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Abstract

A learning procedure, called back-propagation, for layered networks
of deterministic, neuron-like units has been described previously. The
ability of the procedure automatically to discover useful internal
representations makes it a powerful tool for attacking difficult
problems like speech recognition. This paper describes further research
on the learning procedure and presents an example in which a network
learns a set of filters that enable it to discriminate formant-like
patterns in the presence of noise, The generality of the learning
procedure is illustrated by a second example in which a similar
network learns an cdge detection task. The speed of learning is
strongly dependent on the shape of the surface formed by the error
measure in “weight space”. Examples are given of the error surface for
a simple task and an acceleration method that speeds up descent in
weight space is illustrated. The main drawback of the learning
procedure is the way it scales as the size of the task and the network
increases. Some preliminary results on scaling are reported and it is
shown how the magnitude of the optimal weight changes depends on
the fan-in of the units. Additional results show how the amount of
interaction between the weights affects the learning speed. The paper is
concluded with a discussion of the difficulties that are likely to be
encounted in applying back-propagation to more realistic problems in
speech recognition, and some promising approaches to overcoming
these difficulties.

1. Intreduction

A major difficulty in designing systems for hard perceptual tasks like speech recognition
15 in developing the appropriate sequence of representations, or filters, for converting the
information in the input into a form that is more useful for higher-level processes.
Rumelhart, Hinton & Williams (19864.b) described a learning procedure, called back-
propagation, that discovers useful representations in layered networks of deterministic,
neuron-like units. The procedure repeatedly adjusts the weights on connections in the
network to minimize a measure of the difference between the actual output vector of the
network and the desired output vector given the current input vector. The power of this
procedure for learning representations (Hinton, 1986) makes it plausible to train
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networks to perform difficult tasks that have, untill recently, been too ambitious for
connectionist learning procedures. The research described in this paper addresses some
of the issues that must be resolved in order for back-propagation to be a viable design
tool for speech recognition.

We begin in Section 2 by describing the units, the way they are connected, and the
details of the learning procedure. We then give an example in which a network learns a
set of filters that enable it to discriminate formant-like patterns in the presence of noise.
The example shows how the learning procedure discovers weights that turn units in
intermediate layers into an “ecology” of useful feature detectors, each of which
complements the other detectors. The generality of the learning procedure is illustrated
in Section 4 by a second example (taken from vision) in which a network, similar in
structure to the one used in the first example, learns to map edge-like patterns of varying
contrast into a representation of the orientation and position of the edge in p— space.

A major issue in the use of back-propagation as a design tool is how long it takes a
network to learn a task. The speed of learning is strongly dependent on the shape of the
surface formed by the error measure in “weight space™. This space has one dimension
for each weight in the network and one additional dimension (height) that represents the
overall error in the network’s performance for any given set of weights, For many tasks,
the error surface contains ravines that cause problems for simple gradient descent
procedures, Section 5 contains examples of the shape of the error surface for a simple
task and illustrates the advantages of using an acceleration method to speed up progress
down a ravine without causing divergent “sloshing™ across the ravine.

The main drawback of the learning procedure is the way learning time scales as the
size of the task and the network increases. In Section 6 we give some preliminary results
on scaling and show how the magnitude of the optimal weight changes depends on the
fan-in of the units. Additional results in Section 7 illustrate how the amount of
interaction between the weights affects the learning speed.

In the final section, we discuss the difficulties that are likely to be ecountered when
attempting to extend this approach to real speech recognition, and suggest a number of
promising approaches for overcoming these difficulties.

2. Back-propagation

2.1. The units

The total input, x,, to a unit j is a linear function of the outputs of the units, i, that are
connected to f and of the weights, w;, on these connections.

X=3 VM, (1) .
i

A unit has a real-valued output, y, (also called its stare), that is a non-linear function of
its total input.

1
i (2)

It is not necessary to use the exact functions given by equations (1) and (2). Any input-
output function that has a bounded derivative will suffice. However, the use of a linear
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function for combining the inputs to a unit before applying the non-linearity greatly
simplifies the learning procedure.

2.2. Layered feed-forward networks

The simplest form of the learning procedure is for networks that are organized into
sequential layers of units, with a layer of input units at the bottom, any number of
intermediate layers, and a layer of output units at the top. Connections are not allowed
within a layer, or from higher to lower layers. The only connections allowed are ones
from lower layers to higher layers, but the layers need not be adjacent; connections can
skip layers.

The network is run in two stages: a forward pass in which the state of each unit in the
network is set, and a backward pass in which the learning procedure operates. During
the forward pass, an input vector is presented to the network by setting the states of the
input units. Layers are then processed sequentially, starting at the bottom and working
upwards. The states of units in each successive layer are determined in parallel by
applying equations (1) and (2) to the connections coming from units in lower layers. The
forward pass is complete once the states of the output units have been determined.

2.3. The learning procedure

The aim of the learning procedure is to find a set of weights such that, when the network
is presented with each input vector, the output vector produced by the network is the

same as (or sufficiently close to) the desired ouput vector. Given a fixed. finite set of
* input-output cases, the total error in the performance of the network with a particular
set of weights can be computed by comparing the actual and desired output vectors for
every case. The error, E, is defined by

E=4T30.~ 4, (3)

where ¢ is an index over cases (input-output pairs), J 18 an index over output units, y is
the actual state of an output unit, and o is its desired state,

The learning procedure minimizes E by performing gradient descent in weight space.
This requires computing the partial derivative of E with respect to each weight in the
network. This derivative is simply the sum of the partial derivatives for each of the
input—output cases. For a given case, the partial derivatives of the error with respect to
each weight are computed during a backward pass that follows the forward pass
described above,

The backward pass starts with the output units at the top of the network and
successively works down through the layers, “back-propagating™ error derivatives to
each weight in the network. To compute these derivatives it is necessary first to compute
the error derivatives with respect to the outputs and inputs of the units.

First, the change in error is computed with respect to the output ¥; of each output unit
J. Differentiating equation (3) for a particular case, ¢, and suppressing the index ¢ gives
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