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Abstract

Simple recurrent networks have been used extensively in
modelling of learning various aspects of linguistic
structure. We discuss how such networks can be trained,
and empirically compare two training algorithms,
Elman's "copyback” regime and back-propagation
through time, on simple tasks. Although these studies
reveal that the copyback architecture has only a limited
ability to pay attention to past input, other work has
shown that this scheme can learn interesting linguistic
structure in small grammars. In particular, the hidden
unit activations cluster together to reveal linguistically
interesting categories. We explore various ways in which
this clustering of hidden units can be performed, and find
that a wide variety of different measures produce similar
results and appear to be implicit in the statisticsof the
sequences learnt. This perspective suggests a number of
avenues for further research.

Introduction

Simple recurrent neural networks (SRNs) developed by
Jordan (1986) and Elman (1988) provide a powerful tool
with which to model the learning of many aspects of
linguistic structure (for example, Elman 1990, 1991;
Shillcock, Levy & Chater 1991) and there has been some
exploration of their computational properties (Chater
1989: Cleermans. Servan-Schrieber & McClelland 1989;
Servan-Schrieber, Cleeremans & McClelland 1991). The
presence of recurrent connections allows past activation
to influence current output, which means that output can
respond sequential structure in the input. The extent to
which such networks can be taught to learn interesting
sequential structure depends on the learning algorithm
employed. A natural approach is to apply the back-
propagation training algorithm which has proved so
successful in training non-recurrent feedforward
networks to learn interesting static input-outpul patterns.

The structure of the paper is as follows. First we discuss
a number of ways in which the back-propagation
algorithm can be adapted to train recurrent networks to
learn sequences. concentrating on two options, Elman's
(1990) "copyback™ scheme, and back-propagation
through time (Rumelhart, Hinton & Williams 1986). We
note that there are theoretical reasons to suppose that the
copy-back regime will learn less well. and this
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conclusion is bomne out in our simulations. However, the
copy-back approach is computationally inexpensive and
has provided impressive results in a number of language
processing tasks. We investigate the scope of this
method further, and follow Elman in investigating the
nature of the hidden unit representations developed for a
network which leamns to predict the next element in
sequences generated by a simple grammar. A number of
very different measures over the hidden units are found
to generate very similar syntactic/semantic clustering,
and these clusters are also implicit in the statistics of the
sequences learnt. This suggests that network
performance can usefully be analysed in terms of the
statistical structure of the input sequences, and that the
applicability of SRNs to real natural language data can
be assessed by analysing relevant aspects of its
statistical structure

Training SRNs

Backpropagation cannot directly be applied to SRNs
since the algorithm applies only to feedforward
networks. For these. back-propagation performs
gradient descent in the sum-squared error over the finite
number of input-output pairs in the training set. To
apply back-propagation to recurrent networks. the SRN
must be "unfolded” into a feedforward network which is
then trained in the conventional way. The most popular
method of training SRNs involves unfolding the network
by providing an additional input - the context units -
which corresponds to the previous valu:s of the hidden
units (Elman 1990) (Figure 1a, Ic). The context units are
dependent on the previous inputs, among which is the
previous value of the context units. Hence the behaviour
of the network is influenced not just by the current input
but by the sequence of past inputs. While activation is
propagated forwards through the network from arbitrarily
far back in time, error is only propagated back to the
context units.

An alternative approach is to unfold the network through
several time steps (Rumelhart, Hinton & Williams 1986)
so that each weight has several "virtual incarnations” and
to back-propagate through the resulting network (Figure
la, 1c). The overall weight change is simply the sum of
the changes recommended for each incamation. This







