3

•

•

•

•

This dissertation was submitted for the degree of Doctor of Philosophyat CambridgeUniversity.

This thesis extends the error propagation network to deal with time varyingor dynamicpatterns. Examplesare givenof supervised,reinforcement drivenand unsupervisedlearning.

Chapter 1 presents an overviewof connectionist models.

Chapter 2 introducesthe error propagation algorithm for general node types.

Chapter 3 discussesthe issue of data representation in connectionist models.

Chapter 4 describes the use of severaltypes of networks applied to the problem of the recognition of steady state vowels from multiplespeakers.

Chapter 5 extends the error propagation algorithm to deal with time varying input. Three possible architectures are explored which deal with learning sequences of known length and sequencesof unknown and possiblyindefinitelength. Severalsimple examplesare given.

Chapter 6 describes the use of two dynamic nets to form a speech coder. The popular method of Differential Pulse Code Modulation for speech coding employs two linear filters to encode and decode speech. By generalisingthese to non-linear filters, implemented as dynamic nets, a reduction in the noise imposed by a limitedbandwidth channel is achieved.

Chapter 7 describes the application of a dynamic net to the recognition of a large subset of the phonemes of Englishfrom continuous speech. The dynamicnet is found to givea higher recognition rate both in comparison with a fixed window net and with the establishedk nearest neighbour technique.

Chapter 8 describes a further development of dynamic nets whichallowsthem to be trained by a reinforcement signalwhich expressesthe correctness of the output of the net. Two possible architectures are given and an example of learning to play the game of noughts and crossesis presented.

This dissertation is the result of my own work and includes nothing whichis the outcome of work done in collaboration.

The author would like to acknowledge financial support from the UK Scienceand EngineeringResearch Council,Cambridge UniversityEngineeringDepartment and TrinityHall,Cambridge. Technicalsupport was receivedfromthe UKAlveyProject MMI 069 whichestablished the Hotel speech database and the Par- SiFal project IKBS/146 whichdeveloped the transputer array.

The author would also like to thank:

My supervisor, Professor Frank Fallside, for his unique blendof supervised,reinforcement drivenand unsupervised teaching.

Past and current members of the Cambridge University EngineeringDepartment Speech and A.I.group, especially the connectionists: Ian Braithwaite, Lai-Wan Chan, Mark Plumbley, Mike Chong,MahesanNiranjan,PatrickGosling, Peter Todd, PhilSteen, SeanKelly, SimonDuncan,Richard Prager, Tim Harrison, Tim Marsland, Tony Fotherby, Victor Abrash and Visakan Kadirkamanathen.

The staff ofthe PhotocopyDepartment for amazingservice when deadlines have been tight and also the staff of the tea room for something like 10 toasted cheese buns.

The following who all know why they are being thanked: AndrewE., AndrewM., Beryl,Chris,Don,Frances,George, Gordon, Matthew, Mary, Phil, Sue, Tamsin, Tim H., Tim N., Tim S., Tom, Wendy.

AnthonyJohn Robinson Trinity Hall and CambridgeUniversity EngineeringDepartment ajr@dsl.eng.cam.ac.uk

Submitted February 1989 ExaminedJune 1989

Summa ry Declaration

Acknowledgements

Dynamic Erro r Propagation Net w o rks

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Summary 0 Declaration 0 Acknowledgements 0

0.1 Features of ConnectionistModels 3 0.1.1 Complexity of ProcessingElements 3 0.1.2 Distributed Representations 3 0.1.3 SelfOrganisation 3 0.1.4 Inherent Parallelism 3 0.1.5 BiologicalInspiration 3 0.2 Usesof ConnectionistModels 3

1.1 Learning Algorithms 4 1.2 AutoassociativeNetworks 5 1.3 AssociativeNetworks 5 1.3.1 UnsupervisedLearning 5 1.3.2 Reinforcement DrivenLearning 5 1.3.3 SupervisedLearning 6

2.1 Formalism 6 2.2 Trainingby Gradient Descent 7 2.3 Exampleof Weighted Sum Nodes 7 2.4 Exampleof GaussianNodes 7 2.5 Adapting the Step SizeParameter 8

3.1 Input Representation 8 3.2 Internal Representation 8 3.3 Output Representation 9 3.3.1 SingleScalar 9 3.3.2 Packed Binary Vectors 9 3.3.3 One-of-ManyVectors 9 3.4 Towards SymbolicRepresentations 9 3.5 Discussion 10

4.1 The Speech Data 12 4.2 Front End Analysis 12 4.3 Details of the Models 12 4.4 RecognitionResults 12 4.5 Discussion 14

5.1 Temporal Pattern ProcessingNetworks 14 5.1.1 Windowed Input Networks 14 5.1.2 Internal State Networks 15 5.2 Developmentfrom Linear Control Theory 15 5.3 Architectures 16 5.3.1 The Finite Input Duration (FID) DynamicNet 16 5.3.2 The Infinite Input Duration (IID) DynamicNet 16 5.3.3 The State CompressionDynamicNet 17 5.4 Some Examplesof DynamicNets 17 5.4.1 Unit Time Delay 18 5.4.2 Bistable 18 5.4.3 MovementDetection 18 5.4.4 Letter to Word Conversion 19 5.5 Limitationsof DynamicNets 19

6.1 The Architecture of a GeneralCoder 20 6.2 Trainingof the Speech Coder 21 6.3 Comparisonof Performance 21

Title 0

Contents 1

0 Intro duction 3

1 Types of Connectionist Models 4

2 Error Propagation Networks 6

3 Data Representation in Connectionist Models 8

4 Application to Vowel Recognition 12

5 Dynamic Error Propagation Networks 14

6 Application to Speech Coding 20

Contents

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

7.1 Weight Update Strategy 23 7.2 Speech Database 23 7.3 Front End Processing 24 7.4 Phoneme Labels 24 7.5 Back End Processing 24 7.6 Static Net Results 24 7.7 DynamicNet Results 26 7.8 K Nearest Neighbour (KNN) Results 26 7.9 Discussion 26

8.1 Architectures 27 8.2 A GeneralGame PlayingProgram 27 8.2.1 Noughts and Crosses 27 8.2.2 Input and Output Representations 28 8.2.3 Implementation 28 8.2.4 Problems with Reinforcement DrivenLearning 28 8.2.5 Results 28

7 Application to Continuous Speech Recognition 23

8 Reinforcement Driven Dynamic Nets 27

9 Conclusion 29

A Implementation on a Transputer Array 29

Bibliography 30

In the early 1960’sthe desire to model human intelligencewas based on two opposite philosophies. The first was a ‘holistic’ approach whicharose from a desire to model the computation strategy of the brain by usingmany simpleprocessingelements. Each processing element uses information which is distributed over the whole of the store, and gives a result which is interpreted in the context of the results fromallthe other processing elements. The other was a ‘reductionist’approach, using a single complexprocessingelement which, acting on locallystored information, can be used to break down complex calculations into more tractable sub-problems. These simplerproblems can inturn be reducedto problemswhichare simpleenoughto solve. Feldman (1986) providesa detailed discussionof these two approaches. As in modern science, medicineand economics,the reductionist approach has built on its own successes and now dominates the field.

Recently there has been a revival in the holistic approach in the form of ‘connectionistmodels’,‘neuralnets’ or ‘paralleldistributed processing’,arisingfromthe developmentof newlearning algorithms and an increasedspeed of simulationson digital computers. This renewed interest has brought together neuroscientists, cognitivescientists, engineers,computer scientists, mathematicians and philosopherswith considerableenthusiasm for a rapidlyexpandingsubject.

The connectionist approach to information processingis an alternative to the ‘programand data’ vonNeumannmodelofcomputation whichhas foundapplicationfromwashingmachinesto launch-on-warning systems for nuclear weapons. This section makes a comparison of the two approaches. There are many good introductory texts in whichwhichfurther information may be found, for examplethe two volumesof ‘ParallelDistributed Processing’,(Rumelhart and McClelland,1986;McClellandand Rumelhart, 1986) and ‘Self-Organizationand AssociativeMemory’(Kohonen, 1988).

Perhaps the strongest difference between the conventionaland the connectionist approach is in the representation of the processing and storage. Conventionalcomputers store each piece of information, (for examplean instruction, integer or ‘symbol’) in a store whichis discrete and separate from the store of other information. A single processor with a rich instruction set accesses this data, and depending on its contents, it may access another location or store data in a location. In contrast a connectionist system has many simple processing elements which read the output of a large number of other processingelements, and performs some simple operation such as a weighted sum on these values, making the answer available to many other processingelements.

In contrast to the localised data storage of the von Neumann machines, connectionist models operate on a non-localised or distributed representation (Hinton, McClellandand Rumelhart, 1986). Thisappliesboth to the data fromthe input as it istransformed by the internal processing elements or ‘hidden units’, and also to the knowledge used to do this transformation. In practice, this has the advantage that the machines are robust to small variations in the parameters used to describe the machine, and also that faults in the processingelements result in a gracefuldegradation of performance.

A common feature of all connectionist models is that they are defined using a set of examples,the training set, which makes some specification of the transformation to be performed. In many, but not all connectionist models, the parameters are determined by an iterative training procedure, starting from random valuesand convergingonto a set whichperforms the mapping defined by the training set. This process of adaption is often referredto as ‘learning’.

Manyconnectionistmodelshave an inherentlyfine grainedparallel structure such that the computations performed by the processingelements are independent and so may be computed in parallel. This is important when consideringhardware implementations of connectionist models which can exploit this parallelism. However, all the connectionist models reported in this thesis ran as software simulations, and when parallel machines were used it was found to be more efficient to run a coarse grained parallelismwhichsimulated each model sequentially(see appendixA).

Analogiesmaybe drawnbetween connectionistinformation processingand human information processing. Each processingelement may be likened to a neuron and the strength of the links between elements to synaptic strength. Lindsay and Norman (1977) providea good introduction to human information processing,Kuffler, Nichollsand Martin (1984) to neurobiologyand many authors have linked these subjects to connectionist models (for example: Ferry, 1987). Whilst this aspect is of interest to the author (Robinsonand Fallside,1987a) this thesis adopts an ‘engineering’approach which uses connectionist models for convenienceand does not considerbiologicalplausibility.

Existingcomputational techniques have had a considerableinfluence on the models of the mind used by psychologistsand connectionist models are becoming popular in their turn. In contrast, the analogybetween processingelementsand neurons is almost certainlytoo simpleto be taken seriouslyby neurobiologists.

Many comparisons between connectionist models and conventionaltechniquesfor pattern classificationtasks havebeen made

0.1.1 Complexity of Processing Elements

0.1.2 Distributed Representations

0.1.3 Self Organisation

0.1.4 Inherent Parallelism

0.1.5 Biological Inspiration

0.1 Features of Connectionist Models

0.2 Uses of Connectionist Models

Chapter 0

Intro duction

i

th th th ij th th

1

=0

=

1

=0

Δ

th th pi i

ij N

j pi pj

pi pi j i ij pj

i pi pi i

i N

j ij pj i

i E /T

ij ij

ij ij ij

−

−

′

′

o i p N θ i w i j

w o o o o w o <

P o o T P

E w o θ P e i j ρ ρ G

∂G ∂w T ρ ρ

− − → → ≥

−

− −

(for example: Huang and Lippmann,1987). However, to date, there is no area wherethey are universallyregarded as the best way to solve a given problem. The most promising areas of applicationare those in whichthe explicitmeans of solvingthe problem is not known and does not need to be known, those problemswhichrequirelargecomputationalresourceswhichcan use dedicated connectionist hardware, and those areas whose data structures can be expressed as distributed representations.

The fieldsofspeechand visionprocessingfit these requirements. As visionproblemstend to involvelarger amounts of data than speech problemsand connectionist modelsare computationally expensive to train, the major examplesin this thesis are taken from the field of speech processing.

Connectionist models consist of many simple processing elements whichare highlyinterconnected so as to collectivelyperform a complexcomputational task. The model is defined by a large number of parameters, or weights, whosevaluesare selected so that the modelperforms a particular task out ofallthe possibletasks that couldbe performed. The aim of this chapter is to provide a brief reviewof the most popular connectionist modelswithina coherent framework, and so providesome context for the workthat ispresentedinthe remainingchapters. For more detailed reviewssee Hinton (1987) and Lippmann(1987).

Connectionist models learn by minimisinga ‘cost function’ or ‘energy’whichmeasureshow wellthe model fits a set of examplesgivenin a trainingset. This cost functioncan be minimised in many ways, but as current models may use 10 to 100,000 weights, an exhaustivesearch through the weight space is usuallynot feasible. One popular approach is to start at a possible solutionand iterativelymake smallchanges to the valuesof the weights so as to improve the solution. The simplest algorithm for makingthese changessimplygeneratesa randomchangeand updates the weights if the cost function is reduced. A variation on this search maintains severallikelypoints and generates new points bycombiningmembersofthe current populationwiththe addition of somenoise. This is termed a the ‘geneticalgorithm’ (Holland, 1975; Goldberg, 1989), named by analogy with the Darwinian process of natural selection. The search for a minimum can be quickened if the direction of steepest descent in weight space is known, and many algorithms are based on this procedure of ‘gradient descent’ (for example: Scales, 1985). However, if a strict gradient descent procedure is adopted there is no guarantee of finding the globalminimumof the cost function. This deficiency may be overcome by using a stochastic algorithm which may make changes which increase the cost function and so escape from a local minima. If the influence of the random input is initiallyhigh and is sufficiently slowlyreduced, then the globalminimumis guaranteed. This processes is calledsimulated annealing(Kirkpatrick,Gelatt, Jr. and Vecchi, 1983).

For some problems an analytical solution may be found. For example an unsupervised network for performing dimensionality reduction may be solvedusing principlecomponent analysis (Bourlard and Kamp, 1987). These methods have advantages overiterative methods as the final solutionis a globalminimum of the cost function and is often computed faster.

Connectionist models may be divided into those which make no distinction between the inputs and outputs of the networks, autoassociative networks, and those which do make this distinction, associative networks. Most of these networks can be described as a set of units and weights between these units. To providea uniform frameworkfor describingthese modelsthe notation willbe used to represent the valueof the activation of the unit for the examplein a unit network, the bias weight in the unit and the value of the weight between the and units.

Perhaps the most popular form of autoassociative network is the Hopfieldnet (Hopfield, 1982). The units have a value of 0 or +1 and the weight matrix is formed in a non-iterative way by summingthe outer product of allpairs of zero-meantraining examples,as in equation 1.1. To run the network the elements in a corrupted version of a stored pattern are asynchronously updated according to equation 1.2.

= (2 1)(2 1) (1.1) 1 0 if 0 0 (1.2)

This process is repeated until the pattern convergesonto a stable state which,in many cases, willbe one of the training patterns. In a later paper Hopfield(1984) extends this network to the case of continuouslyvaluedunits.

Another powerful form of autoassociativenetwork is the Boltzmann machine (Hinton, Sejnowski and Ackley, 1984; Ackley, Hinton and Sejnowski, 1985). These machines have both ‘visible’units whose value is defined by the example pattern, and ‘hidden’units whose value is a stochastic function of the weighedsum of its inputs. Equations 1.3 and 1.4 givethe probability that = 1, otherwise = 0. The ‘temperature’ term, , is reduced during run time so that the value of assumes the value 0 or 1.

Δ = (1.3) = 1 1+ (1.4)

The network is trained by observingthe probability that the and units are on at the same time when the visibleunits are clamped, , and the corresponding probability when they are not clamped, . The relevant cost function, , is known as the ‘asymmetricdivergence’or ‘Kullbackinformation’and its derivativeis givenin equation 1.5 whichmay be used to update the weights in the direction of steepest descent. = 1 (1.5)

Allautoassociative networks are a form of content addressable memory as part of the pattern can be used to recallthe whole.

∑ ∑

∑

( )

1.1 Learning Algorithms

1.2 Autoasso ciative Networks

Chapter 1

T yp es of Connectionist Mo dels

ij p pi pj pi pj

pi j ij pj i

pi pi pi

pi

ij ij pi pi i i pi pi

ij

w o o o o

o f w o θ

f x x > x

t

w w t o θ θ t o

w

∝

≤

← − ← −

The class of associative networks can be subdividedaccording to how the information in the output vector is used to train the network. In unsupervised networks the desired output vector is not explicitlyspecified but it is implicitlyspecified by some principleor heuristic. In reinforcement learning the network is trained using onlya scalar whichmeasures the closenessof the desired output vector to the actual output vector. Finally, in supervisedlearningeveryelementofthe output vector isdirectly compared with the desiredoutput vector.

In unsupervised learning the true form of the desired output is unknown, instead a general principleis known whichdefines the form of the output. Hebb (1949) used a heuristic which strengthens a linkwhenboth the input and the output units are simultaneouslyactive, as in equation 1.6.

Δ (1.6)

This can be formalised into a learning algorithm which minimises the information lost by the processing at each layer of units (Plumbley and Fallside, 1988). A network consisting of severallayers of such units can extract interesting features from the input, for example Linsker (1986; 1988) demonstrates the emergenceof orientation selectivecellsfrom visualinput.

Supervisedlearningalgorithms, suchas the error propagation algorithm described below, can operate in an unsupervisedmode by using the input vector as the desired output vector. If the network has a hiddenlayer withfewer units than the input then a dimensionality reduction must occur at this ‘bottleneck’. Such an identity mappings using error propagation nets is used in chapter 6 (Robinson and Fallside, 1987a) and has also been used by Elman and Zipser (1987) for a speech coding problem and Harrison (1988) as a preprocessor for a speech recogniser. Hinton and McClelland(1987) have used a ‘recirculation algorithm’ to do this task without computing the cost function gradient explicitly, and Bourlard and Kamp (1987) have shown that the Karhunen-Lòeve transform usingsingular valuedecomposition can be used in the case of linear units.

The weights in networks implementing reinforcement driven learningare adapted on a singlescalar valuewhichmeasuresthe closenessof the actual output from the desired output. This is an interesting problem from the biologicaland psychological viewpoint as it is often assumed that learning in animals and man is driven by a reinforcement signal from the environment. As yet, reinforcement drivenlearning has been restricted to simpletasks when compared with those done by supervised or unsupervisedlearning.

Barto, Sutton and Anderson (1983) have used an ‘associative search element’and an ‘adaptivecritic element’to solvea pole balancing task using reinforcement driven learning. The associative search element chooses an action with the highest predicted reinforcement for the given input vector, whilst the adaptive critic element learns the expected reinforcement. Sutton (1984) has also analyseda range of reinforcement learning algorithms and developed the ‘adaptive heuristic critic’ algorithm. Williams (1986) provides a mathematical analysis of these reinforcement drivenlearning procedures and describes a gradient descent technique for ‘generalisedstochastic learning automata’.

It is also possibleto use supervised learning algorithms for reinforcement driven learning. One supervised net is used to compute the overalloutput from the input, and a second net takes both these outputs and inputs and is used to compute the expected reinforcement. Training proceeds by maximisingthe expected reinforcement. A description of this procedure with simple examples is given in chapter 8 (Robinson and Fallside, 1987a) and also by Munro (1987).

In supervisedlearning all the elements of the output vector are availableto the trainingalgorithm. The first supervisedlearning network was the perceptron formulated by Rosenblatt (1958). In this model the output units are a thresholded weighted sum of the binary input units as equation 1.7 and 1.8.

= + (1.7)

( ) =

1 if 0 0 if 0

(1.8)

The weight matrix and biasesare changed ifthe calculatedoutput is different from the target output, , as in equations 1.9 and 1.10.

+ (1.9)

+ (1.10)

Thismethod can be generalisedto the caseofcontinuousvalued input and output units to give an adaptive filter (Widrow and Hoff, 1960). Here the quantity to be minimisedis the mean squared error between the actual and target outputs. As the cost functionisquadratic ineach ofthe parameters , a single minimum exists. At this minimum the derivative of the cost function with respect to each weight is zero, and this yieldsa set of simultaneousequations whichcan be solvedusingmatrix inversionto yield the optimum weights in a non-iterative way (Rohwer, 1988).

Minskyand Papert (1969) showed that this singlelayer model was limited to learning linearly separable problems, which excluded some simple functions such as parity. This limitation may be overcome if two or more layers of weights are used. There are two approaches to determiningthe weights valuesin the two layers. One way is to implement an fixed non-linear mapping in the first layer, and then use the single layer approach outlined above. This method of dimensionality expansion has been used as the basis of many connectionist models (for example: Kanerva,1984;Prager and Fallside,1988;Powell, 1985;Broomhead and Lowe, 1988;Kohonen,1988;Raynerand Lynch, 1988) and is discussed in section 3.1. The alternative is to extend the perceptron learning rule to cope with multilayer networks. This was accomplishedby Rumelhart, Hinton and Williams(1985) and also by Parker (1982). The method, known as the ‘error propagation algorithm’, allows the training of arbitrary non-linear functionsby gradient descent. This powerful and popular learning algorithm is the subject of the next chapter.

∑ ∑ {

1.3.1 Unsupervised Learning

1.3.2 Reinforcement Driven Learning

1.3.3 Supervised Learning

1.3 Associative Networks

Chapter 2

th th

0

1

=0

1

=0

2

1

= +1 1

= +1

1

=0 1

= +1

1

=0 pi ij pi pj p

pi i

j ij pj

pi pi

ij

ij

pi i

j ij pj

pi pi pi pi

p i pi pi

ij k

ij k ij k ij k ij k ij k

ij k p pi pi ij k

pi pi pi

pi N

j i pj pj pi N

j i pj pi j

l j l pl

N

j i pj pj pj j i pi pi

pi ij k pi ij k ij k i

l il pl

pi pi ij pj ij k

pi pi

−

−

−

− −

−

−

o i p w o o o

x w o o f x w k g ,

x g ,o

f

u y

N E t o

E o t

∂E/∂w η

w w w w η ∂E ∂w ∂E ∂w ∂E ∂o ∂o ∂w

∂E ∂o o t

∂E ∂o ∂E ∂o ∂o ∂o ∂E ∂o ∂ ∂o f g ,o ∂E ∂o ∂f x ∂x ∂g ,o ∂o ∂o /∂w ∂o ∂w ∂ ∂w f g ,o ∂f x ∂x ∂g ,o ∂w

g , ∂E/∂o ∂E/∂o

· ·

·

−

−

← −

−

· ·

This chapter defines the error propagation network used throughout the rest of this thesis. The formalismand notation used in this chapter is based on that of Rumelhart, Hinton and Williams(1986), but the network presented here is of a more generaltype in that the operation performed by each unit is not limited to that of a weighted sum. This is useful as it allows the error propagation algorithm to be used with those networks whichdefine a volumein the input space, for examplethe Modified Kanerva Model (Prager and Fallside, 1988), networks of Spherical Graded Units (Hanson and Burr, 1987b), networks of Localised Receptive Fields (Moody and Darken, 1988) and the method of Radial Basis Functions (Powell, 1985; Broomhead and Lowe, 1988). Niranjan and Fallside(1988) givea description of these networks and make a comparison for pattern classificationtasks. This also section givesexamplesof two different node types, the commonlyused weighted sum node and a volume defining Gaussian node, and discusses two methods for changingthe step size during training.

An error propagation network is defined by a set of units and linksbetween the units. Denoting as the valueofthe unit for the examplein the training set, and as the weight of the linkbetween and , we maydivideup an array of units into input units, hiddenunits and output units. Ifwe assign to a constant to form a bias, the values of the input units are defined by the problem and the values of the remaining units are defined by the node type. The most common node type is that whichperforms a weighted sum (otherwiseknown as a dot product or inner product) of its inputs and the weight vector:

= (2.1)

= ( ) (2.2)

In a more general node, the links, , are characterised by more than one scalar value and they can used in a different manner. The additionalsuffix, , isusedto denote an indexinto the weight vector, , and the arbitrary differentiablefunction, ( ), replacesthe product term in equation 2.1:

= ( ) (2.3)

The activation function, ( ), isany continuousnon-linear function. These equations define a feed-forward net whichhas the maximum number of interconnections. This arrangement is commonlyrestricted to a layered structure in which units are only connected to the immediately preceding layer. The formalism, and most of the examples in this thesis, do not use this popular form. This decisionwas based on a minimalconstraint design philosophy. The error propagation algorithm is not restricted to layered networks and if a layered structure is applicableto a particular problemthen the gradient descent algorithm shouldset the interlayer linksto zero(Robinson,1986).

Throughout this thesis the input and output vectors will be drawnas broad arrowsand error propagation nets as rectangular boxes. Thus figure 2.1 shows a static net whichtransforms the an input vector , to the output vector .

Propagation Net y(p) u(p)

Error

Fig. 2.1: Static net

A network of nodes may be trained by minimisingan energy, , defined as half the summed squared difference between the target output, , and the actual output of the net, , over all the training examples: = 1 2 ( ) (2.4)

This quantity can be minimisedusinggradient descent in which smallchangesin the weights are made in the directionof steepest descent, . The constant of proportionality, , determines the step size and is sometimes called the ‘learning rate’.

+ Δ (2.5)

Δ = (2.6)

= (2.7)

For output nodes:

= (2.8)

For all other nodes we may apply the chain rule to yield:

= (2.9)

= ( ) (2.10)

= ( ) ( ) (2.11)

Lastly is givenby:

= ( ) (2.12) = ( ) ( ) (2.13)

These equations differ from those of Rumelhart Hinton and Williamsonlyin the introduction of the terms in the differential of ( ).

The above equations define the error signal, , for the input units as wellas for the hiddenunits. Thus any number of static nets can be connected together, the values of being passed from input units of one net to output units of the preceding net. It is this ability of error propagation nets to be ‘glued’together in this way that enablesthe construction of the recurrent nets described in chapter 5.

∑

∑

∑ ∑

∑

∑

∑ ( ∑ )

∑

( ∑ ) w

w w w

w w

2.1 Formalism

2.2 Training by Gradient Descent

Erro r Propagation Net w o rks

pi

pi

pi

0 0

1

= +1 0

0

2

0 1 2

2

0 1

1

= +1 0 2 1

0 0 2 1

1 0 2 3 1

1 0

1 0 1 0 ij ij pj ij pj pi x

pi N

j i pj pj pj j i

pi ij pi pi pj

pi x

ij pi ij pi ij pi x /

ij ij

pi N

j i pj pj j i pj j i pi ij pi ij pj ij pi ij pi ij pj ij o o

−

−

−

−

−

w g ,o w o f x e

∂E ∂o ∂E ∂o o o w ∂o ∂w o o o

f x e

g ,o w o w f x e w w

∂E ∂o ∂E ∂o o w o w ∂o ∂w o w o w ∂o ∂w o w o w

η η η

E E

ϕ > η β <

η ϕ η E E β η E > E

θ θ < θ > θ θ

η θ η

− −

−

−

−

− −

−

← ≤

←

The common form of the error propagation algorithm has one scalar associated with each link, .

( ) = (2.14)

( ) = 1 1+ (2.15)

This node definesa hyperplanein the input space, the output of the node is determined by the distance from this plane. Using these equations and equations 2.11 and 2.13:

= (1 ) (2.16)

= (1 ) (2.17)

The activation function used in all the examples,unless otherwisespecified, is the symmetricsigmoidalfunction:

( ) = 2 1+ 1 (2.18)

A Gaussiannode can be defined as:

( ) = (2.19)

( ) = (2.20)

This node delimitsa hyperellipsoidalregion in the input space. The weights represent the coordinates of the centres of the Gaussiansand represents the range of influencein each dimension. Usingthese equations and equations 2.11 and 2.13:

= (2.21)

= (2.22)

= ( ) (2.23)

whichmay be used with equations 2.7 and 2.8 to compute the direction of steepest descent. This type of node has been used by Chong, Fallside, Marsland and Prager (1989) as part of a real time, transputer based, speech recognitionmachine.

The error propagation algorithm only performs a true gradient descent providingthe step size scaling factor, , is sufficiently small. However, a practical implementationmust choose a reasonablylarge valueof so that the learning takes place as fast as possible. Onesolutionto this problemisto change throughout the training. Two methods for this are used in this thesis, the first is the simplestand the most robust, whilstthe second can givea better performance.

The simplestform of adaptive step sizealgorithm is taken from work done by Vogl, Mangis, Rigler,Zink and Alkon (1988). In this method the energyat current position in weight space, is compared with the energy at the last position, . If the new energy is smaller than the last energy then the algorithm is moving towards a solution, and it is possible that a larger step sizemight be taken. Accordinglythe step sizeis multiplied by a factor 1, so that larger step willbe taken in future. Alternatively, ifthe newenergyislargerthan the previousenergy then the previousstep sizewas too large and is multipliedby a positive factor, 1, so that a smaller step willbe taken in future. The effectiveness of this method can be analysed if the energysurfaceisassumedto be locallysymmetricabout the minimum in the direction of steepest descent. In this case, a step which overshoots the minimumand slightlyincreases the energy is twice the optimal value, and halving the step size scaling factor would give the minimum at the next iteration. Thus although this method is simpleit can easilyover-estimate the optimal value. if if (2.24)

Chan and Fallside (1987b; 1987a) propose a somewhat more complicated method of adapting the step size scaling factor. Their algorithm has three parts, and onlyone of these parts has been adopted. This calculates the angle between the average movementin weight space and the current directionof steepest descent, . If 90 then the previousstep did not reach the minimumin the direction of travel, so the step size should be increasedby a smallamount. Similarly, if 90 the previous step overshotthe minimumand the step sizeshouldbe reduced. Equation 2.25 achievesthe necessary updating of . The term cos can be calculated by dividingthe dot product of the average change vector and the direction of steepest descent by the magnitudes of these vectors. 1+ 1 2 cos (2.25)

Both sets ofauthors describe someform ofback-trackingfor the casewhenthe previousenergywas lowerthan the current energy. This techniqueisnot applicableifthe weights are updated more than once on a pass through the training set as only a noisy estimate ofthe energyisavailable. Inthe casewherethe weights are updated only once, it has been found that the direction of steepest descent is close to the direction of back-tracking, so satisfactory performance is achievedwithout back-tracking. As a result, this aspect their work has not been implementedin any of the networks presented in this thesis.

Many connectionist models, such as a sufficiently large error propagation network, can perform any arbitrary mapping from a continuous input space to a continuous output space. In practice, the representation ofthe data isfoundto be important in determiningthe sizeof network requiredto perform the task, the time taken to train the network, and the performance of the network when presented with noisy input. For these reasons, this chapter explores the representation of data in connectionist models.

∑

( )

∑ ( )

( )

{

( ) w

w

2.3 Example of Weighted Sum Nodes

2.4 Example of Gaussian Nodes

2.5 Adapting the Step Size Parameter

Chapter 3

Data Rep resentation in

Connectionist Mo dels

2

th

0 1 2

2

2 ij pj

i pi

pi j ij pj

i

n t y n E E t y

N i

t i N i N

N N

N

−

≤ ≤ −

Many connectionist models employ a node which performs a non-linear function on the weighted sum of the inputs to the node. Such a node defines a hyperplane in the input space, other types of nodes define different types of regions, for instance hyperspheres(for example: Niranjanand Fallside,1988). If everyelement of the output vector requiresno more processingpower than availableby a singlenode, then the problemcan be solvedwith a singlelayer model. To take the exampleof the commonlyused hyperplane nodes, a singleprocessinglayer can solve any linearly separable problem. Computing the required weights for single layer models is considerablyfaster than for multilayer models both when using the iterative technique of gradientdescentand whenusingthe non-iterativetechniquesfor linear systemsinvolvingmatrix inversion(Rohwer, 1988; Kawahara and Irino,1988).

There are many problems whichare not linearly separable, the most common exampleis that of the ‘exclusiveor’ function. In such cases it may be possibleto use an intital layer of weights which map the input space into a higher dimensionalspace in whichthe problemis linearlyseparable and many techniquesfor doingthis ‘dimensionality expansion’exist. Rosenblatts perceptron (Rosenblatt, 1962) can be configured with an initial layer of linear thresholdunits with fixed weights. The Kanervamodel (Kanerva, 1984) thresholds the Hamming distance of the binary input vector froma large number of random binary vectors and the modified Kanerva model (Prager and Fallside, 1988) generalisesthis to the case of continuous inputs. The method of radial basis functions calculates the distance of the input vector fromeach of the training vectors (Broomhead and Lowe, 1988). Finally, dimensionality expansionmaybe performed with the low order terms of the Kolmogorov-Gabor polynomial(Kohonen, 1988;Raynerand Lynch,1988) or by usingseveralunits to coarse code each input dimension(Prager, Harrisonand Fallside, 1986a; Hinton, McClellandand Rumelhart, 1986).

Severalinvestigators have attempted to assign meaning to the activations of individual units in an internal representation. Whilst this may prove fruitfulin individualcases, the nature of distributed representations is such that a meaningfulinterpretation isunlikelyto be apparent inlargenetwork without the useof statistical techniquessuch as cluster analysis(Servan-Schreiber, Cleeremansand McClelland,1988). In the case of unsupervised learning the nature of the representation is governed by the principleof maximum information preservation (Plumbley and Fallside, 1988; Linsker, 1988) which in the linear case, can be reduced to principlecomponent analysis(Bourlard and Kamp, 1987).

There are differing viewson the best dimensionality for the internal representation. Some researchers (for example: Niranjan and Fallside,1988) argue that the dimensionality of the internal representation shouldbe chosento be as smallas possiblewhilst stillbeing able to represent the training set. This is justified on the groundsthat reducingthe dimensionalityofthe internalrepresentation reducesthe number offreeparameters inthe model, so makingthe modelmore likelyto generaliseto data not in the training set. Other researchers (for example: Kanerva, 1984; Prager and Fallside,1988) advocate an internal representation of as large dimensionality as is practically obtainable. This is justified because extra dimensionscan represent additional features of the training set, and these extra features are expected to make a positivecontribution to the performance of the network. In this thesis, chapter 4 presents a vowel recognitiontask in which extra dimensionsconsistantly give better recognition performance, whilstchapter 7 presents a more generalphoneme recognitiontask whichshows no consistant trend.

The output of a connectionist model is, by its nature, a distributed representation. For some problemsthis may be what is desired, for instance when trying to model some unknown continuous function, such as the predictionof a chaotic series(Lapedes and Farber, 1987). Often the Least Mean Squares metric is used as a measurement of the error, although other metrics may be used (Hanson and Burr, 1987a; Baum and Wilczek, 1987). However, many problems,such as pattern classification, requirea symbolicoutput. This sectiondealswith the representation of the set of symbols in the output vector.

It is reasonable to take the recognisedclass as that one whose target vector most closelymatches the actual output vector. So, for the mean squared error metric, the recognisedclass, , for the set of targets and outputs is:

= argmin (3.1) = 1 2 ( ) (3.2)

Whilst it is possible to code pattern classes onto a single scalar value, this is not usually advantageous. Equation 3.3 demonstrates that the class can be linearly mapped to a target output is in the range 0 to 1. = + 0 1 (3.3)

One examplewhen this is useful is is givenin chapter 6 which is a speech coding task wherea real valuedinput is to be coded by one network to a symbolic form for transmission and then decoded to recover the originalspeech signal. However, without a-priori knowledgeof the pattern classesthere is unlikelyto be any correlation between the difference of two pattern class indexesand the distance between the pattern classes. This codingschemeisas economicalas possiblein the number of output dimensions,but requiresa considerableamount of processingto achievethis.

If each element in the output vector is restricted to one of two valuesthen pattern classescan be represented in an output vector with log elements. This representation may be useful when there are a large number of pattern classes,but again it has the disadvantage that it requiresconsiderableprocessing if nothing is known about the similarity of the pattern classes. Conversionfrom a vector where one element has a ‘high’activation and the remainder have a ‘low’ activation to the binary representation requiresa layer of weighted sum nodes with threshold activation functions. The representation is suitable if each element in the vector is known to represent a feature of the pattern class. However, this information reduces the problemto designinglog networks whichaccept or reject a single pattern class,and the choiceof features islikelyto influencethe performance.

∑

3.3.1 Single Scalar

3.3.2 Packed Binary Vectors

3.1 Input Representation

3.2 Internal Representation

3.3 Output Representation

th

1 0

1 2 = 0 2

1 2 0 2 0 2

1 0 2 1 2 0 0 2

th

+1

+1 2 2

th

+1 +1 2

2 2 0 0

+1 2 2 2 2 2

+1 +1 +1 ij

pi pi j i j

pi pi j j

pi j j

pi

pi

pqi

pq i pqi j pqj pq i pqi j pqj

pqa pqb

pq a pq b pqa pqb

pqa pqa pqb pqa pqb p a p b

pq i pqj pqi pqi k pqk k pqk pqj pqi k pqk pq i pq i pqi pqj pq i

i i

t i j i j

N τ τ

E τ y τ y

τ y τ y τ y

τ τ y τ τ τ y

y E

i q y

y f y N y

f x x x > x y y y

y q t y y y y y y y > . y < . y y y /y

∂y ∂y y y / y / y y y / y i j i j y y /y y y i j i j

− −

− − − −

− − − −

−

≤

−

− − − −

The most common form of output representation for a pattern class, , is to set the to a valuedesignated as ‘high’,and the remainderto zero. So, for the target values0 and 1: = 1 if = 0 if =

(3.4)

This form of representation isfunctionallyequivalentto training machines to accept or reject a pattern class, but with the advantage that computations performed by hiddenunits can be shared. If is the target value of the ‘high’unit and the target value of the remainder of the units, then equation 3.2 can be written as: = 1 2 ( ) + ( ) (3.5)

= 1 2 ( ) ( ) + ( ) (3.6)

= ( ) + 1 2 + ( ) (3.7)

Equation 3.7 shows that there is a linear relationship between the actual output, , and the distance between the output vector and the corresponding target vector. Thus the largest element in the target vector corresponds to the least value of and therefore the best estimate of the pattern class.

The conversionfrom a distributed to symbolic representation has so far assumed that the index of the largest value can be selected from an array of values. Whilst this is a trivialtask for a conventionalprogram, it is difficult for a connectionistmodel. This section describes a network which moves the largest element close to 1 and the remainder close to 0, so reducing the task ofchoosingthe largest elementto oneofthresholding. This is useful if a connectionist model is interacting with a symbol processingmachine. For example,chapter 8 presents a connectionist model whichlearns the game of noughts and crossesby maximisinga reinforcement signal. Such a net must give an output whichis interpreted as a symbol specifyingthe position to be played, and must be able to interpret this output in order to be able to predict the outcome of the move. A possible solutionhas been presented by Lippmann(1987). This net subtracts the mean from every element in the vector then passes it through an activation function whichsets any negative value to zero. This process is repeated until there is onlyone positive value. If the element of the output vector at iteration is then:

= 1 (3.8)

( ) = if 0 0 if 0

(3.9)

This has two disadvantages if it is to be implemented as part of an error propagation network. Firstlythe activation function has a region of zero slope which inhibits the process of calculating the partial derivativesof the energy function in previous networks. Secondlythe value of the remainingpositive unit is undefined, so further processing may be required. An alternative suggested by Boothroyd (1989: personal communication) is: = (3.10)

Convergenceto the limitvaluesof 0 and 1 is found to be rapid. Figure 3.1 shows the development of two probability distributions of elements in a four dimensionalvector. In each case the initial probability distribution was uniform in the specified range. The distributionswere calculatedbyaveragingthe values obtained in 100,000runs.

To analysethe convergenceproperties take as the valueof the largest output at the iteration and as the value of the second largest, after one more iteration we have:

= (3.11)

A rough calculation of convergencetime may be obtained by observingthat the maximumvalueof is 1.0 and threshold discriminationcan be achieved if 0 5 and 0 5. The number of iterations required to achieve = 2 is log log .

For completeness,the equations needed to calculate the gradient of the energythrough one layer of this net, as in chapter 2 are: = 2 1 2 = = (3.12)

= 2 (1 ) 2 = = (3.13)

This chapter has discussedseveral aspects of data representation in connectionist models. Input representation may be improvedby dimensionality expansionand the next chapter makes a comparison of some of the methods for a vowel recognition problem. The use of the least squared error has been proposed for choosinga symbolictarget froma distributed output, and is used in chapter 7. This has been shown to be the same as picking the largest in a one-of-manyrepresentation. Finally, a new type of node has been presented to convert between distributed and symbolicrepresentations.

This chapter describes the application of a variety of feedforward networks to the task of recognition of vowel sounds from multiple speakers. Singlespeaker vowel recognitionstudies by Renals and Rohwer (1989) show that feed-forward networks compare favourablywith vector-quantised hiddenMarkov

{

∑ ( )

∑ ( )

∑ ( )

∑ {

∑

( )

{ ( ∑ ) ∑ ∑ {

3.3.3 One-of-Many Vectors

3.4 Towards Symbolic Representations

3.5 Discussion

Chapter 4

Application to V o w el

Recognition

Fig. 3.1: Developmentof Probability Distributions....

1 0

2

ij ij w w f x x

η models. The vowel data used in this chapter was collected by Deterding (1988), who recorded examplesof the elevensteady state vowels of Englishspoken by fifteen speakers for a speaker normalisation study. A range of node types are used, as described in the previoussection, and someof the problemsof the error propagation algorithm are discussed.

The International Phonetic Association (I.P.A.) symbol and the word in which the eleven vowel sounds were recorded is given in table 4.1. The word was uttered once by each of the fifteen speakers. Four maleand fourfemalespeakers were usedto train the networks, and the other fourmaleand three femalespeakers were used for testing the performance.

vowel word vowel word i: heed hod hid : hoard head hood had u: who’d : hard : heard hud Table 4.1: Words used in Recording the Vowels

The speech signals were low pass filtered at 4.7kHz and then digitised to 12 bits with a 10kHz sampling rate. Twelfth order linear predictive analysis was carried out on six 512 sample Hamming windowed segments from the steady part of the vowel. The reflection coefficients were used to calculate 10 log area parameters, giving a 10 dimensionalinput space. For a generalintroduction to speech processingand an explanationof this technique see Rabinerand Schafer (1978).

Each speaker thus yieldedsixframesofspeech fromelevenvowels. This gave 528 frames from the eight speakers used to train the networks and 462 frames from the seven speakers used to test the networks.

All the models had common structure of one layer of hidden units and two layers of weights. Some of the modelsused fixed weights in the first layer to perform a dimensionality expansion (see section 3.1), and the remainder modified the first layer of weights usingthe error propagation algorithm for generalnodes described inchapter 2. Inthe secondlayer the hiddenunits were mapped onto the outputs usingthe conventionalweighted-sum type nodes with a linear activation function. When Gaussian nodes were used the range of influence of the nodes, was set to the standard deviationof the training data for the appropriate input dimension. If the locations of these nodes, , are placed randomly, then the model behaves like a continuous version of the modified Kanerva model (Prager and Fallside, 1988). If the locations are placed at the points defined by the input examplesthen the model implementsa radial basis function (Broomhead and Lowe, 1988). The first layer of weights remains constant in both of these models, but can be also trained using the equations of section 2.4. Replacingthe Gaussian nodes with the conventional type gives a multilayer perceptron and replacing them with conventional nodes with the activation function ( ) = gives a network of square nodes. Finally, dispensing with the first layer altogether yields a singlelayer perceptron.

The scaling factor between gradient of the energy and the change made to the weights (the ‘learningrate’, ) was dynamicallyvaried during training, as described in section 2.5. If the energydecreasedthis factor was increasedby 5%, ifit increased the factor was halved. The networks changedthe weights in the direction of steepest descent which is susceptible to finding a local minimum. A ‘momentum’term (Rumelhart, Hinton and Williams,1986)isoften usedwitherror propagation networks to smooth the weight changes and ‘rideover’small local minima. However, the optimal value of this term is likely to be problem dependent, and in order to provide a uniform framework, this additional term was not used.

This experiment was originallycarried out with onlytwo frames ofdata fromeach word (Robinson,Niranjanand Fallside,1988). In the earlierexperiment some problemswere encountered with a phenomenatermed ‘overtraining’whereby the recognitionrate on the test data peaks part way through training then decays significantly. The recognitionrates for the six frames per word case are givenintable 4.2 and are generallyhigherand showless

no. of no. percent Classifier hidden correct correct units Single-layer perceptron - 154 33 Multi-layer perceptron 88 234 51 Multi-layer perceptron 22 206 45 Multi-layer perceptron 11 203 44 Modified KanervaModel 528 231 50 Modified KanervaModel 88 197 43 RadialBasis Function 528 247 53 RadialBasis Function 88 220 48 Gaussiannode network 528 252 55 Gaussiannode network 88 247 53 Gaussiannode network 22 250 54 Gaussiannode network 11 211 47 Square node network 88 253 55 Square node network 22 236 51 Square node network 11 217 50 Nearest neighbour - 260 56

Table 4.2: Vowel classification with different non-linear classifiers.

variability than the previouslypresented results. However, the recognition rate on the test set still displays large fluctuations duringtraining, as shownbythe plotsinfigure4.1. Somefluctuations willarisefromthe fact that the minimumin weight space for the training set willnot be coincident with the minima for the test set. Thus, half the possibletrajectories during learning willapproach the test set minimumand then move away from it again on the way to the training set minima(Plumbley, 1988: personal communiation). In addition, continued training sharpens the class boundaries whichmakes the energy insensitiveto the class boundary position (Niranjan, 1988: personal commu-

O I C E U A a 3 Y

4.1 The Speech Data

4.2 Front End Analysis

4.3 Details of the Models

4.4 Recognition Results

Fig. 4.1: Performance on test set during training niation). For example,there are a large number planes defined with threshold units whichwillseparate two points in the input space, but onlyone least squares solution for the case of linear units.

From these vowel classificationresults it can be seen that minimisingthe least mean square error overa training set does not guarantee good generalisationto the test set. The best results were achieved with nearest neighbour analysis which classifies an item as the class of the closest example in the training set measured using the Euclideandistance. It is expected that the problem of overtraining could be overcome by using a larger training set taking data from more speakers. The performance of the Gaussianand square node network was generallybetter than that of the multilayer perceptron. In other speech recognition problemswhichattempt to classifysingleframesof speech, such as those described by McCulloch and Ainsworth (1988) and that of chapter 7 (Robinsonand Fallside,1988), the nearest neighbour algorithm does not perform as wellas a multilayer perceptron. It wouldbe interestingto investigatethis difference and applya network of Gaussianor square nodes to these problems.

The initialweights to the hidden units in the Gaussiannetwork can be givena physicalinterpretation in terms of matching to a template for a set of features. This givesan advantage both in shortening the trainingtime and alsobecausethe network starts at a point in weight space near a likely solution, which avoids some possiblelocal minimawhichrepresent poor solutions.

The results of the experiments with Gaussianand square nodes are promising. However, it has not been the aim of this chapter to show that a particular type of node is necessarily‘better’ for error propagation networks than the weighted sum node, but that the error propagation algorithm can be appliedsuccessfully to many different types of node.

Many problems involvetime varying or dynamic patterns and it is natural to reflect this by sequentialinformation processing. This chapter beginsbyreviewingthe current approachesto temporal pattern processingwith error propagation networks, then developsthree forms of network to deal with dynamicpatterns, and givessome simpleexamples.

There are two approaches to processinginputs in the time domain: either window the inputs and then treat the time domain like another spatial domain; or use some internal storage to maintain a current state. Most of the work done in this area has concentrated on modifyingthe error propagation algorithm to deal with time domain inputs. To some extent it is possible to sidestep the temporal processing problem by using a standard networks and applyinga filter to the inputs (for example: Stornetta, Hogg and Huberman, 1987), or to the outputs (for example: Harrison, 1988)

The essential quality of a ‘dynamicnet’ is is that its behaviour is determinedboth by the external input to the net, and also by its own internal state, whichis represented by the activation of a group of units. These units form part of the output of a net and also part of the input to another copy of the same net in the next time period. Thus the state units linkmultiplecopies of a net over time to form a dynamicnet.

There are two uses for these time domainnetworks. Firstlythey can be used as a ‘relaxationnetwork’ in whicha static pattern is presented at the input and the network is allowed to settle into a stable state, for examplethe Hopfield net. Rohwer and Forest (1987), Almeida(1987) and Rohwer and Renals (1988) havedemonstrated that the error propagation algorithm maybe used in such networks. Relaxation networks may have advantages over the strictly feed-forward networks in that complex calculationsmay be carried out with fewer weights.

The seconduse of time domainnetworks is to map a time varyinginput to a time varyingoutput, whichreducesto the previous case when the input is stationary. The remainder of this section makes a comparison of networks which window the input stream, and those whichstore an internal state.

Perhaps the most well known exampleof a large connectionist network is that of NetTalk by Sejnowskiand Rosenberg (1986) In this network a fixed length window is placed overa character stream from Englishtext, and the network is trained to output the phonemecorrespondingto the letter under the centre of the window. This is perhaps the most straightforward way to incorporate some context, and it has also been popular in the field of speech recognition (for example: Robinson, 1986; Bourlard and Wellekens, 1987a).

An interesting member of this family of networks, the ‘Time Delay Neural Network’ has recently been developed by Waibel, Hanazawa, Hinton, Shikano and Lang(1987). The new feature of this net is that it uses duplicated weights withinits structure to take advantage of the fact that much of the initialprocessing on each frame is likely to be common to all the frames under the window. This duplication of weights reduces the overall computation needed to process continuousinput, and may lead to better generalisationas there are fewer free parameters.

Allfixedcontext networks ofthis type suffer fromtwo major disadvantages. Firstly, the modelhas a hard limitas to the amount oftemporalcontext that can be processed,sothat anythingoutside the window can not influence the output. Secondlythese models have no inbuilt mechanism for dealing with variations in the rate of input. This is especiallyimportant in the field of speech recognitionwherethere are often large variations in the rate at whichwords are spoken. To overcomethese limitations networks with an internal state were developed.

Two typesof‘recurrent’or ‘dynamic’error propagationnetworks may be defined, fullyrecurrent networks and partiallyrecurrent networks. In each of these networks the context information is held in an internal state and thus have certain similarities with HiddenMarkov Models (Bourlard and Wellekens, 1987b).

5.1.1 Windowed Input Networks

5.1.2 Internal State Networks

4.5 Discussion

5.1 Temporal Pattern Processing Networks

Chapter 5

Dynamic Erro r Propagation

Net w o rks

+1

+1

p p p p p p p p

p p p p pi pi p p x Ax Bu y Cx u x y p A B C

A B C A B C Ax Bu x u f x x A . B A A

C

y x p p

· · ·

· · ·

·

The first recurrent error propagation network was described by Rumelhart, Hinton and Williamsin their originalpaper (Rumelhart, Hinton and Williams,1986), but until recentlythis aspect of their work receivedlittle attention. The structure is simple, as well as having weights to units at the current time, units also have weights to units in the previoustime period. In the past there has been a misconceptionthat these recurrent networks are computationallymuch harder to train than the timeindependent, or static networks. This is false as a buffer may be used to store the activationsof units whichmeans that these networks can be trained with the same order of computation as a static network, (see section 5.3.1). These networks are used in chapter 6 (Robinson and Fallside, 1987b) for speech coding and by Watrous and Shastri (1987), Watrous, Shastri and Waibel (1987), and in chapter 7 (Robinsonand Fallside,1988) for phoneme recognition.

It is possibleto train a fullyrecurrent network without storing the activations of the units for all the training set. A description of this procedure can be found in section 5.3.2 (Robinson and Fallside,1987a) with an expandedaccount and examplesin Williamsand Zipser(1988).

A cut down version of the fully recurrent network is popular. Instead of feedingback the error signal as far as required, the error signalis terminated after a singlepass. Somelinksmaybe fixed, such as the ‘state and plan’ networks of Jordan (1986). To compensate for the fact that these nets can no longer be trained using true gradient descent the architecture is chosen to force some information to be fed forward in time. Commonly a three layer network is used where the activations of the middlelayer of hidden units are used as inputs to the next network. Section 5.3.3 presents a network which is a superset of the Jordan network. Section 5.4 givessome simpleexamples of the use of these networks, another exampleof learning simple grammars using a similar net is givenby Servan-Schreiber, Cleeremansand McClelland(Servan-Schreiber, Cleeremansand McClelland,1988).

The analogy of a dynamic net in linear systems (for example: Jacobs, 1974) may be stated as:

= + (5.1)

= (5.2)

where is the input vector, the state vector, and the output vector at the integer time . , and are matrices.

The structure ofthe linear systemssolutionmaybe implemented as a non-linear dynamicnet by substituting the matrices , and by static nets, represented by the non-linear functions [ ], [ ] and [ ]. The summation operation of and could be achievedusing a net with one node for each element in and and with unity weights from the two inputs to the identity activation function ( ) = . Alternativelythis net can be incorporated into the [ ] net givingthe architecture of figure 5.1. The input is coded by net [ ] and then the output is fed into [ ] along with the previousoutput of [ ] and the

. B[.]

Error Propagation Net u(p-1)

C[.]

Error Propagation Net u(p-1) Error

Propagation Net x(p)

x(p-1)

A[.]

Unit

delay time y(p)

Fig. 5.1: DynamicNet

resultingoutput is passed through [ ] to yieldthe overalloutput of the system. The three networks of the previousdynamic net architecture may be combined into one, as in figure 5.2. Simplicity of architecture is not just an aesthetic consideration. If three nets are used then each one must have enough computational power for its part of the task, combining the nets means that only the combinedpower must be sufficient and it allows common computations to be shared.

delay time

Unit y(p)

Error Propagation Net x(p-1) u(p-1)

x(p)

Fig. 5.2: SimplifiedDynamicNet

The error signalfor the output , can be calculated by comparison with the desired output. However, the error signal for the state units, , is onlygivenby the net at time + 1, which is not known at time . Thus it is impossible to use a simple backward pass to train this net. It is this difficulty which introduces the variation in the architectures of dynamicnets.

This sectionpresents three alternative architectures for dynamic nets, starting with the finite input duration dynamicnet which is based on the recurrent net (Rumelhart, Hinton and Williams, 1986). This network relies on a buffer to store past activities of units, no other information on past context is available so the buffer length must be at least as long as the length of the context to be learned. The other two architectures have been formulated so that no such buffer is necessary.

Fully Recurrent Networks

Partially Recurrent Networks

5.2 Development from Linear Control Theory

5.3 Architectures

1

=0

= +1

=

=

1

= +1

=

= = +1

= = +1 1

= +1

1

= = +1 1

=

1

= +1 1 p p P p

p p p p

qi qi qi ij i j qij ij

qi qj ij

qi i

j ij qj

qi qi

qi qi qi qi qi N j i qj j i qij qi qj

ij p

q p P qij p

q p P qi qj pi pi p pi p

pi pi p pi p p p p

q p

r q r p

ij p

q qi q qj p

q qi p

r q r p qj

ij pij p

pij p

q qi p

r q r qj

pij p ij

pij pi p

r p r pj p

q qi p

r q r qj

pi pj p

q qj qi p

r q r p

pi pj p ij p

−

−

′ ′

−

−

−

−∞

−∞

−∞ − −

−∞ −

−∞

−

−

y u u

p y x p u x p

q q p o i q t i q δ i q w o o w q w o δ w

x w o o f x δ f x t o f x δ w w ηδ o

w w

ηδ o p δ δ D δ p D S δ S D δ p D D T D q D T D

w η S D o

η S T D o

w ηM D

M S T o M M M S T o S T o

S o o S T T S o M T

−

≤

−

−

If the output of a dynamic net, , is dependent on a finite number of previous inputs, to , or if this assumption is a good approximation, then it is possible to formulate the learning algorithm by expansionof the dynamicnet for a finite time, as in figure 5.3.

y(p-1) u(p-1)

x(p-1)

Error Propagation Net

Net ation

Propag-

Error x(p) u(p)

y(p) y(p+1)

Error Propagation Net

u(p-2)

x(p-2) x(p+1)

Fig. 5.3: ExpandedDynamicNet

Consideronlythe component of the error signalin past instantiations of the nets whichis the result of the error signalat time . The error signal for is calculated from the target output and the error signal for is zero. This combined error signal is propagated back though the dynamic net at to yield the error signals for and . Similarly these error signals can then be propagated back through the net at 1, and so on for all relevant inputs. The summed error signalis then used to change the weights as for a static net.

Formalisingthe FID dynamicnet for a general time , :

is the output value of unit at time is the target value of unit at time is the error value of unit at time is the weight between and Δ is the weight change for this iteration at time Δ is the total weight change for this iteration

The valuesof , and Δ are calculated in the same way as in a static net. Here and in the remainder of this section it is assumed that weighted sum type nodes are being used.

= (5.3)

= ( ) (5.4) = ( )( ) for output units

( ) for hidden units

(5.5)

Δ = (5.6)

The total weight changeisgivenbythe summationofthe partial weight changes for all previoustimes.

Δ = Δ (5.7)

= (5.8)

Thus, it is possible to train a dynamic net to incorporate the information from any time period of finite length, and so learn any function whichhas a finite impulseresponse.

In some situations the approximationto a finite length may not be valid,or the storage and computational requirementsof such a net may not be feasible. For example,if the information in a signaldecayed exponentiallythen onlya finite storageisrequired to represent the state of the signalbut all this information can not be obtained by observing the signal for a finite time. In such situations another approach is possible, the infinite input duration dynamicnet.

Althoughthe forward passofthe FIDnet ofthe previouschapter is a non-linear process, the backward pass computes the effect of small variations on the forward pass, and so it is a linear process. Thus the recursivelearning procedure described in the previous chapter may be compressed into a single operation. The proof outlined below was first presented by Robinsonand Fallside(1987a) and later by Williamsand Zipser(1988).

Given the target values for the output of the net at time , equation 5.5 defines valuesof at the outputs. If we denote this set of by then equation 5.5 also states that any in the net at time is simply a linear transformation of . Writing the transformation matrix as :

= (5.9)

In particular the set of which is to be fed back into the network at time 1 is also a linear transformation of

= (5.10)

or for an arbitrary time :

= (5.11)

so substituting this into equation 5.8:

Δ = (5.12)

= (5.13)

whichcan be rewritten as:

Δ = (5.14)

where:

= (5.15)

and note that can be written in terms of :

= + (5.16)

= + (5.17)

= + (5.18)

∑

{ ∑

∑

∑

( ∏ )

∑

∑ ( ∏ )

∑ ( ∏ )

( ∏ ) ∑ ( ∏ )

( ∑ ( ∏ ))

5.3.1 The Finite Input Duration (FID) Dynamic Net

5.3.2 The Infinite Input Duration (IID) Dynamic Net

pi 2 1 2

2

+1 +1 +1

2 t t

t

pij p t t t t p t p ij p t pj pi t

t t

p p p p p pi x − −

M

N n Nn M P P N P < n

I P I

M D n n n I n I S n M T n o S I n I

P > n P n

u x x x y f x e . . . . η .

p p t p

− − −

Hencewe can calculate the weight changesfor an infinite recursion using onlythe finite matrix .

If this approach is to be of practical use, we must considerthe overallstorage and computation requirementsas compared with the FIDnet. The net has units of which are output units, the IIDnet requires locations for storage of the matrix. Ifa context of time slots isrequiredto solvethe problemthen the FID net requires locations. Thus the FID net requires less storage for .

The computational requirements for the FID net are given in equations 5.7 and 5.8. Designating as the number of instructions needed to compute a singlebackward pass of the net, as in equation 5.7, then instructionsmust be executedto compute the weight changes per iteration using a minimal length buffer.

The weight changes for the IIDnet are givenby equations 5.14 and 5.18. and are matrices of order and so equation 5.14 requires order multiplicationsper weight, a total of computations. Equation 5.18 first requires order of computations to calculate , and then order of computations to compute and order computations for , each of which must be computed times. Taking the highest order, the IID net requiresorder computations.

In comparison, the IID net is computationally more efficient if . Asthe examplesin this chapter use valuesof in the range 1 to 4, and in the range 1 to 17, the IID net is not computationallyefficient and so has not been used in any of the examples. Examplesmay be found in the work of Williamsand Zipser(1988).

The previous two architectures for dynamic nets rely on the propagation of the error signalback in time to define the format of the information in the state units. An alternative approach is to use another error propagation net to define the format of the state units. The overallarchitecture is givenin figure 5.4.

x(p+1)

Translator

Decoder

Encoder y(p+1) x(p+1) u(p)

x(p) Net ation

Propag-

Error

Net ation

Propag-

Error

Error Propagation Net

u(p)

x(p)

Fig. 5.4: State CompressionNet

The encoder net is trained to code the current input vector, , and current state vector, , onto the next state vector, , whilethe decoder net is trained to do the reverse operation. The translator net codes the next state, , onto the desiredoutput, . This encoding and decoding attempts to represent the current input and the current state in the next state, and by the recursion, it willtry to represent all previous inputs. As there is necessarily more information in the input vector and the state vector than in the state vector alone, not all the information can be stored in the state vector. Feeding errors back from the translator net biases this coding of past inputs in the state to those which are useful in computing the output. A feature of this architecture is that recent information tends to be stored in the state units whether it is required to compute the output or not.

This section presents some simple examples of dynamic nets. Two formsofdynamicnets are used, the finite impulseresponse dynamic net and the state compressiondynamic net. Conventional weighted sum nodes are used with the signed sigmoidal activation function:

( ) = 2 1+ 1 (5.19)

This function has a maximum value of +1 0 and a minimum valueof 1 0. However, these valuescan not be achievedwith finite input, so the target values of +0 8 for high and 0 8 for low were used instead. Except when stated otherwise, the learning rate was set to 0 1, and the nets were considered to have learned when the short term residualenergy fellbelow 0.01.

One of the simplestproblemsfor a dynamicnet is to reproduce a random one bit input after a unit time delay.

+w +w input(p)

state(p) output(p+1) state(p+1)

Fig. 5.5: Unit Time Delay

The FIDnet requiresone state unit and no hiddenunits to learn this task. Figure 5.5 shows the nodes of this net as circlesand the significant weights as solid lines. The net learns in about 200 iterations by forming connections of approximately unity strength between the input and the state unit at + 1 and between the state unit at and the output, the connections between the input and output and between the state unit at and the state unit at + 1 being of negligiblestrength. Thus, in each time slot the the input is copied to the new state unit and the old state unit is copiedto the output.

The state compressiondynamicnet requirestwo state units, one to store the current input and one to store the previousinput. Againabout 200 iterations are requiredfor solution.

Another basic problem for dynamicnets is to oscillatebetween states with no external input. An FID net may learn to do this

5.3.3 The State Compression Dynamic Net

5.4.1 Unit Time Delay

5.4.2 Bistable

5.4 Some Examples of Dynamic Nets

16

η .

using no input units, one state unit and one output unit, as in figure 5.6.

-w +w state(p) output(p+1) state(p+1)

Fig. 5.6: Bistable

With the signedsigmoidalactivationfunction,a negativeweight between the state input and output reversesthe signofthe state and the signofthe weight to the output unit ensuresthe desired phase. This net learns in about 250 iterations.

The state compression dynamic net is not able to learn this problemas it stands. With no information inthe input units, the energyof the encoder and decoder part of the net is minimised bysetting the state units to zero. Zeroed state units alsocontain no information and so the desired output can not be derived fromthese units. This may be overcomeby presenting an input whichis uncorrelated with the output. If a one bit binary input is fed to a net with eight state units, the bistable problem may be learned in about 500 iterations.

The movement detection problem was inspiredby neurobiological research whichshows that the human brain contains single cells which can detect movement (Poggio and Koch, 1987). This section presents two problems which are analogous to movementdetection on a retina withand without ‘wraparound’. The term wraparound means that ifthe object goes off one side of the retina it appears on the other side. Although the problemsmay appear to be of similar computational complexity, the differences illustrate a limitation of dynamicnets.

The input to the nets is a one dimensionalarray of eight units. One of these units is activated whilst the remainder are off, and the activated unit is restricted to be a neighbour of the previouslyactivated unit. There is a singleoutput which is on if the movementis to the left and off if the movementis to the right and the direction of movement is random.

The FID net architecture involvedeight input units and one state unit. This net learns in about 5,300 iterations by developingweights from the input units to the state unit which monotonicallyincreasewith distance alongthe retina. Thus the activation of the state unit represents the current position, and thresholdingthe differencebetween this valueand the last value of the state unit givesthe direction of movement.

Two architectures of state compression nets were considered, one with two and one with nine state units. Two state units represents the minimumrequired to solvethe problem, one to store the present positionand one to store the previousposition. The first versionfailedto learn in 2 iterations, presumablybecause the input contains noise from the random directionsand there isno spare information capacity inthe state units to record this and stillbe able to solvethe problem. The secondarchitecture was designedto haveone state unit for everyinput, so that there was no problem in replicating the input, and one more unit to store the previousposition. This architecture learned in about 1,000 iterations.

The problem of movement detection with wraparound is the same as the previouscase except that an attempt to move off one end of the retina results in the active unit appearing at the other end. This generates some problems as the comparison of two scalars can no longer be used to judge the direction of motion.

The FID net with eight inputs, sixteen hidden units, sixteen state units and one output unit learned all but two transitions in about 6,000 iterations. However the final transition requires a considerablemovement in weight space for a small decrease in energy. The direction of movement is determined by the training set, which is corrupted by noise because the direction of movement is random. In attempting to learn the remainder ofthe problemsomeactivationsbecameverylarge, reducingthe slope of these units to near zeroand so blockingthe error signal from propagating back through them. The final transition was not learned.

The state compressionnet had the same number of input, state and hidden units as the FIDnet. This net uses a different form for the representation of context information and did not suffer from the same instabilities, learning in 1,500 iterations. Thus this state compression net givesa means of solvinga problem whichwas not solvedby the FID net.

As an exampleof sequence recognition, the constituent letters of words were presented sequentiallyto a dynamic net and an output unit corresponding to the word was activated upon its completion. Aconnectionistsolutionto this problemhas already been formulated with predefined weights (Tank and Hopfield, 1987)and this exampleshowsthat it isalsopossibleto learn the weights of a connectionist network whichsolvesthis problem.

The nets had 26 inputs (one for each letter of the alphabet), 34 hidden units, 34 state units and 8 output units, one for each of the unique words in “the quickbrown fox jumped over the lazy dog”. Oneword was chosenat randomand the letters presented sequentiallyto the net byactivatingoneinput unit and switching the rest off. The desiredoutput was for all units to be off until the input after the completion of the word, when one output is activated. The letters of succeedingwords were run together without punctuation, so the net had to learn to segment the letters into words and then label the segments. Exampleinput is givenin table 5.1. This problem is analogousto the problem inautomatic speechrecognitionwherea sequentialinput stream has to be segmented into symbolsand appropriately labeled, as in chapter 7.

The time between repetitions of input-output pairs is considerably longer in this examplethan any of the previousexamples, and the learning rate was correspondinglyreduced to = 0 05 to compensate.

Severalversionsof the FID architecture were used, differing in the number of previousletters of context that were considered. Whenthe context was limitedto the last letter, or to the last two letters, then the ambiguitiescan not be resolved. For instance, the letters ‘ed’signifythe endofthe word ‘the’followedby‘dog’, but also occur in the context of ‘jumped’. With three letter

Movement Detection without Wraparound

Movement Detection with Wraparound

5.4.3 Movement Detection

5.4.4 Letter to Word Conversion

time input letter output word activated activated t-3 . . t-2 . . t-1 . . t z none t+1 y none t+2 q lazy t+3 u none t+4 i none t+5 c none t+6 k none t+7 d quick t+8 o none t+9 . . t+10 . . t+11 . .

Table 5.1: Letter to word conversion

context the FID net learned in 17,000 iterations and with four letter context only7,500 iterations were requiredto solution.

The state compressionnet required the presentation of 15,000 iterations before reducing its energy to below the threshold of 0.01. As there are roughly three times as many weights in a state compressionnet than in an FID net, the two nets require about the same amount of computation to solvethis problem.

Not all of the examplesgivenin the previoussection succeeded inlearningtheir designatedtask. This sectionexplores the problems encountered and givessome considerationsfor the design of dynamicnets.

The most obvious consideration is that of the complexity of processing which can be learned by the error propagation algorithm. FID and IID dynamic nets necessarily include a layer of units through whichthe error signalsmust pass in each time slot. Learningto map an input signalthough manysuchlayersis a difficult task, for ifone layer isinsufficiently trained, as it must be initially, then some of the information is lost and can not be used to train subsequent layers. The same problem manifests itselfas a degradation of the error signal,as it propagates back through layers of units its magnitude decreases, thus the units far from the output receive a small degraded signal and take correspondinglylongerto learn than those closerto the output. The practical limitationthat this imposesis problemdependent and maybe of the order of fouror eight layers in a layered static net, or a maximum lookback of the same number in a FID or IID dynamic net. A major drivingforce in the developmentof the state compressionnet was to avoidthis limit,sincethe error signalsin this net onlypass though a singlelayer of units.

Another consideration relates to the type of problem to be solved. The dynamic net is a finite state machine and thus can not fully emulate any more powerful machine such as a stack machineor a universalTuring machine. However, the dynamic net is able to make an approximate simulation of any machine within the restrictions of internal state space and processingcapabilities. The speed of learning is directlyrelated to the probability of the training inputs and outputs occurring in the context of the relevant state vector. For example,a net required to emulate a stack might succeed in emulating the first few elements which occur frequently, but have great difficulty with greater depths whichoccur infrequently, and can not hope to learn the stack to greater depths than the training examples.

In one example, that of learning movement detection with wraparound, the FIDnet becameunstable and effectivelylocked in a partial solution. This is not a problemof the net settling in to a local minimum,but one of the net movingto a position in weight space at which the error signals for the training examplesbecomesosmallas to make further movementimpractically slow. This may be a feature of updating the weights after every exampleand mayavoidablein the case of smalltraining set size when the weights can be updated after all examples.

State compression dynamic nets have their own limitations which arise from their architecture. The bistable problem demonstrated that a state compressionnet must have variation in its input in order form the output, but this is not normallya restriction. The net is also lessefficient in the use of state units for storage capacity, state units are used to record the information in the input whether it is required for computation of the output or not. This form of information storage has another effect, the requirementsof efficient storage may lead to a change in the format used to store the input information at any time during the learning and such changes of format must then be learned by the translator net in order to maintain the desired output.

The problemof speech codingis one of findinga suitablemodel to remove redundancy and hence reduce the data rate of the speech. The Boltzmann machine learning algorithm has already been extended to deal with the dynamiccase and applied to speech recognition (Prager, Harrison and Fallside, 1986b). However, previoususe of error propagation nets for speech processinghas mainlybeen restricted to explicitpresentation of the context (Robinson, 1986; Elman and Zipser, 1987) with some work using units with feedback links to themselves (Watrous, Shastri and Waibel, 1987). In a similar area, static error propagation nets have been used to perform image coding as well as conventionaltechniques (Cottrell, Munro and Zipser, 1986).

The coding principle used in this chapter is not restricted to codingspeechdata. The generalproblemisone ofencodingthe present input using past input context to form the transmitted signal, and decoding this signalusing the context of the coded signalsto regenerate the originalinput. Previouschapters have shown that dynamicnets are able to represent context, so two dynamicnets in seriesform the architecture of the coder, as in figure 6.1.

Thisarchitecturemaybe specifiedbythe number ofinput, state, hidden and transmissionunits. There are as many output units as input units and, in this application,both the transmitter and receiverhave the same number of state and hidden units.

The input is combinedwith the internal state of the transmitter to form the coded signal,and then decoded bythe receiverusing

5.5 Limitations of Dynamic Nets

6.1 The Architecture of a General Coder

Chapter 6

Application to Sp eech Co ding

n /n /n − coded speech input output

RX TX Net ation

Propag-

Error

Unit time delay delay time

Unit

Error Propagation Net

Fig. 6.1: The Architecture of a GeneralCoder

its internal state. Training of the net involvesthe comparison of the input and output to form the error signal, whichis then propagated back through past instantiations of the receiverand transmitter in the same way as a for a FID dynamicnet.

It is useful to introduce noise into the coded signal during the training to reduce the information capacity of the transmission line. This forces the dynamic nets to incorporate time information, without this constraint both nets can learn a simple transformation without any time dependence. The noise can be used to simulate the quantisation noise of the coded signal so quantifyingthe transmission rate. Unfortunately, a straight implementationof quantisation violatesthe requirement of the activation functionto be continuous,whichisnecessary to train the net. Instead quantisation to levelsmay be simulated by adding a random valuedistributed uniformlyin the range +1 to 1 to each of the channels in the coded signal.

The chosen problemwas to present a singlesample of digitised speech to the input, code to a singlevalue quantised to fifteen levels,and then to reconstruct the originalspeechat the output. Fifteen levelswas chosen as the point where there is a marked loss in the intelligibility of the speech, so implementation of these coding schemesgivesan audibleimprovement. Both nets had eight hidden units, with no state units for the static time independent case and four state units for the dynamictime dependent case. A context of the last four samples was used to train the dynamicnet.

The data for this problem was 40 seconds of speech from a singlemale speaker, digitisedto 12 bits at 10kHzand recorded in a laboratory environment. The speech was dividedinto two halves,the first was used for trainingand the secondfor testing.

The static and the dynamic versions of the architecture were trained on 21 passes through the training data. At this point the weights were frozen and the inclusionof random noise was replaced by true quantisation of the coded representation. A further pass was then made through both sets of data to yield the performance measurements.

The modified algorithm of Chan and Fallsidediscussedin section 2.5 was usedto dynamicallyalter the step sizescalingfactor during training. Previouslythese machines have been trained with fixed learning parameters and weight updates after every sample(Robinsonand Fallside,1987a) and the use of the adaptive training algorithm resulted in a substantiallydeeper energy minima. Weights were updated after every1000 samples, that is about 200 times in one pass of the training data.

The performanceofa codingschemescan be measuredbydefiningthe noiseenergyas halfthe mean squared error between the actual output and the desiredoutput. This energyis the quantity minimisedby the error propagation algorithm. The lower the noise energy in relation to the energy of the signal, the higher the performance. This error measure is often used to test speech coders, but as Thorpe (1987) points out, this does not guarantee a good perceptual quality.

Three non-connectionistcoding schemeswere implementedfor comparison with the static and dynamic net coders. In the first the signal is linearly quantised within the dynamic range of the originalsignal. In the second the quantiser is restricted to operate over a reduced dynamic range, with values outside that range thresholded to the maximumand minimumoutputs of the quantiser. The thresholds of the quantiser were chosen to optimise the signal to noise ratio. The third scheme used the technique of Differential Pulse Code Modulation (DPCM) (for example: Rabinerand Schafer,1978)whichinvolvesa linear filter to predict the speechwaveform, and the transmitted signal isthe differencebetween the realsignaland the predictedsignal. Another linear filter reconstructs the original signal from the differencesignalat the receiver. The linear filter isjust a special case of the dynamic net with a linear activation function, a discussionofthe relationshipbetween linear predictivefilters and connectionistmodelsisgivenbyFallside(1988). The filter order of the DPCM coder was chosen to be the same as the number of state units in the dynamic net coder, thus both coders can store the same amount of context enabling a comparison with this establishedtechnique.

The resulting noise energy when the signal energy was normalised to unity, and the corresponding signal to noise ratio are givenin table 6.1 for the five coding techniques. Figure6.2

normalised signalto coding method noise noise energy ratio/dB linear, originalthresholds 0.071 11.5 linear, optimum thresholds 0.041 13.9 static net 0.049 13.1 DPCM, optimum thresholds 0.037 14.3 dynamicnet 0.028 15.5

Table 6.1: Comparisonof five speech coding techniques

shows the waveforms for a small section of the test data taken from the start of the word ‘did’.

The static net maybe compared withthe two formsofthe linear quantiser. Firstly note that a considerableimprovement in the signalto noiseratio maybe achievedby reducingthe thresholds of the quantiser from the extremes of the input. This improvement isachievedbecausethe distributionofsamplesinthe input isconcentrated aroundthe meanvalue,withveryfewvaluesnear the extremes. Thus many samplesare represented with greater accuracy at the expense of a few which are thresholded. The static net has a poorer performance than the linear quantiser with optimum thresholds. The form of the linear quantiser solution is within the class of problems which the static net can represent, It’s failure to do so may be attributed to finding a

6.2 Training of the Speech Coder

6.3 Comparison of Performance

Fig. 6.2: Waveforms of Coded Speech local minima, a plateau in weight space, or corruption of the true steepest descent directionby noiseintroduced by updating the weights more than once per pass through the training data.

The dynamic net may be compared with DPCM coding. The output fromboth these coders isthe result offilteringthe coded signal and, as a result, the output is no longer constrained to discrete signallevels. The dynamicnet has a significantlylower noise energythan any other coding scheme, achievedby virtue of the non-linear processing at each unit, and the flexibility of data storage in the state units.

As expected from the measured noise energies,there is an improvement in signal quality and intelligibility from the linear quantised speech through to the DCPMand dynamicnet quantised speech.

Connectionistmodelsprovidea newapproach to the problemof automatic speechrecognition. Byadapting a largenumber ofinternal parameters, a connectionistmachinecan learn to map the relevantfeatures of a speech waveform onto the desiredword or phoneme label. The error propagation algorithm has had some successalreadyin the field of automatic speech recognition,for exampleElman and Zipser (1987) and Burr (1987), have used it to identify a stop followed by a vowel by presenting a fixed length utterance to their machines.

For continuous speech recognitionit is important to be able to process the speech a frame at a time with contextual information. As discuusedin section 5.1 one way to achievethis is to use a fixed length window whichencompassesseveralframes of speech, training the machineto label the central frame. Robinson (1986), Bourlard and Wellekens (1987c; 1987a) and Prager and Fallside (1988) have built phoneme recognition machines employing this form of context. An alternative way of adding context is to allow feedback of contextual information within the error propagation network. A form of dynamic or ‘recurrent’ net has been used by Watrous, Shastri and Waibel (1987) to identifystops and vowels.

The work presented in this chapter extends the previous work in three directions. The input is continuous speech so the nets must perform the segmentation as well as the labellingoperation. The dynamicnet used to process the speech has no ‘fixed links’and soit ismoreflexiblethan previouslyusednets. Finally, most of the Englishphonemes are represented by the output, whichillustrates the generality of this approach.

Whilst the error propagation algorithm is based on the mathematically clean principle of gradient descent, several ‘hacks’ were used to improvethe performance. Ifa reduction in energy at everyweight change isenforced, then the machinemust drop in to the first local minimum, which in practice was found to be at a high energy. This problem can be overcomeby adding a ‘momentum’ term (Rumelhart, Hinton and Williams,1986) which places a first order filter on the weight changes. Now, by allowingchanges that increase the energy, the machine can ‘ride over’small local minima. The smoothed estimate of the weight changes is a good approximationto the true directionof steepest descent and the information is availablebefore all the data has been presented. This gives the additional advantage that the weights can be updated more frequently, whichresults in significantlyfaster learning.

The choice of step size is also crucial to finding a low energy solution. If a good solution is found with a low step size and the step size is subsequentlyincreased, the machine generates weight changes whichconsiderablyovershoot the minimum,resultingin a larger energy. However,a large step sizeisnecessary at the start to achievea reasonablespeed oflearning. The Chan and Fallsideprocedure (section 2.5) for adapting the step size duringtrainingwas usedto providea large initialstep sizewhich decayed when the machine found a minimum. The adoption of this adaptive step sizealgorithm made a significantcontribution to the final performance of the machine.

The complete database consisted of four utterances of 31 sentences spoken by seven speakers, sampled at 10kHz and digitised to 12 bits. The sentences used in the database, known as the C.U.E.D.Hotel database, are givenin table 7.1, and the phonetic descriptionof this database is discussedin section 7.4.

We wishto see the tallest room What did you tell me I need to repair this car Couldyou send a taxi to meet the bus Where can I see some art I must return to the airport Yes I shall need a credit card We do not need to see the docks Should I wear boots on the sea shore Can you see past the mesh Can you direct me to the shops I need a rare treat when I come back The popular Blackpool rock can be bad I shall be in my room at six Can you send the picnicparty to the sea shore Are there any night clubs in Sidneystreet Can you list all the banks This book costs sixty yen I need a ride to the red light district We all need sunshineand a palm tree My little red car might possiblybe rusty See that pretty red pot under my bed My solicitor shall be in contact soon This room might be a little bit too dark Did you put ‘yes’ on the sheet You might unwindand relax there Where do tourists retreat by night You can expect a canteen at the castle We all insist on the aquarium I wishto discussadditional treatment We remarked on the obscure club across the street

Table 7.1: Sentences used in the Hotel database

For the singlespeaker work, two of the four utterances from a singlespeaker (speaker ”mha”) were used for training and the other two used for testing. For the multiple speaker work, a

7.1 Weight Update Strategy

7.2 Speech Database

Chapter 7

Application to Continuous

Sp eech Recognition

IY L
IH R
EH M
AE N
AA B
OH D
AO P
UH T
UW K
XX DH
AX ZH
AH S
Y SH
W singleutterance was taken from each speaker for training and a second for testing.

The training sentences were displaced by eight different temporal offsets before presentation to the preprocessor, resulting in eight slightlydiffering versions. Training using all eight versionsimprovedthe performance of the net whenpresented with test data of unknown temporal shift. In total there were about 300,000 input and output pairs in the multiple speaker training data, making this one of the largest problems tackled to date using the error propagation algorithm. The achievement of reasonabletraining times was onlymade possibleby running the simulationon a 64 processor array of T800 transputers, as described by Chong and Fallside(1988) and in appendixA.

The preprocessor takes a raw speech waveform and transforms it into a form suitable for presenting to the net. The requirements for a good preprocessor are to perform as much of the initialstages of the speech-to-phonemetransformation as possible whilstlosingas little of the information in the speech signal which is needed in later stages. Although it is possiblenot to use a preprocessor, it is computationally advantageous not to have to learn the initial processing, and not to have to repeat this processingeverytime the data is presented to the net.

Two assumptionsare commonin speech processing: the first is that the power spectrum of the speech waveform is slowlyvarying; and the second is that the phase and pitch of the speech signalis unimportant. These may be realisedby Hammingwindowingthe speechthen performinga Fouriertransform to givea short term power spectrum. The power spectrum contains pitch and vocal tract information but by grouping adjacent frequencies into ‘bins’the pitch information is blurred. Twenty bins were used, spaced evenlyon a Bark scale, whichis a non-linear frequencyscalederivedfrompsychoacousticmeasurementsinto maskingby Zwicker and Terhart (1980). The energyin each of these bins display a large dynamicrange, whichwas reduced by taking the cube root of each value, so distributing the example points more evenlyin the input space.

The behaviour of the dynamic net is dependent on the time scale of the preprocessor. If a small frame size is chosen then the contextual information must be stored in the state units for manyframesofspeech. Ifa largeframesizeischosenthen there willbe a loss of resolution on short time scale events, such as bursts. A commonchoiceis to use a 25.6ms Hammingwindow repeated every12.8mswhichgivesa stable spectrum oversteady state portions of speech. In addition to this spectrum the four short term energieswhichfallin the repeat distance were used, so allowingfor the timing and identification of bursts.

Phonemes are regarded as the smallest linguisticunit that can be used to distinguishmeaning(for example: Ladefoged,1982: p 23). By their symbolicnature they providea natural boundary for artificial speech recognition systems between the lower leveldistributed representations such as the acoustic waveform and its transformations, and the higherlevelsymbolicrepresentations such as words and the representation of syntactic and semantic knowledge.

The phoneme set used in this chapter consists of 27 of the phonemes of Englishand a label for silence. Diphthongs were not represented explicitly;instead occurrenceswere labelled as two adjacent vowels. Table 7.2 gives the International Phonetic Association (I.P.A.) symbols, the machine readable symbols which are modified from ARPABET symbols, and an example of the occurrence of these symbols. The output the net consisted of one unit per label whichhad a target activation of 0.8 if the label was active, and –0.8 if not.

I.P.A. ARPA example I.P.A. ARPA example -BET -BET /i:/ bEAd /l/ LoyaL / / bId /r/ Rear / / bEd /m/ MiMe / / bAd /n/ NoNe / :/ bARd /b/ BarB / / bOdy /d/ DeeD / :/ bAWdy /p/ PiP / / bOOk /t/ TighT /u:/ bOOt /k/ KicK / :/ bIRd / / oTHer / / bAnanA / / meaSure / / bUd /s/ CeaSe /j/ Year / / SHeepiSH /w/ Weal

Table 7.2: Phonetic labels used in the database

To measure the performance of the net, and to interface to higherlevelprocessing,a symbolicoutput isuseful. Onemethod of converting the distributed output representation of the net to a symbolicform is simplyto choose the unit with the largest activation, and output the corresponding symbol. The largest activation may then be considered as a certainity measure on this decision. Whilstthis is a reasonablescheme, it makes poor use of the information contained in the activations of the remainingunits.

The approach adopted hereisto usethe minimummeansquared error to define an energyfor each of the possibletarget outputs, as discussedin section 3.3. This forms a local distance between the actual output and eachdifferent phonemelabeland the error propagation algorithm minimisesthis distance for the correct label.

This local distance may be used directlyto measure the performance of labellingframes, or it can be used to recognisetemplates consisting of a string of phoneme labels. The problem of finding the correct sequence of templates for an unknown chapter of speech is efficiently solved using the technique of DynamicTime Warping (D.T.W.). This technique has the advantage that it finds the minimum value of the summed local distances over the whole of the speech, preciselythe quantity minimisedby the error propagation algorithm for the training data.

An exampleplot of the activations of the output units, and the correspondinglocal distancesfor the singlespeaker dynamicnet is givenin figures 7.1 and 7.2. A continuous line is plotted for each of the phoneme labels, and where this coincideswith the hand label it is marked with a cross. The symbolicform of the hand label and the best machinelabel are givenunder the plot. The performance figuresquoted inthe remainderofthis chapter referto the proportion of occurrenceswherethe label of a hand labelledframe is also the label with lowest energy.

I E A a O C U 3 D 6 Z Y S silence

7.3 Front End Processing

7.4 Phoneme Labels

7.5 Back End Processing

Fig. 7.1: Activationsof Output Units

Fig. 7.2: Energyof Output Units

The fixed context static net was trained on both the single speaker and the multiple speaker training data, for a range of contexts and numbersofhiddenunits. The performanceisgiven in table 7.3. The entries marked ‘-’ were not availableas the number of weights exceeded limitations on memory capacity, whichcorresponded to about 20,000weights. From the table it can be seen that increasingthe number of hidden units makes a small contribution to the performance as compared with increasingthe number of frames of context. Indeed, in the cases considered here, the performance of the nets was often worse with 128 hidden units than with 32 hidden units.

no. of no. of hidden units 12.8ms singlespeaker sevenspeakers frames 0 32 128 0 32 128 1 52.7% 53.1% 53.6% 41.2% 43.1% 41.0% 3 57.5% 60.0% 59.3% 44.5% 47.7% 45.6% 7 64.2% 69.2% - 50.3% 53.4% - 15 70.8% 73.0% - 54.7% 57.5% - 31 74.0% - - 59.2% - -

Table 7.3: Fixed context performance for single and multiple speakers

When training the dynamic network it is possible, and indeed advantageous, to displacethe phoneme labels from the portion of speech to which they refer. Placing the labels later in time than the speech segment has the advantage that the net can not only use the information from the speech before the segment (backward context) but also a finite amount of speech after the segment (forward context). Thus the later the output of the phonemelabel is delayed, the greater the amount of context availableto the machine whichcan be used to classifythe segment. The disadvantage of a long delay is that the information relating to the output must be held in the finite store of the state units over the period of the delay. The performance of a dynamicnet with 64 state units on the singlespeaker and multiplespeaker tasks is givenin table 7.4.

delay/ single seven frames speaker speakers 2 75.2% 67.0% 4 76.5% 69.0% 6 78.1% 70.8% 8 77.3% 69.2%

Table 7.4: Dynamic net performance for single and multiple speakers

The previous results may be compared to the technique of k nearest neighbour analysiswhich takes a majority vote on the k training frames which have the smallest Euclidean distance from the test frame. Table 7.5 gives the best single speaker recognitionperformance over a range of contexts for values of k up to 16. The recognitionaccuracy decreaseswith increasing context because, unlike the fixed context net, equal weighting is givento all frames.

context best k performance 1 3 48.1% 3 3 45.9% 7 3 44.2% 15 2 44.0%

Table 7.5: KNNsinglespeaker performance

KNNanalysiswas also carried out for all sevenspeakers with a singleframe of context. The KNNand best dynamicnet results are broken down in table 7.6 according to speaker. This table shows that there is a large variation in recognition accuracy across speakers, and the speech of one speaker in particular (speaker ”jcn”) was considerablyharder to recognisethan the remainder.

speaker best k KNN dynamicnet jcn 3 39.1% 60.9% doc 5 40.5% 72.4% rwp 5 43.1% 72.3% mvs 5 43.2% 68.0% rjn 3 47.0% 73.2% reb 4 48.5% 73.0% mha 6 49.2% 72.4% mean - 44.4% 70.3%

Table 7.6: Speaker variation

This chapter has presented two forms speech recogniserbased on error propagation nets and one based on KNNanalysis. Both forms of net gave better performance on single and multiple speaker recognitiontasks than the KNNanalysis,and didsowith considerablyless computation during recognition. The nets require little more than one multiplicationand addition operation per weight, whichis also an order of magnitude less computation than requiredby either the preprocessor or a D.T.W. back end processor.

The dynamicnet showsbetter recognitionperformancethan the fixed context static net in both recognitiontasks, and does so with fewer weights than the best performing static nets. The two most commontypes of error made by the nets are the misplacement of a boundary between phonemes and mis-labelling with a similar sounding phoneme. Indeed these decisionsare difficult in principle, there are no formal rules and the ‘right’ answer may be subjective. It has been the aim of this chapter

7.6 Static Net Results

7.7 Dynamic Net Results

7.8 K Nearest Neighbour (KNN) Results

7.9 Discussion

• to show that dynamic error propagation nets are a valid approach to time dependent problems that must be trained by example.

Both the static net and the dynamicnet presented so far have been trained pairs of input and output vectors. In contrast, a reinforcement drivennet is trained by repreated presentation of an input and a judgement on the calculated output, the reinforcement signal. Reinforcement driven dynamic nets learn to calculate the output which maximisesthe reinforcement signal for a giveninput stream. This is a verypowerfulproperty, since all that is requiredis that the reinforcement signalis a function ofthe input and output data streams withinthe consideredcontext. Such nets have the potential to create complexinternal models of the external world based on their own interrelationship with it. Applicationsmay includethe control of industrial plant where only the performance of the system as a whole is known, or the buildingof ‘intelligent’machines.

A reinforcement driven dynamic net can be formed from two dynamicnets and a possiblearchitecture is shown in figure 8.1. The first dynamicnet (net Y) computes the overalloutput from the input and the secondnet (net Z) takes both the output and input and learns their relationshipto the reinforcement signal.

. cement reinforoutput(t)

Error

Unit time delay delay time

Unit

Error Propagation Net Y input(t)

Z Propagation Net

Fig. 8.1: The Reinforcement DrivenDynamicNet

Both nets train at the same time, although without net Z it is impossibleto train net Yat all. Net Z learns the relationshipbetween the behaviourof net Yand the reinforcement signalusing the learning procedure for dynamicnets without any modification. Net Y can not be trained directlyas the desiredoutput is onlyspecifiedas that whichmaximisesthe reinforcement signal. However, the error signal for the output can be calculated by setting the output of net Z to its desired value, that is with the reinforcement signalhigh, and propagating this error signal through net Z and subsequently though net Y. This is a new use for the error signal in error propagation networks, for it is simultaneouslyused to train a net and to generate the error signalfor training another net.

In practice net Y and net Z may be combined to achieve a more compact net, as in figure 8.2. This net may be trained

cement(t+1) reinfor- Net ation

Propag-

delay time

Unit

Error

output(t) output(t+1) input(t)

Fig. 8.2: A Compact Reinforcement DrivenDynamicNet

in a similar way to a FID or IID net. Knowing the observed reinforcement and output, an error signalcan be generated and propagated though successivesets of state units to learn the mappingfunction. Nowby setting the target reinforcement high a second error signal is generated which is propagated back through the current net to form the error signalfor the previous outputs. This error signal is then propagated through previous sets of state units to maximisethe reinforcement. As observed earlier,the propagationsoferrors isa linear process, so the error signalsmay be combinedby addition and propagated back as a singlesignal, so reducingthe computation. This reinforcement driven net can be specified by the number of input, output, hidden and state units. A simpleexampleof this net has been presented by Robinson and Fallside (1987a) in which the net receiveda high reinforcement if the output has the same sign as the previousinput, otherwisethe reinforcement was low.

A subclass of the general net outlined above can be used for game playing, in whichcase the reinforcement signalis defined only at the end of the game. The technique adopted here is to play a game using the network of figure 8.1, storing the intermediate activations of all units. At the end of the game two separate computations are performed, one to make a more accurate predictionof the reinforcement signalsignalat the end of the game, and the second to bias this signal to the ‘high’ reinforcement state.

The game of ‘noughts and crosses’was chosen for severalreasons:

It is wellknown and regarded as a ‘simple’childrensgame. However, it may be classifiedas ‘difficult’ when judged by

8.2.1 Noughts and Crosses

8.1 Architectures

8.2 A General Game Playing Program

Chapter 8

Reinfo rcement Driven Dynamic

Nets

9

8

. .

•

• •

•

−

•

• the current standard of connectionistreinforcement driven learning procedures.

The mapping of a board position onto the optimal next moveisa complexnon-linear functionrequiringthe learning of disjoint pattern classes.

The state of the game is uniquely defined by the board position, so that net Z does not need any state units.

The board may be represented in relativelyfewbits. Each of the nine locations may be unoccupied or occupied by either a ‘O’or a ‘X’.Thus an upper bound on the number of legal states is 3 = 19683, whichcan be represented in 15 bits.

The game has a short duration as no player mayplacemore than five pieces on the board. Thus as far as assigning credit or blame for the outcome of the game, the error signal must be propagated back through a maximum of five states.

The ‘opponent’ to the net was a simple algorithm that would win by completing a line of two if possible, otherwise a piece would be placed randomly. If the net places pieces randomly, as is the case before any learning, then the net wins about 30% of the games whichare not drawn. A suitablyexperienced player would never lose and onlyoccasionallydraw against this algorithm.

Two 3x3 matrices were used to represent the board position. One has each element set high if the corresponding board position is occupied, the other is used to record the owner of the piece placed on the occupied site. No attempt was made to take advantage of the symmetryof the game.

The output representation was chosen to be a 3x3 matrix, the legalmovewith the largest valuein this matrix was taken as the moveto be made. Astrict winner-takes-allrulewas foundto be unstable, as the magnitude of the differencebetween the largest and the second largest activation is unimportant which results in a discontinuity in the weight space. For example,a marginal difference of activity in an output unit will change the move made during a game, so changing the outcome of the game. So, for the same reason as step activation functionscan not be usedwithina network, a step responseininterpreting the output must be avoided. An alternative probabilisticrepresentation of the the output vector was used to improve the stability. This was implementedby adding random noise to the output vector before choosing the largest element. The noise was generated by the difference of two random numbers with range 0.1. Thus if one output was more than 0.2 above all the others this noise is unimportant, otherwisethe noise results in random decisions which,whenaveraged,blurout the discontinuitiesin the weight space.

The machinewas trained the 65 processor array of T800 transputers described in Appendix A. Two hundred games were played per processor per update, sothe weightswere updated on gradient information collectedover13000games. Each net had 18 hidden units and the target valuesfor the outputs were chosen to be in the linear regionof the signedactivation function, +0 1 for positivereinforcement and 0 1 for negativereinforcement.

Reinforcement driven learning is a harder task than supervised learning for the simplereason that less information is provided about the desired output. For the game playing program presented here there is the additional problemthat changes to the weights change the response givento earlymoves,so the whole style of the game can change. For example, the initial moves are random, so the prediction and maximisation of the reinforcement signalis carried out for nearly fullypopulated boards of randomly placed pieces. However, towards the end of the learning period the game length has become shorter and there are correspondinglyfewer pieceson the board. Thus the prediction and maximisationfunctions must relearn for this new set of training data. Becausethe form of the input is dependent on the current performance of the net, the net does not perform a gradient descent in a single function throughout the training, but performs a gradient descent in a continuallychanging function. Thus there is no guarantee of convergence.

The algorithm used as an ‘opponent’ to the net used a random number generator to picka legalmoveifit couldnot place a piece to win the game. This randomness means that some responses would be given more often than others in an unpredictable way, whichhinders the learning by the introduction of noise into the error signal.

The problemwith needinga symbolicrepresentation in the middle of the network has already been discussed. In a ‘realworld’ environment, such as robot control, the analogue output may be appropriate so avoidingthe problem.

The initial performance of the net was to win about 30% of the games played. After playing 300,000 games this figure improved to 59%, and playing a further 10 games produced no further improvement. Whilstthe performanceofthe net islower than the optimal performance, the net did learn sufficiently to perform better than the ‘opponent’ algorithm which it played against.

The original work presented in this thesis concerns the development of supervised, unsupervised and reinforcement driven dynamicerror propagation nets. More specifically:

The generalisationof node types for the error propagation network which broadens the scope of these networks to includeconnectionistmodelssuch as the modifiedKanerva model and those of radial basis functions.

The formulation of the Infinite Input Duration Dynamic Network. This network has the same properties as a standard recurrent network whichextends back in time to the first input. This isachievedwith fixedstorage an computational requirements, unlike the standard recurrent network whoseresourcesrequiredincreaselinearly with time.

8.2.2 Input and Output Representations

8.2.3 Implementation

8.2.4 Problems with Reinforcement Driven Learning

8.2.5 Results

Chapter 9

Conclusion

thn n/

/

•

•

•

•

The formulation of the State CompressionNetwork which can be viewed as a superset ofthe networks used by Jordan (Jordan, 1986) and followers. Like the Infinite Input Duration DynamicNetwork this network has the advantage that the computational and memory resources are fixed, and lower than those required for the previous network. This advantage is achievedat the expense that the network no longerperforms a true gradient descent.

The application of dynamic nets to speech coding. The popular method of DifferentialPulse Code Modulation employs two linear filters to encoded and decode speech. By generalisingthese to non-linear filters, implementedas dynamic nets, a reduction in the noise imposed by a limited bandwidth channel was achieved.

The application of dynamic nets to a continuous speech recognitiontask. The field of Automatic Speech Recognition is one where the required mapping from the acoustic waveform to the symbolicphonemestring isunknown. The use of dynamicnets was found to givea higherrecognition rate both in comparison with a fixed window net and with the establishedk nearest neighbour technique. This is one of the largest connectionist problemsreported to date.

The developmentofthe reinforcement drivendynamicerror propagation network. The example problem of learning to play the game of noughts and crosses has shown that whilstthe performanceisinferior incomparisonto symbolic programs, the connectionistapproach was able to perform better than the opponent algorithm.

The author has two positivehopes for connectionism,firstlythat it willyieldusefulproducts like a voiceoperated wordprocessor and other aids for the disabled, and secondly that it will stir people up into realisingthat there is nothing special about the human brain other than as a powerful information processing system. On the negative side, there is already considerableinterest being shown by the militarywhoare alreadyfar too good at killingpeople without the help or hindrance of connectionist models.

The simulationsdescribed in chapters 7 and refch:reinforce were implementedon a 65 processor array of T800 transputers developed under the ParSiFal project IKBS/146 usinga schemesimilar to that used by Chongand Fallside(1988). The T800 transputer contains a floating point unit and four hardware linksfor connection with other transputers. The transputers are hosted by a Sun 3/110 whichcontained one of the T800’s, (the ‘tadpole’transputer), and the remaining64, (the ‘t-rack’transputers), were housed externally. The layout of this system is given schematicallyin Figure A.1.

For the speech recognition experiment, data was downloaded onto the transputer array over an Ethernet connection to the Sun. The Sun performed some data type conversion before writingto an area of dual port memoryshared with the tadpole transputer. Handshakingof this data transfer was achievedby using a linkadapter that was polledby the Sun to receivesynchronisationbytes from the tadpole transputer. The data were dividedup overall the transputers such that the transputer in the ring started its data buffer 64 of the way into the

T-Rack64 T-Rack63

T-Rack2

T-Rack1

Dual port ram Tadpole

Sun 3/110

Ethernet

Fig. A.1: The architecture of the transputer array

wholeof the data. As each data buffer was larger than 1 64 of the wholedata there was some overlapof data between transputers. Typically10 Mbytes of data were downloaded from a remote host in 3 minutes.

All t-rack processors executed the same piece of code, so approximating a ‘SingleInstruction MultipleData’ (SIMD) architecture. This was advantageous in that it simplifiedthe design of the software and reduced the amount of code that had to to be written. The speech recognitionsimulationswere written in OCCAMand the reinforcement driven learning experiments were written in C. Each learning cycle was split up into four phases, as givenin table A.1.

step tadpole process t-rack process 0 broadcast weights receivenew weights 1 write old weights to Sun calculate new changes 2 send null gradient vector add local gradient 3 update weights idle

Table A.1: The four phases of a learning cycle

An LED was switched on when the processor was waiting for or performing communications, this was used to confirm that negligibletime was spent in internal communications. The performance limitingstep on initialisationvaried between the data transfer rate over the Ethernet and converting between data types on the Sun, depending on the loadings of the respective systems. The performance limitingstep duringthe learning phase was the speed of the floating point unit internal to the T800.

Someproblemswere encounteredin parallelisingthe originalsequential code. In the originalsequential implementation of the speech recognition code the weights were updated after every 200 frames. However, in the parallelimplementationat least 16 frames were required to providesufficient context for the feedback, which when multipliedby the 64 parallel processes gives an update every1024 frames. This was found to be a problem in the initialstages whena smallamount of data was used from a single speaker as 1024 frames represented a significant proportion of the data set. However, with the increasedprocessing power available,the number of data frames could be increased to about 300,000at whichpoint the quantisation of the weight updating was no longera problem.

A rough comparisonbetween the transputer array and a VAXstation II with a floating point unit yieldeda speed up of about 300. Chong and Fallside(1988) investigated a similar problem and found a linear speed up by a factor of 280. The results contained in this thesis could not have been attained without

App endix A

Implementation on a T ransputer

Arra y

nd

access to this, or equivalent,hardware.

Ackley, D. H., Hinton, G. E., and Sejnowski, T. J. (1985). A learning algorithm for Boltzmann machines.

, , 147–169.

Almeida, L. B. (1987). A learning rule for asynchronous perceptrons with feedback in a combinatorial environment. In

, pages II:609–618,San Diego.

Barto, A. G., Sutton, R. S., and Anderson,C. W. (1983). Neuronlike adaptive elements that can solve difficult learning control problems.

, (5), 834–846.

Baum, E. B. and Wilczek, F. (1987). Supervised learning of probability distributionsby neural networks. In (ed. D. Z. Anderson), AmericanInstitute of Physics, Denver.

Boothroyd, C. B. (1989). Department of Material Science, CambridgeUniversity. Personalcommunication.

Bourlard, H. and Kamp, Y. (1987). . Manuscript M217, PhilipsResearch Laboratory, Brussels.

Bourlard, H. and Wellekens, C. J. (1987a). . Manuscript M211, Philips Research Laboratory. Submitted to . Bourlard, H. and Wellekens, C. J. (1987b). . Manuscript M263, PhilipsResearch Laboratory.

Bourlard, H. and Wellekens, C. J. (1987c). Multilayer perceptrons and automatic speech recognition. In

, pages IV:407–416,San Diego.

Broomhead, D. and Lowe, D. (1988). . RSREmemo #4148, Royal Signalsand Radar Establishment, Malvern.

Burr, D. J. (1987). Speech recognition results with perceptrons. In

(ed. D. Z. Anderson), AmericanInstitute of Physics, Denver.

Chan, L. W. and Fallside, F. (1987a). . Technical Report CUED/F-INFENG/TR.2, Cambridge University EngineeringDepartment.

Chan, L. W. and Fallside, F. (1987b). An adaptive training algorithm for back propagation networks. , (3/4), 205–218.

Chong,M. W. H. and Fallside,F. (1988). . Technical Report CUED/F-INFENG/TR.8, Cambridge University EngineeringDepartment.

Chong, M. W. H., Fallside, F., Marsland, T. P., and Prager, R. W. (1989).

. Technical Report in preparation, Cambridge University EngineeringDepartment.

Cottrell, G. W., Munro, P., and Zipser,D. (1986).

. ICSReport 8702, Institute for CognitiveScience, University of California, San Diego.

Deterding, D. H. (1988). . PhD thesis, University of Cambridge.

Elman, J. L. and Zipser,D. (1987). . ICS Report 8701, University of California, San Diego.

Fallside,F. (1988).

. TechnicalReport CUED/F-INFENG/TR.27,Cambridge University Engineering Department. Presented at the 2 Symposium on Advanced Man-Machine Interface, Hawaii.

Feldman, J. A. (1986). . TechnicalReport TR189, Department of Computer Scienceinthe UniversityofRochester, Rochester, New York 14627.

Ferry, G. (1987). Networks on the brain. , July, 54–58.

Goldberg, D. E. (1989). . AddisonWeslay.

Hanson, S. J. and Burr, D. J. (1987a). Minkowski-r backpropagation: learning in connectionist models with noneuclideanerror signals. In (ed. D. Z. Anderson), AmericanInstitute of Physics, Denver.

Hanson, S. J. and Burr, D. J. (1987b). . Technical Report, Bell CommunicationsResearch, NewJersey.

Harrison,T. D. (1988). . PhD thesis, CambridgeUniversity EngineeringDepartment.

Hebb, D. O. (1949). . Wiley, New York.

Hinton, G. E. (1987). .

Technical Report CMU-CS-87-115,Computer Science Department, Carnegie-MellonUniversity.

Hinton, G. E. and McClelland,J. (1987). Learning representations by recirculation. In (ed. D. Z. Anderson), AmericanInstitute of Physics, Denver.

Hinton, G. E., McClelland,J. L., and Rumelhart, D. E. (1986).

Distributed representations. In

(eds. D. E. Rumelhart and J. L. McClelland), chapter 3, Bradford Books/MIT Press, Cambridge, MA.

Hinton, G. E., Sejnowski, T. J., and Ackley, D. H. (1984).

. Technical Report CMU-CS-84-119,Carnegie Mellon University.

CognitiveScience

Proceedingsof the IEEEFirst AnnualInternational Conference on Neural Networks

IEEETransactions on Systems, Man, and Cybernetics

Proceedings of NeuralInformation ProcessingSystems

Auto-Association by Multilayer Perceptrons and Singular-Value Decomposition

Speech Pattern Discriminationand Multilayer Perceptrons Computer Speech and Language

Links between Markov Models and Multilayer Perceptrons

Proceedingsof the IEEE First Annual International Conferenceon Neural Networks

Multi-variable Interpolation and Adaptive Networks

Proceedingsof NeuralInformation ProcessingSystems

An Adaptive Learning Algorithm for Back Propagation Networks

Computer Speech and Language

A ParallelImplementation of a NeuralNetwork for Speech Recognition

Parallel Processing for Interactive Speech Recognition

ImageCompression by Back Propagation: An Example of Existential Programming

Speaker Normalisationfor Automatic Speech Recognition

Learning the HiddenStructure of Speech

On the Analysisof Linear Predictive Data such as Speech by a Class of Single Layer Connectionist Models

Neural Representation of Conceptual Knowledge

New Scientist

Genetic Algorithms in Search, Optimization and MachineLearing

ProceedingsofNeuralInformation Processing Systems

KnowledgeRepresentation in Connectionist Networks

AConnectionistFramework for ContinuousSpeechRecognition

The OrganizationofBehavior

Connectionist Learning Procedures

Proceedingsof NeuralInformation Processing Systems

ParallelDistributed Processing: Explorations in the Microstructureof Cognition.Vol. I: Foundations.

Boltzmann machines: constraint satisfaction networks that learn

9

13

2

Bibliography

Holland, J. H. (1975).

. University of MichiganPress.

Hopfield, J. J. (1982). Neural networks and physicalsystems with emergent collectivecomputational abilities. , , 2554– 2558.

Hopfield, J. J. (1984). Neurons with graded response have collectivecomputational properties like those of two-state neurons.

, , 3088–3092.

Huang, W. Y. and Lippmann, R. P. (1987). Neural net and traditional classifiers. In (ed. D. Z. Anderson), AmericanInstitute of Physics, Denver.

Jacobs, O. L. R. (1974). .

Clarendon Press, Oxford.

Jordan, M. I. (1986). . ICSReport 8604, Institute for Cognitive Science,University of California, San Diego.

Kanerva,P. (1984). . PhD thesis, Stanford University Centre for the Study of Languageand Information.

Kawahara, H. and Irino, T. (1988). Introduction to saturated projection algorithm for artificial neural network design. NTT Basic Research Laboratories, 3-9-11 Midori-cho Musashino,Tokyo 180, Japan.

Kirkpatrick, S., Gelatt, Jr., C. D., and Vecchi, M. P. (1983).

Optimization by simulated annealing. , , 671– 680.

Kohonen, T. (1988).

. Springer-Verlag, NewYork, second edition.

Kuffler, S. W., Nicholls,J. G., and Martin, A. R. (1984).

. Sinauer Associates Inc., Sunderland, MA,second edition.

Ladefoged,P. (1982). . Harcourt Brace Jovanovich,NewYork, second edition.

Lapedes, A. and Farber, R. (1987). How neural nets work. In (ed.

D. Z. Anderson),AmericanInstitute of Physics, Denver.

Lindsay, P. H. and Norman, D. A. (1977). . Academic Press, Inc., Orlando, Florida, second edition.

Linsker, R. (1986). From basic network principlesto neural architecture.

, , 7508–7512;8390–8394;8779–8783.

Linsker, R. (1988). Self-organization in a perceptual network. , (3), 105–117.

Lippmann, R. P. (1987). An introduction to computing with neural nets. , (2), 4–22.

McClelland,J. L. and Rumelhart, D. E. (1986).

. MIT Press, Cambridge, MA.

McCulloch, N. and Ainsworth, W. A. (1988). Speaker independent vowel recognition using a multi-layer perceptron. In , Edinburgh.

Minsky, M. and Papert, S. (1969). . MIT Press, Cambridge, MA. Moody, J. and Darken, C. (1988). . Research Report YALEU/DCS/RR-649,Yale University Department of Computer Science.

Munro, P. W. (1987). A dual back-propagation scheme for scalar reinforcement learning. In , Seatle, WA. Niranjan,M. (1988). CambridgeUniversityEngineeringDepartment. Personalcommunication.

Niranjan, M. and Fallside, F. (1988).

. Technical Report CUED/F-INFENG/TR.22, Cambridge University EngineeringDepartment.

Parker, D. B. (1982). . TechnicalReport S81–64,File1, Office of TechnologyLicencing, Stanford University.

Plumbley, M. D. (1988). CambridgeUniversity EngineeringDepartment. Personalcommunication.

Plumbley, M. D. and Fallside, F. (1988). . TechnicalReport CUED/F-INFENG/TR.7,Cambridge University EngineeringDepartment.

Poggio, T. and Koch, C. (1987). Synapses that compute motion. , May, 42–48.

Powell, M. J. D. (1985). . Report DAMTP 1985/NA12, Department of AppliedMathematics and Theoretical Physics, University of Cambridge.

Prager, R. W. and Fallside, F. (1988). . Technical Report CUED/F-INFENG/TR.6, Cambridge University EngineeringDepartment.

Prager, R. W., Harrison, T. D., and Fallside, F. (1986a). . TechnicalReport CUED/F-CAMS/TR.260, Cambridge University EngineeringDepartment.

Prager, R. W., Harrison,T. D., and Fallside,F. (1986b). Boltzmann machines for speech recognition. , (1), 3–27.

Rabiner, L. R. and Schafer, R. W. (1978). . Prentice Hall, Englewood Cliffs, New Jersey.

Rayner, P. J. W. and Lynch,M. R. (1988). A new connectionist model based on a non-linear adaptive filter. Cambridge University EngineeringDepartment.

Renals, S. and Rohwer, R. (1989). Phoneme classification experiments using radial basis functions. Submitted to the International Joint Conferenceon Neural Networks.

Adaption in Natural and ArtificialSystems

Proceedings of the National Academyof ScienceU.S.A.

Proceedingsof the National Academyof Science U.S.A.

Proceedingsof Neural Information Processing Systems

Introduction to Control Theory

SerialOrder: A ParallelDistributed ProcessingApproach

SelfPropagating Search: AUnifiedTheory of Memory

Science

Self-Organizationand Associative Mem- ory From Neuron to Brain: A Cellular Approach to the Function of the Nervous System

A Course in Phonetics

Proceedingsof Neural Information ProcessingSystems

Human Information Processing: An Introduction to Psychology

Proceedingsof the NationalAcademyof Science U.S.A.

IEEEComputer

IEEEASSP Magazine

Parallel Distributed Processing: Explorations in the Microstructure of Cognition.Vol.II:Psychologicaland BiologicalModels

Proceedingsof Speech’88

Perceptrons: An Introduction to Computational Geometry

Learning with LocalisedReceptiveFields

Proceedingsof the Ninth AnnualConferenceof the CognitiveScienceSociety

Neural Networks and Radial Basis Functions in ClassifyingStatic Speech Patterns

Learning Logic,InventionReport

An Information- Theoretic Approach to UnsupervisedConnectionistModels

Scientific American

Radial Basis Functions for Multivariable Interpolation: A Review

The Modified Kanerva Model for Automatic Speech Recognition

Boltzman Machinesfor Speech Recognition

Computer Speech and Language

Digital Processing of Speech Signals

79

81

220

83

21

4

1

Robinson, A. J. (1986). . M.Phil.ComputerSpeechand LanguageProcessingThesis, CambridgeUniversity EngineeringDepartment.

Robinson, A. J. and Fallside, F. (1987a). . TechnicalReport CUED/F-INFENG/TR.1, Cambridge University EngineeringDepartment.

Robinson, A. J. and Fallside, F. (1987b). Static and dynamic error propagation networks with application to speech coding. In

(ed. D. Z. Anderson), AmericanInstitute of Physics, Denver.

Robinson, A. J. and Fallside, F. (1988). A dynamic connectionist model for phoneme recognition. In

, Paris.

Robinson,A. J., Niranjan,M., and Fallside,F. (1988). . Technical Report CUED/F-INFENG/TR.25,CambridgeUniversity EngineeringDepartment.

Rohwer, R. (1988). Instant solutions for perceptron-like nets.

Submitted to .

Rohwer, R. and Forrest, B. (1987). Training time-dependence in neural networks. In , pages II:701– 710, San Diego.

Rohwer, R. and Renals,S. (1988). Trainingrecurrent networks.

In , Paris.

Rosenblatt, F. (1958). The perceptron: A probabilisticmodel for information storage and organization in the brain. , , 386–408.

Rosenblatt, F. (1962). . Spartan, NewYork.

Rumelhart, D. E., Hinton, G. E., and Williams,R. J. (1985). . Technical Report ICS-8506, University of California, San Diego.

Rumelhart, D. E., Hinton, G. E., and Williams,R. J. (1986).

Learning internal representations by error propagation. In

(eds. D. E. Rumelhart and J. L. McClelland), chapter 8, Bradford Books/MIT Press, Cambridge, MA.

Rumelhart, D. E. and McClelland,J. L. (1986).

MIT Press, Cambridge, MA. Scales, L. E. (1985). .

Macmillan.

Sejnowski, T. J. and Rosenberg, C. R. (1986). . TechnicalReport JHU/EECS-86/01, The John HopkinsUniversity Electrical Engineeringand Computer ScienceDepartment.

Servan-Schreiber, D., Cleeremans, A., and McClelland, J. L.

(1988). . TechnicalReport CMU-CS-88-183,Carnegie MellonUniversity.

Stornetta, W. S., Hogg, T., and Huberman, B. A. (1987).

A dynamical approach to temporal pattern processing. In (ed.

D. Z. Anderson),AmericanInstitute of Physics, Denver.

Sutton, R.R.(1984). . PhD thesis, University of Massachusetts, Department of Computer and Information Science.

Tank, D. W. and Hopfield, J. J. (1987). Neural computation by concentrating information in time. , , 1896–1900.

Thorpe, T. F. (1987). . PhD thesis, Cambridge University Engineering Department.

Vogl, T. P., Manglis, J. K., Rigler, A. K., Zink, W. T., and Alkon, D. L. (1988). . TechnicalReport, Enviromental Research Institute of Michigan,Arlington.

Waibel, A., Hanazawa, T., Hinton, G., Shikano, K., and Lang, K. (1987).

. Technical Report, ATR Interpreting Telephony Research Laboratories.

Watrous, R. L. and Shastri, L. (1987). Learning phonetic features usingconnectionistnetworks: Anexperiment inspeech recognition. In , pages IV:381–388, San Diego.

Watrous, R. L., Shastri, L., and Waibel, A. H. (1987). Learned phonetic discrimination using connectionist networks. In

(eds. J. Laver and M. A. Jack), CEP Consultants Ltd, Edinburgh.

Widrow, B. and Hoff, M.E. (1960). Adaptiveswitchingcircuits.

In , pages 96–104.

Williams,R. J. (1986). . ICS Report 8605, Institute for CognitiveScience,University of California, San Diego.

Williams,R. J. and Zipser,D. (1988). . ICS Report 8805, Institute for CognitiveScience, University of California, San Diego.

Zwicker, E. and Terhart, E. (1980). Analyticalexpressions for critical-band rate and critical bandwidth as a function of frequency. , , 1523–1525.

Speech Recognitionwith Associative Networks

The Utility DrivenDynamicError Propagation Network

Proceedingsof Neural Information ProcessingSystems

Proceedings of nEuro’88

Generalisingthe Nodes of the Error Propagation Network

Neural Computation

Proceedingsof the IEEEFirst Annual International Conferenceon NeuralNetworks

Proceedingsof nEuro’88

PsychologicalReview

Principlesof Neurodynamics

Learning Internal Representations by Error Propagation

Parallel Distributed Processing: Explorations in the Microstructure of Cognition. Vol. I: Foundations.

Parallel Distributed Processing: Explorations in the Microstructure of Cognition. Vol. I: Foundations.

Introduction to non-linear optimisation

NETtalk: A ParallelNetwork that Learns to Read Aloud

Encoding Sequential Structure in Simple Recurrent Networks

Proceedingsof Neural Information ProcessingSystems

TemporalCreditAssignmentinReinforcement Learning

Proceedings of the National Academyof ScienceU.S.A.

Performance Bounds for Digital Coding of Speech

Acceleratingthe Convergenceof the Back-PropagationMethod

Phoneme RecognitionUsingTime–Delay Neural Networks

Proceedingsof the IEEEFirst AnnualInternational Conferenceon NeuralNetworks

Proceedings of the European Conferenceon Speech Technology

ProceedingsWESCON

Reinforcement Learning in Connectionist Networks: A Mathematical Analysis

ALearningAlgorithm for ContinuallyRunningFullyRecurrent Neural Networks

Journal of the Acoustical Society of America

65

84

68