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Abstract

All higher organisms are able to in tegrate information from m ultiple sensory mo dalities and

use this information to select and guide mo v emen ts. In order to do this, the cen tral nerv ous

system (CNS) m ust solv e t w o problems: (1) Con v erting information from distinct sensory

represen tations in to a common co ordinate system, and (2) in tegrating this information in a

sensible w a y . This dissertation prop oses a computational framew ork, based on statistics and

information theory , to study these t w o problems. The framew ork suggests explicit mo dels

for b oth the co ordinate transformation and in tegration problems, whic h are tested through

h uman psyc hoph ysics.

The exp erimen ts in Chapter 2 suggest that: (1) Spatial information from the visual and

auditory systems is in tegrated so as to minimize the v ariance in lo calization. (2) When the

relation b et w een visual and auditory space is arti�cially remapp ed, the spatial pattern of

auditory adaptation can b e predicted from its lo calization v ariance. These studies suggest

that m ultisensory in tegration and in tersensory adaptation are closely related through the

principle of minimizing lo calization v ariance. This principle is used to mo del sensorimotor

in tegration of proprio ceptiv e and motor signals during arm mo v emen ts (Chapter 3). The

temp oral propagation of errors in estimating the hand's state is captured b y the mo del,

pro viding supp ort for the existence of an in ternal mo del in the CNS that sim ulates the

dynamic b eha vior of the arm.

The co ordinate transformation problem is examined in the visuomotor system, whic h

mediates reac hing to visually-p erceiv ed ob jects (Chapter 4). The pattern of c hanges in-

duced b y a lo cal remapping of this transformation suggests a represen tation based on units

with large functional receptiv e �elds. Finally , the problem of con v erting information from

disparate sensory represen tations in to a common co ordinate system is addressed computa-

tionally (Chapter 5). An unsup ervised learning algorithm is prop osed based on the prin-

ciple of maximizing m utual information b et w een t w o top ographic maps. What results is

an algorithm whic h dev elops m ultiple, m utually-aligned top ographic maps based purely on

correlations b et w een the inputs to the di�eren t sensory mo dalities.
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Title: Professor

Thesis Co-Sup ervisor: T omaso P oggio
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Ac kno wledgmen ts

I thank Daniel W olp ert for reasons to o n umerous to men tion here. Without his men-

torship, encouragemen t, patience and creativit y there w ould b e no \psyc hoph ysics"

in this thesis. He made hard w ork enjo y able and exciting, and I doubt I will �nd suc h

a com bination of friend and collab orator in the future.

I thank Mic hael Jordan for pro viding an unparalleled training en vironmen t. I

learned more in his grueling three-hour lab meetings than in the rest of m y graduate

coursew ork com bined. Without his men torship there w ould b e no \computation" in

this thesis.

I thank Dic k Held, Emilio Bizzi and T omaso P oggio, for kindly serving as mem b ers

of m y thesis committe e. P eter Da y an pro vided helpful commen ts on the man uscript

and I b ene�tted from engaging discussions with Geo� Hin ton, who also made it

p ossible for me to write this thesis without w orrying ab out searc hing for a p ostdo ctoral

p osition.

All the mem b ers of Jordan lab pro vided an excellen t en vironmen t for researc h.

I esp ecially thank Flip Sab es for critical commen ts on the man uscript and friendly

moral supp ort during the last w eeks of writing, La wrence Saul for tutorials on sta-

tistical mec hanics, and T ommi Jaakk ola for letting me measure his head. Carlotta

Domeniconi pro vided man y hours of assistance in conducting exp erimen ts. Adee

Matan, who earned Jordan lab mem b ership b y alw a ys using our computers, deserv es

a sp ecial thanks for k eeping trac k of m y progress and men tal sanit y .

I thank Da vid P o epp el for egging me on to defend early and for b eing just as

stressed as I w as during our last few da ys. John Houde w as m y dietary advisor

during the thesis and tra v el companion throughout graduate sc ho ol. I thank James

Thomas for distracting me late at nigh t with horror stories and go o d m usic while I

w as trying to write m y dissertation. Thanks to Gregg Solomon for advice on writing

Ac kno wledgmen t sections.

I thank Jan Ellertsen for guiding me through the tortuous road of academic re-

quiremen ts. I am grateful to Marney Sm yth for dedicating man y hours to helping

me with slides and �gures. Ellie Bonsain t pro vided sup erb administrativ e supp ort

throughout m y graduate education, and P at Cla�ey trac k ed do wn man y obscure ar-

ticles for me.

I ha v e enjo y ed graduate sc ho ol imme nsely , mostly due to the w onderful en viron-

men t pro vided b y the studen ts in the program. I thank eac h of them for their indi-

vidual gift in making this departmen t unique. I am grateful to the McDonnell-P ew

F oundation for supp orting m y studies in this departmen t.

I esp ecially w an t to thank Azita Ghahramani for letting me crash at her place for

5 y ears while doing a PhD, and for b eing the most w onderful sister and housemate,

and Monica Biagioli for moral supp ort and making m y last few mon ths here v ery

sp ecial.





Biographical note

Although m y family is originally from Shiraz, Iran, I w as b orn in Mosco w on F ebruary

8

th

, 1970. After four y ears in Russia, m y family mo v ed bac k to Iran for one y ear, and

then to Madrid, Spain. I liv ed in Spain and attended the American Sc ho ol of Madrid

from 1976 un til m y high sc ho ol graduation in 1986. I then w en t to Philadelphia to

study at the Univ ersit y of P ennsylv ania, where I obtained a B.A. in Cognitiv e Science

and a B.S.E. in Computer Science. In 1990 I en tered the do ctoral program in Brain

and Cognitiv e Sciences at MIT.





T o my father,

for al l the joy he br ought me.





Con ten ts1 Introduction 19
1.1 Outline of the Thesis : : : : : : : : : : : : : : : : : : : : : : : : : : : 22

I In tegration 252 Integration and Adaptation of Visual and Auditory Maps 27
2.1 In tro duction : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 27

2.2 Bac kground : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 29

2.2.1 Psyc hoph ysics : : : : : : : : : : : : : : : : : : : : : : : : : : : 30

2.2.2 Neuroscience : : : : : : : : : : : : : : : : : : : : : : : : : : : 37

2.3 The Computational Mo del : : : : : : : : : : : : : : : : : : : : : : : : 42

2.3.1 In tegration : : : : : : : : : : : : : : : : : : : : : : : : : : : : 42

2.3.2 Adaptation : : : : : : : : : : : : : : : : : : : : : : : : : : : : 47

2.3.3 Related Mo dels : : : : : : : : : : : : : : : : : : : : : : : : : : 50

2.3.4 Summary : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 52

2.4 Ov erview of the Exp erimen ts : : : : : : : : : : : : : : : : : : : : : : 52

2.5 Exp erimen t 1: Lo calization of Visual, Auditory , and Visuo-auditory

Stim uli : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 54

2.5.1 Metho d : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 54

2.5.2 Results : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 59

2.5.3 Discussion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 61

2.6 Exp erimen t 2: Adaptation to a Visuo-Auditory Remapping : : : : : : 66

11



12 CONTENTS
2.6.1 Metho d : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 66

2.6.2 Results : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 67

2.6.3 Discussion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 68

2.7 Exp erimen t 3: Adaptation to Visuo-Auditory V ariance : : : : : : : : 75

2.7.1 Metho d : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 76

2.7.2 Results : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 77

2.7.3 Discussion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 78

2.8 Exp erimen t 4: Generalization of the Visuo-Auditory Map : : : : : : : 82

2.8.1 Metho d : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 83

2.8.2 Results : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 83

2.8.3 Discussion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 86

2.9 Con trols : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 88

2.9.1 Alternativ e Cues to Auditory Stim ulus Lo cation : : : : : : : : 88

2.9.2 P oin ting with the Left Hand : : : : : : : : : : : : : : : : : : : 89

2.10 Discussion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 90

2.10.1 Empirical �ndings : : : : : : : : : : : : : : : : : : : : : : : : : 93

2.10.2 Implications : : : : : : : : : : : : : : : : : : : : : : : : : : : : 94

2.10.3 Directions for future w ork : : : : : : : : : : : : : : : : : : : : 95

2.10.4 Conclusion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 963 An Internal Model for Sensorimotor Integration 97
3.1 In tro duction : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 97

3.2 Exp erimen t: Propagation of Errors in Sensorimotor In tegration : : : 98

3.3 App endix A: P aradigm : : : : : : : : : : : : : : : : : : : : : : : : : : 104

3.4 App endix B: Sim ulation : : : : : : : : : : : : : : : : : : : : : : : : : 106

I I Co ordinate T ransformations 1094 Representation of the Visuomotor Coordinate Transformation 111



CONTENTS 13

4.1 In tro duction : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 111

4.2 The Visuomotor Co ordinate T ransformation : : : : : : : : : : : : : : 112

4.2.1 Spatial Generalization : : : : : : : : : : : : : : : : : : : : : : 113

4.2.2 Con textual Generalization : : : : : : : : : : : : : : : : : : : : 115

4.2.3 Exp erimen tal Aims and Ov erview : : : : : : : : : : : : : : : : 117

4.3 Exp erimen t 1: Visuomotor Generalization to a One-P oin t Displacemen t 118

4.3.1 Metho d : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 120

4.3.2 Results : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 127

4.3.3 Discussion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 130

4.4 Exp erimen t 2: Visuomotor Generalization to a Tw o-P oin t Displacemen t 133

4.4.1 Metho d : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 134

4.4.2 Results : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 135

4.4.3 Discussion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 139

4.5 Exp erimen t 3: Con textual Generalization of the Visuomotor Map A : 141

4.5.1 Metho d : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 142

4.5.2 Results : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 146

4.6 Exp erimen t 4: Con textual Generalization of the Visuomotor Map B : 150

4.6.1 Metho d : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 150

4.6.2 Results : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 151

4.6.3 Discussion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 151

4.7 General Discussion : : : : : : : : : : : : : : : : : : : : : : : : : : : : 154

4.8 Conclusion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 1615 Learning Coordinate Transformations through Mutual Information163
5.1 In tro duction : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 163

5.2 Information-theoretic Unsup ervised Learning : : : : : : : : : : : : : : 165

5.2.1 Unsup ervised Learning : : : : : : : : : : : : : : : : : : : : : : 165

5.2.2 Information Theory : : : : : : : : : : : : : : : : : : : : : : : : 167

5.2.3 Previous approac hes : : : : : : : : : : : : : : : : : : : : : : : 168



14 CONTENTS
5.3 T op ographic Mutual Information : : : : : : : : : : : : : : : : : : : : 171

5.3.1 The cost function : : : : : : : : : : : : : : : : : : : : : : : : : 172

5.3.2 The learning algorithm : : : : : : : : : : : : : : : : : : : : : : 176

5.4 Exp erimen t: P olar and Cartesian Co ordinates : : : : : : : : : : : : : 178

5.5 Discussion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 1806 Conclusion 191



List of Figures

2-1 Visuo-auditory exp erimen tal setup : : : : : : : : : : : : : : : : : : : 56

2-2 Exp erimen tal paradigm : : : : : : : : : : : : : : : : : : : : : : : : : : 58

2-3 Av erage lo calization bias plotted as a function of stim ulus lo cation : : 60

2-4 Av erage v ariance of lo calization plotted as a function of stim ulus lo cation 62

2-5 Optimal mixing prop ortion for vision predicted b y minim um v ariance

in tegration : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 64

2-6 Adaptation as a function of trial n um b er : : : : : : : : : : : : : : : : 68

2-7 Auditory adaptation as a function of target lo cation : : : : : : : : : : 69

2-8 Visual adaptation as a function of target lo cation : : : : : : : : : : : 70

2-9 Auditory adaptation as a function of lo cation : : : : : : : : : : : : : 74

2-10 V ariance of lo calization as a function of session : : : : : : : : : : : : : 78

2-11 V ariance of lo calization as a function of stim ulus lo cation : : : : : : : 79

2-12 P attern of generalization : : : : : : : : : : : : : : : : : : : : : : : : : 84

2-13 Time course of generalization : : : : : : : : : : : : : : : : : : : : : : 85

2-14 Bias as a function of stim ulus lo cation for left-hand con trol : : : : : : 91

2-15 V ariance as a function of stim ulus lo cation for left-hand con trol : : : 92

3-1 The e�ect of mo v eme n t duration and external forces on the propagation

of bias and v ariance of the state estimate : : : : : : : : : : : : : : : : 101

3-2 Sim ulated bias and v ariance propagation from a Kalman �lter mo del

of the sensorimotor in tegration pro cess : : : : : : : : : : : : : : : : : 103

15



16 LIST OF FIGURES
3-3 Exp erimen tal apparatus com bining virtual visual feedbac k and planar

manipulandum : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 105

4-1 Sc hematic of some p ossible patterns of generalization : : : : : : : : : 119

4-2 Visuo-motor p erturbation setup : : : : : : : : : : : : : : : : : : : : : 121

4-3 Exp erimen tal paradigm : : : : : : : : : : : : : : : : : : : : : : : : : : 124

4-4 T argets and pre-exp osure p oin ting lo cations for Exp erimen t 1 : : : : 127

4-5 T arget acquisition time as a function of trial during the exp osure phase 128

4-6 Av erage c hange in p oin ting for the con trol group : : : : : : : : : : : : 129

4-7 Av erage c hange in p oin ting for the x -shift group : : : : : : : : : : : : 131

4-8 Av erage c hange in p oin ting for the y -shift group : : : : : : : : : : : : 132

4-9 Sc hematic of the p erturbation and the la y out of the 11 targets for

Exp erimen t 2 : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 135

4-10 T argets and pre-exp osure p oin ting lo cations for Exp erimen t 2 : : : : 136

4-11 T arget acquisition time as a function of trial during the exp osure phase 136

4-12 Av erage c hange in p oin ting for the Exp erimen t 2 con trol group : : : : 137

4-13 Av erage c hange in p oin ting for the y -shift group : : : : : : : : : : : : 138

4-14 Sc hematic of the exp osure phase of Exp erimen t 3 : : : : : : : : : : : 145

4-15 Changes in p oin ting as a function of starting p osition in Exp erimen t 3 147

4-16 Adaptation in the x direction plotted as a function of starting p oin t : 149

4-17 Change in p oin ting as a function of starting p osition in Exp erimen t 4 152

5-1 The basic mo del for m ultisensory in tegration : : : : : : : : : : : : : : 173

5-2 Learning curv es for the non-top ographic and top ographic m utual in-

formation algorithms : : : : : : : : : : : : : : : : : : : : : : : : : : : 179

5-3 Learning with the non-top ographic m utual information algorithm : : 181

5-4 Learning with the top ographic m utual information algorithm : : : : : 182



List of T ables

2.1 Summary of mo del predictions. : : : : : : : : : : : : : : : : : : : : : 73

2.2 Summary of alternativ e cues con trol exp erimen t. : : : : : : : : : : : : 88

4.1 Summary of the t w o-factor within-sub ject ANO V As for Exp erimen t 1 130

4.2 Summary of the t w o-factor within-sub ject ANO V As for Exp erimen t 2 137

4.3 Summary of the t w o-factor within-sub ject ANO V As for Exp erimen t 3 148

4.4 Summary of the t w o-factor within-sub ject ANO V As for Exp erimen t 4 153

17



18 LIST OF TABLES



Chapter 1

In tro duction

All higher organisms are able to in tegrate information from m ultiple sensory mo dal-

ities and use this information to select and guide mo v eme n ts. A t the onset, this

problem seems formidable. Information arriving in to eac h sense co des for disparately

di�eren t asp ects of the en vironmen t: Audition senses c hanges in pressure on the

eardrum, vision detects photons on the retina, the sense of smell recognizes individ-

ual molecules in the olfactory bulb. The cen tral nerv ous system accomplishes the

astonishing feat of extracting the commonalities in this information, and in tegrating

these in to uni�ed p ercepts. This seemless in tegration of information not only under-

lies p erception but also the pro duction of mo v em en t. The simple act of reac hing, for

example, ma y require con v ergence of information from the visual, proprio ceptiv e, and

motor systems.

The principles underlying sensorimotor in tegration|the abilit y to in tegrate infor-

mation from m ultiple sensory and motor systems|are the topic of this thesis. Tw o

goals are set regarding this topic. The �rst goal is to build a computational the-

ory of sensorimotor in tegration in the tradition of Marr (1982). While eac h sensory

mo dalit y and motor subsystem is distinct in its functioning, there are commonalities

in the problem of in tegrating m ultiple sources of information that can b e captured

within a computational framew ork. The second goal is to test, through psyc hoph ys-

19



20 Chapter 1. Introduction
ical exp erimen ts, the simple mo dels of sensorimotor in tegration that arise from this

computational framew ork. The predictions of these mo dels often transcend partic-

ular systems; w e therefore study in tegration in three distinct sensorimotor systems.

Chapter 2 in v estigates the in tegration of the visual and auditory systems when w e

lo calize an ob ject; Chapter 3 fo cuses on the sensorimotor system in v olv ed in trac king

the hand during mo v em en t; Chapter 4 fo cuses on the transformation from the visual

lo cation of an ob ject to the p oin ting resp onse required to reac h it.

The t w o goals of this thesis can b e form ulated as answ ers to t w o fundamen tal

questions:What is the problem of sensorimotor integration? The cen tral nerv ous sys-

tem (CNS) receiv es information from m ultiple sensory mo dalities and in tegrates these

sources in to uni�ed p ercepts and motor acts.

1

Can the problem of in tegrating m ultiple

information sources b e form ulated abstractly? I prop ose that the answ er is Y es|the

problem can b e p osed, in a meaningful w a y , within the closely related computational

framew orks of statistics and information theory .

The problem of in tegrating m ultiple sources can b e decomp osed in to t w o prob-

lems: Ho w to con v ert information in m ultiple disparate represen tations in to a com-

mon represen tation appropriate for in tegration, and ho w to com bine information that

is already in a common represen tation in an optimal w a y . The second problem|integration|is the fo cus of the P art I of this thesis. The �rst and p erhaps more

di�cult problem| coordinate transformation|is the fo cus of P art I I.How does the CNS solve the problem of sensorimotor integration? One

can deriv e sev eral mo dels of in tegration based on di�eren t computational criteria for

optimalit y . The mo dels capture simple in tuitiv e w a ys in whic h m ultiple information

sources could b e com bined in the CNS. F or example, less reliable sources could b e1
W e will review the evidence that suc h in tegration do es indeed o ccur in Chapter 2.



21

ignored in fa v or of more reliable sources. Can these mo dels appropriately c harac-

terize sensorimotor in tegration in the CNS? T o answ er this question a�rmativ ely ,

con v erging lines of psyc hoph ysical evidence are required. The series of exp erimen ts

in Chapters 2 and 3, are designed to test these mo dels in t w o distinct sensorimotor

systems.

There ma y b e no single principle underlying the in tegration of information from

m ultiple sources in the brain. W e start, ho w ev er, with the h yp othesis that there is

suc h a principle, and put this h yp othesis to test exp erimen tall y . The disadv an tage of

this theory-driv en approac h is that w e ma y easily b e wrong. The adv an tage is that,

in the pro cess of testing our h yp othesis, the questions b eing addressed are clari�ed

and extensions of the mo dels are suggested.

In viewing the h uman sensorimotor system from a computational p ersp ectiv e,

it is natural to ask what the adv an tages of designing a m ultisensory system ma y

b e.

2

The study of rob otics suggests three principal adv an tages of com bining m ultiple

information sources (Abidi and Gonzalez, 1992):

� Multiple sensors pro vide redundancy, whic h can reduce the o v erall uncertain t y

of sensory estimates and increase the reliabilit y in the case of sensor failure.

� Complementary information ma y b e gained from the di�eren t senses. By in-

tegrating information across sensors, it ma y b e p ossible to deriv e information

that is imp ossible to deriv e using eac h individual sensor (e.g. stereo vision).

� More timely information ma y b e obtained through parallelism, as eac h sensor

ma y ha v e a di�eren t latency .

Although all three factors ma y ha v e pla y ed a role selecting for m ultisensory systems2
W e use multisensory inte gr ation to refer to com bining information from di�eren t sensory mo dal-

ities. W e use sensorimotor inte gr ation to refer to using this information for the pro duction of

mo v emen t. The b oundary b et w een m ultisensory and sensorimotor in tegration is blurred b y the fact

that mo v emen t giv es rise to b oth rea�eren t sensory signals and copies of the motor e�erence signal

(see Chapter 3). W e o ccasionally use the t w o terms in terc hangeably to refer to the in tegration of

signals, regardless of their sensory or motor origin.



22 Chapter 1. Introduction
in biological organisms, w e fo cus on the �rst factor. In Chapters 2 and 3 w e sho w ho w

it is p ossible to quan tify exactly the reduction in uncertain t y arising from in tegrating

m ultiple sensors.

The rob otics literature also distinguishes b et w een di�eren t lev els of m ultisensory

in tegration (Abidi and Gonzalez, 1992). If the inputs from the di�eren t sensors are

sync hronized, and in the same co ordinate system, then they can b e com bined at thesignal level. F or example, t w o noisy radar signals can b e a v eraged to yield a clearer

signal. If the inputs are not necessarily in the same co ordinate frame but pro vide

distinct features at a higher lev el of represen tation, then they can b e com bined at

the feature level. F or example, using t w o hands a rob ot could feel di�eren t parts of

a ob ject|allo wing it to recognize the whole ob ject. Finally , if the information from

eac h sensor is represen ted as a logical prop osition or probabilit y , then the senses can

b e com bined at the symbol level. F or example, a distributed system consisting of

m ultiple rob ots could attempt to mak e a decision b y p o oling the opinions of eac h

rob ot in to a single opinion. The in tegration pro cesses w e study in this thesis can b e

considered to b e at the t w o lo w er, signal and feature, lev els of this hierarc h y . The fo cus

is not on the cognitiv e comp onen ts of com bining information from di�eren t sources

but on lo w lev el p erceptuomotor pro cesses. Th us, although sub jects w ere consciously

una w are of an y discrepancies b et w een inputs from di�eren t sensory mo dalities, their

p erceptuomotor system re
ected the e�ects of suc h discrepancies.

1.1 Outline of the Thesis

P art I of the thesis (Chapters 2 & 3) fo cuses on the problem of in tegrating information

from di�eren t sensory mo dalities. A computational framew ork for m ultisensory in te-

gration is deriv ed from statistical estimation theory in Chapter 2. In this framew ork,

the problem of in tegrating m ultiple mo dalities is closely tied to the problem of adapt-

ing to discrepancies b et w een mo dalities. A series of four exp erimen ts is describ ed in
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whic h the in tegration and adaptation of visual and auditory maps is examined using

a paradigm in whic h sub jects p oin t to visual, auditory , or com bined visuo-auditory

stim uli. The results of these exp erimen ts are compared to the predictions of the

di�eren t computational mo dels of in tersensory in tegration and adaptation.

The statistical estimation framew ork presen ted in Chapter 2 can b e used to deriv e

a mo del for the in tegration of proprio ceptiv e and motor e�erence signals during arm

mo v em en t. In this mo del, the CNS obtains an estimate of the p osition of the hand

b y com bining the outputs of an in ternal mo del, whic h sim ulates the dynamics of the

arm using the motor e�erence, and a sensory correction based on proprio ception.

Chapter 3 tests the predictions of this mo del in a sensorimotor in tegration task in

whic h sub jects estimate the lo cation of the hand after v arying distance mo v em en ts

under external forces. This paradigm is used to test for the existence of an in ternal

mo del in the CNS.

In the second part of this thesis I fo cus on the problem of co ordinate transfor-

mations. Chapter 4 examines ho w the visuomotor co ordinate transformation, whic h

con v erts the visual lo cations of ob jects in to co ordinates appropriate for mo v em en t,

is represen ted. One w a y in whic h this question can b e addressed is b y examining

the patterns of generalization that emerge from a limited remapping. Tw o questions

concerning visuomotor generalization are examined: (1) What c hanges in p oin ting

b eha vior emerge o v er the w orkspace subsequen t to a lo cal remapping? (2) Can the

visuomotor system b e taugh t to map one lo cation in visual space to t w o di�eren t

�nger p ositions dep ending on the starting p oin t of mo v em en t|and if so, ho w do es

this remapping generalize to other starting p oin ts?

Chapter 5 addresses the problem of learning co ordinate transformations. Sp ecif-

ically , ho w do es the CNS extract the information that is common to sev eral sensory

inputs, eac h co ded in its o wn represen tational system, and con v ert this information

in to a common represen tational system ? T o address this problem at the computa-

tional lev el, an unsup ervised learning algorithm is prop osed. This algorithm is deriv ed
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from an information-theoretic principle whic h states that a common represen tation

can b e obtained b y maximi zi ng the m utual information b et w een the sensory mo dal-

ities (Bec k er and Hin ton, 1992), while main taining a top ographic relation b et w een

the mo dalities. What results is an algorithm whic h learns m ultiple, m utually-aligned

top ographic maps based on correlations b et w een the inputs to the di�eren t sensory

mo dalities.



P art I

In tegration
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Chapter 2

In tegration and Adaptation of

Visual and Auditory Maps

2.1 In tro duction

A problem that all higher organisms face is ho w to in tegrate information from m ul-

tiple sensory mo dalities. Information of cen tral b eha vioral relev ance, suc h as the

lo cation of a predator, the b o dy's orien tation, or the linguistic iden tit y of an utter-

ance, often arriv es from di�eren t sensory mo dalities. When the senses giv e con
icting

information, whether as a result of inheren t distortions, noise, or exp erimen tal manip-

ulation, the cen tral nerv ous system (CNS) is faced with the problem of resolving this

disagreemen t. Ho w the CNS in tegrates sensory information is the primary question

p osed in this c hapter. When the disagreemen t b et w een t w o senses p ersists o v er time

it is usually a cue that one of the senses is miscalibrated; the CNS often resolv es this

long-term discrepancy through a pro cess of recalibration. This recalibration pro cess,

also kno wn as adaptation or remapping, is the second topic of this c hapter.

The basic thesis is that (1) the pro cesses of in tersensory in tegration and in ter-

sensory adaptation are inextricably link ed, and that (2) there is an underlying and

sensible principle that can c haracterize b oth pro cesses. The principle states that

27
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information is in tegrated in prop ortion to some measure of the reliabilit y of eac h

source. A more reliable source, suc h as vision for lo cating an ob ject straigh t-ahead

or audition for p erceiving the utterance of a sp eak er, is w eigh ted more hea vily than

other sources. When there is a long-term discrepancy , the reliabilit y of eac h source

is used to determine ho w m uc h it should adapt. The less reliable source is adapted

prop ortionately more than the more reliable source, ev en tually reac hing agreemen t

at some middle ground.

The principle of w eigh ting more reliable sources can b e deriv ed formally from

the statistical theory of estimation. In estimation theory , the goal is to estimate a

set of unkno wn parameters from noisy measuremen ts of some observ able v ariables

and a statistical mo del relating the parameters to the observ ables. F or example, the

parameter ma y b e the c hemical comp osition of a star and the observ ables sp ectral

measuremen ts, or the parameter ma y b e the lo cation of an underw ater fault and the

observ ables sonar readings. The principle unifying these div erse estimation problems

is that, giv en a mo del relating the parameters and the v ariables and some estimate

of the noise in eac h pro cess, there is an optimal w a y to fuse m ultiple sources of

information. The optimal fusion com bines all the sources, eac h w eigh ted b y its relia-

bilit y , de�ned as the in v erse of the v ariance of the noise in that source. The practical

applications of estimation theory are as widespread as is suggested b y its generalit y .

In this c hapter w e examine in tegration and adaptation of visual and auditory

information in h umans from the computational framew ork of estimation theory . Both

vision and audition pro vide information on the lo cations of ob jects in the en vironmen t.

It is kno wn that eac h mo dalit y main tains separate maps of space (Konishi et al.,

1988).

1

Ho w ev er, it is also clear that in certain areas of the CNS, information is

in tegrated from b oth mo dalities in to a common map (Wic k elgren, 1971). These

m ultisensory areas pla y a cen tral role in basic motor resp onses, suc h as saccadic ey e1
A spatial map is de�ned as a top ographic arrangemen t of cells whose receptiv e �elds are related

in an orderly manner to lo cations in space.
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mo v em en ts or orien ting head mo v emen ts (Sparks and Nelson, 1987). The problem

of m ultisensory in tegration addressed in this c hapter is therefore closely tied to the

problem of selecting a single motor resp onse to m ultiple sensory stim uli.

The outline of the c hapter is as follo ws. In the next section I pro vide selectiv e

reviews of the psyc hoph ysics and neuroscience literatures on m ultisensory in tegration

and visual and auditory adaptation. In section 2.3 I presen t a computational mo del,

based on optimal estimation theory , for the in tegration and adaptation pro cesses.

This mo del is tested empiricall y in the subsequen t sections. Section 2.4 pro vides an

o v erview of the exp erimen ts. Section 2.5 describ es the baseline exp erimen t examining

lo calization of visual, auditory , and visuo-auditory stim uli in the azim uth. Section 2.6

examines adaptation of visual and auditory maps to an exp erimen tally-induce d dis-

placemen t in the normal visuo-auditory relationship. Section 2.7 examines adapta-

tion to added v ariabilit y (zero-mean, constan t v ariance noise) in the visuo-auditory

relationship. Section 2.8 describ es ho w adaptation to an induced visuo-auditory dis-

placemen t at one p oin t generalizes to other lo cations in the azim uth. Section 2.9

describ es the con trol exp erimen ts. Finally , Section 2.10 summarizes the results of the

exp erimen ts in the con text of the optimal estimation mo del.

2.2 Bac kground

The in tegration of sensory mo dalities has b een studied extensiv ely within b oth psy-

c hology and neuroscience. This section reviews the relev an t bac kground literature

from b oth psyc hoph ysical and neuroscien ti�c approac hes to the study of m ultisen-

sory in tegration. Since the psyc hoph ysical exp erimen ts in this c hapter fo cus on the

in tegration of spatial information from auditory and visual mo dalities, a brief review

of the psyc hoph ysics of auditory and visual lo calization will also b e pro vided.
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2.2.1 Psyc hoph ysicsAuditory Localization
The abilit y to correctly orien t to auditory stim uli is presen t in h umans within the �rst

10 min utes after birth (W ertheimer, 1961). There are t w o t yp es of cues, monaural and

binaural, up on whic h this abilit y dep ends. Monaural cues arise from the sound �lter-

ing prop erties of the pinna (the outer ear) and from head mo v eme n ts. F or normally

hearing listeners, monaural cues act primarily to resolv e fron t-bac k am biguities (for

reviews of auditory lo calization in h umans see Sc harf & Houtsma, 1986 and Blauert,

1983). By far the most imp ortan t cues for auditory lo calization, esp ecially in the hor-

izon tal plane, are binaural. These can b e divided in to t w o classes: those arising from

in teraural time di�erences (ITD), and from in teraural in tensit y di�erences (I ID).

In teraural time di�erences arise b oth from the �ne structure of an acoustic signal,

in the form of phase di�erences, and from the coarse structure, in the form of di�er-

ences in arriv al time or acoustic signal en v elop e (de�ned as the amplitude mo dulation

of the w a v eform). Rough calculations based on the a v erage path b et w een the ears

(ab out 23 cm) and the v elo cit y of sound (344 m/s) rev eal that for signals ab o v e 750

Hz arising from one side, phase di�erence cues are am biguous b et w een lead and lag

(Sc harf and Houtsma, 1986). This am biguit y sets in at higher frequencies closer to

midline. Phase di�erence cues are therefore not reliable at high frequencies. On the

other hand, the cues based on arriv al time do not presen t suc h am biguities.

In teraural in tensit y di�erences arise from the �ltering prop erties of the head, whic h

can cause lev el di�erences b et w een the ears of up to 40 dB (i.e. a h undred-fold in tensit y

di�erence; Blauert, 1983). Since the head acts essen tially as a lo w-pass �lter, I ID

cues are most e�ectiv e at higher frequencies. In terestingly , I ID pro vides the b est cues

around 0

�

(straigh t-ahead) and 180

�

(F edderson et al., 1957). This is b ecause, ev en

though there is no I ID at 0

�

, the rate of c hange in I ID p er degree is highest around

0

�

.

T o a �rst appro ximation, the psyc hoph ysics of auditory lo calization are w ell c har-



2.2. Background 31

acterized b y the \dualit y theory ," whic h states that frequencies b elo w 2000 Hz are

lo calized based on ITD cues and frequencies ab o v e 4000 Hz are lo calized based on

I ID (Ra yleigh, 1907). The �rst clear quan titativ e supp ort for this theory w as giv en

b y Stev ens and Newman (1936) who examined lo calization errors as a function of

frequency , and found a p eak in errors b et w een 2000 Hz and 4000 Hz, with relativ ely

go o d p erformance b elo w and ab o v e this range. This suggests that neither binaural

cue w orks w ell in this transition region. Stev ens and Newman also sho w ed that lo cal-

ization w as b est for broad-band signals, suc h as clic ks (with an a v erage error of 8

�

)

and hisses (5 : 6

�

).

Mills (1958) used a di�eren t measure, the minim um audible angle (MAA), to

study the precision of lo calization. The MAA is de�ned as the smallest angle of

displacemen t of a sound source needed to tell whether the sound has mo v ed left or

righ t. V arying the stim ulus frequency from 250 Hz to 10 kHz and the lo cation from

0

�

to 90

�

in the azim uth in 15

�

in terv als, Mills found that the precision of lo calization

w as p o orest b et w een 1500 Hz to 2200 Hz and ab o v e 5000 Hz. Lo calization w as b est

at 0

�

for all frequencies with an MAA uniformly b elo w 4

�

, and b ecame monotonically

w orse a w a y from straigh t-ahead.

Mills' �ndings ha v e b een con�rmed since, and it is no w w ell established that

the sizes of errors and the resp onse v ariabilit y are smallest directly in fron t and

increase to w ards the p eriphery . F or example, Middlebro oks and Green (1991) rep ort

broad-band stim ulus lo calization errors of 2

�

to 3.5

�

directly in fron t in the azim uth,

increasing to as m uc h as 20

�

in some rear lo cations. Once a sound is audible its lev el

only marginally impro v es lo calization (Sc harf and Houtsma, 1986).Visual Localization
Sev eral factors con tribute to the abilit y to visually lo calize a stim ulus. Clearly , the

principal cue for visual lo calization is the retinal co ordinate of the stim ulus. The

spatial capabilities of the visual system v ary o v er the retina and across ligh ting con-
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ditions. The fundamen tal measure of the spatial capabilities is grating acuit y , mea-

sured b y testing whether sub jects can tell whether a small grated patc h has v ertically

or horizon tally orien ted bars. Y oung adults exhibit an a v erage grating acuit y of 42

cycles/degree (Wilson et al., 1990). Acuit y is highest at the fo v ea, at ab out 60 cy-

cles/degree (cp d) and falls o� to ab out 5 cp d at 30

�

eccen tricit y from the fo v ea. Visual

acuit y also v aries with ligh ting lev els, with a distinction b et w een the photopic system

dominated b y input from the cones concen trated in the cen tral region of the retina,

and the scotopic system, dominated b y input from the ro ds in the p eriphery (Sekuler

and Blak e, 1990). The photopic system op erates in higher ligh t conditions and has

high resolution and lo w sensitivit y (the abilit y to detect small amoun ts of ligh t); in

con trast, the scotopic system op erates in dim ligh t conditions and has lo w resolution

and high sensitivit y .

Unfortunately , though acuit y ma y de�ne the limits of the system it is hard to relate

it to a more naturally de�ned p erceptual or p erceptuomotor notion of lo calization.

A more direct measure of visuomotor lo calization is the accuracy of saccadic ey e

mo v em en ts to targets at v arious eccen tricities. V olun tary h uman saccades can range

in size from 3 min arc to 90

�

(Robinson, 1987). Primary saccades normally fall short

of their target b y ab out 10%; this app ears to b e a delib erate strategy of the saccadic

system whose purp ose is not kno wn (Bec k er & F uc hs, 1969; Henson, 1978, as review ed

in Robinson, 1987). The primary saccade is usually follo w ed b y a correctiv e saccade

that puts the ey e on target.

Visual lo calization can also b e measured through p oin ting mo v em en ts. T o p oin t

to a target, its retinal co ordinates m ust b e in tegrated with information on the ey e

p osition in the head, and head p osition relativ e to the b o dy , con v erting the lo cation

of the target in to b o dy-cen tered co ordinates appropriate for mo v em en t (Matin, 1986;

Andersen, 1987). These additional co ordinate transformations undoubtedly add some

biases and v ariabilit y to the measure of visual lo calization.
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The extensiv e psyc hoph ysical literature on in tersensory in teractions (review ed, for

example, in W elc h & W arren, 1986) rev eals that the p erception of a sensory input is

often mo dulated b y the inputs to a n um b er of other mo dalities. These in teractions

can often b e mediated through secondary causes. F or example, v estibular inputs can

a�ect the p erception of the lo cation of a sound (Clark and Gra ybiel, 1949; Gra ybiel

and Niv en, 1951; Lac kner, 1974b; Lac kner, 1974a) and the orien tation of a visually

displa y ed line (Da y and W ade, 1966) b y altering the p erceiv ed orien tation of the

b o dy with resp ect to gra vit y . W e will primarily review the in tegration of visual and

auditory stim uli, fo cusing on t w o classic phenomena, the \McGurk e�ect" (McGurk

and MacDonald, 1976) and the \v en trilo quism e�ect" (Ho w ard and T empleton, 1966),

whic h shed ligh t on the visuo-auditory in tegration in sp eec h p erception and spatial

lo calization, resp ectiv ely .The \McGurk e�ect." The \McGurk e�ect" w as the �rst clear demonstration

of the in
uence of vision on sp eec h p erception (McGurk and MacDonald, 1976).

Sub jects listened to sp ok en syllables while viewing the image of a p erson sp eaking a

di�eren t syllable, and ask ed to rep ort the iden tit y of the syllable heard. The p erceiv ed

syllable w as neither the one presen ted visually nor the auditory one, but in termediate

to the t w o. F or example, when listening to a syllable whic h in isolation they w ould

p erceiv e as \ba" while viewing a mouth pro ducing the syllable \ga," sub jects w ould

p erceiv e the syllable \da." This �nding has b een con�rmed and extended in man y

w a ys since. F or example, it has b een sho wn that the McGurk e�ect can b e mo dulated

b y the amoun t of noise in eac h c hannel (Sekiy ama and T ohkura, 1991). Nuclear

magnetic resonance imaging studies ha v e also b egun to prob e the neural substrate

for this e�ect, sho wing that the sigh t of the lips mo di�es activit y in the auditory

cortex (Sams et al., 1991).

Braida (1991) reviews the principal computational mo dels of in tegration that
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could accoun t for visuo-auditory (e.g. McGurk) and related auditory-tactile e�ects in

sp eec h. Tw o of the mo dels review ed are based on optimal in tegration from a statisti-

cal p ersp ectiv e, while the third is based on F uzzy Logic. In the \pre-lab elling" mo del,

the ra w sensory data is com bined across mo dalities b efore b eing categorized using a

m ultidim e nsional classi�cation algorithm; while in \p ost-lab elling" and the F uzzy

Logic mo del, the inputs are �rst categorized b y eac h mo dalit y and then in tegrated

using Ba y es' rule. Using syllable confusion matrices obtained from sev eral studies,

Braida con vincingly argues that while the p ost-lab elling and F uzzy Logic mo del can-

not easily accoun t for the data, the pre-lab elling mo del �ts the data w ell. Braida's

results for sp eec h p erception suggest that the approac h of predicting m ultisensory

p erformance from unisensory data and a statistically-based optimal pro cessing mo del

is fruitful.The \ventriloquisme�ect." The \v en trilo quism e�ect," a term coined b y Ho w ard

and T empleton (1966)

2

, is p erhaps the most commonly studied spatial illusion aris-

ing from the in tegration of visual and auditory stim uli. As suggested b y the name,

the e�ect arises when the p erceiv ed lo cation of a sound shifts in the direction of a

concurren t visual stim ulus. As with man y illusions, this e�ect re
ects some basic

prop erties of the p erceptual system; in the case of v en trilo quism this prop ert y is that

vision dominates in our p erception of space.

T o merge visual and auditory stim uli in space, t w o criteria seem to b e essen tial:

the stim uli should b e appro ximately sync hronous and their lo cations not to o dis-

tan t (Bregman, 1990). Visual and auditory stim uli up to 30

�

apart can b e merged

under conditions of go o d sync hron y (Jac k and Th urlo w, 1973). When the lo cation

of the sound is not fully captured b y the visual stim ulus, the sound is t ypically p er-

ceiv ed to b e b et w een the true and visual lo cation. The p erceiv ed lo cation of the visual

stim ulus, ho w ev er, is rarely altered b y the sound.2
This e�ect has also b een called \visual capture" (Ha y et al., 1965).
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A quan titativ e comparison of visual-auditory , visual-proprio ceptiv e, and auditory-

proprio ceptiv e in teractions yields an in teresting pattern of in tersensory biases (W elc h

and W arren, 1986). The visual bias on p erceiv ed proprio ceptiv e lo cation rep orted b y

Ha y et al. (1965) and subsequen t studies ranged from 60 to 75 % of the discrepancy ,

while the e�ect of proprio ception on vision ranged from 16 to 40 %. A 60 % bias

of vision on proprio ception signi�es that if vision and proprio ception are relativ ely

displaced (e.g. using prisms), the proprio ceptiv ely p erceiv ed lo cation of a lim b will

b e shifted b y 60% of the displacemen t to w ards the visual lo cation. In nearly all of

these studies the sum of these t w o e�ects w as not statistically di�eren t from 100 %.

When vision and audition are discrepan t the sound is heard near or at its seen lo ca-

tion (W elc h and W arren, 1986; Jac k and Th urlo w, 1973; Stratton, 1897a; Pic k et al.,

1969). This e�ect of vision on audition amoun ts to 40 to 80 % of the discrepancy . A t-

tempts to �nd a biasing e�ect of audition on vision ha v e had little or no success (Pic k

et al., 1969; W arren and Pic k, 1970). Proprio ceptiv e bias on audition ranged from

50 to 80 %, whereas auditory bias on proprio ception ranged from 1 to 18 % (Fisher,

1968; Pic k et al., 1969; W arren and Pic k, 1970).

The results for in tersensory bias correlate strongly with the lo calization acuit y

of the di�eren t senses. Fisher (1960) compared the acuit y of vision, audition, and

touc h/proprio ception b y ha ving sub jects reac h, without feedbac k, to targets within

eac h of these mo dalities. While it should b e noted that these acuit y measuremen ts

are in
ated b y v ariabilit y in the reac hing resp onse, the order of decreasing acuit y he

found, vision, proprio ception, follo w ed b y audition, re
ects the order of in tersensory

biases.

On the whole, the relation b et w een acuit y and in tersensory bias found in the

ab o v e studies is consisten t with the optimal estimation mo del of in tegration prop osed

in this c hapter. The theoretically app ealing relation b et w een acuit y and in tersensory

bias has b een noted b y man y researc hers in the past (Cho e et al., 1975; Fisher,

1968; Ho w ard and T empleton, 1966; Kaufman, 1974), who prop osed v arian ts of the
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\mo dalit y precision h yp othesis" (review ed b y W elc h & W arren, 1986). Under this

h yp othesis, in tersensory discrepancy will alw a ys b e resolv ed in fa v or of the more

precise of t w o mo dalities. The optimal estimation mo del is a formalization of the

mo dalit y precision h yp othesis. The mo del mak es mathematically explicit the relation

b et w een the acuit y , or more precisely , the reliabilit y , of a source and it's e�ect on the

sensory in terpretation of another source. This relation is deriv ed from an underlying

principle of optimal in tegration and allo ws quan titativ e predictions to b e made, for

example, on the spatial distribution of adaptation to visuo-auditory displacemen ts.Visuo-Auditory Adaptation
When a spatial discrepancy is in tro duced b et w een vision and audition, the auditory

mo dalit y adapts. Stratton (1897a, 1897b; review ed b y Blauert, 1983 and W elc h,

1978), rep orts in passing that when sub jects w ore ey eglasses that turned the visual

�eld upside do wn, auditory ev en ts w ere also in v erted as long as they remained in the

visual �eld. Although sub jects w ore the p erturbing ey eglasses for an extended p erio d

of time, this e�ect should not b e considered evidence for adaptation but rather for

\v en trilo quism" as no aftere�ects w ere rep orted. Evidence for short-liv ed adaptation,

in the form of an aftere�ect of visuo-auditory rearrangemen t, w as found b y Klemm

(1909, 1918) using a setup in whic h t w o microphones w ere placed in fron t of t w o

sound-generating hammer devices to the left and righ t of a sub ject. The signal from

the microphones w as presen ted to the opp osite ears via headphones and sub jects

w ere ask ed to judge whic h hammer the sound w as emanating from. With the ey es

op en, the lo cation of the sound w as captured b y the visual displa y of the hammer

and app eared on the same side as it. Up on closing the ey es, the sound con tin ued to

app ear to emanate from the side predicted b y the visual displa y|an aftere�ect|and

only gradually shifted to the opp osite side. Studies of visuo-auditory rearrangemen t

con tin ued with W o oster (1923) and Ew ert (1930) who, using prismatic displacemen ts

of vision, also sho w ed the p o w erful e�ect of an ob ject's visible lo cus on its apparen t
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auditory p osition.

Held (1955) conducted the �rst study that systematically sho w ed adaptation to

auditory displacemen ts. Using a pseudophone, a device consisting of t w o small hearing

aids connected via a rotatable ro d to miniature earphones in the sub ject's ears, Held

w as able to arbitrarily rotate the input in to the t w o ears relativ e to the head. He found

that a 22

�

displacemen t w as not only completely visually captured, but after sev eral

hours of exp osure while mo ving activ ely , induced a 10

�

shift in the p erceiv ed auditory

midline (i.e. the direction of sounds whic h sub jects judge to b e straigh t ahead). F rom

this and subsequen t studies, Held concluded that auditory adaptation results from

asso ciation b et w een in teraural time di�erences and mo v em en t of the b o dy or head.

Man y studies ha v e since in v estigated the e�ects of visual and auditory rearrange-

men t on auditory lo calization (e.g. Canon, 1970; Lac kner, 1973, 1974a; Radeau &

Bertelson, 1974; Shinn-Cunningham, 1994). Lik e Held's studies, these ha v e found that

adaptation seems to b e facilitated b y activ e mo v eme n t, although it can also o ccur in

its absence (Canon, 1970; Radeau and Bertelson, 1974). Summarizi ng W elc h (1978),

the basic e�ects of auditory-visual rearrangemen t can b e attributed to three p ossible

sources: (1) recalibration of in teraural di�erence cues, (2) shift in the felt p osition of

the head, and (3) sp eci�c c hanges in auditory-motor co ordination.

2.2.2 Neuroscience

The in tegration of information from m ultiple sensory mo dalities and the plasticit y

in the relationship b et w een the senses p ose in teresting problems for neuroscience.

Multisensory in tegration phenomena, suc h as visual capture and the McGurk e�ect,

suggest that information from m ultiple mo dalities, whic h arriv es to distinct areas

of the brain in v ery di�eren t represen tations, ev en tually con v erges at some common

lo cus in a common represen tation. Adaptation exp erimen ts imply that discrepancies

b et w een the senses and b et w een the predicted and sensed outcome of mo v em en ts

can cause rapid plastic c hanges in the functional organization of the nerv ous system.
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I will �rst selectiv ely review evidence for the con v ergence of visual, auditory and

proprio ceptiv e information in the CNS. I then turn to one of b est studied m ultisensory

and sensorimotor areas of the CNS: the sup erior colliculus. This area is esp ecially

relev an t to all the studies in this c hapter as it is though t to b e principal site of visual,

auditory and somatosensory con v ergence that mediates orien ting mo v eme n ts.Multisensory Neurons
Neurons whic h resp ond to inputs from more than one sense can b e found in m ultiple

areas of the brain. Some areas, suc h as the reticular formation whic h pla ys a primary

role in arousal, receiv e m ultisensory inputs of a nonsp eci�c nature. In other areas

the neural resp onses to inputs from di�eren t senses are related in a precise manner.

F or example, in higher visual cortex (i.e. V4) some neurons are tuned to sp eci�c line

orien tations whether they are presen ted as visible bars or as bars that are felt b y the

hand but not seen (Maunsell et al., 1989). Similarly , visual cells in parastriate cortex

(visual asso ciation areas 18 and 19) of the cat resp ond to acoustical stim ulation, with

auditory receptiv e �elds organized in a systematic w a y relativ e to the visual receptiv e

�elds (Morrell, 1972). This corresp ondence is not, ho w ev er, one-to-one: while the

visual receptiv e �elds w ere lo calized in b oth v ertical and horizon tal dimensions, the

acoustical receptiv e �elds w ere lo calized in the horizon tal dimension and elongated

in the v ertical dimension. Cells sensitiv e for mo ving stim uli had the same direction

selectivit y in b oth mo dalities.

W e will not pro vide a review of the literature on m ultisensory neurons but refer

the reader to Stein & Meredith (1993). Summarizi ng their review, neurons receiving

m ultisensory inputs ha v e b een found throughout the cortex, basal ganglia, v arious

regions of the cereb ellum, some n uclei of the thalam us, and the sup erior colliculus.



2.2. Background 39The Superior Colliculus
The sup erior colliculus, and its non-mammalian homologue, the optic tectum, is a

midbrain structure in v olv ed in atten tiv e and orien tation b eha vior (Stein and Mered-

ith, 1993; Kandel et al., 1991). The sup erior colliculus (SC) is comp osed of sev en

la y ers of cells, op erationally divided in to t w o parts: sup er�cial (la y ers I-I I I) and deep

(la y ers IV-VI I). The sup er�cial la y ers receiv e visual inputs b oth directly from the

retina and from visual cortex. The deep la y ers receiv e visual, somatosensory , auditory

and motor-related inputs (Wic k elgren, 1971; Harris et al., 1980; Stein and Meredith,

1993). Ov er 50% of neurons in the deep la y er are m ulti-sensory , with visuo-auditory

b eing the most common com bination (30% of total; Stein & Meredith, 1993). It is im-

p ortan t to note that m ultisensory con v ergence seems to tak e place at the deep la y er

neuron itself, most of whose inputs are unimo dal (Wic k elgren and Sterling, 1969).

The outputs of the sup erior colliculus pro ject to brain stem and spinal cord areas

directly in v olv ed in p ositioning the p eripheral sense organs. Though commonly con-

sidered part of the ey e mo v em en t con trol system, the SC in fact also pla ys a primary

role in orien ting mo v em en ts of the head, lim bs and, in sp ecies that can mo v e them,

ears and whisk ers (Harris et al., 1980; Sparks and Nelson, 1987; DuLac and Kn udsen,

1990; Guitton and Munoz, 1991; Stein and Meredith, 1993).

A fundamen tal problem faced b y the sup erior colliculus is that while auditory

information is represen ted in head-cen tered co ordinates, visual information is rep-

resen ted in retinal co ordinates. In order to main tain visual and auditory maps in

register as the ey es mo v e in orbit, one of three things m ust o ccur: either (1) the

visual receptiv e �elds dynamically reorganize to matc h the auditory map, (2) the

auditory receptiv e �elds dynamically reorganize to matc h the visual map or (3) one

or the other system is sh ut do wn to prev en t con
ict (P• opp el, 1973). Harris, Blak e-

more, and Donagh y (1980) found that in cats this problems is circum v e n ted though

a b eha vioral strategy: ev ery ey e saccade is follo w ed b y a head mo v em en ts so as to

main tain the ey es cen tered in orbit. Visual and auditory maps are therefore only
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momen tarily out of register. Ho w ev er, primates, including h umans, often main tain

their ey es �xated on p eripheral targets, and therefore the registration problem cannot

solv ed through this same b eha vioral strategy . In monk eys, Ja y & Sparks (1984) found

that auditory receptiv e �elds shifted with c hanges in ey e p osition, allo wing the maps

to remain in register. This raises the in teresting unansw ered question of ho w this

on-line dynamic reorganization tak es place.

Stein et al. (1989) studied visuo-auditory in tegration in the sup erior colliculus us-

ing a b eha vioral paradigm mo deled after neuroph ysiological exp erimen ts for record-

ing from collicular neurons. Cats w ere required to �xate directly ahead and orien t

to visual and auditory stim uli in one of three conditions. In the spatially-coinciden t

condition, sim ultaneous visual and auditory stim uli of v arying in tensities w ere pre-

sen ted at random lo cations, but with no discrepancy b et w een the visual and auditory

lo cation. They found that com bining stim uli enhanced the probabilit y of a correct

resp onse signi�can tly more than w ould b e predicted b y resp onses to unimo dal stim uli,

esp ecially at p eripheral lo cations where b oth mo dalities w ere less accurate. In the

spatially-disparate condition, animals w ere trained to orien t to visual stim uli while

ignoring auditory stim uli, and then tested with sim ultaneous visual and auditory

stim uli that w ere relativ ely displaced b y 60

�

. This condition resulted in a signi�can t

increase in errors in lo calizing the visual stim uli. On man y trials the animals mo v ed

directly to a p osition halfw a y b et w een visual and auditory stim uli, p ossibly indicating

the lo cus of an in tegrated signal. The third, spatial resolution, condition w as similar

to the spatially-disparate condition except that the visuo-auditory displacemen t w as

v aried randomly during testing. A systematic pattern of e�ects emerged. The audi-

tory stim ulus facilitated visual lo calization only when it w as displaced more laterally

(p eripherally) than the visual stim ulus, and inhibited visual lo calization when it w as

more medial.

These b eha vioral results are, on the whole, consisten t with the neuroph ysiological

data (Stein and Meredith, 1993). As predicted b y the spatially registered receptiv e
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�elds of m ultisensory neurons, spatially coinciden t stim uli pro duce enhancemen ts and

spatially disparate stim uli pro duce either depression or no e�ect. The results of the

spatial resolution condition can b e explained b y considering t w o facts: (1) the visual

targets at whic h the e�ect w as observ ed w ere lo cated at � 30

�

from cen ter and (2)

auditory receptiv e �elds in these lateral areas can b e quite large, extended from 20

�

to

120

�

in to the p eriphery . Therefore, an y auditory stim ulus lateral to the target w ould

enhance the visual activit y of a large p ortion of the p opulation of neurons enco ding

the correct lo cation, accoun ting for the enhancemen t observ ed.

Kn udsen and colleagues ha v e extensiv ely studied adaptation to visuo-motor and

visuo-auditory displacemen ts and their e�ects on the neural represen tations of space

in the optic tectum of the barn o wl. Kn udsen and Kn udsen (1989a,1989b) sho w ed

that prismatically-induced displacemen ts of visual space imp osed from birth, while

barely mo difying visual lo calization, induced signi�can t adaptation of auditory lo cal-

ization. This suggests that, in con trast to primates, o wls ha v e a relativ ely hard-wired

represen tation of visual space in the optic tectum. F urthermore, visual inputs, ev en

when incorrect (in the sense that they lead to consisten t motor errors), seem to re-

calibrate the represen tation of auditory space. In blind-reared o wls, the maps of

auditory space in the optic tectum dev elop ed abnormally , with erratic progressions in

the azim uth of receptiv e �elds, and erratic, stretc hed or upside-do wn represen tations

of elev ation (Kn udsen et al., 1991). This again suggests that the registration of visual

and auditory maps is largely determined b y visual exp erience. Recen tly , it has b een

found that adaptation of the auditory map in the optic tectum can b e attributed to

c hanges in one of its inputs, the inferior colliculus (Brainard and Kn udsen, 1993).

F urther researc h needs to b e done to determine the signal driving adaptation in the

inferior colliculus (c.f. the mo del prop osed b y P ouget, De�a y et & Sejno wski, 1995).

This and man y other questions on the neural basis of visuo-auditory adaptation are

curren t topics of researc h.
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2.3 The Computational Mo del

The presence of information common to m ultiple sensory mo dalities p oses t w o c hal-

lenging computational problems for the CNS. First, the signals from di�eren t mo dal-

ities m ust b e con v erted in to a common represen tation appropriate for fusion. Second,

using some sensible com bination rule, signals in this common represen tation m ust b e

fused. Clearly , these t w o problems need not b e solv ed sequen tially , or b y separate

neural pro cesses.

3

The �rst problem is the co ordinate transformation problem and

is the topic of P art I I of this thesis. In this section w e fo cus on the second problem,

the in tegration problem, assuming that the co ordinate transformation problem has

already b een solv ed.

2.3.1 In tegration

Consider n signals originating from separate mo dalities whic h ha v e already b een con-

v erted in to a common represen tation. The statistical estimation framew ork assumes

that eac h of these signals is a noisy measuremen t of some underlying quan tit y that is to

b e estimated, suc h as the lo cation of an ob ject. Eac h measuremen t, x

i

, i = f 1 : : : n g ,

results from a common underlying signal x

�

corrupted b y additiv e noise �

i

:

x

i

= x

�

+ �

i

: (2 : 1)

The goal is to estimate x

�

optimally from the measuremen ts. Optimalit y , de�ned

in the statistical sense of maximiz ing the lik eliho o d of the estimate giv en the data,

dep ends on the assumptions ab out the noise �

i

. Tw o cases can b e distinguished

dep ending on the nature of this noise.3
F or example, Braida's (1991) pre-lab elling mo del for the in tegration of sp eec h signals do es not

solv e these problems separately .
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If the noise in eac h signal is indep enden t from all the other noise sources, the lik eliho o d

of the measuremen ts giv en an estimate x

�

can b e factored:

L ( x

1

; : : : ; x

n

; x

�

) =

n

Y

i =1

p

i

( x

i

; x

�

) ; (2 : 2)

where p

i

( x

i

; x

�

) de�nes the statistical mo del for the noise pro cess corrupting measure-

men t i . T o obtain the maxim um lik eliho o d estimate (MLE) of x

�

it is often easier to

maximiz e the log of (2.2). Denoting the MLE of x

�

b y ^x , w e obtain

^x = arg max

x

n

X

i =1

log p

i

( x

i

; x ) : (2 : 3)

This is the general form of the maxim um lik eliho o d in tegration rule under an inde-

p enden t noise assumption.

W e fo cus on the mo del in whic h eac h noise source has a zero-mean Gaussian

distribution of di�ering v ariance �

2

i

,

4

denoted b y

p

i

( x

i

; x ) = N ( x; �

2

i

) =

1

p

2 � �

i

exp f� ( x

i

� x )

2

= 2 �

2

i

g : (2 : 4)

The log lik eliho o d rule (2.3) b ecomes

^x = arg min

x

n

X

i =1

( x

i

� x )

2

2 �

2

i

+ c (2 : 5)

where c is a constan t indep enden t of x and can therefore b e ignored. The maxim um

of (2.5), whic h can b e obtained b y setting its deriv ativ e with resp ect to x equal to 0,

is

^x =

n

X

i =1

�

� 2

i

x

i

P

n

j =1

�

� 2

j

=

n

X

i =1

w

i

x

i

; (2 : 6)4
Or in the m ultiv aria te case, co v ariance matrix �

i

. The univ ariate case will b e presen ted through-

out, though the m ultiv ariate extension is straigh tforw ard.
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where w

i

= �

� 2

i

=

P

n

j =1

�

� 2

j

. This rule states that the optimal estimate linearly com-

bines the signals, w eigh ted b y their in v erse v ariances. The v ariance of this estimate

is

�

2

^x

= (

n

X

i =1

�

� 2

i

)

� 1

; (2 : 7)

whic h is smaller than the v ariance of eac h of the signals and of an y other un biased

estimator. W e therefore refer to the estimator giv en b y (2.6) as the minimum varianceestimator (MVE).Non-independent noise
F actorization of the lik eliho o d is not in general p ossible if the noise sources are not in-

dep enden t. Ho w ev er, a sp ecial case of the non-indep enden t noise problem, correlated

Gaussian noise, is in teresting and tractable. De�ne x to b e the v ector [ x

1

; : : : ; x

n

] of

measuremen ts with co v ariance matrix V . The estimate is a linear com bination of the

measuremen ts,

^x = w T x; (2 : 8)

where w is the v ector of w eigh tings. The minim um v ariance estimator can b e obtained

b y minimi zing a cost function consisting of the v ariance of ^ x and a Lagrange m ultipli er

for the constrain t that the w eigh ts sum to 1:

C = w T

V w + � ( w T 1 � 1) ; (2 : 9)

where 1 is an n -dimensional v ector of ones and � is the Lagrange m ultipli er. The

minim um of C is obtained when w =

V

� 1 11T

V

� 1 1 : (2 : 10)



2.3. The Computational Model 45

F or example, for t w o Gaussian sources, x

1

and x

2

, with v ariances, �

2

1

and �

2

2

and

co v ariance �

12

, the MVE is

^x =

( �

2

2

� �

12

) x

1

+ ( �

2

1

� �

12

) x

2

�

2

1

+ �

2

2

� 2 �

12

: (2 : 11)Temporal integration
Un til no w w e ha v e examined in tegration across di�eren t mo dalities ignoring the tem-

p oral nature of man y sensorimotor in tegration problems. The optimal estimation

framew ork extends in a straigh tforw ard manner to in tegration o v er time.

5

Consider a single sensor receiving a sequence of measuremen ts x

t

and main taining

an estimate ^x

t

at time t . The minim um v ariance up date rule for ^x

t

can b e deriv ed

from (2.6) simply b y considering the previous estimate as another measuremen t:

^x

t

=

�

� 2

x

t

x

t

+ �

� 2

^x

t � 1

^x

t � 1

�

� 2

x

t

+ �

� 2

^x

t � 1

: (2 : 12)

The v ariance of the estimate follo ws the recursion

�

� 2

^x

t

= �

� 2

^x

t � 1

�

� 2

x

t

�

� 2

^x

t � 1

+ �

� 2

x

t

:

F or example, for a sequence of equal v ariance inputs w e obtain an in tegration rule of

the form:

^x

t

=

1

t + 1

x

t

+

t

t + 1

^x

t � 1

; (2 : 13)

with v ariance con v erging to zero at a rate of 1 =t .The Kalman Filter. A particularly useful and general form of estimator resulting

from the minim um v ariance fusion principle is the Kalman �lter (Kalman and Bucy ,

1961). This extends the framew ork w e ha v e describ ed in t w o w a ys. First, the v alue5
In engineering, estimation from sev eral static sources is sometimes referred to as sensor fusion ,

while dynamic (i.e. temp oral) estimation is referred to as �ltering .
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w e wish to estimate, kno wn as the state, is not constan t in time but dep ends on the

previous state through a linear dynamical equation:

x

�

t +1

= Ax

�

t

+ B u

t

+ v

t

; (2 : 14)

where u

t

is some input or con trol signal that w e can observ e and v

t

is zero mean noise.

Second, the measuremen ts observ ed, denoted b y y , are related to the state through

another linear equation:

y

t

= C x

�

t

+ w

t

; (2 : 15)

where w

t

is again zero mean noise. The basic idea of the Kalman �lter is that an

optimal estimate of the state, ^x

t +1

, can b e obtained b y fusing the input u

t

, the

observ ations y

t

, and the previous state estimate ^x

t

using a mo del of the dynamical

system. Based solely on the previous state, that is, b efore ha ving observ ed y

t

, the

b est estimate of ^x

t +1

is clearly giv en b y A ^x

t

+ B u

t

. Up on observing y

t

this estimate is

corrected via a term prop ortional to the error in the predicted observ ation, resulting

in the follo wing up date rule:

^x

t +1

= A ^x

t

+ B u

t

+ K

t

[ y

t

� C ^x

t

] :

The matrix K

t

is the Kalman gain, whic h w eigh ts the previous state estimate and the

new input in prop ortion to their in v erse v ariances. More sp eci�cally , if the v ariance

of v

t

is Q and the v ariance of w

t

is R , then the Kalman gain is

K

t

= [ A �

t

C

T

][ C �

t

C

T

+ R ]

� 1

where �

t

is the co v ariance of the state estimate. This co v ariance, in turn, satis�es

the follo wing recursion (kno wn as the Ricatti di�erence equation):

�

t +1

= A �

t

A

T

+ Q � K

t

[ C �

t

C

T

+ R ] K

T

t

:
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Note that substituting A = C = I , B = Q = 0, R = �

2

, and y = x

1

, w e obtain

(2.13).

The optimalit y of Kalman �lters can b e stated in t w o w a ys. If the noise is Gaus-

sian, the �lter pro vides the maxim um lik eliho o d (minim um v ariance) estimator in the

sense previously describ ed. Ho w ev er, if the noise is not Gaussian, the Kalman �lter

still pro vides the minim um v ariance linear estimator for the state (e.g. Go o dwin &

Sin 1984).

F rom the p oin t of view of neuroscience, an in teresting asp ect of the Kalman �lter

is that it incorp orates an in ternal mo del of the dynamics of the system b eing mo deled.

Based on computational principles alone, it has b een prop osed that the CNS uses an

in ternal mo del in motor planning, con trol and learning (e.g. Jordan & Rumelhart,

1992). Using the Kalman �lter to mo del the propagation of state estimation errors

during mo v em en t, it is p ossible to address the existence and use of an in ternal mo del

b y the CNS. This is the topic of Chapter 3.

2.3.2 Adaptation

When sev eral sensory sources that are b eing in tegrated consisten tly previde disagree-

ing information, it is p ossible that one of them is miscalibrated. The optimal strategy

for the nerv ous system in this case ma y b e to adapt the in terpretation of one of the

sources or to c hange the relativ e w eigh tings of the sources. In this section w e deriv e

a learning rule for adaptation from the optimal estimation framew ork. This learning

rule adapts eac h mo dalit y in prop ortion to the w eigh ting of the other mo dalities.

That is, for t w o mo dalities, the less dominan t one will adapt more than the more

dominan t one. In the limit of complete adaptation, b oth mo dalities will con v erge to

the minim um v ariance estimate.

Consider t w o signals, x

1

and x

2

with v ariances �

2

1

and �

2

2

. The minim um v ariance

estimator is giv en b y

^x = w

1

x

1

+ w

2

x

2
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where

w

1

=

�

2

2

�

2

1

+ �

2

2

and

w

2

= 1 � w

1

=

�

2

1

�

2

1

+ �

2

2

:

If the t w o signals consisten tly disagree, sa y b y a constan t o�set or bias, ho w m uc h

should eac h mo dalit y adapt to incorp orate this bias? The simplest sup ervised learning

rule, kno wn alternately as the delta rule, the Widro w-Ho� rule, or the the LMS

rule, and deriv able from the maxim um lik eliho o d framew ork using a Gaussian noise

assumption (Widro w and Ho�, 1960; Rumelhart and McClelland, 1986; Hertz et al.,

1991), states that if a true or target v alue is kno wn, then eac h input should b e

adapted in the direction of this target. Denoting the target v alue b y x

�

, and letting

� b e a small constan t of prop ortionalit y|the learning rate|then the delta rule can

b e written

� x

1

= � ( x

�

� x

1

) ;

where � x de�nes the c hange applied to x . In our m ultisensory mo del there is no ex-

plicit teac hing signal or target.

6

Ho w ev er, b y replacing the target with the minim um

v ariance estimate of x w e obtain the follo wing in teresting form of the delta rule

� x

1

= � ( ^ x � x

1

)

= � ( w

1

x

1

+ w

2

x

2

� x

1

)

= � ( w

2

x

2

� (1 � w

1

) x

1

)

= � w

2

( x

2

� x

1

) (2.16)6
The leads to the pr oblem of veridic ality (R. Held, p ersonal comm unication). If there is no explicit

error signal from the en vironmen t ho w can it b e assured that the sensory estimates b ear an y relation

to the quan tities b eing estimated? W e assume that although adaptation can o ccur based purely on

sensory discrepancies, the ultimate mec hanism that grounds sensory represen tations to the external

w orld dep ends on discrepancies b et w een the exp ected and p erceiv ed outcome of mo v emen ts (Held,

1962).
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W e will call the learning rule giv en b y (2.16) the weighted delta rule (WDR). It

states that eac h mo dalit y should adapt in the direction of the other in prop ortion to

w eigh ting giv en the other mo dalit y . F or example, if the t w o mo dalities are vision and

audition, then it predicts that the auditory map should adapt more in areas of space

and under conditions where the visual input is more dominan t.

Using t to denote time, the up date rule giv en b y (2.16) is

x

t

1

= x

t � 1

1

+ � w

2

( x

t � 1

2

� x

t � 1

1

)

It is easy to sho w that this rule main tains the minim um v ariance estimate in v arian t

o v er time

^x

t

= ^x

0

8 t > 0

and that b oth mo dalities will ev en tually con v erge on this optimal estimate

x

t

1

t !1

� ! ^x

t

= w

1

x

0

1

+ w

2

x

0

2

;

x

t

2

t !1

� ! ^x

t

= w

1

x

0

1

+ w

2

x

0

2

:

An alternativ e form of the w eigh ted delta rule can b e deriv ed simply b y stating

that eac h mo dalit y adapts in prop ortion to ho w v ariable it is. This rule,

� x

1

= � �

2

1

( x

2

� x

1

)

whic h w e will call the variance-weighted delta rule (VWDR), can b e deriv ed from

the maxim um lik eliho o d framew ork if eac h mo dalit y assumes that the other is its

target.

7

The v ariance-w eigh ted delta rule also main tains the minim um v ariance esti-

mate in v arian t o v er time, and con v erges with b oth mo dalities reac hing the minim um

v ariance estimate. In the case of t w o mo dalities, the only di�erence b et w een the7
Extensions of b oth the WDR and the VWDR can b e deriv ed for the n > 2 mo dalit y case under

v ery similar assumptions.
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WDR and the VWDR is that the normalization constan t in the w eigh ts in the WDR

has b een absorb ed in to the learning rate of the VWDR. Ho w ev er, as will b e sho wn in

Exp erimen t 2 of this c hapter, this di�erence can cause mark edly di�ering predictions

regarding the pattern of adaptation.

2.3.3 Related Mo delsCompetitive integration
The principles presen ted so far could b e termed cooperative, in the sense that an

estimate is obtained b y com bining the con tributions of all the sensory inputs. In

con trast competitive, or winner-take-all, principles capture the notion that in the

presence of disagreemen t, one of the senses ma y dominate and the others b e ignored.

Th us, for example, the comp etitiv e in tegration rule based on smallest v ariance can

b e stated as

^x = x

i

i� �

2

i

� �

2

j

8 j: (2 : 17)

Clearly , ^x will ha v e v ariance �

2

i

, whic h is generally higher than the v ariance of the

MVE.

As b efore, paralleling this in tegration rule is a comp etitiv e adaptation rule. Let-

ting i index the dominan t input (e.g. the input with the smallest v ariance) the learning

rule can b e written

� x

j

= � ( x

i

� x

j

) ; (2 : 18)

whic h is exactly the delta rule; the dominan t mo dalit y acts as a target for the non-

dominan t ones. In the case of vision and audition, for example, if w e assume that

vision is dominan t, the in tegration rule (2.17) predicts that in the presence of a

visuo-auditory discrepancy complete visual capture will o ccur (i.e. v en trilo quism ).

F urthermore, a p ersisten t discrepancy will induce auditory adaptation, but no visual

adaptation.
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A di�eren t form of comp etitiv e in tegration o ccurs if the CNS selects b et w een dis-

prepan t signals probabilistically . F or example, sim ultaneous visual and auditory

stim uli ma y cause a saccade to either of the t w o stim uli rather than to a lo cation

in b et w een. This form of in tegration, whic h w e will call stochastic integration, can

also b e based on a measure of v ariance or reliabilit y . F or example, if the probabilit y

of c ho osing signal i is in v ersely prop ortional to its v ariance

p

i

/ �

� 2

i

(2 : 19)

w e obtain

^x =

8

>

>

>

>

>

<

>

>

>

>

>

:

x

1

with prob. p

1

.

.

.

x

n

with prob. p

n

:

(2 : 20)

Note that the probabilities, when normalized, are exactly equal to the w eigh ts w

1

; : : : ; w

n

in the MVE, making this a sto c hastic v ersion of the minim um v ariance estimator.

8

The mean of this estimator is the MVE. The v ariance of this estimator is

�

2
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n

X
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p
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2
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1

2

n

X

i;j =1

p

i
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( � x
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� �x

j

)

2

; (2 : 21)

where �x

i

denotes the mean of x

i

. The second term in (2.21) captures the added

v ariance due to mean discrepancies b et w een the senses. Noting that this term is

non-negativ e and using (2.19) w e obtain that the v ariance is

�

2

^x

�

X

i

�

� 2

i

P

j

�

� 2

j

�

2

i

= n (

X

j

�

� 2

j

)

� 1

; (2 : 22)8
In fact, the distribution of this estimator de�nes a mixtur e mo del (Titterington et al., 1985), a

mo del commonly used in comp etitiv e learning (e.g. No wlan, 1991; Jacobs, et al. 1991).
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whic h is n times larger than the v ariance of the MVE. A further testable prediction

that this rule mak es is that the distribution of the estimates (i.e. resp onses) when t w o

sensory mo dalities are stim ulated will b e bimo dal, with the mo des predictable from

the resp onses to unisensory stim uli.

The adaptation rule consisten t with this in tegration rule uses the randomly se-

lected signal as the target for the other signals. This has the in teresting e�ect that,

while at eac h time step it uses a delta rule of the form of (2.18), the sto c hastic tar-

get selection e�ectiv ely renders it equiv alen t to (2.16) (the pro of follo ws from taking

the exp ectation of the target). As suc h, using this rule all the mo dalities will also

con v erge on the MVE.

2.3.4 Summary

Three computational mo dels of m ultisensory in tegration ha v e b een prop osed. The

minim um v ariance mo del com bines inputs in a statistically optimal w a y , w eigh ting

eac h b y a measure of its reliabilit y . The extension of this mo del to the dynamic

domain is kno wn as the Kalman �lter. The comp etitiv e mo del selects the input

with the highest reliabilit y while ignoring the other inputs. The sto c hastic mo del

selects probabilistically b et w een the inputs. Asso ciated with eac h of these mo dels

is a learning rule whic h can predict the pattern of adaptation resulting from the

in tro duction of an in tersensory discrepancy .

2.4 Ov erview of the Exp erimen ts

In the follo wing series of exp erimen ts I ha v e sough t to establish whether the compu-

tational mo dels of in tegration and adaptation prop osed in the previous section can

c haracterize h uman visuo-auditory lo calization. All of the prop osed mo dels are based

on the principle that m ultisensory b eha vior and the pattern and exten t of adaptation

can b e predicted from unisensory b eha vior. These predictions are quan titativ e and
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exact, whic h mak es the mo dels empiricall y falsi�able.

The common denominator of all the mo dels is their dep endence on a measure of

reliabilit y , related in v ersely to the v ariance in lo calization. Exp erimen t 1 measures

the biases (constan t errors) and v ariances (v ariable errors) in lo calization of visual,

auditory , and com bined visuo-auditory stim uli. Lo calization is assessed in the plane of

the azim uth using a p oin ting paradigm. Exp erimen t 1 can b e considered the baseline

from whic h predictions for all the subsequen t exp erimen ts will b e made. T o accoun t

for cross-sub ject v ariabilit y , sub jects in all subsequen t exp erimen ts also participated

in this baseline exp erimen t.

Exp erimen t 2 examines adaptation to a visuo-auditory displacemen t (an added

bias). It is kno wn that the v ariance in visual and auditory lo calization c hanges as a

function of lo cation in the azim uth. Based on this v ariance, eac h of the computational

mo dels predicts a di�eren t pattern of adaptation o v er the azim uth. The mo dels

will therefore b e tested b y comparing these predictions with the actual pattern of

adaptation obtained.

Exp erimen t 3 examines adaptation to a zero-mean, randomly v arying visuo-auditory

displacemen t (an added v ariance). Again, as the mo dels sp ecify in tegration and adap-

tation rules based on the v ariance in eac h mo dalit y , it is of in terest to examine the

e�ect of arti�cially c hanging the v ariance. If this added v ariance is in terpreted b y the

sensory system as a c hange in the reliabilit y of one or the other mo dalit y , the relativ e

w eigh tings of the mo dalities should c hange.

Exp erimen t 4 examines the pattern of generalization resulting from exp osure to a

visuo-auditory displacemen t at a single lo cation in the azim uth. Sim ultaneous visuo-

auditory stim uli are limited to this lo cation and generalization is measured through

p oin ting separately to visual and auditory stim uli across the azim uth. The motiv ation

for this exp erimen t is t w o-fold. First, lik e the pattern of adaptation, the pattern of

generalization predicted b y eac h mo del di�ers. Second, the pattern of generalization

can b e used to infer prop erties, suc h as lo calit y , of the represen tation of visuo-auditory
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space. Chapter 4 is dedicated en tirely to the issue of inferring the represen tation of an-

other co ordinate transformation|the visuo-motor transformation|from its pattern

of generalization.

2.5 Exp erimen t 1: Lo calization of Visual, Audi-

tory , and Visuo-auditory Stim uli

In order to establish the baseline bias and v ariance of lo calization w e used a senso-

rimotor paradigm in whic h sub jects p oin ted to visual, auditory , and visuo-auditory

stim uli.

2.5.1 Metho dSubjects
T en righ t-handed sub jects (6 male, 4 female; ages 18-27) participated in this exp er-

imen t. Sub jects w ere naiv e to the purp ose of the exp erimen t, ga v e their informed

consen t, and w ere paid $7.00 for participation. All sub jects had self-rep orted normal

or corrected-to-normal vision and normal hearing.Apparatus
The exp erimen tal setup w as designed to ac hiev e three goals: presen t visual stim uli,

presen t auditory stim uli, and record �nger p ositions (Figure 2-1). Visual stim uli w ere

presen ted b y pro jecting the Video Graphics Arra y (V GA) color displa y of a PC, using

a LCD pro jector (Sa y ett Media Sho w), on to a white screen ab o v e the exp erimen tal

table.

Auditory stim uli w ere presen ted using a small computer-con trolled buzzer (Radio

Shac k mo del 273-054; 300-500 Hz buzz, 75 dB sound pressure at 20cm) moun ted at the

end of a 36 cm ro d rotating ab out the p osition on the table directly b elo w the sub ject's
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c hin. The ro d w as hidden from view b y the sound-transparen t screen. Tw o mark ers

w ere moun ted on the end of the ro d nearest to the sub ject so that the ro d's angle could

b e monitored on-line using an Optotrak motion trac king system (describ ed b elo w).

The mark ers w ere visible to the Optotrak though a small windo w in the screen;

sub ject's vision of this windo w w as precluded b y the c hin-rest. A feedbac k con troller,

implem en te d in soft w are on the PC, p ositioned the ro d b y con trolling a b elt-geared

DC stepp er motor (Sup erior Electric SLO-SYN mo del M061; 0.15 deg/step with

gearing). The transmission b elt also serv ed to reduce audible noise from the discrete

stepping.

Finger p osition w as recorded at 200 Hz using an Optotrak 3020 motion trac king

system (Northern Digital, On tario). This w as ac hiev ed b y moun ting an infrared ligh t

emitting dio de (IRED) on the sub ject's righ t index �nger, the 3D p osition of whic h

w as monitored b y the Optotrak to within 0.1 mm. Similar mark ers w ere used for the

ro d. P oin ting resp onses w ere terminated b y the sub ject b y clic king on the button of

a PC trac kball held in the left hand.Calibration
Prior to eac h exp erimen t t w o forms of calibration w ere p erformed. First, the relation-

ship b et w een the t w o Optotrak mark ers moun ted on the ro d and the buzzer's angular

p osition w as calibrated. This pro cedure consisted of marking the appro ximate cen ter

of rotation of the ro d and the p osition of the buzzer at t w o angular settings of the

ro d, to the far left and far righ t. An iterativ e optimization algorithm then computed,

from these mark er p ositions, the b est �t (in the least-squared error sense) for the

actual cen ter of rotation, ro d length, and relation b et w een the t w o mark ers moun ted

on the ro d and the buzzer's angular p osition. Cross-v alidation tests ga v e an a v erage

calibration error under 0.2

�

.

The second form of calibration determined the mapping b et w een Cartesian co or-

dinates relativ e to the table and pixel p ositions of the pro jected image. A large grid of
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speaker

motor

projected image
IRED

Figure 2-1: Exp erimen tal setup. Sub jects are seated at a table with an Optotrak

mark er (IRED) moun ted on their righ t index �nger. On the table is a screen visual

images are pro jected. Directly b elo w the screen is a small sp eak er whose p osition is

con trolled b y a stepp er motor.
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sixteen p oin ts w as pro jected on to the screen and the actual p osition of eac h p oin t w as

mark ed in turn using an Optotrak mark er. A quadratic regression �t of x and y pixel

co ordinates to x and y mark er p osition w as then p erformed; the parameters of this

�t w ere used in the exp erimen ts to pro ject images accurately on to the plane of the

screen. The correlation of the �t w as alw a ys greater than 0.99 and cross-v alidation

tests ga v e an a v erage calibration error of less than 2.0 mm.Paradigm
Sub jects w ere seated at a table with their head resting on a c hinrest and an Optotrak

mark er moun ted on their righ t index �nger. The exp erimen t consisted of 12 sessions

of 35 trials eac h, with breaks b et w een eac h session. Eac h trial started with a 36 cm

radius blue arc pro jected on to the screen and a 2 cm white �xation cross straigh t

ahead (at 0

�

) on the arc (Figure 2-2). The cross then disapp eared and after a

100 ms dela y either a visual (V), auditory (A), or visuo-auditory (V A) stim ulus w as

presen ted. Visual stim uli w ere 0.5 cm hollo w white squares pro jected for 100 ms

on to the arc; auditory stim uli w ere 100 ms buzzes originating from b elo w the screen

directly underneath the arc; and V A stim uli w ere sim ultaneous com binations of V

and A stim uli from the same lo cation. Stim uli originated from 35 lo cations uniformly

spaced b et w een � 65

�

and 65

�

in the azim uth. Lo cations and stim ulus mo dalit y w ere

completely randomized: eac h lo cation w as tested 12 times and eac h mo dalit y 140

times throughout the exp erimen t.

The sub ject's task w as to p oin t to the lo cation of the stim ulus with his or her

righ t index �nger. As the sub ject mo v ed the �nger o v er the screen, a 0.8 cm square

cursor sp ot w as pro jected in the direction that the �nger p oin ted. The cursor sp ot

w as alw a ys at the same angle as the �nger mark er with resp ect to the cen ter of the

arc, but w as constrained to mo v e along the arc. The purp ose of this cursor w as

t w o-fold: (1) to prev en t fatigue due to the large p oin ting resp onses that w ould b e

necessary to reac h the arc with the �nger, and (2) to reduce v ariabilit y in p oin ting
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fixation

stimulus

pointing
response

Figure 2-2: Exp erimen tal paradigm.

b y pro viding a cursor for the sub ject to kno w the exact lo cation b eing p oin ted to.

Sub jects rapidly b ecame accustomed to p oin ting with this �nger cursor. When the

cursor w as p erceiv ed to p oin t accurately to the stim ulus lo cation, the sub ject pressed

the button of a mouse held in the left hand.

Sub jects w ere told that t w o things w ere essen tial: to k eep their ey es �xed on the

cross whenev er it w as presen t, and to try to resp ond as accurately as p ossible. It w as

emphasized that reaction-time did not matter. Sub jects w ere also told that V, A, and

V A stim uli w ould o ccur randomly and that they should attend to b oth mo dalities.

Instructions for all conditions w ere the same: \P oin t to the stim ulus lo cation." The

exp erimen t lasted a total of ab out 50 min utes, and w as preceded b y a practice session

consisting of 18 trials during whic h the instructions w ere explained.
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T o assess accuracy of lo calization the di�erence b et w een the actual stim ulus lo cation

and the sub ject's p oin ting resp onse, i.e. the lo calization error, w as c haracterized

b y its mean and v ariance. F or eac h condition and target lo cation, the mean and

standard error of the lo calization error w as a v eraged across sub jects and plotted.

This corresp onds to bias in lo calization. Lo calization v ariance w as computed b y

subtracting from the error the a v erage bias for that target and stim ulus lo cation.

These residuals w ere then squared, and their mean and standard error plotted. F or

presen tation clarit y some of the ra w data plots w ere also �tted with 8 degree-of-

freedom cubic smo othing splines using the Splus statistical pac k age (Cham b ers and

Hastie, 1992).

2.5.2 Results

Both vision and audition displa y ed consisten t patterns of lo calization bias (Figure 2-

3a & b). F or b oth mo dalities, bias w as not signi�can tly di�eren t from zero straigh t-

ahead, and increased monotonically to the righ t of straigh t-ahead.

9

Bias on the left

w as smaller for vision and displa y ed an erratic pattern for audition. A similar pattern

of auditory bias w as found for a di�eren t set of 10 sub jects in a pilot exp erimen t (not

sho wn). The strong left-righ t asymmetri es in bias displa y ed for all three stim ulus

conditions can b e mostly accoun ted for b y e�ects of p oin ting with the righ t hand (cf.

Left-hand p oin ting con trol, section 2.9.2).

The pattern of bias for visuo-auditory stim uli w as almost iden tical to the pattern

for visual stim uli (Figure 2-3c). When the three conditions are compared, the visuo-

auditory bias is sho wn to lie uniformly b et w een the visual and auditory bias for stim uli

on the righ t side. Again, the pattern on the left side is more erratic.

The v ariance of b oth visual and auditory lo calization w as smallest straigh t-ahead9
In all plots �90

�
represen ts the far left, 0

�
straigh t-ahead, and -90

�
the far righ t.
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Figure 2-3: Av erage lo calization error (bias) plotted as a function of stim ulus lo cation

(0

�

is straigh t ahead). Mean bias (�lled circles) is sho wn with 1 standard error (s.e.)

bars and smo othing spline �ts (mean � 1 s.e. curv es), for a) visual, b) auditory and c)

visuo-auditory stim uli. d) Comparison of bias in the three conditions: visual (solid),

auditory (dashed) and visuo-auditory (dotted).
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and increased mark edly to the p eriphery (Figure 2-4a & b). Visuo-auditory lo caliza-

tion displa y ed a pattern of v ariance almost iden tical to visual lo calization (Figure 2-

4c). Although visuo-auditory v ariance w as sligh tly lo w er that visual v ariance on the

righ t side, this di�erence w as not statistically signi�can t. Auditory v ariance in lo cal-

ization w as clearly m uc h greater than visual or visuo-auditory v ariance (Figure 2-4d).

2.5.3 Discussion

The measuremen t of lo calization bias and v ariance in this exp erimen t serv es three

purp oses. First, the results pro vide a picture of visual and auditory lo calization

whic h can b e compared to the existing literature. Second, b y comparing lo calization

of com bined visuo-auditory stim uli to lo calization of separate visual and auditory

stim uli, the mo dels of in tegration presen ted in this c hapter can b e tested. Third, the

results pro vide a p er-sub ject baseline from whic h adaptation can b e measured.

The picture of visual and auditory lo calization pro vided b y these data mak es it

clear that lo calization is b est straigh t-ahead for b oth vision and audition|a �nding

that is consisten t with the existing literature (Mills, 1958; Middlebro oks and Green,

1991). As sub jects w ere �xating on a p oin t straigh t-ahead, this e�ect in the visual

mo dalit y can b e attributed to stim ulus lo cation on the retina (e.g. the di�erences

b et w een fo v eal and p eripheral acuit y could accoun t for the e�ect). Ho w ev er, other

factors, suc h as the e�ect of attending to the �xation sp ot, or the added bias and

v ariance of the p oin ting resp onse, could also b e con tributing to the pattern observ ed.

F or the auditory mo dalit y , the e�ects of ey e p osition and head orien tation are con-

founded b y ha ving sub jects �xate straigh t-ahead. It has b een sho wn that ey e p osition

has a signi�can t e�ect on sound lo calization (Jones and Kabano�, 1975; Goldstein

and Rosen thal-V eit, 1926 as describ ed in Lac kner, 1974). Th us, the pattern observ ed

is most lik ely a com bination of the di�eren tial accuracy of lo calization in the azim uth

(e.g. Middlebro oks and Green, 1991) and the e�ect of �xation straigh t ahead.
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Figure 2-4: Av erage v ariance of lo calization plotted as a function of stim ulus lo cation

(mean � 1 s.e.) for a) visual, b) auditory , and c) visuo-auditory stim uli. d) Compar-

ison the of v ariance in the three conditions: visual (white squares), auditory (�lled

circles), and visuo-auditory (gra y triangles).
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The relativ e v ariances of visual and auditory lo calization suggest that, under an y

sensible principle of in tegration, vision will dominate o v er audition. As discussed in

the in tro duction ho w ev er, eac h mo del mak es di�ering predictions on the amoun t and

pattern of visual dominance. W e therefore examined whether the data obtained in

this baseline exp erimen t w ere consisten t with the predictions of the three mo dels of

in tegration: minim um v ariance in tegration, comp etitiv e in tegration, and sto c hastic

in tegration.Minimum variance integration. Under this mo del, the w eigh ting of eac h mo dal-

it y used for in tegration is dep enden t on lo calization v ariance. As lo calization v ariance

is a function of stim ulus lo cation, w e used the empiricall y-observ ed v ariances of vi-

sual and auditory lo calization to estimate the optimal w eigh ting function for vision

(Figure 2-5). The w eigh ts for vision and audition w ere estimated using (from equa-

tion 2.6):

w

vis

=

�

2

aud

�

2

aud

+ �

2

vis

w

aud

= 1 � w

vis

=

�

2

vis

�

2

aud

+ �

2

vis

: (2 : 23)

Although the v ariance of auditory lo calization is smallest around 0

�

, Figure 2-5

sho ws that it is relativ ely larger than the visual v ariance. Therefore, under minim um

v ariance in tegration, vision should b e most dominan t straigh t ahead. The ratio of

v ariances also suggests that vision is highly dominan t o v erall; the mean prop ortion

for vision is 0 : 913 � 0 : 005. Therefore, the mo del predicts that (1) visuo-auditory

resp onses will closely resem ble visual resp onses, p erhaps with small di�erences in the

p eriphery , and (2) adaptation will tak e place mostly in the auditory domain.

Although the second prediction is not addressed b y this exp erimen t, the data on

the lo calization of visuo-auditory stim uli address the �rst prediction. W e found that

b oth visuo-auditory bias and v ariance closely resem bled those of visual alone. The

small deviations from the visual pattern, esp ecially for lo cations on the righ t side, w ere

in the direction predicted b y minim um v ariance in tegration. That is, the bias w as
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shifted to w ards the auditory bias and the v ariance w as sligh tly smaller than the visual

v ariance. The magnitude of these shifts w as roughly consisten t with the predictions

of minim um v ariance in tegration; giv en a 0.9 w eigh ting of vision, minim um v ariance

predicts shifts in bias ranging from 0 to 0.3

�

and decreases in v ariances of at most

2 deg

2

. All di�erences v anished around 0

�

. The pattern on the left side w as more

erratic. Ov erall, the �nding that visuo-auditory patterns of bias and v ariance w ere

strikingly similar to visual patterns is consisten t with minim um v ariance in tegration.Competitive integration. Giv en the relativ e v ariabilities of visual and auditory

lo calization, the comp etitiv e in tegration mo del w ould clearly fa v or vision o v er au-

dition. P oin ting to visuo-auditory stim uli is therefore predicted to b e iden tical to

p oin ting to visual stim uli. The patterns of visuo-auditory bias and v ariance found

are therefore also consisten t with comp etitiv e in tegration.Stochastic integration. The sto c hastic mo del predicts that although visuo-auditory

bias will b e iden tical to visual bias, the v ariance will b e substan tially larger. Sp eci�-

cally , from equation (2.22) w e see that the predicted visuo-auditory v ariance is ab out

t wice the visual v ariance|a prediction that w as not supp orted b y the data.

Although the sto c hastic mo del w as inconsisten t with the pattern of visuo-auditory

lo calization, the almost complete dominance of vision precluded direct testing b et w een

the minim um v ariance and comp etitiv e mo dels. Direct testing of these mo dels and

their asso ciated adaptation rules is p ossible if a discrepancy is in tro duced b et w een

vision and audition. In the follo wing exp erimen t w e therefore studied adaptation to

a discrepancy b et w een vision and audition.
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2.6 Exp erimen t 2: Adaptation to a Visuo-Auditory

Remapping

Sub jects w ere exp osed to either a left w ard or righ t w ard shift in the relation b et w een

sim ultaneous visual and auditory stim uli. Adaptation w as assessed b y measuring an y

resulting c hanges in p oin ting to visual and auditory stim uli.

2.6.1 Metho dSubjects
T en righ t-handed sub jects (5 male, 5 female; ages 18-27) participated in this exp er-

imen t. Sub jects w ere naiv e to the purp ose of the exp erimen t, ga v e their informed

consen t, and w ere paid $7.00 for participation. All sub jects had self-rep orted normal

or corrected-to-normal vision and normal hearing.Paradigm
Except for the presence of a p erturbation, the paradigm w as essen tially iden tical to the

one used in Exp erimen t 1. The p erturbation w as absen t for the �rst 3 sessions (trials

1-105; pre-exp osure), w as in tro duced gradually , increasing linearly , during the 4

th

session (trials 106-140), and w as presen t in-full for the last 8 sessions (trials 141-420).

As b efore, only a third of the trials w ere visuo-auditory; the purely visual and auditory

trials throughout the exp erimen t could therefore b e used to assess adaptation.

The full p erturbation w as a 15

�

displacemen t b et w een the visual and auditory

lo cation of the stim uli. F or half the sub jects (Group 1) the auditory stim ulus w as

displaced to the left of the visual stim ulus; for the other half (Group 2), to the righ t.

T o accommo date these p erturbations without extending b ey ond the limits of the

setup, the range for all the visual stim uli w as decreased to � 60

�

to 60

�

.
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Adaptation in b oth visual and auditory lo calization w as analyzed as a function of time

and lo cation in the azim uth. T o assess the time course of adaptation, the mean bias �

1 s.e. for eac h session w as computed b y a v eraging o v er all target lo cations and sub jects

in eac h group. T o assess exten t of adaptation as a function of spatial lo cation, the

mean bias � 1 s.e. for eac h target w as computed b y a v eraging o v er trials 176{420 and

sub jects in eac h group. W e will refer to this as the post-exposure bias. The c hoice of

trial 176 (the b eginning of session 6) as a cut-o� w as made ad ho c, based on the notion

that it w ould tak e ab out 1 session after the onset of full p erturbation (session 5) for

p erceptible adaptation to o ccur; this c hoice w as main tained in all analyses of spatial

adaptation. The same analysis w as p erformed on trials 176{420 of Exp erimen t 1 to

establish a baseline measure of bias. The spatial pattern of adaptation w as computed

b y subtracting this baseline bias from the p ost-exp osure bias.

2.6.2 ResultsTime course of adaptation
The mean bias of lo calization for visual, auditory , and visuo-auditory stim uli is sho wn

as a function of trial n um b er in Figure 2-6. While visual lo calization did not c hange

signi�can tly o v er the time course of the exp erimen t (Figure 2-6a), auditory lo caliza-

tion shifted signi�can tly in the direction opp osite the p erturbation for b oth groups

(Figure 2-6b). F or Group 1 the mean shift (calculated b y subtracting the mean pre-

exp osure bias from the mean p ost-exp osure bias) w as 6.8 � 0.6

�

, while for Group 2

the mean shift w as 4.9 � 0.6

�

. The mean shift com bined o v er b oth groups w as 5.9

� 0.4

�

, accoun ting for 39% of the p erturbation.

The bias for the visuo-auditory condition, calculated relativ e to the lo cation of

the auditory stim ulus, clearly sho ws the e�ects of visual capture (Figure 2-6c). When

confron ted with a 15

�

discrepancy b et w een the lo cation of the visual and auditory
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Figure 2-6: Bias as a function of trial n um b er for a) visual, b) auditory and c) visuo-

auditory lo calization. The mean � 1 s.e. bias for Group 1 (solid circles) and Group

2 (hollo w circles) is plotted relativ e to the baseline bias calculated from trials 1{105

(dashed line). F or c) the bias is calculated relativ e to the lo cation of the auditory

stim ulus and the shifts therefore corresp ond to the e�ect of visual capture and not

adaptation (see text).

stim uli, sub jects p oin t to the visual stim ulus. F or Group 1 the mean shift w as 14.2 �

0.4

�

, while for Group 2 the mean shift w as 15.2 � 0.4

�

. Com bined o v er b oth groups

the mean shift w as 14.7 � 0.3

�

, not signi�can tly di�eren t from the 15

�

predicted b y

complete visual capture.Spatial pattern of adaptation
Adaptation as a function of target lo cation is sho wn in Figures 2-7 and 2-8 for the

auditory and visual mo dalities, resp ectiv ely . Auditory lo calization shifted in the

adaptiv e direction at almost all target lo cations, although the pattern w as v ariable.

Visual lo calization shifted sligh tly in the direction of greater absolute bias for b oth

groups. As the p erturbation w as in opp osite directions for the t w o groups, this shift

seems unrelated to the p erturbation.

2.6.3 Discussion

In tro duction of a displacemen t b et w een the lo cations of sim ultaneous visual and au-

ditory stim uli induced a signi�can t shift in auditory lo calization. That is, when
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auditory stim uli w ere presen ted alone, p oin ting had shifted to w ards the lo cation the

visual stim ulus w ould ha v e b een. These results are consisten t with the man y previ-

ously found accoun ts of auditory adaptation to visuo-auditory displacemen ts b oth in

h umans (Held, 1955; Canon, 1970; Lac kner, 1973; Radeau and Bertelson, 1974), and

in barn o wls (Kn udsen and Kn udsen, 1989a; Kn udsen and Kn udsen, 1989b).

In the visuo-auditory condition, sub jects p oin ted 14.7

�

in the direction of the

visual stim ulus relativ e to the auditory stim ulus. This w as not signi�can tly di�eren t

from the 15

�

shift (complete visual capture) predicted b y the comp etitiv e mo del of

in tegration. The minim um v ariance mo del assuming visual w eigh ting of 0.91 predicts

a shift of 13.7

�

shift, whic h, although comparable to the shift observ ed, is signi�can tly

di�eren t.

This di�erence ma y lead one to discard the minim um v ariance mo del in fa v or of the

comp etitiv e mo del. Ho w ev er, further evidence from this and subsequen t exp erimen ts

suggests that, con trary to the comp etitiv e mo del, visual and auditory stim uli are

indeed com bined, although p erhaps with a w eigh ting for vision that is greater than

0.91. Suc h an underestimate in the w eigh ting for vision ma y b e due to the fact that

v ariabilit y in p oin ting w as not factored out. That is, v ariabilit y due to the motor

resp onse ma y in
ate b oth visual and auditory lo calization v ariances, decreasing the

ratio of auditory to visual v ariance, and therefore the estimated w eigh ting for vision.

Sub jects w ere completely una w are of the p erturbation. After the exp erimen ts,

sub jects w ere explained the nature of the p erturbation and ask ed whether they had

noticed it; none rep orted ha ving noticed it. F urthermore, as the shifts w ere measured

in the absence of the visual stim ulus, they can b e considered aftere�ects in analogy

to the prism adaptation literature (W elc h, 1978). T ak en together, the presence of

signi�can t aftere�ects and sub jects' una w areness of the p erturbation can b e tak en as

evidence that the shifts found w ere true adaptation and not the result of conscious

strategies or \cognitiv e learning" (Redding and W allace, 1993; Bedford, 1993).

The computational mo dels of adaptation prop osed in the section 2.3 mak e v ery
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explicit predictions on the form of adaptation resulting from a visuo-auditory dis-

placemen t. W e no w examine these computational mo dels in ligh t of the observ ed

data.Delta Rule. The simplest mo del predicts that adaptation in eac h mo dalit y will b e

prop ortional to the displacemen t in tro duced:

� x

aud

= �

aud

( x

vis

� x

aud

)

� x

vis

= �

vis

( x

aud

� x

vis

) :

W e ha v e in tro duced t w o di�eren t learning rates, �

aud

and �

vis

, as it is clear that vision

and audition do not adapt equally to a displacemen t. Sp eci�cally , regarding our data

on auditory adaptation, this mo del predicts that adaptation will b e equal across all

lo cations of the azim uth. The comp etitiv e adaptation rule (2.18) is a v arian t of this

mo del where the visual mo dalit y do es not adapt at all ( �

vis

= 0). It therefore also

predicts that auditory adaptation will b e equal across lo cations in the azim uth.Weighted Delta Rule. This mo del, deriv able from the principle of minim um v ari-

ance in tegration (equation 2.16), predicts adaptation in eac h mo dalit y prop ortional

to the w eigh ting of the other mo dalit y:

� x

aud

= �w

vis

( x

vis

� x

aud

)

� x

vis

= �w

aud

( x

aud

� x

vis

) :

In this case, w e ha v e collapsed b oth learning rates in to one, � , as the fact that vision

adapts less than audition falls out of the w eigh ting of the t w o mo dalities. Sp eci�cally ,

referring to the empiricall y-deriv ed optimal w eigh ting function (Figure 2-5), the mo del

predicts that (1) audition will adapt most straigh t-ahead and least in the p eriphery ,

(2) con v ersely , vision will adapt most in the p eriphery and least straigh t-ahead, and
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Mo del Auditory Adaptation Visual Adaptation

Delta Rule equal ev erywhere equal ev erywhere

W eigh ted Delta Rule most around 0

�

least around 0

�

V ariance-W eigh ted Delta Rule least around 0

�

least around 0

�

T able 2.1: Summary of mo del predictions.

(3) visual adaptation will b e ab out 10 times smaller than auditory adaptation.Variance-Weighted Delta Rule. This mo del, also deriv able from the principle

of minim um v ariance in tegration (equation (2.6)), predicts adaptation prop ortional

to the v ariance of eac h mo dalit y:

� x

aud

= ��

2

aud

( x

vis

� x

aud

)

� x

vis

= ��

2

vis

( x

aud

� x

vis

) :

Referring to the v ariances of visual and auditory lo calization (Figure 2-4), the mo del

predicts that (1) audition will adapt least straigh t-ahead and most in the p eriphery ,

(2) similarly , vision will adapt least straigh t-ahead and most in the p eriphery , and

(3) visual adaptation will b e ab out 10 times smaller than auditory adaptation.

The predictions for all three mo dels are summarized in T able 2.1.

The exp erimen tal results are inconsisten t with the Delta Rule and the W eigh ted

Delta Rule, and fa v or the V ariance-W eigh ted Delta Rule. The auditory adaptation

plotted as a function of space sho ws a mark ed dip at 0

�

(Figure 2-9). Changes in

visual lo calization, though o v erall not signi�can t in the adaptiv e direction, are also

most pronounced in the p eriphery and v anish at 0

�

(Figure 2-8). The appro ximate

10:1 ratio of auditory to visual adaptation predicted b y the VWDR suggests that

vision w ould adapt b y ab out 4% of the p erturbation, or 0.6

�

. It is therefore lik ely

that, under this mo del, visual adaptation w ould ha v e b een to o small to observ e in

the data.

Exp erimen t 2 suggests that the pattern of visual and auditory adaptation ma y b e
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predicted from a simple mo del, based on optimal estimation principles, whic h states

that eac h mo dalit y adapts in prop ortion to its v ariance in lo calization. A natural

question whic h follo ws is whether in tegration and adaptation can b e a�ected b y an

explicit exp erimen tal manipulation of lo calization v ariance.

2.7 Exp erimen t 3: Adaptation to Visuo-Auditory

V ariance

The computational mo dels prop osed in section 2.3 all rely on a statistical measure of

reliabilit y based on the v ariance of lo calization. This measure is used to determine the

relativ e w eigh tings of vision and audition in b oth in tegration and adaptation. These

mo dels therefore suggest that if the reliabilit y of the mo dalities w ere exp erimen tall y

manipulated, the w eigh ts and e�ectiv e learning rates w ould adapt. In this exp erimen t

w e explored one asp ect of this h yp othesis b y in tro ducing v ariance in to the visuo-

auditory relationship and assessing an y c hanges in lo calization.

Exp erimen ts on adaptation to disarrangemen t (i.e. v arying p erturbations) ha v e a

long history in the visuomotor system, although studies in the auditory mo dalit y are

few. Adaptation to disarrangemen t w as �rst studied b y Cohen & Held (1960) who

sho w ed that exp osure to a prism, cyclically v arying in displacemen t from +22

�

to

� 22

�

at a rate of 1 cycle ev ery 2 min, failed to elicit visuomotor adaptation. Ho w ev er,

if the sub ject pro duced activ e lim b mo v eme n ts during prism exp osure, the v ariabilit y

in p oin ting increased. Similar results w ere found for random (non-cyclical) visuomotor

p erturbations (Efstathiou, 1963; Abplanalp and Held, 1965).

F reedman and colleagues conducted exp erimen ts on auditory disarrangemen t in

whic h sounds with random in teraural time di�erences w ere paired with head mo v e-

men ts (e.g. F reedman & Pfa�, 1962; F reedman & Zac ks, 1964; review ed in W elc h, 1978).

This led to an increase in the v ariabilit y in lo calizing unseen sounds after exp osure

during activ e mo v em en ts, but no c hange after exp osure in a passiv e condition. It is
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hard to ev aluate these results, as there is no reason the sensory system could in terpret

these signals as v ariable signals from one lo cus, rather than signals from man y �xed

lo ci or one mo ving lo cus|it is therefore not clear that the sensory system had an y

cue for rearrangemen t (W elc h, 1978).

In the follo wing exp erimen t sub jects w ere exp osed to a randomly-v arying dis-

placemen t b et w een the visual and auditory lo cations of visuo-auditory stim uli. The

p erturbation consisted of zero mean, constan t v ariance noise added to the lo cation of

one stim ulus (e.g. the auditory) in relation to the other stim ulus (e.g. the visual).

10

2.7.1 Metho dSubjects
Eigh t righ t-handed sub jects (5 male, 3 female; ages 18-27) participated in this ex-

p erimen t. Sub jects w ere naiv e to the purp ose of the exp erimen t, ga v e their informed

consen t, and w ere paid $7.00 for participation. All sub jects had self-rep orted normal

or corrected-to-normal vision and normal hearing.Paradigm
Except for the nature of the p erturbation, the paradigm w as iden tical to the one used

in Exp erimen t 2. F or all sub jects the p erturbation w as zero-mean, 10

�

standard devi-

ation (s.d.) Gaussian noise added to the relation b et w een vision and audition. That

is, on eac h trial a random n um b er w as indep enden tly generated from the Gaussian

distribution, and used as a displacemen t. The range of the visual stim uli w as k ept

constan t while the range of auditory stim uli accommo dated the p erturbation. P ertur-

bations w ere cut o� at 2 s.d. (20

�

) to a v oid v ery large displacemen ts that w ould fall

outside the exp erimen tal range or mak e the sub ject conscious of the discrepancies.10
Nothing in the exp erimen t distinguished whether the noise w as added to vision or audition|

noise w as added to the relation b etwe en the t w o.
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The actual v ariance of the truncated Gaussian noise w as therefore reduced to 77.5

deg

2

.

As in Exp erimen t 2, the p erturbation w as absen t for the �rst 3 sessions (trials 1{

105; pre-exp osure), w as increased linearly during the 4

th

session (trials 106{140), and

w as presen t in-full for the last 8 sessions (trials 141{420). Only a third of the trials

w ere visuo-auditory; the purely visual and auditory trials throughout the exp erimen t

could therefore b e used to assess adaptation.

2.7.2 Results

Adding 10

�

s.d. noise to the relationship b et w een visual and auditory stim uli did

not signi�can tly c hange the o v erall v ariance of visual or auditory lo calization (Fig-

ure 2-10a & b). Sp eci�cally , comparing sessions 6-12 to sessions 1-3, visual v ariance

increased b y 0.66 � 0.70 ( ns ), and auditory v ariance increased b y 0.56 � 5.6 ( ns ). On

the other hand, the v ariance of lo calizing visuo-auditory stim uli, whic h w as computed

relativ e to the lo cation of the visual stim ulus, increased signi�can tly b y 2.23 � 0.68

( p < 0 : 01). This corresp onds to an increase of 60 % o v er baseline (Figure 2-10c).

T o measure the reliabilit y of baseline v ariances computed from sessions 1-3, they

w ere compared to the a v erage v ariances in Exp erimen t 1 for the same group of sub-

jects. F or visual, auditory , and visuo-auditory stim uli, the baseline v ariances w ere

not signi�can tly di�eren t from the v ariances in Exp erimen t 1|the di�erences w ere

0.21 � 0.59, 4.7 � 5.4, and 0.74 � 0.63, resp ectiv ely for the three t yp es of stim uli.

The spatial pattern of lo calization v ariance for the three conditions, though hard to

in terpret due to the inheren t measuremen t noise, sho w ed an in teresting pattern on the

left side. While the v ariance of visual and visuo-auditory lo calization increased, the

v ariance of auditory lo calization decreased (Figure 2-11a, b & c; observ ational results,

no signi�cance test). F urthermore, the optimal mixing function computed from these

v ariances (c.f. equation (2.23)) decreased signi�can tly relativ e to the baseline ( p <
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Figure 2-10: V ariance as a function of session for a) visual, b) auditory and c) visuo-

auditory stim uli. Means (solid circles) and standard errors w ere computed b y a v-

eraging the v ariance o v er eac h session; the baseline v ariances (dashed lines) w ere

computed b y a v eraging o v er sessions 1-3.

0 : 01),

11

indicating an o v erall c hange in the relativ e prop ortions of visual and auditory

v ariance (Figure 2-11d).

2.7.3 Discussion

Increasing the v ariance in the relationship b et w een vision and audition did not in-

crease the o v erall lo calization v ariabilit y in either mo dalit y .

12

The o v erall v ariabilit y

in p oin ting to visuo-auditory stim uli did, ho w ev er, increase. Although this increase

w as substan tial (2.23 � 0.68; 60% of baseline), it w as min uscule compared to the

p erturbation (2.9% of the 77.5 deg

2

added v ariance). Since the p erturbation w as in

e�ect during visuo-auditory lo calization, an increase in v ariance indicates that despite

strong visual capture the auditory stim ulus had an e�ect on lo calization.

The spatial pattern of c hanges in v ariance seems to indicate that although the

v ariance of visual and visuo-auditory lo calization increased sligh tly in some regions,11
A t eac h lo cation, the di�erences and standard errors w ere used to compute a Z score. The mean

Z score w as 0.46 � 0.16, signi�can tly di�eren t from zero.12
Con trary to the �ndings of F reedman and colleagues (F reedman and Pfa�, 1962; F reedman

and Zac ks, 1964), w e did not observ e an increase in the v ariabilit y of p oin ting to auditory stim uli.

Ho w ev er, as w e ha v e already men tioned, the metho dology and assumptions of F reedman's studies

mak e direct comparison di�cult.
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Figure 2-11: V ariance of lo calization plotted as a function of stim ulus lo cation (mean

� 1 s.e.) for a) visual, b) auditory , and c) visuo-auditory stim uli. The baseline

condition (solid circles) computed from Exp erimen t 1 is sho wn along with the p ost-

exp osure condition (white squares). d) Optimal mixing prop ortion computed from

baseline (solid circles, up w ard error bars) and p ost-exp osure (white squares, do wn-

w ard error bars) v ariances.
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the v ariance of auditory lo calization decreased in those same regions. This e�ect is

translated in to a signi�can tly lo w er estimated optimal w eigh ting for vision. Suc h a

c hange in w eigh ting w ould ha v e t w o consequences: (1) a decrease in the magnitude of

visual capture, and (2) an increase in visual adaptation. The results in this exp erimen t

do not address these predictions. Ho w ev er, b oth these predictions can b e tested

in exp erimen ts where adaptation to added v ariance is follo w ed b y exp osure to a

consisten t visuo-auditory bias.Model predictions
The minim um v ariance mo del predicts that the v ariance in p oin ting to visuo-auditory

stim uli will b e

w

2

vis

�

2

vis

+ w

2

aud

�

2

aud

:

In the analysis, w e computed visuo-auditory v ariance relativ e to the lo cation of the

visual stim ulus; for this measure, the exp erimen tally added v ariabilit y is included in

the v ariance of the auditory stim ulus. The increase in visuo-auditory v ariance pre-

dicted b y the minim um v ariance mo del is therefore giv en b y w

2

aud

(� �

2

aud

). Assuming

a range of visual w eigh ting from 0.8 to 0.95, this giv es a predicted increase in v ariance

ranging from 0.2 to 3.1 deg

2

, comparable to the 2.23 deg

2

observ ed. In con trast, the

comp etitiv e mo del predicts no c hange in v ariance, and the sto c hastic mo del predicts,

for the same range of visual w eigh tings, a 3.9 to 15.5 deg

2

increase.

So far, w e ha v e discussed predictions regarding in tegration|i.e. the imme diate

c hanges in p oin ting resulting from visuo-auditory v ariabilit y . T o understand an y more

p ermanen t adaptiv e e�ects of increasing in tersensory v ariabilit y within the framew ork

of optimal estimation, w e recall that the w eigh ting giv en eac h mo dalit y is in v ersely

prop ortional to its estimated lo calization v ariance. Increasing v ariabilit y should in-

crease these estimated v ariances and ma y therefore alter the w eigh ting of the mo dal-

ities. Whic h mo dalit y the increased v ariabilit y is attributed to determines whic h di-

rection the w eigh ting will c hange. F or example, if the added v ariabilit y is attributed
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mostly to audition, visual dominance will increase. Ho w ev er, just as it is imp ossible

to kno w whic h sense is \correct," it is also imp ossible to kno w whic h to attribute the

v ariabilit y to. Nev ertheless, the optimal estimation framew ork suggests a means of

estimating the amoun t of increased v ariance attributable to eac h sense.

The com bined v ariabilit y b et w een the senses, �

2

vis-aud

, is assumed to originate from

the v ariabilit y in eac h sense, i.e. under the indep enden t noise assumption:

�

2

vis-aud

= �

2

vis

+ �

2

aud

:

W e wish to obtain estimates of �

2

vis

and �

2

aud

, denoted ^ �

2

vis

and ^ �

2

aud

, from this com bined

in tersensory v ariance. Noting that the MVE w eigh ts, w

vis

and w

aud

are de�ned as the

prop ortions of the in tersensory v ariance attributed to audition and vision resp ectiv ely ,

it is clear that the only self-consisten t estimates of the v ariances are:

^�

2

vis

= w

aud

�

2

vis-aud

^�

2

aud

= w

vis

�

2

vis-aud

:

An y other c hoice for the prop ortion attributed to eac h v ariance w ould result in a

con tradiction when �

2

vis-aud

= �

2

vis

+ �

2

aud

, i.e. when there is no exp erimen tally induced

v ariabilit y . If the in tersensory v ariabilit y is increased exp erimen tall y b y �

2

exp

, suc h

that �

2

vis-aud

= �

2

vis

+ �

2

aud

+ �

2

exp

, then eac h estimated v ariance will b e increased,

� ^ �

2

vis

= w

aud

�

2

exp

� ^ �

2

aud

= w

vis

�

2

exp

:

The added v ariance will b e mostly attributed to the already less reliable sense, and

least to the most reliable sense. The w eigh ting of the mo dalities will, ho w ev er remain
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unc hanged,

w

new

vis

=

^�

2

aud

+ � ^ �

2

aud

^�

2

aud

+ ^ �

2

vis

+ �

2

exp

=

w

vis

( ^ �

2

aud

+ ^ �

2

vis

) + w

vis

�

2

exp

^�

2

aud

+ ^ �

2

vis

+ �

2

exp

= w

vis

:

This mo del therefore predicts that despite an increase in the estimated v ariances of

the t w o mo dalities the w eigh ting will not c hange. Again, the results in this exp erimen t

do not address this prediction. This prediction can b e tested in an exp erimen t where

sub jects are presen ted with a visuo-auditory displacemen t after adaptation to added

v ariance.

Summarizing, the c hanges in actual visual and auditory lo calization v ariance sug-

gest that the optimal w eigh ting b et w een the senses should decrease. A mo del based

on minim um v ariance in tegration, ho w ev er, suggests that while the estimates of v ari-

ance in eac h mo dalit y should increase, the w eigh ting should remain in v arian t. T esting

b et w een these t w o alternativ es requires further exp erimen ts. Finally , a large (60%)

increase in visuo-auditory v ariance w as observ ed exp erimen tall y . This increase is con-

sisten t with the minim um v ariance mo del of in tegration, but falls outside the ranges

predicted b y the comp etitiv e and sto c hastic mo dels.

2.8 Exp erimen t 4: Generalization of the Visuo-

Auditory Map

In this exp erimen t w e examine adaptation at lo ci other than the lo cus of exp osure, a

form of adaptation kno wn as generalization. The paradigm limits concurren t visuo-

auditory exp osure to a single p oin t. By displacing the relation b et w een vision and

audition at that p oin t and testing visual and auditory lo calization at other p oin ts,

the pattern of generalization can b e assessed.

The generalization paradigm addresses t w o sets of issues. First, lik e Exp erimen t 2

the results can b e used to distinguish b et w een di�eren t computational mo dels of
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in tegration and adaptation. The di�eren t mo dels predict v arying exten t of adaptation

dep ending on the lo cus of exp osure and testing, the w eigh tings of the mo dalities, and

other factors. Second, the generalization paradigm can b e used to infer prop erties

of the represen tations underlying visual and auditory maps of space. This topic is

discussed at length in Chapter 4, whic h is dedicated exclusiv ely to generalization

patterns in the visuomotor co ordinate transformation.

2.8.1 Metho dSubjects
Eigh t righ t-handed sub jects (5 male, 3 female; ages 18-27) participated in this ex-

p erimen t. Sub jects w ere naiv e to the purp ose of the exp erimen t, ga v e their informed

consen t, and w ere paid $7.00 for participation. All sub jects had self-rep orted normal

or corrected-to-normal vision and normal hearing.Paradigm
Except for the nature of the p erturbation, the paradigm w as iden tical to the one used

in Exp erimen t 2. As b efore, one third of the trials w ere visuo-auditory . During these

trials the visual stim ulus w as alw a ys lo cated at 24.7

�

(the 9

th

target from the righ t).

The concurren t auditory stim ulus started at this lo cation for the �rst 3 sessions,

linearly shifted 15

�

to the left to 9.7

�

during the 4

th

session, and remained at 9.7

�

for

the rest of the exp erimen t. Th us concurren t visual 
ashes and auditory buzzes w ere

limited to a single visual lo cation 24.7

�

.

2.8.2 Results

Signi�can t c hanges in auditory lo calization o ccurred after the one-p oin t visuo-auditory

remapping (Figure 2-12a). Generalization w as most pronounced in the righ t p eriph-

ery (15

�

to 45

�

) reac hing up to 9.5

�

(63% of the displacemen t) at 38

�

in the azim uth,
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Figure 2-12: P attern of generalization. a) Auditory bias for baseline (blac k circles;

calculated from trials 176{420 of Exp erimen t 1), and p ost-exp osure auditory bias

(white squares; calculated from trials 176{420 of Exp erimen t 4). b) Change in audi-

tory bias computed from a) and �tted with an 8 degree of freedom smo othing spline.

The p ositiv e direction indicates adaptiv e c hanges. The blac k arro ws indicate the lo cus

of the exp osure. The grey triangle in b) marks 0

�

.

declined to zero near the lo cus of remapping (9.7

�

) and straigh t ahead (0

�

), and

con tin ued declining b elo w zero for ab out 30

�

b ey ond this p oin t (Figure 2-12b). The

pattern in the left p eriphery ({60

�

to {30

�

) w as more erratic.

The time course of spatial generalization w as analyzed b y comparing c hanges in

auditory lo calization relativ e to baseline during three di�eren t phases of exp osure:

sessions 4-6, 7-9, and 10-12 (Figure 2-13). Generalization gradually increased and

spread from righ t (45

�

) to left (-30

�

), though it w as nev er signi�can tly di�eren t from

zero at the remapp ed p oin t or at 0

�

.
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Figure 2-13: Time course of generalization, computed b y subtracting the baseline bias

from the the bias for a) sessions 4-6 (trials 106{210), b) sessions 7-9 (trials 211{315),

and c) sessions 10-12 (trials 316{420), with 8 degree of freedom smo othing spline �ts.

d) Sup erimp osed smo othed �ts from a) (grey squares), b) (white circles) and c) (blac k

diamonds). The p ositiv e direction indicates adaptiv e c hanges, and the blac k arro w

indicates the lo cus of exp osure.
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2.8.3 Discussion

Exp osure to a lo cal 15

�

displacemen t caused no shift in auditory lo calization at the

remapp ed p oin t. Signi�can t and increasing shifts did, ho w ev er, arise in the p eriphery ,

on the side of the remapping. F urthermore, although no shift o ccurred straigh t-ahead,

lo calization shifted in the direction opposite to adaptation on the side opp osite the

remapp ed p oin t.

T ak en together, these results suggest the follo wing accoun t: (1) Adaptation is least

around 0

�

and larger to w ards the p eriphery . (2) The constrain t to adapt least around

0

�

precluded adaptation at the nearb y remapp ed p oin t (9.7

�

), ho w ev er, (3) the e�ects

of the displacemen t did generalize to the more adaptiv e righ t p eriphery . Finally ,

(4) the com bined e�ect of the shift on the righ t and the lac k of shift straigh t-ahead

resulted in an expansion of the auditory map on the righ t side.

13

This expansion

generalized to the left side, resulting in the negativ e shifts observ ed (Figure 2-12b).

W e address eac h of these p oin ts in turn. P oin ts (1) & (3) are consisten t with

the �nding in Exp erimen t 2 that adaptation to a constan t displacemen t w as smallest

around 0

�

and larger in the p eriphery . The results from this generalization exp erimen t,

therefore, also supp ort the v ariance-w eigh ted delta rule (VWDR) mo del of adaptation,

whic h, in con trast to the DR and the WDR mo dels, predicts m uc h smaller adaptation

straigh t-ahead. P oin t (2) re
ects an assumption of smo othness in the visuo-auditory

relationship. W e assume that unless exp osed to a sev ere p erturbation,

14

the mapping

b et w een p oin ts in visual and auditory space is represen ted smo othly . Therefore, if

the map is constrained to shift v ery little at 0

�

, it is unlik ely to shift m uc h at 9.7

�

.

T o understand ho w a shift at one lo cation could result in an expansion of the

auditory map (p oin t 4), it is imp ortan t to note that a p erturbation at one p oin t is

consisten t with man y p ossible visuo-auditory remappings. T o accommo date a one-13
W e call this an exp ansion b ecause lo calization righ t of 0

�
shifted in the righ t w ard (p ositiv e)

direction. 14
An example of suc h a p erturbation is the complete elimination of visual input from birth in barn

o wls (Kn udsen et al., 1991). This p erturbation caused tectal auditory maps to dev elop erratically .
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p oin t p erturbation, the CNS could remap the visuo-auditory relationship through:

1. a lo cal shift of the mapping at the p erturb ed p oin t, preserving the natural

mapping elsewhere,

2. a semi-lo cal shift at the p erturb ed p oin t and p oin ts nearb y in space,

3. a semi-lo cal shift at the p erturb ed p oin t and p oin ts nearb y in some acoustic

represen tation other than space (e.g. same ITD),

4. a global displacemen t of the visuo-auditory relation along the whole azim uth,

5. a global expansion/con traction of the visuo-auditory map, etc.

Generalization studies are based on the h yp othesis that the pattern of adaptation that

emerges re
ects in trinsic constrain ts of the represen tation (Bedford, 1989; Shadmehr

& Mussa-Iv aldi, 1994; Chapter 4). The pattern that w e found in this study , visuo-

auditory shifts gro wing from cen ter to p eriphery , suggests that the more accurate

cen tral region is constrained to b e less adaptable. The expansion found ma y also b e

a consequence of the underlying represen tation of auditory space. An expansion or

con traction around straigh t-ahead could b e represen ted as a scaling of in teraural time

or in tensit y di�erence cues. This simple mec hanism could partially accoun t for the

adaptation found.

1515
A more sp eculativ e in terpretation of the expansion of auditory lo calization resp onses comes

from direct analogy to studies of remapping in the somatosensory system. Recanzone, et al (1992)

sho w ed that, up on rep eated and attended-to tactile stim ulation of the hand, b oth the receptiv e �eld

size and the cortical represen tation of the stim ulated region in area 3b increased signi�can tly in

o wl monk eys. In our exp erimen t, the exp osure phase rep eatedly stim ulated one lo cation of auditory

space. It is therefore p ossible that the represen tation of this lo cation increased in size, resulting in an

expansion relativ e to the corresp onding area of visual space. This w ould suggest that the expansion

w as unrelated to the displacemen t|an easily testable h yp othesis.
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Sub ject Slop e In tercept R

2

F

1 ; 33

Prob( F ) RMS Error

A C 0.021 96.0 0.0006 0.021 0.887 49.8

�

D W 0.097 81.8 0.0091 0.303 0.586 53.7

�

WY -0.165 116.1 0.0405 1.392 0.247 56.2

�

WZ -0.649 144.3 0.3801 20.235 0.0001 68.0

�

T able 2.2: Summary of alternativ e cues con trol exp erimen t.

2.9 Con trols

2.9.1 Alternativ e Cues to Auditory Stim ulus Lo cation

One of the concerns in the exp erimen tal design w as that the sub jects ma y ha v e made

use of cues other than the actual auditory stim ulus for lo calization. F or example, if

the sub ject w ere able to see through the white screen or discern the lo cation of the

ro d whic h the sp eak er w as moun ted on using the noise from the stepp er motor, the

auditory lo calization task w ould b e corrupted b y these extraneous cues. T o test for

this p ossibilit y w e conducted a con trol exp erimen t in whic h sub jects w ere instructed

to use an y cues a v ailable to them to guess, as b est as p ossible, the lo cation of the end

of the ro d|neither an auditory nor visual stim ulus w as presen ted.

F our sub jects (2 male, 2 female; ages 21-29) participated in this con trol exp er-

imen t. All sub jects had already participated in Exp erimen t 1, w ere explained the

apparatus and the purp ose of the con trol exp erimen t. The exp erimen tal pro cedures

w ere the same as in Exp erimen t 1, except: (1) the exp erimen t consisted of only

35 trials (one p er stim ulus lo cation), (2) neither a visual nor auditory stim ulus w as

presen ted.

T able 2.2 summarizes the results of the exp erimen t. All sub jects rep orted that the

task w as v ery di�cult and that they w ere guessing the target lo cation. The a v erage

errors ranged from 50

�

to 68

�

. F or three out of four sub jects there w as no correlation

b et w een actual ro d lo cation and the lo cation p oin ted to; for one sub ject there w as a

negativ e correlation.

These results suggest that motor noises, sigh t of the ro d through the screen, or
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other extraneous cues could not con tribute signi�can tly to lo calization accuracy in

Exp erimen ts 1 to 4.

2.9.2 P oin ting with the Left Hand

Lo calization of visual and auditory stim uli w as measured in all the exp erimen ts us-

ing a p oin ting paradigm. The bias and v ariance obtained through this pro cedure

is surely a con tribution b oth of errors in lo calization and v ariabilit y in the p oin t-

ing resp onse|i.e. sensory and motor errors. There are sev eral w a ys in whic h the

v ariabilit y in p oin ting can b e factored out, obtaining a more accurate measure of

lo calization. First, an alternativ e measure of lo calization can b e used, for example

through as ey e mo v eme n ts, and the results compared to p oin ting resp onses. Based

on some statistical assumptions, suc h as additivit y of sensory and motor noise, the

purely sensory comp onen t of the bias and v ariance of lo calization can b e estimated.

Alternately , a purely sensory paradigm for lo calization could b e used. F or example,

in a t w o alternativ e forced c hoice (2AF C) paradigm sub jects w ould b e presen ted with

target and prob e stim uli and ask ed to judge whether the target is left or righ t of the

prob e. This paradigm, ho w ev er, w ould require far to o man y presen tations of stim uli

to estimate lo calization o v er the azim uth.

In this con trol w e simply sough t to estimate the e�ect on lo calization due to

p oin ting with the righ t hand. Sev eral of the e�ects observ ed in Exp erimen ts 1 to 4

w ere asymmetric al ab out 0

�

. Ho w m uc h of this asymmetry w as due to the p oin ting

resp onse?

Fiv e righ t-handed sub jects (2 male, 3 female; ages 19-27) participated in this

con trol exp erimen t. All sub jects had already participated in Exp erimen t 1, and w ere

familiar with the exp erimen t. This exp erimen t w as iden tical to Exp erimen t 1 except

that sub jects p oin ted to the stim uli using a mark er w orn on the left index �nger.

Figure 2-14 compares lo calization bias when p oin ting with the left and righ t hands

for the same set of sub jects. F or visual, auditory , and visuo-auditory stim uli, bias is
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shifted uniformly in the righ t w ard (p ositiv e) direction for left-handed p oin ting. This

indicates a relativ e o v ersho ot from the starting p oin t of mo v eme n t. (Note that left-

handed p oin ting mo v em en ts started from the left side, and righ t-handed mo v em en ts

started from the righ t side). The asymmetri es in bias w ere appro ximately rev ersed

with handedness, suggesting that handedness could accoun t for the asymmetric biases

found in Exp erimen ts 1 to 4. The e�ect of handedness w as large (up to 15

�

) in the

p eriphery and generally v anished straigh t-ahead. The pattern of e�ects w as also

di�eren t for p oin ting to visual and auditory stim uli (i.e. there w as an in teraction of

mo dalit y and handedness).

Figure 2-15 compares the v ariance of lo calization when p oin ting with the left and

righ t hands for the same set of sub jects. The pattern of v ariance|smallest straigh t-

ahead and increasing to the p eriphery|is presen t for all three stim ulus mo dalities

for b oth left and righ t handed p oin ting. The v ariance of righ t handed p oin ting seems

generally smaller than the v ariance of left handed p oin ting, esp ecially in the p eriphery .

Summarizing, handedness of p oin ting has an e�ect on b oth the bias and v ariance

measures of lo calization. Although the e�ects on bias are signi�can t, the e�ects

on v ariance are relativ ely small and preserv e the pattern of smallest straigh t-ahead,

largest in the p eriphery . This suggests that the predictions of the mo dels in this

c hapter, whic h are all based on measures of relativ e lo calization v ariance, remain

e�ectiv ely una�ected b y whic h hand the sub ject p oin ted with.

2.10 Discussion

In this c hapter w e �rst p osed the problems of in tersensory in tegration and in tersensory

adaptation within a computational framew ork based on statistical estimation. Within

this framew ork the t w o problems are closely tied|the pattern of adaptation can b e

predicted from the principle used to in tegrate t w o discrepan t sensory signals. Three

explicit computational mo dels of the in tegration and adaptation of visual and auditory
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Figure 2-14: Bias of lo calization plotted as a function of stim ulus lo cation (mean

� 1 s.e.) for a) visual, b) auditory , and c) visuo-auditory stim uli. The left-handed

p oin ting con trol (solid circles) is sho wn along with the righ t-handed p oin ting baseline

from Exp erimen t 1 (hollo w squares).
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Figure 2-15: V ariance of lo calization plotted as a function of stim ulus lo cation (mean

� 1 s.e.) for a) visual, b) auditory , and c) visuo-auditory stim uli. The left-handed

p oin ting con trol (solid circles) is sho wn along with the righ t-handed p oin ting baseline

(hollo w squares).
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spatial maps w ere then prop osed and tested through a series of exp erimen ts.

2.10.1 Empirical �ndings

The most striking feature of lo calization errors for visuo-auditory stim uli is that

they are virtually iden tical to lo calization errors for visual stim uli (Exp erimen t 1).

F urthermore, sub jects w ere generally una w are when large (15

�

) discrepancies w ere

imp osed b et w een vision and audition, a �nding whic h is consisten t with the often

rep orted phenomenon of visual capture or \v en trilo quism." The v ariance of visuo-

auditory lo calization w as sligh tly smaller than the v ariance of visual lo calization, a

�nding whic h is inconsisten t with the sto c hastic mo del of in tegration. The exten t of

visual capture, ho w ev er, did not allo w exclusion of wither the minim um v ariance and

comp etitiv e mo dels.

When a displacemen t w as imp osed b et w een the t w o senses, the visual mo dalit y did

not p erceptibly adapt (Exp erimen t 2). Ho w ev er auditory lo calization adapted signi�-

can tly , shifting b y ab out 40% of the p erturbation. Adaptation w as least straigh t-

ahead and larger in the p eriphery . This �nding is consisten t with the v ariance-

w eigh ted delta rule (VWDR) for adaptation, and inconsisten t with the other t w o

prop osed mo dels. The VWDR can b e deriv ed from the minim um v ariance in tegra-

tion mo del.

Adding substan tial v ariabilit y to the relation b et w een vision and audition had

little o v erall e�ect on visual and auditory lo calization, but signi�can tly increased the

v ariance of visuo-auditory lo calization (Exp erimen t 3). The increase in visuo-auditory

v ariance w as consisten t with the minim um v ariance mo del of in tegration, but outside

the range predicted b y the sto c hastic and comp etitiv e in tegration mo dels.

The pattern of generalization to a lo cal remapping w as unexp ected in that a

15

�

displacemen t induced virtually no adaptation at the lo cus of exp osure (Exp eri-

men t 4). Ho w ev er, p oin ts up to 40

�

a w a y sho w ed signi�can t adaptation consisten t

with an expansion of auditory lo calization ab out straigh t-ahead. This �nding is again
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consisten t with the VWDR mo del, as an expansion is a pattern whic h can b oth ac-

coun t for some of the p erturbation and main tain straigh t-ahead lo calization relativ ely

unadapted as VWDR predicts. F urthermore, this pattern suggests that con tractions

and expansions of auditory space ma y b e simply represen ted. One of the mec hanisms

that could subserv e this form of auditory adaptation is a simple scaling of the ITD

or I ID cues.

2.10.2 Implications

These �ndings suggest that signals from m ultiple sensory mo dalities are in tegrated in

suc h a w a y that the com bined signal has minim al v ariance. A closely related learning

rule|the v ariance-w eigh ted delta rule|acts to resolv e long-term in tersensory dis-

crepancies. The v ariance-w eigh ted delta rule states that the rate of adaptation is

prop ortional to the v ariabilit y (or in v ersely prop ortional to reliabilit y) of eac h sense.

This has sev eral implications: (1) In the limit of complete adaptation to a discrep-

ancy , b oth senses will con v erge at a p oin t whic h is the optimal (minim um v ariance)

fusion of the t w o.

16

(2) Unlik e the w eigh ted delta rule, the VWDR is a lo cal criterion.

In other w ords, the learning rate for eac h mo dalit y do es not dep end on the v ariance

of the other mo dalit y . (3) Some signal m ust co de the reliabilit y of a mo dalit y and

th us gate learning. The neural co de for the reliabilit y of a signal could b e explicit.

F or example, the �ring rate of a neuron in a spatial map could b e prop ortional to

that neuron's \con�dence" that there is a stim ulus in that lo cation. On the other

hand, the reliabilit y could b e co ded implici tly . F or example, the size of receptiv e

�elds is a parameter that could b e related b oth to the v ariance in lo calization and to

the rate of plasticit y (e.g. larger receptiv e �elds are more common in the p eriphery

and suggest a greater pattern of connectivit y). These issues cannot b e answ ered at

the psyc hoph ysical lev el and m ust consequen tly rely on neuroph ysiological studies.16
Of course this limit of complete adaptation is rarely observ ed in exp erimen ts.
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2.10.3 Directions for future w ork

T o study in tegration it is adv an tageous to ha v e a system in whic h no single input

dominates. Although the visuo-auditory lo calization system is dominated b y vision,

it is p ossible to extend the paradigms used here to create a more balanced compromise

b et w een the senses. One w a y in whic h this can b e done is b y manipulating the prop-

erties of the stim uli, suc h as luminance or sound frequency sp ectrum, or their relativ e

timing. Under appropriate conditions, a more balanced mixing function should arise,

setting the stage for tests of b oth clear visuo-auditory in tegration (i.e. lo calizing a

visuo-auditory stim ulus w ell b et w een the visual and auditory stim ulus) and visual

adaptation.

It w ould b e in teresting to rep eat the exp erimen ts in this c hapter with the added

manipulation of ha ving sub jects lo ok at a �xation p oin t to one side, k eeping their

head straigh t ahead. This ma y resolv e whether the reduction of auditory lo caliza-

tion v ariance straigh t ahead is due to auditory cues or to the mo dulatory e�ects of

ey e p osition and atten tion. The adaptation exp erimen ts ma y also b ene�t from this

manipulation. F or example, b y manipulating b oth the natural displacemen t of ey e-

cen tered and head-cen tered co ordinates that o ccurs with o�-cen ter �xation and the

exp erimen tally imp osed p erturbation, the e�ectiv e visuo-auditory displacemen t can

b e carefully con trolled. Di�eren t forms of adaptation ma y o ccur if the exp erimen tal

displacemen t cancels or magni�es the ey e-p osition dep enden t displacemen t.

Another promising paradigm for studying lo calization w ould replace the p oin ting

resp onse with ey e mo v em en ts. This paradigm has t w o adv an tages: First, data from

man y more lo calization trials can b e collected since ey e mo v eme n ts are fast and

virtually e�ortless compared to arm mo v eme n ts. Second, ey e mo v em en ts are more

clearly mediated b y the sup erior colliculus than arm mo v em en ts. The analogous

exp erimen ts with ey e mo v em en ts could therefore b e directly related to the b o dy of

literature on the sup erior colliculus.



96 Chapter 2. Integration and Adaptation of Visual and Auditory Maps
2.10.4 Conclusion

When the normal relation b et w een visual and auditory space is altered through an

exp erimen tally -induced remapping, the pattern of auditory adaptation that emerges

can b e predicted though a simple learning rule. This rule states that eac h sensory

mo dalit y and eac h lo cation in space adapts in in v erse prop ortion to its lo calization

acuit y . This learning rule is closely tied to the principle of minim um v ariance in te-

gration, whic h states that the inputs from m ultiple mo dalities are in tegrated so as

to maximall y reduce uncertain t y in the sensory estimate. The pattern of p oin ting

to concurren t visual and auditory stim uli also supp orts the minim um v ariance in te-

gration principle, pro viding con v erging evidence. The problems of adaptation to an

in tersensory discrepancy , and in tegration of m ultisensory inputs are therefore closely

tied.



Chapter 3

An In ternal Mo del for

Sensorimotor In tegration

3.1 In tro duction

The abilit y to reac h for a cup or balance on one fo ot requires the in tegration of in-

formation from sev eral sensory and motor sources. One of the k ey roles that this

sensory information pla ys is to pro vide an estimate of the system's state.

1

F or ex-

ample, reac hing for a cup requires kno wledge of the initial p osition and orien tation

of the hand, and balancing requires kno wledge of the precise orien tation of the b o dy .

Lac k of kno wledge of the initial state of the lim b, for example as a result of sensory

neuropath y , can result in large mo v em en t errors (Ghez et al., 1990, 1995; Gordon et

al., 1995).

In this c hapter, w e study the pro cess of sensorimotor in tegration in v olv ed in es-

timating the state of a lim b during mo v emen t. During reac hing, the p osition of the

hand can b e deriv ed from visual inputs, proprio ceptiv e inputs, and the motor com-1
The state is de�ned as the set of v ariables whic h, when kno wn, mak e predicting the future

b eha vior of a system indep enden t of kno wledge of the past b eha vior. F or a mec hanical system, for

example, the state is generally de�ned as the p ositions and v elo cities of all its comp onen ts. Giv en

the curren t state, the future states are indep enden t of the past states.

97
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mands issued b y the CNS. W e examine the propagation of errors in estimating the

hand's state as a function of mo v eme n t duration and externally imp osed forces. This

error propagation is compared with the predictions of a mo del based on minim um

v ariance in tegration (Chapter 2).

The mo del, an optimal linear observ er kno wn as the Kalman �lter, estimates the

state of the system b y monitoring its inputs (the motor commands) and its observ able

outputs (the visual and proprio ceptiv e signals arising from the mo v em en t). The

curren t estimate of the state is deriv ed b y sim ulating the forw ard dynamics of the

system using the previous estimate of the state and the p erceiv ed motor command

(c.f. equation 2.14). The comp onen t of the observ er whic h sim ulates the dynamics of

the con trolled pro cess is kno wn as an in ternal mo del.

Based on computational principles alone, it has b een previously prop osed that

the cen tral nerv ous system uses an in ternal mo del to sim ulate the dynamic b eha vior

of the motor system in planning, con trol and learning (Sutton and Barto, 1981; Ito,

1984; Ka w ato et al., 1987; Jordan and Rumelhart, 1992; Miall et al., 1993). The

exp erimen tal results and sim ulations in this c hapter pro vide direct evidence for the

existence and use of suc h an in ternal mo del.

3.2 Exp erimen t: Propagation of Errors in Senso-

rimotor In tegration

The notion of an in ternal mo del, a system whic h mimi cs the b eha vior of a natural

pro cess, has emerged as an imp ortan t theoretical concept in motor con trol (Jordan,

1995). There are t w o v arieties of in ternal mo dels|\forw ard mo dels," whic h mimi c

the causal 
o w of a pro cess b y predicting its next state giv en the curren t state and the

motor command, and \in v erse mo dels," whic h are an ticausal, estimating the motor

command that causes a particular state transition. F orw ard mo dels|the fo cus of

this article|ha v e b een b een sho wn to b e of p oten tial use for solving four fundamen-
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tal problems in computational motor con trol. First, the dela ys in most sensorimotor

lo ops are large making feedbac k con trol infeasible for rapid mo v em en ts. By using a

forw ard mo del for in ternal feedbac k the outcome of an action can b e estimated and

used b efore sensory feedbac k is a v ailable (Ito, 1984; Miall et al., 1993). Second, a

forw ard mo del is a k ey ingredien t in a system that uses motor out
o w (\e�erence

cop y") to an ticipate and cancel the rea�eren t sensory e�ects of self-mo v em en t (Gal-

listel, 1980; Robinson et al., 1986). Third, a forw ard mo del can b e used to transform

errors b et w een the desired and actual sensory outcome of a mo v em en t in to the cor-

resp onding errors in the motor command, thereb y pro viding appropriate signals for

motor learning (Jordan and Rumelhart, 1992). Similarly b y predicting the sensory

outcome of the action, without actually p erforming it, a forw ard mo del can b e used in

men tal practice to learn to select b et w een p ossible actions (Sutton and Barto, 1981).

Finally , a forw ard mo del can b e used for state estimation in whic h the mo del's pre-

diction of the next state is com bined with a rea�eren t sensory correction (Go o dwin

and Sin, 1984). Although sho wn to b e of theoretical imp ortance, the existence and

use of an in ternal forw ard mo del in the CNS is still a ma jor topic of debate.

When w e mo v e our arm in the absence of visual feedbac k, there are three basic

metho ds whereb y the motor con trol system can obtain an estimate of the curren t

state (e.g. p osition and v elo cit y) of the hand. The system can mak e use of sensory

in
o w (rea�erence), it can mak e use of in tegrated motor out
o w (dead rec k oning), or

it can com bine these t w o sources of information via the use of a forw ard mo del. T o

test b et w een these p ossibilities, w e carried out an exp erimen t in whic h sub jects made

arm mo v em en ts in the dark. Three exp erimen tal conditions w ere studied, in v olving

the use of n ull, assistiv e and resistiv e force �elds. The sub jects' in ternal estimate of

hand lo cation w as assessed b y asking them to lo calize visually the p osition of their

hand at the end of the mo v em en t (see App endix A of this c hapter). The bias of

this lo cation estimate, plotted as a function of mo v em en t duration sho ws a consisten t

o v erestimation of the distance mo v ed (Figure 3-1). This bias sho ws t w o distinct
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phases as a function of mo v em en t duration, an initial increase reac hing a p eak of

0.9 cm after one second follo w ed b y a sharp transition to a region of gradual decline.

The v ariance of the estimate also sho ws an initial increase during the �rst second

of mo v em en t after whic h it plateaus at ab out 2 cm

2

. External forces had distinct

e�ects on the bias and v ariance propagation. Whereas the bias w as increased b y the

assistiv e force and decreased b y the resistiv e force, the v ariance w as una�ected.

These exp erimen tal results can b e fully accoun ted for only if w e assume that the

motor con trol system in tegrates the e�eren t out
o w and the rea�eren t sensory in
o w.

T o establish this conclusion w e ha v e dev elop ed an explicit mo del of the sensorimotor

in tegration pro cess whic h con tains as sp ecial cases all three of the metho ds referred

to ab o v e (see App endix B of this c hapter). The mo del|a Kalman �lter (Kalman and

Bucy , 1961)|is a linear dynamical system that pro duces an estimate of the lo cation

of the hand b y monitoring b oth the motor out
o w and the feedbac k as sensed, in

the absence of vision, solely b y proprio ception. Based on these sources of informa-

tion the mo del estimates the arm's state, in tegrating sensory and motor signals to

reduce the o v erall uncertain t y in its estimate. The mo del is a com bination of t w o

pro cesses whic h together con tribute to the state estimate. The �rst pro cess uses the

curren t state estimate and motor command to predict the next state b y sim ulating

the mo v eme n t dynamics with a forw ard mo del. The second pro cess uses the di�er-

ence b et w een actual and predicted rea�eren t sensory feedbac k to correct the state

estimate resulting from the forw ard mo del. The relativ e con tributions of the in ternal

sim ulation and sensory correction pro cesses to the �nal estimate are mo dulated so as

to pro vide optimal state estimates. By making particular c hoices for the parameters

of the Kalman �lter, w e are able to sim ulate dead rec k oning, sensory in
o w-based

estimation, and forw ard mo del-based sensorimotor in tegration. Moreo v er, to accom-

mo date the observ ation that sub jects generally tend to o v erestimate the distance that

their arm has mo v ed, w e set the gain that couples force to state estimates to a v alue
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Figure 3-1: (a) Ra w data sho wing lo calization bias as a function of mo v em en t dura-

tion. A p ositiv e bias represen ts an o v erestimation of the distance mo v ed. (b) Mean

� 1 s.e. �ts of bias as a function of �nal p osition sho wing p osition-dep enden t kine-

matic inaccuracies (see App endix A of this c hapter). The propagation of the (c) bias

and (e) v ariance of the state estimate is sho wn, with standard error lines, against

mo v em en t duration. The di�eren tial e�ects on (d) bias and (f ) v ariance of the ex-

ternal force, assistiv e (dotted lines) and resistiv e (solid lines), are also sho wn relativ e

to zero (dashed line). The di�erence in v ariance propagation b et w een the resistiv e

and assistiv e �elds w as not signi�can t o v er the mo v eme n t; the di�erence in bias w as

signi�can t at the p = 0 : 05 lev el.
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that is larger than its v eridical v alue.

2

All other comp onen ts of the in ternal mo del

w ere set to their v eridical v alues.

Sim ulations of the Kalman �lter demonstrate the t w o distinct phases of bias prop-

agation observ ed (Figure 3-2). By o v erestimating the force acting on the arm the

forw ard mo del o v erestimates the distance tra v eled, an in tegrativ e pro cess ev en tually

balanced b y the sensory correction. The mo del also captures the di�eren tial e�ects

on bias of the externally imp osed forces. By o v erestimating an increased force un-

der the assistiv e condition, the bias in the forw ard mo del accrues more rapidly and

is balanced b y the sensory feedbac k at a higher lev el. The con v erse applies to the

resistiv e force. In accord with the exp erimen tal results the mo del predicts no c hange

in v ariance under the t w o force conditions.

W e ha v e sho wn that the Kalman �lter is able to repro duce the propagation of the

bias and v ariance of estimated p osition of the hand as a function of b oth mo v eme n t

duration and external forces. The Kalman �lter also sim ulates the in teresting and

no v el empirical result that while the v ariance asymptotes, the bias p eaks after ab out

one second and then gradually declines. This b eha vior is a consequence of a trade

o� b et w een the inaccuracies accum ulating in the in ternal sim ulation of the arm's

dynamics and the feedbac k of actual sensory information. Simple mo dels whic h do

not trade o� the con tributions of a forw ard mo del with sensory feedbac k, suc h as

those based purely on sensory in
o w or on motor out
o w, are unable to repro duce the

observ ed pattern of bias and v ariance propagation. The abilit y of the Kalman �lter

to parsimoniously mo del our data suggests that the pro cesses em b o died in the �lter,

namely in ternal sim ulation through a forw ard mo del together with sensory correction,

are lik ely to b e em b o died in the sensorimotor in tegration pro cess. W e feel that the

results of this state estimation study pro vide strong evidence that a forw ard mo del is

used b y the CNS in main taining its estimate of the hand lo cation. F urthermore, the2
This is consisten t with the indep enden t data that sub jects tend to under-reac h in p oin ting tasks

suggesting an o v erestimation of distance tra v eled (So ec h ting and Flanders, 1989).
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Figure 3-2: Sim ulated bias and v ariance propagation from a Kalman �lter mo del of

the sensorimotor in tegration pro cess. (a-d) are in the same represen tation and scale

as (c-f ) in the previous �gure.
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state estimation paradigm pro vides a framew ork to study the sensorimotor in tegration

pro cess in b oth normal and patien t p opulations. F or example, the sp eci�c predictions

of the sensorimotor in tegration mo del can b e tested in b oth patien ts with sensory

neuropathies, who lac k proprio ceptiv e rea�erence, and in patien ts with damage to

the cereb ellum, a prop osed site for the forw ard mo del (Miall et al., 1993).

3.3 App endix A: P aradigm

The exp erimen tal setup consisted of a planar virtual visual feedbac k system (de-

scrib ed in W olp ert, Ghahramani, and Jordan, 1995) in conjunction with a planar t w o

degree-of-freedom torque-motor-driv en manipulandum (describ ed in F a y e, 1986; see

Figure 3-3). The sub ject gripp ed a manipulandum on whic h his th um b w as moun ted.

The manipulandum w as used to accurately measure the p osition of the sub ject's

th um b and also, using the torque motors, to apply forces to the hand. The hand w as

constrained to mo v e along a straigh t line passing transv ersely in fron t of the sub ject.

The virtual visual feedbac k system w as used to pro ject computer-con trolled images

in to the plane of the mo v em en t. Eigh t sub jects, who ga v e their informed consen t,

participated and p erformed 300 trials eac h. Eac h trial started with the sub ject visu-

ally placing his th um b at a target square pro jected randomly on the mo v eme n t line.

The arm w as then illuminated for t w o seconds, thereb y allo wing the sub ject to p er-

ceiv e visually his initial arm con�guration. The ligh t w as then extinguished lea ving

just the initial target. The sub ject w as then required to mo v e his hand either to the

left or righ t, as indicated b y an arro w in the initial starting square. This mo v eme n t

w as made in the absence of visual feedbac k of arm con�guration. The sub ject w as

instructed to mo v e un til he heard a tone at whic h p oin t he stopp ed. The timing of the

tone w as con trolled to pro duce a uniform distribution of path lengths from 0{30 cm.

During this mo v em en t the sub ject either mo v ed in a randomly selected n ull or con-

stan t assistiv e or resistiv e 3N force �eld generated b y the torque motors. Although it
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Figure 3-3: Exp erimen tal apparatus

is not p ossible to directly prob e a sub ject's in ternal represen tation of the state of his

arm, w e can examine a function of this state|the estimated visual lo cation of the

th um b. The relationship b et w een the state of the arm and the visual co ordinates of

the hand is kno wn as the kinematic transformation (Craig, 1986). Therefore, once

at rest the sub ject indicated the visual estimate of his unseen th um b p osition using

a trac kball, held in his other hand, to mo v e a cursor pro jected in the plane of the

th um b along the mo v eme n t line. The discrepancy b et w een the actual and visual es-

timate of th um b lo cation w as recorded as a measure of the state estimation error.

The bias and v ariance propagation of the state estimate w as analyzed as a function

of mo v em en t duration and external forces. A generalized additiv e mo del (Hastie and

Tibshirani, 1990) with smo othing splines (�v e e�ectiv e degrees of freedom) w as �t

to the bias and v ariance as a function of �nal p osition, mo v em en t duration and the

in teraction of the t w o forces with mo v eme n t duration, sim ultaneously for main e�ects

and for eac h sub ject. This pro cedure factors out the additiv e e�ects sp eci�c to eac h

sub ject and, through the �nal p osition factor, the p osition-dep enden t inaccuracies in

the kinematic transformation.



106 Chapter 3. An Internal Model for Sensorimotor Integration
3.4 App endix B: Sim ulation

The system dynamics of the hand w as appro ximated b y a damp ed (co e�cien t � ) p oin t

mass, m , mo ving in one dimension acted on b y a force u = u

in t

+ u

ext

, com bining

b oth in ternal motor commands and external forces. Represen ting the state of the

hand at time t as x( t ) (a 2 � 1 v ector of p osition and v elo cit y), the system dynamic

equations can b e written in the general form of
_x( t ) = A x( t ) + B u ( t ) + w ( t ) where

A =

2

6

4

0 1

0 � � =m

3

7

5
, B =

2

6

4

0

1 =m

3

7

5
and the v ector w ( t ) represen ts the pro cess of white

noise with an asso ciated co v ariance matrix giv en b y Q = E [ w ( t ) w ( t )

T

]. The system

has an observ able output, the sensory information, represen ting the proprio ceptiv e

signals (e.g. from m uscle spindles and join t receptors), y ( t ) whic h is link ed to the

actual hidden state x( t ) b y y ( t ) = C x( t ) + v ( t ) where the v ector v ( t ) represen ts the

output white noise whic h has the asso ciated co v ariance matrix R = E [ v ( t ) v ( t )

T

]. W e

assume that this system is fully observ able and c ho ose C to b e the iden tit y matrix.

A t time t = 0 the sub ject is giv en full view of his arm and, therefore, starts with an

estimate
^x(0) = x(0) with zero bias and v ariance|w e assume that vision calibrates

the system. A t this time the ligh t is extinguished and the sub ject m ust rely on the

inputs and outputs to estimate the system's state. The Kalman �lter, using a mo del

of the system

^

A ,

^

B and

^

C , pro vides an optimal linear estimator of the state giv en b y

_

^x( t ) =

^

A
^x( t ) +

^

B u ( t )

| {z }

F orw ard mo del

+ K ( t )[ y ( t ) �

^

C
^x( t )]

| {z }

Sensory correction

where K ( t ) is the recursiv ely up dated gain matrix. This state estimate com bines an

estimate from the in ternal mo del of the system dynamics together with a sensory

correction mo dulated b y the Kalman gain matrix K ( t ). W e use this state up date

equation to mo del the bias and v ariance propagation and the e�ects of the external

force. The parameters in the sim ulation, � = 3 : 9 N � s/m, m = 4 kg and u w ere

c hosen based on the mass of the arm and the observ ed relationship b et w een time
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and distance tra v eled. Sp eci�cally , the total force u w as c hosen to b e linearly related

to the a v erage v elo cit y under eac h of the three force conditions: 1.3, 1.5 and 1.9 N

corresp onding to the a v erage mo v em en t v elo cities of 10.8, 12.8 and 16.6 cm s

� 1

for

the resistiv e, n ull and assistiv e conditions resp ectiv ely . T o end the mo v em en t the sign

of the motor command u

in t

w as rev ersed un til the arm w as stationary . T o sim ulate

the o v erestimation of distance tra v eled

^

B w as set to

2

6

4

0

1 : 4 =m

3

7

5
while b oth

^

A and

^

C

accurately re
ected the true system. Noise co v ariance matrices of Q = 9 : 5 � 10

� 5

I

and R = 3 : 3 � 10

� 4

I w ere used represen ting a standard deviation of 1.0 cm for the

p osition output noise and 1.8 cm s

� 1

for the p osition comp onen t of the state noise.
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Chapter 4

Represen tation of the Visuomotor

Co ordinate T ransformation

4.1 In tro duction

The h uman cen tral nerv ous system (CNS) receiv es sensory inputs from a m ultitude of

mo dalities, eac h tuned to extract di�eren t forms of information from the en vironmen t.

These sensory signals are initially represen ted in disparate co ordinate systems|for ex-

ample visual information is represen ted retinotopically whereas auditory information

is represen ted tonotopically . The abilit y to transform information b et w een co ordinate

systems is necessary for b oth p erception and action. In p erception, co ordinate trans-

formations are required to con v ert sensory data in to a common represen tational for-

mat so that they can b e fused in to a single p ercept. F or example, visual and auditory

stim uli arising from a common source can b e com bined in to a single represen tation of

the lo cation of the source. In action, co ordinate transformations are used to con v ert

sensory information in to co ordinates appropriate for mo v em en t. F or example, when

w e reac h to a visually p erceiv ed ob ject in space, the lo cation of the ob ject in visual

co ordinates m ust b e con v erted in to a represen tation appropriate for mo v em en t, suc h

as the con�guration of the arm required to reac h the ob ject. The co ordinate transfor-

111
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mation b et w een the visual lo cation, initially represen ted as a retinotopic pattern of

neural activit y , to the arm con�guration required to place the hand at that lo cation

is kno wn as the visuomotor map, and is the fo cus of the �rst part of this c hapter.

The co ordinate transformation that maps the lo cation of visual and auditory stim uli

in to a common reference frame is kno wn as the visuo-auditory map, and is the fo cus

of the second part of this c hapter.

4.2 The Visuomotor Co ordinate T ransformation

Although the relationship b et w een the visual and motor co ordinate systems c hanges

o v er time, due to factors suc h as gro wth, the visuomotor map can adapt to these

c hanges. By examining the c hange in visuomotor co ordination under prismatically in-

duced displacemen t and rotation, Helmholtz (1867/1925) and Stratton (1897a, 1897b)

pioneered the systematic study of this co ordinate transformation. Their studies

demonstrated b oth the �ne balance b et w een the visual and motor co ordinate sys-

tems, whic h is disrupted b y suc h p erturbations, and the abilit y of sub jects to adapt

to the displacemen ts induced b y the prisms. Subsequen tly , man y studies ha v e further

demonstrated the remark able abilit y of sub jects to adapt, at least partially , to a wide

v ariet y of alterations in the relationship b et w een visual and motor system (for reviews

see W elc h, 1978 and Ho w ard, 1982)|the single prerequisite for adaptation seems to

b e that the remapping b e stable (W elc h, 1986).

Tw o classes of h yp otheses ha v e b een prop osed to explain the mec hanism for

adaptation|sensory h yp otheses (e.g. Harris, 1965) and sensorimotor h yp otheses

suc h as the rea�erence h yp othesis of Held and colleagues (Held, 1962; Held and

Hein, 1958). The sensory h yp otheses prop ose that visuomotor adaptation is driv en

b y c hanges in the normal relationship b et w een vision and proprio ception and that cal-

ibration is, therefore, b et w een these t w o sensory information sources. A t eac h p oin t

in time the sub ject b oth sees and feels the p osition of his or her hand and learns
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to correlate the t w o signals. The sensorimotor rea�erence h yp othesis prop oses that

adaptation is driv en b y discrepancies b et w een vision and the e�erence cop y of the

motor command. The visual lo cation of the hand (rea�erence signal) is correlated

with the motor command (e�erence cop y) and a map is therefore formed b et w een

the sensory input and the motor output. In b oth sensory and sensorimotor theories

adaptation tak es place b y sim ultaneously monitoring the visual p osition of the hand

and a signal e�ectiv ely co ding|either through proprio ception or motor e�erence|

the arm con�guration. Therefore, b oth these theories rely on a pro cess of mapping or

correlation b et w een visual and arm con�guration signals for calibration. While the

conditions (e.g. Held and Hein, 1958), comp onen ts (e.g. Harris, 1965; Redding and

W allace, 1988) and time course of adaptation (e.g. Dew ar, 1970) ha v e b een exten-

siv ely c haracterized, less is kno wn ab out the top ological prop erties of the visuomotor

map. In this pap er w e examine the top ological structure of the visuomotor map b y

in tro ducing lo calized p erturbations in to the map and studying the resulting patterns

of spatial and con textual generalization.

4.2.1 Spatial Generalization

One w a y in whic h the represen tation of the visuomotor map can b e studied is through

an examination of spatial generalization. That is, ho w do es p oin ting c hange through-

out the reac hing w orkspace after exp osure to a highly lo calized set of remapp ed

p oin ts? Consider a sub ject mo ving his arm while w earing prisms, but ha ving the vi-

sual feedbac k of his arm limited in suc h a w a y that he receiv es concurren t visual and

motor information only at a single p oin t. Suc h a lo cal remapping, whic h p erturbs the

visuomotor map at only a single lo cation, is consisten t with a wide v ariet y of p ossible

global remappings. The particular remapping that is c hosen b y the visuomotor con-

trol system, as demonstrated b y the c hange in p oin ting b eha vior at di�eren t p ositions

in the w orkspace, re
ects in trinsic prop erties of the map (Bedford, 1989).

A co ordinate transformation suc h as the visuomotor map can b e regarded as a



114 Chapter 4. Representation of the Visuomotor Coordinate Transformation
function relating one set of v ariables (inputs) to another (outputs). F or the visuo-

motor map the inputs are the visual co ordinates of a desired target and the outputs

could b e the corresp onding motor co ordinates represen ting the arm's con�guration

(e.g. join t angles). The problem of learning a sensorimotor remapping can then b e

regarded as a function appro ximation problem (Koh and Mey er, 1991). In function

appro ximation, there is an explicit corresp ondence b et w een the represen tation used

and the patterns of generalization that will emerge. These function appro ximators

can span patterns of generalization from lo cal (lo ok-up tables), through in termediate

(CMA Cs, Albus, 1975; and radial basis functions, Bro omhead and Lo w e, 1988) to

global (parametric mo dels). W e will return to a fuller discussion of these computa-

tional mo dels in ligh t of our data.

Sev eral researc h groups ha v e recen tly addressed the issue of generalization in vi-

suomotor learning (Bedford, 1989; Imami zu et al., 1994). Bedford (1989) used a

pro cedure in whic h sub jects p oin ted to lit targets in the dark while lo oking through

a prism. By con trolling the illumination of a ligh t emitting dio de (LED), moun ted

on the sub ject's �ngertip, Bedford w as able to limit the sub ject's exp osure to a sin-

gle pairing of visually and proprio ceptiv ely felt �nger p osition. Through the use of

the prism, a discrepancy b et w een vision and proprio ception w as induced suc h that

the sub ject w ould feel the �nger p osition at one lo cation but see it at another. By

comparing p oin ting b eha vior to a series of targets in an arc b efore and after train-

ing, Bedford assessed the c hange in the visuomotor map|that is, the exten t to whic h

learning a remapping at one p oin t generalized to other p oin ts in space. Bedford found

that training at one lo cation generalized to the en tire arc suc h that p oin ting shifted

ev erywhere b y the same amoun t. In further exp erimen ts sub jects w ere trained on a

remapping at t w o and three p oin ts and the c hange in p oin ting w as again assessed

throughout the arc. The results indicated that training at t w o p oin ts generalized lin-

early , that is, the c hange in p oin ting w as a linear function of target p osition, and that

training at three p oin ts, ev en when the remapping at the three p oin ts w as not fully
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consisten t with a linear remapping, again generalized linearly . Bedford concluded

that learning b et w een p erceptual dimensions w as constrained to generalize linearly

(Bedford, 1989). In the curren t study , w e rep ort results for a t w o-dimensional p oin t-

ing task. Moreo v er, w e mak e use of an exp erimen tal apparatus in whic h targets and

reac hing mo v em en ts are in the same ph ysical lo cations in space (in Bedford's exp er-

imen ts, the targets w ere outside the reac hing w orkspace and the sub ject w as ask ed

to place their �nger so that it la y in a plane con taining the target and the sub ject's

ey e).

Bedford's study examined the visuomotor transformation along a single dimension.

As the sub jects w ere tested in one dimension, along an arc cen tered around the

sub jects' ey es, these results cannot pro vide a full picture of ho w the visuomotor

transformation is represen ted. Th us, for example, Bedford's results do not distinguish

b et w een transformations of the kinematic map suc h as translation and rotation.

4.2.2 Con textual Generalization

Another w a y in whic h the represen tation of the visuomotor map can b e in v estigated

is b y examining its b eha vior when confron ted with m ultiple remappings of the same

p oin t in visual space. Sev eral studies ha v e sho wn that when di�eren t p erturbations

are separated spatially , sub jects are ev en tually able to adapt to eac h p erturbation

in the appropriate part of space. F or example, Kohler (1950) �tted a sub ject with

half-prism sp ectacles, in whic h the upp er half of the visual �eld w as displaced b y 10

�

and the lo w er half of the visual �eld w as undisplaced. After a mon th's exp osure the

sub ject adapted to b oth upp er and lo w er �eld displacemen ts. Similarly , Shelhamer

et al. (1991) ha v e recen tly examined adaptation to m ultiple ey e-p osition-dep enden t

gains in the v estibulo-o cular re
ex (V OR). Magnifying and minifying lenses w ere used

to pro duce di�eren t amoun ts of retinal slip exp erienced p er degree of head rotation

dep ending on whether the ey es w ere lo oking up or do wn. The V OR is normally �nely

tuned to pro duce an ey e mo v em en t opp osite in direction and equal in magnitude to
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an exp erienced head rotation so that the visual image app ears stable on the retina.

Exp osure to these lenses pro duces ey e-p osition-dep enden t c hanges in the gain of the

V OR, suggesting that ey e p osition can mo dulate the V OR gain.

Other studies ha v e examined ho w the visuomotor map resp onds to m ultiple map-

pings of the same visual lo cation separated b y time. F or example, McGonigle and

Flo ok (1978) studied prismatic adaptation o v er ten sessions with three da y in ter-

v als b et w een the sessions. Eac h session comprised of three sequen tial conditions|

prismatically-induced left w ard and righ t w ard displacemen ts and no prism deviation.

An o v erall impro v em en t to b oth prisms o v er the sessions, with greater impro v em e n t

in earlier sessions, w as found. Similarly , W elc h et al. (1993) exp osed sub jects to

alternating 15 diopter left and 15 diopter righ t prisms o v er 12 sessions, resulting b oth

in an impro v ed relearning of eac h displacemen t and an impro v ed general abilit y to

learn new displacemen ts, suc h as one imp osed b y a 30 diopter prism. These studies

demonstrate that rep eated exp osure to m ultiple remappings of a single p oin t in space

impro v e sub jects' abilit y to readapt to eac h displacemen t.

Conditioned or contextual adaptation com bines attributes of b oth of the ab o v e

forms of adaptation. In this paradigm, distinct remappings of the same lo cation

in space can b e elicited b y exp erimen tall y manipulating a con text v ariable. Pre-

vious con textual adaptation studies ha v e sho wn that sub jects elicit aftere�ects de-

p enden t on the feel of the prism goggles (Kra vitz, 1972; W elc h, 1971), an auditory

tone (Kra vitz and Y a�e, 1972), and the felt direction of gaze (Ha y and Pic k, 1966).

An issue whic h has not b een explored is ho w adaptation generalizes as the con text

is con tin uously v aried. W e explore this issue using a no v el and natural con text for

the visuomotor map, the mo v eme n t starting lo cation and address whether m ulti-

ple starting p oin t dep enden t visuomotor maps can b e concurren tly represen ted and

appropriately indexed. If suc h maps can b e learned, then their represen tation can

b e prob ed b y examining the mo dulating in
uence of the con text on the visuomotor

map. In other w ords, ho w do es the visuomotor map generalize to no v el con texts for
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the mo v em en t?

4.2.3 Exp erimen tal Aims and Ov erview

In the presen t study w e ha v e �rst sough t to test ho w the visuomotor co ordinate

transformation c hanges in a t w o-dimensional w orkspace after remapping at only one

and t w o input-output pairs (Exp erimen ts 1 and 2, resp ectiv ely). In a second series of

studies w e examine generalization across con text-dep enden t mo dules b y remapping

a single visual p osition to t w o di�eren t �nger lo cations dep enden t on the lo cation of

the start of the mo v eme n t (Exp erimen ts 3 and 4).

Man y previous studies ha v e in v estigated the e�ects of altered visual feedbac k

using either optical devices suc h as prisms or visual feedbac k on a computer monitor

separate from actual hand p osition (e.g. Cunningham, 1989). W e could not easily use

an optical system, suc h as a prism, to p erturb the visual feedbac k of the actual arm as

it w as necessary for our exp erimen ts to ha v e rapid p osition-dep enden t con trol of the

nature and direction of the p erturbation. On the other hand, the use of a computer

monitor requires the sub jects to mak e additional co ordinate transformations to link

their hand p osition to the cursor sp ot. W e ha v e, therefore, designed a t w o-dimensional

virtual visual feedbac k apparatus in whic h the need for an y co ordinate transformation

b et w een cursor and hand p osition is ob viated; the virtual image of the cursor is at the

same p osition, in three-dimensional space, as the �nger. Using this setup, describ ed

in more detail b elo w, complex state-dep enden t p erturbations can also b e in tro duced.

As Held et al. (1966) ha v e sho wn, also using a virtual image setup, the use of a

luminous sp ot to represen t �nger p osition is su�cien t to elicit prismatic adaptation

pro vided that the cursor sp ot and hand mo v em en ts are tigh tly correlated.
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4.3 Exp erimen t 1: Visuomotor Generalization to

a One-P oin t Displacemen t

In order to study the top ology of the visuomotor map w e ha v e extended Bedford's

metho d to a t w o-dimensional w orkspace. The aim of our �rst exp erimen t w as to

assess the adaptation in the visuomotor map, as measured b y the c hange in p oin ting

b eha vior, after a p erio d of exp osure to a single remapp ed input-output pair. This w as

ac hiev ed b y restricting the visual feedbac k of the sub ject's �nger, as represen ted b y

a cursor sp ot, to within a few milli m ete rs of the remapp ed p oin t. When the sub ject

w as outside this area the cursor sp ot w as extinguished. Before and after this exp osure

phase the sub ject's pattern of p oin ting w as assessed to lo cations on a grid of nine

targets. These mo v em en ts w ere p erformed in the dark. In distinction to Bedford's

study , where sub jects w ere ask ed to \p oin t so that it feels lik e y our righ t ey e, the tip

of y our �nger, and the ligh t in space are lined up" (Bedford, 1993), w e instructed

sub jects to place their �nger as accurately as p ossible at the exact lo cation where

they sa w eac h target, th us matc hing b oth direction and distance.

The c hange in p oin ting b eha vior in the absence of visual feedbac k is a measure

of the prismatic aftere�ect. Th us, one migh t exp ect to see some adaptation at the

training p oin t. Ho w ev er, as the sub ject w as giv en no information ab out the mapping

at an y lo cation other than the training p oin t, an y c hange in p oin ting b eha vior at the

other targets is an indirect e�ect of the training. As the task places no constrain ts at

the non-training targets, the pattern of generalization obtained is a result of in trinsic

constrain ts on the represen tation of the visuomotor mapping (Bedford, 1989, 1993).

Sev eral p ossible patterns of generalization arise from di�eren t h yp otheses (Fig-

ure 4-1). If the limited exp osure at the cen tral training p oin t is insu�cien t to pro-

duce an y adaptiv e e�ect then no c hange in p oin ting b eha vior w ould b e exp ected.

Ho w ev er, if the mapping is represen ted lo cally , training at one p oin t migh t result in

aftere�ects at the training p oin t alone. Alternativ ely , if the mapping is represen ted
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LocalNo Adaptation

Cartesian Linear Cartesian Decaying Other Nonlinear

Rotational

Figure 4-1: Sc hematic of some p ossible patterns of generalization to remapping of a

single visual-proprio ceptiv e pair at the cen tral target. The cen tral visual lo cation is

remapp ed to a �nger p osition to the righ t of the cen tral target. The arro ws represen t

the c hange in p oin ting b eha vior after exp osure to this remapping. Th us a righ t arro w

(i.e. righ t w ard c hange in p oin ting) at the cen tral target represen ts adaptation to the

p erturbation at the training p oin t whereas an y c hange at the other eigh t targets is

evidence of spatial generalization.

globally then some form of adaptation w ould b e exp ected at the outer eigh t targets.

F or example, if the cen tral remapping w as in terpreted as a c hange in felt direction

of gaze, a common �nding in the prism adaptation literature (e.g. W elc h, 1986 for a

review), the pattern of generalization migh t b e a rotational c hange. Alternativ ely , as

suggested b y Bedford's studies, the visuomotor map ma y b e constrained to generalize

linearly . F or example, a linear translation in Cartesian co ordinates migh t b e seen,

whic h w ould result in a pattern of aftere�ects v ery di�eren t from that arising from

laterally displacing prisms, whose primary e�ect is to induce a �xed angular rotation
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of the visual �eld. Another p ossibilit y is that generalization ma y b e Cartesian but

the e�ect ma y deca y with distance from the training p oin t. Lastly , some other non-

linear pattern of generalization ma y result consisten t with alternate p ossibilities suc h

as join t- or m uscle-based adaptation.

4.3.1 Metho dSubjects
24 righ t-handed undergraduate studen ts participated as sub jects. Sub jects w ere naiv e

to the purp ose of the exp erimen t and w ere paid $7.00 for participation. All sub jects

had self-rep orted normal or corrected-to-normal vision.Apparatus
In order to measure p oin ting b eha vior and to constrain sub jects to exp erience lim-

ited input-output remappings w e designed a t w o-dimensional virtual visual feedbac k

setup. This consisted of a digitizing tablet to record the �nger p osition on-line and

a pro jection/mirror system to generate a cursor sp ot image represen ting the �nger

p osition. This setup allo w ed us to pro ject the virtual image of the �nger as w ell as

targets in the plane of the table. The exact relation b et w een the cursor sp ot and �n-

ger p osition could b e con trolled on-line so as to generate alterations in the visuomotor

map. F urthermore, the cursor sp ot could b e illuminated and extinguished so as to

allo w concurren t visual-proprio ceptiv e feedbac k in restricted areas of the w orkspace.

This setup is describ ed in more detail b elo w.

Sub jects sat at a large horizon tal digitizing tablet (Sup er L I I series, GTCO, MD)

with their head supp orted b y a c hin and forehead rest (Figure 4-2). This placed

the sub jects' ey es in a plane appro ximately 25 cm ab o v e the digitizing tablet. The

sub ject's righ t index �nger w as moun ted on the cross hairs of a digitizing mouse

whic h could b e mo v ed along the surface of the digitizing tablet; the sub ject's arm
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Computer
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Finger Position

Perturbed
Finger Position

Digitizing Tablet

VGA Screen
Projector
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Finger feedback
image
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Digitizing
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Figure 4-2: Apparatus used in all the exp erimen ts to in tro duce limited visuo-motor

remappings. The p osition of the �nger w as captured on-line b y a computer whic h

calculated the p erturb ed �nger p osition. The feedbac k of �nger p osition w as pro-

jected on to a screen as a cursor sp ot. Lo oking do wn at the mirror, the sub jects sa w

the virtual image of the cursor sp ot, in the plane of the �nger|the actual �nger

lo cation w as hidden from view. By con trolling the illumination of the cursor sp ot the

remapping could b e limited to particular areas of the w orkspace.

w as hidden from direct view b y a screen. The digitizing tablet's co ordinates w ere

sampled as ( x; y ) co ordinate pairs at 185 Hz b y a PC; the accuracy of the b oard w as

0.25 mm.

The targets and the feedbac k of �nger p osition w ere presen ted as virtual images

in the plane of the digitizing tablet (and therefore in the plane of the �nger tip). This

w as ac hiev ed b y pro jecting a Video Graphics Arra y (V GA) screen (640 x 480 pixels)

with an LCD pro jector (Sa y ett Media Sho w) on to a horizon tal rear pro jection screen

susp ended 26 cm ab o v e the tablet (Figure 4-2). One pixel measured 1.2 x 1.2 mm
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on the screen. A horizon tal fron t-re
ecting semi-silv ered mirror w as placed face up

13 cm ab o v e the tablet. The sub jects view ed the re
ected image of the rear pro jection

screen b y lo oking do wn at the mirror. By matc hing the screen-mirror distance to the

mirror-tablet distance all pro jected images app eared to b e in the plane of the �nger

when view ed in the mirror. T argets w ere presen ted as 9 � 9 pixel (10.8 mm) hollo w

squares and the �nger p osition w as indicated b y a 5 � 5 pixel (6 mm) �lled white square

(cursor sp ot). The p osition of the �nger w as used on-line to up date the p osition of

this cursor sp ot at 50 Hz.

Prior to eac h exp erimen t the p osition of the digitizing mouse cross-hairs relativ e

to pro jected pixel p osition w as calibrated o v er a grid of 16 p oin ts on the tablet. By

illuminating the semi-silv ered mirror from b elo w, the virtual image and the cross-

hairs of the digitizing mouse could b e lined up b y ey e. A quadratic regression of

x and y pixel p osition on x and y hand p osition w as p erformed and this w as used

on-line to p osition the targets and cursor sp ot. The correlation of the �t w as alw a ys

greater than 0.99. Cross-v alidation sets ga v e a a v erage calibration error of 1.5 mm.Procedure
Sub jects w ere randomly assigned to one of three groups: con trol, x -shift and y -shift.

Eac h exp erimen tal session consisted of four parts.

In the �rst part (familiarization phase) the sub ject w as familiarized with the

setup b y p oin ting eigh t times to eac h of nine randomly presen ted targets on a 3 � 3

grid. P oin ting mo v eme n ts w ere made under full visual feedbac k of �nger p osition, as

represen ted b y the cursor sp ot. The target app eared and remained illuminated un til

the sub ject mo v ed the cursor to the target p osition. The target then disapp eared and

the next target app eared when the sub ject had mo v ed at least 15 cm a w a y from the

previous target.

In the second part (pre-exp osure phase), the sub ject's p oin ting accuracy w as as-

sessed in the absence of visual feedbac k of �nger p osition. The sub ject w as instructed
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to p oin t as accurately as p ossible to visually presen ted targets. The sub jects indi-

cated when they though t their �nger w as on target b y pressing a mouse k ey with

their left hand. Sub jects w ere encouraged to b e as accurate as p ossible and to press

the mouse k ey only when they though t their �nger p osition matc hed the target ex-

actly . The target then disapp eared and the next target app eared when the sub ject

had mo v ed 15 cm a w a y from the previous target. This ensured that relativ e direction

of the targets could not directly cue the sub ject's p oin ting mo v em en t. T argets w ere

presen ted eigh t times eac h in a pseudorandom order on the same 3 � 3 grid. The

sub jects receiv ed no information as to their p oin ting p erformance. During this phase

the target and �nger p ositions w ere recorded for eac h trial.

The third part (exp osure phase) of the exp erimen t w as designed to pro vide exten-

siv e exp osure to an altered mapping b et w een the visual and proprio ceptiv e systems at

a single lo cation at the cen ter of the w orkspace. Sub jects w ere instructed to p oin t to

a cen tral visually presen ted target|the training p oin t. The cursor sp ot represen ting

their �nger p osition w as only illuminated when it w as within 0.5 cm of the target

b o x. This allo w ed only v ery limited concurren t visual-motor feedbac k.

The relationship b et w een the cursor sp ot and actual �nger p osition w as altered for

the di�eren t groups. F or the con trol group the �nger cursor accurately represen ted

the �nger p osition. Therefore in order to see the cursor on target their �nger had also

to b e on target. F or the other t w o groups a discrepancy w as in tro duced b et w een the

actual and p erceiv ed �nger p osition (Figure 4-3a). F or the x -shift group the sub ject

had to p oin t 10 cm to the righ t of the cen tral target in order to see the cursor sp ot on

target (Figure 4-3b). F or the y -shift group the sub jects had to p oin t 10 cm to w ards

their b o dy in order to see the cursor sp ot on target (Figure 4-3c). In these t w o groups

the sub jects w ere, therefore, exp osed to a single remapping of �nger p osition to visual

p osition. Once the cen tral target w as reac hed the sub ject had to main tain the �nger

cursor there for 2 seconds, un til the target turned from white to blue and one of the

8 p eripheral targets b ecame illuminated in a pseudorandom order. The sub ject then
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had to mo v e to w ards that target; after ha ving mo v ed 15 cm the cen tral target w ould

turn white and the cycle w ould rep eat. The sub ject p oin ted a total of 40 times to

the cen tral target.

1

Actual
Finger Position

Perceived 
Finger Position

15 cm

a) b)

c)

Figure 4-3: a) The p osition of the grid of targets is sho wn relativ e to the sub ject

for Exp erimen t 1. Also sho wn, for the x -shift condition, is the p erceiv ed and actual

�nger p osition when p oin ting to the cen tral training target. The visually p erceiv ed

�nger p osition is indicated b y a cursor sp ot whic h is displaced from the actual �nger

p osition. b) A sc hematic sho wing the p erturbation for the x -shift group and the

target n um b ering used to describ e the results. T o see the cursor sp ot on the cen tral

target the sub jects had to place their �nger at the p osition indicated b y the tip of

the arro w|a 10 cm one-p oin t visuomotor remapping. c) A sc hematic similar to b)

sho wing the p erturbation for the y -shift group.

Limiting the area of the cursor feedbac k to within 0.5 cm of the target ensured1
Due to an error in exp erimen tal co ding, the con trol sessions w ere sligh tly shorter, requiring

only 30 rep etitions of the cen tral target p oin ting cycle in the exp osure phase. Ho w ev er, in b oth this

exp erimen t and in Exp erimen t 2, where the con trol consisted to 60 rep etitions of a similar cycle with

no p erturbation, the con trol groups exhibited almost no c hange in p oin ting b et w een pre- and p ost-

exp osure phases. This indicates that the basic premise of the exp erimen tal con trol, that sub jects'

p oin ting do es not c hange systematically during an unp erturb ed exp osure phase, is v alid.
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that during the exp osure phase the visual and proprio ceptiv e information on �nger

p osition co-o ccurred only within a small region of the w orkspace. Ho w ev er, this lim-

ited feedbac k also made the task of p oin ting to the cen tral target di�cult. Sub jects

w ere w arned that this phase of the the exp erimen t w ould b e di�cult and that they

w ould ha v e to try mo ving around to �nd the target. T o aid the sub ject in �nding the

target, after 10 seconds, one of the follo wing messages w ould b e displa y ed at the b ot-

tom of the screen|\try left", \try up", \try righ t" or \try do wn". A random searc h

strategy suc h as Bedford's, where sub jects w ere told \try mo ving y our hand bac k

and forth slo wly" (Bedford, 1989) could not b e emplo y ed since in a t w o-dimensional

w orkspace it is not guaran teed to lo cate the target. During this exp osure phase the

time to place the �nger on target w as recorded as a measure of visuomotor learning

of the training target.

The �nal phase (p ost-exp osure phase) w as iden tical in form to the second (pre-

exp osure) phase; sub jects' p oin ting w as again measured, in the absence of cursor

feedbac k, on the 3 � 3 grid with eigh t rep etitions at eac h p oin t. The pseudorandom

order of the targets w as c hanged from the second phase.

F or the con trol and x -shift groups the grid p oin ts w ere ev enly spaced on a square

from (-10,20) to (20,50) cm relativ e to the midp oin t b et w een the ey es (Figure 4-3a).

F or the y -shift group the grid w as reduced ev enly in the y -direction b y 10 cm to

(-10,25) to (20,45) cm. This w as necessary b ecause if the sub ject adapted fully to

the 10 cm p erturbation, the closer target p oin ts w ould b e reac hed with mo v em en ts

outside the recording area of the tablet. In all cases the p osition of the cen tral target

w as main tained at (5, 35) cm.Analysis
T o study the e�ect of initial p oin ting inaccuracies the pre-exp osure p oin ting errors

w ere analyzed in eac h group separately . The a v erage �nger p osition for eac h target

w as calculated together with its co v ariance matrix. The a v erage p oin ting lo cations
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w ere plotted, together with their corresp onding targets, as 95% con�dence ellipses

cen tered around the sample mean.

T o assess the impro v em en t in target acquisition during the exp osure phase the

mean time to reac h the target o v er batc hes of �v e trials w as plotted. T o assess gen-

eralization of the visuomotor map, the sub jects' c hange in p oin ting b eha vior b et w een

the pre-exp osure and p ost-exp osure phases w as analyzed. F or eac h sub ject and target

the a v erage c hange in p oin ting p osition b et w een the pre-exp osure and p ost-exp osure

phases w as calculated, along with the corresp onding co v ariance matrices. The sub-

jects' data w as com bined within eac h group and target, yielding the a v erage c hange

for the group and the co v ariance matrix for eac h target. Eac h v ector c hange and

co v ariance matrix is based on 128 data p oin ts (8 sub jects � 8 rep etitions � pre- and

p ost-exp osure conditions). The mean c hange in p oin ting p osition for eac h target w as

plotted at that target as an arro w along with the 95% con�dence ellipse. These plots,

therefore, sho w the c hange in the p oin ting b eha vior subsequen t to the exp osure phase

while factoring out an y consisten t inaccuracies in p oin ting.

P er target analyses (ANO V As) of x and y p oin ting errors w ere p erformed to assess

the signi�cance of the c hange in p oin ting at eac h target, with phase as the within-

sub ject factor. The signi�cance of the o v erall c hanges in p oin ting errors w as assessed

through separate ANO V As for eac h group, with phase (pre- and p ost-exp osure) and

target (9 lo cations) as within-sub ject factors.

Tw o alternativ e represen tations w ere also used to displa y the data. First, an in-

terp olated v ector �eld from the mean c hange v ectors w as obtained b y Gaussian k ernel

smo othing (k ernel width s.d. 7.0 cm). The Gaussian k ernel smo othed �elds w ere also

used to estimate the prop ortion adaptation in the direction of the p erturbation, whic h

w ere plotted as greyscale con tour plots. These con tour plots, therefore, displa y an

estimate of the prop ortion adaptation o v er the w orkspace.
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4.3.2 ResultsPre-exposure errors
Sub jects sho w ed a consisten t pattern of p oin ting errors in the pre-exp osure phase. The

pattern of inaccuracies in initial p oin ting w as similar b et w een groups and generally

sho w ed a bias a w a y and to w ards the left side of the sub ject (Figure 4-4). In particular,

p oin ting at the cen tral training p oin t w as biased a w a y and to the left for all three

groups.
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Figure 4-4: The targets (solid squares) and pre-exp osure p oin ting lo cations are sho wn,

for the three groups of Exp erimen t 1, as 95% con�dence ellipses cen tered around the

mean.Learning during the exposure phase
During the exp osure phase, due to the limited feedbac k, the target w as di�cult to

�nd. Figure 4-5 sho ws ho w the time to acquire the target c hanged as a function of

practice. F or b oth the x and y shift groups the target to ok initially longer to acquire

than in the con trol. Ov er the course of the exp osure phase, the time to acquire the

targets dropp ed to lev els not signi�can tly di�eren t from the con trols.
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Figure 4-5: T arget acquisition time as a function of trial during the exp osure phase

for the x -shift and y -shift groups. Also sho wn on eac h plot, for comparison, is the

con trol group (hollo w circles). F or clarit y the standard error bars are sho wn in one

direction only .Generalization
The pattern of generalization for the con trols is sho wn in Figure 4-6a. The �gure

represen ts the c hange in p oin ting b et w een pre- and p ost-exp osure phases plotted as

v ectors cen tered at the 9 targets. F or example, a 1 cm left w ard-p oin ting arro w w ould

signify that sub jects' p oin ting to that target c hanged b y 1 cm to the left b et w een

the pre- and p ost-exp osure sessions. The ellipses cen tered at the arro w tip are 95%

con�dence ellipses for the c hange in the sample mean. The p er target ANO V As rev eal

that none of these c hanges are signi�can t at the � = 0 : 05 lev el. The in terp olated

v ector �eld of c hanges for the con trol (Figure 4-6b) highligh ts the fact that, although

there w ere no signi�can t c hanges, there w as a small trend to w ards the left for all 9

p oin ts.

The ANO V A (summarized in T able 4.1) sho ws no signi�can t main a�ect of phase

for the x or y directions. The main e�ect of phase indicates the global comp onen t of

c hange b et w een the pre- and p ost-exp osure phases. Therefore, the con trol sub jects,

as exp ected, did not c hange their p oin ting b eha vior in either the x or the y direction.

W e no w consider the e�ect of in tro ducing a remapping at one input-output pair.

The general e�ect of in tro ducing suc h a p erturbation w as to induce signi�can t c hanges

in the p oin ting b eha vior not only at the remapp ed p oin t but at neigh b oring p oin ts as
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Figure 4-6: a) Av erage c hange in p oin ting for the con trol group. The arro ws sho w the

c hange cen tered on the visually presen ted target along with 95% con�dence ellipses.

b) Gaussian k ernel smo othed v ector �eld of c hanges.

w ell. The pattern of generalization for the x -shift group is sho wn in Figure 4-7a; the

c hange in p oin ting b et w een the pre- and p ost-exp osure phases w as signi�can t at 6 out

of the 9 targets (targets 1{6, n um b ered according to Figure 4-3b) in the x direction

and at 1 out of 9 targets (target 9) in the y direction. The shift w as greatest at the

training p oin t (4.9 cm) and decreased in magnitude a w a y from this p oin t. The o v erall

ANO V A (summarized in T able 4.1) sho ws a signi�can t main e�ect of phase for the x

direction indicating a global c hange b et w een the pre- and p ost-exp osure phases.

The in terp olated v ector �eld of c hanges for the x -shift group (Figure 4-7b) sho ws

a pattern of deca ying righ t w ard c hanges with a do wn w ard y trend further from the

sub ject. The prop ortion adaptation in the direction of the p erturbation computed

from the v ector �elds is depicted in Figure 4-7c as a greyscale con tour plot. This

sho ws the pattern of greatest c hange o ccurs at the training p oin t and deca ys with

distance a w a y from it.

The pattern of generalization for the y -shift group is sho wn in Figure 4-8a. The

c hange in p oin ting b et w een the pre- and p ost-exp osure phases w as signi�can t at 1

out of 9 targets (target 8) in the x direction and at 3 out of 9 targets (targets 1, 2

and 5) in the y direction. The c hange in the y direction at target 8 w as marginally

signi�can t ( p = 0 : 06). As in the x -shift group, the shift w as again greatest at the
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Exp erimen t 1: Analysis of V ariance

Group Dir Phase T arget Phase � T arget

F

1 ; 7

p F

8 ; 56

p F

8 ; 56

p

Con trol

x 2 : 16 ns 3 : 75 < 0 : 01 < 1 ns

y < 1 ns 2 : 57 < 0 : 05 1 : 61 ns

X-Shift

x 15 : 83 < 0 : 01 5 : 96 < 0 : 001 2 : 06 ns

y 1.96 ns 9.51 < 0 : 001 1 : 36 ns

Y-Shift

x < 1 ns 1 : 35 ns 2.11 < 0 : 05

y 3.75 ns < 1 ns 1.87 ns

T able 4.1: Summary of the t w o-factor within-sub ject ANO V As for the three exp er-

imen tal groups and t w o directions (Dir) in Exp erimen t 1. Non-signi�can t e�ects at

the � = 0 : 05 lev el are denoted b y ns .

training p oin t (2.2 cm). Changes w ere most pronounced at the t w o ro ws closest to

the sub ject; there w ere no signi�can t c hanges in the ro w of targets furthest from the

sub ject. The o v erall ANO V A indicates that the y direction of c hange in the y shift

group w as marginally signi�can t ( F

1 ; 7

= 3 : 75 ; p = 0 : 09).

The in terp olated v ector �eld of c hanges for the y -shift group is sho wn in Figure 4-

8b. This highligh ts the pattern of do wn w ard (i.e. to w ards the b o dy) c hanges deca ying

a w a y from the training p oin t. The prop ortion adaptation con tour plot (Figure 4-8c)

again highligh ts a pattern of adaptation that is greatest near the training p oin t and

deca ys a w a y from it.

4.3.3 Discussion

The learning curv es indicate that con trol sub jects w ere initially b etter than either

p erturbation group at lo cating the training p oin t during the exp osure phase. This is

to b e exp ected, since their visuomotor map w as unp erturb ed. The x -shift group to ok

sligh tly longer to lo cate the target and the y -shift group to ok considerably longer.
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Figure 4-7: a) Av erage c hange in p oin ting for the x -shift group. b) Gaussian k ernel

smo othed v ector �eld of c hanges. c) Prop ortion adaptation relativ e to the size of

the p erturbation. The ligh test shade corresp onds to 40% adaptation and the dark est

shade corresp onds to 11% adaptation.

T aking time to lo cate the target as a measure of task di�cult y this suggests that the

y p erturbation, through iden tical in magnitude, w as more di�cult to adapt to than

the x p erturbation. This is also supp orted b y the observ ation that the prop ortion

adaptation for the y -shift group w as smaller than for the x -shift group. After ab out

30 p oin ting trials for b oth the x -shift and y -shift groups the time to attain the target

decreased to con trol lev els.

Although there w as a large consisten t pattern of pre-exp osure errors, rep eated

unp erturb ed training at the cen tral target in the con trol did not decrease these errors.

This indicates that the pattern of pre-exp osure p oin ting errors do es not seem to b e

corrected for with training at the cen tral target.

The e�ect of remapping a single p oin t in the visuomotor map w as to induce

signi�can t global c hanges in the p oin ting b eha vior. It is imp ortan t to note that as

sub jects w ere b oth uninformed and una w are of the p erturbation the adaptation can

b e regarded as p erceptual rather than cognitiv e (Bedford, 1993). F or the x -shift

group the large shift in the comp ensatory direction at the training p oin t indicates a

substan tial lo cal aftere�ect (47%) due to the exp osure. Fiv e out of eigh t p eripheral

lo cations also sho w ed a signi�can t shift in the comp ensatory direction|a �nding that

is is inconsisten t with a purely lo cal mo del of the adaptation pro cess. When view ed
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Figure 4-8: a) Av erage c hange in p oin ting for the y -shift group. b) Gaussian k ernel

smo othed v ector �eld of c hanges. c) Prop ortion adaptation relativ e to the size of the

p erturbation. The ligh test shade corresp onds corresp onds to 16% adaptation and the

dark est shade corresp onds to 6% adaptation.

in the con tour plot in Figure 4-7c the global e�ect can b e seen as a deca ying surface

with its p eak cen tered at the training p oin t.

Similarly , a remapping in the y -shift direction app ears to induce the largest shift

in the comp ensatory direction at the training p oin t, sho wing a lo cal aftere�ect of

21%. The pattern of p eripheral shifts is somewhat di�eren t than in the x -shift group:

three of the �v e p eripheral targets nearest to the b o dy sho w ed a signi�can t or near-

signi�can t y shift, while none of the three furthest targets sho w ed a shift approac hing

signi�cance. This suggests that the e�ect is not lo cal but that the global e�ect

decreases further a w a y from the b o dy (Figure 4-8c).

T ak en together, the y -shift and x -shift data are not consisten t with a mo del that

represen ts the learning as a c hange in felt direction of gaze (Harris, 1965). Due to

the arrangemen t of the c hinrest and table, the sub jects' ey es are sagittally a w a y from

(35 cm) and ab o v e (25 cm) the p osition of the training p oin t. If the adaptation w ere

represen ted as a constan t angular o�set in the felt direction of gaze one w ould ha v e

exp ected larger shifts in p oin ting at the more distan t targets for b oth the y -shift and

x -shift groups|in fact these shifts w ere generally smaller.

In summary , the one-p oin t generalization study sho ws that the generalization

app ears to b e global but that the e�ect falls o� with distance from the exp osure site.
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The results suggest that training at one p oin t has a non-linear generalization e�ect;

that is, the c hanges are not uniform across the w orkspace. Based on this �nding one

w ould exp ect that training at t w o p oin ts migh t result in a pattern of generalization

not consisten t with Bedford's linear constrain t h yp othesis (Bedford, 1989, 1993). T o

explore this question further and to further elucidate the constrain ts on the map w e

conducted a t w o p oin t generalization study .

4.4 Exp erimen t 2: Visuomotor Generalization to

a Tw o-P oin t Displacemen t

In Exp erimen t 2 sub jects w ere exp osed to p erturbations of the normal relation b e-

t w een vision and proprio ception at t w o p oin ts. The exp erimen tal question w as again,

ho w do es p oin ting b eha vior c hange after exp osure to lo cal p erturbations in the visuo-

motor map? W e c hose the p erturbations at the t w o p oin ts to b e of opp osite sign in

the y (sagittal) direction to test the h yp othesis that the map w as constrained to gen-

eralize linearly . Suc h a p erturbation, displa y ed in Figure 4-9, in tro duces a con
ict if

the map w ere to b e in terpreted in a globally linear w a y . That is, the Cartesian linear

h yp othesis (Figure 4-1) w ould predict for eac h p erturbation a globally linear gener-

alization of opp osite sign, thereb y cancelling to pro duce no generalization. On the

other hand, the Cartesian deca ying h yp othesis suggested b y Exp erimen t 1 predicts

that the t w o p erturbations will eac h generalize to the region of space around them.

Ho w ev er, there are man y other p ossible patterns of generalization consisten t with the

p erturbation; for example, a coun terclo c kwise rotation ab out the cen tral target or a

sk ew transform. Both of these patterns of generalization are linear transformations

of Cartesian space (see discussion of p ossible transformations in Bedford, 1993).
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4.4.1 Metho dSubjects
16 naiv e righ t-handed undergraduate studen ts participated in this study . Sub jects

w ere paid $7.00 for participation. All sub jects had self-rep orted normal or corrected-

to-normal vision.Procedure
Sub jects w ere randomly assigned to one of t w o groups: con trol and y -shift. The

paradigm w as iden tical to the one-p oin t generalization exp erimen t except that in

the pre- and p ost-exp osure phases 11 p oin ts w ere tested and in the exp osure phase

training alternated b et w een t w o targets. These di�erences are detailed b elo w.

In the pre- and p ost-exp osure phases, sub ject's p oin ting accuracy w as assessed

in the absence of visual feedbac k of �nger p osition at 11 targets (Figure 4-9). As in

Exp erimen t 1 p oin ting consisted of 8 pseudorandom rep etitions at eac h target. Nine

of the targets w ere iden tical in lo cation to those used in Exp erimen t 1. The other

t w o targets w ere lo cated to the left and the righ t of the cen tral target and w ere used

as training p oin ts during the exp osure phase.

The w orkspace used in Exp erimen t 2 w as iden tical to that used for the con trol and

x -shift groups in Exp erimen t 1. Based on Exp erimen t 1, w e realized that sub jects did

not generally adapt fully to the 10 cm p erturbation, and therefore it w as unnecessary

to reduce the w orkspace as w as done for the y -shift group in Exp erimen t 1.

During the exp osure phase of this exp erimen t, t w o training lo cations w ere used:

one on the left (-2.5, 35.0) and one on the righ t (12.5, 35.0) of the grid cen ter (targets

10 and 11 in Figure 4-9). The paradigm w as similar to the one p oin t study except

that sub jects alternated b et w een p oin ting to the left and righ t target for a total of 60

rep etitions, 30 rep etitions at eac h target. F or the con trol group the cursor accurately

represen ted �nger p osition. F or the y -shift group the sub ject had to p oin t 10 cm
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Figure 4-9: A sc hematic of the p erturbation and the la y out of the 11 targets is sho wn

for Exp erimen t 2. The training p oin ts and the corresp onding �nger p ositions are

sho wn for the y -shift group. A n um b er of global transformations are consisten t with

this p erturbation, including a rotation and a sk ew.

to w ards the b o dy at the left target and 10 cm a w a y form the b o dy at the righ t target

so as to app ear on target (arro ws in Figure 4-9).Analysis
The analysis w as iden tical to that p erformed in Exp erimen t 1, except for the increased

n um b er of targets. T o obtain the in terp olated v ector �elds and con tour plots the

Gaussian k ernel width of the smo othing algorithm w as reduced to 3.5 cm, since there

w as, in this exp erimen t, a higher densit y of data p oin ts collected o v er the same

w orkspace. The time to reac h the target w as batc hed o v er 10 trials.

4.4.2 ResultsPre-exposure errors
Sub jects sho w ed a consisten t pattern of p oin ting errors in pre-exp osure phase (Fig-

ure 4-10). The pattern of inaccuracies in initial p oin ting w ere similar to those found

in Exp erimen t 1 (Figure 4-4). In particular, the pattern of pre-exp osure p oin ting

errors for the y -shift group displa y ed the same tendencies of o v erall o v ersho ot, larger

for the three targets on the righ t, with a left w ard bias for the targets on the left. F or
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the con trol group, o v ersho ot w as only presen t in the distan t targets, with signi�can t

undersho ot in the three near targets.
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Figure 4-10: The targets (solid squares) and pre-exp osure p oin ting lo cations are

sho wn, for the t w o groups of Exp erimen t 2, as 95% con�dence ellipses on the mean.Learning during exposure phase
Figure 4-11 sho ws ho w the time to acquire the target c hanged as a function of practice.

Initially , the target to ok signi�can tly more time to acquire for the y -shift group than

for the con trol. Ov er the course of the exp osure phase the time to acquire the targets

dropp ed to lev els not signi�can tly di�eren t from the con trols.
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Figure 4-11: T arget acquisition time as a function of trial during the exp osure phase:

y -shift group (solid circles) and con trols (hollo w circles) with one standard error bars.
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Exp erimen t 2: Analysis of V ariance

Group Dir Phase T arget Phase � T arget

F

1 ; 7

p F

10 ; 70

p F

10 ; 70

p

Con trol

x < 1 ns 6 : 73 < 0 : 0001 2 : 22 < 0 : 05

y < 1 ns 9 : 73 < 0 : 0001 1 : 54 ns

Y Shift

x < 1 ns 12 : 66 < 0 : 0001 1.82 ns

y < 1 ns 16 : 54 < 0 : 0001 12.73 < 0 : 0001

T able 4.2: Summary of the t w o-factor within-sub ject ANO V As for the three exp er-

imen tal groups and t w o directions (Dir) in Exp erimen t 2. Non-signi�can t e�ects at

the � = 0 : 05 lev el are denoted b y ns .Generalization
The pattern of generalization and in terp olated v ector �eld for the con trol group are

sho wn in Figure 4-12; the p er target ANO V As indicated that none of the c hanges in

p oin ting w ere signi�can tly di�eren t from zero. The ANO V A, summarized in T able 4.2,

sho ws no signi�can t main e�ect of phase for the x or y directions, indicating that the

con trol sub jects did not c hange their global p oin ting b eha vior in either the x or the

y direction.
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Figure 4-12: a) Av erage c hange in p oin ting for the Exp erimen t 2 con trol group. b)

Gaussian k ernel smo othed v ector �eld of c hanges.

Figure 4-13a sho ws the pattern of generalization for the y -shift group. The c hange
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in p oin ting b et w een the pre- and p ost-exp osure phases w as signi�can t at 2 out of 11

targets (targets 3 and 6) in the x direction and at 4 out of 11 targets (targets 8{11)

in the y direction. Additional marginally signi�can t ( p < 0 : 10) c hanges o ccurred at

1 target (targets 4) in the x direction and at 4 out of 11 targets (targets 1, 2, 4 and

6) in the y direction. The c hange w as greatest at the righ t training p oin t (6.2 cm),

follo w ed b y the target imme diatel y to its righ t (4.9 cm), and then at the left training

p oin t (4.7 cm).

The pattern of generalization in the in terp olated v ector �eld of c hanges for the

y -shift group (Figure 4-13b) sho ws a c hange in p oin ting a w a y from the b o dy in the

upp er righ t half of the w orkspace and to w ards the b o dy in the lo w er left half. The

ANO V A (T able 4.2) sho w ed no signi�can t main e�ects of phase but a highly signi�can t

in teraction of phase and target in the y direction, re
ecting the non-linear e�ect.

The prop ortion adaptation in the direction of the p erturbation ( y direction) com-

puted from the v ector �eld is depicted in Figure 4-13c as a greyscale con tour plot.

The ligh ter areas represen t c hange a w a y from the b o dy and the dark er areas c hange

to w ards the b o dy .
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Figure 4-13: a) Av erage c hange in p oin ting for the y -shift group. b) Gaussian

smo othed v ector �eld of c hanges c) Prop ortion adaptation relativ e to the size of

the p erturbation. The ligh test shade corresp onds to 58% adaptation in the p ositiv e

y direction and the dark est shade corresp onds to 42% adaptation in the negativ e y

direction.
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4.4.3 Discussion

Again, although there w ere large consisten t pre-exp osure p oin ting errors the con-

trol only displa y ed small c hanges b et w een the pre- and p ost-exp osure phases. This

reinforces the notion that the visuomotor map is relativ ely stable throughout the

exp erimen t when not exp osed to a p erturbation.

The learning curv es for the exp osure phase suggest that the t w o-p oin t p erturbation

w as initially more di�cult to comp ensate for than either one-p oin t p erturbation from

Exp erimen t 1. Ho w ev er, as the session pro ceeded the time to lo cate the t w o targets

decreased to con trol lev els.

The e�ect of p erturbing the visuomotor mapping at t w o p oin ts in the w orkspace

w as to induce a pattern of generalization around eac h of the p oin ts whic h, as in the

�rst exp erimen t, deca y ed a w a y from the training p oin ts. As the p erturbations w ere

opp osite in direction, there w as a region b et w een the t w o training p oin ts where the

visuomotor map did not c hange. The results of this exp erimen t suggest that the

e�ect of sim ultaneously remapping sev eral p oin ts can b e explained qualitativ ely as

an e�ect of sup erimp osing the con tributions of sev eral single p oin t remappings. The

p erturbation at t w o p oin ts is not in terpreted b y the visuomotor map as a single global

remapping. In particular, the t w o-p oin t p erturbation could ha v e b een in terpreted b y

the visuomotor system as a single global remapping consisting of a coun terclo c kwise

rotation ab out the cen tral target. This w ould ha v e pro duced a pattern of generaliza-

tion with large opp osite-sign x -shifts at the middle-top and middle-b ottom targets.

Ho w ev er, neither these nor the other p eripheral targets demonstrate the pattern of

c hanges predicted b y a rotatory shift.

The results of the t w o-p oin t p erturbation study are at o dds with the conclusions

that Bedford dra ws from her t w o-p oin t p erturbation results. Exp erimen ts 2 and 3

of Bedford (1989) examined generalization to t w o-p oin t p erturbations using lateral

displacemen ts at t w o training targets along an arc cen tered ab out the sub jects' ey es.

Bedford examined the c hange in p oin ting b eha vior b efore and after this p erturbation
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at three p ositions b et w een the t w o training p oin ts and at six p ositions outside the

range of the training p oin ts. Sub jects displa y ed neither signi�can tly larger nor sig-

ni�can tly smaller shifts in the extrap olativ e region than at the training p oin ts. Our

results from the t w o-p oin t p erturbation exp erimen t also do not displa y larger shifts at

p eripheral targets than at the training p oin ts, at o dds with a strict in terpretation of

Bedford's linear constrain t h yp othesis, although consisten t with her data. Moreo v er,

the results from Exp erimen t 1 indicate that adaptation w as consisten tly smaller a w a y

from the training p oin t, rather than sta ying constan t or gro wing linearly . Therefore,

neither the results from the one-p oin t nor the t w o-p oin t p erturbation studies are

consisten t with the linear constrain t h yp othesis.

Di�erences in metho dology ma y explain the di�erence b et w een Bedford's results

and our results. In particular, our apparatus allo w ed a natural mapping b et w een

target lo cations and the sub jects' mo v em en ts: sub jects w ere ask ed to p osition their

�nger at the same p erceiv ed lo cation in space as the target. In Bedford's exp erimen t,

sub jects w ere ask ed to place their �nger in a v ertical plane that also con tained the

target and their righ t ey e. This is a more di�cult task than ours, and the di�erences

in di�cult y ma y ha v e in
uenced the patterns of generalization. Another p ossibilit y is

that the di�erences are due to the t w o-dimensional nature of our task; in particular,

our t w o-p oin t p erturbation in v olv ed a p erturbation in depth (i.e., in radial distance

from the sub ject), whereas Bedford's p erturbations w ere all at constan t depth.

In Exp erimen t 1 and 2 w e ha v e examined patterns of spatial generalization in an

attempt to elucidate the constrain ts underlying the represen tation of the visuomotor

map. In the next series of exp erimen ts, w e extend this paradigm to the study of

con textual generalization. Tw o questions will b e addressed: Can the same p oin t in

visual space b e mapp ed on to t w o di�eren t hand lo cations dep ending on a con text? If

t w o separate con text-dep enden t mappings can b e induced, ho w do es the visuomotor

map generalize to other con texts?
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4.5 Exp erimen t 3: Con textual Generalization of

the Visuomotor Map A

In this exp erimen t w e in v estigated the c hanges induced in the visuomotor map b y

a con text-dep enden t remapping of a single visual lo cation to t w o di�eren t �nger

p ositions. Sub jects w ere exp osed to di�eren t visuomotor rearrangemen ts at a single

visual target lo cation during mo v eme n ts made from t w o p ossible starting lo cations.

Tw o p erturbations, equal in magnitude but opp osite in sign, w ere used|where the

sign of the p erturbation w as determined b y this starting p oin t of the mo v em en t. The

start p oin t of the mo v em en t, therefore, represen ted the con text of the remapping.

Suc h a remapping sets up b oth am biguous and con
icting visuomotor pairs at this

single visual lo cation whic h can b e resolv ed only through the use of the con text.

The �rst goal of this study w as to assess whether con text-dep enden t maps can in

fact b e learned. Giv en that equal and opp osite remappings of the same p oin t are pre-

sen ted, one p ossible prediction is that there w ould b e no c hange from either starting

lo cation; an y p oten tial adaptation due to one remapping w ould b e coun teracted b y the

other. Alternativ ely , if adaptation tak es place it ma y b e either con text-indep enden t

or con text-dep enden t. Con text-indep enden t adaptation w ould b e found if the c hanges

induced in the visuomotor mapping are the same from b oth starting lo cations, and

con v ersely , con text-dep enden t adaptation w ould b e found if the c hanges are di�eren t

from the t w o starting lo cations.

The second aim of this study w as to explore ho w an y c hanges induced in the

visuomotor map generalize as the con text is v aried b et w een the t w o starting lo cations.

The use of starting p osition as the con text for the mo v eme n t allo w ed b oth a natural

con text for p oin ting mo v em en ts and one in whic h the con text could b e con tin uously

v aried b y selecting new start lo cations at p oin ts along the line joining the t w o initial

starting p oin ts. If con text-dep enden t adaptation is seen for the t w o start p oin ts used

in training, then the form of generalization of this adaptation to new con texts can
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b e assessed. As in the spatial generalization exp erimen ts, the exten t of con textual

generalization could range from none, through linear, to nonlinear. In particular, w e

w ere in terested in assessing whether there w ould b e an abrupt or smo oth transition

from one map to the other as the con text is v aried b et w een the t w o learned con texts.

The paradigm in this exp erimen t w as similar in design to Exp erimen ts 1 and

2. Sub jects no w rep eatedly p oin ted to a single visual target from sev eral di�eren t

starting p oin ts. This p oin ting b eha vior w as assessed b oth b efore and after exp osure

to the remapping. During the exp osure phase a p erturbation w as c hosen so that

a single visual lo cation w as remapp ed in one direction when approac hed from one

starting p oin t and another direction when approac hed from the other starting p oin t.

The p erturbation w as c hosen to b e equal and opp osite in sign from the t w o starting

p oin ts. The c hange in p oin ting b eha vior from di�eren t starting p oin ts w as used to

assess the con text-dep enden t c hanges in the visuomotor map.

4.5.1 Metho dSubjects
32 righ t-handed undergraduate studen ts participated in this study . Sub jects w ere

naiv e to the purp ose of the exp erimen t and w ere paid $7.00 for participation. All

sub jects had self-rep orted normal or corrected-to-normal vision.Apparatus
The apparatus w as iden tical to that used in Exp erimen ts 1 and 2.Procedure
Sub jects w ere randomly assigned to one of four groups: con trol, op en x -shift, crossed

x -shift, and y -shift. Eac h exp erimen tal session consisted of four parts.

In the �rst part (familiarization phase) the sub ject w as familiarized with the setup
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b y p oin ting 3 times to eac h of 9 randomly presen ted targets on a 3 � 3 grid. The

grid of targets w as iden tical to that used in Exp erimen t 1. P oin ting mo v emen ts w ere

made under full visual feedbac k of �nger p osition, as represen ted b y the cursor sp ot.

The target app eared and remained illumi nated un til the sub ject mo v ed the cursor to

the target p osition. The target then disapp eared and the next target app eared when

the sub ject had mo v ed at least 15 cm a w a y from the previous target.

In the second part (pre-exp osure phase), the sub ject's p oin ting w as assessed in

the absence of visual feedbac k of �nger p osition. The sub ject w as instructed to p oin t

as accurately as p ossible to a single visual target lo cated at (5, 40) cm relativ e to

the midp oin t of the sub jects' ey es. The sub ject started eac h p oin ting mo v eme n t

from one of 7 p ossible starting lo cations arranged in a line at 7.5 cm in terv als from

(-17.5, 20) to (27.5, 20) cm (see Figure 4-14 for a la y out of the starting p oin ts and

the target). Starting p oin ts w ere selected in a pseudorandom order, 10 times eac h.

A t the b eginning of eac h p oin ting trial, one of the sev en starting p oin ts w ould b e

displa y ed as a hollo w white square. The sub ject mo v ed to this starting p oin t, receiving

�nger feedbac k in the form of a cursor sp ot only when within 5 cm of this p oin t.

Ha ving reac hed the starting p oin t, its color turned from white to blue and the color

of the target also c hanged from blue to white. The cursor sp ot w as extinguished and

sub jects had to p oin t to the target, indicating when they though t their �nger w as

on target b y pressing a mouse k ey with their left hand. Sub jects w ere encouraged

to b e as accurate as p ossible and to press the mouse k ey only when they though t

their �nger p osition matc hed the target exactly . The sub ject receiv ed no information

as to p oin ting p erformance. During this phase, the target and �nger p ositions w ere

recorded for eac h trial.

The third part (exp osure phase) of the exp erimen t w as designed to pro vide ex-

tensiv e exp osure to an altered mapping b et w een visual lo cations and corresp onding

motor co ordinates. Throughout this phase three hollo w white 0.5 cm squares w ere

con tin uously displa y ed, corresp onding to the left starting p oin t, righ t starting p oin t,
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and the target (Figure 4-14a). Note that the left starting p oin t, righ t starting p oin t,

and target in the exp osure phase corresp ond to starting p oin ts 2, 6, and the tar-

get, resp ectiv ely , in the pre-exp osure phase. Also displa y ed con tin uously w as the

cursor feedbac k of the sub jects' �nger p osition. One of the three b o xes w as alw a ys

highligh ted b y c hanging its color from white to blue. The sub ject w as instructed to

alw a ys mo v e to the b o x that had b een highligh ted. When the �nger cursor reac hed

the highligh ted b o x the b o x w ould turn white and another b o x w ould b e highligh ted.

The b o xes w ere highligh ted in a rep eating sequence left-righ t-target-righ t-left-target|

tracing out a triangle in whic h the sub ject w ould alternately p oin t to the target from

the left and righ t starting p oin ts. This sequence w as rep eated 40 times, suc h that the

target w as approac hed 40 times from eac h starting p oin t.

The relationship b et w een the cursor sp ot and actual �nger p osition w as altered for

the di�eren t groups. F or the con trol group, the �nger cursor accurately represen ted

the �nger p osition. The sub jects in the con trol group b oth traced out a triangle with

their �nger and also sa w, v eridically , a triangle b eing traced out visually (Figure 4-

14a). F or the three other groups a di�eren t displacemen t w as in tro duced dep ending

on the starting p oin t and increasing linearly from starting p oin t to target. Th us,

for the crossed x -shift group the cursor sp ot w as displaced b y 5 cm to the left for

mo v em en ts from the left starting p oin t and 5 cm to the righ t for mo v em en ts from the

righ t starting p oin t. That is, while the sub ject visually p erceiv ed the �nger tracing

out a closed triangle the �nger w as actually tracing out a path that crossed at one

p oin t ending up on opp osite sides of the target from the starting p oin t (Figure 4-14b).

F or the op en x -shift group the cursor sp ot w as displaced at the target b y 5 cm to the

righ t for mo v emen ts from the left starting p oin t and 5 cm to the left for mo v em en ts

from the righ t starting p oin t. These sub jects again visually p erceiv ed their �nger

cursor mo ving along a closed triangle although, in this case, their actual �nger mo v ed

along a op ened triangle (Figure 4-14c). F or the y -shift group the cursor sp ot w as

displaced b y 5 cm a w a y for mo v em en ts from the left starting p oin t and 5 cm to w ards
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X open

1     2     3      4     5      6     7

X crossed

1     2     3      4     5      6     7

Control

1     2     3      4     5      6     7

Y 

1     2     3      4     5      6     7

a) b)

c) d)

Figure 4-14: Sc hematic of the exp osure phase of Exp erimen t 3. The sev en starting

p oin ts used in the pre- and p ost-exp osure phases are sho wn. During this exp osure

phase sub jects made rep eated mo v em en ts to the target from starting p oin ts 2 and 6.

The p erturbation in tro duced dep ended on whether the mo v em en t started form start

p oin t 2 or 6. The dotted line sho ws the path tak en b y the cursor and the solid line

the path tak en b y the �nger. Note that for the three p erturbation groups, although

the sub jects sa w a triangle b eing traced out, the �nger to ok a di�eren t path.

the sub ject for mo v eme n ts from the righ t starting p oin t (Figure 4-14d).

F or all conditions there w as no p erturbation in mo v eme n ts made b et w een the

start p oin ts. F or the t w o x -shift groups the displacemen t w as a linear function of the

distance tra v eled b y the �nger from the start p oin t to the target along the y direction.

Con v ersely , for the y -shift group the displacemen t w as a linear function of the distance

tra v eled along the x direction. This ensured that the displacemen t alw a ys started at

zero and increased linearly to 5 cm at the target. The mo v em en ts from the target bac k

to the starting p oin t had exactly the same displacemen t function ensuring a consisten t

p erturbation in b oth directions of tra v el. The displacemen t v aried smo othly from one



146 Chapter 4. Representation of the Visuomotor Coordinate Transformation
extreme to the other while con tin uously displa ying the �nger cursor.

The �nal phase (p ost-exp osure phase) w as iden tical in form to the second phase

(pre-exp osure phase); sub jects' p oin ting w as again measured, in the absence of cursor

feedbac k, 10 times from eac h of the 7 starting lo cations. The pseudorandom order of

the targets w as c hanged from the second phase.Analysis
T o assess generalization to the con text of the mo v eme n t, the sub jects' c hange in

p oin ting b eha vior b et w een the pre-exp osure and p ost-exp osure phases w as analyzed

for eac h starting lo cation. F or eac h sub ject and start lo cation the a v erage c hange in

p oin ting p osition b et w een the pre-exp osure and p ost-exp osure phases w as calculated,

along with the corresp onding co v ariance matrices. The sub jects' data w ere com bined

within eac h group for eac h starting target obtaining the group sample a v erage c hange

along with the co v ariance matrix for eac h start p oin t. Eac h v ector c hange and co-

v ariance matrix is based on 160 data p oin ts (8 sub jects � 10 rep etitions � pre- and

p ost-exp osure conditions). The mean c hange in p oin ting p osition from eac h starting

p oin t w as plotted at that start lo cation as an arro w along with the 95% con�dence

ellipse cen tered on the sample mean c hange. F or eac h group the c hange in p oin ting

in the direction of the p erturbation w as plotted as a function of the starting p osition.

The c hange in p oin ting as a function of starting lo cation w as analyzed through

separate ANO V As for eac h group, with phase (categorical pre- and p ost-exp osure)

and starting p oin t (con tin uous x lo cation) as within-sub ject factors.

4.5.2 Results

Although the p erturbations w ere quite strange in nature|a single visual target b eing

mapp ed on to t w o di�eren t �nger p ositions and t w o di�eren t visual p ositions b eing

mapp ed in to the same �nger p osition in the crossed x -shift group|sub jects found

the task simple and natural. Sub jects w ere una w are that their �nger feedbac k had
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b een p erturb ed as rev ealed b y informal questioning.

Figure 4-15 sho ws the pattern of c hanges in p oin ting to the target as a function

of the starting p osition for the four groups. The c hange in p oin ting for the con trol

group is sho wn in Figure 4-15a. The ANO V A sho ws no signi�can t c hanges b et w een

the pre- and p ost- exp osure phases (T able 4.3). Sp eci�cally , the lac k of in teraction of

phase and target in b oth the x and y direction indicates that there w as no signi�can t

linear trend in the c hange in p oin ting as a function of starting p osition. This is also

con�rmed in the con trol p ortions of the adaptation plots (Figures 4-16a & b, hollo w

circles).

Start Point

a)

1 2 3 4 5 6 7

5 cm

control

open x-shift

crossed x-shift

y-shift

b)

c)

d)

Figure 4-15: Exp erimen t 3: Change in p oin ting as a function of starting p osition.

Changes in p oin ting plotted as arro ws with 95% con�dence ellipses, arranged b y

starting p osition. All c hanges are calculated with resp ect to the target p osition, but

are plotted as a function of starting p osition to clarify the starting-p oin t dep enden t

nature of the remapping.

Figure 4-15b sho ws the c hange in p oin ting for the crossed x -shift group. There is

a small amoun t of o v ersho ot in the y direction (mean 0.9 cm), a c hange to the left

from the starting p oin ts on the righ t and a small c hange to the righ t for the leftmost

target. The ANO V A sho ws a signi�can t main e�ect of phase on x p oin ting p osition
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Exp erimen t 3: Analysis of V ariance

Group Dir Phase SP Phase x SP

F

1 ; 7

p F

1 ; 7

p F

1 ; 7

p

Con trol

x < 1 ns 1 : 41 ns < 1 ns

y < 1 ns 8 : 49 ns 2 : 42 ns

Crossed x -shift

x 9 : 23 < 0 : 05 3 : 01 ns 33 : 54 < 0 : 001

y 1.62 ns 8.26 < 0 : 05 < 1 ns

Op en x -shift

x 2 : 17 ns 1 : 45 ns 2 : 45 ns

y 9 : 00 < 0 : 05 3 : 11 ns < 1 ns

y -shift

x < 1 ns < 1 ns 6 : 66 < 0 : 05

y < 1 ns 3 : 39 ns 23 : 3 < 0 : 01

T able 4.3: Summary of the t w o-factor within-sub ject ANO V As for the four exp eri-

men tal groups and t w o directions (Dir) in Exp erimen t 3. SP denotes starting p oin t.

Non-signi�can t e�ects at the � = 0 : 05 lev el are denoted b y ns .

and a highly signi�can t in teraction of phase and target. The form of this in teraction

is rev ealed b y the plot of x adaptation as a function of starting p oin t (Figure 4-16a,

solid circles). The p erturbation is in the p ositiv e x direction from the starting p oin t

on the left and in the negativ e x direction from the starting p oin t on the righ t. As

the starting p oin t is v aried from left to righ t the adaptation displa ys a monotonic

c hange in the x direction consisten t with the direction of this p erturbation.

F or the op en x -shift group there w as a large c hange in p oin ting in the y direction

(Figure 4-15c). After exp osure to the p erturbation sub jects p oin ted further a w a y

from the target b y 2.8 cm on a v erage. This pattern of o v ersho ot w as seen in 7 out

of 8 of the sub jects. The ANO V A sho ws this signi�can t e�ect of phase on y p oin ting

p osition but no signi�can t e�ect on x . In particular, there w as no in teraction of phase

and starting p oin t on x p oin ting p osition as w ould b e predicted b y adaptation to the

p erturbation. Comparison of the pattern of c hanges in the x direction b et w een this

group and the con trol (as plotted in Figure 4-16a) with a b et w een-groups ANO V A
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rev ealed no signi�can t di�erences b et w een the t w o groups.

The pattern of c hanges for the y -shift group is sho wn in Figure 4-15d. While there

are no signi�can t main e�ects of phase there is a in teraction of phase and starting

p oin t on b oth x and y p oin ting p osition (T able 4.3). In particular, Figure 4-16b sho ws

the y adaptation as a function of starting p oin t as compared to the con trol. F or this

group, the p erturbation is in the negativ e y direction from the starting p oin t on the

left and in the p ositiv e y direction from the starting p oin t on the righ t. It can b e

seen that the y comp onen t of p oin ting c hanged in the direction of the p erturbation

as the starting p oin t w as v aried from left to righ t.
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Figure 4-16: a) Adaptation in the x direction plotted as a function of starting p oin t for

the con trol, crossed x -shift and op en x -shift groups (mean and 1 s.e.). b) Adaptation

in the y direction for the con trol and y -shift groups.

In summary , the results for Exp erimen t 3 indicate that after exp osure to the

p erturbation sub jects in the crossed x -shift and y -shift groups c hanged their p oin ting

to the target in a starting p oin t dep enden t manner. Although this exp erimen t seems

to indicate that sub jects could adapt to m ultiple con text-dep enden t p erturbations of

the same visual target, the results for the op en x -shift condition in the direction of

the p erturbation w ere not signi�can tly di�eren t from the con trols. W e h yp othesized

that the p erturbation w as not large enough to elicit signi�can t c hanges in p oin ting

and therefore rep eated the op en x -shift condition with a larger p erturbation.
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4.6 Exp erimen t 4: Con textual Generalization of

the Visuomotor Map B

Adaptation to the op en x -shift condition w as tested with a 10 cm p erturbation and a

new group of sub jects. Because suc h a p erturbation is large relativ e to the mo v eme n t

length, w e also increased the length of the legs of the triangle and ran a corresp onding

set of con trol sub jects.

4.6.1 Metho dSubjects
16 righ t-handed undergraduate studen ts participated in this study . Sub jects w ere

naiv e to the purp ose of the exp erimen t and w ere paid $7.00 for participation. All

sub jects had self-rep orted normal or corrected-to-normal vision.Apparatus
The apparatus w as iden tical to that used in Exp erimen t 3.Procedure
Sub jects w ere randomly assigned to one of t w o groups: con trol and op en x -shift. The

paradigm w as iden tical to the previous exp erimen t except for the follo wing c hanges.

The p erturbations for the op en x -shift group w ere doubled in magnitude to 10 cm at

the target. This required that the starting p oin ts and targets b e mo v ed to accommo-

date the larger p erturbation. The starting lo cations w ere arranged at 7.5 cm in terv als

from (-17.5,10) to (27.5,10) relativ e to the sub jects' ey es. The target w as lo cated at

(5,35), the cen ter of the grid of training p oin ts used in Exp erimen ts 1 and 2. The

n um b er of p oin ting rep etitions w as also increased from 10 to 15. Because w e initially

in tended to measure join t angles, sub jects' shoulders w ere �xed to the bac k of the
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c hair with a stretc h of rubb er tubing. This did not in terfere with sub jects' abilit y to

reac h all the targets.Analysis
The analysis w as iden tical to that used in Exp erimen t 3.

4.6.2 Results

Figure 4-17a sho ws the pattern of c hanges in p oin ting to the target as a function

of the starting p osition for b oth groups. The ANO V A sho ws no signi�can t c hanges

b et w een the pre- and p ost- exp osure phases for the con trol group(T able 4.4). As

in Exp erimen t 3, the lac k of in teraction of phase and target in b oth the x and y

direction indicates that there w as no signi�can t linear trend in the c hange in p oin ting

as a function of starting p osition.

As in Exp erimen t 3, for the op en x -shift group there w as a c hange in p oin ting in

the y direction (Figure 4-17a). After exp osure to this p erturbation sub jects p oin ted

further a w a y from the target b y 1.9 cm on a v erage. Ho w ev er, the ANO V A sho ws that

the only signi�can t e�ect w as an in teraction of phase and starting p oin t on x p oin ting

lo cation. The form of this e�ect can b e seen in Figure 4-17b. The p erturbation is

in the negativ e x direction from the starting p oin t on the left and in the p ositiv e x

direction from the starting p oin t on the righ t. As the starting p oin t is v aried from

left to righ t the adaptation in the x direction displa ys an increase consisten t with the

direction of this p erturbation.

4.6.3 Discussion

F or the crossed x -shift, y -shift, and op en x -shift groups (in Exp erimen t 4, with the

larger p erturbation), the c hange induced in the visuomotor map w as signi�can tly

di�eren t when tested from the t w o starting p oin ts used in the exp osure phase (2 and

6). This di�erence re
ects a con text-dep enden t visuomotor remapping. Although the



152 Chapter 4. Representation of the Visuomotor Coordinate Transformation
Start Point

1 2 3 4 5 6 7

5 cm

control

open x-shift

a)

X start point (cm)

-17.5 -10.0 -2.5 5.0 12.5 20.0 27.5

-2.5

-1.5

-0.5

0.5

1.5

Control           

  Open X           

X
 a

d
a

p
ta

ti
o

n
 (

cm
)

b)

Figure 4-17: Exp erimen t 4: Change in p oin ting as a function of starting p osition.

a) Changes in p oin ting plotted as arro ws with 95% con�dence ellipses, arranged b y

starting p osition. b) Change in x direction for con trol and op en x -shift groups.

p erturbation induced from these t w o starting p oin ts w as opp osite in sign for eac h

group, the adaptation in the visuomotor map w as generally greatest at one of the

t w o starting p oin ts while not signi�can tly di�eren t from the con trols at the other.

Ho w ev er, when the visuomotor map w as tested from the other 5 starting p oin ts the

pattern of generalization re
ected a smo oth transition b et w een the patterns learned

at p oin ts 2 and 6. In con trast, the con trols did not sho w an y consisten t pattern of

c hange with starting p osition. These results suggest that not only can a con text-

dep enden t map b e learned but that the map generalizes smo othly as the con text is

c hanged.

A surprising result of these exp erimen ts w as the large consisten t pattern of o v er-

sho ot in the op en x -shift groups. Ho w can the x p erturbations in these groups giv e

rise to suc h a large c hange in p oin ting in the y direction? A large psyc hoph ysical

(for a review see So ec h ting and Flanders, 1989) and neuroph ysiological (for a review

see Georgop oulos, 1990) literature has sho wn a disso ciation in the co ding of mo v e-

men t direction and mo v em en t distance. Based on this disso ciation, w e suggest that

the CNS ma y try to reconcile mo v eme n t direction or distance when presen ted with

con
icting information ab out target lo cation. Both the distance and directions of
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Exp erimen t 4: Analysis of V ariance

Group Shift Phase SP Phase � SP

F

1 ; 7

p F

1 ; 7

p F

1 ; 7

p

Con trol

x < 1 ns 1 : 95 ns 2 : 38 ns

y < 1 ns < 1 ns 1 : 70 ns

Op en x -shift

x 2 : 00 ns 2 : 32 ns 6 : 40 < 0 : 05

y 4.63 ns < 1 ns < 1 ns

T able 4.4: Summary of the t w o-factor within-sub ject ANO V As for the t w o exp eri-

men tal groups and t w o directions (Dir) in Exp erimen t 4. Non-signi�can t e�ects at

the � = 0 : 05 lev el are denoted b y ns .

the mo v em en t v ectors from starting p oin t 2 and starting p oin t 6 to the target are

inconsisten t with the target p osition (Figure 4-14, solid line in op en x -shift). Ho w-

ev er, the visual feedbac k the sub ject receiv es indicates that these v ectors terminate

at the same p oin t. Therefore, to in terpret the t w o mo v em en ts as consisten t with the

visual input the system m ust resolv e a con
ict b et w een the distance and direction

cues giv en b y the mo v em en ts. If distance cues w ere to dominate, the t w o con
icting

p erturbations w ould b e resolv ed in to a single remapping whic h w ould b e re
ected in

a small amoun t of undersho ot (as the actual distance mo v ed is less than the true

distance to the target). On the other hand, if directional cues w ere to dominate then

sub jects w ould p oin t to the extrap olated in tersection of the t w o mo v em en t v ectors;

this w ould pro duce o v ersho ot. Therefore, the p erturbation could b e resolv ed in to a

remapping with a large amoun t of o v ersho ot, as w as found. The results from the

op en x -shift exp erimen ts suggest that directional cues dominate o v er distance cues in

this situation. Ho w ev er, a small amoun t of o v ersho ot w as seen in the crossed x -shift

group whic h w ould b e consisten t with distance predominan t o v er direction. It is still

an op en question whether these e�ects can b e explained b y di�erences in distance vs.

direction cues.
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4.7 General Discussion

In summary , w e ha v e sho wn spatial generalization in p oin ting b eha vior after remap-

ping of b oth one and t w o p oin ts in the visuomotor co ordinate transformation. The

pattern of generalization deca ys a w a y from the training p oin ts in extrinsic Cartesian

co ordinates. Sub jects w ere not only able to represen t t w o con text-dep enden t remap-

pings of a single p oin t in extrinsic space but the con textual generalization sho w ed a

smo oth transition as the con text w as v aried. The implications of b oth patterns of

generalization, as they relate to the in ternal represen tation of the visuomotor map,

can b e in terpreted in the computational framew ork of function appro ximation.The Function Approximation Framework
The results of these exp erimen ts can b e in terpreted in a computational framew ork

b y p osing the problem of visuomotor learning as one of appro ximating the mapping

b et w een visual and motor co ordinates. This mapping can b e regarded as a function

whic h transforms visual co ordinates in to motor co ordinates. The mathematical the-

ory of function appro ximation is concerned with estimating a function from samples

of input-output pairs. F unction appro ximators span a range of p ossible generaliza-

tion patterns as measured b y the b eha vior of the system when tested on no v el inputs.

Con v ersely , the generalization prop erties of a function appro ximator can b e used to

infer the in ternal represen tation of the function (Sanger, 1994). Therefore, the is-

sues of represen tation and generalization are in tert wined in function appro ximation

theory .

A t one extreme, a function appro ximator can b e represen ted as a lo ok-up table in

whic h corresp onding input-output pairs are stored (A tk eson, 1989; Rosen baum et al.,

1993). Th us, the visuomotor co ordinate transformation could b e represen ted as a set

of pairs of visual and motor co ordinates and training at one p oin t w ould simply c hange

the pairing at one lo cation in visual space, while lea ving unaltered other previously

learned pairings. The substan tial amoun t of generalization w e found, ho w ev er, do es
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not supp ort this extreme form of the lo ok-up table mo del of the visuomotor map, as

training at one lo cation alters p oin ting to other lo cations.

A t the other extreme of the range from lo cal to global generalization, a co ordinate

transformation can b e represen ted as a mo del parametrized b y the ph ysical attributes

of the transformation. Th us, the motor co ordinates can b e represen ted as a function

of the visual co ordinates parametrized b y the felt con�guration of the ey es, head, and

arm. In these mo dels adaptation generally o ccurs through tuning of the parameters

(e.g. Harris, 1965). P arametric mo dels imply global generalization with the form of

the generalization dep ending on the parameter that is altered. Th us, c hanges in the

felt direction of gaze (e.g. Crask e, 1967) or in felt head p osition (Lac kner, 1973) should

generalize o v er the whole w orkspace, whereas proprio ceptiv e c hanges at particular

lo ci of the arm should generalize to particular arm con�gurations and not others

(Prablanc et al., 1975). The results from our exp erimen ts, ho w ev er, do not supp ort the

notion that the visuomotor map adapts most naturally along the previously suggested

parametric lines. F or example, the results obtained w ere qualitativ ely quite distinct

from those predicted b y c hanges in the felt p osition of the ey es or head.

In termediate in the range of generalization abilit y are function appro ximators suc h

as neural net w ork mo dels (for a reviews see Hertz et al., 1991). Neural net w ork mo dels

fall in to the general class of function appro ximation mo dels that are parametrized

b y a large n um b er of parameters (e.g. the w eigh ts in a neural net w ork) that do

not necessarily corresp ond to the ph ysical parameters of the system. These mo dels

alw a ys predict some generalization but the exten t and form of this generalization

v ary with the particular parameters and arc hitecture of the mo del. F or example, in

Albus' (1975) CMA C (Cereb ellar Mo del Articulatory Con troller) mo del of co ordinate

transformations, input-output pairs are stored in a distributed fashion o v er a set of

w eigh ts. As neigh b oring inputs share w eigh ts, a single p oin t remapping will pro duce

generalization to neigh b oring p oin ts in the input space with the exten t determined b y

the o v erlap in w eigh ts. W e will no w consider a framew ork|regularization theory|
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that allo ws general statemen ts to b e made concerning the patterns of generalization

sho wn b y certain families of neural net w orks.

There is a in timate connection b et w een the in ternal constrain ts in suc h net w ork

mo dels and their resulting patterns of generalization. In general, the problem of

appro ximating a functional mapping is sev erely ill-p osed, since for an y �nite set of

input-output pairs there are an in�nite set of functions consisten t with it. One w a y

to resolv e this problem is through the application of constrain ts, the topic of regu-

larization theory (Tikhono v and Arsenin, 1977). In regularization theory , a function

is appro ximated b y minim iz ing a cost consisting of t w o terms, one c haracterizing the

�t of the function to the input-output data and the second, kno wn as a regularizer,

denoting the preference or bias of the system with regards to a certain class of func-

tions. Th us, for example, Bedford's linear constrain t h yp othesis can b e in terpreted

as a regularizer whic h hea vily p enalizes functions with non-zero second and higher

deriv ativ es. The problem of appro ximating the function can no w b e in terpreted as

that of minimi zing the cost; this cost pla ys o� the matc h to the input-output data en-

co ded in the �rst term against the in trinsic constrain ts of the learning system enco ded

in the second term.

Regularization theory can b e in terpreted in another w a y . Rather than explicitly

forming the cost function and minim izi ng it, one can deriv e the form of \basis func-

tions", or basic computational units in the function appro ximator, whic h implicitl y

em b o dy the regularizer. A function formed from the data b y a sup erp osition of suc h

basis functions minimi zes the regularizer comp onen t of the cost (P oggio and Girosi,

1989). One form of basis function commonly used in neural net w ork function appro x-

imators is the Gaussian radial basis function (Bro omhead and Lo w e, 1988; Mo o dy

and Dark en, 1989), whic h can b e deriv ed b y assuming a regularizer whic h p enalizes

non-smo oth functions (P oggio and Girosi, 1989). Gaussian basis function net w orks

consist of computational units with Gaussian receptiv e �elds|units are most activ e

when the input is closest to the cen ter of their receptiv e �eld, and the activit y falls
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o� in a Gaussian manner with the distance of the input to the receptiv e �eld cen-

ter. Learning in suc h net w orks consists of adapting the lo cations and heigh ts of the

Gaussian basis units.

One consequence of represen ting a mapping using Gaussian basis functions is the

pattern of generalization. Suc h basis functions will generally displa y a pattern of gen-

eralization whic h is largest at the trained p oin t and deca ys in a Gaussian manner a w a y

from this p oin t. T raining at an y one p oin t only a�ects represen tational units whose

Gaussian receptiv e �elds signi�can tly co v er that p oin t. The output of units whose

receptiv e �eld cen ters are closest to the training p oin t will c hange the most while

others will c hange corresp ondingly less. W e ha v e seen in the case of the visuomotor

map that the pattern of generalization is largest at the training p oin t and deca ys

smo othly a w a y from it in a Gaussian manner. This suggests that, in the framew ork

of regularization theory , the visuomotor mapping ma y b e represen ted with functional

basis units (e.g. radial basis functions) with large receptiv e �elds. F urthermore, w e

ha v e seen that net w orks with suc h large receptiv e �elds em b o dy a smo othness princi-

ple, in that training at one p oin t c hanges the map gradually around that p oin t. W e

therefore suggest that a spatial smo othness constrain t b est c haracterizes the patterns

of generalization in the visuomotor map.

The con text-dep enden t remapping found in Exp erimen ts 3 and 4 can b e in ter-

preted within the framew ork of function appro ximation in t w o w a ys. First, one can

consider the con text v ariable simply as another input v ariable in the input-output

mapping that is learned. In this in terpretation, the �nding that a starting-p osition-

dep enden t mapping of a single p oin t in visual space could b e learned suggests that

the visuomotor map can b e naturally parametrized b y the starting p osition v ariable.

The results of the generalization to other con texts further suggest that not only is

the visuomotor map spatially smo oth as suggested b y Exp erimen ts 1 and 2, but that

it is also parametrized to v ary smo othly as the starting p oin t is v aried.

An alternate in terpretation of the con text-dep enden t mapping is that t w o separate
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visuomotor maps are learned and the con text is used to switc h b et w een them. A

suggestiv e computational mo del for ho w suc h separate mo dules can b e learned and

com bined is the mixture-of-exp erts neural net w ork arc hitecture (Jacobs et al., 1991).

In this mo del, the system starts with sev eral mo dules, or exp erts, and learns to

partition the function amongst the exp erts. Eac h exp ert receiv es a cop y of the input

and maps it in to an output. A separate net w ork, the gating net w ork, w eigh ts the

outputs of the exp erts, e�ectiv ely determining whic h exp erts to rely on for eac h input.

In the case of the visuomotor map, eac h exp ert w ould represen t one of the mappings

from visual to motor co ordinates. The gating net w ork w ould use the con text of the

mo v em en t, i.e. the starting p osition, to determine ho w to w eigh t eac h exp ert for eac h

con text. As the con text is v aried, the gating net w ork can alter the con tribution of eac h

exp ert net w ork. The pattern of c hange in the visuomotor map as the con text is v aried

represen ts the w a y in whic h the gating net w ork generalizes in relation to the con text.

Our �nding of a smo oth transition of the visuomotor map as the con text is v aried

suggests, in this framew ork, that the gating net w ork is gradually v arying the w eigh ting

of the t w o exp erts based on the con text. Again, this suggests a principle of con textual

smo othness, no w op erating in a gating pro cess distinct from the visuomotor maps.Other Generalization Studies
Other than Bedford's (1989, 1993) in
uen tial w ork, sev eral recen t studies ha v e ad-

dressed questions of visuomotor generalization that are relev an t to our w ork. Imamizu

et al. (1994) examined p oin ting under a rotation of 75

�

cen tered ab out a p oin t on

the table, using a setup, similar to Cunningham's (1989), in whic h hand mo v em en ts

pro duced cursor mo v em en ts on a monitor screen. The sub jects' goal w as to acquire,

as rapidly as p ossible, targets randomly presen ted in a circle ab out the initial cursor

lo cation. The authors used the duration of the ballistic p ortion of the mo v eme n t as

an indicator of learning. The results of their study indicate that learning the rotation

for mo v em en ts in one direction generalized to mo v eme n ts in the other direction. Ho w-
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ev er, there are sev eral problems with this study . First, the feedbac k sub jects receiv e

is on a monitor screen displaced from the �nger lo cation, therefore the cursor sp ot is

not lo cated at the same p erceiv ed lo cation in space as the �nger and analogies cannot

b e dra wn to prism adaptation exp erimen ts. Second, sub jects w ere fully informed of

the nature and amoun t of the p erturbation. Therefore, the exp erimen t confounds

p erceptual and cognitiv e comp onen ts of the task and the study consequen tly b ears

more on task learning than the represen tation of the visuomotor mapping.

Shadmehr and Mussa-Iv aldi (1994) studied adaptation and generalization to vis-

cous (v elo cit y-dep enden t) force �elds during target directed mo v emen ts. They found

that exp osure to suc h a force �eld in the left p ortion of the w orkspace generalized to

the righ t p ortion of the w orkspace in join t-based, rather than Cartesian, co ordinates.

Our results seem to suggest that visuomotor (kinematic) learning generalizes in ex-

trinsic Cartesian co ordinates. F urthermore, there is evidence from adaptation studies

on mo v eme n t that Cartesian co ordinates are cen tral in planning the kinematics of

arm tra jectories (W olp ert et al., 1995). These results ma y indicate an in teresting di-

c hotom y b et w een the represen tation of kinematics, in extrinsic Cartesian co ordinates,

and dynamics, in in trinsic join t-based co ordinates.

A relev an t p erceptual study is that of B • ultho� and Edelman (1992), who ha v e

studied generalization in the domain of ob ject recognition. Sub jects w ere trained

to recognize 2D views of amo eba-lik e ob jects and generalization to other p oses (2D

pro jections) of the ob ject w as assessed. They found that recognition falls o� smo othly ,

in a Gaussian-lik e manner, with distance from the presen ted viewp oin t. This �nding

has b een tak en as supp ort for a theory of ob ject recognition based on the sup erp osition

of basis functions, eac h of whic h represen ts a 2D ob ject view (P oggio and Hurlb ert,

1994).

It is in teresting that our studies of visuomotor generalization sho w qualitativ ely

similar e�ects to B • ultho� and Edelman's (1992) purely p erceptual study . It ma y b e

that the principles go v erning the learning and represen tation of mappings in the CNS
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transcend the particular systems in v olv ed (P oggio, 1990). F or example, it is kno wn

that maps of visual and auditory space are k ept in alignmen t in the midbrain tectum

of o wls (Kn udsen, 1982), cats (Harris et al., 1980; Stein and Meredith, 1993), and

primates (Ja y and Sparks, 1984) and that prismatically imp osed displacemen ts of

visual space alter the corresp onding map of auditory space (Kn udsen and Kn udsen,

1989a). An in teresting, as y et unansw ered, empirical question is whether the prin-

ciples of generalization that arise in the visuomotor map are also re
ected in these

visual and auditory maps.The Neural Representation of the Visuomotor Map
The form and exten t of generalization in the visuomotor map is in timately tied to the

plasticit y of the neural represen tations mediating this co ordinate transformation. As

y et the neural basis of this transformation is not fully understo o d, but it has b ecome

clear that the p osterior parietal cortex pla ys a prominen t role in its represen tation.

In the p osterior parietal cortex of primates, retinotopic maps ha v e b een found to b e

mo dulated b y ey e p osition in the orbit, head p osition relativ e to the b o dy (Ander-

sen, 1987), and most recen tly b o dy orien tation (Sn yder et al., 1993). Computational

mo dels of this area indicate that the cell resp onses found neuroph ysiologically could

b e an in termediate represen tation in the transformation from retinotopic co ordinates

to extrinsic co ordinates (Zipser and Andersen, 1988; P ouget and Sejno wski, 1995).

F urthermore, evidence from patien ts with damage to this area indicates sev ere de�cits

in p oin ting, reac hing and related spatial tasks in v olving visuomotor co ordinate trans-

formations (for a review see Andersen, 1987).

What do the results of our study imply for the neural represen tation of the vi-

suomotor transformation? W e �nd that c hanges in the mapping at one lo cation

generalize to other lo cations in visual space. Therefore, w e exp ect that the neural

co ding of the transformation is distributed in nature and comprised of units with

large functional receptiv e �elds in visual space. Let us sp eculate that the visuomotor
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transformation is indeed computed largely b y neurons in the p osterior parietal cortex

(PPC). Our �ndings are consisten t with the resp onse prop erties of these neurons,

whic h ha v e receptiv e �elds spanning on the order of 60

�

of the visual �eld (Andersen,

1987). W e further �nd that a single p oin t in visual space can b e remapp ed in t w o

di�eren t directions dep ending on the starting p oin t of the mo v eme n t. As w e ha v e

seen, the visual receptiv e �elds of PPC neurons are mo dulated b y b o dy con�gura-

tion signals suc h as ey e p osition, head p osition, and b o dy orien tation. F urthermore,

a large p ortion of PPC cells also displa y activit y related to join t con�guration and

activ e arm mo v em en t (Moun tcastle et al., 1975). It is plausible then, if the visuomo-

tor map w ere represen ted in PPC, that the con text of the mo v em en t, as indexed b y

the initial con�guration and direction of arm mo v emen t, could naturally mo dulate

it. Finally , w e found that as the con text w as v aried the visuomotor map generalized

smo othly to in termediate con texts. These observ ed patterns of con textual generaliza-

tion ma y therefore re
ect the e�ect of the arm p osition signals on the computation

of the visuomotor mapping in the PPC.

4.8 Conclusion

W e ha v e found that the paradigms of examining spatial and con textual generalization

ha v e pro v ed v aluable in the study of the represen tation of the visuomotor map. F rom

the computational p ersp ectiv e of function appro ximation theory , our exp erimen tal

�ndings suggest that t w o principles, spatial and con textual smo othness, underly the

represen tation of the visuomotor map and the constrain ts on its plasticit y . F rom

the neural p ersp ectiv e, our �ndings suggest that the visuomotor map is subserv ed

b y represen tational units with large functional receptiv e �elds. F urther study of the

visuomotor map from psyc hoph ysical, neural and computational p ersp ectiv es should

shed ligh t on the fascinating y et elusiv e phenomenon of visuomotor adaptation that

has b een under scrutin y for o v er one h undred y ears.
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Chapter 5

Learning Co ordinate

T ransformations through Mutual

Information

5.1 In tro duction

W e ha v e review ed evidence, throughout this thesis, that there exist m ultiple, m utually-

aligned top ographic maps in the CNS. F rom the p ersp ectiv e of m ultisensory in te-

gration, the existence of these maps seems computationally e�cien t. Once signals

from m ultiple senses ha v e b een con v erted in to a common co ordinate system, through

these aligned maps, the in tegration problem b ecomes straigh tforw ard. The co ordi-

nate transformation problem, ho w ev er, remains far from trivial. In this c hapter w e

therefore ask: Ho w do m utually-aligned top ographic maps arise in the CNS?

Tw o answ ers can b e giv en: Aligned maps arise through innate wiring, or through

exp erience. Evidence can b e found supp orting b oth these p ossibilities. F or example,

Aronson and Rosen blo om (1971) rep ort that infan ts as y oung as 30 da ys b ecome

visibly distressed if the lo cation of their mother's v oice is displaced from the visually

p erceiv ed lo cation of the mother. Although exp erience in the �rst mon th of life ma y

163
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b e crucial, this has b een used to argue that visuo-auditory alignmen t is to some

degree prewired. On the other hand, Kn udsen et al. (1991) sho w ed that complete

lac k of visual exp erience in blind-reared o wls resulted in the dev elopmen t of maps of

auditory space in the optic tectum whic h w ere stretc hed, upside-do wn, or otherwise

erratic. F urthermore, Ro e et al. (1990) sho w ed that exp erimen tally rewiring retinal

inputs in to the auditory path w a y in ferrets induced the formation of a map of visual

space in primary auditory cortex.

In this c hapter w e explore, from a computational p ersp ectiv e, the p ossibilit y that

m utually-aligned top ographic maps arise purely from exp erience. W e dev elop an un-

sup ervised learning algorithm to ac hiev e t w o goals: Filtering information that is com-

mon to m ultiple mo dalities, while rejecting what is not, and con v erting this common

information in to the same co ordinate system. F or example, the lo cation of activit y

on the retina and an auditory in teraural time di�erence b oth re
ect spatial attributes

of a visuo-auditory stim ulus. In this case, the goal w ould b e to extract this common-

alit y from other attributes, suc h as color, and pitc h, and to generate a common map

registering b oth visual and auditory space. What results is an algorithm whic h learns

m ultiple, m utually-aligned top ographic maps based purely on correlations b et w een

the inputs to the di�eren t sensory mo dalities.

The c hapter is organized as follo ws. In section 5.2 w e pro vide some bac kground

on unsup ervised learning and information theory and review existing algorithms. In

section 5.3 w e in tro duce an algorithm for maximi zi ng m utual information in top olog-

ical maps and discuss its relation to previous w ork. In section 5.4 w e demonstrate

this algorithm on a small problem: learning a mapping b et w een p olar and Cartesian

co ordinates. W e conclude the c hapter with a discussion in section 5.5.



5.2. Information-theoretic Unsupervised Learning 165

5.2 Information-theoretic Unsup ervised Learning

5.2.1 Unsup ervised Learning

The goal of unsup ervised learning is to extract statistical structure from sensory

data. F rom a statististical p ersp ectiv e, unsup ervised learning is often view ed as a

data mo deling problem. Th us, the �eld of unsup ervised learning has dra wn hea vily

on statistical metho ds for densit y estimation. F rom the p ersp ectiv e of information

theory , unsup ervised learning is often view ed as the problem in maximi zing the infor-

mation con ten t in a sensory represen tation. The information theoretic and statistical

framew orks are closely tied; man y statistical metho ds can b e view ed as maximi z-

ing the information con ten t in a reduced represen tation of the input. Mo dels based

on ev en the simplest information maximiz ation rules, suc h as principal comp onen ts

analysis, ha v e pro vided v aluable insigh ts in to the organization of receptiv e �elds and

dev elopmen t of the senses (Linsk er, 1988; Barlo w, 1989).

The view of learning as a statistical inference problem has led to a common recip e

for deriving unsup ervised learning algorithms. First the sensory inputs from the en-

vironmen t are assumed to b e generated according to some statistical mo del. This

mo del|kno wn as the generative model|do es not need to sp ecify details of the gen-

eration pro cess, but it do es need to constrain the space of mo dels so as to mak e the

problem learnable. Th us, for example, a generativ e mo del in vision ma y sp ecify that

con tiguous patc hes of image ha v e similar luminance, that corresp onding patc hes of

the retina sense corresp onding patc hes of space, or that the en vironmen t consists of a

few translationally in v arian t ob jects. A generativ e mo del in sp eec h ma y sp ecify that

signals are generated from a small set of underlying units (phonemes) constrained to

transition according to a Mark o v c hain (e.g. Juang and Rabiner, 1991).

Starting from this generativ e mo del, the learning problem consists of estimating

the parameters of the mo del that b est �t the data. This �t is generally measured

b y the lik eliho o d of the data giv en the parameters, whic h can b e maximiz ed as a
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function of the parameters. Ba y esian approac hes augmen t this inference pro cess b y

incorp orating a prior distribution on the parameters, and requiring that the result of

the learning pro cess b e a p osterior distribution on the parameters.

A second and third framew ork for unsup ervised learning|deriv ed from informa-

tion theory and statistical ph ysics, resp ectiv ely|can b e sho wn to b e formally equiv-

alen t to the statistical inference framew ork. In the information-theoretic framew ork,

the goal of the learner is to comm uni cate the data e�cien tly to a receiv er, thereb y

pro ducing a compact represen tation for the data (Co v er and Thomas, 1991; Zemel,

1993; Hin ton and Zemel, 1994). A cost function quan tifying the e�ciency of this

comm unic ation pro cess can b e deriv ed from the principle of Minim um Description

Length (MDL; Rissanen, 1989). Using Shannon's co ding theorem (Shannon, 1948),

the MDL cost function can b e sho wn to b e equal to the p osterior probabilit y of the

parameters giv en the data.

In the statistical ph ysics framew ork, the en vironmen t and the learner are a com-

bined system that can o ccup y man y di�eren t states (for a text on statistical ph ysics,

see P arisi, 1988). The states corresp ond to patterns of sensory data in the en viron-

men t and in ternal represen tations in the learner. An energy is asso ciated with eac h

com bination of states in the en vironmen t and learner. This energy em b o dies the gen-

erativ e mo del: States with lo w energy corresp ond to com binations of sensory data

and in ternal represen tation that ha v e high probabilit y , and vice-v ersa. The goal of

learning is to �nd parameters of the system that minimi ze the energy o v er the en tire

data set. More precisely , the quan tit y that is minim iz ed comprises b oth an energy

term, indicating the �t of the parameters to the data, and an en trop y term, indi-

cating the prior probabilit y of the parameters. Using the Boltzmann distribution, it

can b e sho wn that minim iz ing this quan tit y corresp onds to maximiz ing the p osterior

probabilit y of the parameters giv en the data.

Although the three framew orks are equiv alen t, the links to the mathematically ric h

disciplines of statistics, information theory , and statistical ph ysics o�er three comple-
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men tary views and to olb o xes for understanding learning. With this in mind, w e will

fo cus on the problem of learning co ordinate transformations from the framew ork of

information theory .

5.2.2 Information Theory

The idea of extracting common information from di�eren t sensory mo dalities can b e

phrased succinctly in the language of information theory . Information is de�ned as

the capacit y for a signal to reduce a system's uncertain t y (Co v er and Thomas, 1991).

Let n b e the n um b er of p ossible co des for the signal, and p

j

b e the probabilit y of

co de j . In tuitiv ely , receiving a signal whic h is alw a ys predictable (e.g. p

1

= 1, p

j 6=1

=

0) pro vides no information, while receiving a signal whic h is maximally uncertain

( p

j

= 1 =n ) pro vides maximal information. F urthermore, the information con ten t of

the signal increases as n increases. It can b e sho wn that the Shannon en trop y

H = �

n

X

j =1

p

j

log p

j

(5 : 1)

satis�es these p ostulates and is unique within a constan t factor (Shannon, 1948; Shan-

non and W ea v er, 1949). F or con tin uous signals, a limiting argumen t is used to con v ert

this sum in to an in tegral, pro vided that the signal cannot b e observ ed p erfectly , as

this w ould result in in�nite information. Let H ( X ) denote the information con ten t of

random v ariable X , whic h can tak e on v alues x

j

. If p ( x

i

; y

j

) is the join t probabilit y

of X taking v alue x

i

and Y taking a v alue y

j

, then the joint information for the t w o

signals is

H ( X ; Y ) = �

X

i;j

p ( x

i

; y

j

) log p ( x

i

; y

j

) :

Similarly , the conditional information of the signals is de�ned to b e

H ( Y j X ) = �

X

i;j

p ( x

i

; y

j

) log p ( y

j

j x

i

) :
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A transformation f of X can b e considered a comm unication c hannel, receiving

a signal X and outputting the transformed signal f ( X ). The rate of transmission of

information for suc h a c hannel is:

R = H ( X ) � H ( X j f ( X ))

= H ( f ( X )) � H ( f ( X ) j X )

= H ( X ) + H ( f ( X )) � H ( X ; f ( X ))

A transformation suc h as f ( X ) = 0 has a 0 rate of information transmission, whereas

the iden tit y transformation f ( X ) = X has maximal information transmission, R =

H ( X ). The rate of information transmission b et w een t w o signals is also kno wn asmutual information.

5.2.3 Previous approac hes

Since its inception, information theory has b een an imp ortan t to ol for understanding

the neural organization of p erception. A ttnea v e (1954, 1959) w as p erhaps the �rst

to pursue the notion that visual p erception could b e studied from the p ersp ectiv e of

information transmission. Barlo w (1961, 1989) prop osed that a sp eci�c information-

theoretic criterion|mini m iz ing redundancy|pla y ed a cen tral role in the formation

of neural represen tations in the p erceptual system.

Serious computational mo deling of the role of information theory in the formation

of neural represen tations did not start un til Linsk er (1986a,b,c). His mo del consisted

of a m ultila y ere d net w ork of units with spatially-lo calized receptiv e �elds, in whic h

learning to ok place via a Hebbian rule (Hebb, 1949). (The Hebb rule states that

synaptic strengths in the brain c hange in prop ortion to the correlation of the �ring

of pre- and p ost-synaptic neurons.) When a pattern with no spatial or temp oral

correlations w as input to the lo w est lev el of this net w ork, the higher lev els w ould

form successiv ely more complex represen tations. Among the prop erties of the higher
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lev els of the mo del w ere b oth the on-cen ter o�-surround receptiv e �elds and the

orien tation bands c haracteristic of primary visual cortex. Linsk er's mo del con tributed

t w o imp ortan t insigh ts: That the principle of maximal information transmission w as

em b o died in the simple Hebb rule, and that this principle alone op erating on random

inputs could accoun t for some of the main classes of receptiv e �elds found in primary

visual cortex. Since Linsk er, the idea that maximal information transmission ma y

pla y a cen tral role in early visual dev elopmen t has found further empirical supp ort.

Extensions of this idea, suc h as minim iz ing information loss (Plum bley and F allside,

1988; Plum bley , 1991), ha v e also b een activ ely pursued.

Man y researc hers ha v e p oin ted out that, under the simpli�ed assumption that the

inputs and outputs are Gaussian distributed, the maxim um information transmission

criterion em b o died b y the Hebb rule for linear net w orks p erforms principal comp o-

nen ts analysis (PCA; Oja, 1982, 1989, Baldi & Hornik, 1989; Sanger, 1989; Cottrell,

Munro, Zipser, 1987; Plum bley , 1991). The information con ten t of a Gaussian is

prop ortional to the determinan t of its v ariance; therefore maximi zing the information

transmission is equiv alen t to maximi zi ng the v ariance of the output, whic h is exactly

the goal of a linear PCA net w ork.

Barlo w's (1989) criterion of minim al redundancy , or maximal indep endence, has

pro v en di�cult to implem e n t in a neurally-plausible learning rule. Ho w ev er, the

closely related criterion of maximal de-correlation can b e appro ximated b y the com-

bination of a Hebbian feedforw ard rule and an an ti-Hebbian lateral inhibition rule

(Barlo w & F• oldi� ak, 1989). F• oldi� ak (1990) has found that this rule can form sparse

represen tations, and, lik e the Linsk er mo del, can predict some in teresting receptiv e

�eld prop erties of neurons in the early visual path w a y .

All of the ab o v e algorithms are based on the idea that one of the goals of sensory

pro cessing is the preserv ation of information from input to output. An in teresting

extension of these ideas is that the goal of multi-sensory pro cessing ma y b e to maxi-

mize the m utual information b et w een the represen tations in di�eren t sensory mo dal-
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ities (Bec k er, 1992; Bec k er and Hin ton, 1992). Consider a system in whic h there are

t w o mo dalities with inputs X and Y , and t w o corresp onding sensory transformations

f ( X ) and g ( Y ). The m utual information b et w een the t w o transformed signals is

I ( f ( X ) ; g ( Y )) = H ( f ( X )) + H ( g ( Y )) � H ( f ( X ) ; g ( Y )) : (5 : 2)

The �rst t w o terms are the en trop y of the t w o separate mo dalities. Maximizing these

corresp onds to maximiz ing the information transmission in eac h mo dalit y , th us re-

co v ering Linsk er's criterion. The third term is the negativ e join t en trop y of the t w o

mo dalities. This term is minim ize d when the outputs of the t w o sensory transforma-

tions are maximall y predictable. The t w o mappings, f and g , adapt so as to extract

the information common to their inputs. Maximizing the m utual information b et w een

t w o mo dalities therefore corresp onds to maximi zi ng the information transmitted in

eac h mo dalit y while maximi zi ng predictabilit y b et w een their outputs.

1

Bec k er & Hin ton (1992) applied their algorithm to the problem of disco v ering

disparit y from random-dot stereograms (Julesz, 1971). The mo del consisted of t w o

mo dules, eac h a neural net w ork, whic h receiv ed inputs from corresp onding patc hes

from the t w o ey es. The m utual information criterion w as used to deriv e gradien t

descen t rules for adjusting the w eigh ts in the net w orks. As the only information

common to corresp onding patc hes in the t w o ey es w as the shift due to stereo disparit y ,

the output of the net w ork formed a reliable represen tation of the stereo disparit y .

This mo del made t w o imp ortan t con tributions to the theory of information-theoretic

p erceptual learning. First, it extended the simple idea of information transmission to

structures with m ultiple mo dules. Second, it sho w ed that this extension could cap-

ture in teresting structure, suc h as stereo disparit y , that is not presen t in inputs to an y1
Just lik e maxim izing information transmission in the linear Gaussian case reduces to the stan-

dard statistical tec hnique of PCA, maximi zing m utual information reduces to canonical correlation.

The goal of canonical correlation is to �nd pro jections of t w o data sets that ha v e b oth high v ariance

(high information) and are maxim al ly correlated (lo w join t information). See Johnson and Wic hern

(1992) for a text describing canonical correlation.
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single mo dule. Other researc hers ha v e since w ork ed on related ideas. F or example,

de Sa (1994) sho w ed ho w the related notion of maximi zing coherence across mo dules

could b e used for classi�cation. The basic goal in all this w ork is for eac h mo dalit y to

extract the information that is common b et w een its input and the other mo dalit y's.

T o this end, m utual information seems lik e an ideal information-theoretic criterion

for m ultisensory in tegration.

5.3 T op ographic Mutual Information

One of the fundamen tal prop erties of co ordinate transformations in the cen tral ner-

v ous system that is not captured b y mo dels based on information transmission is

top ographic organization. F rom early visual, somatosensory , and auditory areas, to

m ultisensory areas suc h as the colliculus and parietal cortex, neurons are arranged

with their receptiv e �elds forming top ographic maps of the input space (Kandel et al.,

1991). In m ultisensory areas, these top ographic maps coincide, making transforma-

tion b et w een the di�eren t co ordinate frames p ossible. In the sup erior colliculus, for

example, maps of visual and auditory space are aligned with the motor map for pro-

ducing saccadic ey e mo v em en ts (Sparks and Nelson, 1987). This alignmen t allo ws the

disparate represen tations of visual and auditory inputs to b e mapp ed in to a common

motor represen tation.

In this c hapter w e prop ose an extension of the m utual information criterion for

m ultisensory in tegration that incorp orates top ographic constrain ts. The goal is to

deriv e an unsup ervised computational mo del for the formation of aligned top ological

maps based purely on input statistics. The approac h will b e to �rst form ulate the

cost function whic h com bines b oth m utual information maximi zation principles and

top ographic constrain ts, and then deriv e the learning algorithm whic h will minim iz e

this cost function.



172 Chapter 5. Learning Coordinate Transformations through Mutual Information
5.3.1 The cost function

The basic mo del consists of sev eral sensory mo dalities, indexed b y i , eac h of whic h

con v erts an input, x
i

, in to a transformed represen tation, z
i

(Figure 5-1). The cost

function w e deriv e maximi zes the m utual information b et w een the z
i

, while main tain-

ing a presp eci�ed top ographic order b et w een and within the z
i

. If the top ographic

constrain ts b et w een the mo dalities are c hosen to sp ecify a one-to-one mapping, then

the transformed represen tations are equiv alen t and can b e used as a common rep-

resen tation to con v ert inputs from one co ordinate frame to another. F urthermore,

this common represen tation can serv e to in tegrate m ultiple mo dalities in to a common

motor path w a y .

W e start b y expressing eac h of the sensory transformations as a Gaussian mixture

mo del (McLac hlan and Basford, 1988). The input to mo dalit y i is a real v ector x
i

and the transformed represen tation is the zero{one v ector z
i

. Elemen t z

ij

= 1 if unit

j is activ e; in a mixture mo del, one and only one elemen t is allo w ed to b e activ e at

an y one time. Giv en this constrain t of mixture mo dels, the total probabilit y of the

input can b e written as the sum o v er the exhaustiv e and m utually-exclusiv e hidden

represen tations:

P ( x
i

) =

X z
i

P ( x
i

j z
i

) P ( z
i

) : (5 : 3)

F or a Gaussian mixture mo del, the conditional probabilit y of the input giv en the

hidden represen tation follo ws a Gaussian distribution:

P ( x
i

j z
i

) / exp f�

1

2

( x
i

� W

i

z
i

)

T

V

� 1

i

( x
i

� W

i

z
i

) g (5 : 4)

where W

i

is the matrix whose ro ws are the means of the Gaussians and V

i

is the

co v ariance matrix common to all the Gaussians. The o v erall cost function will b e

de�ned in terms of the negativ e log lik eliho o d, or energy, of the mo del. T aking the
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Figure 5-1: The basic mo del for m ultisensory in tegration, sho wn with some p ossible

lab els for the sensory mo dalities. Information from the di�eren t mo dalities arriv es

in di�eren t co ordinate systems. Eac h mo dalit y transforms its inputs in to a com-

mon co ordinate system, whic h can then b e used to in tegrate the inputs in to a single

represen tation. The dashed arro ws represen t the p ossible transformations, from the

common represen tation bac k in to the mo dalit y-sp eci�c represen tation, whic h ma y

mediate in tersensory adaptation.
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negativ e of the log of (5.4) w e obtain the �rst term in the cost function:

E

mix

i

=

1

2

( x
i

� W

i

z
i

)

T

V

� 1

i

( x
i

� W

i

z
i

) : (5 : 5)

The Gaussian mixture mo del de�ned b y (5.3) and (5.4) is a statistical formal-

ization of a la y er of units with Gaussian receptiv e �elds in whic h b oth the cen ters

and sizes of the receptiv e �elds adapt comp etitiv ely to capture the distribution of

the data (No wlan, 1991). As a mo del of comp etitiv e learning or clustering, it is

closely related to v on der Malsburg's (1973) mo del of self-organization, the Neo cog-

nitron (F ukushima, 1975; F ukushima, 1980), Kohonen's feature maps (1982, 1989),

Adaptiv e Resonance Theory (AR T; Grossb erg, 1987; Carp en ter & Grossb erg, 1988)

and Rumelhart and Zipser's (1985) comp etitiv e learning mo del. The Gaussian mix-

ture mo del, ho w ev er, is �rmly grounded in statistics, and can, therefore, b e naturally

expressed in the equiv alen t language of information theory . In information pro cess-

ing terms, a mixture mo del con v erts a con tin uous signal in to a discrete co de whose

information con ten t is related to the p osterior probabilit y of the co des through the

free energy (Hin ton and Zemel, 1994).

Under cost function (5.5) the units in eac h mixture mo del are not arranged top o-

graphically . W e can induce a top ographic order b y adding the follo wing term to the

cost function:

E

top

i

=

1

2

X

j k

[	

i

]

j k

( W

ij

� W

ik

)

T

V

� 1

i

( W

ij

� W

ik

) : (5 : 6)

The matrix 	

i

enco des the top ograph y of the map; its elemen ts [	

i

]

j k

are in v ersely

related to the distance b et w een unit j and k . This term p enalizes units nearb y on

the top ographic map for ha ving the cen ters of their receptiv e �elds far a w a y in input

space. By c hoice of the v alues in 	

i

, a 1-D lattice, 2-D lattice, circular or other

top ologies

2

can b e induced. W e will restrict our atten tion to 2-D lattices as they are2
Whereas the top o gr aphy de�nes distances b et w een neigh b ors, the top olo gy de�nes only the neigh-

b orho o d relations and is in v arian t to arbitrary stretc hing or scaling.
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most represen tativ e of the la y ered maps found in man y areas of the CNS.

The top ographic term (5.6) is iden tical to the cost minimi zed b y elastic net w orks

(Durbin and Willsha w, 1987; Y uille, 1990) and closely related to the cost implic-

itly minim iz ed b y Kohonen's feature maps (1982, 1989). It also has an in teresting

information-theoretic in terpretation. The matrix 	

i

enco des the confusabilit y of v ec-

tor z
i

, i.e. the probabilit y of transmitting an incorrect co de k when the true co de is

j . When 	

i

is symmetri c, it de�nes a distance metric o v er the space of co des. This

confusabilit y matrix therefore implici tly de�nes a top ology in a system whose goal

is maximi zi ng information transmission (Luttrell, 1989, 1994; G.E. Hin ton, p ersonal

comm unic ation).

The top ographic term (5.6) in tro duces constrain ts within eac h sensory mo dalit y .

W e in tro duce a top ographic constrain t between t w o mo dalities via the term:

E

align

=

1

2

zT

i

	

i`

z
`

: (5 : 7)

This term acts to align pairs of mo dalities, with the matrix 	

i`

pla ying a role v ery

similar to 	

i

. In tuitiv ely , the elemen ts of 	

i`

enco de the confusabilit y of co des across

the t w o mo dalities. If 	

i`

is the negativ e iden tit y matrix, for example, co des wherez
i

= j when z
`

= j , are fa v ored relativ e to all other co des.

Finally , w e in tro duce in to the cost function the m utual information b et w een the

outputs of t w o mo dalities:

E

m ut

= � zT

i

log �
i

� zT

`

log �
`

+ zT

i

log �

i`

z
`

: (5 : 8)

The �rst t w o terms are the information transmitted within eac h mo dalit y with resp ect

to the prior probabilities �
i

and �
`

; the last term is the negativ e join t information

with resp ect to the prior �

i`

:

33
This can b e generalized to more than t w o mo dalities b y using the m utual information of m ultiple
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T o summarize, the total energy is comp osed of

E ( x
1

; x
2

; z
1

; z
2

) = E

mix

1

+ E

mix

2

+ �E

top

1

+ �E

top

2

+ � E

align

+ E

m ut

(5.10)
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+

1

2

�

X

ij

[	

1

]

ij

( W

1 i

� W

1 j

)

T

V

� 1

1

( W

1 i

� W

1 j

)

+
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log �
2
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1

log �

12
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The �rst t w o terms capture the mapping from inputs to transformed represen tations;

the next three terms capture top ographic constrain ts within and b et w een the maps;

and the last three terms are the m utual information; � and � set the relativ e imp or-

tance of these terms.

5.3.2 The learning algorithm

The goal of the learning algorithm is to minimi ze the cost (5.10). The traditional

approac h to learning is based on gradien t descen t: The cost is minimi zed b y taking

its gradien t with resp ect to the parameters and c hanging the parameters b y a small

amoun t in the direction of this gradien t at eac h time step. Previous approac hes to

m utual information ha v e found this metho d prohibitiv ely slo w, ev en for accelerated

metho ds suc h as conjugate gradien t descen t (G.E. Hin ton and P . Da y an, p ersonal

comm unic ation). W e deriv e an alternativ e learning algorithm for this arc hitecture

based on the EM algorithm (Dempster et al., 1977).

signals X

i

, i = 1 ; : : : ; n , whic h is de�ned as

I ( X 1 ; : : : ; X

n

) =

X

i

H ( X

i

) � X

ij

H ( X

i

; X

j

) + : : : + ( �1)

n +1
H ( X 1 ; : : : ; X

n

) : (5 : 9)

Suc h a generalization is often impractical as it requires mo deling the n

th

order statistics of the z

i

.

In practice, maximi zing the pairwise m utual informations ma y b e a suitable alternativ e.
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The EM algorithm relies on the natural separation of v ariables in to observ ables,

the inputs x
i

, and hidden v ariables, the represen tations z
i

. If w e assume that the

mo del parameters are correct, the hidden v ariables can often b e easily estimated.

Con v ersely , if w e assume that the v alues of the hidden v ariables are kno wn, then the

problem of estimating the mo del parameters often b ecomes trivial. The EM algorithm

iterates b et w een assuming correct parameters and computing the exp ectations of the

hidden v ariables (E step), and using these exp ectations to �nd new parameters that

maximiz e the exp ected lik eliho o d (M step).

The energy de�ned in equation (5.10) can b e related to a probabilit y mo del via

the Boltzmann equation,

P ( x
1

; x
2

; z
1

; z
2

) =

1

Z

exp f� E ( x
1

; x
2

; z
1

; z
2

) g ; (5 : 11)

where Z is the normalization constan t, also kno wn as the partition function. The EM

algorithm maximiz es the exp ected log lik eliho o d of the parameters �

0

,

Q ( �

0

j � ) = h� E ( x
1

; x
2

; z
1

; z
2

) � log Z i

c

; (5 : 12)

where � denotes the curren t parameters, � = f W

1

; W

2

; V

1

; V

2

; �
1

; �
2

; � g , and h�i

c

de-

notes exp ectation giv en the inputs and � . The parameters, 	

1

; 	

2

; 	

12

, are �xed b y

the presp eci�ed top ographic structure of the net w ork. If the Gaussians are normal-

ized to accoun t for the v ariances, and the priors �
1

; �
2

; � are normalized to satisfy

probabilit y constrain ts, then a global computation of the partition function is unnec-

essary as it do es not dep end on the parameters. Therefore, unlik e the Boltzmann

mac hine (Ac kley et al., 1985), an unclamp ed phase of learning is unnecessary . A

discussion of fast single-phase learning in this and asso ciated mo dels with constan t

partition functions can b e found in (Neal, 1992) and (Ghahramani, 1995).

The E step of the algorithm computes the exp ected log lik eliho o d of the parame-

ters. Lik e in the Boltzmann mac hine, this amoun ts to calculating the �rst and second
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order statistics, h z

1

i

c

, h z
1

i

c

, and h z
1

zT

2

i

c

. F or the examples in this c hapter, these ex-

p ectations w ere ev aluated exactly . F or m mo dalities, eac h with a ha ving k -elemen t

hidden v ector, the exact E step is an O ( k

m

) computation. More e�cien t appro xima-

tions can b e obtained using Gibbs sampling (Geman and Geman, 1984), and mean

�eld theory (P arisi, 1988). The M step of the algorithm uses the exp ectations calcu-

lated in the E step to estimate a new set of parameters. A detailed deriv ation of the

EM algorithm for this arc hitecture is giv en in App endix A of this c hapter.

5.4 Exp erimen t: P olar and Cartesian Co ordinates

The algorithm for maxim izi ng top ographic m utual information w as tested on a small

co ordinate transformation problem. The problem consisted of extracting a common

represen tation from t w o input mo dalities: One co ding stim ulus lo cations in Cartesian

co ordinates, ( x; y ), and the other in p olar co ordinates, ( r ; � ), where

r =

q

x

2

+ y

2

� = tan

� 1

( y =x ) :

P olar stim ulus co ordinates w ere input in to one net w ork, and the corresp onding Carte-

sian stim ulus co ordinates w ere sim ultaneously input in to a second net w ork. Eac h net-

w ork consisted of 25 Gaussian units arranged in a 5 � 5 map, and there w ere a total

of 100 p olar-Cartesian input pairs. The net w orks w ere trained b oth with the top o-

graphic m utual information cost function (equation (5.10) with � = 0 : 1 ; � = 16), and

with a non-top ographic con trol ( � = � = 0). The t w o parameters of the top ographic

cost function, � and � , w ere set b y trial and error, and re
ect the imp ortance of pre-

serving b et w een- and within-map top ographic order relativ e to maximi zi ng m utual

information.

Both algorithms rapidly formed represen tations of the t w o mo dalities with high

m utual information (Figure 5-2). Whereas the top ographic constrain ts aided the
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generation of high m utual information represen tations early in learning, the non-

top ographic algorithm rapidly caugh t up and in some sim ulations surpassed the to-

p ographic cost function in terms of m utual information (not sho wn).
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Figure 5-2: Learning curv es for non-top ographic (solid) and top ographic (dashed)

m utual information algorithms. The m utual information as a fraction of maxim um

p ossible information (log

2

25 = 4 : 64 bits) is plotted as a function of iterations of the

EM algorithm. Eac h iteration is one pass through the data set.

A t the end of learning, the non-top ographic algorithm sho w ed all the signatures

of high m utual information (Figure 5-3 b ottom ro w). Both the p olar and Cartesian

represen tations had high information con ten t: The receptiv e �eld cen ters had spread

to capture the input distribution. Moreo v er, activit y in the p olar map w as highly

predictable from activit y in the Cartesian map and vice-v ersa, as evidenced b y the

sparse join t probabilit y matrix. Ho w ev er, there w as no sign of top ographic order,
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either within eac h of the t w o maps, or b et w een them.

On the other hand, the top ographic algorithm sho w ed b oth high m utual infor-

mation and top ographic order at the end of learning (Figure 5-4 b ottom ro w). The

represen tations that emerged w ere map-lik e and orderly within and b et w een the t w o

mo dalities.

5.5 Discussion

In this c hapter w e ha v e deriv ed an information-theoretic criterion for learning com-

mon represen tations of m ultiple mo dalities. The criterion is based on maximi zing

the m utual information b et w een the represen tations in eac h sensory mo dalit y . W e

augmen t this criterion b y imp osing top ographic structure within and b et w een the sen-

sory mo dalities. The represen tations deriv ed from this new criterion can b e used b oth

to transform b et w een represen tations in the di�eren t mo dalities, and as a common

represen tation subserving motor output.

The P olar{Cartesian problem illustrated that although m utual information can

b e maximi ze d without an y top ographic constrain ts, the represen tations deriv ed do

not re
ect the structure of the input space. Highly structured represen tations can b e

obtained b y adding the appropriate terms. In future sim ulations w e plan to explore

the problem of transforming visual and auditory inputs in to a common spatial map.

It should b e noted that the top ographic structure imp osed b et w een and within

sensory mo dalities ma y b e di�eren t. F or example, a t w o-dimensional map (e.g. in ter-

aural time di�erence (ITD) and in teraural in tensit y di�erence (I ID)) ma y b e mapp ed

on to a one-dimensional con tin uum (lo cation in azim uth) in another mo dalit y . More

esoteric structures, suc h as the helical structure of p erceiv ed tones rev ealed b y sim-

ilarit y judgemen ts (Shepard, 1982), ma y also b e induced through com binations of

circular and linear top ologies.

The algorithm can b e extended to more than t w o mo dalities b y use of the n -
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Figure 5-3: Learning in the non-top ographic m utual information algorithm. Eac h

ro w is a snap-shot at a di�eren t stage of learning: early (iteration 5; top), middle

(iteration 20; middle), and late (iteration 60; b ottom). The �rst column displa ys

the join t probabilit y distribution for the activit y of corresp onding pairs of units in

the t w o maps|with ligh ter shades indicating high probabilit y of join t activit y and

dark er shades indicating lo w probabilit y . The second and third columns displa y the

arrangemen t of receptiv e �elds in the Cartesian and p olar maps, resp ectiv ely . The

dark circles are receptiv e �eld cen ters; the ligh t circles are the data p oin ts (sensory

inputs); the lines indicate neigh b orho o d relations b et w een receptiv e �elds.
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Figure 5-4: Learning in the top ographic m utual information algorithm. Eac h ro w is

a snap-shot at a di�eren t stage of learning: early (iteration 1; top), middle (iteration

5; middle), and late (iteration 60; b ottom). The plots are arranged as in the previous

�gure.
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c hannel generalization of m utual information (5.9). Generalizing to n mo dalities

requires b oth the estimation of n

th

order statistics of the hidden represen tation in the

E step, and the corresp onding n

th

order parameters in the M step. Both computation

time and o v er�tting problems render suc h a generalization infeasible. A natural

tractable appro ximation can b e obtained b y truncating (5.9) to include only the �rst

and second order join t en trop y terms, thereb y reducing the m utual information cost

function to just pairwise terms. This approac h has not b een tried.

It ma y seem that the algorithm deriv ed in App endix A is so biologically far-

fetc hed it has little relev ance to the natural learning and dev elopmen t of co ordinate

transformations that tak es place in the CNS. The data are all pro cessed in batc h;

the algorithm relies on matrix in v ersion and relativ ely complex linear algebra; op er-

ations are non-lo cal, etc. Ho w ev er, insp ection of the cost function sho ws that it is

comp osed primarily of quadratic terms relating the di�eren t represen tations. These

can b e exactly impleme n ted through Gaussian receptiv e �elds and Gaussian connec-

tivit y patterns among hidden units. A sto c hastic gradien t descen t algorithm applied

to this arc hitecture results in a learning rule whic h mo v es these receptiv e �elds in

the direction of inputs, receptiv e �elds of nearb y units in the same map, and recep-

tiv e �elds of corresp onding units in the other sensory map. Therefore, although the

presen t impleme n tation of the algorithm is biologically implausible, it can probably

b e implem en t ed using learning rules based on receptiv e �eld plasticit y and c hanges

in connectivit y . Plasticit y of receptiv e �elds and c hanges in connectivit y are not only

neurally plausible but closely link ed to man y t yp es of exp erience-dep enden t plasticit y ,

suc h as that found in the visual (Wiesel and Hub el, 1963), somatosensory (Merzenic h

et al., 1983), and motor systems (Sanes et al., 1990; Donagh ue et al., 1990). Using

these mec hanisms, a mo del based on maximi zi ng m utual information in top ographic

maps ma y capture some basic prop erties of exp erience-dep enden t dev elopmen t of

m utually-aligned maps.

In conclusion, an unsup ervised algorithm for learning co ordinate transformations
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has b een deriv ed from information-theoretic terms. This algorithm com bines the

principles of maximiz ing m utual information and preserving top ographic structure.

Man y questions for further researc h arise from this framew ork. W e will brie
y outline

three of these questions.

First, the algorithm pro vides a natural mo del for the psyc hoph ysics of m ultisen-

sory in tegration and adaptation (cf. Chapters 2 and 4). F or example, the mo del can

predict, based on information-theoretic principles, the e�ect of v arying amoun ts of

noise in the input mo dalities. These quan titativ e predictions apply to all three condi-

tions studied in Chapter 2: F usion of unp erturb ed signals, adaptation to added bias,

and adaptation to added v ariance. Comparison of the empirical results in Chapter

2 with the predictions made b y this mo del therefore seems the next natural step in

this researc h pro ject.

Second, the mo del roughly captures some of the essen tial features of m ultisensory

areas suc h as the sup erior colliculus: top ology , alignmen t, and adaptabilit y . It ma y b e

fruitful to mak e this analogy more explicit. F or example, the receptiv e �elds and con-

nectivit y within these m ultisensory maps could b e used to predict the structure that

w ould emerge from the top ographic m utual information criterion. F urthermore, it

w ould b e fruitful to consider whether a lo cal Hebbian-lik e learning rule, coupled with

the ph ysiologically observ ed connectivit y , could implem en t the top ographic m utual

information cost function.

Third, from a purely computational standp oin t, it is imp ortan t to deriv e more

tractable appro ximations to the EM algorithm deriv ed in this c hapter. The main

problem is that in large net w orks the exact E step is computationally exp ensiv e. It

should b e fairly straigh tforw ard to deriv e b oth a sto c hastic v ersion of the algorithm

based on Gibbs sampling, and a deterministic v arian t based on mean �eld theory .
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App endix A: Deriv ation of the EM algorithm
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The M step maximiz es the exp ected log lik eliho o d with resp ect to the parameters.
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App endix B: Matlab Co de for T op ographic

Mutual Information

%%%%%%%%%% %%% %% %%% %%% %%% %% %%% %%% %%% %% %%% %%% %% %%% %%% %%% %% %%% %%% %%% %% %%%

% Maximizing Mutual Informati on Between Two Gaussian Mixtures %

% %

% Zoubin Ghahraman i 6/20/95. %

%%%%%%%%%% %%% %% %%% %%% %%% %% %%% %%% %%% %% %%% %%% %% %%% %%% %%% %% %%% %%% %%% %% %%%

disp('load ing training data');

load data -ascii;

inputs=dat a;

sim=1;

K=5; % size of mesh

M=K*K; % number of Gaussians

D=length(i npu ts (1, :)) /2; % dimensional ity of the input

N=length(i npu ts (:, 1)) ; % number of training patterns

epsi=10e-8 ; % small number for preventing divide by zeros

eta=0.005; % gradient step size for Pi

ncycle=60; % number of cycles of EM

alpha=0.1; % equivalent proportion of data represented by

% neibouring weights in within-moda li ty topography

beta=16; % inverse variance of between-mod al ity

% interaction

gamma=72; % inverse variance of within-moda li ty

% interaction

% calculate the within modality topology matrix

top=zeros( M);

for i=1:M

for j=i:M

top(i,j)= ex p(- gam ma* sq r(c oor d(i ,K )-c oor d( j,K ))/ (2* T) );;

end;

end;

top=top+to p';

rs=sum(top ');

TOP=inv(ey e(M )+ 2*a lph a*( di ag( rs) -to p) );
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pi1=ones(M ,1) /M ;

pi2=ones(M ,1) /M ;

Pi=ones(M, M);

W1=rand(M, D);

W2=rand(M, D);

Wt1=rand(M ,D) ;

Wt2=rand(M ,D) ;

E=zeros(M* M,N );

P=zeros(M* M,N );

P1=zeros(M ,N) ;

P2=zeros(M ,N) ;

V1=0.5*one s(1 ,D );

V2=0.5*one s(1 ,D );

Pi=Pi/sum( sum (P i)) ;

I=[];

Cost=[];

for cycle=1:n cy cle ;

T=1;

% E step

E=zeros(M*M ,N );

P=zeros(M*M ,N );

P1=zeros(M, N) ;

P2=zeros(M, N) ;

Costc=0;

for l = 1:N

x1=inputs (l ,1: D);

x2=inputs (l ,D+ 1:2 *D) ;

for i=1:M

for j=1:M

e= -sqr((x1- W1 (i, :)) ./s qr t(V 1)) /(2 *T ) ...

-sqr((x2- W2 (j, :)) ./s qr t(V 2)) /(2 *T ) ...

-beta*sqr (c oor d(i ,K) -c oor d(j ,K) )/ (2* T) ...

+ log(pi1(i )) + log(pi2(j )) - log(Pi(i, j) );

E((i-1)*M+ j,l ) = e;

P1(i,l)=P1 (i, l) +ex p(e );

P2(j,l)=P2 (j, l) +ex p(e );
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end;

end;

P(:,l)=ex p( E(: ,l) );

P(:,l)=P( :, l)/ sum (P( :, l)) ;

for i=1:M*M

Costc=Cos tc+ E(i ,l) *P (i, l);

end;

P1(:,l)=P 1( :,l )/s um( P1 (:, l)) ;

P2(:,l)=P 2( :,l )/s um( P2 (:, l)) ;

end;

Cost=[Cost Costc];

% M step

% means

for i=1:M

Wt1(i,:)= P1 (i, :)* inp ut s(: ,1: D)/ su m(P 1(i ,: ));

Wt2(i,:)= P2 (i, :)* inp ut s(: ,D+ 1:2 *D )/s um( P2 (i, :)) ;

end;

W1=TOP*Wt1;

W2=TOP*Wt2;

% priors -- not updated in this model

% pi1=sum(P 1' );

% pi2=sum(P 2' );

% pi1=pi1/s um (pi 1);

% pi2=pi2/s um (pi 2);

% diagonal variances

V1=zeros(1, D) ;

V2=zeros(1, D) ;

for i=1:M

for l=1:N

V1=V1+P1( i,l )*( inp ut s(l ,1: D)- W1 (i, :)) .^ 2;

V2=V2+P2( i,l )*( inp ut s(l ,D+ 1:2 *D )-W 2(i ,: )). ^2;

end;

end;

V1=V1/N;
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V2=V2/N;

% joint prior (joint entropy)

Pest=reshap e( sum (P' ),M ,M )'/ N;

for k=1:2;

for i=1:M

Pi(i,:)=p i1( i)* Pi( i, :)/ sum (Pi (i ,:) );

end;

for i=1:M

Pi(:,j)=p i2( j)* Pi( :, j)/ sum (Pi (: ,j) );

end;

end;

Pi=Pi-eta*( 1. /Pi ).* Pes t;

pcut=0.01/M ;

Pi=(Pi>pcut ). *Pi + (Pi<=pcut)* pcu t;

Pi=Pi/sum(s um (Pi ));

% calculate the mutual informatio n from the joint entropy and normalize

mi=mutinfo( Pe st) /lo g(M );

fprintf('cy cl e %g T %g V1 [%2.2f %2.2f] V2 [%2.2f %2.2f] lnL %g mi %g \n',...

cycle,T,V 1,V 2,C ost c, mi) ;

I=[I mi];

clear E P P1 P2;

s=sprintf(' sa ve world%g.%g' ,si m,c yc le) ; % save state at each step

eval(s)

end;
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Conclusion

The �rst goal of this dissertation w as to dev elop a computational framew ork for

the study of sensorimotor in tegration and adaptation. The framew ork dev elop ed

w as based on the idea that information from m ultiple sources is in tegrated so as to

obtain more accurate and reliable estimates of the state of the sensed w orld. This

idea can b e formalized within estimation theory , a branc h of statistics, and leads to

explicit mo dels of sensorimotor in tegration. A testable premise of the computational

framew ork is that adaptation to in tersensory discrepancies is in timately link ed to

in tegration of information from m ultiple senses. F rom an y mo del of m ultisensory

in tegration, a mo del of in tersensory adaptation can b e deriv ed that is consisten t with

the in tegration mo del.

What can b e gained from dev eloping suc h computational mo dels in the �rst place?

The mo dels in this thesis ha v e attempted to formalize in tuitiv e ideas on the pro cesses

of in tegration and adaptation so as to mak e quan titativ e predictions p ossible. Lik e

an y scien ti�c theory , a simple parsimonious mo del can b oth accoun t for a large set

of seemingly unrelated observ ations and pro vide an in tuitiv e explanation for the phe-

nomena b eing studied.

The computational mo dels of in tegration and adaptation that w ere dev elop ed

w ere tested through psyc hoph ysical exp erimen ts in three sensorimotor systems. The

191
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principal �ndings w ere

1. The patterns of visuo-auditory in tegration and adaptation suggest a principle

of minimiz ing lo calization v ariance (Chapter 2).

2. The errors in estimating the lo cation of the hand during a mo v em en t are also

consisten t with the minim um v ariance principle. F urthermore, the pattern of

errors as a function of mo v eme n t duration and external forces pro vides evidence

for the existence of an in ternal mo del of the arm's dynamics in the CNS (Chap-

ter 3).

3. The patterns of adaptation to lo cal and con textual remappings of the visuomo-

tor co ordinate transformation suggest that it is represen ted with units whic h

ha v e large but lo calized receptiv e �elds (Chapter 4).

Finally , the problem of con v erting information from sev eral mo dalities in to a com-

mon co ordinate frame w as examined (Chapter 5). Using a computational framew ork

based on information theory , it w as sho wn that m utually-aligned top ographic maps

can dev elop, in an unsup ervised manner, from correlations b et w een the inputs to

di�eren t sensory mo dalities.
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