
Abstract. A central pattern generator (CPG) is built to
control a mechanical device (plant) inspired by the
pyloric chamber of the lobster. Conductance-based
models are used to construct the neurons of the CPG.
The plant has an associated function that measures the
amount of food ¯owing through it per unit of time. We
search for the best set of solutions that give a high
positive ¯ow of food in the maximization function. The
plant is symmetric and the model neurons are identical
to avoid any bias in the space of solutions. We ®nd that
the solution is not unique and that three neurons are
su�cient to produce positive ¯ow. We propose an
e�ective principle for CPGs (e�ective on-o� connectiv-
ity) and a few predictions to be corroborated in the
pyloric system of the lobster.

1 Introduction

A central pattern generator (CPG) is a network of
neurons that generates a coordinated rhythmic activity
to control a part of the body of the animal to perform a
speci®c motor function such as chewing, swimming,
walking, and so on (Delcomyn 1980; Marder and
Calabrese 1996). CPGs correspond to small groups of
synaptically coupled neurons with autonomous activity,
that is, produced without the need for sensory feedback.
In general the CPG motor neurons control a set of
muscles in the animal. We will call this part of the body
of the animal that performs a set of prede®ned functions
a plant. We borrow the term plant from control theory,
where a plant is de®ned as the physical system to be
controlled. The CPG conveys control information to the
plant to carry out its functionality in the best possible
manner. In this paper the plant will be a mechanical
model based on the lobster pylorus, although we present
general principles that may apply to other plants.

Many researchers have worked out the structure of
some CPGs in animals such as Clione (Arshavsky et al.
1985), Tritonia (Katz et al. 1994), lobster (Selverston
and Moulins 1987), leech (Brodfuehrer et al. 1995),
lamprey (Grillner et al. 1995), locust (Wolf and Laurent
1994), and others. Many questions have been answered
about the connectivity, phase patterns, and e�ects of
neuromodulators in the spatiotemporal patterns, yet it
still remains extremely di�cult to measure simulta-
neously the muscle activity and the electrical activity of
the CPG. This fact has led to the development of CPG
models isolated from models of the plants they control
in the living animal. Although there is general agree-
ment that the interaction with the mechanical environ-
ment plays a crucial role in the normal operation of the
neuronal control system (Ekeberg et al. 1995), there is a
much more reduced body of literature concentrating on
the relation between the electrical activity of the CPG
and the dynamics of the plant (Sigvardt and Mulloney
1982; Katz and Harris-Warrick 1990; Ryckebusch and
Laurent 1994; Bohm 1996; Shaw and Kristan 1997;
Clemens et al. 1998). Even at the theoretical level, there
are few research e�orts that try to solve this relation
(Cohen et al. 1992; Hatsopoulos 1996; Wadden et al.
1997; Zielinska 1996). Most of these investigations are
not fully based on CPGs, because they lack a complete
description of the CPG connectivity and the units are
modeled by oscillators far from a conductance-based
model.

Grillner and colleagues (Ekeberg 1993; Ekeberg et al.
1995) among others (MuÈ ller-Wilm et al. 1992; Cruse
et al. 1995a,b; Hatsopoulos 1996) represent one of the
few exceptions with their work on what they have de-
®ned as a neuromechanical model. They claim that
many simulations done thus far incorporate only the
neuronal pattern generator, hence leaving a gap between
the simulation results and the experimental studies of the
corresponding behavior in the real animal. They bridge
this gap by extending the simulation model to include
also the muscular generation of the movements, thereby
verifying that the motor patterns produced actually
correspond to the expected real movements.
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In this paper we intend to study a speci®c example
based on the crustacean stomatogastric system, which is,
one of the best-described systems (Selverston and Mo-
ulins 1987). We are not just going to concentrate on the
family of phase patterns generated by a particular model
of the CPG and its analysis with respect to the experi-
mental recordings (Ryckebusch and Laurent 1993;
Collins and Stewart 1994; Ryckebusch 1994; Rycke-
busch and Laurent 1994; Huerta 1996; Roberts 1997).
We will also study the relationship between the phase
pattern and its functionality on the plant. We are guided
by the next set of questions: Why do we ®nd a particular
number of neurons in a CPG? What is the role of a
particular connectivity pattern? Is there a unique solu-
tion for a given connectivity pattern?

We start by building a plant inspired by the pyloric
chamber of the lobster and a CPG with conductance-
based neurons. Once we have found the dynamic equa-
tions governing the plant we explore the minimum
necessary network to achieve a goal. We postulate a
function that establishes the criteria to maximize the
activity of the network. Our assumptions is that, in this
particular plant (``pylorus''), the network maximizes the
total amount of food leaving the pylorus per unit of
time. In this way, the information conveyed by the
spatiotemporal pattern generated by the CPGs is mea-
sured with respect to this maximization function.
Moreover, although we are aware that the pylorus in the
lobster is nonsymmetric we design a complete symmetric
plant. We would like to show that a set of optimal so-
lutions exist regardless of the natural asymmetry in bi-
ological systems. This means that given a family of
solutions that optimize the process for a symmetric
problem, we can modify the parameters of the plant
(areas, lengths, and elasticity constants) to enhance the
best solutions. Therefore, the model of the plant has no
preferred direction. We proceed in the same manner to
model the neurons in the network utilizing exactly the
same dynamics for all the neurons. It is well known that
neurons in the pyloric CPG are rather di�erent. (Sel-
verston and Moulins 1987). The duration of the bursts
of the lateral pyloric (LP), posterior dilator (PD) and
pyloric neuron (PY) are di�erent. A reasonable hy-
pothesis is that evolution or rather development modi-
®es the dynamic characteristics of the neurons to
facilitate the function of the plant. Our starting point is
not to set any a priori asymmetry that will quickly
provide the best solution. The search of the best pa-
rameters in the maximization function points at the
asymmetries that will enhance the response of the plant.

An increasingly voiced concern among neurosci-
entists is that although enormous advances in knowledge
of cellular and synaptic phenomena have occurred in the
last decade, insights into the organizational principles of
neural and behavioral function remain few (SchoÈ ner
1995). Therefore, as Grillner (1997) points out, a major
challenge for neuroscience is to bridge the gap between
molecular-cellular events and behavior. He continues
arguing that even a complete molecular description of
each cell of the central nervous system (CNS) would not
describe its functions, because the essence of the CNS is

its intricate organization. In this paper we follow that
direction by searching for connectivity patterns and
underlying principles that give rise to the maximization
of functionals. Concretely, as already mentioned, we
have searched for con®gurations that maximize the ¯ow.

To be able to understand how the nervous system
generates behavior, with the nerve cells as the building
blocks, one needs to work on all neural levels of orga-
nization from molecule, cell, and synapse to network
and behavior (SchoÈ ner and Kelso 1988; Grillner 1997).
Yet it is di�cult to extrapolate from the large number of
speci®c examples of experimental data to general prin-
ciples of organization. Hence, the challenge is to create
links between these di�erent levels and to ®nd simple
model preparations appropriate for the particular be-
havior of interest. Although we do not claim to have
found a complete set of principles bridging across all
levels, we provide a set of principles of organization
coherent with the work presented here and learned in the
process of analyzing the interactions of the CPG with
the plant. In the discussion section we also elaborate on
the commonalities of structure and physiology that be-
gin to shed a light on general principles of motor orga-
nization that may apply across di�erent species.

2 The system

The system is composed of two main parts: the plant,
and the CPG. The ®rst is the mechanical device that
interacts with the ¯uid, that is, the pyloric chamber. We
model it by three joint pipes that are elastic in the radial
direction (see Fig. 1). Each of these pipes is controlled
by one neuron and all these neurons can be connected to
each other. Pressures at both sides of the plant, P1, P6,
are identical to keep a symmetric problem. Our assump-
tion is that this plant is driven by the CPG, which
attempts to maximize the average ¯ow of food leaving it
per unit of time. The real pylorus of the lobster appears

Fig. 1. The type of problem to be solved in this paper. On the upper
part we use three identical neurons that can be interconnected in any
possible way. On the lower part, the plant is shown. Each neuron only
a�ects one section of the plant
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to be ®ltering food; a better description would be given
then not by the maximum ¯ow but by the ``proper''
velocity of the ¯ow; however for the simplicity of our
equations we disregard this additional term. The max-
imization function we used is described by

U � q
T

Z T

0

A3�t��v6�t�dt ; �1�

where T is the averaging time, q is the density of the
viscous ¯uid, A3 is the area of the section of the third
pipe, and �v6 is the average speed at the end of the plant.
The plant and the CPG were integrated using a Runge-
Kutta 6(5) scheme with variable time step with an
absolute error of 10ÿ16 and a relative error of 10ÿ6.

2.1 Plant equations

The plant equations are derived from the Navier-Stokes
mass and energy conservation equations under the
assumptions that the food is homogeneous, incompress-
ible, and isothermal with a dynamics in the laminar
regimen (low Reynolds number) and small radial
velocities. We also assume no food leaks through the
membrane, because we only considered a maximization
function that measures the ¯ow through the pipes.

In Appendix 1, we explain how we obtain a set of
ordinary di�erential equations (ODEs) that gives the
temporal evolution of the mean velocity through a cross
section at both ends and at the joints of the plant. The
simpli®cation of the plant equations to a set of ODEs
can be linked with the neuron ODEs to be integrated in
an e�cient manner. To express the ODE in a compact
manner we will set y0 � A1; y2 � A2; y5 � A3; y1 �
�v1; y3 � �v3; y4 � �v4; y6 � �v6, which gives

_y0 �
y0�y1 ÿ �v2�

L1
;

_y1 �
ÿ107�v22 � 53y12 � 54�v2y1

96L1
ÿ 3

2

�2Pext1 ÿ P1 ÿ P2�L1p
y0q

� P1 ÿ P2

qL1
ÿ l
��v2 � 7y1�p

y0q
;

_y2 �
y2�y3 ÿ y4�

L2
;

_y3 �
ÿ107y42 � 53y32 � 54y4y3

96L2
ÿ 3

2

�2Pext2 ÿ P3 ÿ P4�L2p
y2q

� P3 ÿ P4

qL2
ÿ l
�y4 � 7y3�p

y2q
;

_y4 �
ÿ53y42 � 107y32 ÿ 54y4y3

96L2
� 3

2

�2Pext2 ÿ P3 ÿ P4�L2p
y2q

� P3 ÿ P4

qL2
ÿ l
�7y4 � y3�p

y2q
;

_y5 �
y5��v5 ÿ y6�

L3
;

_y6 �
ÿ53y62 � 107�v52 ÿ 54y6�v5

96L3
� 3

2

�2Pext3 ÿ P5 ÿ P6�L3p
y5q

� P5 ÿ P6

qL3
ÿ l
�7y6 � �v5�p

y5q
;

where L1 � L2 � L3 � 1 cm; P1 � P6 � 106 dyne/cm2;
q � 1 g=cm3 (water density), l � 0:013 g/cm per second
(water dynamic viscosity at 10 �C). The term lead by l is
dissipative and is due to the viscosity of the ¯uid.

The pressures P2; P3; P4 and P5 are determined from
the mass and energy conservation at both joints under
the assumption of smooth joints (no head-loss). The
conservation equations are

v2 � y3y2
y0

(mass conservation at J1� as seen in Fig. 1

v5 � y4y2
y5

(mass conservation at J2�

P2 � P3 � 1

2
q y32ÿ y32y22

y02

� �
(energy conservation at J1�

P5 � P4 � 1

2
q y42ÿ y42y22

y52

� �
(energy conservation at J2�

The explicit equations for P2; P3; P4; and P5 are long
expressions. They have been calculated using a pro-
gramming language for symbolic manipulation.

The external pressure is the sum of the atmospheric
pressure, the elastic pressure exerted by the walls of the
plant, the muscle pressure, and the damping force due to
the dissipation of the muscles. It can be expressed as

Pexti � �P1 � P6�
2

� P elastic
i � Pmuscle

i � bvri ;

where P elastic
i is the elastic pressure and it was calculated

assuming a ring of springs linked by the ends that o�ers
a radial force into the ¯uid. The expression is

P elastic
i � K 1ÿ

�����
A0

i

p����������
Ai�t�

p !
h�Ai�t� ÿ A0

i �

where K � 80 dyne/cm2, the resting values of the
sections of the pipes are A0

1 � A0
2 � A0

3 � 0:5 cm2. The
elastic pressure has a Heaviside function multiplying it
because when the muscle compresses the pipe below the
resting area the membrane does not oppose any force.
The radial velocity of the pipe is given by

vri � ÿ
����������
Ai�t�

p ��v2i ÿ �v2iÿ1�
2
���
p
p

L
;

where the damping constant is b � 120 g/cm2 per
second. This parameter value has been set to a
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su�ciently large value to avoid oscillations of the pipe
for a period longer than one second.

The pressure exerted on the pipe, Pmuscle
i is given by

Hooke's law, equivalent to the elastic force of the pipe
given above. We write it as

Pmuscle
i � g 1ÿ f �a�Vm � 65(mV)������������

Ai�t�
p !

;

where Vm is the electrical activity of the muscle (see
Appendix 2), g � 400 dyne=cm2; a � 1 dyne/cm2 mV
and

f �p� �
�����
A0

i

q
�1ÿ j� � j

1� e�pÿpc�=r

� �
;

with r � 0:4 dyne=cm2; pc � 10 dyne=cm2; j � 0:2 for
contracting muscles and j � ÿ0:2 for dilator muscles.
The function f �x� is a sigmoidal function that gives the
resting length corresponding to the electrical activity of
the springlike muscle (see Kandell et al. 1991). There are
wide ranges of parameter values for the muscle activity
that produce the same qualitative results. The most
important parameter is the dimensionless j that deter-
mines the amount of opening and closing section of the
pipe. This parameter value cannot be increased at will
due to the assumption of small radial velocities.

2.2 The model of the neurons

This model is based on Turrigiano et al. (1995) and
Falcke et al. (1999) but without the complex calcium
dynamics, which is necessary to provide consistent
chaotic behavior as observed in physiological record-
ings. The calcium dynamics in the endoplasmatic
reticulum in the Falcke model has a very low time scale,
which entails that very long transients are required to
reach an attractor. These long transients need long
integration times that are too costly for our computa-
tional capabilities. Hence, we used a ®rst-order kinetic
equation for the calcium dynamics as in Turrigiano et al.
(1995). The model consists of two compartments, one
for the axon (fast generator) and another for the
neuropil and soma (the slow generator). The fast
generator provides the spikes with the help of a sodium
current INa, a delayed recti®er potassium current IKd,
and a leakage current ILf. We write it as

Caxon
m

_V f � ÿINa ÿ IKd ÿ ILf � IVf ;Vs ;

where Caxon
m =0.33 nF, Vf is the membrane potential in

the axon, and Vs is the membrane potential of the
neuropil and soma. The slow dynamics is provided by

Csoma
m

_V s � ÿICa ÿ ILs ÿ Ih ÿ IK�Ca� ÿ IVf ;Vs � I syn � Idc ;

where Csoma
m � 0:5 nF, ICa is the calcium current, ILs the

leakage current, Ih is a low threshold current, IK�Ca� is
the potassium calcium dependent current, Idc is the
injected current, IVf ;Vs is the current connecting both

compartments, and Isyn is the synaptic current, which
will be explained below. All these currents are described
in Appendix 2.

The calcium dynamics is described by the following
®rst-order kinetic equation:

� _Ca� � ÿaICa ÿ b�Ca� � c ;

with a � 6:6 � 10ÿ5 lM/ms per nA; b � 1:21 � 10ÿ3
msÿ1; c � 4:84 � 10ÿ5 lM/ms, and [Ca] has units of lM.

In Fig. 2 we show time traces of this neuron for dif-
ferent values of the injected current. We can see that as
the injected current is increased the neuron decreases the
period until it reaches the spiking behavior. This be-
havior reproduces the qualitative standard behavior of
the LP neurons in the pyloric ganglia (Abarbanel et al.
1996; Golowasch and Marder 1992).

The synaptic current, I syn, is given by

Isyni � gijrj�t��Vs�i� � 70mV� ;
where i stands for the index of the neuron from which
the synaptic input is received, j is the neuron that
receives the synaptic input, and rj is the fraction of
bound receptors (Destexhe et al. 1994). The connectivity
between neurons is the most important parameter; the
maximal conductances gij will mainly determine the
whole behavior of the network.

To model the muscle activity we used a very simple
dynamics that would be classi®ed within the input±
output models according to Krylow et al. (1995). We
used a passive circuit that receives excitatory post syn-
aptic potential (EPSP) from the motor neurons. If we
compare the electromyography (EMG) recordings from
the pyloric muscles in vivo (Selverston and Moulins
1987; Clemens et al. 1998), the electrical activity in the
muscles is highly correlated to the neuron activities. We
model the muscle activity according to this observation.

Fig. 2. Membrane potentials in the soma for the model neuron for
di�erent values of the injected current: (a) Idc � 4 nA, (b)
Idc � 3:4 nA, (c) Idc � 0 nA, and (d) Idc � ÿ2 nA
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A wide variety of motor tasks reveal correlations
between features of the EMG record and task parame-
ters (Sherwood et al. 1988; Gottlieb et al. 1992). How-
ever, the neural mechanisms for the control of the
muscle activity is poorly understood due to the com-
plexity of the premotor and motor circuits involved
(Morris and Hooper 1998). Besides, in most cases, the
mapping from motor neuron activity to muscle dy-
namics is not known to any good degree of precision. On
the other hand the pyloric CPG contains a much more
reduced number of motor neurons within simpler con-
®gurations. Hence this results in EMG characteristics,
for example, onset time, rising rate, peak amplitude,
duration, total activation, and decay rate that are cor-
related to motor neuron activity to a greater degree than
in other CPG preparations.

4 E�ective On-o� connectivity

The parameter space that we explore in order to
maximize the total ¯ow given by Eq. 1 is limited to the
inhibitory synaptic connections. We did not include
excitatory synapses because they typically generate in-
phase oscillations, and CPGs very rarely present them
(Selverston and Moulins 1987). We do not completely
rule out their in¯uence in the maximization function;
however inhibitory synapses are mainly responsible for
organizing phase shifts in the oscillations of the CPGs.
Therefore, it does not seem that excitatory synapses will
importantly a�ect the outcome of the plant and their
absence in our simulations allows us to reduce the
searching space.

To further check the variability with the strength of
the synaptic connections we used the reduced solution
given by the circuit shown in Fig. 3. We set the value of
the connections as g12 � g13 � g21 � g23 � g31 � 0:05lS
and g32 � 0 lS. Then we choose one of the connectivities
and modify its value from 0 to 0.2 lS. The system was
integrated for 60 s with initial conditions �v1 � �v2 � �v3 �
�v4 � �v5 � �v6 � 0 in the pylorus. For each value of gij 15

di�erent initial conditions were utilized and the average
value was used for comparison. In Fig. 4 we can see the
value of U that either remains close to 0.1 g/s or near 0.
The maximization of the ¯ow of food stays more or less
constant until it reaches a threshold value. Therefore we
can speak of an on-o� connectivity, because what it is
important for the system is not the actual value but
whether g is above or below the critical one. Some pre-
dictions that can be derived from Fig. 4 are

1. The connection g21 is not necessary to maximize the
¯ow in the plant.

2. In connection g23 is strongly increased then the plant
does not work.

5 Search for solutions

A systematic search in the connectivity space to ®nd the
best set of solutions requires large computation time
(six connections and 20±40 trials for di�erent initial
conditions). However, the observation made in the
previous section tells us that there is a small variation
of the maximization function until threshold values are
reached. It is reasonable to expect that small variations
of the parameters do not substantially change the
behavior of the CPG because robustness is one of
the main characteristics of biological systems. We use
the presence of this on-o� connectivity to explore a
space of 26 possible con®gurations (where each gij can be
either on or o�). This is an advantage for our
computational limitations, although we are aware that
we might be missing some relevant information in the
®ne detail of the strengths of the coupling.

We mainly studied the case in which the central
muscle is dilating because in the pyloric chamber the PD
neurons are responsible for dilating the central part; we
will denote this solution by (+ÿ+). Moreover we also
studied the case when the central muscle is compressing

Fig. 3. On the left, pyloric CPG (Selverston and Moulins 1985). On
the right, reduced equivalent circuit as required by our circuit
proposed in Fig. 1. Neuron 1 is equivalent to LP, neuron 3 is
equivalent to the neurons PY, neuron 2 is the group AB-PD
responsible for dilating the central pipe

Fig. 4. Total ¯ow as a function of the strength of one of the synaptic
parameters for the solution g12 � g13 � g21 � g23 � g31 � 0:05
lS; and g32 � 0lS, which is based on the pyloric circuit (see Fig. 3)
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the central pipe (solution +++) to distinguish whether
there is any advantage of this speci®c type of solution.

After performing a set of simulations we can classify
the solutions by the following de®nitions:

1. Open topology: if there is at least one neuron in the
network that does not receive any synaptic input
from any other neuron

2. Semi-open topology: if there is at least one neuron in
the network that does no send a synaptic input to any
other neuron in the network

3. Closed topology: if all neurons in the network receive
and send at least one connection to any other neuron
in the network

We have found solutions that maximize the ¯ow for
all three categories; however, since we have been using a
neuron that behaves rather regularly we have been un-
able to check the robustness of these di�erent solutions.
To test these solutions further chaotic neurons are re-
quired. We test system robustness by introducing white
noise at the level of the injected current Idc, but the limit
cycles are strongly dissipative and any perturbation is
rapidly driven to the limit cycle. Therefore, the open
topology solutions remain good. It is known that for
chaotic bursting oscillators mutual inhibition is required
to regularize their behavior (Abarbanel et al. 1996;
Rabinovich et al. 1997). It has been seen experimentally
that the LP and the PD neurons in the pyloric system
regularize their behavior by mutual inhibition (Elson
et al. in press). Therefore, the open and semiopen top-
ologies are unlikely to exist.

For the (+ÿ+) solutions there are 13 con®gurations
that produce a ¯ow over 0.07 g/s. One of them is
semiopen, 7 of them are open and 5 are closed. The
closed-topology solutions are given in Table 1. The last
solution (*) in Table 1 corresponds to the solution based
on the connections found in the real pyloric system. It is
among the optimal solutions, although it is not the best.
Figure 5 displays the membrane potential for the three
neurons in the CPG as well as the total ¯ow as a func-
tion of time corresponding to the best solution:
g12 � g13 �g23 � g31 � 0:05 lS; g21 � g32 � 0 lS.

If we increase the food density from 1 to 2 g=cm3 and
calculate again, we obtain 14 solutions over 0.14 g/s
(twice the value used for density 1 g=cm3 by Eq. 1). Two
of them are semi open and six are open, which we dis-
regard. Five closed-topology solutions remain, which
are written in Table 2.

We can see that there is a small permutation in the set
of best solutions. This result tells us that depending on
the type of food, a small change in the optimal topology
is produced. Therefore, there is a reason for the pyloric
system to have an endogenous mechanism to change the
connectivity pattern to maximize the ¯ow as a function
of the type of food. We can see that the biologically
based solution is still not the best. The connection g21 is
unnecessary if we compare it to the best solution in the
table (this is con®rmed in Fig. 4 and is matter of dis-
cussion).

We are assuming in this paper that the pylorus is just
maximizing the ¯ow of food through it. If this were the

case one would expect that the (+ÿ+) solutions would
be remarkably more e�cient than the (+++) solu-
tions, because that is what we ®nd in the pyloric system.
To test it we calculate again for q � 1 g=cm3 and the
next set of solutions are obtained (Table 3).

The value of U is smaller for all these new solutions
than for those obtained in Table 1. This result supports
the biological solution and our maximization function.
However, the improvement is not su�ciently high as to

Table 1. (+)+) closed-topology solutions for q = 1 g/cm3

F (g/s) g12 (lS) g13 (lS) g21 (lS) g23 (lS) g31 (lS) g32 (lS)

0.094 0.05 0.05 0 0.05 0.05 0
0.096 0.05 0.05 0.05 0 0 0.05
0.102 0.05 0.05 0.05 0 0.05 0
0.095 0.05 0.05 0.05 0 0.05 0.05
0.079(*) 0.05 0.05 0.05 0.05 0.05 0

Fig. 5. Time series for the solution g12 � 0:05lS; g13 � 0:05lS;
g21 � 0lS, g23 � 0:05lS; g31 � 0:05lS and g32 � 0lS for q �
1 g=cm3. (2) Membrane potential of the neuron 2 in our system that
corresponds to the neuron PD, (1) Membrane potential of the neuron
1 that corresponds to the neuron LP and (3) corresponds to the PY
neurons. On the lower panel, total ¯ow as a function of time for this
particular solution

Table 2. (+)+) closed-topology solutions for q = 2 g/cm3

F (g/s) g12 (lS) g13 (lS) g21 (lS) g23 (lS) g31 (lS) g32 (lS)

0.20 0.05 0.05 0 0.05 0.05 0
0.23 0.05 0.05 0.05 0 0 0.05
0.22 0.05 0.05 0.05 0 0.05 0
0.16 0.05 0.05 0.05 0 0.05 0.05
0.19(*) 0.05 0.05 0.05 0.05 0.05 0
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state that the dilator central muscle is a necessary ele-
ment in the mechanical model.

6 Discussion

As was mentioned in the introductory section, we have
made an attempt to extrapolate from the speci®c results
of this work to more general principles of interest to a
wider neuroscienti®c audience. Next we list a few of the
general lessons learned.

Principle 1. Existence of on-o� synapses. For certain
types of circuits ± connectivity patterns ± the synaptic
conductance value, although a continuous value, is
discretized in two regions ± the on and o� regions ±
around a critical value. The exact conductance value
within a region is irrelevant and only modi®cations in
the conductance values that take the synapse from
one region to another can qualitatively a�ect the
behavior of the system. Some of the advantages of
the on-o� connectivity are a reduced search space for
optimal solutions and the robustness against small
¯uctuations within any one of the regions. In this
regard the interaction of neuromodulatory sub-
stances with CPG neurons suggests that CPGs are
not rigid hard-wired circuits but ¯exible dynamic
systems, able to produce stable robust behaviors yet
easily modi®ed by sensory feedback. These systems
are able to change from one state to another by
simply recoding the synaptic and cellular properties
of the component neurons (Harris-Warrick et al.
1995). We claim that modulation of synaptic con-
ductances would only be e�ective if the modulation is
able to take the conductance value from one region
to another; Modulation is of vital importance to be
able to optimize certain functions under di�erent
varying conditions (e.g. change in the density of the
liquid going through the pylorus).
Principle 2. Existence of a family of solutions (i.e.
topologies) to perform a particular function. This
again gives rise to more robust systems since small
lesions that may a�ect one solution may not a�ect
another. Recently, it has been shown that the high
reliability and ¯exibility of central pattern generators
is determined by their redundant organization. Ev-
erything that is crucial for generator operation is
determined by a number of complementary mecha-
nisms acting in concert; however, various mecha-
nisms are weighted di�erently in determining
di�erent aspects of the central pattern generator
operation (Arshavsky et al. 1997).

The model predicts that by blocking synapse ``21''
the ¯ow through the pylorus will not change. Never-
theless, it is expected that some other functionality will
be a�ected. We would like at this point to introduce the
next speculation. We certainly tested the dependence of
the open topology solutions on the noise. We found
that there was no dependence in the performance of the
plant as a function of the noise. The neurons used in
this CPG are highly dissipative and are not sitting close
to any bifurcation. This means that any perturbation
from the limit cycle will be rapidly driven back to it.
The only possible way actually to test the performance
of the open-topology solutions is to use chaotic neurons
because the plant certainly needs regular activity to
provide a positive ¯ow. Since the only known mecha-
nism to provide stable regular oscillations in chaotic
neurons is inhibitory feedbacks (Elson et al. in press),
we believe that the open-topology solutions will be
disregarded.

There are few more neurons in the pyloric system, yet
three neurons seem to be su�cient to produce positive
¯ow. This raises a number of questions such as: What is
the role of the other neurons? What other functions may
this circuit serve? To answer these questions the coordi-
nation of the pyloric and the gastric circuit needs to be
included. Then it might be found that the role of other
motor neurons, not included in the model reported here,
such as VD (ventricular dilator) and (inferior cardiac) IC
becomes relevant.

The additional role of the pylorus as a ®lter deserves
special attention in the future. It seems that in the py-
loric region food particles may be ®ltered and sent to
more caudal regions of the gut (Selverston and Moulins
1985). In this regard the (+ÿ+) solution might become
even a better solution than the (+++) solution, since
the ®rst one increases the overall volume of the pyloric
chamber and hence the contact area between the ¯uid
and the pyloric membrane, which should in turn favor
the ®ltering function. Plant and CPG have coevolved, or
at least components of both must have evolved simul-
taneously.

One of the main tasks in motor control is to ®nd
what set of mechanisms gives rise to the observed be-
havior. Many of the questions remain at the interface
between phenomena at the cell and molecular level and
actual behavior. The choice of the lobster STG system
to study issues in motor control is several fold. In
vertebrates motor control involves the action of a much
larger number of neurons and may also include more
involved factors such as motivation and behavioral
choice. All these aspects are orders of magnitude more
complex in most vertebrates where the neural mecha-
nisms of the control of the muscle activity are also
poorly understood due to the complexity of the pre-
motor and motor circuits involved (Liaw et al. 1994).
For instance, in the mammalian respiratory CPGs the
underlying rhythmic pattern of neural activity consists
of three phases: inspiratory, postinspiratory, and stage-
2 expiratory. The pattern results from spatial and
temporal interactions of cellular and network processes
that are not yet fully understood (Smith 1997). Also the

Table 3. (+++) closed-topology solutions for q = 1 g/cm3

F (g/s) g12 (lS) g13 (lS) g21 (lS) g23 (lS) g31 (lS) g32 (lS)

0.077 0 0.05 0 0.05 0.05 0.05
0.069 0 0.05 0.05 0 0.05 0.05
0.065 0 0.05 0.05 0.05 0.05 0.05
0.076 0.05 0 0 0.05 0.05 0.05
0.054 0.05 0.05 0 0.05 0.05 0.05
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locus of the oscillator is not clear: it still remains an
important problem to establish causality between the
activity of oscillatory neurons found in the pre-BoÈ t-
zinger complex and the actual production of the
rhythm.
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Appendix 1

The model of the pylorus consists of three joint pipes (Fig. 1). Each
one of these pipes is controlled by a muscle that either pushes or
pulls the pipe surface. For simplicity, we consider that the radius of
each pipe is constant along its length (but not in time). Also the
food traversing the pylorus is considered as an homogeneous and
incompressible ¯uid that completely ®lls the plant (there is no air
inside the pylorus).

We depart from the Navier-Stokes equations that describe the
dynamics of a ¯uid in cylindric coordinates (Landau and Lifshitz
1963). Because of the symmetry of the plant, we consider that these
equations only depend on t; r; z. Hence, we have two independent
equations:
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where q is the ¯uid density, l the viscosity, vr the radial velocity, vz
the axial one, and P � P�z; r; t� is the localized pressure. The
equation of mass conservation is (Landau and Lifshitz 1963)
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r
@
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We integrate it using vr�t; 0; z� � 0 to obtain

vr�t; r0; z� � ÿ 1

r0

Z r0

0

r
@vz�t; r; z�

@z
dr �5�

Because we are interested in describing the pipe with macroscopic
variables, we will integrate Eqs. (2) and (3) in r and z to eliminate
the dependence in these variables, but to do it we need ®rst to
estimate the velocity ®eld.

Since there is no analytical solution for the Navier-Stokes
equations applied to our plant, we consider the dynamics of each
mobile pipe as a perturbation of the dynamics of a static pipe with
laminar ¯ow. This holds if the movement of the ¯uid is su�ciently
smooth and the radial velocity is not too high; these are both
reasonable assumptions for this plant. The velocity ¯ow of a vis-
cous ¯uid in the laminar regime for a static pipe (i.e. the radius of
the pipe is not dependent on time) is the Poiseuille ¯ow (Giles et al.
1994), which is described by

vz�t; r; z� � 2�v�t; z� 1ÿ r2

R2

� �
and vr�t; r; z� � 0 ; �6�

where �v�z; t� is de®ned as the mean velocity through a cross section
of the pipe at z and time t with R the radius of the pipe. Since we
make the radial velocity of our plant lower than the axial velocity,
we consider that the radial velocity only introduces a small per-
turbation into these equations and, therefore, the axial velocity
equation remains quadratic. To calculate the radical velocity we use
Eq. (5), which yields

vz�t; r; z� � 2�v�t; z� 1ÿ r2

R�t�2
 !

; �7�

vr�t; r; z� � ÿ @�v�t; z�
@z

r ÿ r3

2R�t�2
 !

�8�

This is the velocity ¯ow that approximately describes the dynamics
of the plant. It is not an analytical solution of the Navier- Stokes
equation, but since we are considering small perturbations of the
cross section of the pipe it will help us notably to simplify the
equations.

Macroscopic version of Eq. (4) for a pipe

Now we consider the conservation of mass through a cross section
of the pipe or joint, which is obtained by multiplying Eq. (4) by 2pr
and is then integrated in r. Using ur�t; 0; z� � 0 and
vr�t;R�t�; z� � _R�t� we get

2
_R�t�
R�t� �

@�v�t; z�
@z

� 0 �9�

To obtain �v�t; z� in a pipe we integrate Eq. (9) along it and simplify
to express _R�t� as

_R�t� � ÿR�t�
2L
��vL�t� ÿ �v0�t�� ; �10�

where �v0�t� � �v�t; 0� and �vL�t� � �v�t; L� are the mean velocity at the
beginning and the end of the pipe. Equation (10) shows that the
distribution of �v�t; z� is linear in z, which can be written as

�v�t; z� � �v0�t� � ��vL�t� ÿ �v0�t�� z
L

�11�

Macroscopic version of Eq. (2) for a pipe

We estimate the macroscopic variables by integrating Eqs. (2) and
(3). First we calculate the average of Eq. (2) through a cross section
of the pipe or joint by multiplying by �2pr�=�pR�t�2� and inte-
grating in r:Z R�t�
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Using the continuity Eq. 4 we obtain
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where �P�t; z� is the average pressure over the cross section at po-
sition z and time t.

Finally, we use the approximated velocity ®eld and Eqs. (10)
and (11), which yields the following equation:

1

2
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Macroscopic version of Eq. (3) for a pipe

Next, we integrate Eq. (3) to obtain another di�erential equation
for � _�v0�t�; _�vL�t��. Equation (3) is multiplied by r2

R2, using the fact that
r2 @P

@r � @
@r �r2P� ÿ 2rP , and integrated in r from 0 to R�t�; we get
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where Pext�t; z� � P�t;R�t�; z�. Next we use the approximated ve-
locity ®eld (9) and integrate in z from 0 to L to obtain
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If the pressure gradient is not very high, we can make the ap-
proximation:

Z L

0

�P�t; z�dz � L
2
� �P0�t� � �PL�t�� �17�

Eqs. (14), (16), and (17) lead us to the ordinary di�erential equa-
tions that govern the dynamics of the pipe. These ODEs are

_�v0�t� � 3L� �PL�t� � �P0�t� ÿ 2 �Pext�t��
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Appendix 2

In this appendix we will described the currents utilized in the
neuron model. We will use the function C�x; y; z� to introduce the
activations and inactivations in all used currents,

C�x; y; z� � 1

1� e
xÿy

z

The activation m and inactivation n of the ionic currents are gov-
erned by

sm�V � dm
dt
� m1 ÿ m ;

and

sh�V � dh
dt
� h1 ÿ h

The axon currents are

� INa � gNa m3h�t��Vf ÿ 50�, where m is a very fast activating
variable. We set m � m1 � C�ÿVf ;
4:5; 5:29�; h1 � C�Vf ;ÿ28:9; 5:18�, sh � 0:67�1:5�
C�Vf ;ÿ14:9; 3:6�� C�ÿVf ;ÿ42:9; 10:0�, and gNa � 80 lS.

� IKd � gKdm4�Vf � 80�, where m1 � C�ÿVf ;ÿ7:7;
11:8�; sm � 7:2ÿ 6:4 C�ÿVf ; 8:3; 19:2�, and gKd � 30lS.

� ILf � gLf�Vf � 65:0�, with gLf � 0:02 lS.
� IVf ;Vs � gfs�Vs ÿ Vf �, with gfs � 0:11lS.

The soma-neuropil currents are

� ICa � gCa2m3�Vs=�1ÿ exp�2Vs=24:42���. Since the calcium con-
centration outside and inside are very di�erent we used the
Goldman-Hodgkin-Kotz description (see Hille 1992),
m1 � C�Vs; 21; 10�; sm � 37:14 ÿ25:86C�ÿVs; 10:1; 26:4� with
gCa2 � 1lS.

� IK�Ca� � gK�Ca��Vs � 80���Ca�4=��Ca�4 �K4
Ca�� �1=�1�

exp��ÿVs ÿ 36�=15����Vs � 80�; where gK�Ca� � 0:25 lS and
KCa � 0:4lM. We assumed again that m is rapidly activated.

� Ih � ghm�Vs � 15�; where m1 � C �Vs;ÿ50:3; 10:5�;
sm � 7:2ÿ 6:4 C�ÿVs; 8:3; 19:2�; and gh � 2:1lS:

� ILs � gLs�Vs � 65�; with gLs � 0:0024 lS:

The dynamics of the bound receptors, r, is given by the equation

dr
dt
� a � �T ��1ÿ r� ÿ br ;

where [T ] is the concentration of the transmitter, which occurs as a
pulse; that is, [T � � 1lM for t0 < t < t1 and [T � � 0lM elsewhere.
The spike is delivered by the axon at time to, and t1 ÿ t0 � 2 ms.
The rise and decay constants are a � 104 msÿ1 lMÿ1 and
b � 2 � 10ÿ4 msÿ1.

To model the electrical activity of the muscles we used a passive
circuit described by

Cmuscle
m

dVm

dt
� ÿgL�Vm � 65mV� � Iaxon

where gL � 0:024lS, and Iaxon is the excitatory input from the
motor neurons, which is governed by the synaptic equations with
the reverse potential set to 0 mV, t1 ÿ t0 � 1:5ms; a � 0:94
msÿ1 lMÿ1 and b � 0:18msÿ1.
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