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Abstract:
The olivo-cerebellar connectivity provides an important platform for integration of
different sensory and motor information entering the cerebellum, and as such plays an
important role in the motor control by the cerebellum. There are currently two ongoing
and rather controversial theories of the olivo-cerebellar function: (1) complex spikes
produced by the climbing fibers (inferior olive projections to the cerebellum) may serve
as an error and/or teacher signal that drive synaptic plasticity in the cerebellar cortex,
eventually modulating simple-spike output; (2) complex spike firing may underlie the
stabilization of a learned motor behavior, rather than correlate an error.
This work is based on implementing the above theories into, a widely accepted classical
cerebellar model that simulates arm-reaching movements in a horizontal plane. This
work tested whether a classical cerebellar model can perform adaptation to perturbations
when changes are embedded in its mechanism. In particular, the following questions
were addressed: does presence of a self-regulating olivo-cerebellar loop produce a more
plausible physiological representation of the human cerebellum than its absence? Can
climbing fibers conduct signals different from error, such as an actual muscle torque?
And if so, does motor learning still occur in the cerebellar model if error is not provided
through the IO to the cerebellum?
For this purpose, I’ve updated the classical cerebellar model to be more physiologically
plausible by adding a self-regulating olivo-cerebellar loop. Two different setups were
simulated using this loop: using movement error as part of the Inferior Olive (IO) input
and when IO inputs did not include movement error, but were driven by an actual
muscle torque.
This work shows that a presence of a self-regulating olivo-cerebellar loop produces a
more plausible physiological representation of the human cerebellum than its absence.
Moreover, regardless of the IO inputs, the presence of such loop promotes stabilization
in the system. The climbing fibers may conduct a signal different from error, such as an
actual muscle torque and the model still shows reasonable cerebellar behavior. Thus,
motor learning still occurs in the cerebellar model if error is not inputted through the IO
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to the cerebellum. In total, this classical cerebellar model is able to account for changes
in its mechanism of action and continue to function properly. This suggests that such a
model can be regarded as robust and serve as a solid platform for future cerebellar
research and simulations.

Key words:
Cerebellum, inferior olive, neural networks, motor learning, olivo-cerebellar
connectivity, internal models, computational models, cerebellar function, motor
adaptation, arm reaching movements.
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1. Introduction

The cerebellum has captured the attention of scientists for many years. Many different
theories and models to explain and capture the cerebellar function were proposed over
the years. However, despite the knowledge of the cerebellar circuitry physiology and
anatomy, the understanding of its function and role in motor control remains at least
partially elusive.
This work is based on implementing up to date knowledge of cerebellar anatomy and
physiology into, what seems, a widely accepted classical cerebellar model that simulates
arm-reaching movements in a horizontal plane. In particular, this work focuses on the
olivo-cerebellar connectivity. This connectivity, provides an important platform for
integration of different sensory and motor information entering the cerebellum, and as
such plays an important role in the motor control by the cerebellum.
In this work I’ve used a classical cerebellar model and updated it according to two
currently ongoing and rather controversial theories of the olivo-cerebellar function: (1)
complex spikes produced by the climbing fibers (inferior olive projections to the
cerebellum) may serve as an error and/or teacher signal that drive synaptic plasticity in
the cerebellar cortex, eventually modulating simple-spike output; (2) complex spike
firing may underlie the stabilization of a learned motor behavior, rather than correlate an
error.
The goal was to implement the above theories into a classical cerebellar model and test
whether such a model is still able to perform motor adaptation when changes are
embedded in its mechanism. This work shows that a presence of a self-regulating olivocerebellar loop produces a more plausible physiological representation of the human
cerebellum than its absence. And that a classical cerebellar model accounts for such
changes and continues to function properly. Furthermore, an insight into the type of
signals conducted by the climbing fibers is presented, supported by the known recent
studies and findings.

2
Since this work greatly relies on the known cerebellar anatomy and physiology, it is
important to understand both with their applications to the cerebellar function. First,
some background, as to where the present knowledge about the cerebellar role and
function came from is presented. This is followed by a detailed explanation of the
known relevant cerebellar anatomy and physiology, together with their implementation
in the currently existing cerebellar theories and applications in the proposed models.

1.1.

History of cerebellar research

Cerebellum’s distinctive appearance (Latin for little brain) caused even the earliest
anatomists to recognize it. Our current understanding of the cerebellar function
originates in the foundations of more than a century and a half ago. There are number of
review articles on the subject of grounding in the history of the cerebellum that help
make sense of the current state of the field (Ito 2002, Fine at al 2002, O'Connor 2003).
Summary of these articles shows that by the dawn of the 20th century, it was widely
accepted that the primary function of the cerebellum relates to motor control. The first
half of the 20th century, investigations were often divided along two main lines:
anatomical and physiological, some dealing with connectivity and others dealing with
signal processing. According to Ito’s review, two monographs sum up the data of
cerebellar research obtained before the middle of the 20th century. The Anatomy of the
Cerebellum by Jansen and Brodal established the structural entity of the cerebellum,
gathered its diverse morphological variations among animal species. The Physiology
and Pathology of the Cerebellum by Dow and Moruzzi extracted functional features of
the cerebellum from a large data of classic lesion experiments on animals and clinical
pathological studies of patients with cerebellar diseases. These early studies marked
cerebellar importance in motor control and revealed that the cerebellar function is
strongly related to its complex anatomy.

1.2.

Cerebellar anatomy

This section presents the main features of the cerebellar anatomy as they are used in the
model of interest.
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Anatomically, the cerebellum appears as a separate structure attached to the bottom of
the brain underneath the cerebral hemispheres (Ghez and Fahn 1985). Looking at the
larger anatomy scale, it is known that cerebellum consists of a tightly folded and
crumpled layer of cortex, with white matter underneath. The cerebellar cortex can be
divided into three layers (Figure 1A). The lower layer consists is a thick granular layer,
which is densely packed with Granule Cells and inter-neurons, mainly Golgi Cells. In
the middle of the cerebellar cortex lies a narrow zone, which contains only the cell
bodies of Purkinje Cells (PC). The uppermost layer is the molecular layer, which
contains the dendritic trees of PCs, along with parallel fibers, which penetrate the PCs
dendritic trees. This outermost layer of the cerebellar cortex also contains two types of
inhibitory inter-neurons, Stellate Cells, and Basket Cells which form GABA-ergic
synapses onto PCs dendrites (Llinas et al 2004).
It has long been known, that the cerebellum is functionally compartmentalized. The first
indications of this compartmental structure came from studies of the receptive fields of
cells in various parts of the cerebellar cortex (Apps and Garwicz 2005). It was suggested
that each body part maps to specific points in the cerebellum, but there are numerous
repetitions of the basic map, forming an arrangement that has been called "fractured
somatotopy" (Manni and Petrosini 2004). Oscarsson proposed that groups of Purkinje
cells all having the same somatotopic receptive field can be further divided into smaller
units called micro-zones (Oscarsson1979). The inputs into a micro-zone are mossy
fibers and climbing fibers (the axons of the Inferior Olive cells). The output of each
micro-zone is conveyed by the axons of the Deep Cerebellar Nuclei (DCN) cells. The
micro-zones themselves form part of a larger entity they call a multi-zonal microcomplex. These micro-complexes appear in the cerebellar cortex as repeating structural
and functional units (Ito 1984). Such a micro-complex includes several spatially
separated cortical micro-zones, all of which project to the same group of deep cerebellar
neurons, plus a group of coupled olivary neurons that project to all of the included
micro-zones as well as to the DCN (Apps and Garwicz 2005).
This zonal arrangement of axonal projections to and from the cerebellum is considered
the key feature of cerebellar anatomy. Understanding the development and function of
these zones is crucial for every model involved in simulating cerebellar function in
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motor control. Therefore, a deeper description of these connections is presented in the
following section.
1.2.1. Neuronal circuits in the Cerebellum

Two types of neuron play dominant roles in the cerebellar circuit: PCs and Granule
cells. Three types of axons also play dominant roles: mossy fibers and climbing fibers
(which enter the cerebellum from outside), and parallel fibers (which are the axons of
Granule cells). There are two main pathways through the cerebellar circuit, originating
from mossy fibers and climbing fibers, both eventually terminating in the DCN (Figure
1B):

B

A

Figure 1: Basic
structure of the
cerebellar
cortex

Picture form R. Apps and M. Garwicz 2005. Cortex. (A)- Illustration of the three
layers of the cerebellar cortex: granular layer, Purkinje layer and molecular layer.
(B) A cerebellar micro-complex- the neural circuit. There are two main afferents to
the cerebellar cortex: climbing fibers, which make direct excitatory contact with the
Purkinje cells, and mossy fibers, which terminate in the granular layer and make
excitatory synaptic contacts mainly with granule cells, but also with Golgi cells.

a. “The Mossy fibers pathway”: Mossy fibers project directly to the DCN, but also
give rise to the pathway: Mossy fibers→ Granule cells→ Parallel fibers→ PCs
→DCN.
b. “The olivo-cerebellar pathway”: Climbing fibers project to PCs and also send
collaterals directly to the DCN.
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The olivo-cerebellar pathway is the key issue of interest in this work. It provides a
structural platform for integration of different sensory and motor feedback/ feed-forward
information entering the cerebellum and as such sets the basis for motor control by the
cerebellum. The next section focuses on the olivo-cerebellar inputs and outputs.
1.2.2. The Olivo-Cerebellar Pathway

The Inferior Olivary Complex (IOC) is the sole source of climbing fibers to the
cerebellum. Although the Inferior Olive (IO) lies in the medulla oblongata, and receives
input from the spinal cord, brainstem, and cerebral cortex, its output goes entirely to the
cerebellum. A climbing fiber gives off collaterals to the DCN before entering the
cerebellar cortex, where it splits into about 10 terminal branches, each of which
innervates a single PC (Azizi and Woodward 1987) usually belonging to the same
micro-zone. Although each PC is innervated by only one olivary neuron (Mariani and
Changeux 1981b), each olivary neuron innervates multiple PCs. The climbing fibers
produce an excitatory effect on the PCs in the form of complex spikes.
Many studies have associated the olivary-mediated complex spike inputs, and the
subsequent alteration of activity of PCs, to various types of motor learning (Ito 2001). A
phenomenon called Long-Term Depression (LTD), described as a decrease in the
strength of the parallel fiber-PC synapse, was observed to occur in the PCs, following a
robust and repetitive electrical stimulation of climbing fibers (Ito and Kano 1982). The
LTD phenomenon, occurring upon a join activation of climbing fibers and mossyparallel fibers, has been related to motor learning (Ito and Kano 1982; Ito 2001).
Furthermore, groups of neurons within the IO are electronically coupled via gap
junctions (Sotelo and others 1974; Llinas and Yarom 1986). This coupling is believed to
synchronize the intrinsic oscillations of sub-threshold membrane potentials within the
olivary cell clusters (Llinas and Yarom 1986). This synchronization forms functional
units, composed of groups of olivary neurons termed “activity domains” (Welsh et al
1995). Several studies that performed simultaneous recordings across multiple “activity
domains” of the cerebellar cortex suggest that this synchronization is used for timing
coordination in order to perform skilled movements (Hanson and others 2000; Lang and
others 2006).
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These unique features pose the olivo-cerebellar projection system as a flexible platform
for transfer and integration of varied sensory and motor signals to the cerebellar cortex,
contributing to the refinement and origination of movements (Azizi 2007). This
flexibility gave rise to several theories about the role of IO and its contribution to the
motor control. This work is based on implementing, at least partially, two of the most
controversial theories, reviewed in the next section.

1.3.

Cerebellar function

Both the climbing fiber-promoted complex spikes and the role of climbing fiber activity
in the induction of LTD at parallel fiber-Purkinje cell synapses have become main
features of cerebellar physiology. Current widely accepted theories of cerebellar
function are that cerebellar output through the DCN is determined by PC simple spikes,
which in turn are determined by the parallel-fiber input. The learning hypothesis, which
was originally proposed by Marr (1969) and Albus (1971) and later further evolved by
Ito (1982), states that the climbing fibers of the IO provide the PC of the cerebellum
with an error signal, that indicates inadequate motor activity. In support of this view, in
vivo recordings have shown that climbing fibers activity signals errors during number of
different motor learning tasks (Simpson & Alley 1974, Gilbert & Thach 1977). The
complex spikes produced by the climbing fibers, thereby, may serve as an error and/or
teacher signal that drives synaptic plasticity in the cerebellar cortex, eventually
modulating simple-spike output.
Both the climbing fiber-evoked complex spikes and the role of climbing fiber activity in
the induction of LTD at parallel fiber-Purkinje cell synapses have become hallmark
features of cerebellar physiology. Recent evidences suggest that multiple distributed
plasticity mechanisms contribute to cerebellar learning (Boyden 2004, Medina 2000, De
Zeeuw & Yeo 2005). Although, climbing fiber triggered plasticity, caused by the LTD
phenomenon, is still widely viewed as being central to cerebellum-dependent learning
(Medina and Lisberger (2008)), the key role of climbing fiber signaling in cerebellar
motor learning has been challenged by recent reports of forms of synaptic and non-
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synaptic plasticity in the cerebellar cortex that do not involve climbing fiber activity, but
might well play a role in cerebellar learning.
Ke et al (2009) actually tested the necessity of the instructive signals carried by
climbing fibers for motor learning in the vestibule-ocular reflex in monkeys. Results
suggest that learning can be induced in the absence of instructive signals in the climbing
fibers. Instead, instructive signals carried by either the climbing fibers or PC simplespikes may be sufficient to induce motor learning, with additive effects occurring when
both instructive signals are present.
Catz & Thier (2005) claimed that if complex-spikes discharge serves as a teaching
signal then complex-spikes trains should convey information on the size and/or direction
of the motor error during saccadic adaptation. Complex-spikes discharge modulations
during saccadic adaptation should be maximal at learning onset and decline in parallel
as the motor error decreases during the course of learning. Their results show that
complex-spikes occurred at random before adaptation onset, i.e., when the error was
maximal, and built up to a specific saccade-related discharge profile only during the
course of adaptation, becoming most pronounced at the end of adaptation, i.e., when the
error had gone to zero. Therefore, Catz & Thier suggest that complex-spikes firing may
underlie the stabilization of a learned motor behavior, rather than serving as an
electrophysiological correlate of an error.
These observations make it necessary to re-evaluate the role of climbing fiber signaling
in cerebellar function. Ohtsuki et al (2009) argue that climbing fiber signaling is about
adjusting relative probabilities for the induction of LTD and Long-Term Potentiation
(LTP) at parallel fiber synapses. Plasticity of the climbing fiber input itself provides
additional means to fine-tune complex-spikes associated calcium signaling and thus to
adjust the gain of hetero-synaptic climbing fiber control.
There is, however, an alternative hypothesis of the IO function. The notion that the IO
can function as an oscillating clock providing the appropriate timing command signals
for the appropriate motor domains has been promoted by De Zeeuw (1996), Llinas
(1974) and Yarom (1991). This hypothesis can be divided into three components: 1)
olivary neurons have a propensity to fire rhythmically; 2) olivary neurons are
dynamically electronically coupled by gap junctions so that different synchronous firing
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can be generated by chemical synaptic inputs; 3) synchronous olivary activity can be
correlated to movements’ initiation and performance. (De Zeeuw 1998).
Van Der Giessen et al (2008) further stress out the importance of a proper electronic
coupling in the IO. Their results suggest that electro-tonic coupling among olivary
neurons by gap junctions is essential for proper timing of their action potentials and
thereby for learning-dependent timing in cerebellar motor control.
Despite the vast knowledge of the cerebellar circuitry physiology and anatomy, there is
still a lot of debate as to the functions that cerebellum actually performs. The most basic
distinction among the proposed hypotheses is between theories that account for the use
of synaptic plasticity within the cerebellum to explain its role in learning, versus
theories that account for aspects of ongoing behavior based on cerebellar signal
processing. These hypotheses, however, have a mutual belief that all cerebellar areas
perform a common computational operation, but they process specific inputs and send
outputs to different extra-cerebellar targets. This mutual belief gave rise to the
hypothesis that the cerebellum is where internal models are located. The term 'internal
model', in the motor neuro-physiological context, usually means a collection of neural
circuits whose output is related to the (dynamic) motor function of a part of the body or
to a physical environment. These internal models are aimed at understanding the
cerebellum’s possible role in motor learning and control at the functional level.
In order to answer my research questions I needed to find a suitable model with a
detailed implementation of the cerebellar anatomy and circuit connectivity. This work
final model of choice relies greatly on findings of its predecessors. Therefore, in the
next section a review of the major contributions from the most used existing models in
the field is presented.

1.4.

Computational models of and theoretical assumptions about
the cerebellum

Marr (1969) and Albus (1971) proposed ideas, that although were not implemented as
models simulations, provided a strong base for future models. They claimed that the
cerebellum acts through an error-driven LTD-based reorganization as a memory device
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where associations between a given context (e.g. information conveyed by the mossy
fibers from the Central Nervous System (CNS) and sensory organs) and motor
commands are stored.
Houk (1996) brought the idea of an adjustable pattern generator (APG) model that
evolves using positive feedback loops, which are capable to self-sustained activity.
According to the known physiology, the Purkinje cells have inhibitory synapses with the
DCN cells, which in turn cause mutual inhibition to the PCs. Therefore, the activity of
the PC can be adjusted via a positive feedback pathway, while the IO cells output acts as
the teaching signal driving LTD in the parallel fiber-Purkinje cell synapses. The
contribution of this model is that it explains the learning process during movements. An
error in the movement causes initiation of an appropriate motor command for its
correction. Then a positive feedback loop adjusts the magnitude of the next motor
command according to the previous step.
Ito further proposed that the function of the cerebellum can be represented as an array of
cortico-nuclear micro-complexes (Ito 1984). Each micro-complex generates an output
driven by the teaching/error signal from the climbing fibers.
Many studies have shown that after an internal model is learned, it can be recalled later.
This is apparent as ‘savings’: re-learning is more rapid and complete than original
learning. It appears that an important function of the cerebellum is storing motor
memory. Using a computational model Medina et al. (2001) proposed a mechanism for
the 'savings' phenomenon having a bidirectional synaptic update and additional synaptic
plasticity site at the mossy fibers-DCN cells synapses, driving LTD/ LTP synchronized
with the Purkinje cells’ activity. His work showed that by adding another site of
plasticity in the cerebellar model, additional phenomenon of motor learning can be
explained by their computational model.
Classical conception of motor learning is based on the main role of feedback afferent
control for error corrections, as discussed previously. However, it is understandable that
fast and coordinated movements can not be performed only underfeed-back control,
since biological feedback loops are very slow and have small gains.
One of the widely accepted hypotheses suggests that, during motor learning, the brain
uses feedback error control to acquire neural internal models of the motor apparatus and
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environment for planning and executing movements. The models of Kawato (1987) and
Gomi & Kawato (1992), suggest that the cerebellum implements an adaptive nonlinear
internal inverse model that functions in a feed-forward manner. Their models are based
on feedback-error learning mechanism combining feed-forward control by the
cerebellum and feedback control by the cerebral motor cortex. This feed-forward
inverse model is connected in parallel with an underlying feedback control loop. The
control signal of the stable feedback loop, which represents the error in the movement,
is used to drive the adaptation of the cerebellar internal inverse model (feed-back-errorlearning).
A more recent alternative hypothesis (Miall et al 1993, Wolpert et al 1998, Wolpert et al
1995) suggests that the cerebellum generates a forward, causal representation of the
motor apparatus, often known as a forward model. This hypothesis tries to solve the
difficulty of detecting mismatches between a rapid prediction of the outcome of a
movement and the real feedback that arrives later in time. Thus, a forward model
represents the normal behavior of the motor system in response to outgoing motor
commands. It receives the current state of the arm and an efferent copy of motor
commands being issued by a controller, as inputs, and produces as output an estimate of
the new state of the arm.

1.5.

Choosing a model

Using an appropriate close to physiology model can provide a plausible explanation
about the real role and functions of the cerebellum and its components. Furthermore, in
order to address the research questions, the model of choice should represent the current
up to date knowledge and reflect the widely acceptable status on cerebellar learning.
Therefore, this work final model of choice relies greatly on findings of its predecessors
and accounts for major milestones of motor control learning theories, presented above.
Hence it can be regarded as a “classical” cerebellar model.
After reviewing several models of the cerebellar role in motor control, I decided to use
the updated Koretski (2008) model as a basis for this thesis. Koretski model (originally
presented by Schweighofer et al (1996, 1998)) lies upon the ideas of Ito/Marr/Albus
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and Kawato/ Gomi for the role of the cerebellum in the control of voluntary movements
based on feedback learning. This model is very comprehensive in terms of mimicking
the physiology of the cerebellum and it explicitly addresses the cerebellar role in
controlling movement dynamics. Moreover, this model embeds 2 out of 3 IOC main
features: the climbing fiber–mediated activation of PCs in the form of complex spikes
and the PCs synaptic plasticity through LTD/ LTP (long term potentiation) activation.
The major disadvantage of this model is that inferior olive cells are not represented as an
oscillatory network. In this model each IO cell acts separately from other IO cells. Since
the main impact of this oscillatory network is suggested to matter mostly in coordination
of fast movements, this model is suitable for regular arm reaching movements in the
horizontal plane. In addition, this model embeds inverse dynamics and not forward
model dynamics for acquisition of the learned motor behavior. This again has little
impact since I worked with regular and not fast arm movements.
Experimental evidence suggests cerebellum's involvement in compensation of internal
perturbations, e.g. interaction torques, as well as external perturbations, such as force
fields. A physiologically plausible computational model (Schweighofer et al. 1998a,
1998b) has been shown to successfully adapt to interaction torques for control of a
simulated two-joint arm. Koretski et al. (2008) tried to resolve a hypothesis of whether
cerebellum can compensate for internal as well as external perturbations. For this
purpose, they used a computational model of Schweighofer et al (1996, 1998). The
model includes a detailed neural network version of the cerebellum and controls a
virtual two dimensional, dynamic arm simulation to make reaching movements that
follow a specific desired trajectory. Thus, their model simulates human arm movements
in a horizontal plane. It was implemented using MATLAB (version 7.3.0.267).
Numerical data for the motor reaching model was taken from Schweighofer, Arbib et al.
1998.
Koretski (2008) results suggest that it is possible to design a neural network model of
the cerebellum that can adapt to both internal and external perturbations. The most
important update of Koretski (2008) model lies in changing the learning rule using
Medina et al. (2001) to produce long term potentiation (LTP) of parallel fiber PC
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synapses that was spatially specific. The newly introduced learning rule according to
which the synaptic weights changed was:
∆w = −α ⋅ e2 ⋅ ( IO − BL)
Where α is the learning rate, e2 is the eligibility trace, which represents a synaptic
messenger molecule whose concentration peaks some time after the activity of the
parallel fibers. The 0<BL<1 parameter determines the baseline for synaptic efficacy
updating. The new learning rule changes the way that each synapse will undergo LTD or
LTP. This way when there is an error signal (complex spike, IO=1) at certain time step
ti there will be long-term depression (LTD). However, when there isn't any error at the
current time step (IO=0) then the synapse will undergo LTP. This learning rule avoids
the need to resort to synaptic normalization for learning to occur. Furthermore, the best
learning capability was achieved when the balance between the LTD to the LTP
amplitude was about three orders of magnitude, indicating a limited range for optimal
model parameters. Under these conditions, their simulation successfully learned to
control the arm simulation in the face of interaction torques and externally applied force
field.

2. Research Questions
I used Koretski 2008 Matlab implemented model and performed the necessary updates
(discussed in the methods section) to investigate the following questions of interest:
1. Does presence of a self-regulating olivo-cerebellar loop produce a more
plausible physiological representation of the human cerebellum than its absence?
To answer this question, the Koretski 2008 model is to be modified through
addition of an error driven self-regulating olivo-cerebellar loop. The model’s
behavior, in terms of IO and DCN activity as well as the ability to perform
adaptation with and without force field, is evaluated by comparing the model’s
results with the results prior to modification and analyzing them according to
real human arm reaching movements’ trials in the literature.
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2. Can climbing fibers conduct signals different from error, such as an actual
muscle torque? And if so, does motor learning still occur in the cerebellar model
if error is not provided through the IO to the cerebellum? To answer these
questions the IO inputs of a self-regulating olivo-cerebellar loop are to be
altered, so that its output will not be driven by error in the movement, but by an
actual muscle torque. Thus, in this case we should observe an increase in the IO
firing rate at the beginning of the learning process, followed by an asymptotical
decrease, till reaching a plateau value correlative to Catz & Thiers’s
observations.
If a classical cerebellar model can account for a mechanism changes in its mechanism of
action (e.g. the presence of the olivo-cerebellar loop, the absence of error input to the
cerebellum through IO) and continue to function properly it can be regarded as robust
and serve as a solid platform for future cerebellar research and simulations.

3. Methods

This model is described in details in Schweighofer et al. 1998a, 1998b. Furthermore, the
detailed Matlab implementation is addressed in Koretski et al 2008. In this section, I
will give brief description of the model and relate only to parts that are relevant for
understanding of my implementation.
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3.1

The model

The Koretski model simulates human arm movements in a horizontal plane and contains
motor cortex, cerebellum, spinal cord, and a two joint arm driven by six muscles (Figure
2).

Figure 2: Motor Left hand side: the cortical control system. The visual system provides the
reaching model. initial and target hand locations. The trajectory generator creates the
desired joints position, velocity, and acceleration vectors. The desired
acceleration vector is provided to the basic motor cortex feed-forward
f
controller which creates a basic feed-forward motor command τ mc
. The
desired and actual position and velocity vectors are provided to the motor
b
.
cortex feedback controller which issues a corrective motor command τ mc
The cerebellar neural network is provided with the desired kinematics and
actual delayed arm position and velocity vectors and issues a corrective
motor command τ cbl . These three motor commands are combined in the
cortico-spinal cells and comprise the output of the motor cortex. Right hand
side: the musculo-skeletal system. The c3/c4 receives the delayed (30ms)
torque command and the current hand state and computes the motor
command u, which is sent to the muscles where it creates a tension vector T.
In the joints the tension is converted to torque τ r which is fed to the arm
dynamics equations. (Figure from Schweighofer et al 1998a).

The motor cortex uses a partial inverse model to convert a desired trajectory into motor
commands. The feedback controller is a linear position-velocity controller, which
receives the desired and actual delayed position and velocity signals and returns a
corrective torque in joint coordinates. The equations of this feedback controller are:
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( 1)

Where kp=4 and kv=1 are the feedback gains. ϴd and ϴa are the desired and delayed
actual joint positions respectively.

and

are the desired and actual delayed joint

velocities respectively. Muscle spindles do not carry a significant amount of
acceleration information so it is not present in the feedback controller.
The feed-forward controller contains a crude inverse model of the arm, producing a
basic desired torque vector. It is important to notice that this feed-forward controller
creates a basic torque vector that accounts only for the anisotropy in limb inertia but not
for interaction torques. When this basic torque vector is provided to the arm forward
dynamics equations it will not reproduce the desired trajectory exactly. This structure
will force the cerebellar neural network to learn to compensate for this incomplete
torque vector in order to perform a smooth movement. The equations of the motor
cortex feed-forward controller are:

( 2)

Where α=0.4, β=0.06 and λ=0.01. The superscript f stands for feed-forward. The
subscripts s and e stand for shoulder and elbow. ϴe is the elbow position.
This structure forces the cerebellum to learn the appropriate compensation through
plasticity driven by motor error in order to perform a smooth movement. The outputs of
the motor cortex feed-forward controller, motor cortex feedback controller and the
cerebellum are summed in the cortico-spinal cells. The spinal cord, c3/c4 box, and arm
are nontrivial and non-linear models that simulate many known complexities of the
peripheral motor system. The trans-cortical loop contains two delays. A 30 ms delay on
the descending motor command and a 30ms delay on the feed-back sensory information
to the motor cortex.
In order to move the arm from an initial position to a final position the system needs
information about these two points. This information is provided by the visual system.
Then a minimum jerk trajectory is generated between these two points in the trajectory
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generator. Jerk is defined as the time derivative of acceleration. Minimizing the jerk
over a point to point movement will result in a smooth trajectory with typical kinematic
properties of arm movements (Flash and Hogan 1985). This minimum jerk trajectory
represents the desired trajectory in joint coordinates (shoulder and elbow) and contains
position, velocity, and acceleration information.
3.1.1

The musculo-skeletal system- the arm

The plant of the model is constituted by the musculo-skeletal system, which contains:
two degrees of freedom arm (shoulder and elbow joints) and six muscles (Figure 3). All
elbow and shoulder joints have one flexor and one extensor muscle. In addition, there
are two bi-articular muscles: one for flexion and one for extension of the arm that
connect the elbow and the shoulder. In total six muscles having separate innervations
are involved: three for flexion and 3 for extension.
Figure 3: The This is two degrees of
biomechanical freedom arm. The two links
arm model.
create two joints: the
shoulder and elbow. There
are six muscles in the
current model. Each joint
has two single-joint muscles
for flexion and extension.
There are also two
biarticular muscles, one for
flexion and one for
extension.

Muscle produces two kinds of force, active and passive, which sum to compose a
muscle’s total force. A muscle’s contractile elements provide its active force through the
actin and myosin “ratcheting” mechanism. Non-contractile elements contribute its
passive force. Technically, a muscle’s passive element has elastic properties, but it can
be modeled more simply as a spring. The spring-like properties of muscles provide a
line of defense against perturbations. The force (Tention) on the muscle cannot change
instantaneously due to its viscose properties (Shadmehr and Wise 2005).
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In this model the muscles are represented by the Kelvin-Voight model for visco-elastic
material, whereas numerical data is taken from Katayama and Kawato (1993). The
muscles change their visco-elastic properties and their rest length as a function of the
neural activation level, evoked by the torque motor command, issued by the motor
cortex, driving movement in the arm model.
In our case, the output of the motor cortex is a torque vector for the two joints and the
input of the muscles is a unique muscle activation command for each one of the six
muscles in the model.
3.1.2

The cerebellar neural network

The role of the cerebellum in this model is to correct the output of the motor cortex τsp
so that this torque vector will be as close as possible to the ideal torque vector that is
needed to move the arm along the desired trajectory. The cerebellum makes the third
contribution to the output of the motor cortex together with the motor cortex feedforward and feedback controllers. In order to make a movement with minimal error
along the desired trajectory the cerebellum has to learn to compensate for several errors.
The first is a corrupted inverse dynamics matrix in the motor cortex feed-forward
controller which, as noted before, will force the cerebellum to learn to compensate for
interaction torques. The second is imperfect inverse transformation in the spinal cord
(the c3/c4 box). The third is learning to adapt to novel external dynamics. The
cerebellum, however, does not differentiate between different errors’ sources (it receives
no information about the source of the error).
3.1.3

Modeling the network

The cerebellar network in this model is based on the known physiology. It contains
mossy fibers, glomeruli, granule cells, Golgi cells, basket cells, stellate cells, Purkinje
cells. These cells are represented as two dimentional surfaces. While, DCN and IO cells
are represented as one a dimensional array (Figure 4).
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Desired
trajectory

Actual
trajectory

Motor cortex

Arm

As
Figure 4: Neural
architecture
diagram.

The neural implementation of the inverse dynamic model with input and
output connections. Figure from Koretski et al. 2008

presented in the introduction section, mossy fibers are one of the major inputs to the
cerebellum. They project directly to the DCN, but also give rise to the pathway: MF→
GC→ PF→ PCs→DCN. Mossy fibers enter the granular layer from their points of
origin, many arising from the pontine nuclei, others from the spinal cord, vestibular
nuclei, etc.
In this model MF convey two types of information: information originating in the CNS
about the planned movement and actual sensory information originating in the periphery
regarding the muscles' state. Each type accounts for half of the mossy fibers in the
model. MF form excitatory
synapses with the granule cells and the cells of the DCN. The axons of the granule cells
ascend through the Purkinje layer making localized synapses with the Purkinje cells and
then bifurcate into the parallel fibers which run parallel to the surface and in turn serve
as input to the following cells: Golgi, stellate, basket, and Purkinje.
The Purkinje cells are responsible for the convergence of a huge amount of information.
The 3X12 inhibitory Purkinje cells in the model receive inputs from: parallel fibers,
granule cells, stellate cells, climbing fibers, and basket cells. This information is being
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processed and sent to the 12 DCN cells where it directly affects motor commands. The
processing of information in the Purkinje cells is a plastic process due to the fact that the
granule cell-Purkinje cell and parallel fiber-Purkinje cell synapses are modifiable. This
is what is considered to allow the system’s learning capabilities.
The DCNs are the sole sources of output from the cerebellum. This output goes to the
cortico-spinal cells and directly affects descending motor commands. After the motor
learning process is complete each micro-complex should provide corrective motor
commands to the associated joint synergy (i.e. flexion or extension for each joint). Thus,
the shoulder flexor micro-complex can modulate the descending shoulder torque motor
command so it can provide additional flexion torque at a certain time step during the
movement. In each micro-complex DCN receives collateral projections from mossy
fibers and climbing fibers, as well as inhibitory input from the Purkinje cells of the
cerebellar cortex.
The current model has 4 micro-complexes, a flexion and extension micro-complex for
each joint. Therefore, in the model half of the fibers carry shoulder related information
and half elbow related information. The two shoulder micro-complexes receive mossy
fiber inputs and IO inputs only from shoulder related afferents. Similarly, the two elbow
micro-complexes receive only inputs elbow related inputs.
The model has two cortico-spinal cells, one for each joint, that receive the output from
the cerebellum and add it to the descending motor command.
This means that the cerebellar contribution to the motor command for each joint is the
difference between the sum of the three flexor micro-complex DCN cells and the sum of
the three extensor micro-complex DCN cells. A micro-complex should, after learning,
provide the appropriate corrective torque command so the arm will move along the
desired trajectory with minimal error. The firing rate of each cell in the model is
determined by an individual membrane potential. The membrane potentials and the
firing rates are being updated with each time step (iteration), which is set to 1ms in the
model. All cells’ membrane potential, except IO cells, is described by the following
equation.
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τm

dm
= −m + ∑ wexc (i ) ⋅ EXC (i ) − ∑ winh (i ) ⋅ INH (i )
dt
k
k

( 3)

This is a leaky integrator equation, where m is the membrane potential at time t,

τ m is

the time constant that determines the rate of change of this potential. The two right-hand
terms are the weighted sum of all the excitatory and inhibitory inputs to the cell,
respectively. The Euler approach was used to solve the differential equation of the
membrane potential.
3.1.4

Cerebellar learning

The axons of the granule cells ascend through the Purkinje layer, where they bifurcate
into the parallel fibers (PF) and make localized excitatory synapses with the Purkinje.
Simultaneous activation of sufficient amount of parallel fibers causes a simple spike in
the Purkinje cell, whereas activation of the CF, wrapped around the Purkinje cells,
causes complex spikes. Coupling between parallel fiber activity and a complex spike
will cause long term depression (LTD) in the modifiable synapses, whereas, uncoupled
activity of the both will lead to long term potentiation (LTP). LTD is a decrease in the
synaptic strength which affects the way information is processed by the Purkinje cells.
This synaptic plasticity will eventually lead to a formation of an internal inverse model
in the cerebellum.
In Koretski model 4 groups of IO cells (3 cells in each group) get delayed information
from the CNS about the desired kinematics of the movement and delayed sensory
spindle information about the actual movement and compare them. The IO cells fire at a
very slow rate, so they were modeled as spiking neurons:
If IO=Tr then: IO (t + δ ) = Tr − hyper ,

IO(t + δ ) = 1 for 0 < δ < 5 ms; else IO=0.

( 4)

Meaning that, when the membrane potential IO passes the threshold Tr=1 then the
membrane potential will decrease by hyper=1 and the cell will fire for 5 ms.
The equation for the IO membrane potential is a function of its input. As discussed
previously, the latter, however, does not have a clear consensus and might be disputed.
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While mossy fibers convey information about the planned movement, originating in the
CNS, as well as actual sensory information, originating in the periphery regarding the
muscles' state, climbing fiber are believed by many to convey an error signal needed for
learning. Thus, in Koretski 2008 model the inferior olive cells act as error detectors and
provide the teaching signal to the neural network. Activity of IO cell is computed as:

τ IO

dIO(i)
= − IO(i) + E synergy
dt

( 5)

Where, Esynergy is the flexor or extensor error.
Using equation ( 5, IO cells in the Koretski model will act as error detectors and will
provide the teaching signal to the neural network, driving plasticity. These cells receive
delayed information (20 ms) from cortex about desired movement kinematics and
delayed sensory feedback (20 ms) from muscle spindles and compare them. The error in
motor performance around each joint can be separated into positive and negative error.
A positive error, due to a flexor, will eventually promote micro-complex to provide
additional flexion torque, whereas, negative error, due to an extensor, will lead to an
additional extension torque.
The error is defined as:
•

•

••

••

Error ( t ) = K p (θ d − θ r ) + K v (θ d − θ r ) + K a (θ d − θ r )

( 6)

E Flex = Error , Error > 0 ; E Ext = − Error, Error < 0
The subscript d refers to the desired angular position, velocity or acceleration and the
subscript r refer to the actual sensory information.
The traditional view of cerebellar learning is that synaptic weight change is proportional
to the coupled activity of parallel fiber and a complex spike from the IO cells (Marr
1969, Albus 1971). However, the IO error signal is delayed, meaning that when
updating weights they should be changed proportionally to the parallel fiber activity
some time earlier (Schweighofer, Arbib et al. 1996). This has been described by the
following learning rule:
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∆w = −α ⋅ e2 ⋅ IO

( 7)

Here, ∆w is a synaptic weight change, α is the learning rate and e2 is an eligibility
trace that allows activity on Purkinje cell dendrites to be associated with errors that
happen later in time. This eligibility trace is modeled by a second order differential
equation where the input is the parallel fiber activity of each synapse:
( 8)
de1
de
= −e1 + PF , τ eg 2 = −e2 + e1
dt
dt
Where τ eg = 30 ms determines the eligibility trace e2 peak time.

τ eg

However, this learning rule (equation( 7)), according to Koretski 2008, kept the sum of
all synaptic weights constant for each Purkinje cell, meaning that LTD caused non
specific-LTP in all other synapses of the same Purkinje cell, so that the net change was
zero. In order to allow plasticity in the model, the learning rule was updated (Medina et
al. 2001):
∆w = −α ⋅ e2 ⋅ ( IO − BL)

( 9)

Where the baseline parameter, 0<BL<1, determines the balance between the strength of
LTP and LTD. Since IO neurons are modeled as either firing (IO = 1) or silent (IO = 0),
the weights are changed at each time step in one of two ways:
LTD amplitude: ∆w = −α ⋅ e2 ⋅ (1 − BL) < 0 , IO=1
LTP amplitude: ∆w = α ⋅ e2 ⋅ BL > 0 , IO=0
The fact that the BL parameter increases synaptic plasticity and simultaneously
determines the amplitude of this plasticity makes it a key parameter in the model,
affecting the learning process. Coupling between parallel fiber activity and a complex
spike will cause long-term depression (LTD), a decrease in the synaptic strength,
whereas, uncoupled activity of the both will lead to long-term potentiation (LTP) in the
synapses of the Purkinje cells. This synaptic plasticity will eventually lead to a
formation of an internal inverse model in the cerebellum.
The DCN cells constitute the output of the cerebellum. This output goes to the corticospinal cells and directly affects descending motor commands. After the motor learning

23
process is complete, each micro-complex should provide corrective motor commands to
the associated joint synergy (i.e. flexion or extension for each joint). Thus, the shoulder
flexor micro-complex can modulate the descending shoulder torque motor command so
it can provide additional flexion torque at a certain time step during the movement. This
structure forces the cerebellum to learn the appropriate compensation through plasticity
driven by motor error in order to perform a smooth movement.
The plant of the model is a two joint (shoulder and elbow) arm having six muscles with
separate innervations: three for flexion and 3 for extension. The muscles change their
visco-elastic properties and their rest length as a function of the neural activation level,
evoked by the torque motor command, issued by the motor cortex, driving movement in
the arm model. In our case, the output of the motor cortex is a torque vector for the two
joints and the input of the muscles is a unique muscle activation command for each one
of the six muscles in the model.
The Koretski model has 4 micro-complexes, a flexion and extension micro-complex for
each joint. Therefore, in the model half of the fibers carry shoulder related information
and half elbow related information. The two shoulder micro-complexes receive mossy
fiber inputs and IO inputs only from shoulder related afferents. Similarly, the two elbow
micro-complexes receive only inputs elbow related inputs. The model has two corticospinal cells, one for each joint, that receive the output from the cerebellum and add it to
the descending motor command. This means that the cerebellar contribution to the
motor command for each joint is the difference between the sum of the three flexor
micro-complex DCN cells and the sum of the three extensor micro-complex DCN cells.
A micro-complex should after learning provide the appropriate corrective torque
command so the arm will move along the desired trajectory with minimal error.

3.2

Model modifications

The goal of my work was to test whether:
1. A presence of a self-regulating olivo-cerebellar loop produce a more plausible
physiological representation of the human cerebellum than its absence;
2. Climbing fibers conduct signals different from error, such as an actual muscle

torque.
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In order to answer these questions, I performed modifications to the Koretski 2008
model. These modifications are described in details in the following sections.
3.2.1

Adding error driven self-regulating olivo-cerebellar loop

The chosen Koretski 2008 model experienced substantial oscillations that accompanied
both types of adaptation. One of the possible explanations of this phenomenon is the fact
that The Koretski (2008) model lacks at least one important physiological connection
between the DCN and IO. Therefore, following the prevalent dogma that climbing
fibers convey an error signal needed for learning and to allow realistic learning, I have
modeled the IO as a self-regulating cerebellar-olivary loop. Each IO cell receives the
actual and desired trajectory as well as inhibitory projection from a DCN cell. In turn, it
projects to the column of PCs connected to that DCN cell where its effect is to modify
the synaptic the strength of parallel fiber-Purkinje cell synapses. Activity of IO cell is
computed as:

τ IO

dIO(i)
= − IO(i) + E synergy − w DCN _ IO (k ) • DCN (k )
dt

( 10)

Where, E synergy is the flexor or extensor error described by equation ( 6). τ io is the time
constant that determines the rate of change of the potential; IO is the membrane
potential at time t; Error is the flexor or extensor muscle error and DCN is the DCN
input to the IO. This way each IO cell will receive excitatory information from the
spindle afferents and inhibitory projection from the DCN cell. In turn, IO projects to the
micro-zone of Purkinje cells connected to that DCN cell, where its effect is to modify
the strength of the parallel fiber-Purkinje cell synapses.
Using the Koretski 2008 learning rule (equation ( 9)), the DCN input to the IO neurons
will train the system to provide a smaller torque to a muscle if the muscle is stretched
too much. In terms of the cerebellar system, input from the spindles will determine the
IO firing (at time t), which in turn will determine the output of the DCN, which in turn
will influence the IO firing in time step (t + ∆T). The net effect is that the cerebellarolivary loop will produce a signal similar to the muscle errors, which opposes the error.
Thus, the IO’s fire rate will reduce, causing the learning rate to be slower.
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3.2.1.1 Cerebellar-olivary delay

Using equation ( 10), the cerebellar model produces a signal similar to the error
performance, which opposes the error and causes improved trajectories. However,
delays would cause this signal to be applied too late. Synaptic eligibility (described
earlier) solves this temporal credit assignment problem by shifting the blame earlier in
time so that the corrective actions are associated with an earlier system state.
One temporal problem remains: the cerebellar output must be aligned with the error
signal in the cerebello-olivary loop. The IO cells receive delayed information (20 ms)
from cortex about desired movement kinematics and delayed sensory feedback (20 ms)
from muscle spindles and compare them to calculate the error. Inadequate delay might
cause 2 problems: either the system will not be stable or poor learning will be observed.
If the delay is not fitted correctly, the model might receive cerebellar input that was
intended for earlier time steps with different performance error. Therefore, in order to
align DCN input with the error signal, this input required an update.
Therefore, similarly to Spoelstra et al 2000, who used a summation of the spinal and
spindle efferent’s’ delay for DCN-IO delay, the cortico-spinal delay (30 ms) and the
spino-olivary track delay (20 ms) are summed up to produce a 50 ms DCN-IO delay in
this simulation setup. The sensitivity to variable delay values (other than the chosen
value) was also tested (as shown in paragraph 3.2.3.3).
3.2.2

Changing the IO inputs in a self-regulating olivo-cerebellar loop

The key role of climbing fibers signaling in cerebellar motor learning has been
challenged in earlier discussed studies that advocate alternative hypotheses. If indeed
climbing fibers do not signal error/ teaching signal required for proper learning, then the
model IO inputs should be altered to resemble this.
Thus, additional change that I have implemented in the model is changing the IO inputs.
The error inputs to the IO are replaced with the ideal torque input, originating in the
CNS and carrying information about the ideal desired torque and the actual torque
provided to the muscle. Following this modification, the IO will receive the ideal torque
and the actual muscle toque from the spindles. The actual torque provided to the muscle
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is comprised of the feed-forward torque from the motor cortex feed-forward controller,
the feedback torque from the motor cortex feedback controller and the cerebellar torque
issued by the DCN. The three torques are combined in the cortico-spinal cells and
comprise the output of the motor cortex. A new attempt to make the DCN- IO
connection is done using a new formula:

τ io

dio(i )
= −io(i ) + k id * τ id − k fb * τ fb − k ff * τ ff − k dcn * τ dcn
dt

( 11)

Where τ id , τ fb , τ ff and τ dcn are ideal, feed-back, feed-forward and DCN torques, and k ‘s
are coefficients translating each torque into firing rate. Thus, learning should occur until
the desired and the actual torques given to the muscles will be equal.
Appropriate values for the k coefficients were found by numerical iterative solution:
Torque coefficients:
kid

kfb

kff

Kdcn

Shoulder

0.5

2

40

100

Elbow

0.1

1

30

50

The methods of the numerical analysis are described ion paragraph 3.2.3.4 and the
results are shown in paragraph 4.3.4.
3.2.2.1 Cerebellar-olivary delay

Using equation ( 11) the IO will receive the ideal torque from the CNS and the actual
toque provided to the muscles. Due to the imperative connection between the DCN and
IO, the intended new muscle torque from the DCN is given sometime earlier. Therefore,
in the modified model setup, cerebellar delay input to the IO should be more
pronounced, then when using equation ( 10). The actual muscle torque received by the
IO cells is of 50 ms delay (according to the above explanation). Since the DCN, torque
that has contributed to this muscle torque is received 50 ms earlier, the total DCN-IO
delay sums up to 100 ms in this setup. Ruigrok and Voogd (1995) showed such long
latency response to exist in cats.
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3.2.3

Analyzing sensitivity of the key model parameters

Alterations made in the model might also influence the model parameters, which should
be altered to show optimal model performance. Moreover, the model’s sensitivity to the
parameters that comprise it is essential to show its functionality. Furthermore, model’s
robustness depends on the ability for similar performance even when key parameters are
altered (to a certain degree). The key parameters are tested under varied extreme values
based on the model’s ability to perform motor adaptation.

This performance is

evaluated as the learning capability. In order to eliminate additional degrees of freedom
in calculations, the learning capability is assessed for a block of 50 movements under
null field, according to the following equation:
Learning capability=mean(SSE first 5 movements)/mean(SSE last 5 movements)

(12)

The learning capability (a scalar value) is presented as a function of each of the tested
key parameters. Learning capability value larger than one demonstrates model’s ability
to improve its initial performance and decrease the motor error. While, a value of one
means no learning during the entire block and lower than one means worse learning
capabilities and increase in the motor error.
Since main model evaluation is performed through its ability to perform motor learning,
the key parameters were chosen to be the ones that affect the model’s ability to perform
motor adaptation the most, in our opinion. Three major parameters chosen for sensitivity
evaluation, as well as determination of their optimal values were: baseline, the olivocerebellar delay, the learning rate and the coefficients of the muscle torques.
3.2.3.1 Baseline parameter sensitivity

The BL, 0<BL<1, parameter in the learning rule in equation 9 determines the baseline
for synaptic efficacy updating. It forces every synapse to undergo LTD or LTP every
time step, as well as determines the amplitudes of the LTD and LTP. The fact that the
BL parameter increases synaptic plasticity and simultaneously determines the amplitude
of this plasticity makes it a key parameter in the model. Therefore, after adding error
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driven self-regulating olivo-cerebellar loop (modification in section 3.2.1), the baseline
parameter affect upon model performance was evaluated.
The Learning capability, using equation (12) was calculated for 10 different BL values
from 0.001 to 0.009. For each BL value a block of 50 movements was performed to
make sure that the system had enough trials to reach a learning plateau. The learning
plateau was reached after 20 trials.
3.2.3.2 Learning rate parameter sensitivity

The learning rate parameter α , that appears in equation ( 9), influences the rate at which
the learning occurs. Similar to the BL, larger learning rate increases the amplitude of the
LTD and LTP. It is responsible for the smoothness of the performed trajectories. Large
learning rate should cause faster reaching of a decreased motor error. However, such
fast learning will, probably, be reflected on the trajectories’ smoothness. After adding
error driven self-regulating olivo-cerebellar loop (modification in section 3.2.1), the
learning capability was calculated while the learning parameter was varied as a vector of
[10-6: 10-5: 10-4].
3.2.3.3 Cerebellar-olivary delay sensitivity

The DCN output delays to the IO have an important impact upon the model. This delay
sets the consistency between the time of the real error and the corrective cerebellar
torque issued. This parameter’s influence should especially be pronounced around the
equilibrium point of the model, when it is important to align the motor error with the
relevant corrective cerebellar torque. The learning capability was evaluated while the
delay parameter was varied between 10 and 100 seconds for 10 different values. The
values were chosen in the range of the value proposed at section 3.2.1.1.
3.2.3.4 Muscle torques’ coefficients’ sensitivity
The coefficients of the muscle torques in equation ( 11) define the firing rate of the IO.
The optimal set of coefficients was found empirically, so that adaptation to interaction
torques could occur. The values were varied under null force field, during a performance
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of a so-called baseline, in our case, learning the correct dynamics of the arm. Two
simulations were conducted. The first simulation focused on founding the approximate
range of parameters for each coefficient, which allow at least some degree of motor
learning (learning capability of > 1). Herein are the vectors of the tested parameters:
kid=[50 10 0.5 0.1]; kfb=[100 20 2 0.2]; kff=[100 40 4 0.4] ; kdcn=[200 100 10 1]
256 combinations between the proposed values were tested.
The second simulation focused around a chosen working range of the parameters. The
influence of the kid and kfb coefficients upon the learning capability was relatively
negligible, compared to the kdcn and kff coefficients. Therefore, in the second simulation
only 2 set of parameters were assessed with smaller steps, to show model robustness in a
certain working range:
kdcn = [50:10:150]; kff = [ 20:5:60]

3.3

Running a simulation

The motor reaching model was used to simulate human arm movements in a horizontal
plane. A single movement is defined as a 10 cm movement of the arm from initial to
final point along a minimum jerk trajectory that is a straight line. The duration of each
movement was set to 1 second. In order to simulate real-life testing setup, in the
beginning of the experiment a naïve cerebellum was created. Cerebellum initiation sets
all the modifiable synaptic connections to one. Thus, until learning occurs, the
contribution of antagonist micro-complexes is equal and cancels out each other.
Experiments conducted on testing the adaptation to external perturbations, such as force
fields, require performance of a baseline set. Baseline is required in order for the subject
to learn the dynamics of the set or the manipulandum.
Therefore, in each simulation, 50 trials were performed without force field. During these
trials a naïve cerebellum learned the dynamics of the internal arm model. Then, a
clockwise curl field used was:
 0 b   x& 
F =
⋅ 
 −b 0   y& 

( 13)
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b=11 N*s/m. The strength of the perturbation was chosen to fit the force filed usually
applied for arm reaching movements experiments, after verifying that it indeed managed
to produce a clearly visible increase in the error on the SSE (Summed Squared Error)
plot.
Post force field introduction the learning process was carried out for additional 50 trials.
The learning process of the model is a trial by trial paradigm, where each trial is a
movement. For each movement, out of the 100 that were executed, an error measure was
calculated:
Error =

( xd − xa )

2

+ ( y d − ya )

2

( 14)

Here the subscript d refers to the desired trajectory coordinate and a to the actual one. x
and y are coordinate vectors of the Cartesian trajectories and Error is a vector of the
distances between the desired and the actual trajectory points. Then a summed squared
error was calculated for each movement:
N

SSE = ∑ Error (i ) 2

( 15)

i =1

Here N is the length of the error vector.
Activity of IO and DCN of each one of the four micro-complexes was recorded during
each movement. This data can show us the error representation as the system sees it
during the learning process. Two different kinds of information can be extracted from
this data. The first is the shoulder/elbow, flexor/extensor error during each movement as
a function of time. The second is the evolution of this error during the learning process
as a function of trial number. In addition, SSE curve and movement trajectories were
studied during each simulation.

3.4

Referring to simulation results

Koretski 2008 showed that the same neural mechanism is able to adapt to both internal
and external perturbations. One noticeable effect was present in Koretski results, which
is of great importance to interpretation of this work results. This effect was the presence
of strong increasing in amplitude oscillations around the equilibrium point of an internal
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model. These oscillations were attributed to the cerebellum ability of learning new
internal model by “forgetting” or gradually erasing the already learned model.
I modified the Koretski 2008 model through addition of a self-regulating olivocerebellar loop. In the first simulation the IO output was driven by error in the
movement using equation ( 10). In the second simulation the IO inputs of a selfregulating olivo-cerebellar loop were changed using equation ( 11), so that its output will
not be driven by error in the movement.

In order to test whether the discussed

modifications produced a more plausible physiological model, I compared the
differences in the model behavior between my first simulation and simulation prior to
modification, as presented by Koretski 2008 model in his work. After testing the
plausibility of adding a self-regulating olivo-cerebellar loop, I’ve tested whether this
physiologically plausible model will still be able to function properly, though the inputs
to the IO are changed according to equation ( 11). Therefore, the results of the second
simulation were compared with the results of the first simulation. In addition, both
simulation results were analyzed according to real human arm reaching movements’
trials in the literature. Implications and explanation of the observed model behavior of
both simulations are discussed in the discussion section.

4. Results
The simulations consisted of 50 movements in a null force field, followed by 50
additional movements with force field application. During the first 50 movements a
naïve cerebellum learned the dynamics of the internal arm model, adapting to interaction
torques. These movements mimicked a baseline set. The first 50 trials in a null field
were followed by 50 trials in a force field, where the cerebellum tried to adapt to the
force filed perturbation.

4.1.

Adding error driven self-regulating olivo-cerebellar loop

Alteration of the model mechanism of action by adding a DCN-IO connection shows
that the model is still able to perform adaptation, while both types of adaptation are
completed successfully (Figure 5). Figure 5 shows the plot of the learning curve during
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the simulation. We can see that the initial SSE in the first movement of 5.34 cm2 begins
decreasing after the first 5 trials, representing the time required for the initial IO firing to
cause significant modification in the cerebellar synapses. Full adaptation occurs after
first 20 movements.
At the beginning, the contribution of each micro-complex in the naïve cerebellum is
equally leading to mutual cancelation. However, when this equilibrium is broken and
adaptation begins. Once the system acquires an internal model representation of dealing
with a perturbation (interaction torques in this case), future adaptation to different
perturbation (force field) happens much quicker. In the next trial after force field
application the SSE is significantly decreased.
The decrease in the SSE continues in a more moderate manner in the following
movements. This shows a gradual adaptation of the learning behavior. Adaptation
occurs until a plateau of 2.35 cm2 in the SSE is reached.

Figure 5: Learning Curve of Axis y is the summed squared error
adaptation to interaction throughout each movement. Axis x is the
trial number.
torques and force fields.

At the beginning of simulation (first five movements), the cerebellum is naïve. It does
not have a model representation of the arm dynamics, while, the motor cortex feedforward controller has a corrupted inverse dynamics matrix of the arm. A naïve
cerebellum is forced to learn to compensate for interaction torques, since they are
viewed by the cerebellum as a perturbation, and, thus, error in movement trajectory
occurs. Movements’ trajectories during the system adaptation/ learning process are
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shown in Figure 6. During the first half of movement # 1 (first 5 cm), there is a positive
displacement (to the right) along the x axis, while during the second half of the
movement a negative displacement (to the left) in the hand trajectory is observed (Figure
6- A). This occurs because prior to learning the inverse arm dynamics model, interaction

torques introduces a perturbation, hampering the movement desired trajectory along a
straight line. The error in movement trajectory to the right is viewed in the IO cells’
activity of the shoulder flexor micro-complex during the first 500 ms of the movement
(Figure 7B). This firing causes the cerebellum to provide additional shoulder flexion in
order to keep moving the arm along the desired trajectory. In the second half of the
movement the hand goes too much to the left (Figure 6- A). This again is observed in the
activity of the IO cells’ of the shoulder extension micro-complex (Figure 7A), meaning
that additional shoulder extension is required in order to return the arm to the desired
trajectory.

Figure 6: Plots of the
performed
movements
before
and after adaptation.

Desired (red) versus actual trajectory (blue) (A)-First trial
during adaptation of the naïve cerebellum to interaction
torques, (B)- trial # 49- last trial in the interaction torques
adaptation. (C)- First trial when force field is applied; (D) –
Trial # 100- last trial of force field adaptation.
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After first 5 trials both shoulder extensor and shoulder flexor activities decrease as the
SSE decreases, showing learning. The system reaches a plateau of SSE of 2.3 cm2 after
20 movements. The IO firing goes to minimum around movement number 30 in both
shoulder and elbow micro-complexes, although the performance error does not go to 0.
Movement number 49 (Figure 6B) shows the last movement prior to force field
application. The second half of the movement, driven by the shoulder extensor microcomplex, shows better adaptation than the first half of the movement. This is supported
by a much higher IO activity viewed in the shoulder extensor micro-complex (Figure
7C),

over the IO activity viewed in the shoulder flexor micro-complex during adaptation

to interaction torques (Figure 7D).
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Figure 7: IO activity of the 4 micro-complexes: time of IO
activity during the movement as a function of the trial number.
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As mentioned previously and shown in Figure 8, Koretski 2008 observed explicit
oscillations around the equilibrium point of the internal model.
With the addition of a self-regulating olivo-cerebellar loop these oscillations are no
longer observed, although small variability in the SSE around the equilibrium point of
the internal model still occurs. The small variations observed in the learning curve
(Figure 5) post plateau reaching may in part be explained by residual IO activity (Figure
7 and Figure 9) and in part by the DCN delay. It is possible that DCN input to the IO is
driven by the error in previous time step of the certain movement. Thus, when the
system deals with large errors this discrepancy is less pronounced, since fewer accuracy
of the cerebellar motor command is required. However, when trajectories become closer
to the desired trajectory, the system has to deal with small errors, which require higher

Figure 8: Learning Curve Axis y is the summed squared error
of
adaptation
to throughout each movement. Axis x is
interaction torques and the trial number.
force fields in Koretski
2008 model.

accuracy of the motor command calculation. The DCN output delays to the IO are
somewhat inconsistent with the time of the real error, causing these small variations in
the SSE curve. Thus, the error in the movement trajectory varies until it reaches a point
where it is big enough to activate the IO cellular activity. This, in turn, will decrease the
error again to the desired goal.
Another possible explanation is consistent with Koretski in terms of the ability of
learning new internal model by “forgetting” or gradually erasing the already learned

36
model. Both of the proposed explanations are able to co-exist. Thus, the variations are
caused by both the inconsistency in the DCN delay output and the erasing of the
currently learned internal model. In any case, once the movement error is large enough,
the IO will start to fire to correct for this error.
Upon the introduction of the force field (movement number 50 in Figure 6C) a
significant increase in the SSE is observed (6.1 cm2), accompanied by an increase in the
IO activity, more pronounced in the shoulder flexor micro-complex. Movement number
100 (Figure 6D) shows the end of the force field adaptation.
Addition of a self-regulating cerebello-olivary loop as described by equation ( 10)
encounters an expected problem. Once the Error in the system equalizes with the DCN
output, the total external input to the IO is nulled. Therefore, IO stops firing even though
the error is not zero. The system shows adequate learning behavior when small
interferences are introduced to the system.
However, higher interferences will cause higher DCN firing rate, thus the system
acquires an incorrect internal model and virtually stops adaptation to a certain
perturbation. Thus, once the DCN firing rate equalizes with the error in the system, a
plateau in the learning curve is reached.
When IO signal serves as error between the actual and desired trajectory, the model
adapts successfully. The IO firing increases when error increases and decreases towards
the end of the adaptation, until no firing is observed. Simultaneously, DCN firing
increases as the error in the model decreases. This behavior is consistent with Koretski
2008 model. However, IO stops firing even though the error is not zero. So we get to
some stabilization of the learning process. This happens in both small and big errors.
The elbow micro-complexes are mainly in charge for the forward and backward
movements, while the shoulder micro-complexes are mainly in charge of the left and
right arm movements.

Thus, during adaptation to interaction torques the shoulder

micro-complexes’ IO activity is more pronounced compared to the IO activity in the
elbow micro-complexes. The main deviation from the desired trajectory is to the left or
to the right, caused by centrifugal forces that throw the arm sideways during the
movement. However, upon force field application the picture changes and the elbow
activity become more dominant. The activity of the shoulder extensor micro-complex
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shows gradual decrease in the number of spikes per movement until movement 60. Then
it stops firing. Moreover, it does not respond to the force field application by increase in
the firing rate; accordingly, no deviation to the left of the desired trajectory is observed.
Figure 9 shows the total sum of spikes in the IO activity of the 4 micro-complexes of the
whole movement as opposed to Figure 7, which shows the IO activity through each time
step during each trial. Correlation is observed between the IO cell’s activity and the
error performance in the model. The total number of spikes in each movement is highest
when the error is highest (Figure 9). In addition, throughout the 4 micro-complexes a
gradual decrease in the total number of spikes is observed with a decrease in the
performance error (Figure 9).

Figure 9: IO activity of the 4 micro-complexes: total sum of
spikes per each movement as a function of the trial number.
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The DCN firing pattern shows some consistency with the IO activity. In Figure 10
elbow micro-complexes DCN activity is weak during adaptation to interaction torques
and increases significantly after force field application (Figure 10 C and D).

Figure 10: DCN firing
pattern of the 4 microcomplexes.

The color scale represents the DCN activity
amplitude.

However, despite the gradual decrease in the IO activity as adaptation progresses, the
DCN activity is maintained. This indicates that internal model of the perturbation was
learnt by the cerebellum. In the shoulder extensor micro-complex DCN activity is
maximal during adaptation to interaction torques, consistent with IO activity, and
decreases after force field application (Figure 10 A and B).
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Results of this simulation show that the addition of a self-regulating olivo-cerebellar
loop is a more physiologically plausible representation of cerebellar connectivity than its
absence. The new connection allows the cerebellum to learn to produce the same
amplitude of motor correction, but the synaptic changes driven by IO firing become
smaller each time step. Based on the model connectivity, it is assumed that this causes
fewer oscillations in the cellular activity in the cerebellum and consequently minimizes
the oscillations in the learning curve.

4.2.

Changing the IO inputs in a self-regulating olivo-cerebellar
loop

After testing the plausibility of adding a self-regulating olivo-cerebellar loop, I’ve tested
whether this physiologically plausible model will still be able to function properly,
though the inputs to the IO are changed according to equation ( 11). The error inputs to
the IO were replaced with the ideal torque input, originating in the CNS and carrying
information about the ideal desired torque and the actual torque provided to the muscle.
In this case the model behaved differently in several aspects. The most pronounced
difference is that the model showed lack of adaption to force field perturbation. A
common ground between the previous simulation setup and the current one was that the
model was able to successfully adapt to smaller perturbations, e.g. interaction torques
(Figure 11). However, unlike in the previous setup, the final performance errors at the
end of the interaction torques adaptation were smaller: SSE after adaptation to
interaction torques was 0.93 cm2 compared with 2.3 cm2 in the previous setup and 1.05
cm2 in Koretski model setup. Such small SSE suggests that unlike the previous setup,
adaptation stopped when the movement error was close to zero. In this setup, it took 7
trials for adaptation to begin, opposed to 5 trials in the previous setup. The equilibrium
point of the model, where the error in the movement was minimal, was reached after 38
movements compared to 20 in the previous setup. This implies that when the error does
not serve as a direct input to the IO, it takes the model more time to adapt to the same
perturbation.
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Upon the application of force field, not only the model did not show any learning, but
the movement error actually continued to increase. At the end of the simulation the error
the SSE was 6.8 cm2, compared to 5.34 cm2 with a fully naïve cerebellum (Figure 11).
The sudden increase in the SSE in movements 20 and 21 (Figure 11) can be explained by
the DCN activity of the shoulder extensor micro-complex peaking in the second half of
these movements (Figure 14A). Figure 13A shows a gradual decrease in the IO activity
around 500-850 ms of movement 19. Then starting from movement 20 the IO activity in
this period increases. This can be observed in Figure 13A and even more clearly in
Figure 13C. This means that around movement 20 in time period of 500-850 ms, DCN
inhibition of the IO was strong enough to cause cease of IO firing at that same time
period.

Figure 11: Learning Curve of Axis y is the summed squared error throughout
adaptation to interaction each movement. Axis x is the trial number.
torques and force fields.

Figure 12 shows movement trajectories at the beginning of simulation (Figure 12A), the
end of adaptation to interaction torques (Figure 12B) and after force field application
(Figure 12C and D). A close overlap with the desired trajectory was reached towards the
end of the adaptation to interaction toques (Figure 12B). This was especially pronounced
in the first half of the movement. This implies that the model is able to acquire at least
one internal model of a novel dynamics. After the application of a force field, the model
had to learn new set of external dynamics. Going from movement 50 to 100, it is clear
that the error in the movement increased instead of decreasing. Thus, a diverging

41
behavior of the model was observed. Possible explanations to the source of this behavior
are proposed in the continuation of the results section and the implications of these
results are further elaborated in the discussion section. The IO activity of the shoulder
flexor micro-complex was higher than in the previous setup (Figure 13). Furthermore, in
this setup no IO activity of the elbow micro-complexes was observed during the whole

Figure 12: Plots of the
performed movements
before
and
after
adaptation.

Desired (red) versus actual trajectory (blue) (A)-First trial during
adaptation of the naïve cerebellum to interaction torques, (B)- trial #
49- last trial in the interaction torques adaptation. (C)- First trial
when force field is applied; (D) – Trial # 100- last trial of force field
adaptation.

simulation. As a result almost no DCN activity was observed in the elbow microcomplexes (Figure 14 C and D) no activity at all was evoked in the elbow representative
IO cells. This implies that the elbow flexor and extensor muscles did not receive any
motor commands for movement correction. Thus, the whole movement was driven by
shoulder flexor/ extensor muscles.
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Furthermore, as opposed to previous simulation, where the IO activity decreased as the
error decreased, an opposite trend was observed in the shoulder micro-complexes
(Figure 13). The IO activity actually gradually increased with the decrease in the
movement error until reaching a certain plateau/ stability of 125 complex spikes per
movement. This was especially evident in the shoulder extensor micro-complex (Figure
13 A and C).

Figure 13: IO activity (A) IO activity in the shoulder extensor micro-complex during
of the 2 shoulder each movement. (B) IO activity in the shoulder flexor microcomplex during each movement. (C) Total number of complex
micro-complexes.
spikes per each trial in the shoulder extensor micro-complex. (D)
Total number of complex spikes per each trial in the shoulder
flexor micro-complex.

This result is of great importance. The prevalent dogma that complex spikes promote
teaching signal appears to be invalid here. In order for this signal to promote learning it
must be aligned with the error. Thus, when the error is maximal this signal should be
maximal decreasing with the error decrease, similar to what was observed in previous
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simulation. Furthermore, the model was still able to adapt to interaction torques, despite
the fact that IO did not encode error.
Despite the clear adaptation to interaction torques, the model in its current constellation
did not adapt to force field (Figure 11). An interesting observation is that, although
DCN activity increased (Figure 14) with an increase in IO activity during interaction
torques adaptation (Figure 13), the DCN activity was enhanced even further, once force
field was applied, despite the evident decrease in the IO activity. One possible

Figure 14: DCN firing pattern
of the 4 micro-complexes.

The color scale represents the DCN activity amplitude.

explanation to this phenomenon might be caused by saturation in the DCN activity. An
increase in the parallel fiber - complex spike firing leads to LTD in the Purkinje
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synapses and sequential elevation in the firing rate of the DCN. Therefore, elevated IO
activity for a prolonged period of time may cause some sort of saturation in the firing
rate of the DCN.
The learning rule, driving synaptic plasticity, was appropriate for this model when IO
inputs included error. This, in turn, may imply that in order for the current model setup
to be able to learn a new set of novel dynamics, the learning rule that drives synaptic
update in the PC-PF synapses, should be altered. It could be an interesting continuation
of this project to find an appropriate learning rule for this setup.
In previous simulation, a gradual decrease in error lead to a decrease in the IO activity
and sequential decrease in the DCN firing. Thereby, allowing the cerebellar network to
reset itself and “get ready” for new type of adaption if required. Meaning that the model
was able to gradually erase the learned dynamics in order to be able to learn a new
dynamics if required.
In this simulation it didn’t happen, because DCN was already too saturated with firing
rate. Moreover, higher performance error caused by the application of a force field
caused a decrease in the IO activity, meaning that the torque provided to the muscle was
very large and perhaps caused an extra correction. In addition, once the model had
reached an equilibrium point, variations or oscillations around this point were not
observed (Figure 11).
Following the previously suggested explanation, this means that “forgetting” of the
learned model didn’t occur, as in the first setup of simulations. If this explanation is
valid, then it undermines the previously shown feasibility of IO not to promote error in
the system, since humans are constantly in need to learn new dynamics and acquire new
skills; the ability to erase or “forget” is crucial for our existence.
Assuming that complex spikes are not related to performance errors, another possible
explanation is that cerebellum is not able to account for both forms of adaptation
simultaneously. Although, the work of Koretski (2008), performed using this model,
explicitly showed the opposite. His model was based on an assumption that complex
spikes serve as an error and/or teacher signal that drives synaptic plasticity in the
cerebellar cortex.
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4.3.

Analyzing sensitivity of the key model parameters

4.3.1. Baseline parameter sensitivity
The BL parameter sensitivity analysis shows that the learning capability peaks at 2.63
when the BL parameter is 0.001 (Figure 15). The learning capability decreases as the
BL parameter increases. At BL values larger than 0.009 the learning capability is 1.65.
This analysis shows that for a relatively large set of BL values the system is still being
able to learn. However, large BL values lead to poorer system performance. When
approaching the desired trajectory, small error corrections are required. Large BL values
might cause an error over-correction when plateau is reached. The optimal BL
parameter was, therefore chosen as 0.0015.
Figure 15: Baseline
parameter
sensitivity

4.3.2.

Learning capability as a
function of the baseline
parameter

Learning rate sensitivity

Figure 16 shows the model sensitivity to the learning rate parameter α that appears in
equation ( 9). The learning capability was calculated while the learning parameter was
varied as a vector of [10-6: 10-5: 10-4].
This parameter is responsible for the smoothness of the performed trajectories. Large
learning rate should cause faster reaching of a decreased motor error. Figure 16
demonstrates that the learning capability changes from 1.9 to 2.3 for learning rate values
of 1x10-5 to 9x10-5 . This suggests that the faster reaching of the decreased motor error
does not influence the stability of the learned motor behavior around the equilibrium
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point. This further implies that the model performance is robust to the learning rate
parameter in the tested range.

Figure 16: Learning
rate parameter
sensitivity

Learning capability
as a function of the
learning rate
parameter

4.3.3. Olivo-Cerebellar delay sensitivity
The model sensitivity to the cerebellar delay capability was evaluated while the delay
parameter was varied between 10 and 100 seconds for 10 different values. The learning
capability values are displayed in Figure 17. A decrease in the motor error can be
observed for all the values tested, since minimal learning capability is > 1.85. the
maximal learning capability of 2.86 was observed for cerebellar delay of 70 s. These
results suggest that the model is relatively robust to this parameter. Motor learning
occurs even if the real error and the corrective cerebellar torque issued are not aligned in
the optimal way. However, an optimal alignment of the two influences the learning
process by promoting an additional decrease of the motor error.

Figure 17:
Olivo-Cerebellar
delay parameter
sensitivity

Learning capability as
a function of the
cerebellar-olivary
delay
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4.3.4. Muscle torques coefficients’ sensitivity
The coefficients of the muscle torques in equation ( 11) were varied in two simulations
under null force field. The first simulation produced 256 iterations, that comprise all
possible combinations of the 4 vectors coefficients’ of kid , kff, kfb and kdcn. Figure 18
shows the learning capability values received for the 256 iterations. There are certain
sets of the torque coefficient values’ where motor learning does not occur (learning
capability =1). Furthermore, certain combinations show divergence of the motor error
with learning capability below 1. On the other hand, several peaks can be observed,
where motor learning indeed occurs with learning capability of more than 2. These
results suggest that the model in this constellation is parameter sensitive and motor
learning is observed only for certain set of parameters.

Figure 18: Learning
capability of the muscle
torque coefficients’
combinations

Learning capability as a function of iteration number.
Each iteration represents a certain combination of the
muscle torques’ coefficient value.

Figure 19 comprises all iterations where learning capability is higher than 2. For each

iteration a set of torque coefficients’ parameters is shown. The learning capability
column is displayed in an ascending order.
It can be observed, that variation of torque coefficients kid and kfb in the completely
wide range of the values proposed has very little influence upon the learning capability.
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In the white area of the figure, the learning capability is about two times smaller than in
the green area. The green area represents iterations with maximal learning capability.
The green area in the figure shows variation of coefficient kid from 0.1 to 10 and
coefficient kfb from 0.2 to 2, while the other two coefficients are kept constant. There is
only a relatively slight change in the learning capability from 4.3 to 5.05. This suggests
that only kff and kdcn torque coefficients have significant influence upon the motor
learning capability. Maximal learning capability was achieved when kff= 40 and
kdcn=100. Therefore, it was decided to further test the model sensitivity to the two
coefficients around this area in smaller steps.
Iteration
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Figure 19: Learning
capability: zoom in on the 4
muscle torque coefficients’
effect

Learning capability
2.02
2.02
2.03
2.03
2.03
2.03
2.08
2.14
2.17
2.18
2.18
2.19
2.24
2.25
2.26
2.26
2.29
2.32
2.36
2.36
4.30
4.43
4.81
4.93
4.97
5.05

K_id
0.5
0.1
10
10
0.1
0.5
10
10
50
0.1
0.5
10
10
0.1
50
0.5
0.5
0.1
0.1
0.5
10
10
0.5
0.1
0.1
0.5

K_fb
0.2
0.2
0.2
0.2
0.2
0.2
2
0.2
2
2
2
2
0.2
0.2
0.2
0.2
2
2
0.2
0.2
2
0.2
0.2
0.2
2
2

K_ff
40
40
40
40
40
40
100
100
100
100
100
100
100
100
100
100
100
100
100
100
40
40
40
40
40
40

K_cbl
10
10
10
1
1
1
200
200
100
100
100
100
100
100
100
100
200
200
200
200
100
100
100
100
100
100

Learning capability as a function of the muscle torque
coefficients. The first column stands for the number of
the iteration out of 256 in total. Each row shows the
learning capability received in a certain iteration with
the appropriate values of each muscle torque.

Therefore, in the second simulation only 2 set of parameters were assessed with smaller
steps, to show model robustness in a certain working range. The second simulation
focused around a chosen working range of the parameters, where kid and kfb were set to
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be 0.5 and 2, accordingly. kdcn and kff were assigned the following values and 99
combinations were evaluated: kdcn = [50:10:150]; kff = [ 20:5:60].
Figure 20 shows the learning capability values for each of the 99 combinations. Figure
20A shows the existence of a bell shape around the chosen working area. Figure 20B

demonstrates that the area where 90< kdcn <120 and 30< kff <60 shows learning
capability higher than 3. These results represent an existence of a relatively wide range
of the influential parameters, as opposed to a singularity point, which lead to motor
learning.
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capability: zoom in on the 2
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effect

Learning capability as a function of the muscle torque
coefficients kdcn and kff. A- shows the 3D graph. B-2D
graph.
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In addition, the most influential coefficient is the kdcn. Progressing along the x-axis
(kdcn), while kff is kept constant, displays much higher affect in the learning capability.
In our opinion, this result supports the conclusion about the plausibility and the
importance of the cerebellar-olivary connection.

5. Discussion

This work tested whether a classical cerebellar model can perform adaptation to
perturbations when changes are embedded in its mechanism. For this purpose I’ve
updated the classical cerebellar model to be more physiologically plausible by adding a
self-regulating cerebello-olivary loop. Two different setups were simulated using this
loop: using movement error as part of the IO input and when IO inputs didn’t include
movement error.
The first simulation setup followed the learning hypothesis, originally proposed by Marr
(1969) and Albus (1971), which states that the climbing fibers of the IO provide the PC
of the cerebellum with an error signal that indicates inadequate motor activity. This
theory gained support from in vivo recordings that have shown climbing fibers activity
signals errors during number of different motor learning tasks (Simpson & Alley 1974,
Gilbert & Thach 1977). This hypothesis that the parallel fiber-Purkinje cell synapses are
sites of motor learning and that climbing fiber input tends to depress those parallel fiber
synapses, was further supported by strong empirical evidence (Ito 1982, Ekerot and
Kano 1985). In order to ensure an appropriate magnitude of this depression, a feedback
loop seems to be of high importance. This follows Anderson and Hesslow (1987a, 1986)
hypothesis, which suggested that the post-conditioning inhibition is due to the activation
of the inhibitory interposito-olivary pathway (Nelson et al 1984). This hypothesis fits
well with the depression of simple spike firing that follows high frequency climbing
fiber activation (Andersson and Helsslow 1987b). It was further supported by
Andersson and Helsslow (1988) who performed small lesions in the brachium
conjuctivum and observed elimination in the on-of alterations in the inferior olive
excitability.
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The received results were unexpected to some extent. Indeed the model simulations
showed that when IO output (e.g. complex-spike) served as error between the actual and
desired trajectory, the model was able to learn successfully. Furthermore, model
adaptation was observed in both types of perturbations: interaction torques as well as
force field. The IO firing increased with the error and decreased towards the end of the
adaptation, when the error was minimal. This is consistent with the findings of Kitazawa
et al (1998) that complex spikes encode specific information about the errors during a
multi-joint reaching movement. In my simulations, however, IO stopped firing even
though the error in the movement has not gone to zero. This can be explained by the
way the IO membrane potential is updated (equation ( 10)).

Using this equation

learning will occur as long as the firing rate, associated with the real error in the
movement, differs from the DCN firing rate. Once both firing rates become equal the
model stops learning, since it falsely assumes the error has been nulled. Although,
adaptation was not shown to be optimal in this case, an evident increase in stability was
reached. Compared with the original model, the learning process was smoother and
trajectories didn’t experience “loops”, observed in Spoelstra et al. (2000) and Koretski
(2008). Moreover, oscillations, present in the original model, were not observed when
DCN-IO-DCN connection was added. The stability, sustained in the updated model,
might be explained by the intrinsic property of the IO neurons. Normal inferior olive
neurons share sub-threshold membrane oscillations because they are electro-tonically
coupled via dendro-dendritic gap junctions formed by pre- and post-synaptic
connections (Llinas et al 1974, Sotelo et al 1974, Manor et al 1997, De Zeeuw et al
1998). Experiments (Llinas and Yarom 1986) also showed that inferior olive neurons in
a tissue slice can oscillate spontaneously at either 6 or 10 Hz, and some neurons in the
slice have synchronous sub-threshold oscillations at 4–6 Hz (Llinas and Yarom 1986).
This electro-tonic coupling, promotes synchronous activity of complex spikes on groups
of Purkinje cells (Llinas, 2009). When the coupling among neurons becomes strong
enough, the oscillations of many cells can become synchronized, i.e. when one cell fires,
many cells within its neighborhood will also fire. As the strength of the electrical
coupling increases, the size of that neighborhood increases. Thus, the output of the
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inferior olive consists of random discharges from separate groups, or patches, of
neurons.
Several physiological studies indicate that the formation of ensembles of synchronously
firing olivary neurons is a dynamic process that is controlled by the cerebellar GABAergic input to the DCN-IO synapse. Sasaki (1983) demonstrated that the degree of
synchronization of complex spike activity in Purkinje cells can be increased in the
medio-lateral direction and to a lesser extent in the rostro-caudal direction by applying
GABA-receptor antagonists to the inferior olive or by lesioning the central nuclei of the
cerebellum. These data suggest that the cerebellar GABA-ergic terminals that contact
the glomerular spines linked by gap junctions are involved in the regulation of electrotonic coupling and serve to dynamically reassemble functional olivary networks.
Moreover, harmaline-induced oscillatory activity in the cerebellar cortex has previously
been shown to depend on intact olivo-cerebellar connectivity (Llinas et al 1973),
manifesting itself as rhythmic complex-spike activity. Indeed, harmaline acts directly on
IO neurons, inducing rhythmic activity by shifting the activation curve of their lowthreshold Ca2+ conductance (Llinas and Yarom 1986). Harmaline does not change the
basic electro-tonic coupling between IO neurons, but only their propensity to oscillate
and produce spikes. Without harmaline, IO oscillations are non-stationary and
intermittent (Chorev et al 2007), with only a minority of sub-threshold oscillation cycles
producing output spikes. However, an increase in rhythmic complex spike activity
following harmaline was observed in rats (Stratton and Lorden 1991).
These findings can explain the relative stability reached in the model, once DCN- IO
connection was added. Lack of an inhibitory DCN-IO connection will act similar to
GABA-ergic inhibitors. Thus, accentuation of an increase in the IO firing rate might
lead to higher torques issued by the cerebellum. This can in its turn cause an over
correction of the error, leading to a less stable learning process.
Recent evidences suggest that multiple distributed plasticity mechanisms contribute to
cerebellar learning (Boyden 2004, Medina 2000, De Zeeuw and Yeo 2005). However,
climbing fibers triggered plasticity is still widely viewed as being central to cerebellumdependent learning (Medina and Lisberger (2008).Though, Medina and Lisberger
(2008) present a common denominator that is eligible for several existing theories on
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cerebellar learning. They comprise the theory of cerebellar learning through three
separate, but connected, hypotheses. First, climbing fiber inputs are activated when a
movement is inaccurate or erroneous. Second, the activation of the climbing fiber input
engages mechanisms of plasticity that cause changes in synaptic strength and alter the
simple spike responses of Purkinje cells. Third, these changes in cerebellar output lead
to adaptive modification of the motor behavior.
The combination of the three hypotheses fits well with a different set of IO inputs.
When the input signals to the IO were the ideal torque and the actual torque provided to
the muscles (Equation ( 11)), the model behaved differently in several aspects. First,
adaptation to small perturbations, e.g. interaction torques was successful. Moreover, the
errors in the movement reached close to zero values. However, as opposed to previous
simulations, where the IO activity decreased as the error decreased, an opposite trend
was observed. The IO activity actually gradually increased with the decrease in the
movement error until reaching a certain plateau/ stability. These results are supported by
the studies of Kahlon and Liesberger (2000), who analyzed the complex-spike responses
of PCs held through pursuit learning paradigms. They have observed no correlation
between the strength of the complex-spike “error” signal and the presence or size of the
learning-related changes in SS firing. Complex-spike sensitivity to image motion itself
changed during learning but was not consistently attenuated as might be predicted for a
signal that would guide learning. Additional study, performed by Catz &Thier (2005)
during saccadic adaptation, suggests that the modulation of the complex-spike discharge
builds up as performance error decreases, and maximum and stable complex-spike
modulation is found after adaptation has been completed. Catz& Thier (2005) claimed
that if complex-spike discharge serves as a teaching signal then complex-spike spike
trains should convey information on the size and/or direction of the motor error during
saccadic adaptation. Complex-spikes discharge modulations during saccadic adaptation
should be maximal at learning onset and decline in parallel as the motor error decreases
during the course of learning. Their results show that complex-spikes occurred at
random before adaptation onset, i.e., when the error was maximal, and built up to a
specific saccade-related discharge profile only during the course of adaptation,
becoming most pronounced at the end of adaptation, i.e., when the error had gone to
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zero. Therefore, Catz & Thier suggest that complex-spikes firing may underlie the
stabilization of a learned motor behavior, rather than serving as an electrophysiological
correlate of an error. These findings were further observed by Soetedjo and Fuchs
(2006), who studied complex spike activity during behavioral adaptation of Monkey
Saccades. Although, they claimed that that when the error gone to zero the complex
spike firing had gone to zero too, their results (in particular figure 2 in the referenced
work) showed increase in complex spikes during adaptation.
Despite the clear adaptation to interaction torques, the model could not adapt to force
field. An increase in the parallel fibre - comlex spike firing leads to LTD in the Purkinje
synapses and sequential elevation in the firing rate of the DCN. Therefore, elevated IO
activity for a prolonged period of time may cause some sort of saturation in the firing
rate of the DCN. In previous simulation the elbow and shoulder micro-complexes
worked differently for the two types of perturbations. Thus, shoulder micro-complex
was more involved in correction of the interaction torques, while elbow micro-complex
was more pronounced when force field was applied, thereby, allowing the cerebellar
network to reset itself for new type of adaption if required. In this simulation it did not
happen, because DCN activity was already too high and might have caused saturation.
These results, although do not show the model’s ability to adapt to several types of
perturbations, may actually be explained by the hypothesis of multiple plasticity
mechanisms that contribute to cerebellar learning (Boyden 2004, Medina 2000, De
Zeeuw & Yeo 2005). Kenyon (1997) suggests an existence of intrinsic tradeoff between
motor adaptation and long-term storage. Assuming a baseline rate of motor errors is
always present, then repeated performance of any learned movement will generate a
series of climbing fiber-mediated corrections. By reshuffling the synaptic weights
responsible for any given movement, such corrections will degrade the memories for
other learned movements stored in overlapping sets of synapses.
Although, LTD of the parallel fiber–Purkinje cell synapse is a cellular phenomenon that
has been suggested to underlie motor learning, it has been suggested that parallel fiber
LTD, by itself, cannot account for all the properties of cerebellar motor learning. In their
review publication Hansel and colleges (2001) presented additional sites and
mechanisms of plasticity. One site of greater importance, in my opinion, that could have
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a major impact upon the learning process, is plasticity of the synapses received by the
DCN cells. Racine et al (1986)reported a use dependent plasticity of mossy fiber–DCN
synapses in studies of rat cerebellum. Recent work of Aizenman et al (1998) has
indicated that the GABA-ergic Purkinje cell–DCN synapses also exhibit LTP and LTD.
Activation of these synapses with a burst-and-pause stimulus results in a train of
summating hyperpolarizing inhibitory post synaptic potentials followed by a prominent
rebound depolarization and associated spike burst. This rebound depolarization provides
a mechanism by which inhibitory inputs can drive postsynaptic excitation. In these cells,
LTP is elicited by trains of inhibitory post synaptic potentials, which reliably evoke a
rebound depolarization in the DCN neurons. LTD is induced if the same protocol is
applied while the amount of postsynaptic excitation is reduced, and no change is
produced if a Ca2+ transient is applied post-synaptically. The polarity of the change in
synaptic strength is correlated with the amount of rebound depolarization-evoked spike
firing and the amplitude of the resulting postsynaptic Ca2+ transient. These results
suggest that LTP and LTD are triggered by stimuli that result in high and moderate Ca2+
signal amplitudes, respectively, can also apply to inhibitory synapses. If this indeed is
the case, this plasticity mechanism may also explain the results received by the model
simulation when DCN input was added to the Error input in the IO, as a function of IO
membrane potential. The cessation of IO firing even though the performance error was
not zero, leads to a hypothesis of a possible plasticity in the DCN-IO synapse. Thus, the
weight of this synapse should change with the error. However, no clear scientific
evidence was found in support to this hypothesis.
A robust and very close to real physiology model could help in completion of our
cerebellar understanding. Further work in improving the model performances could be
done in several aspects: adding additional plasticity sites or adjusting the IO neuron
dynamics. In this model IO cells are modeled as simple spiking neurons. This doesn’t
take into account a much more complex dynamics of the IO firing pattern (Velarde et al
2002). In addition, this work could be further continued by adding a third important
feature of the IOC to the model; that is create a network of IO cells that can synchronize
their firing and generate a specific firing pattern.
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In summary, a presence of a self-regulating olivo-cerebellar loop produces a more
plausible physiological representation of the human cerebellum than its absence. This is
supported by the studies presented earlier. Moreover, regardless of the IO inputs, the
presence of such loop promotes stabilization in the system. The climbing fibers may
conduct a signal different from error, such as an actual muscle torque and the model
behaves rationally. Thus, motor learning still occur in the cerebellar model if error is
not inputted through the IO to the cerebellum. In total, this classical cerebellar model is
able to account for changes in its mechanism of action (e.g. the presence of the olivocerebellar loop, the absence of error input to the cerebellum through IO) and continue to
function properly.
The contribution of this work is a suggestion that this classical cerebellar model can
account for a mechanism changes and continue to function properly and therefore, it can
be regarded as robust and serve as a solid platform for future cerebellar research and
simulations.
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תקציר:
הקישור העצבי בין המוח הקטן לזית התחתון ) (olivo-cerebellarמאפשר שילוב של המידע
החושי והמוטורי השונה הנכנס אל המוח הקטן ,וככזה ממלא תפקיד חשוב בשליטה המוטורית
ע"י המוח הקטן .כרגע קיימות שתי תיאוריות די שנויות במחלוקת לגבי התפקיד של קישור זה:
)(1עליות המתח הפתאומיות המורכבות ,אשר מיוצרות ע"י סיבים מטפסים )שמהווים המשך
ישיר של הקישור האוליבו-צרבלרי( ,ככל הנראה מעבירות אות של שגיאה ו /או אות מלמד,
שמניע את הפלסטיסיות הסינפטית בקליפת המוח הקטן ,וגורם בסופו של דבר לשינוי הפלט
של עליות המתח הפתאומיות הפשוטות; ) (2במקום להעביר סיגנל של שגיאה ,ירי של עליות
המתח הפתאומיות המורכבות עשוי לשמש להתייצבות של התנהגות מוטורית נלמדת.
עבודה זו מבוססת על יישום התיאוריות הנ"ל במודל קלאסי של המוח הקטן ,המקובל ע"י רוב
החוקרים .מודל זה מדמה תנועות השגה של הזרוע במישור האופקי .בעבודה זו נבדק האם
המודל הקלאסי של המוח הקטן מסוגל לבצע אדפטציה להפרעות במידה ובוצעו שינויים במנגנון
הפעולה שלו .שאלות המחקר שנשאלו הן :האם נוכחותה של הלולאה האוליבו-צרבלרית לויסות
עצמי מהווה ייצוג פיזיולוגי סביר יותר של המוח האנושי הקטן מאשר היעדרה? האם סיבים
מטפסים יכולים להעביר אותות שונים מאשר אלו של שגיאה ,כגון מומנט השריר האמיתי? ואם
כן ,האם הלמידה המוטורית עדיין תתרחש במודל הצרבלרי כאשר אות השגיאה לא מועבר
באמצעות הזית התחתון אל המוח הקטן?
כדי לבדוק שאלות אלו ,עדכנתי את המודל הצרבלרי הקלאסי להיות סביר יותר מבחינה
פיזיולוגית ע"י הוספת לולאה אוליבו -צרבלרית לויסות עצמי .בוצעה סימולציה לשני סוגי תכנים
שונים באמצעות הלולאה :כאשר קלט של הזית התחתון היה מורכב משגיאה של תנועה וכאשר
קלט זה לא כלל את שגיאת התנועה ,אלה הוצג ע"י מומנט השריר בפועל.
עבודה זו מראה כי ,בנוכחותה של הלולאה האוליבו-צרבלרית עם ויסות עצמי ,הייצוג הפיזיולוגי
של המוח הקטן סביר יותר מאשר בהיעדרה .יתר על כן ,ללא קשר לקלטים של הזית התחתון,
נוכחות של לולאה כזו מקדמת יציבות במערכת .המודל עדיין מתאר בצורה סבירה את פעולת
המוח הקטן ,גם כאשר הסיבים המטפסים עשויים להעביר אות ,שאינו שגיאה בתנועה ,כגון
מומנט השריר בפועל .כך ,הלמידה המוטורית עדיין מתרחשת במודל הצרבלרי גם אם השגיאה
אינה מוזנת אל המוח הקטן דרך הזית התחתון.

viii
לסיכום ,המודל הקלאסי הצרבלרי מסוגל להתמודד עם שינויים במנגנון הפעולה שלו ועדיין
להמשיך לתפקד כראוי .הדבר מרמז כי מודל כזה יכול להיחשב בעל חוסן ,ולכן יכול לשמש
פלטפורמה מוצקה לחקר המוח הקטן וסימולציות בעתיד.
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