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Abstract

Sensorimotor coordination has been an active research topic for both neuroscience and arti-

ficial intelligence over the last decade. For the visual guidance of movement to be efficiently

implemented in artificial systems, it is essential to understand the computational mecha-

nisms underpinning biological motor control. This thesis explores the development of vi-

suomotor coordination within a biologically inspired computational framework based on

spike-processing neural networks.

Firstly, we address the development in a self–organizing map of neural directional selectiv-

ity. As a result of the learning process and of the input patterns used, the network develops

a distributed representation of 12 directions of movement. The population code resulted is

analyzed using the population vector scheme and is compared with neurobiological data on

motor cortex organization.

Secondly, we propose a computational mechanism based on spike-timing dependent learn-

ing, for the transfer of directional information between a visual and a motor map. Learning

of the visuomotor mapping resides in the development of connection strengths that are de-

pendent on the similarity between the preferred directions of neurons in the two maps. The

computational mechanism and the neural behaviors resulted are discussed with respect to

their neurophysiological implications. We believe that biologically inspired modeling of

motor control development can be highly beneficial to the understanding of brain compu-

tations underlying movement control.



Acknowledgments

I would like to thank everybody who have supported me whilst I have worked towards

the completion of this thesis. Firstly, I would like to thank to my supervisor Ronan Reilly

for support and guidance he has provided during my work. I would like to thank to the

Enterprise Ireland for supporting financially my research during my work at University

College Dublin.

I would like to thank all my colleagues who have helped me to continue my research and

write this thesis: Colm Connolly, Rem Collier, Nikita Schmitt, Gina Joue. My special thanks

to Nikolinka Collier and Corina Sas for their continuous support and help while I have

worked for this thesis. I would also like to thank my parents for their understanding and

support whenever I have needed. Finnally, I would like to thank to my friend Octavian

Goga without whom I could have never been able to carry on this work.



Dedicated to my parents



Contents

Title Page . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . i

Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ii

Acknowledgments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iii

Dedication . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iv

Table of Contents . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iv

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ix

List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xi

1 Introduction 1

1.1 What is Computational Neuroscience? . . . . . . . . . . . . . . . . . . . . . . . 2

1.1.1 Why cognitive modeling? . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.1.2 Why spiking neurons? . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.2 Identifying difficult cognitive problems . . . . . . . . . . . . . . . . . . . . . . . 6

1.2.1 Neonatal imitation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.2.2 Visuomotor coordination . . . . . . . . . . . . . . . . . . . . . . . . . . 7

1.2.3 Cortical control of motion direction . . . . . . . . . . . . . . . . . . . . 9

1.3 The problem statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

1.4 Thesis outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

I Neurobiology and models of motor control of direction 13

2 Control of movement direction 14

2.1 Biological motor control . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.1.1 Distinction between planning and execution . . . . . . . . . . . . . . . 15

v



Contents

2.1.2 Motor planning in spatial coordinates . . . . . . . . . . . . . . . . . . . 17

2.1.3 Cortical encoding of movement direction . . . . . . . . . . . . . . . . . 19

2.1.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.2 Self–organizing maps . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.2.1 Principles of topographical maps organization . . . . . . . . . . . . . . 23

2.2.2 Characterization of sensory map layout . . . . . . . . . . . . . . . . . . 24

2.2.3 Motor map organization . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

2.2.4 Role of lateral connections . . . . . . . . . . . . . . . . . . . . . . . . . . 27

2.2.5 The Kohonen map . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

2.3 Models of cortical coding of directional selectivity . . . . . . . . . . . . . . . . . 34

2.3.1 Visual directional map formation . . . . . . . . . . . . . . . . . . . . . . 34

2.3.2 Models of motor control of directionality . . . . . . . . . . . . . . . . . 36

3 Visuomotor development 40

3.1 Sensorimotor coordination in biological systems . . . . . . . . . . . . . . . . . . 41

3.1.1 The classical approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.1.2 New theories of visuomotor coupling . . . . . . . . . . . . . . . . . . . 45

3.2 Neurobiological bases of visuomotor coordination . . . . . . . . . . . . . . . . . 50

3.2.1 Gradient architecture of parieto–frontal network . . . . . . . . . . . . . 51

3.2.2 Gain field mechanisms for coordinate transformation . . . . . . . . . . 52

3.2.3 Combinatorial properties of neurons . . . . . . . . . . . . . . . . . . . . 54

3.3 Biologically inspired models of visuomotor mapping . . . . . . . . . . . . . . . 56

3.3.1 The developmental paradigm . . . . . . . . . . . . . . . . . . . . . . . . 57

3.3.2 Self–organizing and error–based mechanisms for direction mapping . 59

3.3.3 Models inspired by physiological data . . . . . . . . . . . . . . . . . . . 62

II SpikeNNS: a simulator for pulsed neural networks 66

4 Spiking neural model 67

4.1 Biological neuron physiology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

4.1.1 Neural components . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

vi



Contents

4.1.2 The action potential . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

4.1.3 Synapses . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

4.2 Computational and modeling aspects . . . . . . . . . . . . . . . . . . . . . . . . 70

4.2.1 Levels of detail in neural modeling . . . . . . . . . . . . . . . . . . . . . 71

4.2.2 Neural communication with spikes . . . . . . . . . . . . . . . . . . . . 74

4.2.3 Computational properties of spiking neurons . . . . . . . . . . . . . . . 77

4.3 Neural model in SpikeNNS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

4.3.1 Spike Response Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

4.3.2 Postsynaptic potential function . . . . . . . . . . . . . . . . . . . . . . . 81

4.3.3 Refractoriness . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

4.3.4 Coding of the input patterns . . . . . . . . . . . . . . . . . . . . . . . . 85

4.4 Learning with spiking neurons . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

5 SpikeNNS simulator: design and implementation 90

5.1 Implementation of SpikeNNS neural model . . . . . . . . . . . . . . . . . . . . 91

5.1.1 Design considerations . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

5.1.2 Activation and output functions - version 1 . . . . . . . . . . . . . . . . 93

5.1.3 Acceleration of the activation function - version 2 . . . . . . . . . . . . 95

5.2 Simulation of networks of spiking neurons . . . . . . . . . . . . . . . . . . . . . 97

5.2.1 Continuous vs. event–driven protocols . . . . . . . . . . . . . . . . . . 98

5.2.2 Optimization of the event–driven algorithm . . . . . . . . . . . . . . . 105

5.2.3 Learning framework . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

5.3 Description of simulator features . . . . . . . . . . . . . . . . . . . . . . . . . . . 115

5.3.1 Stuttgart Neural Network Simulator . . . . . . . . . . . . . . . . . . . . 115

5.3.2 Setting up a simulation with SpikeNNS . . . . . . . . . . . . . . . . . . 118

5.3.3 Learning parameters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123

III Applications 124

6 Models and results 125

vii



Contents

6.1 Self-organization of neurons in motor cortex for coding the direction of move-
ment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

6.1.1 Structure of the model . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127

6.1.2 Learning procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129

6.1.3 Training patterns . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131

6.1.4 Simulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134

6.1.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 135

6.1.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 144

6.2 Development of visuomotor alignment of directional codes . . . . . . . . . . . 146

6.2.1 Architecture of the model . . . . . . . . . . . . . . . . . . . . . . . . . . 148

6.2.2 Visual coding of movement direction . . . . . . . . . . . . . . . . . . . 149

6.2.3 Learning procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151

6.2.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 154

6.2.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159

7 Discussion and future directions 162

7.1 Neurophysiological implications . . . . . . . . . . . . . . . . . . . . . . . . . . . 162

7.1.1 Emergent vs. innate directional selectivity of motor cortical neurons . 162

7.1.2 More evidence for the importance of horizontal connections . . . . . . 165

7.1.3 Dynamics of single neuron activity in the motor cortex . . . . . . . . . 167

7.1.4 Theoretical significance of the visuomotor mapping model . . . . . . . 170

7.2 Applications and future directions . . . . . . . . . . . . . . . . . . . . . . . . . . 175

7.2.1 Transforming plans in actions . . . . . . . . . . . . . . . . . . . . . . . . 175

7.2.2 Future model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 178

7.2.3 The imitation challenge . . . . . . . . . . . . . . . . . . . . . . . . . . . 180

viii



List of Figures

2.1 Coding of movement in hand and joint coordinates . . . . . . . . . . . . . . . 18

2.2 Population coding of movement direction (Georgopoulos et al., 1982) . . . . . 20

2.3 Orientation map in the macaque cortex (Blasdel, 1992) . . . . . . . . . . . . . . 25

2.4 Self–organizing directional map (Farkaš and Miikkulainen, 1999) . . . . . . . 35
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