00
A

-1.450E+01 6.367E+00

-1.400E+01 6.400E+00

-1.350E+01 6.433E+00

-1.300E+01 6.467E+00 j
-1.250E+01 6.500E+00

t.
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-1.200E+01 6.533E+00

-1.150E+01 6.567E+00

-1.100E+01 6.600E+00

-1.050E+01 6.633E+00 '
-1.000E÷01 6.666E+00

-9.500E+00 6.500E+00
F

-9.OOOE+00 6.333E+00

-8.500E+00 6.166E+00

-8.OOOE+00 6.OOOE+00

-7.500E+00 5.833E+00

-7.000E+00 5.666E+00-

-6.500E+00 5.500E+00

-6.OOOE+00 5.333E+00 I.•
-5.500E+00 5.166E+00

-5.OOOE+00 4.999E+00

-4. 500E+00 4. 499E+00

-4. OOOE+00 3. 999E+00

-3.500E+00 3.499E+00

-3.OOOE+00 2.999E+00 .*il

-2.500E+00 2.499E+00

-2.OOOE+00 1.999E+00

'A
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-1. 500E+OO 1. 499E+00

-1.OOOE+00 9.991E-01

-5.OOOE-01 4.991E-01 J

O.OOOE+00 -8.353E-04

5.000E-01 -5.008E-01

1.000E+00 -1.001E+00

1.500E+00 -1. 501E+00

2.000E+00 -2.001E+00

2.500E+00 -2.501E+00

3. 000+00 -3.001E+00

3.500E+00 -3.501E+00

4.000E+00 -4.001E+00

4.500E+00 -4.501E+00

5-000E+00 -5.0003+00 I t

5.500E+00 -5.167E+00

6.000E.00 -5.333E+00

6.500E+00 -5.500E+00

7.0ooE+00 -5.6673+oo

7.500E+00 -5.833E+00

8.000E+00 -6.000E+00

8.500E+00 -6.167E+00

NA
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9.000E+00 -6.333E+00

9.500E+00 -6.500E+00

1.000E+01 -6.667E+00

1.050E+01 -6.733E+00

1.100E+01 -6.800E+00 i

1.150E+01 -6.867E+00

1.200E+01 -6.933E+00

1.250E+01 -7.OOOE+00

1.300E+01 -7.067E+00

1.350E+01 -7.133E+00

1.400E+01 -7.200E+00

1.450E+01 -7.267E+00

1.500E+01 -7.333E+00 '

,.!

1*5

"I.
.1

I



122

10.

DIODE FUNCTION GENERATOR51
0 .1!

I° I,

-10

-10 . . . . . . . . . . . . . . . . . . . . . . .. . . . . . . . . . . . .
.-20 .o 0 1o 20

INPUT VOLTAGE
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, ., ):

f 14



*• Appendix 4

Source code listing

Overview

I The optical hardware Is controlled by a PC compatible computer and two

Interface boards. Much software was developed not only to control the hardware,

but also to train with the MR2 rule. To run the system, type MENU at the user's

prompt and select the available choices.

The source code listings are well documented and provide a good explanation for all

the functions. The system software consists of 12 separate files listed below followed by

a brief descriptidn. Uniform.c contains functions for uniformly distributing network

weights during weight initialization. Rank.c contains function for array Indexing and ,

ranking. Network3.c saves and recalls network weights for training and testing of

patterns. Rle.c provide file input and output capability. Traln.c provides a menu for

training the network. Test3.c tests patterns after network has been trained. Share3.c

provides MR2 training rule functions shared by optical system software, opt•cal

simulation software, and by traditional MR2 algorithm training. Driver3.c provides

hardware digital and analog Input and output functions. Optical3.c , Slm3_d.c and

3layer.c are the actual MR2 training software for the three systems.

123
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Appendix 4

Source code listing

Overview

The optical hardware Is controlled by a PC compatible computer and two

Interface boards. Much software was developed not only to control the hardware,

but also to train with the MR2 rule. To run the system, type MENU at the user's

prompt and select the available choices.

The source code listings are well documented and provide a good explanation for all

the functions. The system software consists of 12 separate files listed below followed by

a brief description. Uniform.c contains functions for uniformly distributing network

weights during weight initialization. Rank.c contains function for array indexing and

i ranking. Network3.c saves and recalls network weights for training and tpsting of

patterns. File.c provide file input and output capability. Train.c provides a menu for

training the network. Test3.c tests patterns after network has been trained. Share3.c

provides MR2 training rule functions shared by optical system software, optical

* simulation software, and by traditional MR2 algorithm training. Driver3.c provides

* hardware digital and analog input and output functions. Optical3.c , Slm3_d.c and

31ayer.c are the actual MR2 training software for the three systems.

A ~
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PROGRAM : MENU3.C
WRITTEN BY: Wllam Robinson
CLASS: Master' Thesis
DESCRIPTION: Provides simple menu Interface for Optical ANN. Allows user
to select various modes of tnrning.

- n1clude lnclude3.e

SYSTEM PARAMETERS function asks user for choice of system (Optical or
Software only) and for weight distribution bounds.

void systemeparameters(void)

Int num,numl;

.; goloxy(1,.5); i
pdntf(OPlease enter Initial weight uniform distribution parameters*);
puIntp(" Lower Bound: ");
scanf(r%dr,&MIn);
pdintfl( Upper Bound:
scan"(crd.&Max):.
pdntlf('n Please enter number of iterations for training set (Ie 3):');
scanfr('%c,&IteratIons);drscrO; *.
do(

prlntf(Please select 1: Optical or 2: Software Only: ');
scanf("%d.,&num);
) while ((num< 1) 1 (num> 2));

If (nt-==1)(
OPTICAL a 1;
SOFTWARE =0;

"•: else( ;
SOFTWARE= 1;

OPTICAL =0;
do(

prntf('"n Please select training option );
pdnt(in 1. Normal MR2 training');

* p4ntf('%n 2. Optical hardware simulation 8);
pdntlf(•n Enter option selected: ");

scanf('%d',&numl);
) while ((numl < 1) 1 (numl > 2));

SOFTWARE-VERSION = numi;
* .

system selected =1;

Main Programn

Int maln(vold)

Int choice;
geit=0;

-• . ,A
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savejft.O;
OPTICAL-O;
SOFT WAREA0
p .... *.er ...elec....***.O***..*aO*eOe-0.;O.**O.*

Display the ANN Menu

do{
drscr0;
pdnVd(Nio);
printf ('NtUOpt~aI ANN Main MenuW');
printf N .( ftn)
puintf CV~ 1. System parameters %ng);
print (Nt 2. File menuW);
puintf N" 3. Train menLAn*);
printf (N 4. Test mentAn*);

scanfCU~ft&hoice);
swich - {**
case 0: ezdt(O);

brealq
case 1: system-parometersO;

brealc
case 2: flIe-menuO;

breakc
case 3:* traln..menuO;

brealc
case 4: tesunenuo;

breakc
defauftbreak;

)while (choice I= 0);
return 0

FILE: lnclude3.c
* WRITTEN BY: WIWAM ROBINSON
* DESCRIPTION: Contains headers, definitions. and global variables used In the
* optical newurl netmoc system sknufatfon.

Standard include files

Mlclude 'cstdlo.h>

#htclude <nath.h~i
#lnclud -cconlo~ho
*lnclude ctlmeh>

* Ilnlude <dos.h,
Mclnlude <sbft.h>

#Include <ctypeh>
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*MO AOCB3ASE OX0320
dsmpm TRIGGER 0

Meslne SETGAIN (ADC...ASE + 3)
#ddft GAIN 3
#dsis ADC-CONVERT (ADC..BASE + 1) P* 12 BIT CONVERSION '
#dA*t SET-CHANNEL (ADC....ASE + 2)
#do&*n READ-.LOW ADC-..ASE
#do**i READJIIGH (ADG..BASE + 1)
#doh EOC (ADC-.BASE + 2)
MOMk ADC..BUY OX7F

/"*""DIGITA.L O BO3ARD' a...1. Prt..

#do&*i H2OUT J.O /0aO Wk Baa.. Sel Pot k
Mebwii LEQO TH IOxE P Base +14 Port C
#dsll ILCD1..HT 1x P Wran +o 2m Po5 Por 60
Idellm HLCD-LOAD 2x P Wristw m+5 Port B1'
#do&- a HLCDLLCK1 PB + wrt Po Bse+ or* A

#dsfln LC2JOAD 8 000 /WWrst as+5 Port 93'
#dohIw . CD2...CLOC 4 P WrMt to Bass +45 Port A2D'
Udsffis IAYER1J..AD 32 P Writ to Bas + 5 Port 65 I/
Nufins LAYEI.CLOCK 2 0 Writs to Bae +4 Port AOV
#d*~e LC02-LOAD 18 P Write to Bae + 5 Port 837*1

#dsfi LAYER2..CLOCK 8 P Writ, to Ban + 4 Port A3 .

Po..48 CHANNEL ANALOG INPUT

Function prolotypes

PUNIFQRM.C*/
double u32(void);
double unlffornt.dlst(double, a, double b);

PRANK.CI/
void lndwo(Int n~doubls arrninLint klnxfl);
void Ranlc(Int On~t Inxfl.Irt Irankli;

PDRIVER3.C*V
void ADC-.AYER1 (void);
void ADCL1AYER2(void);
voi MODE-0(void);
void ENABLEWEIGHTS(void);
void WRITEJINPUT-VECTOR(unsigned char Isb~unsigned ca msb);
void PRESENT-HIDOENI-VECTOR(void);
void WRITEJI-IDDEN1-.BINARY(vold):
void WRITE-LAYERi-WEIGI4TS(vold);
void WRITE..LAYEMLWEIGHTS(vold);
void LEDS-OFF (void);
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PSHARE3.Co/
void hkmWz-wseigvold);
void m..umadPhKvuwj)
void bkonsib ptfturdignwd cha Ibb~unalged ca meb);
Wuoi g~snsmts..outx-nsurons(vold;
void gmnraeuwmmn(void);
unsgnd lit hIRIItI-dIUwICS(It paftemjiumber);
wasiged lit WaLwoutp(Int Waftern~number);
void rw1hkkeulrwons(vo4d;
void ddsJkln2neumnsdvoid);
void swv...axrenLwslltl (void);
void nw-mrvnweigV(void);
void swe-urent-wehs3(void);
void resetor.pior-.woogtal (void);
void rs -prlorw9WW(voWd;
void ......... weigt3vo"d;
void ske~lW(tpabrnnumber);
void doubkstl(kint psftmni-umber);
void trI~eftu Qmt pa~mh mn.nuber);
void qadltsl (Int pabosn~nurnber);
void ulnleWm(hIt pattemjiuvber);
void doublsts(mt psfwlsnuinba);
void #0lleiW"mn paern-nuntber);
vold quedbtu(kA paerrmourner):
void ad~p-autpuL~syer"n pmttsn.numbe*)
void aedpLweI~ts(lnt neuron-number);
void admpLwsef2(mnt neuronnummber);
void adapLweIfts3(mnt neuron-nunter);

POPTICALS'/
void esc~kdddnl~binayvod);
void rs dmn2lerjmy(void);

void omprj~dddsnl-ruwnsvoid);
void compwqrjhidnZ-nsurons(void);
void opdcat~annwool)

do"b d*nam-Uwehoid(k~t mput~1 D;
void WdW.Aknlweihts(vold);
void Wd..*v&..-w.Idghvoid);
void sinukftyrl~nwum~void;
void akuk9kmi~jmyerw.urons(vokd);
void a! -mu1lat(void);

P3LAYER.C*I/1
void nsrat.jayrl-neurmavokD);
void gsnmrte~ayer2jneurons(void);
void nonuaLtralrnvoid);

PNETWORK3.C V

kit gsLw@Vdjayseratiol);
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PFLE.C'
vold geU-eWVckQ.
vowd UflIeRmnu(vod);

PTRAC*C/
vold onejun~vold);
vold mullpepma(vold),

PTEST3.C*/
unsigned kIt Utmsest(Int Westasne-umber);

-void les-netwodqvoid);
void ono-Wel~veid);
void multiplejeests(vold).
void tssdjnsnuevoid);

PMENU3...D.C*/
void ystsperaeter(void);.

Globs vadlebes
doubl Mina-M
double Mwc-60, P For weights uniform dlsrbutionI/

kIt Nflag1;
P for randomn number generator I1

FILE *kin.fle
*outLfe; Pflie pointers for network weights I

double Seedi - 12345.0, P Initial seed for toe randomn number gen ~I
Seed2 - 67890.0; P Iitial seed for the random number gen I

char huiame(1 2Loutjiame(1 2];

Training Vectors are hardcoded in alpha arrays for easier coding.
*The following are global aurays.

P input vectors/
P Hardware Input vectors V
LettsjsbI4XmOxl F.Oxl D.cO9F.Ox3F,0x17,0A0,0xE8,xEO,0xE0,0x00,

)0,I.80JeS0CxIF.C"xFOxAFOBEXF,0x3FAKhFF.0XBF, OxBF.OxBFOxBD).

f Targt mouput Vectors -I
* Tesjsib(10X=(x9F.0x1 FOxEl ,0xE0,0xO0.WQ0.0x7.0x3F,0xBF,0xBB),

Tesdmsb(141.P0,x8, x8.A3.0xDC.OxFC.Ox94,Gc94A~gC.Ox94);

-P Target ouput vectiors -1
u-nsigned kdtLtsjre2J'{.,,.,,,,,,,.,,... 1 ,,,,,)

*unsigned bintLetret0]1,.,112222
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ke lrgut.pefs"n16 Pf+1.-I. orob0nayiput/I
S It CSWlTRLA P1Hmmng1aane r1u1een"'

do"bl Hlddenl.anlog-.vakmlus16

* kit Hdden1!mnk..valus16t
kit Hiddmn1..aftiecl1J PIt bin"a value has been Irmerted 'I
dwubl Hiddie(lot
kit HfwR d m,~n.yswk*e1e
kit HlddentraLvahaefsJ
kIt HId~dwan2..aptdq~lec1 Pfi blnay value has been Irveited I
double Ouutpuimaloig.value(Sr.
wisignd kIt OuobkiMary..value(5J;
kit Outpu&eclepw51

* kit Hmm~lst f amigGtac

kit g*lsaios
kitgsj

kit SOFTWARE;,
Wi SOFT WARIELERSION;
do"beTHRESHOLDI;
double THRESHOLD2-;
do"bl

IWeghtjaywr1[16X16I P Holds compute weogts I >

Weghkyi3161nJ
Tempjayeri[1~611 61, TeMw"ai weogt storagep

Smlmayerl [l1ji11 /b For utw"n simulted weigts I/

WtS~~yr1[1616t P Exteral hardware optical weigts '

Thmshold.coumn; /'Used for dynamic Thresholding V V

User kicluded fee

hicidad Orankec
Akclude 3..cor3.

#Wxbde Onn
#bkicu OshaweSe

Include 'optlal3.e
Include slmS3d(c'

Inlde 'Slaywerc

FLE*hareS~c
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WRITTEN BY: Moan Robinson
DESCRFdfKL-t Coia**s functions shared by simulation and optical
haidware W trinn phas.

INMAUZE WEIGHT function unillormly distributes weight values In each
of "h weight layMers

void k*Iaealz.weigh~s~old

for (NOkl6;16i.)
forO..r1J+

We -y" unxLcfmdltI(MInMWax);.

for (Im~k16;l+)
for o.&O*;*.)

Welghuaye*(JD - unlorm~dlst(Mln.Max);

INITIALIZE adopted function clears hidden neuron adapte value.

void Inklalladapted~void)
I- 1;

* for QI.kl6M4X+
Pldden1..-adapecPIS a=.
HlddenZ.adap)ed -=0

BINARIZE-INPUTS function reads nub and lab Input vector values and assigns4
aloori mp adA g.+1 or0. No wynvetry Isuse& Thls Isonly used to

cacuat -e nero nao values.

void Winarize-Inputs(unsigne!d ca Isb~unslgned char nub)

Iint IOmp1151
kit number.

s ernp(O~w Isb&1;

Wmp(23. (lsb&):->2;

Wmp4]= (Isb&16fr>4;
Wmup(8J= oIub64)>A8;
bmp(7)in (Iab&128)>>7.*
lenMpIi. msb&1;
temp(101 (mt&4)>>Z;
lenpift(1 1)IE>htM4
Wip(1 2). (nimeM16):14;
tsmp(3J. (mubU2)>5;

tem(14a (sb864)>>6;
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*mp(151 1; P/8188 nputset to +1/
I (SOFT WARE-.VERSION--1X

fow (numberi~number<16;number +4)
If (tWmp~numberD lnput..pttemn~numberj =1;
else lnputjialternjnumber)=-1;

for (number*Onumber<16;nuntber 0.4)
If (tempnumborj) Input..pattern~numbter] 1;
else Inpu~patternjnumberl=O;

GENERATE OUTPUT NEURONS function calculates the weighted sum for each-up neuron.

void generate-.outpunewronsvoid)

kIt number,
kIt column;
/iklIatlze values '
for (number*Onumber<3;number+4)

Outputmnalog-.vakuelnuffftr)-&;
for (number*Onumber<3;number+4)(

for (columnw=O*cokumnd16;column+4)
OutpuLanalog-valuenumberI +=

HidenZ..blnary~vakaejooumnJ *WeighLlayer~fcolumnjnumber];

for (numfbxew-Onumber<3;number+4)(
If (Output.analog..value~number) >'=O)

OutpuLbklaiy-value[number) = 1;
else

Outubnary...value~number) = 0;

GENERATE NEURONS function generates neurons for all 3 layers Independent
of configuration.

void generate...neurons(vold)

If (OPTICAL==1m
corriddeIfleilneuronso;
PRESENT-YIDDENI-VECTORO;

else If (SOFrWAREVERSION==2)(
slmulste-layerl-neuronso;

91W
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generateJayer2neraonso;

enerate-outpuLosuronso;

HAMMING DISTANCE function looks at fte numb~er of dierNce~s In tie actual

wasiged tnt hamminlg.Astanceht patlerinjumber)

un ine nt actuaLveclor;
uaIge nt differences;

ursigned tnt exLor....ecor.
kit number.
ackuaLvector = (OutpuLblnaiy..value(01 1) + (OutpuL~binary-value[l1I 2) +

9ymon-vectr- cavectoe A Leflerargetjpattem..nuMber];
dilffeences =(ex..or-yoctor & 1) +((ex..or..vector &2) >>I) +

((ex..or~vector & 4) >,> 2);.

TEST OUTPUT function locqks for the teat output neuron.

unsigned tnt test..output(Int test~pattem-.numfber) I
unsiged tnt actuaLvector;
unsigned Int differences;

acw~ecw= (OutpuLbinary..yalue[01 1) + (OutpuLblnaiy-yaluetl] 2) +
(Output~blnawy-valuep[2* 4);
anWLvecbor = actual-vector & Loftt -geIttestjpattem...numberr;
dilliersnces.=(and~vector & 1) +((and-.vector &2) >>1) +

((an..vco& 4) >> 2);

RANW HIDDEN1 NEURONS function ranks fth value of the hidden neurons In
ascendtng order.

vodrank~hkdden1-neurnxs(vold)
It1=15;

kit number;
double numanaay[166;
kit iraktarryl 61;

* nmanwMOJ=10000; P dummy entry 1
for (number=Onumberc1I5;,number.-i)

xnuanyfnuniber+11. Hidderi-nalsog.value[nwumber);
lnftodex(Inumarry~tnxan);
Ran(ltnd~mny~ranksny);
for (numbetmOnumber<15;-nwnber++)
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HIdden1l.rank~value(numberl rankarryfnuniber+l].

RANK HIOOEN2 NEURONS function ranks the value of the hkiden neurons In-sx order.
void ank..hkIddn2..neurons(vold)

Int 1=15;
bIt number;
double numavyf 161;
bit bkdxarryfl 16t
bIt rankarry(l 6D:
nwnsnry(O0in10000; P dummy entry*/
for (flu meru0,numberc15;nuunber++)

numarry~number.11. HkIddn2.jnalog-.valuelnumberl;
lndex(InumrrWbtdarry);

for (numberfO~number<1 5;number++)
HkddenR..rank...alue(number) = rankarrynumber+1 1;

SAVE CURRENT WEIGHTS1 function stores weight layeri values.

void save..current.weightsl (void)

bit row~col;
for (rowin0ow-C16;row++)

"por=(%o=Ook18.coI.+)
Tenipjyerl [row](colI=Welghulayerl Crowlcoq;

RESTORE WEK3HlTS1 function restores weight layeri values.

void restore..pilor..weightsl (void)

bit row~col;f
for (row=O0,row<16;row++)

for(col:m0colI<16;coI++)
Welgh~byer! [row~co(q=Twm-htyer1 [row~ooIl;

I(OPTICAL==1) WRITRJAYERLWEIGHTSO;
else Nf (SOFTWARE-VERSKON==2) Wrile..alml~welghtso;

SAVE CURRENT WEIGHTS2 function stores weight Iayer2 values.4

void savecqurrent.welghts(voId)

bIt row.col;
for (row-&row<16;rwow+)

Jor(,col=O*cokc16;cok.+)
Te-yer2frowjcolj=Welgh~ayer2[rowlcolJ;
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RESTORE WEIGIHTS2 function restores weigt IaYer2 value.

void res~ pto ~w eIght92(voId)

hIt row~col;
for (rowftrow<clB*row*.)

for(oloh0col-cI6;col++)
Weighlaye~rowco4JuTe-Ipayerqrow~colJ;

If (OPTICAL-I) WR1TEj.LAYERZ..WEIGHTS(Y;
else Nf (SOFTWARE...VERSION.=2) Wrlt-s...am2.weights(J;

SAVE CURRENT WEIGHTS3 function stores weigt layer3 values.

void save...cufrent.welgtss~opod)

hIt row~col;
for (row=O0;row<IlO.row..)

"frcoi=O~cok4;ool+.)
Tern yer3(owlcolj=WeigLlayeus~rowlcolJ;

RESTORE WEIGHTS3 function restores weigt layer3 values.

void restore..priwrweOghs3void) 1
hIt row~cokI
for (mwrnO-row<16;row.+)

1or(coI=O*cok3,co"~)
Weig~aer3(mw~co4I=TeMpjayerrowlcoq;

ADAPT WEIGHTS1 function adapts one neuron at a time until its binary value
Is Inverted.

void adapLwelghtsl (nt neuronjiumber)

hIt adapLcounter;
double acijusLvalue;
hIt row~column;
hit Inverted;

If (OPTICAL--1)X
cornipare..hkdenIneuronsO;
If (Hidden 1jbInaiy...vauefneuron...number]=1)

Inverted = 0;

Inverted=I1;

else If (SOFTWARE-VERSION=1)(
generateJayerl-neuronso;
If (Hddenl...anlog..valuefneuron-numberl==I)4

Inverted 1;-I
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simutatejlayert-neuronsO;
Vf (Hkouun1..analog-vahuetluron-nurnoer)==lj

Invertd d.O

Inverted *1;

adjustvakue=.005;
goloxy(1,7);
pdntf("Hkkdenl Neuron:%n*);

Nf ((OPTICAL=1I) 11 (SOFTWARE-VERSION==2))

P Test for adaptation direction
If (Hidden lblnary-value~neuron nunber]==1)(
If (((Input..pattern~rowjlc=O)&&(Welgh~Iayerl [rowl~neuron-numberl<O))Il

((InpuL.Pattemtrowj=1 l)&&(Welghtjayerl [rowl~neuron...nuffberl>o)))
Welgh~layerl (row](neuron-number) +=
Welghtjayerl [rowj~neuron-.numberr(-adjusLvalue);

else l
WelghUayerl Irowi~nouron-numberJ +=
Welgh~layerl lrowlneuron...numberradlusLvalue;

else(
If (((tnPut..pattem[rowjc=O)&&(Welgh~Iayerl [row](neuron...number]cO))It

((InputLPattem[rowl==1 )&&(WeIgh~layer1[row1(neuronjiumber])'O)))
Welgh~layerl [rowlneuron..number) +=-
Welgh~laYerlLrowifneUron...numberr*adiuscvalue;

else
WelghUayerl Lrow)Eneuron...numberJ +=
Welghtjayerl Erowj[neuron-.numberJ*(-adjusLvalue);

If (OPT1AL==1X
WRIT'EJAYERL-WEIGHTSO;
comnperejIftlenl-neuronso;

els V (SOFrWAREYVERSION-z2)

else
genrwate-fmyerl~neuronso;

prlntf(%"W.neuron...number);
dredfO;

Pdnt('%2r.Hkidenl..analog..valuelneuronjiumberfl;
ciredo;O
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goloxy(1 0.9):
PrW(nUrHldds1...bkoay.y~eneuwon-jwnter;

goloxy12.1O);
printt(%dcrlnverted);
dmrolO;
If ((OPTICALwul) 11 (SOFTWAREVERSION.=2))(

goktoy(35,l 1);
prlntf(2r.THRESHOLD1);

I (Hke=b%-aonuo-ubr Inverted) adlapLcounter-1 000;

ADAPT WEIGHTS2 function adapts one neuron at a timne until It binary value
Is Inverted.

void admpt.welghts2(int neuron-number)

hit adept...ounter.
dotible aqus~yLvae;
Int row~column;

* Int Inverted,
I (OPT)CAL==lX(

mpam~hiden~neuronso;
*If HN~dbinary..value~neuron-iumberl=1-)

Inverted =--;
else

Inverted = 1;

else If (SOFTWAREVERSION=1)1
generate-layerZ..neuronso;
If (Hldde2..analog-value[neuron..number]==l)

Inverted =--1;
else

Inverted = ;

skmiate-Myer2...neurons0;
If (l4ddn2..analogyalue[neuron..numberl==l)

Inverted =.1;
else

Inverted = 1;

adjusLvalue-.005;
qo4ox(i,7);
pdnf(oHldden2 NeuronMW);
prlntf(*ValueMn*;
printf(ainvertedWn);
If ((OPTICAL==l) 11 (SOFT WAREVERSION=-2))
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pdrlnf(Dynamlc Threshold Layer 2 Output*);
for (adapLoouner.adnpLounWrc1OO0,adapLcounte++){
for (ow =0; row < 16; row+i.+

P Test for adaptation direction I
If (Hlddn2.blnary..yeue~neuron-.numberja=1 ){

It (((Hkkdsn1Wbnaryuei row~O)&&(We~ghtjayetrow~neuon-numberlco))II
((H~dnblnay~yaue[rowlmul )&&(Wiyer2[rwfrown...numberI>O)))

Weightjayer~rowlneuron.-p.umberl +=
WeighLky2[rowlneuron~numberr(-adjusLvakie);

WeOighYer2[row~neuron-numberI .=
'We g~lyer2owlneuron...numberracjusLvalue:

If ((PiddenlbWnari-~~rwj <-&(Weigh glayo2[ rowJ[neuron-number]cO))lI
* (Hkdn1bl ayyher~ 1 )&&NYelgh~ayer2 w[nowinumn..number]>O)))

welghLlayer~lrowlneuron...numberl .
Weig~yer2(owlneuron..numberradjust..value;

W~eIghtjayei2rowlneuron-.numberj +=
WelghLlayer2lrowlneuronjumberr(-adjusLvalue);

If (oPTICAL)(
WRITEJ.AYERR..WEIGHTSO;

conipar..hldds2..neuronsO;

else I(SOFTWAREVERSION=-2) '4
skmuate-layetZ..neuronso;

else
genoratejayWr..neuronso;

gotoxy(17.7);
pulntf(edr.neuron...number);
cireolO;
gotoXY(9.8);
Pilt(0%2fm1Hiden2..analog..yalue~neuron~jiumberfl;

prhif(%dH'en.ý .. blna ry...a lueln euron..n u mbe rj);
cireolO;
goloxy(12.1O);
printf(%dcrlnvorted);
cireolO;
If ((OPTICAL-=i) 11 (SOFTWARE-YERSION==-2))(
gokixy(35,11);

pdIntf(*%.2If.THRESHOLD2);

/*Tedt I neuron Is adapted '
If (Hlddn2..blnary-valueneuronjiumberj Inverted) adapt~.counter=1 000;

8INGLEFTS2 function adapts one neuron at a time. If change results In
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reducing soonmk Distance then change Is kept. Otherwise weights are
restored to or-ial values.

void singlts2nt psttem..nuniber)

lnt number:
Int neuronjiunber.
int adapLnunter.
unsigned Int CurrentlavnmDlst; P Hamminig distanc valuo'
unsigned Int NewHammDlst; P Used to compare, hamming distancesI
f*Ran analog neurons in order closest to zero*/

* rank~hkdden2jieuronsO;

Adapt In direction to change corbpn ingnary oulput
of Widden layer

for (adapLnumber = 1; adapt-number < 16, adapt-number++)(
* ~save..currentweightsO;

*Currentfamm~ist = hamanlg..distance(pattem-njmber);
P Search for matchIng rank value -/
for (neuron-.number=0 neuron-number 15I; neuron-nsumber++)

Hderg-rank-.akaiensuron-numberI = adapLnumber)(
adapt-welghts2(neuron..number);
numberwwmnenuromber,

* ~neuronjiumber*20; P exit adapt loopI

generate..neuronsO,
tNew ffaMm~ = hamming...dltance(paflem-.number);
HammDistmNewl-armm~ist
P Test for adaptaton resultsI
It (NeUw5IIEIrbhI >= CurrenflammLIMK(

restore..prior.weights2o;
Hklddn2adsapted[number]=0
generatejieuronso;

else
Hidden2_&.dvpecnumber=I=;

If ((NewHammDlst -ft CRITERIA) && (tes-output(pattern-number)))
* ~adapLnumber = 20; P*Exit SingletsI

DOUSLETS2 function adapts two neurons at a time, If change results In
reducing Hamming Distance then change Is kept. Otherwise weights are
restored to original values.

void doublets2(int patternjiumbet)

Int nunteri .numbei2,
hIt neuron-numnber.
hIt adapl~umber,
unsigned Int CurrentHammiDlst; P Hamming distance valueY
usine kint NewHammDit /. Used to compar hamming distancesI

P*Rank analog neurons In order cdosest to zero/
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Adapt In direction lo chang corsodn binary output
of hidden laye

for (adapt-nuirber -1; adapLnutmbr 16;. adapLnwnber++){

16 Search for ma%*ton rank value and adapt In pairs neuros which have
not bee adapled 1/

for (neuron...nmmheru neurornjumber < 15; neuron..jumber++)
N((I~dden2..jm*alueWneuron-.nunmerI - adapLnumber)
&&(l*1dent2..daptec~nuron..numberj 0= )X
&dapLelghta(nrwn..numnber);
nurnberduerinrbr
neuron...nuber-20 P exit adapt loop

If (adapLnumnbe 'acUm)
for (nerm n..nurnber.O; neuroi-number < 15; neuron...number++)

If((Hldden2.jaz*.yaluneuron-.number] - adapLnumber+1)
* &&"(Hlden2..adaptedlneuron-.nmberl -= )

adapLwelgts2(neuron-jumber);
nurnbed2unuron...number.

* ~neuronjiumnbe.r20; / exit adapt loop

generat...neurons
* NewHammnDlst - hammkVg.distance~pater-njumber);

HarnmDist=Newl-armmlst;
r* Test for adaptation results '
Nf (NewHammDlst >= CurrentHammDlst){

restore-.prior..welg~htsO;
HkddenZ~adaptedjnurnberlmO;
Hldden2..adapted[number2K.O

generate-neuronso;

Hkdden2..adapted~nuffder1]=1;
H ldenZ..adapted~numbe2j=1;

If ((Newl-ammflst <= CRITERIA) && (tes~outpu(pattemnjiumber)))
adapLnumber m 20; /*Exit Doublets *

TRIPLETS2 fuction adapts three neurons at a time. Nf changle remuits In
reducing Hamaming Distance then chang Is kept. Otherwise weights are
restored to odgina values.

void trlpets2In pattemjiumber)

kIt nunteri,nunterw2,number3;
kIt neumo..nuniber;
kit adapLiMberw
unsigne lot CurrentHamDist; P Hammilng distance value .V
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unsignied Inu Newruauumnist 0 ls to cornpar hark duw ista nces I
tPRank analog neurons In order cmloet zeroI

Adapt In drecdon lo chang corresonding Unary output
* of hidden MWr

for (adapLnumber = 2; adapLnutmbe< 16; adapL-nuunber+)(

f* Search for malotng rank value and adapt In pairs neurons which have
*not been adapted -/

for (neuron-nuniberinO neuon-nunter~ 15I; neuron..unber++)
* f~f((lýdanrank-vaiue[neurornu.number = adapLnumber)

"&(Hkdden2amqdapecneuronnunber) - O)X
adapLwelgts2(neurornjumber);
numberl-nemoronumber,
neurnjiumvber=20; P exit adapt loop, I

If (adapLnunter -cnl4)
* for (neuronjtumnber*O;. neurornjumbrnt 15; neuwronjimber++)

ff((HkWen2_ranky.vaue~neuronjiunfeu = adapntnunter+l)
"&(Hkldden2..adapkc~neuromnjumberJ - 0)
adapLwelght~s2(rouron..number);

* numbec2-netmn-nurnte
neuronjturnbe.r-2O P exi adapt loop, I

If (adapLnunte m <=3)
for (neuron..numberwO; neuron-.number < 15; neuron..number++)

* NU((Hldden2_ank value[neuron-nwmber) = adapt..nunber+2)
"&(H-idden2..adapted~neumonjumber] = 0))X
adapLweWgts(neurnxnumber);
number3uneuron-numbet;
neuron...number=20 P exit adapt "oo I

* ganeratejieuronso;
Newo ammDist - hamnilng...distance~patter-n~umber);

* Humn~sNswHamnmls
f6 Tea for adaptation results I/
If (NwHamm~iat >- Currni~ammDlst)(

"Wasloe..prior..welgtO;
HldeZ.adapted~numberlJ=O;*

Hkkden2-adaptsd[nmiber2=O
Hlden2.adapted(numnber3j=0

genmeralle-neuronso;

Hklden2..adapted~number1).1;
HdenZ..adapke~nmber2I=1;

Hdden2..adlapted~number3)=1;

If ((NewHammDist <= CRITERIA) && (Us&.output(pattenuiunber)))
* adept-nuMber W. P0fExit Triplets I
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OUADLETS2 function adepts toeo erons at a time If change resuls In
Distance thnchange Is kept. Otherwise weights are

* void quadst@(k PO IMMM

kIt nuinberi ,nunmQernamnber8,nurntbe4;
kit neuronnuniber.
kIt adapLinumbwr
unsigned kIt CwrrntbmmDiat P Hamming distance value I

*unsigned kIt NewHamrnmDist /I Used to comepare hamming distances ~I

P~n analog neurons in order closest lo zerol

ramnk~hiddn2-neuvonsO;

Adapt in drection lo change corresponding binary output
of hidden laye

for (adapLnumber n1; admpLjiurnber < 16; adepLnuniber++)(
sav9_currwmnkght.dO;
CurrendiammOist whemmning-dslance(patlem..number);
/0P Search for nackgrank value and adapt in pairs neurons which have

* not Wen awdapted/
* for (neuron-nurnberuo; neuronjiwrdber -c 15; neuronjiului+f+)

II Oddsn -ranlvaluellneuvomnumbner - adap~iumber)
"&(ildden2..adeptidneuron-numberJ - 0)

*adapLweVWnuon-numbry

* neurnjimbetr*20 exit adapt loop 'I

I (adapLnumber <=14)
for (neuvnron..uner*O; neurontnumnbe< 15; neuron-mumber++)

lffPddank.. kvakue(neuron.nwuiibrl adapLmumber+1)
* &&(Hldden2.admpedneuenumxberl 0))
* adaptweihts2(neur"onnumber);*

number2nneuronjiumber;

neuron...numberm20; P exit adapt loo .I

N (adeptjiurntwe<-13)
for (neurov...nmbe.rmO; neuron-.number <15., neuroinjumber++)

11f((ldemtink-value~neuron..numberJ - adapLnumber+2)
&&(H~dden2..adaptejneuron~irnbeei= ))

neumnonjunterm2O; /6 exA adapt loop I

IN (adaptjwmber <=12)
for (neurotnum~berwQO neuron-.number < 15; neuronjiumber.+)

V(Pldden2jranlLvakejneuronjiumberJ adspLnumber+3)
* &&(Hlden2..Adap~sdlneuronjlumberj -)
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nwxwmxnwv-e=2 P exi adept loopI
IA

gnrale..neuronsO;
NW- ammOw a hamnwrn-kace(paflhmjpunter);
HammrnJ *u; I '....
P Tedt for adaplation resubt
if (NswHamm~ist ,= CuweOntmmDlstX

HddasLadap~dnunte)-&
HkkdanLadmp%4dnumbea2)wO;
Hklddn2_a&"d~panumbec3
Hkdkkn2..adplscnumber4lu0
gonerals~peuvonsO;

HiddenZ dplenunber2)wl;
Hkldn2_adap~jtednIW2ie)=1;
H~dden2_q.daptanunmber3I=1;

If ((New*amTMl <a CRITERIA) "& (t.&outputqpa~emjiumber)))
adaPLrdnube = 20;. P Exit Quadlets 'I

SINQLETS functon adWNt one neuron at a time. chang resuls hIn
redeckig Hanmngq ODstnce Ohen chang Is kept. Qihenlse weights are
restored to original vakies.

void sinital (hit paer~n..numw)

kutnumber,
hit neuron~number.

uminedW hIt CwrenUftmDlst P Hamming distance value 'I
unsigne kit NewlammwOist P Used lo compare hamming distances I
PRank analog neurons In order dlosest to zeoVl
meanI ddenlnmnsrO;-

Madpt in dirCtion ID chane Colr. oWnding binary outpu

for (adapjnmbe =1; adopt-number -c 16; adeptjiumber..)(

CurroniormmOist w amn~sac~elr~ime)
P Search for maftchn rank "We I
Wo (neumn...numberw&O neuron..number < 15; neuron-.number.+)

Nf(lddeonljanLvahjeneuronjiumberl = adapmnuntr)
ada~weghtl(neuron...uniber);
Iw-orrnumbe r.um

nouron..urntber20;. P exi adap loopI
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P Tedt fo adaptirmon reemils I
I (New IMNm 3-t Cuffru ariUfaDlsIW

reseoreplor...mpNghtarlO;

1I ,W ((N wnammdst 4- CRITEI) &&(taLmouut(patiemnumyer))
adepLnumber a 20; PExlt Singlets V

DOUBLETS1 Muction ad"t two neurons at: a Urn. If change result in
reduicing m.*nlg itac then change Is ktemt Otherwse weights ame
restored toclga a yakleg

void doublels1(hnt patlem...numbe)

Int numbed ,numbeZ
Int neuoron.nunter;
Intadprmm

I Rnigneda int Current-ammOlit /0 Hamninng disatance value I
* uns ~ignedt NewHamm~ist P Used to comnpare hamming distnce I

MRark anal" neurons In ordinr closest lo, zero
mNi~kken1~pmuronsO

Adaptin *ectionto changecorpndgbiayupt
of hidden layer

for (aimpLnumber = 1; admpLnunmbe < 18; adapLmnmber4-.)

P Search for matohkig rank value and adapt In pairs neurons which have
not bow 51me I

for (neuronjumnberm& nmuron.nut~er <15; neurosuimber+.)
lf((HkkddmljanlvaklueneuronjlunerI adaptjiunber)
"o& de(l-dsadapled~neuron..numberI - )X

nuimberd neuron-pmber
neuron~jnmbermft; P ext adept loop, -

If (adapLnuntwe <=14) '
for (reuron...nuwmbei neuronjnumber < 15; neumro~number..)

N*Hkn-r~~sruo-utw - adap~unber+1,
"&(Hknldpden1..dapnneuro=-nmmberj - 0)X

adepwelhte(neuronjwmbery.
.Nxiber~neuronnumber
neumn-m.n ftbe*W20 P adt adapt loop V

geneajxnso
Nehun ammnigfhuqate-ib
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P Tedt for adaptation resuls
9 (N6wHammO~st.o mCurrenl~ammwist

Hkdden1adpwcd~number2 A&

generate-neuronsO;

Hidden'ladeptec~number1J=1;
Hkdden1_daptecnumber2I.1;

* If ((NewHamnmDlst -m CRITERIA) & totu~atrjubr)
adap~number - 20; /*Exit DoubletsI

TRIPLETS1 function adepts three nerons at a time. If change results in
reducing Hamming Distance then change Is kept. Otherwise weights are
resotored to orgial values.

voi tripletsl(Int patlern..nurnber)

kit numberi ,nuibwr2.number3;
SInt neuron-.number,

*unsigned kIt Curenw m mWDlst P Hamming distance value
unsigned hit NewHamnmDlst /0 Used to oo~mpe hamming distances
PRank analog neurons hIn orde closest to zeroi
rank-hiddienljleuronsfj;

Adapt In direction to change cresponding binary output
of hidden layer

for (adapt...number = 1; adaptjiumber < 16; adapLnumber++)(
save..currenLwelgitslO;
CurrentHamnmDist = hammlng..distance(patternjimber):-
P Search for matching rank value and adapt hIn pairs neurons which have
not been ad~aptedV
for (neuron-numberuO; neuron-number <15; neuroetjiumber+.)

Vlddenljrankyvaluneuron-numberj adaptjumber)
"&(Hkdden1_adapted~neuron~jumbier) = )X
adapLweightsl (neuron-number);
numberl=neuronjiumber.
neuronjtnumbertzM; P exit adapt loopI

Vf (adapt-number <-14)
for (neuronjiumbert0; neuron-iumber <15; neuron-jiumber.-i*)

ff((Hkddenl-ank..yaiue(neuron-numberI adapLnumber+1)
"&(1-lddienladaptsd(neuron..numberj = )X
adaptwelghtsl (neuron-number);
nurnbeu2nneuron-iumber.
neurwnjumberts20 r exit adapt loopI
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N aapubr-z3

II
for (neuron..numnbera0; neuron..number< 15; neuonjiumber+.)

N(OHdden1_.ranlLvalue(neuronjiumtwer adapLnunber+2)
"&Hi~ddeil-adephscneuron-numberI - )M
adapLwolgh~s1(neuro...nml~rb);

rmm aneuxon-pnen.
neuronjiuntoberu20 P exi adapt loop .

generab...neuonsO;
NewHammDlst n hamming.Alstance(pattern-number);

Hammp ist.NewHamml~st
P Test for adaptation results 'I

res1orejor..weIghtsl 0;
Hiddeil-adaptednuniberl)=0;
Hiddenl-adepted(number2 1.0

Hiddeni-adepted~number3)1=
gideneratepteuronsmo; m

adapLnmxber 20-. fExit Triplets .I

QUADLETS1 function adapts three neurons at a time. If change results In
reduicing Hammning Distance then change Is kept. Otherwise, weights are
restored to odgina value.

*void quadlefts1Int patlern..number)

SInt numberi ,numb~er2,number3,number4;
hit neuron-nunber.
hIt adap~umber,
unsigned mnt Current-larmmist; P Hamming distance value '
unsigned hIt NewHammDlst; P Used to compare hamming distances *I

f Rank analog neurons In order closest to zero 1/

rak~den1-n,*uroM0

*Adapt in direction to change crepnigbinaty output
of hidden layer

for (adapt.number * 1; adapt.umber < 18; adapL-numbere+){
save..currenLweightsl 0;
Curen*WnmmMa - hammin-dlstanae(pattemjLnumber);
/ I Search for muiohksg rank value and adapt In pairs neurons which have
not been adaptedI

j4
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for (neuronjnunterot neumo-.nunmjer <15; neuron..number++)
Ni~ftddsn*_vsneuron...umberI - sdapUumber)
&&(Hlddmnldmphts~uron...numberI - O)X
adapLwelhtul(neurwonjumber); 1
numedneuro~ mer.
neuronuiumberu-2O; Puext adapt loop f/

I (adapLnwnber <=14)
for (neuwon-number-O; neuron-.nurnber <15; neuron-uniuber++) I

if ddnlamnk-yauelneuron-.numberI - adapLnunter+1)
"&&fHtdnl-adapte~neuron...numberl - 0)
adspLwftIghsl(neuron-nuunber);
numbeq2uneuron-.number.

neuron,_number=20 r exit adapt ioop I1

if (adap~umber <c=13)
for (neuron...numiberuO; neuron..nurnber <15; neuron-number..-.)

if((Hlddenl..mnkyaluetneuron..numberj a adapLnumber+2)"&&(ddenl..adaptedlreuronjwnuberj 0)-
adepLwelhtsl (neuron-number);
number3uneuron...number,
neuron..numbet=2O; r* exit adapt loop '

Nf (adapLnumber *,- 12)
for (neuron...numberft&; neuron..number <15; nkeuronjiumber++)

if((Hkkdenl..,rnk-valueineuron-.numberI - adapLnumber+3)
"&(Hlddsnl-adapsed~neuron-ri.umberl a- 0))(
adapLwolgtsl (neuronpuzmber);
number4mneuron-number.
neuron...number-20, r exit adapt loop '

generate~neuronso;
NewHammflat - hammlng..dlstance(patterruiumber);
HammDkWN9wHammD~st
P Test for adaptation results *
If (Newl-lamminlst zon Currenl~ammDlst){

Hiddeni-adapteclnumberlJ=O;
Hlddenl~adapted~number2l=O;,
Hkidenl-adaptedinumber3K.O
Hiddenl-adaplsdlnumber:4i=O;
gensrats...neurons0;

Hklddenl..adapted[numberl 1= ;
Hkddenl..adaptedjnumbe.w2]=1;
Hklednl.Mdapted[number3)=1;
Hklddsnl...daptedfnurnber4J=1;

Nf ((NewHanmmf at <= CRITERIA) && (tesLoutput(pattem-njumber)))
adaPL.number a20, rExft Quadlets */
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ADA"T WEIGHTS 3 flunction Adepts tdrd layer neurons.

vold sdmpLwef3i neumnnumbf

~it adepLcount
dioul a4usLyalu.;
knt row~colurm;
kit kwwtsd
float tiveshold,
I tOuuanaiog~vakaieneuon-number>mO)

krated 0-
esen

Invertdsd1l
a~usLvskue-OO6
g*otOuxyA1.13);*)

pdtf(Blazye.Aw);
printr(irWefled);
for (adapLcounter.O*adapLcounterc1ooo;adaptcounter.+)(

for (row a ;row <16;ro+)
P Teot for adaptation directionI
If (Output nay..valuelneronumr~wberJ=l)(

I (Hdn2E Uvle~o)O&(We)& ghlaaqfonnu m buon-ub<))II
((Hddsn2.bln-aky V)&&weO"(gfhtjayer3rowlneuron-number>O)))

WeIghtjayerS~rowlneuron number) +-
weigh~layw~rowineuron-numberr(-adjus~vaiue);

else
WeOgLleyer3lrowlneuron-number) +=
WeightlaYeerowIneuron-numberrad~ust~vale;

I (~i(Hke2brow yovalulrwehlayer(Wthroyrw[owlron -number],o)))
Welghkayer3rowlneuron~numtberj +
WelLkyer~rwlnewn~numberracjust~vakje;

else
*Weaghtjayer3trowlneuron-number) +=A

generats..outpuLneuronso;

pFRInt 00neuron-number);
dm*.10;
goloxy9.14);4
prklt(*2,OutpuLanalg..vakze(neouron-numberD;

gookmy(1O,15);
p flU d.OutpuLblnaw value~neuron number]);

* goloxy(12,1 6);

/*Teot I neuron Is adapted V
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9 (OutpuLblnaiy...value(neuron-.numberj Inverted) adapt-counter= 1000;

ADAPT OUTPUT LAYER function adapts one neuron at a dime until its binary
value is Inverted.

void adapt...otpuLjayer~nt pattern-.number)

un inedktactual-vector;
unsigined kit ex..or-vector,
unsigned kit adapt31:
int number,
kIt adapt-number.
kIt column;
generate..output..neuronso;
sm-urv ~ eIhs3O;
genrwate-output-neurons(J;
actuaLveclor - (OutpuLblnay-.vakue(O 1) + (OutpuLbinaty..yalue(l1 ]2) +
(OulpuLbinaqy~.vaWJe(* 4);
ex~oavctr - acLvecto. ALetterargt[patter-nunumbr];

Adapt In direction to m'atch crepnigbinary output

for (numbrOnumnber4;number++){
adapnwtwnmbr= (ex...or...vctor & (unsiged Int) pow(2.number))»>nurnber~
If (adaptqnumberl==1)

adapt..yellghts;(number).

generate..outpuLneurons);
HammDist - hammlng.d~ance(pattern.number);
If (Hamm~ist <=CRITERIA)

printf(CorrEsonding output neurons adapted, get next pattern \n-);
else (

resloreprior-weights3o;
generate...outputjieuronsO;

FILE: NET WORK3.C
WRITTEN BY: William Robinson
DESCRIPTION: Saves and recalls weight values from a user specified file.

SAVE WEIGHTS LAYERS saves Welgh~iayerl and 'Welgh~layer2 arrays to a file.

kit savew gyokmold
kIf t-18 -foperi(OuLnamne. *W)) =NULL)

fpMVt(tddarr, "Cannot open output flle\n*j;
returni;
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for (row-=Orow< I6;row++)
for (columnn=Ocolumn<c16;column4+)

fprintf(outLle. "/An0.WelghLayer1 [rowlcolumnD;
for (row=O0,rowclBrow.-4)

for (coltunm=Ocolumnc16;ocolumn++)
* fprntf(ouUfile, %AAn*,WelghLIayer2[rowjoolumnD;

for (rowfO;row<3*row++)
for (colurnn=O-column<1 6;column++)

fpintnf(out.flle, O%fn.Welgh~layer3[rowlfcolunnD);
for (row=O;row<24;row++)

fprlntf(outLfle, 'Iterations peuformed:=%c~n',iterations);
('Close the fMe*/

* flose(ouLflle);
* return 0

GET WEIGHT LAYERS retrieves weight layers 1 and 2 from a fie and assigns
them to WelghLlayerl and Welghtjayer2 arrays.

mnt geLwelgh~layers(vold)

hIt rowcoolumn;
double temnp;
If (pnjflle = fopen(injiame Or*))-- NULL)

clrscro;
"fplt(siderr, 'Cannot open Input 111e.1no);
return 1;

for (row=Orowc16;row+-.)
for (oolumn=O.cokumnc16;,column+.)(

fscanf(InjIMe, %Iltn,&temp);
Weigh~layerl frow][columnl--temp;

for (rowrnO;row<16;row+.)
for (column=O*columnwl6;column.+)(

fscanf(1,t-ffe, *%Ift,&Iemp);
Weighu~ayef2[rowj[qooumnj=ternp;

for (row=O;rowc3;row++)
for (column=O*.columnd16;column++)(

fecanf(Injfile, %Itn,&temp);
welghu~ayer3[rowi1columnj--temp;

('Close the fileV
fclose(In~jl~e);

*return 0;

FILE: SIM3_D.C
WRITTEN BY: William Robinson

*DESCRIPTION: Simulates Optical ANN hardware and trains with MR2 Rule.
Incorporates Input dependent dynamIc thresholding.



150

DYNAMIC THRESHOLD function calculates the threshold sum for each Input
pattern through column sixteen.

double dynamlcqthr9ehod(knt Input[1D6D

int InpuLneuron;
Int OptlcaLmld = 90;
float sum;
sum=0;
for (putLneuron=0;hnpuLneuron<16;inpuLneuron++)

sum+= (InputinpuLneuronr(OpticaLmid));
retum(sum);I

WRITE SIMI WEIGHTS function converts the weights and biases Into usable
forms for the optical simulation weights

void Write.slmlwelghts(vold)

kIt Ij;
for (i 0; I < 15; 1++)

for a = O; J1 15; J++) I
If (WeighLlayerl [10[ < -60)

Sim yrlLIejJ = 30;
else if(WeighLlayerl ][pl] > 60)

Sim-layerl P]] = 150;
else

Slm-layerli][ = (int)WeighLlayerl(i]j]+90;

I

WRITE SIM2 WEIGHTS function converts the weights and biases Into usable
forms for the optical simulation weights

void Wdtesm2weights(vodd)(
int iJ;

for (0 0; i < 15; 1++)
for 0 = 0;j < 15;j++){

If (Welghtlayer2[I] < -60)
S•_•ayer2P) = 30;'

else (WeghLlayer•,p~f] > 60)
Slmjlayer2p]J = 150;

else
Simjlaye,2[i][J = (int)WelghLlayer2[I]l+90;

SIMULTATE LAYER 1 NEURONS function calculates the weighted sum for each
neuron In layer 1.

void simulatejlayerl-neurons(vold)

Int number;

_ ~~~~~~W P-0 ai|||



Iafl row~oolumn;
Wift...alm-welghtso;
THRESHOLDi.a (dynaimlc-hreshold(lnput..patter));
b*"Generate Hidden Layer 1 Neurons
fin itialtze valuesI
for (numfber=cO*nunter<c16;number+.)

Hidtdenl-analog-yaluelnumber1=O;
for (number=O0;number'c16;number++)
for (column=O;columnc16;.column++)

Hldden1_analogyvalue[number] += lnput.pattemn~column] Slmjlayeri (colurnnl(numberj;
for (nunteruO,-number<15;number++)j

If (Hidden 1..anatog..value(numberj >-- (dynamlc...thresholdplnput..pattem)))
Hidden'lbinary...value(number] = 1;

else
Hklddenl..blnary...value[numberJ =0;

HIdden 1_.blnaryvalue[151 =1; /*Bias neuron

SIMULATE LAYER 2 NEURONS function calculates the weighted sum for each
neuron In layer 2.

void slmulatejlayer2jneurons(vold)

mnt number...4 Int row~column;

THRESHOLD2= (dynamlc-jreshold(Hiddenl-blnary-.vatue));
1""Ge*Qerate Hidden Layer 2 Neurons
Pinitialize values
for (nunter=O,-numiberc18;numiber++)

Hidden2..anaog..value[numberj=O;
for (nunter=O;number<16;nurnber++)

for (column=O;columnc1 6;column+.)
Hidden2..analog-value[numberj +=

Hkdden~blnary-valuefcolumn) Slmjlayer2[columnlnumberj;
for (nunber=Onumberc1 5;number++)(

1(ikide2...analog-.valuelnumber) >-(dynamlc-threshd(Hlddenl~blnary~yalue)))
Hkdden2.Jinary-.value[numberj =1;

else
HkIden2jInary..value[numberj = -1;

HiddenZ..binary-.value[155] =1 i Bias neuron

Madalle Rule Two Algorithm

void slrnulate(vold)

Ian oulerjloop;
hIt pattemcounter; r pattern number
Int 1;
clrscro;
goloxy(1.2);
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pdnf("amntgDWstace Crftedla Is: %dCRITERIA);

pdngf(Adapting Weigits for pattern: );
P Unilorm dlfutbuton of we~ihts I/
irdtailzwelghtaO

for (OutsrjoopO&.outerjoopmdteaonsouteJoop.+){
for (pattsn..countsruOpetten-.counterc24;pattem...counter++){
Ppatten-counter-2 I

IniUaflze-.adaptedO;

blnarlzekjnptsLetterjbbpafttsr.counterj. Lefterjnsb~pattem..counterl);

""***Cho(* outpu vector and calculate Hamming Distanicet""""

geerte-outpu~nemreo;

cireolO;
go"Vx(31.4);
prdntf(%d'c.pattern..counWe);
HammuDist = hammfdngdlstance(pattern.counter); A
If (Harrnm~st > CRITERIA)

skngetsi (pattem-.oounter);
Nf (HammDist -o CRITERIA)

doubletsl (patternm-counter);
If (Hlamm~lst > CRITERIA)

tripletsl (pattem-.counter);
If (HammDlst > CRITERIA)

quadlietsl (pattsrn...ounter);
If (Hamm~ist > CRITERIA)

sfnltkf2(pattern..countsr);
Nf P-amm~lst > CRITERIA)

doubets(patlem...counter);
If (Hammn~ist > CRITERIA)

trpfets(pattem...counter);
* If (Hanim~lst > CRITERIA)

Wadet2(psflsm-counter);
If (HammnDls> CRITERIA)

adapLoutputjayer(pattem...counter);
If (HammDist > CRITERIA)

psttemjesamed(pattem..counterl=O;
else

pattemjeamedj~pattem...counter)l=;

Apply rextpattem

Store weights In network goe and edt
sm~we~jaymo
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FILE: OPTICALS.C
WVRITTEN BY: WVlam Robinson
DESCRIPTION: Pedrms Madalie Rule 2 training with optical hardware.

READ-.HIDOENI-BINARY function reads binary hkidden outputs and assign to
neurons In hidden -a. Function Is used for Vosting binary woutuo
generated by the hardware and Is not used during training.

vi eehiddenl-inyvod

unsigned cha hiddmni..vectorjlow,
unsigned cha hiddeni-vector-.high;

for (number*&. nuber-&. number++)

(hlddsni..vector...lgh & (unsigned tnt) pow(2.number))>:,.number;

Hiddenl-binary-.value(151 -1; /*BIAS INPUT TO LAYER 2*1

READ-HIDDEN2..BINARY function reads binary hidden outputs and assign to
neurons In hidden layer Functio Is used for testing binary outputs
generated by the hardware and Is not used during training.

void rsad1hIdden2_blnary(vold)

unlsigned charf hWn2vckO-bDW
unsigned cha hIdden2-vector-,hlgh;
int number;
hiddsn2_eWo-lnportb(HOUTLO);

* hldden2_vecWo..hlghzdnportb(HOUT.Hl);
for (numberu0. numberce; number4+)(

Hidden2..binary-.valuelnumbet]
* (hlddenZ-vectorJow & (unsigned tnt) pow(2.number))>number,

HIddeZbInaiy-yaluejnumber+8)=
NMdden2..vecor..h0g & (unsigned tnt) pow(2.number))>number.

P Feeds -1 or +1 lo, software laye 3 which accepts symmetric .9/-i inputs '
for (number=0* number<16; nunter++X

If IHldden2...inay..valuenumberl)
Hkldden2...blnary.value~numterl = -1;

Hlden2,..bftqnaIyyue[151 = 1; /* BIAS INPUT TO LAYER 3*/

READ HIDOENI AN4ALOG reads optical laye 1 output neurons analog vakue.

void read-h~deni-anabog~old)
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ADCi.AYERIO;-

READ HIDOEN2 ANALOG reeds optical layer I ouput neurons analog value.

void reacNdden2_snalog~vo4

ADC-.LAYER2O;

COMPARE HIDOENI NEURONS function reads ADC layer 1 channels and compares
thei value agairnat threhold column for binary outpu determination.

void compare..,hlddenl..neurons(void)

kIt neuron;
* readjhlddenl...analogO;Oi

THRESHOLDI =HldenL~analog-.value[1 61;
for (neuronmOtneuron<c1 5;neuron++fl

If (Hiddmnl~sanlog..value(neuron) >-- Hkkden1_.analog..value1 5])
Hiddeil-blnary..yalueineuronj=1;,

* else
Hklddn1-blnaiy-yaluejneuron]=O;

Hicddeil-blnary..yalue[15 5]1; /*Bias neuron I

COMPARE HIDDEN2 NEURONS function reads ADC layer 1 chanels and compares
"ter value agalinst threshold column for binary outpu determination.

void cowmarehIdden2jieumons(vold)

THRESHOLD2=Hkkde2..anulog-.vakuef 15];
for (neuron=Oneuron-cl 5;neuron++)(

* If (-lddenZ..analog..valuelneuron) >= Hldden2..analog...alue[1 5D)

* else
HiddenZ-blnarY-.vakueneuronj=-1; F

HldenZ.blae...alu[15 a1; /Sfas neuron 'I

* ANN system.

void opticaLann(vold)

kIt outerjoop;
kIt pattem..counter, P pattern number V
kItl
MODE..OO;- P Configure Interface board Inside 386 computer I
ENABLE-WEIGHTSQ; P Almow SIM to be programmed I
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gotuy(1 ,2);

printf(Hamming Distance Crk Itea %dr.CRITERIA):
gotoy1 .4);
FansfAapn Welgia fo patium: 6);
fP dnism ltribution of weights
Inllkeweightso:

Get weigt layes 1 and 2 stored In computer memory and tVansder
to Optical hardware woighs usig Interface board.

WIELAYERL-WEMIGTSO;
VWRfrE.LAYERtwWGKHTSO;

for (pabw~mmcountsrpaftsn...couerg24;pattsn.countsr++)(
fpatftern...otnte.-a2 -/

f****"Preen Input: vefo ...---
blnadzejhputs(Lettejsb~attsn-.countrj.

ULeuhr..jsiballwrncounlerD;
conqw9mhkddamwo-rwuron
PRESENTjUDOEN1LVECTORO;

omm..hkWdn2_neuronsOy
fooay(1 4);

dredol.
FotMo(1 .4);
pIkvU("Acr~paftemcounler)
f~Checkoutput vector and calculate Hammigr ltnc"~
Hammn~ist a hamnmig..dlstanc(pattem.counts);*
I (Hamm~ist> CRITERIA)

finlelsi(pattem~counter);
If (Harmm~ist > CRITERIA)

doubetal (patten-counter);
I (Hammn~ist > CRITERIA)

Wlets1 (patlemcpounler);
If (HammDlst > CRITERIA)

quesadl (eftteamoounter);
II (HarnmOist > CRITERIA)

ainlein(pattemcpounter);
Nf (HammDlsto CRITERIA)

do~t2(pattern-.counter);
IF (HammOist > CRITERIA)

uist2(pafsmncounter);
If (HammDIst > CRITERIA)

If (HammDIst > CRITERIA)

else
paUem-learecI~paetts...ounterJ=;
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A4pply next pattern

Store weiht In network gol and e9i

sawweighdlavero;

FILE : 3LAYER.C
WRITTEN BY: Waia Robinson
DESCRIPTION: Trains a fthee layer ANN conssistin of 16xl-lxl-5xl

* with MR2 Rule. Provides user with comparison against simulation and
opia hardar -efrac.

GENERATE LAYER 1 NEURONS function calculates the we~igted sum for each
neuron in layer 1.

void generateJayerl-neurons(void)

Int number,
Int column;
re*Generate HidnLyr1 Neurons
P iniiz vakiues I
for (numbew.~Onumber<16;nunter.+)

HkkdenI~analog~value(number0;
fior (xnber.0,nunterd6;,nwyte++)

11or (column=O.column<16;column++)
Hkiddsleranalog-valtie(nuntel .+=

Inpuit-paflern[colurmn * WeighLlayerilcolumnlnumbert
for (numbeia&.number<15;number.+)

if (Hkicleil-analog-.valuielnumberl >= 0)
* Hkitlsn'tbinary...vakue(number! = 1;

Hitdienl...lary-value(nuMber) w -1;
* Hitddeniblnauy-.value[1 51.=1; ralas neuron 'I

* GENERATE LAYER 2 NEURONS function calculates the wevighed sum for each
neuron In layer 2.

void generaItjayeM~neuronsvold)

int nw,*er.
kIt column;
/'-Generate Hidden Layer 2 Neurons
fI'Mtiske valuesI
for (numbew&;number'c6;,number+.)

Hldden2.ardlog..vahiejnumberj=0;
for (numberuOnumber<cl6;nunIber.+)
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for oeuemn 1Sookmnn++)

* ~HkftnlJbInaqyvaki(okmnJ *W6Wghlay9q[oIujnumbwnerf.,
for (umxvftmOnumber<15;-number+.)

Vf(Hldden2....nWog..vaiue~rumb.rI .0)
IHdenJf lnabk".vahuernunerJ a 1;

H~dden2jlnay..vaiuexnuberI r-i;
* HkkWQen2alny-vakae15I = 1; P Bias neuron '

Madaine Rule Two Algorithm

void nen'AL"&0gakId

kit oulerljoop;.
kIt patterv-ounte.r P pattern number1

gotoxy(1.2);
pdntf(TW~NING ... Wy;

& n""Hhmmnwkg Distance Criteria Is: %d,CRITERIA);
goloxy(14);
pdnff(Adaplin Welgta for pattern: 0);
P Unhlorm diste~uton of weights I1

* killaIfe..welghtso;

for~ (,outsrjop=.Ooulerjoop-dterations~outsrjoop++X
for (paemoountsmrrnO~atýem..cuter24;pa~er..counter++)(

kildeadepteQ;

*blnadzejnputs(Letejsblpatten..counterl,
Letter nhab~Owerusm.ounterD
/--Checkc outpu vector and calculate Hammivng

genereb-b.yerAjleuronso;
geerate...OUtpuuieuronso;

* gooa~(1.4);

goloxy(31.4);
* pdnV(W~dxpamoounWe);

Hamn~ist - hatmking..dolanceampette...ounter);
I (Hammrist -CRITERIA)

I (HammDMs > CRITERIA)
*doubletslpattemncounter);

If (Hamm~is 3, CRITERIA)

I (HuamOlst > CRITERIA)

I (HammOlst > CRITERIA)

Iot #Uta2( D. RIouTERI);



If (HammnDim;0- CRITERIA)

N (Hammrnist 2, CRITERIA)

If (Haunmoist:' ~ ~1IA)
adaptoterieaothyerafLscounter)-;

peftemjleamed~eftern..counterju1;

Apply neot pattern

Store weights in network Soand exit

save..welgh~wyerso;

PROGRAM TEMT.C
WRITTEN BY: WVam Robinson
DESCRIPTION: Provides user with a test meanu for the optia neural network.

TEST SET function looks for the test outpout neuron.

unsigned kIt tesLset(Int t~es.ptter-n.junter)

* unsigned mnt actuaLvector.
unsigned kit differences;
unsigned kIt an&.yector,

* ~(OutpuLblnaay.value[0* 1) +
(OutpuLblnemY.value[1I 2) +
(OutpuLblnary..value2j4);

and..vector a actuaLvector & LettertestftesLpattern-.nunbeer,
differences.- (and-..VOCtor & 1) + ((and...ector & 2) >ý-I) +((and..vector & 4) >> 2);
retumn(clifferences);

TEST NE! WORK function test network for given Hamming Distance criteria.
This Is the actual test fuinction. The tWo functions foWowing this one
are for Mfe Vo.

*void ted-network~yld
(int Wtest~pnte
geLwagh yerso;*
It(0PIAL=)

MOOE-0... Pb Configure interface board Inside 386 cmnpute V
* ENAB3LE...WEIGHTSO; /' Alows SLM to be programedI

WRITELAYERIWEIGHTSo;
WRITELAYER2-WEIGIHTSO;

)P
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cfrscro;-
PrdnV(TESTING... Hanmming Distance criteria is: %dcrRrTERI A);
goooxy1.2);
prln~rTeOVn Network for pattern: 9);/6"eoaBgn Mst *
for (tesnatten.IOtssPanernclotestPanhM++){

gloxy(31.2);
dredoO;
goftox31*2);

b~WrIZ-kflPIstW*&~pateniemLmabAtesML~PatmD;
Nf (OPTICAL...1)(

WRITENPUTVECTOR(T SS~b ~ J~pttgm
TesLmsb~v*spattemD;
read~hkkden1-blnaO;
WRITE-.HIDDENIBSINARYO;
reaciLhkken2J*%aty(J;
genlrate.ounetjuronslj;

eshe Nf (SOFTWAREVER8ION=..2X
simulatejayer-neuronslj;

almulate-laer2hneurona(J;
geflerate..outpuLneuronso;

geneatejyerneuronso;
geflerate-jayef2..neuronslj;
Doerateffit.OtpuLneuronso;

r~ct~e~j(xotput vector
1f(test-set(testjattern))f

got"x(5.3+test.pttern);
prlntcPattern %d recognizedr.tespattern);

golcxy(5.3.tes~patem).
printf('Pattem %d not recognlzed.tes~pattem);

Apply next pattern

prind(~N Hit any key to continues);

ONE TEST function test network for a single Hamming Distance criteria.

void one-lset(vok){
cha numf2J.
dcha opymJ;
chr ternp(12j;
cirecrO;

pasemelctc)
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print[(Enter Hamming Distanc Training Criteria (between 0 and 3): 1n;
scnf(%d.&CRITERIA);

)while ((CRITERIA < 0) 1 (CRITERIA > 3));

Uo(RITERIA~num. 10);

strca(copy-num);
Wc*,namenop;*
tes~natw~o;

printfeNeed filenames to get we~gts~nm);
prlntf(uExlt to MAIN menu and select FILE menu (hit any key)%n*);
getcho;

pintff(Need to select systemWn);
printf(*Exit to MAIN menu and select system parameters (hit anvy key)Mn);

getchO;

MULTIPLE TESTS fujnction tests network for a user prompted starting and j
ending consecutive Hamming Distance critrla.

void mulwple-tests(vold)

char num[23;
char copy,[5I;
chartnp(1 21:*
Int slart~finish;
cirscrO;
If (ytmj~ce)

If (ge9tH
do( *
printf(Enter starting Hamming Distance Training Criteria (between 0 and 2): in);

scanf(AdO,&start);
) while ((start 0)i1 (start > 2));

do(
printf*Enter ending Hamming Distance Training Criteria (between start and 3): U);

scanKOd.&nish);
)while ((finish = star) I (finish > 3));

for (CRITERIA-start;CRITERIA<zflnish;.CRITERIA++){

hmo(CRITERIA~num,1O);
4 strwcaoopy-euM);
* streat(hin..me-copy);

tesL.networkO,
strcpyIn-name~lenip);
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)
)

m• ~el-e

pdntl'Need filename to get weoiVtnl);
pdntI(CExit to MAIN menu and select FILE menu (hit any key)Wn);
getcho;

dlof

pdn (%Need to setuc tomiemn');

eitchO; 0"

rgettu=0

ca ):oeto

:. TEST MENU FUNCTION prompts user for training options.
- eeeeealel*eeeoeeaeillllt ill,@ititilii eeee ee oeooe ee e eee eaieeaQ aeeee eeoa of

c vo2d tesmdmenu(vold)

hit test.chokce;

Display the ANN Menu

* dof
ckacrO;

pdntf ('W•tia ANN Test Menu~n');
prlntf (" Wn);
Ixntf (t 0. Return to main menu');

pDrntf ( Th 2. Multiple tes tiWt);* printf ("\->');
scanf('%d.,&test..choice);
switc (test..cholce) {

-... c a s e 0 :1
.! ge~tl=0,
-, return;

case 1: onejlest0;
break;

case 2: multiplejtests0:
break;

defauctrbreak;
), while (test~cholce 1=0o);

I

PROGRAM: DRIVER3.C
S WRITTEN BY: Wihllam Robinson

* DESCRIPTION: The following routies provide hardware I/O Interface to
Soptical ANN and host comp~uter. I/O is performed through a 98 bit DIGIO-96

computer interace board located at base address HEX, 300 util.zng a
in-house engineered break-out board, and by a 48 channel analog to digital



162

convedtlon board at bass address HEX 320. This board reads 32 optical analog
out"t corespondIng to 16 optdcal outpus for layer I and 16 optical
outpus Ilor layer 2.

vold ADO j.AYERI (void)

unsigned Int channet.
tnt bw..byte,hlgh..byte9Adc-o.ounts;
unsigned cha check.EOC;
double analog;

10*'Fead layer 1 channels'l/
for (channel = &0 channe < 16; channel++)(

oulotb(SET-CHANNEL~channef);
oupoftb(ADC-.CONVERT.TRIGGER);

* ~do

chec..EQCulnportb(EOC);
* ~prntf("EOC = %u %nV,check..EOC);

* ~while (check.EOC > 127); 1
low-.byte~lnporlb(RtEAD-LQW);
high~.byteadnportb(READ-.HlGH);
adc-c.ounts.((hlghjbyte*6) + (low..bytel/16)); /'OTAL ADC COUNTS I i
Hlddenillanalog-value[cnannel] ado-..counts ' .00122;

void ADCJLAYER2(vold) .I
unsigned tnt channel;
tnt low.byte,high-.byteadc-.counts;
unsigne char check-EOC;
double analog;

/***Read layer 2 channels"/
for (channel = 16; channel < 32; channel++)(

* oulportb(SET-.CHANNEL,channel);
outportb(ADC-.CONVERT.TRIGGER);

* do

check&EOC--nportb(EOC);
pelnf(OEOC m %u Wncheck..EOC);

* while (ceck-EOG > 127);
* low...bye=Inportb(READLOW);

high...byteolnportb(READ-HIGH);
adc..counts=((high...bytei) + (Iow..byte16)); /*TOTAL ADC COUNTS ~I
Hld&e2_.analog-.valuelchannel-1 6J adc..counts *.00122;
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Setup Digital 10 Interface Board In computer, board base address Is Hex 300.

void MODE_0(vold)
* (

outporth(BASE+3,128); /* Mode 0 Output °
*outportb(BASE+7,128); /" Mode 0 Output "/

outportb(BASE+1 1,155); P Mode 0 Input "/
outportb(BASE+15,137); P Mode 0 Input/Output ./)

Writes to sixteen cascaded HUGHES 4038 32-pixel SIM waveform generator chips.
Actually generates pixel *ON* phases which get either amplified or attenuated
by programmable gain amplifiers.

void ENABLE-WEIGHTS(vold)
(

Int I;
char);
outportb(BASE + 5,0); / Turn on SLM pixels V
for (l=0;1<=255;k-.)

outportb(BASE + 4,LCDI_CLOCK + LCD2_CLOCK); /P Clock it in °
delay(1);
oulportb(BASE + 4,0);
delay(I);

, )

P Load data Into chip registers 1
outportb(BASE + 5,LCDILOAD + LCD2_LOAD);

}

Write the Input vector read from training file In MR 2 routine.

void WRITEjINPUT_.VECTOR(unsigned char Isb,unslgned char mnsb)

unsigned char tmp[8];
/0 input LED's am reversed in order, swap order

bito - bit7
bit1 - bIt6
blt2 - bit5
bit3 - bi14
bit4 - blt3
bit5 - bIt2
bit6 - bit1
bit7 - bitO

trnp[o] = (msb&64)>8;
trap(lI = (msb&32)>>4;
trmp[2] = (msb&16)>>2;
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bTnP(3J = (msb&8);
tmp[41 - (msb&4)<.<2;
bTVIp = (msb&2)<<4;
W0p61 = (mnsb&1)<<6;
mp[7] = 1; P Bias neuron/

msb = tpO)Iltnp[1Jltmp[2]Itmp[3Iltmp[4Jltmp[5Jltmp[8JltmpV7];

Wmp[OI = ("b128)>>~7;
* tnip1J (MAb64)>m5;

tinp(2J =(W")>>3.f~
* bnp31 (lsb&16)'>1A;

* tmp[51 (lsb&4)'c<3;
* tmp[61 =(Iab&).c5;

brnp7= (Isb&1)<c7;

* laIb =mp[O)IbtmplI~lltrnp(]Itmp(4ltmp[4(W5I~Itm6]ltmp(7J;

outportb(ILED...LO.Isb);
outportb(ILEDj4I~msb);

* Write the output from hidden layer as Input to output layer only when using
all hardware thresholding.

void WRITE-IIDDENL-BINARY(vold)

* unsigned char tmp[81,msb.Isb;

Read the hidden layer outputs

msb = lnportb(HOUT_.HI);
Isb = lnportb(HOUTLO);

I' Input LEM' are reversed In order, swap order
bito - W~t
biti - Mlt
W~t - blt5

NOt - bft4
bft4 - blt3
bIt5 - bt2
bit - bill
bkt7 - WiO

Witp[O) = (msb&64)>>6;
WV ]m(1 = (msb&32)>>4;
Ump21 = (msb&16)>»2;
trnp31 = (msb&8);
tmp4J = (msb&4)cc2;
tinp51 - (msb&2}cc4;
W4)[6] = (msb&1)<<6;
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tmpC7I.1; r BiasneuronI

nub * tmpOjlpbl4ltnp[2ltp(W3jmp4)lltip5)Itmp[6)ltmp(7;
WmpO) = (Isb&12B)>'>7:
Ump(l) = (Isb&64)>>5;
tmp[2) = (lsb&32)»3; 1
tmp(1 = (Isb&1)ccl;
tmp51 (Isb4)cc3;
tUnp61 (= (b2)c<<5;
tmnp(7 (lsb&1)c47;
tsb = btmpOlltrnptl~lhp2ItMp[3]Itrnp4Iltmp[5Jltmp[Bjltrnp[7;

outpotb(HLED..10,msb);
outpowbHLED_.HI,lsb);

Write the output from hidden layer as Input to output layer when using
ADC board.

void PRESENT_.HIDDEN1YVECTOR(vold)

unige char tMp[8],msbIsb;
for (l=0;1<8;k+X

Nf (iddeni-bnary-.valueWl))4

else
Unp[iJ=O;

Unp[lJ=(Imppl << 1);

nmp[7= 1; P Bias neuron I
lab = tMp(O]Iltplltrnp2Iltmp[3]ltmp4)Itmp5]Itmp[6Jlbnp[7];

for (1=0;1<8;1++X(
If (Hkdden 1.blnarY..vaIueP+8])

else

tmpf7]1; r Blas neuron I
msb - tmp[Oiltmp~lJltmp(2J1tMp(3I1tmp[4Iltmnp[5J]tmp[6Jltmp7;
outportbHLEDLO1Isb);
outporlb(HLED..HI~msb), ; 4

This routine writes the values of weights found In WEIGHTJAVERI [1611 6]
to the corresponding hardware programmable gain amplifier. The programmable
gain amplifiers provides a gray leel driving signal to the weight mask.
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void WRITELAYERI-WEIGHTS(vold)
(

it ,ljk.n;
unsigned chr spW.a~b,

V)OARD1[32J, P. Board I registers I
BOARD2[32L, P Bod 2 reg•sters I
BOARD3(L P Board 3 registers I
BOARD4[321, P Board 4 registers '
BOARD5[32] P Board 5 register I/
BOARDS(321 P Board 6 registers I
BOARD7IS2I, P Board 7 registers 'I
BOARDS(321], Board 8 registers I
OUTWEIGHTS1[256], P Output aray for wdftig to SLM1 I1
DO. 1. P Typecasting numbe rs forbitdftng "
D1 =2,
02 =.4.
103- 8,
D4 = 16,
0S5=32,

D7 = 128;

Convert the weights and rafses Into usable oms for the optical weights

for Q = 0; i < 15; 1++)
for a = 0;1 < 15; 1++)

Nf (Welgkaye rM < -60)
Opticatiayerl(I1f =150;

else f(WegL. rMm > 60)Optml.aIayelP[li] = 30;
else

opcaLlay.,"lj = OnQ)(-WelghL.•WyrlIf)+90,O

Mid transmission for column 16. will be used for active thresholdlng.

for (Jz 0;J < 15; J++)
Opc•_Layerl [1Sim = 90;

Asign corres gwepi t to On diver Ward

for 0= O.nu0;,in3,I+)
for (J-Oj<=7j++,n++)

BOARDI(n). (unsigned char)Opdlma yerflp];
for (i64,n=0.ic=7;i++)for ,,o;,J,,7fr++,n+.,.)

BOARD2[nJ= (unsigned char)OptlcaIlayerlwiWO];
for (O.8.nM;,A. 1;1++)

for (J.0j<=7;j$,++)
BOARD3[n]= (unsigned char)OptLcaUayerl [11];

for (f12,n=o0;k15;k.+)



for O.O~w71++.n++)
BOARD4[n)- (unsig~ned char)Opdcalaywrl Will;

for (1O4xm0k-31++)
for (KJ4-0jc++.n.+)

BOARD610nJ (unsiged char)Opdcayer1[Uh15-fl;
for (.n0c7I.-+)

for (J.OJ<7).+.n++)
BOARD6(n)- (unsigned char)Opticatjlayerl Pl5-il;

for (8=1,n=0;km1 k-.)
for (3.0 j=7-ij++.n++)

BOARDS(n)= (unsigne char)Opftlcawlyerl 1115-fl;
/*Flx order emro for SLMi 1

* for (n=8;n'c.15;n++)

temp=BOARDI[nj; BOARDI [n)=BOARD1 [n+1k BOARDI [n+1)=ternp;
*temnp.BOARD21nk; BOARD2[n)=BOARD2[n+1l;. BOARD2[n+1]ztemp;

temp=BOARD3(nrl BOARD3(n)zBOARD3[n+1l:' BOARDSn+l tMOM;
tmp-mBOARD4(nl; BOARD4[n)=BOARD4[n+1 I; BOARD4[n+1lteMp;

* temp=SOARD5[n]; BOARD5[nl=BOARO6(n+ II; BOARD5[n+11J-temnp;
* temnp=BOARD6(ny; BOARD6[nJ=BOARD6(n+1r; BOARD6[n+1]=temnp;

terp.BOARD7[nr; BOARD7In)=BOARD7jn+1l; BOARD7[n+l)=teMp;
temnp-BOARDStn); BOARDB1nl=BARDS(n+11; BOARD8[n+-1]=ternp;

for (n=-24;n4c=31 ;n++)

temp.BOARD1 ml; BOARDi (nj=BOARD1 [n+1l; BOARDi(nil l=temp;
twrpmaBOAD2[nr; BOARD2[nj=BOARD2[n.1 1; BOARD2(n.1 I=temnp;T
temp=BOARD3(nJ; BOARD3[nl=BOARD31n+1l; BOARD3[n+1]=temp;
temp=BOARD4[n); BOARD4[nI=BOARD4[n+11. BOARD4[n+1l--temnp;

*tenip=BOARD5[nr3 BOARD5[nl=B3OARD5[n+1r; BOARD5[n+1l--temp;
temp.BOARD6(nr. BOARD6[nl=BOARD6[n+11; BOARD6[n+l)=temp:
temnp.BOARD7(nJ; BOARD7(nl=BOARD7[n+1 I; BOARD7[n+1 J=temp;
tornpmBOARD8[nJ; BOARDS~n)=BOARDS[n+11; BOARDB[n+1]=temp;

I* Now set up ordinal serial sequence and concatenate all 8 "
r*boarddtaIestbclociced out~/

The following defines driver board data lie In output port of Interface
BOARD #_BIT POSITION__BIT
BOARDI 0 1
BOARD2 1 2
BOARD3 2 4
BOARD4 3 8
BOARDS 4 18
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BOARDS 5 32
BOARD7 6 64
BOARDS 7 128

for (nmO.31 ;n<=25;M ,I-

*OUTWEMGHTSI In) = ((BOARD1 W&D7)»>7) I ((BJOARD2W)&D`7),,6)
I ((BOARD3(I&D7)>>5)1 (BOARD4[IJ&D7fr>4)
I ((BOARD5MJ&D7),>3) I ((BOARD6W&D7)»>2)
I ((BO0ARD7[II&D7)>>1) I (BOARD6(IJD7);

n++;
OUTWEK3HTS1[In) - ((BOARD1[I)&D6fr'8) I ((BOARD2fIJ&D6)»5)

I ((BO0AR03W)&D6)>>4) I ((BOARD4[II&D6)>>3)
I ((BOARD5MI&D6),>2) I ((BOARD6W)&D6)>>1)
I (BOARD7Uj&D6) I ((BOARDS(IJ&D6)u<1I);

OUT WEIGHTS1 [in] - ((BOARDI [1&D5)>>5) I ((BOARD2MI&D5)>4)
I ((BOARMD3(&D)>3) I ((BOARD4[II&D5),>2)
I ((BOARD6IJJ&D5frn1) I (BOARD6(IJ&D6)
I ((B~oARD7MI&D5)cc1) I ((BOARDSMj&D5)uc<2);

OUT WEIGHTS1(nj = ((6OARD1(II&D4)>>4) I((BOARD2(II&D4)»>3)
I ((E30ARD3(IJ&D4)>>2) I ((BOARD4(q&DX)>,1
I (BOARD5[J&D4) I ((BOARD6(1JD4)ccl)
I (BOARD7IjQ&D4)<c2) I ((BOARD8(IJD4)4c4);

OUrWEIGHTS1[n] = ((BOARD1WQ&D3),>3) I ((BO0ARD2[IJ&D3)»>2)
I ((BOARD3MI&D3)>1) I (BOARD4(II&DS)
I ((BOARD5MI&D3)ccl) I ((BOARD6(II&D3)cc2)
I ((BOARD7III&D3)cc3) I ((BOARD8fI]&3)«<4);

OUTWEIGHTSI[n] = ((OARD1[Ij&D2)»>2) I ((EBOARD2[)&D2)»1l)
I (BOARD3(IQ&D2) I ((BOARD4[II&D2)cc1)
I ((BOARD5Wj&U2)c2) I ((BOARD6(il&D2)cc3)
I ((BO0ARD7IIJ&D2)cc4) I ((BOARDSfI]D2)cc5);

OUT WEIGHTS1 [n] = ((BOARDI [)&Dlfr..1) I (BOARD2[W&D1)
I ((BOARD3(IJ&DI)<<l) I ((BOARD4[I)&D1)<.2)
I ((DOARD5[IJ&D1)4c3) I ((BOARD6(IJ&D1)cc4)
I ((BOARD7W)&D1)<4) I ((BOARtSD8IiI)c4S);

OUTWEIGHTS1[n) = (BOARD1IIJ&DO) I ((BOARD2(IJ&DO)rcl)
I ((B0ARD3[IJ&DO)<<2) I ((BOARD' '1<4)
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I (BORD5IJDO~c4 I((BOARD6M&DO)<<4)
I ((BOARD7W)&DO)c48) I ((BOARDSPPM)&0cc7);

P- Now dlock out the Weghts sealy .
F I e up load Ines high so data can be dclokd in

outporU(BASE + 5.LAYERI-LOAD);.
for sIOj-0J<c15j++)

/I PF'wscdock out SSSlT/I
* ~ou~orb(BASE + 4.0);

ouprtb(BASE + 12,SSBRT)
outpobd* NSE + 4.LAYER1..CLOCK);

* P Now clock out nodt 16 bits In the foowng order I/
r MSB1 ....LSB1 MSBO ....LSBO I
for (w&k=Ol;kc5k+)

outpouI)(BASE +4.0);
outporlb(BASE +12,OUTWEIGHTSI LID;
outporth(BASE + 4,LAYERI-CLOCK);

I* Now boad data in programmable potentiometer regiser l
outportb(BASE + 5, 0);

This routin write the values of weights found In WEIGIT-rrAYER1 [1 61161
to the cosodn tnatowarepogrmal gain amplifier. The programmabl~e
gain amplifers provides A gray leve dr~ing signal to the weigt mask

void WRITEJ.AYER2Y/EIGHTS(void)

mnt J,jk~n;
unsigned cha

* tmpa~b.
BOARD9(321, P Board 9 regiters I

* BOARD10OP21. !Board 10 registers ~
* BOARDI1[321. tP Board 11 registrs /

60AR012f321. Board 12 regiser I
BOARD13(321, P Board 13 regiter 'I
BOARD14132], PBoard 14 registers

* BOARD15[321. Board 15 reiser V
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BOARDIGM23 P Board 16 registers 'I
OTWSEIGHTS2p26I P OtPut arra for writing to SLLM2 I
Go=.1. PTyPecasting nurnbers forbitshillng I
Dl = 2,

D24.16,

05 = 32,
DO6=64.
D7.=128;

Convert the weights and biases Into usable forms for the optca weights

for (0; = 0,1 15; 1++)
for 0.j < J 15; J++)(
If (Welgh(-ayer2[(I] 'c -60)

OptlcaWyer2III = 150;
else lf(Weigh~aye.2MJ > 60)

OptkcalayerolJ m 30;
else 

q

OPtlcaLaye2tlW (lnt(-WeighLlaYer2(lIO1+90*

Mid ftrnsmidssion for courmn 16, will be used for activeUreodn.

for (Ja 0; j 15; J++i)
OpdcLkpye2AIS]J 90;

Assign correspodIng weight to sim driver board

for (l=O~n=0,k=-3;.)
for &(Ja~je=7.fj#++n..)

BOARD9(nin (unsigned char)Opt~caLlayer2[IJ;
for (1=4,n=0-,k-7;.+")

for (j<0jc7;j++.n++)
BOARDIO[nJ. (unsigned char)Optlcal-layer2fI(W;

for (68.8naO;k-1z 1 ;k+)
r for 00;j=-7;ji-+,n++4)

BOARDI1I(n)= (unsigned char)Optlcal~layer2M:W
for (.2n0l11+
for (j-0*c.71+.+n++)

BOAFID12fn)= (unsigned cha)Opft~lcayeu2[lqo];
for (60.0n=0;k<=3;1-i.)
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for G-O&ain7j+.n+,+)
BOARDI 3(n). (unsiged chmr)ptlcaayeMI2l 5-Al

for (1-4,k.m047$I++e)
for Gj..0Jc7-J...n+)

BOARD14(n). (unsiged cha,)OpcaLlayeeMpl-13
for (Iu8,NmO.kl I k.)

for (J.Ojcw7i-e.n+e)
BOARDI5[n)- (unsigned Olptica~layer2Vi5-Al

for (I.12,nin&.l 5;144+)
for (-JuO-c7*.+.n+.)

BOARDl6(n)= (uns~ined dha)Optsica-yeu2[I~5-fl
f6Fix order error for SLLM2
for (n=8;ncul5;n++)

temp.BOARD9[nr BOARD9(nI=BOARD9[n+lL BOARD9[n+lJ=tern;
eMp-BOARD1O(nJ; BOARDlO(n]=BARDIO(n+lk BOARDIO~n+lI=tWV;

tenip-BOARDI 1 [nJ; BOARDi1 [nWBARDi1 n+lr; BOARDi1 n+1)=terrp;
tenipmBOARDl2(nJ 60 RDl2[nj=BOARDI2[n+1J BOARDl2(n+1J)tem;
tempw9OARDl3(n1, BOARDl3[nI=BARDl3(n+lI; BOARDl3(n+lJ=tenip;
ternpwBOARDI4[nr. BbARD14[nJ=BOARD14[n+1j; BOARD14[n+1)=tefnp;
tenp=BOARDl5[nI; BOARD15[nJ=BOARD1 5(n~lk BOARDI5[n+1J=Wem;
temnp-BOARD1S1hr, BOARDIC[n]7aBOARDi~ln+1J BOARD16(n+1 J=eMp;

temp-BOARD9(nJ; BOARDO[nJ.BOARD9(n+1J; BOARDG9n+1Jlteni;
temp=BOARD1O[nr. BOARDIO[nI-BOARD1O[n+lk BOARDIO[n+1 I=temp;
tem-BOARDl lni; BOARDI 1[nI=BOARDI 1[n+1) BOARDi 1[n+1)=temp
temp-BOARD12[nJ; BOARD12[nJ=BOARDI2[n+1J; BOARD12[n.1 J=teni;
temp-BOARD13[nk BOARD13(nJ=BOARD1 3(n+1J; BOARD13(n+1J=teni;
ternpinBOARDl4(nJ; BOARD14[n]-BOARD14[n.1k BOARD14[n+1J=temp;
tempiBOARDl5[nJ; BOARD15(nJ.BOARD15[n+11 BOARDi 5[n+1 I=teu;
ternp=BOARD16(n]; BOARDI6[nj=BOARDI6[n.1J; BOARDi 6[n+1J=temnp;

/~Now set up ordinal aeria sequence and concatenate al 81
rboard datakInes to beclocced out/

The folowing defines dilve board data Ine In outpu port of Interface
___BOARD #_BIT POSITION__BIT VALUIE

BOARDS 7 128
BOARD9 0 1

_________________________ Pe___i
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BOARDIO 1 2
BOARDI 1 2 4
130ARD12 3 8
BOARD13 4 16
BOARD14 5 32
BOARDIS 8 64
BOARD16 7 128

for (n=O .=31 ;nc=25;n++.I--)

OUTWEIGHTS2InI - ((BOARDetII&D7)>>7) I ((BOARD1OO1&D7)>>8)
I ((BOARDI 1 [I]&D7)>>5) I ((BOARD12WQ&D7)>,4)
I ((BOARD13W&D7)>3) I ((BOARD14[W&D7)>i,2)
I ((BOARD15[iJ&D7)>,) I (BOARD16[[)&D7);

OUTWEIGHTS2[n) = ((BOARD9(i)&D6)>>6) I ((BOARDIOw)&D6)>>s)
I ((BOARDi 1 [IJ&D6fr>4) I ((BOARD12fJ)&D6)>>3)
I ((BOARD13(I3&D6frm2) I ((BOARD14[jq&D6)>A'.)
I (BOARDI5[W&D8) I ((BOARD16(iI&06)'ccl);

n++;
OUT WEIGHTS2[n] = ((BOARDO9jJ&D5)»>5) I ((BOARDj1OW&D5>r4)

I ((BOARD11[Ij&D5)»3) I ((BOARDI2[iJ&D5)>>2)
I ((BOARDI3W)&D5fr1I) I (BOARD14{I3&D5)
I ((8OARD15p)&D5)<-cj) I ((BOARD16(I3&D5)c-c2);

OUT WEIGHTS2[nI = ((BOARD9pW&D4)»>4) I ((BOARD100J&D4)ra3)
I ((BOARDi 1 CII&D4)>>2) I ((BOARD12[II&D4)>A.b)
I (BOARDI3(iI&D4) I ((BOARD14[J&D4).cl)
I ((BOARD15W)&D4)* 2) I ((BOARD16(i]&D4)c43);

OUT WEIGHTS2[nJ = ((BOARD9fiJ&D3fr'.3) I ((BOARD1OW)&D3)»>2)
I ((BOARDI 1 L11&D3)>>'1) I (BOARD12W)&D3)
I ((BOARD13(IJ&D3).cdl) I ((BOARD14(J&D3)<.c2)
I ((BOARD15[iJ&D3)cc3) I ((BOARDi 6W&D3)<<4);

OUTWEIGHT$2[nI a ((BOAR09(IJ&D2)>>'2) I ((BOARDIOW)&D2)»1I)
1 (BOARD11[IJ&D2) I ((BOARD12fQ&D2)<<1)
I ((BOARD13IJJ&D2)d<) I ((BOARD14(I&D)sc4c)

I ((BOARD15(IJ&D2)cc4) I ((BOARD16(I]&D2).c4);

OUTWEIGHrTS2[nJ = ((BOARDgM&D1)>>1) I (BOARDIOW)&D1)
I ((BOARDI[IJP&DI)<<l) I ((BOARD12(II&DI)c.c2)
I ((BOARD13(IJ&DI)c43) ((BOARD14LIJ&Dl)c<4)
I ((BOARDI5WQ&D1).oc5) ((BOARD16(IJ&D1).cO);
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OLJ1WEIGHTS4fnJ (BOARD9GW&DO) I ((BOARD1OPJ&DO)<<d)
I ((BOARD11[IJ&DO)<<) I ((BOARD12IlIDO)<4)
I ((BOARD13(II&D)<<4) I ((BOARD14P)&D0)c<5)
I ((BOARD15W&DO).cc) I ((BOARD1f(U&D0)c47);

r- Now cdock out the weights serially "
14First set tip load Unes high so data can be clockced In

outporlb(BASE + 5,LAYER2...LOAD);
for IO=J1;r)

P Firt clock out SSWI
ouportb(B3ASE +4.0);
oulpoflb(ASE + 13,SSBIT);
oulportb(BASE + 4.LAYER2...CLOCK);

* f~~ Now clock out next 16 bits In the folowing orderI
P MSB1 ....LSB1 MSBO ....LSBO ~
for (k=0;kc=l 5;k++~)

* outportb(BASE + 4,);
outportb(B3ASE +1 3.OUTWEIGHTS2tII);
outportbBASE + 4,LAYERZ..CLOCK);

I++

I~Now load data In programmable potentiometer registers ~
* outportb(BASE + 5. 0);

* void LEOS-OFF (void) I

outportb (ILED..LO.OxOO);
outpod (ILED...HI.OxOO);
outportb (HLED..LO.OxOO);
outportb (HLED.YI,OxOO);

PROGRAM: FILE.C
WRITTEN BY: Wiliamn Robinson
DESCRIPTION: Providles; simple file I/O menu.

* SAVE FILE FUNCTION prompts user for network output file base name.
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void save-Wek!
(
pIntf(•n Enter name of output file: );
scanf•('12s. outname);
saveI=1;
)

GET FILE FUNCTION prompts user for network output go bass name.

void getjile(vold)

pitnt(ln Enter name of Input file: ).;
scanf(r%12s, kname);
gelt_=1;
)

FILE MENU FUNCTION prompts user for network files used for Input andVor
output

void file-menu(vold)

int Ille.cholce;

Dispay the ANN Menu

dof

crscrO;
prinlt('N);
piunf (OWOptical ANN File MenuWn');
prlntf (* W);%
printf (Nt 0. Return to main menuWn");
pintf (wt 1. Save weights filenameni);
pdntf (V 2. Get weights file for testing~na);
pxlntf (w 3. Get pattern file(s) for tralning~n);
printf (wt->');

scanf(*W,&fle.cholce);
switch (file-choice) (

case 0: return;
case 1: saveflleO;

break;
case 2:. gpfnleO;
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cwm p rlntl(Opton Is not avaflable at this timeWn);
•. break;

PROGRAM : TRAIN.C
WRITTEN BY: Wilam Robinson
DESCRIPTION: Provides user with a training menu.

ONE RUN function trains network for a single Hamming Distance criteria.

void one-wn(void)
(
char num[2];
char copy[S];
char temp[12];
clrscro;
N (systemetecte(

If (savej1t)(
do(
pdntf('Enter Hamming Distance Training Criteria (between 0 and 4 Inclusive): ");
scanf(Od,&CRITERIA);
") while ((CRITERIA < 0) 1 (CRITERIA > 4));

srcpy(teampoutname);
ltoa(CRITERIAnum,10);
sucpy(copy..O0");
strcat(copynum);
strcagt(ouLnamecopy);
If (OPTICAL) optical-annO;
else If(SOFTWAREVERSION=-2) simulateO;
else normalrainingO;

Sstrcpy(out~name~temp);
- )

else{
* prntf(*Need Ilename to save welhtsln');

printf'Exit to MAIN menu and select FILE menu (hit any key)\n); T
getchO;
I

) '
S else{

prlntf(Need to select system~ne);
printir(Exit to MAIN menu and select system parameters (hit any key)Wn);
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MULTIPLE RUN function trains network for a user prompted starting and

ending consecutive Hamming Distance criterlas.

void multiplejruns(vold)

char num[21;
char copy[5I;
char temp(1 23;
hIt stsArflnlsh;
clrscro;
If (system...seleted)

If (save-A)(
do(
printf (Enter starting Hamming Distance Training Criteria (between 0 and 3 Inclusive): U);
scanf("d",&start);
)while ((start < 0) 1 (start > 3));

do(
printf(Enter ending Hamming Distance Training Criteria (between start and 4 Inclusive): ;
scanf(%d'c,&flnlsh);
)while ((finishe<- start) I (finish > 4));

for (CRITERIA=startCRITERIA<=flnlsh;CRITERIA++){
strcpy(temp.ouLname); 1
ltoaCRITERIA,num,10);
strcpy(copy.*.00); d
strcat(copy~num);
strcat(ouLnamne~copy);
If (OPTICAL) optical-anno;
else If(SOFTWARE-VERSION==-2) simulateO;
else nornal~traininigo;
strcpy(ouLname,temp);

printf (Need filename to save welghtshri);
prlntff(Exit to MAIN menu and select FILE menu (hit any key)n");
getch;

else(
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printf('Need to select system~no);
printf(*Exkt to MAIN menu and select system parameters (hit any key)ýnu);

getch0;

savejit=0;

TRAIN MENU FUNCTION prompts user for training options.

void train-menu(void)

int tratnrochoice;

Display the ANN Menu

do{
clrscro;
pdntf(!•n);
pdnt! ('WOptica! ANN Train Menu~n");
pridnt ( I*n);
print ('It 0. Return to main menu\n');
print (It 1. Single run~n');
print ('Ot 2. Multiple runsW');
printf ('t->';
scanf(8%d*,&train-choice);
switch (traln.choice) {

case 0: (
savelt=-0;
return;

case 1: one-runo;
break;

case 2: multiplejrunso;
break;

default:break;
1

) while (train-choice I= 0);

PROGRAM: uniform.c I
WRITTEN BY: Danny Shelton ,
DESCRIPTION: u32 generates a 32 bit random number based Seedl and Seed2
parameters located In include3.cs. This function is called by uniform-dist0
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which takes two numbers and generates a random number between these two
numbers. The resulting numbers are used to initialize the weight arrays
In the MR2 training algorithm.

double u32(vold) {
P 32 bit'l
long Int z.k;
k = Seedl/53668;
Seed1 = 40014*(Seedl-k*53668)-k*12211;
if (Seedl<O) Seedi += 2147483563;
k = Seed2/52774;
Seed2 = 40692*(Seed2-kV52774)-k*3791;
if (Seed2<O) Seed2 += 2147483399;
z = Seedl-Seed2;
if (z<1) z += 2147483562;
return (z*4.665613e-10);

double uniformi.dist(double a. double b)
{

Seed1 = rando;
Seed2 = randO;
retum(a+(b-a)*u320);

FILE: RANK.C
Borrowed from Numerical Recipes in C (see References)
DESCRIPTION: Ranks an array of N values In ascending order. Used In
Madaline Rule 2 Training.

INDEXX function produces an array pointers which Indexes the values passed
in ascending order.

void Indexx(Int n,double ardn[],int Indx[)
(

int Ij,ir.lndxtI;
float q;
for 0=1; J <= n; j++)

Indxoi=i;
I=(n >> + 1;
ir=n;

for(;;){If l> 1) !
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q-arrln(OnhcWlnbcDj;

q=arrln((ndxt=nd- r]J

i(-Ir ==1)f
Indxfll=Incdx
return;

wh~te aJ r--Ir)(

If Q < Ir && arrln[lndxWJ < arrln[IndxQ..1 fl) fri.;
Uf (q < arrln(ndxflfl){

Indx[IJ=Indj;

elseJIr + 1;

Indx~]=ndit;

RANK function takes the Index array and converts It to a ordered rank array.

void Rank(Int nint IndxotlInt Irankfl)

for 0J=1 ;j <- n;j++) Irank[Indxfl=JJ;



Appendix 5

Test data

File: Simul.000

Hamming Distance: 0

Pattems shown: 96

Number recognized: 10

Number not recognized: 0

Percent recognized: 100

File: Simul.001

Hamming Distance: 1

Patterns shown: 96

Number recognized: 9

Number not recognized: 1

Percent recognized: 90

File: Simul.002

Hamming Distance: 2

Patterns shown: 96

Number recognized: 7

Number not recognized: 3

180I
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Percent recognized: 70

File: Simul.003

Hamming Distance: 3

Patterns shown: 96

Number recognized: 5

Number not recognized: 5

Percent recognized: 50

File: Optic.000

Hamming Distance: 0

Patterns shown: 144

Number recognized: 10

Number not recognized: 0

Percent recognized: 90 .

File: Optlc.001

Hamming Distance: I

Patterns shown: 144

Number recognized: 7

Number not recognized: 3

NII
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Percent recognized: 70

File: Optic.002

Hamming Distance: 2

Patterns shown: 144

Number recognized: 6

Number not recognized: 4

Percent recognized: 60

File: Optic.003

Hamming Distance: 3

Patterns shown: 96

Number recognized: 3

Number not recognized: 7

Percent recognized: 30
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