Exploiting Holistic Computation: An
evaluation of the Sequential RAAM

by
JAMES ALISTAIR HAMMERTON

A thesis submitted to the Faculty of Science
of The University of Birmingham

for the Degree of
DOCTOR OF PHILOSOPHY

School of Computer Science
Faculty of Science
University of Birmingham
September 1998



UNIVERSITYOF
BIRMINGHAM

University of Birmingham Research Archive

e-theses repository

This unpublished thesis/dissertation is copyright of the author and/or third
parties. The intellectual property rights of the author or third parties in respect
of this work are as defined by The Copyright Designs and Patents Act 1988 or
as modified by any successor legislation.

Any use made of information contained in this thesis/dissertation must be in
accordance with that legislation and must be properly acknowledged. Further
distribution or reproduction in any format is prohibited without the permission
of the copyright holder.



Abstract

In recent years it has been claimed that connectionist methods of rep-
resenting compositional structures, such as lists and trees, support a new
form of symbol processing known as holistic computation. In a holistic com-
putation the constituents of an object are acted upon simultaneously, rather
than on a one-by-one basis as is typical in traditional symbolic systems. This
thesis presents firstly, a critical examination of the concept of holistic com-
putation, as described in the literature, along with a revised definition of the
concept that aims to clarify the issues involved. In particular it is argued that
holistic representations are not necessary for holistic computation and that
holistic computation is not restricted to connectionist systems. Secondly, an
evaluation of the capacity of a particular connectionist representation, the
Sequential RAAM, to generate representations that support holistic symbol
processing is presented. It is concluded that the Sequential RAAM is not as
effective a vehicle for holistic symbol processing as it initially appeared, but
that there may be some scope for improving its performance.
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Chapter 1

Introduction

1.1 The connectionist approach to Al

1.1.1 The connectionist revival

In 1986, Rumelhart and McClelland published the now famous “Parallel Dis-
tributed Processing” (Rumelhart and McClelland, 1986) collection of papers,
marking the revival of connectionism as a methodology for Artificial Intelli-
gence (Al). Since then, connectionism has become an established field within
Al and has mounted a challenge to the traditional symbolic approach. Con-
nectionism has been applied to subjects such as natural language processing
(Sharkey and Sharkey, 1992; Miikkulainen, 1993), common-sense reasoning
(Sun, 1992), the modelling of memory and language (Levy et al., 1995) and
various other areas of Al and Cognitive Science. Many connectionist re-
searchers believe that connectionism may be able to replace the symbolic
approach, although more recently interest has grown in hybrid approaches
(Sun and Bookman, 1995).

1.1.2 The connectionist/symbolic debate

Ever since the revival of connectionism, an ongoing debate has been raging
as to whether connectionism can or should replace the symbolic paradigm
that dominates Al. Proponents of the symbolic paradigm launched an at-
tack on connectionism questioning whether it was even capable of providing
a viable architecture of the mind. For example, Fodor and Pylyshyn (1988)
famously argued that connectionist architectures were not capable of pro-



viding the compositionality and systematicity they believed were essential in
an architecture of cognition, and which symbolic methods provide naturally.
They further argued that were a way to be found to endow connectionist
systems with symbol processing capabilities, it would merely involve a reim-
plementation of classical symbol processing and therefore offer nothing new
(except perhaps in providing an account of how symbol processing can be
implemented in a “neural” architecture).

In response to the attack by Fodor and Pylyshyn, connectionists have pro-
duced a considerable body of research in which neural networks have tackled
“symbolic” tasks or have been endowed with symbol processing capabilities.
For example Pollack’s Recursive Auto-Associative Memory (RAAM) (Pol-
lack, 1990), Touretzky’s BoltzCONS (Touretzky, 1986), Smolensky’s Tensor
Product representations (Smolensky, 1990) and Plate’s Holographic Reduced
Representations (Plate, 1994; Plate, 1995) all provide methods for represent-
ing symbolic structures such as lists and trees within connectionist networks.
Considerable connectionist research has focussed on the traditionally sym-
bolic field of natural language processing, with parsing (Miikkulainen, 1993;
Henderson, 1994; Berg, 1992), script processing (Miikkulainen, 1994), gram-
matical inference (Maskara, 1993; Zeng, Goodman and Smyth, 1994), ma-
chine translation (Chandola and Mahalanobis, 1994) and language generation
(Ward, 1994) amongst the areas that have been tackled.

1.1.3 Connectionist symbol processing and holistic com-
putation

In response to the charge that the above responses merely involve connec-
tionist implementations of classical symbolic methods, it has been argued
that some of these methods (in particular the RAAM, Tensor Products and
HRRs) support a new form of symbol processing known as holistic computa-
tion. In traditional symbolic methods, symbolic structures such as parse trees
are operated on atomistically, symbol by symbol. With holistic computation
it is claimed that these symbol structures can be acted upon holistically,
without search, with the potential for performing complex structure sensi-
tive operations more efficiently. For example, Chalmers performed active
to passive transformations holistically (Chalmers, 1990a; Chalmers, 1990b).
Holistic computation has an important role in the connectionist/symbolic
debate as it seems to offer a form of symbol processing which traditional



symbolic approaches apparently do not support, and provides the basis for
the most promising refutations of the arguments of Fodor and Pylyshyn yet.
Indeed its role in the debate between connectionists and symbolists has been
made explicit in the work of Chalmers and more recently in the work of
Niklasson and Sharkey (Niklasson and Sharkey, 1997), who demonstrated
how the RAAM can develop a compositional representation which supports
systematic holistic operations, using a network trained to perform logical
inferences on RAAM representations to implement de Morgan’s laws (e.g.
converting logical implications into the equivalent logical disjunctions).

1.2 Motivations

This thesis is above all a contribution to connectionism. The approach is
a computer science/engineering approach rather than one grounded in psy-
chology. No claims as to the psychological or biological plausibility of the
work presented here are being made, as the work is an investigation of the
computational capabilities of neural networks. More specifically it is an in-
vestigation into holistic computation, in particular the holistic processing of
symbolic structures, and this section will explain the motivations behind the
work presented in this thesis, and why this topic was chosen.

1.2.1 Background motivations

The main background motive for this work is the author’s belief that con-
nectionism is a valuable approach to Al For this author, connectionism’s
value lies as much in its challenge to symbolic approaches and the work in
connectionist and symbolic AT that this challenge has inspired, as in the ex-
plicit adherence to computational architectures inspired by the organisation
of neurons in the brain. The author’s desire to evaluate and explore the
potential contributions of connectionism follows naturally from this belief in
the value of connectionism. The work presented in this thesis is thus an
explicit attempt to evaluate and explore one of the contributions of recent
connectionist research.



1.2.2 Why a thesis on holistic computation?

As indicated above, holistic computation has played an important role in the
connectionist responses to Fodor and Pylyshyn’s attack. The importance of
the debate between connectionists and symbolists about the status of con-
nectionism is considerable, as it is about the very viability of connectionism
as an approach to Al and Cognitive Science. To someone who believes, as
this author does, that connectionism is a valuable approach, an attack on its
viability requires serious consideration. Holistic computation appears to this
author to be the most promising basis for a refutation of this attack and is
thus of considerable interest. It should also be noted that holistic compu-
tation may be the most important contribution yet that connectionism has
made, as it offers the ability to perform complex structure-sensitive opera-
tions without search, and thereby the potential for more efficient means of
reasoning. As it also appears to be something which classical systems cannot
do, it provides a reason for preferring connectionist approaches to symbolic
approaches.

In the light of the importance of holistic computation indicated above, the
author believes that the time is ripe for a critical examination of the concept
in order to clarify precisely what it is, to investigate how easily connectionist
systems can exploit it, and to investigate the potential for moving beyond
the simple, “in principle” tasks that characterise much of the work that has
been done thus far. The work presented in this thesis is intended to make a
start at such a critical examination of holistic computation, to see how well
a particular connectionist representation, the Sequential RAAM, (Pollack,
1990; Kwasny and Kalman, 1995) can develop representations that support
holistic transformations on symbolic structures and to analyse the behaviour
of the SRAAM to better understand what allows it to develop such a repre-
sentation and whether it is likely to scale-up to more complex tasks than the
simple “in principle” tasks that many researchers have demonstrated thus
far. Such a critical look at holistic computation and connectionist systems’
capacity to exploit it is necessary if it is to develop from being an interesting
idea, to something which can be exploited in the development of practical
systems.

Finally for this section it should be noted that this work is not intended to
be a comprehensive refutation of the arguments of Fodor and Pylyshyn but
rather to investigate holistic computation because of its importance to the
debate their paper initiated and because of its importance to connectionism



otherwise. Those interested in the debate itself are referred to the papers by
Smolensky and by Fodor et al. from the collection of papers in MacDonald
and MacDonald (1995), the work of Robert Hadley (1992), and the work
of Lars Niklasson, Noel Sharkey and Timothy van Gelder (Niklasson and
Sharkey, 1997; Niklasson and van Gelder, 1994; van Gelder, 1990).

1.3 Aims
The aims of this thesis are as follows:

1. To clarify the nature and definition of holistic computation by answer-
ing the following questions:

e What is holistic computation?

e In the light of Balogh’s critique of Chalmers’ work (Balogh, 1994),
does the work which claims to demonstrate holistic computation
in fact do so?

e Are distributed or holistic representations necessary for holistic
computation?

e [s holistic computation unique to connectionism?

2. To investigate how well the representations generated by the Sequen-
tial RAAM can support the holistic processing of symbol structures as
follows:

e An attempt to recreate Chalmers’ (1990a) experiment using the
Sequential RAAM.

e Analysing the behaviour of the SRAAM in the above experiment
to investigate whether the technique can scale up and whether it
can be improved.

These aims embody the motivations mentioned above, by providing a
start to the more critical investigation of holistic computation argued for in
Section 1.2.2, a look at how easily a particular connectionist representation
can support holistic symbol processing and an analysis of the technique to
indicate whether it can easily be used to go beyond the “in principle” tasks
of much earlier work.



1.4 Overview of thesis

e Chapter 2 surveys the literature on connectionist representations and
holistic computation and argues that much of the literature uses con-
fused notions of holistic computation. It then proposes and defends a
new definition of holistic computation, and re-evaluates earlier work in
light of the new definition, in particular Balogh’s critique of Chalmers’
work (Balogh, 1994). This chapter serves a starting point to the critical
evaluation of holistic computation argued for in Section 1.2.2.

e Chapter 3 describes an attempt to recreate Chalmers active-passive
transformations with the Sequential RAAM taking place of the RAAM
that Chalmers used. The aim is to investigate whether the SRAAM can
generate representations that can support holistic symbol processing at
least as easily as the RAAM.

e Chapters 4 and 5 present an analysis of the Sequential RAAM’s be-
haviour in trying to learn the task in Chapter 3, in order to determine
the nature of its solutions, whether the technique can scale up and
whether it can be improved. This analysis will indicate whether the
SRAAM can be used for more than the “in principle” tasks used in
much of the literature.

e Chapter 6 summarises what has been achieved by the work presented
in the earlier chapters, and evaluates the work and its implications
for connectionism, symbolic approaches, exploiting parallelism and the
implications for Al generally. It then discusses possible areas of future
work.



Chapter 2

Holistic Computation &
Connectionist Representations

2.1 Introduction

This chapter! presents a brief discussion of distributed representations and
then reviews the literature on holistic computation, arguing that the concept
has been only vaguely defined in the literature leading to some confusion
about what exactly it is and what makes it possible. The new definition
presented here aims to clarify the nature of holistic computation. Finally
the need to investigate how best to exploit holistic computation with neural
nets is noted, and the contribution of the work in Chapters 3, 4 and 5 to this
investigation is explained with reference to a set of questions about holistic
computation and neural networks.

2.2 Distributed representations and holistic
computation

Since the 1980s’ revival of connectionism, networks that employ distributed
representations (Hinton et al., 1986; van Gelder, 1991), as opposed to the lo-
calist representations (Feldman and Ballard, 1982; Waltz and Pollack, 1985;
Selman and Hirst, 1985; Cottrell, 1985) that are also commonly used, have
been a notable feature of much connectionist work. Indeed many of the repre-

LChapter 2 is based substantially on the work presented in Hammerton (1998)



sentational techniques discussed in Section 2.3 are descendents of the earlier
work on distributed representations. Where localist representations would
employ an individual unit to represent some object, distributed representa-
tions employ a pattern of activity over a set of units to do so. Distributed
representations are also divided into symbolic and subsymbolic distributed
representations (see Sharkey (1991)). With symbolic distributed represen-
tations the individual elements may stand for features of the represented
object, where with the subsymbolic distributed representations the individ-
ual elements do not code for specific features. The appeal of distributed
representations lies in natural or easily achieved properties such as the more
efficient use of the available units, support for generalisation, support for
learning representations and the creation of content addressable or associa-
tive memories. Another aspect of distributed representations is that they
can involve all the units used by them in representing the objects that can
be encoded with them, with each unit being involved in the representation
of all objects and all objects being represented across all units. When this
occurs the term “holistic representation” is often used (see Section 2.4). For
this reason distributed representations and holistic computation have been
discussed as if where one occurs the other occurs as well, or as if they are
intrinsically linked.

As argued in Section 2.6 and Section 2.7, the author believes that holis-
tic computation does not require distributed representations, and that it is
possible to perform holistic computations on localist representations under
some circumstances. The holism that many researchers have had in mind
regarding distributed representations, is holistic representation rather than
holistic computation. Whilst holistic representation can facilitate holistic
computation, holistic computation does not require holistic or distributed
representations. For this reason and also because the focus of this thesis is
on holistic symbol processing? which has only appeared since the late 1980s,
the author feels a detailed discussion of the earlier literature on distributed
representations is of limited relevance to the issues of this thesis, and thus
refers interested readers to Sharkey’s review of connectionist representations
(Sharkey, 1991) for a more detailed discussion of the earlier literature than
is presented here. Discussions of the nature of distributed representation can
be found in (Hinton et al., 1986; van Gelder, 1991) and Chapter 3 of Balogh’s
thesis (Balogh, 1994) (the framework Balogh proposes is used in Section 2.4).

2See Section 2.7 for the distinction between this and holistic computation.



2.3 A survey of holistic computation

In Section 2.6 it is claimed that holistic computation requires representations
where all the information necessary to perform an operation is directly ac-
cessible (that is accessible without search) to the processes operating upon
it. Many connectionist representations, being of fixed length and making
information about the constituents of the object directly accessible to other
neural nets, meet these conditions.

This section reviews the literature on holistic computation and those con-
nectionist representations that support it.

2.3.1 RAAM-based holistic computation

The bulk of the literature on holistic computation employs the Recursive
Auto-Associative Memory (RAAM) (Pollack, 1990) to produce representa-
tions of symbolic structures which are then operated on by another neural
network (Chalmers, 1990a; Ho and Chan, 1995; Sharkey and Sharkey, 1992).
Much of the rest of the literature employs derivatives of the RAAM in a sim-
ilar manner (Chrisman, 1991; Kwasny and Kalman, 1995; Sperduti, 1993a).

The RAAM is one of the earliest and most promising techniques for repre-
senting compositional structure. A ternary RAAM is depicted in Figure 2.1.
In operation, the bottom half of the RAAM forms an encoder and the top
half of the RAAM forms a decoder. To encode a tree, one starts by placing
the leaves of a leaf-node of the tree in the banks of inputs and feeding the
activation forwards to the hidden-layer. The hidden layer pattern can then
be used in one of the banks of inputs at a later stage either alongside other
hidden-layer patterns or the leaves of other leaf-nodes. Repeating this pro-
cess, eventually a single hidden-layer pattern is produced which represents
the entire tree. This can then be fed into the decoder, which produces the
child nodes of the root node at its outputs. These can either be terminals
or further hidden-layer patterns. If the latter are produced, the hidden layer
patterns are fed back into the hidden-layer and the activation propagated for-
wards again to produce more nodes on the outputs. This continues until all
the leaf nodes have been recovered. The RAAM architecture can be modified
to have more banks of inputs and outputs, thus allowing N-branching trees
where N is the number of banks. Training of the RAAM involves presenting
the symbols and relevant hidden layer patterns to be encoded at each step
as both the input and target output patterns.
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The Sequential RAAM (or SRAAM) is a variation of the RAAM trained
to encode sequences of symbols rather than to encode a tree. Figure 2.2 de-
picts the SRAAM. The inputs/outputs each have two sections: the symbol
to be encoded or that has been decoded, and the hidden layer pattern rep-
resenting the remainder of the sequence. To encode a sequence, the encoder
(bottom half of the SRAAM) is used. The first symbol and empty sequence
value (e.g. all zeroes), are placed in the input and context layer respectively
and the activation propagated to the hidden layer. The hidden layer pat-
tern is then copied back into the context layer and the next symbol placed
into the input layer. The activation is then propagated forwards again and
the process repeated until all symbols have been presented. The final hid-
den layer pattern produced is thus the encoding for the complete sequence.
The top half of the network is the decoder. Decoding proceeds by taking
the encoding of a complete sequence and placing it into the hidden layer.
The activation is propagated forwards to produce the last symbol added to
the sequence and the encoding of the rest of the sequence. The encoding of
the rest of the sequence is then fed into the hidden layer and the process
repeated until the empty sequence and first symbol of the original sequence
are produced. Training proceeds in a similar manner to the RAAM, with the
symbol and relevant hidden layer pattern presented to both the inputs and
target outputs at each step.

The RAAM has been used to represent phrase structure trees in connec-
tionist parsers (Reilly and Sharkey, 1992; Sharkey and Sharkey, 1992; Ho
and Chan, 1995) and to represent logical terms for various inference tasks
(e.g. converting implications to their equivalent disjunctions (Niklasson and
Sharkey, 1997)). The SRAAM has been used as an alternative to the RAAM
for representing phrase structure trees by Kwasny & Kalman (Kwasny and
Kalman, 1995) who claimed more straightforward training (e.g. use of a
slightly modified Simple Recurrent Network (SRN) training algorithm) and
better generalisation as advantages over the RAAM. Ho and Chan have also
employed the SRAAM to represent input sentences and phrase structure trees
(Ho and Chan, 1996).

The RAAM and the SRAAM are variations of essentially the same archi-
tecture. This architecture has also been extended to derive new techniques
and used as the inspiration for an analytically derived technique. Sperduti
(1993a) extended the RAAM architecture to encode labelled graphs, nam-
ing the technique Labeling RAAM (LRAAM), and this has been used in
the classification of terms (Sperduti, Starita and Goller, 1995). Callan and
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Palmer-Brown (1997) derived a technique called the Simplified RAAM, or
(S)RAAM, analytically by noting that auto-associative networks essentially
perform a form of principal components analysis (PCA) on their inputs and
then basing the technique on recursive application of PCA. The (S)RAAM
achieves training times of minutes compared to the hours the RAAM nor-
mally take. However it does depart somewhat from the standard connection-
ist paradigm in that it is not based on error minimisation; it does not employ
units connected by links which have weights on them, and the learning com-
ponent in it is fairly minimal. In the experiments reported by Callan and
Palmer-Brown the (S)RAAM achieves 100% generalisation and it is possi-
ble to predict what sort of structures it will generalise to, as they are linear
combinations of those it has been trained on.

Holistic computation with the RAAM and its derivatives

Chalmers (1990a) demonstrated the possibility of holistic computation by
training a ternary RAAM to encode ternary trees representing active and
passive sentences. The vocabulary consisted of five proper nouns and five
verbal units (each in a passive or active form), giving a total of a possible 125
active and 125 passive sentences. The network was trained to take an active
sentence as input and transform it into its passive equivalent (for example
“John loves Helen” becomes “Helen is loved by John”), and another network
was trained to perform the reverse transformation. Chalmers claimed that
the experiment was a demonstration of the transformation of symbol struc-
tures without the need to decompose them into their constituents. He also
claimed that the representations developed by the RAAM were distributed
and, in reference to the explicit tokening of constituents in classical sym-
bol structures, that “In the distributed representations formed by RAAMs,
there is no such explicit tokening of the original words” (from the reprint in
Sharkey (1992), page 54). The implication appears to be that the lack of ex-
plicit tokening in the representation and its distributed nature indicate that
the transformation is accomplished holistically. Later work based on the
RAAM that has sought to demonstrate holistic computation has included
Niklasson and van Gelder’s application of holistic computation to the task of
deducing logical disjunctions from their equivalent implications (and the re-
verse deductions) (Niklasson and van Gelder, 1994).

The SRAAM has also been used in demonstrations of holistic computa-
tion. Blank et al. (1992) explored holistic computation using the SRAAM

13



in a similar but more systematic way than that used by Chalmers. They
first trained a SRAAM to encode and decode sentences of 2 or 3 words in
length generated by a simple grammar and then trained several networks
to perform holistic operations. These operations fell into three categories:
detectors, that simply detected features of sentences (e.g. that the subject
and object were identical); decoders, that attempted to extract constituents
directly from the hidden layer representation directly without first going
through the iterative decoding process usual to the SRAAM, and finally,
transformers which changed the sentence in some way, e.g. from X chases
Yinto Y flees X. Once trained, the transformers achieved 100% generalisa-
tion for sentences which had been in the SRAAM’s training set but not the
transformation network’s training set, and 75% for sentences which were in
neither training set. In spite of the small testing set (4 sentences novel to
both the SRAAM and the transformer, and 4 sentences which were novel
only to the transformer), this work is significant for demonstrating a range
of possible operations for holistic computation. However the small size of the
training sets and the simplicity of the tasks leave unanswered questions as
to whether such techniques could scale up to real world applications. More
recently, Kwasny and Kalman (1995) trained a network to detect the pres-
ence of certain symbols within a sequence encoded by an SRAAM, obtaining
a 90% success rate. They also tried to see if a subsequence of symbols could
be detected within a sequence encoded by an SRAAM, but only obtained a
60% success rate. These mixed results suggest further work would be needed
in order to determine whether the SRAAM is well suited to holistic com-
putation. Since Kwasny and Kalman reported faster, more straightforward
training and a higher rate of generalisation than with the RAAM this may
be worth investigating.

Callan and Palmer-Brown’s demonstrations of the (S)RAAM included
a reproduction of Chalmers’ experiment, in which the (S)RAAM obtained
100% generalisation, compared to the 83% achieved in Chalmers’ experi-
ment using RAAMs. Given the speed of training of the (S)RAAM, and its
impressive performance, it seems to be a strong candidate for use as a vehi-
cle for holistic computation. However, as noted above, it departs from many
aspects of typical connectionist techniques especially in not employing the
networks of simple processing units that connectionists postulate as being
the architecture of cognition.

14



Chrisman’s dual-ported RAAM and confluent inference

Chrisman (1991) extended the architecture of the RAAM/SRAAM by intro-
ducing the dual-ported RAAM. (Figure 2.3 depicts a dual-ported SRAAM
which exemplifies the extension.) The idea is that the left-hand side is used to
encode the SRAAM representations of the untransformed structure and the
right-hand side to encode the representations of the transformed structure.
When training, each side is trained separately until there is a complete encod-
ing for the untransformed structure and the transformed structure. The error
is then propagated from the outputs of one side to the inputs of the other.
The end result is that the SRAAM encodings of the untransformed structure
and the transformed structure are identical, since the same hidden layer is
shared by both SRAAMs. Chrisman described the inference performed by the
dual-ported RAAM as confluent inference. He drew a distinction between
confluent inference and the inference done by the transformation network
in Chalmers’ experiment, which he termed transformational inference. The
crux of the distinction lay in Chrisman’s observation that transformational
inference has representations which are developed independently of the holis-
tic inferences which will be performed in them. He suggested that superior
performance can be achieved by allowing the representations to be influenced
by the inference task to be performed.

Chrisman presented confluent inference as a form of holistic computation.
In his work, he demonstrated confluent inference by training the dual-ported
RAAM with a simple set of English sentences and their Spanish equivalents
and then performing a simple translation task. It would be possible to repro-
duce Chalmers’ active/passive experiment by training one side to encode the
active sentences and the other to encode the passive sentences. The network
would then be capable of performing both the active to passive and passive
to active transformations.

While confluent inference is certainly an interesting concept, it is ques-
tionable whether the transformation is being performed holistically. The
dual-ported RAAM develops a representation that can be decoded into ei-
ther the untransformed object or the transformed object depending on which
decoder is used. However once the object to be transformed is encoded, no
transformation 1s required to obtain the encoding of the transformed object.
This is because the representation of the object is identical to the represen-
tation of the transformed object. Confluent inference can be used where an
explicit transformation phase is required (see for example the work of Niklas-
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Figure 2.3: A dual-ported RAAM.
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son and van Gelder (1994)), but does not seem to involve the same processes
under which holistic computation has been described in other work. Conflu-
ent inference is an interesting way of training a network to perform a task
and has even been used for parsing (Ho and Chan, 1995; Ho and Chan, 1996)
but no transformation of the encoding of a structure is done. The transfor-
mation task is instead learned by the encoders and decoders, and performed
in the iterative encoding and decoding of the structures. This suggests the
transformation of the symbol structure is not being performed holistically,
though the encodings developed might be capable of being operated upon
holistically. Confluent inference thus seems to be a method of learning repre-
sentations that incorporate specific information for specific purposes, rather
than a method for performing holistic transformations.

2.3.2 Holistic computation and other connectionist rep
resentations

Whilst the RAAM or its derivatives are the most commonly used representa-
tions in the literature on holistic computation there are other representations
capable of supporting holistic computation. This section looks at two of the
most promising of these representations.

Holographic Reduced Representations(HRRS)

HRRs (Plate, 1991; Plate, 1993; Plate, 1994) are distinct from the RAAM
and its derivatives in this review in as much as they are hand-designed meth-
ods of representing structures in fixed-width vectors®. The important point is
that the representation of a few or a large number of inputs would remain of
fixed size and would not expand with the expansion in the number of inputs.
HRRs have not been the subject of practical experiments in the same way
as the RAAM and the SRAAM, but it is reasonable to consider their potential
for holistic computation from a more theoretical viewpoint. Firstly, HRRs
employ circular convolution to “bind” two vectors together and superposition
(vector addition) to store multiple bindings within a single vector. Given
vectors a and b of size n, the circular convolution of these vectors is:

c=a®b

3The (S)RAAM is perhaps intermediate between HRRs and the RAAM in this respect
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Where:

n—1
¢ = Zakb((jfk) mod n)
k=0

Circular correlation can be used as an approximate inverse to circular con-
volution if the base vectors have elements independently distributed with
a mean of zero and a variance of 1/n. Given vectors a and b the circular
correlation ¢ of the two is given by:

c=adb
Where:

i
L

cj = akb((k+j) mod n)
0

i

Given a binding of two vectors, one can extract one vector by computing the
circular correlation of the other vector with the binding. Given a superpo-
sition of bindings one can extract one vector from one of the bindings with
noise added by correlating the superposition with the other vector in the
appropriate binding. Alternatively, circular correlation of one vector with
another is equivalent to circular convolution of the involution of that vector
with the other, i.e. a@® b = a* ® b, where a* is the involution of a, and
ai = a(—j modn)- With large vectors (e.g. 512 elements) this noise is neg-
ligible. Also convolving a vector with its involution yields an approximate
convolutive identity vector. To represent the sequence “a b ¢ d”, one would

create a set of position vectors p;*, where i = 1,2 or 3, and create the vector:
t=a+p1®b+p2®c+p3Rd

Note that all these vectors have the same number of elements. To extract b
from t you would convolve t with pj, the involution of the vector p;. As for
vector a, t happens to be a with noise added.

With HRRs, it is possible to create vectors which (when convolved with
the vector representing some structure) will move constituents around, re-
place them, or remove them, thus allowing structure transformations to occur

4The position vectors are usually formed by taking a base vector p and using convolutive
powers of p, e.g. p2 = p ® p.
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as the result of a single convolution operation. In other words, holistic com-
putation is possible. For example, consider transforming t to the vector:

s=a+p;®d+p2®c+p3®b

In order to do this, t is convolved with the vector:
u=p3®p; +P1BP3
This is because:
t@u=a+p3®p; ®p1®b+p2®c+p; ®p; ®ps®d + noise.
This reduces to:

t@u=a+p3@b+p2®c+p;®d-+ noise
—a+p1®d+p2®c+ p3®b+ noise

Note that a, b, ¢ and d need not be base vectors: they could represent ar-
bitrary structures, such as entire noun phrases and verb phrases. Thus an
arbitrarily complex transformation can be performed with a single convo-
lution. Since a structure can be transformed through a single convolution
with an appropriate transformation vector, it is claimed that HRRs support
holistic computation in a fairly direct manner. If the transformation only re-
quires the extraction of constituents from known positions, the movement of
constituents at known positions and/or the replacement of constituents with
others that can be known in advance without iterative search, then the trans-
formation vector can be constructed once and used with all the appropriate
structures without the need for further change.

Weber’s TCO representations

Weber (1992) claims perhaps the most impressive demonstration of holistic
computation, employing a derivative of the HRR based on an operation he
calls the Term Coding Operation (TCO). This operation combines vectors
together using the circular convolution that Plate uses, but in a manner
that allows the vectors to be much smaller: 32 elements in the work Weber
presents. Using this operation Weber builds up representations for logical
terms, which he then uses to train a feed-forward network employing error
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backpropagation to perform the logical unification of the terms. The terms to
be unified are presented as inputs, and the outputs include the unified term,
the most general unifier and any uninstantiated variables. Weber tested this
unifier in a Prolog system, and it correctly performed over 65,000 different
unifications. The unifier is however only a heuristic in that it is not proven
correct — indeed there is a limit to the size of the terms that can be encoded
in a TCO representations, thus it cannot unify completely arbitrary terms.
However it seems to be able to unify correctly within the range of terms
that can be represented by the 32 element vectors Weber uses, and may have
application in areas where strict correctness is not necessarily required, such
as natural language processing. Impressive as this is, the TCO representation
is like the HRR in that it is a hand-designed representation, and thus does
not employ connectionist learning to create the encodings for structures in
the way that a RAAM does.

2.3.3 Conclusions

The distinctive aspect of the work presented above is the ability to trans-
form or make inferences about the encoding of a structure directly, without
the necessity of searching a structure to locate constituents or to extract
constituents from the encoding before processing. This ability seems to be
the hall mark of holistic computation. Many of the examples given in the
literature have been limited and raise the question as to whether they are
capable of being scaled-up. The more promising examples employ represen-
tations that depart in some way from normal connectionist techniques. For
example the (S)RAAM, HRRs and TCOs all seem to employ representations
which throw away some aspects of the normal connectionist approach. The
(S)RAAM does not employ error minimisation or networks of interconnected
units whilst HRRS and TCOs, which equally do not employ networks of in-
terconnected units, do not employ learning of any sort as well. This raises
the question of whether representation which are learned could support more
sophisticated examples of holistic computation, such as the term unification
that Weber demonstrated.

Confluent inference seems to offer some promise too; however it is ques-
tionable whether it can be regarded as holistic computation. In spite of this
reservation, confluent inference seems to have potential as a tool for devel-
oping representations that support holistic computation. Much of the work
presented above is open to the criticism that there has been a lack of analysis
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of the nature of the representation developed. HRRs are, by design, a highly
distributed representation and Chrisman, and Blank et al. conducted some
limited investigation into the nature of their representations. The significance
of the concern with the nature of representations stems from the view that
the RAAM (and other methods) develop distributed representations that do
not contain explicit tokening of constituents and it is this that allows holistic
computation to take place.

The work reviewed above has not directly addressed the question of how
distributed RAAM representations are. A direct analysis, conducted by Imre
Balogh, of the representations developed by the RAAM used in Chalmers’
experiments demonstrated that the representation was a strongly localist
representation with explicit tokening of the constituents of the structure be-
ing represented, thus casting doubt on whether Chalmers did demonstrate
holistic computation. This analysis is discussed in the next section.

2.4 Balogh’s analysis of Chalmers’ experiments

Balogh (1994) decided to tackle directly the question of whether the RAAM
representations in Chalmers’ experiments were distributed. In Chapter 3
of his thesis, Balogh defines what it means for a representation to be dis-
tributed: A structured representation needs two types of information, infor-
mation about its constituents and information about the structure itself. A
localist representation is where the basic constituents are totally circumscrib-
able, non-overlapping entities. Each atom has a characteristic function which
when given a position returns the activity at that position and, in a localist
representation, this function can either be 0 or 100% indicating the total ab-
sence or total presence of the atom at that position and only one atom will be
allowed to have a value of 100% at that position. This would be a represen-
tation that involved explicit tokening of its constituents. For a distributed
representation, values between 0% and 100% are allowed, and more than one
atom could have a non-zero value for that position. From this idea Balogh
distinguishes four types of representation: Singleton Localist (SL) where a
single unit represents a single atom; Circumscribable Localist, where more
than one unit can represent a single atom but each unit only participates in
representing one and only one atom; Circumscribable Distributed, where only
a subset of units is used to represent an atom but these units may also play
a part in representing other atoms; and Total Distributed, where all units
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play a part in representing all atoms. To be sure these are not clean distinc-
tions but blur into each other along a continuum from Singleton Localism
to Total Distributedness. Totally distributed representations are also termed
“holistic” representations®. This is because, in a holistic representation, one
cannot isolate any part of the object being represented by isolating a subset
of the representational units: altering a single unit in a holistic representa-
tion will involve making changes to all the constituents of the object being
represented — the constituents of the object are not explicitly tokened in the
holistic representation. Making systematic changes to the object being repre-
sented requires operating on the whole representation. Thus any changes to
a holistic representation, whether to a single representational unit or to mul-
tiple units, will act upon all the constituents of the object being represented
stmultaneously and thus will act holistically upon that object.

Balogh proposed a way of testing whether any connectionist representa-
tion was distributed: lesion the units within the representation and note the
errors that arise when the representation is decoded. With a distributed rep-
resentation, lesioning units (e.g. setting their values to zero) one at a time
should make little difference to the decoding of the representation and each
unit should contribute equally to the error. With a localist representation, on
the other hand, lesioning a unit might make an error in one single atom, while
lesioning another unit wouldn’t affect that atom but would cause an error
with another atom. Lesioning increasing numbers of units in a distributed
representation should see a gradual, smooth increase in the error rate show-
ing graceful degradation, whereas in a localist representation, the error would
increase in jumps. When Balogh applied this methodology to Chalmers’ ex-
periment he found that the experiment’s RAAM representations exhibited
localist properties: i.e. the error rates for different atoms varied considerably
as each unit was lesioned. Further analysis showed that the representation
was mainly Circumscribable Localist. Groups of units identified the contents
of each position in the RAAM representation (i.e. they explicitly tokened
the constituents of the sentence), and a separate unit indicated whether the
RAAM represented an active or passive sentence. (There was some over-
lap for a couple of the units in determining the values of one of the slots.)
Moreover, Balogh showed how the representations can be directly manipu-
lated in a manner similar to that of classical symbolic representations. He
suggested that holistic computation was not occurring in Chalmers’ experi-

S¢f. the concept of a superpositional representation described in van Gelder (1991)
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ment. Balogh also argued that his results should apply to any RAAM-style
network, such as those used in Chrisman’s work and Blank’s work.

Balogh’s conclusion that holistic computation was not occurring depended
on a simple and intuitive assumption; one that was not made explicit in
Balogh’s argument but which can be inferred from a detailed reading of the
thesis. This assumption was that holistic computation requires holistic rep-
resentations. Certainly with a holistic representation, any operation on a
holistic representation acts on all the constituents of the object being rep-
resented by the very nature of the representation. One cannot change an
isolated constituent of the object being represented by changing an isolated
section of the representation. The fact that the representations developed
by Chalmers’ RAAMs are apparently not holistic thus leads one naturally to
question whether holistic computation was really demonstrated in Chalmers’
work, and further to question whether the other RAAM-based work demon-
strated it either. Indeed these are the conclusions that Balogh draws. How-
ever, in addition to not making his argument explicit, Balogh does not ex-
plicitly state what he means by holistic computation. Indeed, as shall be
seen, the literature on holistic computation generally describes it in rather
vague terms.

It could be that holistic computation can be achieved without holistic
representations but without an adequate definition for it, this cannot be
judged with certainty. The next section will look at what has been said
about holistic computation and the subsequent sections will present and de-
fend a new definition of holistic computation proposed by the author. It will
be argued that: firstly, Balogh was wrong (but this was because he made the
same assumptions as the connectionists he criticises) and that Chalmers did
demonstrate a form of holistic computation and, secondly, that holistic com-
putation (whilst having been discovered by work with connectionist systems)
is not restricted to connectionist systems.

Finally for this section, it should be noted that Balogh’s analysis would
not necessarily yield the same results with other RAAM-based work. It
could be that the simplicity of the task in Chalmers’ experiment allowed the
RAAM to develop a localist solution to it, and that more complicated tasks
might force the RAAM into a more distributed encoding, or an encoding
that lacks explicit tokening of the constituents. Furthermore, the SRAAM is
trained rather differently from the general RAAM in that one is encoding a
sequence rather than a tree structure and thus there is no indication to the
network of how to partition the hidden layer representation. This could also
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lead to distributed representations since more and more symbols are being
compressed into a fixed-width vector, without any indication of partitioning.
Indeed Chrisman tested his SRAAM representations for micro-features (that
is individual units that encode specific information) and found that whilst
there was a slight tendency for micro-features to occur with small groups of
closely related sentences, they did not occur consistently over the training
set. This suggests that a mainly distributed representation was being cre-
ated which occasionally included some information encoded in a more localist
fashion. Thus, whilst Balogh’s work is useful in clarifying the issues, demon-
strating a way of analysing the representations developed by the RAAM, and
showing that Chalmers’ experiment did not develop holistic representations,
more work is needed to determine firstly, whether this necessarily shows that
holistic computation did not occur and secondly, whether the conclusions
apply to other RAAM-based work.

2.5 Descriptions of holistic computation in
the literature

2.5.1 Chalmers’ descriptions

Chalmers (1990a), described holistic computation, and indicated what he
thought the nature of the RAAM representations was, as follows:

“Connectionism offers the opportunity to operate on composi-
tional representations holistically without first proceeding through
the step of extraction”. (page 54/47) ©

“Here we will model the process of syntactic transformation by
operating directly on the compressed distributed representations of
sentences and without passing through any stages of composition
or extraction”. (page 62/55).

From this we can see that Chalmers regarded holistic computations as
transformations which can be performed without the need to extract con-
stituents and compose them into the transformed symbol structure. However,

6Chalmers’ paper has been reprinted in Connectionist Natural Language Process-
ing:Readings from Connection Science (Sharkey, 1992).The first page number is from the
original paper, the second from the reprint.
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he described the process in terms of what is happening to the representation
rather than what is happening to the object being represented. He did not
say how the process works “holistically”. One can infer that he assumed
it works holistically because he (mistakenly if Balogh is correct) believed
the representations to be holistic themselves: however this was not made
explicit. The description of holistic computation is vague and does not dis-
tinguish between how the representation is processed and how the object
being represented is processed.

2.5.2 Chrisman’s descriptions

Chrisman also described what he thought holistic computation (which he
also refers to as holistic inference) entailed (page numbers from Chrisman
(1991)):

“This form of inference occurs in a gestalt fashion by deriving a
solution to the inference problem directly from a representation
of structured data without decomposing, locating or accessing its
constituent elements.” (page 346).

“Inferences that use a representation directly without accessing
its compositional structure are said to perform holistic inference.”
(page 349).

“By harnessing the emergent microstructure in these distributed
representations, holistic inference maps directly from the repre-
sentation of a problem to the representation of an answer, in a
gestalt fashion without accessing the constituent elements or re-
lations within the data.” (page 363).

What Chrisman appears to be saying here, is that a holistic inference
acts on the reduced descriptions (i.e. the representations) of compositional
structures directly without needing to decode them into the representations
of the constituents of the structures. However there is vagueness and con-
fusion within these quotations. There is vagueness because when Chrisman
states that the processing occurs in a “gestalt fashion” it is not clear what he
is referring to. Does he mean that all the constituents of the representation
are processed simultaneously, or that all the constituents of the structure be-
ing represented are processed simultaneously? This is important in light of
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the distinction between holistic and non-holistic representations, yet Chris-
man does not say. There is confusion when Chrisman says that holistic
inferences use a representation directly without accessing its compositional
structure. Taken literally this means that the representation is transformed
without accessing the constituents of the representation, which cannot be the
case. However this probably not what Chrisman meant. The point Chris-
man might be trying to convey (which is in line with the context of the
quotations) is this: With the reduced descriptions created by the RAAM,
the compositional structure of the representation need not bear a direct re-
lationship to the compositional structure of the object being represented (e.g.
the RAAM representation could be holistic) and, since changes are effected
by making changes to the constituents of the representation, a holistic infer-
ence proceeds without directly accessing the compositional structure of the
represented object. This point would have been clearer if Chrisman distin-
guished the processing of the representation and the processing of the object
being represented.

2.5.3 Blank, Meeden and Marshall’s descriptions

Blank et al. (1991) (published as Blank et al. (1992)) give perhaps the
clearest description of what is meant by holistic computation in the following
quotation:

If a composite structure in a symbolic system, say a Lisp list, were
to have its fourth element tested for some criterion, one must first
remove first three elements of the list to get to the fourth. In fact
to do anything to the list involving the elements of that list, one
must first decompose it. Thus, symbolic list structures can only
be operated on atomistically. Since many Al practitioners have
exclusively used concatenative data structures, the need for this
wnitial deconstruction step seems to be a natural consequence of
building data structures. In the subsymbolic paradigm however
an operation can act holistically on the entire symbol structure...
In this way, a subsymbolic operation can, in one step, perform
a complexr function without decomposing the representation of a
symbol structure into its constituent parts. (page 5)

A key point here is their description of a holistic operation as one that
acts holistically on an entire symbol structure, meaning that the operation
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acts on all the constituents of the structure simultaneously. More than the
other descriptions, this one avoids confusing what is happening to the repre-
sentation with what is happening to the object being represented. However,
a question is begged as to what constitutes a single-step operation. One could
suggest that a transformation of a vector is a single-step operation, but one
could counter that it is made up of the operations of changing each element
individually and thus it is not a single-step operation. Further one could
even argue that changing an individual element is not a single-step operation
at the level of what the microprocessor does to alter the individual element.
With a holistic representation however, this would not matter — changing
one element of a holistic representation involves changes to the whole object
being represented (i.e. to the whole symbol structure). With a non-holistic
representation it does make a difference though, since if a single element of
the representation corresponds to a single constituent of the structure then
changing elements one at a time would not involve acting on all the elements
of the structure simultaneously. Parallel processing of all the elements of the
vector on the other hand would. In fact this seems to suggest what the core
idea of holistic computation should be seen as — the ability of a computa-
tional process to act on all the constituents of an object simultaneously and
without the need to perform an iterative search to access those constituents.

2.5.4 Conclusions

The descriptions of holistic computation in the literature are vague and some-
times confusing. They do not adequately distinguish between the processing
of the representation and the processing of what is being represented. They
often describe the processes involved in terms of what happens to the rep-
resentation or, worse, in terms which mix or confuse what happens to the
representation with what happens to what is being represented. They do not
explicitly make it clear whether the holism arises through the representation
being holistic (though this is implied in much of the work) or through the
use of a parallel architecture (this possibility is not even discussed). How-
ever something can be gleaned about what the authors of these descriptions
are trying to get at. It seems holistic computation involves processes acting
on all the constituents of an object simultaneously without the need to use
iterative search/decoding to access those constituents. With these insights,
a revised definition of holistic computation can be put forward.
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2.6 Defining Holistic Computation: A pro-
posal

A holistic computation is any computational process that can act
on all the constituents of an object simultaneously, without re-
quiring search to access those constituents.

This definition” of holistic computation makes explicit what is being
claimed, which is that in a holistic computation all the constituents of the
object being processed are acted upon simultaneously without the need to
search in order to access the constituents. The advantage of using a holis-
tic computation is that since it eliminates the search required to access the
constituents of a complex structure, it offers the potential for more efficient
forms of processing that may also exploit parallelism effectively.

One way of achieving holistic computation has already been indicated.
Using a holistic representation (e.g. HRRs) allows one to do precisely what
this definition describes: act upon all the constituents of the structure si-
multaneously without searching to locate those constituents. Another way
of achieving holistic computation is to devise a representation which makes
all the information required for the transformation directly accessible (that
is accessible without needing search) to the process operating on the repre-
sentation and to use parallel processing of that representation to act on all
the elements of the representation simultaneously. An important distinction
arises here, which is holistic processing of a representation versus holistic
processing of the object being represented. Holistic processing of the ob-
ject being represented can be achieved either by processing (holistically or
otherwise) a holistic representation of it, or by holistically processing the
representation. Thus it is not necessary to have a holistic representation if
one wishes to perform holistic computations.

Why should the above definition be preferred to earlier definitions? The
main reason for doing so, is for conceptual clarity. By separating out holistic
computation from holistic representation (and confluent inference), a clearer
picture of what a particular system is doing (or can do) emerges. If the
goal is to build a system which can perform structure sensitive operations on

"Hammerton (1998) defined a holistic computation as any computational process that
can act on all the constituents of an object simultaneously without needing to perform
a search to locate or access those constituents. The definition presented here is a more
concise formulation.
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symbolic structures without employing search (with the potential to be more
efficient), the revised definition will indicate a wider and more accurate range
of options for how this can be achieved. Earlier definitions, by confusing how
the representation is being processed with how the object being represented
is being processed, make it less clear what options are open to the system
designer who wishes to exploit holistic computation. This is because whether
the representation is holistic or not does not determine whether holistic com-
putation is possible or not: yet the designer might believe they have to use
a holistic representation because this is implied in much of the literature.
What does matter is that all the information needed to perform the transfor-
mation is directly accessible to the computational process that is performing
the transformation. Thus a fixed-length localist representation on a parallel
machine can facilitate holistic computation, just as a holistic representation
on either a sequential or parallel machine can.

2.7 Implications of the proposed definition

One implication has already been mentioned, that holistic computation does
not require holistic or distributed representations. Further implications in-
clude:

e Many types of neural network perform holistic computation. A trivial
form of holistic computation is supported by feedforward and simple
recurrent networks. When the activation is propagated from the input
layer to the output layer in feedforward networks, the input vector is
transformed holistically into the output vector, since the network oper-
ates on the elements of the input vector in parallel. Similarly the input
and context vectors in an SRN are combined and transformed holisti-
cally into the output vector of the SRN. The main focus of the work on
holistic computation discussed above is not therefore on holistic com-
putation per se, under the proposed definition, but on holistic symbol
processing, i.e. making inferences about and/or manipulating symbol
structures holistically. The main focus of this thesis is also on holis-
tic symbol processing, as it is the harnessing of holistic computation
for the processing/manipulation of symbol structures that is the real
innovation provided by RAAMs, HRRs and other connectionist repre-
sentations. The term “holistic symbol processing” will thus be used
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through the rest of this thesis to refer to the holistic processing of sym-
bol structures. Regarding the title of this thesis and later usage of the
term “holistic computation”, it should be noted that holistic symbol
processing is a way of exploiting the holistic computations performed
by neural networks on their input vectors.

By itself, confluent influence only involves a trivial form of holistic com-
putation. In the earlier discussion of confluent inference it was argued
that the transformation was not performed holistically because once
an encoding was produced no transformation was required to obtain
the encoding of the transformed object and that the work of the trans-
formation was performed during encoding and decoding. Thus in the
light of the proposed definition of holistic computation, holistic symbol
processing is not occurring although holistic computation is occurring
in the trivial form described above, i.e. the transformation of the input
vector to the output vector at each stage of encoding or decoding is an
operation that is holistic with respect to the input vector. Of course if
a form of confluent inference that involves an explicit transformation
phase is used then holistic symbol processing may be occurring as a
result.

Chalmers did demonstrate holistic computation. This is obviously true
for the trivial form of holistic computation mentioned above, but it
is also true that Chalmers demonstrated holistic symbol processing.
When Balogh suggested that holistic symbol processing was not occur-
ring, he was assuming that by demonstrating that the representation
developed by Chalmers’ network was not holistic he was also demon-
strating that sentences were not being transformed holistically. From
the above arguments it can be seen that this is not so. The transforma-
tion network operated on each element of the RAAM representations in
parallel and thus operated holistically in the required sense, or rather it
would have been if implemented for real rather than being simulated on
a sequential machine. However, since connectionists posit a highly dis-
tributed parallel architecture as being the architecture of the mind, the
sequential implementation of such an architecture is beside the point.
Thus Chalmers did demonstrate holistic symbol processing.

Holistic computation is not unique to connectionism. Consider permut-
ing an array on a parallel machine. If the machine has N processors,
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where N is the size of the array, then each processor can be assigned an
element in the array which it then moves to its new position. By doing
this, the array would be acted upon holistically: every element of the
array would be being processed simultaneously, without any searching
being required to locate them. This is similar to the trivial form of
holistic computation mentioned above. If the array was actually repre-
senting a list, then it could also be a simple example of holistic symbol
processing.

e What is “new” about the connectionist examples of holistic computa-
tion discussed above is holistic symbol processing. The connectionists’
innovation was to devise representations that allowed complex struc-
tures to be processed holistically. This innovation does have costs.
Accuracy is lost in storing symbol structures in vectors leading to a
“fuzzy” limit on the size of the structure that can be stored in any
given vector. If the size of the structures that can be stored needs to
be increased, then a new neural network needs to be constructed and
trained to process the vectors representing the structures or, if using
HRRs, new base vectors need to be created.

2.8 Classical representations and holistic com
putation

Traditional Al systems have almost exclusively used classical symbol struc-
tures such as lists and trees, and have not supported holistic symbol process-
ing. One question which is raised is whether systems using such structures
could support holistic symbol processing. At first sight the answer seems
to be “no”. Such systems operate on the symbol structures by finding and
changing a symbol one at a time, and since the representations used are
not holistic representations, then on a sequential machine there is thus no
possibility of supporting holistic symbol processing. With standard imple-
mentations of the symbol structures it would not be possible on a parallel
machine either.

All the above points relate to implementations of the symbol structures
that closely reflect their high-level specification. For example, a list would
be implemented using pointers and dynamic memory allocation each time
an element is added or removed and, in order to get at an element, a search
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which follows the pointers from the head of the list is required. However
in principle the implementation need not be such a direct reflection of the
high-level specification. Again taking the example of a list, an intelligent
compiler for a parallel machine could implement it as an array, if it could
deduce its likely maximum size from the code. During any periods when the
list remains the same size, but where the elements of the list are changed,
the compiler could parallelise the changes and thus the implementation could
support holistic transformations of the list, given enough processors.

Thus it seems that implementations of at least some classical symbol
structures could support holistic symbol processing. However, the scope for
doing this is limited. It is not obvious, for example, how one could manipulate
a graph or a tree holistically, unless the compiler were to implement the
symbol structure using a holistic representation such as HRRs. However the
compiler would then need to know the size of the largest structure likely to be
used and the size of the representation that will hold such a structure. These
of course need to be known anyway when using HRRs, but the programmer
would be in a better position to know this information than the compiler,
and it is unlikely that the compiler could get quite the same efficiency as the
programmer in this respect. Also, a neural network can learn to do some
types of transformation which a compiler would not be able to specify. For
example, a neural net can learn a mapping between the representations of,
for instance, sentences in two different languages: something which cannot be
done using HRRs and other “hard wired” representations without performing
a search of the sentences to locate the words/phrases and then finding their
replacements.

The conclusion then is that whilst there may be some scope for imple-
menting classical symbol structures in a manner which supports holistic sym-
bol processing, the scope for doing so is limited, and in any case it is more
efficient to use representations which support holistic symbol processing di-
rectly rather than make conversions.

2.9 Are computations on holistic representa-
tions always holistic?

This chapter claims that all computations on a holistic representation are
necessarily holistic computations performed on the represented object. One
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might object that, on a machine with virtual memory, accessing one of the
constituents of a holistic representation might incur a search of page tables
and/or the disk to find the relevant page of memory and, because the ac-
cess involved search, the operation is not holistic according to the definition
above. This would be incorrect, since the definition states that the com-
putation is done without requiring search to access the constituents of the
object, whereas the search here is to access the constituents of the represen-
tation. The above argument confuses the processing of the representation
with the processing of the object. That is the object being represented is
being processed holistically, even though the representation is not.

It might also be objected that, as with traditional symbol structures, the
implementation need not be the same as the high-level specification and thus
an implementation of a holistic representation would nevertheless be non-
holistic. The most obvious example here would be implementing an HRR
vector as a linked list of elements, but it would still be the case that the
search for an element of the list would not be a search for a constituent
of the object being represented. Of course one could convert the holistic
representation to a classical symbol structure, by extracting the structure
from the representation but that involves effectively abandoning the use of a
holistic representation.

2.10 Conclusion: On exploiting holistic com-
putation

2.10.1 Summary

This chapter has proposed a revised definition of holistic computation which
focuses on the ability to process all the constituents of an object simulta-
neously. It has been argued that this definition offers greater clarity than
previous definitions on the grounds that it does not confuse the processing of
an object with the processing of its representation and, consequently, gives
a clearer and more accurate picture of what is required to perform holistic
symbol processing. It has further been argued that, under the revised def-
inition, holistic computation is not unique to connectionism, that it is the
holistic processing of symbol structures that is “new” and that Chalmers did
demonstrate holistic symbol processing, contrary to Balogh’s conclusions.
It has demonstrated that holistic symbol processing can be achieved using a
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holistic representation, or via parallel processing of all the elements of a fixed-
length non-holistic representation. Both possibilities have been discovered by
connectionists, and whilst there may be some scope for holistic implemen-
tations of classical symbol structures, they do not typically support holistic
symbol processing. However, neither form of holistic symbol processing is
unique to connectionism, although connectionist systems seem well suited to
processing the representations that make them possible.

It has also been argued that to regard confluent inference as a class of
holistic symbol processing is mistaken and confuses two different phenom-
ena. Confluent inference seems to be a way of ensuring that the information
required for certain tasks is directly accessible in a representation and may
facilitate holistic symbol processing with that representation. However by
itself confluent inference does not involve holistic symbol processing. It is
nevertheless worthy of further study.

2.10.2 Exploiting Holistic Computation

In Chapter 1 it was argued that there is a need to evaluate holistic com-
putation more critically and to investigate how easy it is to exploit holistic
computation with neural networks. The work in this chapter contributes
to both of these issues; the first by evaluating the concept of holistic com-
putation as described in the literature and suggesting a new definition to
achieve greater clarity than has hitherto been demonstrated, and the second
by making it clearer just exactly what it is that we are trying to exploit.

There is still a long way to go before the questions of how easy it is
and how best to exploit holistic computation in neural nets are answered.
For example it is not clear from the literature just how far connectionist
representations which are learned, such as the RAAM, can be pushed. The
most reliable techniques for producing representations that support holistic
symbol processing have thus far been analytically/mathematically derived
techniques such as HRRs and the (S)RAAM, raising a question as to whether
learned techniques can compete.

In order to investigate the questions of how easy it is to exploit holistic
computation with neural networks and how best to go about it, the various
techniques which support holistic computation will need to be evaluated in
order to determine their limitations, what it is that allows them to support
holistic symbol processing, what capacity there is for them to “scale up” to
larger or more complicated tasks, etc. On this issue, the literature on holistic
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computation and the techniques which support it is lacking in the following
ways:

e With one exception, none of the literature explicitly sets out to eval-
uate the capacity of a technique for supporting holistic symbol pro-
cessing except in so far as it demonstraes some task being performed
holistically. That one exception is Niklasson and Boden’s study of the
RAAM (Niklasson and Boden, 1994). They explicitly set out to deter-
mine what sort of information was captured in RAAM encodings and
therefore was available for holistic symbol processing. They found that
information about the structure of a tree was available, whilst infor-
mation about constituents was not always available in the encodings
produced by the RAAM (this was often the case for deeply embedded
information). This work is an example of the sort of study which needs
to be done to evaluate the capacity of connectionist systems to exploit
holistic computation, but it does not address questions about what a
RAAM can and cannot learn, whether confluent inference might solve
the problem of encoding constituent level information in the RAAM
encodings of symbol structures or whether the RAAM’s learning can
be improved, for example.

e Most of the literature simply presents a representational technique
and/or demonstrates its use for a particular task without, for example,
trying to push the technique to its limits, determine what those lim-
its are or analysing the performance of the technique for clues to its
strengths and weaknesses.

e Even where some effort has been made to understand how a partic-
ular technique works, it has seldom gone beyond a cluster analysis
of the representations. An exception to this, and probably the most
thorough analysis of a technique, other than those derived mathemat-
ically, is that done on the Labeling RAAM which includes a formal
analysis of its properties. This example may have yielded a lot of infor-
mation relevant to evaluating the capacity of the LRAAM to support
holistic symbol processing, although it was not the explicit aim of the
analysis to do so. The other notable exceptions however have tended
to concentrate solely on the nature of the representations developed,
without looking at the limitations of the technique for learning to pro-
duce those representations. Balogh’s work (Balogh, 1994), Blank et
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al.’s work (Blank, Meeden and Marshall, 1992) and the work of Niklas-
son, Sharkey and Van Gelder (Niklasson and Sharkey, 1997; Niklasson
and van Gelder, 1994) on systematicity fall into this category. This is
of course useful information in evaluating the capacity for supporting
holistic transformations but does not offer a complete picture.

The work in Chapters 3, 4 and 5 will make a contribution to the evalua-
tion of the capacity of connectionist networks for holistic symbol processing,
and to thus address some of the criticisms made of the literature above.
The main purpose of this work is to evaluate the SRAAM’s ability to gener-
ate representations that support holistic symbol processing via an attempt
to recreate Chalmers’ experiment with the SRAAM (thus providing direct
comparison with the RAAM) and an evaluation of the performance of the
SRAAM in doing so, both in terms of the representations produced and in
terms of the nature of the solutions the SRAAM finds. As well as analysis
of the representations developed, a wider analysis of the solutions produced,
involving the weights and encoding/decoding trajectories will be presented,
as well as consideration of what solutions should exist in principle. This
evaluation of the SRAAM will form the rest of the contribution of this thesis
towards the evaluation of holistic computation and the investigation of how
best to exploit it, as argued for in Chapter 1.
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Chapter 3

Syntactic Transformations with
the Sequential RAAM

3.1 Purpose of this work

The motivation for the work in this chapter is to contribute to the investiga-
tion into how effectively connectionist systems can support holistic compu-
tation argued for in Chapter 1. The work presented here and in Chapters 4
and 5 contributes to this investigation by attempting to evaluate the ability
of the Sequential RAAM to generate representations that support holistic
symbol processing. This evaluation is made on the basis of an attempt to
recreate Chalmers’ experiment but with the RAAM replaced by the SRAAM.
This chapter presents the results of this attempt to recreate Chalmers’ exper-
iment and Chapters 4 and 5 present an analysis of the SRAAM’s performance
in trying to learn to encode and decode the sentences used in Chalmers’ ex-
periment.

3.2 Why the SRAAM was chosen

Any of the representations discussed in Chapter 2 could have been chosen for
this work as they all support holistic transformations to some degree. The
SRAAM was chosen in preference to the other representations discussed in
Chapter 2 for various reasons:

e The extent to which it can support holistic symbol processing is not
clear from the literature. The more complicated tasks it has been used
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for, such as Chrisman’s (1991) translation of simple English sentences
into Spanish, or Ho and Chan’s (1996) parser, employ confluent infer-
ence rather than holistic symbol processing. The work of Blank et al.
(1992) does involve holistic symbol processing but the tasks are simpler
than those for which the RAAM has been used. Kwasny and Kalman
(1995) train their SRAAM to encode and decode more complicated
structures, but their attempts to perform holistic operations on those
structures met with ambiguous results. Thus there is a real question
as to whether the SRAAM is as capable of supporting holistic symbol
processing as other representations.

Kwasny and Kalman’s work suggested that the SRAAM had various
advantages over the RAAM which if combined with effective support
for holistic symbol processing would suggest the SRAAM is a better
vehicle for exploiting holistic computation than the RAAM. Their work
suggested that the SRAAM is easier to train, offers greater flexibility
in the range of structures that can be represented and offers higher
levels of generalisation. The SRAAM is easier to train because the
training does not require an external memory to store intermediate pat-
terns and is in fact a simple modification of the Simple Recurrent Net-
work (SRN) training. It is more flexible because arbitrarily branched
trees can be represented as opposed to the fixed-branching required by
the RAAM. The SRAAM achieved greater levels of generalisation on
the tasks Kwasny and Kalman trained it with than Chalmers’ RAAM
achieved. Kwasny and Kalman reported 100% generalisation when
their SRAAM was trained on 30 trees out of a total of 183 generated
by a simple grammar. After training, the SRAAM could encode and
decode all 183 trees without error. By comparison, Chalmers’ RAAM,
when trained on 80 trees (out of 250 possible) and tested on 80 novel
trees, made errors when encoding and decoding 13 of the 80 novel trees.
These results are not totally clear cut because Chalmers used back-
propagation to train his RAAM whilst Kwasny and Kalman employed
conjugate gradient training and they recomputed the error derivatives
to take into account the feedback loops that exist in the SRAAM’s
training, hence the difference could be attributed to the training tech-
niques rather than the network architectures used. However Kwasny
and Kalman’s results do suggest that when trained with Kwasny and
Kalman’s methods the SRAAM does have these advantages. If these
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advantages could be combined with effective support for holistic sym-
bol processing then the SRAAM would stand as a worthy alternative
to the RAAM for holistic tasks.

The SRAAM is closer to standard connectionist models than either the
(S)RAAM (which boasts very quick training times) or HRRs, both of
which appear to support holistic symbol processing at least as effec-
tively as the RAAM. Neither (S)RAAM or HRRs involve error min-
imisation, nor do they utilise networks of units with weighted connec-
tions between them, as most standard connectionist models do. The
SRAAM by contrast can be trained using standard techniques, such
as back-propagation or conjugate gradient, and explicitly employs a
network of units with weighted connections.

The SRAAM representations employed in Kwasny and Kalman’s work
were smaller than with HRRs, and in one case smaller even than the
representations developed by RAAM in Chalmers’ experiment, suggest-
ing that they should be reasonably practical to use.

Finally, the LRAAM'’s operation is rather different to that of the other
methods due to the practice of turning it into a bi-directional asso-
ciative memory and the production of reduced descriptions of struc-
tures to be used in holistic transformations is not as natural with the
LRAAM as it is with other methods. Furthermore there has already
been extensive investigation into its properties (Sperduti, 1993a; Sper-
duti, 1993b), which include a formal analysis of it. Thus it is already
well understood.

3.3 Recreating Chalmers’ experiment

3.3.1 Chalmers’ experiment

Chalmers’ experiment involved a simple task, the active to passive trans-
formations of simple sentences, which the RAAM performed fairly well.
Chalmers” RAAM learned to encode and decode all the training sequences
and the bulk of the testing sequences, and the transformation network was
able to learn the task well. Indeed the errors that arose during the trans-
formation task were shown to be due to errors in encoding and decoding,
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rather than in the transformation. Thus it was clear that the RAAM was
creating representations that supported holistic symbol processing fairly well.
For these reasons, it seems instructive to try to recreate the experiment, us-
ing the SRAAM in place of the RAAM. The original experiment thus forms
a benchmark against which to compare the SRAAM’s capacity to gener-
ate representations that support holistic transformations. By representing
the sentences as simple sequences, rather than trees, the SRAAM can be
trained to encode and decode the sentences and then another network can
be trained to perform the transformation on the resulting representations.
It was also decided that both back-propagation and Kwasny and Kalman’s
training methods' would be used for training the SRAAM to provide a com-
parison between the two and determine whether the SRAAM architecture or
Kwasny and Kalman’s training methods were responsible for the SRAAM’s
apparent superiority to RAAM.

3.3.2 Experimental procedure

In the experiments reported below, all the sequences are of the form “john
love helen” or “helen is love by john”, as in Chalmers’ experiment. There are
five possible nouns (“john”, “helen”, “chris”, “diane” and “michael”), five
possible verbs (“love”, “kill”, “chase”, “hug” and “hit”) and the words “is”
and “by”, yielding 125 possible sentences of the form “john love helen” and
another 125 possible passive equivalents. 130 sentences (65 active/passive
pairs) were used in the training set and the remaining 120 sentences (60
pairs) were used as the testing set. Appendix E lists the training and testing
sentences.

In Chalmers’ experiment the representation of each symbol involved 13
units, with 2 units set to the value of 1 and the rest to 0 and this scheme
is used for various training runs reported here. The scheme is illustrated
in Table 3.1 and will subsequently be referred to as the “2 unit representa-
tion”. Some of the networks trained here, including those trained by Kwasny
and Kalman’s simulator, use the hyperbolic tangent activation function out-
putting values between -1 and 1. For these networks, the “0”s in the symbol
patterns are replaced with “-1”s. In addition to the training runs involving
the 2 unit representation, various runs were done with patterns where only 1
unit out of the 13 is set to 1, to see if this simpler scheme would help training

!'Kwasny and Kalman generously provided their simulator for use with this work.
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john 0100001000000
michael | 0100000100000
helen |0100000010000
diane [0100000001000
chris 0100000000100
love 0010001000000
hit 0010000100000
betray | 0010000010000
kill 0010000001000
hug 0010000000100
is 0000101000000
by 0000011000000
nil 0000000000000

Table 3.1: The 2 unit representation of the symbols used in Chalmers’ data.
For hyperbolic tangent networks, replace “0”s with “-1”s.

— the patterns are all orthogonal which may reduce interference. Table 3.2
illustrates this representation. As before, “0”s are replaced with “-1”s for the
networks employing the hyperbolic tangent function. This representation will
subsequently be referred to as the “1 unit representations”.

All the training runs for back-propagation indicate the best performance
achieved after trying various combinations of values for the momentum and
learning in the range 0.01 to 0.9, and training for upto 10000 iterations.
With Kwasny and Kalman’s simulator the step size is determined adaptively
so these parameters do not exist. The simulator attempts to train until the
outputs are within in a small tolerance of the target outputs (a tolerance of
0.01 was used here), or until convergence is achieved otherwise.

3.4 Results

3.4.1 Learning the main data set

Table 3.3 shows the results of various attempts to train an SRAAM to encode
and decode 130 sequences drawn at random from the set of sequences derived
from Chalmers’ data, using the 2 unit representations. Likewise Table 3.4
shows the equivalent training runs involving the 1 unit representation. In
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john 1000000000000
michael | 0100000000000
helen |0010000000000
diane [0001000000000
chris 0000100000000
love 0000010000000
hit 0000001000000
betray | 0000000100000
kill 0000000010000
hug 0000000001000
is 0000000000100
by 0000000000010
nil 0000000000000

Table 3.2: The 1 unit representation of the symbols used in Chalmers’ data.
For hyperbolic tangent networks, replace “0”s with “-1”s.

both cases, the networks were also tested on the 120 remaining sequences
from Chalmers’ data. The column headings for both tables are described
below:

e The “Method” column indicates what training method was used. The
“BP SSE” training method refers to standard error back-propagation,
with units with sigmoid activation functions giving outputs in the range
0 to 1, and using the sum of squares error (SSE) function. The “BP
KKE” method employs error back-propagation with the hyperbolic tan-
gent, activation function giving the range -1 to 1 and the Kwasny and
Kalman’s error (KKE) function. Kwasny and Kalman claimed these
modifications would lead to faster convergence (Kalman and Kwasny,
1994). The “KK” training method refers to Kwasny and Kalman’s
training method, based on conjugate gradient training and with the er-
ror derivatives recomputed to take into account feedback effects. This
method also employs hyperbolic tangent activations and the KKE func-
tion.

e The “Network” column indicates the network architecture used, giving
the number of inputs, the size of the hidden layer and the number of
outputs for each case.

42



Method | Network [terations Error | % train | E/seq Tr
BP SSE | 25-12-25 1350 98.87 | 0.8% 1.80
BP SSE | 52-39-52 1520 71.28 | 42.3% 0.96
BP KKE | 25-12-25 570 492.80 | 3.8% 2.65
BP KKE | 52-39-52 320 243.71 | 47.7% 0.59
KK 25-12-25 | DE:8310 FE:80587 | 1.23 | 46.9% 0.53
KK 52-39-52 | DE:6950 FE:71384 | 0.04 | 85.3% 0.15
Method | Network | % test | E/seq Te
BP SSE | 25-12-25 | 1.7% 1.83
BP SSE | 52-39-52 | 21.7% 1.19
BP KKE | 25-12-25 | 0.0% 2.85
BP KKE | 52-39-52 | 50.8% 0.64
KK 25-12-25 | 45% 0.55
KK 52-39-52 | 87.5% 0.12

Table 3.3: Various attempts to learn to encode and decode 130 sequences

from Chalmers’ data set, using the 2 unit representation.

The “Iterations” column indicates the number of epochs used in train-
ing for back-propagation, and the number of derivative (DE) epochs
and functional epochs (FE) for Kwasny and Kalman’s training method.

The “Error” column indicates the minimum network error reached dur-
ing training.

The “% train” column indicates the percentage of the training se-
quences correctly encoded and decoded once the network is trained.

The “% test” column indicates the percentage of the testing sequences
correctly encoded and decoded.

The “E/seq Tr” column gives the number of encoding and decoding
errors per sequence in the training set, i.e. the number of incorrect
symbols when a sentence is encoded and then decoded — if the decoded
sequence is of incorrect length, this counts as one error.

The “E/seq Te” column gives the number of encoding and decoding
errors per sequence in the testing set.
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Method | Network [terations Error | % train | E/seq Tr

BP SSE | 25-12-25 2400 123.05 | 3.1% 1.81
BP SSE | 52-39-52 1820 131.38 | 32.3% 0.92
BP KKE | 25-12-25 120 535.85 | 0.0% 2.37
BP KKE | 52-39-52 270 362.83 | 23.8% 0.90

KK 25-12-25 | DE:7679 FE:92470 | 0.81 31.5% 0.85
KK 52-39-52 | DE:7153 FE:71545 | 0.06 50.0% 0.50
Method | Network | % test | E/seq Te
BP SSE | 25-12-25 | 0.0% 2.09
BP SSE | 52-39-52 | 17.5% 1.22
BP KKE | 25-12-25 | 0.0% 2.40
BP KKE | 52-39-52 | 15.8% 1.16
KK 25-12-25 | 20.8% 0.88
KK 52-39-52 | 50.0% 0.50

Table 3.4: Various attempts to learn to encode and decode 130 sequences
from Chalmers’ data set, using the 1 unit representation.

As can be seen in both tables, it was not possible to obtain perfect encod-
ing and decoding of the training set with hidden layer sizes of up to 39 units
with either back-propagation or Kwasny and Kalman’s training. Various
points can be noted about this data, however:

e The error levels in the testing set were generally higher than in the
training set. However, for networks trained with Kwasny and Kalman’s
method, the error levels in the testing set were closer to the error levels
in the training set than was the case for networks trained with back-
propagation and in one case the error in the testing set was lower than
in the training set for Kwasny and Kalman’s method. This is suggestive
of a greater power of generalisation in Kwasny and Kalman’s training
than in back-propagation.

e Kwasny and Kalman’s training consistently outperforms back-propagation,
obtaining lower network error, a higher percentage of correctly en-
coded/decoded sentences and a lower number of encoding and decod-
ing errors per sequence.

e The use of the hyperbolic tangent activation function and Kwasny and
Kalman’s error function improved the performance of back-propagation
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somewhat with the 2 unit representation of symbols, but was worse with
the 1 unit representation. Convergence was faster than with standard
back-propagation, as Kwasny and Kalman suggested.

The 2 unit representation generally lead to better performance than
the 1 unit representation, especially with the 39 unit networks, con-
trary to the expectations of the author. It appears that the fact that in
the 2 unit representation some units code for whether the symbol is a
noun/verb or “by” or “is” may have helped the network to learn which
sort of symbol to produce at any given point in time. To test this hy-
pothesis, SRAAMs with 39 hidden units and employing sigmoidal and
hyperbolic tangent activations? were trained by back-propagation using
a randomized 2 unit representation, i.e. where 2 of the 13 units are on
but these are randomly chosen for each pattern and thus do not indi-
cate what type of symbol the pattern represents. For sigmoidal units,
the lowest error of 214.61 was reached after 773 iterations. The average
error per sequence on the training set was 1.18 and 20% of the training
sequences were encoded and decoded without error. On the testing
set the average error per sequence was 1.44 and 12.5% of the train-
ing sequences were encoded and decoded correctly. For the SRAAM
employing hyperbolic tangent units, the minimum error of 888.52 was
reached after 91 iterations. The average error per sequence was 1.57
and 7.69% of the training sequences were encoded and decoded cor-
rectly. Thus the errors for this randomized representation were higher
than for either of the representations used above, confirming that the
use of the units to indicate which sort of symbol a pattern represents
improved the training.

A direct comparison of the training times between back-propagation and
Kwasny and Kalman’s method is not valid as the iterations mean different
things in each method. Some iterations of Kwasny and Kalman’s method
involve computing derivatives as in back-propagation, whilst others employ a
heuristic that approximates using the derivatives. The network error reported
is not the calculated uniformly either. Kwasny and Kalman’s training and
the BP KKE method employ the Kalman-Kwasny error function (Kwasny
and Kalman, 1995):

2There was not enough time to train the Kwasny and Kalman networks with this
representation.
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b= ZZ e

where p runs over all the patterns; ¢ runs over the output units; ¢,; is the
target output for pattern p, unit ¢; and a,; is the actual output for that
pattern and unit. This leads to higher error values than the normal sum of
squares measure used in standard back-propagation for the same data. This
means the lower errors reported by Kwasny and Kalman’s training method
are of greater significance.

Attempts to extend back-propagation’s training beyond the point of low-
est error, resulted in the error increasing gradually and then oscillating
around the 400-800 level with standard back-propagation and increasing dra-
matically and then oscillating chaotically around a very high value (typically
1000-2000) with back-propagation modified with KKE and hyperbolic tan-
gent, activation. With Kwasny and Kalman’s training method, attempts to
extend the training beyond the point at which it stops in the above tables
result in the simulator terminating training almost immediately, suggesting
it has found the lowest error it is capable of finding, without being restarted
from scratch at least.

3.4.2 Transformations on imperfectly learned data

Several training runs came close to learning the sequences perfectly, includ-
ing all those employing Kwasny and Kalman’s method (except the 1 unit
representation with the 12 unit hidden layer combination) and the BP KKE
method with 39 unit hidden layer and the 2 unit representation. This sug-
gests that in these training runs, most of the information needed to represent
these sequences was being captured successfully. If so it might be possible
to perform the active to passive transformations without inducing any ex-
tra errors in the encoding/decoding process. Were this to be the case, one
could conclude that the SRAAM encodings can capture useful information
that can be used for performing structural transformations, and given enough
resources would thus support holistic symbol processing.

To test this hypothesis, a standard 3 layer feed-forward net was trained,
using back-propagation, to map between the active and passive representa-
tion of half the pairs of training sequences learned in these training runs. The
trained network (hitherto known as the transformation network) was then
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tested on the entire set of sequences, i.e. the active sequences were encoded
and fed into the transformation network and the resulting encoding was de-
coded and checked against the relevant passive sentence. Back-propagation
was used for training the transformation network in order to provide direct
comparison with Chalmers’ experiment, where the transformation network
was also trained with back-propagation. Any difficulties in learning the task
could then be directly traced to the nature of the representation learned by
the SRAAM (with whichever training method), rather than to differences in
the training method employed to learn the transformation. All the training
runs involved stopping the network once the sum squared error fell below
0.04.

The results of this experiment are given in Table 3.5. The “SRAAM”
column indicates which of the SRAAMs trained above was used to produce
the encodings for the sequences which the transformation network operated
on. BPSSE39Un2 refers to the SRAAM with 39 hidden units trained by
standard back-propagation, on the 2 unit representations. BBKKE39Un2
refers to the SRAAM with 39 hidden units trained by back-propagation us-
ing Kwasny and Kalman’s error function and hyperbolic tangent activation
on the 2 unit representations. KK12Un2 refers to the SRAAMs with 12
hidden units trained using Kwasny and Kalman’s method on the 2 unit rep-
resentations. KK39Unl and KK39Un2 refer to the SRAAM with 39 hidden
units trained using Kwasny and Kalman’s method using 1 and 2 unit repre-
sentations respectively. The “Network” column indicates the architecture of
the transformation network, e.g. the first one has 39 inputs and outputs and
19 units in the hidden layer. “Epochs” gives the number of iterations it took
to train the transformation net. The “Induced errs TR” column gives the
number of extra incorrect symbols on average after decoding, introduced by
the active-passive transformation when using the sequences that the trans-
formation network was trained on. The “Induced errs TE” column gives the
same figure for the sequences the transformation network was not trained
on. (Recall that the training and testing sets are formed by splitting the
130 sequences the SRAAMs were trained on in half.) From this table the
following can be noted:

e With the exception of KK39Un2 and KK12Un2, all the transformation
networks induced an average of only 0.03 or 0.06 errors per transfor-
mation on the training set.

e KK39Unl achieves the best result on the testing set.
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SRAAM Network | Epochs | Induced errs TR | Induced errs TE
BPSSE39Un2 | 39-19-39 | 1740 0.03 0.44
BPKKE39Un2 | 39-19-39 | 2240 0.06 0.53

KK12Un2 12-6-12 4227 0.36 0.50

KK39Unl 39-19-39 162 0.06 0.13

KK39Un2 39-19-39 | 219 0.85 1.31

Table 3.5: Results of training & testing transformation network on complete
set of sequences

e The networks trained on the 39 unit SRAAMs produced by back-
propagation introduced 0.44 or 0.53 errors per transformation on the
testing set.

e Networks KK39Un2 and KK12Un2 did not perform as well as the rest
on either the training or testing sets. In the case of KK12Un2 this is
perhaps understandable due to the smaller hidden layer size. In the
case of KK39Un2 it is a surprising result. KK39Un2 had achieved the
best encoding/decoding performance of all, yet the errors introduced
are greatest here.

From these results it seems that the 39 unit SRAAM encodings produced
by KK39Un1 managed to capture most of the information needed to perform
the active/passive transformation on them successfully. To test this conclu-
sion further, KK39Unl was trained until the sum squared error was below
0.01. This took 756 epochs (including the 126 to get below the SSE of 0.04).
The trained network resulting from this was able to perform the transforma-
tion without inducing any extra errors on either the training sequences or
the testing sequences. This confirms that if a SRAAM could be trained to
perform the encoding and decoding perfectly, then a transformation network
could be trained to operate on those encodings without inducing error. All
that would be needed to obtain such performance would be to increase the
size of the hidden layer until it is large enough for either back-propagation
or Kwasny and Kalman’s training method to find an error-free solution (the
declining error with increased size of hidden-layer confirms this). In other
words, given enough resources, the SRAAM can generate representations
that support holistic symbol processing.

The performance of the networks operating on SRAAM encodings pro-
duced by back-propagation is not as good as KK39Un1. Although their per-
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formance on transforming the training set is on a par with that of KK39Un1,
this performance does not generalise well to the testing set. Indeed, when
BBKKE39Un2 was trained until the SSE was less than 0.01 (requiring 9142
iterations in total), whilst no errors were introduced in the testing set, an
average of 0.47 errors per transformation were introduced on the training set:
not much improvement on the same network trained to a SSE of just under
0.04. Likewise when BBSSE39Un2 was trained until the SSE was under 0.01,
requiring 100083 iterations in total, it added no errors on the training set but
induced 0.44 errors per transformation on the training set. Hence it seems
the SRAAM encodings produced by back-propagation do not support holistic
symbol processing to the same degree as those produced for KK39Un1.

KK12Un2’s performance is worse than BP39SSEUn2, BPKKE39Un2 or
KK39Unl. This is not surprising given that the same amount of information
is being stored in 12 units as in 39 units, which will lead to lower tolerance
of noise.

This leaves KK39Un2. Here the errors are much higher than with any
of the other networks, which is puzzling. One can only deduce that the en-
codings were much less robust to the noise introduced by the transformation
network than in the other cases. Since this set of encodings was produced
from the best performing SRAAM this is rather odd. Perhaps in learning
to encode and decode a higher proportion of the sequences than the other
networks, KK39Un2 had to create a fragile representation for some reason.
As with KK39Un1, an attempt to train the transformation network until the
SSE was under 0.01 was made to see if the performance could be improved
to the point where no errors were introduced. This took 636 iterations, re-
sulting in 0.51 errors per sequence on the training set and 0.75 errors per
sequence on the testing set, again confirming that these representations are
less tolerant to noise than the others.

3.4.3 Discussion

The foregoing sections have yielded the following findings:
e In order to learn to encode and decode 130 of Chalmers’ sentences with-
out error, the SRAAM requires more than 39 hidden units, whether one

is using back-propagation or Kwasny and Kalman’s conjugate gradient
based training method.
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e Kwasny and Kalman’s method consistently produces better encod-
ing/decoding results than does standard back-propagation, hence their
claimed improvements over the RAAM could have been due to their
training method rather than the use of the SRAAM per se.

e Chalmers’ original 2 unit representation for the symbols in each se-
quence yields better encoding/decoding results than the 1 unit repre-
sentation which one might have thought to be simpler to use as each
symbol is orthogonal to the others.

e One can train a 3-layer feedforward network to perform the active
to passive transformation on the encodings produced by the SRAAM
without any errors being introduced on top of those produced by the
encoding and decoding process itself, suggesting that the encodings
would support holistic symbol processing if given enough resources to
achieve perfect encoding and decoding.

These findings suggest that:

e The SRAAM is more difficult to train than the RAAM, calling into
question the claims made for the superiority of the SRAAM by Kwasny
and Kalman (1995).

e Although holistic symbol processing may be supported when the SRAAM
is given enough resources to encode and decode a set of sequences per-
fectly, the representations developed by the SRAAM will be much larger
than those developed by a RAAM for the same task.

e Much of the improved performance Kwasny and Kalman claimed for
the SRAAM may have actually been due to their training methods,
and they might find that the RAAM performs even better still when
trained with their methods rather than back-propagation.

For these reasons it appears that the SRAAM, when trained with back-
propagation or Kwasny and Kalman’s methods, may not be as effective a
vehicle for exploiting holistic computation as other techniques, such as the
RAAM or the (S)RAAM, because it is more difficult to train and requires
larger representations. However whether this is due to inherent properties of
the SRAAM’s architecture and operation, or whether some modification to
the training methods could improve the performance of the SRAAM is yet
to be seen.
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3.5 Comparison with earlier work

The SRAAM has been used successfully in other work, such as the work of
Blank et al. (1992), Ho and Chan (1996) and Chrisman (1991).

Blank et al.’s experiments include an experiment comparable to the work
presented here in complexity, except that all the sentences are the same
length, being 3 symbols long. Thus their experiment is simpler in this respect,
but comparable in other respects, to the experiment presented here. They
trained a SRAAM, using standard back-propagation, to encode and decode
100 sentences, of the form “X verb Y”. There were 27 total possible symbols
in these sentences, which were represented by 27 units, of which one was set
to “1” and the rest to “0” depending on which word was being represented.
The SRAAM’s hidden layer was 30 units. After 21000 iterations of training,
the SRAAM could encode and decode all 100 sentences perfectly and also was
able to encode and decode 80 sentences perfectly out of 100 novel sentences
presented to it. This is in contrast to the inability to learn the sequences
exhibited in the work presented here. There are three possibilities to consider
in explaining this. Firstly, and this is most probably part of the reason for
the difference, is the fact that since the sentences used by Blank at al. are
all 3 symbols long, there is less embedding and fewer hidden-layer states
are produced per sequence than in the experiments reported here. Here
on average the sequences are 4 symbols long and there are on average 4
levels of embedding. Half the sequences are 5 symbols in length, half 3.
Secondly, Blank et al.’s networks were trained for far more iterations than
used here (21000 compared to 1000 to 4000 or so here). However in order
to see whether such long training runs might make the difference, a training
run of 30000 iterations was performed. It failed to improve on the results
presented earlier, and displayed the chaotic behaviour described above after
reaching its minimum error. Also it should be noted that with Kwasny and
Kalman’s method all 65 of the active sequences were encoded and decoded
without error, though this was not the case for the back-propagation runs.
Thirdly, perhaps Blank et al. used different values for the momentum and
learning rate. However they do not mention what values they used, and the
results of the experiments here are the best achieved with several sets of
values ranging from 0.01 to 0.9, which covers the values normally used in the
literature. It appears that the most likely explanation is therefore that the
extra complexity of the experiments here is the most probable reason for the
difference in performance.
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Both Chrisman’s and Ho and Chan’s work involve more complicated
tasks. Chrisman translated a set of English sentences into Spanish, and
Ho and Chan performed syntactic parsing using confluent inference. At first
sight it might seem that the results presented here are also in conflict with
these examples, however in Ho and Chan’s work the representations are much
larger than those used here, being 210-220 units in length. Also both Chris-
man and Ho and Chan employ confluent inference to create their representa-
tions which could explain part of the difference in performance, and neither’s
work employs holistic transformations, in that neither actually involves an
explicit transformation being done. It is therefore unclear to what extent
holistic symbol processing are supported in either case. Thus these results
could be quite compatible with Chrisman’s and Ho and Chan’s work, be-
cause that work involves either larger representations or the use of confluent
inference, all of which would affect the success or otherwise of what is being
attempted.

It is puzzling as to why Kwasny and Kalman obtained better results
than those presented here even though they used smaller representations for
equally or more complicated tasks. They obtained very good encoding and
decoding performance (in contrast to the results here), including 100% gener-
alisation, but had mixed results for holistic symbol processing. For example,
their first experiment involved learning a set of 30 sequences involving a to-
tal of 930 individual symbols. Whilst the number of sequences was smaller
than here, the length was much greater (31 on average, compared to 4 here)
and the total number of symbols was greater (930 compared to 520 here).
It is especially puzzling that worse performance was obtained for apparently
simpler tasks, in the light of the fact that their code was used for some of
the training runs here. It may be that the peculiar properties of the tasks
involved are behind this, but it is not clear why this would be so.

3.6 Conclusion: The SRAAM’s limitations

The SRAAM’s performance on learning the sentences from Chalmers’ exper-
iment has been shown in this chapter to be inferior to the performance of the
RAAM on the same task. This suggests that the SRAAM may be more diffi-
cult to train and require larger representations than the RAAM, for the same
tasks. Furthermore, it can be noted that other techniques have been used
for more complicated tasks than the encoding of simple active and passive
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sentences used here (see the techniques discussed in Chapter 2 for examples).
On this basis it would be tempting to conclude that the SRAAM is not as
good a vehicle for holistic computation as other learned methods, such as
the RAAM, and leave it at that. However to do so would leave the question
of why the SRAAM performed poorly on this task unanswered. The work
presented in this chapter does not address this question. It is an important
question for several reasons:

e An understanding of why the SRAAM failed may yield insights on how
to improve the SRAAM and overcome the problems exhibited here.
It may be for example that some simple modification to the training
methods could allow the SRAAM to learn to encode and decode the
sequences with a small hidden layer, thus making it more effective as a
vehicle for exploiting holistic computation.

e The RAAM, SRAAM and other derivatives of the RAAM are all based
on the use of hidden layer activation patterns as inputs and target out-
puts to create compositional representations. For this reason an un-
derstanding of why the SRAAM failed and what the limitations of the
SRAAM are may indicate how to improve the performance of RAAM-
style techniques generally and may also indicate what limitations exist
for RAAM-style techniques.

e More generally, an understanding of the limitations of the SRAAM may
offer lessons on how to create connectionist representations capable of
supporting holistic symbol processing.

For these reasons, Chapters 4 and 5 present an analysis of the SRAAM
aimed at understanding why it failed and indicating what limitations of the
SRAAM lay behind this failure.
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Chapter 4

Analysis of the Sequential
RAAM Part 1: Analysis of the
weights

4.1 Purpose

In Chapter 3, an attempt was made to recreate Chalmers’ experiment using
the SRAAM in place of the RAAM. It was found that whether using back-
propagation or Kwasny and Kalman’s training method, the SRAAM could
not learn to encode and decode a training set of 130 sequences perfectly with
a hidden layer size of up to 39 units, 3 times larger than for the RAAM
used in Chalmers’ experiment. Further experimentation demonstrated that
holistic transformations of encodings for the imperfectly learned sequences
were possible without inducing extra errors on top of those in the encoding
and decoding processes, suggesting that given enough resources a SRAAM
could generate representations that would support holistic symbol processing.
The purpose of the work presented in this chapter and Chapter 5 is to try
and find out why the SRAAM failed to learn this task. This is important in
order to determine whether the failure is due to inherent problems with the
SRAAM or whether some modification to the SRAAM training might allow
it to learn the task with smaller hidden layers. This chapter will address the
questions of how the solutions relate to the weight-space, e.g. whether the
solutions exist, if they do exist whether they are easy to find and whether
the partial solutions actually found by the SRAAM are sensitive to weight
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changes. Chapter 5 will address the questions of how the hidden-layer states
produced in encoding and decoding are organised in hyperspace.

4.2 Possible causes of failure

When a neural network fails to learn a task there are many possible reasons
why this might be the case. These can summarised as follows:

e The solution does not exist.
e The solution is very difficult to find.
e There is a problem with the training method.

e The right set of parameters has not been used with the training method
in question.

One of the aims of the work in this chapter and Chapter 5 is to indicate
which of these reasons is the correct one. The first and the last are worth
eliminating before the others are considered. The rest of this section deals
with these two possibilities.

4.2.1 Does the solution exist?

More precisely the question is whether the solution exists for the sizes of
network which were used in the last chapter, namely SRAAMs with hidden
layers of 12 to 39 units. There are some reasons for thinking it might not
exist, as follows:

e The limitations of 2 layer networks. When you split the SRAAM into
the encoder and decoder these are both 2-layer networks and thus suffer
from the well-known limitations of 2-layer networks®. In a 2-layer net-
work, the outputs are derived by multiplying the inputs by the weight
matrix and then applying the activation function. For each individual
output unit, if the inputs are not linearly separable, the unit will not
be able to discriminate between them. If this were the problem how-
ever, it would also affect the RAAM, since precisely the same situation

!These limitations are explored by Minsky and Papert (1969) and in Rumelhart and
McClelland’s volumes(Rumelhart and McClelland, 1986).
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holds for the RAAM’s encoder and decoder. Also there is more flexi-
bility than with normal 2-layer networks since both the inputs to the
encoder and decoder and the outputs from them are not fixed — only
part of them is. Hence the network can alter the inputs and outputs
as well as the weights in order to find the solution.

The number of hidden layer states generated during encoding and de-
coding is too large for the network to discriminate. As each sequence is
encoded, a set of hidden layer patterns is produced, 1 for each symbol
in the sequence. It may be that this number is simply too high for
the network to discriminate between them all. For the training set of
130 sequences used in Chapter 3 a total of 520 hidden layer patterns is
generated — 4 on average per sequence. However, suppose the hidden
layers were restricted to binary patterns, then even the smallest hid-
den layer used in Chapter 3 can distinguish more than 520 patterns.
This was 12 units in size, leading to 4096 possible binary patterns that
can be generated in those units. It does provide an explanation for
the greater difficulty of training the networks compared to the RAAM
however. The RAAM in Chalmers’ experiment only has 2 hidden layer
states on average per sequence due to the different method of encoding,
thus only 260 states would be produced for the set of sequences used in
Chapter 3. Thus the SRAAM needs a greater power of discrimination
than the RAAM for the same number of sequences.

The amount of embedding of information is too great. As more and
more symbols are added to a sequence, the first symbol to be added
gets more and more deeply embedded. In the sequences here, there are
either 3 or 5 levels of embedding depending on whether the sequence is
an active or a passive sentence. It is worth noting that with Chalmers’
RAAM, the maximum amount of embedding was 2 levels (though more

symbols would be embedded at a particular level), again another reason
why the SRAAM could be more difficult to train.

Some reasons for thinking the solution does not exist are discussed above.
They are reasons for thinking the training of the SRAAM might be more dif-
ficult than that of the RAAM. However to get any further with the question
of whether these factors are behind the failure of the training here requires
performing analyses of the SRAAMs in order to find out how they are devel-
oping the representations of the sequences they are learning to encode and
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decode. For the moment however a proof that a solution does exist for the
task of encoding and decoding the sequences used here using any SRAAM
with a hidden layer of 20 or more units will be presented. This proof says
nothing about whether some other form of solution might exist for smaller
SRAAMs.

4.2.2 Proof the solution exists for 20 or more hidden
units

The “shifting” architecture

Figure 4.1 gives the general form for the weights of a working SRAAM. The
context layer, hidden-layer and the distributed part of the output layer are
each split into five banks. I indicates the identity mapping, thus the mapping
from the context to the hidden-layer copies the contents of banks 1 to 4 in
the context layer into banks 2 to 5 in the hidden-layer. Likewise the mapping
from the hidden-layer to the distributed output layer copies the contents of
banks 2 to 5 in the hidden-layer back into banks 1 to 4 in the distributed
output. T is the mapping of the symbol to its encoding in bank 1. S is the
reverse mapping.

Putting the details of how the necessary mappings are achieved to one

side for the moment, the operation of the encoder and decoder halves of the
SRAAM can be considered:

e The encoder. The context layer is set to the value for the “empty”
sequence, e.g. all zeros. Then the first symbol is presented to the input
layer. The activation is propagated forward, mapping the symbol into
bank 1 of the hidden-layer, and banks 1 to 4 of the context layer to
banks 2 to 5 of the hidden-layer. Then the hidden-layer is copied into
the context layer and the next symbol presented to the input layer.
This process repeats itself until all 5 banks in the hidden layer are full
(i.e. the encoder can encode sequences of up to 5 symbols).

e The decoder. This starts with the final hidden-layer pattern produced
from the encoder being put into the hidden-layer. The activation is
then fed forward, producing the last symbol to be encoded on the
symbolic output and the values of banks 2 to 5 of the context layer
are copied to banks 1 to 4 of the distributed output layer. Bank 5 of
the distributed output layer is set to the “empty” value, e.g. all zeros.
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Figure 4.1: A possible solution for implementing a working Sequential
RAAM.

Then the distributed output layer is copied back into the hidden-layer.
This process is repeated until all the banks of the distributed output
layer are set to zero. Again this can decode sequences of length 5 or
less.

One can extend this architecture with more banks in the context hidden
and distributed output layers to create encoders and decoders for longer
sequences.

The solution employing linear units

Here it is shown how the above solution can be implemented using units em-
ploying the linear activation function. The solutions for units employing the
sigmoidal activation function and the hyperbolic tangent activation functions
are based on this. The simplest way of implementing the above architecture
with linear activation is simply to set the weight matrix for I, S and T to the
relevant identity matrices, and set all other weights in the network to zero.
Thus the mapping from the input and context layer to the hidden-layer sim-
ply copies the symbol to bank 1 of the hidden-layer and banks 1 to 4 of the
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context layer to banks 2 to 5 of the hidden layer. Likewise the mapping from
the hidden-layer to the symbolic and distributed output layers copies bank
1 to the symbolic output and banks 2 to 5 of the hidden-layer to banks 1
to 4 of the distributed output layer. Because all other connections are zero,
bank 5 of the output layer receives no input and is also thus zero (since we
are using linear units).

Given that the symbols are represented by x units, then the hidden layer
of this SRAAM will consist of 5x units. Since the solution can be extended
to larger and larger hidden-layers by adding more and more banks, we can
get a general solution; for a set of sequences of maximum length L, with the
symbols represented in x units, we have a solution involving a hidden-layer of
Lz units. The distributed output and context layers are of course the same
size. If there are no restrictions on how to represent the symbols then only
1 unit is needed to represent them and the integers 1 to M can be used to
code for each symbol, where M is the number of possible symbols that can
appear in the sequences. Thus a general solution exists for linear units that
employ L hidden units, where L is the length of the longest sequence.

The sigmoid activation solution with binary symbols

Now the above solution is adapted for units employing the sigmoid activation
function. Recall that we have a set of sequences of maximum length L built
up out of any of M symbols. As can be seen from Figure 4.2, the sigmoid
function squashes its input into the range (0,1). Because of this, the iden-
tity mapping can only be approximated. Because hidden-layer patterns are
recycled in both the encoder and decoder, the error in this approximation
will build up over the encoding and decoding of a sequence, and may well
destroy the information within it. If however the identity mapping can be
approximated to an arbitrary degree of closeness, then the error can be kept
low enough to allow encoding and decoding to occur. If the hidden-layer
patterns that are being passed through the identity mappings are restricted
to vectors consisting of either “0”s or “1”s, this can be achieved. The weights
can be constituted by taking the identity matrix and making some modifi-
cations. Firstly the matrix is multiplied by some value (3. Secondly the bias
weights are set to —g. Thus if the value of the input unit copied is “0”, the
relevant output unit will compute:
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Figure 4.2: The sigmoid function
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If the value of the input unit being copied is “1” then the relevant output
unit will compute:

Y o
BILIEIO 51gm01d(§) =1

By setting 3 to a suitably large value the “0”s and “1”s can be copied to
an arbitrary degree of accuracy.

Now consider the patterns used to represent the symbols. The above
considerations allow the use of patterns consisting solely of “1”s and “0”s
since the identity mapping for these can be approximated to arbitrary pre-
cision. Thus for M symbols, the number of units in each bank is [lg(M)]?
units, and the hidden-layer is thus L x [lg(M)] units in size. This is all of
course assuming that the symbols are simply copied into and out of bank
1 of the hidden layer as with the linear solution presented above. Thus we
have a general solution; for M symbols, the sigmoid activation function and

2For the purposes of this proof, lg(M) = log,(M).
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sequences of length L, one can construct an SRAAM with L x [lg(M)] units
in the hidden, context and distributed output layers that will encode and
decode those sequences without error, by using binary patterns to represent
the symbols. This is assuming that the degree of precision required can be
matched by the machine. (In practice this is unlikely to be a problem.) With
Chalmers’ sequences there are 12 possible symbols (excluding “nil”) and a
maximum length of 5. 4 units is the minimum necessary to represent all the
symbols with binary patterns, thus the hidden-layer for this solution is 20
units in size, well within the range used in Chapter 3.

The above solution assumes we can choose an arbitrary set of patterns to
represent each symbol. However, with Chalmers’ experiment and the work
in Chapter 3, the patterns for representing the symbols were pre-chosen and
the size of the patterns representing the symbols was 13 units, thus if we are
restricted to identity mappings with these patterns, the solution requires 65
hidden units. The next section shows how the 1 unit representation from
Chapter 3 can be mapped to a representation requiring only 4 units and
binary patterns.

The sigmoid activation solution with the 1 unit representation

Using the identity mapping to map the input symbol into bank 1 of the
hidden-layer and then to map this bank into the symbolic output requires
hidden-layers made up of banks of units of the same size as the input layer.
This is inflexible if the patterns representing the symbols are prechosen for
some reason. Instead the patterns representing the symbols could be mapped
onto a smaller representation to reduce the size of the network. Such a
mapping must be a reversible mapping and in order for the identity mapping
to work, the smaller representation must also consist solely of values on
one or other extreme of the sigmoid function. Table 4.1 illustrates how the
orthogonal patterns from the 1 unit representation can be mapped onto a set
of binary patterns of 4 units.

That the mapping from the 1 unit representation to the binary repre-
sentation can be implemented with sigmoidal units can be seen as follows.
This mapping corresponds to the mapping T in Figure 4.1. The pattern for
each symbol can thus be considered as the pattern presented at the input
layer with the corresponding binary pattern being the pattern of activation
that results at the first bank of the hidden layer. In the first 4 rows, a “4”
indicates that the value of the unit in the input layer is added to the value
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Table 4.1: The mapping from the 1 unit representation to a binary represen-

tation.
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of the corresponding unit in the first bank of the hidden layer. A “0” indi-
cates that the value of the unit in the input layer is discarded (by setting the
connection weight to zero). Note that because the final unit in the 1 unit
representation is always zero it can be ignored. The third column indicates
the new patterns for each symbol that result from this encoding. Thus the
value of each unit in the internal binary patterns can be calculated as the
sum of all the units in the original representation with a “+” next to them.
The value of each unit w in the first bank of the hidden-layer can thus be
approximated with the sigmoid function as follows:

u = sigmoid(f x Z (a) — )
keP
P is the set of input units with a “+” next to them for hidden-layer unit w.
[ is the value put on the weights between the units in P and the unit « in
the first bank of the hidden-layer. All the other connections from the input
layer to the unit u are set to zero. —a is the value put on the bias weights
for the units in the first bank of the hidden-layer. a; is the activation of the
relevant unit £ in P. When the value of the summation is zero, then:

u = lim sigmoid(—a) =0
a—r00

This is because as « becomes larger u travels further down the lower extreme
of the sigmoid function. If § = 2« and the summation is equal to 1 (i.e. one
and only one of the original units with a “4” next to it is on, as is the case
with the patterns considered here) then:

u = lim sigmoid(«) =1
a—00

This is because u = sigmoid( — «) and f — o = «, so as « is increased, u
travels further and further along the upper extreme of the sigmoid. Thus the
mapping can be approximated to an arbitrary degree with sigmoidal units
by choosing suitably large o and f3.

Now the mapping from the binary patterns back to the original patterns
needs to be considered. This corresponds to the mapping S in Figure 4.1.
For each binary pattern, which is of length [lg(M)], where M is the number
of symbols, in this case 12, there will be a corresponding output unit, u, that
should be on if and only if that binary pattern is present in the first bank of
the hidden-layer. So u should thus compute:
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u = sigmoid(B(> ar — > _a;+a — ([lg(M)] - 0.9)))
kepP JEQ

Where P is the set of units from the first bank of the hidden-layer that
should be “17; @ is the set of units from the first bank that should be “0”,
and « is the number of units that should be “0”. Note that if all the units
have the correct value then adding the first summation and « yields [1g(M)].
The second summation will come to zero and the output unit computes the
following:

u = sigmoid(B([lg(M)] — [Ig(M)] +0.9)) = ﬁh—>nc>10 sigmoid(0.96) =1

If any of the units has the wrong value then:

Sax— Y a; < Nig(M)] 1

keP JEQ

Thus the unit computes:

v = lim sigmoid(3(—y +0.9)) =0

[B—00

Where:

7= Mg = (e — D ay) > 1
keP JEQ
Hence —y + 0.9 < 0. (3 is the value of the weights connecting the units that
should be “1” to u; —f is the value of the weights connection the units that
should be “0” to u. [(a — [lg(M)] + 0.9) is the value of the bias weight
for the output unit u. Hence the reverse mapping can be implemented with
sigmoidal units.

Note that this scheme can be extended for any number of orthogonal
patterns. Each additional unit in the new representation doubles the number
of orthogonal patterns that can be represented using binary patterns. Thus
for M symbols represented by orthogonal patterns, this scheme will yield a
new representation involving [lg(M)] units and so the size of hidden-layer
required when the symbols are represented by orthogonal patterns is L x
[lg(M)] units as in the previous section. In the case of the symbols and
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| unit 5 | + |

| unit 4 | +0 |

| unit 3 | + 0 I

| unit 2 | + 0 I

| unit 1 | + 0 I

| john |l 0100001000000 | 1xixx |
| michael | 01 00000100000 | 1%0%x |
| helen | 0100000010000 | 1sxix |
| diane | 01 00000001000 | 1%x0% |
| chris | 0100000000100 | 1kxxi |
| love | 0010001000000 | Oklxx |
| hit |l 0010000100000 | 0%O%x |
| betray | 0010000010000 | Okxix |
| kill |l 0010000001000 | O0%xOx |
| hug | 0010000000100 | Okxxt |
| is | 0000101000000 | *x11*x |
| by |l 0000011000000 | *x01%x |

Table 4.2: The mapping from Chalmers’ representations to internal ternary
representations.

sequences used in Chalmers’ experiment, this yields a SRAAM with 20 hidden
units, well within the range used. Thus we know that a solution for the 1
unit representation exists for hidden layers of > 20 units.

The sigmoid activation solution with Chalmers’ patterns

With Chalmers’ patterns a different scheme is used. Table 4.2 illustrates this.
This yields a new representation of 5 units in size, and thus a hidden-layer
of 25 units. The “*’s in column 3 indicate where the internal pattern has
the value 0.5 in one of its units. “0.5”s can be copied as well as “1”s and
“0”s because sigmoid(0) = 0.5. If we set the bias weight for a unit to —0.5H,
then the unit can compute sigmoid(z — 0.5H) where x is the net input. If
x = 0.5H then the unit outputs 0.5. If H is the value used to multiply the
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identity matrix as above, then when 0.5 is copied from 1 layer to another,
the relevant output unit computes:

sigmoid(0.5H — 0.5H) = 0.5

Hence “0.5”s can be copied exactly by sigmoidal units whilst retaining
the approximate identity function for “0”s and “1”s. The first 5 rows of
Table 4.2 indicate how to construct the internal patterns from the original
patterns as before. A “4” indicates that a unit from the original pattern is
added to the value of the unit in the internal pattern. A “0” indicates where
the internal unit is set to zero. A blank space indicates the unit takes on the
value 0.5. Thus a “4” or a “0” indicates that one of two units is activated
in the original patterns, otherwise neither of them are active. The patterns
this yields are illustrated in the third column as before.

Firstly, the mapping from the original pattern to the internal pattern is
considered. Aside from unit 5, each unit in the internal pattern takes inputs
from 2 units in the original pattern — one is a unit, u; with a “+” next to it
and the other, uy, with a “0” next to it. If neither of these units is on, the
unit should output the value 0.5. If u; has the value 1, then we wish the unit
to output 1, and if us has the value 1 the unit should output 0. This can
be achieved by setting the bias weight for the unit to 0, the weight on the
connection from u; to o and the weight on the connection from uy to —a. If
uy and uy are both zero the unit outputs sigmoid(0) = 0.5 due to the bias
weight being set to 0. If u; =1 and uy=0, the unit outputs:

lim sigmoid(a) =1

a— 00

If us = 1 and u;=0, the unit outputs:

lim sigmoid(—a) =0
a—r 00

Thus the mapping can be performed to arbitrary precision with sigmoidal
units by setting « to a suitably large value. Unit 5 only has 1 unit contribut-
ing to it, which is a unit with a “4” next to it. The same set up as for the
other units is used, discarding the unit us from consideration. Thus the bias
for unit 5 will be set to 0 and the connection from the relevant unit in the
original representation has a weight set to a.. This scheme works so long as,
for each group of original units contributing to an internal unit, only 1 unit
is on at any time, or none of the units is on as is the case here.
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Now the mapping from the internal patterns back to the original patterns
is considered. Each internal pattern contributes to 2 units in the original
patterns (o; and 0y). These units must be zero if the internal unit is set to
0.5. If the internal unit is set to 1 then o; = 1 and 0o, = 0. If the internal
unit is set to 0 then 0; = 0 and o, = 1. This can be achieved by having:

0, = sigmoid(fu — ay)

09 = sigmoid(—fau + )
Where —a; is the bias weight for o; and 3; is the weight for the connection
between the internal unit v and o;. «s is the bias weight for o, and —f, is

the weight for the connection between the internal unit » and o0y. If @y = %ﬂl
and By = 4ay then if u = 1:

o1 = lim sigmoid(ﬂ) =1
o1 —>00 3

0y = lim sigmoid(—3asy) =0

az—00
If u=0.5:
. . . 2!
0, = a{gnoo 51gm01d(—§) =0
0y = aiiinoo sigmoid(—ag) = 0
If u=0:

op = lim sigmoid(—ay) =0
a1 —00

0 = lim sigmoid(as) =1
g —>00

Which allows the required behaviour of 0o, and oy to be approximated to
arbitrary precision by setting a;, s, 31 and (3, to suitably large values. Thus
the mapping can be performed both ways. This can be generalised to any
set, of patterns composed of N pairs of units only 1 of which is on in any
particular pattern, yielding a new representation of N units, and thus at
least halving the size of the hidden-layer required from the corresponding
SRAAM. The presence of redundant units will allow greater reductions.

We can obtain a smaller size of patterns than this as Table 4.3 shows.
Essentially units 2 and 5 in Table 4.2 are combined. To see that this works,
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Table 4.3: A smaller mapping from Chalmers’ representations to internal

ternary representations.
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firstly note that internal units 1, 3 and 4 in this representation are the same
as in the previous representation and the mapping is performed in the same
manner in both directions. However internal unit 2 takes input from or
contributes to the values of 3 units in the original representation, depending
on which direction the mapping is going.

Taking the mapping from the original representation to the internal rep-
resentation first, the value of unit 2 can be computed as follows:

u= sigmoid(ﬁ(z ap — Z a;))

keP JEQ

Where P is the set of units with a “+” next to them and @ is the set with
a “0” next to them (which only contains 1 member here). Since at any time
only 1 of the units in P and ) will be on, the unit will compute either:

u = lim sigmoid(f3) =1
B—00
If the unit is in P. Or:

u = lim sigmoid(3(—1)) =0

[B—00

If the unit is in (). Or:

u = sigmoid(£(0)) = 0.5

If no units are on. Thus the bias weight is set to 0, and the weights from the
units with a “+” next to them are set to 3 and the weights from the units
with a “0” next to them are set to —f.

The mapping from internal representation back to the original represen-
tation works as before except for the 3 units 0,0, and o3 that contributed
to unit 2 above.

01 = sigmoid(f(ug + uz — 1.75))
0y = sigmoid(f(ug — ug — 0.75))
03 = sigmoid(f(ug — ug — 0.25))

Where (3 is the value of the weights from us; and w3 to o; and the weights
from us3 to 0 and uy to 03 and —f is the value of the rest of the connections
and —0.53 is the value of the bias weight on 0y, —0.2573 is the bias weight
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on o3 and —1.7503 is the value of the bias weight on o;. If us and us are both
set to “1” then:
op = lim sigmoid(0.2543) = 1
B—00
0y = lim sigmoid(—0.754) =0
B—00
o3 = lim sigmoid(—0.254) =0
B—00
If u3 =1 and us = 0 then:
0 = lim sigmoid(—0.754) =0
B—00
0y = lim sigmoid(0.2543) = 1
B—00
03 = lim sigmoid(—1.254) =0
B—00
If uy = uz = 0.5 then:
0 = lim sigmoid(—0.754) =0
B—00
0y = lim sigmoid(—0.755) = 0
B—00
03 = lim sigmoid(—0.254) = 0

B—00

If us =1 and uz = 0.5 then:

o = lim sigmoid(—0.254) = 0

B—00

0y = lim sigmoid(—1.254) =0

B—00

o3 = lim sigmoid(0.253) = 1
B—00
If us = 0.5 and uz = 1 then:

0 = lim sigmoid(—0.254) =0
B—00

0y = lim sigmoid(—0.254) =0
B—00

03 = lim sigmoid(—0.754) = 0

B—00
Which covers all the situations that occur with Chalmers’ patterns. Thus
the required mapping can be implemented with sigmoid units.
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Figure 4.3: The hyperbolic tangent function

Hyperbolic tangent activation with arbitrary patterns

Now the solutions for the SRAAMs using hyperbolic tangent activations
are derived. The hyperbolic tangent function has the same shape as the
sigmoid function except that the range is (-1,1). Figure 4.3 illustrates this.
As with the sigmoidal function, the identity mapping can be approximated
to an arbitrary degree for the extremes of the hyperbolic tangent function,
i,e. “1”s and “-1”s can be copied to a high degree of precision. Thus for
a set of sequences of length L made up out of combinations of M symbols,
an SRAAM can be constructed with L x [lg(M)] hidden units as for the
sigmoidal solution, by selecting patterns for the symbols consisting solely of
“1”s and “-1”s. Because tanh(0) = 0 the matrices for the identity mappings
need only consist of the identity matrix multiplied by some large value H,
whilst the bias weights are set to zero.

Hyperbolic tangent activation with the 1 unit representation

Table 4.4 illustrates the mapping from the 1 unit representations to the
internal representations for the hyperbolic tangent units.
Firstly the mapping from the 1 unit representation to the bipolar repre-
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Table 4.4: The mapping from the 1 unit representation to a bipolar repre-

sentation for hyperbolic tangent units.
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sentation is considered. In the first 4 rows a “4” indicates that the original
unit’s value is added to the internal unit’s value. For units 1 and 2, a “-” in-
dicates that the input unit’s value is subtracted from the value of the internal
unit. For units 3 and 4, the “-” indicates that twice the value of the input
unit is subtracted from the internal unit. This is because there are twice as
many “+”’s as there are “-”s, so doubling the values of the “-”s is needed to
balance things out. Note that this would not be necessary if there were 16
(= 2%) patterns to encode. Thus for units 1 and 2 to calculate the value we
simply added all the inputs with a “4” and subtract all the inputs with a

minus. This can be approximated with the hyperbolic tangent as follows:

u= tanh(ﬂ(z a — Zaj))

kepP JEQ

P is the set of input units with a “+” next to them and @) is the set with a
“” next to them. ay is the activation of unit k. If the units in P and @ all
have the same value (e.g. all -1) then v = 0. However with the orthogonal
patterns 1 and only 1 unit will be set to 1. If that input unit is in P then:

EE:(M;::EE:aj—Fl

keP JEQ

W

The internal unit will thus compute:

u = lim tanh(3) =1

[B—00

If the input unit is in () then:

Zak:Zaj—l

keP jeqQ

The internal unit will thus compute:
u = lim tanh(—f3) = —1
B—00

Hence units 1 and 2 have the desired behaviour. Now consider units 3 and
4. They compute:

u = tanh(ﬁ(z ag — 2 Z“J’))

kepP JEQ
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As before if the values in P and @ are the same then u = tanh(0) = 0, thus
with the 1 unit representation if the input unit that is “1” is in P then:

j{:ak:::2§£:aj%—1

keP JEQ

And:

u = lim tanh(3) =1

[B—00

On the other hand if the input unit is in ¢) then:

Zak:22aj—2

kepP JEQ

And:
u = lim tanh(—23) = —1
B—00

Which is the desired behaviour for units 3 and 4. Hence the mapping from
the 1 unit representation to the internal representation can be implemented
with hyperbolic tangent units.

Now the reverse mapping is considered. The proof is similar to the proof
for the sigmoidal version. For each bipolar pattern there is an output unit «
that should be on only when the pattern is present in bank 1 of the hidden-
layer. The activation of u can be computed thus:

u=tanh(30> ar— Y a; — [lg(M)] +0.5))

kepP JEQ

Where P is the set of units from bank 1 of the hidden-layer that should be
“1” and @ is the set of units that should be “-17. If the units all have the
correct values then the two summations will combine to produce [lg(M)]
and the above reduces to:

u = lim tanh(3(0.5)) =1

B—00
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If any of the units in bank 1 has the wrong value then the summations will
combine to produce at most [1g(M)] — 1. Thus the net input to the output
unit « will be at most 3(—0.5), and:

lim tanh(5(—0.5)) = —1

B—00

If net input is less than 3(—0.5) the activation will simply be closer still to
—1. [ is the value of the weights on the connections from the units in P to
relevant output unit, whilst —/3 is the value of the weights on the connections
from the units in ). The bias weight is set to 0.5. Thus by choosing suitably
large (3 the mapping from bipolar patterns back to the 1 unit representation
can be implemented in hyperbolic tangent units.

Hyperbolic tangent activation with Chalmers’ patterns

The mapping from the 2 unit representation to an internal representation
for hyperbolic tangent units can be performed by adapting either of the
solutions presented for the sigmoidal solution. Here the mapping to the
equivalent 4 unit representation is presented to illustrate the adaptations
needed. Table 4.5 illustrates the mapping. In the rows for each hidden unit,
the “0”s show where the hidden unit outputs the value “0” regardless of the
value of the corresponding input unit, the “+”s show where the unit takes
the value “1” if the corresponding input unit is “1” and the “-” shows where
the hidden unit outputs the value “-1” if the corresponding input unit is “1”.

Taking the mapping from the 2 unit representation to the internal repre-
sentation first, internal units 1, 3 and 4 compute the following:

u = tanh(G(u; — us))

Where u, is the input unit that should be “1” if the hidden unit is to output
“1”, uy is the input unit that should be “1” if the hidden unit is to output
“-17, (8 is the value of the weight connecting u; to u, —/ is the value of the
weight connecting us to u and 0 is the value of the bias weight. If vy =1
and u,—-1 then:

u = tanh(5(1 — (—1))) = ﬂli_}rgotanh(Qﬁ) =1

If uy = —1 and uy, = —1 then:
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Table 4.5: The mapping from the 2 unit representation to a ternary repre-

sentation for hyperbolic tangent units.
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u = tanh(f(—1 — (—1)) = tanh(08) =0
If uy = —1 and uy, = 1 then:
u=tanh(3(-1—-1)) = ﬂlim tanh(—23) = —1

Thus, for units 1,3 and 4, the mapping from 2 unit representation to the
internal representation can be performed with hyperbolic tangent units be
choosing a suitably large value of 3. Hidden unit 2 would compute the
following:

u = tanh(B(u; — ug + uz + 1))

Where u; and w3 are the 2 units which, if either are on hidden unit 2 should
ouput “1”, and wus is the unit which should be “1” if the hidden unit is to
output “-1”. Recall that only 1 of uy, us and w3 will be on at any point. If
etther u; or ug is “1” then:

u=tanh(f(1+1—-1+1)) = Blim tanh(26) =1
—00
If uy is “1” then:

u = tanh(f(—1—1—-141)) = lim tanh(—23) = —1

B—00

If all of uy,us and ugz are “-1” then:

u = tanh(f(—1+1—-141)) =tanh(0) =0

[ is the value of the weights connecting u; and uz to u whilst —/ is the value
of the weight connecting us to u. (3 is also the value of the bias weight for w.
Hence the mapping can be implemented for hidden unit 2.

Now the reverse mapping is considered. For each of hidden units 1, 3 and
4, there are 2 output units, o; which should be “1” when the hidden unit is
“1” and “-1” otherwise, and 0, which should be “1” when the hidden units
is “-1” and “-1” otherwise. These units should compute:

0, = tanh(f(u — 0.5))
09 = tanh(G(—u — 0.5))
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Where u is the activation of the relevant hidden unit, 3 is the value of the
weight connecting u to 0,, —0.573 is the bias weight, —/ is the value of the
weight connecting u to o and 0.53 is the bias weight for oy. If u =1 then:

o = lim tanh(0.54) =1

B—00

0y = lim tanh(—1.54) = —1

B—00
If w = —1 then:
o, = lim tanh(—1.54) = —1
B—00
0y = lim tanh(0.54) =1
B—00
If w = 0 then:

o, = lim tanh(—0.54) = —1
B—00

0y = lim tanh(—0.55) = —1
[B—00

Hidden unit 2 takes input from 3 units, and the values of the corresponding
output units 0,0, and o3 need to be calculated using both hidden units 2
and 3 as follows:

o1 = tanh(f(us + uz — 1.5))
09 = tanh(fF(us — ug — 1.5))
03 = tanh(f3(uy — ug — 0.5))

Where (3 is the value of the weights from us; and w3 to 0o; and the weights
from u3 to 09 and uy to 03 and —f is the value of the rest of the connections
and —0.50 is the value of the bias weights on 0, and o3 and —1.573 is the
value of the bias weight on o;. If uy and us are both set to “1” then:

o = lim tanh(0.56) =1
B—00
0y = lim tanh(—1.54) = —1

B—00

o3 = lim tanh(—0.54) = —1

[B—00
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If u3 = —uy = 1 then:
oy = lim tanh(—-1.55) = —1
B—00
0y = lim tanh(0.56) =1

B—00
o3 = lim tanh(—2.54) = —1
B—00
If uy = uz = 0 then:
o, = lim tanh(—1.54) = —1
[f—00
0y = lim tanh(—1.54) = —1
B—00
o3 = lim tanh(—0.55) = —1
[B—00
If us =1 and uz = 0 then:
o, = lim tanh(—-0.55) = —1
B—00
0y = lim tanh(—2.54) = —1

[B—00

03 = lim tanh(0.54) =1

B—00

If us = 0 and uz = 1 then:
o, = lim tanh(—-0.54) = —1
[B—00
0y = lim tanh(—0.54) = —1
B—00
o3 = lim tanh(—1.54) = —1
[B—00

Which covers all the situations that occur with Chalmers’ patterns. Thus
the required mapping can be implemented with hyperbolic tangent units.

79



4.3 Could it be that the right set of parame-
ters simply has not been tried?

The short answer to this question is yes. Consider back-propagation. There
are two parameters controlling the steps taken in gradient descent; the mo-
mentum and the learning rate. These take any continuous value, in the range
from 0 to 1. One simply cannot try every possible combination of values for
these parameters as there is an infinite number of values each of the param-
eters can take. With both training methods used, there is also the initial
set of weights chosen. Typically these are randomly distributed between —zx
and x where x is a value less than 1. Again the choice of this distribution is
arbitrary and one cannot exhaustively try every possibility.

However, if after trying a wide range of values for such parameters one
fails to obtain success then simply trying more and more values is not an
intelligent way of finding out which parameters would work or whether such
a set of parameters exist. At this point an analysis of the dynamics of
training, the hidden layer patterns produced, and a consideration of whether
the solution exists and if it does how difficult it is to find becomes essential if
an understanding is to be gained of why the training fails. Also a sufficiently
powerful training method should find a solution wherever one starts, though
it may take a long time. In the work reported in Chapter 3, different values
for the momentum and learning rate in back-propagation and several different
initial distributions of weights were tried without success, thus warranting an
analysis of the training. Failure to find a solution after many tries with wide
ranges of parameters suggests either the solution is difficult to find or the
training method lacks the power to find it except from a favourable starting
point. Both back-propagation and Kwasny and Kalman’s method, which is
based on conjugate gradient, can get stuck if there are a lot of local minima
in the solution space — neither is guaranteed to find the global optimum.

The implication of the above is that because a wide range of parameters
have been tried, a deeper analysis is warranted rather than to go on trying
ever more sets of parameters. A solution that can only be found under a
favourable set of parameters is perhaps indicative of an inherently difficult
problem or a problem with the training method being used.
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4.4 Determining the cause of failure

Section 4.2 mentioned several possible causes of failure and, for networks with
hidden layers of 20 or more units proved that a solution does exist. Having
eliminated one possible cause of failure the aim of the rest of the work in this
chapter is to find out what the cause of failure is.

4.4.1 Determining the difficulty of finding a solution.

Could it be that the solution is simply too difficult to find? Both back-
propagation and Kwasny and Kalman’s method? are local optimisation meth-
ods that are vulnerable to being caught in local optima. If the error landscape
is rugged (contains many local optima) it may be difficult for local optimisa-
tion methods to find the global optimum for a given task. Here two ways of
determining how difficult an error-free optimum might be to find are used:

e Use of simulated annealing to train the SRAAM. Simulated annealing
is normally used to train Boltzmann machines, but can be adapted for
the networks used here. The idea is simple. A random change is made
to the weights and then this change is accepted with a probability de-
pendent on a variable known as the temperature and whether or not
the change leads to a reduction in the error. By gradually reducing
the temperature, the network will eventually settle into an optimum.
If the temperature is reduced slowly enough, then it is guaranteed that
simulated annealing will find the global optimum for a given task in
a finite length of time. In practice this means that if, after several
long training runs the network has failed to find the global optimum or
at least an optimum where encoding and decoding are error-free, then
one can conclude that an error-free solution is difficult to find. The
version of simulated annealing used here is that presented in “Numer-
ical Recipes in C” Press et al. (1992), which is based on the downhill
simplex method. A simplex of N+1 points is successively transformed
with a transformation accepted if it leads to lower error (subject to
noise proportional to the temperature being added to the error). N is
the number of weights and thus the simplex points represent different
sets of weights to use in the network. The results of an attempt to train

3Kwasny and Kalman’s method is based on conjugate gradient training
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a 26-13-26 SRAAM to learn 60 sequences for 1.5 million iterations this
way are presented in Section 4.5.1.

e Using a hand derived solution. In Section 4.2.1 a proof that a solution
exists for SRAAMs with hidden layers of 20 units was presented. This
can be used to indicate the difficulty of training as follows. One de-
rives the weights that implement the solution. Then training runs are
performed using these weights with increasing amounts of noise added
until the training fails to find an error free solution. This will indi-
cate how much of a deviation from the solution’s weights is required
before the training method fails. Note that it is possible for there to
be other error free solutions in the vicinity of the hand-derived solu-
tion that the network might find. If the deviation is small it indicates
that the error free solutions are findable only within a small area of
the weight-space.Section 4.5.2 presents the results of doing this for net-
works with 20 and 39 hidden units, trained with both back-propagation
and Kwasny and Kalman’s method.

A cautionary note needs to be made here which is that both the above
methods give results that are specific to the error function used in training.
The error function is part of what determines the shape of the error land-
scape and thus how much impact local minima can have. The results of the
above analyses will thus be specific to the error functions used in training the
networks here. Two error functions are used in training, the standard sum
of squares measure and the function used by Kwasny and Kalman in their
work. Whether improved training could come about with a different error
function is an important question, but devising an error function to do so
would require knowledge of the problems that hinder training, thus requiring
an analysis to be performed.

4.4.2 Analyses of the hidden-layer states

How the hidden-layer states are organised in hyperspace will determine the
nature of the representations produced by the SRAAM, how sensitive they
are to noise and how well separated the encoding and decoding trajectories
are. Analyses of the hidden-layer states aimed at finding out how they are
organised are presented in Chapter 5.
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4.4.3 Analyses of the network weights

The analyses of the hidden-layer states should indicate whether there are any
problems in the way the representations and trajectories cluster and evolve
or in the nature of the representations developed by the SRAAM. However it
would also be relevant to know whether problems exist in the nature of the
overall solution developed by the SRAAM, i.e. the set of weights produced.
For example, one indication of a local optimum is if all the weights are set
to high values making it difficult for the network to move away from that
point in weight-space. Also if a very small perturbation of the weights results
in the encoding and decoding performance collapsing, it would suggest the
network has found a solution that is sensitive to noise on the weights. In this
chapter the following analyses are presented in order to determine whether
such problems might exist with the SRAAM:

e Find the range, average and average magnitude of the weights at dif-
ferent points in training. Trends in these values may give clues as to
why training fails. For example if the weights increase in magnitude
with more and more training it may make it difficult for the network to
move away from the area of weight-space it has reached, thus causing
it to get stuck in a local optimum.

e Lesioning the weights. Here all the weights are perturbed by some per-
centage of their value (or by a small constant if the weight is zero), and
the encoding and decoding performance of the network is subsequently
noted. By varying the percentage perturbation, one can measure the
sensitivity to noise in the weights. If only small perturbations lead to
significant errors this indicates a sensitive solution has been found.

4.5 Results of the Analysis

This section present the results of the analyses discussed above.

4.5.1 Simulated Annealing

A 26-13-26 SRAAM was trained for 1.5 million iterations via simulated an-
nealing. At the end of training all the points in the simplex had a sum squared
error in the range 170 to 171, well above the error reached by Kwasny and
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Kalman’s training or back-propagation in Chapter 3. Initially this was in-
tended to be a preliminary run before trying the full set of sequences and
networks with hidden layers of up-to 39 units as used in Chapter 3. However
this run took 2 weeks to perform on a twin 300 MHz processor SunUltra2
implying prohibitively long training runs for anything more complex than
this.

Whilst the Simulated Annealing had failed to find a solution by this point,
it might have left the simplex points in a region of hyperspace from which
the solution could be found. Testing all the points to see if this was the
case would have been prohibitively expensive involving 754 training runs so
10 points were selected, the best and worst plus 8 randomly selected points.
If a solution allowing error-free encoding and decoding was easily findable
from within the simplex, it was likely that a solution would be found from
a selection of random points from the simplex. Back-propagation was used
to train the networks from these points* In every case the error rose rapidly,
indicating that the learning rate or momentum were too high, hence the
training runs were run again with the momentum eliminated. A brief drop
in the error to 169.99 or so was observed in the first few iterations before it
rose rapidly again. A final repeat of the training was performed where the
learning rate was reduced to 1.0 x 10~ %. Each run involved a gentle decline
in the error to 169.99 or so, the lowest value reached being 169.986.

The network with the lowest error obtained from all of this was used to
encode and decode the 60 sequences in the training set. None of the sequences
was correctly encoded and decoded and the average error per sequence was
2.57. This suggests that none of the points were anywhere near a solution and
that the simplex had yet to find the region of hyperspace where a solution
exists for this network.

4.5.2 Using hand-derived solutions

Hand-derived solutions for networks employing 20 and 39 hidden units, sig-
moidal and hyperbolic tangent units, and back-propagation training were
implemented (based on the proofs in Section 4.2.2) and used with 0%, 1%,
10% and 50% noise as the starting points for several training runs. Table 4.6
summarises the results of this experiment. The columns are as follows:

4With Kwasny and Kalman’s method the simulator would need to have been altered
in order to take these weights in due to a different gain being used. It would also have
taken much longer to train.
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Network | Act | Rep | Noise | Err Start | Err Fin | Enc Start | Enc Fin
33-20-33 | sig | 1 unit | 0% 14.96 8.53 0.00 0.00
33-20-33 | sig | 1 unit | 1% 15.44 8.60 0.00 0.00
33-20-33 | sig | 1 unit | 10% 36.68 10.45 0.14 0.00
33-20-33 | sig | 1 unit | 50% | 1220.98 | 114.49 3.18 1.40
33-20-33 | sig | 2 unit | 0% 11.03 9.94 0.00 0.26
33-20-33 | sig | 2 unit | 1% 12.63 10.02 0.35 0.25
33-20-33 | sig | 2 unit | 10% 88.09 16.37 2.42 0.71
33-20-33 | sig | 2 unit | 50% | 1341.34 | 104.14 3.45 1.63
33-20-33 | tanh | 1 unit | 0% 39.44 9.73 0.00 0.00
33-20-33 | tanh | 1 unit | 1% 45.86 7.15 0.00 0.00
33-20-33 | tanh | 1 unit | 10% 464.28 72.65 1.97 0.22
33-20-33 | tanh | 1 unit | 50% | 6960.61 | 845.90 4.52 2.48
33-20-33 | tanh | 2 unit | 0% 22.32 10.16 0.00 0.03
33-20-33 | tanh | 2 unit | 1% 29.62 11.36 0.54 0.02
33-20-33 | tanh | 2 unit | 10% 506.72 46.52 3.60 0.22
33-20-33 | tanh | 2 unit | 50% | 8640.33 | 915.93 4.70 2.08
52-39-52 | sig | 1 unit | 0% 15.26 5.97 0.00 0.00
52-39-52 | sig | 1 unit | 1% 15.49 5.98 0.00 0.00
52-39-52 | sig | 1 unit | 10% 31.36 7.02 0.00 0.00
52-39-52 | sig | 1 unit | 50% 912.98 137.02 3.85 2.72
52-39-52 | sig | 2 unit | 0% 11.70 5.99 0.00 0.45
52-39-52 | sig | 2 unit | 1% 12.79 5.95 0.29 0.46
52-39-52 | sig | 2 unit | 10% 69.88 8.25 2.78 0.68
52-39-52 | sig | 2 unit | 50% | 1013.93 85.52 4.81 2.09
52-39-52 | tanh | 1 unit | 0% 82.31 6.36 0.00 0.00
52-39-52 | tanh | 1 unit | 1% 92.77 9.38 0.00 0.00
52-39-52 | tanh | 1 unit | 10% 919.91 120.87 1.07 0.42
52-39-52 | tanh | 1 unit | 50% | 14111.2 | 803.68 4.55 2.07
52-39-52 | tanh | 2 unit | 0% 56.92 6.56 0.00 0.01
52-39-52 | tanh | 2 unit | 1% 68.51 8.41 0.12 0.02
52-39-52 | tanh | 2 unit | 10% 984.04 60.39 3.92 0.35
52-39-52 | tanh | 2 unit | 50% | 16181.6 | 654.157 4.92 2.26

Table 4.6: The results of using hand derived solutions plus varying amounts
of noise as the starting point for training using back-propagation
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e The “Network” column indicates the architecture of the SRAAM used.

e The “Act” column indicates the type of units used, either sigmoid (sig)
or hyperbolic tangent (tanh).

e The “Rep” column indicates whether the 1 unit representation or the
2 unit representation was used.

e The “Noise” column indicates how much noise was introduced to the
weights prior to training.

e The “Err Start” column indicates the network error at the start of
training after the noise has been introduced. In the case of sigmoid
units this is the sum squared error. In the case of the hyperbolic tangent
units this is the error calculated via Kwasny and Kalman’s function.

e The “Err Fin” column indicates the network error at the end of training.

e The “Enc Start” column indicates the encoding and decoding errors
per sequence on the training set of 130 sequences, after the noise is
introduced but before training begins.

e The “Enc Fin” column indicates the encoding and decoding errors per
sequence at the end of training.

Several things can be observed with respect to these results:

e In all but 2 cases, 10% noise is sufficient to cause subsequent training
to fail to find an error free solution again, and in every case 50% noise
is sufficient.

e The solution using the 2 unit representation is less robust to noise than
the solution using the 1 unit representation.

e Even without noise being added the trained network can deviate from
the error-free solution as in the case of the solutions that use the 2
unit representation. This highlights the “moving target” nature of the
training, where the target outputs change over time. Back-propagation
does not take this change in the target outputs into account and thus
seeks merely to minimise the error at each step of encoding and de-
coding, ignoring the accumulation of error during the encoding and
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Network | Rep | Noise | Err Start | Err Fin | Enc Start | Enc Fin
33-20-33 | 1 unit | 0% 77.26 0.24 0.00 0.00
33-20-33 | 1 unit | 1% 103.05 0.27 0.42 0.00
33-20-33 | 1 unit | 10% 2078 0.19 3.18 0.00
33-20-33 | 1 unit | 50% | 4.98 x 10'° 8.67 4.95 0.00
33-20-33 | 2 unit | 0% 48.56 0.12 0.00 0.00
33-20-33 | 2 unit | 1% 73.63 0.11 1.30 0.00
33-20-33 | 2 unit | 10% 2377 0.02 4.30 0.00
33-20-33 | 2 unit | 50% | 1.13 x 10%° 0.66 4.96 1.32
52-39-52 | 1 unit | 0% 145.07 0.19 0.00 0.00
52-39-52 | 1 unit | 1% 198.95 0.56 0.89 0.00
52-39-52 | 1 unit | 10% 5299 0.33 3.5 0.00
52-39-52 | 1 unit | 50% | 4.12 x 10 2.78 4.95 0.96
52-39-52 | 2 unit | 0% 105.31 0.38 0.00 0.00
52-39-52 | 2 unit | 1% 155.89 0.39 1.00 0.00
52-39-52 | 2 unit | 10% 9288 0.02 4.10 0.10
52-39-52 | 2 unit | 50% | 5.64 x 10'3 0.75 4.96 1.50

Table 4.7: The results of using hand-derived solutions plus varying amounts
of noise as the starting point for training using Kwasny and Kalman’s
method.

decoding process. Kwasny and Kalman’s method has the error deriva-
tives recomputed to take this into account.

e The sigmoid activation usually leads to lower encoding and decoding
errors than the hyperbolic tangent activation for the same network size,
representation and level of noise added.

e The amount of error induced by 50% noise is much greater than that
induced by 10% noise.

With Kwasny and Kalman’s method the activation function is hard-coded
into the simulator so hand-derived solutions for networks employing hyper-
bolic tangent activation with 20 and 39 hidden units were implemented and
then noise added as before for several training runs. The results are sum-
marised in Table 4.7.

In contrast to the networks trained by back-propagation, the networks
trained by Kwasny and Kalman’s method typically manages to find an error-
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free solution after 10% noise has been added and in some cases after 50%
noise has been added. Even in the one case where the solution was not found
again after 10% noise was added, the errors in encoding and decoding were
lower than with back-propagation. This suggests that Kwasny and Kalman’s
method is better able to find an error-free solution again. Given that Kwasny
and Kalman’s method explicitly takes into account the changing output tar-
gets and the feedback within the network this is perhaps not surprising.
However it begs the question as to why Kwasny and Kalman’s method fails
to find this solution when started from randomly distributed weights, since
an error free solution is “findable” from a starting point consisting of the
weights for the hand-derived solution with as much as 50% noise added and
where the network error is very high.

Finally, it should be noted that in the case where error-free solutions
are discovered, the data does not indicate whether or not the hand-derived
solution was rediscovered or whether some other error-free solution was dis-
covered. As this analysis was performed automatically and took some time to
run, there was no time to perform the further analysis which would indicate
this, although Section 5.4 does include an analysis of one of the networks
which indicates it found a solution other than the original hand-derived so-
lution.

4.5.3 Networks used for the analyses

This section details the networks that were used for the analyses of the
weights presented here and the analyses of the hidden-layer states presented
in Chapter 5. Because the solution is only known to exist for SRAAMs with
hidden-layers of 20 or more units, networks of at least this size were used.
For networks trained by back-propagation SRAAMs using 39 hidden units
were used, as was the case in Chapter 3. For networks trained by Kwasny
and Kalman’s method, SRAAMs with 20 hidden units were used as the so-
lution is known to exist for these, the training of these is much quicker than
for SRAAMs with 39 hidden units (a few days compared to 2 weeks to learn
130 sequences) and the performance was close to that achieved with the 39
unit SRAAMs in Chapter 3.
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Act Fun | Rep | Seqs | Err | Err/seq Tr | Err/seq Te | % Tr % Te
sigmoid | 1 unit | 20 3.07 0.00 2.10 100.00% | 0.00%
sigmoid | 1 unit | 40 37.70 0.90 1.45 35.00% | 0.05%
sigmoid | 1 unit | 80 06.22 0.59 1.08 52.50% | 21.25%
sigmoid | 1 unit | 130 | 131.37 0.92 1.22 32.31% | 17.50%
sigmoid | 2 unit | 20 2.46 0.00 1.30 100.00% | 15.00%
sigmoid | 2 unit | 40 9.56 0.28 0.63 72.50% | 55.00%
sigmoid | 2 unit | 80 27.97 0.34 0.60 71.25% | 50.00%
sigmoid | 2 unit | 130 | 131.37 0.96 1.18 33.85% | 21.67%
tanh 1 unit | 20 14.28 0.20 2.85 80.00% | 0.00%
tanh 1 unit | 40 98.35 0.75 1.85 45.00% | 0.03%
tanh 1 unit | 80 | 179.71 0.70 1.16 40.00% | 21.25%
tanh 1 unit | 130 | 362.70 0.90 1.16 23.85% | 15.83%
tanh 2 unit | 20 7.05 0.00 2.25 100.00% | 0.00%
tanh 2 unit | 40 40.74 0.20 1.05 80.00% | 32.50%
tanh 2 unit | 80 | 142.24 0.51 0.81 52.50% | 36.25%
tanh 2 unit | 130 | 243.17 0.59 0.64 47.69% | 50.83%

Table 4.8: The encoding and decoding performance of various 52-39-52
SRAAMs trained by back-propagation to encode 20, 40, 80 and 130 sequences
respectively.
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Back-propagation networks

52-39-52 SRAAMs employing hyperbolic tangent units or sigmoidal units
were trained using back-propagation to encode 20, 40, 80 and 130 active and
passive sequences. Their performance at the end of training is summarised
in Table 4.8. Each column is as follows:

e The “Act Fun” column indicates whether the network used sigmoidal
activation or hyperbolic tangent (tanh) activation units. If the latter
was used, the Kwasny-Kalman error function was also used as in Chap-
ter 3. This leads to higher figures for the network error than sum of
squares.

e The “Rep” column indicates whether the 1 unit representation or 2
unit representation was used (see Chapter 3).

e The “Seqs” column indicates the number of sequences in the training
set. The testing set contains the same number of sequences, except
when the number of sequences is 130 as there are then only 120 se-
quences left out of Chalmers’ data set.

e The “Err” column give the value of the error function at the end of
training.

e The “Err/seq Tr” column gives the encoding/decoding errors per se-
quence for the training set.

e The “Err/seq Te” column gives the encoding/decoding errors per se-
quence for the testing set.

e The “% Tr” column gives the percentage of sequences correctly encoded
and decoded in the training set.

e The “% Te” column gives the percentage of sequences correctly encoded
and decoded in the testing set.

As can be seen, increasing the number of sequences tends to increase the
levels of error and move the performance on the training and testing sets
closer together as one would expect.
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Rep | Seqs | Err | Err/seq Tr | Err/seq Te | % Tr % Te
1 unit | 20 | 0.016 0.10 1.90 90.00% | 5.00%
1 unit | 40 | 0.013 0.50 0.58 50.00% | 50.00%
1 unit | 80 | 0.025 0.50 0.50 50.00% | 50.00%
1 unit | 130 | 0.024 0.58 0.58 50.00% | 50.00%
2 unit | 20 | 0.015 0.10 1.00 90.00% | 35.00%
2 unit | 40 | 0.006 0.40 0.50 60.00% | 55.00%
2 unit | 80 | 0.008 0.18 0.26 82.50% | 73.75%
2 unit | 130 | 0.012 0.36 0.37 64.62% | 63.33%

Table 4.9: The encoding and decoding performance of various 33-20-33
SRAAMs trained by Kwasny and Kalman’s method to encode 20, 40, 80
and 130 sequences respectively.

Networks trained via Kwasny and Kalman’s method

Table 4.9 summarises the performance of the SRAAMs trained by Kwasny
and Kalman’s method on 20, 40, 80 and 130 sequences and using both the
1 unit and 2 unit representations. Generally speaking the performance here
is better than that of the back-propagation networks, though the networks
trained on 20 sequences did not achieve perfect encoding and decoding as
they did with back-propagation.

4.5.4 Analyses of the weights
Networks trained via back-propagation

The networks trained by back-propagation had 1%, 10% and 50% noise added
to their weights and the encoding and decoding performance was noted. This
noise was added by perturbing the value of each weight randomly up or
down by the relevant percentage of its value. The results are summarised in
Tables 4.10 and 4.11. As can be seen in every case, 10% noise was sufficient to
seriously degrade performance from the level reached at the end of training,
and 50% noise was sufficient to cause complete failure in the encoding and
decoding performance.

The average, average magnitude, minimum and maximum values of the
weights were calculated at the end of training for all the networks covered in
Table 4.8. The results are summarised in Table 4.12. There seems to be no
particular trend associated with the increasing number of sequences learned,
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Rep | Seqgs | Noise | Err/Seq | % Seqs
1 unit | 20 0% 0.00 100%
1 unit | 20 1% 0.00 100%
1 unit | 20 10% 1.75 40%
1 unit | 20 50% 4.70 0%

1 unit | 40 0% 0.9 35%
1 unit | 40 1% 0.92 32.5%
1 unit | 40 10% 2.05 10%
1 unit | 40 50% 4.73 0%
1 unit | 80 0% 0.59 52.5%
1 unit | 80 1% 0.53 56.25%
1 unit | 80 10% 2.63 3.75%
1 unit | 80 50% 4.58 0%
1 unit | 130 0% 0.92 32.31%
1 unit | 130 1% 0.9 31.54%
1 unit | 130 | 10% 1.55 11.54%
1 unit | 130 | 50% 4.82 0%
2 unit | 20 0% 0.00 100%
2 unit | 20 1% 0.00 100%
2 unit | 20 10% 0.50 65%
2 unit | 20 50% 4.25 0%
2 unit | 40 0% 0.27 72.5%
2 unit | 40 1% 0.27 72.5%
2 unit | 40 10% 0.65 40%
2 unit | 40 50% 4.65 0%
2 unit | 80 0% 0.34 71.25%
2 unit | 80 1% 0.29 72.50%
2 unit | 80 10% 0.97 26.25%
2 unit | 80 50% 4.61 0%
2 unit | 130 0% 0.96 33.85%
2 unit | 130 1% 0.98 30%
2 unit | 130 | 10% 1.11 23.08%
2 unit | 130 | 50% 4.45 0%

Table 4.10: Effect of adding varying amounts of noise to the weights of the
networks trained by back-propagation, using sigmoidal units.
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Rep | Seqgs | Noise | Err/Seq | % Seqs
1 unit | 20 0% 0.2 80%
1 unit | 20 1% 0.25 5%
1 unit | 20 10% 1.55 0%

1 unit | 20 50% 4.25 0%
1 unit | 40 0% 0.75 45%
1 unit | 40 1% 0.775 45%
1 unit | 40 10% 1 37.5%
1 unit | 40 50% 3.65 0%
1 unit | 80 0% 0.7 40%
1 unit | 80 1% 0.775 35%
1 unit | 80 10% 1.5 6.25%
1 unit | 80 | 50% 4.34 0%
1 unit | 130 0% 0.9 23.85%
1 unit | 130 1% 0.88 24.62%
1 unit | 130 | 10% 1.61 6.15%
1 unit | 130 | 50% 4.09 0%
2 unit | 20 0% 0 100%
2 unit | 20 1% 0.05 95%
2 unit | 20 | 10% 1.4 5%
2 unit | 20 | 50% 4.4 0%
2 unit | 40 0% 0.2 80%
2 unit | 40 1% 0.25 75%
2 unit | 40 10% 0.95 15%
2 unit | 40 | 50% 4.02 0%
2 unit | 80 0% 0.51 52.5%
2 unit | 80 1% 0.54 48.75%
2 unit | 80 10% 0.86 30%
2 unit | 80 50% 3.90 0%
2 unit | 130 0% 0.59 47.69%
2 unit | 130 1% 0.55 50.77%
2 unit | 130 | 10% 1.18 14.62%
2 unit | 130 | 50% 4.17 0%

Table 4.11: Effect of adding varying amounts of noise to the weights of the
networks trained by back-propagation, using hyperbolic tangent units.
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Act Fun | Rep | Seqs | Avg Wt | Min Wt | Max Wt | Avg Mag
sigmoid | 1 unit | 20 -0.18 -17.90 16.32 1.51
sigmoid | 1 unit | 40 -0.20 -43.92 25.51 1.80
sigmoid | 1 unit | 80 -0.15 -10.62 11.74 1.07
sigmoid | 1 unit | 130 -0.13 -25.67 24.38 1.56
sigmoid | 2 unit | 20 -0.12 -8.33 7.20 1.09
sigmoid | 2 unit | 40 -0.10 -6.33 6.43 0.81
sigmoid | 2 unit | 80 -0.08 -7.58 7.59 0.85
sigmoid | 2 unit | 130 -0.09 -5.67 7.63 0.83
tanh 1 unit | 20 0.01 -2.87 3.71 0.47
tanh 1 unit | 40 0.01 -2.19 2.48 0.34
tanh 1 unit | 80 0.02 -2.29 2.55 0.37
tanh 1 unit | 130 0.01 -2.30 2.60 0.37
tanh | 2 unit | 20 0.01 -3.38 3.60 0.49
tanh | 2 unit | 40 0.01 -4.62 3.43 0.35
tanh | 2 unit | 80 0.02 -5.64 2.92 0.39
tanh | 2 unit | 130 0.01 -6.87 4.96 0.45

Table 4.12: The average, minimum and maximum value of the weights for
each network trained via back-propagation.

whilst the weights for the hyperbolic tangent networks are of somewhat lower
magnitude than for the networks employing sigmoidal units. The networks
employing sigmoidal units and the 1 unit representation had much larger
weights than the rest.

For the networks trained on 20 sequences and 130 sequences, the aver-
age, average magnitude, minimum and maximum weight was calculated at
roughly one third and two thirds through training and at the end of training
to see if there was a trend during training. The results are summarised in
Table 4.13. Generally speaking, the weights cover a wider range of values
as training goes on and the average magnitude of the weights increases too,
although an exception to this trend occurs with sigmoid units trained on 130
sequences and using the 2 unit representation.

Networks trained via Kwasny and Kalman’s method

As with the back-propagation networks, the networks trained via Kwasny and
Kalman’s method had varying amounts of noise added and the performance
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Act Fun | Rep | Seqs | Iters | Avg Wt | Min Wt | Max Wt | Avg Mag
sigmoid | 1 unit | 20 | 1500 | -0.14 -13.67 11.87 1.08
sigmoid | 1 unit | 20 | 3000 | -0.17 -16.29 14.19 1.34
sigmoid | 1 unit | 130 | 600 -0.13 -15.71 19.68 0.90
sigmoid | 1 unit | 130 | 1200 | -0.12 -25.54 21.32 1.37
sigmoid | 2 unit | 20 | 1000 | -0.10 -5.71 5.99 0.84
sigmoid | 2 unit | 20 | 2000 | -0.11 -6.95 6.37 0.99
sigmoid | 2 unit | 130 | 500 -0.08 -4.95 6.90 0.75
sigmoid | 2 unit | 130 | 1000 | -0.00 -0.25 0.25 0.13
tanh 1 unit | 20 | 2600 0.01 -2.31 2.36 0.32
tanh 1 unit | 20 | 5000 0.01 -2.71 3.44 0.41
tanh 1 unit | 130 | 100 0.01 -1.88 1.84 0.26
tanh 1 unit | 130 | 200 0.02 -2.26 2.40 0.34
tanh | 2 unit | 20 | 1500 | 0.01 -3.10 3.20 0.37
tanh 2 unit | 20 | 3000 0.01 -3.09 3.93 0.44
tanh 2 unit | 130 | 100 0.01 -4.26 2.81 0.28
tanh 2 unit | 130 | 200 0.01 -6.43 3.87 0.36

Table 4.13: The average, minimum and maximum value of the weights for
the networks trained on 20 and 130 sequences at roughly one third and two
thirds of the way through training.

was noted. Table 4.14 summarises the results. As can be seen 1% noise
is sufficient to seriously degrade the encoding and decoding performance of
every network compared to the performance before the noise was added and
10% noise is enough to prevent any sequences being correctly encoded and
decoded. Thus the networks are more sensitive to noise than those trained
by back-propagation. This may be due to the fact that the sequences are
encoded in a smaller hidden layer than with back-propagation. To eliminate
this possibility the analysis was performed on the 39 unit SRAAMs from
Chapter 3 trained by Kwasny and Kalman’s method to encode and decode
130 sequences. For the 1 unit representation with no noise, the average
error per sequence was 0.5 and percentage of sequences correctly encoded
and decoded was 50%. With 1% noise, the average error per sequences was
0.54 and the percentage of sequences correctly encoded was 54.62%. With
10% noise the average error was 3.1 and 0% of the sequences were correctly
encoded. With 50% noise the error per sequence was 4.55 and again none of
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Rep | Seqgs | Noise | Err/Seq | % Seqs
1 unit | 20 0% 0.1 90%
1 unit | 20 1% 0.9 40%
1 unit | 20 10% 3.5 0%
1 unit | 20 50% 4.9 0%
1 unit | 40 0% 0.5 50%
1 unit | 40 1% 2.2 7.5%
1 unit | 40 10% 3.9 0%
1 unit | 40 50% 4.63 0%
1 unit | 80 0% 0.5 50%
1 unit | 80 1% 1.15 31.25%
1 unit | 80 10% 3.15 0%
1 unit | 80 50% 4.8 0%
1 unit | 130 0% 0.58 50.0%
1 unit | 130 1% 1.95 0%
1 unit | 130 | 10% 3.91 0%
1 unit | 130 | 50% 4.78 0%
2 unit | 20 0% 0.1 90%
2 unit | 20 1% 0.8 45%
2 unit | 20 10% 2.45 0%
2 unit | 20 50% 4.85 0%
2 unit | 40 0% 0.4 60%
2 unit | 40 1% 1.3 17.5%
2 unit | 40 10% 3.1 0%
2 unit | 40 | 50% 4.62 0%
2 unit | 80 0% 0.18 82.5%
2 unit | 80 1% 1.81 1.25%
2 unit | 80 10% 3.14 0%
2 unit | 80 50% 4.41 0%
2 unit | 130 0% 0.36 64.61%
2 unit | 130 1% 1.52 2.3%
2 unit | 130 | 10% 3.32 0%
2 unit | 130 | 50% 4.71 0%

Table 4.14: Effect of adding varying amounts of noise to the weights of the
networks trained by Kwasny and Kalman’s method.
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the sequences were correctly encoded. For the 2 unit representation with no
noise the average error per sequences was 0.15, and 85.38% of the sequences
were correctly encoded and decoded. With 1% noise the average error per
sequence rises to 0.81 and the percentage of sequences correctly encoded and
decoded falls to 51.54%. With 10% noise the error per sequence rises to 2.75
and none of the sequences is encoded and decoded without error. Finally with
50% noise the error per sequence rises to 3.95 and again no sequences are
encoded and decoded without error. Thus it seems that the higher sensitivity
to error is a consequence of using Kwasny and Kalman’s method to train the

SRAAM.

Rep | Segs | Avg Wt | Min Wt | Max Wt | Avg Mag
1 unit | 20 -0.03 -3.75 4.15 0.40
1 unit | 40 -0.02 -5.08 4.45 0.49
1 unit | 80 -0.04 -4.93 4.49 0.49
1 unit | 130 -0.02 -6.09 5.41 0.51
2 unit | 20 -0.02 -3.60 4.56 0.32
2 unit | 40 0.001 -4.95 5.43 0.39
2 unit | 80 -0.005 -4.74 5.01 0.41
2 unit | 130 -0.002 -4.40 0.44 0.41

Table 4.15: The average, minimum and maximum value of the weights for
each network trained via Kwasny and Kalman’s method.

Table 4.15 shows the average, minimum and maximum weights for the
networks trained with Kwasny and Kalman’s method. There seems to be a
slight trend towards larger weights with larger numbers of sequences as evi-
dence by the increase in the average magnitude of the weights with increasing
numbers of sequences.

Table 4.16 shows the average, minimum, maximum and average mag-
nitude of the weights for the networks trained with Kwasny and Kalman’s
method on 20 and 130 sequences after training to a tolerance of 0.16 and
0.04. As with back-propagation the magnitude of the weights increases with
more training, as does the range of values spanned.

4.6 Discussion

The work presented above has yielded the following findings:
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Rep | Seqs | Tolerance | Avg Wt | Min Wt | Max Wt | Avg Mag
1 unit | 20 0.16 -0.01 -2.37 1.95 0.24
1 unit | 20 0.04 -0.02 -3.21 3.11 0.32
1 unit | 130 0.16 -0.02 -3.51 3.32 0.32
1 unit | 130 0.04 -0.02 -4.45 4.06 0.37
2 unit | 20 0.16 -0.01 -1.85 2.27 0.18
2 unit | 20 0.04 -0.02 -2.68 3.40 0.26
2 unit | 130 0.16 -0.01 -1.89 2.45 0.19
2 unit | 130 0.04 -0.01 -2.92 3.67 0.28

Table 4.16: The average, minimum and maximum value of the weights for
the networks trained on 20 and 130 sequences after training to a tolerance

of 0.16 and 0.04.

Solutions definitely exist for the SRAAMs with 20 or more hidden units.

Using simulated annealing to train a 26-13-26 SRAAM to learn to en-
code and decode 60 sequences for 1.5 million iterations failed to find
a solution and failed to even find an area of hyperspace from which
a solution could be found. However, due to the prohibitively expen-
sive training times only one run was performed, so the evidence is only
indicative.

With the hand-derived solutions and back-propagation, adding 10%
noise to each of the weights is usually sufficient to prevent training
from finding an error-free solution again, and 50% noise leads to much
higher levels of error at the end of training than 10%.

With hand-derived solutions and Kwasny and Kalman’s method, an
error-free solution can usually be found again after 10% noise has been
added and with as much as 50% noise being added in some cases.

With the partial solutions found by the networks whose performance is
summarised in Tables 4.8 and 4.9, adding 10% noise to the weights is
sufficient to significantly degrade performance in the case of the back-
propagation networks and adding 1% noise is sufficient to considerably
degrade performance in the case of the networks trained by Kwasny and
Kalman’s method. This heightened sensitivity to noise was shown to
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exist even when the networks trained by Kwasny and Kalman’s method
were the same size as those trained by back-propagation.

e There is a trend towards the magnitude of the weights increasing with
training with both training methods.

Overall, the message from these results seems to be that where the solu-
tion exists it is difficult to find (though perhaps not as difficult for Kwasny
and Kalman’s method), and that the partial solutions found by both meth-
ods are sensitive to noise, with Kwasny and Kalman’s method producing
solutions that are highly sensitive to noise. It is clear that with both meth-
ods, the partial solutions found are significantly disrupted with only small
changes in the values of the weights. This suggests that the partial solu-
tions are located in small areas of weight-space where small moves away lead
to large increases in the error, and can thus be considered as evidence that
the network is stuck in a local optimum. With the hand-derived solutions
and back-propagation, again there seems to be a sensitivity to small changes
in the values of the weights. 10% noise is usually sufficient to cause sub-
sequent training to fail to find an error-free solution again, and 50% noise
leads to much higher error at the end of training. This suggests that the
hand-derived solutions can only be found from favourable starting points
with back-propagation. With Kwasny and Kalman’s method however error-
free solutions are findable from a much wider area of weight-space, but not
from the random distribution of weights around zero normally used to start
training. Thus it seems that there is a rugged error landscape, where the so-
lutions known to exist occupy small troughs in the case of back-propagation
and large troughs that cannot be found from the normal starting points with
Kwasny and Kalman’s method. This is backed up by the poor performance
of simulated annealing on a small network with only 60 sequences — none
of the networks above managed to learn more than 20 sequences and they
are all bigger than the network trained with simulated annealing. Here too,
simulated annealing failed to find a solution or even an area of hyperspace
from which back-propagation could find the solution after 1.5 million itera-
tions of training, suggesting that the solution is difficult to find at least for
networks the same size or smaller than the one used or for larger numbers of
sequences. Whether the trend towards larger weights is significant is unclear
since the average magnitudes involved are not very large, usually being less
than 1, and also being less than 10% of the magnitude of the minimum or
maximum.
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In conclusion then, the analyses of the weights do give evidence that the
solution is difficult to find for the back-propagation networks at least, and
for both training methods the partial solutions are located in small troughs
in the error landscape which may be provide part of an explanation for the
difficulties experienced in training. Whether some modification of training
might be able to overcome these difficulties, perhaps by changing the shape
of the error landscape is an unanswered question. Also it is not clear why
the error landscape is shaped in a way to make the solutions difficult to
find. For example these results say nothing about whether the errors in the
encoding and decoding performance are in part due to interference between
the hidden-layer patterns, or due to the hidden-layer patterns being packed
closely together in hyperspace. An examination of how the hidden-layer
states are organised in hyperspace and how sensitive they are to noise will
indicate whether such problems exist and may also suggest some modifica-
tions to the SRAAM or to the training methods, that might yield better
performance. Chapter 5 presents several analyses of the hidden-layer states
aimed at shedding light on whether such problems exist.
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Chapter 5

Analysis of the Sequential
RAAM Part 2: Analysis of the
representations

5.1 Purpose

Chapter 4 presented a proof that a solution for Chalmers’ experiment ex-
isted for SRAAMs of 20 or more hidden units, evidence that the solution
may be difficult to find, and evidence that the partial solutions found by the
SRAAMs are sensitive to noise in the weights and thus occupy small areas
of weight-space themselves. Essentially the question of what the relation-
ship between the solutions and the shape of the weight-space was addressed.
Whilst this has shed some light on the possible reasons for the failure of
the SRAAM to learn to encode and decode Chalmers’ sentences perfectly, it
only gives a partial picture of what is going on. There is also the question of
how the hidden layer states produced during encoding and decoding are or-
ganised in hyperspace. This is important as it determines the nature of the
representations produced, how the encoding and decoding trajectories are
organised and how sensitive the solutions and partial solutions are to noise
in the activations of the units of the SRAAM (as opposed to noise in the
weights). For example if all the hidden layer states are packed into a small
area of hyperspace, it may produce interference between the encodings and
lead to a fragile representation that is sensitive to low levels of noise. The
interference could then form the basis of an explanation of why the SRAAM
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failed to learn its task. This chapter presents a set of analyses of the hidden-
layer states aimed at finding out how they are organised, what the nature of
the representations produced is, how sensitive they are to noise, how much
of the available hyperspace is utilised and how the encoding and decoding
trajectories are organised.

5.2 Analysing the representations and the en-
coding and decoding trajectories

Analyses of the representations used and the paths through hyperspace taken
by the hidden-layer during encoding and decoding may yield clues as to what
problems there are in learning the task. Such analyses can yield information
about the nature of the representations developed, how the available hyper-
space is utilised and how the encoding and decoding trajectories are organ-
ised in hyperspace. All of these may shed light on why the SRAAM failed to
learn the task set in Chapter 3. For example it may be that the SRAAMs
are squashing all of the encodings into a small area of hyperspace making it
difficult to discriminate between them. Analyses are thus presented here to:

e Determine whether and how the representations cluster. The represen-
tations may cluster in a particular manner, if so this clustering might
hinder the discriminations required for correct encoding and decoding
of the structures. Given the way the SRAAM operates it may be that
the representations cluster by the most recently added symbol as it has
the most influence at any particular stage. If so this could make it dif-
ficult to correctly decode earlier symbols. The clustering method used
here is Hierarchical Cluster Analysis (HCA), a technique that seems
to have become a standard analysis performed on connectionist rep-
resentations, e.g. it is used by Pollack (1990), Kwasny and Kalman
(1995) and Sharkey and Sharkey (1992). In HCA, one starts with a
pool of vectors, and selects the two that are closest together, to form a
node which has the two vectors as children, and is then labelled with
the average of the two vectors. This then replaces the two vectors in
the pool, and the process repeats itself until 1 tree is left. This tree
indicates how the vectors cluster. This is then usually plotted as a
dendrogram, where the length of the line linking one node to its chil-
dren is the same as the distance between the children. Section 5.3.1
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presents the results of performing HCA on the encodings produced by
the SRAAM for Chalmers’ sentences.

Determine the nature of the representations developed by the SRAAM.
It may be that the representations are “fragile” in that a small amount
of noise in the representations will lead to additional encoding and
decoding errors. An analysis of the encodings produced by SRAAM
would indicate this. For this purpose a variation of the single unit
lesioning performed by (Balogh, 1994) is employed. Balogh took the
encodings produced by the RAAM in Chalmers’ experiment and then
set each unit in turn to zero and decoded the result in order to see
what errors resulted. The distribution of errors would thus indicate
whether the values of specific units coded for specific information in the
sequences This technique is modified here to multiplying the lesioned
unit by some constant less than 1, and varying the constant to see
how much change is needed to induce errors. With this modification
the lesioning indicates both the sensitivity of the representation to noise
and how the coding of information in the sequences is distributed across
the units. To summarise; the SRAAM encoding for each sequence has
each unit in turn lesioned by multiplying it by some number less than
1 and then the encoding is decoded and the errors noted. Section 5.3.2
presents the results of this analysis on SRAAMs trained by both back-
propagation and Kwasny and Kalman’s method.

Determine how the encoding and decoding trajectories are organised.
The trajectories taken by encoding and decoding are important. Ideally
the decoding trajectories should be the reverse of the encoding trajec-
tories, although in practice there will be a small deviation even for
correct encoding and decoding. Given that the errors are occurring in
the decoding process one would expect significant differences between
the encoding and decoding trajectories to occur. Also it may be that
the decoding process is continually attracted towards a certain area
of hyperspace, thus leading to trajectories of all the sequences com-
ing together and interfering with each other. In the literature several
methods of plotting the encoding and decoding trajectories have been
used. A straightforward plot of the hidden units in hyperspace was em-
ployed by Blank et al. (1992). This is only practical when there are at
most three hidden units however. Another technique has been to plot
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the trajectories against the top two or three principal components of
the hidden layer patterns produced during encoding and decoding, as
employed by Sperduti et al. (1995) and Stolcke and Wu (1992). Whilst
this improves on the straightforward plotting in hyperspace, in that it
allows more information to be taken into account for each dimension
plotted, it potentially discards a lot of information since the top two or
three principal components may not account for all or even most of the
variation in the hidden layer patterns. Thus, both of these techniques
suffer from flaws — the first is impractical for more than 3 units, the
second discards information. The technique chosen here is to train a
self-organising map (SOM) (Kohonen, 1990) on the hidden layer pat-
terns produced during encoding and decoding and then plot the hidden
layer states on the resulting map. The SOM forms a topological map
of its inputs and can take into account all of the dimensions of the
input vectors. When supplemented with information about the areas
of hyperspace utilised during encoding and decoding, this forms a more
complete method of plotting the encoding and decoding trajectories.
Section 5.3.3 presents the results of this analysis.

Determine how the clustering of the representations and the encoding
and decoding trajectories evolve during training. It will also be useful to
know the “direction” in which the training is going as this will indicate
where the network is being pushed by the training method and whether
any problems might arise as a result. To this end the analyses of
the clustering of representations and the trajectories are performed at
regular intervals during training. These results are presented at the
end of the relevant sections — i.e. the HCA results are given at the
end of Section 5.3.1.

Determine the utilisation of hyperspace during encoding and decoding.
Each unit in the hidden layer can potentially take on any value on the
range (0,1) for sigmoidal units or (-1,1) for units employing the hyper-
bolic tangent activation function. If the range of values taken on by a
unit during encoding and decoding is small (e.g. the range (0.2,0.4))
this would indicate that the network is packing the hidden layer states
into a small portion of the available hyperspace and may have difficulty
discriminating between sequences as a result. Section 5.3.4 presents the
results of this analysis.
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5.3 Results

5.3.1 Hierarchical Cluster Analysis
Networks trained by back-propagation

Hierarchical cluster analysis (HCA) was performed on the encodings of each
sequence produced by all of the networks from Table 4.8 in order to find out
how the networks cluster the encodings, and to see if the clustering changes
at all as more and more sequences are learned. Figures 5.1 to 5.8 show
the dendrograms produced by the HCA for the networks trained by back-
propagation using sigmoidal activation on the 1 unit representation. Each
plot has been split into the top and bottom branches of the tree and plotted
with the top branch on one page and the bottom branch on the next in order
to aid legibility in the plots with large numbers of sequences. The letters in
each label are the first letters of each word in the sequences corresponding
to that point. For example, “dilbm” would stand in for “diane is love by
michael”.

All of the plots seem to show clustering by whether the sentence is active
or passive. However, as more sequences are learned, a secondary strategy of
clustering by the final symbol of the sequence comes into play. With the 20
sequence plots there seems to be no discernible pattern within the active and
passive clusters, whilst for 80 and 130 sequences there are clusters within
the active and passive clusters where the last letter of the label is the same,
although there are exceptions to this rule. One would expect the clustering
to have one or both of these features — the active and passive distinction
is significant involving different numbers of symbol in each sequence and the
final symbol in a sequence is the one most recently added to its encoding and
thus will have a stronger influence on the “shape” of the encoding. What this
shows is that the active/passive distinction is more prominent and that the
clustering by final symbol only comes into play when encoding large num-
bers of sequences and therefore packing more and more information into the
encodings. These patterns of clustering were repeated consistently across all
the networks trained by back-propagation as can be seen in the dendrograms
for the rest of the networks, which are reproduced in Appendix A.

In addition to the HCA performed on the above networks, HCA was also
performed on partially trained networks in the cases of the networks trained
on 20 and 130 sequences in order to investigate how the clustering evolved
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during training. The HCA was performed on the networks at roughly one
third and two thirds through training as well as at the end. Figures 5.9
to 5.16 show the dendrograms for the HCAs performed at one third and two
thirds through training for the networks trained with back-propagation using
sigmoidal units and the 1 unit representation. As can be seen, the clustering
strategies noted for the fully trained networks are evident at both one third
and two thirds of the way through training suggesting that the strategies
come into play early on in training leaving the rest of the training to improve
the encoding and decoding performance under these strategies. This is a
consistent finding across all the networks trained with back-propagation on
20 or 130 sequences, as can be seen from Figures A.25 to A.48 in Appendix A.
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Figure 5.1: Top branch of the HCA plot for the SRAAM trained on 20

sequences with back-propagation, sigmoidal units and the 1 unit representa-
tion.
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Figure 5.2: Bottom branch of the HCA plot for the SRAAM trained on 20
sequences with back-propagation, sigmoidal units and the 1 unit representa-
tion.
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Figure 5.3: Top branch of the HCA plot for the SRAAM trained on 40
sequences with back-propagation, sigmoidal units and the 1 unit representa-
tion.
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Figure 5.4: Bottom branch of the HCA plot for the SRAAM trained on 40
sequences with back-propagation, sigmoidal units and the 1 unit representa-

tions.
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Figure 5.5: Top branch of the HCA plot for the SRAAM trained on 80
sequences with back-propagation, sigmoidal units and the 1 unit representa-
tion.
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Figure 5.6: Bottom branch of the HCA plot for the SRAAM trained on 80
sequences with back-propagation, sigmoidal units and the 1 unit representa-
tion.
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Figure 5.7: Top branch of the HCA plot for the SRAAM trained on 130

sequences with back-propagation, sigmoidal units and the 1 unit representa-
tion.

113



jibbh

Figure 5.8: Bottom branch of the HCA plot for the SRAAM trained on 130
sequences with back-propagation, sigmoidal units and the 1 unit representa-
tion.
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Figure 5.9: Top branch of the HCA plot for the SRAAM trained on 20 se-
quences with back-propagation, sigmoidal units and the 1 unit representation
after 1500 iterations.
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Figure 5.10: Bottom branch of the HCA plot for the SRAAM trained on 20
sequences with back-propagation, sigmoidal units and the 1 unit representa-
tion after 1500 iterations.
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Figure 5.11: Top branch of the HCA plot for the SRAAM trained on 20 se-
quences with back-propagation, sigmoidal units and the 1 unit representation

after 3000 iterations.
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Figure 5.12: Bottom branch of the HCA plot for the SRAAM trained on 20
sequences with back-propagation, sigmoidal units and the 1 unit representa-
tion after 3000 iterations.

118



mkm

mhm

chh

Figure 5.13: Top branch of the HCA plot for the SRAAM trained on 130 se-
quences with back-propagation, sigmoidal units and the 1 unit representation
after 600 iterations.
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cihbd

Figure 5.14: Bottom branch of the HCA plot for the SRAAM trained on 130
sequences with back-propagation, sigmoidal units and the 1 unit representa-
tion after 600 iterations.
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dilbh

Figure 5.15: Top branch of the HCA plot for the SRAAM trained on 130 se-
quences with back-propagation, sigmoidal units and the 1 unit representation
after 1200 iterations.
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Figure 5.16: Bottom branch of the HCA plot for the SRAAM trained on 130
sequences with back-propagation, sigmoidal units and the 1 unit representa-
tion after 1200 iterations.
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Figure 5.17: Top branch of the HCA plot for the SRAAM trained on 20
sequences with Kwasny and Kalman’s method and the 1 unit representation.
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Networks trained via Kwasny and Kalman’s method

This section and Appendix A, Section A.2 presents the HCA plots for the
networks trained by Kwasny and Kalman’s method. The performance of
these networks is summarised in Table 4.9. Figures 5.17 to 5.24 show the
dendrograms for the networks trained by Kwasny and Kalman’s method on
the 1 unit representation. Here the pattern is somewhat different from that
shown with the back-propagation training. The clustering by final symbol is
much stronger and the clustering by whether the sequences is active/passive
has become the secondary strategy for all the SRAAMSs except the one trained
on 20 sequences. This may reflect the fact that the hidden layer is only 20
units compared to the 39 units used with the back-propagation networks,
resulting in the information being squeezed into a smaller vector and thus
increasing the influence of the most recently added symbol in determining the
“shape” of the vector for the final encoding. This pattern of clustering was
repeated for the other networks trained by Kwasny and Kalman’s method as
can be seen in the dendrograms reproduced in Appendix A, Section A.2.

As with the back-propagation networks, HCA was also performed on
partially trained networks. Due to differences between the operation of the
simulators, here the HCA is performed on networks trained to a tolerance of
0.16 and 0.04 as well as at the end of training® (which produced the HCA
plots discussed above). Figures 5.25 to 5.32 show the dendrograms for the
HCAs performed on the networks trained with 20 and 130 sequences using
the 1 bit representation, after training to the above tolerances. The clustering
strategies mentioned above are in evidence in all of the dendrograms, again
suggesting the strategy comes into effect early on in training. Again this was
a consistent finding across the networks trained on 20 and 130 sequences.
The dendrograms for the networks trained on the 2 bit representation are in
Appendix A, Section A.2.

!The Kwasny and Kalman training attempts to train to a tolerance of 0.01. It usually
manages 0.02.
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Figure 5.18: Bottom branch of the HCA plot for the SRAAM trained on 20
sequences with Kwasny and Kalman’s method and the 1 unit representation.
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Figure 5.19: Top branch of the HCA plot for the SRAAM trained on 40
sequences with Kwasny and Kalman’s method and the 1 unit representation.
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Figure 5.20: Bottom branch of the HCA plot for the SRAAM trained on 40
sequences with Kwasny and Kalman’s method and the 1 unit representations.
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Figure 5.21: Top branch of the HCA plot for the SRAAM trained on 80
sequences with Kwasny and Kalman’s method and the 1 unit representation.
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Figure 5.22: Bottom branch of the HCA plot for the SRAAM trained on 80
sequences with Kwasny and Kalman’s method and the 1 unit representation.
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Figure 5.23: Top branch of the HCA plot for the SRAAM trained on 130
sequences with Kwasny and Kalman’s method and the 1 unit representation.
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Figure 5.24: Bottom branch of the HCA plot for the SRAAM trained on 130
sequences with Kwasny and Kalman’s method and the 1 unit representation.
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Figure 5.25: Top branch of the HCA plot for the SRAAM trained on 20
sequences with Kwasny and Kalman’s method and the 1 unit representation
after training to a tolerance of 0.16.
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Figure 5.26: Bottom branch of the HCA plot for the SRAAM trained on 20
sequences with Kwasny and Kalman’s method and the 1 unit representation
after training to a tolerance of 0.16.
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Figure 5.27: Top branch of the HCA plot for the SRAAM trained on 20
sequences with Kwasny and Kalman’s method and the 1 unit representation
after training to a tolerance of 0.04.
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Figure 5.28: Bottom branch of the HCA plot for the SRAAM trained on 20
sequences with Kwasny and Kalman’s method and the 1 unit representation
after training to a tolerance of 0.04.
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Figure 5.29: Top branch of the HCA plot for the SRAAM trained on 130
sequences with Kwasny and Kalman’s method and the 1 unit representation
after training to a tolerance of 0.16.
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Figure 5.30: Bottom branch of the HCA plot for the SRAAM trained on 130
sequences with Kwasny and Kalman’s method and the 1 unit representation
after training to a tolerance of 0.16.

137



Figure 5.31: Top branch of the HCA plot for the SRAAM trained on 130
sequences with Kwasny and Kalman’s method and the 1 unit representation
after training to a tolerance of 0.04.
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Figure 5.32: Bottom branch of the HCA plot for the SRAAM trained on 130
sequences with Kwasny and Kalman’s method and the 1 unit representation

after training to a tolerance of 0.04.
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5.3.2 Representational lesioning

In addition to HCA, representational lesioning was applied to the networks
trained above. A single unit in the encoding for each sequence was perturbed
by a percentage of its value, and the extra encoding and decoding errors
induced by this perturbation noted. This was performed for each unit in
turn across every encoding and then for each position in the sequence, the
percentage of sequences with an error at that position was noted. Also the
percentage of sequences decoded to the wrong length was noted. To provide
direct comparison to Balogh’s analysis, the positions of each sequence are
split up into slots. For active sentences, slot 0, 1 and 2 are simply the first,
second and third words of the sequences respectively. For passive sentences,
slot 0 is the first word, slot 1 is the second and third words, and slot 2 is the
final two words. In Balogh’s thesis the slots are numbered 1 to 3 rather than
0 to 2 and corresponded to the three input and output banks of the ternary
RAAM used. Here errors in the length of the sequence are also plotted under
the label of “slot 3”. If the sequence is of incorrect length this counts as one
error. 1%, 10%, 50% and 90% perturbations were performed for each of the
networks. The graphs below plot the percentage error for each slot against
the unit lesioned.

Back-propagation networks

Figures 5.33 to 5.48 illustrate the results of lesioning the representations
developed by the SRAAMSs trained via back-propagation on the 1 unit rep-
resentation using sigmoidal units. The following observations can be made
of these graphs:

e There is a greater sensitivity to noise with the larger numbers of se-
quences learned as evidenced by the increased error levels with increas-
ing numbers of sequences.

e The error levels for a particular slot are higher the more deeply em-
bedded it is in the encoding, i.e. slot 0 tends to have higher error than
slot 1, and slot 1 tends to have higher error than slot 2. Slot 3, which
stands for the length of the sequence, tends to have similar error levels
to slot 0 or 1.

e Where the SRAAM has learned 80 or more sequences, a 1% perturba-
tion of a single unit can be enough to induce extra errors in encoding
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and decoding and 10% perturbation of a single unit is often enough to
cause errors in more than one slot.

e Perturbing the value of a single unit by 50% or more is usually enough
to cause errors across all the slots, and this holds for most units.

Taken together, these observations suggest that the SRAAM is developing
a distributed representation (though not perfectly distributed as evidenced by
the uneven levels of error across the units for each slot) that is highly sensitive
to error — 1% error on 1 unit being enough to cause errors in encoding and
decoding to occur when 80 sequences or more have been learned. Similar
results were found with sigmoidal units and the 2 unit representation as
can be seen in Appendix B, Section B.1.1, with the exception that slot 3
has much lower levels of error with the 2 unit representation than with the 1
unit representation suggesting that this information is encoded more robustly
than with the 1 unit representation.

Figures 5.49 to 5.56 show the results of the lesioning on encodings de-
veloped by SRAAMs trained on the 1 unit representation using hyperbolic
tangent units for 20 and 130 sequences. The plots for 40 and 80 sequences can
be found in Appendix B, Section B.1.2. With the hyperbolic tangent units
there are significant differences compared to the sigmoidal units. Whilst it is
still the case that there is greater sensitivity to error with the greater number
of sequences learned, and for slots 0, 1 and 2 the sensitivity to error is higher
for the more deeply embedded slot, the error levels for slot 3, the length of
the sequence, are much higher than they are with the sigmoidal units and
much higher than the levels for the other slots, suggesting this information
is encoded in a very fragile manner. A 1% error on a single unit is enough
to cause errors in the length, even when everything else is unaffected, with
the exception of the network trained on 40 sequences. Even here, the length
shows higher levels of error than the other slots. Similar results were ob-
tained for the SRAAMs trained on the 2 unit representation and hyperbolic
tangent units as can be seen in Appendix B, Section B.1.2.
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Figure 5.33: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 20 sequences
and the 1 unit representation, using 1% noise. No errors were produced.
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Figure 5.34: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 20 sequences
and the 1 unit representation, using 10% noise. No errors were produced.
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Figure 5.35: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 20 sequences
and the 1 unit representation, using 50% noise.
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Figure 5.36: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 20 sequences
and the 1 unit representation, using 90% noise.

143



100 ‘ ‘ ‘ ‘ ‘
"lesion.seq40.99.slot.0" —
"lesion.seq40.99.slot.1" -----
"lesion.seq40.99.slot.2" -----
"lesion.seq40.99.slot.3"

80 |
<] 60 |
5]

[}

(=}

It

1=

Q

<4

& a0 | |
20 |
0 L L | 1 | | | | !

L L 1 L L I L ! I
1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39
Unit lesioned

Figure 5.37: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 40 sequences
and the 1 unit representation, using 1% noise. No errors were produced.
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Figure 5.38: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 40 sequences
and the 1 unit representation, using 10% noise.
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Figure 5.39: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 40 sequences
and the 1 unit representation, using 50% noise.
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Figure 5.40: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 40 sequences
and the 1 unit representation, using 90% noise.
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Figure 5.41: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 80 sequences
and the 1 unit representation, using 1% noise.
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Figure 5.42: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 80 sequences
and the 1 unit representation, using 10% noise.
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Figure 5.43: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 80 sequences
and the 1 unit representation, using 50% noise.
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Figure 5.44: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 80 sequences
and the 1 unit representation, using 90% noise.
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Figure 5.45: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 130 sequences
and the 1 unit representation, using 1% noise. A small amount of error was
produced at units 11, 16, 18, 20 and 33-36.
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Figure 5.46: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 130 sequences
and the 1 unit representation, using 10% noise.
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Figure 5.47: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 130 sequences
and the 1 unit representation, using 50% noise.
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Figure 5.48: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 130 sequences
and the 1 unit representation, using 90% noise.
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Figure 5.49: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and hyperbolic tangent units on 20
sequences and the 1 unit representation, using 1% noise.
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Figure 5.50: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and hyperbolic tangent units on 20
sequences and the 1 unit representation, using 10% noise.
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Figure 5.51: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and hyperbolic tangent units on 20
sequences and the 1 unit representation, using 50% noise.
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Figure 5.52: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and hyperbolic tangent units on 20
sequences and the 1 unit representation, using 90% noise.
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Figure 5.53: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and hyperbolic tangent units on 130
sequences and the 1 unit representation, using 1% noise.

100 T T T T
"lesiondata.9.slot.0" —
“lesiondata.9.slot.1" -----
"lesiondata.9.slot.2" -----
"lesiondata.9.slot.3"
80 B
5 60 J
5]
(2}
[=2]
154
€
Q
<4
& 40 | R
20 B
[ B = s e S BT S v S | L o I S ST
1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39

Unit lesioned

Figure 5.54: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and hyperbolic tangent units on 130
sequences and the 1 unit representation, using 10% noise.
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Figure 5.55: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and hyperbolic tangent units on 130
sequences and the 1 unit representation, using 50% noise.
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Figure 5.56: Results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and hyperbolic tangent units on 130
sequences and the 1 unit representation, using 90% noise.
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Networks trained via Kwasny and Kalman’s method

Figures 5.57 to 5.64 illustrate the results of lesioning the representations de-
veloped by the SRAAMs trained via Kwasny and Kalman’s method on 20
and 130 sequences. The results for 40 and 80 sequences can be found in
Appendix B, Section B.2. The representational lesioning plots for the net-
works trained by Kwasny and Kalman’s method are rather different to those
for networks trained by back-propagation. Firstly, the error levels are much
higher than with back-propagation. 1% error is enough to induce consider-
able levels of error in one or two slots regardless of the number of sequences
learned, with 50% or more leading to errors of 50-100% across most slots.
Secondly, the increased error associated with more deeply embedded infor-
mation is more pronounced here when compared to the networks trained by
back-propagation. The error levels for each slot are much more widely sep-
arated, and slot 2 tends to have fairly low levels of error whilst slot 0 has
the higher levels of error after slot 3. Similar results apply for the networks
trained on the 2 unit representation with Kwasny and Kalman’s method as
can be seen in Appendix B, Section B.2. Thus it seems that the represen-
tation developed here is still distributed, but much more sensitive to noise
than the representation developed with back-propagation.
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Figure 5.57: Results of perturbing each unit in encodings developed by the
SRAAM trained via Kwasny and Kalman’s method and Kwasny-Kalman
units on 20 sequences and the 1 unit representation, using 1% noise.

100 ‘ |
"lesiondata.9.slot.0" —
"lesiondata.9.slot.1" -----
"lesiondata.9.slot.2" -----
"lesiondata.9.slot.3"
80 |
5 60 - |
5]
(2}
=)
154
€
Q
<4
& 40 | “‘v |
20 I ‘ j -
0 L I I ! ) Lo ‘ ‘
1 3 5 7 9 11 13 15 17 19

Unit lesioned

Figure 5.58: Results of perturbing each unit in encodings developed by the
SRAAM trained via Kwasny and Kalman’s method on 20 sequences and the
1 unit representation, using 10% noise.
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Figure 5.59: Results of perturbing each unit in encodings developed by the

SRAAM trained via Kwasny and Kalman’s method on 20 sequences and the
1 unit representation, using 50% noise.
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Figure 5.60: Results of perturbing each unit in encodings developed by the

SRAAM trained via Kwasny and Kalman’s method on 20 sequences and the
1 unit representation, using 90% noise.
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Figure 5.61: Results of perturbing each unit in encodings developed by the

SRAAM trained via Kwasny and Kalman’s method on 130 sequences and
the 1 unit representation, using 1% noise.
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Figure 5.62: Results of perturbing each unit
SRAAM trained via Kwasny and Kalman’s
the 1 unit representation, using 10% noise.

in encodings developed by the
method on 130 sequences and
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Figure 5.63: Results of perturbing each unit in encodings developed by the
SRAAM trained via Kwasny and Kalman’s method on 130 sequences and

the 1 unit representation, using 50% noise.
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Figure 5.64: Results of perturbing each unit in encodings developed by the
SRAAM trained via Kwasny and Kalman’s method on 130 sequences and

the 1 unit representation, using 90% noise.
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5.3.3 Analyses of the encoding and decoding trajecto-
ries

For the networks trained on 20 and 130 sequences, the encoding and de-
coding trajectories were plotted on 25 x 25 self-organising maps (SOMs) of
the hidden-layer states produced by encoding and decoding the training set
of sequences used to train the SRAAMs. This analysis was performed twice
during training as well as on the completely trained network in order to see if
any trends occured during training. Section 5.3.3 presents the results of this
analysis for the networks trained with back-propagation and Section 5.3.3
presents the results for the networks trained with Kwasny and Kalman’s
method. The figures depict the trajectories taken across the SOMs. The
arrows show the direction of processing. The encoding and decoding tra-
jectories are plotted separately as are the trajectories for active and passive
sentences. The labels show which position in the sequence each point belongs
to, i.e. “0”s depict the first word, “1”s the next and so on.

Networks trained via back-propagation

Figures 5.65 to 5.70 show the encoding and decoding trajectories for the
SRAAMs with sigmoidal units trained on the 1 unit representation.

There are several things to note about these plots. Firstly there seems
to be no particular trend in the organisation of the trajectories as training
proceeds. All of the trajectories seem to be organised in a rather jumbled
manner. Secondly all of the labels seem to cluster together into one or two
groups per label, suggesting that the hidden layer states for a particular
position in different sequences are located in the same areas of hyperspace.
Thirdly, the encoding and decoding trajectories are similar to each other but
not identical for the plots of 20 sequences. For 130 sequences the similarity
of the encoding and decoding trajectories for active sentences is more pro-
nounced than for passive sentences, especially at the completion of training.
Ideally the encoding and decoding trajectories would be the reverse of each
other, however in practice this would not be achieved, but they would be
close. The greater similarity of the encoding and decoding trajectories for
active and passive sentences reflects the greater success the SRAAM has in
encoding and decoding these sequences compared to the passive sequences.

With the 2 unit representation (Figures C.1 to C.6), the networks trained
on 20 sequences, the plots are similar in form to the 1 unit representation.
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However with 130 sequences, the plot after 1000 iterations shows all the
points collapsing to two points on the SOM, which taken at face value sug-
gests that all the hidden layer states are very similar to each other and fall
into one of 2 groups. By the end of training the points are well spread out
again, showing the same features as in the other plots, such as the labels
clustering together and greater similarity in the encoding and decoding tra-
jectories for active sentences than for the passive sentences.

Figures 5.71 to 5.76 show the encoding and decoding trajectories for the
SRAAMs with hyperbolic tangent units trained on the 1 unit representation.
The plots for the SRAAM trained on 20 sequences here all show the hidden
layer states being mapped onto two or three points. The plots after 2600
iterations and at the end of training all show the states being mapped to
two points whilst the plot after 5000 iterations shows that passive sentences
are mapped onto three points, with the third word (label “2”) sometimes
being mapped onto one point and the rest onto the other two. The plots for
130 sequences start off with the same phenomenon and then revert to the
behaviour of the earlier plots.

Figures 5.77 to 5.82 show the encoding and decoding trajectories for the
SRAAMs with hyperbolic tangent units trained on the 2 unit representation.
The 20 sequence plots here revert to the form of the plots for the sigmoidal
units and 1 unit representation, however the 130 sequence plots show the
same collapsing of the hidden-states to two points for the active sequences,
but with a cluster of points for the passive sequences. Again the encoding
and decoding trajectories for the active sequences are more similar than for
the passive in this case, and the plots suggest that the hidden layer states
for the passive sequences are more spread out than for the active sequences.
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Figure 5.65: Encoding and decoding trajectories for the SRAAM trained on
20 sequences with the 1 unit representation and sigmoidal units after 1500
iterations. Active sentences on the left, passive on the right.
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Figure 5.66: Encoding and decoding trajectories for the SRAAM trained on
20 sequences with the 1 unit representation, back-propagation and sigmoidal
units after 3000 iterations. Active sentences on the left, passive on the right.
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Figure 5.67: Encoding and decoding trajectories for the SRAAM trained on
20 sequences with the 1 unit representation, back-propagation and sigmoidal
units after 4318 iterations (training complete). Active sentences on the left,

passive on the right.
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Figure 5.68: Encoding and decoding trajectories for the SRAAM trained on
130 sequences with the 1 unit representation, back-propagation and sigmoidal
units after 600 iterations. Active sentences on the left, passive on the right.
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Figure 5.69: Encoding and decoding trajectories for the SRAAM trained on
130 sequences with the 1 unit representation, back-propagation and sigmoidal
units after 1200 iterations. Active sentences on the left, passive on the right.
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Figure 5.70: Encoding and decoding trajectories for the SRAAM trained on
130 sequences with the 1 unit representation, back-propagation and sigmoidal
units after 1820 iterations. Active sentences on the left, passive on the right.
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Figure 5.71: Encoding and decoding trajectories for the SRAAM trained on
20 sequences with the 1 unit representation and hyperbolic tangent units
after 2600 iterations. Active sentences on the left, passive on the right.
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Figure 5.72: Encoding and decoding trajectories for the SRAAM trained on
20 sequences with the 1 unit representation, back-propagation and hyperbolic
tangent units after 5000 iterations. Active sentences on the left, passive on
the right.
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Figure 5.73: Encoding and decoding trajectories for the SRAAM trained on
20 sequences with the 1 unit representation, back-propagation and hyperbolic
tangent units after 7571 iterations (training complete). Active sentences on
the left, passive on the right.
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Figure 5.74: Encoding and decoding trajectories for the SRAAM trained on
130 sequences with the 1 unit representation, back-propagation and hyper-
bolic tangent units after 100 iterations. Active sentences on the left, passive
on the right.
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Figure 5.75: Encoding and decoding trajectories for the SRAAM trained on
130 sequences with the 1 unit representation, back-propagation and hyper-
bolic tangent units after 200 iterations. Active sentences on the left, passive
on the right.
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Figure 5.76: Encoding and decoding trajectories for the SRAAM trained on
130 sequences with the 1 unit representation, back-propagation and hyper-
bolic tangent units after 270 iterations. Active sentences on the left, passive
on the right.
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Figure 5.77: Encoding and decoding trajectories for the SRAAM trained on
20 sequences with the 2 unit representation, back-propagation and hyperbolic
tangent units after 1500 iterations. Active sentences on the left, passive on

the right.
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Figure 5.78: Encoding and decoding trajectories for the SRAAM trained on
20 sequences with the 2 unit representation, back-propagation and hyperbolic

tangent units after 3000 iterations. Active sentences on the left, passive on
the right.
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Figure 5.80: Encoding and decoding trajectories for the SRAAM trained on
130 sequences with the 2 unit representation, back-propagation and hyper-
bolic tangent units after 100 iterations. Active sentences on the left, passive
on the right.
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Figure 5.81: Encoding and decoding trajectories for the SRAAM trained on
130 sequences with the 2 unit representation, back-propagation and hyper-
bolic tangent units after 200 iterations. Active sentences on the left, passive
on the right.
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Figure 5.82: Encoding and decoding trajectories for the SRAAM trained on
130 sequences with the 2 unit representation, back-propagation and hyper-
bolic tangent units after 243 iterations. Active sentences on the left, passive
on the right.
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Networks trained via Kwasny and Kalman’s method

Figures 5.83 to 5.88 show the encoding and decoding trajectories for the
SRAAMSs trained with Kwasny and Kalman’s method on the 1 unit repre-
sentation. All of the plots here show the hidden layer states collapsing to 2
points as did the plots for the 2 unit representation (see Appendix C), with
the exception of the plots of 130 sequences trained to a tolerance of 0.16
where the hidden layers collapsed to just one point!
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Figure 5.83: Encoding and decoding trajectories for the SRAAM trained
on 20 sequences with the 1 unit representation and Kwasny and Kalman’s
training after training to a tolerance of 0.16. Active sentences on the left,
passive on the right.
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Figure 5.84: Encoding and decoding trajectories for the SRAAM trained
on 20 sequences with the 1 unit representation and Kwasny and Kalman’s
training after training to a tolerance of 0.04. Active sentences on the left,
passive on the right.
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Figure 5.85: Encoding and decoding trajectories for the SRAAM trained
on 20 sequences with the 1 unit representation and Kwasny and Kalman’s
training after training has completed. Active sentences on the left, passive
on the right.
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Figure 5.86: Encoding and decoding trajectories for the SRAAM trained
on 130 sequences with the 1 unit representation and Kwasny and Kalman’s
training after training to a tolerance of 0.16. Active sentences on the left,
passive on the right.
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Figure 5.87: Encoding and decoding trajectories for the SRAAM trained
on 130 sequences with the 1 unit representation and Kwasny and Kalman’s
training after training to a tolerance of 0.04. Active sentences on the left,
passive on the right.

184



Decoding trajectories

20r b 20r

5+ b 5+

0F b 0F

0 I I I I 0 I I I I

0 5 10 15 2 0 5 10 15 2

Encoding trajectories

20r b 20r

5+ b 5+

0F b 0F

0 I I I I 0 I I I I

0 5 10 15 2 0 5 10 15 2

Figure 5.88: Encoding and decoding trajectories for the SRAAM trained
on 130 sequences with the 1 unit representation and Kwasny and Kalman’s
training after training has completed. Active sentences on the left, passive
on the right.
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5.3.4 Utilisation of hyperspace

This section presents the results of computing the utilisation of hyperspace
by the SRAAMs trained to learn 20 and 130 sequences presented in Chap-
ter 4, Section 4.5.3. The graphs presented here depict the maximum, average
and minimum activation of the units in the hidden layer patterns produced
during encoding and decoding the sequences in the training set for each net-
work. They thus depict the area of hyperspace utilised by the SRAAMs in
organising the hidden-layer states.

Networks trained by back-propagation

Figures 5.89 to 5.90 show the range of activations generated by the hid-
den layer during encoding and decoding for the networks trained by back-
propagation using sigmoidal units and the 1 unit representation. Generally
speaking the range of activations generated for each unit in the hidden-layer
spans the bulk of the range of activations that the sigmoid function can pro-
duce, i.e. the range (0,1), with a few units where the range of activations
is curtailed. The plots for the networks trained on the 2 unit representation
with sigmoidal units can be found in Appendix D, Section D.1. Most of
these plots are similar in form to the equivalent plots for the 1 unit represen-
tation. However for the network trained on the 2 unit representation, with
130 sequences after 100 iterations the range of values taken on by all units
is constrained to a small fraction of the possible range. Note that with the
encoding and decoding trajectories plotted on the SOMs this was one of the
networks where the set of hidden-layer states mapped onto just two points,
and thus this provides an explanation for why that happened — all the points
where closely clustered together. However at the completion of training the
range of values spanned suggests fairly well spread out hidden-layer states
within hyperspace.

Figures 5.91 to 5.92 and Figures D.3 to D.4 from Appendix D, Section D.1
depict the range of activations produced for the networks trained by back-
propagation using hyperbolic tangent units. The general pattern is similar to
that for the sigmoidal units. However some of these networks had the hidden-
layer states map to only two points when plotted on the SOMs, but without
the narrower activation ranges to explain this as found when this happened
with the sigmoidal units. However the distribution of the hidden-layer states
within the ranges of activation depicted above is not known: it may be that
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the points are closely clustered in two groups, one near the maximum and
the other near the minimum patterns of activation when the collapse to two
points occurs on the SOM.
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Figure 5.89: The range of hidden-layer activations generated during encoding
and decoding, for the SRAAM trained on 20 sequences with sigmoidal units
and the 1 unit representation using back-propagation.
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Figure 5.90: The range of hidden-layer activations generated during encoding
and decoding, for the SRAAM trained on 130 sequences with sigmoidal units
and the 1 unit representation using back-propagation.
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Figure 5.91: The range of hidden-layer activations generated during encod-
ing and decoding, for the SRAAM trained on 20 sequences with hyperbolic
tangent units and the 1 unit representation using back-propagation.
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Figure 5.92: The range of hidden-layer activations generated during encoding
and decoding, for the SRAAM trained on 130 sequences with hyperbolic
tangent units and the 1 unit representation using back-propagation.
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Networks trained by Kwasny and Kalman’s method

Figures 5.93 to 5.94 depict the range of activations generated during en-
coding and decoding for the networks trained with Kwasny and Kalman’s
method on the 1 unit representation. The results for the 2 unit representa-
tion are presented in Appendix D, Section D.2. Here the range of activations
generated is much lower than for most of the back-propagation networks.
Without exception the encoding and decoding trajectories of these networks
mapped to just two points in the previous section, again in line with the
explanations for this phenomenon given for some of the networks trained by
back-propagation. However the narrower range of activations may be due
to the smaller size of the SRAAM used for Kwasny and Kalman’s method
rather than the training method per se. To test this possibility, the range
of activation generated during encoding and decoding was computed for the
39 unit SRAAMs trained by Kwasny and Kalman’s method in Chapter 3.
Figure 5.95 presents the results. The range of activations generated for the
1 unit representations is obviously narrower than for the back-propagation
networks above, but wider than for the networks trained via Kwasny and
Kalman’s method. For the 2 unit representation the range of activations was
wider than the 1 unit representations but still on close inspection slightly
narrower than for the networks trained with back-propagation. More units
have a narrow range than with the back-propagation networks and the rest
of the units do not span the full range of the activation function as often
as with back-propagation. Thus this is evidence that the hidden-layer pat-
terns are packed somewhat more closely together for Kwasny and Kalman’s
method than for back-propagation. It may be that the distribution of the
hidden-layer patterns is tighter than the range of activations suggests, but a
more detailed analysis would be needed to confirm this.
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Figure 5.93: The range of hidden-layer activations generated during encod-
ing and decoding, for the SRAAM trained on 20 sequences with the 1 unit
representation using Kwasny and Kalman’s training method.
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Figure 5.94: The range of hidden-layer activations generated during encoding
and decoding, for the SRAAM trained on 130 sequences with the 1 unit
representation using Kwasny and Kalman’s training method.
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Figure 5.95: The range of hidden-layer activations generated during encoding
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5.4 Discussion

The analyses presented above produced the following findings:

The SRAAMs cluster the sequences by two strategies; clustering by
whether the sequence is an active or passive sentence and clustering by
the last symbol of the sequence. With the back-propagation networks
the former strategy is dominant and with the networks trained by back-
propagation the latter is dominant. The latter strategy is also more
evident as the number of sequences learned increases.

The encodings produced by the SRAAM are sensitive to noise. With
back-propagation a 10% perturbation of a single unit in the encoding is
sufficient for significant errors to be induced on top of those produced in
encoding and decoding processes. With Kwasny and Kalman’s method,
a 1% perturbation of a single unit is sufficient for significant extra errors
to be produced.

The representations produced by the SRAAM thus seem to be both
fragile and, broadly speaking, distributed; lesioning one unit is often
sufficient to cause errors across all the slots, though the error levels
generated will vary. The most deeply embedded information is usually
the most severely affected by the lesioning.

The trajectories produced by the SRAAM displayed the following char-
acteristics: hidden layer states for the same position in different se-
quences cluster together; there is a tendency for the trajectories to
map to just two points, especially for networks trained by Kwasny
and Kalman’s method; the similarity in the encoding and decoding
trajectories of the active sentences is usually higher than with passive
sentences, except where the trajectories all map to just two points.

The range of activations produced during encoding and decoding sug-
gests the hidden layer states produced by networks trained by back-
propagation utilise most of the available hyperspace, but with the net-
works trained by Kwasny and Kalman’s method the available hyper-
space is not as extensively utilised.

These findings provide an explanation for the difficulties in training. With
Kwasny and Kalman’s method, the hidden layer states get packed into a small
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area of hyperspace and the network therefore has to make its distinctions
between sequences, and between words within sequences, on patterns which
are very similar. Thus it is not surprising that deeply embedded information
is corrupted. This explanation is backed up by both the sensitivity to noise,
the tendency of the encoding and decoding trajectories to map to just 2
points and the narrow range of activations used. With back-propagation the
available hyperspace seems better utilised as evidenced by the wider range
of activations generated during encoding and decoding and the decreased
tendency of the trajectories to map to just 2 points. The sensitivity to
noise is lower than with Kwasny and Kalman’s method but still fairly high
— only a 10% perturbation of a single unit is required to cause significant
errors during encoding and decoding. This can be explained by the fact that
the hidden layer states for the same position in different sequences cluster
together; the states for the final position (the point at which encoding finishes
and decoding starts) will be closely clustered together even if otherwise the
hidden-layer states are spread out. Thus errors introduced into the patterns
in this state are likely to corrupt the patterns and may move the pattern
outside of the cluster.

When taken together with the results from Chapter 4 the picture is of
solutions that are difficult to find (at least with back-propagation), a rugged
error landscape and partial solutions that are sensitive to noise both in the
weights and in the hidden-layer patterns. The tendency for the hidden-layer
patterns to cluster together may explain why the solution is difficult to find.
With the hand-derived solutions the activations produced in the hidden layer
during encoding and decoding are all close to the extremes (and in some cases
the mid-point) of the sigmoid or hyperbolic tangent functions by design. This
results in hidden-layer patterns that are distributed around the boundaries
of the available hyperspace. Thus the patterns are more spread out than
those produced during training. This suggests that if some way could be
found to keep the hidden-layer patterns separate it may improve training.
However, on the face of it, the performance of the networks suggest the
opposite — Kwasny and Kalman’s training is by far the more successful of
the two methods employed and it produces hidden layer patterns that are
closely clustered together. These points can be reconciled however. That the
range of hidden-layer activations, the clustering strategies and organisation of
the encoding and decoding trajectories show no strong trends during training
suggests that the basic strategy for organising the hidden-layer patterns is
adopted early in training and then refined with extra training. It may be
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that Kwasny and Kalman’s method is better at making this (or any) strategy
work than back-propagation and that if the basic strategy is changed to try
and keep the patterns separate, easier training, better performance and more
robust representations might result. This hypothesis is backed up by the
good performance of Kwasny and Kalman’s method when started from the
hand-derived solutions with noise added to the weights. The starting point
in this case will already exhibit some of the features of the hand-derived
solution — a solution which has widely spaced hidden-layer patterns — and
the training will thus refine the basic strategy of that solution. To test this
hypothesis the range of activations produced by the hand-derived solutions
for SRAAMs with 20 hidden units which had 10% noise added and were
trained with Kwasny and Kalman’s method were computed. The results are
plotted in Figure 5.96. As can be seen the range of activations produced
is far wider than with the networks trained from a random starting point.
It is also worth noting though that the range of activations is narrower for
some units than would be the case with the original hand-derived solution
suggesting a different error-free solution has been found?. The tendency of
Kwasny and Kalman’s method to otherwise cluster the hidden-layer states
together from early in training also explains why it fails to find the solution
from the normal random distribution of weights around zero. This tendency
may get in the way of what is needed to find an error-free solution.

Finally, the fact that the representations are distributed and fragile is
in direct contrast to the common assumption that distributed representa-
tions are robust representations (e.g. Sharkey and Reilly (1992) describe
distributed representations as being “more resistant to disruption” than lo-
calist representations). The results reported here show that a distributed
representation need not be robust and may actually be highly sensitive to
noise (e.g. the representations developed using Kwasny and Kalman’s train-
ing), and thus demonstrates that one cannot assume that a representation is
robust simply because it is distributed. This is not to say that distributed
representations cannot be robust, merely that their distributedness does not
necessarily guarantee it.

2Recall that the solutions employed internal representations consisting of “17s, “0.5”s
and “0s” or “1”s, “0”s and “-1”s depending on whether sigmoidal or hyperbolic tangent
units were in use. The graph clearly indicates a truncation of the range of activations for
several units.
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Figure 5.96: The range of hidden-layer activations generated during encod-
ing and decoding, for the 20 unit SRAAMs which were trained from the
weights from hand-derived solutions with 10% noise added using Kwasny
and Kalman’s method.
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Chapter 6

Implications: The SRAAM and
Holistic Computation

6.1 What has been achieved?

Chapter 1 listed the following aims for this thesis:

1. To clarify the nature and definition of holistic computation by answer-
ing the following questions:

e What is holistic computation?

e In the light of Balogh’s critique of Chalmers’ work (Balogh, 1994),
does the work which claims to demonstrate holistic computation
in fact do so?

e Are distributed or holistic representations necessary for holistic
computation?

e [s holistic computation unique to connectionism?

2. To investigate how well the representations generated by the Sequen-
tial RAAM can support the holistic processing of symbol structures as
follows:

e An attempt to recreate Chalmers’ (1990a) experiment using the
Sequential RAAM.
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e Analysing the behaviour of the SRAAM in the above experiment
to investigate whether the technique can scale up and whether it
can be improved.

The first of these aims was addressed in Chapter 2. It was argued there
that holistic computation had been defined in a vague and sometimes con-
fused manner in the literature and proposed a new definition to clarify the
issues involved, thus making a start at least on the critical examination of the
concept of holistic computation argued for in Chapter 1. Its main conclusions
were:

A holistic computation is “any computational process that can act on
all of the constituents of an object simultaneously out with the need to
search to access those constituents”. This definition makes it explicit
what constitutes a holistic computation and answers the first question.

e Most types of neural network perform a trivial form of holistic compu-
tation. The input vectors are transformed holistically into the output
vectors. However the bulk of the literature on holistic computation has
as its main focus the holistic processing of symbolic structures, referred
to here as “holistic symbol processing”.

e Neither holistic computation nor the holistic symbol processing require
a holistic representation, contrary to the often implicit assumptions of
much of the literature, answering the third question.

e Confluent inference is a separate phenomenon from holistic symbol pro-
cessing, and by itself involves only the trivial form of holistic compu-
tation mentioned above.

e [t follows from the above that Chalmers did demonstrate holistic sym-
bol processing as does most of the RAAM based work being performed.
However Chrisman and Ho and Chan demonstrate only confluent in-
ference and not holistic symbol processing. This is the answer to the
second question.

e In principle at least, holistic computation and holistic symbol process-
ing are not restricted to connectionist systems, which answers the final
question.
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By drawing out these points, it is hoped the work presented in Chapter 2 will
lead to a better understanding of holistic computation and holistic symbol
processing and therefore what some connectionists have been trying to ex-
ploit. At any rate the nature of holistic computation has been clarified and
the questions listed above answered.

The second aim was addressed in Chapters 3, 4 and 5. Chapter 3 pre-
sented an attempt to recreate Chalmers’ experiment but using the SRAAM
in place of the RAAM, whilst Chapters 4 and 5 analysed the performance of
the SRAAM. The following are the main findings from these chapters:

e The SRAAM was unable to learn to encode and decode 130 of the
sequences from Chalmers’ set with a hidden-layer of up to 39 units,
although one of the training runs managed to encode and decode over
85% of the entire set of 250 sequences without error. However the
inability to learn to encode and decode its training set without error
and the 50.8% or lower performance of the rest of the training runs
suggests that the SRAAM would not be viable for larger tasks even so.

e The partial solutions found by the SRAAM were sensitive to noise both
in the weights and the hidden-layer activations.

e The SRAAM was developing a distributed but fragile representation.

e [t was shown that an error-free solution is known to exist for SRAAMs
of 20 or more hidden units, but that under back-propagation the area of
weight-space it and any nearby error-free solutions that exist are acces-
sible from is small. Under Kwasny and Kalman’s method the area was
much larger, but still apparently inaccessible from the normal starting
points of weights distributed uniformly in a range centred around zero.

e [t was also shown that given a set of sequences of maximum length L,
made up from a set of M symbols, one can construct a working SRAAM
with a hidden layer of L x [lg(M)] hidden units, if the symbols are
represented by orthogonal patterns.

The overall message from these findings is rather negative for the SRAAM
in its current form, since it was unable to learn the task and suffered from
high sensitivity to noise. The findings did suggest that it may be possible to
improve the performance of the SRAAM, however. The fact that error-free
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solutions do exist for 20 or more hidden units is one indication that this
may be possible. Furthermore, the SRAAM seems to settle on a strategy for
organising the hidden-layer patterns early in training and then subsequently
refines it, as evidenced by the lack of a strong trend during training in the
clustering strategies or the organisation of the encoding and decoding tra-
jectories when measured at three points in training. It was noted that the
encodings for the complete sequences were clustered together (as evidenced
both by sensitivity to noise and by the encoding and decoding trajecto-
ries) even if the remaining hidden-layer states appeared spread out. If some
way could be found to keep the hidden-layer states well separated (closer in
organisation to the hand-derived solutions than the partial solutions being
learned) it may help training. That Kwasny and Kalman’s network had good
performance on finding error free solutions when noise had been added to the
hand-derived solutions and that the resulting hidden-layer states were more
spread out than for the partial solutions seems to confirm that if the basic
strategy spreads the hidden-layer states out in hyperspace, then it may be
possible to learn the encoding and decoding task without error. It appears
that the SRAAM in its current form is not as effective a vehicle for holistic
symbol processing as the RAAM in that it requires much larger represen-
tations and is sensitive to noise, but it might be possible to improve the
SRAAM if a way can be found to keep the hidden-layer patterns separated
during training. Thus it appears that in its current form the SRAAM will
not scale up well as it does not even match the performance of the RAAM,
but there is scope for improving its performance.

6.2 Novel features of this work.

There are some novel aspects to this work when compared to earlier work on
holistic computation and earlier analyses of connectionist representations.
Firstly whilst analyses of encoding and decoding trajectories have been
performed before these have either involved plotting the hidden layer patterns
produced directly, which is impractical for hidden layers greater than 3 units
in size, or have plotted the top 2 or 3 principal components of the patterns
which risks losing information if they do not account for all of the variation in
the data. This work’s novel use of a SOM to plot the trajectories is intended
to address these deficiencies in earlier work, since the SOM can take into
account all of the variation in the data when making its map. When taken
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along with the range of activations used in each unit, this provides more
information than either of the earlier methods.

Secondly the author is not aware of any work which specifically sets out
to test the sensitivity of a compositional connectionist representation (such
as the RAAM or SRAAM) to disruption of the activations of the units that
form the representation, as is done with the representational lesioning here.
The technique itself includes a novel adaptation of Balogh’s single unit le-
sioning technique to allow the sensitivity to noise to be accurately measured.
Earlier analyses have only looked at whether a representation is localist or
distributed and have ignored whether it is sensitive to noise or robust per-
haps because of the common assumption that distributed representations are
robust. The sensitivity to noise of a representation is important since a frag-
ile representation may have problems scaling to large, complex tasks, and
since neural networks can rarely achieve perfectly correct output. As noted
in Chapter 5 the fact that the SRAAM developed a representation that was
both distributed and fragile invalidates the assumption of robustness for dis-
tributed representations.

6.3 Implications

6.3.1 Holistic Computation

The main implications of the work presented in this thesis for exploiting holis-
tic computation are that holistic symbol processing does not require holistic
representations; that it is not restricted to connectionist systems (at least
in principle); that confluent inference is a separate phenomenon, and that
a lot more work is needed to find out how best to effectively exploit holis-
tic computation. With regard to this last point, the work on the SRAAM
suggests that it is not the best vehicle for holistic symbol processing, con-
trary to the suggestions of Kwasny and Kalman that it may have advantages
over the RAAM, although there may be modifications which will improve its
performance and thus make it more attractive.

6.3.2 Connectionism

The work presented here suggests that whilst connectionist systems may in
principle be well suited to holistic symbol processing (since they process their

204



input vectors holistically), holistic symbol processing is not unique to con-
nectionism. Further the current state of holistic symbol processing suggests
more work is needed to exploit holistic symbol processing effectively within
connectionist systems. Much of the work that has already been done has
been “in principle” work that demonstrates the possibility of holistic symbol
processing. There is a need to move beyond this sort of work and to demon-
strate complex tasks being performed holistically in order to show that (or
determine whether) connectionist methods can be employed effectively for
holistic performance of symbolic tasks. The work here has barely touched
on this issue, save in so far as it has examined whether the SRAAM might
scale up well to complex tasks, where it seems that in its current form at
least it probably will not. It remains the case that holistic symbol processing
is an interesting possibility that has yet to achieve the power and success of
traditional symbolic methods.

On the other hand the work here does illustrate a methodology for evalu-
ating the connectionist representations that have been or are being developed
to support holistic symbol processing, which is to not only see whether some
task can be successfully performed but to analyse both the weights and the
hidden layer patterns produced to see whether there are limitations to the
technique, and to see what scope there is for improving performance. An
effort to find out what makes the other techniques work (or fail) will improve
the understanding of connectionist methods of producing compositional rep-
resentations and connectionist holistic processing techniques. This would
form an important contribution towards understanding how to exploit holis-
tic computation in connectionist systems.

6.3.3 Symbolic approaches

Holistic symbol processing is something traditional symbolic methods do not
support, yet it is a new form of symbol processing. However as noted earlier,
it is an implication of the discussion in Chapter 2 that this need not be the
case in principle. Thus it may be worthwhile investigating whether symbolic
methods might be modified to support holistic symbol processing. What
would be needed is some way of making the information required to perform
the task directly accessible to the processes performing the task. This may
require employing vector-based representations as in connectionist networks.
If it can yield performance improvements it may be worth investigating.
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6.4 Areas for Future Work

Whilst the work in this thesis has achieved the aims set out above, there
are a number of ways in which the work could be extended to further the
understanding of holistic computation, connectionist representations and the
SRAAM itself. This section presents some ideas for further work in line with
these aims.

6.4.1 Modifications to the SRAAM

The basic message from the work in this thesis is that the SRAAM, as it
currently stands, is not an effective vehicle for holistic symbol processing and
that other methods would be preferred for exploiting holistic computation.
However it has also been argued that there may be scope for improving
the performance of the SRAAM. It may therefore be worth investigating
this possibility to see if the SRAAM can be turned into an effective vehicle
for holistic symbol processing or to see what lessons might be learned with
respect to improving other techniques. A number of suggestions are presented
below:

e Often it is the more deeply embedded information that the SRAAM
fails to encode and decode correctly. One strategy to improve perfor-
mance would be to reinforce information added to SRAAM encodings
in the early stages of encoding in some way to counter the effect of
adding information later on. This could be achieved by adding another
feedback loop to the SRAAM, so that rather than just feeding back
the hidden-layer from the previous time-step, the hidden-layer from
the previous time-step but one is also fed back.

e The analysis suggested that if the hidden-layer patterns could be kept
well separated during training it might improve the performance of
the SRAAM. One way of testing this hypothesis would be to adapt
the context-biasing technique developed by French (1994), for use with
SRAAMs to see if this improves training and performance. French
modified back-propagation training so that for each pattern, the hid-
den layer pattern would be modified to increase the distance between
it and the previous hidden layer pattern in proportion to how far apart
the current target output and the previous one are. The weights be-
tween the input layer and hidden layer were modified to “lock in” the
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modifications to the hidden layer pattern. The end result was that well-
separated distributed representations were developed for the data the
network was trained on. This technique was developed on feed-forward
networks but could be adapted for the SRAAM fairly easily, to attempt
to produce well-separated and well-distributed hidden-layer patterns.
If this works, it would reduce interference between the representations
and may thus improve the performance of the SRAAM without alter-
ing the architecture. This would also confirm the conclusions about
the SRAAM presented in this thesis.

e In Chapter 4 it was pointed out that the encoder and decoder are
two layer networks, and may have limited power as a result. Adding
an additional hidden layer to either or both of the subnetworks, will
increase the power of them, and may allow them to learn longer and
more complex sequences.

6.4.2 Further analysis of the SRAAM

The analysis presented in this thesis was aimed at understanding how the
SRAAM works in order to find out why it failed to learn to encode and decode
Chalmers’ sentences without error and whether it may be possible to improve
the SRAAM’s performance. It has shed light on why the SRAAM failed to
learn the task, suggesting that it is due to the tendency of the SRAAM to
pack the hidden-layer patterns closely together in hyperspace. However there
are unanswered questions as to why this tendency exists and under what
conditions it is likely to cause problems. Since other researchers have used
the SRAAM successfully on some tasks, an investigation into precisely what
causes this behaviour and under what conditions it will be a problem may
therefore be warranted. Such an investigation may involve further use of the
techniques presented here and, if possible, formal analyses of the SRAAM’s
properties which would complement the experimental analyses used here.
Formal analyses may also yield deeper insights into the SRAAM’s behaviour
than the experimental analysis presented here. The insights gained from such
an investigation would be of importance not only to those who wish to use or
improve upon the SRAAM, but also to the development of other techniques
derived from the RAAM and of course the RAAM itself.

Some preliminary work for the investigation mentioned above would be
to find out under what conditions the encoding and decoding trajectories
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get mapped to just two or three points when back-propagation is used as
the training method, as occurred with the work presented above. It was
not possible to fully explain why this was happening with the information
made available by the analyses presented here. What is needed is to find out
under exactly what conditions this occurs with back-propagation and exactly
how the hidden-layer patterns are distributed within hyperspace when this
happens. An extensive investigation would involve training runs starting
from several different random sets of weights and systematic variation of the
learning rate, momentum, hidden-layer sizes and activation functions used.

6.4.3 Analyses of other connectionist representations

There are several connectionist representations for a researcher to choose
from if they wish to attempt to exploit holistic computation in some manner.
As argued in Chapter 3, many of these techniques have not had extensive
investigations into their behaviour performed in order to understand what
limitations they may have and what their capacity for supporting holistic
symbol processing is. There is thus a need for such investigations to be
performed to further understanding of the specific techniques and how they
may be developed and to further understanding of how holistic computation
can be best exploited. The work presented here illustrates a methodology
to employ in such investigations, though where possible it should also be
complemented with formal analyses of the techniques as occurred with the
Labelling RAAM (Sperduti, 1993b). Considerations of whether the solution
for a class of tasks exist in principle, as illustrated in the proofs presented in
Chapter 4, may provide a starting point for such formal analyses.

An analysis of the RAAM along the lines suggested above would be par-
ticularly relevant, as the SRAAM is a simple variation of the RAAM, the
RAAM is currently the most widely used technique for work on holistic sym-
bol processing, and because the RAAM has been used as the basis for deriv-
ing several other techniques. Thus developing a thorough understanding of
the RAAM would yield insights into both connectionist representations and
holistic computation. Such an investigation should also look at what impact
the use of confluent inference has on the behaviour of both the RAAM and
the SRAAM. The more successful work with the SRAAM has often employed
confluent inference, and it has also been used with the RAAM (Niklasson and
Bodeén, 1994; Niklasson and Sharkey, 1997).
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6.4.4 Improving the analysis techniques

The previous section suggested that the analysis presented here illustrates
a methodology for analysing other techniques. However it is not necessarily
the case that the analysis should simply be applied to each technique without
change. The techniques use here have various limitations and there may be
other techniques, or improvements to the techniques used here that one may
wish to employ in further analyses. Some suggested improvements to the
analysis are presented here:

e Although the broad patterns of clustering, hyperspace utilisation and
the encoding and decoding trajectories were extracted, there remained
some ambiguity about precisely how the hidden-layer states were or-
ganised in hyperspace. The self-organising maps of the encoding and
decoding trajectories show the form of organisation but do not give in-
formation about where in hyperspace this takes place, hence one reason
for including the plotting of the range of activations generated during
encoding and decoding. Also where the trajectories mapped to just two
points, much of the organisational information is lost, though a higher
resolution map might retrieve this information. The plots showing the
range of activations generated during encoding and decoding are only
of limited usefulness, since the distribution of those activations is not
measured, thus it only shows the area of hyperspace utilised and not
the full extent to which that area is utilised. An improvement to this
part of the analysis would add the average distance between each pair
of hidden-layer patterns as a more direct measure of how spread out
they are, and might also show the range of activations, and the average
distance measure, produced for each position in a sequence. This would
yield a lot more information about how the hidden-layer patterns are
organised in hyperspace to complement the maps of the encoding and
decoding trajectories. Higher resolution maps of the trajectories might
also yield further information, as would the use of a three dimensional
map, though the latter might become difficult to interpret.

e The weight lesioning analysis showed the sensitivity to having a per-
centage of noise applied uniformly to every weight. It might also be
useful to know how sensitive the solutions are to having percentage
of the weights removed. The former method was useful since it also
indicate how large an area of weight-space the partial solutions were
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located in but the latter forms an alternative method of measuring the
network’s sensitivity to damage.

6.5 Conclusions

The ability of neural networks to process their input vectors holistically has
given rise to the possibility of performing symbol processing holistically. The
discovery of holistic symbol processing may be one of the more important
contributions of connectionist research as it is a form of symbol processing
hitherto unsupported by traditional symbolic systems. It therefore both pro-
vides a reason for preferring connectionist systems to symbolic systems and
the basis for an answer to the charge that connectionist symbol processing
mechanisms merely reimplement classical symbolic mechanisms. However in
order to be exploited to the full, a clear understanding of holistic computa-
tion, holistic symbol processing and what makes them possible needs to be
developed. This thesis has sought to clarify the nature of holistic compu-
tation and holistic symbol processing. It has further sought to investigate
the SRAAM’s ability to generate representations that support holistic sym-
bol processing and subsequently to understand why the SRAAM failed to
learn the task given to it in Chapter 3 and what lessons can be drawn from
this failure. Through these investigations, it is hoped that this thesis has
contributed to advancing the understanding of holistic computation, holistic
symbol processing and what makes them possible argued for above.
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Appendix A
HCA Plots

This appendix contains the dendrograms for the HCA experiments described
in Chapter 5. It is split into sections for networks trained via back-propagation
(Section A.1) and Kwasny and Kalman’s method (Section A.2).

A.1 Back-propagation networks

A.1.1 Fully Trained Networks

Figures A.1 to A.24 are dendrograms from fully trained back-propagation
networks.
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Figure A.1: Top branch of the HCA plot for the SRAAM trained on 20
sequences with back-propagation, sigmoidal units and the 2 unit representa-
tion.
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Figure A.2: Bottom branch of the HCA plot for the SRAAM trained on 20
sequences with back-propagation, sigmoidal units and the 2 unit representa-
tion.
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Figure A.3: Top branch of the HCA plot for the SRAAM trained on 40
sequences with back-propagation, sigmoidal units and the 2 unit representa-
tion.
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Figure A.4: Bottom branch of the HCA plot for the SRAAM trained on 40
sequences with back-propagation, sigmoidal units and the 2 unit representa-
tion.
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Figure A.5: Top branch of the HCA plot for the SRAAM trained on 80
sequences with back-propagation, sigmoidal units and the 2 unit representa-
tion.
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Figure A.6: Bottom branch of the HCA plot for the SRAAM trained on 80
sequences with back-propagation, sigmoidal units and the 2 unit representa-
tion.

217



jibbh

jihbh

finbh

Figure A.7: Top branch of the HCA plot for the SRAAM trained on 130
sequences with back-propagation, sigmoidal units and the 2 unit representa-
tion.
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Figure A.8: Bottom branch of the HCA plot for the SRAAM trained on 130
sequences with back-propagation, sigmoidal units and the 2 unit representa-

tion.
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Figure A.9: Top branch of the HCA plot for the SRAAM trained on 20
sequences with back-propagation, hyperbolic tangent units and the 1 unit
representation.
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Figure A.10: Bottom branch of the HCA plot for the SRAAM trained on
20 sequences with back-propagation, hyperbolic tangent units and the 1 unit
representation.
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Figure A.11: Top branch of the HCA plot for the SRAAM trained on 40
sequences with back-propagation, hyperbolic tangent units and the 1 unit
representation.
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Figure A.12: Bottom branch of the HCA plot for the SRAAM trained on
40 sequences with back-propagation, hyperbolic tangent units and the 1 unit
representation.
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Figure A.13: Top branch of the HCA plot for the SRAAM trained on 80
sequences with back-propagation, hyperbolic tangent units and the 1 unit
representation.
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Figure A.14: Bottom branch of the HCA plot for the SRAAM trained on
80 sequences with back-propagation, hyperbolic tangent units and the 1 unit
representation.
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Figure A.15: Top branch of the HCA plot for the SRAAM trained on 130
sequences with back-propagation, hyperbolic tangent units and the 1 unit
representation.
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Figure A.16: Bottom branch of the HCA plot for the SRAAM trained on
130 sequences with back-propagation, hyperbolic tangent units and the 1
unit representation.
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Figure A.17: Top branch of the HCA plot for the SRAAM trained on 20
sequences with back-propagation, hyperbolic tangent units and the 2 unit
representation.
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Figure A.18: Bottom branch of the HCA plot for the SRAAM trained on
20 sequences with back-propagation, hyperbolic tangent units and the 2 unit
representation.
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Figure A.19: Top branch of the HCA plot for the SRAAM trained on 40
sequences with back-propagation, hyperbolic tangent units and the 2 unit
representation.
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Figure A.20: Bottom branch of the HCA plot for the SRAAM trained on
40 sequences with back-propagation, hyperbolic tangent units and the 2 unit
representation.
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Figure A.21: Top branch of the HCA plot for the SRAAM trained on 80
sequences with back-propagation, hyperbolic tangent units and the 2 unit
representation.
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Figure A.22: Bottom branch of the HCA plot for the SRAAM trained on
80 sequences with back-propagation, hyperbolic tangent units and the 2 unit
representation.
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chd

Figure A.23: Top branch of the HCA plot for the SRAAM trained on 130
sequences with back-propagation, hyperbolic tangent units and the 2 unit
representation.
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Figure A.24: Bottom branch of the HCA plot for the SRAAM trained on
130 sequences with back-propagation, hyperbolic tangent units and the 2
unit representation.
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A.1.2 HCA plots for partially trained networks

Figures A.25 to A.48 show the dendrograms for networks trained with back-
propagation at approximately 1/3 and 2/3 of the way through training.
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Figure A.25: Top branch of the HCA plot for the SRAAM trained on 20 se-
quences with back-propagation, sigmoidal units and the 2 unit representation
after 1000 iterations.

236



mihbm

mibbj

milbc
mikbh
mikbd
dihbm
cihbe
linbe
hikbd
Libbh
Figure A.26: Bottom branch of the HCA plot for the SRAAM trained on 20

sequences with back-propagation, sigmoidal units and the 2 unit representa-
tion after 1000 iterations.
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Figure A.27: Top branch of the HCA plot for the SRAAM trained on 20 se-
quences with back-propagation, sigmoidal units and the 2 unit representation
after 2000 iterations.

238



clm

fom

hc
[hj

dkh

hki
—

hbd

mhd

mhm

Figure A.28: Bottom branch of the HCA plot for the SRAAM trained on 20
sequences with back-propagation, sigmoidal units and the 2 unit representa-
tion after 2000 iterations.
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Figure A.29: Top branch of the HCA plot for the SRAAM trained on 130 se-
quences with back-propagation, sigmoidal units and the 2 unit representation
after 500 iterations.
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chj
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Figure A.30: Bottom branch of the HCA plot for the SRAAM trained on
130 sequences with back-propagation, sigmoidal units and the 2 unit repre-
sentation after 500 iterations.
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Figure A.31: Top branch of the HCA plot for the SRAAM trained on 130 se-
quences with back-propagation, sigmoidal units and the 2 unit representation
after 1000 iterations.
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Figure A.32: Bottom branch of the HCA plot for the SRAAM trained on
130 sequences with back-propagation, sigmoidal units and the 2 unit repre-
sentation after 1000 iterations.

243



hbd

mhd

Figure A.33: Top branch of the HCA plot for the SRAAM trained on 20
sequences with back-propagation, hyperbolic tangent units and the 1 unit
representation after 2600 iterations.
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Figure A.34: Bottom branch of the HCA plot for the SRAAM trained on
20 sequences with back-propagation, hyperbolic tangent units and the 1 unit
representation after 2600 iterations.
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Figure A.35: Top branch of the HCA plot for the SRAAM trained on 20
sequences with back-propagation, hyperbolic tangent units and the 1 unit
representation after 5000 iterations.
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Figure A.36: Bottom branch of the HCA plot for the SRAAM trained on
20 sequences with back-propagation, hyperbolic tangent units and the 1 unit
representation after 5000 iterations.
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Figure A.37: Top branch of the HCA plot for the SRAAM trained on 130
sequences with back-propagation, hyperbolic tangent units and the 1 unit
representation after 100 iterations.
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Figure A.38: Bottom branch of the HCA plot for the SRAAM trained on
130 sequences with back-propagation, hyperbolic tangent units and the 1
unit representation after 100 iterations.
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Figure A.39: Top branch of the HCA plot for the SRAAM trained on 130
sequences with back-propagation, hyperbolic tangent units and the 1 unit
representation after 200 iterations.
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K

Figure A.40: Bottom branch of the HCA plot for the SRAAM trained on
130 sequences with back-propagation, hyperbolic tangent units and the 1
unit representation after 200 iterations.
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Figure A.41: Top branch of the HCA plot for the SRAAM trained on 20
sequences with back-propagation, hyperbolic tangent units and the 2 unit
representation after 1500 iterations.
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Figure A.42: Bottom branch of the HCA plot for the SRAAM trained on
20 sequences with back-propagation, hyperbolic tangent units and the 2 unit
representation after 1500 iterations.
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Figure A.43: Top branch of the HCA plot for the SRAAM trained on 20
sequences with back-propagation, hyperbolic tangent units and the 2 unit
representation after 3000 iterations.
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Figure A.44: Bottom branch of the HCA plot for the SRAAM trained on
20 sequences with back-propagation, hyperbolic tangent units and the 2 unit
representation after 3000 iterations.
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Figure A.45: Top branch of the HCA plot for the SRAAM trained on 130
sequences with back-propagation, hyperbolic tangent units and the 2 unit
representation after 100 iterations.
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hilbd

Figure A.46: Bottom branch of the HCA plot for the SRAAM trained on
130 sequences with back-propagation, hyperbolic tangent units and the 2
unit representation after 100 iterations.
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Figure A.47: Top branch of the HCA plot for the SRAAM trained on 130
sequences with back-propagation, hyperbolic tangent units and the 2 unit
representation after 200 iterations.
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Figure A.48: Bottom branch of the HCA plot for the SRAAM trained on
130 sequences with back-propagation, hyperbolic tangent units and the 2
unit representation after 200 iterations.
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A.2 Networks trained with Kwasny and Kalman’s
method

jihbd

linbd

Figure A.49: Top branch of the HCA plot for the SRAAM trained on 20
sequences with Kwasny and Kalman’s method and the 2 unit representation.
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Figure A.50: Bottom branch of the HCA plot for the SRAAM trained on 20
sequences with Kwasny and Kalman’s method and the 2 unit representation.
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Figure A.51: Top branch of the HCA plot for the SRAAM trained on 40
sequences with Kwasny and Kalman’s method and the 2 unit representation.
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Figure A.52: Bottom branch of the HCA plot for the SRAAM trained on 40
sequences with Kwasny and Kalman’s method and the 2 unit representations.
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Figure A.53: Top branch of the HCA plot for the SRAAM trained on 80
sequences with Kwasny and Kalman’s method and the 2 unit representation.

264



Figure A.54: Bottom branch of the HCA plot for the SRAAM trained on 80
sequences with Kwasny and Kalman’s method and the 2 unit representation.
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Figure A.55: Top branch of the HCA plot for the SRAAM trained on 130
sequences with Kwasny and Kalman’s method and the 2 unit representation.
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Figure A.56: Bottom branch of the HCA plot for the SRAAM trained on 130
sequences with Kwasny and Kalman’s method and the 2 unit representation.
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A.2.1 Partially trained networks
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Figure A.57: Top branch of the HCA plot for the SRAAM trained on 20
sequences with Kwasny and Kalman’s method and the 2 unit representation
after training to a tolerance of 0.16.
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Figure A.58: Bottom branch of the HCA plot for the SRAAM trained on 20
sequences with Kwasny and Kalman’s method and the 2 unit representation
after training to a tolerance of 0.16.
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Figure A.59: Top branch of the HCA plot for the SRAAM trained on 20
sequences with Kwasny and Kalman’s method and the 2 unit representation
after training to a tolerance of 0.04.
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Figure A.60: Bottom branch of the HCA plot for the SRAAM trained on 20
sequences with Kwasny and Kalman’s method and the 2 unit representation
after training to a tolerance of 0.04.
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Figure A.61: Top branch of the HCA plot for the SRAAM trained on 130
sequences with Kwasny and Kalman’s method and the 2 unit representation
after training to a tolerance of 0.16.
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Figure A.62: Bottom branch of the HCA plot for the SRAAM trained on 130

sequences with Kwasny and Kalman’s method and the 2 unit representation
after training to a tolerance of 0.16.
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Figure A.63: Top branch of the HCA plot for the SRAAM trained on 130
sequences with Kwasny and Kalman’s method and the 2 unit representation
after training to a tolerance of 0.04.
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Figure A.64: Bottom branch of the HCA plot for the SRAAM trained on 130
sequences with Kwasny and Kalman’s method and the 2 unit representation
after training to a tolerance of 0.04.
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Appendix B

Representational Lesioning
Graphs

B.1 Networks trained by back-propagation

B.1.1 Sigmoidal Units

Figures B.1 to B.16 show the results of lesioning with the SRAAMs trained
on the 2 bit representation with sigmoidal units.
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Figure B.1: The results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 20 sequences
and the 2 unit representation, using 1% noise. No errors were produced.
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Figure B.2: The results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 20 sequences
and the 2 unit representation, using 10% noise.
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Figure B.3: The results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 20 sequences
and the 2 unit representation, using 50% noise.
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Figure B.4: The results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 20 sequences
and the 2 unit representation, using 90% noise.
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Figure B.5: The results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 40 sequences
and the 2 unit representation, using 1% noise. No errors were produced.
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Figure B.6: The results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 40 sequences
and the 2 unit representation, using 10% noise.
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Figure B.7: The results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 40 sequences
and the 2 unit representation, using 50% noise.
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Figure B.8: The results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 40 sequences
and the 2 unit representation, using 90% noise.
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Figure B.9: The results of perturbing each unit in encodings developed by the
SRAAM trained via back-propagation and sigmoidal units on 80 sequences
and the 2 unit representation, using 1% noise.
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Figure B.10: The results of perturbing each unit in encodings developed
by the SRAAM trained via back-propagation and sigmoidal units on 80 se-
quences and the 2 unit representation, using 10% noise.
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Figure B.11: The results of perturbing each unit in encodings developed
by the SRAAM trained via back-propagation and sigmoidal units on 80 se-
quences and the 2 unit representation, using 50% noise.
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Figure B.12: The results of perturbing each unit in encodings developed
by the SRAAM trained via back-propagation and sigmoidal units on 80 se-
quences and the 2 unit representation, using 90% noise.
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Figure B.13: The results of perturbing each unit in encodings developed
by the SRAAM trained via back-propagation and sigmoidal units on 130
sequences and the 2 unit representation, using 1% noise.
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Figure B.14: The results of perturbing each unit in encodings developed
by the SRAAM trained via back-propagation and sigmoidal units on 130
sequences and the 2 unit representation, using 10% noise.
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Figure B.15: The results of perturbing each unit in encodings developed
by the SRAAM trained via back-propagation and sigmoidal units on 130
sequences and the 2 unit representation, using 50% noise.
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Figure B.16: The results of perturbing each unit in encodings developed
by the SRAAM trained via back-propagation and sigmoidal units on 130
sequences and the 2 unit representation, using 90% noise.
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B.1.2 Hyperbolic Tangent Units

Figures B.17 to B.21 show the results of the lesioning experiment for the
SRAAMs with hyperbolic tangent units trained via back-propagation on the
1 unit representation and 40 and 80 sequences. Figures B.25 to B.40 show
the results of lesioning with the SRAAMs trained on the 2 bit representation
with hyperbolic tangent units.
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Figure B.17: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
40 sequences and the 1 unit representation, using 1% noise. No errors were
produced.
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Figure B.18: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
40 sequences and the 1 unit representation, using 10% noise.
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Figure B.19: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
40 sequences and the 1 unit representation, using 50% noise.
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Figure B.20: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
40 sequences and the 1 unit representation, using 90% noise.
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Figure B.21: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
80 sequences and the 1 unit representation, using 1% noise.
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Figure B.22: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
80 sequences and the 1 unit representation, using 10% noise.
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Figure B.23: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
80 sequences and the 1 unit representation, using 50% noise.
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Figure B.24: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
80 sequences and the 1 unit representation, using 90% noise.
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Figure B.25: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
20 sequences and the 2 unit representation, using 1% noise.
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Figure B.26: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
20 sequences and the 2 unit representation, using 10% noise.
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Figure B.27: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
20 sequences and the 2 unit representation, using 50% noise.
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Figure B.28: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
20 sequences and the 2 unit representation, using 90% noise.
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Figure B.29: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
40 sequences and the 2 unit representation, using 1% noise.
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Figure B.30: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
40 sequences and the 2 unit representation, using 10% noise.
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Figure B.31: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
40 sequences and the 2 unit representation, using 50% noise.
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Figure B.32: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
40 sequences and the 2 unit representation, using 90% noise.
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Figure B.33: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
80 sequences and the 2 unit representation, using 1% noise. Some error was
produced at units 11,16 and 20.
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Figure B.34: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
80 sequences and the 2 unit representation, using 10% noise.
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Figure B.35: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
80 sequences and the 2 unit representation, using 50% noise.
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Figure B.36: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
80 sequences and the 2 unit representation, using 90% noise.
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Figure B.37: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
130 sequences and the 2 unit representation, using 1% noise. Some error was
produced at units 8, 11, 27, 29, 32, 33 and 35.
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Figure B.38: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
130 sequences and the 2 unit representation, using 10% noise.
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Figure B.39: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
130 sequences and the 2 unit representation, using 50% noise.
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Figure B.40: The results of perturbing each unit in encodings developed by
the SRAAM trained via back-propagation and hyperbolic tangent units on
130 sequences and the 2 unit representation, using 90% noise.
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B.2 Networks trained by Kwasny and Kalman’s
method

Figures B.41 to B.48 present the results of the lesioning experiment for net-
works trained via Kwasny and Kalman’s method, on the 1 unit representation
and 40 and 80 sequences.
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Figure B.41: The results of perturbing each unit in encodings developed by
the SRAAM trained via Kwasny and Kalman’s method on 40 sequences and
the 1 unit representation, using 1% noise.
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Figure B.42: The results of perturbing each unit in encodings developed by

the SRAAM trained via Kwasny and Kalman’s method on 40 sequences and
the 1 unit representation, using 10% noise
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Figure B.43: The results of perturbing each unit in encodings developed by

the SRAAM trained via Kwasny and Kalman’s method on 40 sequences and
the 1 unit representation, using 50% noise.
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Figure B.44: The results of perturbing each unit in encodings developed by

the SRAAM trained via Kwasny and Kalman’s method on 40 sequences and
the 1 unit representation, using 90% noise.

Figures B.49 to B.64 show the results of lesioning with the SRAAMs
trained on the 2 bit representation with hyperbolic tangent units.
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Figure B.45: The results of perturbing each unit in encodings developed by
the SRAAM trained via Kwasny and Kalman’s method on 80 sequences and
the 1 unit representation, using 1% noise.
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Figure B.46: The results of perturbing each unit in encodings developed by
the SRAAM trained via Kwasny and Kalman’s method on 80 sequences and
the 1 unit representation, using 10% noise.
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Figure B.47: The results of perturbing each unit in encodings developed by
the SRAAM trained via Kwasny and Kalman’s method on 80 sequences and

the 1 unit representation, using 50% noise.
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Figure B.48: The results of perturbing each unit in encodings developed by
the SRAAM trained via Kwasny and Kalman’s method on 80 sequences and

the 1 unit representation, using 90% noise.
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Figure B.49: The results of perturbing each unit in encodings developed by
the SRAAM trained via Kwasny and Kalman’s method on 20 sequences and
the 2 unit representation, using 1% noise.
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Figure B.50: The results of perturbing each unit in encodings developed by
the SRAAM trained via Kwasny and Kalman’s method on 20 sequences and
the 2 unit representation, using 10% noise.
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Figure B.51: The results of perturbing each unit in encodings developed by

the SRAAM trained via Kwasny and Kalman’s method on 20 sequences and
the 2 unit representation, using 50% noise.
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Figure B.52: The results of perturbing each unit in encodings developed by

the SRAAM trained via Kwasny and Kalman’s method on 20 sequences and
the 2 unit representation, using 90% noise.
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Figure B.53: The results of perturbing each unit in encodings developed by
the SRAAM trained via Kwasny and Kalman’s method on 40 sequences and
the 2 unit representation, using 1% noise.
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Figure B.54: The results of perturbing each unit in encodings developed by
the SRAAM trained via Kwasny and Kalman’s method on 40 sequences and
the 2 unit representation, using 10% noise.
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Figure B.55: The results of perturbing each unit in encodings developed by

the SRAAM trained via Kwasny and Kalman’s method on 40 sequences and
the 2 unit representation, using 50% noise.
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Figure B.56: The results of perturbing each unit in encodings developed by

the SRAAM trained via Kwasny and Kalman’s method on 40 sequences and
the 2 unit representation, using 90% noise.
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Figure B.57: The results of perturbing each unit in encodings developed by
the SRAAM trained via Kwasny and Kalman’s method on 80 sequences and
the 2 unit representation, using 1% noise.
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Figure B.58: The results of perturbing each unit in encodings developed by
the SRAAM trained via Kwasny and Kalman’s method on 80 sequences and
the 2 unit representation, using 10% noise.
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Figure B.59: The results of perturbing each unit in encodings developed by
the SRAAM trained via Kwasny and Kalman’s method on 80 sequences and
the 2 unit representation, using 50% noise.
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Figure B.60: The results of perturbing each unit in encodings developed by
the SRAAM trained via Kwasny and Kalman’s method on 80 sequences and
the 2 unit representation, using 90% noise.
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Figure B.61: The results of perturbing each unit in encodings developed by
the SRAAM trained via Kwasny and Kalman’s method on 130 sequences and
the 2 unit representation, using 1% noise.
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Figure B.62: The results of perturbing each unit in encodings developed by
the SRAAM trained via Kwasny and Kalman’s method on 130 sequences and
the 2 unit representation, using 10% noise.
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Figure B.63: The results of perturbing each unit in encodings developed by
the SRAAM trained via Kwasny and Kalman’s method on 130 sequences and

the 2 unit representation, using 50% noise.
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Figure B.64: The results of perturbing each unit in encodings developed by
the SRAAM trained via Kwasny and Kalman’s method on 130 sequences and

the 2 unit representation, using 90% noise.
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Appendix C

Plots of encoding and decoding
trajectories

C.1 Back-propagation networks

Figures C.1 to C.6 show the encoding and decoding trajectories for the
SRAAMs with sigmoidal units trained on the 2 unit representation.
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Figure C.1: Encoding and decoding trajectories for the SRAAM trained on
20 sequences with the 2 unit representation, back-propagation and sigmoidal
units after 1000 iterations. Active sentences on the left, passive on the right.
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Figure C.2: Encoding and decoding trajectories for the SRAAM trained on
20 sequences with the 2 unit representation, back-propagation and sigmoidal
units after 2000 iterations. Active sentences on the left, passive on the right.
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Figure C.3: Encoding and decoding trajectories for the SRAAM trained on
20 sequences with the 2 unit representation, back-propagation and sigmoidal
units after 3200 iterations (training complete). Active sentences on the left,
passive on the right.
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Figure C.4: Encoding and decoding trajectories for the SRAAM trained on
130 sequences with the 2 unit representation, back-propagation and sigmoidal
units after 500 iterations. Active sentences on the left, passive on the right.
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Figure C.5: Encoding and decoding trajectories for the SRAAM trained on
130 sequences with the 2 unit representation, back-propagation and sigmoidal
units after 1000 iterations. Active sentences on the left, passive on the right.
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Figure C.6: Encoding and decoding trajectories for the SRAAM trained on
130 sequences with the 2 unit representation, back-propagation and sigmoidal
units after 1514 iterations. Active sentences on the left, passive on the right.
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C.2 Networks trained via Kwasny and Kalman’s
method

Figures C.7 to C.12 show the encoding and decoding trajectories for the
SRAAMs trained with Kwasny and Kalman’s method on the 2 unit repre-
sentation.
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Figure C.7: Encoding and decoding trajectories for the SRAAM trained
on 20 sequences with the 2 unit representation and Kwasny and Kalman’s
training after training to a tolerance of 0.16. Active sentences on the left,
passive on the right.
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Figure C.8: Encoding and decoding trajectories for the SRAAM trained
on 20 sequences with the 2 unit representation and Kwasny and Kalman’s
training after training to a tolerance of 0.04. Active sentences on the left,
passive on the right.
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Figure C.9: Encoding and decoding trajectories for the SRAAM trained
on 20 sequences with the 2 unit representation and Kwasny and Kalman’s
training after training has completed. Active sentences on the left, passive
on the right.
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Figure C.10: Encoding and decoding trajectories for the SRAAM trained
on 130 sequences with the 2 unit representation and Kwasny and Kalman’s
training after training to a tolerance of 0.16. Active sentences on the left,
passive on the right.
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Figure C.11: Encoding and decoding trajectories for the SRAAM trained
on 130 sequences with the 2 unit representation and Kwasny and Kalman’s
training after training to a tolerance of 0.04. Active sentences on the left,
passive on the right.
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Figure C.12: Encoding and decoding trajectories for the SRAAM trained
on 130 sequences with the 2 unit representation and Kwasny and Kalman’s
training after training has completed. Active sentences on the left, passive
on the right.
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Appendix D

Hyperspace Utilisation Plots

D.1 Back-propagation networks

Figures D.1 to D.2 show the range of activations generated during encoding
and decoding for networks trained with sigmoidal units on the 2 unit repre-
sentation. Figures D.3 to D.4 show the range of activations for the networks
trained with hyperbolic tangent units and the 2 unit representation.
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Figure D.1: The range of hidden-layer activations generated during encoding
and decoding, for the SRAAM trained on 20 sequences with sigmoidal units
and the 2 unit representation using back-propagation.
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Figure D.2: The range of hidden-layer activations generated during encoding
and decoding, for the SRAAM trained on 130 sequences with sigmoidal units
and the 2 unit representation using back-propagation.
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Figure D.3: The range of hidden-layer activations generated during encod-
ing and decoding, for the SRAAM trained on 20 sequences with hyperbolic
tangent units and the 2 unit representation using back-propagation.
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Figure D.4: The range of hidden-layer activations generated during encoding
and decoding, for the SRAAM trained on 130 sequences with hyperbolic
tangent units and the 2 unit representation using back-propagation.
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D.2 Kwasny-Kalman networks

Figures D.5 to D.6 present the range of activations for the networks trained
via Kwasny and Kalman’s method on the 2 unit representation.
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Figure D.5: The range of hidden-layer activations generated during encod-
ing and decoding, for the SRAAM trained on 20 sequences with the 2 unit
representation using Kwasny and Kalman’s training method.
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Figure D.6: The range of hidden-layer activations generated during encoding
and decoding, for the SRAAM trained on 130 sequences with the 2 unit
representation using Kwasny and Kalman’s training method.
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Appendix E

Training and testing sentences

E.1 Training sentences

michael hug michael
michael is hug by michael
helen hit chris

helen is hit by chris
john betray john

john is betray by john
michael kill john
michael is kill by john
chris love john

chris is love by john
helen kill helen

helen is kill by helen
michael hit michael
michael is hit by michael
diane hit john

diane is hit by john
helen hug chris

helen is hug by chris
diane hug john

diane is hug by john
helen betray diane

helen is betray by diane
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diane kill michael

diane is kill by michael
chris hit john

chris is hit by john
michael hit diane
michael is hit by diane
diane kill helen

diane is kill by helen
helen kill michael

helen is kill by michael
chris hit chris

chris is hit by chris
john betray michael

john is betray by michael
chris love michael

chris is love by michael
michael hug helen
michael is hug by helen
diane hit chris

diane is hit by chris
diane betray chris

diane is betray by chris
diane hit michael

diane is hit by michael
michael hug chris
michael is hug by chris
john hug helen

john is hug by helen
helen love chris

helen is love by chris
chris kill michael

chris is kill by michael
chris betray john

chris is betray by john
chris love chris

chris is love by chris
michael hit chris
michael is hit by chris
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chris hug helen

chris is hug by helen
michael betray michael
michael is betray by michael
michael hit john

michael is hit by john
john love michael

john is love by michael
helen love michael

helen is love by michael
helen hit michael

helen is hit by michael
diane love helen

diane is love by helen
john hug chris

john is hug by chris
helen hug diane

helen is hug by diane
chris betray michael
chris is betray by michael
chris kill chris

chris is kill by chris
diane kill diane

diane is kill by diane
diane love michael

diane is love by michael
diane love chris

diane is love by chris
john kill michael

john is kill by michael
chris hit michael

chris is hit by michael
michael kill michael
michael is kill by michael
john hit helen

john is hit by helen
diane hug chris

diane is hug by chris
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michael kill chris
michael is kill by chris
chris hit diane

chris is hit by diane
john hug john

john is hug by john
helen hit helen

helen is hit by helen
diane hug helen

diane is hug by helen
michael love john
michael is love by john
michael hit helen
michael is hit by helen
michael betray chris
michael is betray by chris
john hit michael

john is hit by michael
chris hug michael

chris is hug by michael
helen betray chris

helen is betray by chris
michael betray john
michael is betray by john
john kill john

john is kill by john
diane kill chris

diane is kill by chris
helen love diane

helen is love by diane
john betray helen

john is betray by helen

E.2 Testing sentences

chris kill john
chris is kill by john
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diane love john

diane is love by john
michael love helen
michael is love by helen
diane betray helen

diane is betray by helen
john hit chris

john is hit by chris
helen love helen

helen is love by helen
michael kill diane
michael is kill by diane
helen hug helen

helen is hug by helen
michael betray helen
michael is betray by helen
chris betray diane

chris is betray by diane
chris love helen

chris is love by helen
john hit john

john is hit by john

john love chris

john is love by chris
diane hit helen

diane is hit by helen
john hit diane

john is hit by diane
helen betray john

helen is betray by john
john kill helen

john is kill by helen
helen kill john

helen is kill by john
john hug michael

john is hug by michael
diane kill john

diane is kill by john
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chris hug john

chris is hug by john
john betray diane

john is betray by diane
helen betray michael
helen is betray by michael
chris betray helen

chris is betray by helen
diane hug diane

diane is hug by diane
chris betray chris

chris is betray by chris
john hug diane

john is hug by diane
michael love michael
michael is love by michael
chris hit helen

chris is hit by helen
john kill diane

john is kill by diane
chris hug diane

chris is hug by diane
chris kill diane

chris is kill by diane
john betray chris

john is betray by chris
chris kill helen

chris is kill by helen
diane betray michael
diane is betray by michael
helen hit diane

helen is hit by diane
chris love diane

chris is love by diane
diane hug michael

diane is hug by michael
helen kill diane

helen is kill by diane
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helen betray helen
helen is betray by helen
michael kill helen
michael is kill by helen
michael betray diane
michael is betray by diane
diane betray john

diane is betray by john
john love helen

john is love by helen
helen hug michael

helen is hug by michael
diane betray diane

diane is betray by diane
michael hug diane
michael is hug by diane
diane love diane

diane is love by diane
helen kill chris

helen is kill by chris
michael love chris
michael is love by chris
chris hug chris

chris is hug by chris
michael love diane
michael is love by diane
john love john

john is love by john
helen hug john

helen is hug by john
helen hit john

helen is hit by john
diane hit diane

diane is hit by diane
john kill chris

john is kill by chris
helen love john

helen is love by john
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john love diane
john is love by diane
michael hug john
michael is hug by john
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