Emergent Neural Computational Architectures based on Neuroscience

Stefan Wermter Jim Austin David Willshaw

Springer, Heidelberg, New York

March 2001

Preface

This book is the result of a series of International Workshops organised by the EmerNet project on Emergent Neural Computational Architectures based on Neuroscience sponsored by the Engineering and Physical Sciences Research Council (EPSRC). The overall aim of the book is to present a broad spectrum of current research into biologically inspired computational systems and hence encourage the emergence of new computational approaches based on neuroscience. It is generally understood that the present approaches for computing do not have the performance, flexibility and reliability of biological information processing systems. Although there is a massive body of knowledge regarding how processing occurs in the brain and central nervous system this has had little impact on mainstream computing so far.

The process of developing biologically inspired computerised systems involves the examination of the functionality and architecture of the brain with an emphasis on the information processing activities. Biologically inspired computerised systems address neural computation from the position of both neuroscience, and computing by using experimental evidence to create general neuroscienceinspired systems.

The book focuses on the main research areas of modular organisation and robustness, timing and synchronisation, and learning and memory storage. The issues considered as part of these include: How can the modularity in the brain be used to produce large scale computational architectures? How does the human memory manage to continue to operate despite failure of its components? How does the brain synchronise its processing? How does the brain compute with relatively slow computing elements but still achieve rapid and real-time performance? How can we build computational models of these processes and architectures? How can we design incremental learning algorithms and dynamic memory architectures? How can the natural information processing systems be exploited for artificial computational methods?

We hope that this book stimulates and encourages new research in this area. We would like to thank all contributors to this book and the few hundred participants of the various workshops. Especially we would like to express our thanks to Mark Elshaw, network assistant in the EmerNet network who put in tremendous effort during the process of publishing this book.

Finally, we would like to thank EPSRC and James Fleming for their support and Alfred Hofmann and his staff at Springer for their continuing assistance.

March 2001

Stefan Wermter

Jim Austin David Willshaw

Table of Contents

Towards Novel Neuroscience-inspired Computing . . . . . . . 1

Stefan Wermter, Jim Austin, David Willshaw and Mark Elshaw

Modular Organisation and Robustness

Images of the Mind: Brain Images and Neural Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20 John Taylor

Stimulus-Independent Data Analysis for fMRI . . . . . . . . . . 39

Silke Dodel, J. Michael Herrmann and Theo Geisel

Emergence of Modularity within One Sheet of Neurons: A Model Comparison . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54 Cornelius Weber and Klaus Obermayer

Computational Investigation of Hemispheric

Specialization and Interactions . . . . . . . . . . . . . . . . . . . . . . . . . . 69

James Reggia, Yuri Shkuro and Natalia Shevtsova

Explorations of the Interaction between Split Processing and Stimulus Types . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84 John Hicks and Padraic Monaghan

Modularity and Specialized Learning: Mapping Between Agent Architectures and Brain Organization . . . . . . . . . . 99

Joanna Bryson and Lynne Andrea Stein

Biased Competition Mechanisms for Visual Attention in a Multimodular Neurodynamical System . . . . . . . . . . . . . . 115

Gustavo Deco

Recurrent Long-Range Interactions in Early Vision . . . . . 129

Thorsten Hansen, Wolfgang Sepp and Heiko Neumann

Neural Mechanisms for Representing Surface and Contour Features . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 142 Thorsten Hansen and Heiko Neumann

Representations of Neuronal Models using Minimal and Bilinear Realisations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157 Gary Green, Will Woods and S. Manchanda

Collaborative Cell Assemblies: Building Blocks of Cortical Computation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 164 Ronan Reilly

On the Influence of Threshold Variability in a Mean-field Model of the Visual Cortex . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 178 Hauke Bartsch, Martin Stetter and Klaus Obermayer

Towards Computational Neural Systems Through Developmental Evolution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 192 Alistair Rust, Rod Adams, Stella George and Hamid Bolouri

The Complexity of the Brain: Structural, Functional and Dynamic Modules . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 207 Péter Érdi and Tamás Kiss

Timing and Synchronisation

Synchronisation, Binding and the Role of Correlated Firing in Fast Information Transmission . . . . . . . . . . . . . . . 216

Simon Schultz, Huw Golledge and Stefano Panzeri

Segmenting State into Entities and its Implication for Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 231 James Henderson

Temporal Structure of Neural Activity and Modelling of Information Processing in the Brain . . . . . . . . . . . . . . . . . . . . 241

Roman Borisyuk, Galina Borisyuk and Yakov Kazanovich

Role of the Cerebellum in Time-Critical Goal-Oriented Behaviour: Anatomical Basis and Control Principle . . 259

Guido Bugmann

Locust Olfaction Synchronous Oscillations in Excitatory and Inhibitory Groups of Spiking Neurons . . . . . . . . . . . . 274

David Sterratt

Temporal Coding in Neuronal Populations in the Presence of Axonal and Dendritic Conduction Time Delays . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 289 David Halliday The Role of Brain Chaos . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 300 Péter András

Neural Network Classification of Word Evoked

Neuromagnetic Brain Activity . . . . . . . . . . . . . . . . . . . . . . . . . . . 316

Ramin Assadollahi and Friedemann Pulvermüller

Simulation Studies of the Speed of Recurrent Processing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 326 Stefano Panzeri, Edmund Rolls, Francesco Battaglia and Ruth Lavis

Learning and Memory Storage

The Dynamics of Learning and Memory: Lessons from Neuroscience . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 339 Michael Denham

Biological Grounding of Recruitment Learning and Vicinal Algorithms in Long-term Potentiation . . . . . . . . 355

Lokendra Shastri

Plasticity and Nativism: Towards a Resolution of an Apparent Paradox . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 375 Gary Marcus

Cell Assemblies as an Intermediate Level Model of Cognition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 390 Christian Huyck

Modelling Higher Cognitive Functions with Hebbian Cell Assemblies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 405 Marcin Chady

Spiking Associative Memory and Scene Segmentation by Synchronization of Cortical Activity . . . . . . . . . . . . . . . . . . . . 414

Andreas Knoblauch and Günther Palm

A Familiarity Discrimination Algorithm Inspired by Computations of the Perirhinal Cortex . . . . . . . . . . . . . . . . 435

Rafal Bogacz, Malcolm Brown and Christophe Giraud-Carrier

Linguistic Computation with State Space Trajectories . . 449

Hermann Moisl

Robust Stimulus Encoding in Olfactory Processing:

Hyperacuity and Efficient Signal Transmission . . . . . . . . 468

Tim Pearce, Paul Verschure, Joel White and John Kauer

Finite-State Computation in Analog Neural Networks:

Steps Towards Biologically Plausible Models? . . . . . . . . . 487

Mikel Forcada and Rafael Carrasco

An Investigation into the Role of Cortical Synaptic Depression in Auditory Processing . . . . . . . . . . . . . . . . . . . . . 502

Sue Denham and Michael Denham

The Role of Memory, Anxiety and Hebbian Learning in Hippocampal Function: Novel Explorations in Computational Neuroscience and Robotics . . . . . . . . . . . . 516

John Kazer and Amanda Sharkey

Using a Time-Delay Actor-Critic Neural Architecture with Dopamine-like Reinforcement Signal for Learning in Autonomous Robots . . . . . . . . . . . . . . . . . . . . . . . . 531

Andrés Pérez-Uribe

Connectionist Propositional Logic A Simple Correlation Matrix Memory Based Reasoning System . . . . . . . . . . . . . 543

Daniel Kustrin and Jim Austin

Analysis and Synthesis of Agents that Learn from Distributed Dynamic Data Sources . . . . . . . . . . . . . . . . . . . . . 556

Doina Caragea, Adrian Silvescu and Vasant Honavar Connectionist Neuroimaging . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 569 Stephen José Hanson, Michiro Negishi and Catherine Hanson Authors Index . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 589

Towards Novel Neuroscience-inspired Computing

Stefan Wermter^1, Jim Austin^2, David Willshaw^3 and Mark Elshaw^1

1 Hybrid Intelligent Systems Group University of Sunderland, Centre for Informatics, SCET St Peter’s Way, Sunderland, SR6 0DD, UK Email: [Stefan.Wermter][Mark.Elshaw]@sunderland.ac.uk

www.his.sunderland.ac.uk

2 Department of Computer Science University of York, York YO10 5DD, UK Email: austin@cs.york.ac.uk 3 Institute for Adaptive and Neural Computation University of Edinburgh, 5 Forrest Hill, Edinburgh Email: david@anc.ed.ac.uk

Abstract. Present approaches for computing do not have the performance, flexibility and reliability of neural information processing systems. In order to overcome this, conventional computing systems could benefit from various characteristics of the brain such as modular organisation, robustness, timing and synchronisation, and learning and memory storage in the central nervous system. This overview incorporates some of the key research issues in the field of biologically inspired computing systems.

1 Introduction

It is generally understood that the present approaches for computing do not have the performance, flexibility and reliability of biological information processing systems. Although there is a massive body of knowledge regarding how processing occurs in the brain this has had little impact on mainstream computing. As a response the EPSRC^1 sponsored the project entitled Emergent Neural Computational Architectures based on Neuroscience (EmerNet) which was initiated by the Universities of Sunderland, York and Edinburgh. Four workshops were held in the USA, Scotland and England. This book is a response to the workshops and explores how computational systems might benefit from the inclusion of the architecture and processing characteristics of the brain.

The process of developing biologically inspired computerised systems involves the examination of the functionality and architecture of the brain with an emphasis on the information processing activities. Biologically inspired computerised

1 Engineering and Physical Sciences Research Council.

systems examine the basics of neural computation from the position of both neuroscience and computing by using experimental evidence to create general neuroscience-inspired systems.

Various restrictions have limited the degree of progress made in using biological inspiration to improve computerised systems. Most of the biologically realistic models have been very limited in terms of what they attempt to achieve compared to the brain. Despite the advances made in understanding the neuronal processing level and the connectivity of the brain, there is still much that is not known about what happens at the various systems levels [26]. There is disagreement over what the large amount of information provided on the brain imaging techniques means for computational systems [51].

Nevertheless, the last decade has seen a significant growth in interest in studying the brain. The likely reason for this is the expectation that it is possible to exploit inspiration from the brain to improve the performance of computerised systems [11]. Furthermore, we observe the benefits of biological neural systems since even a child’s brain can currently outperform the most powerful computing algorithms. Within biologically inspired computerised systems there is a growing belief that one key factor to unlocking the performance capabilities of the brain is its architecture and processing [47], and that this will lead to new forms of computation.

There are several architectural and information processing characteristics of the brain that could be included in computing systems to enable them to achieve novel forms of performance, including modular organisation, robustness, information processing and encoding approaches based on timing and synchronisation, and learning and memory storage.

2 Some Key Research Issues

In this chapter and based on the EmerNet workshops we look at various key research issues: For biologically inspired computerised systems it is critical to consider what is offered by computer science when researching biological computation and by biological and neural computation for computer science. By considering four architectural and information processing forms of inspiration it is possible to identify some research issues associated with each of them.

Modular Organisation: There is good knowledge of how to build artificial neural networks to do real world tasks, but little knowledge of how we bring these together in systems to solve larger tasks (such as in associative retrieval and memory). There may be hints from studying the brain to give us ideas on how to solve these problems.

Robustness: How does human memory manage to continue to operate despite failure of its components? What are its properties? Current computers use a fast but brittle memory, brains are slow but robust. Can we learn more about the properties that can be used in conventional computers.

Sychronisation and Timing: How does the brain synchronise its processing? How does the brain prevent the well known race conditions found in computers? How does the brain schedule its processing? The brain operates without a central clock (possibly). How is the asynchronous operation achieved? How does the brain compute with relatively slow computing elements but still achieve rapid and real-time performance? How does the brain deal with real-time? Do they exploit any-time properties, do they use special scheduling methods. How well do natural systems achieve this and can we learn from any methods they may use?

Learning and Memory Storage: There is evidence from neuron, network and brain levels that the internal state of such a neurobiological system has an influence on processing, learning and memory. However, how can we build computational models of these processes and states? How can we design incremental learning algorithms and dynamic memory architectures?

3 Modular Organisation

Modularity in the brain developed over many thousands of years of evolution to perform cognitive functions using a compact structure [47] and takes various forms such as neurons, columns, regions or hemispheres [58].

3.1 Regional Modularity

The brain is viewed as various distributed neural networks in diverse regions which carry out processing in a parallel fashion to perform specific cognitive functions [21, 42, 58]. The brain is sometimes described as a group of collaborating specialists that achieve the overall cognitive function by splitting the task into smaller elements [59]. The cerebral cortex which is the biggest part of the human brain is highly organised into many regions that are responsible for higher level functionality that would not be possible without regional modularity [72, 58]. A feature of regional modularity is the division of the activities required to perform a cognitive function between different hemispheres of the brain. For instances, in this volume, Hicks and Monaghan (2001) [38] show that the split character of the visual processing between different brain hemispheres improves visual word identification by producing a modular architecture.

Brain imaging techniques have successfully provided a great deal of information on the regions associated with cognitive functions [27]. The oldest of these techniques mainly involves the examination of the brain for lesions that are held responsible for an observed cognitive deficit [29]. The lesion approach has been criticised since it does not identify all the regions involved in a cognitive function, produces misleading results due to naturally occurring lesions and alternative imaging techniques contradict its findings [9]. Due to the difficulties observed with the lesion approach and technical developments, four alternative techniques known as positron emission tomography (PET), functional magnetic resonance imaging (fMRI), electronencephalogram (EEG) and magnetoencephalogram (MEG) have received more attention. PET and fMRI both examine precisely the neural activity within the brain in an indirect manner and so create an image of the regions associated with a cognitive task [60, 9]. For PET this is done by identifying the regions with the greatest blood flow, while for fMRI the brain map is the blood oxygen levels. Although PET and fMRI have good spatial attainment, their temporal competence is limited [68]. In contrast, EEG measures voltage fluctuations produced by regional brain activity through electrodes position on the surface of the scalp. MEG uses variations in the magnetic field to establish brain activity by exploiting sophisticated superconducting quantum devices. The temporal properties of EEG and MEG are significantly better that PET and fMRI with a sensitivity of a millisecond [68].

A major issue that is currently being investigated by biological inspired computer system researchers is the manner that modules in the brain interact [66]. In this volume Taylor (2001) [68] establishes an approach to examine the degree of association between those regions identified as responsible for a subtask by considering the correlation coefficients. This approach incorporates structural modelling where linear associations among the active regions are accepted and the path strengths are established via the correlation matrix. When bridging the gap between the brain image information and underlying neural network operations, activity is described by coupled neural equations using basic neurons. The outcomes from brain imaging, as well as from single cell examinations lead to the identification of new conceptions for neural networks.

A related cortical approach is taken by Érdi and Kiss in this volume. Érdi and Kiss (2001) [24] develop a model of the interaction between cortical regions. Using sixty-five cortical regions, connection strengths and delay levels a connection matrix was devised of a dynamically outlined model of the cortex. Finally, Reilly (2001) [59] identified both feedforward and feedback routes linking the modules performing a particular cognitive function.

The concept of regional modularity in the brain has been used to develop various computing systems. For example, Bryson and Stein (2001) [12] point out in this volume that robotics used modularity for some time and has produced means of developing and coordinating modular systems. These authors also show that these means can be used to make functioning models of braininspired modular decomposition. Deco (2001) [18] in this volume also devises a regional modular approach to visual attention for object recognition and visual search. The system is based on three modules that match the two principal visual pathways of the visual cortex and performs in two modes: the learning and recognition modes.

A biological inspired computer model of contour extraction processes was devised by Hansen et al. (2001) [34] and Hansen and Neumann (2001) [33] that is based on a modular approach. This approach involves long-range links, feedback and feedforward processing, lateral competitive interaction and horizontal longrange integration, and localised receptive fields for oriented contract processing. The model depends on a simplified representation of visual cortex regions V1 and V2, the interaction between these regions and two layers of V1. Because there is a large number of cortical regions, a description of their mutual connectivity is complex. Weber and Obermayer (2001) [72] have devised computational models for learning the relationships between simplified cortical areas. Based on a paradigm of maximum likelihood reconstruction of artificial data, the architecture adapts to the data to represent it best.

3.2 Columnar Modularity of Cerebral Cortex

Turning to a more detailed interpretation of the brain’s modular construction, Érdi and Kiss (2001) [24], Guigon et al. (1994) [31] and Fulvi Mari (2000) [28] built on the fact that the cerebral cortex is composed completely of blocks of repetitive modules known as cortical columns with basically the same six layer structure [24, 28]. Variations in cognitive functionality are achieved as the columnar organisations have diverse start and end connections, and the cortical neurons have regional specific integrative and registering features [31]. According to Reilly (2001) [59] the columns can be 0.03mm in diameter and include around 100 neurons. These columns are used to provide reliable distributed representations of cognitive functions by creating a spatio-temporal pattern of activation and at any particular time millions are active. Their development was the result of the evolutionary need for better functionality and the bandwidth of the sensory system. There are two extreme views on the form that representation takes in the cerebral cortex. The older view sees representation as context independent and compositionality of the kind linked with formal linguistics and logical depiction. The new view holds that the brain is a dynamic system and that predicate calculus is relevant for describing brain functionality.

A model of the cortex and its columns designed by Doya points to a layered structure and a very recurrent processing approach [22]. The system provides both inhibitory and excitatory synaptic connections among three types of neurons (pyramidal neurons, spiny stellate neurons and inhibitory neurons). The pyramidal and spiny stellate neurons are responsible for passing an excitatory signal to various other cells in the column including cells of the same kind. Inhibitory neurons restrict the spiking of the pyramidal and spiny stellate neurons that are near by, while the pyramidal and spiny stellate neurons use the inhibitory neurons to control themselves and other cells in the column. In this volume, a related columnar model is devised by Bartsch et al. (2001) [7] when considering the visual cortex. A prominent character of the neurons in the primary visual cortex is the preference input in their classical receptive field. The model combines various structured orientation columns to produce a full hypercolumn. Orientation columns are mutually coupled by lateral links with Gaussian profiles and are driven by weakly orientation-biased inputs.

There has been some research to create these multi-cellar models using cells made from many linked compartments and so a higher degree of biological plausibility. However, there is the difficulty of high processing time due to the ionic channel processing elements within the compartments [39]. To a certain extent this can be overcome by using Lie series solutions and Lie algebra to create a restricted Hodgkin-Huxley type model [30].

In general, the brain consists of a distributed and recurrent interaction of billions of neurons. However, a lot of insight and inspiration for computational architectures can be gained from areas, regions or column organisation.

4 Robustness

A second important feature of the brain is its robustness. Robustness in the human brain can be achieved through recovery of certain functions following a defect. The brain has to compensate for the loss of neurons or even neuron areas and whole functional networks on a constant basis. The degree of recovery and hence of robustness is dependent on various factors such as the level of the injury, the location and size of the lesion, and the age of the patient. Recovery is felt to be best when the patient is younger and still in the maturation period, but the approaches for recovery are complicated and variable [50, 43, 8].

Two approaches to recovery are: i) the repair of the damaged neural networks and the reactivation of those networks which although not damaged due to their close proximity to the injury stopped functioning; and ii) redistribution of functionality to new regions of the brain [14]. There is mixed evidence about the time it normally takes for repair of injured tissue. However, researchers have found that the redistribution of functionality to new regions of the brain can take longer and repair of the left superior temporal gyrus occurs over numerous months following the injury [50]. Restoration of the cortex regions is critical to good recovery of the functionality of the region and is known to inhibit the degree of reallocation of functionality to new regions [71, 73]. According to Reggia et al. (2001) [58] in this volume the reorganisation of the brain regions responsible for a cognitive function explains the remarkable capacity to recover from injury and robust, fault-tolerant processing.

4.1 Computerised Models of Recovery through Regeneration

It is possible to model recovery through tissue regeneration by considering the neural network’s performance at various degrees of recovery. For instance, Martin et al. (1996) [46] examined recovery through the regeneration of tissue in a deep dysphasia by considering the attainment of a subject on naming and repetition tests. The model used to examine robustness is associated with the interaction activation and competition neural network and recovery comes from the decay rate returning to more normal levels. Wright and Ahmad (1997) [81] have also developed a modular neural network model that can be trained to perform the naming function and then damaged to varying degrees to examining recovery. A model that incorporates a method to achieve robustness through recovery that is closer to the technique employed in the brain is that of Rust et al. (2001) [61] in this volume, which considers the creation of neural systems that are dynamic and adaptive. This computational model produces recovery by allowing adaptability and so achieving self-repair of axons and dendrites to produce new links.

4.2 Computerised Model of Robustness through Functional Reallocation

A second form of robustness is reallocation. When considering the recovery of functionality through reallocation, Reggia et al. (2001) [58] in this volume devise biologically plausible models of the regions of the cerebral cortex responsible for the two functions of phoneme sequence creation and letter identification. The former model is based on a recurrent unsupervised learning and the latter on both unsupervised and supervised learning. When the sections of the models that represent one hemisphere of the cerebral cortex were left undamaged they contributed to the recovery of functionality, particularly when the level of injury to the other hemisphere was significant. In general, such graded forms of dynamic robustness go beyond current computing systems.

5 Timing and Synchronisation

Although the neurophysiological activity of the brain seems complicated, diverse and random experimental data indicates the importance of temporal associations in the activities of neurons, neural populations and brain regions [11]. Hence, timing and synchronisation are features of the brain that are considered critical in achieving high levels of performance [17]. According to Denham (2001) [19] in this volume, the alterations of synaptic efficacy coming from pairing of pre- and postsynaptic activity can significantly alter the synaptic links. The induction of long-term alterations in synaptic efficacy through such pairing relies significantly on the relative timing of the onset of excitatory post-synaptic potential (EPSP) produced by the pre-synaptic action potential.

There is disagreement over the importance of the information encoding role played by the interaction between the individual neurons in the form of synchronisation. Schultz et al. (2001) [62] consider synchronisation as only secondary to firing rates. However, other research has questioned this based on the temporal organisation of spiking trains [11].

Another critical feature of timing in the brain is how it performs real-time and fast processing despite relatively slow processing elements. For instance Bugmann (2001) [13] points to the role of the cerebellum in off-line planning to achieve real-time processing. According to Panzeri et al. (2001) a commonly held view is that fast processing speed in the cerebral cortex comes from an entirely feedforward-oriented approach. However, Panzeri et al. (2001) [55] were able to contradict this view by producing a model made up of three layers of excitatory and inhibitory integrate-and-fire neurons that included within-layer recurrent processing.

Given the importance of timing and synchronisation in the brain, computational modelling is used in several architectures to achieve various cognitive functions including vision and language. For instance, Sterratt (2001) [67] examined how the brain synchronises and schedules its processing by considering the locust olfactory system. The desert locust olfactory system’s neural activity has interesting spatiotemporal and synchronisation coding features. In the olfactory system the receptor cells connect to both the projection neurons and inhibitory local neurons in the Antennal Lobe, as well as the projection neurons and inhibitory local neuron groups being interconnected. The projection neurons appear to depict the odour via a spatiotemporal code in around one second, which is made up of three principal elements: the slow spatiotemporal activity, fast global oscillations and transient synchronisation. Synchronisation in this system is used to refine the spatiotemporal depiction of the odours.

A biologically inspired computerised model of attention that considers the role played by sychronisation was formulated by Borisyuk et al. (2001) [11] with a central oscillator linked to peripheral oscillators via feedforward and feedback links. In this approach the septo-hippocampal area acts like the central oscillator and the peripheral oscillators are the cortical columns that are sensitive to particular characteristics. Attention is produced in the network via synchronisation of the central oscillator with certain peripheral oscillators.

Henderson (2001) [37] devised a biologically inspired computing model of synchronisation to segment patterns according to entities using simple synchrony networks. Simple synchronisation networks are an enlargement of simple recurrent networks by using pulsing units. During each period pulsing units have diverse activation levels for the phrases in the period.

A related biologically inspired model addresses the effects of axonal and dendritic conduction time delays on temporal coding in neural populations, Halliday (2001) [32]. The model uses two cells with common and independent synaptic input based on morphologically detailed models of the dendritic tree typical of spinal a motoneurones. Temporal coding in the inputs is carried by weakly correlated components present in the common input spike trains. Temporal coding in the outputs is manifest as a tendency for synchronized discharge between the two output spike trains. Dendritic and axonal conduction delays of several ms do not alter the sensitivity of the cells to the temporal coding present in the input spike trains.

There is growing support for chaotic dynamics in biological neural activity and that individual neurons create chaotic firing in certain conditions [52]. In a new approach to brain chaos András (2001) [1] states in this volume that the stimuli to the brain are represented as chaotic neural objects. Chaotic neural objects provide stability characteristics as well as superior information representation. Such neural objects are dynamic activity patterns that can be described by mathematical chaos.

Assadollahi and Pulvermüller (2001) [2] were able to identify the importance of a spatio-temporal depiction of information in the brain. This was performed by looking at the representations of single words by using a Kohonen network to classify the words. Sixteen words from four lexico-semantic classes were used and brain responses that represent the diverse characteristics of the words such as their length, frequency and meaning measured using MEG.

6 Learning and Memory Storage

An additional structural characteristic of the brain and central nervous system is the manner it learns and stores memories. Denham (2001) [19] argues that the character of neural connections and the approach to learning and memory storage in the brain currently does not have a major impact on computational neural architectures despite the significant benefits that are available. A school of though known as neo-constructivism lead by Elman (1999) [23] argue that learning and its underlying brain structure does not come from a particular organisation that is available at birth, but from modifications that results from the many experiences that are faced over time. Although this model does have a certain appeal, Marcus (2001) [45] points to various limitations with it, learning mechanism have a certain degree of innateness as infants a few months old often have the ability to learn ‘abstract rules’, developmental flexibility does not necessarily entail learning and it relies too greatly on learning and neural activity. Marcus (2001) [45] holds that neo-constructivists lack a toolkit of developmental biology and has put forward his own approach to developing neural networks that grow and offer self-organising without experience. This toolkit includes cell division, migration and death, gene expression, cell-to-cell interaction and gene hierarchies.

For many years computational scientists have attempted to incorporate learning and memory storage into artificial intelligent computer systems typically as artificial neural networks. However, in most systems the computational elements are still a gross simplification of biological neurons. There is too little biological plausibility or indication of how the brain constrains can incorporated in a better way [66, 12, 25]. Nevertheless, Hanson et al. (2001) [35] in this volume outlines that artificial neural network such as recurrent ones can perform emergent behaviour close to human cognitive performance. These networks are able to produces an abstract structure that is situation sensitive, hierarchical and extensible. When performing the activity of learning a grammar from valid set of examples the recurrent network is able to recode the input to defer symbol binding until it has received sufficient string sequences.

6.1 Synaptic Alteration to Achieve Learning and Memory Storage

Two regions of the brain that are fundamental in learning and memory storage are the cortex and the hippocampus. However, these are not the only areas involved as shown below by Prez-Uribe (2001) [57] who describes a basal ganglion model and its role in trial-and-error learning. The hippocampus system is a cortical subsystem found in the temporal lobe and has a fundamental role in short-term memory storage and transferring of short-term memories to longerterm ones. The cortex is the final location of such memories [48].

One of the first accounts of how learning occurs is that of Hebb (1949) [36] who devised a model of how the brain stores memories through a simple synaptic approach based on cell assemblies for cortical processing. Alterations in synaptic strengths is the approach for learning, the persistence of memories and repeated co-activation is used for memory retrieval. The determinant of an assembly is the connectivity structure between neurons that lends support to one another’s firing and hence have a greater probability of being co-activated in a reliable fashion. Cell assemblies are found in working and long-term memory storage and interact with other cell assemblies. There has been a substantial amount of work on learning and memory [66, 54, 79, 74, 69, 49, 65].

Long-term potentiation (LTP) is a growth in synaptic strength that is caused rapidly by short periods of synaptic stimulation and is close to the Hebb’s notion of activity-reliant alterable synapses. Given that there is an approach like LTP for strengthening links between synapses, it is likely that there is a device for reducing the synaptic strength which is known as long-term depression (LTD). Shastri (2001) [64] in this volume devises a computational abstraction of LTP and LTD which is a greatly simplified representation of the processes involved in the creation of LTP and LTD. A cell is represented as an idealised integrate-and-fire neuron with spatio-temporal integration of activity arriving at a cell. Certain cell-kinds have two firing modes: supra-active and normal. Neurally, the supraactive model relates to a high-frequency burst reaction and the normal mode relates to a basic spiking reaction made up of isolated spikes. LTP and LTD are identified by Shastri (2001) [64] as critical in episodic memory through their role in binding-detection. In Shastri’s model a structure for the fast production of cell responses to binding matches is made up of three areas: role, entity and bind. Areas role and entity are felt to have 750,000 primary cells each, and bind 15 million cells. The role and entity areas match the subareas of the entorhinal cortex, and the bind area the dentrate gyrus.

Huyck (2001) [40] devised a biologically inspired model of cell assemblies known as the CANT system. The CANT system is made up of a network of neurons that may contain many cell assemblies that are unidirectionally linked to other neurons. As with many neural network models connection strengths are altered by the local Hebbian rule and learning through a Hebbian-based unsupervised approach.

6.2 Models of Learning

There have been some recent models of learning in artificial systems which are particularly interesting since they are based on neuroscience learning methods. For instance, McClelland and Goddard (1996) [48] examined the role of the hippocampal system in learning by devising a biologically inspired model. Forward pathways from the association regions of the neocortex to the entorhinal cortex create a pattern of activation on the entorhinal cortex that maximises preservation of knowledge about the neocortical pattern. The entorhinal cortex gives inputs to the hippocampal memory system, which is recoded in the dentate gyrus and CA3 in a manner that is suitable for storage. The hippocampus computerised model is split into three main subsystems: i) structure-preserving invertible encoder subsystem; ii) memory separation, storage and retrieval subsystem; and iii) memory decoding system.

The learning process is outlined by Denham (2001) [19] in this volume as a simple biologically inspired computational model. The model requires the determination of the EPSP at the synapse and the back-propagating action potential. A learning rule is then produced that relies on the integration of the product of these two potentials. The EPSP at the synapse is determine by the effective synapse current using the equation for the passive membrane mechanism.

Two biologically inspired computerised systems of learning are included in robots, which shows that these systems can improve on existing technology. Kazer and Sharkey (2001) [41] developed a model of how the hippocampus combines memory and anxiety to produce novelty detection in a robot. The robot offers knowledge for learning and an approach for making any alterations in anxiety behaviourally explicit. A learning robot was devised by Pérez-Uribe (2001) [57] that uses a biologically inspired approach based on the basal ganglion to learn by trial-and-error.

Bogacz et al. (2001) [10] devised a biologically plausible algorithm of familiarity discrimination based on energy. This is based on the information processing of the perirhinal cortex of the hippocampus system. This approach does not need assumptions related to the distribution of patterns and discriminates if a certain pattern was presented before and keeps knowledge on the familiar patterns in the weights of Hopfield Networks.

A related biologically inspired computerised system was devised by Chady (2001) [16] for compositionality and context-sensitive learning founded on a group of Hopfield Networks. The inspiration comes from the cortical column by using a two-dimensional grid of networks and basing interaction on the nearest neighbour approach. In the model the individual network states are discrete and their transitions synchronous. The state alteration of the grid is carried out in an asynchronous fashion.

When considering a biological inspired computerised systems for natural language understanding Moisl (2001) [51] proposes sequential processing using Freeman’s work on brain intentionality and meaning. Moisl (2001) [51] proposed approach will include: i) Processing components that output pulse trains as a nonlinear reaction to input; ii) Modules of excitatory and inhibitory neurons that create oscillatory actions; iii) Feedforward and feedback links between modules to foster chaotic behaviour; and iv) A local learning mechanism such as Hebbian learning to achieve self-organising in modules.

Pearce et al. (2001) [56] argues that the olfactory system offers an ideal model for examining the issues of robust sensory signal transmission and efficient information representation in a neural system. A critical feature of mammalian olfactory system is the large scale convergence of spiking receptor stimulus from thousands of olfactory receptors, which seems fundamental for information representation and greater sensitivity. Typically the information representation approaches used in the olfactory cortex are action and grading potentials, rate codes and particular temporal codings. The study considered whether the rate-coded depiction of the input restricts the quality of the signal that can be recovered in the glomerulus of the olfactory bulb. This was done by looking at the outcomes from two models, one that uses probabilistic spike trains and another which uses graded receptor inputs.

Auditory perception has various characteristics with the brain having the capability to detect growths in loudness as well as differentiating between two clicks that are very close together. Based on the findings of Denham and Denham (2001) [20] this is the result of the manner of information representation in the primary auditory cortex through cortical synaptic dynamics. When synapses are repeatedly activated they do not react in the same manner to every incoming impulse and synapses might produce a short-term depression or facilitation. When there is a great deal of activity in the synapse, the amount of resources that are available is reduced, which is likely to be followed by a period of recovery for the synapse. A leaky integrate-and-fire neuron model is then used, with the input to the neuron model gained through summing the synaptic EPSPs. In the examination of the model the reaction features of the neuron that incorporated a dynamic synapse are close to those of the primary auditory cortex.

Caragea et al. (2001) [15] have proposed a set of biologically inspired approaches for knowledge discovery operations. The databases in this domain are normally large, distributed and constantly growing in size. There is a need for computerised approaches to achieve learning from distributed data that do not reprocess already processed data. The techniques devised by Caragea et al. (2001) [15] for distributed or incremental algorithms attempt to determine information needs of the learner and devising effective approaches to providing this in an distributed or incremental setting. By splitting the learning activity into information extraction and hypothesis production stages this allows the enhancement of current learning approaches to perform in a distributed context. The hypothesis production element is the control part that causes the information extraction component to occur. The long-term aim of the research is to develop well-founded multi-agent systems that are able to learn through interaction with open-ended dynamic systems from knowledge discovery activities.

6.3 Models of Memory Storage

In this section we provide an outline of the various biologically inspired computerised models connected with memory storage in the brain. Knoblauch and Palm (2001) [42] took a similar approach to autoassociative networks as by Willshaw [79, 75, 78, 76, 80, 77] and extend it based on biological neurons and synapses. In particular Knoblauch and Palm added characteristics that represent the spiking actions of real neurons in addition to the characteristics of spatio-temporal integration on dendrites. Individual cells are modelled like ‘spiking neurons’: each time the potential level is at a particular threshold a pulse-like action potential is created. The Knoblauch and Palm (2001) [42] model of associative memory is included in a model of reciprocally connected visual areas comprising three areas (R, P and C) each made up of various neuron populations. In region R (retina) input patterns matching input objects in the visual field and are depicted in a 100 x 100 bitmap. Area P (primary visual cortex) is made up of 100 x 100 excitatory spike neurons and 100 x 100 inhibitory gradual neurons. Area C (central visual area) is modelled as the SSI-variant of the spiking associative memory.

A biologically inspired model of episodic memory by Shastri (2000) [63] known as SMRITI outlines how a transient pattern of rhythmic activity depicting an event can be altered swiftly into a persistent and robust memory trace. Creation of such a memory trace matches the recruitment of a complicated circuit in the hippocampal system that includes the required elements. In order to analysis characteristics of the model its performance is examined using plausible values of system variables. The outcomes display that robust memory traces can be produced if one assumes there is an episodic memory capacity of 75,000 events made up of 300,000 bindings.

Forcada and Carrasco (2001) [25] argue that, although a finite-state machine could be modelled by any discrete-time recurrent neural network (DTRNN) with discrete-time processing elements, biological networks perform in continuous time and so methods for synchronisation and memory should be postulated. It ought to be possible to produce a more natural and biologically plausible approach to finite-state computation founded on continuous-time recurrent neural networks (CTRNN). CTRNN have inputs and outputs that are functions of a continuous-time variable and neurons that have a temporal reaction. It is possible to encode in an indirect manner finite-state machines using a sigmoid DTRNN as a CTRNN and then changing the CTRNN into an integrate-and-fire network.

A considerable amount of research has been carried out by Austin and his associates at York into memory storage [6, 3, 5, 53, 4, 70, 82]. An example of this work in this volume is the Correlation Matrix Memories (CMMs) which according to Kustrin and Austin (2001) [44] are simple binary weighted feedforward neural networks that are used for various tasks that offers an indication of how memories are stored in the human cerebral cortex. CMMs are close to single layer, binary weighted neural networks, but use much less complex learning and recall algorithms.

7 Conclusion

There is no doubt that current computer systems are not able to perform many of the cognitive functions such as vision, motion, language processing to the level associated with the brain. It seems there is a strong need to use new architectural and information processing characteristics to improve computerised systems. Although interest in biologically inspired computerised system has grown significantly recently, the approaches currently available are simplistic and understanding of the brain at the system level is still limited. Key research issues for biologically inspired computer systems relate to the fundamental architectural features and processing-related associated with the brain, and what computer science can learn from biological and neural computing.

The characteristics of the brain that potentially could benefit computerised systems include modular organisation, robustness, timing and synchronisation and learning and memory storage. Modularity in the brain takes various forms of abstraction including regional, columnar and cellular, and is central to many biologically inspired computerised systems. Robustness comes from the brain’s ability to recover functionality despite injury through tissue repair and re-allocation of functionality to other brain regions. While conventional computer systems are presently based on synchronised or clocked processing these systems could potentially be enriched by basing information processing and encoding on the timing and synchronisation approaches of the brain. Furthermore, as seen in this chapter and volume a particular fertile research area is the development of biological inspired computing models of learning and memory storage to perform various cognitive functions [42, 20, 63, 41, 25, 20].

To move the field of biological inspired computing systems forward, consideration should be given to how the architectural features of the brain such as modular organisation, robustness, timing and sychronisation, and learning and memory could benefit the performance of computering systems. The most suitable level of neuroscience-inspired abstraction for producing such systems should be identified. Although the findings offered by neuroscience research should be taken serious, there is a need to understand the constraints offered by computer hardware and software. Greater concentration should be given to dynamic network architectures that can alter their structure based on experience by either using elaborate circuitry or constant network modification. Finally, a more comprehensive understanding of the brain and the central nervous system is critical to achieve better biologically inspired adaptive computing systems.

References

1. P. András. The role of brain chaos. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

2. R. Assadollahi and F. Pulvermüller. Neural network classification of word evoked neuromagnetic brain activity. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

3. J. Austin. ADAM: A distributed associative memory for scene analysis. In Proceedings of First International Conference on Neural Networks, page 287, San Diego, 1987.

4. J. Austin. Matching performance of binary correlation matrix memories. In R. Sun and F. Alexandre, editors, Connectionist-Symbolic Integration: From Unified to Hybrid Approaches. Lawrence Erlbaum Associates Inc, New Jersey, 1997.

5. J. Austin and S. O’Keefe. Application of an associative memory to the analysis of document fax images. The British Machine Vision Conference, pages 315–325, 1994.

6. J. Austin and T. Stonham. An associative memory for use in image recognition and occlusion analysis. Image and Vision Computing, 5(4):251–261, 1987.

7. H. Bartsch, M. Stetter, and K. Obermayer. On the influence of threshold variability in a mean-field model of the visual cortex. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

8. A. Basso, M. Gardelli, M. Grassi, and M. Mariotti. The role of the right hemisphere in recovery from aphasia: Two case studies. Cortex, 25:555–566, 1989.

9. J. Binder. Functional magnetic resonance imaging of language cortex. International Journal of Imaging Systems and Technology, 6:280–288, 1995.

10. R. Bogacz, M. Brown, and C. Giraud-Carrier. A familiarity discrimination algorithm inspired by computations of the perirhinal cortex. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

11. R. Borisyuk, G. Borisyuk, and Y. Kazanovich. Temporal structure of neural activity and modelling of information processing in the brain. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

12. J. Bryson and L. Stein. Modularity and specialized learning: Mapping between agent architectures and brain organization. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

13. G. Bugmann. Role of the cerebellum in time-critical goal-oriented behaviour:

Anatomical basis and control principle. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

14. S. Capp, D. Perani, F. Grassi, S. Bressi, M. Alberoni, M. Franceschi, V. Bettinardi, S. Todde, and F. Frazio. A PET follow-up study of recovery after stroke in acute aphasics. Brain and Language, 56:55–67, 1997.

15. D. Caragea, A. Silvescu, and V. Honavar. Analysis and synthesis of agents that learn from distributed dynamic data sources. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

16. M. Chady. Modelling higher cognitive functions with Hebbian cell assemblies. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

17. D. Chawla, E. Lumer, and K. Friston. The relationship between synchronization among neuronal populations and their mean activity levels. Neural Computation, 11:319–328, 1999.

18. G. Deco. Biased competition mechanisms for visual attention in a multimodular neurodynamical system. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

19. M. Denham. The dynamics of learning and memory: Lessons from neuroscience. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

20. S. Denham and M. Denham. An investigation into the role of cortical synaptic depression in auditory processing. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

21. S. Dodel, J.M. Herrmann, and T. Geisel. Stimulus-independent data analysis for fMRI. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

22. K. Doya. What are the computations of the cerebellum, the basal ganglia and the cerebral cortex? Neural Networks, 12(7-8):961–974, 1999.

23. J. Elman. Origins of language: A conspiracy theory. In B. MacWhinney, editor, The Emergence of Language, pages 1–27. Lawrence Earlbaum Associates, Hillsdale, NJ, 1999.

24. P. Érdi and T. Kiss. The complexity of the brain: Structural, functional and dynamic modules. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer- Verlag, Heidelberg, Germany, 2001.

25. M. Forcada and R. Carrasco. Finite-state computation in analog neural networks: Steps towards biologically plausible models? In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

26. A. Friederici. The developmental cognitive neuroscience of language: A new research domain. Brain and Language, 71:65–68, 2000.

27. L. Friedman, J. Kenny, A. Wise, D. Wu, T. Stuve, D. Miller, J. Jesberger, and J. Lewin. Brain activation during silent word generation evaluated with functional MRI. Brain and Language, 64:943–959, 1998.

28. C. Fulvi Mari. Modular auto-associators: Achieving proper memory retrieval. In S. Wermter, J. Austin, and D. Willshaw, editors, EmerNet: Third International Workshop on Current Computational Architectures Integrating Neural Networks and Neuroscience, pages 15–18. EmerNet, 2000.

29. M. Gazzaniga, R. Ivry, and G. Mangun. Cognitive Neuroscience: The Biology of the Mind. W.W. Norton Company Ltd, New York, 1998.

30. G. Green, W. Woods, and S. Manchanda. Representations of neuronal models using minimal and bilinear realisations. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

31. E. Guigon, P. Gramdguillaume, I. Otto, L. Boutkhil, and Y. Burnod. Neural network models of cortical functions based on the computational properties of the cerebral cortex. Journal of Physiology (Paris), 88:291–308, 1994.

32. D. Halliday. Temporal coding in neuronal populations in the presence of axonal and dendritic conduction time delays. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

33. T. Hansen and H. Neumann. Neural mechanisms for representing surface and contour features. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer- Verlag, Heidelberg, Germany, 2001.

34. T. Hansen, W. Sepp, and H. Neumann. Recurrent long-range interactions in early vision. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

35. S. Hanson, M. Negishi, and C. Hanson. Connectionist neuroimaging. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

36. D. Hebb. The Organization of Behaviour. Wiley, New York, 1949. 37. J. Henderson. Segmenting state into entities and its implication for learning. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational

Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

38. J. Hicks and P. Monaghan. Explorations of the interaction between split processing and stimulus types. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer- Verlag, Heidelberg, Germany, 2001.

39. A. Hodgkin and A. Huxley. Current carried by sodium and potassium ions through the membrane of the giant axon of Loligo. J. Phyiol., 116:449–472, 1952.

40. C. Huyuk. Cell assemblies as an intermediate level model of cognition. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

41. J. Kazer and A. Sharkey. The role of memory, anxiety and Hebbian learning in hippocampal function: Novel explorations in computational neuroscience and robotics. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

42. A. Knoblauch and G. Palm. Spiking associative memory and scene segmentation by synchronization of cortical activity. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

43. H. Krabe, A. Thiel, G. Weber-Luxenburger, K. Herholz, and W. Heiss. Brain plasticity in poststroke aphasia: What is the contribution of the right hemisphere? Brain and Language, 64(2):215–230, 1998.

44. D. Kustrin and J. Austin. Connectionist propositional logic a simple correlation matrix memory based reasoning system. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

45. G. Marcus. Plasticity and nativism: Towards a resolution of an apparent paradox.

In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

46. G. Martin, N., E. Saffran, and N. Dell. Recovery in deep dysphasia: Evidence for a relation between auditory - verbal STM capacity and lexical error in repetition. Brain and Language, 52:83–113, 1996.

47. G. Matsumoto, E. Körner, and M. Kawato. Organisation of computation in brainlike systems. Neural Networks, 26-27:v–vi, 1999.

48. J. McClelland and N. Goddard. Considerations arising from a complementary learning systems perspective on hippocampus and neocortex. Hippocampus, 6(6):655–665, 1996.

49. J. McClelland, B. McNaughton, and R. O’Reilly. Why there are complementary learning systems in the hippocampus and neocortex: Insights from the successes and failures of connectionist models of learning and memory. Pyschological Review, 102(3):419–457, 1995.

50. M. Mimura, M. Kato, M. Kato, Y. Santo, T. Kojima, M. Naeser, and T. Kashima.

Prospective and retrospective studies of recovery in aphasia: Changes in cerebral blood flow and language functions. Brain, 121:2083–2094, 1998.

51. H. Moisl. Linguistic computation with state space trajectories. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

52. G. Mpitsos, R. Burton, H. Creech, and S. Soinilla. Evidence for chaos in spiking trains of neurons that generate rhythmic motor patterns. Brain Research Bulletin, 21:529–538, 1988.

53. S. O’Keefe and J. Austin. An application of the ADAM associative memory to the analysis of document images. The British Machine Vision Conference, pages 315–325, 1995.

54. G. Palm, F. Schwenker, F.T. Sommer, and A. Strey. Neural associative memory.

In A. Krikelis and C. Weems, editors, Associative Processing and Processors. IEEE Computer Society, Los Alamitos, CA, 1997.

55. S. Panzeri, E. Rolls, F. Battaglia, and R. Lavis. Simulation studies of the speed of recurrent processing. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer- Verlag, Heidelberg, Germany, 2001.

56. T. Pearce, P. Verschure, J. White, and J. Kauer. Robust stimulus encoding in olfactory processing: Hyperacuity and efficient signal transmission. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

57. A. Pérez-Uribe. Using a time-delay actor-critic neural architecture with dopaminelike reinforcement signal for learning in autonomous robots. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

58. J. Reggia, Y. Shkuro, and N. Shevtsova. Computational investigation of hemispheric specialization and interactions. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

59. R. Reilly. Collaborative cell assemblies: Building blocks of cortical computation. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

60. M. Rugg. Introduction. In M. Rugg, editor, Cognitive Neuroscience, pages 1–10.

Psychology Press, Hove East Sussex, 1997.

61. A. Rust, R. Adams, S. George, and H. Bolouri. Towards computational neural systems through developmental evolution. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

62. S. Schultz, H. Golledge, and S. Panzeri. Sychronisation, binding and the role of correlated firing in fast information transmission. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

63. L. Shastri. SMRITI: A computational model of episodic memory formation inspired by the hippocampus system. In S. Wermter, J. Austin, and D. Willshaw, editors, EmerNet: Third International Workshop on Current Computational Architectures Integrating Neural Networks and Neuroscience, pages 7–10. EmerNet, 2000.

64. L. Shastri. Biological grounding of recruitment learning and vicinal algorithms in long-term potentiation. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

65. S. Song, K. Miller, and L. Abbott. Competitive Hebbian learning through spiketiming dependent synaptic plasticity. Nature Neuroscience, 3:919–926, 2000.

66. M. Spitzer. The Mind Within the Net: Models of Learning, Thinking and Acting.

MIT Press, Cambridge, MA, 1999.

67. D. Sterratt. Locus olfaction synchronous oscillations in excitatory and inhibitory groups of spiking neurons. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

68. J. Taylor. Images of the mind: Brain images and neural networks. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer-Verlag, Heidelberg, Germany, 2001.

69. A. Treves and E. Rolls. Computational analysis of the role of the hippocampus in memory. Hippocampus, 4(3):374–391, 1994.

70. M. Turner and J. Austin. Matching perfromance of binary correlation matrix memories. Neural Networks, 1997.

71. E. Warburton, C. Price, K. Swinnburn, and R. Wise. Mechanisms of recovery from aphasia: Evidence from positron emission tomography studies. Journal Neurol Neurosurg Psychiatry, 66:151–161, 1999.

72. C. Weber and K. Obermayer. Emergence of modularity within one sheet of neurons:

A model comparison. In S. Wermter, J. Austin, and D. Willshaw, editors, Emergent Neural Computational Architectures based on Neuroscience (this volume). Springer- Verlag, Heidelberg, Germany, 2001.

73. C. Weiller, C. Isensee, M. Rijntjes, W. Huber, S. Muller, D. Bier, K. Dutschka, R. Woods, J. Noth, and H. Diener. Recovery from Wernicke’s aphasia: A positron emission tomographic study. Ann Neurol, 37:723–732, 1995.

74. T. Wennekers and G. Palm. Cell assemblies, associative memory and temporal structure in brain signals. In R. Miller, editor, Time and the Brain: Conceptual Advances in Brain Research, Vol. 2. Academic Publisher, 2000.

75. D. Willshaw. Non-symbolic approaches to artificial intelligence and the mind.

Philos. Trans. R. Soc. A, 349:87–102, 1995.

76. D. Willshaw and J. Buckingham. An assessment of Marr’s theory of the hippocampus as a temporary memory store. Philos. Trans. R. Soc. Lond. [B], 329:205–215, 1990.

77. D. Willshaw, O. Buneman, and H. Longuet-Higgins. Nonholographic associative memory. Nature, 222:960–962, 1969.

78. D. Willshaw and P. Dayan. Optimal plasticity from matrix memories: What goes up must come down. Neural Computation, 2:85–93, 1990.

79. D. Willshaw, J. Hallam, S. Gingell, and S. Lau. Marr’s theory of the neocortex as a self-organising neural network. Neural Computation, 9:911–936, 1997.

80. D. Willshaw and C. von der Malsburg. How patterned neural connections can be set up by self-organization. Philos. Trans. R. Soc. Lond. [B], 194:431–445, 1976.

81. J. Wright and K. Ahmad. The connectionist simulation of aphasic naming. Brain and language, 59:367–389, 1997.

82. P. Zhou, J. Austin, and J. Kennedy. A high performance k-NN classifier using a binary correlation matrix memory. In Advances in Neural Information Processing Systems, Vol. 11. MIT, 1999.