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tant source of femtosecond pulses in the infrared. 
Optical and optoelectronic information processing 

are other areas rich in potential where further ad­
vances in femtosecond technology can play an impor­
tant role. However, just as the advances in femtosecond 
technology stemmed from a deeper understanding of 
the underlying scientific principles, so to will significant 
advances in optical information processing depend on 
similar strides in our understanding. One area of par­
ticular interest is the formation of images of 
femtosecond pulses. Such matrix arrays of femtosecond 
optical pulses should facilitate strategies for better 
using the potential for parallel computing inherent in 
optical phenomena. 

Whichever strategy succeeds, it will be important 
for those involved in working with the technology of 
ultrashort pulses to respect the lessons history teaches. 
We should work hard to translate the advances of the 
80's into useful tools and, at the same time, take 
responsibility for guiding the social impact those tools 
will inevitably produce along positive directions. 

The optical implementation of artificial neural net­
works is a subject that combines optics and neural 
networks. The notion that links the two fields is 
connectionism. In optical computers, photons are used 
instead of electrons as the carriers of information. The 
advantage of doing this derives from the fact that 
photons do not directly interact with one another. 
This makes it easier to establish a communication 
network connecting a large number of processing ele­
ments. Therefore, the design of optical computers is 
naturally guided toward architectures that require 
many connections. 

Neural computers, on the other hand, are computing 
structures whose design is motivated, at least par­
tially, by the nervous system. One of the most striking 
features of the brain is its dense connectivity. Each 
neuron typically receives input from several thousand 
o t h e r 
units. Ac­
cordingly, 
a r t i f i c i a l 
neural network architectures require very dense con­
nectivity and optics is a device technology that is well 
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suited for providing it. 
A similar history of development is another common 

feature of optical and neural computers. Both topics 
became popu­
lar in the late 
1950s and 
early 1960s 
and both fell 

out of 
f a v o r 
s o o n 
the re ­
a f t e r , 
until recently. The difficulty that both approaches ran 
into was that they could not provide competitive, 

practical solutions to interesting 
problems, despite their promise 
for superior capabilities. This re­
mains true today. 

Nevertheless, there is renewed optimism and the 
level of interest in these two fields is more intense now 
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than ever before. Whatever the reasons for this resur­
gence in interest may be, the remarkable fact is that 
the interest has been increasing for the last five years 
or so. The underlying reason is the transition, in both 
fields, from the single-layer machines of the early 
1960s to the multilayer machines of today. Most of the 
work in neural networks in the 1960s focused on a 
single neuron (Figure 1), modelled as a 
simple threshold gate. Each of the in­
puts to the neuron is multiplied by a 
weight and the weighted signals are 
summed. If this sum exceeds a thresh­
old, then the neuron turns on, other­
wise it stays off. 

What created excitement about this 
sort of thing was the discovery of algo­
rithms for training such a system. If we 
are given a set of inputs along with the 
desired output for each of the inputs, 
then procedures such as the perceptron1 and the 
adaline2 can iteratively develop a set of neuron weights 
to map each of the given inputs correctly. Of course, 
these procedures can produce a set of weights to solve 
the problem at hand only if such a solution exists. The 
realization that there are not problems of practical 
interest that can be solved efficiently by a single neu­
ron essentially brought to an end the early efforts in 
neural networks. 

The most intensively studied optical computing sys­
tem that originated in that era is the optical correlator3 

(Figure 2). This 
system correlates 
an input image 
with a reference 
that is stored ho­
l o g r a p h i c a l l y . 
The value of the 
correlation func­
tion at the center 
of the output 
plane is the 
weighted sum of 
the input pixels, 
the weights being 

the corresponding pixel values of the reference image. 
At other positions, we obtain the weighted sum of a 
shifted version of the input image. Therefore, the 
optical correlator is functionally equivalent to an indi­
vidual neuron with the additional feature of shift in­
variance. Optical correlators have not found signifi­
cant practical applications for the same reason that 
single neuron systems have not. 

Recent advances 
Research in neural networks in recent years4 has fo­
cused on the study of large sets of neurons. The 
discovery of training algorithms for multi-layered feed­
forward networks5 , 6 is the development that has had 
the strongest impact in the field. In a two-layer network 
(Figure 3), the pattern is first processed by a set of 

"hidden" neurons, and the final output 
is calculated by an additional neuron 
that accepts as its inputs the outputs 
from the hidden units. If we are given 
enough hidden units, any function can 
be approximated with arbitrarily good 
accuracy.7 Therefore, the question for 
multi-layer networks is not whether 
there are any interesting problems they 
can solve, but whether they can solve 
some of them more efficiently than can 
other approaches. 

While progress in neural networks occurred prima­
rily through algorithmic developments, in optical 
computing the most significant development in the 
1980s was the ma­
turing of several 
key optoelectron­
ics technologies. 
Spatial Light 
M o d u l a t o r s 
(SLMs) have al­
ways been con­
sidered the key 
component for 
optical comput­
ing systems. An optically addressed SLM is a 2-D array 
of devices, each device detecting light incident on it, 
electronically processing the detected signal (typi­
cally in a very simple way), and then regenerating an 
optically modulated signal through a light modulator 
or a source. 

The most significant advances in SLM technology in 
the past decade came from the development of ferro­
electric liquid crystal devices8 and semiconductor 
optoelectronic devices. 9 , 1 0 These advances have made 
it possible to construct multi-layer optical systems in 
which the output of one layer (or SLM) is optically 
interconnected to another. The linear portion of the 
system (the interconnections) is the strength of the 
optical approach, but the nonlinear, optoelectronic 
portion provides the system with computational power 
and diversity. Digital optical computing,11 optical in­
terconnections for electronic systems,1 2 and optical 
neural networks1 3 are all examples of this new breed of 

Figure 1. A single neuron 
simulated as a threshold gate. 

Figure 2. Optical correlator. 

Figure 3. Multi- layer neural network. 
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multi-layer optical machines. 
The emergence of algorithms for training multi-layer 

neural networks and the advances in optoelectronics, 
both of which occurred during the 1980s, have made it 
possible to build multi-layer, optical neural networks. 
The activity in this area began with the optical imple­
mentation of a Hopfield network1 4 , 1 5 in which every 
neuron is connected to all the rest. There are now 
many research efforts in optical neural networks, in­
vestigating optical system architectures 2 9 - 3 4 and. 
methods for learning.2 9 - 3 5 In what follows, we will de­
scribe briefly, as an example, a two-layer system we 
have built at Caltech. 

An optical multi-layer network 
The method used to set the values of the weights is a 
modification of a method described by Kanerva. 3 5 Ac­
cording to this method, the weights of the first layer 
are selected at random. The weights of the second 
layer are trained by presenting the training patterns at 
the input of the network that induce a response at the 
hidden layer through the random connections. If, for 
the current input, the desired response for the output 
neuron is high, then the response of the hidden layer 
is added to the weights of the second layer. This simple 
procedure is repeated for all the patterns in the train­
ing set. 

The problem that we selected to test the operation 
of the system is hand-written character recognition. 
We created 104 training patterns by drawing charac­
ters on a 10" x 10" grid (four characters for each letter 

V 

X 10" pixel grid), approximately 105 hidden units, and 
26 output units—one for each letter of the alphabet. 

The network was trained so that the appropriate 
output unit was turned on when the corresponding 
character was presented at the input. The input and 
hidden layers were optically simulated by two liquid 
crystal, optically addressed SLMs, while the output 
layer consisted of a linear detector array with 26 
elements. Only 100 pixels were used in the input SLM, 
but the hidden layer consisted of an array of approxi­
mately 300 x 300 pixels or neurons. The interconnec­
tions between the layers were implemented with holo­
grams recorded in the two LiNbO3, photorefractive 
crystals. Input patterns were presented to the system 
via a computer that dis­
played the pattern on a 
television monitor; it 
was then imaged onto 
the input SLM. 

The random inter­
connections that the 
first hologram must 
simulate were realized 
by recording holograms 
of random dot patterns 
that were placed at the 
input and also allowing fanning to take place in the 
crystal, which further randomized the connections. 
The second hologram was trained by sequentially 
presenting each of the 104 training patterns at the 
input. Each input image induces the formation of a 

pattern at the SLM that simulates the 
hidden layer. A hologram of this hidden 
layer representation was recorded on the 
second crystal with a plane wave refer­
ence. There are 26 possible angles for the 
reference beam, one for each letter. The 
reference-beam angle can be selected 
through rotating a mirror controlled by 
the computer. The angle of the reference 
beam was set according to the identity of 
the input pattern. The photorefractive 
crystal was exposed 104 times to record 
the desired interconnection pattern. 
Once the training is complete, the pre­
sentation of any one of the training pat­
terns causes the second hologram to re­
produce the reference beam with which 
it was recorded. This reconstructed beam 

codes, in the angle of propagation, the identity of the 
pattern. The final lens in the system focuses the recon­
structed beam to a spot whose position on the output 

Figure 4. Optical two-layer network. 

of the alphabet). The optical system architecture is 
shown in Figure 4. The network being simulated has 
100 units at the input layer (matching the size of the 10" 

Figure 5. Experimental apparatus. 
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array is proportional to the angle of the reconstructed 
beam. 

A photograph of the optical 
system is shown in Figure 5; three 
examples of the signals produced 
by the system are shown in Fig­
ure 6. All 104 training patterns 
were recognized correctly by the 
system. This represents 
progress compared to the capa­
bilities of single layer machines 
(correlators), which cannot rec­
ognize such a large number of 
small patterns. However, a lot 
more needs to be done before 
optical neural networks can have 
practical impact. 

The system was also tested with 520 patterns that 
were not in the training set. The recognition rate was 
60%, much better than random guessing (4%), but far 
below what is required for a useful character recogni­
tion system. The reason for the relatively poor perfor­
mance on the test set is the choice of training algo­
rithm used, specifically the random weights used in 
the first layer. This same system can be used to imple­

ment algorithms in which both layers are trained in 
response to the training patterns, which, in computer 
simulations, give much better performance. The 
implementation of such algorithms, however, requires 
the recording of thousands of holograms on each of 
the photorefractive crystals. Learning how to record 
such a large number of holograms in a single crystal is 
the major challenge in this field. 

The power of the optical implementation is indi­
cated by the following observation: The number of 
interconnections that the system of Figure 5 imple­
ments is 107 and the response time of the SLMs can be 
as low as 10 µsecs.36 Therefore, the number of analog 
multiplications per second realized by this relatively 
simple optical system is 1012. 
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In the late 1970s and early 1980s, the spectacular 
contr ibut ions of fiber opt ics to long distance commu­
nicat ion were motivat ing the examinat ion of the use of 
the opt ics for so lv ing interconnect ion problems at the 
highest levels of the interconnect hierarchy, namely at 
the processor- to-pro­
cessor level. As early 
as 1979, Cathey and 
Smith 1 had proposed a 
parallel free-space op­
t ical data bus for use 
within a computer. In 1981, Taj ima, Okada, and Tamura 2 

proposed the development of free-space opt ical buses 
for a mul t iprocessor machine and, in 1983, these same 
authors reported development of an experimental free­
space opt ical data bus running wi th a 100 MHz c lock 
speed. 3 Further advances on this project were de­
scr ibed in fol lowing years; 4 the computer in wh ich this 
bus is used in often referred to as Dialog.H. 

In paral lel developments at the beginning of the '80s, 
it was becoming apparent, wi th projected progress in 
VLSI technology, that perfor­
mance would be l imited by in­
terconnect ions, rather than by 
the raw speed of transistors and 
logic gates. Whi le the speed of gates improved wi th 
reduct ions of VLSI feature size, the speed of intercon­
nections was independent scal ing, and indeed was 
exacerbated by the growth of chip size taking place 
simultaneously wi th scal ing. Furthermore, speeds of 

*The term "optical interconnection" as used here refers 
to the use of optics to solve interconnection problems 
within a single system. We exclude from consideration 
the important field of optical local area networks, which 
aims to provide interconnectivity between several or 
many separate machines. 

communicat ion between ch ips were already much 
s lower than speeds wi th in ch ips , and large pin-out 
requirements were becoming more and more diff icult 
to satisfy. 

One of the 
ea r l i es t p r o ­
posals for op­
t i ca l ch ip- to-
ch ip intercon­

nects was pub l i shed in 1983 by An i s Husa in of 
Honeywel l , 5 but unfortunately it d id not appear in a 
widely accessib le and archival journal . In the autumn 
of 1983, the U.S. A r m y Research Office sponsored a 
"Palent i r Meet ing on Opt ica l Interconnects," wi th just 

a few U.S. part ic ipants, to focus 
on the possib le use of opt ics 
for so lv ing interconnect prob­
lems at all levels of 

the interconnect hierarchy. From this meeting came 
the most broadly based set of proposals , especia l ly at 
the chip-to-chip and the intrachip levels. These pro­
posals appeared in a widely accessible publ icat ion in 
1984.6 

Development of fundamental understanding 
Thus the first half of the '80s wi tnessed the b i r th of the 
field of opt ica l interconnects. The second half of the 
decade was occup ied wi th explorat ion of the poten­
tials and l imits of these concepts, as wel l as the ad­
vancement of opt ica l interconnect technology itself. In 
1985, an examinat ion of the powers required to dr ive 1 
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