
Computing with Neural Circuits: A Model 


A new conceptual framework and a minimization princi- 
ple together provide an understanding of computation in 
model neural circuits. The circuits consist of nonlinear 
graded-response model neurons organiz~d into networks 
with effectively symmetric synaptic connections. The neu- 
rons represent an approximation to biological neurons in 
which a simplified set of important computational prop- 
erties is retained. Complex circuits solving problems 
similar to those essential in biology can be analyzed and 
understood without the need to follow the circuit dynam- 
ics in detail. Implementation of the model with electronic 
devices will provide a class of electronic circuits of novel 
form and function. 

ACOMPLETE UNDERSTANDING O F  HOW A NERVOUS SYSTEM 

computes requires comprehension at several different levels. 
Marr ( I )  noted that the computational problem the system 

is attempting to solve (the problem of stereopsis in vision, for 
example) must be characterized. An understanding at this level 
requires determining the input data, the solution, and the transfor- 
mations necessary to compute the desired solution from the input. 
The goal of computational neurobiology is to understand what 
these transformations are and how they take place. Intermediate 
computational results are represented in a pattern of neural activity. 
These representations are a second, and system-specific, level of 
understanding. It is important to understand how algorithms- 
transformations between representations-can be carried out by 
neural hardware. This understanding requires that one comprehend 
how the properties of individual neurons, their synaptic connec- 
tions, and the dynamics of a neural circuit result in the implementa- 
tion of a particular algorithm. Recent theoretical and experimental 
work attempting to model computation in neural circuits has 
provided insight into how algorithms can be implemented. Here we 
define and review one class of network models-nonlinear graded-
response neurons organized into networks with effectively symmet- 
ric synaptic connections-and illustrate how they can implement 
algorithms for an interesting class of problems (2). 

Early attempts to understand biological computation were stimu- 
lated by McCulloch and Pitts, who described (3) a "logical calculus 
of the ideas immanent in nervous activity." In these early theoretical 
studies, biological neurons were modeled as logical decision ele- 
ments described by a two-valued state variable (on-off), which were 
organized into logical decision networks that could compute simple 
Boolean fimctions. The timing of the logical operations was con- 
trolled by a system clock. In studies of the "perceptron" by 
Rosenblatt (4), simple pattern recognition problems were solved by 
logical decision networks that used a system of feed-forward synap- 
tic connectivity and a simple learning algorithm. Several reviews of 
McCulloch and Pitts and perceptron work are available (5). More 
recent studies have used model neurons having less contrived 
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properties, with continuous dynamics and without the computerlike 
clocked dynamics. For example, Hartline et  al. (6) showed that 
simple linear models with continuo~~s variables co~lld explain how 
lateral inhibition between adjacent photoreceptor cells enhanced the 
detection of edges in the compound eye of Linzulus. Continuous 
variables and dynamics have been widely used in simulating mem- 
brane currents and synaptic integration in single neurons (7)and in 
simulating biological circuits, including central pattern generators 
(8)and cortical stnlctures (9).Both avo-state (10, 11) and continu- 
ous-valued nonlinear models (12) have been extensively studied in 
networks organized to implement algorithms for associative memo- 
ries and associative tasks (13). 

The recent work being reviewed here has been directed toward an 
understanding of how particular computations can be performed by 
selecting appropriate patterns of synaptic connectivity in a simple 
dynamical model system. Circuits can be designed to provide 
solutions to a rich repertoire of problems. Early work (10) was 
designed to examine the computational power of a model system of 
two-state neurons operating with organized symmetric connections. 
The inclusion of feedback connectivity in these networks distin- 
guished them from perceptron-like networks, which emphasized 
feed-forward connectivity. Graded-response neurons described by 
continuous dynamics were combined with the synaptic organization 
described by earlier work to generate a more biologically accurate 
model (14) whose computational properties include those of the 
earlier model. General principles for designing circuits to solve 
specific optimization problems were subsequently developed (1.5- 
17). These networks demonstrated the power and speed of circuits 
that were based on the graded-response model. Unexpectedly, new 
computational properties resulted (1.5) from the use of nonlinear 
graded-response neurons instead of the two-state neurons of the 
earlier models. The problems that could be posed and solved on 
these neural circuits included signal decision and decoding prob- 
lems, pattern recognition problems, and other optimization prob- 
lems having combinatorial complexity (15-20). 

One lesson learned from the study of these model circuits is that a 
detailed description of synaptic connectivity or a random sampling 
of neural activity is generally insufficient to determine how the 
circuit computes and what it is computing. As an introduction to the 
circuits we review, this analysis problem is illustrated on a simple 
and well-understood model neural circuit. We next define and 
discuss the simple dynamical model system and the underlying 
assumptions and simplifications that relate this model to biological 
neural circuits. A conceptual framework and minimization principle 
applied to the model provide an understanding of how these circuits 
compute, specifically, how they compute solutions to optimization 
problems. The design and architecture of circuits for two specific 
problems are presented, including the formerly enigmatic circuit 
used earlier to illustrate the analysis problem. 

1. J. Hopfield is with thc 1)ivisions of Chemistnf and Biology, California Instin~te of 
Technology, Pasadena, CA 91125. I). W. ~ a ; l k  and J. 1. Hopficld arc with the 
Molecular Biophysics Rcsearch Department, AT&T Bell Laboratories, Murray Hill, NJ 
07974. 
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Understanding Computation in a Simple 
Neural Circuit 

Let us analyze the hypothetical neural circuit shown in Fig. 1 with 
simulation experiments based on the tools a~ ld  methods of neuro- 
physiology and anatomy. The analysis will show that the usual 
available neurobiological measures and descriptions are insufficient 
to explain how even small circuits of modest complexity compute. 
The seven-neuron circuit in Fig. 1 is designed to compute in a 
specific way that will later be described. From a neurobiological 
viewpoint, the basic anatomy of the circuit contains four principal 
neurons (21),identified in the drawing as Po, PI, P7, and P3. Each 
neuron has an axon leaving the circuit near the bottom of the figure. 
The computational results of the circuit must be evident in the 
activity of these neurons. The one input pathway, from a neuron 
external to the circuit, is provided by axon Q. Neurons INI ,  INz, 
and IN3 are intrinsic interneurons in the circuit. 

In attempting to understand the circuit's operation, we simulta- 
neously monitor the activity (computer simulated) in each of the 
seven neurons while providing for a controllable level of impulse 
activity in the input axon Q. Results from this experiment on the 
hyptl~etical circuit for several fixed levels of input activity are 
shown in Fig. 2A. The top trace represents our controlled activity in 
Q. In each time epoch this activity is progressively larger, as 
illustrated by the increasing number of action potentials per unit 
time. Although the activity of IN3 is steadily rising as the activity in 
Q increases, the activities of the other neurons in the cjrcuit are not 
simply related to this input. From these results we h ~ o w  what the 
output patterns of activity on the principal neurons are for specific 

Fig. 1. "Anato~ily" of a simple 111odcl neural circuit. Input axon (1 has 
cxcitatoly synapses (direct o r  c5cctive) on  each of the principal neurons Po 
through PA.Each of these principal ncurons has inhibitory synapses (direct 
o r  indirect) with all other principal ncurons. Inhibitorp synapses are shaded. 
IN, to  IN3, intrinsic interncurons. 

levels of impulse activity on the input axon Q, but we cannot explain 
what computation the circuit is computing. Furthermore, we do not 
blow how the s tn~cn~re  and organization of the circuit has provided 
these particular patterns of neural activities for the different input 
intensities. 

Study of the synaptic organization of the connections between the 
neurons by electrophysiological or ultrastructural techniques could 
provide the numerical description of synaptic strengtlis shown in 
Table 1. The results of these experiments would show that each 
individual principal neuron Pi inhibits the other three principal 
neurons (P,). There is either monosynaptic inhibition from P, to P, 
or polysynaptic inhibition by an excitatory synapse from Pi to an 
interneuron (INk), which then forms an inhibitory synapse with P, 
(for example, the PI-to-Pz pathway in Fig. 1). This synaptic 
organization provides an "eff'ective" inhibitory synapse between any 
two principal neurons; an action potential elicited in one principal 
neuron always contributes to inhibition of each of the others. 
Similar experiments measuring the strengths of the synaptic connec- 
tions between the input axon Q and the Pi would show effective 
excitatory connections (Table 1).While the organization between 
principal neurons could be described classically as "lateral inhibi- 
tion," the output patterns of activity in the Pi, shown in Fig. 2A for 
ditferent input intensities, cannot be explained by this qualitative 
description. 

Given the synaptic strengths in Table 1 and an appropriate 
mathematical description of the neurons, we can simulate the model 
neural circuit and produce the output activity patterns for the 
different inputs. Such detailed simulations can also be done for real 
neural circuits if the required parameters are known. In general, an 
ability to correctly predict a complex result that relies solely on 
simulation of the system provides a test of the simulation model, but 
does not provide an understanding of the result. Thus, despite our 
classical analysis of the simple neural circuit in Fig. 1, we still have 
no understanding of uhy these particular synaptic strengths (Table 
1) provide these particular relations between input and output 
activity. Computation in the circuit shown in Fig. 1 can, however, 
lx defined and understood within the conceptual framework pro- 
vided by an analysis of dynamics in the simple neural circuit model 
we now discuss. 

The Model Circuits and Their 
Relation to Biology 

Neurons arc continuous, dynamical systems, and neuron models 
must be able to describe smooth, continuous quantities such as 
graded transmitter release and time-averaged pulse intensity. In 
McCulloch-Pitts models, neurons were logical decision elements 
described by a two-valued state variable (on-off) and received 
synaptic input from a small number of other neurons. In general, 
McCulloch-Pitts models do not capture two important aspects of 
biological neurons and circuits: analog processing and high intcr- 
connectivity. While avoiding these limitations, we still want to 
model individual neurons simply. In the absence of appropriate 
simplifications, the co~nplexitics of the individual neurons will loom 
so large that it will be impossible to see the effects of organized 
synaptic interactions. A simplified model must describe a neuron's 
effective output, input, internal state, and the relation between its 
input and output. 

In the face of the staggering diversity of neuronal properties, the 
goal of compressing their complicated characteristics is especially 
difficult. For the present, let us consider a prototypical biological 
neuron having inputs onto its dendritic arborization from other 
neurons and outputs to other neurons from synapses on its axon. 
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Action potentials initiate near the soma and propagate along the 
axon, activating synapses. Although we could model the dctailcd 
synaptic, intcgrativc, and spike-initiating biophysics of this neuron, 
following, for example, the ideas of Rall (3,the first simplification 
we make in our dcscription of the ncuron is to neglect clectrical 
eKccts attributable to the shape of dendrites and axon. (The axon 
and dendrite space-constants arc assumed to be vcry large.) Our 
model ncuron has the capacitances and conductances of the arbori- 
zation added directly to those of the soma. Thc input currcnts from 
all synaptic channels arc simply additive; more complex interactions 
betwecn input currents are ignorcd. Mcmbranc potential changcs 
arc assumed to arrive at thc prcsynaptic side of synapscs at the sane 
timc as they arc initatcd at the soma. The second simplification is to 
deal only with "fast" synaptic evcnts. When a potential fluctuation 
occurs in the prcsynaptic terminal of a chcmical synapse, a change in 
thc concentration of neurotransmitter is followcd (with a slight 
delay) by a current in the postsynaptic ccll. In our modcl neurons we 
presume this delay is much shortcr than the membranc timc 
constant of thc neuron. 

Thesc two suppositions on time scale mean that when a change in 
potcntial is initiated at the soma of ccll j, it introduces an cfl'ectivcly 
instantaneous conductance changc in a postsynaptic cell i. The 
amount of the conductance change depends on the nature and 
strength of the synapse from ccll j to cell i. 

Biological neurons that produce action potcntials do so (in stcady 
statc) at a ratc detcrmincd by the net synaptic input current. This 
current acts indirectly by charging the soma and changing thc cell 
potential. A charactcristic charging or discharging time constant is 
detcrmincd by the cell capacitance C and mcmbranc rcsistancc R. 
The input current is "integratcd" by thc ccll R C  timc constant to 
determine a value of an cffcctivc "input-potential," u. Conccpn~ally, 
this potcntial u is the ccll membranc potential after deletion of the 
action potcntials. Action potentials (and postsynaptic responses in 
follower cells) are then gcneratcd at a ratc dcpcndcnt on the valuc of 
u. Dependencies of firing rates on input currcnts (and hcncc u) vary 
grcatly, but havc a gcncrally sigmoid and monotonic form (Fig. 
3A), rising continuously between zero and somc maximum value 
(22). The firing rate of cell i can be described by the fhctionf;(ui). 
For processing in which individual action potentials are not syn- 
chronized or highly significant, a model that suppresses thc details 
of action potentials should be adequate. I11 such a limiting casc, two 
variables dcscribe the state of neuron i: the eKective input potential 
ui and the output firing ratc f;(ui). Thc strcngth of the synaptic 
current into a postsynaptic neuron j due to a presynaptic neuron i is 
proportional to the product of the presynaptic cell's output Vi(ui)] 
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Table 1.Effective synaptic strengths for the circuit in Fig. 1. 

Post- l'resynaptic neuron 
synaptic 
neuron 1'0 1' I PZ P3 (Z 

and the strength of the synapse from i to j. In our modcl, thc 
strcngth of this synapse is rcprcscntcd by the parameter Ti,., so that 
the postsynaptic currcnt is given by T, A(%,). The nct rcsult of our 
description is that action potcntials havc their eKects represented by 
continuous variables, just as the usual cquations describing thc 
behavior of clectrical circuits replace discretc electrons by continu- 
ous charge and current variables. 

Many neurons, both central and peripheral, show a graded 
rcsponsc and do not normally produce action potentials (23). The 
prcsynaptic terminals of these graded-response neurons sccrctc 
neurotransmitters, and hcncc inducc postsynaptic currcnts, at a rate 
depcndcnt on the prcsynaptic ccll potcntial. The cKective output of 
such cells is also a monotonic sigmoid function of the nct synaptic 
input. Thus thc modcl treats both ncurons with graded responses 
and those exhibiting action potcntials with the samc mathematics. 

We can now dcscribe the dynamics of an interacting system o f N  
neurons. The following set of coupled nonlinear differcntial cqua- 
tions results from our simplifications and describes how the statc 
variables of the neurons (ai; i = 1,. . .,N) will change with timc undcr 
the influence of synaptic currcnts from other neurons in thc circuit. 

Thcse cquations might be thought of as a description of "classical" 
ncurodynamics (12, 14).They express the nct input current charg- 
ing the input capacitancc Ci of neuron i to potential u; as thc sum of 
thrcc sourccs: (i) postsynaptic currcnts induced in i by presynaptic 
activity in ncuron j, (ii) leakage current due to thc finite input 
resistance Ri of neuron i, and (iii) input currents I, from other 
neurons external to the circuit. The time evolution of any hypotheti- 
cal circuit, defined by spccific values of Ti,, I;,f;, Ci, and R;, can bc 
simulated by numerical intcgration of these cquations. 

Somc intuitive feeling for how a modcl neural circuit might 
behavc can be provided by considering the clectrical circuit shown in 
Fig. 3R, which obcys the same differential equation (Eq. 1).Thc 
"ncurons" consist of amplifiers in conjunction with feedback circuits 
composed of wires, resistors, and capacitors organized to represent 
axons, dendritic arborization, and synapses connecting the neurons. 
The firing rate filnction of our modcl neurons V;(ui)] is replaced in 
thc circuit by the output voltage Vi of amplifier i. This output is 
V;= Fax,4i(u;), where the dimensionless function ai(ui)  has the 
samc sigmoid monotonic shape (Fig. 3A) asf;(u;) and a maximum 
value of 1. 1.7""" is the clectrical circuit equivalent of the maximum 
firing rate of cell i. The input impedance of our model ncuron is 
represented in the circuit by an equivalent resistor pj and an input 

5 10 15  
Tame epoch lnput strbngth. X 

Elg 2 (A) Results of an expcrlmcnt In which the actlvlty 111 cach ncuron 111 
the clrcult of Flg 1 was s~multaneouslp recorded (bv s~mulatlon) as a 
h n c t ~ o nof the strcngth of the mput stllnulus on  axon Q The strength o t  the 
Input st~mulus 1s lnd~catcd by the numbers above cach tlme epoch ( R )  A 
sclectlve rearrange1nent o t  the data 111 (A) ~llustratlng the analog-b~naw 
cornputatloll b a n g  performed by the clrcult The dlg~tal word V3V2VIVO 1s 
calculated trom the records 
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,,,A,, ,,capacitor C, connected in parallel from the amplificr input to 
ground. Thesc components define the time constants of the neurons 
and provide for the integrative analog sumn~ation of the synaptic 
input currents from other neurons in the network. To provide for 
both excitatory and inhibitory synaptic connections between neu- 
rons while using conventional electrical components, each amplificr 
is given two outputs-a normal (+) output and an inverted (-) 
output of the samc magnitude but opposite in sign. A synapse 



between two neurons is defined by a conductance Ti, which through the set of resistors connecting its input to the outputs of the 
connects one of the two O L I ~ ~ L I ~ S  other neurons), externally provided currcnts, and leakage current. of amplifier j to the input of 
amplifier i. This connection is made with a resistor of value Rii = In the modcl represented by Eq. 1 and Fig. 3, the properties of 
l/lTil. If the synapse is excitatory (7; > O), this resistor is co~u~ected individual modcl ncurons have been oversimplified, in comparison 
to the normal (+) output of amplifier j. For an inhibitory synapse 
(Ti < 0), it is connected to the inverted (-) output of amplifier j. 
Thus, the normal and inverted outputs for each ncuron allow for the 
constnlction of both excitatory and inhibitory conncctions through 
the use of normal (positive valued) resistors. The circuits include a 
wire providing an externally supplied input current I; h r  cach 
neuron (Fig. 31%). These inputs can be used to set the general level of 
excitability of the network through constant biases, which effectively 
shift the input-output relation along the ui axis, or to provide direct 
parallel inputs to drive specific ncurons. As in Eq. 1, the net input 
current to any ncuron is the sum of the synaptic currents (flowing 

1 
0 I 

0 

Input potential, u 

Fig. 3. (A)The sigmoid monotonic input-output rclation used for the model 
ncurons. (H)  The model neural circuit in electrical components. The output 
of any ncuron can potentially be connected to the input of any other neuron. 
Black squares at intersections represent resistive connections (with conduc- 
tance T,)between outputs and Connections between invertedi n p ~ ~ t s .  
outputs (represented by the circles on the amplifiers) and inputs represent 
negative (inhibitoty) conncctions. 

with biological neurons, to obtain a simple systcm and set of 
equations. However, essential features that havc been retained 
include the idea of a neuron as transducer of input to output, with a 
smooth sigmoid response up to a maxinlum level of output; the 
integrative behavior of the cell membrane; large nutnbers of excit- 
atory and inhibitory connections; the reentrant or fedback nature of 
the conncctions; a11d the ability to work with both graded-response 
neurons and neurons that produce action potentials. None of these 
features was the result of approximations. Their inclusion in a 
simplified model emphasizes features of the biological system we 
believe important for computation. The modcl retains the two 
important aspects h r  computation: dynamics and ~lonlinearity. 

The modcl of Eq. 1 and Fig. 3 has inlrnensc computing power, 
achieved through organized synaptic interactions between the neu- 
rons. The model neurons lack many complcx feat~lres that give 
biological ncurons, taken individually, greater comp~itational capa- 
bilities. It seems an appropriate model h r  the study of how the 
cooperative effects of neuronal interactions can achieve computa- 
tional power. 

A New Concept for Understanding the 
Dynamics of Neural Circuitry 

A specific circuit of the general form described by Eq. 1and Fig. 3 
is defined by the values of the synapses (Ti) and input currents (I;). 
Given this architecture, the statc of the systcm of neurons is defined 
by the values of the outputs V; (or, equivalently, the inputs u;)of 
cach ncuron. The circuit computes by changing this statc with time. 
In a geometric space with a Cartesian axis for each neural output V;, 
the instantaneous state of the system is represented by a point. A 
given circuit has dynamics that can be pict~lred as a timc history or 
motion in this statc space. For a circuit having arbitrarily chosen 
values for the synaptic conncctions, these motions can be very 
complex, and no s impl i~ing description has been found. A broad 
class of simplified circuits, however, has a unifying principle of 
behavior while remaining capable of powerful computation. These 
circuits are literally or effectively symmetric. 

A symmetric circuit is defined as having synaptic strength and 
sign (excitation or inhibition) of the connection from ncuron i to j 
the same as from j to i. The two ncurons need not, however, havc 
the same input-output relation, threshold, or capacitance. Our 
model circuit (Fig. 3H) is symmetric if, for all i and j, Ti is equal to 
Tj;.This symmetry refers only to connections between ncurons in 
the circuit. It specifically excludes the input conncctions (represent- 
ed in Fig. 3B as the input currcnts I;)and any output conncctions 
from the circuit. 

Sytnmetry of the connections results in a powerful theorem about 
the behavior of the systcm. The only additional conditions necessary 
are that the input-output relation of the model neurons be mono- 
tonic and bounded and that the external inputs I; (if any) should 
change only slowly over the time of the computation. The theorem 
shows that a mathematical quantity E, which might be thought of as 
the "computational energy," decreases during the change in neural 
statc with time described by Eq. 1. Started in any initial statc, the 
systcm will move in a generally "downhill" direction of the E 
ti~nction,-reach a statc in which E is a local minimum, and stop 
changing with timc. The system cannot oscillate. This concept can 
be illustrated graphically by a flow map in a state-space diagram. 
Each line corresponds to a possible time-history of the systcm, with 
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arrows showing the direction o f  motion. The structure imposed on 
the flow map for a circuit with symmctry is illustrated for a two-
dimensional statc space in Fig. 4. With symmetric connections, the 
flow map o f  the neural dynamics rescrnblcs Fig. 4B. Such a flow, in 
which each trajectory goes to stable points and stops, results from 
always going "downhill" on an "energy-terrain," corning to the 
bottom o f  a local valley, and stopping. The contour rnap o f  an E 
function that matches the flow in Fig. 4E is shown in Fig. 4A; it 
shows separated hills and valleys. The valleys arc located where the 
trajectories in Fig. 4B stop. For a no~lsymmetric circuit, the 
complications illustrated in the flow map in Fig. 4C can occur. This 
flow rnap has trajectories corresponding to complicated oscillatory 
behaviors. Such trajectories are undoubtedly important in neural 
computations, but as yet we lack the mathematical tools to manipu- 
late and understand them at a computational level. The motion o f  a 
neural circuit comprising N neurons must be pictured in a space o f  
N dimensions rather than the two dirncnsio~ls o f  Fig. 4,  but the 
qualitative picture o f  the ctfects o f  symmctric synaptic strengths is 
exactly the same. 

The computational energy is a global quantity not felt by an 
individual neuron. The states o f  i~ldividual neurons simply obey the 
neural equations o f  motion (Eq. 1 ) .  The computational energy is 
our way o f  understandi~lg why the system behaves as it docs. A 
similar sit~lation occurs in the concept o f  entropy in a simple gas. W e  
understand that when a nonequilibrium state is set up with all the air 
molcculcs in one corner o f  the room, a uniform distribution will 
rapidly result. W e  explain that fact by the tendency o f  the entropy o f  
isolated systems to increase whenever possible, but the individual 
molecules know nothing o f  entropy. They simply follow their 
Newtonian equations o f  motion. 

Symmetric chemical synapses arc observed in neural systems (24). 
Nonrectitjring electrical synapses arc intri~lsically symmctric synap- 
ses o f  positive sign (25). Lateral inhibition in the visual system o f  
Limulus is implemented with symmetric inhibitory synapses (6) .  A t 1  

asymmetric network can also behave as though it were symmctric. In 
the olfactory bulb, the local circuit o f  mitral cell to granule ccll to 
mitral ccll provides an equivalent symmetric inhibitory connectio~l 
between the pair o f  rnitral cells (26). A similar situation occurs in the 
circuit shown in Fig. 1, where a direct equivalence between a neural 
circuit which is manifestly not symmetric and one which is cffectivc- 
ly symmetric can be made i f  the inhibitory interneurons ( IN , ,  IN2) 
are faster than other neurons. 

The requirement o f  symmctry for this theorem can also be 
weakened. W e  have proven stability for a wide class o f  circuits 
having organized asymmetry between two sets o f  neurons with 
different time constants (16) .  ( A  ncurobiological example would be 
the existence, in mammalian systems, o f  fast inhibitory interneurons 
that could provide effective symmctric inhibitory connections be- 
meen neurons that arc otherwise excitatory.) In one potentially 
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Fig. 4. (A) Enerjg-ter-
rdin contour map for the 
flow mdp shown in (R) .  
(B) Typical flow mdp 
of ncural dynamics for 
thc circuit of Fig. 3 for 
symmctric connections 
(To= Ti;). ( C )  More 
complicated dynamics 
that cdn occur for unrc- 
strictcd (Ti,).Limit cy- 
clcs arc possible. 

usefill example (16), stability could be guaranteed eve11 though the 
sign o f  Ti,was always opposite that o f  Ti;.Also, there is a family o f  
transformations by which a broader class o f  synaptic organizations 
can be made equivalent to synlmetric ones (27). From an empirical 
viewpoint, moderate disorganized asymmetry (for example, having 
a random set o f  connections missing in an otherwise symmetric 
associative memory circuit) has little experimental etfect on dynamic 
stability (28). Because the general features o f  symmetric circuits 
persist in circuits that are only equivalently symmetric, and real 
neural circuits can often be so viewed (except for inputs and 
outputs), the behavior o f  symmctric circuit models should be o f  
direct use in trying to understand how neural computation is done 
in biology. 

In general, systems having organized asymmetry can exhibit 
oscillation and chaos (2Y). In some neural systems like central 
pattern generators ( K ) ,  coordinated oscillation is the desired cornpu- 
tation o f  the circuit. Processing in the olfactory bulb also seems to 
make explicit use o f  oscillatory patterns (30).  In such a case, proper 
combi~latio~lso f  synlmetric synapses can enforce chosen phase 
relationships between different oscillators, an effect similar to those 
presented above. 

Hard Problems Naturally Solved by Model 
Neural Circuits 

In thinking about how difficult computatio~lal problems can be 
done on such networks, it is useful to recall the simple problem o f  
associative memory, which these networks implement in a "natural" 
fashion (10, 13). This naturalness has two aspects. ( i )  The symmetry 
o f  the networks is ~latural because, in simple associations, i f  A is 
associated with B, E is symmetrically associated with A. (ii) I f  the 
desired memories can be made the stable states o f  a network, the 
desired computation (given partial information as input, find the 
memory that most resembles it) can be directly visualized as a 
motion toward the nearest stable statc whose position is the recalled 
memory. Finally, the way the connection strengths must be chosen 
for a given set o f  memories can be easily implemented by learning 
rules (13) such as the one proposed by Hebb (31). 

T o  what extent can more dificult computations-for example, 
those relevant to object rccog~~ition or speech perception-be 
carried out naturally 011 these model neural circuits? One o f  the 
characteristics o f  such computations seems to be a combinatorial 
explosio~l-the huge number o f  possible answers that must be 
considered. The desired computation (for example, matching a set 
o f  words to a sound pattern) can often be stated as an optimization. 
Although it is not yet know~l how to map most biological problems 
onto model circuits, it is now possible to design model circuits to 
solve nonbiological problems having combinatorial complexity. 
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Because well-defined problems have been used, the effectiveness of 
the neural circuit computation can be quantified. We will review 
two circuit examples. 

The idea of most algorithms or procedures for optimization is to 
move in a space of possible configurations representing solutions, 
progress in a direction that tends to decrease the cost function being 
minimized, and hope that the space and method of moving are 
smooth enough that a good solution will ultimately be reached. 
Such ideas lie behind conventional computer optimization algo- 
rithms and the recent work in simulated annealing (32)and Bayesian 
image analysis (33). In our approach (15-17), the optimization 
problcm is mapped onto a neural network in such a way that the 
network configurations correspond to possible solutions to the 
problem. An E function appropriate to the problem is then con- 
structed. The form of the E function is chosen so that at co~figura- 
tions representing possible solutions, E is proportional to the cost 
function of the problem. Since, in general, E is minimized as the 
circuit computes, the dynamics produce a path through the space 
that tends to minimize the encrg)i and therefore the cost function. 
Eventually, a stable-state configuration is reached that corresponds 
to a local minimum in the E function. The solution to the problem is 
then decoded from this co~figuration. 

It is particularly easy to construct appropriate E hlctions when 
the sigmoid input-output relation is steep, because in this "high- 
gain" limit, each neuron will be either very near 0 output or very 
near its maximal output when the system is in a low E stable state 
(14). In the high-gain case, the energy hnction is 

When lower gain is co~lsidered, terms containing the functiongi(ui) 
must be included in E (14). The following two examples make use of 
this high-gain limit. 

~ h e s i ~ @ l eseven-neuron circuit described in Fig. 1 was designed 
according to this conceptual framecvork to be a four-bit analog-to- 
binary (A-B) converter. Given an analog input to the circuit - .  

represented by the time-averaged impulse activity in the input axon 
(2, the neural circuit is organized to adjust the firing rates in the 
principal neurons so that they can be interpreted as the binary 
;lumber numerically equal td the time-averaged input activity. 
Reorganization of the data in Fig. 2A will illustrate this computa- 
tion. In each time epoch in Fig. 2A, assign the value 0 or 1to the 
variable Vi representing the output of Pi; if I-'; is firing strongly, 
Vi = 1; if it is quiescent, V; = 0. Represent the activity in axon Q by 
a continuous variable X. The value of the binary word interpreted 
from the ordered list of numbers (V3V2VIVo) is plotted in Fig. 2R 
for each of the diEerent values of input strength X. The data points 
(asterisks) lie on a staircase function (dotted line) characteristic of a11 
A-B converter. (Although not shown, the outputs computed for anj7 
other inout would alsolie on this curve.) 

Through the consideratio~l of a specific energy function in the 
high-gain limit and the synaptic strengths and inputs listed in Table 
1, the behavior of the neural circuit can be predicted and under- 
stood. We decide in advance that outputs V3V2VIVo of P3 through 
Po are interpreted as a computed binary word. The problem to be 
solved is stated as an optimization: en analog illput X, which 
binary word (set of outputs) best represents the numerical value of 
X? The solution is provided when the following E is minimized 
(16): 

The second term in E is mi~limized (and numerically equal to 0) 
when a11 V, are either close to 0 or close to 1.SinceE is minimized as 

the circuit converges, stable statcs having the correct "syntax" tend 
to develop. Since the first term in E is a minimum when the 
expression in the parentheses vanishes, this term biascs the circuit 
towards the statcs closest, in the least-squares sense, to the analog 
value ofX. The E in Eq. 3 is like that in Eq. 2, a quadratic in the Vi. 
Rearranging Eq. 3 and comparing it with this general form yields 
values for Tij and Iifor a circuit of the form in Fig. 3B that can be 
deduced within a common scale factor as 

The coefficient o fX  in Iiis the synaptic strength from the input axon 
(1to the principal neurons. These specific values are equal to the 
strengths of the "effective" synapses tabulated in Table 1. K11ow1- 
edge that E is minimized as the circuit computes provides an 
undevstanding of how this synaptic organization both enforces the 
necessary syntax and biascs the network to choose the optimum 
solution. 

Our second example is a neural circuit that computes solutions to 
the traveling salesman problem (TSP) (15). In this frequently 
studied optimization problem (34), a salesman is required to visit in 
some sequence each of n cities; the problem is to determine the 
shortest closed tour in which every city is visited only once. Specific 
problems are defined by the distances (d;,) between pairs of cities (2, 

3). Assigning letters to the cities in a TSP permits a solution to be 
specified by an ordered list of letters. For example, the list C S G B  is 
interpreted as "visit C, then A, then F, then G, then B, and finally 
return to C." For an n-city TSP, this list can be decoded from the 
outputs of N = n2 neurons if we let a single neuron correspond to 
the hypothesis that one of the n cities is in a particular one of the n 
possible positions in the final tour list. This rule suggests the 
arrangement illustrated in Fig. 5 for displaying the neural output 
states. The output of a neuron (Vi ) is graphically illustrated by 
shading; a filled square represents a neuron which is "on" and firing 
strongly. An empty square represents a neuron that is not firing. The 
output states of the n neurons in each row are interpreted as 
information about the location of a particular city in the tour 
solution. The output states of the n neurons in each colunln are 
interpreted as information about what cities are to be associated 
with a particular position in the tour. If the neuron from column 5 
in row C is "on," the hypothesis that city C is in position 5 in the 
final tour solution is true. 

Hypothetically, each of the n cities could indicate its position in 
any one of the n possible tour locations. Therefore, 2N possible 
"neural states" could conceivably be represented by these outputs. 
However, only a subset of these actually correspond to valid 
solutions to the TSP (valid tours): a city must be in one, and only 
one, position in a valid tour, and any position must be filled by one 
and only one city. This constraint implies that only output states in 
which only one neuron is "on" in every row and in every colurw~ are 
of the correct "sy~ltax" to represent valid solutio~ls to the TSP. A 
TSP circuit that is to operate correctly must have synapses favoring 
this subset of states. Simple lateral inhibition between neurons 
within each row and column will provide this bias. For example, if 
Vn,2 (represenring city B in position 2) is "on," all other neurons in 
row B and column 2 should be inhibited. This can be provided by 
the inhibitory connections from neuron Vn,2 drawn in Fig. 5 (red 
lines). Similar row and column inhibitory connections are drawn for 
neuron VDxs. A complex "topology" of spnt~x-enforcing connec- 
tions is generated. We can also think of these connections as 
contributing a term to the E hnction for the circuit. For example, a 
term +A VxXi Vr,i in E makes a contribution -A to the synaptic 
strength Tx,i;v,i and represents a mutual lateral inhibition between 
neurons (X, i ) and ( Y, i ) .The term is positive (higher E) when both 
of these neurons are "on," but contributes nothing if only one of the 
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two is "on." The Drowr combination of similar terms in an E 
function can sd thi synapses that coordinate correct syntax. 

In a syntactically correct state representing a valid solution (tour), 
if neurons VxSi and VY,i+I are both "on," the salesman travels from 
city X directly to city Y. Therefore, the distance dx, y between these 
two cities is included in the total tour length fbr that solution. A 
term of the fbrm +dXsY VXSi VY,i+I in the E function provides a 
"distance" contribution of dw to the value of E when the& neurons 
are "on." Similar terms, properly summed,.will add to E a value 
equal to the length of the tour. Since the circuit minimizes E, the 

state will be biased toward those valid solutions representing 
short tours. Such inhibitory connections are drawn in Fig. 5 with 
blue lines for neurons VBs2 and V D , ~ .  In TSP and in the earlier 
example, the rules of syntax are expressed in inhibitory connections. 
It seems easier to define what these systems should not do (by 
inhibitory connections), and to define what they should do by 
default, rather than to define what they should do by writing syntax - .  

in excitatory connections. 
The inhibitory synapses define the computational connections fbr 

the TSP circuit. With a common sigrnoid gain curve, R, and C for 
each neuron, the description of the c i d  is complete. The gain 
curve is chosen so that with zero input, a neuron has a nonzero but 
modest output. This. circuit can rapidly compute good solutions to a 
TSP problem (15). When started t b m  an initial "noise" state 
favorkg no particular tour, the network rapidly converges to a 
steady state describing a very short tour. The state of the circuit at 
several time points in a typical convergence is illustrated in Fig. 6. In 
a 30-city problem, there are about lom possible tours-the combi- 
natorial problem has gotten completely out of hand. But the circuit 
of 900 neurons can find one of the best lo7 solutions in a single 

convergence-a few time constants of the circuit. It selects good 
answers and rejects bad ones by a factor of ld3. 

The continuous response characteristic of the analog neurons in 
the TSP circuit represents partial knowledge or belief. A value for 
Vx, j between 0 and 1 represents the "strength" of the hypothesis 
that city X is in position j of the tour. During an analog conver- 
gence, several conflicting solutions or propositions can be simulta- 
neously considered through the continuous variables. It is as though 
the logical operations of a calculation could be given continuous 
values between "true" and "false" and evolve toward certainty only 
near the end of the calculation. This is evident during the TSP 
convergence process (Fig. 6) and is important for finding good 
solutions to this problem (15). If the gain is greatly increased, the 
output of any given neuron will usually be either 1 or 0, and the 
potential analog character of the network will not be utilized. When 
operated in this mode, the paths found are little better than random. 
The analog nature of the neural response is in this problem essential 
to its computational effectiveness. This use of a continuous variable 
between true and false is similar to the theory of fUzzy sets (35) and 
to the use of evidence voting for the truth of competing proposi- 
tions in Bayesian inference and connectionist modeling in cognitive 
psychology (36). Two-state neurons do not capture this computa- 
tional feature. 

Discussion 
The work reviewed here has shown that a simple model of 

nonlinear neurons organized into networks with effectively symmet- 
ric connections has a "natural" capacity for solving optimization 
pmblems. The general behavior can be readily adapted to particular 
problems by appropriately selecting the synaptic connections. Opti- 

'oaition 7 mization problems are ubiquitous where goals are attempted in the - presence of conflicting constraints, and they arise in problems of 

3 - 4  , 5 '  perception (What three-dimensional shape "best" describes a given 
shading pattern in a two-dimensional image?), behavioral choice, 

Fig. 5. A s t y M  picture of the syntax and connections of the TSP neural 
circuit. Each neuron is symbolically indicated by a square. The neurons are 
arranged in an n by n array. Each city is associated with n neurons in a row, 
and each position in the h a 1  tour is associated with n neurons in a column. 
A given neuron (Vx,,) represents the hypothesis that city X is in position j in 
the solution. The patterns of synaptic connection for two diflkrent neurons 
ale indicated. 

and m%r control (What is the ~p t im~t ra j ec to ry  to move an 
appendage to minimize internal stresses?). Hence circuits consistent 
with this model could efKciently solve problems important in 
biological information processing. 

Biologically relevant problems in vision have already been formu- 
lated in terms of optimization problems. Edge-detection, stereopsis, 
and motion detection can be described as "ill-posed" problems, and 
solutions can be found by minimizing appropriate quadratic func- 
tional~ (37). The emphasis in these formulations has been simple 
convex problems with a single minimum in the energy. Networks 
solving these problems can be implemented by linear circuits having 
local connections. The nonlinear circuits described here can imple- 
ment solutions to much more complex problems and have recently 
been used to solve the object-discontinuity problem in early vision 
(18). 

The concept of an energy function and its use in circuit design 
provide an understanding of hmP model neural circuits rapidly 
compute solutions to optimization problems. The state of each 
neuron changes in time in a simple way determined by the state of 
neurons to which it is connected, but the organization of the 
synapses results in collective dynamics that minimize an E function 
relevant to the optimization problem. Knowledge of this E function 
helps us understand the collective dynamics. The two circuit exam- 
ples reviewed here, the A-B converter and TSP circuit, were 
"forward-engineered." Given the optimization problem, a represen- 
tation of hypothetical solutions to the problem as a particular set of 
neural states was constructed. Synaptic connections in the operating 
circuit move the neural state toward these solution states and bias 



City  

Pos i t i on  in p a t h  
(Pa th  =DHIFGEAJCB) 

Fig. h. The convergence of a ten-city analog circuit to a tour. The linear 
dimension of each square is proportional to the value of V,,,. (A to C )  
Internmediate tinics. (I)) The final state. Indices illusl-rate how the final state 
is dccodcd into a tour (solution of the TSP). 

this motion toward the best solution. The values of these synaptic 
strengths were summarized in the single algebraic statement of the E 
function. I'l'he two problems illustrate diEerent ways in which 
"ciata" modulate the circuit parameters: as input currents in the A-B 
converter or as changes in the connection strengths in the TSP 
circuit (17).] Forward-engineered examples of model neural circuits 
acid to the known repertoire of computational circuits that seem 
ne~~robiologicallyplausible. The general problem of neurobiology is 
"reverse engineeringm-to uncierstanci the operation of a complex 
biological circuit with unknown design principles and internal 
representations. In general, the set of neural circuits whose function- 
ing is understood provides an information base for hypothesizing 
filnction in biological neural circuits in the sairle way that the stuciy 
of understood electrical circuits aids the attempt to understand or 
reverse engineer an ~ulfamiliar electrical circuit diagram. 

When a problem falls naturally onto a neural circuit, its conver- 
gence to a collective analog decision in a few time constants 
represents immense computation for the amount of hardware 
involveci. For example, the 30-city TSP can be cione on a network of 
900 neurons. When that kind of combinatorial problem occurs in 
perception and pattern recognition, the input to the system will 
occur in parallel and take little time. A biological neural network of 
this structure woulci converge to an answer in a few neural time 
constants, thus in about 0.1 seconci. An electronic circuit of the same 
structure would converge in about 1 psec. A comparably good 
solution to this problem, with conventional algorithms used for the 
I'SP, can be found in about 0.1 second on a typical microcoiliputer 
having lo4 times as many cievices. The effectiveness of the neural 
system on the basis of computations per device per time constant is 
great in comparison with the usual general-purpose digital machine. 
The ability of the model networks to compute effectively is baseci on 
large connectivity, analog response, and reciprocal or reentrant 
connections. The computations are qualitativelg different from those 
performed by Boolean logic. 

Other specific circuit designs have been studied. Many problems 
in signal processing can be described as the attempt to detect the - .  

presence or absence of a wa\xforili having a known stereotyped 
shape in the presence of other wa\~eforms and noise. (The recogni- 
tion of phonemes in a stream of speech is conceptually similar, but 
fraught with large problems of variability from the stereotype forill.) 
We have described the general organization of neural circuits that 
could solve this task (1 6). Energy filnctions have been described for 
other combinatorial optimization problems, including graph color- 
ing (13 ,  the Euclidean-match problem (1 7),and the transposition 
code problem (1.5). Circuits that relax the restriction on a symmetric 
connection iliatriv (as biology does) have also been studied. A 
circuit designed to provide solutions to linear programming prob- 
lems (1 6) hlnctions without oscillation when the characteristic times 
of these eleilients are properly specified, even though its computing 
elements have antisy~nn~etric connection strengths. The associative 
memory originally discussed (10) and used in a model of learning in 
a siiliple invertebrate (38) can be described as an optimization 
problem (15). The same conceptual framework can seemingly be 
applied to a large number of diEerent problems. 

Because the basic idea of the model neural circuit can be expressed 
as an electrical circuit, there have been eftbrts to build such 
hardware. Associative memories of 32 neurons (amplifiers) have 
been built in conventional electrical circuit technology (39). A 22-
neuron circuit has been successf~~lly microfabricated on a single 
silicon chip (40). Shrinking this kind of network to a compact size 
seems possible (41). The most compact and useful form of such a 
device wodd involve an electrically writable resistance change in a 
two-terminal device, which woulci function approximately as a 
Hebbian (31) synapse. Exailiples of such material fabrications exist 
(42). A 32-neuron systeili has been fabricateci that uses optics to 
implement connections (43). Technological questions have so far 
focused chiefly on associative memory. Similar circuits coulci be used 
to solve problems in signal detection and analysis, such as artificial 
visual systems, in which there tends to be immense ciata overload 
and where concurrent ciistributeci processing is desired. 

In both biological neural systems anci man-macie computing 
structures, hierarchy and rhythmic or timed behaviors are impor- 
tant. The addition of rhythms, adaptation, anci timing provides a 
mechanism for moving from one aspect of a computation to another 
and for ciealing with time-ciependent inputs and will lead to new 
computational abilities even in small networks. Hierarchy is neces- 
sary to keep the number of synaptic connections to a reasonable 
level. T o  extend the present ideas from neural circuit to neural 
system, such notions will be essential. 

REFERENCES AND NOTES 

1. D. Marr, Vision (Freeman, San Francisco, 1982). 
2. Im Icmcntations difl'crcnt from those rcvicwcd hcrc arc discilsscd in: T. Poggio 

a n 1  C. Kocli, Artzfiiial Inte1l;qenie Lab. Menza 773 (Massachusetts Institute of 
Technology, Cambridge, 1984); S. E. Fahhnan, C;. E. Mlnton, T. J .  Scjnowski, 
I'roreedin~s of'h'ational C,'onfErenie on Ai,t$cial Intell@enie (1 983), p. 109: S. Gcman 
and 1). C>rman,IEEE Trans. I'attenz Anal. Mech. Intell. 6, 721 (1984). 

3. W. S. McCulloch and W. Pltts, Bull. Math Uwphys. 5,115 (1943). 
4. 	F. Koscnblatt, Principles of Neurodynamtis (Spartan, Washington, 1lC, 1961). 
5. W. S. McCulloch, Embodiments of'Mznd (MIT Prcss, Cambridge, MA, 1965); M. 

Minsky and S. Papcrt, l'erieptrons (MIT Prcss, Cambridge, MA, 1969); A. C. 
Scott, J.Math. Pyihol. 15,1 (1977) 

6. 11. K. Hartlinc, 11. G. Wagner, F. Katliff, J. Gen. l'hyswl. 39, 651 (1956). 
7. 	For a suriimarv of appropriate mathematical methods, scc D. Nohlc, J. J .  R. Jack, 

and K. Tsicn (Eleitn'i C;umnt Flow in E.ziitable Celb (Ciarcndon, Oxford, 1974)l. 
8. 1). 	K .  Hartlinc, Hwl. Cybem. 33, 223 (1979); D. H. l'crkcl and R .  Mulloncy, 

Sizenie 185,181 (1974); A. I. Sclvcrston, Behav. Brain Sii. 3, 535 (1980); W. 0 .  
Frciscn and C;. S. Stcnt, Bwl. Cybem. 28,27  (1977). 

9. Scc, for cx.~mplc: K. 1). Traub i nd  K. K. S. Wong, Science 216, 745 (1982). 
10. J. J. Hopfield, Proi. Natl. Aiad. Sii. U.S.A. 79, 2554 (1982). 
11. Whilc space docs not pcrrnit ttic review of modern dc\~cloprncnts using two-state 

neurons, ttic follow~ng rcfcrcnccs provide an introduction to this literature: W. A. 
Littlc, Math. Hzusii. 19, 101 (1974); a  n d C;. L. Shaw, ibid. 39,281 (1978); 

SCIENCE, VOL. 233 



G. I,. Sl~aw, 11. J .  Silverman, J. C. Pearson, I'roc. Natl. Acad. Sci. U.S.A. 82, 3364 
(1985); M. Y. Choi and R. A. Hubcrman, P/ys. Rev. A 28, 1204 (1983); T .  IIogg 
and D. A. Hubcrman, I'roc. Natl.Acad. Sci. U.S.A. 81,6871 (1984); M. A. Cohcn 
and S. Grossberg, IEEE Trans. Syst. Man Cybem. SMC-13, 815 (1983); K. 
Nakano, ibid. SMC-2 (no. 3) (1972). For recent work on stochastic models 
applied to two states, see G. E. Hinton, T. J .  Sejnowski, and 11. H .  Ackley 
[Technical Rcpm CMU-CS-&-I 19 (Cart~cgic-Mcllon University, Pittsburgh, 1984)l. 

12. We refer to the dynamics as "classical" because we arc ignoring propagation time 
dclavs and the quanta1 nature of action potentials, in analogy to classical mechanics. 
similar equations have been described: T. J .  Scjnowski, in I'arallel Models uf 
Associative Memry, G. E. Hinton and J .  A. Anderson, Eds. (Erlbaum, Hillsdale, 
NJ, 1981), p. 189. 

13. T. Kohoncn, Self-Organizatton and Associative Memoly (Springer-Vcrlag, Berlin, 
1984); T. Kohonen et al., Neuroscience 2, 1065 (1977); T. Kohoncn, Rwl. Cabein. 
43, 59 (1982); I.. N. Cooper, F. I.iberman, E. Oja, ibid. 33, 9 (1979); 11. Ackley, 
G. E. Hinton, T. J. Sejnowski, Cognit. Sci. 9, 147 (1985); 11. d'Humieres and R. A. 
IIubcrman, J .  Stat. Phys. 34, 361 (1984); K. Fukushima, Riol. Cybem. 36, 193 
(1980); A. G. Rarto, K. S. Sutton, P. S. Drouwcr, ibid. 40, 201 (1981); I'arallel 
Models ofAssociative Memuly, C;. E. Hinton and J .  A. Anderson, Eds. (Erlbaum, 
Hillsdale, NJ, 198 1 ). The capacity of associative memories constnictcd from 
nenvorks of nvo-state neurons is discussed by P. Peretto [Riol. Cabewz. 50, 51 
(1984)], D. J. kn i t ,  F-l. Gutfreund, H .  Sompolinsky [Pbys. Rev. I,ett. 55, 1530 
(1985)], K. J. McEliece and E. C. Posner [IPI, Telecommunications and Data 
Acquisition Pronress Report 42-83 (1985), p. 2091, Y:S. Abu-Mostafa and J. St. 
Jacques [IEEE Trans. Inf: Theoy IT-31,461 (1985)], and L. Pcrsonnaz, I. Guyon, 
and G. Drcvfus 11. I'hvsiaue Lett. 46, L-359 11985) 1. 

14. J. J. 11opfidd. roc. hiad. Acad Sci. U.S.A. 81, 308b 11984) 
15. and D. W. Tank, Riol. Caberw. 52, 141 (1985)'. 
16. D. W. Tank and J. J. F-lopticld, IEEE Circuits Syst. CAS-33, 533 (1986). 
17. J. J. IIoptield and D. W. Tank, in 1)isordewd Systems and Riolqqical Oganizatwn 

(Spring&-Vcrlag, Berlin, 1986). 
18. C. Koch. 1. Marroouin. A. Yuille. Proc. Natl. Acad. Sci. U.S.A. 83. 4263 11986). ' 
19. E. ~jols;lcss, Cal~ ich  i;omputeu science Dept. Publication 515.?:1)~.'(1984): 
20. T .  J. Scjnowski and G. E. IIinton, in Vision, Rrain, and Cooperative Coinputation, 

M. Arbib and A. K. IIanson, Eds. (MI'I' Prcss, Cambridge, MA, 1985). 
21. G. M. Shepherd, The Synaptic Organization of'the Brain (Oxfixd Univ. Press, New 

York, 1979), p. 3. 

22. 	For a review of observed input-output relations and their ionic basis, scc W. E. 
Crill and P. C. Schwindt [Trends NeuroSci 6, 236 (1983)l. 

23. K. G. Pearson, in 	Simpler Netu~orh and Rehavior, J. C. Fcntrcss, Ed. (Sinaucr, 
Sundcrlatld, MA, 1976). 

24. J .  McCarraghcr and K. Chase, J .  Neurosci 16, 69 (1985). 
25. M. V. I.. Rennett ant1 11. A. Goodenough, Neurosci. Res. Program Rull. 16, 371 

11978) 
26. W. K ~ I Iand C;. M. Shepherd, J. Neurophysiol. 31, 884 (1968). 
27. C. Koch and A. Yuille, personal con~munication. 
28. J .  Platt, personal con~munication. 
29. E. Harth, IEEE Trans. Syst. Man Cybein. SMC-13, 782 (1983). 
30. W. J. Frccman, Mass Actwn in the Ner~aus System (Academic Prcss, New 'r'ork, 

1975). 
31. D. 0 .  IIebb, The Opanization of Rehavivr (Wiley, New York, 1949). 
32. S. Kirkpatrick, C. 11. Gclatt, M. 1'. Vccchi, Science 220, 671 (1983). 
33. S. Gccman and D. Gccman, IEEE Trans. I'attein Anal. 6, 721 (1984). 
34. M. K.Garey and 11. S. Johnson, C;omputers and Intiactability (Freeman, New 'r'ork, 

19791. 
35. I.. A. Zadeh, IEEE Trans. Syst. Man Cabewz. SMC-3, 38 (1974). 
36. 11. H .  Rallard, I'attcrw Icecognition 13, 11 1 (1981); J .  A. Feldman and 11. H .  

Rallard, C,'ognit. Sci. 6, 205 (1982); 11. I.. Waltz and J .  D. Pollack, ibid. 9, 
51 (1985); J .  D. Pollack and 11. I.. Pollack, Byte Mgazine  11 (110. 2), I89 
(1986). 

37. T. Poggio, V. Torre and C. Koch, Nature jI,ondon) 317, 314 (1985). 
38. A. E. Gelperin, J. J. IIopfield, D. W. Tank, inModel Neural. Netu~orhandRehavior, 

A. Selverston, Ed. (Plenum, New 'r'ork, 1985). 
39. J .  I.ambe, A. Moopcnn, A. P. Thakoor, Proceedinns of theAIAA: Fzfth Conference on 

C;omputerr in Space, in press; J. Lalllbe, A. Moopenn, A. P. Thakoor, Jet Prol,ulsion 
Lab l'ublication 85-69 (Jet Propulsion Laboratory, Pasadena, CA, 1985). 

40. M. 	Sivilotti, M. Emmerling, C. Mead, 1985 C;onfErence on Vely Large Scale 
Intgration, H.  Fuchs. Ed. (Computer Science, Kockvillc, M11, IY85), p. 329. 

41. I.. 	D. Jackel, K. E. IIoward, H .  P. Graf, D. Srraughn, J .  S. lknker,  J .  Vac Sci. 
Tech., in press. 

42. A. E. Owen, P. G. LC Comber, G. Sarrabayrouse, W. E. Spear, IEE Proc. 129  (part 
1, no. 2), 51 (1982). 

43. D. Psaltis and N. Farhat, Optics Lett. 10, 98 (1985). 
44. Supported in part by NSF grant PCM-8406049. 

Arctic Research in the National Interest 


The Arctic Research and Policy Act of 1984was designed 
to advance arctic research in the national interest. Some of 
the research fields that require attention are weather and 
climate; national defense; renewable and nonrenewable 
resources; transportation; communications and space- 
disturbance effects; environmental protection; health, 
culture, and socioeconomics; and international cooper- 
ation. A research framework recommended by the Arctic 
Research Commission includes, in order of priority, inte- 
grated investigations to understand: (i) the Arctic Ocean 
(including the marginal seas, sea ice, and seabed) and how 
the ocean and atmosphere operate as coupled components 
of the arctic system; (ii) the coupled atmosphere and land 
components and how their interaction governs the terres- 
trial environment; and (iii) the high-latitude upper atmo- 
sphere and its extension into the magnetosphere with 
emphasis on predicting and mitigating effects on commu- 
nications and defense systems. A separate recommenda- 
tion is for high priority research to resolve the major 
health, behavioral, and cultural problems related to the 
arctic environment. Recommendations are also made 
concerning support services and management. 
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economic, political, and scientific (1-4).The Arctic Research 
and Policy Act of 1984 has now put some of these interests 

into sharper focus. Its stated purposes are "to establish national 
policy, priorities, and goals and to provide a Federal program plan 
for basic and applied scientific research with respect to  the Arctic, 
including natural resources and materials, physical, biological and 
health sciences, and social and behavioral sciences" 1.5, Section 
102(b)( l ) l .  The act established avo  cooperating groups t o  carry out 
its intent: (i) an advisory Arctic Research Conimission consisting of 
five presidential appointees and the director of the National Science 
Foundation, who serves as an ex officio, nonvoting member, and (ii) 
an executive Interagency Arctic Research Policy Committee, con- 
sisting of a representative from ten named federal agencies and 
possibly others, which is chaired by the National Science Founda- 
tion representative. 

Passage of the act reflected an increasing awareness in Alaska, in 
Washington, and among scientists and others that U.S. arctic 
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