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Neural networks and learning
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ABSTRACT: The resurgence of interest in neural nmetworks and learning
over the last decade has had a profound impact on research work in
computational devices and systems. Optical computers and analog VLSI
owe their renewed vitality to the need to implement large-scale neural
networks efficiently. It is the purpose of this paper to provide the
basic background on neural networks and learning.

1. NEURAL NETWORKS

Neural network models offer an interesting alternative to performing
certain computations. They have been particularly considered for
unstructured computations [3] such as pattern recognition and artificial

intelligence problems, and approximations to large optimization problems.

There are two popular models of neural networks, the feedback model [9]
and the feedforward model [15]. The feedback model is what triggered the
current wave of interest in neural networks. The architecture of feedback
networks can be described as an undirected graph. The nodes are called

neurons, and the edges are called synapses.

What characterizes a neural architecture in general, whether it is feedback
or feedforward, is that the number of meurons is huge, and that each neuron
performs a very simple task. In most models, neurons perform threshold
logic only. Another common characteristic of many neural networks is that
the number of synapses per neuron is large. Usually a neuron is connected

to a good fraction of all other neurons.

In the feedforward model, the neurons are arranged into layers. There are
only directed synapses between each layer and the next. Thus the comection

is loop-free. The inputs are applied to the first layer, and the outputs
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are collected from the last layer. A feedforward network is a special
case of chbinational circuits, with the additional feature that the

intermediate variables in the network can assume non-binary values.

The neuron in both modéls performs the same function. The output ¥ is
determined by the inputs xl"'xN according to a threshold rule.'vInbthe
case of binary variables, the neuron simulates a function from_{—l,+l}N to
{-1,+1} (we follow the neural network notation taking the binary
convention to be +ls or-ls instead of ls or 0s). The output depends on
the input is through a set of real numbers called the weights oo Wy s

a weight for every input variable. If the sum 2:?;1 w exceeds an

L.
7
internal threshold ¢, ¥ is set to +1; if it is less than t, ¥ is set to

-1L.

The set of functions that can be implemented using a single neuron is well
understood. It is the set of threshold functions, or linearly separable
functions. If we consider the hypercube {—1,+1}N, any dichotomy that can
be represented by a hyperplane that separates the ﬁoints can be simulated
by a single neuron. Non-binary neurons are also commonplace in neural
network models. 1In this case, the threshold function produces an output
that varies continuously between -1 and +1 as the signal z:izl WL, - t

1.
varies from large negative to large positive.

The operation of the feedforward model is that of a combinational circuit,
where the inputs propagate and interact in one direction to produce the
output. The computation time is the time required for the signals to
propagate and for the output to settle. The operation of the feedback
model is closer to that of a sequential computer, where the system is
initialized to a state and evolves in time to a final state. This
simulates a computation, where the initial state is the input and the

final state is the output.

The question of stability is crucial for feedback networks in order to
guarantee a meaningful operation. The question does not arise in
feedforward networks because they are loop-free. It is important to
predict how a feedback network evolves in time when the néurons are

initialized to a certain state vector of bits. This evolution is
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analyzed with the help of an energy function that can be defined in terms
ofkthe states of the neurons and the (fixed) weights and thresholds.
Under certain conditions, the energy decreases monotonically as the
network moves from one state to the next. In these.cases, stability and
convergence can be addressed by analyzing the descent of the scalar
energy function instead of the transition of the state vector. This
Vparity of state vector transition and energy function descent is the key
to understanding how to perform actual computations using feedback

networks.

The neurons and the synapses can be considered the hardware of a neural
network, while the weights and thresholds can be considered the software.
To program a neural network, we choose a set of weights that makes the
normal operation of the network simulate the computation we have in mind.
If the choice of the weights and thresholds in terms of the desired
computation could be automated, it would constitute a learning mechanism.
For example, we could start with a set of training samples from the
function we want to implement, and the learning mechanism would then
choose the proper weights and thresholds that make the network simulate
the function. This method would eliminate the need to design a new

network each time we have a function to implement.

Most of the.interest in neural networks arose from their use to perform
useful computations. Roughly speaking, these computations fall into two
categories, natural problems and optimization problems. Natural problems
such as pattern recognition are typically implemented on a feedforward
network. The characterization of which functions can be implemented on
feedforward networks is discussed in [13]. Optimization problems are
typically implemented on a feedback network. One famous example is the
Traveling Salesman Problem (TSP) in which a salesman is supposed to tour
a number of cities (visiting each exactly once, then returning to where
he started) and desires to minimize the total distance of the tour. The
intercity distances are given as the input, and the desired output is a

shortest (or near-shortest) tour.

In order to implement a solution to the TSP or any other optimization

problem on a feedback network, the energy function is used as a medium



10 Quantum Effect Physics, Electronics and Applications

[10]. As we discussed above, the operation of the feedback network
implies avaescent on the energy surface, By designing the network so
that the miniﬁum‘of the energy function coincides with a minimum-length
tour, the netwbrkvbecomes a computer that searches for the minimum tour.
For small—siie instandes of. the préblem, there ére reports of efficient
neural-network soiutions to the TSP and other optimization problems. The
solutions are vulnerable to. the major problem of descent methods,vnamely

local minima.

2. LEARNING

While learning in general stands by itself as a research discipline,
learning in feedforward networks has been given special attention.
Problems for which learning has the most potential to offer a solution
are the natural variety, such as pattern recognition. TFor these problems,
the representation of the data is crucial to the complexity of the
problem. A picture can be represented just as a matrix of pixels, or it
can be represented using a higher level set of primitives that are better
suited for recognizing the contents of the picture. In a feedforward
network, there are several internal representations of the data at each
“Tevel of pixels. This gradual transformation from raw data to higher
levels of representation is very interesting, especially if the

representations arise spontaneously via the learning mechanism.

To define learning from examples in a formal way, we start by describing
a simple setup. ' We have an enviromment such as the set of visual images,
and we call the set X. 1In this environment we have a concept defined as
a function f : X ~»{0,1}, such as the presence or absence of a tree in
the image. The goal of learning is to produce a hypothesis, also

defined as a function g+ X +{ 0,1}, that approximates the concept f,
such as a pattern recognition system that recognizes trees. To do this,
we are given a number of examples (x],f(xl)), ey (xN, f(xN)) from the

concept, such as images with trees and images without trees.

In generating the examples, we assume that there is an unknown
probability distribution P on the environment X. We pick each example
independently according to this probability distribution. The

statements in the theory hold true for any probability distribution P,
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which sounds very strong indeed. The catch is that the same P that

generated the example is the one that is used to test the system, which
‘is a plausible assumption. Thus we learn the tree concept by being

exposed to 'typical' images.

The hypothesis g that we produce approximates f in the sense that g would
rarely be significantly different from f. This definition allows for two
tolerance parameters £ and §. With probability >1 -8, g will differ

from ' at most € of the time. The § parameter protects against the small,

but nonzero, chance that the examples happen to be very atypical.

A learning algorithm is one that takes the examples and produces the
hypothesis. The performance is measured by the number of examples needed
to produce a good hypothesis as well as the running time of the algorithm.
The running time of the learning algorithm is a key concern. As the
number of examples increases, the running time generally increases.
However, this dependency is a minor one. Even with few examples, an
algorithm may need an excessive amount of time to manipulate the examples
into a hypothesis. The independence of this complexity issue from the
information issue is apparent. Without a sufficient number of examples,
no algorithm slow or fast can produce a good hypothesis. Yet a
sufficient number of examples is of little use if the computational task

of digesting the examples into a hypothesis proves intractable.
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