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We areexploring electronic implementations offine­
grained parallel computing models thatare loosely drawn
from models ofbiological neural function. Experimental
custom chips thatcombine anew mix ofanalog and digi­
talprocessing with standard fabrication technology have
shown thefeasibility oftheneural network approach.
Early results ontransforming aspects ofbiological com­
puting toelectronic hardware suggest thatnetworks of
highly-interconnected, simple, low-precision processors
may give usnew tools for tackling problems thathave
beendifficult for standard computers.
Introduction

Today's computers excel at high-precision arithmetical calcula­
tions, butthey appear to be poorly matched to problems such as those
encountered inmachine perception where a computer must make sense
outofa flood oflow-accuracy, low-information-content data. Research­
ers have now begun to use some ofthehard-won knowledge gained by
biologists about the nature ofthe brain as a guideline for reshaping our
thinking about electronic computers. Biological computers have a com­
pletely different architecture from electronic computers, giving
relatively simple animals the ability to perform functions oflearning,
complex pattern recognition, and motor control thatfarexceed that
possible using current semiconductor electronics inexisting
architectures.

One ofthe most basic, yetmost powerful, functions ofbiologi­
cal computers is pattern matching. Imagine, for example, a simple line
drawing ofthe face ofa catnext to a photograph ofa cat. In spite ofthe
large differences between the images, the brain can easily and quickly
associate them together as representing the same general class of
object. Although it is notknown precisely how this is done, a key ele­
ment is thought to be a rapid search through a massive database of
images and features for the bestmatch between the perceived object
and a stored memory. Such a database must be enormous ifit is to
organize the visual world into useful categories and subcategories. Yet
the search through this vaststorehouse ofdata occurs ina fraction ofa



Figure 1. (a) Schematic of a biological neuron. The cell body
receives input from other neurons through synaptic connec­
tions to the dendrites (red). Output signals from the cell
travel along axons (green) to synaptic connections at the
input structures of other neurons. (b) Electronic analog that

second using biological hardware withonly millisecond
timeconstants. If wehad electronic hardware to conduct a
fast searchforclose matches, we would be onourway to
duplicating a key portion of the processing necessary for
pattern recognition.

A Neural Model
Figure l(a) is a drawing ofa neuron, or nerve cell,

showing the cell body connected to its input andoutput
structures. There are about 1011 neurons ina human brain,
eachwith about lQ4 input andoutput connections. The
input structure is a branching tree offibers, called den­
drites, that receive input from otherneurons through
adjustable connections called synapses. The output ofthe
cell is sent along another set offibers, called axons, to the
synapses ofother neurons. When a neuron is excited at its
input synapses, it produces a trainofpulses that travel
along its axon. Input at excitatory synapses increases the
pulse rate, while input at inhibitory synapses reduces the
pulse rate. The output pulse rate depends onboththe
strengthofthe input signals andstrength, or weight, of
the synaptic connections. The memory andprocessing abil-

models some of the functional aspects of a biological neu­
ron. The electronic amplifier receives signals on its input
through resistors connected to the output structures of other
amplifiers. Similarly, its output is sent to other amplifiers
through their input resistors.

ityofthisnetwork are thought to liein the patternofthese
connections andtheirweights.

In a simple neural model, the pulse rate is deter­
mined bya sigmoid function ofa weighted sumofthe input
signals.' Amodel of this function canbe built using tradi­
tional electronic components inananalog sum-if-products
circuit [Figure l(b)]. In this circuit, the variable pulse rate
ofthe neuron is replaced bythe variable output voltage of
the electronic amplifier andthe synaptic connections are
replaced byconductances connecting the input lead ofthe
amplifier to the output leads ofotheramplifiers. Input volt­
age signals supply currentintothe wiredendrite in
proportion to the product of the input voltage andthe syn­
apseconductance. The sigmoid transferfunction is
naturally provided bythe saturating characteristics ofthe
amplifier. This circuit, which can be usedas a building
block forbothmemories andprocessors, is called a
perceptron' or adeiine» andwas proposed over20years
ago. However, building (oreven simulating) large networks
ofperceptrons was notpossible until recently. Further­
more, it has taken 20years to develop learning rules for
the layered perceptrons' and feedback networksv needed
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to do complex tasks. (Here "learning" means determining
the synaptic weights, which can eitherbe done in the net­
work or inanexternal computer.) For a discussion ofother
issues inneural network learning, see Denker. 7

The networks we describe can also be made with
optics; readers are referred to otherauthors for discus­
sions ofoptical neural networks. 8

Pattern Classification
Afirst step toward machine pattern recognition is

deciding how to represent toe data. Researchers inelec­
tronic neural networks use a long vector to represent the
various attributes ofthe object being scrutinized. For
example, in the vector representing the image ofa cat
face, one component might represent

is the image basically round

while another might indicate

are features in about the right place to represent ears.

In the simplest case, this vector can be binary (only "I''s
and "O"s), with each representing the presence or absence
ofa feature in the image. Ina more complex system, these
could be analog representations ofthe strength ofeach
feature in the image.

These features would first have to be found by a
neural network preprocessor thatmeasures the matches
between different parts ofthe image and a set ofstored
features. The electronic problem thenreduces to searching
through a large database ofbinary numbers, each a "mem­
ory" ofa particular object, and finding the memory thatis
the best match to the test image. In the binary case, the
bestmatch would be determined bycounting the number
ofmatching bitsbetween the test vector and all memories
and keeping the highest score. In a more sophisticated
scheme, the matches might be weighted by, for example,
counting the presence ofeyes more heavily than the pres­
enceoffur.

One way to achieve thisfunction ofmatching bits

between two vectors is to use the exclusive or func­
tion between the corresponding bitsofthe two vectors and
then add up all the matches to get a number representing
the number ofcommon bits. This same function can be
used ina much lesscomplex fashion using the analog proc­
essing ofourelectronic neuron inFigure l(b) instead ofthe
usual digital circuit.

If the "I" state is represented by a voltage, V, and
the "0"state by - V in the test vector, thenthe bitwise
testing and computation ofthe sum can be done using the
circuit shown inFigure l(b). Thebitsofthe stored vector
are represented by resistors (synapses) connecting the
amplifier input wire (dendrite) with the output wires of
other amplifiers. When the voltages associated with the
test vector are applied to theseresistors, the resulting cur­
.rentsare automatically summed onthe input wire giving
aninput signal to the amplifier proportional to the match
between the two. This simple circuit can test all the bits
simultaneously and, using ananalog threshold, produce an
output voltage indicating whether more than a specified
number ofbitsmatch between the two vectors.

Each ofthese amplifier circuits with its associated
resistors stores one memory vector, and large chips con­
taining many ofthem can be used as a massively parallel
associative memory (i. e., a memory inwhich data are
recalled by a partial match to a key). Thearray ofampli­
fiers and the associated matrix ofsynaptic conductances
that interconnect them form the distributed parallel pro­
cessor. Inuse, a test vector would be presented to all
these memories inparallel, and each amplifier would simul­
taneously generate anoutput voltage proportional to the
quality ofthe match. Using positive feedback, analogous to
thatused ina simple flip-flop circuit, it is easy to make the
circuit select the bestmatch inabout the same processing
time. Such a circuit is efficient because all electronic com­
ponents onthe chip are simultaneously operating at their
maximum speed; nothing is waiting for anything else.

Learning
In addition to making fast, parallel searches, some

electronic neural networks can learn by experience how to



organize categories and subcategories ina database.
If the elements ofthe synaptic matrix are adjusted

to improve the match for known sets oftraining data, the
system will be adaptable. This capability is important in
areas such as speech recognition when the proper cate­
gories may notbe known ahead oftime. It is also
important for ensuring fault tolerance inlarge electronic
networks.

Learning rules were developed for picking the ele­
ments ofthe resistive matrix so thatcertain classes of
input patterns could cause particular output patterns. The
simplest such network is the "two-layer perceptron" intro­
duced by Rosenblatt- in 1961. This circuit consists ofa
single layer ofsum-of-products circuits thatcalculate the
overlap between the test patternand the array ofstored
patterns. The hope was thatperceptrons would be useful
for patternrecognition inwhich the input pattern might be
a bitmap ofanimage and the output pattern would be a
code that identified a particular image. Minsky and Papert"
showed that, unfortunately, the number ofuseful mappings
that could be done with a two-layer perceptron is limited.

Nevertheless, even with two-layer networks of
limited size, it was possible to make machines thatdid a
credible job ofcomplex tasks such as weather prediction or
even motor control. 10 With modern electronics, we can
now economically make networks hundreds or thousands
oftimes larger than was possible inthe early 1970's. Thus,
it is important to reexamine this technology.

Amultilayered network inwhich neuron layers are
sandwiched between input and output layers can produce
even more useful processing. 11 Thefirst layer, for example,
can be usedto translate the problem into a more suitable
representation so that the second layer can make the
desired mapping. Recently, learning rules were developed
for multilayered networks.' These rules compare the actual
output ofa network with the desired output. The synapses
are adjusted to bring the two closer together.

Although no hardware hasbeen built for this
learning technique to date, the theory has been studied
extensively. Theproblem with using these powerful learn­
ing algorithms insemiconductor hardware lies inmaking

continuously variable synaptic conductances using only the
standard processing technology thatis essential for the
large amplifier arrays. Recent work by Schwartz and How­
ardhas shown the feasibility ofstoring charge onstandard
MOS (metal oxide semiconductor) capacitors to control the
synaptic conductances. 12 This technique, similar to that
usedinconventional dynamic silicon memories, can hold
the analog charge state indefinitely ifthe chip is cooled
slightly below room temperature. Chips are now being
designed with thistechnique as the first step inmaking
systems that can profit byexperience.

CMOS Programmable Networks
Aneural network chip will have arrays ofelec­

tronic neurons connected to each otherthrough a matrix of
synapses. Thereare two basic approaches to such a net­
work. Thefirst is to determine ahead oftime thevalues of
the resistors needed inthe matrix. Thatis, do the learning
inanexternal computer and fix the results onthe chip.
Because ofthe small size ofresistors, this network can be
extremely compact; densities as high as one billion "syn­
apses" /cm2 have been shown. (See Panel 1.) However, for
many applications, it is impractical or even impossible to
specify inadvance the strength and location ofsynaptic
connections from one neuron to another. Even ifthe learn­
ing is done externally, changing situations will require
changes instored memories. For this case, the synapses
must be able to change. Numerous methods for making
programmable synapses are possible; they all require much
more chip areathan fixed resistive synapses. 13,14

When designing aneural network, we also need to
make large, reliable circuits containing tensofthousands of
transistors onasingle chip. This means that, atleastinthe
initial phase, we must make maximum useofstandard VLSI
silicon technology. (VLSI stands for very-large-scale inte­
gration.) Inourlaboratory, we have used novel CMOS
(complementary metal oxide semiconductor) circuitry com­
bined with standard static RAM cells (random access
memory) tomake aprogrammable, neural network chip with
54electronic "neurons" and about 3,000 synapses. 14 The
chip contained about 75,000 transistors, was 6rom onaside,
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and was made using completely standard fab?cation te~hn~l­

ogy. To simplify thedesign (and reduce theSIze ofthe.cIrCUIt)
thesynapses only had a limite~ set ofvalues. Theb~SIC syn­
aptic unit, shown inFigure 2, IS a~out 100 urnona sId~. The
unit isdesigned sothatwhen themput from theaxon nses to
the"I" state transistor switches allow connection ofthe
output dendrite toeitheracurrent source (excitation) ora
current sink (inhibition). Theconnection isdetermined by
thestatesofthetwo RAM cells contained intheunit:
• A1 stored inone ofthe cells specifies anexcitatory

connection. -
• A 1 stored in the otherspecifies aninhibitory

connection.
• When Os are stored inboth cells, there is no connection

between the axon and the dendrite.
• Thestate with both cells storing a 1 is notallowed.

Among otheruses, the chip can be configured to
function as anassociative memory. This means that the
chip determines the closest match ofa test word to mem­
bersofa listofstored words. Here "closest" means the
most number of"1"bitsincommon (the "and" function).
The associative memory function is often needed for pat­
tern classification taskssuch as our"catrecognizer."
Although we still donothave enough information to deal
with complex subjects such as cats, this chip can ?e.used
to find key features inhandwrit~en chara~ters. ThIS ~s the
first step toward building a readmg machine. The chip exe­
cutes the function about 1,000 times faster than a VAX'"
111750 computer programmed to do the same task. .The
usefulness ofthe chip is somewhat limited because It can
only storeabout 50memory words or pa~t~rns of50bi~s
each. We can solve thisproblem bycombmmg many chips
ina hierarchy so that the bestmatch is done by a tree
search. 15 Advances in technology may increase density by
anorder ofmagnitude ona chip; wafer scale integration
should lead to even larger memories.

Although the match found bythismethod may not
be absolute it is still close to optimal. We showed that, .
such a hierarchy could be usedfor the bandwidth­
compression scheme known as vector quantization. 15

Panel 1. Thin-film Synapse Arrays
Amajor component ofanelectronic neural net­

work is the array ofconnections between neurons, the
synapses. In the most general circuit, every neuron is
potentially connected to every other, so for N neurons,
we need anN x N array ofconnections. (For many
neural network architectures, the connections are spar­
ser, and a smaller array, or set ofarrays, will do.) The
simplest synapse array consists offixed resistors; the
"programming" thatdetermines the synapse values
must be done before the array is made. (See the article
by Jones' in this issue, p. 65) One virtue ofresistive
synapses is that they can be packed verydensely. The
physics ofresistors allows them to be made f!luch .
smaller than transistors, and the number oflithographic
features needed to define a resistor is farfewer than
needed to define a transistor.

Thephotograph above shows a demonstration
12 x 12synapse array made bye-beam (electron- .
beam) lithography with four synapses/urns, The e~tlfe

array fits into anarea about the same as that required to
storea few bitsona conventional silicon RAM chip. At
this density, a 1-cm2 chip would contain 400 million such
connections.



Figure 2. Micrograph of an electronic synapse fabricated
using a conventionaI2.5-/Lm silicon CMOSprocess.
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Conclusion
Neural networks provide a new way oflooking at

some classes ofcomplex problems. Special-purpose VLSI
chips are now being made thatimplement neural network
algorithms, providing a new tool forcomputationally diffi­
cult tasks inmachine perception.
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