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Sequence Processing from A Connectionist View

Andreas Hansson (andreas@ida.his.se)

Abstract

In this work we explore how close the artificial intelligence community have come to

model the human mind regarding representation and processing of sequences. We

analyse results produced by cognitive psychologists, who explore real minds, for

features exhibited by human short- and long-term memory when representing and

processing sequences. We compare these features with theories and models from the

AI community divided into two types of theories: intrinsic and extrinsic theories. We

conclude that the intrinsic theories have managed to explain most of the features,

whereas the extrinsic theories still have a lot to do before exhibiting all features. We

also present several suggestions for continued research to the AI community within

the area of sequence representation and processing in the human mind.

Keywords: Cognitive modelling, Cognitive psychology, Symbolism, Connectionism



Acknowledgements

I would like to thank my supervisor Prof. Lars Niklasson (University of Skövde) for

his extensive and valuable support, comments, suggestions and help and for spending

so much time trying to make this dissertation better and more understandable and for

making the writing of this dissertation fun and exciting (and for making sure that

really long, unreadable sentences, like this, are very few).

I would also like to thank my family and all my friends for supporting me and making

me realise how much easier it is to do any actual work without them being present.

Thank you!



I

Contents

1 Introduction ................................................................................... 1
1.1 Aims ................................................................................................................4

1.2 Objectives ........................................................................................................5

1.3 Contributions ...................................................................................................7

1.4 Thesis overview ...............................................................................................7

1.5 Chapter summary.............................................................................................8

2 Memory structure and sequence processing............................... 10

2.1 Mental processing and storage of information ................................................10

2.1.1 Short-term memory.................................................................................11

2.1.2 Long-term memory.................................................................................12

2.1.3 Working memory....................................................................................13

2.2 Features of information storage and processing ..............................................15

2.3 Sequence processing ......................................................................................16

2.4 Tasks for sequence processing........................................................................18

2.5 Chapter summary...........................................................................................19

3 Knowledge representation and processing ................................. 20
3.1 The relation between the represented and representing worlds........................20

3.2 The relation between representation and processing .......................................22

3.3 Representations..............................................................................................23

3.3.1 Non-equivalent representations...............................................................24

3.3.2 Informationally equivalent representations..............................................26

3.3.3 Completely equivalent representations....................................................28

3.3.4 Intrinsic and extrinsic sequence representation and processing................29

3.4 Complex representations ................................................................................29

3.8 Chapter summary...........................................................................................31

4 Features of sequences................................................................... 33
4.1 Sequence representation and processing in short-term memory ......................34

4.1.1 Classification of errors............................................................................35

4.1.2 Classification of short-term memory theories..........................................38

4.1.2.1 Chaining theory...............................................................................38

4.1.2.2 Positional theory .............................................................................42

4.1.2.3 Ordinal theory.................................................................................44



II

4.1.3 Summary of features...............................................................................45

4.1.3.1 Experimental analysis .....................................................................45

4.1.3.2 Features of sequence representation and processing in humans........49

4.1.3.3 Predictions of features by short-term memory theories ....................50

4.2 Sequence representation and processing in long-term memory .......................50

4.2.1 Long-term memory theories....................................................................51

4.2.1.1 Chunking theory..............................................................................51

4.2.1.2 Knowledge-based theories...............................................................52

4.2.1.3 Long-term working memory theory.................................................52

4.2.1.4 Template theory ..............................................................................53

4.2.2 Features of long-term memory................................................................54

4.2.2.1 Analysis of experiments ..................................................................55

4.2.2.2 Summary of features .......................................................................57

4.2.2.3 Predictions of features by long-term memory theories .....................59

4.3 Chapter summary...........................................................................................60

5 Intrinsic representations.............................................................. 62
5.1 Start-End Model.............................................................................................63

5.2 Scripts and Dynamic memory theory..............................................................64

5.2.1 Learning in script theory.........................................................................66

5.2.2 Applications of scripts ............................................................................67

5.3 Start-End Model and Dynamic memory theory as sequence processors and
memory ...............................................................................................................69

5.3.1 Start-End Model and Dynamic memory theory as sequence processors...69

5.3.2 Start-End Model and Dynamic memory theory as short-term memory ....71

5.3.3 Start-End Model and Dynamic memory theory as long-term memory .....72

5.3.3.1 The impact of expertise on learning.................................................74

5.3.3.2 The impact of learning on quantity ..................................................75

5.3.3.3 Retrieval cues between memories....................................................75

5.3.3.4 The impossibility of manual memory enhancement .........................75

5.3.3.5 Accessing relevant information .......................................................76

5.3.3.6 Hierarchical organization of sequences............................................76

5.3.3.7 Retrieval of hierarchically organized sequences ..............................76

5.3.3.8 Speed of access ...............................................................................77

5.3.3.9 Storing of meaningful sequences .....................................................77

5.3.3.10 Recency in retrieval cues...............................................................77

5.3.3.11 Representation of sentences...........................................................78



III

5.3.4 Summary ................................................................................................78

6 Extrinsic representations ............................................................. 80
6.1 Sequence representation and processing from a connectionist view................81

6.1.1 Sequence representation .........................................................................81

6.1.2 Sequence processing...............................................................................82

6.2 Connectionist architectures ............................................................................85

6.2.1 Recursive Auto-Associative Memory (RAAM) ......................................86

6.2.2 Bi-coded RAAM (B-RAAM) .................................................................87

6.2.3 Two-layer Digital RAAM.......................................................................90

6.2.4 Tensor products ......................................................................................92

6.2.5 Holographic Reduced Representation (HRR)..........................................94

6.2.6 Dual-ported RAAM................................................................................95

6.2.7 Recursive Hetero-Associative Memory (RHAM)....................................96

6.2.8 DISCERN...............................................................................................98

6.3 Connectionist networks as sequence processors and memory .......................101

6.3.1 Connectionist networks as sequence processors ....................................102

6.3.2 Short-term memory features .................................................................104

6.3.2.1 Primacy constraint.........................................................................105

6.3.2.2 Recency constraint ........................................................................107

6.3.2.3 Locality constraint.........................................................................109

6.3.2.4 Weak fill-in constraint...................................................................109

6.3.2.5 Omission constraint.......................................................................110

6.3.2.6 Repetition constraint .....................................................................111

6.3.2.7 Protrusion constraint .....................................................................111

6.3.2.8 Interposition constraint..................................................................112

6.3.2.9 Confusion constraint .....................................................................113

6.3.3 Long-term memory features..................................................................113

6.3.3.1 The impact of expertise on learning.............................................114

6.3.3.2 The impact of learning on quantity..............................................115

6.3.3.3 Retrieval cues between memories................................................116

6.3.3.4 The impossibility of manual memory enhancement .....................116

6.3.3.5 Accessing relevant information ...................................................117

6.3.3.6 Hierarchical organization of sequences........................................118

6.3.3.7 Retrieval of hierarchically organized sequences ..........................119

6.3.3.8 Speed of access ...........................................................................120



IV

6.3.3.9 Storing of meaningful sequences .................................................120

6.3.3.10 Recency in retrieval cues.............................................................121

6.3.3.11 Representation of sentences.........................................................122

6.3.4 Summary ..............................................................................................122

7 Conclusions................................................................................. 125
7.1 Aspects of human sequence representation and processing ...........................126

7.2 What the representational theories capture and lack in comparison to human
sequence representation and processing .............................................................127

7.2.1 Symbolic theories for sequence representation and processing ..............127

7.2.2 Connectionist theories for sequence representation and processing .......130

7.3 Intrinsic versus extrinsic representation and processing ................................132

7.4 Future work .................................................................................................133

7.5 Final remarks ...............................................................................................135

References .......................................................................................... 136

Footnotes ............................................................................................ 144



1 Introduction

1

1 Introduction

One of the big questions that the AI (artificial intelligence) community has to answer

is how to represent and process knowledge, i.e., how do we represent the world and

our knowledge of it in order to interact with our environment in an intelligent manner.

Although big debates on the subject (cf. Newell (1980); Fodor and Pylyshyn (1988);

Elman (1989); Chalmers (1990)) and several suggested solutions we still do not know

the answer. The debate has, however, mainly been conducted from two different

viewpoints: the use of intrinsic or extrinsic representations (cf. Palmer, 1978).

Intrinsic representations have the same properties the objects being represented. For

extrinsic representations these properties need not be the same for the representation

and the world that is being represented, they have to be explicitly added. Basically,

the debate is about what can and cannot be represented and processed in the

hypotheses that are based upon the two alternatives.

One part of knowledge representation and processing is that of sequence

representation and processing, e.g., how to represent sequences of actions for

classification or sequences of letters for word recognition. There must be a way in

which a theory of representation can store concepts that are ordered, most of us have,

after all, the ability to read (where sentences are ordered sequences of words and

words are ordered sequences of letters) and tie our shoes (where we must go through a

sequence of ordered actions to get the shoes tied correctly). We must be able to store

knowledge and be able to use it, so that we not only know how to tie our shoes but

actually perform the steps involved.
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One of the suggested solutions, using intrinsic type of representation that has received

quite some interest is Shank’s (1975) script theory, and its extension Dynamic

memory theory by Schank (1982). Shank defines a script as a sequence of states or

actions which describes a situation and how we should act in this situation under

normal circumstances, e.g., how to go to a restaurant, where we first come in through

the door, then select a table, then sit down, then get approached by a waiter, and so

on. A program that had the knowledge of for example the restaurant script was said to

actually understand actual restaurant going (for an opposing view, see Searle’s (1980)

critique of scripts). This approach was heavily criticized by a number of people (e.g.,

Searle, 1980; Dreyfus, 1979) for its inability to reason about common sense

knowledge that were not explicitly represented in the script. An argument also used

by the critics was that all reasoning had already been solved by the designer in

advance and that the designer decided what was to be a part of the script, the program

could not chose for itself what was relevant.

A completely other hypothesis about how we represent and process knowledge using

the extrinsic type of representation is the one presented by connectionists (whose

representations can be interpreted as using Palmer’s, 1978, extrinsic representation

theory), i.e., that knowledge is represented by activations of small interconnected

units in a network where the units and connections together help building up and store

knowledge. As with the other theories, in order to be a theory we can at least have

some confidence in, connectionism has to deal with sequence representation and

processing. There are several suggestions on how to do this (e.g., see Pollack’s (1990)

RAAM; Smolensky’s (1990) tensor products; Hinton et al. (1986) reduced

representations). As with Schank’s theories, the connectionist theories have been
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criticized, but here the critique regards lack of representational and processing

abilities. There are, however, some researchers, for instance Smolensky (1988),

Miikkulainen (1990), who claim that both the intrinsic and extrinsic techniques are

needed in order to capture the features of the mind.

Other researchers, apart from the researchers in the AI community, who spend a lot of

their work in figuring out how the human mind works when storing and processing

knowledge are the cognitive psychologists. According to Franklin (1995), both the

cognitive psychology and traditional AI take a top down approach of trying to

understand how the mind works in that they try to study high-level concepts, but,

whereas the AI community tries to understand minds by trying to build models of

them, the cognitive psychologists approach the problem by trying to understand

existing minds. One of the approaches the cognitive psychologists have in order to get

closer to the solution is to study the behaviour of real humans when performing

different tasks. These experiments uncover a lot of interesting features of the

representation and processing of knowledge in humans, for example that much of the

knowledge storage and processing is done in memory and how memory capacity can

be trained in different domains, the role and influence of expert knowledge, theories

of how humans build representation of sequences in specific tasks (cf. Ericsson and

Kintsch, 1995; Henson, 1996; Gobet, 1996a). Even though there is still a lot of

research within this area in the cognitive psychology society the results produced so

far might help in guiding the AI researchers so that their theories possess the same

features as the human mind.
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This work tries to explore what features the representations need to have in order to

capture some aspects of how humans appear to represent and process, primarily,

sequences. Cognitive experiments (for an example see Ericsson and Kintsch, 1995)

show several interesting features regarding sequence representation and processing,

that the AI community has to take into account, for example forgetting, the role of

different memory types and information retrieval from memory. Further, different

approaches to how the AI community has tried to deal with these features are

analysed. In this work we compare the theories given by the AI community with

results from experiments on humans given by the cognitive psychology society in

order to give a picture of what has been and what remains to be solved in the AI

theories on representation.

1.1 Aims

There are four sub-aims with this work:

1. Explore aspects of human sequence processing.

2. Investigate intrinsic and extrinsic representational theories for sequence

processing.

3. Identify strengths and weaknesses of the theories with respect to aim number

1.

4. Produce suggestions for better solutions for the representations so that the

aspects identified in aim number 1 are captured.

a. If intrinsic representations have no (or few) weaknesses with respect to

the aspects discovered show in which areas connectionists need to
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spend more research before making claims of replacing the intrinsic

representations.

b. If extrinsic representations have no (or few) weaknesses with respect to

the aspects discovered show in which areas intrinsic representations

need to be extended before making claims of replacing the extrinsic

representations.

c. If both representations have weaknesses, suggest a hybrid solution that

covers more features.

1.2 Objectives

Since this part of the work is a literature survey, we assume that most of the strengths

and weaknesses of the theories are already identified in the literature.

Whereas chapter 2 gives an overview of certain theories of how the mind works, here

we are primarily interested in how we represent and process sequences. Therefore,

experiments where these issues are investigated are studied. From these experiments

we acquire features that the mind seems to have when dealing with representation and

processing of sequences.

Palmer (1978) distinguished between two types of representation, the intrinsic and

extrinsic representation. With the intrinsic representation, models that have the same

properties in the representation as the world are being represented. With the extrinsic

representation these properties must be added explicitly. For both these views of
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representation suggestions how representation and processing of sequences can be

done must be studied.

The features identified in cognitive theories of how we deal with representation and

processing will be compared with theories for representation and processing

suggested by the AI-community.

From the comparison we can identify areas that are covered by the representational

theories and areas where there is work left to be done. From this we might give a

number of suggestions for future research.

To summarise, in order to reach the goal of identifying what has been covered in the

representational theories regarding sequence representation and processing there are a

number of steps that should be done:

• Study theories of how humans appear to represent and process sequences.

• Study the theories of sequence representation and processing within intrinsic

representations, extract the properties of these theories and compare them with

properties from the cognitive experiments.

• Extract the properties of sequence representation and processing from theories

within the extrinsic type of representation and compare them with properties

from the cognitive experiments.

• Identify areas where more work within the representational theories is needed.
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1.3 Contributions

The contributions we aim for in this work are threefold.

First of all we get a survey of the strengths and weaknesses of the different theories

for knowledge representation and processing. Thereby we contribute to the field of

artificial intelligence by “marking” the border of what is possible and what is needed.

We also get a thorough investigation of the strengths and weaknesses of intrinsic and

extrinsic representations for sequence processing.

Some connectionists have made claims for connectionist theories to replace theories

of intrinsic representations. If the intrinsic representations can explain more features

of human sequence representation and processing than connectionist theories, this

work point out what connectionists need to solve before being, at least, as good. If

neither intrinsic nor extrinsic representations manage to solve most features this work

points out in which areas there is need for more research. If connectionist theories can

explain most features of human sequence processing and representation this work

shows the areas where there is still a need for research.

1.4 Thesis overview

In chapter 2 an introduction to the features of sequence representation and processing

that the cognitive psychology researchers have found is given. In chapter 3 we give a

description of the representational foundation on which the AI community’s solutions



1 Introduction

8

to sequence representation and processing are based. In chapter 4 a thorough

description of the features that researchers in cognitive psychology have discovered in

humans regarding sequence representation and processing is given. Chapter 5

investigate what solutions one of the two different approaches of representation and

processing, the intrinsic representation (Palmer, 1978), has offered so far and compare

those with the features identified in chapter 4. In chapter 6 we analyse the solutions so

far offered by the other approach for representation and processing, the extrinsic

representation (Palmer, 1978). In chapter 7 we compare the intrinsic and extrinsic

representation techniques and state our conclusions. We also identify work that is left

to be done.

1.5 Chapter summary

In this chapter we note that one of the questions the researchers in cognition have to

answer in order to understand the (human) mind is that of knowledge representation

and processing. We state that we in this work focus on sequence representation and

processing. We also state that a lot of sequence representation and processing takes

place in memory.

We differentiate between cognitive psychologists who try to explore the mind by

studying real ones and AI researchers who explore the mind by trying to construct

them. We state that in order for AI researchers to come closer to constructing an

artificial mind they should compare their theories with features of the human memory

discovered by cognitive psychologists. We also state that the goal of this thesis is to
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initiate such a comparison. Furthermore, we divide this goal into several sub-goals

and finally we give an overview of the rest of the thesis.
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2 Memory structure and sequence processing

As we saw in chapter 1, memory is the key to information storage and processing. In

order to perform complex cognitive tasks, people must have access to large amounts

of information. Ericsson and Kintsch (1995) have made a connection between

cognitive processes and memory. They state that cognitive processes can be described

as a sequence of states or thoughts, where memory mediates between the states of this

sequence. Hence, cognitive states are dependent on each other, and memory, together

with environmental correlations, generates this dependency. In other words, the

ability to store information and use it is crucial for performing complex cognitive

tasks. They argue that it is memory, together with the environment, that gives raise to

our behaviour.

It is from the studies of the storage and processing devices in our brains that we might

find the necessary features for theories of how the mind works.

2.1 Mental processing and storage of information

In order for us to maintain information and work with it we store the information in

our memory. It seems as if our memory works as both a storing device and a

processing device putting together different pieces of stored and recently acquired

information (cf. Ericsson and Kintsch, 1995; Schank, 1982).

Cognitive psychologists have for some time made a distinction between two types of

memory: short-term memory and long-term memory (e.g., see Atkinson and Shiffrin,
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1968; Ericsson and Kintsch, 1995). These two types of memory are working together

in order for us to do every-day cognitive activities. Lately however, some researchers

have questioned this division into short-term and long-term memory. For example,

Glenberg (1997) claims that more and more evidence is produced that there only is

one type of memory. He states that the division is wrongly made because experiments

do not take into account what memory is for, i.e. why we have developed a memory

in the first place. Therefore, the experiments measure the wrong things in memory.

However, since most of the work and most of the theories for how the human memory

works are based on the assumption of that memory is divided into short- and long-

term, in this work we stick to the standard view of memory.

2.1.1 Short-term memory

According to Ericsson and Kintsch (1995) most of the work when using information

remembered or recently acquired is considered to be done in the short-term memory

and it is to the short-term memory that the information arrives first, so it is in this

memory that sequences are first processed and organised for future storage. Retrieval

of information stored in short-term memory is quite fast. On the other hand, the short-

term memory is only capable of storing information for a short period of time. Brown

(1958)1, among others, stated that normally just a few seconds of divided attention is

considered enough for the information to become inaccessible. Further, the amount of

information that the short-term memory can deal with is small. Miller (1956)

suggested that the short-term memory only was capable of storing around seven

chunks of information, where a chunk corresponds to a pattern already stored in the

long-term memory.
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2.1.2 Long-term memory

As the name implies, the long-term memory gives us an opportunity to store

information for a longer time than the short-term memory allows. Ericsson and

Kintsch (1995) state that the storage capacity is very large compared to the limit of

seven chunks in short-term memory. Furthermore, they state that storage in long-term

memory is considered to be mainly associative, where the items are related to each

other and features are related to the items.

Atkinson and Shiffrin (1968)1 states that according to the standard theories of

memory, in order for an item to be stored in long-term memory it must first be stored

in short-term memory. Simon (1973)1 estimated the time it takes for an item from

being stored in short-term memory till being accessible in the long-term memory to

about ten seconds. However, Ericsson and Kintsch (1995) note, it seems as if not all

information is stored. Atkinson and Shiffrin proposed that the probability of an item

to be stored in long-term memory is a function of the time it was maintained in short-

term memory. Another theory proposed by Anderson (1983)1 states that the

probability of storage is a function of the number of times an item has been in short-

term memory.

The experiments that indicate that we cannot decide what and when to learn are

primary based on subjects trying to learn sequences of concepts. However, Ericsson

and Kintsch, among others, show that if the research subjects can train on the tasks

their ability for remembering the relevant information increased. It seems as if the

patterns stored from previous experiments can participate in storing new information

of the same type. This is also shown by the experiments which tests the impact of
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expert domain knowledge on memory, where those that have a lot of knowledge in a

domain have easier to learn new things in this domain (cf. Chase and Simon, 1973b;

Charness, 1991)1.

Ericsson and Kintsch state that a common view is that in order for information to be

accessible for processing it must first be loaded into the short-term memory.

Furthermore, in order for information to be loaded into the short-term memory there

must first be an association between an element in the short-term memory and an

element in the long-term memory. Once this element has been loaded into the short-

term memory it can in itself associate to other elements in long-term memory.

The long-term memory is often considered to be divided into several parts with

different tasks (cf. Suddendorf and Corballis, 1997). For example, the episodic

memory is the part of long-term memory in which we store things that have happened

in our lives, e.g. our childhood and in the semantic memory we store objects and

features of objects. For example, it is through this memory that the features and

characteristics of stones and chairs etc. are stored.

2.1.3 Working memory

In the standard definition, working memory refers to “the temporary storage of

information that is being processed in any of a range of cognitive tasks” (Baddeley,

1986, p. 34). Since the information in long-term memory is inaccessible until it has

been loaded into the short-term memory it has been assumed, Ericsson and Kintsch

note, that the working memory is placed in short-term memory.
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Ericsson and Kintsch (1995) claim that experiments indicate that not all of the short-

term memory is used as a working memory. When all the seven chunks (see section

2.1.1 about storage capacity of short-term memory) had to be used in memory tasks

perfect recall is achieved in only 50% of the tests. This indicates that the working

memory is less than the short-term memory. Broadbent (1975)1 estimated the working

memory capacity to about four chunks.

Not all researchers think that this definition of working memory captures all aspects

of human cognition. Ericsson and Kintsch (1995) argue that the definition does not

take into account the increased performance when dealing with domain experts. In an

experiment, Chase and Ericsson (1982)1 managed to increase the memory

performance of the research subjects from about seven items (normal capacity) to

over eighty after many hours of training. Ericsson and Kintsch argue that there seems

to be aspects of the working memory that does not only take into account the short-

term memory. There are other experiments as well that indicated that experts in a

domain have greater memory capacity than untrained subjects (e.g., see Lane and

Robertson, 19791 about the domain of chess).

Ericsson and Kintsch divide the working memory into short-term working memory

and long-term working memory. The short-term working memory is the part of

working memory that resides in the short-term memory and is the memory used by

untrained subjects or in new tasks. The long-term memory is domain-specific and is

acquired during training of tasks, e.g. chess or digit recall. The long-term working

memory provides relatively fast access to domain-specific information stored in long-
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term memory and also helps to store new information about the domain. It should be

noted, however, that the existence of long-term working memory is still under debate

and that some researchers have argued against it (for example see Gobet, 1996a).

2.2 Features of information storage and processing

So far we have mostly been concerned with the structure of memory. This

introduction to how the memory is constructed has given a lot of features that we

should take into account when developing our theories of information processing and

storage in mind.

Miller (1956) concluded that, all in all, the short-term memory could only contain

about seven chunks of information, where a chunk corresponds to a pattern referenced

in long-term memory. As its name indicates, the short-term memory is only capable

of maintaining the information for a short time. As soon as the attention is moved to

something else, new items quickly replace the items in memory. In order to recall

things stored in long-term memory they must be referenced by some chunk in short-

term memory. However, once they have been loaded into the short-term memory,

they themselves are working as references to related things in long-term memory.

According to Ericsson and Kintsch the representation of information in long-term

memory is mainly considered to be associative. That is, items are related to each other

and features are related to items. It is through these relations that the items can be

loaded into the short-term memory.
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Craik and Lockhart (1972)1 showed that knowing in advance that we are going to

need the information we have in short-term memory in the future does not seem to

affect the probability of the information to be stored in long-term memory. Hence, we

cannot choose exactly what we want to remember. There are some suggestions for the

probability of a concept to be stored. According to Atkinson and Shiffrin (1968)1 the

probability is a function of the time it was maintained in short-term memory whereas

Anderson (1983)1 proposed that the probability of storage is a function of the number

of times an item has been in short-term memory. However, according to Ericsson and

Kintsch (1995), it seems as if the long-term working memory helps in storing more

information about a domain, which increases the probability of a concept to be stored.

Since long-term working memory is trainable and domain specific, this means that

you can train your ability to remember, but only in a certain domain. Chase and

Ericsson (1982)1 also found that when subjects had to try to remember several similar

sequences of items they could often only recall the last one or two even though all

lists had been stored in long-term memory.

These aspects are further explored in more detail later in this work, when we review

experiments, conclusions and theories for sequence processing made by cognitive

psychologists.

2.3 Sequence processing

So far, we have mostly been interested in how our memory works and what features

the memory has. We are, however, interested in how the mind may handle sequences

of information, both when storing and processing sequences in memory.
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Sequences in themselves are interesting. This is because they can describe so much of

our every-day activities and problems. Almost everything we do, we do in sequences

of actions, e.g., breathing in and out during all our lives, we tie our shoes in the same

way every time, we write and read texts. Ericsson and Kintsch (1995) describe

cognitive processes as sequences of states. Everything that happens in the world can

be described as sequences of world-states or events.

Let us give a more detailed example and from that add a number of different tasks that

might be interesting to be able to solve. According to some researchers, for instance

Schank and Abelson (1977), people organise everyday events as sequences or

schemas. In order to do a familiar task we simply go through a sequence of steps. This

way of viewing behaviour has also been picked up by other researchers to deal with

processing of stories (cf. Miikkulainen, 1990). A story, or event, can be described by

a sequence of steps. The sequence given below describes bus travelling:

1. Enter bus.

2. Pay driver.

3. Find seat.

4. Sit down.

5. Wait.

6. Stand up.

7. Leave bus.
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Assuming the bus is never full, i.e., there is at least one seat free, which happens more

or less seldom, so that in principle a real travel by bus might actually be described by

the sequence above, there are a number of different tasks. Say that we hear a story

about some events happening. From this story we may want to know the story is

describing, e.g., if the story is about travelling by bus, a visit to a restaurant or simply

an enumeration of the alphabet. There might be some details left out in the story.

Then we might want to deduce which details and fill them in, so that, for example the

story gets more complete, i.e. to include background knowledge (Schank and

Abelson, 1977), or, in the alphabet case, to fill in some missing letters. We might also

be asked to recall what happens during a bus travel or to recall the sequence. Then we

must be able to reconstruct the entire sequence. Another thing we might want to do is

to present a summary of the story leaving out the details. According to Schank and

Abelson (1977) and, to some extent, Miikkulainen (1990) humans can perform all

these tasks.

2.4 Tasks for sequence processing

We have now identified four possible tasks:

1. Identify a sequence from descriptions.

2. Rebuild or complete a sequence from fragments.

3. Recreate an entire sequence based on sequence identity.

4. Present only relevant parts of a sequence, i.e. make a summary.

We now see that regarding knowledge there are really two areas that are linked to

each other and that both have to be solved. We cannot deal with representations of
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knowledge alone; once we have represented it we must also see if we can use

(process) it.

Palmer (1978) states that processing and representation are connected, so that it is

almost impossible to consider processing without considering representation and vice

versa. So, before we explore what features that appear when performing the tasks (in

chapter 4) we explore different representation alternatives and the foundations for

representations.

2.5 Chapter summary

In this chapter we explore how the memory is structured and how the different parts

of memory are linked to each other and how they are co-working. We also make an

initial exploration of what features that storing and processing information in memory

give raise to, we look further into the features in chapter 4. Also, we identify four

tasks for sequence processing that humans can perform.
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3 Knowledge representation and processing

So far we have been concerned with how the mind works and some features of

memory and sequence processing. Chapter 2 gives a survey of what different types of

memory we have and gives a hint of how they work. Ericsson and Kintsch’s (1995)

claim that information is stored in associations in long-term memory and as chunks

(Miller, 1956) in short-term memory indicated that we have an ability to represent

knowledge (for an opposing view see Bickhard, 1993). We now move on to clarify

what is meant by representation and what issues it covers.

3.1 The relation between the represented and representing worlds

Palmer (1978) defines a representation as “something that stands for something else”.

He concludes that from this definition it follows that there are two worlds involved in

a representation: the represented world and the representing world, i.e., one world that

is being represented and one world contains the representations of some or all aspects

of the first one in some fashion. In order to get a complete specification of a

representation Palmer (1978) concludes that five statements must be made:

1. What is the represented world

2. What is the representing world

3. What aspects are being modelled of the represented world

4. What aspects of the representing world are doing the modelling

5. How do the two worlds correspond to each other
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a b c a b c

A. The represented B. Larger than

world Taller than

a b c a b c

C. Larger than D. Larger than

Smaller than Points to

Figure 1. Examples of representation. The represented world consists of

the objects shown in A. In each of the worlds B, C and D the relation

“larger than” on world A has a corresponding relation in the

representations that is indicated by the expression beneath each world.

Figure 1 gives an example of different types of representations and how

representations may be structured. In this case, the represented world is world A in the

figure. The representing worlds are B, C and D. The aspect of world A that is being

modelled is the relation “larger than”, where ‘a’ is larger than ‘b’ and ‘b’ is larger

than ‘c’. In the worlds B, C and D lines represent the rectangles from world A. In

world B the relation “larger than” is represented with the “taller than” relation

between the lines. In world C the relation is represented by the “smaller than” relation

between the lines and in world D the relation is represented by that one world is larger

than another if an arrow points from that world to the other.
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3.2 The relation between representation and processing

We must not forget that a representation in itself might not be very useful if we cannot

process it. Palmer (1978) states: “one cannot discuss representation without

considering process” (p. 265). Hence, for every representation to be useful, we also

need to consider processes and operations on the representations. Also, there is little

use of discussing details of processing if we do not consider any representations.

Palmer (1978) states that the role of processing operations is to functionally determine

the relations that hold among the objects in the representation. To determine

operations to be used on the representations is not necessarily an easy task. For

example, most people know what it means for one object to be heavier that another.

But then we are relying on our intuition and experience; we do not know how we

know that an object is heavier than another. The process used for measuring object

weights through, for example, muscle tensions is hidden for us. According to Palmer,

when constructing processes to use on the representations, there must also be

specifications of what the processes do to determine if a relation holds or not. There

need not be an intuitive correspondence between the operations and representations in

the represented and representing world. For example, the weight of stones might be

represented as lengths of lines, and instead of measuring weight in the representation,

the operations measures length. But there is still a correspondence; the longer the line,

the heavier the stone (we might also have a correspondence as the shorter the line, the

heavier the stone). Palmer’s point is that operational relations are just defined by the

process that interprets the representation.
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There is also another issue regarding the relation between representations and

processing representations. According to Palmer (1978) it might be so that from a

representation it is possible to extract more knowledge about an object than what the

defined operations might access. For example, consider a number of objects made of

lead. The representation of these objects consists of lines, where the lengths of the

lines correspond to the weight of the objects. From the outside we see that the weight

of an object also gives the amount of lead used in that object. Then we can see that the

length of a line describing an object also contains information on how much lead the

object contains. However, we have not in our model defined a relation that gives the

amount of lead used. Therefore, from the model point of view, in the representation,

since it is not accessible, there is no information of the amount of lead used. So, what

might be considered represented information from the outside need not be information

from the inside point of view. Palmer states: “The only information contained in a

representation is that for which operations are defined to obtain it” (p. 266).

3.3 Representations

Given the relation between representation and operations on representations we

summarise, along the lines of Palmer (1978), that the function of a representation is to

preserve information about the world being represented. Not all information needs to

be stored, just the information that is going to be used.

According to Palmer there might be several representations that represent the same

world. There need not be just one way for a representation to represent the

represented world. There are many ways in which two representations can differ. First
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of all there might be a difference in what objects in the world are being represented

and also in what relations are represented. If we just accept the fact that the objects in

two representations might differ, there are also other things that might not be the

same. The representations might model different relations and properties on the

objects. Palmer calls this type of difference for non-equivalent representation.

Furthermore, there might be many ways in which a property or a set of properties on

objects might be represented. Hence, even though two representations represent the

same objects, relations and properties of a world they need not be the same. Palmer

calls this type of situation for informationally equivalent representation. The third

situation is that of two representations model exactly the same relations in the same

way. Palmer calls this situation for completely equivalent representation. For this

work we are mostly interested in the second situation, informationally equivalent

representation, in which the same objects and the same relations and properties are

represented in different ways. However, we also present a short overview of the other

two situations.

3.3.1 Non-equivalent representations

Palmer (1978) identifies three ways in which two representations representing the

same objects can be considered non-equivalent.

Firstly, the type of information may differ, i.e., one representation models one

property or relation, whereas the other models a completely different property or

relation. For example, one representation might model a person’s weight whereas the

other models a person’s age. In this case, clearly, the same questions cannot be
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answered by the different representations, one can only answer questions about

weight whereas the other can only answer questions about age.

Secondly, even though two relations might model the same property or relation they

might do this in different ways. Palmer calls this resolution. There are two aspects of

this situation. Firstly, different systems for categorisation might be used. For example,

two representations model the age of the same objects. However, one of the

representations models the age by three degrees: young, middle age and old. The

other representation models age as the number of days an object has existed.

Secondly, although the same scale might be used by the two representations they

might classify objects according to different criteria. For example, now both relations

model the age of the same objects according to young, middle age and old, but one

representations claims that an object is young if it has existed for less than two days

and middle age if not young and less than ten days and old otherwise, whereas the

other sets the limits to four and twelve days.

Thirdly, the representations might model the same relations on the same objects using

the same scales but still be non-equivalent. Palmer (1978) calls this uniqueness. This

arises when it is unclear which value in one representation that corresponds to a

specific value in the other representation. For example, two representations model the

same relation. The first representation use the values a, b and c and the second

representation use the values 1, 2 and 3. Uniqueness arises if we cannot assume that

the values are ordered. This means that b might correspond to 1, c to 2 and a to 3, or a

to 1, b to 3 and c to 2 and so on. Without a key to translate between the

representations they must be considered non-equivalent.
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3.3.2 Informationally equivalent representations

We recall that two relations are informationally equivalent if they preserve the same

relations about the same objects. The relations might still, of course, preserve the

information in different ways. Palmer (1978) divides the representations into two

main categories. They are either intrinsic or extrinsic. Of course, there might be

hybrids between these two categories.

Palmer (1978) defines a representation as: “… (purely) intrinsic whenever a

representing relation has the same inherent constraints as its represented relation” (p

271). This means that the properties of a relation that is being represented must be

“built in” into the structure doing the representation. To exemplify consider that the

weight of some objects are being represented by the length of lines. The relation

heavier-than has the properties (among others) asymmetry and transitivity, that is, two

objects cannot be heavier-than each other. Further, an object heavier-than another

object, which in turn is heavier-than a third object, is also heavier-than this third

object. Similar can be said about a relation longer-than, which, in the representation,

corresponds to the heavier-than relation in the represented world. In figure 1 the

worlds B and C have intrinsic representations of the “larger than” relation of world A,

since “taller than” and “smaller than” have the same properties as “larger than”.

Palmer (1978) defines a representation as: “… (purely) extrinsic whenever the

inherent structure of a representing relation is totally arbitrary and that of its

represented relation is not” (p 271). This means that, contrary to an intrinsic
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representation, the properties of a relation in the representing world need not be the

same as that of the represented relation. Consider, for example, the heavier-than

relation, which is asymmetric and transitive. In an extrinsic representation this

relation might be represented as arrows connecting the objects where and object is

heavier than another object if there is an arrow from the first object to the second. In

this case there might well be the case that two objects points to each other making

both heavier than the other (i.e., not asymmetric). Further, in this representation, an

object heavier-than another object, which in turn is heavier-than a third object, might

not be heavier-than this third object, but might be lighter than this object or even lack

this information at all. This means that in order to guarantee that the properties are

hold there must be a check from outside the representation. In Figure 1, the world D

has an extrinsic representation of the “larger than” relation since the relation “arrow

connected to” does not have the same properties as “larger than”. In fact, in D’s

representation it cannot be stated if object a is larger than c since there is no arrow

from ‘a’ to ‘c’.

Hybrids between intrinsic and extrinsic representations exist in two cases (Palmer,

1978). Firstly, a representation might model some relations intrinsically and others

extrinsically. Secondly, a representation might model a relation intrinsically, but

where the properties of that relation are maintained extrinsically. For example, in the

case of the heavier-than relation modelled by arrows, this representation might be

considered intrinsic if the asymmetric and transitive properties of heavier-than are

maintained extrinsically, so that we know that asymmetry and transitivity always are

valid in the representation.
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Palmer (1978) also points out that there are other ways in which two informationally

equivalent relations might differ. This has due to the way in which the information is

stored. In one case you can, from the representation directly get the information you

want, whereas on the other hand you might need to derive the information of a

relation from other pieces of stored or derived information. Palmer states: “We call a

representation direct if its operational definition relies on no other relations.

Otherwise, the relation is derived” (p. 272). To exemplify, consider again the heavier-

than relation modelled by arrows between objects. Consider the case that one object is

heavier than another object, which in turn is heavier than a third object. Consider that

you want to know if the first object is heavier than the third. If you get an answer this

is given from one of two cases. If there also is an arrow connecting the first object to

the third, there is no need to look at other relations, hence this is a case of a direct

representation. If, however, there is no such arrow, but there is a path of arrows

connecting the first object to the third via other objects, as in the above case where the

first object is connected to the second, which in turn is connected to the third it is

possible to derive that the first object is heavier than the third. This type

representation is called derived.

3.3.3 Completely equivalent representations

Palmer (1978) states that when two representations are completely equivalent to each

other it means that they represent the same things in the same way. There is not much

to say about this type of similarity other than, as defined there are still some things

that might differ. In the definitions there is no mentioning of how the representations

are processed.
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3.3.4 Intrinsic and extrinsic sequence representation and processing

The representation and processing of sequences is affected by the choise of using

either intrinsic or extrinsic techniques.

When using and intrinsic representation the positions of objects are maintained by

using a representation which has exactly the same properties as the positions have in

the represented world. This might give easy access of information in the

representation, but, on the other hand, put severe constraints on how to represent

positions.

The extrinsic representation technique for sequence representation puts fewer

constraints on how the sequence is being represented. On the other hand, it might

result in a representation where the information is not as easily accessed as in an

intrinsic representation.

In the later chapters we view the start-end model and the dynamic memory theory as

examples of intrinsic representations (in chapter 5) and the evaluated connectionist

networks are viewed as being examples of extrinsic techniques (in chapter 6).

3.4 Complex representations

It might be interesting to model several relations and properties in the same

representation, especially if real world situations are modelled, but also in toy worlds

for research. What is interesting in these situations is that relations of different types
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might affect each other, or in combinations with other relations influence yet other

and so on. Consider for example objects where weight density and size are modelled

in the representation. Now we see that an object with low weight and high density

might be considered small compared to an object with high weight and low density, or

even compared to an object with low weight and low density. Here it is quite clear

that weight and density somehow affect size.

In these situations it is interesting to once again differ between intrinsic and extrinsic

representations.

When dealing with intrinsic representations we need not consider the properties of the

relations that are modelled, e.g., asymmetry, since the structures used for modelling

these relations in themselves have the same properties. However, Palmer (1978)

points out that as the complexity of the representations grows (more and more

relations are being modelled) the difficulties of finding new structures for modelling

the relations and that share the same properties gets harder. So, when trying to

represent a very complex world, only a scaled model of the world itself will be

sufficiently complex, Palmer argues.

The problem of finding new structures for modelling relations, and which shares the

same properties as the relations, is not quite as hard in extrinsic representations as it is

in intrinsic representations. We recall that there, in fact, are no such demands in the

representation. However, in extrinsic representations the properties must be maintained
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in other ways. Palmer (1978) states that extrinsic representations seem better for

mental representations than intrinsic.

In the AI community, two theories of representation and processing that have received

interest are the symbolic and connectionist (or subsymbolic, which is more general)

theories. The symbolic theories deal mainly with intrinsic representations whereas the

connectionist theories mainly deal with extrinsic representations. Some researchers,

for instance Cooper and Franks (1994) claim that neither symbolic nor subsymbolic

systems alone can generate good models of cognition. Therefore hybrids between

these two theories are often put forward.

3.8 Chapter summary

In this chapter we have explored the foundations on which all representations are

based. Furthermore we have explored the relation between different kinds of

representations. We have also surveyed different representational techniques and their

benefits and drawbacks. We stated that using an intrinsic representation of a sequence

puts constraints on the properties of the relation to be used it might lead to easily

accessed information. On the other hand, using an extrinsic representation for a

sequence puts fewer constraints on the properties of the relations it might lead to that

the stored information is hard to access.



3 Knowledge representation and processing

32

Also, we stated that, in the following chapters, we view the start-end model and the

dynamic memory theory (both in chapter 5) as examples of intrinsic techniques and

the connectionist theories (in chapter 6) as examples of extrinsic.
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4 Features of sequences

Let us return to the cognitive part of representation and processing. As we saw in

chapter 2, our memory consists of two parts: short-term and long-term memory.

According to Ericsson and Kintsch (1995) it is generally believed that the short-term

memory deals with most of the processing and has limited ability to contain

information for a longer period of time. Furthermore, the amount of information that

can be stored in short-term memory is limited. Many experiments indicate that the

short-term memory only can handle seven chunks plus or minus two (Miller, 1956),

where a chunk correspond to a pattern. The long-term memory on the other hand is

good at storing information for a long time, but is not as fast regarding processing.

Most of the time information needs to be loaded from long-term memory into short-

term memory in order for it to be processed. Furthermore, there seems to be

limitations of what is stored in long-term memory. Atkinson and Shiffrin (1968)

concluded that in order for a concept to be stored in long-term memory it must first be

stored in the short-term memory. Ericsson and Kintsch (1995) also noted that not all

information gets stored. There are several suggestions on what the probability is of a

concept being stored in long-term memory (cf. Atkinson and Shiffrin, 1968;

Anderson, 1983).

The working memory refers to the parts of memory in which information is currently

being processed (cf. Ericsson and Kintsch, 1995; Baddeley, 1986). Like the memory

for storage, Ericsson and Kintsch proposed that the working memory is divided into

two parts; the short-term and long-term working memory. The long-term working

memory is a domain-specific memory, which is connected to the long-term memory
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and is trained as a person’s knowledge and experience in a domain increases. When

we are in a domain in which we are not familiar with the working memory is very

small, but as the person’s experience in that domain is increased the amount of

concepts that the long-term working memory can handle increases significantly.

Chase and Ericsson (1982) discovered that after several hundreds of hours of practice

the long-term working memory could contain about eighty concepts in that domain.

As we have seen, the memory seems to be divided into a short-term and long-term

part that might have different features. We will now look further into the in the short-

term and long-term memories for features of representation and processing of

sequences that appear when performing the tasks identified in section 2.4.

4.1 Sequence representation and processing in short-term memory

There are several examples of when we must store sequences for shorter periods of

time and be able to process them. This is happening when we try to recall telephone

numbers we just have looked up or that we remember a person’s name during the

conversation while forgetting it as soon as the conversation is over and so on. How we

represent and store sequences in short term memory is still an active research area.

In order to acquire features and properties on how we represent and process sequences

in short-term memory a common experiment is to present a list of items or concepts to

the test subjects who are then asked to repeat the sequence (cf., Ericsson and Kintsch,

1995; Henson, 1996). The results are analysed with respect to what the subjects

recalled correctly and also with respect to what the subjects did wrong. According to
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Henson (1996) it is in fact more interesting to investigate the errors. This is because

since all subjects are trying to do their best and recall as much correctly as possible,

the errors might have much to tell us of how the memory works.

In his work Henson also divides the different theories for how the short-term memory

is structured into three categories. In this section we will firstly look further into the

different errors when recalling sequences from the short-term memory that has been

observed. This is done in section 4.1.1. Then we will look further into the different

categories for sequence representation and processing that Henson has identified.

4.1.1 Classification of errors

Henson (1996) distinguished between two main types of errors: order errors and item

errors. An order error happens when an item is recalled in the wrong position and

item errors happen when an item is recalled incorrectly or not recalled at all.

Henson (1996) also used a more fine-grained list of error types. In this classification

the distinction is between an item’s position in a list, its input position, and the

position it has when the subject recalls the list, its output position. For examples of the

different error types see table 1.

Henson differentiates between two main categories of order errors: omissions and

substitutions. Omissions occur when no item is given for a position and substitutions

occur when an incorrect item is given. Henson further divides substitution into
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transpositions and intrusions. When items in a sequence are recalled in the wrong

position it is a transposition and intrusions are when items that is not even in the

original sequence are recalled. In these cases Henson claims that most often the new

items comes from previous trials rather than being completely new. He calls the

intrusions from previous trials for immediate intrusions.

There are also a number of special cases of errors. A special class of substitutions are

confusions. When a subject is recalling a sequence it might happen that an item in the

sequence is confused with an item that sounds about the same, for example “fly” and

“high”, “J” and “K”. According to Henson, this kind of error is common in tests of

immediate memory. Repetitions are a special class of transpositions. Repetitions are

items that occurs only once in the sequence, but many times when recalling the

sequence. Another special class that belong to transpositions are associates. This is

when items are recalled in the correct order in relation to the item previously recalled,

but still in the wrong position.

Henson (1996) lists two more types of errors that relates to position. Interpositions are

when a sequence is split into groups and items are switched between groups, but in

the group maintains the same position, for example the items that are first in two

groups get switched, but maintains their first positions. Protrusions are similar, but

they occur from sequences from different trials rather than from the same sequence.
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Error type Input sequence Recall sequence

Omission A B C D E F A B C D - -

Transposition A B C D E F A C B D E F

Intrusion A B C D E F A X C H E F

Confusion A B C D E F K B C G E F

Repetition A B C D E F A B C A E B

Associate A B C D E F A B D E F C

Interposition A B C D E F A B F D E C

Protrusion
P Q R S T U

A B C D E F

P Q R S T U

A Q C D T F

Table 1. Types and examples of errors in serial recall. The errors are in

bold and items corresponding to a particular error type are underlined.

Modified from Henson, 1996.

These errors provide a basis for which constraints there is on short-term memory and

which must also be present in any theory for short-term memory. We will return to the

errors in section 4.1.3 for further exploration of which ones of them are present in the
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short-term memory, but first we explore the different theories for how short-term

memory is constructed.

4.1.2 Classification of short-term memory theories

Henson (1996) identified three basic theories for how the short-term memory handles

sequences. These are: the chaining theory in which each item in a sequence (apart

from the first) is linked to its predecessor (or predecessors), the positional theory in

which each item is linked to its location in a sequence and the ordinal theory in which

the order is stored along a dimension, without assuming either chaining or linking to a

position.

4.1.2.1 Chaining theory

Henson (1996) states that the chaining theory assumes that the order between items is

stored by the formation of associations between successive items in a sequence. In

order to retrieve the items you simply step through the associations where each item

cues the recall of its successor. This process is called chaining.

According to Henson the chaining theory is probably the oldest and most intuitive of

all approaches to describe serial order in memory. He claims that it is a simple

extension to an older theory that emphasize on stimulus and responses, where each

response can become a new stimuli for the next. According to Henson this way of

viewing memory has remained popular in many models, for instance by Elman (1990)

and Jordan (1986).
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According to Henson (1996) the simplest of chaining theories assume only an

association between adjacent items of a sequence and a cue that only consists of the

immediately preceding response, see figure 2. Henson has a few objections to this

simple chaining model. For example, how does the model deal with sequences of

repeated items when two or more items will share the same cue? Another example by

Henson is the question about how the theory recovers from errors? Once the error has

been made the cue for all subsequent responses will be incorrect, which leads to a

cascade of further errors.

Figure 2. A simple chaining model. The model only assumes

associations between adjacent items of a sequence and the retrieval

cue only consists of the preceding item. Modified from Henson, 1996.

Models, which also assume remote associations together with adjacent ones, don’t

have as many problems with the situations described in the previous paragraph. In

these models, see figure 3, a number of preceding items makes up the cue. According

to Henson, this approach is very popular in recurrent neural networks (cf. Elman,

1990; Jordan, 1986). Since the cue is made up from several items, in case of

repetitions it is easier to identify the correct items in the sequence. The use of multiple

G F B

Storage Retrieval

F-?
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associations also means that an error is less devastating, since the additional links

allow recovery from the error.

Figure 3. A compound chaining model. The model assumes associations

between an item and all its predecessors and the retrieval cue consists of

all items earlier in the sequence. Modified from Henson, 1996.

Henson (1996) states that there are also other solutions to the problems of repeated

items and error recovery for chaining models. When items are repeatedly appearing in

a sequence the items can be provided with a token distinction, so that two items of the

same type still can be distinguished. For example, the representation of an item can

contain both its type and where it is stored so that it functions as different cues in

different parts of the sequence.

There is also a different solution to errors. There are models that only assume

pairwise associations but only use a response if it is correct. If the response is

incorrect an approximation of the correct value is used (cf. Murdock, 19832). Henson

(1996) states that this solution works fine as long as there is feedback that can tell if

the response is correct or incorrect and give a hint of what the solution might be. This

is not the case in most situations.

Storage Retrieval

G F B GF-?



4 Features of sequences

41

Henson claims that, despite the solution suggestions, there are a lot of things that

indicate that the chaining models might not be good after all.

One argument against the chaining model is the interference between sequences if the

same items are used in the different sequences. Henson mentions the example of how

the order of letters in the words pat, apt and tap could be restored when each letter is

associated with almost every other. He makes a reference to speech productions in

English where 50,000 words are drawn from 45 phonemes. In here the scale of the

inference problem becomes apparent.

Another argument concerns the solution of feedback for error correction. Lashley

(1951)2 argues that in many situations the actions are executed so fast that there is not

time to receive and process feedback. For example, a skilled typist presses the finger

so fast that there is not time to get feedback.

Yet another argument by Lashley is concerned with the fact that most everyday

observations involve more than just the linear structure of chaining theory. Many

sentences are ordered in hierarchies such as the order of words in a sentence, the order

of syllables in each word, the order of phonemes in each syllable, and so on. Another

example is that the structure of syllables set constraints on the order of its phonemes

which cannot be accounted for by the chaining theory.
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Another question Henson (1996) raises is that of what cues the first item in a

sequence in order to start the chaining process. Thus, Henson concludes, the chaining

theory is not sufficient to answer the problem of serial order.

4.1.2.2 Positional theory

Henson (1996) states that in the positional theory the assumption is that each item in

the sequence is associated with its position in the sequence. In this case the items are

retrieved by using each position to cue its associated item.

When each item is associated to its position, in a model from positional theory, the

model does not have problems with repeated items as we saw with the chaining theory

(section 4.1.2.1). According to Henson this is because the items are associated with

separate positions. Further, since the retrieval mechanism can continue to the next

position regardless of what the previous position contained or if it was correct, the

models do not have a problem with error recovery. Henson notes that this is the model

that conventional computers use to store and retrieve order.

Henson, however, does not like this type of model as a psychological model. It has a

number of flaws. Firstly, Henson asks, how many positions does a person have in the

short-term memory? Secondly, the model does not explain some of the errors that

people do when they are misremembering sequences. Henson states that people are

more likely to confuse items close together in the sequence than far apart, whereas the

distance according the model should not matter. There are however, Henson states,

models that can explain these types of errors. One possible explanation of the errors is



4 Features of sequences

43

that the positional codes becomes confused over time, so that nearby items can swap.

Henson (1996) states that there is also another way to explain the errors. In some

models the positional codes overlap so that the code for one position is similar to the

codes for nearby positions. Because of this overlap some nearby items may be

confused during retrieval.

According to Henson the positional theory, unlike the chaining theory (see section

4.1.2.1), can be extended to have the ability to represent hierarchies. Then we get a

hierarchy of positional codes. However, he argues, this is not necessarily a good

solution, since it moves the question from how the hierarchies are represented to how

the positional codes are ordered and stored in memory, rather than to really solve the

question about hierarchical representation,

Henson argues, however, that the interference problem is still not solved in this

theory. For a positional model to store and retrieve, for example pat, apt and tap it

must have different positional codes for each word in order for each letter not be

associated with every position. This means that we should have to have a different set

of positional codes for every word we know.

In spite of its shortcomings, Henson argues that there is good evidence that people use

positional codes in short-term memory for serial order.
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4.1.2.3 Ordinal theory

Henson (1996) states that the ordinal theory assumes that the order of a sequence is

stored along a single dimension, where the order is defined by relative values rather

than on absolute ones on that dimension. Moving along the dimension in any direction

retrieves the order of items. This means that this theory does not necessarily assume

the item-item- or item-position-associations.

According to Henson some researchers, for example Grossberg (1978), assume that

the order is stored by a gradient of strengths in memory, so that each item is stronger

that its successor. In this case, the order is retrieved by selecting the strongest item,

suppressing it, then selecting the second strongest, suppressing it, and so on.

Another ordinal model, by Shiffrin and Cook (1978)2, assumes associations between

each item and a node. Henson states that in this model only the nodes are associated

with each other. By moving from the node representing the start of the sequence

towards the node representing the end the order of items are reconstructed.

Henson (1996) states that the ordinal models, like the chaining ones (see section

4.1.2.1), require token representation to be able to deal with repeated items. This is

because otherwise, a single strength must represent all the different positions that the

item has.

Henson identifies an attractive property of the ordinal theory where the order is

maintained by strengths. This property is that errors in recall will co-occur in that one
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error will cause another. For example, if one item becomes stronger than its

predecessor then they will switch positions in the sequence. Henson notes that this

type of error is common in people too. Further the different processes can operate

independently of errors.

According to Henson, some ordinal models have also been extended so that not only

can they handle hierarchies, but they can also avoid the interference problems that

existed in the chaining and positional theories (see sections 4.1.2.1 and 4.1.2.2).

Henson concludes that the ordinal theory does not have some of the unattractive

features that exist in the chaining and positional theories.

4.1.3 Summary of features

So far we have not said much about what features short-term memory for sequence

representation and processing has. Studies have been conducted regarding serial recall

that uncovers several features for sequence processing. It should be noted that many

of the studies is only about recall of sequences.

4.1.3.1 Experimental analysis

In order to expose features for sequence recall Henson (1996) have analysed a number

of different experiments. In his analysis, Henson identified a number of different

constraints, which are linked to the errors identified in section 4.1.1.
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Primacy Constraint

The experiments analysed show that errors on the first position in a sequence are less

frequent than errors on the second position.

Recency Constraint

In the experiments recency, the latest memorised item is better recalled, was also

evident, but this was only true for the last item in the sequence. However, the analysis

also shows that if there are a lot of omissions when recalling the sequence these

mostly are at the end of the sequence. Hence, recency seems to be evident as long as

there are not a lot of omissions.

Locality Constraint

The locality constraint states that when an item is recalled at the wrong position in a

sequence, it is not recalled far from its correct position. This is supported by the

analysis, which among other things shows that it is more common for items to be

recalled one position wrong than two or more position away from the correct.

Fill-in Constraint

According to the definition (by Page and Norris, 1998) Fill-in is a property such that

if an item, due to a transposition, is missed in recall it is more likely to be recalled in

the next position. Thus, fill-in is important to prevent a further cascade of errors.

There is a difference between strong fill-in and weak fill-in. When it is the case of

strong fill-in the earliest unrecalled item will always be the one most likely to be
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recalled. In the case of weak fill-in, if an item has not been recalled up to, or on, its

correct position then it will be the most likely error on the next position.

The analysis shows that there is, indeed, a fill-in tendency when wrongly recalling a

sequence. In more than 50% of the cases a fill-in occurred. It is also interesting to note

that the correct item in this type of error was recalled in only 1% of the cases. The

analysis also shows that the fill-in most likely is of the weak kind rather than strong.

Henson also points out that models with strong fill-in can explain no type of

positional error.

Omission Constraint

According to the analysis, omissions increased towards the end of recall of a

sequence. However, the last item was more often recalled than the item(s) before it.

This can be explained by that the last item is recalled to early and followed by an

omission.

Repetition Constraint

The analysis shows that if a repetition has taken place, then the items repeated are

such that they appeared much earlier in the sequence rather than having been recently

recalled. So, the distance between the repeated items was large.

Protrusion Constraint

According to the analysis, if an immediate intrusion has taken place it is most likely to

be of the type protrusion. That is, if an item in a sequence is erroneously replaced by
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another item this item will probably be from the same position in an earlier sequence.

However, Henson (1996) points out, these kinds of errors were quite rare in the

experiments upon which the analysis is built.

Interposition Constraint

The analysis shows that it is more common with three-apart interpositions than two-

apart transpositions. This means that in grouped sequences interpositions override the

locality constraint, so that an item, when being recalled in the wrong part of the

grouped sequence more likely is recalled at its correct position but in the wrong

group. The analysis shows furthermore that interpositions most often happen in the

middle of groups rather than at the beginning or end.

Confusion Constraint

In the experiments analysed most transposition errors involved more often

phonologically confusable items than non-confusable. There also seems to be the case

that the transpositions for the confusable items most likely occurred between nearby

items rather than confusable items far apart. Further, the analysis shows that the

confusions have no effect on cuing of the subsequent items. So, although the item

immediately before was transposed with another phonologically confusable item

elsewhere in the sequence the new item recalled is most likely correct.
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4.1.3.2 Features of sequence representation and processing in humans

Henson (1996) summarises the constraints as follows. He also points out that any

model for human short-term memory when regarding sequence recall must also

follow all the constraints found in the analysis.

In summary, nine constraints were found (from Henson, 1996, p. 79):

1. The primacy constraint: the recall of the first item is better than the second.

2. The recency constraint: The recall of the last item is better than the

penultimate item provided that, towards the end of recall, there are not too

many omissions.

3. The locality constraint: Items transpose small distances from their correct

position.

4. The (weak) fill-in constraint: If an item is not recalled up to, or on, its correct

position, it will more likely end up on the next position rather than being

omitted.

5. The omission constraint: Omissions increase towards the end of the recall, but

this does not mean that the last item necessarily failed to be recalled.

6. The repetition constraint: Repetitions are rare and far between. The items

being repeated are most often recalled near the start and the end of a sequence.

7. The protrusion constraint: An erroneous item is more likely to occur as the

same position as it appeared in the previously recalled sequence than is

expected by chance. Intrusion of the whole sequence is rare.
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8. The interposition constraint: Interpositions are more common between groups

than expected by the locality constraint. They most often involve middle

positions of groups and without transposition of whole groups.

9. The confusion constraint: Phonologically similar items cause confusion in

retrieval of items, but not in cuing of subsequent items.

4.1.3.3 Predictions of features by short-term memory theories

Henson (1996) performs a number of experiments in order to find out which of the

three theories, chaining, positional and ordinal, that is the most likely theory for

explaining how short-term memory represent and process sequences.

Henson failed to find any evidence supporting the chaining theory for immediate

serial recall (recall of sequences in short-term memory). However, he found evidence

that supports the positional theory. In order to acquire the evidence Henson

investigates what errors that the theories can model. In this case evidence took the

form of positional errors, transpositions between groups and intrusions between trials.

These errors cannot be explained by ordinal theory. Hence, Henson’s conclusion was

that the positional theory is the theory that resembles the features of immediate

sequential recall in humans closest.

4.2 Sequence representation and processing in long-term memory

Much of the effort in exploring the structure and function of long-term memory is

focused on the question of what it is that makes experts so good in their domain of
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expertise. Often, the experiments performed tries to expose differences between how

experts and novices treat information in a domain (for instance see Ericsson and

Kintsch, 1995; Gobet, 1996b).

In his report, Gobet (1996b) compares four different theories for how long-term

memory is structured. In this chapter we firstly look further into what features the

long-term memory seems to have. Then we look further into the four theories that

Gobet selected for his comparison and finally we summarise the features and state

which of the theories that seems more probable.

4.2.1 Long-term memory theories

Gobet (1996b) enumerates four theories (or groups of theories), for the structure of

long-term memory, that that have been proposed to account for expert memory in

general. These are: Chunking theory, Knowledge-based theories, Long-term working

memory theory and Template theory.

4.2.1.1 Chunking theory

Chase and Simon (1973a)3 discovered when re-investigating old experiments of recall

that is seemed that the subjects, when accessing long-term memory recalled chunks

(cf. Miller, 1956) of information. They proposed that the subjects in their long-term

memory had stored a large number of patterns that were later used. Chase and Simon

(1973b)3 suggested that the chunks are represented in long-term memory by an

internal name, which also is associated with a set of instructions that permits the
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patterns to be reconstructed as an internal image in the mind’s eye. The mind’s eye

consists of a system that stores structures both from external inputs and from memory.

This system also contains relational structures that allow new information to be

abstracted. Each chunk also contains information about what to do in the given

situation. According to Gobet (1996b), it was estimated that to be an expert within a

domain it requires about 50,000 chunks.

4.2.1.2 Knowledge-based theories

According to Gobet (1996b) there are a lot of theories that falls into this category.

They generally state that what differs between an expert and a beginner is the way in

which knowledge is organised. Gobet states that a feature shared among all theories is

that information can be stored using characteristics going from concrete (shallow,

local) to abstract (deep, global). The experts use to a larger extent abstract encoding

whereas less skilled individuals use concrete encoding. Gobet points out that these

theories never have been systematized and have not been systematically tested to

empirical evidence. He also mentions, in particular, that no detailed models have been

proposed based on these theories.

4.2.1.3 Long-term working memory theory

Ericsson and Kintsch (1995) put forward another suggestion of how long-term

memory is structured. According to them, working memory (see section 2.1.3) should

to be divided into short-term and long-term working memories, where it usually is

supposed that working memory only deals with chunks in short-term memory. Gobet

(1996b) summarises their theory as consisting of three principles:
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• Information is encoded with numerous and elaborated cues related to prior

knowledge.

• Retrieval structures are developed which are domain specific and allow fast

encoding in long-term memory.

• The time required by encoding and retrieval structures decreases with practice.

In other words, the development of expert memory includes both to creating a

retrieval structure and learning to use it efficiently.

4.2.1.4 Template theory

Gobet (1996b) state that whereas the chunking theory (see section 4.2.1.1) is good for

explaining how people organize knowledge at the chunk level, it is weak at relating

the chunks to high-level knowledge. Experts seem to access high-level knowledge in

order to rapidly get access to useful knowledge. The template theory aims at

connecting low-level to high-level knowledge and does that by combining the concept

of a chunk with a retrieval structure.

According to Gobet (1996b), in the perceptual part of the template theory it is

assumed that, when perceiving a new situation chunks in long-term memory are

accessed by filtering information through a discrimination net and pointers to chunks

in long-term memory are placed into the short-term memory. Furthermore, rapidly

decaying visuo-spatial structures based on chunks are built up in the internal

representations. If it is an atypical situation in a given domain the chunks contains no

more than the recognised items. However, Gobet states, in typical situations in a

domain access will be given to information such as plans and actions and so on. This
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information is organised in a schematic form. If the subject has experienced the

situation many times it is proposed that chunks are developed into templates.

Templates give access to large amounts of information about actions and plans.

According to the theory, Gobet states, chunks and templates are mainly accessed by

visual information, but are also reachable by other routes allowing multiple access-

paths that can be useful for difficult tasks. When new chunks are encountered the

model tries to incorporate the information into the template in order to get a richer

template through further discrimination. Gobet summarises the template theory’s view

of expertise by experts having:

• A large database of chunks that are indexed by a discrimination net.

• A large knowledge base encoded as production and schemas.

• A coupling of chunks to the knowledge base.

• Some nodes that are developed into more complex data structures (templates).

• Accessing nodes through several paths.

During learning, not only chunks are learned but also schemas, productions and

pointers linking schemas and productions to chunks.

4.2.2 Features of long-term memory

It is generally considered that long-term memory differs from short-term memory in

the way knowledge is stored (cf. Ericsson and Kintsch, 1995). This means that the

features of long-term memory might be different that the features of short-term

memory.
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As previously mentioned (section 2.1.2) the long-term memory is generally

considered to be divided into several modules with different functionality. Since we in

this work only are interested in sequences we only investigate experiments and

features on sequences.

4.2.2.1 Analysis of experiments

Lately, Ericsson and Kintsch (1995) note, many experiments try to uncover the

features of expert memories. In studies of effect of practice on digit-span it has been

found that subjects after practice manage to increase their ability to remember lists of

digits by 100 to 1000%. They argue that the lists have been stored in long-term

memory and that it is limited to the specific type of material practised. Also, they

note, the ability to store lists in long-term memory even after fast presentation rates

and the error free and fast recall indicates that there are retrieval cues in short-term

memory directly associated with the lists. Furthermore, it was found that the subjects’

memory for the presented stimuli did not benefit from knowing about the recall task

in advance. Ericsson and Kintsch note also that the experiments show that the

encoding-specificity principle (cf. Tulving, 1983)1 is valid. According to this

principle, acquired memory skill also involve that encodings are developed to which

the subject can access significant aspects of the encoding context, i.e. getting indirect

access to desired information without having to decode the structure. Furthermore,

Chase and Ericsson (1981)1 were able to uncover how people with exceptional digit

memory were able to remember all digits. It seems as if the sequences are retrieved

according to a hierarchical organisation. Digits are divided into groups and are

associated with mnemonics together with running times and other numerical relations.

Then, spatial or higher-level relations are used to encode digit groups into super-
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groups. Then, at the time of recall, the subjects could regenerate any of the unique

locations of the retrieval structure and, using the given location as a cue, the subjects

could retrieve the corresponding digit group. Hence, the subjects can serially recall all

the digit groups in their presented order by proceeding sequentially through the

retrieval structure.

In a study of recognition times in long-term memory, Sternberg (1969)1 found that the

recognition times for lists stored in long-term memory was typically 200 to 400 ms

longer that for lists stored in short-term memory (depending on the length of the lists).

On the other hand, for lists that mean something, for example sentences, it took

typically only one presentation for the sentence to be stored in long-term memory.

Anderson (1990)1 found that access to lists stored in long-term memory after a single

presentation typically requires an additional 480 ms compared to lists in short-term

memory. If the list has been presented two times the retrieval time is reduced to 280

ms. On the other hand, when non-meaningful lists are learned it took typically 2s to

retrieve the list from long-term memory even after a lot of practice. Only after a

substantial amount of practice did the access times go below 1s.

Ericsson and Kintsch (1995) also state that a retrieval cue can work as a cue for

several sequences. Experiments show that as long as there is a sufficiently long

temporal separation between the sequences this is not a problem. However, the

finding predicts that, as more and more sequences share the same cue, the more

recently learned sequences are the ones that are best recalled. When asked to recall

previously stored sequences the subjects were mostly only able to recall the last one

or two sequences.
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One of the most common tasks regarding remembering sequences is the one of

reading and understanding texts. Ericsson and Kintsch (1995) propose that three

levels make up text comprehension (but they also notes that other divisions are

possible). On the first level the representations reflect the surface structure, i.e. the

words of a text in a context of a sentence. On the second level the macro-structure is

incorporated in the representation so that there are relations between the sentences.

On the third level background knowledge is incorporated and the representation forms

what Ericsson and Kintsch call a situation model. It is this model that is stored in

long-term memory. When reading a text the subjects proceed smoothly from one

sentence to the next. Ericsson and Kintsch assume that when the reading of a sentence

or a clause is complete the new information has been incorporated into the structure of

the previously read text in long-term memory. Also, when proceeding to the next

sentence some items of the current structure are kept in short-term memory and acts

as context for the new sentence as well as a retrieval cue for the structure.

4.2.2.2 Summary of features

We have now identified a lot of features for how the long-term memory store,

represent, retrieve and process sequential information. We now give a summary of the

features identified in the previous section (section 4.2.2.1):

• The probability that a sequence is stored in long-term memory is greater for

domain experts than for novices, we refer to this as the impact of expertise on

learning.
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• It is possible to increase the number of items remembered in a sequence by

practice. This is also true even with fast presentation rates. We refer to this as

the impact of learning on quantity

• There are retrieval cues in short-term memory that is directly associated with

the sequences in long-term memory during recall. We refer to this as retrieval

cues between memories

• The ability to remember sequences does not increase if the recall task is

known in advance, so it is impossible to “manually” enhance the memory

capacity. We refer to this as the impossibility of manual memory enhancement

• As the experience for a task increases (e.g. a recall task) representations are

developed that gives the ability to access relevant information without

decoding the entire structure. We refer to this feature as accessing relevant

information.

• When dealing with exceptional recall, sequences are represented hierarchically

during recall, so that digits, together with running times and other numerical

relations are associated with mnemonics and divided into groups. These

groups are further organised according to spatial or other high-level relations

into super-groups. We refer to this feature as hierarchical organization of

sequences.

• The locations of the super-groups are used as retrieval cues for digit groups.

The sequence can be correctly recalled by sequentially go through the super-

groups. We refer to this feature as retrieval of hierarchically organized

sequences.
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• Access to long-term memory is typically 200 to 400 ms longer than for short-

term memory. If the sequence is meaningless to the subjects the time for

retrieval is typically 2 s unless the subjects have practiced. We refer to this

feature as speed of access.

• Meaningful sequences normally only requires one presentation to be stored in

long-term memory. We refer to this feature as storing of meaningful

sequences.

• Several sequences in long-term memory can have the same retrieval cue.

However, when being forced to maintain sequences in memory for long

periods of time only the most recently learned sequences are remembered

(typically only the last one or two). We refer to this feature as recency in

retrieval cues.

• Regarding text comprehension, when having read a sentence or a clause it has

been incorporated with the representation of the previously read sentences.

When proceeding to the next sentence some parts of the old structure are left

in memory to provide context for the new sentence and act as retrieval cues for

the structure. We refer to this feature as representation of sentences.

4.2.2.3 Predictions of features by long-term memory theories

Ericsson and Kintsch (1995) conclude that the theory for long-term working memory

predicts all of the above-mentioned features (they have also compared their theory

with the chunking theory in other domains and concluded that the chunking theory is

not sufficient). However, in his conclusions Gobet (1996b) states that the long-term



4 Features of sequences

60

working memory is not sufficient in other domains and proposes the template theory

as being able to explain as much as the working-memory theory and more.

4.3 Chapter summary

In this chapter we have looked into the short-term and long-term memory in detail.

In section 4.1 we identified a number of possible errors when representing and

processing sequences in short-term memory. We also surveyed different theories for

how the short-term memory is constructed. These theories were: the chaining theory,

where each item (apart from the first) is linked to its predecessor(s), the positional

theory, where each item is stored according to its position in the sequence, and the

ordinal theory, where the items are stored along a dimension which does not need to

reflect neither earlier items nor positions. We further, based on analyses of

experiments, stated several constraints on how the short-term memory performs and

stated which one of the theories that best could explain the features.

In section 4.2 we surveyed four different groups of theories for long-term memory.

They were: the chunking theory, knowledge-based theories, long-term working

memory and the template theory. We also analysed a lot of experiments and produced

a list of features that the long-term memory exhibits and stated which one of the

theories that could explain most of the features.
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So far, we have achieved our first sub-goal (see section 1.1), to explore aspects of

human sequence processing. What is left now is to explore how intrinsic and extrinsic

representation and processing techniques manage to perform the different tasks

identified in section 2.4 and to see how they fulfil the features identified for the short-

and long-term memory.
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5 Intrinsic representations

As we recall from section 3.3.2, Palmer (1978) states that a representation is intrinsic

if the representations have the same properties and constraints as the objects being

represented. What is important with this kind of representation is that these features

and constraints must not be added explicitly but must be intrinsic to the objects doing

the representation. For example, an object representing aspects of a chair must have

the same properties as the aspects of the chair. If a ball has the same properties as the

important aspects of a chair, balls can be used to represent chairs. Only the properties

that are interesting to represent and might be processed must be intrinsic, there is no

need to represent relations, constraints and properties that will never be used.

For humans, the abstract systems doing the representation, storing and processing of

information is the memory. As we introduced in chapter 2 and also investigated

further in chapter 4 it seems as if we have several types of memory that are doing the

representations. We have a short-term memory and a long-term memory and the long-

term memory is in turn generally considered to be divided into several types

memories with different tasks and with different features and constraints (Ericsson

and Kintsch, 1995). For opposing views see for example Bickhard (1993) who argues

against current techniques for representation and Glenberg (1997) who argues against

the division of memory. So, in order for a model to be considered a model for how

human memory works regarding representation and processing the properties and

constraints must also be included in the model. Of course, the features of memory

could be considered implementation details, but how can a model claim to model
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human memory if it does not share the properties of memory? Therefore,

implementation details, in that case, must be included.

There are a lot of theories within the field of intrinsic representations that deal with

sequence representation and processing, some of them claiming to be models for how

humans represent and process knowledge. We argue that in order to make such a

claim, the theory should, at least, be able to perform the same memory tasks that

humans can perform and exhibit the same features. In this work we will look further

into the Start-End model by Henson (1996) and the script and dynamic memory

theory, which was developed by Schank and Abelson 1977. This is because the start-

end model shows many interesting features and that scripts have been successfully

used for story processing (cf. Miikkulainen, 1990) and are used in many applications

and models for interacting with humans (cf. Turner and Cullingford, 19894;

Kellermann et al., 19894).

5.1 Start-End Model

Henson (1996) developed the Start-End Model in an attempt to model recall of

sequences by humans. It is a model of a positional theory. The idea is that the items in

a sequence are associated with a start and an end marker that reside in the short-term

memory. The strength of the associations to the start and end marker is depending on

how close the item is to the beginning and end of the sequence. Hence, for an item

close to the beginning of a sequence the association to the start marker is strong,

whereas the association to the end marker is weak, and for an item towards the end of
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a sequence the association to the end marker is strong whereas it is weak to the start

marker.

In order to recall a sequence, the subject starts to recall the item that has the strongest

association to the start marker and then proceeds to the element that have gradually

weaker associations to the start marker and towards the end of the recall the emphasis

is more put on the end-marker.

5.2 Scripts and Dynamic memory theory

During the 1970:s much attention was put into micro worlds, i.e., the idea that the

situations in our every-day life could be divided into sub worlds that each could be

studied separately. Schank (1975) contributed to this hypothesis by introducing

scripts. Schank defined a script as

“… a predetermined causal chain of conceptualisations that describe the

normal sequence of things in a familiar situation.”

In other words, for every situation there is a sequence of concepts or actions, which

describes the normal behaviour of that situation. This sequence is called a script.

Hence, there is a script for us eating breakfast and a script for us going to work and

which contains a sequence of actions and events so that going through the script

makes us deal with the situation. The scripts leave out the background and contain

only the minimum numbers of participants and objects required to solve the situation.

Thus it might be argued that the scripts, by this feature, put minimal constraints on the

background. Also, each action in the script is an abstraction of a sequence of low-

level actions, e.g., in a breakfast script: go to table, sit down, eat breakfast, complain
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about the weather…. In short, a script is a way to process sequential information,

mostly stories and sequences of events.

Schank (1975) proposed that we have a lot of these scripts and simply switch between

them to deal with every possible situation. Schank stated that it is enough, e.g. for a

computer, to have a script for a situation like going to a restaurant, to be able to

understand the actual situation (in this case restaurant going).

In order to deal with abnormal situations when going through a script, e.g., in the

breakfast script someone might have stolen the breakfast table, Schank and Abelson

(1977) added exception handling in that, how to deal with abnormal situations are

explicitly stated in the script (in this case we might eat on the floor).

With the Dynamic memory theory, Schank (1982) extended the script theory so that

the scripts were divided into hierarchical schemas called memory organization

packets (MOPs). Each MOP contains scenes, or groups of actions, that occurs within

a MOP, for example travelling by bus. Each scene is in turn associated with any

number of scripts, where a script contains the actual actions that have taken place.

MOPs can also be hierarchical, for example, there can be a MOP for travelling by

public transports which includes MOPs for travelling by bus, by car, by train, etc.

Apart from MOPs there is also metaMOPs that represent higher-order goals, e.g. to

travel. The metaMOP contains separate MOPs for more specific instances of the goal.
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5.2.1 Learning in script theory

Owens (1993) states that using for example, scripts, requires that the system can

identify the relevant similarities between the current situation and the scripts and

objects represented in memory. Often the relevant features are determined by abstract,

thematic properties that are costly to infer. Owens further states that because of the

cost of inference, the retrieval system for the scripts needs to learn which properties

are worth inferring and also how costly that inference will be.

Owens concludes that many case-based reasoning systems, like scripts, determine the

relevance on the basis of how many features that are shared between the current

situation and prior cases. In order to do this the reasoner needs to have (Owens, 1993,

p. 2):

• A vocabulary of features that are used to describe situations,

• A case library where the scripts are described, where each script is represented

using features from the vocabulary,

• An inference mechanism for determining which features that apply to newly-

encountered situations,

• A lookup mechanism for finding scripts that share features with the current

situation.

According to Owens (1993) there are two learning tasks that the system responsible

for retrieving scripts must deal with. From multiple experiences and situations, the

system must learn new scripts and also be able to add new descriptive features to its

vocabulary. It must also be able to refine a description for single experiences. For



5 Intrinsic representations

67

each new situation, the reasoner tries to build a description of the situation based on

the current representational vocabulary. Owens notes that since many of the features

are quite abstract, it is often costly to determine what features that apply to the

situation. Therefore, the reasoner’s inference mechanism must be selective in its use

of features, so that the search is narrowed to a small set of useful cases.

Now we know what has to be learned when using scripts, but how do we learn new

scripts? Gan and Narayanan (1993) suggested that scripts are learned when a situation

or similar situations has been encountered several times. The first times that the

situation appears we use planning, trying to figure out the main goals of the central

characters and what actions that are needed to reach the goals. As the situation is

encountered more and more times a script is constructed describing the situation so

that the sequence of events is given causal ordering, while the goals and plans of the

actors get more implicit.

5.2.2 Applications of scripts

There have been a lot of applications that have used the ideas of scripts and MOPs.

The practical stronghold for scripts seems to be within the field of story understanding

and communication.

Kellermann et al. (1989)4 used MOPs to describe conversations between

undergraduate students that met for the first time. 24 scenes were identified and the

conversations, in general, seemed to be divided into three phases: initiation,

maintenance and termination. For example, in the initiation phase the scenes included
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exchange greetings, introduction of themselves and discussing current surroundings.

The scenes seemed to be weakly ordered within a phase, that is, there was no strict

order in which the scenes appeared. However, there seemed to be a strong order for

scenes between phases, so that it was very unlikely that a scene from an earlier phase

appeared in a later phase.

JUDIS (Turner and Cullingford, 1989)4 is really a natural language interface for

another system, Julia (Cullingford and Kolodner, 1986) 4, which helps caterers to plan

meals. JUDIS is based on Schank’s ideas of MOPs and operate on goals. The MOP

representing a goal also contains the characters (caterer and customers), scenes and

the sequence of events. Higher-level MOPs were used to represent higher-level goals,

such as getting information and lower-level MOPs were used for low-level goals such

as answering simple questions.

JUDIS recognised the user’s goals and tried to model them on the basis of the user’s

utterances. It had also the ability to recognise that several MOPs could contain the

same scene and that several scenes can contain the same utterance. During execution,

all MOPs that were consistent with the current state were activated, but only one

MOP was executed at a time.

Vanderheyden (1995), like the previous applications that were presented, uses the

idea of MOPs in his system, which tries to help people with severe speech and motor

impairments. Vanderheyden notes that many of the current programs that help

communication for these people require that the user print letter-for-letter of word-
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for-word. This might take very long time. The system developed by Vanderheyden

tries to predict what will be said and give suggestions for phrases so that

communication can be speeded up. He describes a methodology for hierarchically

organizing conversations into a variety of contexts into schema structures. At the

highest level, metaMOPs represent complex goals and more specific goals are

represented by MOPs. Each MOP contains a list of scenes in the order in which they

are expected to occur in the conversation and each scene contains a number of

sentences that the user can choose among. The sentences can either be complete or in

the form of templates containing slots to be filled in as needed. If the conversation fits

a MOP closely, the system can be used using only two keys.

5.3 Start-End Model and Dynamic memory theory as sequence

processors and memory

Both the start-end model and the dynamic memory theory claims to explain some

aspects of human sequence representation and processing. Therefore we need to

analyse if the models can perform the processing tasks and exhibit all the features

identified for the different types of memory.

5.3.1 Start-End Model and Dynamic memory theory as sequence processors

In section 2.3 we identify four tasks that are interesting to be able to solve by a theory

for sequence processing. They are: 1) identify a sequence from descriptions, 2)

rebuild or complete a sequence from fragments, 3) recreate an entire sequence based

on sequence identity and 4) present only relevant parts of a sequence, i.e. make a

summary. As we can see, these tasks seem to be mostly relevant when processing
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stories according to the theories behind dynamic memory (see section 5.2). It is

interesting to see which ones of these tasks that are solved by the Start-End Model

and the Dynamic memory theory.

It is unclear whether the Start-End model can perform any of the tasks above, since it

was developed to model recall in short-term memory. There is a small gap between

short-term memory of everyday use and the model, which only deals with recall.

Owens (1993) states that, regarding the Dynamic memory theory, when encountering

a situation, what happens is that there is a lookup mechanism that tries to find a script

that is the closest to describing the situation. This is actually what we meant by the

first of the four processing tasks identified in chapter 2.3. So, the Dynamic memory

theory can have the ability to identify a sequence based from its descriptions, which

are acquired while experiencing the situation.

According to Schank (1982), a goal with developing the script theory, and later the

dynamic memory theory, was to find a way to explain and incorporate background

knowledge into the events of every-day life. So, one of the sub goals was to be able to

make inferences of what happens in a story or complete events. With making

inferences of a story Schank wanted to achieve that events that were not mentioned in

the story would be added by the script. For example, from entering a car at home and

leaving it at work, it is desirable to infer that the person drove to work. This is quite

similar to what we meant by the second of the four processing tasks.
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Also the third task, to be able to recreate a sequence based on its identity, is realisable

with scripts, since the script identity can be used as a retrieval cue for the script and

thereby giving us its schema. So, for example, if we are told to describe a normal visit

to the dentist, we can recall the dentist script and recall what happens.

Furthermore, also the fourth task, to be able to summarise a story, can be done with

scripts. Since the facts that are stored in a script are mostly the ones that are most

necessary to complete the script, any information that is outside the script in the story

might not be recalled and hence, we have a summary. However, Schank (1982) points

out, what is mostly stored in memory are abnormal events. Schank provides an

explanation for how multiple occurrences on abnormalities can be made normal as

they occur repeatedly, but it is unclear how abnormalities are accessed if they only

happen once. These situations might be missed when summarising sequences of

events.

As we can se, scripts and their extension MOPs at least have the ability to solve all the

identified sequence processing tasks, at least when regarding story processing and

sequences of events and actions. However, as we also have seen, there are still a few

questions unresolved.

5.3.2 Start-End Model and Dynamic memory theory as short-term memory

The first thing that needs to be pointed out is that that the Dynamic memory theory

never was intended to try to describe short-term memory. Schank (1982) states that it

is a theory for sequence processing in long-term memory, or, as Schank points out, a
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theory of sequence processing when transferring information from short-term memory

into long-term memory. Therefore, the theory has little to say about short-term

memory.

Moving over to the Start-End model, according to Henson (1996) the model actually

manage to exhibit all the nine identified constraints for short-term memory (see

section 4.1.3.2). This is perhaps not very surprising, considering that the model was

produced by, in detail, analysing many experiments on how the human short-term

memory represented and processed sequences and then manually selecting a model

that exhibited all the constraints and features from start and fine-tune it to exactly fit

the human short-term memory. We can see that within this area, to exhibit the same

features for sequence representation and processing as in the human short-term

memory, the intrinsic theory seems to be quite good.

5.3.3 Start-End Model and Dynamic memory theory as long-term memory

Before we begin our analysis we want to point out that the Start-End Model never was

intended to be used as a long-term memory (even though Henson (1996) hints that the

same principles that he used could also be used to some parts of long-term memory).

Therefore, any comparison between the Start-End Model and features for long-term

memory will be unfair and because of that, we do not compare the Start-End Model

with the features.

As stated earlier, the purpose of the Dynamic memory theory is to describe how

sequential information gets processed when entering long-term memory and is also a
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theory for how to incorporate background knowledge into new information.

According to Schank (1999) it is also intended to be used with knowledge-based

storage theories for long-term memory.

In section 4.2.2.2 we summarise a set of features that the long-term memory shows in

experiments and when performing the four tasks we identified in section 2.4. As we

recall, the features were:

• The impact of expertise on learning: The probability that a sequence is stored

in long-term memory is greater for domain experts than for novices.

• The impact of learning on quantity: It is possible to increase the number of

items remembered in a sequence by practice. This is also true even with fast

presentation rates.

• Retrieval cues between memories: There are retrieval cues in short-term

memory that is directly associated with the sequences in long-term memory

during recall.

• The impossibility of manual memory enhancement: The ability to remember

sequences does not increase if the recall task is known in advance, so it is

impossible to “manually” enhance the memory capacity.

• Accessing relevant information: As the experience for a task increases (e.g. a

recall task) representations are developed that gives the ability to access

relevant information without decoding the entire structure.

• Retrieval of hierarchically organized sequences: When dealing with

exceptional recall, sequences are represented hierarchically during recall, so

that digits, together with running times and other numerical relations are
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associated with mnemonics and divided into groups. These groups are further

organised according to spatial or other high-level relations into super-groups.

• Retrieval of hierarchically organized sequences: The locations of the super-

groups are used as retrieval cues for digit groups. The sequence can be

correctly recalled by sequentially go through the super-groups.

• Speed of access: Access to long-term memory is typically 200 to 400 ms

longer than for short-term memory. If the sequence is meaningless to the

subjects the time for retrieval is typically 2 s unless the subjects have

practiced.

• Storing of meaningful sequences: Meaningful sequences normally only

requires one presentation to be stored in long-term memory.

• Recency in retrieval cues: Several sequences in long-term memory can have

the same retrieval cue. However, when being forced to maintain sequences in

memory for long periods of time only the most recently learned sequences are

remembered (typically only the last one or two).

• Representation of sentences: Regarding text comprehension, when having read

a sentence or a clause it has been incorporated with the representation of the

previously read sentences. When proceeding to the next sentence some parts

of the old structure are left in memory to provide context for the new sentence

and act as retrieval cues for the structure.

5.3.3.1 The impact of expertise on learning

This feature can be explained by scripts and MOPs. As the knowledge of a domain

increases, more scripts are created and are organised by MOPs. Hence, more
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information can be stored according to the schemas since many different MOPs gives

increased ability to capture variations of the information.

5.3.3.2 The impact of learning on quantity

This feature is partially explained by scripts and MOPs. It is true that new MOPs and

scripts can be developed by encountering more and more situations (Schank, 1982

and Owens, 1993). However, a task that has occupied Ericsson and Kintsch (1995) is

the task of recalling meaningless sequences of symbols. It is unclear how Schank’s

theory deals with type of situation. Even if the subject have recalled many

meaningless sequences before there is no real structure in them to be abstracted.

5.3.3.3 Retrieval cues between memories

It is unclear from the theory if sequences are put into short-term memory during recall

from scripts. However, if we accept that the working memory is located in short-term

memory then, of course, the retrieval cues for the scripts must be in short-term

memory.

5.3.3.4 The impossibility of manual memory enhancement

This feature goes along the lines of dynamic memory theory. It is the scripts and

MOPs that set the limits for what can be done. Since we follow the scripts when

recalling sequences we are limited to what they can offer. Hence, we cannot increase

the ability to remember sequences manually.
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5.3.3.5 Accessing relevant information

When accessing information according to the theory of dynamic memory first a

search must be made to find the relevant information. This is done by using indexes.

Schank (1982) proposes that we do this by trying to reconstruct the scene. We try to

figure out the circumstances that lead to the right area of search. Once we have done

that we step through metaMOPs and MOPs according to the indexes to find the

wanted, generating new indexes as we go down the structure. Finally, a scene is found

that provide the wanted information. As we can see, this might require that very large

parts of the structure is decoded, and the more details there are, the more the structure

is needed to be decoded.

5.3.3.6 Hierarchical organization of sequences

This might be done in the dynamic memory theory. In that case, the mnemonics must

be used as indexes for the groups of digits and be connected to the script describing

the sequence. It is, however, unclear if new indexes are created for each new sequence

that is remembered or if the same indexes are re-used over and over. In the former

case a lot of new indexes must be created for each new sequence and it is unclear

what happens to the old. If they are left in memory it cannot be explained why we

forget sequences. However, if the same indexes are re-used then they must take into

account that the sequences may be of different length.

5.3.3.7 Retrieval of hierarchically organized sequences

As stated above, recall in dynamic memory is a sequential process where we step

through indexed MOPs in order to retrieve the information. If the dynamic memory
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theory can manage to represent sequences through use of super-groups, as we saw in

the previous paragraph, then the dynamic memory has this feature.

5.3.3.8 Speed of access

As we have discussed earlier, searching in long-term memory according to indexes is

quite hard and time consuming. Therefore, it is quite along the lines of the theory that

access takes a long time, especially if the sequence is meaningless, since it is harder to

produce good indexes. There are, in fact, researchers that claim that the theories for

accessing the long-term memory through indexes of the same kind that Schank uses

takes too long (cf. Owens, 1993) to explain how fast the access is in humans after all

considering the amount of information that needs to be searched.

5.3.3.9 Storing of meaningful sequences

A meaningful sequence can be viewed as a short story. This means that if the correct

script is identified early in the sequence, then the information that needs to be stored

can be stored very fast in the correct places, i.e. the sequence need not be stored in

short-term memory for so long that it is forgotten, but can quickly be transferred into

long-term memory.

5.3.3.10 Recency in retrieval cues

If, when storing sequences hierarchically according to groups and supergroups, the

same indexes are used over and over again, they might link to several sequences.

However, since the newest links are to the most recently learned sequence, the others
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might be forgotten. Hence, this feature can be explained by the dynamic memory

theory.

5.3.3.11 Representation of sentences

If the script is viewed as an incomplete representation of a sequence and the

information that is put into the slots of the script is considered to be refinements of the

representation, this feature can be explained by dynamic memory. However, if the

script is viewed as merely and access and storage structure, then all that the script

does is to link different items in memory to it. This means that the representation of

the sentence is never really incorporated into the representations of the previously

read sentences, but merely has the same script as link as the other sentences have.

5.3.4 Summary

We have in section 5.3.1 seen that the dynamic memory theory can solve or perform

all the tasks for sequence processing we identify in section 2.3. However, it is unclear

whether the Start-End model, or at least the theory behind the model, can perform any

of the tasks.

Regarding short-term memory, the dynamic memory theory has never been meant to

explain how the short-term memory works, so a comparison with those features

would be quite unfair. On the other hand, the Start-End model manages to exhibit all

the identified features, but for the Start-End model there is no evaluation done to see
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which features of long-term memory that are exhibited since the model never was

intended to be used as such.

As a long-term memory theory the dynamic memory theory does quite well. Most

features of the long-term memory can be explained by the dynamic memory. The

features that are a bit unclear if they can be explained or not are mostly the ones about

accessing and indexing information. Furthermore, it is unclear how the theory handles

non-meaningful sequences regarding storage, learning and accessing. Also, when

trying to explain expert memory, what happens in the dynamic memory theory

regarding access seem to be quite the opposite of what experiments indicate as,

according to the experiments, the experts need not decode their representations when

they want information, whereas in the dynamic memory theory there is more structure

to decode as the knowledge increases of a domain.
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6 Extrinsic representations

As we recall from section 3.3.2, when the inherent structure of a representing relation

is arbitrary and the relation being represented is not, the representation is called

extrinsic. The feature of extrinsic representations is that the representation has no

features in common with the relation or object being represented. Instead the features

are represented in other ways explicitly. For example, consider a chair. In writing the

chair is represented by the letter-combination “chair”. The properties of the word

“chair” has very little in common with an actual chair. If the chair being represented

in writing is of wood, this might be represented by the letter-combination “wooden

chair”. Again, there is very little in common with the letter-combination “wooden

chair” and a chair of wood. Hence, the letter-combination “wooden chair” which

represents a chair of wood is extrinsic. Also, a chair of wood might be represented by

arrows, connected points, and so on. The same goes for relations between objects. We

can see that practically all written texts, fiction and non-fiction, are examples of

extrinsic representations.

As with the intrinsic representation-techniques there has been a lot of work done with

extrinsic representations for sequences and also processing of sequences represented

extrinsically. However, it seems to be harder to find claims from this field of research

of the models explaining features of human sequence representation and processing.

In this work we are mainly interested in a specific field of extrinsic representations

called connectionism. Connectionism has received its name from that it tries to

produce behaviours from interconnected units that are simplifications of neurons. In

this chapter we look at some techniques that have been used to produce connectionist



6 Extrinsic representations

81

representations of sequences and processing of them and also compare the features of

the techniques with features for how humans seem to represent and process

sequences.

6.1 Sequence representation and processing from a connectionist

view

There are several different ideas on how to represent and process sequences in the

connectionist society. In this section we make a brief survey of different techniques

for representation and processing.

6.1.1 Sequence representation

A common technique used by connectionists for representing sequences is to use

recurrent networks. The principle of recurrent networks for sequence representation is

that the network is presented with one item in the sequence at a time while merging

earlier parts of the sequence with the representation of the current item, thereby

generating a compressed representation of the entire sequence up to the current item.

So, when the entire sequence has been presented the network has generated a

compressed representation of the entire sequence. Of the techniques that are presented

in section 6.2, Recursive Auto-Associative Memory (section 6.2.1), Bi-coded RAAM

(section 6.2.2), Two-layer Digital RAAM (section 6.2.3), Dual-ported RAAM

(section 6.2.6) and Recursive Hetero-Associative Memory (section 6.2.7) are all using

the recursive technique.
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One of the drawbacks with the recurrent technique, and with connectionist networks

in general, is that the neural networks are of fixed size. This makes it difficult to

represent sequences when the sizes of the sequences are not known in advance, since

there is a limit of how much information that can be represented at a given size.

Another technique that might be used in tensor products (section 6.2.4) is to represent

the items in a sequence together with a representation of their position. This can

almost be seen as a hybrid between intrinsic and extrinsic representations since,

although the items and positions might be represented extrinsically, the positions give

an explicit order among the representing items that have the same features as the

represented sequence (this assumes orthogonal tensor products, but it could also be

done with non-orthogonal, but then the representation would be extrinsic). This

representation has the benefit of being exact. That is, unlike the recursive

representations, this representation technique need not be concerned of the length of

the sequence, but can grow to needed size. However, since the representation can

grow it might be hard to process in a connectionist network since, again, the networks

are of fixed size. The Holographic Reduced representation (section 6.2.5) can be

viewed as a hybrid between the tensor products and the recursive methods for

representing sequences.

6.1.2 Sequence processing

When moving from representation to processing of sequences there are a lot of

strategies to use. Chrisman (1991) differentiates transformational inference from

confluent inference, where inference for Chrisman basically is the same as processing.
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In techniques that rely on transformational inference, such as ordinary RAAMs (see

section 6.2.1) in order for the connectionists to operate on the representation, i.e.,

transform the representation into another representation, another network, used solely

to transform between representations, needs to be trained. Hence, to learn the passive

form of sentences (cf. Pollack, 1990) there have to be networks to encode and decode

the representations of the sentences and there has to be another network trained

separately for transforming between active and passive form. Forcada and Ñeco

(1997) criticise the fact that, when using this inference type, the processing network

get no help from the representations since all input sequences have unique

representations.

The transformational inference is the technique used by most connectionist networks,

not only in sequence processing, although Chrisman (1991) only was concerned with

recurrent networks for sequence processing. However, processing sequences by

transformational networks from Chrisman’s point of view means that a sequence is

transformed into another sequence of roughly the same type of representation. For

neural networks not intended for processing sequences, an input representing

something might be transformed into a representation of an entirely different type. For

example the representation of a chair might be transformed into a representation of

“yes” and “no”, whereas when used for sequence processing the sentence “the girl

goes to the bike” might be transformed into the past tense “the girl went to the bike”

where both of the sentences are decoded and interpreted in roughly the same manner.
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Chrisman (1991) suggests another type of representation technique that trains the

network to both represent sequences and perform operations on these sequences. This

type of inference is named confluent inference. The trick is to let the representation of

the start sequence and the representation of the sequence you want to transform to be

the same, i.e., if the representation of sequence X is x and the representation of

sequence Y is y and you want to transform X into Y then, by using of confluent

inference, the goal is to get x = y. Hence, when putting X into the network you get x

and when decompressing x you get two results: X and Y. Forcada and Ñeco (1997)

point out that since the networks that use confluent inference are trained so that all

sequences have the same representation as their translations they suffer from the

limitation that they only can perform one-to-one mappings. For example, when using

confluent inference for translating sentences from one language to another, two

different sentences cannot have the same translation.

Forcada and Ñeco (1997) suggest another type of inference that they call hetero-

associative. As in confluent inference the network is trained on representation and

processing at the same time, but, whereas in the confluent inference the networks are

trained to have the same representation for the sequences and their translations,

hetero-association trains the networks to be able to decode the representation into the

correct translation. This means that the sequence and its translation not necessarily

have to have the same representation, but they can be decoded into each other and

since the decoding is trained and adopted at the same time as the representation they

support each other.
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6.2 Connectionist architectures

As stated in section 6.1.1, there are a lot of connectionist architectures for

representing and processing sequences. In this work we focus on a few interesting

architectures.

As Henson (1996) pointed out, a lot of connectionist architectures for sequence

representation are based on the chaining theory where the current item is linked with

the previous items in the sequence. Often, the items in these representations are

connected to all the previous items. It is also interesting to note that there is no theory

for long-term memory in the surveyed literature that really fits the chaining theory as

used by connectionists (see below for the architectures).

When selecting the techniques to be investigated there are a number of criteria to take

into consideration. First of all we want to compare techniques that uses completely

different theories for information representation. Therefore RAAM (section 6.2.1) and

tensor products (section 6.2.4) are selected. Furthermore there are several

modifications to these techniques that might focus on learning other types of

representation characteristics. Therefore Bi-coded RAAM (section 6.2.2), Two-layer

digital RAAM (6.2.3), Holographic Reduced Representation (6.2.5), Dual-ported

RAAM (6.2.6) and Recursive Hetero-Associative Memory (6.2.7) are selected.

Furthermore we present a connectionist attempt to implement the script theory in a

system called DISCERN (section 6.2.8).
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6.2.1 Recursive Auto-Associative Memory (RAAM)

Recursive Auto-Associative Memory (RAAM) is a method suggested by Pollack

(1990) to overcome the problems of representing more complex structures like trees

or variable sized sequences in connectionist (feed-forward) networks. The main

advantage with this method is that, although the sequences or trees that shall be

represented may be of variable size, the network itself does not grow, but is still able

to hold the different representations.

Figure 4. Example of RAAM architecture for sequences. The encoder

and decoder are really two networks where the encoder is used to

encode the sequences and the decoder is used to decode the compressed

sequences. In the figure, ‘x’ and ‘y’ are used to show which parts of the

RAAM that are of the same size, where the nodes represented by ‘x’

often are fewer than the nodes represented by ‘y’.

There are two networks involved in the method; an encoder network consisting of an

input layer with x+y units (see figure 4) and an output layer with y units that contains

x

x y

y

y

Encoder

Decoder
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the compressed (encoded) representation and a decoder network, consisting of an

input layer of y units where the compressed representation is put in and an output

layer of x+y units that contains the (partially) decompressed representation. The ‘x’-

nodes in the figure denotes the part of RAAM that contains the un-encoded item and

the ‘y’-nodes containg the encoded representation of a sequence. The compressor and

decompressor networks respectively are used recursively to do further compressions

of sequences and trees or further decompressions.

When decompressing, a terminal test has to be performed on the decompressed

representations to see if any of them in itself is a compressed representation or if it

should not be decompressed further (terminals). The terminals contain the

representation of the items in the sequence or tree.

6.2.2 Bi-coded RAAM (B-RAAM)

Adamson and Damper (1999) describe a network, that they call Bi-coded RAAM (B-

RAAM), which is meant to overcome some of the problems with RAAM. The

problems they attempt to solve are the problem of accumulating errors during

decoding and the problem of that a RAAM have a tendency to focus on learning the

latest part of a sequence and forgets the earlier parts. They use the name Bi-coded

RAAM due to that they introduce two major changes to RAAM by letting (1) the B-

RAAM decode the entire sequence in one step and (2) introduces a “delay line” so

that also the compressed representation for earlier parts of the sequence learned are

also re-fed X number of times instead of just one.
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The problem of accumulating errors during decoding is due to the uncertainties in

connectionist representations. Often the connectionist networks are working with real-

valued numbers rather than with discrete ones. The problem with this, together with

network training, is that the activation we want not often is exactly what we get.

There is a small error in the level of activation. Normally this does not prevent us

from interpreting the outputs, but in the case of RAAM the output itself is fed into the

network again for as many times as it needs to be fully decoded. This means that the

small error in activations increases as it continues to flow trough the network. Hence,

the small error gets very large after a while and correct decoding might be impossible.

Adamson and Damper (1999) attempt to solve the accumulating error problem by

letting the B-RAAM decode the entire sequence in one step. They do this by letting

the output layer expand dynamically as more items in the sequence or tree are

presented so that the output layer allows the network to decode the entire sequence,

see figure 5. Hence, during training the B-RAAM gets trained on associating the

compressed representation with an entire sequence rather that with the sequence head

plus a coded tail.

Bengio et al. (1994) showed that learning long-term dependencies in recurrent

networks is hard. Many ANNs are trained with gradient decent techniques. These

techniques changes the weights during training by searching for a weight setting that

gives a minima on an “error surface”, i.e. tries to find a weight setting which gives a

low difference between the desired output and the actual output. The problem with

recurrent networks when trying to learn a sequence is that the error surface is

constantly changing, adapting to the most recent changes in the sequence. According
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to Bengio et al. (1994), this leads to that the network tends to focus learning on the

most recent parts of the sequence, while there might be, due to a long-range

dependency, a weight setting which would give a better result, but which is

inaccessible due to that the weight setting is to far away in time.

In order to overcome the problem with the training focusing on the most recent parts

of the sequence, Adamson and Damper (1999) introduces a delay line so that not only

the hidden layer is fed back into the network, but also previous hidden layer

encodings are re-fed into the network up to a limited number of times (e.g., are re-fed

two times), see figure 5. This increases the influence of earlier parts of the sequence

encodings.

Figure 5. The architecture of a B-RAAM. In the output sequence all

symbols in the encoded sequence are decoded at once. We can also see

the delay line, in which the hidden layer from several previous steps in

the sequence are re-fed into the network.

Delay line
New symbol

Output sequence
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6.2.3 Two-layer Digital RAAM

Blair (1995) criticizes the inability of RAAM to deal with the complexity of structures

in real world problems. He suggests a number of modifications to be able to handle

more complex relations.

Figure 6. Architecture of Two-layer digital RAAM, where ‘x’ and ‘y’

denote numbers of nodes.

In order for the network to be able to compute more complex functions, Blair (1995)

introduces two extra layers, one between the input layer and the compressed layer and

one between the compressed layer and output layer, see figure 6.

Blair (1995) also tries to deal with the problem of accumulating errors during

decoding. Since the desired output seldom is exactly the same as the produced output

we get a small error during decoding. The problem with the RAAM philosophy of

x
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decoding is that part (or all) of the output units are then fed back into the network for

further decoding, leading to an accumulating error. Blair deals with this problem by

making the some of the networks nodes digital. When encoding a sequence, all nodes

in the compressed layer are always set to either 1 or –1. The same goes with the

output layer during decoding. The training is though the same as in an ordinary

RAAM, i.e., use real-valued numbers. By continuously setting all output units (both

when encoding or decoding a sequence) to binary digits Blair hopes that the error is

removed at each encoding or decoding step and hence never gets so big that it affects

the result.

The two changes above give raise to the name Two-layer Digital RAAM. There are

however a number of other changes in order to overcome some problems with RAAM

training and representations.

Kolen and Pollack (1990) stated that a drawback with training when using back-

propagation is that this method is sensitive to initial weight settings. This means that

the network might not converge during training even though that is possible.

According to Blair (1995) this becomes a real problem as RAAMs are scaled up. Blair

therefore suggests a strategy for choosing initial weights so that the likelihood of

convergence increases. Roughly the technique is that the weights in the encoding

network are inverses of the corresponding weights in the decoding network leading to

that decoding is almost correct already from start of training.
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Blair (1995) also has a modification on how to generate compressed representations.

In this strategy, before the training take place the trees in the data set are modified.

First only the compressed representation is considered. For each tree in the data set a

compressed representation is produced by random, representing the entire tree. From

this randomly assigned representation the rest of the representations in the tree (both

internal nodes and leaf nodes) are calculated by applying the weights over and over

until then the representation of all leaf nodes have been produced. However, each leaf

node (terminal) often appears several times in the data set and will most likely get

several different representations. Taking the average of all these representations and

rounding off each unit to –1 or 1 overcome this. Also, a check that no representation

is used twice is performed. Since all representations are produced in advance, the

encoding and the decoding network can be trained separately.

In order to further speed up training, Blair (1995) also introduces a modified back-

propagation algorithm that is very similar to Fahlham’s (1989) Quickprop.

6.2.4 Tensor products

Even though the symbolist and connectionist theories seem to be completely different

one must not forget the fact that both have made contributions to the field of AI.

Some people claim that the path for true AI lies somewhere in between these both

theories (cf. Harnad, 1990), i.e. we don’t want to drop the contributions from one

theory in order to focus on the other. In this case we consider the symbolic benefit of

being able to represent features and descriptions of an object and the connectionist

benefit of doing powerful operations on the representations. Smolensky (1990) uses
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tensor product algebra as an attempt to convert the powerful representational models

of the symbolic system into connectionist models (and back).

Tensor products are a method for binding multi-dimensional vectors together. The

purpose is that while, the tensor product transforms two or more vectors into one, this

new vector can be decoded into the original vectors. Given two vectors x and y with n

and m dimensions we get a new vector z = x ⊗ y with nm dimensions and where zij =

xi * yj, see figure 7. These new vectors can then participate in new vector products

building up more and more complex structures.

Figure 7. Visual example of a tensor product. The fillers state what

object or symbol that is being encoded and the roles gives the context

for the current symbol. The new vector is the encoded representation of

the object and can then participate in new tensor products or be

processed.

In order to transform symbolic representations into connectionist, Smolensky (1990)

uses fillers and roles, where fillers are vector representations for objects and roles are
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representations of the different roles each object can possess, see figure 7. After

multiplication the new vectors can then be further used as either roles or fillers.

Several vectors can also be combined by sums of vectors thereby giving another way

of representing relations between objects other than by multiplication. However, Plate

(1994) states that adding two vectors together with different dimensions is difficult.

Smolensky et al. (1992) overcome this by using smaller vectors that combined by the

tensors increase the dimensionality without loosing or further encrypting the

information. Another, even bigger problem is that tensors grow exponentially as the

depth or complexity of the represented structure increases.

6.2.5 Holographic Reduced Representation (HRR)

As mentioned above (section 6.2.4) one of the main the problems with tensor products

is that, as the complexity of the represented structure increases, the size of the tensor

grows exponentially since two vectors, representing parts of a structure we want to

represent, with n and m dimensions respectively give raise to a vector, representing

the combined parts of the structure, with n*m dimensions. The Holographic Reduced

Representation (HRR, Plate, 1994) overcomes this by providing a mechanism,

circular convolution, which prevents the combined vector from increasing in size; it is

of the same size as the vectors that have been combined, see figure 8. Hence, HRRs

can be viewed as a technique somewhere in between tensor products and RAAM in

that, as tensor products, the representations are generated through repeatedly

multiplication of vectors, while sharing the characteristic with RAAM that it the

representation does not increase as deeper or more complex structures need to be

represented. According to Plate, the main problem with HRRs is that the
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representation is so compressed that a lot of details of the uncompressed

representation get lost.

Figure 8. Example of HRR. Vector 1 gets multiplied with vector 2 using

circular convolution. The 3x3 vector is the multiplication that would

have resulted if we had used the tensor product. The arrows show what

corresponding units that get compressed when performing the circular

convolution. The new vector is the HRR-compressed representation of

vector 1 and 2.

6.2.6 Dual-ported RAAM

The Dual-ported RAAM (Chrisman, 1991) uses the technique of confluent inference.

Since this technique makes no separation between representation and processing and

it has the same representational technique as RAAMs many features are similar with

RAAMs and this architecture.

As we stated in section 6.1.2, the confluent inference makes no difference between

representation and processing. Instead, a representation is developed so that a
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sequence has the same encoded representation as the sequence it should be translated

(transformed) to. The dual-ported RAAM uses this technique, see figure 9. Basically,

two RAAMs that share the hidden layer are trained in a way that forces the networks

to develop the same representation for the corresponding sequences.

Figure 9. Example of a Dual-ported RAAM. After the Dual-ported

RAAM has been trained the encoded sequence from RAAM 1 can be

decoded by both RAAM 1 and 2. Since the representations are shared

by the different RAAMs decoding an encoded sequence by the other

RAAM provides an interpretation of the sequence from one RAAM to

the other.

6.2.7 Recursive Hetero-Associative Memory (RHAM)

Forcada and Ñeco (1997) pointed out a number of shortcomings with the

transformational and confluent inference techniques used by the different variations of

RAAMs. They stated that when using RAAMs together with transformational

Input RAAM 1

Output RAAM 1 Output RAAM 2

Input RAAM 2
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inference the inference gets no help from the representation, i.e. that the

representation that has been developed by the RAAM does not take into consideration

what processing task it will be used for. The transformational network has to do all

the work for itself. Furthermore, they pointed out some drawbacks with the confluent

inference where representation and processing is exactly the same thing. As an

example of a shortcoming with the confluent inference Forcada and Ñeco (1997)

stated that when translating sentences from one language to another two different

sentences cannot have the same interpretation since they do not, due to their

differences, have exactly the same representation. Hence, they must be decoded

differently.

To overcome some of the shortcomings with the different processing techniques

Forcada and Ñeco (1997) developed the Recursive Hetero-Associative Memory

(RHAM). The architecture for the RHAM looks the same as in RAAM (see figure 4

in section 6.2.1 for an example architecture), but, whereas RAAM learns to reproduce

the input in the output layer, the RHAM learns to reproduce the wanted answer, so

that it develop an internal representation suitable to produce the answer. This means

that when encoding a sequence it does not necessarily have the same representation as

the representation that gets decoded into the same sequence. It also means that the

sequence that is encoded does not have to be of the same length as the sequence that

gets decoded from the representation.

The training of a RHAM gets a bit more complicated than that of RAAMs. In order to

train the network to associate the representation of and input sequence with the

corresponding output sequence a version of back-propagation through time is needed.
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6.2.8 DISCERN

DISCERN is really a hybrid between a symbolic and connectionist system. It was

developed by Miikkulainen (1990) as a subsymbolic system used to understand and

infer information from stories in a script-like manner. Miikkulainen (1993) identified

a number of tasks that DISCERN has to solve:

1. It must be able to identify what script to use from a story,

2. It must be able to infer non-mentioned events and make assumptions from the

story and

3. It must be able to answer questions from the story, filling in missing facts and

events. At the same time it must be able to store many stories at the same time.

Miikkulainen (1993) stated that in DISCERN the immediate goal was to build a

system that performs well on script-processing tasks.

When constructing DISCERN Miikkulainen used several recurrent networks from

Elman (1990) (with some extensions) forming different modules, similar to those of

symbolic systems for story processing, all working together. The output from one

network is used as input for another.

Miikkulainen (1993) also specified a refined list of different tasks DISCERN has to

be able to do in order to achieve the goal:
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1. Make statistical, script-based inferences and account for learning them from

experience

2. Store items in an episodic memory in a single representation and retrieve them

with a partial cue

3. Develop a meaningful organization for the episodic memory, based on the

stories it reads

4. Represent words, sentences and stories internally and

5. Organize a lexicon of symbol and concept representations based on examples

of how words are used in the language and form a many-to-many mapping

between them.

Miikkulainen (1993) stated that DISCERN combines the strength of neural networks

of low-level tasks such as the past tense of sentences and a modular build inspired by

symbolic systems, which are good at higher-level behaviour.

The (episodic) memory in DISCERN consists of several layers. The top layer

identifies the script used when parsing a story this layer is built by using an Elman

network (cf. Elman, 1990). Below that is a layer that lays down the path in the story,

i.e., the events of the script, also that one is built using an Elman network. At the

lowest level are the roles that are involved in the different stories. It is at the lowest

level that the specifics of the story are stored, e.g., names of people and objects and

places.
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Miikkulainen (1993) stated that the information stored in DISCERN is often

redundant, making the system fault tolerant. He argued that the different modules

work as error correctors, so that if one module produces uncertain output, the

receiving module corrects it so that the error is not propagated.

According to Miikkulainen (1993), DISCERN also exhibit strong script-based

inferencing. If details in a story have been left out, the systems fill these in as if they

were parts of the story. Also, if there are filler of roles missing in the story, the system

fills in the most likely filler by itself. Furthermore, if the events in a story are reported

in a strange order, the story is retold according to the script rather than in the other

order.

Miikkulainen (1993) explained that, in general, it can be said that DISCERN retells

the story that gives the best match in its memory. This means that if two stories are

similar the system is more likely to answer from the latest stored, even if the first one

also would result in a correct answer.

Miikkualinen (1993) identified a number of differences between the symbolic

approaches to implement the script theory and his attempt:

• Symbol systems are hand coded, whereas DISCERN learns from examples.

However, in DISCERN the different modules are hand coded. In symbol

systems, after having read the first story, the memory is searched sequentially,

in order to find the script best matching. After that, the other stories are
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interpreted from this script and the deviations are taken care of by special

mechanisms.

• In the subsymbolic approach the schemas are constructed through learning and

are based on the statistical properties of several stories, i.e. the main events of

several stories are combined into a schema. The knowledge structures do not

have an explicit representation. The system, however, have difficulties with

deviations from the script and cannot take care of exception handling if

something unexpected happens.

• The symbol systems are still more advanced than DISCERN. Symbol systems

have been used for story in depth understanding in realistic stories based on

higher-level knowledge such as goals, plans, beliefs, plots and morals.

Miikkulainen concludes that for subsymbolic systems to do that there are two

challenges:

1. To implement connectionistic control of high-level processing strategies

(other that just reflex responses)

2. To represent and learn abstractions making it possible to process

information at a higher level than just correlations in the input data.

6.3 Connectionist networks as sequence processors and memory

In spite of all the work that has been done with connectionist networks for sequence

representation and processing there is not much work where connectionist networks

have been used to model short-term and, especially, long-term memories. But, even if

few architectures have been built for this purpose, we want to see what features for

representation and processing that some connectionist networks give raise to. The
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following results are obtained when comparing the features of short-term and long-

term memory with the features of the representations from the different architectures:

6.3.1 Connectionist networks as sequence processors

In section 2.3 we identify four tasks that might be interesting to perform when

processing sequences and trying to model human sequence processing. These tasks

are: 1) identify a sequence from descriptions, 2) rebuild or complete a sequence from

fragments, 3) recreate an entire sequence based on sequence identity and 4) present

only relevant parts of a sequence, i.e. make a summary.

In section 5.3.1 we concluded that scripts and the dynamic memory theory at least

have the ability to solve all these tasks. DISCERN (section 6.2.8) is an attempt to

build a connectionist network that operates according to the script theory (but not the

dynamic memory theory which includes among other things MOPs). Hence,

DISCERN have the ability to identify a sequence based on descriptions, since the

appropriate script must be found when processing the sequence.

Regarding the other techniques of sequence representation and processing, Forcada

and Ñeco (1997) states that the transformational inference is capable of performing a

many-to-one mapping between representations. This means that several

representations can be categorised using transformational inference. Hence, the

sequence can be identified according to the first processing task if the representations

for the categories can be made sufficiently similar. However, Forcada and Ñeco

argues, the confluent inference can only be made to do one-to-one mappings since the
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representations for the transformation must be exactly the same. This means that no

two sequences may belong to the same category, and the sequence in itself will be its

category. Hence, if using script-terms, every story will be a new script, with no aid

from previously stored sequences. Furthermore, Forcada and Ñeco state that their

architecture of hetero-association can perform many-to-one mappings, which give

also this architecture the ability to categorise sequences. So, providing that

transformational inference or hetero-association is used there is no reason why the

networks would not be able to identify a sequence (this is also true with Dual-ported

RAAM, from which, even though it uses confluent inference, the representations also

can be used in transformational networks).

Regarding the second task, to build a sequence from fragments, for example getting

the sequence “cdefg” and recreate the alphabet, there have, to the authors’ knowledge,

not been many experiments in this area. More experiments need to be conducted

before a conclusion regarding this task can be done at least when using the

architectures above.

DISCERN have the ability to recreate an entire story (sequence) as long as it gets

enough information so that it can identify the story to be reproduced. However, if

several similar stories are stored and several of them are candidates, DISCERN recalls

the last stored.

For the third task, recreating a sequence from its identity, the solution is not very

difficult. A standard feed-forward network that accepts a sequence identity as input
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and is learned to produce a representation that can be decoded by any of the

architectures can achieve this.

The third task cannot be done by DISCERN, it can only recall stored stories within a

script, not the scripts themselves.

For the fourth task, to present only some parts of a sequence, e.g. the third to seventh

letter in a letter sequence or the interesting parts of a story, is a bit hard to answer. To

the authors’ knowledge, there have been no experiments done of this kind. Hence,

more tests are needed before we can see if it is possible to do this task, at least for the

architectures above. However, another view of the problem, to present a summary of a

sequence, can be performed, since most of the evaluated architectures produce a

compressed representation of the sequence. The compressed representation can be

considered to be a summary.

The fourth task can be performed by DISCERN. As long as the system gets enough

clues in a question to decide upon the story to be recalled it can provide answers by

recalling parts of the sequence. However, the recall must be as an answer to a

question, so it cannot produce a real summary for an entire event.

6.3.2 Short-term memory features

There are several features for short-term memory, exhibited by humans when

performing the identified tasks from section 2.4, that are interesting to compare with
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the features of the different architectures. However, since DISCERN (section 6.2.8) is

only meant to model long-term memory according to the script theory we will not

compare its features with those of short-term memory. Note that, when we use the

term RAAM-like or RAAM types we refer to RAAMs, B-RAAMs, Two-layer Digital

RAAMs, Dual-ported RAAMs and RHAMs. Further, we assume that the roles and

fillers in the tensor product are non-overlapping so that encodings and decodings are

error-free. If they are overlapping, they behave in roughly the same way as RAAMs

apart from growing representations.

6.3.2.1 Primacy constraint

Adamson and Damper (1999) note that a RAAM have a tendency to focus on learning

the later parts of a sequence and forgetting the earlier parts. They also note that, since

the RAAM almost never decode the representations exactly correct in every step of

the decoding there is an accumulating error which might lead to that the last decoded

items get miss-interpreted. From these observations we can say that the primacy

constraint is not present in RAAMs, rather the opposite.

In their architecture, Bi-coded RAAM, Adamson and Damper (1999) have introduced

delay lines (see section 6.2.2) in order to put more emphasis on learning the first part

of the sequence, or at least reducing the focus on the later parts as RAAM does. In

their experiments they show that the introduction of delay lines indeed shift the focus

of learning towards the middle or beginning of sequences, depending on the number

of times earlier representations are re-fed into the network. Hence, the Bi-coded

RAAM has, at least, the possibility of fulfilling the primacy constraint.
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The Two-layer Digital RAAM suffers from the same problems as RAAM regarding

the primacy constraint even though it manages to encode and decode much deeper

structures than a RAAM (see Blair, 1995).

Since tensor products are not really architectures, but a way of mapping symbolic

representations into subsymbolic (connectionistic) and the mapping is considered to

be error-free, unless the roles and fillers are overlapping, there is really no notion of

the primacy (or recency) constraints. When getting a sequence, that sequence is

encoded and decoded without errors or learning and with just one presentation and all

information that is encoded can be decoded. If the roles and fillers are overlapping,

the decoding is not perfect and tensors have the same problems as RAAMs with the

primacy constraint.

For the holographic reduced representation (HRR) it is the same as with the above

methods. The last item to be encoded is the one that is the first to be decoded. Since,

as opposed to tensor products, the decoding is not error-free (for getting close to

error-free decoding there is a need for cleanup memories) the HRR suffer from the

same problems as RAAM and lacks the primacy constraint.

In the above cases, where the opposite of primacy constraint is noted and the

decoding yields a sequence where the last item is recalled first, there is a possibility a

transformational network is able to transform the representation of the sequence to

one where the first item in the input sequence gets recalled first. That might lead to
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that the primacy constraint can be achieved. This has, however, not been tested to the

authors’ knowledge and some difficulties should be expected with reversing the

sequence representation if the first parts of the sequence are forgotten.

The Dual-ported RAAM shares a lot of features with RAAM. The non-existence of

the primacy constraint is one of them. The longer the sequence, the more emphasis is

put on the later parts of the sequence. However, since processing happens at the same

time, so that the representation of the sequence is the same as the representation for

the sequence that the former sequence is being transformed to, the primacy constraint

need not necessarily be invalid. Even though, to the authors’ knowledge, there have

been no experiments on trying to make the representation of a sequence the same as

its inverse it might be the case that it is possible, and hence, the primacy constraint

would be valid.

There have not been many experiments done with RHAM, but, since it shares the idea

with Dual-ported RAAM that processing and representation should happen roughly at

the same time, it is not necessarily impossible to achieve the primacy constraint in

RHAM. But, as stated earlier, more experiments are needed to make this kind of

conclusion.

6.3.2.2 Recency constraint

As Adamson and Damper (1999) noted RAAMs have a tendency to focus on learning

the later part of the sequence and also to, during decoding and due to an accumulating

error misinterpret items that was learned early. Hence the later the item in the
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sequence represented in a RAAM the better it is remembered. This corresponds to the

recency constraint described by Henson (1996), where the more recently learned

items in the memory are the ones that are best remembered. However, according to

the recency constraint for short-term memory, the only item affected is the last item,

whereas in RAAM it applies to all items. This problem is shared with the Dual-ported

RAAM and also to some extent Bi-coded RAAM (even though introduction of delay-

lines can remove the recency constraint completely) and the Two-layer Digital

RAAM.

One way to solve the problem of having the last recalled item in a sequence better

remembered than most of its predecessors is to use a special representation for it that

tolerates a really large error before it gets misinterpreted. If this work, then the

network would be able to miss the last items, and still be able to recall the final item

in the sequence. Also, the last item would be forgotten if the decoding error gets too

large during the later parts of the recall, i.e., a lot of items are misinterpreted. This

behaviour is actually what Henson (1996) noted when analysing the experiments for

this feature.

Regarding tensor products, as we stated in the section 6.2.4, since all information is

encoded and decoded error-free there is really no notion of the recency constraint. All

parts of the sequence are remembered equally well.

For the HRR there is clearly a recency constraint, since the last item to be encoded in

the HRR is the first to be decoded and the decoding is not error-free, but the error
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increases the more the sequence is decoded. However, as with RAAM, the recency

constraint affects the entire sequence whereas in human memory it only affects the

very last item. Therefore, the recency constraint in HRR is not the same as in

memory.

During normal use of RHAM the sequence is encoded and decoded in the same way

as in RAAMs. Hence, there might indeed be so that it achieves the recency constraint,

however, this is done in the same way as RAAMs and not as the human memory.

6.3.2.3 Locality constraint

In the architectures mentioned in section 6.2, there is no locality constraint during

decoding. That is, if an item is omitted from a sequence when decoding there is no

increased possibility that it appears in locations near where it should have been.

Rather, if it appears at the wrong position this is only a coincidence. According to

Kolen and Pollack (1990) once an omission has occurred during decoding there can

be nothing said about the outcome after the fault.

6.3.2.4 Weak fill-in constraint

This constraint in the connectionist architectures from section 6.2 suffers from the

same as the locality constraint above (section 6.3.2.3). That is, there is no increased

probability that an omitted item is recalled shortly after the correct position. If this

should be the case it is only a coincidence. According to Kolen and Pollack (1990)
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once an error has occurred during decoding nothing can be said about the system’s

future behaviour.

6.3.2.5 Omission constraint

In RAAMs all sequences are recalled in reverse order, so that an item that is placed

early in an encoded sequence gets recalled late. Due to the fact (Adamson and

Damper, 1999; Pollack, 1990) that there is an accumulating error during decoding and

that the RAAM have a tendency lo focus its learning on the later parts of the sequence

there is indeed a tendency to omit (or misinterpret) items late in the recall. This might

be considered to correspond to the omission constraint in short-term memory. The

Dual-ported RAAM has the same problems since it is based on the same technique for

encoding and decoding and so does RHAM, Two-layer Digital RAAM. The HRR also

share this feature since the recall is produced in the reverse order and the decoding is

not error-free.

This constraint is linked to the conclusion of Kolen and Pollack (1990) that once the

network has started to decode the sequence erroneously there can be nothing predicted

of what the network starts to produce.

It is unclear what happens in the Bi-coded RAAM, since all decoded items in the

sequence are independent of each other during decoding. However, the omissions

happens in the part of the sequence on which the network has had the least ability to

focus. Hence, it might well be so that in the part of the sequence where one omission
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has occurred we will also find others. Hence, if the primacy constraint can be

achieved in the network the omission constraint might also be exhibited.

There is no omission constraint for the tensor product, since all information is

decoded perfectly.

6.3.2.6 Repetition constraint

There is a possibility that the architectures from section 6.2 (apart from the tensor

product, if non-overlapping, and DISCERN) actually might have the repetition

constraint. If the representation for a part of the sequence is very similar to the

representation for another part of the sequence it is possible that, when reaching one

of these parts of the sequence, the decoding is done according to the wrong

representation and thus, we have a repetition. However, this assumes that the two

similar representations are appearing in the same sequence. This might not be the

case; rather it is more probable that this type of error is cross-sequence, where only

one of the similar representations is present in the sequence.

For the tensor product there should be no repetition constraint.

6.3.2.7 Protrusion constraint

Regarding the protrusion constraint, there exists no tests in the surveyed litterature

where any of the RAAM types or tensor products and HRRs, are not reset between the

storing of two or several sequences.
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However, during training of a network, each training example modifies the weights in

the network. Hence, each training example affects the outcome of the next example

since the weights are no longer the same. This means that if the representations of two

items are similar to each other and one of them have just affected the weights, then

there is a risk that the other item gets erroneously translated into the first. This might

be considered a kind of protrusion.

6.3.2.8 Interposition constraint

In the surveyed literature there have been no tests for the interposition constraint, i.e.

whether item groups in a sequence switch place when recalling a grouped sequence,

in any of the RAAM types of with tensor products and HRRs.

As we recall from the repetition constraint (section 6.3.2.6) there is a possibility that

the representation for a sequence or parts of a sequence is similar to the representation

for another sequence. If both of these two representations are present when decoding a

sequence there is a possibility that a repetition occurs. However, it is more probable

that the two representations are not in the same sequence. This means that if the

network starts decoding according to the wrong representation we have an

interposition. However, when Henson (1996) talks about interpositions, only a group

in a sequence is replaced. If it is the case of confused representations, as reported

here, the rest of the sequence should be changed, and the error, unlike interpositions

made by humans, would not be limited to a group within the sequence.
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6.3.2.9 Confusion constraint

Adamson and Damper (1999) note that during decoding, since there is always a little

error in the translation of a RAAM representation, the errors accumulate the longer

the sequence, so even if the entire sequence is remembered (see above) the errors

introduced during decoding might make the items in the earlier parts of the sequence

corrupt without interpretation or even with false interpretations. Often these false

interpretations are close to the real interpretation and might point to items that are

similar to the correct item (cf. Niklasson and Sharkey, 1992). This might be

considered to correspond to the confusion constraint described by Henson (1996).

This problem is shared with the Bi-coded RAAM, the Two-layer Digital RAAM, the

Dual-ported RAAM and RHAM since they have the same technique for decoding a

sequence and also for the HRR since the decoding shares these types of features with

the RAAM techniques. However, it takes a larger error for the Two-layer Digital

RAAM to decode an item wrongly.

Also, since there is no error in decoding a sequence with tensor products, given that

they are orthogonal and non-overlapping, there is no such thing as the confusion

constraint with these representations.

6.3.3 Long-term memory features

In section 4.2.2 we found several features for long-term memory that are interesting to

compare with the features of the different architectures. Note that, as in the section

with short-term memory features (section 6.3.2), when we use the term RAAM-like or

RAAM types we refer to RAAMs, B-RAAMs, Two-layer Digital RAAMs, Dual-
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ported RAAMs and RHAMs. Also, when evaluating the tensor product we assume

that the roles and fillers are orthogonal and non-overlapping so that the encoding and

decoding is error-free, otherwise the tensor product behaves in roughly the same way

as RAAMs.

6.3.3.1 The impact of expertise on learning

That the experts on a domain perform better than novices is true in RAAM. Of course,

an untrained RAAM perform worse than a trained one and the more the RAAM is

trained the better it gets at recalling sequences. However, when training a RAAM it is

always a risk that the RAAM gets over-trained so that it gets too domain specific and

cannot handle more general cases. Adding noise to the training cases, so that the

networks learn the general cases rather than memorize the training data, often solves

this. The same goes also for the other RAAM and RHAM architectures, i.e. B-

RAAM, Two-layer Digital RAAM, Dual-ported RAAM and Recursive Hetero-

associative Memory

For tensor products and HRRs it is the case that they do not separate experts from

novices. Possibly this could be done by, over time, change or add roles so that they

get more efficient and encodes more the more they are exposed to encodings

Also DISCERN performs better if it is trained in a domain than if it is not. According

to Miikkulainen (1990) the more the network is exposed to a story of a certain type

the better it is in recalling the stories. However, as Miikkulainen points out, when

increasing the number of words within a word category (for example the category
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“boy” can have the words “John”, “Phil”, “Joseph” and so on) the word

representations become more similar and the network finds it harder and harder to

discriminate between them. This is equal for all word categories causing the effect

that the network has difficulties within domains where there are a lot of words in each

category and might even become unable to differentiate between old words,

previously learned, and new ones.

6.3.3.2 The impact of learning on quantity

As we saw above (section 6.3.3.1) the RAAM-like architectures increase their ability

to encode sequences with training. This also means that they can encode and decode

longer sequences. However, after a while the architecture gets over-trained, so that it

is only good for representing the sequences it is trained on and no others. This means

that with a lot of training, the networks may actually perform worse than before. As in

the previous section (section 6.3.3.1), this can to some extent be avoided by adding

noise to the training data. Also, since most networks are working in discrete time

there is really no notion of fast presentation rate.

According to Niklasson (personal conversation) there is a problem when trying to

represent really deep structures. For really deep structures it does not matter how

many resources (nodes) that are added, the RAAM cannot decode them properly.

However, Blair (1995) concludes that it seems as if B-RAAMs are able to represent

deeper structures than RAAMs, so B-RAAMs might be the solution to this problem.
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This feature is not valid for tensor products due to its encoding and decoding

perfectness and lack of training and the HRR since, as with the tensor product, there is

no training.

DISCERN, since it is based on scripts, do not have the ability to increase the number

of items remembered in a sequence by practice. The scripts cannot add new things to

remember from stories in time and the output from the sub network representing the

scripts in DISCERN is of fixed with.

6.3.3.3 Retrieval cues between memories

Since there have been no experiments identified in the surveyed literature, where

connectionists have tried to model both short-term memory and long-term memory at

the same time this subject needs to be further explored.

In DISCERN there is no division between short-term and long-term memory, the

entire system is made to reflect the long-term memory. Hence, for DISCERN, this

question cannot be answered.

6.3.3.4 The impossibility of manual memory enhancement

There are to few experiments with RAAM, or RAAM-like (see the architectures in

section 6.2), architectures to draw any conclusions about their capacity to fulfil this

feature. However, there have been some experiments that could be considered as

borderline cases. When Niklasson and van Gelder (1994) achieved to produce what
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Hadley (1994) called strong systematicity they manually increased the networks’

ability to process trees (note that it is not sequences) by “tagging” the symbols with

what types of symbols they are. It is a borderline case since it was the researchers that

stood for the “manual” part and controlled the learning in order to achieve the target

level of systematicity.

It is possible to modify the tensor product and the HRR so that different encoding

strategies are used by using different roles (for tensor products) and strategies (for

HRRs). Hence, it is possible for the designer to choose which technique to use

depending on the problem.

For DISCERN, since the remembering of sequences is controlled by what the scripts

allow it is impossible to manually increase the memory capacity beyond that.

6.3.3.5 Accessing relevant information

The representations produced by RAAMs can be used without having to decode the

structure. Since experiments with both transformational and confluent inference have

produced successful results (e.g. see Chrisman, 1991 and Pollack, 1990) we cannot

but conclude that some relevant information is accessible without decoding the

representation. However, Bodén and Niklasson (1995) concludes that in RAAM,

although some information is preserved in the representation that can be used without

decoding, the items making up the sequence are almost impossible to access without

decoding. Hence, information about which items that is making up the sequence is

lost until decoding.
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It is unclear what is the case with B-RAAM. What looks promising with this

architecture is that the entire sequence, i.e. all items, is decoded at once. This means

that the items are accessible directly from the representation. However, there have

been no experiments to see if single items are accessible without decoding everything.

It is unclear if the same limitations with accessing are present in the other

architectures as in RAAMs. There need to be more experiments conducted in this

area.

This feature is not valid in HRRs and tensor products since there is no training and

hence, experience cannot be gained.

For DISCERN, the ability to access the relevant information is not depending on the

representation since every stored fact in DISCERN has its own representation. Hence,

as soon as the story has been identified as providing the answer for a question the

answer can be acquired without having to decode the representation of it.

6.3.3.6 Hierarchical organization of sequences

With the RAAM-like architectures it is still unclear if the division of sequences into

groups that are encoded and where the groups are then encoded together actually

increase the capacity to store items. Further experimentation is needed here. There are

however some, not yet published, experiments made by Niklasson that seem to
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indicate that RAAMs can indeed encode and decode much deeper structures if the

items are organised into groups and then further encoded.

The tensor products and the HRRs have the possibility to encode parts of sequences

into groups and then further encode the groups into super-groups. However, this does

not affect the tensor product due to the encoding and decoding perfectness (unless

overlapping). For the HRR this should have the same effect as RAAMs, but this is

unclear.

For DISCERN, whether or not this feature is present is a matter of a point of view. If

we consider storing information through scripts as hierarchical information storage,

then, since the stories are categorized into different scripts and the information within

each script is divided into roles then we can say that DISCERN has this feature. If,

however, we only look at the information and how it is stored without considering

partitioning it into scripts then everything is stored and accessed at the same level and

hence not hierarchically organized.

6.3.3.7 Retrieval of hierarchically organized sequences

If the encoding of the sequences is performed according to what was mentioned in the

paragraph above, this feature will be valid when using the different RAAM or

RAAM-like architectures, tensor products and HRRs.
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If we take the point of view that the scripts provide a hierarchical storage structure (as

in the previous section, 6.3.3.6) then we see that, in DISCERN, the story (sequence)

can be reproduced by stepping through the access structures sequentially. However,

then sufficient clues must be provided so that the network can determine which story

it is that should be recalled.

6.3.3.8 Speed of access

Again, this has not been tested in the surveyed literature, by connectionists and needs

to be further explored.

Also in DISCERN, since there is no short-term memory, this feature has not been

tested.

6.3.3.9 Storing of meaningful sequences

The feature links back to the training of connectionist architectures. If, for instance, a

RAAM has been trained to store sequences from the same domain as the sequence to

be stored and the RAAM has been trained well it is sufficient to present the sequence

only once without extra training. Brousse and Smolensky (1989) also showed that this

ability is generalisable so that, once the network has gotten some initial knowledge of

the domain very little training is needed in order to introduce new concepts. This goes

for all architectures from section 6.2 where training is involved. Of course, as long as

the sequence is within the encoding domain of a tensor product or an HRR it is

sufficient with only one presentation to encode the entire sequence.
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Miikkulainen (1990) stated that this feature is also present in DISCERN. Normally,

there need only be one presentation and the information is stored, possibly interfering

with other information from similar, previously stored events.

6.3.3.10 Recency in retrieval cues

This is a test of inference, if several sequences are stored in the same encoding.

Consider the case where several, already encoded, sequences are in turn treated as one

sequence and encoded as such. Because of recency constraint in the representations

for the different RAAM types, only the latest should be remembered. However, there

is really no notion of forgetting representations that increases in time in RAAMs, so

this feature is independent on time. However, we have not discovered any tests for

this feature. It is unclear what happens with tensor products (although they have

perfect encoding and decoding and should not be affected of neither time nor number

of encoded sequences) and HRRs.

This feature is present in DISCERN. There can be several similar stories stored with

the same retrieval cues. However, when being asked a question, only the most recent

information is recalled (due to the inference mentioned in the previous section,

6.3.3.9).
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6.3.3.11 Representation of sentences

Apart from the tensor products and DISCERN, all the connectionist architectures or

encoding-decoding techniques presented in this report use the chaining technique (see

section 4.1.2.1) for representation (even though HRRs also have other possibilities,

but they are in turn linked by chaining). This means that the new items, concepts and

also in this case sentences would be included in the representation for the proceeding

parts of the sequence. However, with the technique used, all parts of the structure,

rather than some, are left in memory.

When DISCERN reads a sentence or a story it picks out the relevant parts in each

sentence, puts them into pre-determined “slots”, so that to ease the identification of

script and word categories. The words not put into these slots are forgotten. Hence, all

information in the sentences or a story is stored in the same representation. Hence,

DISCERN has this feature, with the slight modification that all of the structure is kept

in memory until the entire story is parsed.

6.3.4 Summary

If we look at the architectures, apart from DISCERN (we evaluate this system

separately below), in section 6.3.1, we have seen that the evaluated architectures can

solve the task to identify a sequence, i.e. to categorize, and the task of reproducing a

sequence based on the identity. We have also seen that it is still unclear whether the

other two tasks can be solved; in this area we need more experiments. Also,

DISCERN can solve all tasks except the task of recreate a sequence solely based on

its identity.
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For connectionist architectures as short-term memories, section 6.3.2, we have seen

that, all in all, the evaluated architectures fail to explain most of the features. The only

features that are explained by the representations are the omission constraint and the

confusion constraint. However, for the other constraint it is for the most part unclear

whether or not it is possible for the networks to achieve them. There are a lot of

alternatives to be tried out experimentally before reaching a final conclusion. So, also

in this area we need more experiments.

Since DISCERN is not meant to model short-term memory it was not evaluated for

the features.

The evaluated connectionist architectures seem to share a lot of features with long-

term memory. The fact that the networks are trainable makes them achieve a lot of

features that compares expert memory from novice. Where there are missing

experiments are mainly in areas where short-term and long-term memory interacts.

There is also a question of information access. More experiments are needed in this

area too.

Regarding DISCERN as long-term memory it manages to show most of the features.

Its weak spot is where the short-term memory and the long-term memory interacts,

since the system never was meant to model short-term memory.
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The “outgroup” among the evaluated architectures is the tensor product. As long as

the roles and fillers are non-overlapping the encoding and decoding of the tensor

representations are too perfect and thereby fail to show most of the features. Also, a

lot of features are missed due to the fact that in tensor products there are no training.
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7 Conclusions

The motivation for this work was to investigate and compare different theories

developed within the AI community to explain how humans represent and process

sequences (according to Palmer (1978) representation and processing are linked to

each other so that it is very difficult to look at one without taking into account the

other) with the theories developed by cognitive psychologists. We do this in order to

investigate if there are aspects of human sequence representation and processing that

are not captured by the AI theories. The theories from the AI community are taken

from the symbolic and connectionist domains and the focus in our work is mainly put

on the start-end model and the dynamic memory theory from the symbolic theories

and different architectures of recursive auto-associative memories from the

connectionist theories.

A number of different sub-goals need to be achieved in order to do the above-

mentioned comparison:

1. Explore aspects of human sequence representation and processing, identifying

processing tasks and the features of representation and processing sequences.

2. Explore the symbolic and connectionist representational and processing

theories for sequences.

3. Identify strengths and weaknesses of the theories with respect to aim number

1.

4. State which of the theories that seem to capture most aspects and state what is

lacking in the other before making claims of replacement or dismissal.
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7.1 Aspects of human sequence representation and processing

In order for a human to mentally process a sequence it has to be stored in memory. In

the cognitive psychology society (and also in the AI society) it is generally accepted

that the memory can be divided into (at least) two parts: the short-term memory and

the long-term memory (cf. Henson, 1996; Ericsson and Kintsch, 1995; Gobet, 1996b;

Schank, 1982). The features for these memories are different from each other. In this

work we identified four higher-level cognitive tasks for sequence representation and

processing that humans can perform. These are:

1. the ability to identify a sequence from descriptions, i.e. categorise,

2. to rebuild or complete a sequence from fragments,

3. to recreate an entire sequence based on its identity and

4. to present only relevant parts of a sequence, i.e. make a summary.

Furthermore, we identified a number of features and constraints on the different types

of memories when performing these tasks. They can be seen as lower-level

implementational mechanisms.

For the short-term memory we identified the primacy, recency, locality, weak fill-in,

omission, repetition, protrusion, interposition and the confusion constraint (cf.

Henson, 1996). These constraints can explain the features of representation and

processing of sequences in short-term memory.
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For the long-term memory the following features was identified: the impact on

expertise on learning, the impact of learning on quantity, retrieval cues between

memories, the impossibility of manual memory enhancement, accessing relevant

information, hierarchical organization of sequences, retrieval of hierarchically

organized sequences, speed of access, storing of meaningful sequences, recency in

retrieval cues and representation of sentences (cf. Gobet, 1996b, Ericsson and

Kintsch, 1995, Schank, 1982).

7.2 What the representational theories capture and lack in

comparison to human sequence representation and processing

In chapter 5 we argue that if the AI theories are to make claims about contributing to

the knowledge on how the internal mechanisms for sequence representation and

processing works the theories must at least be able to perform the tasks that the

memories can perform and to exhibit the features that has been shown (through

experiments) to exist.

In this work we have focused on two main groups of AI theories for how the human

memory for sequence representation and processing can be constructed. These are the

symbolic and connectionist theories.

7.2.1 Symbolic theories for sequence representation and processing

In this work we explore two symbolic theories; the start-end model and the dynamic

memory theory. The start-end model tries to explain how the short-term memory
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works and the dynamic memory theory tries to explain how the long-term memory

works.

For the first task, to identify a sequence from descriptions, Schank’s (1982) dynamic

memory theory claim to manage to perform it (see section 5.3.1). When encountering

a sequence (the dynamic memory are used for story understanding, why a sequence

for this theory often comes as a sequence of events) the first thing that happens is that

the system (following the theory) tries to identify what scheme to use that best

captures the events. Hence, a categorization is performed.

The second task, to rebuild, or complete, a sequence from fragments, can also be

performed by the dynamic memory theory. The purpose of the dynamic memory

theory is to explain how background knowledge and previous experiences can be

incorporated into a sequence of events or a story. One of the tasks of the theory is to,

given an incomplete story, infer the missing parts, for example from the statement that

someone left a big tip at a restaurant infer that either the food and/or the service was

good. So, from only parts of the sequence, the dynamic memory theory can infer a lot

of extra information of the sequence.

Also the third task, to recreate a sequence based on its identity, can be performed by

the dynamic memory theory. As long as sufficient information is provided to exclude

all stored sequences but one, that sequence can be restored, however not necessarily

in detail.
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As with the other tasks, the dynamic memory theory can also perform the fourth task,

to present the relevant parts of a sequence, i.e. to make a summary. When a sequence

enters a system that follows the dynamic memory theory and a schema (script) has

been identified to store the sequence only the things that the script says is important

are stored. So, the representation of a story in itself is a summary of that story.

For the Start-End model it is unclear whether or not it can perform any of the

identified tasks.

We conclude that the dynamic memory theory manage to perform all identified tasks

whereas it is unclear if the start-end model can perform any of them.

We now move to which features that can be modelled by the theories. As we stated

earlier, for the features of human sequence representation and processing we divided

the area up into short-term memory and long-term memory and explored the features

for each.

The Start-End model exhibits all the identified features for short-term memory. This

speaks for the model. On the other hand, it should be mentioned that the model was

developed to exhibit exactly the identified features.

Since Schank’s (1982) dynamic memory theory never was meant to capture any

aspects of short-term memory the theory is not evaluated on those features.
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The start-end model, as the dynamic memory theory for short-term memory, was

never intended to be used as a long-term memory. Therefore, the model was never

evaluated for these features.

The dynamic memory theory, on the other hand, has, at least, the possibility to solve

most of the identified features for human long-term memory. It can explain the

difference between experts and novices in a domain. It can, to some extent deal with

learning and explain and interactions between short-term and long-term memory.

However, it is unclear how the theory deals with expert performance for non-

meaningful sequences. Also, the access structures are not good enough to explain the

relatively fast access to long-term memory, and searching in memory.

7.2.2 Connectionist theories for sequence representation and processing

We can see that, in general, the connectionist theories have no problems of

performing the task, to identify a sequence from descriptions. The categorization

process is a process that performs a many-to-one mapping and, as we saw in section

6.3.1, the only processing architecture that has a problem with this mapping is

Chrisman’s (1991) confluent inference, whereas the transformational inference and

the hetero-association can perform this task just fine.

It is unclear whether or not it is possible to perform the second task, to complete a

sequence from fragments, with the evaluated connectionist architectures. There have
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been too few experiments for this task to make any conclusions (see section 6.3.1).

This is an area for future research.

The third task, to recreate a sequence based on its identity, can be done by most

evaluated connectionist architectures. A variant of the transformational inference,

where the input is the sequence identity and the output is a representation of the

sequence, can perform this.

Regarding the fourth task, to pick out the relevant parts of a sequence, most of the

evaluated connectionist architectures produce a compressed representation of the

sequence. This compressed representation can be said to be a summary of only the

relevant part of that sequence so that it can be restored. However, if “presenting

relevant parts of a sequence” is interpreted as picking out a few pieces of information

from a representation, it is unclear whether this can be done. Some experiments with

RAAMs indicate that this cannot be done in RAAMs, but it is unclear if it can be done

in any of the other architectures.

We conclude that the connectionist architectures can perform the first and third

identified task, but it is unclear whether or not they can perform the second and

fourth. This is an area for future research.

We now move over to whether or not the connectionist architectures can behave as

short- and long-term memories, i.e. if they exhibit the same features.
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The evaluated connectionist techniques generally fail to exhibit the same features as

human short-term memory. Often, in fact, the features shown are quite the opposite of

human features. The only features that are the same are the omission constraint, the

confusion constraint and, to some extent, the repetition constraint, but this last one

needs to be more verified through experiments. The architectures generally fail on the

primacy, recency, locality, weak fill-in, protrusion and interposition constraints,

although there have been too few experiments to make any final conclusions whether

some of these constraints are unreachable by the connectionist theories. Further, there

are some interesting connectionist architectures that have the possibility to solve more

constraints than is given credit for here, but also in this area there is a need for more

experiments. Hence, in this area a lot more experiments are needed.

The evaluated connectionist techniques seem to be better at exhibit features similar to

those of long-term memory than those of short-term memory. For the trainable

techniques the differences between experts and novices can be explained and the

difference between storage of meaningful and non-meaningful sequences. Where

more experiments are needed in this area are mainly in the interaction between short-

term and long-term memory and accessing stored information.

7.3 Intrinsic versus extrinsic representation and processing

We conclude that so far there are theories within the intrinsic category that

outperforms their connectionist counterparts both in the area of short-term memory

and long-term memory. There are now three possibilities to continue the research



7 Conclusions

133

depending on what opinion each researcher have regarding intrinsic and extrinsic

representations. Either we can:

1. use the intrinsic models and refine them further, since they already seem to

exhibit most features, or

2. try to implement the intrinsic theories using extrinsic representations, or

3. try to create a hybrid solution which uses the benefits from both representation

techniques or, finally,

4. if we (for some reason) do not accept intrinsic models as explaining human

sequence representation and processing, try to extend the connectionist models

so that they too can exhibit the features and perform the tasks.

In the next section we explore further what can be done regarding these different

possibilities for future research.

7.4 Future work

As we saw in the previous section, there are several different research directions that

can be taken.

If we want to achieve a purely symbolic theory then research need to be done to

connect the dynamic memory theory with a symbolic theory for short-term memory.

Also, there is a need for more work regarding fast access and index structures to

information stored according the dynamic memory theory.
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If we want to have a hybrid connectionist-symbolic solution there is more research to

be done in the interactions between the different theories. First, if we accept the

dynamic memory theory as the correct theory for long-term memory, we must

develop a connectionist theory for short-term memory, we state below what needs to

be done to develop a connectionist short-term memory like the ones in humans.

Another alternative for the symbolic-connectionist hybrid architectures is to develop

connectionist index and access structures and let the symbolic theories explain short-

and long-term memories.

An alternative for a symbolic-connectionist hybrid for long-term memory is to extend

Miikkulainen’s DISCERN to, not only incorporate scripts, but the entire dynamic

memory theory.

If we want to develop a connectionist theory for short-term memory there are, as we

saw in the previous section (section 7.1), various experiments that need to be

conducted, first in order to see if any of the architectures can perform all processing

tasks (and alternatively develop a new architecture) and then see if all features and

constraints can be shown to exist in the network. It is further possible that we want to

try to implement psychological theories for the structure of short-term memory by

using connectionist networks. Here, a lot of more work is needed.

If we want to develop a fully connectionist theory for human long-term memory we

still need to see if all processing tasks can be performed by the connectionist
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architectures. Furthermore, research is needed in the area of access and representation

of stored information.

7.5 Final remarks

Irrespective of research interest, this dissertation has shown that there is still a lot of

work to be done before the AI community has explained the psychological findings

relating to sequence representation and processing.
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1 This reference was collected from Ericsson and Kintsch (1995)

2 This reference was collected from Henson (1996)

3 This reference was collected from Gobet (1996b)

4 This reference was collected from Vanderheyden (1995)


