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Abstract The oculomotor integrator is a brainstem neural
network that converts velocity signals into the position com-
mands necessary for eye-movement control. The cerebellum
can independently adjust the amplitude of eye-movement
commands and the temporal characteristics of neural inte-
gration, but the percentage of integrator neurons that receive
cerebellar input is very small. Adaptive dynamic systems
models, configured using the genetic algorithm, show how
sparse cerebellar inputs could morph the dynamics of the
oculomotor integrator and independently adjust its overall
response amplitude and time course. Dynamic morphing
involves an interplay of opposites, in which some model
Purkinje cells exert positive feedback on the network, while
others exert negative feedback. Positive feedback can be in-
creased to prolong the integrator time course at virtually any
level of negative feedback. The more these two influences op-
pose each other, the larger become the response amplitudes
of the individual units and of the overall integrator network.
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Introduction

The cerebellum powerfully regulates oculomotor subsys-
tems, despite its sparse innervation of the brainstem neu-
ral networks that control eye movements. The mechanism
of this sparse yet powerful regulation remains an enigma.
The oculomotor integrator is a brainstem neural network
that converts eye-velocity signals to eye-position commands
(Robinson, 1989a). It is essential for eye-movement con-
trol by oculomotor subsystems such as the vestibulo-ocular
reflex (VOR) (Robinson, 1989b). We used a combination
of dynamic systems modeling and machine learning tech-
niques to show how the cerebellum could regulate the neural
integrator despite sparse cerebellar innervation of brainstem
neurons.

The VOR provides a well-studied test bed for evaluat-
ing models of cerebellar regulation of the oculomotor neural
integrator. The function of the VOR is to maintain retinal
image stability by producing eye rotations that counterbal-
ance head rotations (Wilson and Melville Jones, 1979). The
brainstem VOR pathway is driven by head velocity signals
from vestibular receptors, which are converted to position
commands by the oculomotor integrator (Robinson, 1989b).
The neural integrator is leaky (imperfect), and decays with a
time constant of about 20 s in primates (Robinson, 1989a).

In mammals, the cerebellum is necessary for regulating
both VOR gain and the integrator time constant. Lesions
of the flocculus and ventral paraflocculus (referred to as
the floccular complex) abolish VOR plasticity (Robinson,
1976; Nagao, 1983; Godaux and Vanderkelen, 1984; Ram-
bold et al., 2002; Nagao and Kitazawa, 2003) and reduce
the integrator time constant to a baseline value (Robinson,
1974; Zee et al., 1981; Chelazzi et al., 1990). Mice with ge-
netic abnormalities of the cerebellum also show integrator
deficits (Stahl and James, 2005) and reduced VOR plasticity
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(Stahl, 2004; Katoh et al., 2005). With a normal, intact cere-
bellum, VOR gain and integrator time constant are indepen-
dently adjustable (Tiliket et al., 1994). Because the position
component dominates velocity in the VOR (Cheron et al.,
1986; Cannon and Robinson, 1987), a significant proportion
of VOR gain adjustment could be due to adjustment of the
integrated component alone. Thus, integrator regulation is
critical.

In mammals, both the VOR and the integrator are medi-
ated by neurons in the medial vestibular (MVN) and preposi-
tus hypoglossi (NPH) nuclei in the brainstem. Many neurons
in the MVN/NPH carry eye position signals (McFarland and
Fuchs, 1992; Stahl and Simpson, 1995; Cheron et al., 1996),
and lesions of the MVN/NPH cause profound integrator
deficits (Cheron et al., 1986; Cannon and Robinson, 1987).
Estimates of the percentage of these neurons that receive in-
puts from floccular Pur-kinje cells range from 20% down to
1% (Babalian and Vidal, 2000; Sekirnjak et al., 2003). Thus,
innervation of brainstem integrator neurons by the cerebellar
flocculus is sparse.

Previous models of the mammalian neural integrator fo-
cused only on the brainstem (Cannon et al., 1983; Arnold and
Robinson, 1991; Anastasio, 1998) and did not consider the
effects of the cerebellar contribution. No previous modeling
studies have addressed the issue of the sparseness of cere-
bellar innervation of brainstem neurons. Our model demon-
strates how the cerebellum could independently regulate the
gain and time constant of the mammalian oculomotor inte-
grator, despite sparse innervation of MVN/NPH neurons by
floccular Purkinje cells.

Methods

Our model is composed of Vunits, which represent neurons
in the vestibular and prepositus nuclei, and Pcells, which
represent Purkinje cells from the floccular complex. We
constrained the general structure of the model according
to neuroanatomical findings (Fig. 1), and ensured that
the innervation of Vunits by Pcells was sparse. We preset
the connectivity between Vunits in various patterns, and
adjusted the connection weights so that integration by the
Vunits alone (without Pcell connections) was very leaky. We
then used the genetic algorithm to find specific connectivity
patterns between the Vunits and Pcells that allow the Pcells,
through adaptive changes in their connection weights, to
regulate integrator time course and response amplitude
independently. We used an efficient grid search to adjust
connection weights during simulated evolution. We then
used reinforcement learning in evolved networks to demon-
strate that independent regulation by Pcells of integrator
time course and response amplitude can occur in a neurobio-
logically plausible manner. Our model is linear, and we used
linear systems techniques to analyze its dynamic behavior.
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Network structure

Previous models of the mammalian neural integrator focused
only on the connectivity among brainstem MVN/NPH neu-
rons (Cannon et al., 1983; Robinson, 1989a; Arnold and
Robinson, 1991; Anastasio, 1998). We extend these mod-
els by including connections with floccular Purkinje cells
(Langer et al., 1985a,b; Biittner-Ennever, 1988; Epema et al.,
1990; Tan and Gerrits, 1992). The brainstem portion of our
model is similar to previous models of the mammalian inte-
grator in that Vunits are arranged on either side of a bilateral
network, and connected over the midline by reciprocal in-
hibition (Cannon et al., 1983; Robinson, 1989a; Arnold and
Robinson, 1991; Anastasio, 1998). This reciprocal interac-
tion is mediated by the commissural fibers that interconnect
the MVN/NPH bilaterally (McCrea et al., 1987; Biittner-
Ennever, 1988). Cutting these fibers produces severe inte-
grator deficits (Anastasio and Robinson, 1991; Arnold and
Robinson, 1997). The brainstem portion of our model varies
both in the number of Vunits and in their connectivity pat-
terns.

Our bilateral networks have equal numbers of Vunits on
each side. Networks have either 20 Vunits (10 per side) or
400 Vunits (200 per side). Each Vunit on one side inhibits the
Vunit directly opposite, and may also inhibit a fixed number
of the neighbors of that Vunit. Networks of 20 Vunits have
either uniform or local patterns of reciprocal inhibitory con-
nectivity between Vunits. In uniform networks, each Vunit
on one side inhibits all Vunits on the opposite side. Local
20-Vunit networks can have closed or open boundaries. Net-
works with closed boundaries are arranged as rings, so that
Vunit-1 and Vunit-10 on each side are neighbors. Networks
with open boundaries are arranged as a bar (Fig. 1(c)), so that
Vunit-1 and Vunit-10 are not neighbors, and the Vunits near
the ends do not have the full compliment of connections. Lo-
cally connected 20-Vunit networks have neighborhood sizes
from zero to four. The neighborhood extends along the V-
unit array in both directions. For example, the local 20-Vunit
network of Fig. 1(c) has a neighborhood size of two, so each
Vunit on one side inhibits the Vunit directly opposite, as well
as the two neighbors above and below that Vunit in the array.
Four is the largest neighborhood size beyond which a closed
20-Vunit network becomes a uniform network. The com-
putational complexity of the 400-Vunit network prohibited
exploration of different Vunit connectivity patterns. Vunit
connectivity in the 400-Vunit network is set arbitrarily to
have a neighborhood size of ten and open boundaries.

The floccular complex receives heavy input bilaterally
from brainstem vestibular neurons, but floccular Purkinje
cells inhibit vestibular neurons on the same (ipsilateral) side
only (Langer et al., 1985a,b; Biittner-Ennever, 1988; Epema
etal., 1990; Tan and Gerrits, 1992). Our basic network struc-
ture respects this constraint (Fig. 1(c)). Pcells inhibit Vunits
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Fig. 1 Patterns of innervation of neural integrator networks by cere-
bellum. The bilaterally symmetric networks are composed of brainstem
vestibular neurons (Vunits, circles) and floccular Purkinje cells (P or
Pcells, triangles). Vunit to Pcell (Vunit-Pcell) connections are excitatory
(forks); all other connections are inhibitory (dots). For simplicity, we
omit cell types such as inhibitory brainstem interneurons and cerebellar
granule cells. Flocculus target neurons (FTNs) are Vunits that receive
input from a Pcell. Pcells can receive from Vunits (including FTNs) bi-
laterally, but project to FTNss only ipsilaterally. (a) In the simplest case,
there are only two Vunits (both FTNs) and two Pcells. The feedback

on the same side only, while Vunits can project to Pcells on ei-
ther side. Vunits that receive input from Pcells are called floc-
culus target neurons (FTNs) (Lisberger and Pavelko, 1988).
All networks have four Pcells (two per side), which is the
minimum number sufficient for dynamic morphing (see Re-
sults).

To enforce the sparseness constraint, each Pcell contacts
only one Vunit (its FTN) on the same side. Because networks
have either 20 Vunits (10 per side) or 400 Vunits (200 per
side), Pcell innervation of Vunits is 20% and 1% in 20- and
400-Vunit networks, respectively. These percentage innerva-
tions span the range as estimated experimentally (Babalian
and Vidal, 2000; Sekirnjak et al., 2003). Except that they
receive input from Pcells, FTNs are treated in the same way
as other Vunits. All Vunits, including FTNs, contribute to
the output, and any Vunit, including FTNs, can potentially
connect to any Pcell. For simplicity, all nonzero Vunit-Pcell
connection weights take the same value, which is 1 in 20-
Vunit networks, and 0.005 in 400-Vunit networks.

Even with these neuroanatomical constraints, there are
a huge number of different network configurations. We in-

loop through the Pcells potentially augments the reciprocal feedback
between the Vunits. Adjusting the strength of the Pcell feedback loop
(which we model simply by tuning the weights from Pcells to FTNs)
can adjust the integrator time constant, but independent control of time
constant and gain is not possible. (b) Two Pcells (one per side) can also
adjust the time constant in larger networks, but independent control of
time constant and gain is again not possible. (c) With four Pcells (two
per side) independent control of time constant and gain is possible.
Only some of the potential Vunit-Pcell connections are shown in (b)
and (c)

troduced several simplifications to reduce this huge num-
ber. Neither Vunits nor Pcells project to themselves. Pcells
do not interconnect, whether ipsilaterally or contralaterally.
Vunits receive input from outside the network, but Pcells do
not. The main simplification is bilateral symmetry. The in-
hibitory commissural connections between Vunits on either
side are symmetrical. The connections among Vunits and
Pcells are the same on both sides. Vunit to Pcell connections
are specified by four sets of connections, which are the same
for Pcells on both sides: ipsilateral Vunit to Pcell-1, ipsi-
lateral Vunit to Pcell-2, contralateral Vunit to Pcell-1, and
contralateral Vunit to Pcell-2. FTN locations, and the single
connection from Pcell-1 or Pcell-2 to its FTN, are the same
on both sides.

There is an important distinction between network sym-
metry and bilateral symmetry. The integrator model with
Pcell input is bilaterally symmetric because the connec-
tions between Vunits, the connections from Vunits to Pcells,
and the connections from Pcells to Vunits are the same on
both sides. The network itself is asymmetric because Pcells
project to Vunits on the same side only, but Vunits can project
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to Pcells on both sides. Network asymmetry is essential for
dynamic morphing (see Results and Discussion). The bilat-
eral symmetry constraint, which we impose to make genetic
search more tractable, is not necessary for dynamic morph-
ing. We also demonstrate dynamic morphing in networks
that have randomized Vunit interconnections and bilaterally
asymmetric FTN locations (see Results).

Network dynamics

Brainstem MVN/NPH neurons (Vunits) and floccular Pur-
kinje cells (Pcells) are modeled as linear, first-order units. A
network of such units can be described in state space form
and analyzed in terms of its eigenvectors and eigenvalues.
Eigenvectors determine the patterns of response amplitude
among the units in the network, while the eigenvalues de-
termine the time course over which their associated patterns
will persist. This time course is expressed most naturally
as a time constant, which is the opposite reciprocal of the
real part of an eigenvalue. The dominant eigenvector is as-
sociated with the eigenvalue that corresponds to the longest
time constant. Eigenvalues and eigenvectors can be real or
complex. Complex eigenvalues (and eigenvectors) occur in
complex conjugate pairs. These complex modes produce os-
cillatory responses, where the frequency of oscillation in ra-
dians/second is equal to the absolute value of the imaginary
part of the complex eigenvalues (Luenberger, 1979).

Use of linear Vunits is justified because the firing rates
of MVN/NPH neurons are linearly related to eye position
and velocity over the oculomotor range (McFarland and
Fuchs, 1992; Stahl and Simpson, 1995; Cheron et al.,
1996). While the relationship between firing rate and
eye-movement parameters is piecewise-linear (different
slopes for ipsilateral and contralateral eye movements) for
most flocccular Purkinje cells (Miles et al., 1980a; Lisberger
etal., 1994b), we approximate Pcell behavior as linear in this
initial model. Vunit and Pcell dynamics are described by

Ty(0) + y() = vx(r) &)

where y(f) represents the firing rate of the unit, x() is its input,
v its sensitivity, and t is the single-neuron time constant. A
single neuron acts as a leaky integrator, but its time constant is
too short. The single-neuron time constant can be lengthened
by positive feedback, as occurs in neural network models of
the integrator (Cannon et al., 1983; Robinson, 1989a; Arnold
and Robinson, 1991; Anastasio, 1998). Recent mouse brain
slice experiments reveal that MVN/NPH neurons have
single-neuron time constants near 10 ms (Sekirnjak and
du Lac, 2006). In order to demonstrate the robustness of
integrator models, the single-neuron time constant T is
traditionally set to the low value of 5 ms (Robinson, 1989a).
We set T to 5 ms to demonstrate the robustness of our model.
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The network of linear, first-order Vunits and Pcells with
single-neuron time constant T can be described in matrix
notation as:

ty(1) +y(@) = Wy@®) + vx(r) (@)

where W is a matrix of weights interconnecting the units,
and v is a vector of input weights. The structures of W and
v conform to the network structure described in the pre-
vious subsection. For simplicity, all reciprocal connections
between Vunits have the same weight. In the absence of
the cerebellum in mammals, the integrator time constant is
reduced to 1 s or less (Robinson, 1974 ; Zee et al., 1981;
Chelazzi et al., 1990). To demonstrate the robustness of the
model, we set the time constant of the integrator network
without Pcells to the low value of 0.2 s. We used a grid
search (see below) to set the common weight value of the
reciprocal connections between Vunits to produce the 0.2 s
time constant.

The network can be represented in state space form (Lu-
enberger, 1979) as:
y(t) = Ay(?) + bx(2),

A=1/t(W-D, b=1/t(v)

3)

where I is the identity matrix and 7 is the single-neuron time
constant. For simplicity, we do not scale input vector b, so b
simply equals v (Eq. (2)). The input x(¢) is a scalar function
of time that is transmitted to all Vunits by input vector b.
When x(¢) is an impulse, the response of Eq. (3) is:

YO =) aiee™’,  o; =f1b/fe; )
i=1

where 7 is the number of units in the network. The A; are the
eigenvalues, and the e; and f; are the associated eigenvectors
and adjoint eigenvectors of the network, which satisfy:

Ae,‘ = )\.l'e,‘ and flTA = )\.,f’T (5)

The impulse response completely characterizes the dynamic
behavior of the units. The amplitude of its impulse response
is equivalent to the response gain of each unit.

Reciprocal inhibition in the model produces net positive
feedback, which lengthens the time constants of the unit
responses, but also rejects input spontaneous activity, and
so integrates only differential (push-pull) input signals. The
input vector b (Eq. (3)) is set to excite left-side Vunits with
weight 1, and to inhibit right-side Vunits with weight — 1
(Fig. 3(a)). Vector b thus provides a push-pull input to the
Vunits, and the Vunit responses are therefore push-pull also.
We compute the eye position command from the network



J Comput Neurosci (2007) 22:239-254

243

(Vcommand) as the sum of the Vunit responses on one side,
minus the sum of the Vunit responses on the other side.

The long-duration behavior of the integrator network is
determined by the eigenvalue (A;) and eigenvector (e;) as-
sociated with the longest time constant (7). The dominant
time constant 7| equals — 1/A; when A, is real. It is neces-
sary to scale dominant eigenvector e; by «; (Eq. (4)). The
gain (g) of the integrator (Vcommand gain) will mostly re-
flect the contribution due to the scaled dominant eigenvector
(x1e1). We closely approximate g by finding the difference
between the sums of the values of the elements of «e; that
correspond to the Vunits on either side of the network. If
there are n, Vunits, with half on either side, then integrator
(Vcommand) gain g can be computed as:

ny/2 ny

g=a Zel,j_ Z e (6)
j=1

J=(n,/2)+1
Grid search

We used a grid search (Bevington, 1969) in bilaterally sym-
metric networks to tune the common value of the Vunit re-
ciprocally inhibitory interconnection weights, and the Pcell
to FTN weights (which we refer to simply as Pcell weights).
To set the time constant of the brainstem portion of the model
(without Pcells) using a grid search, we increment the ab-
solute value of the Vunit interconnection weights in fixed
steps until the desired time constant of 0.2 s is exceeded. We
then remove the last increment from the weight value, reduce
the increment by a factor of ten, and repeat the process un-
til the desired time constant is attained within a tolerance of
0.0001. To set the time constant for a fixed value of the Pcell-
2 weight, we tune the absolute value of the Pcell-1 weight,
as described above, until the desired time constant (e.g. 2 s,
20 s, or 200 s) is attained within a tolerance of 0.001. To
set the time constant and gain using a nested grid search, we
increment the absolute value of the Pcell-2 weight using the
grid search until the desired gain is attained within tolerance,
but for each increment of the Pcell-2 weight, we tune the ab-
solute value of the Pcell-1 weight using the grid search to
attain the desired time constant within tolerance. Tolerance
for both gain and time constant is 0.001. The nested grid
search method is efficient, and reaches tolerance after two
thousand iterations on average.

Reinforcement learning

We used reinforcement learning (Sutton and Barto, 1998)
to tune Pcell weights in both bilaterally symmetric and bi-
laterally asymmetric networks. In bilaterally symmetric net-
works, the Pcell-1 weight is the same on both sides, and
similarly for the Pcell-2 weight. In bilaterally asymmetric

networks, all four Pcell weights are independently modi-
fiable. On each cycle of reinforcement learning in bilater-
ally symmetric networks, we randomly perturb the Pcell-1
weights by the same amount on both sides, and similarly for
the Pcell-2 weights. In bilaterally asymmetric networks we
independently perturb all four Pcell weights. In either case,
all perturbations are retained if the combined error between
the actual and desired time constant and gain decreases. Per-
turbing all modifiable weights simultaneously is neurobio-
logically more plausible than perturbing one at a time, but
still allows learning to occur. Pcell weight perturbations are
drawn from a zero-mean Gaussian. To improve performance
in high-gain cases, we decrease the variance of the pertur-
bations as learning proceeds, and apply unequal scaling to
the perturbations of the weights of Pcell-1 and Pcell-2. We
also apply unequal scaling to the components of the error
due to time constant and gain. The reinforcement strategy is
inefficient, and requires more than ten thousand iterations to
produce a good fit.

Genetic algorithm

We used the genetic algorithm (Holland, 1975; Goldberg,
1989) to search the space of possible, bilaterally symmet-
ric network configurations. Binary chromosomes encode the
pattern of Vunit-Pcell connectivity (20- and 400-Vunit net-
works) and FTN locations (20-Vunit networks only). Each
bit in the population (composed of 20 chromosomes) ini-
tially takes value 1 with probability 0.5. Populations evolve
for 100 or 5000 generations for 20- and 400-Vunit networks,
respectively. On every generation, each bit in the population
mutates with probability 0.002. Also on every generation, the
algorithm chooses four chromosomes for mating to produce
four offspring, and chooses four other chromosomes for re-
placement. Mating pairs copy then recombine their chromo-
somes at random cross-over points. The algorithm chooses
mating and replacement pairs with probabilities proportional
to their fitness. The fitness of a chromosome depends on the
ability of the network it encodes to adjust gain by changing
Pcell weights, while keeping the time constant at 20 s. We
determine fitness by holding the Pcell-2 weight at a series of
preset values (— 0.1 to — 2), and tuning the Pcell-1 weight,
using the grid search, until a time constant of 20 s is at-
tained within a tolerance of 0.001. We compute integrator
(Vcommand) gain (Eq. (6)) from the response using the pre-
set value for the Pcell-2 weight, and the grid search result for
the Pcell-1 weight, provided that these weights also produce
a real dominant eigenvalue corresponding to a time constant
of 20 s. We then compute fitness as the difference between
the maximal and minimal gains over the series. To ensure
sharp response onsets, we discount fitness by a factor related
to the ratio of the absolute real parts of the dominant and first
subdominant eigenvalues.
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All simulations and analyses were carried out using MAT-
LAB (The MathWorks).

Results

We used our model to demonstrate how the cerebellum
could independently regulate the gain and time constant of
the mammalian oculomotor integrator, despite sparse inner-
vation of MVN/NPH neurons by floccular Purkinje cells.
Model units representing MVN/NPH neurons and floccu-
lar Purkinje cells are called Vunits and Pcells, respectively.
V-units that receive input from Pcells are called flocculus
target neurons (FTNs). Vunits and Pcells are modeled as lin-
ear, first-order units, and the networks composed of Vunits
and Pcells are described in state space form and analyzed in
terms of their eigenvectors and eigenvalues (see Methods).
The dominant eigenvalue determines the time constant of the
integrator network. The networks operate in push-pull, and
the eye position command from a network (Vcommand) is
taken as the sum of the Vunit responses on one side, mi-
nus the sum of the Vunit responses on the other side (see
Methods). The gain of the integrator (Vcommand gain) will
mostly reflect the contribution due to the scaled dominant
eigenvector (Eq. (6) in Methods).

Inhibitory Pcells could regulate integrator networks by
augmenting the net positive feedback among Vunits. The
simplest bilateral integrator network with Pcells has two V-
units (both FTNs) and two Pcells (Fig. 1(a)). If the Pcells
receive a preponderance of input from the FTN on the oppo-
site (contralateral) side then, by tuning their weights to the
FTNs, they could adjust the value of the dominant time con-
stant (for discussion of sites of learning see Discussion). In
the two-Vunit case, independent adjustment of time constant
and integrator gain is not possible. Each Pcell weight setting
will be associated with a unique dominant time constant, and
a unique, scaled dominant eigenvector and integrator gain.
This situation is not changed by increasing the number of
Vunits (Fig. 1(b)). Regardless of the number of Vunits, or
the connectivity among the Vunits and Pcells, each Pcell
weight setting will correspond to a unique dominant time
constant, scaled dominant eigenvector, and integrator gain.
Independent adjustment of time constant and gain is again
not possible. It is possible to achieve independent adjustment
of integrator time constant and gain by adding just one more
pair of Pcells (Fig. 1(c)). The problem is determining how to
configure the network.

Exploring configurations with 20% cerebellar innervation

Our goal was to find network configurations, characterized
by sparse Pcell innervation of Vunits, in which Pcells can
independently adjust integrator time constant and gain. To
ensure sparseness, each network has only four Pcells (two
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Pcells per side), and each Pcell contacts only one FTN. The
networks are bilaterally symmetric. Thus, networks with
20 Vunits (10 Vunits per side) have a 20% innervation of
Vunits by Pcells. The weights of the connections between
the Vunits take the same value, and the Vunit to Pcell (Vunit-
Pcell) weights also take the same value (see Methods). While
these constraints on network structure greatly simplify the
problem, there remain a huge number of possible network
configurations. In the 20-Vunit network there are 2*° ways in
which the Vunits can project to the Pcells, and 100 ways the
Pcells can project to the Vunits, for a total of over 10'* pos-
sible network configurations. We used the genetic algorithm
(see Methods) to search this vast configuration space.

We encoded the phenotype (configuration) of each 20-
Vunit network using a chromosome (binary string) specify-
ing the FTN locations and Vunit-Pcell connectivity pattern.
The genetic algorithm operated on a population of these
chromosomes. We subjected ten sets of 200 populations to
simulated evolution. Each set has its own pattern for the re-
ciprocal connections between Vunits (uniform, or closed or
open, with neighborhood size from zero to four; see Meth-
ods). The fitness of a chromosome depends on the range over
which the network it encodes can change integrator gain,
through changes in Pcell to FTN weights (Pcell weights),
while holding the time constant at 20 s. In the absence of
network connections, all units would have a gain of 1, and
the integrator gain (Vcommand gain) for a 20-Vunit network
would be 20. Since mammals can adaptively halve or dou-
ble their VOR gains (Robinson, 1976; Nagao, 1983; Godaux
and Vanderkelen, 1984; Rambold et al., 2002; Nagao and
Kitazawa, 2003), a minimally fit network should have a fit-
ness of 80, so it can match the minimal gain of 20 and double
it twice. For robustness, we set the criterion fitness at 100.
Almost 30% of populations in each set produced a fittest
chromosome that attained fitness of 100 or greater. Thus,
a mechanism for independent adjustment of time constant
and gain evolves in our model integrator networks with Pcell
innervation. This mechanism, which we term dynamic mor-
phing, is described in detail in a later subsection, following
analysis of the configurations of fit evolved networks.

The genetic algorithm found fit networks in all sets,
regardless of the pattern of reciprocal connections between
Vunits. We analyzed the configurations of fit networks and
took statistics on FTN locations and Vunit-Pcell connec-
tions. The evolved configurations of fit networks varied. On
average, FTN-1 and FTN-2 had a separation between them
of two Vunits, and were located at a distance of three Vunits
from either end in networks with open configurations.
Fewer than 1% of the fit networks actually had FTN-1 and
FTN-2 at identical locations. Thus, while at least two Pcells
per side are needed for independent adjustment of time
constant and gain, both can work through the same FTN.
Pcells could receive inputs from FTNs and other Vunits



J Comput Neurosci (2007) 22:239-254

245

alike, both ipsilaterally and contralaterally, though Pcell-1
and Pcell-2 received a preponderance of contralateral
and ipsilateral input, respectively. Half of the potential
Vunit-Pcell connections were utilized in fit networks.

The performance of a fit example network, with a Vunit
interconnection neighborhood of two, is shown in Fig. 2(a).
This open network has FTN-1 and FTN-2 at locations four
and seven, and therefore represents the average configura-
tion found by genetic search. To achieve specific combina-
tions of time constant and gain, we nested the grid search to
tune both the Pcell-1 and the Pcell-2 weights (see Methods).
Figure 2(a) depicts a range of gain and time constant adjust-
ment that encompasses the range observed experimentally
(Robinson, 1976; Nagao, 1983; Godaux and Vanderkelen,
1984; Tiliket et al., 1994; Rambold et al., 2002; Nagao and
Kitazawa, 2003).

The grid search used to tune Pcell weights is efficient (see
Methods) but implausible neurobiologically. To explore a
more plausible alternative, we trained the 20-Vunit example
network using a reinforcement strategy (see Methods), and
found Pcell weights to accurately reproduce all of the com-
binations of time constant and gain that were found using
the grid search (Fig. 2(a)). The details of cerebellar learning
are outside the focus of this study (see Discussion), but the
results show that Pcell weights can be learned via adaptive
mechanisms in the model, and it is reasonable to assume that
they can be learned in the real brain also.

Altering evolved configurations

Genetic search found many ways to solve the problem of
independent adjustment of time constant and gain, but so-
lutions were specific. We examined network specificities by
altering their configurations. Alterations involve moving an
FTN location or changing (making or breaking) a Vunit-
Pcell connection bilaterally. These alterations sometimes re-
sult in instability, and almost always change the dominant
time constant. To ease comparison between them, we use
the grid search on all altered networks to tune the Pcell-
1 weight to yield a dominant time constant of 20 s, while
holding the Pcell-2 weight at the mid-gain value. Changes in
network configuration usually degrade performance, either
by decreasing gain, or by causing network responses (of all
Vunits, FTNs, Pcells, and the Vcommand) to oscillate.
Altering (making or breaking) a Vunit-Pcell connection
bilaterally in the example network either decreases integrator
gain (22 of 40 Vunit-Pcell connections), or causes oscillation
(18 of 40). The integrator model with Pcell input, like the
real network, is susceptible to oscillation because its connec-
tivity is asymmetric (see Discussion). The presence of oscil-
lation is determined from the numeric type of the dominant
eigenvalue. If it is real then the dominant mode is purely
exponential, but if it is complex then the dominant mode
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Fig. 2 Network response (Vcommand), under normal and patholog-
ical conditions, in the example, 20-Vunit network with four Pcells (as
in Fig. 1(c)). (a) Through changes in the Pcell to FTN weights (Pcell
weights), the normal network can achieve any time constant, and inde-
pendently adjust integrator gain (Vcommand gain) over a broad range
(time constants: 2 s, 20 s, and 200 s; gains: 50, 100, and 200). We trained
Pcell weights using either a grid search (solid curves) or a reinforcement
strategy (dashed curves). (b) Altering the normal network, by introduc-
ing an ipsilateral connection from Vunit-1 to Pcell-2 bilaterally, causes
the network response to oscillate

is oscillatory. Making a normally absent connection from
Vunit-1 to Pcell-2 causes the example network to oscillate
at 8 Hz (Fig. 2(b)). Oscillations due to altering a Vunit-Pcell
connection bilaterally in the example network range in fre-
quency from 6 Hz to 38 Hz. These alterations correspond
to point mutations of the chromosomes specifying network
configurations (see Discussion).

In the integrator model with Pcell input, the numeric type
of the dominant eigenvalue is determined both by the pattern
of Vunit-Pcell connectivity and by the value of the Pcell to
FTN weights (Pcell weights). As explained below, integrator
gain is regulated by the Pcell-2 weight. In most fit networks,
integrator gain is limited by the change in the dominant
eigenvalue from real to complex as the Pcell-2 weight is
increased past a certain value, which itself depends on net-
work configuration. Conversely, oscillation due to alteration
in Vunit-Pcell connectivity can be removed through adjust-
ment of the Pcell weights in some networks, again depend-
ing on their specific connectivity. Presumably, the ability to
plastically modify the Vunit-Pcell weights should prevent
integrator oscillation in normal mammals (see Discussion).
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Fig.3 Analysis of dynamic
morphing in the 20-Vunit 1F
network. The response
amplitudes of the units in the
network, and so the integrator
(Vcommand) gain, are
determined by the dominant
eigenvector after it has been
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The mechanism of dynamic morphing

Dynamic morphing is a mechanism by which the integrator
gain and the integrator time constant can be independently
adjusted. Because the integrator networks considered here
are linear, the dynamic morphing phenomenon can be de-
scribed using the results of linear analysis. The behavior of a
linear network is determined mostly by the dominant eigen-
value and the scaled dominant eigenvector (see Methods).
The dominant eigenvalue in fit integrator networks is real,
and the integrator time constant is equal to its opposite recip-
rocal. The gain of the integrator (Vcommand gain), which
is proportional to the sum of the Vunit responses on the left
side minus the sum on the right (Eq. (6)), depends on the
amplitudes of the responses of the units. The unit response
amplitudes are mostly determined by the dominant eigen-
vector after it has been scaled by its coefficient o) (Eq. (4)).
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Coefficient «; is a function of the input vector, the dominant
eigenvector, and its associated adjoint eigenvector (Eq. (4)).
Figure 3 shows how relatively small rotations of the
dominant eigenvector and its adjoint can lead to relatively
large changes in «; and in the scaled dominant eigenvector
(Fig. 3(d)). The vectors are those of the 20-Vunit example
network, at a time constant of 20 s and at three different
levels of integrator gain (50, +; 100, x ; and 200, *). The
elements of the input vector (Fig. 3(a)) are the same at all
gain levels. Dynamic morphing causes both the dominant
eigenvector (Fig. 3(b)) and its adjoint vector (Fig. 3(c)) to
rotate slightly as it changes integrator (Vcommand) gain.
The amount of rotation can be quantified as the length of
the vector that is the difference between the eigenvectors, or
their adjoints, before and after rotation. Because the domi-
nant eigenvector and its adjoint are unit vectors, and because
a vector rotated by the maximal amount will point in the
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direction opposite to its original direction, the maximal
length of the difference vector would be two. The actual
difference vectors for dominant eigenvector or adjoint rota-
tions range in length from 1% to 6.5% of maximal. Thus, the
rotations are small, but they produce large changes in «;.

Coefficient « is computed as the scalar product of the
input vector and the adjoint vector, divided by the scalar
product of the dominant eigenvector and the adjoint vector
(Eq. (4)). The reason that small rotations in the dominant
eigenvector and its adjoint cause large changes in o/ is that
the dominant eigenvector and its adjoint are nearly orthogo-
nal. Therefore, their scalar product is close to zero. Because
the scalar product of the dominant eigenvector and its adjoint
occurs in the denominator of the relation determining «; (Eq.
(4)), small rotations in those vectors cause large changes in
a1, which in turn cause large changes in the overall inte-
grator (Vcommand) gain (Eq. (6)). Thus, the dynamic mor-
phing mechanism increases Vcommand gain by making the
dominant eigenvector and its adjoint more orthogonal. The
near orthogonality of the dominant eigenvector and its ad-
joint, or indeed any angular separation between eigenvectors
and their adjoints, is possible only in asymmetric systems
(Luenberger, 1979). Thus, the dynamic morphing mecha-
nism depends on the asymmetry of the integrator network
with Pcell input (see Discussion).

The gain changes analyzed in Fig. 3 were made while
holding the time constant at 20 s, but similar gain changes
can be made while holding the time constant at any value over
a broad range (e.g. Fig. 2(a)). Alternatively, the gain can be
held constant while the time constant is varied over a broad
range (e.g. Fig. 2(a)). In holding gain constant, the domi-
nant eigenvector and its adjoint are not rotated (not shown),
even as the dominant eigenvalue, and so the time constant,
are varied over several orders of magnitude. Thus, dynamic
morphing involves rotating the dominant eigenvector, and its
adjoint, while holding the dominant eigenvalue constant, or
keeping the directions of the dominant eigenvector and its
adjoint constant while changing the dominant eigenvalue.

On a more qualitative level, morphing involves changing
the shape of the scaled dominant eigenvector. In the inte-
grator networks with Pcell innervation, morphing produces
changes in the response amplitudes of the Vunits. The Pcells
change the Vunit response amplitudes by pulling their re-
sponses in opposite directions. Basically, Pcell-1 pulls up the
responses of FTN-1 and its Vunit neighbors, while Pcell-2
pulls down the responses of FTN-2 and its Vunit neighbors.
This pulling increases the response amplitudes of FTN-1
(and its Vunit neighbors) more than it decreases the response
amplitudes of FTN-2 (and its Vunit neighbors). Thus the
Vcommand is positive, and the more strongly the Pcells op-
pose each other (i.e. the harder they try to pull apart the
responses of the Vunits), the larger the Vcommand gain (in-
tegrator gain) becomes.

Regardless of their FTN positions or Vunit-Pcell con-
nectivities, all fit networks show the same pattern of Pcell
responses. Neural responses in bilateral VOR pathways can
be described as type I or type II, according to whether they
increase (type I) or decrease (type II) their firing rate when
their ipsilateral input increases (Wilson and Melvill Jones,
1979). In all fit networks, Pcell-1 has a type Il response, while
Pcell-2 has a type I response (Fig. 4(a)). Pcells are inhibitory.
Thus, FTN-1 is type I because it receives input from Pcell-1,
which is type II. FTN-2 is likewise type II (Fig. 4(c)).

The effects of Pcell feedback are reflected by the scaled
dominant eigenvector, which determines the response am-
plitudes of the units. Figure 4(b) shows the elements of the
scaled eigenvector. Each element of the scaled eigenvector
largely determines the gain, and so the amplitude of the im-
pulse response, of its corresponding Vunit. For example, the
fourth element of the scaled eigenvector (within the gray
bar) corresponds to FTN-1 (Fig. 4(b)). Figure 4(b) shows the
elements of the scaled eigenvector at each of three levels of
integrator gain. The crosses correspond to a gain of 100. The
responses of the Vunits (including the FTNs) at an integrator
gain of 100 are shown in Fig. 4(c). Note in Fig. 4(b) that the
fourth element of the scaled eigenvector (corresponding to
FTN-1) at an integrator gain of 100 (the fourth cross from the
left) has a value near 30. This largely determines the gain, and
so the amplitude of the impulse response, of FTN-1, which is
almost 30 at an integrator gain of 100 (Fig. 4(c)). The other
elements of the scaled eigenvector at an integrator gain of
100 (crosses in Fig. 4(b)) likewise determine the response
amplitudes of the other Vunits (including FTN-2) at an inte-
grator gain of 100 (Fig. 4(c)). Figure 4(b) shows the elements
of the scaled dominant eigenvector at three different levels
of integrator gain (50, 100, and 200) but, for clarity, Fig. 4(c)
only shows the Vunit (including FTN) impulses responses at
an integrator gain of 100

Although response amplitudes change less for Pcell-1
than for Pcell-2, increases in integrator gain are associated
with increases in the response amplitudes of both Pcell-1 and
Pcell-2 (Fig. 4(a)). Increases in the response amplitudes of
Pcell-1 and Pcell-2 in turn cause increases in the response
amplitudes of both FTN-1 and FTN-2 (Fig. 4(b)). Because
of Vunit interconnectivity, FTN responses are transmitted
throughout the network. Some Vunits have their responses
pulled up by FTN-1, while others have their responses pulled
down by FTN-2 (Fig. 4(b)). The amplitudes of both type I
and type II FTNs and Vunits increase together, but the type
I increase more than the type II. The result is a net increase
in integrator gain (Vcommand gain).

Dynamic morphing results from an interplay of opposites.
Because Pcells are inhibitory, Pcell-1 (type II) and Pcell-2
(type I) exert positive and negative feedback, respectively.
Positive feedback by Pcell-1 must overcome negative feed-
back by Pcell-2 to achieve time constant lengthening. This
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tug-of-war is what changes Vunit (and FTN) response ampli-
tudes and produces adjustment of integrator gain. Basically,
positive feedback can be increased to achieve virtually any
time constant at any level of negative feedback, but the more
these two influences oppose each other, the more the unit
response amplitudes are increased, and the larger the overall
integrator gain becomes.

The Pcells evolve to be of specific types because of the
way their fitness is evaluated. To evaluate fitness, the Pcell-
2 weight is held fixed at various levels, while the Pcell-1
weight is tuned to adjust the time constant. Thus, Pcell-1
evolves to be type II because it is responsible for producing
the positive feedback that is needed to lengthen the inte-
grator time constant. Pcell-2 evolves to be type I so that it
can exert the negative feedback necessary to adjust the unit
response amplitudes and produce gain changes. Pcell type
depends on the input received from Vunits. Evolved net-
works tend to have more type I than type II Vunits. Thus,
Pcell-1 (type II) and Pcell-2 (type I) receive the preponder-
ance of their input from the contralateral and ipsilateral sides,
respectively.

Reinforcement learning in bilaterally asymmetric networks

We used a regular and bilaterally symmetric structure to fa-
cilitate evolution and comparison of network configurations
and analysis of network dynamics, but these constraints are
by no means necessary for network performance. It is also
possible to achieve independent adjustment of time constant
and gain in bilaterally asymmetric networks. The robustness
of the dynamic morphing phenomenon is illustrated using
the 20-Vunit example network (Fig. 5). First, the reciprocal
connections between the Vunits are randomly perturbed, in-
dependently on either side (Fig. 5(a) and (b)), and scaled to
produce a dominant time constant of 0.2 s without Pcell feed-

Fig. 4 Response analysis in the example, 20-Vunit integrator network »

at a time constant of 20 s. (a) The response amplitudes of Pcell-1 (type
II, lower negative curves) and Pcell-2 (type I, upper positive curves)
increase as integrator (Vcommand) gain increases. The responses of
left-side Pcells at three different Vcommand gains are shown (gains:
50, dotted; 100, dashed; 200, solid). Right-side Pcell responses (not
shown) are the additive inverses of those on the left side. (b) The scaled
dominant eigenvector, which determines the unit response amplitudes,
changes as Vcommand gain increases. Elements 4 and 7 (within gray
bars) correspond to FTN-1 and FTN-2, respectively, while the other el-
ements correspond to the Vunits, on the left side (gains: 50, +; 100, x ;
200, * ). (c) The impulse responses of the FTNs (solid) and other Vunits
(dashed) are almost completely determined by the dominant eigenvalue
(corresponding to a 20 s time constant) and the scaled dominant eigen-
vector (shown in (b)). The example responses are for FTNs and Vunits
on the left side at the middle Vcommand gain of 100. Right-side FTN
and Vunit eigenvector elements and unit responses (not shown) are the
additive inverses of those on the left side. The convention of showing
only responses on the left side will be followed in subsequent figures
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back. Then the FTNs are positioned asymmetrically (FTN-1
is located at position three and four, and FTN-2 at seven and
eight, on the left and right sides, respectively). Finally, the
four Pcell weights are trained using reinforcement learning
(see Methods) to achieve three different levels of Vcom-
mand gain at a time constant of 20 s (Fig. 5(c)). The behav-
ior of the Pcells, FTNs, and other Vunits is similar in the
randomly perturbed, bilaterally asymmetric network (Fig.
5(d)—(f)) and in the regular, bilaterally symmetric network
(Fig. 4).
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Fig. 5 Response analysis in the example 20-Vunit integrator network
with randomly perturbed Vunit interconnections and asymmetric FTN
locations. FTN-1 is located at position 3 and 4 on left and right, and
FTN-2 is located at position 7 and 8 on left and right, respectively. (a)
Perturbed weights of connections from Vunits on the right to Vunits on
the left. (b) Perturbed weights of connections from Vunits on the left
to Vunits on the right. Both Vunit weight arrays, if unperturbed, would
have a value of —0.21 along a diagonal band down the center and
zero elsewhere. (c) The network is able to independently adjust time
constant and gain despite randomly perturbed Vunit interconnections
and asymmetric FTN locations. Shown are three different Vcommand
gains (50, dotted; 100, dashed; 200, solid) at a time constant of 20 s.
The same gains are attainable over a range of different time constants

As previously mentioned, alterations in evolved net-
work structure, which involve moving an FTN location or
changing (making or breaking) a Vunit-Pcell connection
bilaterally, often degrade network performance. These al-
terations almost always change the dominant time con-
stant, which can be reset by tuning the Pcell-1 weight
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(not shown). (d) As in the unperturbed network, Pcell-2 is type I while
Pcell-1 is type II. The responses of left-side Pcells at the different
Vcommand gains are shown (50, dotted; 100, dashed; 200, solid). (e)
Opposing Pcell feedback alters the scaled dominant eigenvector. The
elements of the scaled eigenvector corresponding to Vunits (including
FTNs) on the left side are shown at the three Vcommand gains (50, +;
100, x ; 200, ). Gray bars mark the FTNs. (f) The scaled eigenvector
determines the Vunit (and FTN) response amplitudes. The responses
of FTNs and other Vunits on the left side are shown at the middle
Vcommand gain of 100 (FTNs, solid; other Vunits, dashed). Thus, the
behavior of the perturbed, bilaterally asymmetric network is essentially
the same as that of the bilaterally symmetric network

alone. In many altered networks, it is also possible to in-
dependently adjust time constant and gain by tuning both
the Pcell-1 and Pcell-2 weights, as in the normal network.
The ability to adaptively tune the Pcell contribution makes
dynamic morphing by sparse Pcell innervation a robust
phenomenon.
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Fig. 6 Response analysis of a 400-Vunit integrator network at a time
constant of 20 s. (a) Independent adjustment of time constant and gain
is possible in the 400-Vunit network, despite very sparse (1%) Pcell
innervation. Shown are three different Vcommand gains (1000, dotted;
2000, dashed; 4000, solid) at a time constant of 20 s. The same gains
are attainable over a range of different time constants (not shown).
(b) As in 20-Vunit networks, Pcell-2 is type I while Pcell-1 is type
II. The responses of left-side Pcells are shown at the three Vcommand
gains (1000, dotted; 2000, dashed; 4000, solid). (c) Adjustment of Pcell
weights alters the scaled dominant eigenvector. Element 67 corresponds

Dynamic morphing with 1% cerebellar innervation

The 20-Vunit networks, with four Pcells, demonstrate
how Purkinje cells could regulate oculomotor integrator
dynamics despite only 20% innervation of integrator neu-
rons by the flocculus. To investigate 1% innervation, we
expanded the network to 400 Vunits, keeping the number
of Pcells at four. To make simulated evolution of the larger
networks more manageable, we fixed the locations of the
FTNs at positions 67 and 133 on each side. This corresponds
to the spacing that evolved in the 20-Vunit networks. Fixing
the FTN locations still leaves almost 10> possible config-
urations for Vunit-Pcell connections. The minimal Vcom-
mand gain in 400-Vunit networks is 400, so a minimally fit
network would have a fitness of 1600, but we set the crite-
rion fitness at 2000 for robustness. Genetic search found fit
400-Vunit networks despite the complexity of the expanded
problem.

We used the nested grid search (see Methods) to tune
the Pcell weights in a fit 400-Vunit network to achieve
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to FTN-1, and element 133 to FTN-2 (within gray bars) at the three
Vcommand gains (1000, +; 2000, x ; 4000, *). The other elements
correspond to left-side Vunits at the three Vcommand gains (1000, dot-
ted; 2000, dashed; 4000, solid). (d) We simulated spontaneous rates
by adding bias values to the Pcells, FTNs, and Vunits. Left-side pulse
responses correspond to the middle gain of 2000 (FTNs, solid; Pcells,
dashed; selected Vunits, dotted). Right-side pulse responses (not shown)
are the same as those on the left, but rotated about axes defined for each
unit by its bias

various combinations of integrator time constant and gain.
Figure 6(a) depicts a realistic range of gain adjustment at a
time constant of 20 s. The same adjustments in gain are pos-
sible over a broad range of time constants (not shown). As in
the 20-Vunit networks, Pcell-1 is type II and Pcell-2 is type
I in the 400-Vunit network (Fig. 6(b)). In both 20- and 400-
Vunit networks, the response amplitudes of the Pcells, FTNs,
and other Vunits, whether type I or type II, all increase as
overall integrator (Vcommand) gain increases (Fig. 6(b) and
(c)). These results are consistent with the real oculomotor
system (see Discussion).

Purkinje cells and MVN/NPH neurons have spontaneous
firing rates about which their responses are modulated. To
simulate this, we added bias values to the unit responses in the
400-Vunit network and computed the pulse response, follow-
ing a period of constant input (Fig. 6(d)). The biases were set
to make the unit spontaneous rates commensurate with those
observed for real eye-movement-related Purkinje cells and
brainstem neurons (McFarland, 1992; Stahl and Simpson,
1995; Cheron et al., 1996; Lisberger and Pavelko, 1988; Lis-
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berger et al., 1994a; Keller and Precht, 1979; Lisberger and
Miles, 1980; Miles et al., 1980a,b; Lisberger et al., 1994b;
Blazquez et al., 2003). The transient onsets of the FTN pulse
responses are similar to those observed experimentally (Stahl
and Simpson, 1995; Lisberger and Pavelko, 1988; Lisberger
et al., 1994a). Bias does not alter network dynamics.

Discussion

Our main finding is that adaptive cerebellar feedback can
independently adjust the time constant and gain of a model
oculomotor integrator, and that this adjustment is possible us-
ing very sparse Purkinje cell innervation of integrator units.
Previous modeling work suggests that the Purkinje cells that
regulate VOR might become specialized for specific tempo-
ral patterns of head rotation (Anastasio, 2001). Since few
Purkinje cells are required to regulate the integrator, the
cerebellum could use separate and differently specialized
Purkinje cells, perhaps working through the same FTNs, to
morph the dynamic behavior of the oculomotor neural in-
tegrator to produce combinations of time constant and gain
that are tailored for specific circumstances. This conjecture is
supported by recent experimental findings that both integra-
tor function and Purkinje cell responses depend on context
(Belton and McCrea, 2004; Chan and Galiana, 2005).

While the details of cerebellar learning are outside the fo-
cus of this study, we show that Pcell weights can be learned
via adaptive mechanisms in the model, and it is reasonable
to assume that they can be learned in the real brain also.
We restrict synaptic plasticity in the model to Pcell to FTN
(Pcell-FTN) synapses for simplicity. There is evidence for
synaptic plasticity both in cerebellum and brainstem (Ito,
1982; du Lac et al., 1995). Changing the weight of a Pcell-
FTN synapse is equivalent to changing the sensitivity of the
Pcell, or to scaling by the same amount the weights of all
Vunit connections to the Pcell. Restricting synaptic plastic-
ity to Pcell-FTN synapses facilitates comparison between
networks of their Vunit to Pcell connectivity patterns, and
demonstrates network robustness.

We studied evolved networks by altering their struc-
tures. These alterations correspond to point mutations of
the chromosomes specifying network configurations. Al-
terations generally degrade network performance and of-
ten produce oscillations. Oscillatory dynamics are produced
by complex modes that can only occur in asymmetric sys-
tems, though asymmetric systems need not have complex
modes (Luenberger, 1979). The connectivity (system) ma-
trices describing integrator networks with Pcell feedback
are essentially asymmetric, because of the neuroanatom-
ical fact that Pcells receive from Vunits bilaterally but
project to Vunits only ipsilaterally (Langer et al., 1985a,b;
Biittner-Ennever, 1988; Epema et al., 1990; Tan and

Gerrits, 1992). Fit networks evolve to have real (non-
oscillatory) dominant modes, but point mutations could make
the dominant mode complex (oscillatory). Oscillation fre-
quencies due to mutations of network configurations range
between 1 Hz and 40 Hz, and encompass the range ob-
served for oscillatory eye-movement disorders (Leigh and
Zee, 1983). Certain congenital eye-movement disorders have
been attributed to a leaky or unstable neural integrator (Leigh
and Zee, 1983). Our model can be made unstable or leaky
by increasing or decreasing the Pcell-1 weights. Our results
further suggest that oscillatory eye-movement disorders may
also involve integrator abnormalities.

The genome probably does not specifically encode the
Vunit-Pcell connectivity in real brains. It is more likely that
the genome sets up a basic structure that is tuned by synap-
tic plasticity (Ito, 1982; du Lac et al., 1995). Plasticity of
Vunit-Pcell synapses could prevent oscillatory responses by
correcting errors in Vunit-Pcell connectivity. We predict that
oscillatory neural responses and eye movements could occur
in mammals lacking plasticity in Vunit-Pcell synapses. Re-
cent work in mutant mice deficient in the glutamate receptor
62 subunit, which lack plasticity of synapses onto Purkinje
cells, reveals oscillations of about 10 Hz in Purkinje cell
responses and eye movements (Yoshida et al., 2004). Oscil-
latory eye movements cease in these mutant mice following
flocculectomy (ibid.).

Network asymmetry, which is responsible for the abnor-
mal, oscillatory dynamics of mutated networks, plays a crit-
ical role in normal networks. In the integrator network with
Pcell input, gain increases as the scalar product of the domi-
nant eigenvector and its adjoint decreases (see Results). That
scalar product can be made arbitrarily small, because the
dominant eigenvector and its adjoint are nearly orthogonal,
so small rotations of those vectors can produce large gain
changes. In symmetric systems, eigenvectors and their ad-
joints are the same; angular separation of the dominant eigen-
vector and its adjoint can occur only in asymmetric systems
(Luenberger, 1979). Thus, asymmetry in the integrator net-
work with Pcell input is essential for dynamic morphing.

The mechanism of dynamic morphing is similar in 20-
and 400-Vunit networks, which have cerebellar innervation
of 20% and 1%, respectively. In both, the response gains
of the Pcells, FTNs, and other Vunits, whether type I or
type 11, all increase or decrease as integrator gain increases
or decreases. We predict similar behavior for real Purkinje
cells and MVN/NPH neurons that are involved in producing
neural integration. This prediction has not been addressed
specifically for integrator neurons, but findings on sensitivity
to head rotation are in accord.

MVN neurons, whether type I or type II, change their gain
in the same direction as the adapted VOR in cats and mon-
keys (Keller and Precht, 1979; Lisberger and Miles, 1980).
Keller and Precht (1979), working in cat, further divided
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their type I and type II populations into high-gain and low-
gain groups, and found that the change in gain was larger for
high-gain than for low-gain neurons, regardless of response
type (I or II). This corresponds precisely with our model.
FTNs, and the Vunits near the FTNs, have the highest gains
(whether their response polarity is type I or type II), and their
gains change the most with changes in overall integrator gain
(see Figs. 4(b), 5(e), and 6(c)). Studies that have focused on
FTNs find that, whether the response is type I or type II, the
sensitivity of FTNs to head rotation is considerably higher in
monkeys with up-adapted as compared with down-adapted
VORs (Lisberger and Pavelko, 1988; Lisberger et al., 1994a).

Studies on floccular Purkinje cells provide an intriguing
set of data. Purkinje cells are inhibitory and only project ip-
silaterally onto vestibular nucleus neurons (see above). This
lead researchers to assume that type II Purkinje cells should
change gain in the same direction as the adapted VOR, but
that type I Purkinje cells should change gain in the direc-
tion opposite the adapted VOR (e.g. Miles et al., 1980b).
Although some type I floccular Purkinje cells in rabbits
change their gain in the direction opposite to that of the
adapted VOR (Watanabe, 1985), most others of both types
change gain in the same direction as that of the adapted VOR
(Watanabe, 1985; Dufossé et al., 1978; Nagao, 1989). Miles
and coworkers (1980a,b) made similar findings in monkeys,
leading them to conclude that the gains of type I Purkinje
cells change “in the wrong direction” to account for VOR
plasticity.

It is possible that some Purkinje cells, including the type
I rabbit Purkinje cells that change gain opposite the adapted
VOR, but also including some type II Purkinje cells that
change gain with the adapted VOR, regulate the velocity
component of the VOR rather than the integrated component.
Our model of the integrator offers an explanation for the
others: Purkinje cells that are involved in controlling the
integrator should change their gain in the same direction as
the adapted VOR, whether their response polarity is type I
or type II.

Recent findings are consistent with this explanation. Gaze
velocity Purkinje cells, found in monkeys, appear to carry
an eye velocity command during pursuit and a head rotation
response during cancellation of the VOR. When normalized
by their eye velocity gains, the gains of the head rotation
responses of monkey gaze velocity Purkinje cells change in
the same direction as that of the adapted VOR (Lisberger
et al., 1994b; Blazquez et al., 2003). These findings support
the dynamic morphing hypothesis.

Our model of the oculomotor neural integrator is the first
to include the crucial contribution of the cerebellar floccular
complex. It incorporates recent findings on the sparseness
of floccular innervation of brainstem integrator neurons. The
structure of the model reflects the known asymmetry in the
connections between flocculus and brainstem. That asym-
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metry, which may underlie the ability of the flocculus to
independently adjust time constant and gain in normal in-
tegrator networks, can also lead to oscillations in altered
networks that may underlie certain eye-movement disorders.
The model is consistent with findings that floccular Purkinje
cells and brainstem integrator neurons, regardless of their
response polarity (type I or type II), change their gain in the
same direction of the adapted VOR. Our approach provides
a new way of analyzing neural integrator models, in terms
not only of the dominant eigenvalue (and dominant time
constant) but also in terms of the scaled dominant eigenvec-
tor. It shows how floccular Purkinje cells, in contacting only
a few integrator neurons, could shape the scaled dominant
eigenvector and change the pattern of response amplitude
among the neurons, thereby changing overall integrator gain,
while holding the dominant time constant at virtually any
value. Our model provides a new perspective on how regu-
latory structures could morph the dynamics of motor control
networks.
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