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ABSTRACT
A neural network is a highly interconnected set of simple processors. The many connections allow information to travel rapidly through the 
network, and due to their simplicity, many processors in one network are feasible. Together these properties imply that we can build efficient 
massively parallel machines using neural networks. The primary problem is how do we specify the interconnections in a neural network. The 
various approaches developed so far such as outer product, learning algorithm, or energy function suffer from the following deficiencies: long 
training/specification times; not guaranteed to work on all inputs; requires full connectivity. Alternatively we discuss methods of using the 
topology and constraints of the problems themselves to design the topology and connections of the neural solution. We define several useful 
circuits-generalizations of the Winner-Take-All circuit - that allows us to incorporate constraints using feedback in a controlled manner. These 
circuits are proven to be stable, and to only converge on valid states. We use the Hopfield electronic model since this is close to an actual 
implementation. We also discuss methods for incorporating these circuits into larger systems, neural and non-neural. By exploiting regularities in 
our definition, we can construct efficient networks. 
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INTRODUCTION 
Neural networks are a class of systems that have many simple 
processors -"neurons" that are highly interconnected. The function of 
each neuron is simple, and the behavior is determined predominantly 
by the set of interconnections. Thus, a neural network is a special form 
of parallel computer. Although a major impetus for using neural 
networks is that they may be able to "learn" the solution to the problem 
that they are to solve, we argue that another perhaps stronger impetus is 
that they provide a framework for designing massively parallel 
machines. The highly interconnected architecture of switching 
networks suggests similarities to neural networks, and indeed, we 
present three applications in switching in which neural networks can 
solve the problems efficiently. The first two problems come from 
circuit switching: finding routes through large multistage switches and 
calculating a rearrangement that allows a new call to be placed through 
a rearrangeable switch.

In this latter problem we show that a computational advantage can be 
gained by using non-uniform time delays in the network. The last 
application is to high-speed interconnection networks, of relevance to 
packet switching. Using the computational speed of many neural 
processors working in parallel, we are able to resolve contention for 
paths through the network in the necessary time. We analyze this 
problem in detail to show the applicability of neural systems to real 
applications.

NEURAL NETWORKS AND PARALLEL MACHINES
For applications requiring computational speed beyond what a single 
processor IS capable of, increasing the number of processors can 
decrease the computation time. Standard parallel computing models 
are all fundamentally equivalent to the Turing model of computation. 
While, in principle, the programming of the multiple nodes is a 
straightforward extension of the programming of a single node, 
unfortunately, complications arise since the processors must spend 
time communicating intermediate results and waiting for other 
processors to send needed data. The programming and even the way 
that the multiple processors must be connected so that the machine isn't 
bogged down in this interprocessor-communication and scheduling 
overhead is not so well understood. As a result, the increase in speed as 
a function of the number of processors is significantly sublinear. We 
illustrate this phenomenon using data. The time using one processor 
for a given task is less than N times the time spent with N processors. 
Putting this in a comparable form:

This was from a performance test that allowed the manufacturers to use 
the fastest possible algorithm that they could develop to solve a system 
of 1000 equations and 1000 unknowns. This comparison is interesting 
because these machines have a variable number of processors. By 

comparing only within a single architecture, we can control for the 
differences between machines. The loss in efficiency is significant for 
the architectures in the graph. For example, with just seven processors, 
the Alliant computer spends almost 25% of each processor's time on 
this communications overhead. Over the domain of the data given, the 
loss in efficiency grows linearly with the number of processors. The 
linear increase in the loss in efficiency implies a decreasing amount of 
speedup that, if extended, would ultimately lead to an absolute 
decrease in the computing speed. This does not bode well for systems 
with many processors.

DESIGNING NEURAL NETWORKS
This idea is analogous to the work of a digital designer. Given a 
problem, the designer doesn't look directly at desired input and output 
signals and then solder a circuit using transistors, resistors, and other 
components; rather they analyze what they know about the problem to 
formulate a solution using the already available AND gates, flip-flops, 
etc., leading to a circuit design. A good designer will often try to 
produce a solution to the general class of problems, not just the specific 
instance that is at hand. Our approach with neural networks will be 
similar. Given a problem, analysis can yield much information about 
the problem. We often know the constraints and the direct causes of 
particular elements in the response. It is therefore to our advantage to 
incorporate this knowledge into the neural solution. As research 
continues on neural networks, the number of classes of neural 
networks which are well understood increases. These can help us to 
incorporate the knowledge we have about the problem. The fact that a 
neural network can assume quite arbitrary topologies is extremely 
useful. The topology of the neural network can be matched to the 
topology of the problem. This obviates the correspondence between 
the problem and the neural solution. Finally, since we know the 
underlying structure which is producing the neural network, we can 
exploit this structure to simplify the construction. These principles will 
be very important in guiding us to our design solutions.

To introduce some of the basic ideas, consider the infamous (in neural 
circles) parity check problem: Given N inputs of "-1" or "+1," output a 
"+1" if the number of input "1 's" is odd, otherwise output a "-1." This is 
often quoted as an unnatural and difficult problem for neural networks 
to solve. General learning algorithms have great difficulty in finding a 
solution to the parity check problem. But it is known that there exists a 
straightforward neural network to solve this for any N; we present this 
network below.

CONCLUSIONS
We argue that neural networks are a significant break from 
conventional parallel computing. Whereas the fundamental problem 
with conventional parallelism is how to program the multiprocessors; 
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with neural networks it is how to determine the connections between 
processors. Most current methods assume that the problem is 
unstructured, unnecessarily ignoring available information. By 
designing solutions using available information, we can produce 
efficient general neural solutions to whole classes of problems.
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