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ABSTRACT 

In recent years there has been a great interest in neural networks, 

since neural networks are capable of performing pattern recognition, clas

sification, decision, search, and optimization. A key element of most 

neural network systems is the massive number of weighted interconnec

tions (synapses) used to tie relatively simple processing elements 

(neurons) together in a useful architecture. The inherent parallelism and 

interconnection capability of optics make it a likely candidate for the 

implementation of the neural network interconnection process. While 

there are several optical technqlogies worth exploring, this dissertation 

examines the capabilities and limitations of using fIXed planar holo

graphic interconnects in a neural network system. While optics is well 

suited to the interconnection task, nonlinear processing operations are 

difficult to implement in optics and better suited to electronic implementa

tions. Therefore, a hybrid neural network architecture of planar inter

connection holograms and opto-electronic neurons is a sensible approach 

to implementing a neural network. This architecture is analyzed. 'rhe 

interconnection hologram must accurately encode synaptic weights, have 

a high diffraction efficiency, and maximize the number of interconnec

tions. Various computer generated hologram techniques are tested for 

their ability to produce the interconnection hologram. A new technique 

using the Gerchberg-Saxton process followed by a random-search error 

minimization produces the highest interconnect accuracy and highest 

diffraction efficiency of the techniques tested. The analysis shows that a 
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reasonable size planar hologram has a capacity to connect 5000 neuron 

outputs to 5000 neuron inputs and that the bipolar synaptic weights can 

have an accuracy of approximately 5 bits. To demonstrate the concept of 

an opto-electronic neural network and planar holographic interconnects, 

a Hopfield style associative memory is constructed and shown to perform 

almost as well as an ideal system. 



CHAPTER 1 

1NTRODUCTION 

19 

Throughout the twentieth century, major advances in technology 

have brought many improvements in computational machines. For 

instance, the modern digital electronic computer is able to perform 

numeric calculations at high speed and with a precision that is limited 

only by design. Unfortunately, these machines are not capable of perform

ing many rudimentary tasks such as image and speech recognition, 

cognition, decision, and learning that humans and most animals inher

ently perform. Although pattern classification and artificial intelligence 

algorithms have been developed and implemented with computers, no 

current man-made machine has come close to matching the capability of 

humans and most animals in performing these tasks. The difference lies 

in the data processing architecture. 

The standard digital electronic computer has a single processor 

that carries out instructions serially, that is, one instruction after 

another. On the other hand, the processing system found in the human 

brain is a collection of simple, highly interconnected processing units 

(neurons) which act in unison to perform certain functions. Individual 

systems of interconnected neurons are known as neural networks. Figure 

1.1 is an illustration of the computational power and interconnectivity of 

several processes and highlights the differences between conventional 

computers and neural networks. In the lower right corner lie the compu-



tational intensive, sequential processors based on the von Neumann 

architecture used in most computers today. Neural networks are found in 

the diagonal corner. Man-made neural networks have the potential of 

performing many of the same tasks as humans and derive their 

processing capabilities from the massive parallelism of neurons working 

together. 

atoms, 
molecules, 

and proteins 

Individual Processor Power 

~ 
~ 

Figure 1.1. Processor interconnectivity versus computational power for 
some common systems. 

Interest in neural networks has ebbed and flowed over the past fifty 

years. Initial research in this area can be traced to McCulloch and Pitts.1 

In the 1940's, they demonstrated that binary valued neurons were capable 

of learning. In 1949, Donald Hebb formulated the well known Hebbian 

learning rule based on the interaction of neurons.2 In the 1950's, Frank 

Rosenblatt developed the Perceptron for pattern classification.3 Unfortu

nately, Perceptrons could not perform complex classifications, and the 
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research was abandoned in the late 1960's. Also during this time, the 

Adaline (Adaptive Linear Element) was developed by Widrow and Hoff.4 

It implemented an adaptive learning system. During the 1970's, neural 

network research was limited to a few people. Based on physiological 

studies of the nervous system, Grossberg and Carpenter developed a self 

organization neural network model known as Adaptive Resonance Theory 

(ART). 5 Also during this period, Teuvo Kohonen developed a theory in 

which neurons self-organize into topological and tonotopical mappings of 

the perceived environment. 6 General interest in neural networks was 

rekindled in 1982 by J.J. Hopfield.7 Hopfield argued that the computa

tional abilities of a neural network were based on the collective action of 

the network and not the function of the individual neurons. He modeled 

this interaction as an energy minimization process. Recently, there has 

been much research in neural network theory, models, and applications. 

Neural network systems based on simple biological models have 

been built to perform specific tasks such as association, pattern recogni

tion, search and optimization, and learning. Also, several technologies 

have been developed for implementing these systems in hardware. The 

inherent parallelism and interconnection capability of optics make it a 

likely candidate for the implementation of the neural network intercon

nection process; optical beams traveling in free space can pass through 

one another without interaction. While there are several optical technolo

gies worth exploring, this dissertation discusses and analyzes the system 

properties, capabilities, limitations, and design of neural networks 
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composed of multifaceted planar holographic interconnects and opto

electronic neurons. 

The major goals of this dissertation project are (1) to investigate the 

feasibility of constructing an opto-electronic neural network using fixed, 

planar holographic interconnects, (2) to determine the best method of com

puter generating the interconnection holograms in terms of interconnec

tion accuracy, diffraction efficiency, computation time, and hologram 

size, (3) to compare diffraction geometries and hologram modulation 

techniques, (4) to examine state-of-the-art. detector, emitter, and modulator 

technologies to determine the capabilities and limitations of opto-electronic 

neurons, (5) to determine the capabilities and limitations of neural 

networks designed using fixed, planar holograms, and (6) to build a 

working opto-electronic neural network to demonstrate the concept. 

This dissertation is divided into 9 chapters. Chapter 1 is the intro

duction. In Chapter 2, the basic operation and structure of a neural net

work are discussed. Chapter 3 is a survey of the various electronic and 

optic technologies available for implementing neural networks. The 

architecture of the opto-electronic neural network is discussed in Chapter 

4. Various techniques for computer generation of planar holograms are 

discussed in Chapter 5 and analyzed in Chapter 6. Example opto

electronic neural network systems based on the architecture of Chapter 4 

are analyzed in Chapter 7. A feedback associative memory and a 

computer-controlled optical hologram generator are demonstrated in 

Chapter 8. Chapter 9 is a discussion of the results and conclusions of this 

dissex-tation project. 



. CHAPTER 2 

NEURALNE1WORKS 

The key components of neural networks, whether biological or man

made, are nonlinear processing elements (neurons) and weighted inter

connections between neurons (synapses). These basic components make 

the neural network a viable parallel distributed processing system capable 

of solving various tasks such as classification, association, and decision. 

This chapter discusses the basic operation of the neurons and synapses; it 

presents simple models of these components that can be used to build 

neural network systems; it describes two basic neural network configura

tions; and it discusses example algorithms used to determine the 

weighted interconnections. 

Neural Network Components 

A biological neuron is composed of a number of input fibers 

(dendrites), a cell body or nucleus (soma), and an output fiber (axon). 

Signals coming from sensory transducers or other neurons carry infor

mation down the dendrites and into the soma through electrical mecha

nisms. The total input or net stimulus to the neuron is a summation of 

these individual signals. If the net stimulus to the neuron is above a min

imum value, the soma produces an output burst of electrical pulses that 

propagates down the axon fiber. The pulse frequency (firing rate) of the 

burst is a nonlinear function of the net stimulus to the neuron and 

encodes the output state of the neuron. 
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Neuron 

axon 

Figure 2.1. Simple diagram of interconnected neurons. 

The output signal of the neuron traveling down the axon fiber 

becomes the input to other neurons through connections made between 

the axon fiber and the dendrite fibers of the other neurons. These connec

tions, known as synapses, are electro-chemical junctions. The signal in 

the axon fiber regulates the flow of neuro-transmitter chemicals into the 

synaptic junction. The chemicals flowing across the junction induce an 

electric current in the attached dendrite fiber. The amount of current that 

finally reaches the soma from this connection depends on the neuro

transmitter chemicals, the size and shape of the synapse, the transmis

sion properties of the dendrite, and the spatial location of the synapse on 

the neuron cell. Also, synapses can be either inhibitory or excitatory. 

Inhibitory synapses act to reduce the neuron's capability to fire (neuron 

activity), while excitatory synapses act to increase the neuron's capability 

to fire. The actual mechanisms involved in the operation of neurons are 

far more complicated than what has been described; however, these basic 

properties of the biological system can be used to build useful neural 

networks. 

To build useful systems, it is necessary to construct a model of the 

operation of a neural network that incorporates the basic ideas of analog 
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processing and high interconnectivity found in biological systems. The 

synaptic connection can be modeled as a multiplication process where all 

the transmission properties of the synapse and dendrite fiber are 

combined into a single synaptic weight value. The synaptic weight value 

is positive for excitatory synapses and negative for inhibitory synapses. 

The input signal coming into the iill neuron from the jth neuron is a 

product of the jth neuron's output signal, OJ, and the synaptic weight value, 

wij' The total input or net stimulus to the illi neuron is a summation of 

these individual input signals and is described by 
N 

NETi = L wijOj, 
j=l 

where N is the number of neuron outputs feeding into the iill neuron. 

(2.1) 

The neuron is modeled as a simple processing element composed of 

an input summing port, a nonlinear transfer device, and an output port. 

The net stimulus to the neuron is transformed by the neuron's activation 

function, f(u), to produce a new operating state for the neuron which is 

broadcast to other neurons in the network This operation is described by 
N 

0i = f(NETi ) = f( LWijOj), (2.2) 
j=l 

where the activation function, f(u), is a nonlinear, monotonic function. 

The step function, sigmoid or logistic function, and linear threshold func

tion (LTF) are common activation functions used in neural networks and 

are illustrated in Figure 2.2. The step function produces a two state or 

binary output for the neuron. The step activation function is described by 

{ 
1ifu>Uoff 

f step( u) = 0 otherwise . (2.3) 
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The sigmoid activation function is a continuous function with a derivative 

that is also continuous. This function is described by 

f sigmoid(U) = [ U-Uoft\]' 
1 + exp -(-p--) 

1 (2.4) 

where the parameter J3 controls the shape of the function. For low J3 

values, the response approaches that of the step function, and for high J3 

values, the response becomes linear over a wide range. The linear thresh

old activation function produces a linear response within a controlled 

range and a binary response outside this range. 

described by 

. { ~[( U - :nfq + 1] if I u - uoff I < A 
fLTF(u) = 1 if(u - Uoff) > A , 

Oif(u-uoff)<- A 

This function is 

(2.5) 

where the parameter A controls how much of the input will be binarized. 

For low values of A, the response is similar to the step function. 

f(u) f(u) f(u) 

u u u 

(a) (b) (c) 
Figure 2.2. Typical activation functions used in neural networks: (a) step 
function, (b) logistic or sigmoid function, and (c) linear threshold function. 

Figure 2.3 illustrates the interconnection and processing operation 

of an individual neuron. The signal coming into the neuron is multiplied 

by the synaptic weights and summed by the neuron. This is essentially a 

correlator with a nonlinear output.8 A signal that is highly correlated 



with the synaptic weights produces a large net stimulus to the neuron 

which causes the neuron to produces a high output state. A poorly corre

lated signal produces a small net stimulus to the neuron and a low output 

state. 

s 
~ O2 R ...;.;~---m. __ 

~ 
~ _0..;.3~"""--1":1-___ ~~ 

output (axon) 
o. 

1 

"S 
~ _0..;;.4 .... ___ .........-

i 
processing element 

(neuron) 
o 0 6 ---:i ...... - __ 

" synaptic connections with strengths w'ij 
Figure 2.3. Basic model of the interconnection process and the neuron. 

Figure 2.4 is a block diagram of a generic neural network that takes 

an input signal, ;K, and produces an association, classification, or decision 

that is encoded in the output signal, I.. The neurons in the network can be 

configured as a feedforward or a feedback system. 

~ ..... y 
1 ...... 

X .-
2 ...... Y2 :. 

X ' 
Neural Network Y3 :. 3 ~ 

x ' Y4 :. 4~ 
x .-

6 ..... Y6 :. 
.- ,. 

Figure 2.4. Block diagram of a generic neural network system. 

Feedforward Systems 

A feedforward system, also known as a cascaded system, is 

composed of neurons arranged in layers as illustrated by Figure 2.5. Data 
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are introduced into the system using an input layer; processing is per

formed using one or several intermediate layers (hidden layers); and 

output data emerge from the network's final layer. The input layer of the 

network serves to redistribute the input signal, ~, and does no nonlinear 

processing. The outputs of this layer, also known as the zeroth layer, are 

, described by 

o? = Xi where i = 1, ... ,~. (2.6) 

The output signals of the neurons in one layer are interconnected via 

synaptic weights to neurons in the next layer. The outputs of the kih 

processing layer are described by 

N k-1 

o~ = f<NErr!> = f( L w~ Ojk-l) , (2.7) 
j=l 

where Nk-1 is the number of neurons in the previous layer, and o~-l is the 

output of the jili neuron in the previous layer. The outputs that emerge 

from the network at the final layer or ])h layer are described by 

Yi = ~ where i = 1, ... ,NL
• (2.8) 

Feedforward systems are often used for pattern recognition or for 

control applications. In these applications, the synaptic weight values of 

the connections are determined using training algorithms such as back

propagation.9 Backpropagation is a supervised learning algorithm that 

starts with a training set of input patterns and output target patterns. It 

iteratively tries to force the output, 1., to the desired output by adjusting the 

synaptic weights in the network. 
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Figure 2.5. Schematic diagram of a typical feedforward neural network. 

Initially, the synaptic weights are set to random values. There are 

two phases to an iteration. During the fIrst phase of an iteration, the 

training patterns, ,&P, are presented to the n.etwork, and the output 

patterns, t>, are generated in a feedforward operation. Each output is 

compared to the target output pattern, tP, and the error between the actual 

output and target output is calculated from 

NL 

1 ~ P p2 
Ep = 2 £ .. / tj - Yj) , (2.9) 

j=l 

where NL is the number of neurons in the final layer of the network. 

During the second phase, the synaptic weights are adjusted using the 

calculated error values that are propagated from the output layer back to 

the hidden layers (i.e. backpropagation). The weights in the network are 

adjusted by using a gradient descent rule to minimize the output error. 
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Weights can also be adjusted after each pattern presentation but then the 

error minimization is not a true gradient descent. 'rhe changes in the 

synaptic weight values for the kill layer are calculated from 

p 

k ~ k k 
AWji = 1l.t..J apj 0pj (2.10a) 

p=1 

where 

~L ' L p p 
u . = ~(NET .)(t· - y. ) PJ Jj PJ J J if k = L (output layer) (2. lOb) 

and 

if k < L (hidden layers). (2.10c) 

This process is repeated until the error converges to a minimum. A 

learning rate, 11, is used to control the conv:ergence rate of the algorithm. 

Ifl1 is set too low, then the time needed to learn the synaptic weights will 

be long. If 11 is set too high, the algorithm tends to oscillate and the synap

tic weights that are generated will produce poor classifications. A detailed 

derivation of the backpropagation algorithm can be found in Reference 9. 

There are many additional details that should be considered when 

using the backpropagation algorithm. The activation function must be 

differentiable and nondecreasing. The logistic function, Equation 2.4, is 

generally used as the activation function when using backpropagation 

since its derivative has the form 

l(u) = f(u) (1 - f(u», (2.11) 
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and values calculated during the feedforward phase can be used in the 

backpropagation phase to decrease computation time. The bias or offset 
k 

term of the activation function is generally considered a link of weight wiO 

that is connected to a fixed unit output node and is learned as any other 

weight by the backpropagation algorithm. To decrease the learning time, 

a momentum term is often ad4ed to the weight update equation.1o To 

include the momentum term, Equation 2.10a is modified to 

P 
k ~ k k k 

AWji(m+1) = 1l~ 5pj Opj + aAWji(m), (2.12) 

p=l . 

where a is the momentum and Aw~(m) is the weight change calculated 

during the previous iteration. 

To better understand the pattern classification nature of the back

propagation trained network, one can view the network as a pattern 

classifier that first transforms the feature space of the input pattern and 

then performs a linear classification. In this network, the hidden layers 

perform the nonlinear transformation of the input feature space. Each 

neuron in the output layer generates a hyperplane in this transformed 

space which is used as a decision boundary to perform the linear classifi'

cation. 

Feedback Systems 

A feedback system, also known as a recurrent or reentrant system, 

is composed of a single layer of globally interconnected neurons as illus

trated by Figure 2.6. In feedback systems, data are introduced into the 

network, and the network is allowed to iterate or evolve. The output state 
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of a neuron in this system is a function of the previous output states of all 

the neurons in the network and the current input signal,~. For a syn

chronously updated system, the current output state of the iih neuron, oj, 
is described by 

N 
0i = f{NETi) = f( LWijOj + Xi), 

j=l 
(2.12) 

where N is the number of neurons in the network and Q. is the previous 

output state of the network. The input signal, ;K, can be fed into the system 

while the network is iterating or removed after initialization. The network 

continues to iterate until stability is reached; that is, no change in the 

system occurs (i.e. Q = Q). 

Neuron Layer 
(processing) 

0
1 

Figure 2.6. Schematic diagram of a typical feedback neural network. 
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Feedback systems have been developed as associative content

addressable memories. In the Hopfield auto-associative memory, 11 a set 

of binary patterns, x.P, are encoded in the synaptic weights using an outer

product learning rule. The encoded synaptic weights are determined by 
p 

wij = L(2xf -l)(2xf -1), (2.13) 
p=l 

where P is the total number of training patterns. Since the output neuron 

state values are binary, the step function, Equation 2.3, is used as the acti

vation function for the neurons in the network. For this network, a noisy 

or corrupted pattern is presented at the input, and the network iterates. A 

pattern is recalled when stability is reached. In general, if the input 

pattern is some corrupted version of a pattern stored in the network, then 

the recalled pattern will be the ideal or uncorrupted version of this input 

pattern. 

In Hopfield's formulation, the self connection weights, Wih are set 

equal to zero. However, better performance is achieved when the self 

connection weights are included.12 Also, previous work with Hopfield

style associative memories has shown that better performance can be 

achieved using unipolar synaptic weights and unipolar state values when 

an optimized threshold or offset is used in the activation function. 13 

The outer-product formulation, Equation 2.13, shows that the repre

sentation of the patterns stored in the associative memory is distributed 

throughout the network. This provides a large degree of fault tolerance 

and allows the network to function even with several bad synaptic connec

tions. Unfortunately, this redundancy is costly, and Hopfield-style 
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networks have a low storage capacity. The maximum number of patterns 

that can be stored in a Hopfield auto-associative memory has been shown 

to be 
N 

p= 2In(N) 

for a network of N neurons.14 

(2.14) 

Feedback systems have also been devised to solve optimization prob

lems. ls Here, the synaptic weights encode an energy cost function for the 

problem. An initial or test solution is presented to the network. The net

work iterates until stability is reached. At this point, the output of the net

work, I, encodes a solution to the problem. 

One particular problem that has been encoded in a feedback neural 

network is the traveling salesman problem. The computational complex

ity of most problems increases as a polynomial function of the number of 

elements in the problem; these are known as P-complete problems (P = 

polynomial function) and are relatively easy to compute. On the other 

hand, the computational complexity of an NP-complete problem is not a 

polynomial function (NP = non-polynomial function) of the number of 

elements in the problem and typically increases exponentially with the 

number of elements. The traveling salesman problem is one of the classic 

NP-complete problems.16 In this problem, a salesman must travel to a set 

of N cities. In the tour, the salesman begins at one city, visits all other 

cities in the tour, and returns to the starting city. Since time is money, he 

wishes to travel the shortest distance that will take him to all the cities. 

Also, he should visit each city once and only once. For a tour of N cities, 

there are a total of NI/2N independent paths. With only a few cities, this 
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problem could easily be solved by computing all the possible paths and 

then finding the minimum. But, as the number of cities in a tour is 

increased, the computation times increases factorially. Therefore, a 

neural network system capable of solving such problems would be advan

tageous. To encode this problem in a neural network, an energy function 

is formulated to encode the physical constraints of the traveling salesman 

problem. From this energy function, the synaptic weights for the network 

are determined. For the formulation of Reference 15, the synaptic weights 

for the network are set using 

W· • = - A ~ (1 - 8ij) - B ~ .. (1 - ~ ) - C - D ;I 8. Xl,YJ "XY '1J "XY -xy l(j+l)' (2.16) 

where the intercity distances are stored in dxy, 8ij is the Kronecker-delta, 

the parameters A and B set the relative importance of the constraints on 

visiting a city once and only once, C is a global inhibition term, and D is 

used to set the relative importance of the minimum distance constraint. 

The output state is generally organized as a matrix where the row index 

denotes the city and the column index denotes the position in the tour. 

When all the parameters are properly adjusted, the final output pattern 

generated by the network will encode a near-optimal tour. However, 

experiments with this formulation have shown that finding a tour that 

meets the constraints does not often occur. It is generally necessary to 

rerun the problem several times with different starting points in order to 

get a tour that meets the physical constraints of the problem. A different 

formulation of the problem with a better performance record has been 

recently reported.17 
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The previous chapter discussed the basic concepts of neural net

works. For a neuron with N input connections, the neuron and its associ

ated synapses perform N multiplies, N additions, and 1 nonlinear opera

tion. This comes to 2N + 1 operations per neuron per cycle. For a layer of 

N neurons, this totals 2N2 + N operations per layer per cycle. Although 

neural network algorithms can be implemented in software on a conven

tional computer, it is clear that as the number of neurons in the ·system is 

increased, the time required to perform a task is increased substantially. 

Thus, when large-scale, high-speed neural network systems are required, 

it is better to construct a parallel processing system that can implement 

the neural network architecture. This chapter discusses a variety of tech

nologies available for implementing a neural network system in hard-

ware. 

One piece of information to consider from physiological studies is 

that the human cerebral cortex is composed of 100 billion neurons and 100 

trillion synaptic connections. IS With a cycling rate of 100 Hz, the opera

tional speed of the cerebral cortex is 1016 interconnections per seconds. 

The cerebral cortex is able to do all this processing while dissipating only 

10 watts of power.19 While a system designed to solve a specific task will 

require far fewer neurons than the cerebral cortex, these operational 

parameters provide an ultimate goal for the implementation technologies. 



Electronic Implementations of Neural Networks 

Analog Electronic Implementations 

As shown in Figure 3.1, the fundamental analog electronic imple

mentation of a neural network is composed of amplifiers that perform the 

neuron activation function, resistors that store the synaptic weights, and 

wires that interconnect the neurons. This circuit implements a feedback 

network and was described by Hopfield and Tank.2o The output voltage, 

ViJ of an amplifier is analogous to the firing rate of a neuron. Figure 3.2 

d 
J X

4 

Neuron Layer 
(nonlinear amplifiers) 

Vl 

Y2 

~ 
Y3 "tS a 

~ 
~ 
~ 

Y6 

Figure 3.1. Schematic diagram of an analog electronic system implementing 
a feedback neural network. 
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v· I 

-v· I 

Figure 3.2. Schematic diagram of analog electronic interconnects and an 
analog electronic neuron. 

illustrates an individual electronic neuron. A connection between one 

neuron and another neuron is made through a resistor, ~j' which 

encodes the synaptic weight, wij' as conductance (reciprocal resistance) so 

that a current, ~, flows from the output of the jlli amplifier and into the 

input of the illi amplifier. With the input port held at virtual ground, the 

total input current to the iill amplifier is given by 

N N 

~{net stimulus} = L Rijl Vj = L wij Vj • (3.1) 
j=l j=l 

The output voltage of the amplifier is a function of the input current and is 

described by 

N 

Vi {output} = f(~{net stimulus}) = f(L Rijl Vj ), 
j=l 

(3.2) 
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where f( u) is the transfer characteristic of the amplifier. By operating to 

the saturation and cutoff extremes of the amplifier, this transfer charac

teristic becomes a nonlinear, monotonic function, and the amplifier 

implements the neuron's activation function. Since conductance is a 

nonpolar quantity, each amplifier is provided with a normal and inverting 

output to provide both excitatory and inhibitory synaptic connections. 

Digital Electronic Implementations 

Many digital electronic implementations of the neural network have 

also been developed. A typical digital neuron is shown in Figure 3.3. 

Input signals from previous layers or cycles are brought in serially via the 

multiplexer and multiplied by synaptic weights stored in a weight mem

ory. This weight memory can be either fixed or updateable (ROM or 

RAM) depending on the desire for fixed weights. The product of each 

input with the stored weight is fed into the accumulator. The accumula

tor sums up the successive multiplies. The resultant accumulator value 

is fed into a look-up table (LUT) which implements the neuron's activation 

function. The value produced becomes the new neuron output state and is 

stored in the register. The complete digital network, illustrated in Figure 

3.4, consists of a set of neurons, input and output data busses, and a 

control unit. When requested by the controller, the output state is released 

into the output data bus and transmitted to other neurons in the network. 
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Figure 3.3. Schematic diagram of a basic digital electronic neuron with 
multiplexed interconnects. 

Controller 
Output Data Bus 

Input Data Bus 

Figure 3.4. Block diagram of a digital electronic system implementing a 
neural network using multiplexed data busses. 
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Electronic Neural Network Processors 

The first analog VLSI associative-memory neural network proces

sor was constructed at the California Institute of Technology in 1985.21 It 

was composed of 22 amplifiers (neurons) and 462 interconnections 

(synapses). Since then, several electronic neural network processors have 

been developed or are being developed for commercial applications by vari

ous institutions and companies including Micro Devices,22 Bellcore,23 

California Institute of Technology,24 Intel,25,26 Adaptive Solutions,27 and 

Nestor.28 Table 3.1 is a listing of some of these devices. Many of the 

processors are modular and allow larger networks to be constructed using 

additional processors and memory. 

T bl 31 S a e . . I f ample 0 tit I tw k some curren e ec romc neura ne or processors 
Chip Manufacturer Neurons Synapses 
Name 

MD1220 Micro 8 120 
Devices 
Bellcore 32 4961) 

Cal. Tech. 256 65,536 
ETANN Intel 64 10,240 

(unipolar 
& bias) 

N64 Intel 64 4096 

CNAPS Adaptive 64 2,097,152 
Solutions 262,144 

131,072 
Lincoln Lab.s N/A 4096 

Hitachi 576 -50,000 
Mitsubishi 336 28,000 

N1000 Nestor N/A 250,000 
AT&T N/A -50,000 

aThis device has a variable precision. 
bBidirectional synapses 
N/A - Not available 

Processing Mode Synaptic Status as of 
Rate Weight 1991 

(connects) Precision 
second 

10't Digital 16 bit on the 
market 

101! Analog 5 hit developed 
>5x10o Analog N/A developed 
2x1011 Analog -6 hit developed 

typical 

5x1011 Analog 4 hit under 
developmen 

12.8x1011 Digital 1 bit8 under 
1.6x10l' 8 hit development 
0.8x101! 16 bit 

1011 N/A N/A N/A 
-8x1011 Digital N/A N/A 

>101U Analog N/A N/A 
1.5x1OJ.J. N/A N/A research 
3x10J..l Digital 1 hit research 
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The major disadvantage of an all-electronic neural network imple

mentation is the massive number of interconnections that are required for 

a large-sized neural network. In a feedback system, each neuron requires 

a connection to all the other neurons in the system. Thus, there must be 

N2 connections for a network with N neurons. For problems requiring a 

sizeable number of neurons (greater than a thousand), there must be 

more than a million connections in a globally interconnected network. In 

an electronic system, millions of wire connections are impractical, so 

neuron signals must be routed through the network on a multiplexed data 

bus. Due to a limited signal bandwidth and power dissipation concerns, a 

data transfer bottleneck occurs.29,30 This results in a size versus speed 

trade-off in electronic neural networks, and most of the processors shown 

in Table 3.1 implement only a few hundred neurons. 

Optical Implementations of Neural Networks 

Although neural networks can be implemented entirely with elec

tronic hardware, optics has a clear advantage in the task of interconnect

ing neurons. In optical implementations, photonic synaptic connections 

(light beams) replace the electronic wires and connections are made in 

three-dimensional space instead of the two dimensional planar geometry 

of the electronic chips. Unlike electronic signals, light beams do not 

interact with one another, permitting many connections to be made in the 

same space. 

The entire neural network can be implemented using optical 

components. Such a Dleural network would consist of nonlinear optical 

devices to perform the activation function operation and optical intercon-
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nects to act as synaptic connections. All-optical associative memories 

have been demonstrated using resonator structures,31- 33 but these 

systems do not provide a general approach for implementing neural 

networks. Other all-optical systems can be constructed using optical 

bistable devices to implement the neuron operation.34 A bistable optical 

device is constructed by placing a nonlinear material in a Fabry-Perot 

etalon.36,36 The intensity transmission characteristic of this device is 

nonlinear and shown in Figure 3.5. However, optical materials perform

ing fast nonlinear processing currently require high optical powers, 

making them impractical for current implementations. 

Output Light 
Intensity 

Input Light Intensity 

Figure 3.5. Nonlinear response of an optical bistable Fabry-Perot etalon. 

Since photons do not directly interact with one another, it is difficult 

to implement the nonlinear processing operation of the neuron at reason

able power levels using optical devices. While the interconnection process 

is better suited for optics, the nonlinear process of the neuron is better 

suited for electronics. Therefore, an implementation mixing both elec

tronic processors and optical interconnects seems to be a good approach 

for constructing a neural network. Thus many systems combine optical 

synaptic interconnects with opto-electronic neurons. There are a variety 

of methods available for implementing optical interconnects including 

imaging systems and diffraction based systems. 
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Vector-Matrix Multiplier Approach 

When neurons are arranged as a one-dimensional array, the 

synaptic connection operation is described mathematically as a vector

matrix multiplication as demonstrated by Equation 2.1. Therefore, one 

obvious implementation is to use the standard optical vector-matrix 

multiplier followed by a set of nonlinear devices that implement the 

neuron's activation function. Such systems have been built and demon

strated.37 Figure 3.6 illustrates a system' configured in a feedback archi

tecture. The components of the input pattern vector are introduced to the 

system by a light emitting diode (LED) array. The emitted power, CPj' of the 

jth LED encodes the neuron signal OJ. The first cylindrical lens images 

each LED onto a column of the spatial light modulator (SLM). With synap

tic connections, wij' encoded in the SLM as gray levels or transmissivity, 

tij' the light transmitted though a pixel is the product of the LED intensity 

illuminating it and the pixel transmissivity. The second cylindrical lens 

images rows of the SLM onto detector cells so that the total power arriving 

at the ith detector cell is given by 

N 
cpi(net stimulus) = (X, L~cpj' 

j=l 
(3.3) 

where (X, is a proportionality constant. To encode bipolar synaptic weights, 

it is necessary to allocate two pixels of the SLM for each synaptic weight 

(one for positive weights and the other for negative weights) and two detec

tors of the detector array for each neuron (one for excitatory inputs and the 

other for inhibitory inputs). 
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Figure 3.6. This prototype illustrates how the optical vector-matrix multi
plier can be used to implement a globally interconnected neural network. 

The operational characteristics of this system are determined from 

the switching speed of the LED's and detectors and the size of the spatial 

light modulator. High speed LED's and detectors are capable of switching 

at rates well above 1 MHz. Most current SLM's have a limited number of 

pixels, however, which limits their applicability. The Defense Advanced 

Research Projects Agency (DARPA) has set specific goals for SLM devel

opment including dimensions of 1000 by 1000 pixels and a contrast ratio of 

1000:1.38 For a globally interconnected neural network implemented with 



46 

bipolar interconnections and bipolar state values, a system built with these 

specifications would be capable of handling 500 neurons with 2.5x105 bipo

lar interconnections, at a processing rate of at least 2.5x1011 interconnec

tions per second. An approximate precision of 10 bits for the synaptic 

weights can be expected. This is comparable to the fastest electronic 

device listed in Table 3.1. 

Lenslet Array Approach 

Another imaging-based neural network system can be constructed 

with a lenslet array.39 Like the previous system, the output of a neuron is 

used to drive a light source with signal value encoded as intensity. Figure 

3.7 illustrates a lenslet-based interconnection process. The source array is 

imaged onto the interconnection mask using the lenslet array (array of 

replicated lenses). This produces an array of replicated images of the 

source array that falls on the interconnection mask. The interconnection 

Lenslet 
Array 

Detector 
Plane 

Figure 3.7. This prototype illustrates how a lenslet array can be used to 
connect one plane to another. Each lens produces a miniature image of 
the source plane that is transmitted through the interconnection mask. 
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mask is composed of a set of smaller masks. Each smaller mask encodes 

the synaptic weights linking all the neuron outputs in the source plane to 

a single neuron input in the detector plane. The mask is made up of 

transparent pixels with the transmissivity of each pixel encoding a single 

synaptic weight value. The light exiting each mask is summed up by the 

detector placed directly behind the mask. This implements the 

interconnection process described in Equation 2.1. A similar system can 

be constructed by recoding the interconnection mask and placing it before 

the lenslet array. 

Volume Holographic Interconnects 

Volume holograms have been investigated for optically intercon

necting a two-dimensional (2-D) array of neuron outputs to a 2-D array of 

neuron inputs. Individual connections are stored as Bragg gratings 

within the volume hologram so that the diffraction produced by a single 

grating links an individual neuron output to an individual neuron input. 

A connection is made when a light beam illuminates the hologram at a 

unique angle for the stored grating and is diffracted to a specific angle that 

matches the Bragg condition as illustrated in Figure 3.B. The intensity of 

the diffracted light beam is proportional to the stored synaptic weight. 

However, because a variety of incident and diffraction angles match the 

Bragg condition for each grating stored in the hologram, the volume 

hologram is restricted to N3 degrees of freedom (interconnections) and 

unique interconnections can be achieved only when the inputs and outputs 

are sparsely distributed on fractal grids. This permits the volume 

hologram to connect N inputs to N2 outputs, N2 inputs to N outputs, or N3/2 
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inputs to N3/2 outputs.40 The multiplicity of angles matching the Bragg 

condition for an individual grating is known as Bragg degeneracy. 

Wavelength multiplexing has been proposed as a method to allow full 

interconnection between a 2-D array of inputs and outputs via a -volume 

hologram,41 and Sparta Incorporated of Boston has set a goal of demon

strating a neural network with 1012 interconnects based on multiplexing 

up to a thousand wavelengths in a single volume holographic system.42 

Another way of circumventing the Bragg degeneracy is to include both a 

spatial and an angular distribution of gratings in the volume hologram. 

With this approach, volume holograms have the potential of implement

ing networks with 105 neurons and 1010 interconnections.43 

output of the 
jib neuron 

Bragg planes for one connection 

input to the 
i.thneuron 

Figure 3.B. Illustration of a single connection produced by a volume holo
gram. 

Volume holograms can be recorded in photographic material such 

as dichromated gelatin or recorded in photorefractive crystals. The 

photorefractive effect is a material property by which the refractive index 

of the material is changed by the incident light. A grating stored in a 

photorefractive crystal can be erased and another grating can be written 

into the crystal. This allows the synaptic weights to be dynamically 
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updated so that learning in the optical system is feasible.44 Although 

much research has been done on the photorefractive effect, many' of the 

associated material effects are still poorly understood and experimental 

reproducibility is still difficult.46 

Planar Holographic Interconnects 

An alternative approach to interconnecting a 2-D array of neurons 

involves the use of multifaceted planar holograms46 to perform the inter

connection procesB.47. 49 An individual neuron within the 2-D array 

emits a light beam that illuminates a single subhologram. The diffraction 

pattern produced by that subhologram provides the interconnections from 

that neuron to other neurons in the network. An array of subholograms, 

one sub hologram for each neuron, encodes all the interconnections in the 

network. In Figure 3.9, the outputs and inputs of the neurons are shown 

in separate planes. This could represent, for example, two layers of a 

feedforward network. For a feedback system, the inputs and outputs 

would be combined into a single integrated device and the outputs directed 

to the inputs with the appropriate optics. 

Unlike many of the systems discussed earlier, this system is best 

suited for fixed synaptic weights. Although, a planar holographic system 

with dynamically updateable interconnects could be constructed using an 

SLM as the interconnection hologram, the limited number of pixels on the 

SLM makes this impractical for anything other than very small neural 
i 

networks. Therefore, learning or specification of the synaptic weights 

must be done prior to building the network. 



50 

Although volume holographic implementations have the potential 

of storing many more interconnections than planar holographic imple-

. mentations, high quality volume holograms are hard to fabricate and 

experimental reproducibility is difficult. Since planar holographic 

systems are much better understood, the remainder of this dissertation 

focuses on fixed planar holographic interconnects and their use in opto

electronic implementations of neural network systems. 

Fourier 
Transform 

Lens 

Figure 3.9. This prototype illustrates how planar holographic optical inter
connects can be used to connect one plane to another. Each neuron output 
in the source plane illuminates a single subhologram which forms 
weighted connections to the other neuron inputs in the detector plane. 
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CHAPTER 4 

ARCHITECTURE OF AN OPTO·ELECTRONIC NEURAL NE'lWORK 

As discussed in Chapter 2, all neural network systems consist of 

neurons (simple nonlinear processing elements) and synapses (weighted 

interconnections) linking these neurons together. In this chapter, the 

basic architecture of a neural network consisting of flXed planar-holo

graphic optical interconnects and opto-electronic neurons is discussed. 

The general system architecture considered is shown in Figure 3.9. It 

consists of a 2-D array of opto-electronic neurons and a 2-D array of inter

connection subholograms. As noted in the previous chapter, learning or 

specification of the synaptic weights is assumed to have been done prior to 

building the network. 

Opto-Electronic Neurons 

The opto-electronic neuron consists of an input detector port that 

performs an intensity summation of the synaptic-weighted light beams, 

an electronic implementation of the neuron's activation function, and an 

output port that encodes the neuron's output state on a light beam. In 

general, neural networks contain both excitatory and inhibitory intercon

nections and require the use of bipolar synaptic weights. Additionally, the 

output state of a neuron can be either unipolar or bipolar. Since intensity 

detection is used in this architecture, the polarity of the input and output 

signals of the neuron must be encoded through other means. 
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Signal Polarity 

All-positive networks, such as the modification to the Hopfield net

work mentioned in Chapter 2,13 are implemented with unipolar synaptic 

weights and unipolar output states. These networks require no polarity 

encoding and can be constructed with one input detector to every neuron, 

one output from every neuron, and one interconnection subhologram per 

neuron. 

More generalized networks have bipolar synaptic weights. With 

synaptic weights mapped as light intensity, the polarity of the interconnec

tion in this architecture is encoded spatially. A differential pair of detec

tors is used at the input to the neuron: one to sum the inhibitory signals 

and the other to sum the excitatory signals. This is illustrated in Figure 

4.1. To encode bipolar synaptic weights as unipolar interconnections, the 

weights are rewritten in unipolar components as 

wij =W~+) - w~-) where w~+) = { I::~:::O 

{ 
IWijl ifwij < 0 

and w~-) = 0 otherwise (4.1) 

A system implementing bipolar synaptic weights and unipolar state 

values is constructed using two inputs to every neuron, one output from 

every neuron, and one interconnection subhologram per neuron. For a 

neuron in this system, the net stimulus arriving at the positive input 

detector is given by 

N 
(+) ~ (+) 

NETi = £..i wij OJ, (excitatory stimulus) (4.2a) 

j=l 



63 

and the net stimulus arriving at the negative input detector is given by 

(inhibitory stimulus). 

Differential Pair of Detectors 

excitatory signl!Jls 
(light beams:'----

inhibitory SigIla!§~ ___ 
(light beams) 

(+) 
NETi (electrical) 

---~ 

(-) 
___ ~NETi (electrical) 

(4.2b) 

Figure 4.1. Detection port of a general opto-electronic neuron constructed 
with a pair of detectors: one to sum inhibitory signals and the other to 
sum excitatory signals. 

The most generalized neural network has both bipolar synaptic 

weights and bipolar neuron state values. To encode the polarity of the 

neuron state, the output signal is rewritten in unipolar components as 

(+) (-) (+) {I<>;;I if OJ ~ 0 
OJ = OJ - OJ w here OJ = 0 otherwise 

(_) {I<>;;I if OJ < 0 
and 0 -

j - 0 otherwise' (4.3) 

In the general system, the net stimulus arriving at a neuron from the 

outputs of other neurons in the system, Q(+) and Q(-), is given by 
N N 

NET(+) - ~ (+) (+) + ~ (-) (-) 
i - .£..J wfJ OJ .£..J wfJ OJ (excitatory stimulus) (4.4a) 

j=l j=l 

for the positive input detector and 
N N 

NET~-) = ~ w~:-) o~+) + ~ w~:) o~-) 
1 .£..J 1J J .£..J 1J J 

(inhibitory stimulus) (4.4b) 

j=l j=l 
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for the negative input detector. 

There are at least three ways of producing a bipolar output state for 

the neuron: spatial multiplexing, temporal multiplexing, and polarization 

multiplexing. Spatial multiplexing r.equires two output devices for each 

neuron: one encoding positive output states and the other encoding nega

tive output states. A general neural network system implemented with 

spatial multiplexing of the neuron signals requires two inputs to every 

neuron, two outputs from every neuron, and two interconnection subholo

grams per neuron (one for each output). 

The output state can be temporally multiplexed with positive output 

states, 2.(+), presented to the subholograms and input signals recorded 

during one phase, and negative output states, 2.(-), presented to the sub

holograms and input signals subtracted from the recorded values during 

a second phase. In a general system with temporal output-state multi

plexing, each neuron requires two inputs, one output, a storage cell, and 

one interconnection subhologram. This doubles the number of neurons 

that can be placed in the output plane for the same size interconnection 

hologram but cuts the operational speed of the network in half. Also, 

since storage is required, fabrication of temporally multiplexed opto

electronic neurons will be more complicated than fabrication of spatially 

multiplexed opto-electronic neurons. 

Another alternative to spatial multiplexing is polarization multi

plexing where the neuron output signals are encoded using orthogonal 

polarization states. A neuron in this scheme requires two inputs, one 

interconnection subhologram, and a single output device that can control 
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polarization. Figure 4.2 illustrates the detection process for a polarization 

multiplexed system using bipolar synaptic weights. Two connections are 

requh'ed for each unipolar synaptic weight component. This doubles the 

required detection area. Although the number of subholograms is cut in 

half over the spatially multiplexed system, each subhologram must 

encode twice as much information. Therefore, polarization multiplexing 

offers no advantage over spatial multiplexing in terms of network size. 

(+) 

w. .. 
JJ 

(-) 

(+) 
Wo· JJ 

Differential Pair of Detectors 
Covered Polarizers 

NET~+) 
___ ~ 1 

NET~-) 
___ ~ 1 

Diffraction Pattern Falling polarizer polarizer .. .. vertical t horizontal 

on a Single Neuron (+) (_) 

OJ OJ 
Figure 4.2. Detection port of a polarization multiplexed opto-electronic 
neuron. 

DetectorlModulator Opto-Electronic Neurons 

The output electrical signal of the neuron can be used to modulate a 

light beam. Several opto-electronic neurons have been constructed using 

detectors and ferro-electric liquid-crystal spatial light modulators 

(SLM's).50,51 Figure 4.3 illustrates a detector/modulator neuron con

structed at the University of Colorado. A pair of detectors produces a dif

ferential current that is converted to a drive voltage and used to control an 

individual light modulator. The light modulator controls the intensity or 
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polarization of a light beam transmitted through or reflected off the device. 

The modulator implements the nonlinear operation (activation function) 

of the neuron. Figure 4.4 illustrates the nonlinear response of a liquid 

crystal light modulator. This response is similar to that of the sigmoid 

function (Equation 2.4). The liquid crystal modulator can implement 

polarization multiplexing of the bipolar neuron output state or a second 

modulator can be added to encode state polarity when spatial multiplexing 

is used. Modulator based neurons require an external light source, typi

cally a laser. The operational speed of this neuron configuration is limited 

by the speed of the modulator. 

Photodetectors 
(input snmming ports) 

LightBea 
NET(+) --;~;I~ R 

LightBea 
NET(-) --£:~ R 

+V 

'----tlt---o _ V 

Modulator Cell 
(output port) 

I *-~~fj .ad Be; 
.-- T Output Light Beam 

Vb' las 

Figure 4.3. Detector/modulator opto-electronic neuron based on Reference 
51. 

There are other modulators that can be used to construct the detec-

tor/modulator neuron. Several absorption modulator based opto-electronic 

neurons have been proposed or developed.62,63 Other devices such as the 

self electro-optic effect device (SEED) could be used as the neuron process

ing element.64 
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7.5 Vrms @ 10 kHz 

1 2 345 
Input Irradiance (mW/cm 2) 

Figm'e 4.4. Nonlinear response of a Hughes Liquid Crystal Light Valve 
measured experimentally. 

DetectorlEmitter Opto-Electronic Neurons 

Another method of constructing an opto-electronic neuron is to 

mate a detector with a light emitter as shown in Figure 4.5. A differential 

pair of detectors is operated as an input summing port to the neuron; 

signals with positive (excitatory) weights arrive at one detector, and 

signals with negative (inhibitory) weights arrive at the other detector. 

These detectors sum up the power of each optical signal arriving at the 

neuron and convert. the total incident power into an electrical signal. 

Electronics are used to amplify the input signal to produce a current 

capable of driving the emitter. Electronics can also be used to implement 

the neuron's activation function. Two output emitters are used when bipo

lar neuron state values are required. The light emitter could be either an 

LED or a laser diode. If a laser diode is used, the nonlinear response of 

the laser diode can also be used to implement the neuron's activation func

tion. Figure 4.6 graphs the output optical power of a laser diode as a func-
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tion of the drive current. The maximum output power of the laser diode 

shown in the graph is fixed by an external current limiter which prevents 

damage to the laser diode when excessive current is applied. 

LightBea 

NET(+) 

Photo detectors 
(input summing ports) 

--~ 
Photoemitters 
(output port) 

Light Beam 

NET(-) --~. Nonlinear Difference 
Amplifier 

(activation function) 

V
bias 

0(+) 

111:1111111111111111]_ 

Output Light 
Beams 

(-) 

o • 

Figure 4.5. Detector/emitter opto-electronic neuron. ·Two detectors are 
used at the input and two emitters are used at the output to encode signal 
polarity. 

lasing region 

i threshold Drive Current 
Figure 4.6. Drive characteristics of a laser diode. 

With flip-chip technology (a device construction technology used to 

electrically and mechanically bond various semiconductor substrates 

together into a single device), an array of LED's or surface-emitting laser 

diodes can be connected to an array of detectors so that the detector and 

emitter are on opposite sides of the neuron plane. This idea, developed for 

infrared focal plane arrays,66 has several advantages including the ability 

of using both the best detector material and the best emitter material, and 
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the ability of having the detector and emitter on opposite sides of the 

neuron plane. For instance, while silicon is a common detector material, 

it is an indirect band-gap semiconductor and currently cannot be used to 

make laser diodes. Gallium arsenide, a direct band-gap semiconductor, 

is the common material for making laser diodes but is not as good as sili

con for detecting near infrared light. A device combining silicon detectors 

and gallium arsenide emitters can be constructed with flip-chip technol

ogy, and flip-chip mounting of individual laser diodes on a common sub

strate has been recently demonstrated. 56 The disadvantages of flip-chip 

technology include the large number of electrical connections and the 

potential mismatch in the thermal expansion coefficients of the different 

layers. 

Vertical-cavity surface-emitting laser (VeSEL) diodes have been 

constructed by various groups, and operation of individual diodes has been 

demonstrated.57,58 These devices hold the promise of low threshold 

currents, high switching speeds, and high packing densities. Also, single 

mode operation, circular beam symmetry, and 2-D array capability give 

the VeSEL diode array an advantage over the more conventional edge

emitting laser diode arrays. 59 Figure 4.7 illustrates a neuron plane based 

on a VeSEL diode array bonded to a detector array. Each emitter consists 

of a quantum well gain region enclosed by quarter-wave stack mirrors. 

Electrical current is supplied to the lasers through metallic contacts from 

the detector array. A microlens array is etched into both the detector 

surface and emitter surface. The lens on the detector surface focuses 

down the incident light so that a smaller detection area is needed.6o This 
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improves the signal-to-noise ratio of the detected signals. The lens on the 

emitter is used to collimate the emitted light beam.61 

Detector 
Plane 

Laser Diode 
Plane 

Laser Diode 
Plane 

Output Light 
Beams 

Figure 4.7. Two views of a hybridized neuron plane consisting of a detec
tor substrate bonded to an emitter substrate. 

Other detector/emitter neurons have been constructed using mono

lithic integration. A VeSEL diode constructed with a heterojunction 

phototransistor on the opposite surface produces a high gain, nonlinear 

opto-electronic amplifier. 62 Another opto-electronic neuron that inte

grates a detector, amplifier, and light source on the same side of a single 

gallium arsenide substrate has also been demonstrated.63 

Planar Interconnection Hologram 

The full interconnection hologram shown in Figure 3.9 is made up 

of an array of subholograms. As mentioned earlier, each subhologram 

connects a neuron emitter or modulator to an array of neuron detectors. 
, 
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In Chapter 2, the input and output signals of the neurons were 

described using vectors, and the synaptic weights were described by a two

dimensional array. In the architecture of Figure 3.9, there is a two

dimensional array of inputs and outputs. The inputs and outputs can be 

described as two-dimensional quantities with the synaptic weights 

described by a tensor of rank four. In this notation, the indices on the 

inputs and outputs indicate position in the 2-D array. The output of the 

kith neuron, denoted by 0kh is located in the kth row and lth column of the 

output plane array. The synaptic weight linking this neuron output to the 

ijth neuron input is denoted by wijkl. The synaptic weight tensor can be 

broken up into a set of arrays (tensors of rank 2) with each array encoding 

the synaptic weights for an individual neuron's output connections. Each 

array is implemented by an individual subhologram. For instance, all of 

the connections made from the output of the klili. neuron to the detector 

array are stored in the klili. sub hologram. 

Each subhologram is designed as a Fourier transform hologram so 

that the connection pattern is independent of subhologram position; a 

linear shift in subhologram position produces a phase shift in the Fourier 

domain, but does not affect the intensity pattern at the detector plane. 

This property is illustrated in Figure 4.8. The Fraunhofer diffraction 

pattern produced by the kith subhologram, Hkl(;,l1), is described by 

(4.5) 
-00 -00 

where F is the focal length of the Fourier transform lens and A is the 

wavelength of illumination.64 This integral is recognized as the Fourier 
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Figure 4.8. Illustration of the interconnection process of mapping a 
single spatial frequency (diffraction angle) in all subholograms to a 
common point. 

transform relationship with spatial frequencies ~ = :; and 11 = i;. Thus, a 

subhologram encodes the Fourier transform of the . synaptic weights. 

Figure 4.9 illustrates an example diffraction pattern produced by an 

individual subhologram. The diffraction pattern consists of a set of spots 

that represent the connections from a single neuron output to a set of 

neuron inputs. The power of each beam (spot) arriving at the detector 

plane represents the strength of the synaptic weight between the 

individual neuron output and neuron input. A dark spot indicates a small 

synaptic weight, while a bright spot indicates a large weight. As 

demonstrated by Figure 4.1, polarity in the synaptic weights is encoded as 

a spatial shift in the diffracted connection. 

All neurons can illuminate their sub holograms at any given time so 

there will be a summation of intensities at each detector. With no coher-

ence between subhologram illuminators, such as in the case of detec

tor/emitter neurons, the intensity of the diffraction pattern is merely a 



synaptic weights for a 
neuron 

3 0 5 2 single subhologran 

-4 5 -3 o ~------~~~~\I~------~ 

1 2 -5 2 

encode diffract 
weights in 
hologram I\t(;,ll) 

w ijk1 I h}d(x'y)1
2 

Figure 4.9. Example of synaptic weights encoded in a single subhologram 
and reconstructed by Fraunhofer diffraction. 

summation of the intensities of the diffraction patterns of the individual 

subholograms. The total power falling on the ijth detector cell is given by 
N 

tPij(net stimulus) = aL $}d J J 1 h}d(x,y) 12 dxdy, (4.6) 
k,l cellij 

where a is a proportionality constant that includes the radiometric proper

ties of the system and the diffraction efficiency of the hologram. Cellij is 

the physical limits of the detector cell, and c1Jkl is the power of the light 

beam illuminating the kllli subhologram, which encodes the neuron 

output state OW. The illuminating beam is assumed to be uniform across 

the subhologram. 

When there is coherence between individual subhologram illumina

tors, such as in the case of detector/modulator neurons illuminated by a 

single laser source, the intensity of the total diffraction pattern is equal to 

the magnitude squared of the summation of the individual amplitude 

diffraction patterns. The total power falling on the ijth detector cell in this 

case is given by 



tPij(net stimulus) = a. J J 
cell ij 

N I L A}dh}d(x,y)12 dxdy, 
k,l 
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(4.7) 

where Ald is the complex amplitude of the light beam illuminating the kIth 

sub hologram. This coherent addition produces high frequency interfer

ence fringes in the intensity diffraction pattern. By adequately separating 

individual spots in the diffraction pattern and by confining the diffracted 

spots to the centers of the detector cells, the total power falling on an indi

vidual detector can be made to be very nearly equal to the sum of the 

powers diffracted by the individual subholograms. Therefore, incoherent 

addition (i.e. intensity summation) of the light coming from different 

neurons can be assumed for this architecture, whether or not there is 

coherence in the source array. In Chapter 8, this assumption proves to be 

valid for a test system constructed with coherence between subhologram 

illuminators. The holograms considered in this dissertation are comput

er generated and designed to be either a binary transmission mask or a 

multilevel phase mask. The hologram mask has a finite number of 

resolvable elements [i.e. finite space-bandwidth product (SBWP)] which 

limits the amount of information that can be encoded in a subhologram 

and the number of subholograms that can placed on the mask. Since each 

subhologram connects a single neuron output to an array of neuron 

inputs, it must be able to encode a number of interconnections equal to the 

number of neurons in the array, and therefore, the SBWP required must 

be at least equal to the number of neuron inputs. Additional SBWP may be 

necessary to provide sufficient accuracy in the interconnection weights, to 

encode a carrier, to provide light confinement in each detector cell, to 
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encode the neuron and synaptic weight polarities, and to separate individ

ual subholograms so as to reduce crosstalk. 

The hologram mask is constrained by fabrication considerations to 

be either a binary amplitude transmission mask or a phase transmission 

mask with a limited number of quantization levels. The task of the holo

gram design process is to produce a hologram that satisfies the fabrication 

constraints, accurately encodes the interconnection weights, and has a 

high diffraction efficiency, while at the same time utilizes the least SBWP 

so that large networks can be constructed. 
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In the previous chapter, the architecture of a neural network 

system employing a multifaceted planar hologram was discussed. This 

chapter discusses a variety of techniques available for computer genera

tion of the individual subholograms and methods available for fabricating 

the hologram mask. 

Generation of Planar Holograms 

There are certain constraints placed on the sub hologram and its 

diffraction pattern. As mentioned in the previous chapters, the synaptic 

weights of individual neurons are encoded in the diffracted light intensity 

of the subholograms. Therefore, the most important constraint on the 

design process is that the diffraction pattern in a specific region of the 

diffraction plane accurately maps irradiance to synaptic weight value. 

The irradiance mapping of the synaptic weights is referred to as the 

connection pattern. Also, for alignment and intensity summation consid

erations, the diffracted light in the connection pattern should be confined 

to the centers of the detector cells. The hologram is further constrained to 

be a computer-generated Fourier-transform hologram fabricated as either 

a binary step transmission mask or a multilevel step phase mask. It is 

also desirable to generate holograms with high diffraction efficiencies. 

Other constraints on the design process include limited computation time 

for hologram generation and limited SBWP for the hologram mask. 



Figure 5.1 illustrates the diffraction geometries of several 

holograms. A section of the diffraction plane, denoted by ROI for region of 

interest, contains the irradiance mapping of the synaptic weights or 

connection pattern. The limits on the placement of the connection pattern 

are set by the vertical and horizontal Nyquist frequencies of the hologram. 

The Nyquist frequencies of the hologram are set by the sampling intervals 

of the hologram which are equal to the pixel dimensions ~x and ~Y. For 

the optical Fourier transform system of Figure 4.8, the boundaries set by 

the Nyquist frequencies are given by 

and (5.1) 

Beyond these limits, no unique information can be reconstructed from the 

hologram. 

For binary holograms, the transmission function, Hk1(;,l1), is real-

valued. Since the hologram is real valued, its Fourier transform will be 

Hermitian, and the intensity of the diffraction pattern will be symmetric 

about the optic axis. Since the connection pattern will not generally be 

symmetric, it is necessary to shift it away from the optic axis. This is done 

by either directly or indirectly incorporating a carrier frequency in the 

hologram during the design process. Holograms that produce connection 

patterns shifted away from the optic axis are referred to as off-axis holo

grams. As illustrated in Figure 5.1, there is a conjugate to the connection 

pattern due to the Hermitian nature of the diffraction pattern. For binary 

amplitude holograms, a bias term is included in the hologram encoding 

process to compensate for negative values. This results in a large central 
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• The connection pattern fills a fourth of the 
region bounded by the Nyquist frequency 
of the hologram. 

Connection Pattern 

E =4 E =4 x y 
• The connection pattern fills a sixteenth 

of the region bounded by the Nyquist 
frequency of the hologram. 

Figure 5.1. Diffraction geometries for the off-axis hologram and on-axis 
holograms. 
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diffraction order. To avoid the low frequency impulse response of the 

hologram's outer boundary, and also to avoid scatter from the central 

diffraction order, the connection pattern must also be adequately shifted 

away from both the vertical and horizontal axes. This requires a carrier

frequency expansion (Cfx and Cfy) of the subhologram's SBWP of at least 3 

by 3 to incorporate this offset. Typically, a carrier-frequency expansion of 4 

by 4 is used to insure separation of the connection pattern from the low

frequency response and the quantization noise in the diffraction pattern. 

To produce a connection pattern in the center of the diffraction 

plane or on-axis, a multilevel phase hologram is required. A multilevel 

phase hologram produces a diffraction pattern without a symmetry 

constraint. While a connection pattern that fills the entire area bounded 

by the Nyquist frequency limits can be produced, the reconstructed synap

tic weights will have a high degree of inaccuracy since all the quantization 

noise will be present in the connection pattern. Usually, only a portion of 

the diffraction plane is allocated to the connection pattern. This leaves the 

remainder free for the distribution of quantization noise. There are three 

on-axis geometries shown in Figm'e 5.1. The factors Ex and Ey denote the 

amount of expansion in the subhologram's SBWP used to increase the 

accuracy of the reconstructed synaptic weights by allocation of the diffrac

tion plane. An expansion of 4 by 4 produces an on-axis hologram with the 

same SBWP as the typical off-axis hologram. 

The diffraction pattern produced by a hologram suffers from speckle 

noise. By confining the diffracted light produced by the holograms to the 

centers of the neuron detectors, speckle noise in the diffraction plane is 
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reduced.65 Also, alignment of the detector array is made easier, and light 

confinement insures intensity summation across each detector cell. Light 

confinement is accomplished either by zero padding the synaptic weights 

before subhologram generation or by replicating the original subholo

grams. Zero padding and subhologram replication are illustrated in 

Figure 5.2. A single subhologram, H(;,l1), replicated Rx times in the hori

zontal dimension and Ry in the vertical dimension can be described by 

; 11 ; 11 
= [H(;,l1)**Comb(Sl;'S,/] rect(RxSl;'RyS11)' (5.2) 

where the width and height of the sub hologram are Sl; and S11. Likewise, 

the image reconstructed (by the Fourier transform) from this hologram is 

described by 

(5.3) 

This produces a confinement of most of the diffracted light to the centers of 

the neuron detectors. As Rx and Ry are increased, this confinement func-

tion approaches the comb function. A one-dimensional, intensity version 

of the confinement process is plotted in Figure 5.3 for a variety of replica

tions. 

In general, samples of a Fourier transform are both complex and 

bipolar, however, the samples encoded in the generated holograms are 
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Figure 5.2. (a) Illustration of the basic principal behind synaptic weight 
zero padding before sub hologram generation, and (b) illustration of the 
process of sub hologram replication. 
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finement of light intensity across the face of an individual detector. 



73 

constrained by the fabrication technology. This presents a problem; how 

does one encode the magnitude and phase of a Fourier transform with 

only a few quantization levels? In the next 4 sections, various approaches 

to computer generation of holograms are described. 

Cell-Based Techniques 

There are a number of design strategies that have been developed to 

produce binary transmission holograms. In the cell-based techniques like 

the Lee66 technique and the Lohmann67 technique, one starts with the 

desired amplitude pattern, determines the complex-valued wavefront that 

would produce this pattern, in this case through a Fourier relationship, 

and then encodes samples of the wavefront in the binary transmission 

hologram. Since power is detected by the opto-electronic neurons, the 

amplitude pattern at the detector plane represents the square root of the 

synaptic weights. To reduce the dynamic range required in the wavefront, 

random phase can be added to the amplitude pattern. Rectangular pixels 

in the hologram produce a sinc function amplitude roll-off in the diffrac

tion plane, but the synaptic weights can be compensated to correct for this 

error. The object function encoding the desired amplitude pattern is a 

discrete mapping of the synaptic weights, but it can be written as a 

continuous function. The object function encoding the synaptic weights 

for the output of the kIll! neuron is written as 

"W"kl ei9(xi ,yj) 

gkl(X:i,Yj) = . !l( A 'V. A )' (5.4) 
slnc ~'--yYj 

where the indices i and j map onto the spatial dimensions x and Y through 

the discrete samples Xj'Yj' 9 is a randomly generated phase with a proba-
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bility distribution given by the uniform law over the range of -7t to +7t and is 

produced for each sample in the object, and Ax and Ay are the dimensions 

of a hologram cell. 

Most of the steps involved in generating cell based holograms are 

common to all cell based techniques and are outlined in Figure 5.4. The 

object function, gkl(x,y), is inverse Fourier transformed. This transformed 

function, ~(l;,ll), is sampled, and the samples are then area encoded as 

transparent apertures in a binary transmission hologram, Hkl(~,ll). In 

the Leel technique, the wavefront is sampled and projected onto four 

quadrature phase basis vectors; each sample is made up of four compo

nents: a positive real component, a positive imaginary component, a nega

tive real component, and a negative imaginary component. At most two 

will be non-negative. The relative value of each sample is encoded in the 

size of a transparent aperture. This sampling has the effect of encoding a 

carrier frequency in the hologram and produces a horizontal shift of the 

reconstructed connection pattern away from the center of the diffraction 

plane. To avoid the impulse response of the hologram's outer boundaries, 

the connection pattern must be also shifted vertically from the horizontal 

axis. This is done by zero padding around the entire connection pattern 

and swapping the top and bottom halves as shown in Figure 5.4. This 

process increases the size of the sub hologram making it larger than other 

techniques that directly encode a carrier frequency. The Lee2 technique 

differs from the Leel technique in the sampling arrangement. The Lee2 

technique samples the wavefront four times to produce a single hologram 

cell. The components of the cell are composed of the positive real part of 
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(a) Take the square root of the synaptic weights 
(b) Multiply each weight by a random phase 
(c) Place the weights in an array 

(a) Zero pad around the synaptic weights 
(b) Swap the upper and lower halves of the 

array 
(c) Divide the array by a sinc function to 

compensate for the diffraction effects of the 
hologram cells. 

(a) Take the inverse Fourier transform of the 
array (via FFT) 

(b) Compensate the array for the profile of the 
light beam 

(c) Perform a cell based encoding of the 
Fourier transform to produce a binary 
mask (Leel, Lee2, or Lohmann) 

The reconstructed connection weights are 
located away from the light of the zero order 
diffraction and the more prominent 
quantization noise. 

Figure 5.4. Outline of the steps involved in the generation of cell-based 
holograms including the Lee and Lohmann techniques. 
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the first sample, the positive imaginary part of the second sample, the 

negative real part the third sample and the negative imaginary part of the 

fourth sample. Wavefront samples of the Lohmann technique are encoded 

as single transparent apertures with area proportional to sample magni

tude and position related to sample phase. 

Point-Based Techniques 

Point-based techniques binarize individual samples of the wave

front. As with the cell-based methods, these techniques begin with the 

desired amplitude connection pattern. Wavefront samples are forced to be 

real valued and positive by modulation with a carrier frequency and by 

addition of a bias. To generate a hologram, the samples are quantized and 

encoded in a transmission mask. 

Error Diffusion 

Error diffusion is a specific point binarization process based on the 

Floyd and Steinberg algorithm.68 This algorithm was developed for use in 

the field of graphic arts to binarize photographs with a constraint that the 

integrated brightness over the photograph remain constant. The error

diffusion process binarizes individual samples and redistributes the bina

rization error to adjacent samples. 

The error-diffusion process applied to the generation of binary holo

grams is outlined in Figure 5.5. Many of the steps involved in generating 

this hologram are common to the previously described cell-based holo

grams. The amplitude pattern at the detector plane represents the square 

root of the synaptic weights. Random phase is added to reduce the 

dynamic range of the wavefront being encoded by the hologram. The 
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(a) Take the square root of the synaptic weights 
(b) Multiply each weight by a random phase 
(c) Place the weights in an array 

Step #2: GellhS1"ate the ][deailllOOirmml(})llh lP'mttem 

hId 

(a) Place the synaptic weights in the lower left 
portion of a larger array. 

(b) Produce the hermitian conjugate of the 
weights 

(c) Divide the array by a sinc function to 
compensate for the diffraction effects of the 
hologram pixels 

array (via FFT) 
(b) Compensate the array for the profile of the 

illuminating light beam 
(c) Bias the Fourier transform so that all 

Fourier domain samples will be positive 
(d) Perform error diffusion on the array to 

produce a binary mask 

The reconstructed synaptic weights are 
located away from the light of the zero order 
diffraction and the high spatial frequency 
light from the binarization errors (i.e. noise 
cloud). 

Figure 5.5. Outline of the steps involved in the generation of binary holo
grams using the error-diffusion technique. 
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synaptic weights can also be compensated for the sinc function impulse 

response of the hologram pixels. The object function encoding the 

synaptic weights for the output of the kIth neuron is written as 

~ I i9(Xi y'J') ~ I i9(xi y'J') 
V Wijkl e ' v Wijkl e- , 

gkl(:Xi,Yj) = . ( ) ... S(x-Xo, Y-Yo) + . ( ) *8(x+xo, Y+Yo), (5.5) 
SIne L\xXi'~Yj SIne ~Xj'~Yj 

where the indices i and j map onto the dimensions x and y through the 

discrete samples Xj and Yj' The offsets from the optic axis of ± Xo and ±Yo 

are used to keep the reconstructed connection pattern away from the 

central diffraction order which has significant energy along the x and Y 

axes due to diffraction of the hologram's outer edges. The Hermitian 

conjugate in Equation 5.5 has the effect of adding a carrier in the Fourier 

domain. 

The object function, gkl(X,y), is inverse Fourier transformed and 

biased, such that the function, Gtu(;,l1) + bias, is real-valued and positive. 

The error-diffusion process is applied to produce a binary transmission 

hologram, Hk1(;,11). In this process, a pixel is thresholded to one of two 

levels. The difference between the original value and the thresholded 

value is the binarization error. This error is weighted by four diffusion 

values (A, B, 0, and D) and combined with the sample values of the four 

unthresholded, adjacent pixels as shown in Figure 5.6. The sum of these 

A 

• • Figure 5.6. Diffusion of binarization error to adjacent hologram pixels by 
the error-diffusion process. 
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four diffusion values is constrained to be one (i.e. A+B+O+D=l). This 

process is performed on all the pixels in the hologram and has the effect of 

transforming much of the binarization error into high-frequency noise 

that manifests itself in regions outside the connection pattern in the 

diffraction plane.69 A region of high-frequency noise in the diffraction 

plane is often called the noise cloud. To prevent overlap of the connection 

pattern and noise cloud, the direction of the diffusion process must be 

orthogonal to the direction of the connection pattern shift from the optic 

axis. For a connection pattern shifted to the lower left of the diffraction 

plane center, diffusion weight values of A=0.3, B=0.4, 0=0.3, and D=O.O 

seem to produce the best results in terms of reconstructed synaptic weight 

accuracy. Error diffusion produces a much superior reconstructed 

connection pattern over a simple hard clip thresholding. 

Iteratiye Techniques 

There are other approaches that iteratively reduce the error of the 

reconstructed synaptic weights. Given a set of constraints on the 

hologram and on the reconstructed image, these methods try to satisfy 

both sets of constraints. For the design of a binary amplitude hologram, 

the hologram must be binary valued and the irradiance falling in the 

connection pattern must be an accurate mapping of the synaptic weights. 

While these constraints might seem too rigid to be satisfied, there are 

many degrees of freedom in the problem. The placement of transparent 

apertures (pixels) in the hologram, the diffracted image outside the 

connection pattern, and the phase of the entire diffraction pattern are all 

unspecified and can be manipulated to satisfy the prescribed constraints. 



Gerchberg-Saxton Technique 

One iterative technique is the Gerchberg-Saxton method. 70 This 

method was originally conceived to solve a problem in electron microscopy 

but has been adapted to the task of computer generated holograms. This 

technique tries to satisfy the quantization constraints on the hologram 

while producing the desired synaptic weights in the diffraction plane.71,72 

The process begins with the object function, gkl(x,y), previously described 

by Equation 5.5. During a typical iteration, the diffraction pattern is 

inverse Fourier transformed to yield a complex hologram function, 

Gkl(~''')' A constrained hologram, Hkl(~''')' is produced using a quan

tization function. A new diffraction pattern, hkl(x,y), is calculated, and the 

synaptic weight values are imposed on the appropriate region of the 

diffraction plane (i.e. region of interest or ROI). Because only intensity 

detection is considered, the phase of the diffraction pattern is left 

unchanged. This constitutes a new diffraction pattern, gkl(X,y). The 

complete process is outlined in Figure 5.7. 

Ideally, the Gerchberg-Saxton process continues until all 

constraints are met, but some amount of reconstruction error often results 

either due to limited computation time or the fact that no exact solution 

exists. A variable quantization function can be used to improve the 

performance of the algorithm. During the initial iterations, no binariza

tion is performed. Gradually the range of values binarized is increased 

until all hologram values are binarized in the final iteration. 
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(c) Place the synaptic weights in an array 

Apply the ideal synaptic weights to the 
appropriate region of the diffraction 
pattern 

Step #3: Apply CollllStr_ts to the JBIologrUlll. 

hld(x,y) 

'ri:iiI~'-""ii~(a) Take the inverse Fourier transform of 
I§:~~ the array (via FFT) 
~~~~~r~"~lr~~~(b) Compensate for the light source profile 
hi (c) Bias the Fourier transform so that all 
~ ........ "" 1iIL'IIj~"'" Fourier domain samples will be positive 
~~~~rI~~(d) Apply quantization function to the 
~ samples to produce a binary mask 

(a) Take the forward Fourier transform of 
the hologram (via an FFT). 

(b) Extract the reconstructed synaptic 
weights from the diffraction pattern. 

Step #5: Loop Back to Step #2 
(a) If the desired synaptic weight accuracy has been reached or the 

maximum number of iterations has been reached, then output 
the final hologram. 

(b) Otherwise, loop back to step #2. 

Figure 5.7. Outline of the Gerchberg-Saxton hologram generation process. 
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Simulated-Annealing Technique 

Another iterative technique for holographic design is based on the 

simulated-annealing algorithm. 73 Simulated annealing is based on a 

model of the thermal annealing process involved in the cooling and crys

tallization of metals. With this process, the hologram is always binary, 

and the difference between the desired synaptic weights and actual synap

tic weights produced by the binary hologram is encoded in an energy func

tion. The algorithm tries to minimize this energy function by changing 

pixels from transparent to opaque or vice versa. If a change produces a 

lower reconstruction error (a downhill change; ~E < 0), then it is accepted. 

If a change produces a higher reconstruction error (uphill change; AE> 

0), then it is accepted with a probability based on the Maxwell-Boltzmann 

distribution which is described by 

p(AE) = e-~EIT. (5.6) 

T is a parameter used to set the probability of accepting an uphill change 

and acts like the temperature in an annealing process. This iterative 

process continues with periodic reductions in the probability of accepting 

uphill changes (cooling or annealing). However, the probability should be 

decreased slow enough that the algorithm does not get trapped in a local 

energy minimum. 74 When no more changes in the hologram are 

produced, the process stops. Cooling is accomplished by multiplying the 

current temperature, T, by a factor AT (i.e. T = TxL\T) during the periodic 

update. The temperature update rate, AT, is a value that is set between 0 

and 1. A value near 1 is used for slow cooling while a value near zero is 

used for fast cooling. Through trial and error, an initial temperature in 
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(b) Generate an initial reconstruction of 
the synaptic weights from the hologram. 

(c) Calculate the initial energy from the 
RMS reconstruction error and 
diffraction efficiency. 

(d) Set the "temperature" to an initial 
value. 

(a) Perturb a randomly chosen pixel in 
the hologram. 

(b) Generate the Fourier transform of the 
pixel change aOnd update the 
reconstructed synaptic weights. 

(c) Calculate an energy value from the 
RMS reconstruction error and the 
diffraction efficiency. 

SteJP> #3: MSllIte DecisiiolIh OlIfL AooeJP>1tfumg lP'elt"11iUlI"lbaiiiiolIfL 
~ ~ 
~ 9 (a) If the new energy is less than the old energy, then accept the perturbation. 
S .1:1 (b) Otherwise, accept the perturbation with a probability described by the 

~ 
Maxwell-Boltzmann distribution. e -.£\E/T 

SteJP> #4: LooJP> Back '00 SteJP> #2 
(a) If the energy fluctuations have leveled off or the maximum number of 

"inner" loop iterations has been performed, then goto step #6. 
(b) Otherwise, remain at the same "temperature" and loop back to step #2. 

(a) If the minimum temperature has been reached or the maximum number of 
"outer" loop iterations has been performed, then output the final hologram. 

(b) Otherwise, decrease the "temperature" (cool) and loop back to step #2. 
T=T-AT 

The reconstructed synaptic weights are 
located away from the light of the zero 
order diffraction. The binarization error 
is manifested as light scattered about the 
diffraction plane h.lll outside the areas 
containing the synaptic weights. 

Figure 5.8. Outline of the steps involved in the generation of holograms 
using the simulated-annealing technique. 
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the range 0.005 to 0.01 and an update rate, AT, of 0.8 were used in the 

annealing schedule to generate binary holograms. With a perfect anneal

ing schedule and an unlimited computation budget, the optimal binary 

hologram will be produced. 

To reduced the computation time of the Fourier transform step, the 

simulated-annealing algorithm is implemented using a look-up table 

(LUT) scheme. Instead of calculating the Fourier transform of the entire 

subhologram after each pixel change, the Fourier transform of the single 

pixel being changed is calculated using a set of LUT's and added to the 

diffraction pattern. Since each hologram pixel is identical in shape, the 

magnitude of the Fourier transform is identical for all pixels in the 

hologram and is stored in two LUT's: one for the vertical component and 

the other for the horizontal component. The position of the pixel being 

changed produces a unique phase in the Fourier transform. This phase 

is generated for all hologram pixels and stored in another pair of LUT's 

prior to hologram generation. 

Random-Search Techniques 

Unfortunately, the simulated-annealing technique is a very time 

consuming process. In addition, annealing schedules are generally for

mulated through trial and error, and since the performance of the simu

lated-annealing technique is sensitive to the annealing schedule, finding 

the proper annealing schedule is an arduous task. By eliminating the 

annealing, that is accepting only downhill changes, the simulated

annealing process reduces to a random search. In thiS'. approach, one 

begins with a random start point for the hologram and then only accepts 
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(b) Generate an initial reconstruction of the 
synaptic weights from the hologram. 

(c) Calculate the initial energy from the 
RMS reconstruction error and 

h 1d (x,y) diffraction efficiency. 

Po. Hologram ] single 
~ pixel 

(a) Perturb a randomly chosen pixel in 
the hologram. 

(b) Generate. the Fourier transform of the 
pixel change and update the 
reconstructed synaptic weights. 

(c) Calculate an energy value from the 
RMS reconstruction error and the 
diffraction efficiency. 

S~p :##3: Mue Decienoll!loll!l A~ptfumg lP'eriruLrbatioll!l 
If the new energy is less than the old energy, then accept the perturbation. 

S~p :##4: Loop Back to S~p #2 
(a) If the desired synaptic weight accuracy has been reached or the maximum 

number of iterations has been reached, then output the final hologram . 
.... _- (b) Otherwise, loop back to step #2. 

Ffum.sill ReoollllBtnaWOll!l: 

The reconstructed synaptic weights are 
located away from the light of the zero 
order diffraction. The binarization error 
is manifested as light scattered about 
the diffraction plane lmt outside the 
areas containing the synaptic weights. 

Figure 5.9. Outline of the steps involved in the generation of holograms 
using the random-search technique. 



86 

changes that improve accuracy. If one begins with a hologram calculated 

via another technique and then applies random search, a hologram with 

improved accuracy can be calculated in a much shorter amount of time 

than would be required with simulated annealing. In this dissertation, 

this technique is referred to as a preconditioned random search. 

Preconditioned random search was applied to holograms produced using 

the error-diffusion technique and the Gerchberg-Saxton technique. 

Phase-Only Holograms 

Unfortunately, amplitude-only holograms suffer from low 

diffraction efficiencies. The fault lies in the modulation process. To 

modulate an illuminating wave, amplitude holograms must absorb a 

portion of the illumination light. Also, negative values cannot be directly 

implemented in the hologram, so a bias must be included in the hologram 

encoding process. This results in a large central diffraction order. By 

changing to phase modulation, these two problems can be overcome. 

Holograms generated as binary amplitude holograms can be easily 

converted to binary phase holograms. Transparent regions of the binary 

amplitude hologram become areas with 9 phase, and opaque regions 

become regions of 0 phase. A binary amplitude hologram, HBA (~,11), that 

is encoded as a binary phase hologram is described by 

HBP(~,l1) = HBA (~,l1)eia + [1 - HBA (~,11)] = HBA (~'l1)[eia - 1] + 1. (5.7) 

The diffraction pattern produced by this binary phase-only hologram is 

described by 

(5.8) 



The irradiance falling outside the central diffraction order for the binary 

phase hologram is given by 

= 2(1 - cos9)IBA (x,y) where x '# ° and y '# 0. (5.9) 

IBA (x,y) is the irradiance of the diffraction pattern produced by the original 

binary amplitude hologram. The maximum amount of light will be 

diffracted off-axis when (O,n) phase modulation is used. For this modula-

tion, an improvement of four in the diffraction efficiency is realized [i.e. 

2(1-cosn) = 4]. The irradiance falling in the central diffraction order is 

given by 

(5.10) 

where A is the total area of the hologram. By the central ordinate theo

rem, the amplitude of the central diffraction order, hBA(O,O), of the binary 

amplitude hologram is equal to the transparent area of the hologram.75 

The ratio of the transparent area, hBA(O,O), to the total area, A, is often 

referred to as the duty cycle, D [i.e. D = hBA(O,O) + A]. Hence, the irradi

ance of the central diffraction order of the binary phase-only hologram is 

rewritten in terms of the duty cycle as 

10 = A,2[2cos9(D - n2) + 1 - 2D + 2D2]. (5.11) 

A minimum irradiance value is found when (O,n) phase modulation is 

used. To completely eliminate the central diffraction order, not only must 

(O,n) phase modulation be used, but also the original binary amplitude 

hologram must have a duty cycle of 50%. Therefore, a (O,n) phase 

hologram will have four times the diffraction efficiency of a binary ampli-
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tude hologram, and if the two levels of the hologram are equally distribut

ed, then there will be no central diffraction order. However, since the 

hologram is real-valued, there will still be two prominent orders in the 

diffraction pattern due to the intensity symmetry (i.e. a real-valued 

hologram produces a hermitian amplitude diffraction pattern). 

To eliminate the conjugate order and thus improve diffraction effi

ciency, multilevel phase modulation is required. As mentioned earlier, 

on-axis holograms can be constructed with multilevel phase modulation. 

In addition, less SBWP might be required with on-axis holograms since 

there is no carrier to encode. A phase-only hologram can be calculated by 

Fourier transforming the connection pattern, ignoring the magnitude 

values (i.e. set 1~(~,11>1 = 1), and quantizing the phase values directly. 

Goodman and Silvestri have described the effects of phase quantization in 

the hologram as a superposition of a primary reconstructed image and a 

set of 'false' images in the diffraction plane. 76 A 'false' image is an 

attenuated, distorted, and sometimes displaced replica of the primary 

reconstructed image (i.e. connection pattern). The effect of these addi

tional images in the diffraction pattern is to add noise to the connection 

pattern which produces highly inaccurate synaptic weight values. 

Degradation of the reconstructed synaptic weights can be reduced by quan

tizing to many phase levels or by shifting the connection pattern off-axis. 

However, the resulting diffraction pattern reconstructs an edge enhanced 

version of the recorded pattern for phase-only holograms; this is 

something well known with phase-only filters and contributes to their 

superior correlation properties.77,78 Unfortunately, this also produces 
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highly inaccurate synaptic weights. Thus, an iterative technique must be 

used to accurately encode the synaptic weights in an on-axis phase-only 

hologram. 

The Gerchberg-Saxton technique can be reformulated to calculate 

multilevel phase-only holograms. This process is modified by replacing 

the amplitude quantization function with a phase-quantization function. 79 

A typical phase-quantization function is shown in Figure 5.10. When a 

variable quantization function is used, the process operates with a fixed 

quantization function for several iterations. Periodically, the parameter £ 

is increased so that during the final iteration, the quantization function 

produces only the desired quantized phase values. Table 5.1 lists a typical 

update schedule used to adjust the quantization function. In this table, 

the outer loop index denotes the periodic change in the £ parameter. 

21t 

37t12 

1t 

7tl2 

------~------~----~~--------~~e o 7tl2 1t 37t12 21t 

Figure 5.10. Phase quantization function used in the Gerchberg-Saxton 
technique to produce a four-level phase-only hologram. The parameter £ 

is incremel;ltally changed from 0 to 7tl4 during hologram generation. 
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Table 5.1. Schedule for updating the £ parameter of the Gerchberg-Saxton 
technique for the generation of phase-only holograms. 

Outer Loop Relative Binary 4-Level 8-Level 16-Level 
Index Value Phase Phase Phase Phase 

1 0.30 0.1507t 0.0757t 0.03757t 0.01877t 
2 0.50 0.2507t 0.1257t 0.06257t Q.03127t 
3 0.60 0.3007t 0.1507t 0.07507t 0.03757t 
4 0.70 0.3507t 0.1757t 0.08757t 0.04377t 
5 0.75 0.3757t 0.1887t 0.09387t 0.04697t 
6 0.80 0.4007t 0.2007t 0.10007t 0.05007t 
7 0.85 0.4257t O.2127t 0.05317t 0.05317t 
8 0.90 0.4507t 0.2257t 0.11257t 0.05637t 
9 0.95 0.4757t 0.2377t 0.11887t 0.05947t 
10 1.00 0.5007t 0.2507t 0.12507t 0.06257t 

The simulated annealing and random-search techniques can also 

be used to produce multilevel phase-only holograms. With these tech

niques, the pixel update process is modified so that when a pixel is 

randomly chosen, its discrete phase value is randomly changed to another 

discrete phase value. 

Design of the Complete Interconnection Hologram 

The design processes discussed in the previous sections considered 

individual subholograms. To insure a common scale factor in the recon

structed synaptic weights of all the sub holograms , a slight modification 

must be incorporated in each technique. For the noniterative techniques, 

the inverse Fourier transform, ~lO;,l1), of each connection pattern must 

be normalized by the extreme amplitude values for the entire set of Fourier 

data. The steps involved in the design and construction of the complete 

interconnection hologram for the noniterative techniques are outlined on 

the next page. 



• Step 1: Define the Interconnection Weights 

During this initial step, the synaptic weights of the neural net

work are calculated on a computer using one of the training algo

rithms such as backpropagation or the outer-product formulation. 

This produces a set of fixed interconnection weights, wijk1' 

• Step 2: Reorganize the Synaptic Weight Tensor 

During the second I!?tep, the synaptic weight tensor, Wijkh is 

broken up into a set of 2-D arrays (tensors of rank 2) so that each 

neuron output has a set of interconnection weights associated with 

it: (Wijll, wij12, ... ,WijNxNy)' The last two indices, k and 1, of the 

synaptic weight tensor denote the index of the neuron output. Also, 

signal polarity considerations are included. 

• Step 3: Prepare the Connection Pattern 

During the third step, the individual synaptic weights arrays are 

prepared for hologram generation, and the ideal diffraction 

patterns, gk1(x,y), are generated for each array. 

• Step 4: Normalize the Fourier Data 

During this step, each prepared connection pattern is 

individually inverse Fourier transformed, Gtu(;,l1). The maximum 

and minimum amplitude values of the entire Fourier data are 

found and used to normalize the data. 

• Step 5: Generate the Individual Subholograms 

During this step, the individual subholograms, Hk1(;,l1), are gen-

erated using the normalized Fourier data. 
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• Step 6: Fabricate the Interconnection Hologram 

Finally, all the hologram data generated are combined into a 

single data set and converted to the appropriate format for the fabri

cation process. This data set is then used to fabricate the intercon

nection hologram. 

For the iterative techniques, a global scale factor must be deter

mined before the design process begins. For the preconditioned random 

search, a global scale factor is determined by reconstructing the stored 

synaptic weights from the starting holograms and calculating the scale 

factor that relates the power of an optical connection to synaptic weight 

value. Another way of setting the global scale factor is to determine which 

subhologram will diffract the most light (i.e. array with the largest total 

synaptic weight value). This subhologram is then generated using one of 

the iterative techniques. The stored synaptic weights are reconstructed, 

and a scale factor relating synaptic weight value to power is calculated. 

This scale factor is then used to design all the other subholograms. 

Hologram Fabrication 

Once an interconnection hologram has been generated, the 

computed data is used to fabricate a transmission mask. 

Electron-Beam Lithography 

A binary transmission hologram can be fabricated using electron

beam (e-beam) lithography. E-beam lithography is a well developed tech

nology used in the generation of masks for the production of integrated 

circuits. Line widths down to 0.5 Jlm and details down to 0.05 Jlm can be 

easily generated,80,81 and line widths down to 0.35 Jlm have been recently 
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reported.82 The lithographic mask produced has a binary transmission 

profile etched in a chromium coated glass substrate. This mask can func

tion as the hologram, or it can be used to copy the hologram to another 

substrate. 

Binary phase holograms, which have improved diffraction effi

ciency relative to binary amplitude holograms, can be constructed from 

binary amplitude holograms using reactive ion etch techniques. The e

beam mask is photographically copied onto a photoresist coated substrate. 

The coated substrate is then developed. With reactive ion etching, portions 

of the mask that are uncoated are etched to a depth that will produce a 1t 

phase difference with respect to the unetched regions. After etching, the 

remaining photoresist is cleaned off the substrate, and the substrate can 

then be used as an interconnection hologram. 

The production of multilevel phase-only holograms is more complex 

than the production of binary holograms. The fabrication process begins 

by breaking the phase levels into binary values and generating a separate 

electron-beam mask for each bit.83 M electron-beam masks are used to 

generate 2M phase levels. As with the binary phase hologram, the mask 

pattern is copied to a substrate and reactive ion etching is used to produce 

specific phase modulations. This is repeated for all M masks. 

The fabrication of a four-level phase-only hologram using two e

beam masks is illustrated in Figure 5.11. The profile of a phase hologram, 

H(;,l1), is broken up into two binary masks. The first mask is placed over a 

photoresist coated glass substrate and illuminated to transfer its pattern to 

the photoresist. The mask is removed, and the photoresist is developed. 
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Figure 5.11. Fabrication of a four-level phase only hologram using 
electron-beam lithographic masks and reactive ion etching. 
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This is followed by reactive ion etching which removes substrate material 

at a controlled rate. After the etch, the remaining photoresist is stripped 

away. At this point, the substrate is a binary phase-only hologram. This 

process is repeated using the second binary mask to produce a four-level 

phase-only hologram. Additional phase levels can be fabricated using this 

same process with additional masks. 

Photolithography 

Photolithography is an older technique used to generate litho

graphic masks by photographic methods. With this technique, an inter

connection hologram is printed onto a piece of film or paper using a laser 

printer and then photographically reduced onto a high resolution photo

graphic plate. The plate is developed and used as the interconnection 

hologram. The spatial resolution of the photolithographic mask is gener

ally poorer than for e-beam lithographic masks. For the photolithographic 

system used in this project, the smallest resolvable spatial dimension was 

4 J.1m. The specific process used to construct the interconnection 

holograms for the experimental neural network is discussed in Chapter 8. 



CHAPTER 6 

HOLOGRAM ANALYSIS 
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To evaluate the various design techniques, a 64-point connection 

pattern was defmed. As shown in Figure 6.1, half the interconnection 

weights in this pattern had a value of 1 and half had a value of O. With 

randomness in the design process (random output phase coding in the 

cell-based, error-diffusion, and Gerchberg-Saxton techniques, and 

randomness in the starting point and pixel-picking process of the simu

lated annealing and random-search techniques), each process was 

repeated 50 times to produce statistically averaged performance metrics. 

These metrics include reconstruction error, diffraction efficiency, compu

tation time, interconnection capacity, and the amount of data required to 

specify the hologram. In this chapter, the various hologram generation 

techniques are compared using these metrics. To test the scalability of the 

results derived from the 64-point connection pattern to larger systems, 

some of the' hologram techniques were analyzed using larger connection 

patterns. The results of this analysis are also reported in this chapter. 

1 1 1 0 1 1 0 1 
o 100 1 0 1 1 
1 1 0 1 000 1 
o 0 1 1 0 1 1 1 
o 0 100 1 1 0 
o 0 111 101 
1 101 1 0 0 0 
o 0 1 0 0 0 0 0 

Figure 6.1. Randomly generated connection pattern used to test the 
various hologram generation techniques. 



SubholQgram Size 

In the architecture depicted in Figure 3.9, neurons are laid out in a 

two-dimensional grid with Nx neurons in the horizontal direction and Ny 

neurons in the vertical direction for a total of NxNy neurons. Each neuron 

consists of 1 or 2 inputs depending on synaptic weight polarity (W) and 1 or 

2 outputs depending on neuron state polarity (P). Zero padding around 

synaptic weights is described by the integer factors Zx and Zy, and subholo-

gram replication is described by the integer factors Rx and Ry. Expansion 

of the SBWP for carrier-frequency encoding is described by Cfx and Cfy. 

Any additional SBWP used to improve the accuracy in the interconnection 

weights is described by the expansion factors Ex and Ey. These factors are 

multiplied to give the number of pixels in a single subhologram. The 

dimensions of an individual sub hologram are 
Sx = Wx Nx Cfx Zx Rx Ex by Sy = Wy Ny Cfy Zy Ry Ey. (6.1) 

The SBWP of the individual subhologram is the total number of pixels in 

the subhologram which is the product of Sx and Sy. The total number of 

subholograms in the complete interconnection hologram is NxNyP. The 

SBWP of the subhologram determines the computation time required to 

generate the hologram, the interconnection capacity of the complete inter

connection hologram, and the amount of data required to specify the 

hologram. These aspects of the hologram analysis are discussed in later 

sections. 

Reconstruction Error 

The reconstructed synaptic weights are taken from the irradiance of 

the calculated diffraction pattern. The power falling on the ijili detector 

cell from the kIth subhologram is described by 



~k1 = f f Ihk1(x,y)l2 dxdy, 
cellij 
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(6.2) 

where cel4J marks the physical limits of the detector cell. The integrated 

irradiance (i.e. power) in each cell encodes an individual synaptic weight. 

With bipolar weights, two cells encode the synaptic weight. The recon

structed weights are distinguished from the original weights by the 

circumflex symbol, 1\, and are described by 
1\ 

w ijk1 = K~'kb (6.3) 

where K is a scale factor determined from a linear least-squares fit (LLSF). 

This fit is used to match the value range of the desired synaptic weights to 

the power of the diffracted lignt. Since only one sub hologram is being 

considered, the k and I subscripts can be dropped, and the scale factor for 

the LLSF is described by 
N 

L wijCPij 
i,j 

(6.4) 

For an N point connection pattern, the root-mean-square (RMS) error is 

calculated from the desired synaptic weights, wij' and the weights recon

structed from the subhologram, ~ij' and is described by 

ERMS = 

N 

L( ~ij - wij)2 
i,j 

N 

(6.5) 
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To examine the RMS error and diffraction efficiency of the test holo

grams, a computer model was developed to simulate the interconnection 

process. Figure 6.2 displays a flow chart of this simulation. The data for 

an individual subhologram are read into the simulation and placed in the 

center of a larger data array to expand the sampling size of the diffraction 

pattern. The size of the array is set so that there will be 64 samples per 

detector cell. The data array is then multiplied by a Gaussian function to 

model the beam profile of an illuminating source. The diffraction pattern 

is generated by Fourier transforming the data array via an FFT. The 

impulse response of the hologram pixels is included in the diffraction 

pattern by multiplying the data array by a 2-D sinc function. The subholo

gram can be replicated before the diffraction pattern is calculated, or the 

connection pattern can be multiplied by a confinement function based on 

Equation 5.3. The latter is more efficient since it permits repeated calcula

tion of the RMS error for various subhologram replication factors using 

the same calculated connection pattern. The irradiance of the diffraction 

pattern is generated by calculating the magnitude squared of each 

complex-valued sample in the array. The simulated power falling on each 

detector cell is found by snmming up the irradiance of all 64 samples in 

the cell. A linear least-squares fit (Equation 6.4) is performed to scale the 

reconstructed weights to the value range of the original connection 

weights. The diffraction efficiency is calculated from the total simulated 

power arriving at the detector array, and the RMS error is calculated from 

the reconstructed weights using Equation 6.5. 
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Figure 6.2. Flow chart of the simulation software used to reconstruct the 
synaptic weights and to test hologram performance. 
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To evaluate the tradeoff between the hologram error and the SBWP, 

each sub hologram was replicated with increasing replication factors. 

Zero padding around the synaptic weights was also used with some of the 

techniques to evaluate this tradeoff. Figure 6.3 is a graph showing the 

RMS error as a function of SBWP for the various binary amplitude 

holograms tested with the 64-point connection pattern. To properly offset 

this connection pattern from the central diffraction order, a carrier

frequency expansion of 4 by 4 was designed into the holograms resulting 

in a fundamental SBWP of 1024. The fundamental SBWP of the hologram 

is the number of points used to encode the synaptic weights, synaptic 

weight polarity factor, and carrier; it is the minimum SBWP required by 

the hologram. This figure illustrates that little improvement in synaptic 

weight accuracy is gained at a great expense in SBWP beyond an increase 

of 4 by 4 in synaptic weight zero padding or subhologram replication. This 

figure also shows that the Gerchberg-Saxton preconditioned random

search technique produced the most accurate binary amplitude hologram 

(i.e. lowest RMS error). 

Figure 6.4 is a graph showing the RMS error as a function of SBWP 

for the 4-level, off-axis phase-only holograms. Although a carrier fre

quency is not necessary with multilevel phase holograms, the holograms 

of Figure 6.4 did use a carrier, and the fundamental SBWP for the 64-point 

connection pattern is again 1024. As with binary holograms, little 

improvement in synaptic weight accuracy was found beyond a 4 by 4 sub

hologram replication factor. Similar curves were found with holograms 

possessing more phase levels. A modest improvement in accuracy was 
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observed as the number of phase steps was increased as illustrated in 

Figure 6.5. This figure graphs the RMS error for subholograms with a 4 

by 4 replication factor as a function of the number of phase levels. 

When holograms were produced without a carrier (i.e. on-axis holo- . 

grams) and at the fundamental SBWP for the geometry (SBWP of 64), 

much higher reconstruction errors resulted and subhologram replication 

had little effect on error. This is illustrated in Figure 6.6 for the 4-level 

phase-only holograms. To achieve a noticeable improvement in synaptic 

weight accuracy, at least an expansion of 2 by 2 (Ex = 2 and Ey = 2) must be 

designed into the sub hologram. The RMS error for holograms of this size 

is plotted in Figure 6.7 as a function of SBWP. Results at the same SBWP 

with and without a carrier (Ex = 4 and Ey = 4) showed little difference in re-

construction error. The Gerchberg-Saxton preconditioned random-search 

technique produced the lowest RMS error for almost all cases tested. 

Zero padding around the synaptic weights before subhologram gen

eration generally produced synaptic connections with lower error than 

subhologram replication for the Lee, error diffusion, Gerchberg-Saxton, 

and preconditioned random-search techniques. For the simulated anneal

ing and random-search techniques, the two light confinement methods 

produced similar errors for the reconstructed synaptic weights. The anal

ysis in the following sections shows that zero padding requires extensively 

more computation time for hologram generation and a much higher data 

storage requirement to specify the hologram. Therefore, the improvement 

in synaptic weight accuracy gained with zero padding is probably not 
, 

worth the added expense in computation time and data storage. 
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Figure 6.3. Reconstruction error of connection weights as a function of 
space-bandwidth product for various binary holograms. The fundamental 
SBWP is 1024. Additional SBWP is used for subhologram replication or for 
zero padding where indicated. . 
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Figure 6.4. Reconstruction error of connection weights as a function of 
space-bandwidth product for various 4 level phase-only holograms. The 
fundamental SBWP is 1024. Additional SBWP is used for subhologram 
replication or for zero padding where indicated. 
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Figure 6.6. Reconstruction error of connection weights as a function of 
space-bandwidth product for various 4 level phase-only, on-axis 
holograms. The fundamental SBWP is 64. Additional SBWP is used for 
subhologram replication or for zero padding where indicated. 
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space-bandwidth product for various 4 level phase-only, on-axis 
holograms. The fundamental SBWP is 64 with an increase of 4 (Ex=2 and 
Ey=2) to improve accuracy. Additional SBWP is used for subhologram 
replication or for zero padding where indicated. 
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A 4 by 4 subhologram replication factor appears to give a good trade

off between the accuracy of the synaptic weights and the hologram SBWP. 

This was observed for all the hologram techniques, quantization levels, 

and diffraction geometries tested. Beyond this expansion in SBWP, only a 

modest improvement in accuracy is gained at a great expense in SBWP. 

Table 6.1 lists the RMS errors of the reconstructed connection pattern for 

the various hologram generation techniques, quantization levels, and 

diffraction geometries with a 4 by 4 sub hologram replication factor. This 

table again highlights the superior performance of the Gerchberg-Saxton 

preconditioned random-search technique and the need for at least a 2 by 2 

expansion in subhologram SBWP to achieve a reasonable accuracy in the 

reconstructed synaptic weights for on-axis holograms. From this table, 

one can observe that the preconditioned random-search process has the 

effect of approximately cutting the RMS error of the reconstructed synaptic 

weights in half when compared with the weights reconstructed from the 

starting holograms (i.e error diffusion or Gerchberg-Saxton holograms). 

An important observation from Table 6.1 is that the RMS error for 

the binary holograms is similar to the RMS error for the 16-level on-axis 

phase holograms with a 2 by 2 SBWP expansion. Both of these subholo

grams encode the same amount of data; the binary holograms have a 

SBWP of 16384 at 1-bit resolution, and the 16-level phase holograms have a 

SBWP of 4096 at 4-bit resolution. The 16-level phase-only holograms with 

an expansion factor of 2 by 2 have a higher interconnection capacity than 

the binary amplitude holograms but have about the same RMS error. If 

the synaptic weight accuracy of the binary holograms is acceptable in a 
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neural network implementation, then the 16-level on-axis hologram might 

be a better choice in terms of network size. 

Dynamic range is often dermed as the ratio of the maximum useable 

signal to the minimum useable signal. 84 With a maximum connection 

value of one and the RMS error corresponding to the minimum useable 

signal, the inverse of the RMS error roughly corresponds to the analog 

dynamic range of the stored synaptic connections. For instance with a 4 

by 4 replication factor, the error-diffusion hologram has an RMS error of 

0.22 as shown in Table 6.1 which corresponds approximately to a dynamic 

range of 4 or a precision of 2 bits. Similarly, the synaptic weights stored in 

a Gerchberg-Saxton preconditioned random-search hologram have a 

dynamic range of 15 (3.9 bits) for binary amplitude encoding and 18 (4.2 

bits) for 4-level phase encoding. Table 6.2 is a complete list of the analog 

dynamic ranges for holograms tested with a 4 by 4 subhologram replica

tion factor. When bipolar weights are considered with two connections per 

synapse, an additional 1 hit in precision (i.e. twice the dynamic range) is 

gained because of the signal polarity. As mentioned earlier, the precondi

tioned random-search process has the effect of cutting the RMS error in 

half, which doubles the dynamic range of the reconstructed synaptic 

weights. The typical dynamic range found with the planar holographic 

interconnects is similar to that of the current analog electronic neural net

work implementations. Also, several of the digital electronic implementa

tions have a similar dynamic range since they use only a few bits of preci

sion to store the synaptic weights. 
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Table 6.1. RMS error of the reconstructed connection pattern for the 
various subholograms tested with a 4 by 4 replication factor. 

RMS Error (at 4 by 4 replication) 
Computer Generated Binary 4-Level 8-Level 16-Level 
Hologram Technique Phase Phase Phase 

Off-Axis Holograms (Crx = 4, Cfy = 4; SBWP = 16384) 
~ Q~ a 

Error Diffusion (ED) 
Gerchberg-Saxton (GS) 
Simulated Annealing 
Random Search (RS) 

0.22 
0.12 
0.11 
0.12 

a 

0.11 
0.086 
0.094 

ED Preconditioned RS 0.096 0.084 
GS Preconditioned RS 0.066 0.055 

On-Axis Holograms (Ex = 1, Ey = 1; SBWP = 1024) 

Gerchberg-Saxton (GS) b 0.50 
Simulated Annealing 
Random Search (RS) 

b 

b 
0.29 
0.29 

GS Preconditioned RS b 0.28 
On-Axis Holograms (Ex = 2, Ey = 2; SBWP = 4096) 

Gerchberg-Saxton (GS) b 0.21 
Simulated Annealing 
Random Search (RS) 

b 

b 
0.14 
0.15 

GS Preconditioned RS b 0.10 
On-Axis Holograms (Ex = 4, Ey = 4; SBWP = 16384) 

Gerchberg-Saxton (GS) b 0.14 
Simulated Annealing b 0.086 
Random Search (RS) b 0.093 
GS Preconditioned RS b 0.057 

a a 

a a 

0.10 0.10 
0.071 0.063 
0.079 0.069 
0.075 0.070 
0.053 0.050 

0.32 0.29 
0.21 0.16 
0.21 0.17 
0.21 0.18 

0.15 0.13 
0.10 0.078 
0.124 0.094 
0.072 0.067 

0.10 0.09 
0.071 0.063 
0.093 0.084 
0.051 0.052 

aThe Lee technique and error-diffusion technique produce binary holo
grams. 
bUnsymmetrical on-axis connections cannot be made with binary holo
grams. 
All values have about a 9% standard deviation. 
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Table 6.2. Analog dynamic range for the reconstructed synaptic weights 
with a 4 by 4 subhologram replication factor. 

Anal0i Dynamic RanR 
Computer Generated Binary 4-Level 8-Level 16-Level 
Hologram Technique Phase Phase Phase 

Off-Axis Holograms (Cm = 4, Cfy = 4; SBWP = 16384) 

Lee 3.5 a 

Error Diffusion (ED) 4.5 a 

Gerchberg-Saxton (GS) 8.1 9.2 
Simulated Annealing 8.9 11.6 
Random Search (RS) 8.3 10.6 
ED Preconditioned RS 10.4 11.9 
GS Preconditioned RS 15.2 18.2 

On-Axis Holograms (Ex = 1, Ey = 1; SBWP = 1024) 

Gerchberg-Saxton (GS) _b 2.5 
Simulated Annealing b 3.5 
Random Search (RS) b 3.4 ' 
GS Preconditioned RS b 3.6 

On-Axis Holograms (Ex = 2, Ey = 2; SBWP = 4096) 

Gerchberg-Saxton (GS) _b 4.8 

Simulated Annealing 
Random Search (RS) 

b 

b 
7.2 
6.9 

GS Preconditioned RS b 10.0 
On-Axis Holograms (Ex = 4, Ey = 4; SBWP = 16384) 

Gerchberg-Saxton (GS) b 7.3 

Simulated Annealing 
Random Search (RS) 
GS Preconditioned RS 

b 

b 

b 

11.6 
10.8 
17.5 

a a 

a a 

10.2 10.5 
14.1 15.9 
12.7 14.5 
13.3 14.3 
18.9 20.0 

3.2 3.4 
4.8 6.5 
4.7 5.8 
4.7 5.7 

6.6 7.9 
9.9 12.8 
8.1 10.6 

13.9 14.9 

10.0 10.8 
14.1 15.9 
10.8 11.9 
19.6 19.6 

aThe Lee technique and error-diffusion technique produce binary holo
grams. 
bUnsymmetrical on-axis connections cannot be made with binary holo
grams. 
All values ,have about a 9% standard deviation. 
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These results indicate that a reasonable quality binary subhologram 

can be made with 256 hologram pixels per connection. With an approxi

mate precision of 4 bits per connection achieved with the best hologram 

generation technique, this might seem like a big waste of space-bandwidth 

product. However, much of the SBWP is 'used to provide the appropriate 

diffraction geometry (e.g. carrier for an offset) and light confinement. 

Similar precisions can be achieved with multilevel phase-only. holograms 

with less SBWP, but the increased number of quantization levels l'equired 

to specify the hologram results in an equivalent amount of information 

required to achieve the same synaptic weight precision. 

Diffraction Efficiency 

The diffraction efficiency of a hologram is the fraction of diffracted 

power falling on the detector array or region of interest (ROI) out of the 

total power illuminating the hologram, 4>0' Mathematically, this is 

described as 

f f Ihld(x,y) 12 dx dy 
ROI 

1ld = --------
4>0 

(6.6) 

where Ihk1(x,y)12 is the irradiance of the light falling on the diffraction 

plane. 

By considering two extreme cases of light diffraction, the theoretical 

limits of diffraction efficiency can be determined. In one extreme, light is 

diffracted into discrete diffraction orders using a periodic diffraction 

grating. In the other extreme, light is distributed over the entire diffrac

tion plane. 
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In the fIrst case, a diagonally oriented Ronchi ruling is analyzed. 

This grating produces an off-axis diffraction order that matches the 

diffraction geometry discussed in the previous chapter. However, to 

match the horizontal and vertical sampling geometry of the computer 

generated holograms, the Ronchi ruling must be sampled and rectangu

lar pixels placed on a horizontal-vertical grid. The binary amplitude 

hologram for this case is described by 

3 

[~ (!;-n+1.5) ] H(!;,l1) = £..i rect 2 rect(11+n-1.5) ** comb(4!;,411) 
n=O 

(6.7) 

and illustrated in Figure 6.8(a). The diffraction pattern produced by this 

grating is described by 

h(x,y) = 64 sinc(2x,y){cos[3n(y-x)] + cos[n(y-x)J} comb(~,~) (6.8) 

and illustrated in Figure 6.8(b). The first diffraction order (x = -114, y = -

1/4) falls within the outer portion of the region of interest (ROI) of the off

axis diffraction geometry. The maximum diffraction efficiency that can be 

expected from a binary amplitude hologram with this geometry is 8.21%. 

This value can be found by evaluating Equations 6.6 and 6.8 around the 

first diffraction order. As discu~sed in the previous chapter, a binary 

phase version of this hologram will produce a diffraction efficiency four

times greater than the binary amplitude version. This same hologram 

can be constructed with multilevel phase modulation. However, to main

tain the same grating size and sampling rate, only four phase levels can 

be encoded. The maximum diffraction efficiency for this situation is 

65.7%. 
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Figure 6.8. (a) Sampled diagonal Ronchi ruling and (b) its associated 
diffraction pattern. 

For an on-axis geometry, a transparent aperture can function as 

the hologram and almost all the light will diffract to the center of the 

diffraction plane. However, this is a very uninteresting situation. A more 

reasonable upper limit is found by looking at the amount of light that can 

be diffracted to one of the corners of the ROI. This is also determined with 

a diagonal grating. 

In the other method of analyzing diffraction efficiency, a hologram 

constructed as a random distribution of identical rectangular pixels is 

considered. In this situation, the diffracted light is distributed over the 

entire diffraction plane with an amplitude profile set by the impulse 

response of the hologram pixels (sinc function). By integrating a sinc

squared function (irradiance profile) over the detector array (ROI) and 

normalizing to the incident power, the diffraction efficiency is found to be 

f f Isinc( Axx,AyY)12 dx dy 
ROI 

l1d = -----------
CPo 

(6.9) 

The following table lists the expected limits of the diffraction efficiency 

range for the various diffraction geometries and hologram modulations 

(e.g. binary amplitude, multilevel phase, etc.). 
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Table 6.3. Diffraction efficiency range for on-axis and off-axis holograms. 
Modulation and Diffraction Efficiency (%) 

Diffraction Geometry Minimum Maximum 

Off-Axis (Cfx = 4, Cfy = 4) 

Binary Amplitude 1.20 8.21 
Binary Phase 4.81 32.8 
Multilevel Phase (4 levels) 4.81 65.7 

On-Axis (Multilevel Phase) 
(Ex = 1, Ey = 1) 32.8 59.8a 

(Ex = 2, Ey = 2) 21.9 65.7a 

(Ex = 4, Ey = 4) 6.04 90.2a 

a A higher diffraction efficiency can be achieved in this extreme case if the 
hologram is merely a transparent aperture. 

Table 6.4 lists the diffraction efficiencies calculated and measured 

for some of the techniques tested. The diffraction efficiency of the binary 

amplitude holograms was low due to absorption in the hologram, the 

large central diffraction order, and the need for both a +1 and -1 diffraction 

order. Diffraction efficiency improves by a factor of 4 when the holograms 

are encoded as binary phase holograms. With half of the binary ampli

tude hologram pixels transparent (i.e. duty cycle of 50%), the phase-only 

version produced no central diffraction order. However, with the Lee 

technique which has a much lower duty cycle, the intensity ratio of the 

central diffraction order to the +1 diffraction order increases when phase 

modulation is used. When considering scatter, this large central diffrac

tion order is a problem. The Gerchberg-Saxton and Gerchberg-Saxton 

preconditioned random-search methods achieved the highest diffraction 

efficiency of all the techniques evaluated. Also, while most techniques 

showed no improvement in diffraction efficiency as the number of phase 
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levels was increased, these two techniques showed a marked improve

ment up to 16 phase levels. Beyond this quantization little improvement 

was observed. There was little difference observed in diffraction efficiency 

when subhologram replication or synaptic-weight zero padding was used. 

Comparing the results in Table 6.3 with Table 6.4 and Table 6.5, one 

can see that the random search and simulated-annealing techniques 

produced holograms with diffraction efficiencies at the lower limits of the 

expected diffraction efficiency range. With no constraint on diffraction 

efficiency, light was allowed to diffract anywhere in the diffraction plane 

to accomplish the goals of low RMS error. This can be seen in Figure 6.10. 

With a diffraction efficiency constraint placed on these two techniques, 

higher diffraction efficiencies should be attainable. However, the proper 

formulation of the energy function combining low RMS error and high 

diffraction efficiency was not found. The diffraction efficiencies of the 

holograms produced using the Gerchberg-Saxton technique and the 

Gerchberg-Saxton preconditioned random-search technique were at the 

upper limits of the expected diffraction efficiency range. During the initial 

iterations of the Gerchberg-Saxton algorithm, no quantization is 

performed. This produces a diffraction pattern with all light distributed 

in the proper diffraction orders (i.e. central order and ±1 orders for a 

binary amplitude hologram or only the +1 order for a multilevel phase 

hologram) and results in a maximum initial diffraction efficiency. As the 

algorithm progresses and the hologram becomes quantized, some light is 

distributed to other parts of the diffraction plane to compensate for the 

quantization. Although some light is redistributed, most of the light 
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remains in the proper diffraction orders and the diffraction efficiency of 

the final hologram produced by this technique is near the upper theoreti

cal limit for a quantized hologram. On the other hand, the simulated 

annealing and random-search techniques start with a random hologram 

and random distribution of light in the diffraction plane. This produces a 

hologram with a diffraction efficiency at the lower theoretical1imits. 

Figure 6.9 displays six example binary amplitude holograms, and 

Figure 6.10 displays their respective diffraction patterns. The Gerchberg

Saxton hologram and its associated preconditioned random-search 

hologram have a noticeable diagonal grating structure to them, which is 

associated with their high diffraction efficiencies. The simulated anneal

ing and random-search holograms have a much more random distribu

tion of pixels. 

Table 6.4. Calculated and measured diffraction efficiencies for the off-axis 
hologram techniques and quantizations. 

Computer Generated 
Hologram Technique 

Lee 
Error Diffusion (ED) 

Diffraction Efficienqy (%) 

B. b Inary Binary 4-Level 8-Level 16-Level 
Amplitude 

(calculated) (measured) 

1.6 1.7 
1.7 1.B 

Phase Phase Phase Phase 
( calculated) 

6.4 a a a 

6.7 a a a 

Gerchberg-Saxton (GS) 5.9 6.0 24 42 52 56 
Simulated ~ealing 1.2 1.3 4.6 4.6 4.8 4.6 
Random Search (RS) 1.2 1.3 4.7 4.6 4.7 4.7 
ED Preconditioned RS 1.6 1.7 6.4 6.6 6.7 6.7 
GS Preconditioned RS 5.B 5.8 23 42 52 56 

aThe Lee technique and error-diffusion technique produce binary holo
grams. 
bOnly binary amplitude holograms were fabricated and experimentally 
tested. 
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Another interesting observation from Table 6.4 is that the diffraction 

efficiencies measured are nearly the same as the diffraction efficiencies 

calculated in simulation. This provides a check on the simulation soft

ware. The binary holograms were experimentally tested using the optical 

hologram generator system that will be described in Chapter 8. Since 

there were no capabilities for accurately fabricating phase-only 

holograms, there are no experimental measurements for phase-only holo-

grams. 

Table 6.5. Calculated diffraction efficiencies for the on-axis hologram 
techniques and quantizations. 

Computer Generated 
Hologram Technique 

Gerchberg-Saxton (GS) 
Simulated Annealing 
Random Search (RS) 
GS Preconditioned RS 

(Ex=2,Ey=2) 

Gerchberg-Saxton (GS) 
Simulated Annealing 
Random Search (RS) 

GS Preconditioned RS 
(Ex=4,Ey=4) 

Gerchberg-Saxton (GS) 
Simulated Annealing 
Random Search (RS) 
GS Preconditioned RS 

Diffraction Efficiency (%) 

4-Level 8-Level 16-Level 
Phase Phase Phase 

58 57 57 
66 55 54 
66 55 54 

58 57 57 

52 64 66 
22 22 22 
Z3 22 22 

53 63 65 

54 69 73 
5.9 6.1 6.2 
6.2 6.0 5.8 

52 66 69 
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Simulated Annealing Random Search (RS) 

Error Diffusion (ED) ED Preconditioned RS 

Gerchberg-Saxton (GS) GS Preconditioned RS 

Figure 6.9. Six binary amplitude holograms. 
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Figure 6.10. Diffraction patterns of the six binary amplitude holograms 
displayed in Figure 6.9. 
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Computation Time 

The Fourier transform step used in the cell-based and error-diffu

sion techniques is implemented via a fast Fourier transform (FFT) algo

rithm.85 Hence, the computation time required to calculate a hologram 

that connects a plane of N neuron outputs to another plane of N neuron 

inputs is proportional to N2Iog2(CN) or Nlog2(CN) for each subhologram. 

C is 'a constant incorporating the additional factors contributing to the 

subhologram SBWP (e.g. carrier frequency, zero padding, etc.) so that the 

total subhologram size (SBWP) is CN. The Gerchberg-Saxton implemen

tation is also based on an FFT but requires many iterations. Thus, the 

computation time required is generally hundreds of times longer than for 

the noniterative techniques. For an M-point FFT, the typical radix-2 FFT 

performs ~log2(M) complex multiplications, ~log2(M) complex additions, . 

and ~log2(M) complex subtractions.86 Since it takes 4 multiplies and 2 

additions to perform a complex multiplication and 2 additions to perform a 

complex addition or subtraction, the FFT algorithm requires 5M log2(M) 

floating point operations. 

By analyzing the algorithms used to implement the cell-based tech

niques, the number of operations required to generate the complete inter

connection hologram was determined. For these techniques, the FFT step 

dominates the computation time, but other operations including compen

sation for the illumination beam profile and the cell encoding process take 

a sizeable amount of time to compute. For the Lee techniques, the approxi

mate number of operations required to generate the hologram are 

(6.10) 
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and 

(6.11) 

For generation of error-diffusion holograms, the error-diffusion process, 

beam profile compensation, and pixel impulse response correction (sinc·l ) 

are computationally intensive, but the FFT still dominates the computa

tion time. From the analysis of the implementation of the error-diffusion 

technique, the approximate number of operations required to produce the 

interconnection hologram is 

For the Gerchberg-Saxton technique, synaptic-weight intensity 

mapping and hologram pixel impulse-response compensation are 

performed only once and do not contribute significantly to the total compu

tation time. The dominant computational processes are the forward FFT 

and inverse FFT performed each iteration. The pixel quantization opera

tion is another significant factor in computation time. By analyzing the 

algorithm, the total number of operations for the generation of a complete 

Gerchberg-Saxton interconnection hologram was found to be 

OPas = ~~PXPyWxWyZxZy {12 + CfXCfyExEy[ 26 + 

101og2(NxNyCrxCfyExEy W x WyZxZy)l}, (6.13) 

where ex was the number of iterations used. The number of iterations 

ranged between 10 and 50. Generally, the carrier-frequency terms (Cfx 

and Cfy) are used for off-axis holograms and the expansion terms (Ex and 

Ey) are used for on-axis holograms, but both are included in Equation 6.13. 
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The hologram generation algorithms based on simulated annealing 

and random search use look-up tables to calculate changes in the recon

structed synaptic weights, which helps to lower the reconstruction time, 

but the computation time with these algorithms is proportional to N3
• The 

number of inner loops iterations (i.e. isothermic iterations) is generally set 

equal to the number of elements in the problem. This is the product of the 

number of points in the subhologram and number of discrete levels per 

pixel. The total number of operations required to generate an interconnec

tion hologram using the simulated-annealing technique is 

(6.14) 

where ~ is 19 for binary amplitude holograms and 25 for phase-only holo

grams, Q is the number of discrete levels for a pixel, and €X is the number 

of outer loop iterations, typically 10 to 30. The quantity ~ was determined 

from the analysis of the implementation of simulated-annealing used to 

generate the interconnection holograms. 

For the random-search technique, all calculations are performed at 

the same temperature (T=O), but Equation 6.14 can still be used. The total 

number of iterations required to generate a subhologram is the product of 

a and the number of elements in the problem (i.e. number of inner loop 

iterations in the simulated-annealing technique). Since there are only 

inner loop iterations for the random-search technique, €X is a fractional 

quantity. The typical ex. values used in the random-search technique 

ranged from 3 to 8 and 0.5 to 5 for the preconditioned random-search tech

nique. 
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Table 6.6 lists the computation times required to encode the 64-point 

trial connection pattern in a subhologram using the various techniques, 

modulations, and diffraction geometries. All times listed are for a V AX.

station II computer which has a computation speed equivalent to 90% of a 

VAX. 111780 computer (i.e. 0.9 VPU's). Extrapolating these times to the 

construction of a large-scale neural network with thousands of subholo

grams encoding millions of interconnections, one finds that computation 

times can range from months to centuries. This is obviously impractical, 

but with parallel processors or specialized hardware, reasonable compu

tation times can be achieved. Figure 6.11 graphs the number of operations 

(and projected computation times for the V AXstation) required to generate 

a binary amplitude interconnection hologram as a function of the number 

of neurons interconnected. For this graph, a carrier-frequency expansion 

of 4 by 4, bipolar synaptic weights, bipolar neuron states, and no zero 

padding are assumed. The iterative techniques, which produce the 

higher dynamic ranges, require substantially more computation time 

than the noniterative techniques. If a lower dynamic range is acceptable, 

then the noniterative techniques such as error diffusion can be used to 

generate the interconnection hologram on a minicomputer or workstation 

in a reasonable amount of time. Equations 6.10 through 6.14 illustrate 

that zero padding is too time consuming to be practical in the generation of 

holograms for large systems. For example, the computation time re

quired to generate a random search or simulated-annealing sub hologram 

with a 4 by 4 zero-pad factor is 256 times longer than the computation time 

needed to generate the sub hologram without zero padding. 
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Table 6.6. Subhologram computation times for the tested holo
gram techniques and quantizations. All computation times 

are for a V AXstation IIIGPX. 
Computation Time (seconds) 

Computer Generated Binary 4-Level 8-Level 16-Level 
HoloEam Technigue Phase Phase Phase 

Off-Axis Holograms (C&=4, Cfy=4; SBWP = 16384) 

J~e 0.73 a a a 

Error Diffusion (ED) 1.81 a a a 

Gerchberg-Saxton (GS) 32.0 32.3 32.7 32.8 
Simulated ~ealing 96 200 460 1030 
Random Search (RS) 47 122.0 243.6 489 
ED Preconditioned RS 30 36 50 71 
GS Preconditioned RS 78 84 122 183 

On-Axis Holograms (Ex=l, Ey=l; SBWP = 1024) 
. b 

1.88 1.88 Gerchberg-Saxton (GS) _ 1.87 
Simulated Annealing b 30 76 170 
Random Search (RS) b 25 53 94 
GS Preconditioned RS b 22 25 40 

On-Axis Holograms (Ex=2, Ey=2; SBWP = 4096) 
b 7.41 7.4 Gerchberg-Saxton (GS) _ 7.42 

Simulated ~ealing b 130 310 740 
Random Search (RS) b 28 51 140 
GS Preconditioned RS b 39 51 55 

On-Axis Holograms (Ex=4, Ey=4; SBWP = 16384) 

Gerchberg-Saxton (GS) b 32.4 32.71 32.72 
Simulated ~ealing b 220 450 1025 -
Random Search (RS) b 47 (){ 96 
GS Preconditioned RS b 95 120 130 

aThe Lee technique and error-diffusion technique produce binary holo
grams. 
bUnsymmetrical on-axis connections cannot be made with binary holo
grams. 
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Figure 6.11. Projected number of operations and computation time required to generate the complete 
interconnection hologram. as a function of the number of neurons being interconnected. ~ 
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Scalability 

To examine the issue of scalability, binary holograms were gener

ated for four additional connection patterns. As with the first connection 

pattern, half the interconnection weights in each of these patterns have a 

value of 1 and half have a value of 0.· The number of connections encoded 

in these four connection patterns are 256, 1024, 4096, and 16384. These 

patterns could represent connections from a single neuron output to an 

array of 16x16, 32x32, 64x64, and 128x128 neuron inputs. The error diffu-

sion, Gergberg-Saxton, simulated annealing, and preconditioned random

search techniques were used to generate the test holograms. The RMS 

error and diffraction efficiencies were compared to those calculated with 

the 64-point connection pattern, and the actual computation times used to 

generate the test holograms were compared to the projected times based 

on the analysis of the previous section. 

Table 6.7 lists the RMS error of the tested techniques for the five 

connection patterns. From this table, it is clear that there is some 

increase in the RMS error as the size of the connection pattern is 

increased. The amount of increase varies for the different techniques, and 

some of the increase can be attributed to the variability of the connection 

patterns and the randomness of the hologram generation techniques. The 

overall effect of this increase in error is to moderately degrade the poten

tial dynamic range of the synaptic weights in a large-scale neural 

network. The largest increase in error is observed with the simulated

annealing technique, and the smallest increase is observed with the 

Gerchberg-Saxton technique. For the Gerchberg-Saxton preconditioned 
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random-search technique, the RMS error increases by about 10% when 

going from a sub hologram storing 64 connections to one storing 4096 

connections. For the 4-level phase, off-axis subhologram discussed in an 

earlier section, this drops the potential dynamic range from 18 to 16 or the 

precision from 4.2 bits to 4.0 bits. 

Table 6.7. Comparison of the RMS error for the various connection 
~atterns. 

Computer Generated 64pt. 256 pt. 1024 pt. 4096 pt. 16384 pt. 
Hologram Technique (8x8) (16xI6) (32x32) (64)<64) (128xI28) 

Error Diffusion 0.22 0.25 0.24 0.25 0.262 
Gerchberg-Saxton 0.116 0.119 0.118 0.117 0.117 
Simulated Annealing 0.080 0.091 0.103 0.118 a -
ED Preconditioned RS 0.070 0.081 0.082 0.0942 a -
GS Preconditioned RS 0.0355 0.0359 0.0380 0.0390 a -
aThe computation time of this technique was too long for consideration. 

Table 6.8 lists the calculated diffraction efficiencies of the binary 

amplitude holograms encoding the various connection patterns. While 

the diffraction efficiency is relatively constant or decreases slightly for 

many of the tested techniques, it decreases by 50% for the error diffusion 

and error-diffusion preconditioned random-search techniques over the 

tested range of connection patterns. The reason for this size dependence 

on the diffraction efficiency for the error-diffusion technique is unknown. 

Table 6.9 lists the computation times used to generate the various 

holograms. The projected values, based on the analysis of the previous 

section, are within a few percent of the actual values for everything except 

the simulated-annealing technique and the Gerchberg-Saxton precondi

tioned random-search technique. For these two techniques, shorter 
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Table 6.8. Comparison of the diffraction efficiencies for the various test 
connection patterns. 

Computer Generated 
Hologram Technique 

Error Diffusion 
Gerchberg-Saxton 
Simulated Annealing 
ED Preconditioned RS 
GS Preconditioned RS 

64 pt. 
(8x8) 

1.7 
5.9 
1.15 
1.6 
5.78 

Diffraction Efficiency (%) 
256 pt. 1024 pt. 4096 pt. 16384 pt. 
(16x16) (32x32) (64x64) (128x128) 

1.4 1.2 1.0 0.86 
5.8 5.9 5.9 5.9 
1.14 1.16 1.18 a -
1.4 1.2 1.08 a -
5.75 5.61 5.57 a -

aThe computation time of this technique was too long for consideration. 

computation times are observed. This might account for the increase in 

RMS error that is observed in Table 6.7 and might be the result of the 

process getting trapped in a local energy minima and ending prema

turely. For simulated annealing, there is a projected increase in compu

tation time of 16 when increasing the connection pattern by a factor of 4 

(e.g. 64-point pattern to 256-point pattern, etc.). The actual increase from 

pattern to pattern is approximately 12, and the computation time to gener

ate a subhologram for this technique seems to be proportional to N1.8 

instead of N2• If this generally holds true, then the total computation time 

will be proportional to N2.8 instead of N3• For the Gerchberg-Saxton 

preconditioned random-search technique, there is also a projected 

increase in computation time of 16 for the random-search portion when 

increasing the connection pattern by a factor of 4. The actual increase in 

generation time from pattern to pattern is approximately 9 which leads to 

a projected computation time proportional to N2.6 instead of N3 for the 

generation of the complete interconnection hologram. For example, the 
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expected time to generate a hologram connecting a plane of 4096 emitters 

to a plane of 4096 detectors should drop by a factor of 4 over the time 

predicted in the previous section. 

Table 6.9. Comparison of the actual computation times with the projected 
computation times, in parenthesis, for the various test connection 

patterns. 

Computer Generated 
Hologram Technique 

Error Diffusion 

Gerchberg-Saxton 

Simulated Annealing 

ED Preconditioned RS 

GS Preconditioned RS 

64 pt. 
(8x8) 

1.81 
(1.81) 
32.03 

(32.03) 
96.1 

(96.1) 

30 
(30) 

8} 

(89) 

Computation Time (seconds) 
256 pt. 1024 pt. 4096 pt. 16384 pt. 
(16x16) (32x32) (64)<64) (128x128) 

7.76 32.2 150 665 
(7.95) (34.6) (150) (640) 

146.5 666 3000 13250 
(148.3) (674) (3020) (13375) 
1414 16000 2.42x105 a -(1538) (24600) 

(3.94x10G) (6.30x106) 

453 7570n~ 
I-~n_~.~~. ~~ .... ~ .. "'"'~ ........ ~ 

5. 15x104 a 
(463) (7310) (1. 17x10G) (1.86x106) 

700 6200 56000 a -(1060) (15200) (2.36x105) (3.74x106) 

aThe computation time of this technique was too long for consideration. 

In general, the test of scalability shows that the previous analysis of 

RMS error for the 64-point connection pattern should hold true for larger 

size interconnection holograms provided that the minor increase in error 

(decrease in dynamic range) is included. With modifications to the 

projected computation time of the simulated annealing and Gerchberg

Saxton preconditioned random-search techniques, the analysis also 

confirms the extrapolations made in the previous section regarding the 

computation time required to generate the interconnection hologram for a 

large-scale neural network. 
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Interconnection Capacity 

A complete interconnection hologram is composed of an array of 

subholograms; one subhologram for each neuron output. To protect 

against the edge ringing effects of Fresnel diffraction, reduce cross-talk., 

and to make alignment of the hologram array easier, a guard band can be 

placed between each subhologram. The fractional separation between 

sub holograms in the horizontal and vertical directions is denoted by Gx 

and Gy • Therefore, the overall size of the complete interconnection 

hologram is NxP x{1+Gx}8x by NyPy{1+Gy}8y, where 8x and 8y are the 

dimensions of an individual subhologram. For a hologram mask of 

physical dimensions Hx by H y, and resolution elements of size Ax by Ay, the 

total number of neurons that can be laid out in the horizontal dimension of 

the neuron plane is given by 

Bx 
{6.15a} 

and 

Ny = ~ 
By 

Py Wy CfyZyRyEy {1+Gy}Ay 
(6.15b) 

for the vertical dimension. The total interconnection capacity of the holo

gram plane is {NxNy}2. 

As an estimate of the upper limit of hologram capacity, consider a 

common lithographic mask of size 125 mm by 125 mm with a pixel size of 

0.5 J.llD. by 0.5 flm. With a subhologram replication factor of 4 by 4 (i.e. Rx = 
4 and By = 4), a carrier-frequency factor of 4 by 4, a cross-talk subhologram 

separation factor, Gx and Gy, of 15%, and Zx, Zy, Ex, and Ey all equal 1, a 

plane of 5000 (50X100) bipolar neural emitters can be connected to a plane 
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of 5000 bipolar neural detectors. This size yields an interconnection capac

ity of 25 million bipolar synapses. Since 4 connections are required to 

encode each synapse, the actual number of optical interconnections is 100 

million. The 2:1 layout in the neuron plane and the use of 4 connections 

per synapse are a result of using two detectors per neuron to encode the 

synaptic polarity and two emitters per neuron to encode output polarity. 

Larger capacities can be realized when less SBWP is used to encode the 

synaptic weights, although as Figures 6.3 through 6.7 and Table 6.1 show, 

this reduces the accuracy of the stored weights. 

Table 6.10 illustrates the interconnection capacity of the same holo

gram but with various signal polarities and two different expansion 

factors. Although there are twice as many interconnections with the 

temporal multiplexing scheme, the actual processing time is doubled. 

Therefore, the interconnection rate for bipolar neurons is independent of 

the polarity multiplexing scheme. 

Ozaktas and Goodman have analyzed the minimum communica

tion volume required to optically interconnect a plane of emitters to a plane 

of detectors.87 In their analysis, they found that optical connections can be 

viewed as solid wires with a minimum cross sectional area of A. 2/27t. For 

the aforementioned interconnection hologram, this places an upper limit 

of 1011 interconnections when near-infrared emitters are used. This is 

three orders of magnitude higher than the actual number achieved with 

planar holograms and shows that higher interconnection densities might 

be possible with other interconnection technologies (e.g. volume 

holograms). 
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Table 6.10. Interconnection capacity for a 125 mm by 125 mm lithographic 
mask for a variety of encoded signal polarities. 

Synaptic Weights Neuron States Neurons Synapses 
On-Axis Holograms (Ex=2,Ey=2) 

unipolar (Wx=l,Wy=l) unipolar (Px=l,Py=l) 

bipolar (Wx=2,Wy =1) unipolar (Px=l,Py=l) 

bipolar bipolar 

142xl42 

100xl42 

(Wx=2,Wy=1) • spatial multiplex (Px=2,Py=1) 71xl42 108 

(Wx=2,Wy=1) • temporal multiplex (Px=l,Py=l) 100xl42 2x108 

(Wx=2,Wy=2) • polarization multiplex(Px=l,Py=l) 100x100 108 

On-Axis Holograms (Ex=4,Ey=4) and Off-Axis Holograms (Cm=4,Cry=4) 

unipolar (Wx=l,Wy=l) unipolar (Px=l,Py=l) 100x100 108 

bipolar (Wx=2,Wy=1) unipolar (Px=l,Py=l) 71x100 5x107 

bipolar bipolar 
(Wx=2,Wy=1) • spatial multiplex (Px=2,Py=1) 5Ox100 
(Wx=2,Wy=1) • temporal multiplex (Px=l,Py=l) 71x100 
(Wx=2,Wy=2) • polarization multiplex(Px=l,Py=l) 7lx71 

Hologram Data Storage 

2.5x107 

5.0x107 

2.5x107 

When generating an interconnection hologram for a large-scale 

neural network, the amount of data storage required to specify the holo

gram is an important factor. Also, since this data must be transferred to 

an electron-beam lithography facility, the data format is also important. 

E-beam lithography is used to generate masks for the fabrication of inte

grated circuits, and since integrated circuits have many large and 

repeated structures, the common data format used to specify structures on 

an e-beam lithographic mask is object (vector) oriented, which minimizes 

the amount of data required to specify the mask. However, the structure 

in a hologram is much finer than most structures in an integrated 
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circuit. Therefore, a raster (pixel oriented) data format is more efficient 

for specifying the hologram. If the raster oriented data format can be 

used, the number of bits, B, required to encode a complete interconnection 

hologram is given by 

B = log2(Q)$;PXPyWxWyCfxCfyZxZyExEy, (6.16) 

where Q is the number of quantization levels. 

For the interconnection capacity found in the previous section (5000 

neurons connected to 5000 neurons), 3.2 Gbits (400 Mbytes) of data storage 

are required to describe a 4-level phase hologram. If synaptic weight zero 

padding had been used instead of subhologram replication, then the 

required data storage would increase to 51.2 Gbits (6.4 Gbytes). Clearly, 

subhologram replication has a big advantage over synaptic weight zero 

padding in terms of data storage. 
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This chapter is a discussion of the specific architectures that could 

be used to implement feedforward and feedback neural networks with 

planar holograms and opto-electronic neuron arrays, and an analysis of 

the technical capabilities and limitations of such systems. 

Feedforward SystemR 

Figure 7.1 illustrates a feedforward system implemented with detec

tor/emitter based neurons. While optical communication is used inside 

the neural network, the input data could be fed into the system using elec

tronics. The electronics must route the input data to the individual opto

electronic neurons at a rate that the neuron components can operate. 

This is fixed by the physical characteristics of the detectors and emitters. 

For example, with a serially fed input signal and 5000 neurons (i.e. distri

bution nodes) in the input layer, the routing electronics must have a 

signal bandwidth of at least 5000 times the processing rate of an individual 

neuron. If an individual neuron can operate at 1 MHz, then serially fed 

input data must have a signal bandwidth of at least 5 GHz. This band

width is beyond the upper limits of conventional routing electronics, so the 

neurons must be operated at a lower speed. Thus, the processing rate of 

the complete neuron plane is limited to a fraction of the potential opera

tional rate of the individual components. To utilize the full processing 

speed of an opto-electronic neuron and overcome the data flow bottleneck 
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at the input, data can be optically fed into the system and electronically 

read out of the system. This is illustrated in Figure 7.1. The optical input 

scheme permits a parallel flow of data into the network. The optically 

encoded input data could come from optical transducers, optical feature 

extractors, or other neural networks with optically encoded outputs. Since 

there is generally a reduction in the number of output signals versus 

input signals for a feedforward network" the output signal bandwidth is 

less crucial than the input signal bandwidth and electronic readout of 

data may be more feasible. 
Input Layer 

+V 

(a) 

Input Data 

Imaging Lens Hologram and 
F.T. Lens 

(b) 

Hidden Layer Output Layer 
+V +V 

Hologram and 
F.T. Lens 

Hologram and 
F.T. Lens 

Output 
Layer 

Figure 7.1. Prototype feedforward neural network system implemented 
with detector/emitter neuron planes and planar holographic 
interconnects. Collimation and collection optics are integrated into the 
neuron planes. 
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The size of the system shown Figure 7.1 is determined by the 

Fourier transform lens, the size of the hologram plane, and the size of the 

neuron plane. For an integrated neuron plane, the size of the detector 

array must match the size of the emitter array, and the emitter array 

should match the size of the hologram plane. The focal length of the lens 

is determined from these constraints. The physical size of the detector 

array is equivalent to the region of interest (ROI) of the diffraction plane 

shown in Figure 5.1. The dimensions of this area are 

2xNq 2YNq 
ROlx = C E and ROly = C E . ex x fy y 

(7.1) 

This area must match the size ~f the hologr~m. By combining Equations 

5.1, 6.15, and 7.1, the required focal length of the Fourier transform lens is 

determined to be 

(AxNxExCfx)2p x W xRxZx (l+Gx ) 
F= A . (7.2) 

For the interconnection hologram described in the previous chapter, a 

focal length of 217 mm would be required for operation at 850 nm. For a 

three layer network, the dimensions of the detector/emitter system using 

on-axis holograms would be 125x125x650 mm. A shorter system can be 

constructed by using a composite Fourier transform lens composed of a 
-

positive lens and a negative lens. The composite lens has the same effec-

tive focal length as a single lens but permits a shorter interconnection 

distance. A system constructed with off-axis holograms results in an 

awkward system geometry, an increased system size, and large diffrac

tion angles for the interconnections. 
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Detector/modulator based systems are similar in design but require 

an external source of illumination that must be coupled to the neuron 

plane using a beamsplitter. This external source can be advantageous 

from a power dissipation standpoint, but the length of the system must be 

increased to accommodate the beamsplitters. Figure 7.2 illustrates a 

detector/modulator based feedforward system. Since modulator speeds 

are much slower than emitter speeds, electronic addressing can be used 

with this system without a major concern for the input signal bandwidth. 

Feedback Systems 

A feedback system with optical input and output is more compli

cated than the feedforward system. Figure 7.3 illustrates such a system. 

In this system, the input, output, and internal data must pass through 

beamsplitters. This causes a loss in signal power. Since the signal 

strength of the internal signals is more critical than the signal strength of 

the external signals, the beamsplitters should be highly reflective to 

minimize loss of signal power within the feedback loop. With most of the 

loss occurring to the input and output signals, two additional "neuron" 

planes are added to the system. These planes do not operate as processing 

planes but act only to amplify the input and output signals. 

To overcome the awkward geometry required with optical input and 

output of data, the feedback system could be constructed with a neuron 

plane that is both electronically and optically addressable. This system 

would use the same design as Figure 7.3 with mirrors replacing the 

beamsplitters and the external planes removed. The neuron plane would 

consist of an emitter array and detector array as described in Chapter 4, 
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Figure 7.2. Prototype of a detector/modulator based feedforward neural network system. 
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Figure 7.3. Prototype feedback neural network system implemented with 
detector/emitter neuron planes and planar holographic interconnects. 
Collimation and collection optics are integrated into the neuron planes. 
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but would also include electronic connections to both the detectors and 

emitters to allow the flow of data into and out of the system. A 32x32 

element electronically addressable VeSEL diode array has been recently 

reported.88 Due to the data bottleneck of addressing the individual 

neurons, the ideal problem for implementation on this system would be 

one requiring hundreds or thousands of iterations. An initial pattern 

would be electronically fed into the system at a lower speed to accommo

date the signal bandwidth of the electronic addressing. The network 

would then be allowed to iterate at a much higher speed via optical 

communication, an~ the final result would be electronically read out at 

the lower speed. 

Since modulator speeds are much slower than emitter speeds and 

optical input and output of data adds complexity to the system design, the 

detector/modulator based feedback system is better suited to electronic 

input and output of data. Figure 7.4 illustrates a detector/modulator 

feedback system with electronic addressing. 

Operational Limitations 

DetectorlEmitter Systems 

The operational speed and power requirements of the detec

tor/emitter systems discussed in previous sections are set by the charac

teristics of the detectors, emitters, and interconnection holograms. The 

detected power required to achieve a particular signal-to-noise ratio (SNR) 

at an individual detector is given by 

~f 
~det - D* SNR, (7.3) 
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Figure 7.4. Prototype feedback neural network system implemented with 
an electronically addressed detector/modulator neuron plane and planar 
holographic interconnects. Collection optics are integrated into the 
neuron plane. 

where D~ is the specific detectivity of the detector, A is the detector area, 

and M is the temporal bandwidth of the detector. For the diffractive inter

connection systems being analyzed, the power received at an individual 

detector is given by 

(
fanin) 

4>det = 4>emit fanout l1d' (7.4) 

where the typical source has an output power of 4> emit and l1d is the diffrac

tion efficiency of the hologram. The fanout and fanin factors refer to the 

number of neurons a single neuron connects to and the number of 

neurons that feed into a neuron, respectively. From these two equations, 

the minimum required emitter power is given by 
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(fanout) fiAf 
cj)emit = \. fanin D*l1d SNR. (7.5) 

The best detectors for low-light-level high-speed detection are 

avalanche photodiodes and photomultiplier tubes (PMT). Unfortunately, 

both of these detectors require high bias voltages. Also, PMT's are 

impractical because of their size and construction. The next best detector 

is the PIN photodiode. The speed of the PIN diode is set by its junction 

capacitance, load resistance, and detection area. Table 7.1 lists the detec

tivity of a 0.5 mm diameter silicon PIN photo diode at various signal band

widths.89 The PIN photo diode has a higher n* at lower bandwidths. This 

produces a speed versus power tradeoff; higher operational speeds require 

more signal power for detection and subsequently more emitter power. 

Table 7.1. Specific detectivity (n*) of a silicon PIN photodiode 
as a function of signal bandwidth. 
Bandwidth, AF D* 

(Hz) (cm.J}blW> 

103 5.0xl012 

106 1.0xl011 

107 7.0xl010 

108 2.0xl010 

In Chapter 6, a typical interconnection hologram was found to 

connect 5000 bipolar neuron emitters to 5000 bipolar neuron detectors. To 

examine the potential performance of the system illustrated in Figure 7.1, 

an array of surface-emitting laser diodes interconnected via a phase-only 

hologram with a diffraction efficiency of 40% to a silicon based detector 

array is assumed. As shown in Table 7.1, high-speed silicon PIN photodi-
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odes can operate at 1 MHz with a detectivity of 1011 cm~HzIW. To achieve 

a SNR of 10:1 in the extreme case where 1 emitter is connected to all the 

detectors (i.e. fanin of 1 and fanout of 5000), the minimum required emit

ter power is 128 J.LW. This extreme fanout/fanin case will rarely be 

encountered, and typically several orders of magnitude less emitter power 

will be required. Even so, the optical power required for this size network 

is a modest 640 mW. The total electrical power required by a neuron plane 

is given by 

N· 'JIJ (<\>emit • V ) 
<\>total = r'y --+ Ith th, 

1'1c 
(7.6) 

where 1'1c is the power conversion efficiency of the emitter, and ith and Vth 

are the supply current and voltage at the threshold point of the emitter (ith 

= 0 for LED emitters). Vertical-cavity surface-emitting laser diodes have 

high differential conversion efficiencies (up to 80%), but require a high 

threshold current. One reported device has a threshold current of 5 mA 

and operates around 4 V.90 With 5000 emitters, the total electrical power 

required by a neuron plane is approximately 100W. Heat dissipation of 

this much power may be a problem. LED's have lower efficiencies, but 

can operate with less power since they require no threshold current and 

thus may be more suitable for large networks. 

With 25X106 interconnections operating at 1 MHz, the processing 

rate of the system shown in Figure 7.1 is 25x1012 bipolar synaptic inter

connections per second per neuron plane. This is at least three orders of 

magnitude higher than most electronic neural networks. Higher opera

tional speeds can be achieved when additional signal power is available or 
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a smaller detector area is used. However, utilization of even a 1 MHz 

processing rate might be difficult due to the data flow bottlenecks 

mentioned earlier. 

DetectorlModulator Systems 

The operational speed of detector/modulator based systems is fixed 

by the modulator material. Table 7.2 lists some common spatial light 

modulators (SLM's) and their response times. These devices are general 

purpose SLM's. The optically addressed devices (liquid crystal 

devices91,92) are fabricated with detector arrays and can be modified to act 

as neuron planes. An integrated opto-electronic neuron plane constructed 

with ferro-electric liquid crystal modulators and silicon detectors has been 

demonstrated and was discussed in Chapter 4. For the electronically 

addressed devices (SIGHT-MOD,93 DMD,94 OTA,95 PLZT96), the 

operational speed of a single pixel is much higher than the operational 

speed of the entire device. For independent pixel operation, the magneto

optic device and deformable mirror device are much faster than the ferro

electric liquid crystal device. However, it is unclear whether these 

modulator devices can be easily integrated with a detector array to form an 

opto-electronic neuron plane. So with current technology, the operational 

speed of detector/modulator based neurons is limited to the range of a few 

kHz. Since external illumination is used, the power constraints are not 

crucial; adequate cooling can be provided to external sources if needed. 

With this approach, 25X109 bipolar synaptic interconnects per second can 

be realized for the 5000X5000 neuron interconnection hologram and 
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operation rates of 1 kHz. This is comparable to current electronic neural 

networks. 

Table 7.2. List of some current spatial light modulators and their 
oEerational sEeeds. 

Frame Pixel Modulation Device Modulator Rate Rate 
Material (Hz) (Hz) Method 

Holotronics OTA particle suspension 30 500a amplitude 
Hughes LCLV liquid crystal 30-50 30-50 polarization 
Si:LCLV liquid crystal 60-100 60-100 polarization 
RUTICON deformable elastomer 110 N/A N/A 

SIGHT-MOD magneto-optic crystal 1000 107 polarization 
Displaytech ferro-electric liquid crystal4.5x103 4.5x103 polarization 
TIDMD deformable mirror 8x103 2x10sa phase 

N/A Si:PLZT N/A 6xl0sa N/A 

aprojected rate for future operation. 
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In this chapter, the results of the experimental opto-electronic 

neural network are presented, the intensity summation assumption is 

experimentally validated, and a computer-controlled optical hologram 

generator is demonstrated. 

Demonstration Ppto-Electronic Neural Network 

To gain experience with an opto-electronic neural network system, 

to examine the details of system construction and operation, and to 

demonstrate the concept of fixed planar holographic interconnects in an 

opto-electronic neural network, a small-scale associative memory was 

designed, constructed, and tested. The results of the experiment were 

compared to a computer simulation of the system. 

Design 

While there are more useful and complex neural network systems, 

the Hopfield auto-associative memory model was chosen as a way to 

demonstrate the interconnection capability of planar holograp~c optical 

interconnects in an experimental opto-electronic neural network. Since 

all neural network implementations rely on a large number of intercon

nections, an associative memory problem is a valid and well understood 

network for demonstrating and evaluating general system concepts. 

The associative memory neural network tries to associate each 

pattern presented to it with a pattern that it was trained on during an 
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initial batch training process. The best performance for a neural network 

of this kind would come from a network storing randomly generated 

patterns, but since patterns of distinct structure (e.g. vertical lines, hori

zontal lines, diagonal lines) are generally encountered in vision and 

pattern recognition tasks, it was decided to use a set of ordinary typewriter 

characters (letters, numbers, symbols) to construct the test network. With 

a training set of three patterns, shown in Figure 8.1, the outer-product 

formulation (Equation 2.13) was used to calculate the fixed synaptic 

weights. The self-connection weights, wii' were kept. The dimensions of 

the stored patterns are 8 pixels by 8 pixels which produced a 4096 element 

synaptic weight tensor. These synaptic weights were then encoded in an 

array of binary amplitude subholograms. 

•••••••• · .' . • • .. ',' . •••••••• • •• •• • • . ,.. .. 
• ••••• 
. . -.'. . .•.. ••••••• •• •• • •... , .. : .. ': . . - .. ' . ...... ,. 

• • •••• • • ..... .. ' 

iii ••••••• •.. . . " .. : .. ' .. . " ...• 
•• 

Figure 8.1. Training set used to generate the associative memory neural 
network. 

The system was designed for bipolar synaptic weights. To provide a 

square detection geometry, synaptic weight expansion factors of W x = 2 

and W y = 2 were used. Four cells made up the input to an individual 

neuron as shown in Figure 8.2. The positive synaptic weights were 

diffracted to the upper left cell, and the negative synaptic weights were 

diffracted to the lower right cell. The other two detector cells were 

ignored. While, a more efficient use of detector area would be used in a 
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practical system, the square geometry made it easier to distinguish stored 

patterns which aided in the alignment and examination of the experimen

tal system. 

sum of positive > 
weights 

Detector Cells 

-< sum of negative 
weights 

Figure 8.2. Detection geometry used in the experimental system. 

After examining a variety of computer generated hologram (CGH) 

techniques for accuracy of reconstructed synaptic weights, computation 

time, required space-bandwidth product, and diffraction efficiency, two 

techniques, error diffusion and error-diffusion preconditioned random

search, were found to satisfy many of these criteria. The Gerchberg

Saxton technique had not been evaluated at the time the experimental 

system was constructed. With 64 neurons in the system, an expansion of 2 

by 2 to handle synaptic weight polarity, and a carrier-frequency expansion 

of 4 by 4, the fundamental SBWP of each sub hologram is 64 by 64. To 

improve interconnection weight accuracy and to confine the diffracted 

spots of light to the centers of each detector cell, each subhologram was 

replicated 4-times horizontally (Rx = 4) and 4-times vertically (Ry = 4) for a 

total of 16 replicas. This brought the size of an individual subhologram up 

to 256 by 256. With one subhologram per neuron, the complete intercon

nection hologram has 64 subholograms. 

Hologram Fabrication 

For a large-scale problem, electron-beam fabrication would be 

required to produce the interconnection hologram, but without access to e-
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beam lithography, the hologram for the small-scale associative memory 

was fabricated using a photolithographic process. This process, shown in 

Figure 8.3, begins by transferring the computer generated hologram data 

from the VAXstation (hologram generation computer) to a 3M P831 Laser 

Imager (film writer). The data is printed on a transparent sheet of radio

logical film (35 cm by 43 cm). The film is then developed using the stan

dard 90 second radiological film development process. The resolution of 

the film is 113 dots per cm which results in a pixel size of 88 J.llIl by 88 J.llIl. 

To reduce the size of the hologram array, the developed film is then placed 

onto a light box and imaged onto a Kodak 649F spectroscopic plate using a 

low distortion photolithographic camera. A sheet of green plexiglass is 

placed over the light box to reduce wavelength dependent aberrations in 

the camera. Critical focusing is required at this stage. Also, to reduce 

aberrations while balancing diffraction effects, a mid-range f/# should be 

used in the imaging process. Moor exposure, the plate is developed using 

the process outlined in Table 8.1. The developed plate contains an array of 

subholograms encoding the synaptic weights. With a camera magnifica

tion of about 0.045, each pixel in the final hologram is approximately 4 J.llIl 

in width, and each subhologram is approximately 1 mm square in area. 

Table 8.1. Hologram plate development steps 
Step 

1. develop in D-19 (agitate frequently) 
2. rinse with water 
3. fix with Kodak rapid fixer (part A) 
4. rinse with water 
5. remove sensitizer with methanol 
6. soak in photoflo 
7. dry 

Time 
5 minutes 

30 seconds 
5 minutes 

20 minutes 
4 minutes 
1 minute 
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Figure 8.3. Photolithographic process for fabricating the interconnection 
holograms for the experimental system. 
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With the photolithography camera pushed to the limits of its resolu

tion, the holograms that were fabricated for the experimental system 

suffered from a loss of spatial resolution. This produced a roll-off in the 

intensity of the diffraction pattern. The ratio of the intensity of the lowest 

frequency spot (i.e. spot nearest to the optic axis) in the connection pattern 

to the highest frequency spot (i.e. spot farthest from the optic axis) was 

31:1. Fortunately, the experimental system is dual channel with the two 

input detectors placed at nearly the same spatial frequency. This mini

mized the effects of the loss of spatial resolution on the system perfor

mance. 

Figure 8.4 is a copy of the actual interconnection hologram used in 

photolithographic process. By photographically reducing these two pages 

and printing them on a photographic plate, the interconnection hologram 

for the demonstration system can be reproduced. This hologram was gen

erated using the error-diffusion preconditioned random-search technique. 

Experimental Neural Network 

The experimental opto-electronic neural network is illustrated in 

Figure 8.5. An initial pattern of 8 by 8 pixels is fed into the system by a 

computer; this pattern represents the initial state of the neural network. 

The pattern is written to a high-intensity CRT and imaged onto a Hughes 

Liquid Crystal Light Valve (LCLV). This binary pattern is polarization 

encoded onto the coherent optical laser beam by the LCLV. The polariza

tion beam splitting (PBS) cube reflects only the vertical component of this 

polarized signal so that a binary amplitude pattern illuminates the 

hologram array. Each pixel of the pattern illuminates an individual sub-
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Figure 8.4. Interconnection hologram used in the demonstration system. 
The size of each pixel is 85 J.Wl by 85 flm. 



154 

Figure 8.4. (continued) 
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hologram. The light illuminating the hologram array constitutes the 

output of the neuron plane. There are 64 neurons with 4096 bipolar inter

connections in the experimental system. 

Computer 

Input to the N Output of the Neuron 

video signal 

Ar+ Laser 

Relay Lens 

video signal 

Hughes LCLV 

Interconnection 
~~=~ Hologram 

Figure 8.5. Experimental opto-electronic neural network used to test and 
evaluate the performance of planar holographic interconnects. 

The Fourier transform (Fraunhofer diffraction pattern) of the holo

gram array is produced at the back focal plane of the lens. To reduce scat

ter, the low-frequency information of the diffraction pattern is filtered out. 

A relay lens is used to image the filtered Fourier plane onto a video 

camera. The light beams (diffraction from the hologram plane) arriving at 

the detector plane constitute the input to the neuron plane. In a practical 
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opto-electronic neural network, each neuron would take the difference 

between the electrical signal on its positive-weight detector and its nega

tive-weight detector, apply the activation function to the result, and drive 

an optical source such a laser diode to encode the output state. For the 

experimental system, a video camera is used to detect the optical input 

signals. The video signal is fed into a computer where it is digitized by a 

Data Cube video frame buffer. The computer splits up the video frame into 

a 16 by 16 grid and sums up the irradiance in each cell to' simulate a detec

tor array. The difference and activation function operations are per

formed by the computer, and the output is stored in another Data Cube 

video frame buffer, where the video output represents the next iteration of 

the network. This forms the new network state, which illuminates the 

hologram plane, and the process continues until the network converges to 

a stable state. 

As this experimental system was described, a neuron can take on 

two values; a value of 0 is represented by a dark pixel, and a value of 1 is 

represented by a light pixel. The performance of a Hopfield style neural 

network is significantly improved by using bipolar neuron values instead 

of unipolar neuron values. As an experimental test of bipolar neurons, 

temporal multiplexing of the output state was used. During the first step, 

a pattern is imaged onto the LCLV, and the detected pattern on the video 

camera is stored. During the second step, the inverse of the pattern is 

imaged onto the LCLV. The signals detected in positive weight cells are 

subtracted from the signals previously recorded for the negative weight 

cells and vice versa. This produces the proper net stimulus as described 
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by Equation 4.4 for a system of bipolar synaptic weights and bipolar neuron 

states. 

Figure 8.6 demonstrates the recall process of the experimental 

neural network. A corrupted version of the letter R is fed into the network. 

After one iteration, only one incorrect pixel remains. After another itera

tion, the correct pattern is recalled. One more iteration occurs to check 

stability. The coherence between subhologram illuminators produced 

high frequency interference fringes in the diffraction pattern that can be 

partially seen in this figure. Aberrations in the optical system caused a 

smearing or broadening of the diffracted light spots, but with a 4 by 4 sub

hologram replication, the diffracted spots were adequately separated. 

However, if less subhologram replication would have been used, the broad

ening of the diffracted spots could have produced unacceptable results. 

Simulation 

To compare the performance of the experimental system with an 

ideal system, a computer model of the experimental system was devel

oped. A flow chart of the simulation software is shown in Figure 8.7. 

The portion of the simulation software that produces the recon

structed synaptic weights is a modification to the program outlined in 

Figure 6.2. The data for an individual subhologram is read into the simu

lation. With 256x256 points in a subhologram, the 4 by 4 sub hologram 

replication produces 16 samples per detector cell in the simulation. To 

further expand the sampling size of the diffracted image, each subholo

gr,~m is placed in the center of a 512x512 data array. To model the laser 

beam illuminating the subhologram, the array is multiplied by an appro 
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Figure 8.6. Demonstration of the recall process in the experimental opto
electronic neural network implementation. 
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Figure 8.7. Flow chart of the software used to reconstruct the synaptic 
weights and to simulate the neural network. 
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priately shifted Gaussian function. The diffraction pattern is generated by 

Fourier transforming the data array with an FFT. The impulse response 

of the hologram pixels is included in the diffraction pattern by multiplying 

the data array by a 2-D sinc function. The irradiance of the diffraction 

pattern is generated by calculating the magnitude squared of each 

complex-valued sample in the array. The simulated power falling on each 

detector cell is found by summing up the irradiance of all 64 samples in 

the cell. This process is repeated for all the subholograms. This model 

assumes incoherent addition of the synaptic weighted light beams. With 

all the incident power values calculated, a linear least-squares fit 

(Equation 6.4) is performed to scale the reconstructed weights to the value 

range of the original synaptic weights. The reconstructed synaptic weight 

tensor, ~ijk1' is then used in a computer model of the associative memory. 

Since the Hopfield associative memory is a globally interconnected 

neural network with binary valued neuron states, the neural network 

simulation implements the feedback architecture of Figure 2.6 and step

activation function of Equation 2.3. The neural network simulation reads 

in a synaptic weight tensor and an initial pattern. The network iterates 

until stability is reached, and the final pattern produced is saved. The 

simulation was used to test the original synaptic weights, w ijkl' and the 

simulated reconstructed weights, ~ijkl' generated from the error-diffusion 

hologram and the error-diffusion preconditioned random-search holo-

gram. 

The reconstructed synaptic weights generated in the simulation for 

the three pattern associative memory problem were examined. Figure B.B 
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Figure 8.8. Distribution of (a) the original synaptic weights, (b) the 
weights reconstructed from the error-diffusion (ED) hologram, and (c) the 
weights reconstructed from the ED preconditioned random-search 
hologram. 
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displays the distribution of the original synaptic weights and the recon

structed weights for the error diffusion and error-diffusion preconditioned 

random-search holograms. The original weights have values of -3,-1,1, 

and 3. The distribution of synaptic weights reconstructed from the error

diffusion hologram is very broad and skewed outward from zero. The 

broadness of this distribution is caused by a high-frequency enhancement 

in the diffraction pattern of the error-diffusion holograms; in the regions 

of the connection pattern that are farthest from the optic axis (i.e. high 

spatial frequency connections), the synaptic weights reconstructed by the 

error-diffusion holograms are generally higher in value than the synaptic 

weights produced nearer the optic axis (i.e. low spatial frequency connec

tions). Fortunately, the distribution is more narrowly defined for connec

tions made at the same or nearly same spatial frequency. So, this effect is 

not as severe as it might seem from Figure 8.8. The dynamic range of the 

reconstructed weights can be calculated as the ratio of the extreme weight 

values (maximum useable signal) to the largest standard deviation in the 

distribution (minimum useable signal). For the error-diffusion hologram, 

the dynamic range is approximately 5.2 (5.98+1.14) which isn't much 

higher than the value of 4.5 listed in Table 6.2 for the unipolar test connec

tion pattern. The distribution of synaptic weights for the error-diffusion 

preconditioned random-search hologram is Gaussian and much 

narrower than the distribution of weights for the error-diffusion 

hologram. The reconstructed weights for this hologram have a dynamic 

range of 67 (6.055+0.091) which is much higher than the unipolar value of 

10.4 listed in Table 6.2. The distributions of the reconstructed synaptic 
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weights shown in Figure 8.8 can be used to model other neural network 

systems without generating the actual hologram data. For example, with 

this information a hypothetical neural network constructed with 

preconditioned random-search holograms can be modelled by using the 

normal probability law to perturb the ideal synaptic weights. 

Results 

A prime feature of auto-associative memory neural networks is the 

convergence of the network to the ideal stored pattern when the input pat

tern is corrupted. By randomly flipping the pixels of the training set, a 

test set of corrupted patterns was generated. Figure 8.9 displays a small 

sample of the corrupted patterns used to test the neural network. These 

patterns were presented to the experimental opto-electronic neural net

work, the computer simulation of the opto-electronic neural network, and 

the computer simulation of the ideal neural network. From the simula

tion, it was found that the auto-associative memory neural network con

structed with random-search holograms performed almost identically to 

the same neural network with ideal synaptic weights. The experiment, 

while not performing quite as well as the simulation, did come close for 

both unipolar and bipolar neuron state values. The results with error

diffusion holograms were not as good as with the preconditioned random

search holograms, but show that the use of the error-diffusion technique 

for holographic design can produce holograms that provide a good trade

off between system performance and CGH computation time, especially 

for neural networks that require a low dynamic range for the synaptic 

weights. Figures 8.10 through 8.12 illustrate the performance of the ideal, 
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simulated opto-electronic, and experimental opto-electronic neural 

networks with the test set of corrupted patterns. Each figure graphs the 

probability that the network converges to the correct stored pattern as a 

function of the number of corrupted pixels in the input pattern. With a 

total of 64 pixels in the input, half of the input is incorrect for 32 corrupted 

pixels in a pattern. From these graphs, it is apparent that with bipolar 

neuron states, a pattern that is 35% corrupted (i.e. 22 corrupted pixels) can 

be presented to the network, and the network will have a high· probability 

of producing the correct recall. When the number of incorrect pixels in 

the input pattern becomes too large (>45%), the network is unlikely to 

converge to the ideal pattern. The results found with the experiment 

agree well with earlier analytic calculations of the statistical performance 

of auto-associative memory neural networks.13 Figure 8.13 is based on 

analytic calculations and graphs the statistical performance of an arbi

trary 64 neuron associative memory storing 3 patterns. 

The small differences between the experimental results and the 

simulation results were caused by aberrations in the Fourier transform 

lens and relay lens, non-uniformity of the video camera, high-frequency 

roll-off in the holograms from a loss of resolution during the hologram 

fabrication process, and RF interference in the electronics produced by the 

argon ion laser's plasma discharge tube. 

The experimental opto-electronic neural network and the computer 

simulation of the implemented optical system show that a planar holo

gram can be used to implement the interconnection process of the neural 

network and to effectively store the synaptic weights of the connections. 
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Figure 8.10. Performance of the ideal associative memory and the opto
electronic implementations. The graph plots the probability of 
convergence of the network to the letter R versus the number of corrupted 
pixels. 
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validation of Synaptic Weig-ht Addition 

In Chapter 4, incoherent addition (i.e. intensity summation) of the 

the light coming from different' neurons was assumed. In the previous 

section, a system with coherence between subhologram illumination was 

demonstrated with no noticeable effect on the operational performance of 

the network. To experimentally validate the hypothesis of incoherent addi

tion, the error-diffusion preconditioned random-search interconnection 

hologram of the experimental neural network system was tested. Each 

subhologram was individually illuminated and the diffracted power for a 

single connection was measured with a power meter. The measured 

powers are listed in Table 8.2. The positive input to the (1,8) neuron was 

the connection chosen for the experiment since it was the lowest spatial 

frequency connection in the connection pattern and had the highest inten

sity. To examine the effect of coherent addition, collections of subholo

grams were illuminated, and the total diffracted power for the single 

connection was measured and compared to a summation of the individual 

power measurements. Table 8.3 lists the total measured power of the 

single connection for five different collections of subholograms. The total 

detected power was within 3% of the sum of the individual detected 

powers. This is within the expected error of the experiment and verifies 

the incoherent addition assumption. 

At first glance, there seems to be a large error in the reconstructed 

synaptic weights when compared to the original weights. The measure

ments for subholograms in the center of the interconnection hologram 

(k=5,1=5) had a much higher power than measurements made for sub 
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Table 8.2. Original synaptic weights and measured power of the associated 
connections (diffracted spots) for the positive detector of the (1,8) neuron. 

Hologram (+) (+) Hologram (+) (+) 

k,l w18ld (h8ld (nW) k,l w18ld C\J18ld (nW) 

1,1 3 28 5,1 0 7 
1,2 0 0 5,2 0 7 
1,3 0 2 5,3 0 12 
1,4 0 3 5,4 1 55 
1,5 0 3 5,5 1 56 
1,6 0 6 5,6 0 18 
1,7 0 5 5,7 0 17 
1,8 3 34 5,8 0 16 
2,1 0 5 6,1 0 16 
2,2 1 17 6,2 1 54 
2,3 1 17 6,3 3 145 
2,4 1 25 6,4 1 59 
2,5 1 21 6,5 1 54 
2,6 1 20 6,6 3 145 
2,7 1 21 6,7 0 14 
2,8 0 2 6,8 0 9 
2,1 0 3 7,1 0 10 
3,2 0 6 7,2 1 43 
3,3 3 77 7,3 1 56 
3,4 1 26 7,4 1 52 
3,5 1 24 7,5 1 56 
3,6 3 56 7,6 1 48 
3,7 0 4 7,7 3 145 
3,8 0 5 7,8 0 6 
4,1 1 30 8,1 1 27 
4,2 1 35 8,2 0 7 
4,3 1 47 8,3 0 13 
4,4 1 34 8,4 0 14 
4,5 1 50 8,5 0 9 
4,6 1 36 8,6 0 8 
4,7 1 29 8,7 0 4 
4,8 1 29 8,8 1 22 
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holograms at the edges of the interconnection hologram. A much 

narrower laser beam (with a narrow Gaussian profile) was used to illu

minate the hologram than was used in the experimental neural network 

system (broad Gaussian profile) to get enough power to measure the 

diffracted light. 

Table 8.3. Total and summed powers for various combinations of 
subholograms connecting to a single neuron input. 

Portion of Interconnection Measured Total Summation of 
Hologram Illuminated Power Individual Powers 

Upper Left (16 subholograms) 
Lower Left (16 subholograms) 
Upper Right (16 subholograms) 
Lower Right (16 subholograms) 
Entire Hologram (64 subholograms) 

(/lW) (/lW) 
0.36 0.355 
0.58 0.577 
0.345 0.345 
0.61 0.627 
1.85 1.904 

Computer-Controlled Optical Hologram Generator 

As illustrated by Figure 6.11, iterative computation of the intercon

nection hologram for large-scale neural networks requires a supercom

puter, a parallel processor, or specialized electronic hardware. Most of 

the computation time used to generate the hologram is spent on comput

ing the Fourier transform. The Fourier transform step carried out in an 

optical system is independent of sub hologram size, and a processor 

implementing an optical Fourier transform and designed to generate 

planar holograms could have a speed advantage over electronic systems. 

Another advantage of an optical hologram generator is that it can opti

mize the sub holograms for the optical system used in the neural network 

implementation and correct for aberrations. 
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Ideally, the hologram generator would consist of an SLM which 

would function as the subhologram under design, a Fourier transform 

optical arrangement, a detector array similar to the input to the opto-elec

tronic neuron plane discussed in the Chapter 4, and control electronics. 

The electronics would be used' to calculate the total error, to compare the 

error with the previously generated value, to generate a random pixel 

update, and to drive the SLM. The time required to generate the diffrac

tion pattern is set by the speed of the SLM. The time to calculate the total 

error, to compare the error, and to generate a pixel update is relatively 

insignificant when compared to the update times of current SLM's. With 

the iteration rate set by the SLM and independent of the number of connec

tions, the generation time to produce a single subhologram is proportional 

to the number of neurons, N, and the time required to generate a complete . 

interconnection hologram is proportional to N2• For the high speed SLM's 

discussed in the previous chapter, the Fourier transform step could be 

performed in less than a millisecond. From the analysis in Chapter 6, the 

projected number of iterations to generate a single subhologram encoding 

100x100 connections using the simulated-annealing technique is approxi-

mately 300,000. At a rate of a 1000 iterations per second, this corresponds 

to a 5 minute generation time per subhologram instead of the 70 days 

projected for the VAXstation computer, and the complete interconnection 

hologram could be generated in slightly more than a month. This is far 

shorter than the 2000 years displayed in Figure 6.11 for the V AXstation. 

Figure 8.14 illustrates an experimental system constructed to 

demonstrate the concept of a computer-controlled optical hologram gener-
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ator. A hologram displayed on the high-intensity CRT is imaged onto the 

Hughes LCLV. As discussed in a previous section, this device produce~ a 

polarization modulation of the illuminating light. By reflection off the 

interior surface of the polarization beam splitting cube, the hologram is 

amplitude modulated onto the light beam. The Fourier transform lens is 

used to produce the connection pattern, and the magnification lens is used 

to adjust the size of the connection pattern that falls on the video camera. 

The video camera is used as the detector array, and the video signal is fed 

into the computer for analysis. The hologram was replicated 4-times 

horizontally and 4-times vertically. 

Diffraction Pattern Computer .tiQ1log:raJn Data 

video signal 

HeNeLaser 
Hughes LCLV 

PBS Cube 

Mirror 

F.T. Lens 

Figure 8.14. Experimental computer-controlled optical hologram genera
tor. 
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Figurf~ 8.15 is a flow chart of the software used to control the experi

mental system. This software implements the simulated annealing and 

random-search hologram generation techniques. To start the process, a 

randomly generated hologram is produced or a computer generated holo

gram (e.g. error diffusion or Gerchberg-Saxton hologram) is read into the 

computer. This initial hologram is written to the LCLV, and the diffrac

tion pattern produced is detected by the video camera. The video signal is 

digitized by a frame buffer and read into the computer. The computer 

splits up the video frame into an 8 by 8 grid and sums up the irradiance in 

each cell to simulate a detector array. The power in each detector cell is 

scaled by a linear least-squares fit to produce a set of reconstructed synap

tic weights. The computer is used to compare the ideal synaptic weights 

with the reconstructed synaptic weights and to choose a new pixel to 

update. The pixel perturbation is written to the LCLV through a frame 

buffer and CRT. The experimental system basically follows the simulated 

annealing or random-search hologram generation process discussed in 

Chapter 5. When the process stops iterating, the final hologram is saved. 

Table 8.4 lists the performance metrlcs of the holograms generated 

using the computer-controlled optical hologram generator. The RMS 

errors of the techniques tested are significantly higher than the equivalent 

computer generated holograms. This is due in part to a large amount of 

astigmatism in the optical system. While the hologram generation 

process provides some degree of correction for aberrations, the aberrations 

acted to broaden the diffracted spots making them at least as wide as spots 

produced in simulation with 2 by 2 subhologram replication. With an opti 
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LCLV 

Video Buffe]·~" 

Video BuJlferlC-

(For simulated annealing, the 
r---....L------, probability of accepting an uphill 

L_..2!~~_J change is based on the Maxwell
Boltzmann distribution.) 

Figure 8.15. Flow chart of the software used to control the optical 
hologram generation process. 
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Performance of the optically generated subholograms with a 4 
by 4 replication factor. 

Computer· Generated 
Hologram Technique 

Simulated Annealing 
Random Search 
ED Preconditioned RS 
GS Preconditioned RS 

RMS Diffraction 
Error Efficiency 

0.26 1.3% 
0.31 
0.26 

0.20 

1.3% 
1.7% 
6.0% 

BGeneration times are approximate. 

Generation 

12hr 
2 hr45 min 

25 min 
35 min 

cal system designed to minimize aberrations, much lower reconstruction 

errors should be possible. The generation times listed are much longer 

than those of the computer generated holograms which is due to the slow 

process of reading from and writing to the frame buffers and processing 

the data on the computer; each iteration in the experimental system took 

10 seconds. In an practical system constructed with an SLM and detector 

array instead of a video camera, light valve, and frame buffers, an itera

tion would take about a millisecond to perform, so the generation times 

would drop by a factor of 104• 

While the RMS error and generation times for the holograms gener

ated by the experimental system are substantially worse than the 

computer generated holograms, the purpose of the experiment was to 

demonstrate the concept of a computer-controlled optical hologram gener

ator, and this was accomplished. 

Figure 8.16 illustrates a series of reconstructed images produced 

during the generation of a subhologram encoding a stick figure of a 

saguaro cactus using the simulated-annealing technique on the experi

mental optical hologram generator. Each picture in this figure was taken 
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at a change in the temperature as the generation process progressed, 

which was approximately every 20 minutes over a 12 hour period. Figure 

8.17 is a similar illustration but for a subhologram encoding the letters U 

and A. 
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Figure 8.16. Reconstructed (diffracted) images produced during the 
generation of a hologram encoding a stick figure of a saguaro cactus. 
Each image was taken at a temperature change during simulated 
annealing. 
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Figure 8.17. Reconstructed (diffracted) images produced during the 
generation of a hologram encoding the letters U and A. Each image was 
taken at a temperature change in the simulated annealing process. 



CHAPTER 9 

DISCUSSION AND CONCLUSION 

Eyaluation and Discussion of the Results 

182 

There are a number of ways holograms can be designed to imple

ment interconnects for optical neural networks. Of the techniques tested, 

holograms designed using the Gerchberg-Saxton preconditioned random

search technique had the best performance in terms of reconstruction 

accuracy and diffraction efficiency. During the initial iterations of the 

Gerchberg-Saxton technique, there is very little quantization of the holo

gram, which seems to allow higher diffraction efficiencies to be achieved. 

Theoretically, the simulated-annealing algorithm should be able to find 

the optimal solution, and the original formulation of the simulated

annealing energy function included a term to maximize diffraction effi

ciency. However, this energy function produced little improvement in 

diffraction efficiency because the reconstruction error dominated the 

energy function. A reformulated simulated annealing process enforcing 

high diffraction efficiency first and then enforcing low reconstruction 

error should perform as well as the Gerchberg-Saxton preconditioned 

random-search technique. However, the proper formulation of such an 

energy function for the simulated-annealing process has not yet been 

found. The holographic design approach using error minimization 

(random-search) following Gerchberg-Saxton is a new computer gener-
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ated hologram technique that appears to work extremely well and may 

have general applications beyond neural network implementations. 

Binary holograms, both binary amplitude and binary phase, require 

a carrier frequency, which results in the connection pattern being 

produced off-axis. However, this results in an awkward system geometry 

and also increases the physical size of the system. An on-axis connection 

pattern can be produced by a multilevel phase hologram encoded without a 

carrier frequency. On-axis holograms have a much smaller fundamental 

SBWP than off-axis holograms, but have a much higher reconstruction 

error. To adequately encode the synaptic weights, it was found that at 

least an increase of four (Ex = 2 and Ey = 2) in SBWP above the fundamen-

tal SBWP was required in the hologram generation process and that a 

SBWP equal to that of an off-axis hologram (Ex = 4 and Ey = 4 instead of Crx 

= 4 and Cfy = 4) was necessary to achieve equivalent reconstruction accu

racy for the synaptic weights. The on-axis holograms, however, generally 

exhibited a higher diffraction efficiency than off-axis holograms and 

provide a simpler system geometry, especially for cascaded feedforward 

systems. 

The analysis in Chapter 6 showed that the Gerchberg-Saxton 

preconditioned random-search technique was able to encode synaptic 

weights in a 4-level phase-only hologram with an RMS error of 0.055 or a 

dynamic range of approximately 18. When bipolar connections are 

considered, the dynamic range is doubled and the precision of the synaptic 

weights is equivalent to about 5 bits. This is a typical precision found with 

most of the current analog electronic neural network implementations. 
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The holograms produced with this method exhibited diffraction efficien

cies around 42%. With additional phase levels, a modest improvement in 

dynamic range and diffraction efficiency was found. While an increase in 

RMS error was observed in tests done with larger connection patterns, the 

effective reduction in dynamic range is only about 10% for the largest 

connection pattern tested with the Gerchberg-Saxton preconditioned 

random-search technique. 

The analysis also showed that with size and encoding constraints 

on the lithographic mask, planar holograms have the capacity to connect 

5000 bipolar neuron outputs to 5000 bipolar neuron inputs. Since the oper

ational speed of modulator based neurons is relatively slow, optical neural 

networks based on such neurons are comparable in processing rates to 

current electronic neural networks. Emitter-based neurons are consider

ably faster. The choice of an emitter is still unclear, since the tradeoffs 

between LED's and laser diodes have yet to be fully evaluated. In Chapter 

7 a system based on detector/emitter neurons was analyzed. Such a 

system has a potential processing rate of 25X1012 bipolar interconnections 

per second per neuron plane when a 1 MHz operating speed is assumed. 

However, input and output limitations may represent a bottleneck in 

system operation at this speed even with an optical data input. The 

feedback system is ideally suited to solving problems requiring hundreds 

or thousands of iterations. In such a system, data flow into and out of the 

system occurs only at the beginning and end of a process. Therefore, the 

system is less constrained by the signal bandwidth used to bring in or take 

out data. 
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In Chapter 8, an experimental system was demonstrated to show 

that an optical system employing planar holographic interconnects can be 

used to implement a naural network architecture. The performance of the 

optically implemented Hopfield style network came close to that of a 

system with ideal interconnection weights. An interesting observation 

concerns the assumption of incoherent addition of the ·light from various 

subholograms. In the experimental neural network system, it was found 

that even with coherence between neuron outputs, the neurons performed 

as if incoherent addition was taking place. With energy confined to the 

center of a detector, there was effective averaging over the coherence 

effects (i.e. fringe patterns), and the total energy falling on the entire 

detector was equal to the sum of the energies of the individual light beams 

falling on the detector. This observation was experimentally verified. 

A computer-controlled optical hologram generator was discussed in 

Chapter 8. While the generation times for the experimental system were 

too long for practical use, the system concept was demonstrated. A practi

cal system with high-speed SLM's could generate the interconnection 

hologram for a large-scale neural network in a reasonable length of time. 

Although the same hologram could be generated in an equivalent amount 

of time on a supercomputer, supercomputer time is much more expensive 

than the components needed to build an optical hologram generator 

system. 

Additional Applications 

The analysis of planar holograms has potential applications to other 

systems requiring a large number of interconnections provided that the 
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strengths of the connections can be fixed. For example, optical intercon-. 

nections have potential applications in the area of electronic parallel 

processing to handle the communication between the various processors. 

For these systems, the need for high diffraction efficiency outweighs the 

need for a large dynamic range in the connection value since the connec

tions are generally binary. The Gerchberg-Saxton technique can be used 

to generate the interconnection hologram. This technique generates 

holograms with high diffraction efficiencies, and since the connections 

are generally binary, there is no need to follow the process with a random 

search. This saves computation time. Also, since the dynamic range is 

low, an on-axis hologram with a smaller expansion factor (i.e. Ex = 2 and 

Ey = 2 instead of Ex = 4 and Ey = 4) could be used to increase the intercon

nection capacity of the system. With this diffraction geometry and unipo

lar connections, 4x108 interconnections can be stored in a planar 

hologram of the dimensions discussed in Chapter 6. 

The analysis of the hologram generation techniques also has poten

tial application in the design of filters for optical signal processing. These 

filters generally store the Fourier transform of some object or function and 

are generated as Fourier transform holograms. For some applications, 

the hologram generation techniques can be modified to optimize the output 

of the optical signal processing system. For optical correlators, the filter 

can be designed to maximum the correlation peaks for certain input 

patterns and minimize the correlation peaks for other patterns. 
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Current optimization techniques that employ the Gerchberg-Saxton 

algorithm can potentially be improved by adding the random-search 

process to the optimization procedure if improved accuracy is desired. 

Recommendations for Future Work 

With the analysis of planar holographic systems complete and a 

small-scale neural network system demonstrated, a large-scale neural 

network should be defined and constructed. The experimental analysis of 

a large-scale system will bring out any potential problems that were not 

seen with the small-scale experiment or the computer analysis. As part of 

the construction of a large-scale system, the recording errors of e-beam 

fabricated holograms should be analyzed. With the photolithographic 

fabricated hologram used in the small-scale demonstration system, the 

dominant recording error was the loss in the response of higher spatial 

frequencies caused by the imaging process. While this error is not 

expected with e-beam fabricated holograms, other errors including pixel 

positioning errors and nonuniform pixel shapes must be considered. If 

the fabrication errors are high, then the added dynamic range gained 

with the preconditioned random-search technique will not be worth the 

added computation time. 

For the optical implementations discussed in this dissertation, the 

synaptic weights are learned prior to network construction. Thus, the 

learning process must take place on a separate system. It is unclear at 

this point whether to use the full dynamic range of the training system or 

attempt to use a dynamic range similar to the potential performance of the 

optical system. For the system demonstrated in Chapter 8, the full 
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dynamic range of the learning system (i.e. a single precision floating point 

representation) was used. The effect of a limited dynamic range of the 

synaptic weights for the backpropagation learning algorithm has been 

reported.97 The results showed that a minimum dynamic range of 300 

was required to train a network implementing the exclusive-or (XOR) 

problem. The research also showed that synaptic weights with a lower 

dynamic range could be used if noise was added to the weights during the 

learning process. In a paper by Xie and Jabri, the backpropagation 

learning rule was modified to handle low dynamic range synaptic weights 

by using steeper nonlinearities in the activation function.98 Also, they 

found that less dynamic range was needed in successive layers of a 

feedforward network and that the error due to a limited dynamic range 

increased with the number of layers in the network. The sensitivity of the 

training process to the dynamic range of the synaptic weights is caused by 

the relatively small change in synaptic weights that often occurs during 

the learning process. While this sensitivity to synaptic-weight dynamic 

range should be less noticeable in the system implementing the network 

than the learning system, the issue of dynamic range is an area that 

needs further study. 

Another area that needs further investigation is the determination 

of the number of neurons, the number of interconnections, and the 

processing rates needed to solve useful problems. Some analysis of this 

has been done for vision and speech applications.19 For simple, real-time 

vision tasks, the projected neural network system would require 106 to 108 

interconnections operating at a rate of 109 to 1012 interconnections per 
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second. The planar holographic systems described and analyzed in this 

dissertation seems suited to this application. More advanced vision tasks 

would require 5xl08 to 5xl010 interconnections at a processing rate of 108 to 

1013 interconnections per second. While the planar holographic system 

can potentially achieve the required operational speed, at best it can only 

implement the minimum number of interconnections. Therefore, planar 

holographic systems might not be able to implement the most advanced 

neural network architectures. This requires further study. 

The analysis in Chapter 6 has pushed planar holographic intercon

nects to their limits. Although, the cycle time of the neuron plane can be 

increased as emitter technology is improved, data flow considerations 

limit the operational speed of the system. Therefore, some of the future 

research on optical implementations should be concentrated on increas

ing the interconnection capacity of the hologram. Clearly, volume 

holograms have a higher potential storage capacity than planar 

holograms and could potentially implement hundreds or thousands of 

times more interconnections than planar holograms. While implementa

tion problems exist due to Bragg degeneracy and recording media, the 

methods mentioned in Chapter 3 for breaking the Bragg degeneracy 

should be examined. As part of the investigation, an analysis should be 

undertaken to determine how feasible it would be to computer generate the 

interconnection hologram for a volume holographic system. With an 

added dimension to the hologram, computer generation of volume 

holograms would require a parallel processor or supercomputer even for 

small interconnection systems. 
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Conclusion 

In Chapter 1, the specific goals of this dissertation were listed, and 

all were met. The Gerchberg-Saxton preconditioned random-search tech

nique was developed and found to give the best overall performance as a 

hologram generation technique. In terms of system geometry, recon

struction error, and diffraction efficiency, the best choice for hologram 

modulation and diffraction geometry is a multilevel phase, on-axis 

hologram with a minimum accuracy expansion of 2 by 2 in SBWP (i.e. Ex = 

2 and Ey = 2) and a 4 by 4 subhologram replication. Detector/emitter based 

neurons are a better choice than detector/modulator based neurons. A 

single planar hologram can potentially implement 25 million bipolar 

interconnections. With detector/emitter neurons, an opto-electronic 

neural network constructed with planar holographic interconnects has a 

potential processing rate of 25x1012 interconnections per second per plane. 

Finally, an experimental opto-electronic neural network was built demon

strating that the general system concept is viable. 

In conclusion, this dissertation shows that high-speed, large-scale 

neural network systems based on fixed planar holographic interconnects 

and detector/emitter opto-electronic neurons are realizable in the near 

future provided that hologram generation times can be reduced, that fabri

cation of wafer size electron-beam holograms is practical, and that emitter 

technology continues to progress. 
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