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Abstract

The human motor system exhibits remarkable adaptabilitgbkng us to maintain

high levels of performance despite ever-changing requerégsn There are many po-
tential sources of error during movement to which the mogsteam may need to adapt:
the properties of our bodies or tools may vary over time,egitit a dynamic or a kine-
matic level; our senses may become miscalibrated over tndardslead us as to the
state of our bodies or the true location of an intended g&;rélationship between
sensory stimuli and movement goals may change. Despite thaay varied ways in

which our movements may be disturbed, existing models ofdrumotor adaptation
have tended to assume just a single adaptive component.

In this thesis, | argue that the motor system maintains pleltcomponents of
adaptation, corresponding to the multiple potential sesiraf error to which we are
exposed. | outline some of the shortcomings of existing tadeym models in scenar-
ious where multiple kinds of disturbances may be presentpaiticular examining
how different distal learning problems associated witlfiedént classes of disturbance
can affect adaptation within alternative cerebellar-dagarning architectures - and
outline the computational challenges associated withnebitg these existing models.

Focusing on the specific problem in which the potential disnces are miscali-
brations of vision and proprioception and changes in armadyios during reaching,
a unified model of sensory and motor adaptation is deriveédas the principle
of Bayesian estimation of the disturbances given noisy masiens. This model is
able to account parsimoniously for previously reportedgyas of sensory and motor
adaptation during exposure to shifted visual feedback. ¢élawvthe model addition-
ally makes the novel and surprising prediction that adagptdab a force field will also
result in sensory adaptation. These predictions are coafirexperimentally. The suc-
cess of the model strongly supports the idea that the mostesymaintains multiple
components of adaptation, which it updates according tgtheiples of Bayesian
estimation.
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Chapter 1
Introduction

Both our bodies and our environment are constantly chandmgrder to continue to
execute accurate, efficient movements, it is imperative weaare able to recognize
any such change and adapt future movements accordingly.

A popular theory of how our brains achieve accurate contvel @ur bodies is that
the brain explicitly represents the characteristics oflmay and environment through
internal models networks in the brain whose input/output characteristegsture the
functional relationship between our motor commands ani twnsequences.As we
will describe in the next chapter, these internal modelslmamised directly for con-
trol, planning and for estimating the state of our bodies|#d et al., 1998; Kawato,
1999). As the relationship between motor commands and mds@hanges, the inter-
nal model can be adapted, enabling accurate control ovdsamlies to be maintained.

There are, however, a wide variety of ways in which our movetsienay be dis-
rupted. In this thesis, | will examine the implications oé#le different kinds of dis-
turbances for models of human motor adaptation and conkmlerto extend existing
models to account for patterns of human adaptation in steahere multiple differ-
ent kinds of disturbance may be present.

1.1 Visual vs dynamic disturbances

Through fatigue, atrophy, growth, ageing, exercise, disgatc., the properties of our
musculo-skeletal system may change. The objects and tamamipulate may also
change their properties over time, becoming heavier, éiglstiffer etc. In a laboratory
setting, robotic devices are routinely employed to appbjteary forces to the hand or
arm. In all of these cases, the effect of a given motor comnoarttie state of our arm
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2 Chapter 1. Introduction

will change, leading to errors in our movements. These kofd$isturbances will be
referred to aslynamics disturbances

Besides changes in the dynamics of our body and environrmaentnotor perfor-
mance may also be disrupted if our visual feedback is detlofilost movements we
make are guided by visual cues, such as the target of a reaitirpw. If the relation-
ship between the true state of the world and our visual olasierv of it is disrupted,
there will be errors in our movement. For instance, wearilagges with strong lenses
can distort our visual field, causing us to misjudge the locedf a target or our hand
and therefore make inappropriate movements. Prism lemgesh shift or invert the
visual field, are a more extreme example of this effect. Inltimratory, computer
displays and virtual reality devices allow precise contveér the visual feedback a
subject receives and are widely used to induce adaptationor® natural example of
this kind of disturbance is the effect of refraction shiffithe visually-perceived loca-
tion of an underwater target, while spear-fishing, for ins& In all cases, the visual
feedback of both the target and our end-effector is systeaigtaltered. These kinds
of disturbances will be referred to asual disturbances

Although these are very different kinds of disturbances ittovement error arising
from them may well end up being very similar. In both casesialar adjustment to
our motor commands must be made if the movement is repeatedh & way, it may
not really matter what the real cause of the error was. Indaedve discuss in Chap-
ter 2, most computational models of motor adaptation dravdistinction between
the different possible causes of an error. They simply gtteim characterize motor
adaptation in terms of the effect that a movement error eéxpeed during one trial
will generalize to performance in subsequent trials. Ifgdole, however, the nervous
system should adapt differently according to the undegyiause of the error, since
different kinds of disturbances will affect future moveneim different ways.

Consider, for instance, that we make an error while reactaragvisual target with
our right hand and then attempt a subsequent reach with thieded. If our initial
miss had been due to a change in the dynamics of the right aemthere would be no
need to make any adjustment to the subsequent movemenhwilésft hand. However,
if the error really arose from a visual disturbance, then Yeaty shouldalso adjust
our subsequent left-hand movement. On the other hand, ifeaehrwith the right
hand, but to an auditory or proprioceptively defined targéter than a visual target,
we should ignore any visual disturbance, but still comptngar any disturbance to
the dynamics.



1.2. Task vs plant disturbances 3

Besides interlimb generalization, there can also be diffees in how we should
generalize adaptation to different movements with the shmie. Two movements
with similar hand displacements might require very diffen@int-angle displacements
if they have different initial arm postures. For a visualtdibance, such as a shift or
rotation of visual feedback, any two hand movements wittstirae hand displacement
should be compensated for during planning in a similar wagardless of the initial
posture of the arm. This is indeed how people generalizenilegrof rotated visual
feedback (Krakauer et al., 2000). By contrast, subjecteigdiae learning of dynam-
ics disturbances according to similarities in joint-andigplacements (Shadmehr and
Mussa-lvaldi, 1994). This clear difference in how visuatlatynamics disturbances
are generalized establishes clearly that, rather thanlgioogpnpensating for all move-
ment errors in a similar fashion, the motor system is ablestmgnize whether it is
experiencing a visual or a dynamic disturbance and adapbppptely.

1.2 Task vs plant disturbances

Both the motor and visual disturbances described abovetafietor performance in
a similar way - they modify the relationship between the ma@mommmands sent to
the muscles, and the eventual outcome of the movement. Tdleofthe movement
remains the same, however the motor commands required tevach are altered.
However, this is not the only way in which motor performancaynbe disturbed.
Another possibility is that the requirements for succelssbmpletion of the task may
change, i.e. the desired outcome associated with a givenlsts might be liable to
change.

In many circumstances, the stimulus and the desired outafraanovement are
essentially equivalent. For example, in the case of regghire stimulus corresponds
to the location of an object in the visual field and the taskimbve the hand to that
same location. This remains true even when visual feedIsatampered with or when
the dynamics of the arm change. However, there are numes@mspdes where this
is not the case. The most common examples are target-ghifiradigms, in which
the goal endpoint of a hand or eye movement is shifted midem@nt (McLaughlin,
1967; Magescas and Prablanc, 2006). In order to comperwmasei¢h perturbations
with relying solely on visual feedback, subjects must adjlie motor commands that
they execute in response to a given stimulus. However, tluabdynamics of the arm
remain the same.
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Another example where this kind of disturbance can arise filse vestibulo-ocular
reflex (VOR). In the VOR, vestibular signals containing imf@tion about the angular
velocity of the head trigger a movement of the eyes to stabdaze. If the visual field
is enlarged with lenses, the eyes must move faster for the $@ad angular velocity
in order to stabilize gaze. However. the dynamics of the eg®ain the same as before.

We will refer to this kind of disturbance astask disturbancesince it amounts
to a change in the relationship between the stimulus andahéittons for successful
completion of the task. We will refer to the more conventiothgnamic and visual
disturbances aglant disturbancesince they both affect the relationship between the
motor commands and the resulting movement.

Though these examples are from laboratory situationsetaer more natural cir-
cumstances in which task disturbances can occur. A spontgmggaring to catch or
strike a moving ball must initiate his movement based on thgeesf the ball mid-
flight, before it arrives in the position at which he will aatly make contact. Should
the dynamics of the ball (i.e. flight or bounce charactar®tchange, future move-
ments should be adjusted. This is another exampldasladisturbancei.e. a change
in the relationship between the stimulus (the mid-flightestd the ball) and the desired
outcome (the catching/striking location).

Again, it is important to be able to distinguish this kind édtdrbance from plant
disturbance. A task disturbance should be compensate@dardless of the effector
being used. The learned compensation, however, shoultlyiched be generalized to
other behaviours. For instance, changes in VOR behaviaigethby wearing magni-
fying lenses should not be generalized to other oculomathabiours such as smooth
pursuit, whereas a similar compensation for changes in ggardicsshouldbe gen-
eralized.

1.3 Distinguishing between different kinds of disturbance

The previous sections introduced three important categasf sensorimotor distur-
bances. It is important to adapt in a manner appropriatedb particular disturbance.
But if a given error could be the result of many potential gisances, how is it pos-
sible to determine which was the true cause? One potentiahaiolving this credit

assignment problem is that although the visual consequesfafferent disturbances
may be very similar in each case, the motor system receivdii@uhl cues about the
state of its body from proprioceptive feedback - afferemtsrf muscle stretch recep-
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tors which provide information about the kinematic statehef arm. Under changes
in dynamics, proprioception will be affected similarly tesual feedback - both will

deviate from what was expected. However under visual dstures, visual feedback
will again be disturbed, but proprioceptive feedback wilhtch expectations. This
critical difference should enable the motor system to dggtish between visual and
dynamic disturbances by comparing visual and propriogegdgedback with predic-

tions. In principle, errors due to task disturbances canlaity be distinguished since
both visual and proprioceptive feedback will match expeate.

The models of motor adaptation we will discuss in Chapte 2edy on a single
estimate of hand position. It is not clear exactly how theséats should be extended
to incorporate multiple modalities. The relative conttibuas of visual and propriocep-
tive feedback to motor adaptation are still not entirely enstbod. It is easy to isolate
the contribution of proprioceptive information to adaptatby simply not giving vi-
sual feedback. Visual feedback is not necessary for adafidynamics disturbances
(Franklin et al., 2007), although learning is slightly fastvhen visual feedback is
additionally available, (Tong et al., 2002).

Isolating the contribution of vision by eliminating propdeptive feedback is tech-
nically more difficult to achieve. Proprioceptive feedbaa be partially masked by
vibrating the tendons of agonist/antagonist muscle p&ogk et al., 2007). Pipereit
et al. (2006) showed that learning of a°@@tation of visual feedback was not affected
by muscle vibration, but learning of a velocity-dependemté field was substantially
slowed. An alternative means to determine the contributigsroprioception in motor
adaptation is offered through ‘deafferented’ patients Whee suffered loss of propri-
oceptive sensation. Ingram et al. (2000) demonstrateatiesuch patient was able to
adapt to an increase in visual feedback gains, (i.e. a cwiimh moved slightly fur-
ther than the hand). Another deafferented patient was regbry (Bernier et al., 2006)
to be able to show comparable performance to healthy com@I3C’visuo-rotation
learning task. However, evidence from deafferented pegiendifficult to interpret
since these patients have typically developed highly sfieed compensatory strate-
gies to cope with theirimpairment, and thus may not tell ug weuch about adaptation
in healthy subjects.

Collectively, however, the results from tendon vibratiogperiments and studies
of deafferented patients appear to suggest that propriieces only relevant during
learning of dynamic perturbations, and that visual pertidns are learnt using visual
feedback alone. Indeed, Krakauer et al. (1999) suggestekittematics and dynamics
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are learnt independently using visual and propriocepteslback, respectively. Their
argument was supported by an experiment assessing the exighich learnt visual
and dynamic disturbances interfere with one another. Theapd that subjects who
learnt a 30clockwise visual rotation showed strong retention of I@agrthe next day
despite having performed a secondary dynamics adapta&kwhich required an
opposing compensation. This secondary learning sessiomhich an inertial load
was attached to the arm, occured immediately after expasubhe visual rotation, but
was learned without visual feedback. The results imply thatrepresentation of the
kinematic and dynamic components of the compensation weielky independent.

Though this result supports the idea that visual and dyndisiarbances are repre-
sented independently, and potentially trained by differeadalities, subsequent stud-
ies have failed to corroborate this finding in more genertilrggs. Tong et al. (2002)
found that learning to compensate for a position-depenfigoe¢, instead of an iner-
tial load, did interfere with recall of a previously learnt visual rotatioAdaptation to
changes in dynamics is also accelerated when visual fekdbawailable, suggesting
that it cannot be purely driven by proprioceptive feedback.

Adaptation to visual disturbances is known to be multifadetcomprising both
sensory and motor components - some of which may be liabl@¢oférence by sub-
sequent adaptation even in the absence of visual feedbaagridteption is also no-
toriously liable to drift when visual feedback is not avaike Indeed visual feedback
is largely believed to maintain proprioceptive calibratio

It is well known that humans integrate visual and propridsgpinformation dur-
ing state estimation in order to decrease the negativeteftésensory noise. Similar
advantages might also be obtained if vision and proprieceptere integrated during
adaptation. In Chapter 4, we propose an alternative modebwfvision and propri-
oception can be combined to optimally guide adaptation amoultiple components.
We apply the principles of Bayesian estimation to deriveaaiimg rule which charac-

terizes the optimal way to integrate visual and proprioeedeedback to guide adap
tation. Within this framework, we can also easily incorgerprior knowledge about
the statistical properties of different kinds of disturbanto reflect the fact that, e.g.
proprioception drifts out of calibration much more ofteathvision. Our model gives
rise to novel and surprising predictions which we testedeexpentally. Details of the

experimental methods and results are given in Chapter 5.
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1.4 Overview of thesis

In Chapter 2 we review existing approaches to modelling humator adaptation.
In Chapter 3 we examine the implications of adapting to taslklant disturbances.
We show that these two kinds of disturbances give rise teewdfft distal learning
problems which have contrasting effects on learning withfferent adaptive control
architectures (Haith and Vijayakumar, 2009, 2007).

In Chapter 4 we focus attention on the question of how infaiomafrom mul-
tiple sensory modalities should be used to guide adaptatoong multiple compo-
nents. We begin by reviewing existing computational moa¢lsensory integration
and adaptation which we then extend to derive a Bayesian Inod@®ncurrent sen-
sory and motor adaptation (Haith et al., 2008b,a). This rmiddes strong and novel
predictions. Experiment which we carried out to test theeéigtions are described in
Chapter 5.

Chapter 6 concludes the thesis, discussing the implicatodrour experimental
results, the limitations of the models we have presentedtla@dcope for extending
the Bayesian framework in the future to account for otheregxpental phenomena.






Chapter 2
Modelling human motor adaptation

In this chapter, we review existing approaches to modelingan motor adaptation.
We begin with the concept of internal models, reviewing thiglence for internal-
model based control, and providing a sketch of how such natemodels may be
represented and learnt in the cerebellum. We then introtlueedea of state-space
models as a way of linking the internal model framework todebural data. These
adaptation rules have an appealing Bayesian interpratatiavhich subjects are as-
sumed to adapt binferring the properties of their bodies and the environment from
noisy observations of the outcome of their movements. Weweexisting Bayesian
models of motor adaptation, arguing that that it provideowagrful framework for
modelling motor adaptation, particularly where there mayntultiple different kinds
of disturbance which may have caused the error.

2.1 Internal models

The dynamics of any moving system to be controlled, e.g. the aan be charac-
terized by a differential equation linking the current std}; (e.g. joint angles and
velocities), and control signals; (joint torques or muscle activations), to changes in
the state:

6 = (6, ). (2.1)

The system under control is often referred to as pplkent One way of controlling
the arm is to plan some desired sequence of state chzﬁﬁgaad select appropriate
motor commands at each instant in order to execute this ptaorder to do this, it
is necessary to invert Equation 2.1, representing the redumotor command at each

9



10 Chapter 2. Modelling human motor adaptation

instant as a function of the current state and the desirenlgehia state:
ue = (8, 8). (2.2)

It has been widely hypothesized that the brain explicitlgresents these mappings
throughinternal models networks in the brain whose input/output functionalityr-mi
ror the relationship between current states, desiredsstate control described by
Equations 2.1 and 2.2 (Wolpert et al., 1998; Kawato, 199@ywkrd models, repre-
senting Equation 2.1, can be used to obtain a rapid estinfidtes state of the body
following an issued motor command, without needing to relyavge delays in sensory
feedback. Inverse models, representing Equation 2.2, earséd directly for control,
offering a means to compute the necessary motor commandhievaca particular de-
sired change in sta . As the dynamics of our bodies change, these internal models
adapt accordingly so that accurate motor commands canncento be executed and
accurate predictions about changes in limb state can agntmbe made.

What is the evidence in favour of the internal model hypatfedf a perturbing
force field is applied to the hand, subjects initially exhilarge movement errors, but
these errors gradually diminish with practice. If the fofmdd is suddenly removed
after the subject has adapted to it, movement errors arenaabén the opposite di-
rection to the initial ones in the force field (Shadmehr andsbaslvaldi, 1994). These
aftereffectamply that accurate movements in the force field are achiéyetedfor-
ward control, rather than simply increasing feedback gaineffect which is certainly
consistent with the idea that inverse models are used fdraon

However, this effect could also occur due to memorizatiothefrequired motor
commands to achieve the task. A prediction which is moreipéc internal models
concerns their flexibility. The same inverse dynamics madel be used for a variety
of different tasks simply by changing the desired changeatedd;. Thus, if people
do use such an inverse dynamics model for control, changeégiamics learnt while
performing one task should generalize to other tasks. Qoatal. (1997) demon-
strated that this is indeed the case. Subjects who adapsedsiocity-dependent force
field while making a series of straight reaching movementeweabsequently able to
successfully execute a circular movement in the same foetek fThis generalization
implies that a single dynamics model is shared across diifaéasks - strong evidence
in favour of inverse models.

As well as forming inverse models of objects being contahliemay be advanta-
geous to learn a model of the forward dynamics of the arm gguation 2.1). Pre-
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dictions of a forward model can help to augment noisy sentemgback to improve
estimation of the current stat@, Wolpert et al. (1995) demonstrated that subjects’ es-
timates of hand position under the influence of perturbingdse are indeed biased by
predictions of a forward model which has no knowledge of teeyrbing forces. Dur-
ing saccades, where no sensory feedback is available atiali,a forward model may
provide the only estimate of the current state (Chen-Hattresl., 2008) to an internal
feedback controller or inverse model.

It should be noted that, more recently, the mathematicalésmork ofoptimal feed-
back controlhas been proposed as a theory of human motor coordinatialo(@e and
Jordan, 2002; Scott, 2004). Optimal feedback control nedssentially propose that,
rather than computing a planned sequence of state ch&igasd selecting actions
according to an inverse model as in Equation 2.2, actionselerted according to a
more general movement policy which depends only on the nugtate, elapsed time
t and the goal of the movement,

U = T[(et,t>, (23)

eliminating the need to separately represent a desireectaayy 6;. Algorithms for
computing such optimal policies typically rely on a knowmfard dynamics model
(Todorov and Li, 2005). Trajectories of human subjectsoiwlhg adaptation reflect
accurate knowledge of the new dynamics (Izawa et al., 20B&actly how optimal
control policies may be represented and adapted in the,l@actindeed whether they
are at all, is at present poorly understood.

In addition to forward and inverse dynamics models, intenmadels might repre-
sent any kind of functional relationship between varialsiesh as a forward kinemat-
ics mapping between arm state in joint angle coordinatediand state in an extrinsic
coordinate frame. In fact, in this thesis, we argue that ttaénbrepresents multiple
different kinds of internal models.

2.2 Computational models of motor adaptation

In general, we assume that an internal model attempts t@zippate some function
with inputx and outputy, with

y=f(x). (2.4)
Note that, for the time being, we suppress the temporal digrere on the inputs and
outputs and assume thais scalar. The case thais multidimensional can be treated
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as simply learning a different internal model for each disien.
From a purely theoretical perspective, an effective wagpresent such a function
is via a linear combination of basis functions:

fx) = Zwigi(x)

W, (2.5)

This linear representation is flexible enough to represemtoad class of functions,
provided a suitable set of basis functiapss chosen. A typical set of basis functions
is a set Gaussian radial basis functions:

_ )2
00 —exp{ 55} (26)

having different centres;. The linearity of Equation 2.5 in the parametarensures
that, regardless of the nature of the basis functipniearning the optimal parameters
is always straightforward. Suppose we wish to minimize tlemmsquared estimation
error

E= %/ (y— f(x))zdx. (2.7)

As each new pair of input/output observatiolysx) becomes available, we can im-
prove our estimate by adjusting the parametetsy gradient descent,

Aw = —r]ai\,\,i%(y— 1‘A(x))2
-n (y— () wi(x) (2.8)
= —nyui(x),

wheren is some arbitrary learning rate ayd="y — f(x) is the error in the internal
model output. Thus, the appropriate adjustment to the coatioin weights is propor-
tional to both the approximation errgrand the output of each basis functig(x).

While the more simplistic generalized linear model apphotclearning internal
models described in the section is largely motivated byrétazal considerations, this
kind of model also has an appealing neural interpretatiath, ywrepresenting the firing
rate of a particular neuror, representing the firing rates of presynaptic neurons, and
the parameter& representing the corresponding synaptic weights. In grilecmore
sophisticated nonlinear regression algorithms such adljoweighted learning meth-
ods (e.g. Vijayakumar et al. (2005)) can also be employedas mbstract models of
internal model learning (Shibata and Schaal, 2001; Mit@tial., 2008).
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Figure 2.1: Schematic illustration of the Marr/Albus cerebellum model. Granule cell
firing rates gi:n are combined linearly according the weights w1, at the parallel fibre-
Purkinje cell synapse, yielding cerebellar output c. Climbing fibre firing rate e signals

error in ¢, which modulates synaptic plasticity.

2.2.1 Internal models in the cerebellum

Where exactly in the brain internal models are represergetbt precisely known.
Many brain regions contribute to the control of movementyvéeer the cerebellum
appears to be of particular importance for predictive aanBastian, 2006). Dam-
age to the cerebellum results in impairments in compergétininteraction torques
between limb segments (Bastian et al., 1996), adaptingtéoeal dynamics (Smith
and Shadmehr, 2005; Rabe et al., 2009) and adapting tocitengal feedback (Rabe
et al., 2009; Baizer et al., 1999). limaging studies of lgakubjects during have
also revelaed heightened activity of the cerebellum duaidgptation (Imamizu et al.,
2000).

While the equations given above for representing and adgptiternal models
(Equations 2.5 and 2.8) were motivated by theoretical ctarations, they correspond
closely to models of cerebellar learning. A simplified sclagimof the structure of the
cerebellum is shown in Figure 2.1. The sole output pathwaheterebellum comes
via the axons of the Purkinje cells. The major input pathwalyes via granule cells,
whose long axons travel in parallel lines along the surfacthe cerebellar cortex,
and are thus known gsarallel fibores These parallel fibres pass through the dendritic
tree of thePurkinje cells with which they form synapses. There are also numerous
interneurons such as basket cells and stellate cells whicheglect for the sake of
simplicity.
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Mathematically, let us denote the parallel fibre inputzity) and its output by(t).
In this model, the cerebellar outpeit) = C(z(t)) is given by a weighted sum of par-
allel fibre activities:

cj(t) = > wijpi(t), (2.9)

where,pj(t) is the activity (i.e. firing rate) of thith parallel fibre andvij is the strength
of the synapse between ti parallel fibre and thgth Purkinje cell. This can be
written more compactly in vector notation as

c(t) =WTp(t). (2.10)

Learning occurs through adaptation of the synaptic weightsver time.

The other major input to the cerebellar cortex arrives veadlimbing fibres. These
synapse directly onto the Purkinje cell. The sparse coeeddghe climbing fibres
(each Purkinje cell forms synapses with only one climbingefitand their relatively
low firing rates ¢ 1Hz) suggest that this input does not directly influence ek
cell activity in any significant way. Rather, the climbingrgis exert their influence by
modulating synaptic plasticity between the parallel fikaad Purkinje cells.

A classical theory of cerebellar learning is the Marr-Aldtstheory (Marr, 1969;
Ito, 2000). In this framework, climbing fibre activity is asaed to directly convey the
error in the cerebellum’s output. Despite having been addonsome 40 years now,
there is still considerable controversy surrounding tbesai Simpson et al. (1996). In
the VOR, the climbing fiber signal does indeed seem to retatetinal slip (which
constitutes an error signal in this case), though it is Larobxactly whether this error
signal directly represents retinal slip or the error in aibtg motor commands (Wolpert
et al., 1998; Yutaka Hirata and Highstein, 2004). In othdraweours, it is not so clear.
During reaching, for instance, the climbing fibre signal slcentain some error infor-
mation, but also information about destinations of movets\&itazawa et al. (1998).
It is still not clear exactly what information in general epresented in climbing fibres,
however it appears that performance or prediction erroessenongly reflected in the
pattern of climbing fibre activity. For the purposes of thigsis, we assume that the
firing rate of climbing fibres encodes some transformed wersif the error in task
performance (e.g. in sensory or motor coordinates).

If the climbing fibre signal is taken to be equal to the errothia cerebellar out-
put, then the learning rule of Equation 2.12 is, in fact, asog@ble approximation to
the true plasticity laws at the Purkinje cell-parallel fiygnapses (Fujita, 1982). We
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therefore assume that the error in the cerebellar outpujualego
&=0¢ —C. (2.11)
The synaptic plasticity rule becomes
AW = p(t)Te(t). (2.12)

In reality, negative errors are not possible, however thisdirates’ in this rule can be
interpreted as deviations from some baseline firing rate.akernative possibility is
that different cells code for positive and negative errors.

In summary, there is strong evidence that internal modelgepresented at least
partially in the cerebellum, and that these internal modetdsearnt and adapted in an
error-driven fashion. We adopt the learning rule given byi&epn 2.8 as a model of
error-driven learning in the cerebellum due to its biolajiplausibility, mathematical
simplicity and flexibility.

Equation 2.11 states that the climbing fibre signal shouleédpgal to the error in
the cerebellar output. The nature of this error depends erpd#rticular role of the
cerebellum in control. Furthermore, this error may not becgsely known, since all
that can be measured by the subject is the sensory consegofdhds error. This leads
to a so-calledlistal learning problemIin Chapter 3 we describe two alternative models
of how internal models learnt in the cerebellum can be useddotrol. In one model,
the cerebellum learns a forward model, while in the otheg, ¢arebellum learns an
inverse model. We will examine the impact of the distal |&@agrproblem in these two
models under different types of sensorimotor disturbance.

2.3 From continuous to discrete descriptions of inter-

nal models

The previous section offers one sketch of how internal nodabght be represented
and adapted in the brain. In practice, however, it has preeeg difficult to test such

models based on neurophysiological data. However, changesinternal model may
be difficult to isolate at the neurophysiological level, o lead directly to readily

measurable behavioural consequences. Thoroughman addh&ha(2000) and later
Donchin et al. (2003) proposed that subjects adapt to amretteerturbing force field

by building an internal model of the external force as a fiorcof hand velocity.
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Behaviouarally, subjects’ feedforward control patterns most easily quantified
by measuring the directional error in the initial part of itheand trajectories (before
the influence of feedback control kicks in). As shown by Danddt al. (2003), this
scalar measure of performance error can be related to thedislinternal model by
averaging actual and predicted forces over the duratiomadeement, yielding scalar
estimatesf and f of the force field and the subject’s estimate of it respebtiv€he
hand position error is then given by

Yn=D(fn— fAn) +€n, (2.13)

whereD is a stiffness coefficient transforming forces into handfpmss ande is motor
execution noise. Representing the force field and interradehas functions of a
whole movement rather than functions of state enables a achngpresentation of the
state of learning, while retaining the most behaviouradlievant aspects of the internal
model, and greatly simplifies the analysis of behaviourtdda

Crucially, if the internal model is represented and adapted generalized linear
model with a gradient descent learning rule as in Equati@n then this scalar rep-
resentation of the internal model will also be linear in tmoe Consequently, the
changein the subject’s reaching performance from trial to trialleiso depend lin-
early on the error in the previous trial, boot on the underlying parametevs The
update to the internal model is given by

frr1 = Afn + B, (2.14)

where,B is the rate of learning andl is a forgetting factor describing how quickly the
prediction of the internal model decays back to zero ovatgriThis model predicts a
series of hand position erroyg, which are generated according to, and in turn modify,
the state of the internal mod§|. These state-space models yield very close agreement
with subject data even in random force fields (Donchin e28I03).

As presented here, this system describes adaptation diggdo a single target.
Extensions to multiple targets are also possible, in whide¢ and f become vectors
describing the true dynamics and the internal model of thmadyics along the different
target directionsB becomes a vector describing how learning in the currenttioe
is generalized to other directions. The pattern of this gaimation can also be learnt
from data.

In theory, the nature of generalization depends stronglyhershape of the basis
functions in the representation of the underlying intenrmaldel. Ideally, we would
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like to find out about the underlying basis functions from pa@ameters of the state-
space model. However, while it is relatively straightfordido go from continuous
to discrete descriptions of internal models, attemptingeteerse engineer a neural
representation of an internal model from a state-space medeuch more difficult.
Though attempts have been made (Donchin et al., 2003), iergkit is not possible
without making very strong prior assumptions about the fofithe basis functions,
since many different kinds of representations can givetasdentical behaviour.

State space models have emerged as a valuable tool for tdrazimg and quanti-
fying motor adaptation (Cheng and Sabes, 2006, 2007). Henvewile the behaviour
predicted by a state-space model may be consistent withderlyimg internal model-
based representation, a good state space model fit doesaestsaely imply the ex-
istence of such an underlying representation. In this seheestate-space model ap-
proach may be considered more phenomenological in spaiit the more connection-
ist approach described in the previous section.

There may be other very good reasons why human adaptive ioeinas well-
described by the state-space approach. As we describe imext&ection, the kind of
error-driven adaptation rules emerging from these modelg im fact be theoptimal
way to adapt based on behavioural-level consideratiohsr#éitan low-level neurolog-
ical detail.

2.4 Bayesian models of motor adaptation

One difficulty with the models of adaptation presented absteat the learning ratg

in Equation 2.8 appears to be entirely arbitrary. We canyastimate this parameter
by fitting the model to data, but it is not clear from the modelsy adaptation occurs
at the rate it does. Even the choice of gradient descent epdathe first place was
entirely arbitrary. In principle, one-shot learning miggven be possible, i.e. subjects
should be able to adapt to a step change in the environmeat gigingle observation
of their errors. The fact that learning does seem to be wedkedbed by a more in-
cremental gradient-descent rule could perhaps be due togigal constraints at the
synaptic level. A more plausible explanation, howeverhist the error signal used
for adaptation is unreliable, and therefore a more cautagywoach is adopted when
updating the parameters. A one-shot learning strategyrge leearning rate would be
liable to suffer from severe fluctuations in performance ttuadaptation to the noise
rather than any true change in the dynamics. On the other,Handslow a learn-
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Figure 2.2: Basic 1-dimensional Kalman filter model. On trial t, hand position y; de-
pends noisily on motor command U; and an unknown disturbance r;. In addition, the

disturbance r is assumed to vary smoothly, but randomly between trials.

ing rate would lead to more stable adaptation but might beecessarily slow if the
environment is changing relatively rapidly. A balance masstachieved.

This intuition about appropriate learning rates can be fdized through a Bayesian
approach to modelling motor adaptation, an idea first pregdsy Korenberg and
Ghahramani (2002). The key idea behind the Bayesian appiisabat, rather than
following a gradient descent learing rule with an arbitsadhosen learning rate, we
view the subjects as attempting ittfer the disturbances based on his observations.
We consider a probabilistigenerative modebf the outcome of a series of reaching
movements, i.e. a model which gives us the full probabiligtrtbution of both dis-
turbances and resulting hand positions. We assume thatltenship between final
hand positiory; and motor command; is given by

Yo = U+t + &, (2.15)

whereg; ~ N(0,02) represents the combined effects of motor execution noise an
observation noise, ang is the average effect of an external force over the duration
of the movement, analogous fg in the state space model in Equation 2.13. We also
assume that the disturbangess itself liable to fluctuate randomly from trial to trial
according to

rey1=re+¢&, (2.16)

where&; ~ N(0,Q). This generative model is illustrated in Figure 2.2.

The subject maintains an estimate of the disturbance onteaths a probability
distribution over possible disturbances. We assume tfiat, tsial t — 1, the subject’s
belief is described by a Gaussian with meamy;_, and variance (i.e. uncertainty)



2.4. Bayesian models of motor adaptation 19

P11, 1.€.

p(re—ate—1,¥t-1) ~ N(ft 11, R—1;¢-1)- (2.17)
The subscripted— 1]t — 1 indicates that this is the estimaterpf; given observations
from trials up toand includingtrial t — 1.

Before the start of the next trail, the subject must predibbtmhe disturbance
will be. He should do so according to his statistical modehoiv the disturbances
vary over time, i.e. Equation 2.16. The appropriate upditése subject’s estimates
are found by considering the joint probability gf 1 andr; and marginalizing over
possible values af;_1:

p(refe—1,¥t—1) :/p(rt|rt—17Ut—l:Yt—l)p(rt—l|ut_17YI—1>drt—1- (2.18)

This leads to a Gaussian prior over the disturbance onttrial

p(re) ~ N(Af_1t—1,R_1t—1+Q), (2.19)

where we have suppressed the conditioning on observatiopsgevious trials. We
write the prior mean as
Ftit—1=Aft_1t-1 (2.20)

and the prior variance
Pit-1=R-1t-1+Q (2.21)

The subscriptetit — 1 indicates that this is the estimaterpfjiven observations from
trials up tot — 1, butnottrial t.

The subject selects his movement on each trial accordintwgtdesired hand posi-
tion y* and the predicted disturbance so that

Ey] =¥, (2.22)
which is achieved by selecting
U = Y; — Fyje—1. (2.23)

As new observations become available, the subject updatestimates according
to Bayes' rule:

— p(elre, u)p(re)
O T

The prior p(ry) is as described above Thelikelihood pyt|ri, ) is given directly

(2.24)

by Equation 2.15p(yt|u;) is just a normalizing constant which doesn’t dependon

INote that in the general statement of Bayes rule this shoalp(l|u;), however we assume that
the disturbance does not depend on the motor commandnd so is equal tp(r)



20 Chapter 2. Modelling human motor adaptation

and can be ignored, since we are dealing with Gaussians valnécbasy to normalize
anyway. We can then calculate the posterior: Plsterior, p(r¢|y:, ) is therefore
given by
p(relyt,u) O p(yelre, u)p(re)
1| (-(-w)? | (—fya)?
O exp{—z { — TR ]} (2.25)

Fe—wy (Y —U)— (L—wy )y _a]
wy(1-wy) )

O exp{—%[

wherew, = —Z—Pt't’l
Y7 0%+Ry g

Equation 2.25 describes a Gaussian probability distidoutiverr; with mean?

fre = Wy(Vt—U) + (1 —wy)fy_q (2.26)
= 1 +Wy(re +& —fye_1) (2.27)
02Pt|t71

and varianceR; = Wy(1—wy) = . The subscript|t indicates that these pa-

2
rameters relate to the estimate(:@gti‘\t/;n observations up tand includingtime t.
Throughout this thesis, wherever we write jusin the context of a Bayesian adap-
tation model - typically for clearer comparison with othegn-Bayesian models - we
refer to the prior estimatg_; since this is the estimate which is used for selecting
the motor command.

This Bayesian adaptation model we have derived here is&sibea 1-dimensional
Kalman filter. Note that the update to the mean of the distwrbaestimate is linear
in the observed error, much like the state-space modelgibdedcearlier. Indeed, as
long as the variance of the execution naigaemains constant, the Kalman gain will
converge to a constant given enough trials, making it everesiailar to a state-space
model.

Note the resemblance of the update between the prior andogteror given in
Equation 2.27 and the gradient descent learning rule giv&guation 2.8. Neglecting
the noise terng; (i.e. concentrating on thexpectedupdate), both updates are linear
in the error in estimating the disturbange One key difference between the Bayesian
model and a state-space model is that, in the Bayesian mib@edaptation rate is
determined by the noise structure of the underlying modehar than being an open
parameter. Specifically, the adaptation rate depends mbtervation noise? and the
variability of the disturbanceQ. The Bayesian model predicts that if either of these

’Note the similarity between Equation 2.27 and the cue coatlin procedure described later in
Section 4.1. One way of interpreting the inference is as acouebination procedure, with the prior
acting as one ‘cue’ and the observation another.
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change, the rate of adaptation will change in a predictalag vBurge et al. (2008)
tested this idea in a visuomotor adaptation paradigm in vhicursor representing
hand position was artificially shifted. The observation emainty 0> was manipu-
lated by blurring a cursor representing hand position. Tiseudoance variability was
manipulating by randomly changing the disturbance froml o trial with different
levels of variabilityQ for different subject groups. In both cases, subjects’ tatagm
rates changed in accordance with the predictions of the 8agenodel, with learning
slower for more blurry targets and faster for more variabiutbances?

2.4.1 More general Bayesian models

The model presented in the previous section is highly siinegli However it represents
the key aspects of the Bayesian approach to modelling mdaptation. It would not
be exaggerating to say that all Bayesian models in some s@emzent to variations on
the generative model illustrated in Figure 2.2. Where ilial models differ is in the
specific details of their generative models: the number éhomwn disturbances, the
number and nature of the observations, the structure ofdhditonal dependencies
between disturbances and observations and between d@istie on different trials.
Regardless of the nature of this generative model, takegtheg with an appropriate
criterion for selecting the motor commangdon each trial, the properties of the genera-
tive model specify a model of human motor adaptation thrabglormative principle
that subjects adapt by optimally inferring the disturbanggven their observations.

Whenever the generative model is linear, with Gaussianendie inference of
the disturbances corresponds to a Kalman filter. In gengrate will be a vector of
disturbances;, which vary from trial to trial according to

repr = Ade + &, (2.28)

with & ~ N(0,Q;). There will also be a vector of observations which depend lin-
early on the disturbances via

Zt = Hiry + &, (229)

with & ~ N(0,R;). H is called theobservation matrix The motor command; will
affect either in the observatiam or in the observation matrikd;, or both.

31t is worth noting that the fact that subjects were able taialty learn the change in disturbance
variability is not predicted by the model, which proposeatthubjects assume that this variability is
constant.
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As before, the subject maintains an estimate of the dishudvafter each trial
p(ri-1/zi—1) ~ N(Ft_a-1,R—1t-1)- (2.30)

In the prediciton step of the Kalman filter, the subject foaediction about trial
t based on the posterior from trig 1:

Fre—r = A1 (2.31)
Ri-1 = AP 1A+ Q. (2.32)

After trial t, the subject updates his prior estimate to a posterior:

-1

Ki = Pt\tletT (Htpt\tletT +R) (2.33)
fpp = Frye1+Ke (z2— Htft|t_1) (2.34)
Pt = (I—KiH)R-1. (2.35)

There are two key things worth noting about these updatetemsa i) The update
to the mean is always linear in the prediction error, i.e.

Pee =Py + Ke(Hre +&—fe_q). (2.36)

i) If the matricesA, Hi, Qt andR; remain constant, then the update makjxoften
referred to as the Kalman gain) converges to a constant ower, tis does the un-
certaintyR;. Simulations of human motor adaptation according to thisieh@lso
typically include an initialization phase to allow the Kalmgain and uncertainty to
converge to appropriate values, to eliminate any deperdendthe arbitrarily-chosen
prior uncertaintyP o.

All of the models we consider in this thesis are linear and$San and the infer-
ence can therefore be solved by these equations. In cases thleee are nonlinear
relationships between variables or non-Gaussian randaorables involved, there is
a wealth of literature on appropriate methods for calcotathe posterior disturbance
estimates. The general problem of inferring a dynamic latanable online given a
sequence of previous observations is referred to in thesstatand machine learning
literature adiltering. Nonlinear dynamics can be handled by extensions to the &alm
filter - the extended Kalman filter or unscented Kalman filtergeneral, sampling-
based methods such as the patrticle filter can provide amamilyitgood approximation
to the exact posterior, though the computational compfexiy be high.
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2.4.2 Previous Bayesian models of motor adaptation

As we noted in the previous section, the Bayesian framewarklead to equivalent
predictions to those given by state-space models when tiergieve model istation-
ary, i.e. when the parametess Q, H andR are fixed. For non-stationary models,
however, the Bayesian modelling framework makes very gtppadictions about how
adaptation will proceed.

Returning to a simple example with a one-dimensional distacer; and a one-
dimensional observation, suppose the observatianis unavailable for a few trials,
for instance while performing saccades in the dark, howthifl affect the estimate of
the disturbance; and subsequent learning? Formally, this can be modelleéting
the observation uncertainf to infinity. Note that this is different from setting the
observation mappingl to 0. The consequence of this in terms of the updates is that
the Kalman gairK; becomes zero (from Equation 2.33), therefore the postarean
and uncertainty remain the same as the prior (Equationséh84.35).

The only changes to the disturbance estimate over time comethe prediction
updates in (Equations 2.31 and 2.32). The disturbance meianmmultiplied by A.
SinceA s typically a number just less than 1, this corresponds t@dugl ‘forgetting’
of the disturbance over time. The disturbance uncertdiigcreases on each trial by
Q, though the multiplication byA means that the variance is bounded as the number of
blind trials tends to infinity. The consequence of this iasein uncertainty is that the
rate of learning will be much faster once the observatiorestared. Effectively, the
weight on the prior in Equation 2.26 is reduced. So the Bayesamework makes two
specific predictions about what will happen if a subject isrded of sensory feedback
- firstly, that there will be some forgetting of the disturioarand secondly, that the rate
of adaptation when feedback is restored will be faster.

Kording et al. (2007b) proposed a Bayesian model of sacaddptation supported
by the fact that both of these phenomena are exhibited iragacadaptation in mon-
keys (based on data from (Kojima et al., 2004)). Their mosgl@lustrated in Figure
2.3. The model of Kording et al. also contained multipléutisance components with
different timescales and variabilites, i.A.andQ were diagonal 3@30 matrices.The
intuition behind these multiple components is that differeources of error have dif-
ferent characteristic timescales, e.g. illness and fatigim terms of the data, these
multiple components with different timescales can accdonthanges in adaptation
rate during repeated gain-up/gain-down training, alsokkaesavings even when vi-
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Figure 2.3: Bayesian saccade adaptation model with multiple timescales proposed in
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(Kording et al., 2007b). Eye position y; depends on motor command Us and multiple
unknown disturbances r1:n. Each disturbance is assumed to have different timescale of

decay and random variability between trials.

sual feedback is not removed. Note, however, that the plofithe model to account
for savings, and the ability to predict forgetting when sepseedback is deprived, do
not depend on any Bayesian assumptions. A similar stateespadel makes identi-
cal predictions (Smith et al., 2006). The key insight frora Bayesian model is that
prolonged sensory deprivation will lead to an increase icemtainty, which will then
lead to more rapid adaptation.

The experiments on saccade adaptation were limited to @éxtehlocks of either
full sensory feedback of performance or blocks of total dads. The study by Burge
et al. (2008) also held visual feedback quality fixed for agied blocks at a time. It
is possible that these changes in adaptation rate occurestligly over the course
of the block. The Bayesian model, however, predicts thatrabe of adaptation will
be continually adjusted from one trial to the next, rathemthust across blocks. Wei
and Kording (2008) investigated the potential of the Kainfiter model to account
for human behaviour under these conditions by presentibgests with a cluster of
cursors which were either very close (high feedback cemairor spread out (low
feedback certainty). They found that, although the préshst of the Kalman filter
model did not match human behaviour exactly, the rate ohlagron individual trials
did depend strongly on the quality of feedback on each iddii trial.

Besides changes in the quality of observations, there nsy & changes in the
form of the observations, i.e. in the observation matiix Krakauer et al. (2006)
proposed a model of motor adaptation under switching casiiexwhich two differ-
ent contexts; andc; were modelled by different observation matridés and Ho.
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Figure 2.4: Bayesian model of adaptation under switching contexts proposed in
(Krakauer et al., 2006). Hand position ¥t depends on motor command U; and two un-
known disturbances rl and r2. However, the context ¢ determines exactly how the

disturbances influence the hand position.

The strength of the model in explaining the data dependsatlyon the way un-
certainty is handled in the Kalman filter model. The speciéttisg for their model
was adaptation of reaching movements to a rotation of vieemlback. The two con-
texts corresponded to movement of the hand using either thelyvrist or only the
shoulder. Again, the performance on each trial is modelted single observation,
corresponding to the initial directional error of the curséccording to the model, the
subject assumes that the disturbance may be related to kéhd movement, or arm
movement or possibly both. Thus there are two latent distucb components to be
estimatedr = (rha“d, ra™). The subject believes that these vary over time according
to the usual state dynamics given in Equation 2.16.

If only the wrist is being moved, then the cursor positioniieeg byy; = u; +r"and
If the arm is also moving, then the cursor position is giverypy: u; + rhand. parm,
More succinctly, this can be written in terms of two differ@bservation matrices,
Hi = (1, 1) andH; = (1, 0). The model is illustrated in Figure 2.4 This model is
able to account qualitatively for a wide variety of phenomebserved experimentally
- particularly the fact that learning was transferred frdme farm to the wrist but not
from the wrist to the arm. After optimizing the open paramet® the model, the
model was able to provide a good quantitative fit to the averdpject performance.

Finally, Berniker and Kording (2008) considered the pewblof credit assignment
between intrinsic and extrinsic sources of error. Intensdurces of error correspond
to changes in arm dynamics due to e.g. fatigue, injury etdrifiSic sources of error
correspond to external perturbations from the environnoeiattool being used. They
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Intrinsic Extrinsic

Figure 2.5: Graphical model illustration of model from (Berniker and Kording, 2008).
A variety of parameters influence the hand position. Some parameters relate to the
body (intrinsic), e.g. arm inertia |, joint viscosity B™, while others relate to the world

(extrinsic), e.g. object inertia M, object viscosity B®.

hypothesized that the intrinsic components of adaptationavgeneralize to the other
arm, while the intrinsic components would not.

Unlike in the previous models, adaptation took plagthin trials, with variables
updated six times during each movement. The model is idtestkin Figure 2.5. The
dynamics of the arm are modelled as

1(9)d+C(q,9)dq + Bmd + Kmd = Tmotor+ Tworld + Tnoise (2.37)

The authors assume that the subject approximates theaimedirix1(q), a matrix-
valued function of limb posture, with a single matrix' which does not depend on
g. Similarly the Coriolis matrix-valued functio@(q,q) is approximated by a single
matrix C. They give little justification for this approximation. Ding the course of
a reaching movement, the inertia of the arm is likely to varpstantially, although
across many trials, the inferred value would likely fluceuaround the mean value
over the six time-steps sampled per trial.

2.5 Summary

In summary, the notion of internal models has proven to beyasuccesful framework
for accounting for patterns of human motor adaptation - idated either in terms of
a continuous function describing the dynamics of the bodgetail, or as a finite-
dimensional state-space representation which is moreecwent for comparison with
experimental data.
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Human motor adaptation appears to be well-described bydhegradescent learn-
ing rule on the parameters of the internal model. An alteweanhterpretation of this
adaptation is that subjects attempinger the properties of their bodies and environ-
ments given noisy observations of their performance. TlageBian view of motor
adaptation gives rise to a richer model in which uncertaadiput properties of the
world also plays a prominent role in adaptive behaviour. eégglvexperiments have
now demonstrated that human behaviour at least partidlgcte uncertainty in inter-
nal model learning as predicted by the Bayesian model.

The Bayesian framework provides a principled means to deterthe rate of adap-
tation, and also a principled means to determine the assighai credit among mul-
tiple potential sources of error. All of the generative misdaesented in the previous
section contained multiple disturbances which are assumegpresented as distinct
components of adaptation. In all of these cases, the creglgrament problem is solved
by applying prior knowledge about the statistics of the ufisances and the way in
which they affect performance, which are captured in theegative model.

All of these models contain only a single observation of perfance. As we ar-
gued in Section 1.3, exploiting information from multipléfdrent modalities - in par-
ticular vision and proprioception - is likely to be of criitimportance in determining
the true cause of an error among multiple potential souiceShapter 4 we propose a
Bayesian model of motor adaptation in which both visual amghpoceptive observa-
tions of performance are available, and in which multipféedent kinds of disturbance
affect these observations in different ways. This modelesaitrong predictions about
how humans will adapt, which we test experimentally in Cbeapt






Chapter 3

Distal learning in cerebellar-based

motor adaptation models

In this chapter, we examine the computational challengsscésted with adaptation
to both task and plant disturbances. We examine two alteeatodels of cerebellar-
based motor adaptation - one based on a feedforward artthige@nd one based on
a recurrent architecture. We show how both models fadestal learning problem

in which the relationship between observed performancar®@nd errors in internal
model output is not known precisely. The nature of the twded#nt distal learning

problems is related to the distinction between task andtmeturbances. We ex-
amine the implications for behaviour both theoreticallydahrough simulations of

the vestibulo-ocular reflex, saccades and reaching, ansiadempossible solutions to
overcome the distal error problem.

3.1 Task vs plant disturbances

In general, a motor control task involves generating appatg motor commands in
response to some stimulus to bring about a desired outcorhereTare two funda-
mental types of change which can alter what the appropriat®mntommands are in
response to a given stimulus (see Figure 3.1). Firstly, gi@ionship between the
motor commands and the resulting outcome can be altereds typically involves
changes in the motor plant dynamics (e.g. through injusease, growth or ageing);
however some changes which are more kinematic in naturé, asidistortions of vi-
sual feedback, can also be grouped into this category. Weefélr to disturbances of
this kind asmotor disturbances

29
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desired
outcome

Error

Stimulus-desired outcome
mapping

motor
command

Controller Motor command-outcome
mapping

Figure 3.1: lllustration of task vs motor adaptation. Task adaptation is compensation
for changes in the mapping between stimulus and desired outcome. Motor adapta-
tion is compensation for changes in the mapping between motor command and actual

outcome.

A second kind of change is in the relationship between th&lrgtimulus and the
desired outcome following that stimulus. This kind of chang more subtle than the
previous one but examples do occur in the context of most nimbaviours - either
naturally or under experimental conditions. After such arae, the original response
to the stimulus will no longer be appropriate and a new pattéresponses must be
learnt. We refer to these kinds of disturbancéask disturbances

In many circumstances, the stimulus and the desired outcamée considered to
be equivalent. For example, in the case of reaching, theusisns the location of an
object in the visual field and the task is to move the hand toghme location (note
that this is true even when visual feedback is tampered witleyertheless, there are
numerous examples where the stimulus-desired outcomgoredhip is not so trivial
and subject to change. As we will describe in later sectior@)y common experimen-
tal paradigms in oculomotor adaptation actually fall irfte tatter category rather than
the former. Adaptation to these kinds of changes can alsnceced in reaching tasks
(Lurito et al., 1991; Magescas and Prablanc, 2006) whereareesometimes referred
to as ‘non-standard mappings’ or ‘transformational magpir{Shadmehr and Wise,
2005).

We examine the problem of adapting to both kinds of distuckanithin two al-
ternative cerebellar-based adaptive control architestivased on the kinds of error-
driven learning models introduced in the previous chapBafore going into the de-
tails of the different architectures, we will first illusteathe discussion with a concrete
example in which both kinds of sensorimotor change occuiradly - the vestibulo-
ocular reflex (VOR).
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Figure 3.2: Schematic of the VOR.

3.1.1 Kinematics and Dynamics of the VOR

The vestibulo-ocular reflex in mammals acts to stabilizeegdiaring head rotations
by counter-rotating the eyes. The characteristics of thikex are not fixed, but can
be modified through experience in response to changes intamrslwhich lead to a
reduction in performance. After a suitable amount of tragniinder these new condi-
tions, the VOR becomes recalibrated so that even in the teekesponse of the VOR
is altered (Boyden et al., 2004).

For illustrative purposes, and since the oculomotor plakniown to have negligi-
ble inertia (Robinson, 1964), we consider a first-order dyica model of the oculo-
motor plant. We denote the current eye positionybyThe relationship between the
motor commandi and the resulting eye velocity (see Figure 3.2) is determined by
the forward dynamics of the oculomotor plant,

y =P(y,u). (3.1)

The inverse dynamics model is correspondingly defined as

u="P(y,y". (3.2)

The inverse dynamicB—! map the current eye positionand desired eye velocity
to a motor command which would achieve that eye velocity when acting through th
plant.

The desired outcome in this case is that the gaze be stahiliee that the eye
velocity y be equal to some gaze-stabilizing eye velogity Any deviations of eye
velocity from this desired value will be perceived as retisigp - movement of the
visual image across the retina. We denote this retinal $lip &nd it is given by

-k

y=y"-v. (3.3)
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In most VOR models, desired eye velocity is taken as equabapdsite to head
velocity, i.e. y* = —x. However, in general this is not the case. Most VOR gain
adaptation experiments work by directly manipulating tbkationship between head
velocity and desired eye velocity, not by changing the pridpe of the oculomotor
plant. This includes any experiment using prisms or lensesvastibular mismatch
experiments in which an external visual stimulus is movedccaorently with head
movements to alter the gaze-stabilizing eye velocity neglior a given head velocity.
If the stimulus is moved in phase with head movements, thHigeaes a change in the
gain of the required response.

VOR adaptation therefore cannot be regarded as simply &psaxf learning the re-
lationship between motor commands and resulting movenfeheamculomotor plant.
Fundamental to VOR adaptation is that the kinematic ratatigp between the stimulus
(vestibular signal, indicating head velocity) and the desoutcome (gaze-stabilizing
eye velocity) is also subject to change and must be compahéat, as illustrated
in Figure 3.2. As well as the experimental manipulationscdbed above, this kine-
matic component also encompasses more natural distubanch as off-axis effects
(Coenen and Sejnowski, 1996) and inaccuracies or nonltie=saim the relationship
between the vestibular signal and the true head velocityOR adaptation must, ei-
ther explicitly or implicitly, reflect learning of this retenship as well as of the plant
dynamics.

Mathematically, we can describe this relationship as atfananapping head ve-
locity x and current eye positionto a desired eye velocity",

y*=S8{y.X) (3.4)
and a corresponding inverse mapping
X =sy,y). (3.5)

ThistaskmappingSrelates the current head velockyo an appropriate gaze-stabilizing
eye velocityy, while S 1 gives the head rotatiox/ that would have required an eye
movemeny to stabilize gaze.

Hence, from Equations 3.2 and 3.4, the overall mapping wiriakt be learnt is a
composite function

u* =Py, S(y,x)). (3.6)

This equation states exactly how each kind of mapping dasgrieither the plantR)
or the task §), influences the required motor command
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In general, we can describe any task disturbance in termsfurfiction mapping
the stimulus (e.g. observed target location) to desired outcgrge.g. desired hand
location). We refer tés as thetask

3.2 Alternative architectures for cerebellar-based adap-

tive control

It is well known that the cerebellum plays a critical role i©OR adaptation. Although
a variety of brainstem circuitry contributes to the VOR, tiasic reflex is largely me-
diated by a fast three-synapse pathway in the brainstemd@owgt al., 2004). This
brainstem pathway is augmented by an adaptive pathwayghrthe cerebellum. It
is known that among its many inputs, the region of the cehetreinvolved in the
VOR receives a variety of parallel-fibre inputs includingtibular-related signals and
efferent copies of outgoing oculomotor commands (Hirathldighstein, 2001).

Two distinct kinds of control architectures have previgusten proposed as mod-
els of this circuitry. Most commonly, the brainstem and bettar pathways are mod-
elled as having a purely feedforward organization (Gomi Hadvato, 1990; Kawato
and Gomi, 1992; Shibata and Schaal, 2001), disregardinghtiter command effer-
ent copies. This model, withfeaedforward architectures illustrated in Figure 3.3(a).
More recently, Porrill et al. (2004) have argued that therefhit copy inputs may in
fact be of critical importance and should not be ignored. yThwpose a model of
VOR adaptation in which efferent copy informatiafoneis sufficient for successful
adaptive control. This model, in which the cerebellum isrerted with the brainstem
via a recurrent architecture, is illustrated in Figure B)3(

These two alternative models of VOR adaptation each effegtassume that ei-
ther the feedforward or the recurrent (efferent copy) isfatthe cerebellum dominate,
with the other inputs playing a more minor role in generatimgcerebellar output. The
true contributions from each of these pathways to the cHegtmitput is unknown. Al-
though both architectures are capable of generating agptepnotor commands, the
nature of the internal model learnt and the respective iegreapabilities and dynam-
ics turn out to be quite different, particularly in how thegrform under task vs plant
disturbances.

We use the model of cerebellar learning presented in Se2tiht. Recall that this
model proposes that the cerebellar output is constructed & weighted combination
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of the inputs to the cerebellum,

and that these weights are adapted according to an erra@rdgradient descent learn-
ing rule,

AW = —BGp!. (3.8)

Here,¢; is the error in the cerebellar output at tirnéMe do not, however, have direct
knowledge of this error. The error in performance can onlyresasured in terms of
retinal slip. This poses a distal learning problem which barsolved by transforming
the observed outcome error (retinal ﬂ'p}n the case of the VOR) into an error in the
cerebellar output.

In order to do this, we need to know exactly what the desiraguiwof the cere-
bellum is. As we shall see, this depends critically on wheethe cerebellum is being
used in a feedforward or a recurrent architecture. Prevémadyses of cerebellar VOR
adaptation have tended to consider only plant disturbanesgecting the fact that
experiments typically employ task disturbances.

If we assume that head velocity and desired eye velocity kvaya equal and
opposite, the error in the cerebellar outpuinder the feedforward architecture is equal
to the error in the motor command,

c=u"—u. (3.9

As we shall see below, this motor error can be estimated fremedtinal slip by trans-
forming it through an inverse model of the plant dynamicsdelrthe recurrent archi-
tecture, on the other hand, Porrill et al. (2004) have shdwahthe error in the cerebel-
lar output is equal to the raw retinal slip sigr’fehnd thus the distal learning problem
is circumvented. However, their analysis was restrictegid@ptation to changes in the
oculomotor plant dynamics.

We will now examine learning within each of these architeesun the case that the
taskS, i.e. the relationship between head velocity and the gtataitizing eye velocity,
is also subject to change. In both cases, we require an expnefor the error in the
cerebellar output;, in terms of the observed output error (retinal sijpin the case of
the VOR).
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Figure 3.3: Schematic of feedforward and recurrent architectures. In the feedforward

architecture, output from cerebellum C is combined with output from brainstem B to form

the motor command U which is sent to the plant P. The task S specifies desired output

given stimulus X. Sensory error ¥ must be transformed through an inverse model of the

plant to reflect error in the cerebellar output. In the recurrent architecture, cerebellum C

receives output of the brainstem as input and sends its ouput as input to the brainstem.

Sensory error must be transformed through inverse model of the task S,
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3.2.1 Learning in the Feedforward Architecture

Referring to the feedforward architecture shown in Figur&®&), the inputs to the
cerebellum in this model are head velocktyand head positior (X is omitted from
the figure for clarity). We assume that an optimal cerebefladelC* exists. This
corresponds to a set of optimal weighs® for the cerebellum model outlined in the
previous section. The error in the cerebellar output is tean by

E(%,X) = C*(%,X) — C(x, %), (3.10)

and we wish to express this in terms of the retinal §lip
The motor command is generated by combining the output flenitainstem and
cerebellum
u=C(x,X) +B(x,X), (3.11)

whereB(x, X) describes the brainstem dynamics. Similarly for the opticeaebellum
model
u* = C*(x,X) + B(X,X). (3.12)

Noting that the optimal motor command is given byP~(y, S(y, X)), we can see that
the optimal cerebellum mod€él* satisfies

C*(x,%) = P 1(y,S(y,x)) — B(x,X). (3.13)

The cerebellum must therefore learn a composite of a foriaskl model and an in-
verse dynamics model, while also compensating for the tmriton from the brain-
stemB.

Now, taking the difference between Equations 3.11 and 3ntRcamparing it to
Equation 3.10 illustrates that we can express the errordarcénebellar output as:

c=u"—u, (3.14)

that is,C is equal to thenotor error. Rewriting the right hand side of Equation 3.14 in
terms of the inverse plant model (Equation 3.2), we have

c=PYy,y) -P Ly, (3.15)

For linear plant dynamics, we can directly simplify and rie/ithe expression in terms
of the retinal slipi/',
e=P Yy, y). (3.16)
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For nonlinear plant dynamics, Equation 3.15 can be appratachby the first term of
the Taylor expansion d®~* about(y, y):

= Jp-1(y, Y)Y, (3.17)

whereJp-1(y,Y) is the Jacobian d?~! at the point(y,y).

Equations 3.16 and 3.17 show that the error in the cerebellgput can be cal-
culated from the retinal slip via the inverse dynamics of pkent, i.e. the inverse of
the mapping from motor commands to observed outcome. Weresthat some inter-
nal model is available to compute this, which may residevdigge in the cerebellum
(Wolpert et al., 1998). Alternatively, the error signal ridge the direct output of a
feedback controller, (Gomi and Kawato, 1990; Shibata ar&&c2001). In any case,
if the plant dynamics change, the transformation of the @gnearror into motor error
will still reflect the old dynamics and we can no longer be oberfit that our estimate
of the cerebellar output error is accurate. The requirenhittg signal is, however,
independent of the tasR This is an important but usually overlooked advantage of
employing this kind of feedforward learning architecture.

In general, then, we expect learning under the feedforwestitecture to be im-
paired (i.e. converge more slowly) or even made entirelyalyie (not converge at all)
following a change in the motor command-outcome (dynammueapping. However,
we expect learning to be unaffected by a change in the kinesat

3.2.2 Learning in the Recurrent architecture

Next, we derive an expression for the error in the cerebellgput in terms of the
measured retinal slip for the recurrent architecture (Feg@13(b)), following a similar
argument to Porrill et al. (2004). We assume that the inputhe cerebellum are the
head positiorx and the afferent motor commandthe head-position input is omitted
in Figure 3.3(b) for clarity).

We begin by noting that the input to the brainstem model iegikyC(x,u) + X,
which is equal to the motor command transformed under th@stiem inverse model,
ie.,

u = B(x,C(x,u) +X) (3.18)
—  C(x,u)+x=B"1(x,u). (3.19)

Again, as in the feedforward case, we assume there existstamad cerebellar model
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C* which yields exactly the desired motor command (this c@oesls to optimal
weightsW* in the cerebellum model outlined previously).
Note that the motor commandwould be optimal for some alternate head velocity
X, i.e.
C*(x,u)+x =B 1(x,u), (3.20)

with X' = S~1(y, P(y,u)), by definition ofS~* from Equations 3.1 and 3.5. Rearranging
this, we have

C*(x,u) =B 1(x,u) — S (y,P(y,u)). (3.21)
Under the recurrent architecture then, the cerebellum heash a composite of a for-
ward dynamics model and an inverse task model. This is incdzentrast to the
feedforward case in Equation 3.13.

Taking the difference between Equations 3.19 and 3.20, wesgpress the cere-
bellar output error as:

C*(x,u)—C(x,u) = x'—x
= S_l(y7y)_§1<y7y*>

If we assume tha®is linear then we can express this directly in terms of thanadt

(3.22)

slip,
e(x,u) =S4y, y). (3.23)

If Sis nonlinear, we can use a first order Taylor approximatiobefere,

T Js1(Y, Y)Y, (3.24)

whereJs-1(y, V) is the Jacobian 0! at the pointy, y).

Equations 3.23 and 3.24 show that the error in the cerebmlignut is given by the
retinal slip transformed via the inverse of the t&gk.e. the inverse of the mapping
from the stimulus to the desired outcome. This can be thoafjhs an error in the
original vestibular signat.

So in general, we expect learning under the recurrent arctite to be impaired
under task disturbances but not plant disturbances. Thieate a duality between
the feedforward and recurrent architecture models. Theegnes of learning in the
feedforward architecture are mirrored by those of learmmiipe recurrent architecture
with the roles of the two kinds of transformation reversed.

Although we have illustrated the argument with the specianeple of the VOR,
the arguments presented here are entirely general and egpbed to any other motor
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Figure 3.4: Example of dynamic and kinematic transformations. a) A change in the
viscosity field of the oculomotor plant. b) Effect of rotation of visual feedback on image

velocity during head rotations.

behaviour. Furthermore, the only point at which linearitgsraassumed was in the final
step in each derivation combining the terms in EquationS arid 3.22. For nonlinear
P andsS, a Taylor expansion gives a simple approximation to thelstar output error
in terms of the observed output error, provided the errooistoo large.

3.2.3 VOR simulations

In order to test the performance of each of the two altereati®R models in adapting
to a range of task and plant disturbances, we simulated atitaptof a 2 degree-of-
freedom oculomotor plant under a range of transformatidriekinematics and the

plant dynamics. The simulated oculomotor plant had singaliilynamics initially
given by

y=u, (3.25)
and an initial relationship between head velocity and gaabilizing eye velocity
given by

V= —X. (3.26)
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Figure 3.5: Timecourse of adaptation for VOR model using 3.5(a) feedforward architec-
ture and 3.5(b) recurrent architecture. Both figures display average normalized mean
squared eye velocity error (retinal slip), averaged over 10 trials. Different traces show
response to different conditions - either a change in dynamics (viscous curl field) or a

change in kinematics (visual field rotation) of differing magnitudes.

To simulate a change in the relationship between motor camdnaad observed
outcome, we changed the dynamics from the ordinary resisiscosity field described
by Equation 3.25 to a viscous curl field (Figure 3.4(a)) in eththere is an angle
between the eye velocity and the force, i.e.

u=Py. (3.27)
where
P1:< cosp sing ) (3.28)
—sing cosp

Due to the first-order dynamics assumed here, this had tketeff rotating the angle
of actuation for a given motor command.

To change the relationship between head velocity and gabdéiging eye veloc-
ity, we employed a rotation of the visual field (Figure 3.3(by angley. Following
this transformation, the desired eye velocity is rotatedbgley relative to the head
velocity, i.e.

y'=SX", (3.29)

where

S — ( CO.SljJ siny ) (3.30)
—sing cosy
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In all experiments, the head position repeatedly traceddigfure-of-eight:

X(t) =

[ sin(0.1t) (3:31)

sin(0.2t)

All experiments were run 10 times, with different initial ibons around the figure-
of-eight on each trial. Full implementation details areegivn Appendix B.

First, we tested the performance of the feedforward archite in adapting to
the visuomotor rotation. Analyzing the normalized meanasgd (NMSE) velocity
error (i.e., retinal slip), we found no significant diffenin the learning rate when
adaptation to different magnitudes of rotatiapp£ [15,135) were compared. Figure
3.5(a) plots the average nMSE over time fpr= 45° which is representative of all
values of. The error bars represent one standard deviation above elod the
mean.

We then tested the performance of the feedforward archite@h adapting to novel
dynamics. Figure 3.5(a) plots the evolution of the nMSE awee for different values
of @. For@= 15°, performance is the same as under the visuomotor rotatiayp A
increases, however, the rate of learning is reduced. Ems kepresenting standard
deviation across runs with differing initial conditionsegplotted for thep = 60° case
to show that the difference from the LBase is significant (error bars on other plots
are omitted for clarity). Atp = 90°, the VOR no longer converges and updates of
the cerebellar weights no longer improve performance. Theqguivalent to always
moving perpendicularly to the direction of steepest sldfm.@ > 90°, changes in the
cerebellar weights led to deteriorating performance arslable adaptation.

For the recurrent architecture, we first tested the perfoceainder the change in
dynamics. Forp < 60°, we found no significant difference in performance between
different values ofp. For larger values ofp, however, the recurrent loop tended to
become unstable after a period of initial improvement. Fegai5(b) shows the nMSE
over time forg = 45° which was representative of all trials fer< 60°.

Finally, we tested the performance of the recurrent archire in adapting to the
visuomotor rotation. Results from these trials are alsttptbin Figure 3.5(b). Again,
for clarity, error bars are only plotted for representatiransformations. Fop = 15°,
performance is similar to that under the change in the dyosinionp = 45°, however,
the adaptation is significantly slower. Fgr= 50° and greater, the recurrent loop
tended to become unstable resulting in an exponentialaseref the error over a very
short timescale. The plots have therefore been curtail¢tigpoint. The initial rate
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of improvement in performance is nevertheless reflectiileiquality of the estimate
of the cerebellar output error.

For the linear models considered in this section, the praldé instability in the
brainstem-cerebellum loop under the recurrent architectan be attributed to the
eigenvalues\ of the matrixBC (refer Figure 3.3(b)) having magnitudk| > 1. The
output at timd is given by

ur = z{_l B?Xt +Cu) (3.32)

= 51 Bxt+BCu.

Thus, if the matrixBC has any eigenvalue with magnitude greater than 1, the motor
command will grow exponentially over time. A given desiredtor output can still
be computed with the recurrent architecture (i.e. EquaB@1i can still be satisfied
along with stability requirements) if a different valueB®fs used. It may be possible
to avoid entering into unstable regions of the parametaefmdlar weight) space by
also adapting, using the output o€ as a training signal. This ‘learning transfer’
from C to B would steer the loop away from regions of instability by emsy thatC*
(which would now depend oB) would tend asymptotically to 0. Learning transfer
of this kind is supported by physiological evidence (Boy@tml., 2004) and Porrill
and Dean (2007a) have suggested it may be used as a mechargsimance VOR
response at high frequencies. So, although, problembhgdnstability issues with the
recurrent architecture do not preclude it as a biologigalliyusible model of cerebellar
learning.

In summary, as predicted by the theory, performance of tadfteward architec-
ture was impaired following changes in the oculomotor pldyramics, but was not
affected by changes in the kinematics. Performance of th@rment architecture, on
the other hand, was affected by changes in the kinematicediuty changes in the
dynamics.

3.3 Saccades

So far we have described adaptation of the VOR in responsedalistinct kinds of
disturbances and described how two existing cerebellsedearning frameworks are
each well-suited to learning one of these kinds of transédiom but not so well-suited
to the other. In this section we show how these same arguncamtg over to the
saccadic system and in particular, we use this example tmiexathe effect on the
timecourse of adaptation more closely.
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Saccades are rapid eye movements used to change gaze fixatioone point
to another. It is known that saccades are planned as a differeector in retinotopic
coordinates between the current fixation point and the eéedixation point (Hopp
and Fuchs, 2004). An open-loop sequence of motor commases loa this difference
vector is then issued to guide the eye to the planned newiqositith the eye typically
following a minimum-jerk-like trajectory (Harris and Wadpt, 1998).

The gain of a saccade is the ratio between the distance of the plaracmhde
and the distance the eye ultimately moves. Under ordinacpgistances the gain of
the saccadic system should be equal to 1, but through phydieages to the eye
or experimental intervention, the gain of saccades cangshéaading to systematic
errors in the saccadic endpoint. Whenever such errors greriexced, the gain of
the saccadic controller is adapted so as to reduce futuoeserAs in the VOR, this
adaptation is known to be cerebellar-dependent (OpticdrRanbinson, 1980).

3.3.1 Experimental saccade adaptation paradigms

Two different experimental paradigms have primarily besadito elicit adaptation of
saccadic gain. One method is to surgically weaken one or mitiee extra-ocular
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muscles. This procedure directly alters the plant dynarsecshat the same motor
command (stimulation of the extraocular muscles by motarorws) will result in a
different (smaller) eye movement. Initially, the impaireyge will fall short of its target
but, after practice, will adapt and eventually exhibit maceurate saccades.

The saccadic gains for each eye are coupled - if one eye ibgrhtghile the other
undergoes gain adaptation, the gain of saccades in thegobégte will also change.
Therefore, by operating only on one eye and by alternatdighirag either the normal
eye or the weakened eye, adaptation can be repeatedly oheitber from low gain
to normal gain (moving the patch from the weakened eye to tiimal eye) or from
high gain to normal gain (moving the patch from the normalteyéne weakened eye)
(Scudder et al., 1998).

An alternative, non-surgical method to elicit adaptatidsaccadic gain is to shift
the position of the target during the saccade. Subjectsraable to see this movement
since vision is suppressed during saccades. If the targhiified further away from
its original position, this has a similar effect to havingakened muscles in that there
is still some distance to go to the target at the end of theasccAfter many trials
(typically hundreds), the saccadic system adapts and tieeo$isaccades changes to
reduce the endpoint error.

Although it is tempting to view the latter experimental pdigan as a way of sim-
ulating a change in the plant dynamics, it should, in factvie&ved as a change in the
relationship between the stimulus the desired outcomeas.@ task disturbace, rather
than a plant disturbance. The plant dynamics, that is treioglship between mo-
tor commands and resulting eye movements, remain constanighout. The shifted
target location depends only on the original position oftdrget and not on the inter-
mediate motor commands or the final eye position.

3.3.2 Implications for learning

Following the discussion of VOR adaptation in the previoastion, we should like-

wise expect these different training paradigms to elidiedent patterns of adaptation.
In the case of the VOR, adaptation to a rotation of the viseld finder the recurrent ar-
chitecture was hampered by the fact that the estimate ofttebellar output error was
rotated relative to the true error. In the case of saccadica@daptation under the target
shift paradigm, there is no rotation and, for the recurrenhigecture, the estimate of
the cerebellar output error will remain parallel to the tereor. This is analogous to a
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magnification or shrinking of the visual field for the VOR. Nparallel, or ‘cross-axis’
shifting of saccade targets has been elicited in some sidiethis is less commonly
done. Under the normal gain-up (gain-down) adaptationdigna, however, errors in
movement will be exacerbated (diminished) and the estidhat®or in the cerebellar
output will therefore be inflated (or reduced). This willedt the rate of adaptation.
A similar argument applied to adaptation in the feedforwanadel under changes in
the dynamics. For a weakened plant, the additional motomeana required to suc-
cessfully reach the target will actually be greater thangst@mate, which is based on
dynamics of a normal eye.

So while in the case of the VOR we showed how learning candaietely under
drastic enough transformations, we will use the exampleotades to illustrate how
different architectures lead to different predictionstioe time-course of learning.

3.3.3 Saccade adaptation model

In order to make concrete arguments about the role of thdebtuen and the impact of
different training paradigms on the timecourse of learniwg introduce a simplified
model of the saccadic system, illustrated in Figure 3.7hisgection, for mathematical
simplicity, we represent all variables as scalars and asslimappings are linear. The
stimulus x, in this case is the initial target location relative to therent eye position.
The brainstenB issues a sequence of motor commands based on this targebmhoca
which we represent by a single scalacharacterizing its magnitude.

We model the plant dynamics as a simple linear relationsatvéen motor com-
mandu and final eye positiowm, i.e.

y=Pou, (3.33)

wherePy denotes the normal plant dynamics. We model the surgicakeveag of the
eye by replacingd? with Py in (3.33) withP; < Py. To model the target shift paradigm,
we assume that the mappiBgs linear, corresponding to a change in the required gain,
i.e.

Yy = Sx (3.34)
so thatS, is the new gain to be learnt. The baseline (i.e. before atlapts elicited)
saccadic gain is assumed to be equal to 1. The distance riegnainthe targety =
y* —y is the raw performance measure used to drive adaptationlegmss to the
retinal slip in VOR adaptation. We consider a simplified ekpent in which saccades
are only made in one direction and the distarte the initial target is constant.
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By analogy with the VOR, we assume the adaptive capabilitiesaccades arise
from a cerebellar pathway working in tandem with the bransB and that the cere-
bellar weights are updated on a trial-to-trial basis basedroestimate of the cerebellar
output error.

We now seek to describe the time-course of learning matheatisgtunder both
the feedforward and recurrent architectures, and exanomethe various parameters
P1, S andx affect this time-course. Since saccade adaptation typitaikes place
over timescales of thousands of saccades, it seems redsooaulopt a continuous-
time approximation to simplify the derivations, rathernhdescribing the trial-to-trial
learning dynamics as a discrete-time dynamical system.

3.3.3.1 Feedforward Architecture

First, we note that the motor commands generated as the sum of brainstem and
cerebellar outputs,
u=Bx+Cx (3.35)

The observed error in the eye position is giveryby y* —y. Substituting the expres-
sions fory andy* into this we obtain
y= Six— Py (Bx+Cx) (3.36)
and taking the time derivative we have
V= —PixC, (3.37)

whereC corresponds to the rate of cerebellar weight adaptatiorivas dpy the cere-
bellar learning rule. We will assume the same gradient desmrebellar learning rule
as we employed for VOR adaptation (Equation 3.8), i.e.

C=pxRly. (3.38)

Note that we use the old dynami@sand the not the new dynamiBs to approximate
the motor error, since the new dynamics are unknown. Sultisigf this into Equation
3.37 we obtain

P
i (3.39)

This can easily be solved to reveal exponential decreaseriarmance error over time.

y=-p¢

Crucially this performance error is independentpfi.e. the relationship between the
initial target location (the stimulus) and the shifted &tripcation (desired outcome).
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Table 3.1: Dynamics of learning for different adaptation strategies

Model Error Dynamics

Feedforward y= —BRY

. 3
Recurrent y= —Bplx(w) y

P1x

3.3.3.2 Recurrent Architecture

For the recurrent architecture, as in the case of the VORmibter command satisfies
u= B(x+Cu). (3.40)

Rearranging and substituting this into the definitiory @fe have

~ PlBX
=S Xx— ) 41
y=SX-7-5= (3.41)
Taking the derivative with respect to time, we obtain
- —PB% -
-~ "_C. 42

Again, C is given by the cerebellar learning rule (Equation 3.8). @ding to
the theory presented in Section 3.2, the error in the celabelitput is obtained by
transforming the observed eye position eryoria the inverse of the task mappi®y
In this case this yieldec = y (since we assume initiallg= 1, i.e. the target does not
move) and the full cerebellar learning rule is then given by

C = —Puy. (3.43)

Substituting this into the equation above we have

] 3
y = —PBPix ( : _BB c) y. (3.44)

Finally, by rearranging Equation 3.41 we can obtain an esgiam forB/(1— BC)
which we can substitute in here to obtain
P1x '

y = —BPix < (3.45)

Table 3.1 summarizes the difference in learning dynamitséden the two archi-
tectures. Note that these equations describe both thetisgpso changes in the dy-
namics Py — P;) and to shifting of the targe§{ # 1).
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The most significant different between the two architedusen what parameters
affect the timescale of learning. The rate of learning infdgedforward architecture
depends only on the initial plant dynamiBs (i.e. the dynamics model assumed to
estimate the motor error), the novel plant dynanigsand the initial distance to the
target,x (regardless of whether or not it is subsequently shiftedis independent of
any change in gain (i.e. target-shifting) so that no diffieesin learning rate should
be observed between large gain changes and small gain chahgehe recurrent
architecture, on the other hand, the adaptation rate demanithe novel plant dynamics
P and the target shift siz8,, as well as the initial distance to the target

Another notable difference is that the feedforward araitee predicts an expo-
nential decay of the learning rate over trials. The equagjoverning learning under
the recurrent architecture, on the other hand, is non+iaad does not predict purely
exponential decay. This is ultimately due to the fact thenieay rule in Equation 3.8
was devised to minimize the error in the cerebellar output s has a nonlinear
relationship with the performance errar

3.3.4 Simulation of saccade adaptation

We simulated trial-to-trial adaptation and subsequerdvery of saccades under both
the target shift and surgical weakening paradigms. In &ddib the elements of the
model described above, we introduced signal-dependesé moithe motor command
so that the actual output of the plant on tmalas given by

yn — PlUn(1+8n), (346)

with theey’s independent and drawn from a normal distributigg,~ N(O, .052). The
value of.05 for the standard deviation of the distribution was chdsegive a spread
of saccades and timecourse of learning which visually rébedrthe data presented in
(Straube et al., 1997). Similarly, a value 0k2.0~° was chosen for the learning rate
. The same value was used for both the forward and recurrehitactures. Further
implementation details can be found in Appendix B.

Figure 3.8 shows the simulated data for adaptation and quksé recovery to a
gain decrease of 30% induced by target-shifting. The top @faiigures shows the
data for adaptation under the feedforward architecturdenthie middle pair of figures
shows the data for adaptation under the recurrent archicExperimental data from
Straube et al. (1997) is shown below for comparison. Eachajoesents the magni-
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tude of an individual saccade while the solid line displdyesitesults of adaptation in
the noiseless case to more easily see the trend.

During the initial gain-down adaptation phase, the timarse of adaptation is
more or less indistinguishable between the feedforwardr@cwakrent architectures. In
the recovery phase, however, adaptation under the reduwarehitecture exhibits an
initially linear decrease in the error over the first 500-Q@@accades, before becoming
more exponential-like as the gain approaches 1. Under #dfdevard architecture,
on the other hand, a much sharper increase in performancgb¢evover the first 500-
1000 saccades, with a clearly exponential shape to theattapturve. It is plausible,
therefore, based on this analysis, that differences betvaeehitectures might have
observable consequences at a behavioural level. Howesaparison with the data
from Straube et al. (1997) is inconclusive.

3.3.5 Comparison with experiments

Experimentally, the rate of saccade adaptation is typiestimated as the rate-constant
(measured in number of saccades) of an exponential cured fitthe data. In the con-
text of our model, the trend of adaptation under the feedfodnarchitecture truly is
exponential, while for the recurrent architecture, an exuial function still offers a
reasonably good fit, despite the nonlinearities in the adegwt dynamics.

An experiment by Scudder et al. (1998) directly comparedithecourse of learn-
ing between the two paradigms. The learning rates were atohby fitting exponen-
tials as described above. The authors found that, duringd@ivn adaptation, learning
under the target-shift paradigm was markedly faster thateuthe surgical weakening
paradigm, which is predicted by the feedforward architextmodel, but not the re-
current architecture model. During gain-up adaptationsumch difference in learning
rates was observed. In this case, however, for the dynanstsridance, adaptation
was being performed in the healthy eye, with the weakenedaiehed. Under the
feeforward model, the motor error in this case would be aateuif it were calculated
according a model of the normal dynamics of the eye. The ipettef adaptation found
in this study therefore tend to favour a feedforward moder@/recurrent model.

Straube et al. (1997) examined how various properties otithecourse of sac-
cadic gain adaptation varied with the change in gain and thithchange in the initial
distance to the target under the target shifting paradignmeyTound that changing the
size of the planned saccade had little effect on the ratetaonef the fitted exponen-
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tial. Decreasing the gain, however did affect the rate optatéon with more substan-
tial gain decreases having a larger rate constant and trerslower adaptation. This
observation is certainly compatible with a recurrent amtture model. Under the
feedforward architecture, our simplified model predictatth change in gain should
have no impact on the learning rate.

Not all saccade adaptation experiments follow the targ#tisg paradigm we de-
scribed here. Robinson et al. (2003) performed an expetimevhich the position of
the shifted target depended on the final eye position in suehyathat the perceived
error (y) remained constant, irrespective of the actual final eyetipos A study by
Albano (1996) also varied the target location in responsthéeye position. Un-
fortunately, neither of these studies present any data enitescales of adaptation,
which would potentially enlighten the present discussierecise control over the er-
rors experienced by subjects may enable a more detailetifidation of the learning
algorithms at the cerebellar level. Methods like this alffierathe possibility of di-
rectly simulating a change in the plant dynamics by shiftimgtarget in a way which
is consistent with a weakened muscle.

Complicating the interpretation of these results withia tontext of our simplified
models is the fact that our model of cerebellar learning @igu 2.12) can only be
taken seriously up to a point. In reality it is not clear ekabbw real-valued (positive
or negative) variables such as this are really representéeiins of neural firing. At
a behavioural level though, the effect of errors on learrfireg the cerebellar learning
rule in our model) is only appears to depend strongly on the si the error itself
(Straube et al., 1997) and even the sign of the error - ovetstare adapted to more
strongly than undershoots (Robinson et al., 2003). In otlweds, the actual learning
rule employed by the nervous system is certainly not lineat iDeviations from the
linear learning rule we have assumed could potentially reat@r greater impact on
the time-course of learning than the difference betweehictures. It is difficult,
therefore to draw any firm conclusions about the underlyergloellar architecture for
saccade adaptation from behavioural data. Furthermorg,ntpossible to discount
the fact that the behavioural trends we observe are govenegrily by normative
principles (Kording et al., 2007b; Chen-Harris et al., 08thier et al., 2008), rather
than by low-level implementational details.

In conclusion, we have shown how the two primary experingraeadigms for in-
ducing saccadic gain adaptation are fundamentally diftarenature - surgical weak-
ening of the extraocular muscles falls into the categorymigat disturbance, while the
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Figure 3.8: Comparison of simulated saccadic gain adaptation and experimental data
under the target-shift paradigm. Simulated saccade adaptation trials under the feedfor-
ward architecture (top) and recurrent architecture (middle). Each scatter dot indicates
gain of saccade for an individual trial. Solid black line indicates timecourse of learning in
the noiseless condition. Experimental data are shown at the bottom, reproduced from

(Straube et al., 1997) with permission.
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intra-saccadic shift paradigm is a task disturbance. @tigr@vailable data, however,
does not seem to be sufficient to infer both the learning raiekthe underlying cere-
bellar architecture. Nevertheless, we have highlightes th@ timecourse of learning
can differ between the different learning architecturesthdugh we have illustrated
these aspects of the alternative cerebellar-based Igamaodels in the context of a
relatively simple model, the basic insights in this sectpply quite generally.

3.4 Reaching and catching

Arm movements are considerably more complex than eye mavesnkaving more
degrees of freedom and nonlinear dynamics. Neverthelessy wf the control prin-
ciples observed in oculomotor control can be easily gerre@lto this setting, as we
shall describe in this section.

While the exact role of the cerebellum in reaching movemisnist entirely under-
stood, cerebellar involvement has been demonstrated ipeonsating for interaction
torques between limb segments (Bastian et al., 1996), indait altered dynamics
(Smith and Shadmehr, 2005), adapting to altered visuabfsed(Baizer et al., 1999)
and in learning to manipulate an on-screen cursor (Imamizal.e2000). The role
of motor command generation in reaching is largely attablg to the primary motor
cortex (Todorov, 2000; Shadmehr and Wise, 2005). It theeesems reasonable to
extend the cerebellar-based adaptation frameworks fov@ie from Section 3.2 to
model the cerebellum’s role in reaching adaptation.

Indeed, Schweighofer et al. (1998) have suggested thatettedellum generates
feedforward motor commands which refine those generatetidogdrtex, effectively
assuming a feedforward cerebellar architecture. By cehtRorrill and Dean (2007b)
have proposed a model of arm control which employs a recuwerebellar archi-
tecture to learn an inverse kinematics model of the arm. Eddhe architectures
considered in the previous sections might therefore beiderexd plausible abstract
models of the cerebellum’s role in the adaptive control etcfeng.

As discussed in Chapter 1, the most common experimentadijgana for eliciting
adaptation of reaching movements include application abdarnal force field to the
hand via a robotic manipulandum (e.g., Shadmehr and Musddi(1994)), or tam-
pering with visual feedback - usually in the form of a rotatiaf the visual field about
the initial position of the hand (Krakauer et al., 2000). iBof these manipulations
amount to changing the relationship between the motor camdnaad the eventual
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Figure 3.9: Schematic of human reaching model.

observed outcome, and are therefore categorized as ptatlainces.

A few studies have, however, explored adaptation to chaimgdse relationship
between stimulus and desired outcome. Magescas and Re¢BR06) trained human
subjects on a target-shift paradigm similar to that commasied in saccade adapta-
tion. A visual target was extinguished as subjects begamnetheh and reappeared in
a new position slightly shifted from the where it had beemalit. The final location
of the target (i.e. the desired outcome) depends only onritialistimulus and not
on the motor command. Subjects were able to adapt to the taskxhibited robust
aftereffects in subsequent reaches. Adaptation is, hawswbstantially slower com-
pared to adaptation to force fields or rotations of visuatibeeek (Diedrichsen et al.,
2005). This kind of disturbance corresponds to a task distuce. The required motor
command in each of these cases is very similar, however tlueenaf learning under
the proposed cerebellar learning models is quite diffeesdt, as in the case of the
VOR, depends on the cerebellar architecture assumed.

3.4.1 Reaching model

Reaching movements appear to be planned as a visually ésticiéference vectodx
between current hand location and target location (Kraketa., 2000; Shadmehr and
Wise, 2005). A simplified model is illustrated in Figure 3Based on this difference
vector, a suitable change in joint anglds is selected by the fixed controll®. We
maintain our labeB for this controller from the previous model of the VOR where
it denotes ‘brainstem’, although here it denotes primantanegortex. In general,
the ‘motor commanddu will depend also on the current set of joint anglesfor
simplicity, in our experiments, we consider a single inifj@nt positionu. The final
observed hand position is then given by the forward kinecs&iwhich represents a
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mapping from the change in joint anglés to a change in observed hand posittyn
dy = P(du). (3.47)

Note that thisP includes both the forward kinematics of the arm, which maptjo
angles into hand position, and any distortions of visuallifieek such as a rotation of
visual feedback about the initial hand position.

Meanwhile, the target may be shifted mid-reach with thets®idetermining the
difference vectody* of the shifted target and, therefore the desired observadgs
in hand position,

dy* = S(dx). (3.48)

The errory in the observed hand position is used to guide adaptatiomeotdntroller
and is given by the difference between the the actual andedkshange in observed
hand position,

y = dy* —dy. (3.49)

Adaptation in our model is mediated by the cerebellar payhwaich may be con-
nected with the motor corte® through either a feedforward or a recurrent pathway.
We model the cerebellar output as being constructed fromighted sum of radial
basis functions defined over the input space. The combmateghts are learnt using
the same gradient-descent learning rule as in previougssctThe error in the cere-
bellar output was estimated by transforming the error inchpaosition appropriately
according to the architecture used, as described in Se8tnFor the feedforward
architecture, this corresponded to transforming the dugpor through a linearization
of the original inverse kinematics mapping (without anyatain of visual feedback
taken into account). For the recurrent architecture, timgl/ corresponded to using
the raw observed output error, since the initial stimulesited outcome mappirtgis
simply the identity. More technical details are given in Apgix B.

We set up a 1810 square grid of targets around the initial position of tlagdh
(given by the initial joint-angle8q (see Figure 3.10(a)). The goal was to find a suitable
change of joint angledu such that the resulting change in hand position brought the
hand in line with the target.

Two separate disturbances were applied requiring adaptdtie first correspond-
ing to a task disturbance, the second a plant disturbancéheliirst condition, we
implemented a target-shifting paradigm along the linefiefaxperiment presented in
(Lurito et al., 1991; Magescas and Prablanc, 2006). Dutiegé¢ach, the position of
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Figure 3.10: Learning kinematic control of a two-link planar arm. (a) Experimental setup
of arm and grid of observed targets. Difference vector dx is estimated from seen target
positions (which may be rotated from the actual positions) and this constitutes the stim-
ulus. (b)-(c) Grid of learnt hand positions following 30° visual rotation for feedforward
and recurrent architectures after 20 and 200 trials. Light grey grid shows the actual
(rather than seen) final location of targets. Dark grid shows the grid of hand positions
attained while testing reaching to all targets following the indicated number of training
trials. (d) - (e) Normalized global mean squared hand position error as a function of the
number of trials. Shaded regions indicate standard deviation of error across multiple
training runs with training targets presented in different (random) sequences. Visual

rotation and target rotation are compared for each architecture.
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each target was shifted by rotating it about the initial hkxedtion by an angle-y. In
the second condition, we implemented a rotation of the Vigeld by anglepabout the
initial hand location. This led to a rotation of both the stfilors dx and the estimated
errory. To ensure that the set of stimuli used (i.e. visually estangifference vectors
dx) was the same in both conditions, the grid of targets wageadtay angle—q for
the visual rotation condition. The mapping to be learnt by ¢kerebellunC and the
set of stimuli used were identical across conditions wipeny. The only difference
between conditions was the nature of the error signal anditi@lated to the error in
the cerebellar output.

A sequence of 200 reaching movements was simulated to amasdquence of
the 100 targets and this was repeated 100 times with diffesegmomly selected tar-
get sequences. The same target sequences were used for@atdcture and for
each condition. Figure 3.10 illustrates the results ofregay under the different ar-
chitectures and across the two different conditions. Ii@aar, (d) and (e) show the
normalized mean squared global test error (nMSE), averagedall targets and all
sessions, as a function of the number of reach trials peddrfor visual and target
rotations of 45°. For the feedforward architecture, it is particularly cléhat per-
formance is impaired under the visual rotation conditidatree to the target rotation
condition, in accordance with the theory. For the recuri@mhitecture, there was
less difference in performance between conditions withginaily better asymptotic
average performance under the visual rotation condition.

To demonstrate more clearly the effect that different kioidsansformation had on
the quality of learning for different architectures, we exaed the trend in reach errors
during learning for a small subset of targets (marked wittsdo the grid in Figure
3.10(a)). We sampled the final hand position obtained dugsgtrials to these targets
after every 10 training trials. Because of the strong eftéthe order of training targets
on learning, we averaged these positions over 100 differaming runs with different
randomly selected target sequences to obtain an impreséithe general trends of
learning in each condition. The paths of these averageiposias training proceeds
are plotted in Figure 3.11, along with the true target lomagi For the feedforward
architecture, under the target-shift condition (Figurglgb)), the error estimate used
for training is almost equal to the true error and, consetjyathe improvement from
trial-to-trial comes close to following a straight line iask space. Under the visual
rotation condition (Figure 3.11(a)), however, the effettising a poorer estimate of
the error is clearly seen in the fact that the trial-to-ttr@ind in reach errors does not
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Figure 3.11: Time-course of learning for selected targets in response to either visual
feedback rotations or target rotations, using either the feedforward or recurrent cerebel-

lar architecture. The true target locations are marked by a *x".

follow a straight line but an indirect, curved one.

Under the recurrent architecture, there is still a cleafedénce between the two
conditions. However in the visual rotation condition (Fig3.11(c)), where we expect
the cerebellar output error estimate to be correct, thétivirial trend in final hand
position is not straight, as in the feedforward / targettstoimbination, but has slight
curvature. This is due to the fact that there is a nonlinelatiomship between the
improvement in the cerebellar weights and improvementask-space performance.
So although the improvement takes the shortest path in ekdaebveight-space, this
does not necessarily correspond to the shortest path ofowaprent in task space.
The trend for the target-shift condition (Figure 3.11(d$)hot much further from a
straight line than that for visual rotation condition. T&s however, a clear distinction
between patterns of adaptation between the trends for dtfdavard and recurrent
architecture models.

To highlight the fact that learning in the recurrent arctitee really was better for
the visual rotation condition than for the target rotatiamditions, we quantified the
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quality of the estimate of the cerebellar output error innre@andition by computing the
~T

average overlap between the estimated and true error, givenc /C'¢. An overlap

of 1 or close to 1 indicates a good approximation while an layeof O indicates that
the estimated error and the true error are perpendiculableTa.2 shows how this
overlap varies with increasing and@. As expected, the estimated error was close
to perfect in the case of the feedforward architecture /etagiift combination and
the recurrent architecture / visual rotation combinatiodependent of the magnitude
of the transformation. For the other two conditions (feedfard with visual rotation
and recurrent with target rotation), the quality of the mstie clearly diminished with
increasing extent of visual field or target rotation.

As was the case for the VOR, the recurrent architecture watabte in some cir-
cumstances with divergence of the motor command duringtitar of the recurrent
loop. For transformations witty > 60° or ¢ > 60°, this led to a total breakdown of
learning for all targets (indicated by ‘—' in the table). Roansformations of magni-
tudey = 45° or ¢ = 45° the divergence of the motor command was only apparent for
some targets and not for others. This caused a large disurgpatween the estimated
cerebellar output and the error in hand position for thesgéqudar targets, leading to
the large variation in overlap recorded in Table 3.2.

3.5 Overcoming the distal error problem

The primary motivation for introducing the recurrent atelcture model was to over-
come the distal learning problem faced by the more conveatitmrward architecture
when adapting to plant disturbances (Porrill et al., 2004 have shown, however,
that the recurrent architecture suffers from a similaralilgarning problem under task
disturbances. The feedforward architecture does notrsinéfen this task-based distal
learning problem in the same way that the recurrent architeaoes not suffer from
the plant-based distal learning problem. Whichever agchiire is chosen, the problem
of distal errors cannot be avoided altogether, althougtasebehaviours may be more
susceptible to different categories of disturbance.

Several other solutions to overcoming the distal learnirabjem have been pro-
posed. Jordan and Rumelhart (1992) proposed that a forwadelx = f(x,u) be
initially learnt using the sensory error, in which case géhiemo distal learning problem,
and that future sensory errors could be converted into mer@rs using knowledge
gained from this forward model. The learnt forward modell@aa estimation of the
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Architecture Condition 15 30 45° 60° 75° a9

Feedf q Vis. Rotation .96+ .17 .87+.33 .72+ .48 49+ .61 -.03+.15 -.04+.17
eedrorwar
Target Shift ~ 1.06+ .01 1.00+.01 1.00+.02 1.00+£.02 1.00+.03 1.00+.03
Vis. Rotation 1.06+.00 .99+.11 1.05+1.83 — — —

Target Shift 9H4 .00 .85+.11 .82+2.24 — — —

Recurrent

Table 3.2: Quality of cerebellar output error estimates under different conditions.
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forward Jacobiard; which can then be inverted to find the inverse Jacoljdh 2,
which is what we require to transform sensory errors intoanetrors. 1 Although
this method is theoretically sound, it is not very plausiiidogically since it relies on
calculations involving parameters which are assumed tadred in synaptic weights
and are therefore not accessible.

A more biologically plausible solution was offered by GomidaKawato (1990),
who proposed that, rather than an explicit error signal aigput of an existing feed-
back controllerurg could be used as a proxy for motor error to train a feedforward
controller. This method effectively assumes that the corathifeedforward and feed-
back commands are a good approximation to the desired fieratit command,

U*~ Urg +Upg = U =U"—UgrF = UEg. (3.50)

Feedback-error learning is however, not really a solutmthe distal error problem. It
is simply an alternative mechanism of obtaining an appraxiom to the motor error.
It is consequently no more robust against the risks of drastanges in the dynam-
ics model than the feedforward architecture model we haea léscussing, since the
feedback controller must effectively approximate the dyits just as before. Suc-
cessful feedback-error learning relies on the fact thafelkeback control is stable. If
the dynamics change such that this is no longer the casemagng the hand while
wearing inverting prism goggles, then the feedback errgraxamation will worsen
the learnt internal model, rather than improve it. The pryreppeal of feedback error
learning appears to be its simplicity and biological plaigy. However a number of
recent studies have showed evidence that corrective mowsraee unnecessary for
motor learning to occur (Wallman and Fuchs, 1998; Tseng.g2@07), casting doubt
on the feedback-error learning framework as a model of mietmning.

Abdelghani et al. (2008) proposed that the Jacobian coulddrat directly from
experience by tracking changes in performance error ovee @nd linking this to
changes that have been made to the controller. While thes aggpears promising, it
relies on differentiation of potentially noisy error sigaawvhich would exacerbate the
impact of noise in the signals.

Shibata and Schaal (2001) implemented a feedback-ermimggbased biomimetic
model (Gomi and Kawato, 1990) of the VOR. Here, the outpuhadxdsting feedback
controller is used as an approximation to the motor egpfor training a function
approximator (i.e. cerebellum). The optokinetic respof@KR) is a reflex which

INote that the inverse function theorem tells us ta) 1 = J; 1.



3.5. Overcoming the distal error problem 61

1
]
o CVOR :
¥ I
y 1
Head 'x - ;;( IA/\ u;
velocity o BVOR e G P
v VOR!
1
X o P : Eye
1 C P 1
1 hal 1 .
Desired . . : CLES : velocity |V
eye velocity ' X '
rLE, :
O— D> BOKR
T OKR

Figure 3.12: Composite model of VOR/OKR adaptation. The VOR is implemented in
a feedforward architecture. The optokinetic response (OKR) is implemented through a
recurrent architecture. Retinal slip serves as the training signal for the OKR. Output of

the OKR serves as the training signal for the VOR.

generates compensatory eye movements in response td séipn&hibata and Schaal
likened this to a conventional feedback controller and ukeautput to train the func-
tion approximator according to the standard feedbackréearning framework. How-
ever, this framework inherits all the problems of the fordvarchitecture. The feed-
back controller implicitly contains a model of the plant dynics and if these dynamics
change, the feedback controller may no longer generataldeisuitable motor com-
mands or training signals. One solution to this problem imtiependently adapt the
OKR in addition to the VOR.

In Section 3.1.1 we described how, in the VOR, learning tiheikiatic relationship
between head velocity and desired eye velocity is a centrabonent of adaptation.
For the OKR, the analog of head velocity is retinal slip. Waelhead velocity, however,
the relationship between retinal slip and desired eye Wglax veridical. Kinematics
therefore doesn’t play a role in the OKR and adaptation ofaK& canbe described
purely in terms of learning the inverse dynamics. Consetiyiehe recurrent architec-
ture is ideally suited for adaptation of the OKR, since, adimed above, it is robust
against dynamics transformations.

We therefore propose a biomimetic VOR/OKR model, based edlfack-error-
learning, in which the OKR adapts to dynamics disturbanceleymng a recurrent
cerebellar architecture framework. The output of the OKé&nthlso acts as a training
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Figure 3.13: VOR composite architecture performance under task (Kin) and plant (Dyn)

disturbances.

signal for the VOR, which employs the feedforward architeetas in the model of
Shibata and Schaal (2001). This full joint adaptive FEL mad¢he VOR and OKR
is illustrated in Figure 3.12.

3.5.1 Simulations

We evaluated the performance of the composite architectuder the same task and
plant disturbances described in Section 3.2.3. The reardtplotted in Figure 3.13. As
expected, the recurrent loop in the OKR feedback contrbémame unstable during
adaptation to large plant disturbanc@&s> 60°). Otherwise, however, learning was
stable. The contribution to the overall motor command evalht came entirely from
the VOR, indicating that the VOR adaptation was completetaedte was no retinal
slip.

Figure 3.14 compares the performance of all three architestunder both dynam-
ics and kinematics transformations. The composite arctite outperforms both the
feedforward and recurrent architectures under both kinenaad dynamic transfor-
mations of the plant.

3.6 Conclusion

We have compared and contrasted two previously proposadectures for cerebellar-
based motor adaptation - one feedforward and one recurreitiadly in quite general
theoretical terms and then in the context of two specific biehas - vestibulo-ocular
reflex adaptation and reach adaptation.
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Figure 3.14: Performance of all architectures controlling a linear, viscous plant (see text
for details) under typical task and plant disturbances. Here, the task disturbance is a
rotation of the visual field by 45°while the plant disturbance is a rotation of the viscosity
field by 45 °.

The central computational difference between the two adi@barchitectures lies
in their relative capabilities in adapting to two broad sks of sensorimotor dis-
turbance: i) changes in the mapping between stimulus andedesutcome and ii)
changes in the mapping between motor command and movemioihoer The dis-
tinction between these two classes of disturbance is n@yawbvious and has often
been overlooked in the past. Because of differences acrobgextures in how the
distal error signal is related to cerebellar output errog patterns of adaptation under
these two disturbances classes are qualitatively diffetazarning in the recurrent ar-
chitecture is impaired in response to task disturbancesdiyilant disturbances, while
learning in the feedforward architecture is impaired unglant disturbances, but not
task disturbances.
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In order to illustrate and validate the theoretical argutner have simulated learn-
ing under both architectures in three biological motor aa@apn settings - the VOR,
saccades and reaching. In each case we have highlightepkesawhere either the
stimulus-desired outcome relationship or the motor conavautcome relationship
may be subject to change either naturally or through expartal manipulation. The
simulations confirm our theoretical predictions. Howeves tesults also largely in-
dicate that error-driven learning is quite robust with sessful, if slowed, learning
even when the approximating error signal is not that aceur@nly in extreme cases,
when the approximated cerebellar output error is eitheraootelated or negatively
correlated with the true error, is learning not possiblellat a

A major problem identified with the recurrent architectunewever, is the threat
of instability in the recurrent loop. As a result of this iabtlity, learning was more
likely to fail under the recurrent architecture than thedieeward architecture, even
under plant disturbances, where it is expected to perforih Wés possible, however,
that these instability problems may be rectifiable in a matally-plausible manner
through transfer of learning from the cerebellum to the tgtgm (Porrill and Dean,
2007a).

We have shown that task and plant disturbances can haveetiffeffects on adap-
tation, even though they may initially produce similar patts of errors. While the
distinction between these disturbance classes has beed paviously (Jordan and
Rumelhart, 1992; Shadmehr and Wise, 2005), here we havedtitgd specific exam-
ples in the context of the VOR, saccades and reaching anddeved the implications
for models of motor learning in these settings.

It is difficult, however, to draw any firm conclusions on whattdtecture the brain
actually uses based purely on behavioural data. Actuatilegrules in the cerebellum
are considerably more complex than the simplified versioashave assumed here
and the details of these learning rules are likely to have ashnimpact on learning
as the architecture-dependent effects we have highligiiteel Moreover, it appears
that, in reaching tasks, subjects respond fundamentdfireitly to the two kinds of
disturbances, as can be seen through different generafizaatterns (Magescas and
Prablanc, 2006) and different brain activity (Diedrichgtml., 2005).



Chapter 4

A Bayesian model for concurrent

sensory and motor adaptation

In Chapter 2, we argued that human motor adaptation congomsetiple components
- kinematic and dynamic, for example. Most computationablele of motor adap-

tation, however, tend to consider just a single componeradaiptation. Where are
there are multiple components of adaptation, the nervostesyis faced with a credit
assignment problem: which component was responsible &etfor? The Bayesian
framework provides a principled solution to this problenec@nt work has shown that
models of human motor adaptation based on this principleeagrell with observed

human behaviour (Kording et al., 2007b; Krakauer et alD&@®Berniker and Kording,

2008).

All of these models, however, have proposed that the probliecredit assignment
among multiple components of adaptation is solved basedapily on prior knowl-
edge about the disturbance statistics. As we noted in 3ett® however, utilizing
information from multiple sensory modalities - primarilygprioception in addition
to vision - is likely to also be of critical importance. In shChapter, we propose a
Bayesian model of adaptation in which both visual and poma@ptive observations
are used, as well as prior knowledge about the disturbancability, to guide adapta-
tion. We begin, however, by reviewing how vision and propéption are modelled in
the cue integration literature.

65
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Visual Proprioceptive
MLE

Figure 4.1: Left: A simple generative model of visual and proprioceptive observations
given hand position. Subjects receives noisy visual (\t) and proprioceptive () ob-
servations of his otherwise unknown hand position. Right: The maximum-likelihood
estimate (MLE) optimally combines visual and proprioceptive observations according

to their uncertainties.

4.1 Integration of visual and proprioceptive cues for

state estimation

Sensory information is inherently noisy (Faisal et al., 0®but we depend on it in
order to make decisions about how to move and how to adapt. révngerested in
the question of how to combine visual and proprioceptivesoleions of performance
in order to guide motor adaptation. Though this question r@spreviously been
adequately addressed at a computational level, one issich Was been modelled ex-
tensively is the question of how to integrate multiple sepsoes for state estimation.

Even when we cannot see our hands, we still have a vivid pgotepf it's loca-
tion in space from proprioception. The term ‘proprioceptitypically refers to the
collective output of multiple kinds of sensory systems ia thusculoskeletal periph-
ery, including muscle afferents, Golgi tendon organs araheskin mechanoreceptors.
For the purposes of this thesis, we will assume that propption amounts to a noisy
observation of the location of the hand in extrinsic space.

Although visual acuity on the retina may be very good, visstlmation of hand
position can also be noisy. This is largely attributabldofeict that mapping a location
on the retina into an extrinsic reference frame to guide mu@ requires knowledge
of the neck and head and eye posture. Knowledge of this moisttypically available
via noisy proprioception. Therefore, when referring to @&stal’ estimate of hand
position, we are implicitly talking about proprioceptiamthe neck, head and eyes.

Two distinct, noisy estimates of hand position can be coetdbinto a single es-
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timate which is more reliable (Ernst and Banks, 2002). Ssppthen, that we wish
to estimate hand position based on visual and proprioeeptiservations. Figure 4.1
illustrates a simple generative model of this scenario. fflxe hand positioly is not
observable directly, but only through noisy visual and piageptive observations:

v = y+N(0,6?) (4.1)
p = y+N(0,0%). (4.2)

We assume that the visual and proprioceptive observatimesare independent with
variancess; anda? respectively.

The true position of can be estimated via maximum likelihood estimation, Our
estimate ofy is therefore given by

y=arg myam(v, ply). (4.3)

The likelihoodp(v, p|y) is given by

(v—y)?2  (p—Y)? }
p(v, ply) = exp{ — - - (4.4)

The value ofy maximizing the likelihood also maximizes the log-likeldth Since
this is quadratic iry, it is straightforward to maximize analytically. The sobut is a
weighted sum of the individual estimates:

Y =WV -+Wpp, (4.5)
where
0%
W, = 4.6
Y 0%+03 (4.6)
2
Oy
Wy, = . 4.7
P 0% +03 (4.7)

This estimate has variantﬁgg + Elg)—l, which is strictly less than the individual uni-
modal variances, confirming the intuition that combiningpmation from multiple
sources in this way improves our estimate of the positiomefrtand.

Experimentally, it is typically found that the estimatedhbdagposition is slightly
closer to the visual cue than the proprioceptive cue (varrBeeal., 1996), as in the
illustration in Figure 4.1. Within the model, this would bensistent with a greater
uncertainty in proprioception than in vision, i.@% > 02,
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This estimation principle can easily be extended to mudtigimensional estimates
of hand position. In a 2-dimensional workspace, the unceiés associated with vi-
sual and proprioceptive cues become covariance matfigesidZ,. These matrices
may represent anisotropic uncertainties. For instansiwiis likely to be more reli-
able along the visual plane than in depth (van Beers et 89)19These anisotropic
variances give rise to the unexpected prediction that théeNiay not necessarily
lie along the straight line between the two individual esties. Remarkably, this is
exactly what is observed in humans when presented withepsat visual and propri-
oceptive cues (van Beers et al., 1999).

In some cases, when the discrepancy between sensory nexiaditvery large,
it becomes rather unlikely that the two modalities trulyregent the same stimulus.
This intuition can be formalized in terms of Bayesian moaséstion (Kording et al.,
2007a) between scenarios in which the two sensory obsengtivailable either de-
rive from the same source, and scenarios where they do nath Rodels typically
predict that sensory fusion will occur provided the disemegy between senses lies
below some threshold. Beyond this threshold, the confliciensory cues are inter-
preted as two distinct percepts. These models tend to ageitevith subjects reported
perception of whether a single or multiple stimuli were @i Kording et al., 20074a;
Hospedales et al., 2007; Hospedales and Vijayakumar, 2008). We do not focus
on the case of large discrepancies in this thesis, howevgriniportant to consider
these kinds of models in interpreting other experimentsiits.

Provided the individual sensory estimates are not too epsunt, however, the gen-
erative model in Figure 4.1, along with the maximum likeblacestimation framework
appears to provide a very promising model of how humans rategyisual and propri-
oceptive information to estimate hand position.

4.2 Adaptation of vision and proprioception

In the previous Section, we saw how to integrate informatiom two noisy sensory
modalities. If, however, two cues are persistently disargpy about the same amount,
it is likely that there is a systematic miscalibration of anedality or the other. Such
discrepancies can be eliminated by adapting the sensesilméeso that they become
re-aligned.

When vision is shifted experimentally, either through prigoggles, or by shifting
the location of a cursor on a screen, people tend to adjukt their visual and pro-
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prioceptive judgements of location. One way to measuresinsory adaptation is to
ask subjects either to point straight ahead with eyes cl@sacking any changes in
proprioception) or to identify a visual cue which they judgebe straight ahead (Hay
and Pick, 1966; Redding and Wallace, 1996; Hatada et al§)208 difficulty with
these kinds of methods is that the concept of ‘straight-@heaather subjective. An
alternative method for measuring sensory adaptation iséssensory alignment tasks
in which subjects align an unseen hand with either a visua) outheir other hand,
without any contact possible between the hands (van Beais €002; Simani et al.,
2007).

Although the alignment tests offer a more precise and ungudus measure of
sensory adaptation, they are limited by the fact that ongyreiative calibration be-
tween any two modalities can be measured. The ‘straighadittasks, by contrast,
yield absolute estimates. Typically, only the right hanéxposed during adaptation,
and the left hand is assumed to be unaffected and is used agralm@obe to test
the extent of any visual or right hand proprioceptive shiftany case, both methods
typically yield qualitatively similar results. We wouldkk to be able to predict exactly
how much adaptation we will observe in vision vs propriogapt

Sensory adaptation can be modelled by extending the gareerabdel in Figure
4.1 to include additional parameter$ andrP corresponding to unknown biases in
visual and (right hand) proprioceptive observations,

W = Yi+r'+N(0,07) (4.8)
P = V+rP+N(0,03). (4.9)

These biases may either be due to internal miscalibratiodue to some deliberate
experimental manipulation. We assume that the subjecttaiagestimates of these
disturbances over time, which we denotertyandr?. Changes in these disturbance
estimates correspond to sensory adaptation. For now, wenasthatr¥ corresponds
exactly to the error in the vision-left hand alignment tesigl that P corresponds to the
error in the left-hand to right-hand alignment test. Thessuanptions about the nature
of sensory adaptation are well-supported by experimersia (Bimani et al., 2007).

The subijects recalibrated visual and proprioceptive extsof hand positiory "
andy®, are then given by subtracting their disturbance estinfabtes their raw obser-
vations, i.e.

Wo= w—f (4.10)
9 = p—fP (4.11)



70 Chapter 4. A Bayesian model for concurrent sensory and motor adaptation

Visual MLE Proprioceptive
I

STeLL],

|
1
I
|
I
I
|
|
I
|

Figure 4.2: lllustration of the MLE-based sensory adaptation model. Visual and propri-

oceptive estimates are gradually adapted towards the MLE.
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Figure 4.3: Maximum-likelihood adaptation (MLA) model. As figure 4.1, only now un-
known disturbances rY, rP bias each observations of his hand position. In the MLA
model, these are treated as parameters of the model. Estimates f{’ and ftp of these

parameters are maintained via an online EM-like procedure.

These adjusted hand position estimates can then be comdicedding to Equation
4.5 to yield an integrated estimate of hand position whick ¢t@mpensated for the
miscalibrations.

4.2.1 Maximume-likelihood based sensory adaptation model

How should subjects adapt their estimates’@ndrP? Clearly, the goal is to eliminate
any discrepancy between the calibrated hand position atgsy’ andy”. However,

there is a whole family of adaptation rules that would leathis result, each having
different relative adaptation rates for vision and propeiption and therefore leading
to different patterns of adaptation. Ghahramani et al. {}§8oposed that the hand
position estimates should be adjusted in such a way thatahd position MLE re-

mains unchanged. This principle is illustrated in Figurg. 4Z2omputationally, this is
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achieved by the following update rules fgrandr}:

Y = B +nwp 99—, (4.12)
P, = Bnw [ -9, (4.13)

wheren is some fixed adaptation rate angandw, are the MLE combination weights
defined in Equations 4.6 and 4.7. Importantly, the adaptatia@riven purely by the
discrepancy between the two unimodal estimates of handigosiWe will refer to
this adaptation model asaximum likelihood adaptatiofMLA).

As an external observer, we can average out the observatisa the subject expe-
riences to get a clearer idea of the general trends we expsettin a subject adapting
according to these update rules. Noting tR&§"] = y+ry — f{ and adopting a more
compact notation we can rewrite Equations 4.12 and 4.13 as

E[AF] = n ( W W )(rt—ft), (4.14)

Wy —Wy

)Y

r
wherer; = ( :O ) . Note that while Equations 4.12 and 4.13 are expressedrirstef

r
guantities thetsubject observes, Equation 4.14 is expteagerms of the estimation
errorry — fy. Rewriting the update in this way, however, provides clearsight into
the nature of the adaptation.

An alternative interpretation of this learning rule is asoatine expectation-maximization
(EM) procedure in the graphical model shown in Figure 4.3this model,r¥ andrP
are treated aparametersof the generative model. The E-step of the EM procedure
corresponds to finding the MLE ¢f and the M-step corresponds to gradient ascent on

the likelihood ofrY andrP.

It should be noted that Ghahramani et al. (1997) originalbppsed this model in
the context of visual/auditory cue integration, offeringbag supporting experimental
evidence. There is an obvious appeal in generalizing thidalto visual/proprioceptive
adaptation. There has, however, been no direct attempstohis model in that con-
text. It has nevertheless proved a popular general theosgia$ory adaptation. van
Beers et al. (2002) applied this principle to estimate thetiree observation uncertain-
ties between vision and proprioception along differenéedliions in space, based on
differences in the relative extent of sensory adaptatiarectly assuming that sensory
adaptation is governed by Equation 4.14.
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Figure 4.4: Bayesian sensory adaptation model. On each trial, known motor command
U leads to unknown new hand position y;. Visual and proprioceptive observations,
V; and p; are noisy and biased by unknown sensory disturbances ry and rtp. These

disturbances are also assumed to vary randomly but smoothly between trials.

4.2.2 A Bayesian model of sensory adaptation

The MLE approach treats the miscalibratioMsandrP as fixed parameters which are
iteratively estimated. In reality, however, it is likelyahthey are not fixed, but con-
stantly varying. Knowledge of the statistical propertiéshis variation could poten-
tially be exploited to improve sensory adaptation. Whiie rieasonable to assume that
visual and proprioceptive miscalibrations evolve indegenily, the rate of variability
may be quite different across modalities, and may not nac&sbear any relation to
the observation noise. While a greater tendency for, saprpyception to drift out of
calibration could be captured in the model of Ghahramanl dtyeinflating the propri-
oceptive observation uncertainty, a more principled appindo dealing with this issue
is to model the variability directly, treating andrP as dynamic (i.e. time-varying)
random variables, rather than fixed parameters. This leadiset generative model
illustrated in Figure 4.4.

The subject might assume that each modality drifts out abation according to
some random walk:

ries = aury +N(0,q") (4.15)
rfa = apr{ +N(0,qP). (4.16)
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Or, more compactly,
rev1=Are+N(0,Q). (4.17)

Here the diagonal matricsandQ determine the decay rate and the variability of the
disturbances respectively. These parameters captureramkpowledge the subject
might have about the nature of visual vs proprioceptiveudisinces.

We assume that the subject issues a known motor comuganmtdich, along with
motor execution noise, determines the new hand position

Yt = U +N(0,07). (4.18)

The observations are given by
w = Ye+rf+N(0,02) (4.19)
= Y+rP+N(0,03). (4.20)

We can write this in the more usual Kalman filter observatiadgl form as
Z = Hry+¢&, (4.21)

Vt — U

wherez; =
Pr — U

) andH is equal to the 22 identity matrix.

REIECHE
Pt Ut 01

2 2 2

O (0] (0]

R= VE‘J , o (4.23)
oy  0p+0j

with & ~ N(O,R) and

The subject adapts by inferring the total disturbancen each trial based on his prior,
characterized by medm,_, and uncertainty;_, and the observatiors, leading to
a posterior estimate with medyy, and uncertainty;.

Importantly, the covariance matrix of the observation aesnot diagonal. This is
because the motor execution noise induces correlatiomgeketthe visual and propri-
oceptive observations of hand position. As a result, thelleypically be correlations
in the estimates of' andrP. In other words, ifp(rt) ~ N(fy, Rt) is the subject’s
posterior estimate after tria) B ; may not be diagonal.

Due to the linear relationships and Gaussian noise modelsave assumed, in-
ference in this model is equivalent to Kalman filtering. Distaf the Kalman filter
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updates are provided in Appendix A. Ultimately, the KF framek leads to the fol-
lowing update of the disturbance estimate:

Fee = A(Fr—1t—1 + Ke(ze — Hige—1)). (4.24)

Assuming, for simplicity tha#\ is the identity matrix (in practise it is usually estimated
to be very close), we can average over the observation nogdiad the expected
update

E [Afq] = KeH(re —Fy). (4.25)

As in Equation 4.14, the update is linear in the subjectsrestion error. Furthermore,
since the model itself is stationary (i, Q andR don’t vary over time), the Kalman
gainK; will converge to a constant.

One advantage of this model over the MLA model is that theoumrisources of
uncertainty are represented as distinct parameters wiaieh tiear interpretations in a
generative model. There is no arbitrary learning rate - gagrling rate emerges as a
consequence of the noise parameters.

Another important difference, however, between this arelNHLA model is the
presence of a prior on the hand positign This is naturally provided by the motor
commandu together with the associated motor execution nageboth of which are
assumed to be known to the subject. Effectively this camstta prediction based on
a forward model of the hand. Using this additional inforroatenables comparison
with the ground truth. If both vision and proprioceptionfsddl equally in the same
direction, there would be no way of recognizing this in the Mimodel. In the KF
model, however, this could be recognized and adapted todiogly.

The MLE model can easily be amended to include the extra kedyd available
from the motor command, in which case updates very similar to the Kalman filter
model can be obtained. Let us assume an additional estithatey is available, with
a corresponding weighty, so that the full MLE, integrating 3 modalities now is given
by

Ve =Wy (vt — ) -+ Wp(pr — ) + Wk, (4.26)
Note thatw, andwp will now be correspondingly smaller, so thag+wp +w, = 1. We
assume the updates in this case are obtained by adaptingibogthand proprioceptive
estimates toward the MLE. The resulting update is given by

E[of] =n ( (L) v | ) (r—Fo). (4.27)

Wy (1—wp
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Figure 4.5: Pattern of reach errors (left) and sensory recalibration (right) over 30 tri-

als, as predicted by the MLA sensory adaptation model (described in Section 4.3.1)

following exposure to a 1cm shift in visual feedback.
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Figure 4.6: Pattern of reach errors (left) and sensory recalibration (right) over 30 tri-

als, predicted by the Bayesian sensory adaptation model (described in Section 4.3.1)

following exposure to a 1cm shift in visual feedback.

Note that the earlier MLA model is a special case of this onghichw, = 1 — w,.
If this matrix has full rank, adaptation will be asymptotigaexact. The determi-
nant is given by

detM = wp(wy, — 1)wy(wp —1) — ngv% = WWp(1—wy —Wp), (4.28)

implying that the matrix is degeneratewf +wp = 1, which is only the case when we
assumed no prior knowledge about hand position from a fatwawdel.

In this case, however, the MLE itself becomes biased towtalmotor prediction.
Both the visual and proprioceptive estimates will ultinhateonverge on the motor
prediction, leading ultimately to identical predictiomsthe Kalman filter filter model.

In order to examine the differences between these models aheairly, we consider
a toy scenario in which subjects perform reaching movemerasvisual target under
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shifted visual feedback. The subject observes the targel@tationy; in his visual
field. The subject chooses his motor command taibe Vi — fY so that the final ob-
served hand position matches that of the targetfi[&:] = vi'. He then receives actual
observations; andp;. Figure 4.5 shows how sensory adaptation and improvements i
reaching are predicted to proceed by the MLA sensory adaptatodel. Predictions
of the Bayesian sensory adaptation model are shown in Fiy6re

The MLA model appropropriately predicts that adaptatioh e partly visual and
partly proprioceptive, but fails to capture completendssach adaptation, since reach
performance only improves by as much as vision is recakokal he Bayesian model
predicts complete reach adaptation, but only becausejatily, 100% of the sensory
adaptation is visual, which does not agree with experimatdta. Some transient
proprioceptive adaptation is predicted early on, but tlisiponent disappears before
reach adaptation becomes complete.

This poses a problem. Both models predict some aspects efiexgntal data well,
but neither model seems satisfactory. In the next Sectiocamsider possible ways
to extend these purely sensory adaptation models to in@dua®tor component of
adaptation, which will enable accurate predictions abatl lsensory adaptation and
reach performance.

4.3 Interactions between sensory and motor adaptation

We would like to have a model of reach adaptation which is &bleredict the trends
in both sensory recalibration and reach performance. Asameis the simulations in
the previous section, models based purely on sensory ditapéae unable to achieve
this: We know that visual adaptation during reaching is mptete, i.e. the amount
of adaptation is less than the imposed disturbance. If wenassas we have done
above, that planning of feedforward reaching movementsid@ggponly on vision, then
we can never have a situation where reach adaptation is etertplt visual adaptation
is incomplete. The fact that subjects learn to successfelyh the target despite
incomplete visual recalibration suggest that they addily learn a correction to their
movements as well as recalibrating their senses.

This idea has been suggested frequently in the past (HARIRKS; Welch, 1974;
Redding and Wallace, 1996). A particularly clear demonistnaof this additional
component of adaptation was provided by Simani et al. (200 )their study, one
group of subjects performed reaching movements, whiletaragroup performed a
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disturbances
/ motor command

———— hand position

——— proprioceptive
observation

visual observation

Figure 4.7: Graphical model of a single reach in a motor adaptation experiment. Motor
command U, and visual and proprioceptive observations of hand position, vt and px,
are available to the subject. Three distinct disturbances affect observations: A motor
disturbance r%/ may affect the hand position y; given the motor command W;. Visual and
proprioceptive disturbances, ry and rtp, may affect the respective observations given

hand position.

tracking task. While the extent of sensory adaptation wasiathe same for both

groups, the group which performed reaching movements duexposure exhibited a
significantly stronger reach aftereffect. This result, articular the fact that subjects
who performed a tracking task during exposure exhibitett stemall reach aftereffect,

strongly suggests that the subjects who performed reachingg exposure, were able
to do so through an additional component of adaptation. e te this component

as amotor componenof adaptation, distinguishing it from the sensory compasen
corresponding to recalibrations of vision and propriogapt

4.3.1 Independent sensory and motor adaptation model

Although no explicit computational model of concurrentsaty and motor adaptation
has been previously proposed, it is straightforward to aermggnthe MLA model of
sensory adaptation model, described above, with a stateegpodel, as described in
Section 2.3, describing the adaptation of an additionabmo@mponent of adaptation
f¥. The observed hand position errgrii” Equation 2.13 can be replaced with the
difference between the desired hand position, and the MLEaofd positiony™-E.
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This leads to the following adaptation rule for the motor gament of adaptation:

/1=y —9E), (4.29)
wherey] = (v — ) is the estimated desired hand location, giiglsome fixed adap-
tation rate.

We can expand Equation 4.29, using the fact that i — Y, along with the ex-
pression for-E given in Equation 4.5, to obtain.

E[AF] =y [—wyry —wprf — 1] . (4.30)

Taking this motor adaptive component together with the @gnadaptation model of
Ghahramani et al., the overall update for this model is glwen

wp —wp O
Aft =1 —Wy Wy 0 (rt — ft) (431)
—Wy, —Wp —Y

This combined model encapsulates a tacit assumption whicbmmonly made
- that sensory and motor adaptation are distinct processhs. sensory adaptation
component is driven purely by discrepancy between the sersein the model by
Ghahramani et al. (1997), while the motor adaptation corepbanly has access to a
single, fused estimate of hand position and is driven purglgstimated performance
error.

4.3.2 Unified Bayesian sensory and motor adaptation model

Rather than constructing an overall model of sensory ansbrnamtaptation from ex-
isting models covering various sub-components of the grmbh normative, Bayesian
approach considers a full generative model of the problehaat and asks how the
nervous system should adapt given this model.

We extend the generative model to include an unknown mostudiance. The
generative model for a single trial is illustrated in Figdr&. This motor disturbance
affects the relationship between the motor commarehd hand positios,

Yt = U +r{ +N(0,02). (4.32)

As before, the subject does not observe the hand positiecttliy but receives noisy
and potentially shifted visual and proprioceptive obsgores, according to Equations
4.19 and 4.20. The subject selects his actions sdfwatfy;_1] =0,

Up =Vt — g — o (4.33)
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Figure 4.8: Bayesian combined sensory and motor adaptation model. As in 4.7, only
now the subject assumes that disturbances vary randomly, but smoothly, from trial to

trial.

As before, the latent state dynamics are characterized agagom walk

M41= Art + N(07 Q>7 (434)
ry a’ 0 o0 g 0 O

nowwithr=| r? [LA=] 0 a 0 |,Q=| 0 g® 0 [. Again, these
r{ 0 0 & 0 0 ¢

parameters summarize the statistics of the usual fluchsiio sensory calibration
errors and motor plant dynamics, which the sensorimotaesysnust adapt to on an
ongoing basis, reflecting the fact that the subject is abletitze prior knowledge
about the disturbances to improve estimation and therefdaptation. This leads to
a dynamic generative model, which is illustrated in Figur@. 4This model gives a
complete probabilistic description of how a subject’s atagaBons will depend on the
disturbances, and how these disturbances may vary frohtdriaal.

As in the purely sensory adaptation model in the previous@gahe observations
can be easily expressed as a linear combination of the ldigntrbances:

Zz = Hry+¢&, (435)

2 42 2
Vi — 02+0 o
with z— [+ ™ , €~ N(O,R) andR = V+2 © ", | asinthe pure

Pt — U o5  Op+0j
10

sensory adaptation model, but néiv= ( 0 1

1
1 ) . Full details of the Kalman filter
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Figure 4.9: Model comparison with visuomotor adaptation data. The Bayesian model
(solid blue line) and MLE-based model (dashed red line) were fitted to performance
data (filled circles) from a visuomotor adaptation experiment (Krakauer et al., 2006).
Both models made qualitatively similar predictions about how adaptation was distributed

across components.

updates are given in Appendix A. The expected update to thenr(iee. neglecting
observation noise) is given by

E [Aft] = KiH (rt — ft) (436)

The Kalman gairkK; is now a 2-by-3 matrix, which converges to a constant pravide
A, Q, H andRremain constant.

We have described two alternative models of visuomotor &digm which we
have claimed can account for both the motor and sensory coemt® of adaptation.
We fitted both models to performance data from a visuomotaptadion experiment
(Krakauer et al., 2006) to validate this claim. In this studwhich this data was taken
from, subjects performed visually guided reaching moveséma number of targets.
Visual feedback of hand position (given via a cursor on aestyavas rotated by 30
relative to the starting position of each movement. The nugectional error (aver-
aged over targets and over subjects) over trials is plotideigure 4.9. The Matlab
functionl sgnonl i n was used to find the parameters for each model which minimized
the sum of the error between the data and the predictionsabf e@del. Since only
the values of the noise coefficients relative to one anotlegewelevant to the adapta-
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tion, we assumed that the motor not@was equal to 1. This left 4 free parameters
for the MLE-based mode(lo?,,o%,r],y). For the Bayesian model we assumed that all
disturbances had the same timescale, i.e. all elemerdsvafre the same, leaving 6
free parametero?,02,d",oP,q",a). The results of the fits are shown in Figure 4.9.
The spread of adaptation across components of the modelwadisatjvely similar be-
tween the two models, although no data on perceptual ditetefwas available from
this study for quantitative comparison. The Bayesian matérly displays a closer
fit to the data and the Akaike information criterion (AIC) dmmed that this was not
simply due to extra parametel&IC = 126.7 for the Bayesian model WBIC = 1596

for the MLE-based model).

Although the Bayesian model appears to describe the datarbistis analysis is
by no means conclusive. Furthermore, the similar scope ediptions between the
two models means that gathering additional data from algmntests may not pro-
vide any further leverage to distinguish between the two efmdThere is, however,
a more striking difference in predictions between the twadels. While the MLE-
based model predicts there will be sensory adaptatidypwhen there is a discrepancy
between the senses, the Bayesian model predicts that tikeséswbe sensory adapta-
tion in response to a motor disturbance such as an extenta &pplied to the hand).
Just as a purely visual disturbance can lead to a multifd@taptive response, so can
a purely motor disturbance, with both motor and sensory aomepts predicted, even
though there is never any discrepancy between the senses.

This occurs because there are three unknown disturbangesnly two observa-
tions on each trial. There are therefore many combinatidkésturbances which can
account for the observations on each trial. Because of thest’s assumptions about
how the disturbances vary over time (i.e. Equation 7.10pjamation which assign
credit to all three disturbances are more likely than the wlisturbance which was
experienced.

This prediction enables us to distinguish decisively betwthe two models. The
hypothesis that movement errors caused by motor distudsdeads to sensory adap-
tation is easily tested, which we do in the next chapter. Bgfooceeding to the details
of the experiment, however, we briefly describe how the MLAdel@can be extended
to include three components of adaptation, rather than 2s Jttomponent MLA
model, gives rise to the same qualitative predictions a8theesian model.
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4.3.3 Sensory/motor MLA model

The maximume-likelihood based sensory adaptation modebeagxtended to include
an additional motor component of adaptation. This yieldsm@esponding third esti-
mate of hand positiogt"which can be understood as a forward model prediction of
hand position given previous motor commands. We now haestastimates of hand

position:
W= w—F (4.37)
W o= p—f (4.38)
o= uw+iy. (4.39)

As in the two-disturbance case, the disturbance estimatespalated in such a way
that these estimates gradually converge towards the MLE;hwih this case is given
by
9HE = Wi+ Wil +widt' (4.40)
This leads to a similar set of update rules to before.
The maximum likelihood estimate (MLB) of the true hand positiog is given
by
e = Wl +Wplf -+ Wt (4.41)

wherew, = 0,2+§V:2+0,2, with the weights for the other modalities defined analaggous
v p u
According the MLE principle, each disturbance estimategdated by adjusting
that estimate towards the MLE in such a way that the MLE resaimchanged. This

is achieved by adapting the estimate for each modality tdsvére MLE as follows:

y—y
Ar=nQ| y—yP |, (4.42)
gy

wheren is some fixed adaptation rate and

w—1 0 0
Q= 0 w-1 o0 |. (4.43)
0 0 1-w,

Note that the change ir}' is opposite in sign to those fat' andrP, since this com-
ponent isaddedto the motor command, rather than subtracted when calogldltie
corresponding hand position estimate.
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This three-component MLA model (MLA3) shares many of thepemies of the
Bayesian model. The update equation for the Bayesian msdainiply given by the
Kalman filter update equation:

AF = KH(r —F). (4.44)

1
Here K is the Kalman gain, and is the disturbance-observation mat ix0 1

A similar linear update rule can also be derived for the ML&Sé&d model. We can
expandy™= y¥ using Equations 4.37 and 4.41, leading to

Ve — W = (W — 1) (ry = i) +wp(rf — FP) +wy (i — 1), (4.45)

which is linear in(ry — f;). Similar expressions follow foy; = yP and fory; — g9,

resulting in
w—1 wp —Wy
Ary =nQ W wp—1  —wy (re—rt). (4.46)
Wy Wp 1—wy

This recovers an update rule of the same form as Equation 4.44

4.4 Summary

In this chapter, we have examined models of sensory adapiatbmparing previous
models in which sensory adaptaiton is driven purely by sendscrepancy, with a
Bayesian model in which disturbances are inferred from nlag®ns based on a full
generative model of disturbances and observations.

In the next chapter, we test the strong prediction made bB#yesian model that
movement errors caused by a perturbing force field will leagensory adaptation, as
well as motor adaptation to the force field. Note that thigdmrgon is shared by the
3-component MLA model described immediately above.






Chapter 5
Experimental Methods and Results

In Chapter 4, we derived a model of concurrent sensory andmaadaptation based on
the principle that adaptation proceeds according to Bayasiference of disturbances
given observed errors. Whereas previous models have segploat sensory adapta-
tion is driven purely by discrepancy between sensory madaland is independent of
movement errors, our Bayesian model predicts a strong oaupktween sensory and
motor adaptation. In particular, it predicts that adaptatio a force field, in which
there are movement errors but no discrepancy between \asidiproprioception, will
also lead to sensory adaptation. In this chapter we desexrperiments which tested
and confirmed this hypothesis. Table 5.1 provides a sumnfaayl the experiments
reported in this chapter.

5.1 Experimental setup and design

11 right-handed subjects performed a series of trials stingi of reaching movements
interleaved with perceptual alignment tests. Subjectspgd the handle of a robotic
manipulandum with their right hand throughout the expenm@&his hand was not vis-
ible directly, but a cursor was displayed via a mirror/flategmn monitor setup (Figure
5.1(a)) to be exactly co-planar and aligned with the han@ith® manipulandum. In

the movement phase, subjects made an out-and-back reawbuggnent towards a vi-
sual target with their right hand. The visual target was canly selected from a group
of 5 targets all located 15cm from the starting hand positimr distributed along an
arc +/- Baround the straight-ahead direction. In the visual loagilin phase, a visual
target was displayed randomly in one of the same 5 positinddfze subjects moved
their left fingertip, which was also not visible, to the paveel location of the target. In

85
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Catch trial
trajectory

Figure 5.1: (a) Experimental Setup, (b) Sample trajectories and performance error mea-

sure
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Figure 5.2: Experimental procedure. Experiment consisted of 100 trials. Each trial
consistent of three phases: A reaching movement, a visual alignment test and a propri-
oceptive alignment test. A velocity-dependent force was applied to the hand during the
reaching movements, the strength of which was increased from 0 to maximum between

trials 26-75.
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Figure 5.3: Distortion of the electromagnetic position tracking system (a) and recalibra-
tion (b).

the proprioceptive localization phase, the right hand wassiwvely moved to a random
target location (selected from the same 5 locations as &g¥ath no visual cue of its

position, and subjects moved their left fingertip to the pafed location of the right

hand. Neither hand was directly visible at any time during éixperiment. Subjects
were given a tactile marker to mark a ‘home’ position for tHeft hand, where they

held their left hand in between alignment tasks.

Left fingertip positions were recorded using an electronegigrPolhemus motion
tracker. Optical tracking was not practical due to occlusgsues. The presence of
metallic objects around the workspace led to some distodfahe magnetic field and
consequently distortion of the position measurementsiodda This was compensated
for through a recalibration of the motion tracker: The outpiithe Polhemus tracker
was measured at points on a uniform grid in the workspace avispacing of 2cm.
The mapping from the Polhemus output to the true locatiorhercalibration grid was
estimated using Gaussian process regression (Rasmusseniliams, 2006) (see
Figure 5.3), which was found to lead to very reliable recardton of the calibration
grid and smooth interpolation between sampled points.

Subjects were given 25 baseline trials with zero externakfpafter which a force
field was gradually introduced. A leftward lateral force vegeplied to the right hand
during the reaching phase, the magnitude of which was ptigoad to the forward
velocityy of the hand, i.e.

K= —ay. (5.1)

The force was applied only on the outward part of the movergientonly whery> 0).
After steadily incrementing@ during 50 adaptation trials, the force field was then kept
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Table 5.1: Summary of experiments. See text for details of different conditions.

Force dir. Reachtype Drifttest? Tactile marker?

Exp.1 Lonly Outand back No Yes
Exp.2 LandR Out only No Yes
Exp.3 LandR Outand back Yes Yes
Exp.4 LandR Out only No No

constant aa = 0.3 N/(cms™?) for a further 25 post-adaptation test trials. All subjects
received a catch trial after the final test trial, in which tbece field was turned off.

The particular force field used was chosen so that the cuiagectories (and motor
commands required to counter the perturbation) would bécse @s possible to those
used to generate the linear trajectories required whensdgto a visuomotor shear
(such as was used by van Beers et al. (2002)). Figure 5.1¢wsstwo trajectories
from a typical subject, one from the post-adaptation teasptand one from the catch
trial after adaptation. During the initial outward part detcatch trial trajectory, the
initial movement is very straight, implying that similar hao commands were used to
those required by a visuomotor rotation or shear.

5.2 Experiment 1 results

5.2.1 Force field adaptation leads to sensory adaptation

We compared the average performance in the visual and pegpiive alignment tests
before and after adaptation in the velocity-dependenef@iedd. The results are sum-
marized in Figure 5.4(a). Most subjects exhibited small diatistically significant
shifts in performance in both the visual and propriocepéirgnment tests. Two sub-
jects exhibited shifts which were more than two standardadiens away from the
average shift and were excluded from the analysis. We foigrdfieant lateral shifts
in both visual and proprioceptive localization error in thieection of the perturbation
(both p< .05, one-tailed paired t-test). Figure 5.4(b) shows theesdata for the di-
rection perpendicular to the perturbation. The initiagalnent bias in this direction
was, surprisingly, quite high (around 10cm). There was rifi shalignment bias in
either modality, which is consistent with the fact that theras no perturbation in that
direction.
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Figure 5.4: (a) Average lateral (in direction of the perturbation) localization error across
subjects before vs after adaptation, for vision and proprioception. Error bars indicate

standard errors. (b) Same plots for y-direction

The amount of sensory adaptation varied substantially &etwsubjects. After
applying a Bonferroni correction, we found that 3 of the 1Bjsuats exhibited a signif-
icant shift in visual alignment bias, and 4 of the 12 subjegtsibited significant shifts
in proprioceptive alignment biap (< .05, two-tailed t-test with Bonferroni correction
applied). Figure 5.5 illustrates the data for all subje¥®tsual and proprioceptive shifts
were positively correlated (= .5923).

5.2.2 Model fits to data

We quantified subjects’ performance in the reaching taskepérpendicular distance
between the furthest point in the trajectory and the sttdigk passing through both
the start position and the target (Figure 5.1(b)). We fitteslBayesian model and the
distinct sensory/motor MLA/SS model to the average datasumeal across subjects by
finding parameters which minimized the squared error betviee mean predictions of
the model (i.e. when simulated without any noise) and themsedject performance.
Performance in the reaching, visual alignment and propptice alignment tasks were
weighted equally. The model predictions for the alignmest were additionally offset
by the mean subject alignment error over the first 25 trial®rder to compensate for
the initial bias exhibited by subjects. The Matlab functi@gnonl i n was used to
perform the optimization.

Figure 5.6 illustrates the averaged data along with thexapéd fits for both mod-
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Proprioceptive Shift

-1, * 2 ° )| r =0.5923

2 0 2 4 6
Visual Shift
Figure 5.5: Correlation between visual alignment shift and proprioceptive alignment
shift following force field adaptation. Each data point represents a single subject. Grey
bars indicate standard error in the shift estimates for each subject in each modality.
Solid black line represents line of equality between visual and proprioceptive shifts.

Dashed black line represents line of best fit to the data.

els. Both models were able to account reasonably well fotréreds in reaching per-
formance across trials (Figure 5.6(a)). Note that sincefdhee field was introduced
incrementally, the errors remained small, therefore théomexecution noise tends to
dominate. Figures 5.6(b) and 5.6(c) show the model fits feperceptual localization
task. The Bayesian model is able to account for both the exftetie shift and the

timecourse of this shift during adaptation. Since there m&ager any discrepancy in-
troduced between vision and proprioception, the MLA/SS etpdedicted no change
in performance in these tasks.

5.3 Experiment 2: Controlling for left hand propriocep-

tive drift

The results of the previous section strongly support theeBen model. As predicted
by the model, we observed rightward shifts in alignment biiswing adaptation to

a leftward force field. In the previous section, we assumed tilese changes were
caused by recalibrations of the visual and right-hand poapptive estimates of hand
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Figure 5.6: Trial-by-trial data and model fits. (a) Reaching error, (b) Visual alignment
test error, (c) Proprioceptive alignment test error. The Bayesian (solid blue lines) and

MLE-based (dashed red lines) were fitted to averaged data across subjects (circles).
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a Shift in RH Proprioception b

Shift in LH Proprioception

——— True position
Perceived position

Figure 5.7: Two alternative causes of a shift in proprioceptive alignment bias. A mea-
sured leftward shift could be due to either: (a) a leftward shift in right hand propriocep-
tion, or (b) a rightward shift in left hand proprioception. interpretations of the results of

Experiment 1.

position. However, the LH to RH alignment tests only enaldécumeasure theela-
tive calibration between LH and RH proprioception.A rightwalhifisin proprioceptive
alignment bias might equally have been caused by a leftwaftliis left hand propri-
oception. These alternative causes of an observed shiligimaent in alignment test
peformance are illustrated in Figure 5.7. The shift in atigmmt bias could also clearly
be caused by a combination of shifts in left hand and rightdh@oeprioception. The
same is true for shifts in visual alignment bias.

Since the shifts in the LH-VIS and LH-RH alignment tests weoenparable, a
plausible alternative interpretation of our result is ttreg shifts in visual and propri-
oceptive alignment biases were caused by a single shift iptdprioception, rather
than separate, correlated shifts in RH and VIS. If the resuéire due to a shift in LH
proprioception, this would likely be unrelated to the fofedd which was applied to
the right hand, and could simply reflect a natural bias for bidiift toward the left.

To control for this possibility, we tested a further two gpsof subjects. This time,
half of the subjects received a rightward force, while theeothalf received a leftward
force. As in Experiment 1, the magnitude of the force was prtvpnal to the forward
velocity of the hand. In this second experiment, we had stbj@erform outward-only
reaches, rather than the out-and-back reversal movemsedsim Experiment 1. Since
proprioceptive drift is known to be exacerbated by moveniPesmurget et al., 2000;
Brown et al., 2003), we kept movement of the left hand to a mum in Experiment 2
by only having subjects perform the alignment tests in theehae and testing blocks,
and not during the middle block of 50 adaptation trials.

If the results in Experiment 1 were caused by a tendency fohénd propriocep-
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Figure 5.8: Comparison of alignment test performance before vs after adaptation, in

5.8(a) leftward force and 5.8(b) rightward force groups.

tion to drift to the left, independently of the presence & tarce field, then we would
expect there to be no difference between the two groups. Mewethe alignment
test shifts really were directly caused by adaptation tofdinee field, then we would
expect to see opposite shifts in the two groups.

5.3.1 Experiment 2 results

6 subjects received a leftward force and 6 subjects receawgghtward force. Figure
5.8 compares the alignment biases before and after adapfati both groups. There
is a clear difference in patterns of adaptation betweerestbwho received a leftward
force and subjects who received a rightward force. $hidtin visual alignment bias
exhibited by the leftward force group was significantly diint from that exhibited by
the rightward group§ < .05, 1-tailed t-test). The shifts in proprioceptive alignthe
bias were not found to be significang € .495, 1-tailed t-test).

Figure 5.9 shows visual and proprioceptive shifts for abjeats. There is a clear
distinction between leftward and right force groups. Visaiad proprioceptive shifts
across the two groups were correlated=(.653).

The mean visual shift across all subjects (leftward andiwghd) was around 1cm
to the left, and this was comparable with the mean shift irppazeption. This can
likely be attributed to proprioceptive drift in the left hdimaving a slight rightward
bias, i.e. subjects tended to believe their left hand wathéurto the right than it
actually was.
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Figure 5.9: Summary of individual subjects. Each point represents a single subject.
Filled circles indicate rightward force subjects. Open triangles represent leftward force

subjects.

The lack of a significant shift in proprioception is at oddshithe results of Exper-
iment 1. There were two principle differences in experinaéntethods that may have
accounted for this: i) Movements were out-and-back in Expent 1, but outward-
only in Experiment 2. ii) The experimental setup was sligllifferent in Experiment
2, possibly leading to slightly greater visibility of the pgr arms. It is not clear, how-
ever, how these differences might lead to a stronger effiestigion than propriocep-
tion.

5.4 Additional Experiments

In addition to Experiments 1 and 2, we also performed two arpents which were

less succesful in finding significant differences betweémberd and rightward force

conditions. The experimental setup in these further twoedrments were slightly

different to the other two experiments, as explained beMig. include the results of
these experiments here since they may of interest and wellgpedelow as to the
reason why no significant effect was observed in these exjeis. For convenience,
Table 5.1 summarized the differences between experimests 1
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5.4.1 Experiment 3

In a further experiment (Experiment 3), we attempted to ¢jiathe drift in each
subjects’ left hand by performing an additional ‘drift tesh each trial. The exper-
imental setup design was similar to Experiment 1. Subjeetfopmed out-and-back
reaching movements in the presence of a either a leftwardrightward force, with
alignment tests in between each reach trial. However, aitiadal component was
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included: Following the proprioceptive alignment testbjgets were asked to move
their left hand forward to a remembered point a few centiggestraight ahead of a
tactile marker. We hypothesized that if the propriocepyivielt location of the left
hand drifted, then this would affect the planned changeimt ngles for moving to
the remembered location and therefore affect the final medsendpoint, cf. (Sober
and Sabes, 2003; Scheidt et al., 2005).

While some drift did occur in the location of subjects’ leétrid during the drift test,
we found that this was uncorrelated with changes in aligrirtess performance. More
interestingly, in this experiment we found no significarftetience in shifts in align-
ment bias between subjects who received a leftward forak sahjects who received
a rightward force. The mean shifts in vision and propriot@ptacross subjects are
summarized in Figure 5.10. In both conditions, both visuml proprioceptive align-
ment biases shifted leftward by around 2cm. It is clear thatd is no difference in
average shift between leftward and rightward groups, eoytio the results from Ex-
periments 1 and 2. Data from all subjects is shown in Figut&.5These data further
supports the view that there is little difference betweasthtwo groups, particularly
if the two outlying data points (i.e. the one subject fromhegmoup which exhibited a
large leftward visual shift) are ignored.

5.4.2 Experiment4

The lack of any force-related shifts in alignment bias instheubject groups may
have been due to increased uncertainty in the location defhband. We tested this
hypothesis in a further experiment (Experiment 4) in whiabjscts did not receive
a tactile marker for their left hand. The mean visual and pomeptive shifts across
subjects are shown in Figure 5.12. A scatter plot of all stisjés plotted in Figure
5.13. These results follow the same trend as the previousrement in which the
additional drift test was included: There is clearly no eiffnce between subjects who
received a leftward force and subjects who received a righdviorce.

We conclude from these two experiments that an increasedertainty in the left
hand caused subjects to change their strategy while perigrthe alignment tests -
possibly switching to a more habitual strategy which wagp&hdent of any changes
in right hand and left hand sensory calibration.
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5.5 Analysis of the components of adaptation

All of the three-component (i.e. 2 sensory, 1 motor) adamiamnodels we have con-
sidered here lead to a learning rule of the form

Ary = D(rt — ft) (52)
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We can analyse the behaviour of such a learning rule by cerisgithe eigenvectors
of the adaptation matri®. In each model, this matrix turns out to have one zero
eigenvalue with eigenvectdr-1, —1,1)T. This eigenvector corresponds to unobserv-
able changes in the disturbance vector in which equal viesodlproprioceptive shifts
are accompanied by an equal and opposite shift in hand posgb that the overall
perception of hand position does not change. The two remgigigenvectors corre-
spond to two distinct components of learning which adaptfegrént timescales. The
timescales of each component is determined by its assd@aenvalue.

This view of the models reveals that there are essentiallyd@mponents to any
such model (since there is one directionr#space which cannot be observed and is
therefore not adapted along). The models differ primanioag the kind of compo-
nents that they are able to predict given the parametergohtdel. Given estimates of
the parameters of each model, we can now consider these cemisajuantitatively.

Figure 5.14(a) illustrates the components of adaptatiothefBayesian model,
given the parameters that were learnt from data. Figure(B)lgrovides a similar
illustration for the MLA model. Note that in both cases, #& one eigenvector with
eigenvalue zero, with eigenvectdr, 1, —1|. This null component reflects the fact that
no adaptation occurs when a motor disturbance shifts tlegaigition of the hand, but
both vision and proprioception are shifted in the oppositeation, giving the subject
the illusion that nothing has changed.

The adaptation matrix for the distinct sensory/motor adth rule in Section
4.3.1is

wp —wp O
M = —WV WV O . (5'3)
—“Ww —Wp —Y

Optimizing the open parameters leads to the eigenvectoidvelne illustrated in Fig-
ure 5.14(c).

As can be seen, there is one component which is predominaistial, and one
component comprising a combination of proprioception ayabagnics. The existence
of these components suggest that vision can be adaptedylaxdependently of pro-
prioception and dynamics, but that proprioception and dyina tend to adapt in tan-
dem. This also suggests the possibility of distinct neurbkgrates for these two com-
ponents.
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5.6 Conclusions

Our experimental results show that adaptation of reachiogeaments in a force field
results in shifts in visual and proprioceptive spatial pgtoon. Furthermore, we have
discounted the possibility that these shifts were simplysea by a bias in the extend
of LH proprioceptive drift by comparing the results of adatpin to force fields in
opposing directions.

This novel finding strongly supports the Bayesian model,cWwipredicted such
adaptation, and refutes alternative models in which sgradaptation is assumed to
occur independently of motor adaptation.

The Bayesian model was able to account for the trends in leatbhing perfor-
mance and alignment test errors on a trial-to-trial basis.

Overall, our results suggest that the nervous system stiveproblems of sen-
sory and motor adaptation in a principled and unified mans@pporting the view
that sensorimotor adaptation proceeds according to opéstenation of encountered
disturbances.



Chapter 6

Conclusions and Discussion

6.1 Distal learning and control architectures

In this thesis we have considered the problem of sensorinaokaptation where there
may be multiple kinds of disturbance present. In Chapter &xamnined the issue of
distal learning. Cerebellar-based control architectuwbih rely on adaptation of an
inverse internal model face a distal learning problem inchtihe relationship between
sensory errors and errors in the internal model output (metrs) is not precisely
known, or may be computed using outdated information, ifdjx@amic or kinematic
properties of the plant change (Jordan and Rumelhart, 19@2) solution to this
problem which has been proposed (Porrill et al., 2004; Pand Dean, 2007b) is
to employ an alternative control architecture which indteaploys a forward inter-
nal model. A major contribution of this thesis has been towsiizat such control
architectures still suffer from a distal learning problerhem the properties of thask
change, i.e. when the relationship between stimuli andireauents for succesful task
completion change. We have given examples where tiasgedisturbancemay arise
naturally in a variety of behaviours, including the VOR, cades and reaching and
catching.

Chen-Harris et al. (2008) proposed a model of saccade adapia which the
cerebellum learns a forward model of the oculomotor plaritisThodel shares some
similarities with the VOR adaptation model of Porrill et d004) - the cerebellum acts
in a recurrent loop with a feedforward controller, compgti forward model of the
plant from motor commands issued by the controller. Thesdetsadiffer, however,
in which brainstem input the cerebellar output modulatesthe Chen-Harris et al.
model, the output of the cerebellum forms an estimate of téie ®f the plant to give

101



102 Chapter 6. Conclusions and Discussion

to the brainstem controller. In the Porrill et al. model, théput of the cerebellum
augments thetimulus However, only the Porrill et al. model successfully cirotents
the distal learning problem. The Chen-Harris model suffiens distal learning issues
under both planandtask disturbances.

In simulations, we found that the problems posed by distini@g only impair
adaptation significantly in cases where disturbances areresesuch as rotations of
visual feedback of more than 90 degrees. Avoidance of diesiahing issues may not
be such a primary consideration for the motor system. Thdbghtwo models we
considered give rise to different predictions about theettourse of learning at the
behavioural level, these predictions depend strongly eragsumed plasticity laws in
the cerebellum. It is therefore difficult to draw any firm cargons about what kind
of architecture may be being employed based on behavioatal d

Another reason why it may be difficult to draw conclusionsdzhen behavioural
level patterns of adaptation is that adaptation at the beheal level may in fact be
dictated by behavioural-level phenomena. The normativeetiog approach pro-
poses precisely this: that patterns of adaptation aretdattiay inferences about the
environment, rather than by low-level neural plasticity$a

6.2 Multiple components of adaptation

In Chapter 1 we proposed the normative idea that the motaesyshould maintain
multiple components of adaptation, each represented ademal model, correspond-
ing to the multiple potential types of disturbance to whibk motor system may be
exposed. This was primarily motivated by considering tHigedences between adapt-
ing to kinematics and dynamics disturbances. We arguedftioat a normative per-
spective, these two kinds of disturbances should be adaptéiiferently since they
are likely to require different patterns of generalizati@ehavioural seems to support
this idea (Shadmehr and Mussa-Ivaldi, 1994; Krakauer £1899).

Returning to theory, however, it may not be so easy to disisigbetween these
two kinds of disturbance. Discrepancies between visualpradrioceptive feedback
should enable the nervous system to distinguish betweeahand dynamics distur-
bances. However, issues of noisy sensory feedback meathth#ask is not entirely
trivial. Furthermore, sensory feedback itself is liablaltdt out of calibration.

In Chapter 4 we considered the closely related problem ofwwant sensory re-
calibration and motor adaptation. We examined previouseatsooh which sensory
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adaptation is driven purely by discrepancy between visadl groprioceptive feed-
back, and extended these to include an additional motor oosmg based on the linear
state-space modelling approach.

We derived an alternative Bayesian model in which sensoscatibrations and
motor disturbances are jointly inferred from sensory fekbbased on a full gen-
erative probabilistic model of the observations given tiswibances. This model
correctly predicts the distributed nature of adaptatiomagisensory and motor com-
ponents when visual feedback is shifted. However it alsdiptg that, in a force field
adaptation task where there is no discrepancy between ryemsmlalities but there
are movement error, there will also be sensory adaptatio@hlapter 5 we tested and
confirmed this prediction.

6.3 Unresolved questions and future work

Although there is strong evidence in favour of the notionesfsory recalibration, there
are still skeptics. Smeets et al. (2006) argued againstifeeof sensory adaptation, ar-
guing instead that apparrent shifts in multimodal estimatéhand position can be ex-
plained by a simple reweighting of two fixed unimodal estietatThey tested subjects
ability to align their hand to a moving target with and witheisual feedback of hand
position. Much like the subjects we tested, most subjedishéed some bias in the
alignment during an initial block of trials without visuaddback. When visual feed-
back was introduced, this bias was immediately eliminafgztording to our model,
the existence of the bias should have prompted subjectcédibeate their senses to
eliminate the bias. When visual feedback was again remdw@agver, subjects move-
ment errors gradually drifted back towards the same biaddbeen observed in the
very first block. Smeets et al. show that these results arsist@mt with a model in
which senses are not adapted, orweighted They assume that a visual estimate of
hand position is maintained, even when vision is removetlhat the uncertainty in
this visual estimate increases as more movements are mads.tfie relative weight
of proprioception steadily increases with trial numberenmision is removed.

It is not immediately clear how to reconcile this result withr model. One pos-
sibile explanation, however, is that subjects do not necégselieve that the cursor
they observe on the screen truly corresponds to their hasdigo. In the study by
Smeets et al., the cursor was simply a cube in 3-dimensigades When visual
feedback is available, subjects are able to perform vigtglided feedback control.
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This need not, however, lead to adaptation of propriocegtidhe sense that we have
demonstrated here if they do not believe that the cursoesgmts their true hand po-
sition. The gradual drift back towards the initial level afrformance might represent
a gradual forgetting of (what the subject perceives to belibplay offset. Should the
display offset be changed by the experimentor, howevestbgct may be inclined to
believe that this is more likely to be due to a miscalibratdiinis own vision system
than a change in the display - which he has no reason to belighahange with time.
Hence there may be a difference between how the subjeclipittarns the kinemat-
ics of the ‘tool’ under control, and how the subject latedipéis this information to
recalibrate his own senses.

Sober and Sabes (2005) showed that varying the quality aal/feedback led to
varying strategies for integration with proprioceptionh@h a visual estimate of joint
angles was available, for instance, this led to greateame# on visual feedback than
when end-effector location alone was provided.

It seems that such flexibility is also present during adagiat the relative extent
of visual and proprioceptive adaptation under shifted ai$eedback is different when
subjects view a cursor compared with when view their wholedhaAdaptation when
wearing prism goggles is also substantially more rapid thaapation using virtual
displays. This difference might also reflect partial atitibn of errors to the display,
rather than the subject’s own somatosensory system. S@taild (2005) addressed the
guestion of how vision and proprioception contribute to an@daptation by ‘clamp-
ing’ visual feedback during reaching movements to a sttdigh between the starting
and target positions, while perturbing the true hand pasivith a velocity-dependent
force field. They found that the visual clamp led to very éitildaptation of reaching
movements. In fact, hand trajectories on catch trials weea & thesame directioras
the perturbed trajectories, the opposite direction fromatndne would expect during
adaptation.

Scheidt et al. propose that their results can be explainedrhisestimation of the
initial posture of the arm, i.e. a shift in right-hand prageption. In our model, we
assumed that proprioception played no role in the plannimgaching movements and
was only utilized in judging movement errors. Other studiage also highlighted the
importance of proprioceptive estimates of initial handhitban for reaching (Sober and
Sabes, 2003, 2005).

One difficulty in comparing Scheidt et al.’'s experiment wathr own is that they
employed multiple targets, whereas we used just a singietaExtending the model
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to account for multiple targets is not straightforward.

Incorporating initial position into our model would be dfilt but not impossible.
One difficulty is that not much is known about how shifts ingmioception generalize
between different locations in space. Simani et al. (200uhfl some generalization to
other locations of the workspace, however more extensitteduesearch is required
to characterize the full nature and extent of this geneatibn.

6.3.1 Extension to multiple reach directions

We have only considered reaching movements to a very smalipgof targets con-
tained within a 23range. This was a deliberate choice to avoid modelling difies
associated with generalization to targets in differenéctions. Extending our model
to include multiple target directions is far from straightvard. One requirement of
such a model would likely be that the generalization charastics of the different
components would be different. One might expect the visisailithance to generalize
extrinsically, and the proprioceptive disturbance to gelize intrinsically. The motor
component could be either. Indeed there may be multiple nomtimponents relating
to e.g. the arm and the environment (Kluzik et al., 2008).sehgifferent motor com-
ponents may exhibit different generalization propert®srfiiker and Kording, 2008).

In principle, such a model can be represented in terms of mm&alfilter in which
the output is constructed from a linear combination of nwedir basis functions, as
in 2.5, with the weights corresponding to the unknown diséimce. This gives rise
to a model in which the nonlinearity manifests itself as demin the observation
matrix from one trial to the next. However, there is a slightiore subtle difficulty we
encounter when trying to formulate this model. All of the Bajan models we have
considered here, as well as the other Kalman filter-basecelnaede have described
which have been proposed elsewhere, are formulatédramrd models Learning is
achieved by adapting this forward model. Action select®adhieved by inverting it
to find u. In the linear models considered here and elsewhere, ingete forward
model is trivial. In a nonlinear model, however, it is not.

Considering a deterministic, nonlinear model with a siraj}eervation but several
nonlinear disturbance components:

y="3 rig(u). (6.1)

It is far from trivial to attempt to solve this equation fargiven some desired hand
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positiony*. Including multiple observations, noise, etc. complisateatters even
further.

The generalization patterns we observe in subjects arastenswith an inverse
model representation, rather than a forward model reptaen. An extrinsic gener-
alization pattern would emerge from some representatidgh basis functions of the
formy = Y wi@(v*), rather tharv = S w;@ (y). Learning inverse models, however,
we encounter the problem of distal learning, as discuss&hapter 3. The Bayesian
framework is not exempt from the distal learning problem.pfRsenting an inverse
model using a Kalman filter amounts to assuming a probabilisbdel in which the
motor command is generated byhe sensory stimuly say, i.e.

p(re, U, i) = p(re) p(ve) p(ue|re, vt ), (6.2)

rather than
p(r,u,v) = p(r)p(u) p(vr, u), (6.3)

as assumed in a forward model formulation. Ultimately thil$ lad to updates of the
form

M1 = e+ Ke(u — W), (6.4)

where the term in brackets is the difference between the*motor commandy’ and
our actual (estimated) motor commamd This amounts exactly to the distal learning
problem described in Chapter 3, since we cannot observeettos directly, we can
only observe its sensory consequences.

6.3.2 Predictions about uncertainty

Although the Bayesian and state-space modelling appreardrelead to very similar
predictions, there are two key advantages to the Bayesialelimay approach. Firstly,
the learning rate, which is chosen fairly arbitrarily in tbiate-space model formula-
tion, is determined in the Bayesian framework by the stngotidi the generative model.
In simple models with a single disturbance and a single elsen of performance,
it has been shown that learning rate is sensitive to changésedback uncertainty
and uncertainty in the disturbance (Burge et al., 2008). unmodel of multimodal
sensorimotor adaptation, in which there are three unknastuidances and two ob-
servations, the learning rate becomes>a2adaptation matrix. The structure of the
generative model determines the properties of this mairikthis is essentially where
the prediction of interaction between sensory and motoptdi®on arises from.
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Another important feature of Bayesian models, howeverhas they predict that
changes in the observation structure from trial to tria.(the matrixH in the Kalman
filter formulation described in Section 2.4.1) will affebetuncertainty in disturbances
and consequently the rate of adaptation. In the settingshichwwe have applied
our model, the observation structure has remained fixedefine these aspects of
the Bayesian modelling approach have not been tested. @erajeze model makes
very clear predictions about how adaptation will proceecsd#y, visual feedback is
removed. The effect of changing observation structure leas lexamined elsewhere
(Krakauer et al., 2006; Kording et al., 2007b; Wei and Kidgd 2008), with some
evidence found in support of Bayesian models of the kind we paoposed. However,
not all predictions of this framework turn out to be suppdréxperimentally. Huang
and Shadmehr (2007) found that increasing inter-triakiretks led to greater adaptation
to errors experienced on the previous trial, rather tharemsed sensitivity to errors on
subsequent trials, as the Bayesian framework would suggest

Any negative experimental results indicate the limit ofsh&ind of models. There
will inevitably be discrepancies between the physiololgeal computational abilities
of the brain, and normative principles which we expect to éected in their be-
haviour. Observations of behaviour deviating from optityals, in a sense, just as
enlightening, if not more so, than observations of optimelidviour, since the latter
may point to physiological constraints which can potefhtibe correlated with brain
structure and function, paving the way for a deeper undedatg of how the brain
controls movement of the body. Nevertheless, a thorouglerstahding of norma-
tive principles is essential in order to draw this distinatiand recognize whether an
observed behaviour reflects a physiological constraird, lmehavioural strategy.






Appendix A
Kalman filter update equations

This basic probabilistic framework can be extended to eabjtlinear dynamical sys-
tems, with general form

g1 = Ade + Ny (A.1)
Ne ~ N(O, Q). (A.2)
zt = Hirt + & (A3)
& ~N(O,R). (A.4)

Here,A; is a (potentially time-varying) matrix which describes amderlying dynam-
ics of the disturbance. In a motor control context this is¢gfly assumed to be either
the identityl, or al, wherea is some number slightly less than 1, eog—= .999. This
describes disturbances which tend to gradually decay owet, tvitha the decay rate.
Interestingly, this decay factor is the only way in whichgbadinear adaptation models
can capture incomplete learning. If we think of thes a ‘forgetting factor’, learning
becomes incomplete when the amount learned from errors eftriah becomes equal
to the amount of forgetting on that trial.

The volatility of the disturbanceg);, is usually assumed to be diagonal, since
multiple disturbances should decay independerttlyis the observation matrix, and
describes how the latent disturbances are manifested iolikervations.R; is the
covariance matrix of the observations on ttial

The prior over the disturbance is now given by a multivari@sussian with mean
fyr—1 and covariance matrif;_,. We similarly represent the posterior mean and
covariance by, andR;.
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The derivation of the update equations (finding the posteriean and covari-
ance matrix) follows the same basic logic as the 1-dimerdioase presented in the
previous section, however it is slightly more involved doeghe (potentially) multi-
dimensional nature of the disturbances and observatioi® geéneral algorithm is
given by the following equations. First, a prediction stepwhich the prior for trialt
is computed from the posterior of the previous trial:

Feo1 = Af_1-1, (A.5)
Pir-1 = AH\tAT‘i‘Qth (A.6)

Then an update step based on the incoming observations:

2t = 7z Htft|t—l (A7)
§ = HPH +R (A.8)
Ki = Ry gH'S*! (A.9)
fp = P+ KeZ (A.10)
Pt = (I —KiHt)Rp—1 (A.11)

Note that, in general, this model permits learning of nogdindisturbances also,
provided they are represented as a linear combination dfrrear basis elements, as
in Egn 2.5. Here corresponds to the weightg andH; takes the role of the nonlinear
basis elements.



Appendix B

Computational methods for cerebellar

modelling

The same pattern of training was used and very similar cbatrd learning algorithms
were employed for simulating each of the behaviours dissdit®re. Table B.1 out-
lines the basic algorithm underlying all of the simulations

In each case, an initial motor command-outcome mapRirand an initial stimulus-
desired outcome mappiry were specified. The algorithm then simulated cerebellar-
based adaptation to a new pair of mappiRgand$; (in practice only one was varied
at a time) using either a feedforward (FF) or recurrent (REChitecture.

A sequence of stimulk;t was selected. For the VOR, thig represented a
discrete-time series of head velocity measurements witls@etization timestep of
.01s. For reaching, eack represented a difference vector movement plan for a single
trial.

The fixed controllerB generates motor commands which are optimal under the
initial conditionsPy andS, i.e.

B(xt) =Py " (So(Xt))- (B.1)

The input to the cerebellum, which we denoteZyvaried depending on the ar-
chitecture employed and the task. For lin®aandS (i.e. in the case of VOR), under
the forward architecture this was equal to the stimwyswvhile under the recurrent
architecture this was equal to the motor command

For nonlinearP and S (i.e. reaching)z was given by a set of non-linear basis
functions® defined over the same input space, iz.= ®(x;) for the feedforward
architecture ana = ®(u) for the recurrent architecture. The basis functidnaere
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Appendix B. Computational methods for cerebellar modelling

Table B.1: Pseudocode summary of algorithm used for all simulating all behaviours

simulated and for both architectures. (Exceptions for particular behaviours are given in

parentheses).

Initialize:
Define stimulus sequence.t
W =0
(up = 0 for VOR)

Run:
Fort=1:T
1. Generate motor command
if (FF)
z =% (orz = ®(x) for reaching)
C =Wz

if (REC)
Ui = 0
iterate
zz =Uy (orz = ®(u;) for reaching)
c =Wz
U = B(Xt + )
until convergence ofi;:

(or uy = B(x; 4 ¢;—1) for VOR)

2. Calculate outcome y and observed errory;

Yt = Pr(ut)
Vi = Si(u)
Ve =Y{ —Wt

3. Estimate cerebellar error ¢
if (FF)
G =Py (%) (or& = Jpa¥: for reaching)

if (REC)
& =%"()
4. Update cerebellar weights

W =W+ Bath
End




Table B.2: Summary of model details for different behaviours.

Model Component Notation bescription

VOR Saccades Reaching
Stimulus Xt Head velocity Target difference vector Target differeneetar
Outcome Vi Eye velocity Eye displacement Hand displacement
Motor command Ut Oculomotor torque Motor amplitude Change in joint angle
Motor command- P Oculomotor Dynamics Oculomotor dynamics  Visual rotation

outcome mapping
Stimulus-desired out-
come mapping

Visual rotation Target shift Target shift

ETT
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Gaussians given by
®;(0) = elo-T)"Z(0-Ti), (B.2)

whereo represents the appropriate inpyt ¢r u;) depending on the architecture. The
function centres; were distributed on a uniform square grid in the input spakthe
metric Z was chosen so that the width of each tuning function alony eanension
was equal to twice the separatidn between functions:

1
az 0 O

s =2 o . o |. (B.3)
0 oA—}n

Note thatr andX were different between the two architectures due to diffedestri-
butions of inputs. A total of 16 basis functions in a4 grid was used in each case.
The cerebellar output; was then given by multiplying the inpat by the learnt
cerebellar weight matrix\,
a =Wz. (B.4)
The motor command was constructed differently for different architecturésr
the feedforward architecture, it was given directly by tlhuensof the cerebellar and
brainstem outputs
Uy = B(Xt) +C(xt). (B.5)
For the recurrent architecture, when approximating cargus time dynamics, as
in the VOR, the motor command was calculated as

Uy = B(Xt +C(Ur-1)). (B.6)

For simulating single trials of reaching, the motor commuaad determined by iterat-
ing the equation
Ut = B(Xt -l-C(Ut)) (B.7)

until the difference iru between successive iterations was less than 0.1 %.

In some cases the recurrency led to divergence, @&ither while iterating within
a single trial (reaching) or over time (VOR), in which case tiecurrent architecture
was unstable and unable to learn the task. However, this ypésatly only an issue
for transformations of moderate to large magnitude anddss kevere transformations
u; converged within 10-20 iterations.

The motor command; was then transformed into an observed outpwia the
(transformed) plant dynamidy,

Yt = P]_(Ut). (B8)
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For reaching, the converged valuewfwas used for this.
yt = P1(Ur(1+&)); & ~ N(0,0.5%) (B.9)

The desired outcome at each timestep or tyigl, was calculated separately according
to the (transformed) stimulus-desired outcome relatignsh

Vi = Su(%,). (B.10)

The observation error was then calculated as

Yt =Yi — Yt (B.11)

To estimate the error in the cerebellar output, the initiapmpings between mo-
tor command and observed outcofgand between stimulus and desired outcome
S were used, according to the theory presented in section.8.2for the recurrent
architecture,

& =" (B.12)

and for the feedforward architecture,
& =P Wi (B.13)

Where this mapping was nonlinear (i.e. for reaching) theremas approximated
to first order using a Taylor expansion,

~

& = Jp 1 (Y% (B.14)

whereJPal(yt) is the Jacobian o, * aty;. This was estimated numerically by finite
differences. Note thatin all simulatioSsvas linear, although the same principle could
be used for approximatirf:;in the recurrent architecture if it were nonlinear.

Finally, the cerebellar weights were updated at each tieges$ing a discrete-time
analog of the gradient learning rule stated in section 2.2.1

W =W 1 +B&p/ (B.15)

whereg; is theestimatedcerebellar output error.

The learning ratg3 was different in each case and chosen to give approximately
realistic timescales of adaptation in comparison to expental data. The same value
of 3 was always used for both architectures.






Appendix C

Estimating hand position in the

Bayesian model

Estimating hand position via MLE as in Equation 4.5 is stiéfigrward, but assumes
that the observationg and p; are conditionally independent givep. However in
the Kalman filter model, this is no longer true, since the olzgéns also depend on
the disturbanceg’ andr?, which may not in fact be independent of one another. Es-
timating hand position nevertheless still turns out to hdyfatraightforward in the
KF model. Since we are now operating in a Bayesian frameweekrefer to maxi-
mum a-posteriori (MAP) estimation, rather than MLE, sinaeeonsider the posterior
distribution overr;.

We want to find the value gt which maximizes the marginal posteriofy: |u;, i, pt)-
We first consider the joint posterior

p(Y;rlu, v, p) = p(v, pIr,y) p(Y|U) p(r). (C.1)
v g2 0 0
To simplify the notation, we define=| p |, 2= 0 0% 0 |, and write
0 0 o?
1
1= 1 |. We also drop the subscripted trial index and @isnd P to denote the
1

prior mean and covariance of. The log-probability is
logp = —%(lerr —2)" s Yyl+r—2z)— %(r —PPYr—p). (C.2)

We wish to marginalize out. We achieve this by forcing the terms into a quadratic
in r, which can then be easily separated from the other terms dhldenost once the
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integration is done.

logp(y,r|u,v, p)

Completing the square leads to

logp = - 3 [r — (=P T E i yl—-2) + P‘lf)}T

(E P - (TP ) T E -2 + P
(ZYyl—2)—P )T (z 24P 1) (= Yyl—2)— P 1F)
(yl-2)TsHyl—2z) — 3FTP1F.

1
2
1
2
(C.4)
After integrating ouf, we lose the first term in Equation C.4. We can then diffeedati

the remaining expression (for the log marginal probabdity), and set it equal to zero
to find our estimatg:”

1TZ—1 (Z_1+ P_l)_l (Z—l(yl_ P—li;) o 1Tz—1(yl_ Z) -0 (C5)
Solving fory, we get
R b I G S R

§= — . (C.6)
17 [zfl (z-14p-1)~tz-1- zfl] 1

This rather fiendish-looking expression is the best esgméhand position. Note
that 1" X1 has the effect of summing all the entries in the maitix In this style of
notation, the usual MLE rule of Equation 4.5 would be written

175717
V= . C.7
Y= 1511 (€.7)

Applying the matrix inversion theorem(A+B)! = A1 -~ A-1(B-1 + A-1H)A 1L,
we can simplify this further to:
1T [(P+2)t—1] (z+ 2P 1)

1T(P+3)-11

y= . (C.8)
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