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Abstract. This paper investigates the relationship betwgetialy embedded

neural network models and modularity. It is hypsteed that spatial

constraints lead to a greater chance of evolvingutas structures. Firstly, this
is tested in a minimally modular task/controlleesario. Spatial networks were
shown to possess the ability to generate modulatraiters which were not

found in standard, non-spatial forms of network reestivity. We then apply

this insight to examine the effect of varying degref spatial constraint on the
modularity of a controller operating in a more céexp situated and embodied
simulated environment. We conclude that a bias tdsvanodularity is perhaps
not always a desirable property for a control sygparadigm to possess.

1. Introduction

Modular control systems can be used to enhanceability to generate adaptive
behaviour. Based on the knowledge that brains &sn shown to contain highly
distinct regions of processing activity, artificiahechanisms which promote
modularity are often added to neural networks irdeorto build similarly
decomposable structures. Yamauchi & Beer [18] epamte neural networks, each
evolved to perform dedicated functions and latenloimed, to carry out a sequential
learning task that could not otherwise be satisfieflen, however, such an a priori
decomposition of a task into modules is not avé&laln order to benefit from
modularity in a more generic way, work such as Data et al. [1] examines
modular neurocontrollers which emerge from the etiohary optimization of their
networks, rather than from any hardwired structuwahstraint. They achieve this
using a genetic operator which duplicates existingdules, thus allowing the
topology to develop on its own towards the bestquaring modular architectures.
Often in evolutionary robotics, a neurocontrollergenerated by fully connecting
each of an agent’s sensors to each of its inteomsymvhich are in turn fully linked to
its motors. If recurrent connections are allowederneurons will be connected to
every other interneuron. The functional structuf¢he network can then emerge by
variations in thestrengthof those connections, some of which may drop to Aeand
impose an effectively topological constraint on theetwork's dynamics.
Alternatively, it is possible to structure the centivity of the network, perhaps using



a genetically mediated mechanism to specify whicbdes are connected.
Lindenmeyer systems, for example, can generateatiege modular architectures
using a compact genetic representation [10].

Another method of configuring neural network arebitires involves embedding
the neurons and connections within an abstractc&spavhere they interact directly
with only their nearby neighbouring componentss lapparent that the use of such a
spatial constraint has important implications reigay the presence of modularity,
without requiring any explicit modularity-generagiimmechanisms. For this reason,
this paper concentrates on exploring modular congystems, within spatially
embedded networks. We study the nature of theioakdtip between modularity and
spatiality, and exploit the discovered inherent mladty found in spatially embedded
systems to look at whether a bias towards modularihecessarily a positive feature.
Prior uses of spatially embedded networks are dssmli in section 2. Since we will
need to quantify the level of modularity relatedatgiven form of spatial constraint,
methods for measuring modularity are also discussEas uncovers further
distinctions regarding the nature and role of madtyl in complex systems.

Section 3 then investigates the supposed reldtipn® a simple, necessarily
modular task/controller scenario, using an evohdiy algorithm to compare the
ability of spatial and non-spatial networks to gate modular solutions. Having
found a correlation, we wished to examine its ptiénelevance to our understanding
of a more realistic scenario. Section 4 uses data fa more complex, simulated
robot task with no apparent necessity for a modotantroller. The role of differing
degrees of spatial embeddedness is investigated tis¢se experiments, suggesting
that in some cases, less modularity may be a pesittribute. Finally, Section 5
discusses the limitations of our approach whil&ririg our conclusions.

2. Spatially Embedded Networks and Modularity

Cliff and Miller [2] embed the nodes in their neluretworks within a 2-D planar

surface. Neurons can then connect to other nodéshvene nearby. They find that

this provides a natural framework within which t@ma control system onto the
actuators and sensors of a simulated agent. Thsatso be seen as biologically
inspired, since real neurons within the brain eamiins to connect to their neighbours
(see [16] for a review). More recently, Philippides al. [12] have studied more
complex features of spatial neural networks byudirig a model of neurotransmitter
diffusion across the plane, allowing neurons toeratt both electrically and

chemically with other local neurons.

This embedding feature has implications regardimg presence of modularity
within network topologies. The notion of a neurorteal neighbourhood may
encourage the division of network activity intotdist regions. One part of the spatial
plane could implement a particular aspect of thetrob system, without interfering
with (or being affected by) the other regions. Whd similar division of labour could
potentially emerge from a fully connected netwoitkwould be more difficult to
generate, since without a spatial constraint aareis equally likely to interact with
every other neuron in the network.



Measuring Modularity

The varied attempts to provide a metric for the rifigation of modularity
demonstrate different ways to conceive of its riolecomplex systems. One recent
contribution by Newman & Girvan [11] searches foighhy-interconnected
communities within networks by first compiling themabstract graphs of nodes and
edges. This structural measure ignores the dynamicsthe system under
consideration, but nevertheless proved successhénwapplied to the modular
architectures of a number of social interactiormoeks. Watson & Pollack [17] offer
a measure which investigates the dynamical coioalst between the node’s
behaviour. They claim that ignoring dynamics isbléa to mislead, since some
physical connections could be irrelevant to a nekigo overall behaviour.
Conversely, even sparse connections between tvadamipal clusters of nodes could
play a dynamically highly significant role, undemnimg the distinctiveness of the
supposed modules. Also, Polani et al. [14] presentnformation theoretic metric,
which looks at the degree of ‘mutual information’hish is shared between
subsystems.

Neurons often exhibit nonlinear interactions, amd i neural networks some
connections will be likely ignored due to quiescephapses. Others, however, may
be exaggerated through phenomena such as burstingymer-excitability [8].
Measures which account for dynamical relationshiph therefore no doubt be
important in future studies of neural modularityowever we have reason to believe
that a purely structural metric can still provideeful insights into the behaviour of
the two cases studied in Sections 3 and 4 of tqiep In the first case, the network is
made up of a simple spiking network which omits ynaf the more complex
nonlinear features of real neurons. Combined whithfact that all weights were set to
either 0 or 1, it is likely that neurons will infface each other in a quite homogenous
manner across the network. A quantificationstictural modularity may therefore
tell us something about the modularity of the nekigdynamics, as proved to be the
case in Section 3.

The second case study involves networks comprisfrigvo subsystems (gaseous
and electrical, as described in Section 4). Anyamisiwas undertaken to compare the
structural relationships between these two systeitis the level of overlap in their
dynamical activity (presented in Philippides et Hl2]). They concluded that in this
respect, the physical arrangement and dynamicaJi@r was very similar despite
some of the physical connections being inactivénduthe experimental trials. Whilst
this is somewhat indirect and limited evidence taisaa correspondence between the
network’s topology and its actual function, it segts that if we restrict our analysis
to structural organization of these neural netwprksir conclusions may be
informative to our understanding of a controllebshaviour. The validity of this
approach forms an additional research question.

With this in mind, we used the structural measuréNewman & Girvan [11].
Since the spatial constraint operates by impos#strictions on a network’s physical
connectivity, this measure provides the most dineety of studying how such
constraints affect the development of the netwddditionally, it is clear that a
network’s physical topology will play a role in catraining its dynamics.



The measure proceeds by removing connections fraretaork, one by one. At
each stage, the node with the highest degree bfidamness centrality’ (a measure of
the number of shortest paths between any two nadiésh a given connection is a
part of) is deleted. It is claimed that if a contiet is frequently part of the shortest
route between pairs of nodes, it is likely to be af the sparse ‘bridges’ between
different clusters of highly interconnected nodegentually, as nodes are removed,
the network breaks down into increasingly small andnerous separate graph
components. Each discovered division into these poovent ‘modules’ is then
examined and compared to see which provides th¢ appsopriate division of nodes
into clusters. The ‘best’ cluster division is detéred in terms of the likelihood of a
given node connecting to another member of its awadule (rather than a different
one). The proportion of intra-module connectionssue inter-module links of the
best rated division becomes a network’s measurediutarity rating’, which should
be used comparatively to determine whether a nétwgomore or less modular than
an alternative structure [6].

3.  Minimally Modular Control Systems

As detailed above, we have reason to believe thattadly constrained networks offer
the potential for clustered architectures, withoefuiring any mechanisms which
‘create’ or impose modularity. To investigate whetthis is true in practice, a genetic
algorithm was used to evolve controllers for a daripsk. The emergence of modular
topologies could thus be investigated without esith¥i biasing the controller towards
them, allowing the conditions under which they atis be discussed.

For this, we required a minimal task/neurocontrolleombination which
necessitated a modular structure for successfulption, whilst being simple
enough to analyse. In the course of previous ifmyasbns into spiking network
dynamics, this task was found to require two dittinodules to be present within the
controller. Note that the task only requires a miadaontroller when paired with the
spiking neuron model presented; we do not claint thaepresents a necessarily
modular task by itself. The justification for the claim that s#ss here requires
modularity is presented after the description effethods used.

Experimental Method

A simple simulated ‘agent’ was used to evolve a wmmntask, where it had to move
to either the left or the right of its ‘world’, depding on its prior (since extinguished)
sensory input. The agent was placed on a 1-dimeakioe (200 units in length),

where it could move to the left or right based ba butput of two network nodes
which were designated as outputs (the location cex®esponds to the far left, and
x=200 the far right). Two different nodes were ussdnputs, each receiving signals
from one of two externally controlled sensors (lsgkthe left and the right sensor).
For each evaluation of a genotype’s fithess, tiadstiwere run. In each, just one of
the sensors was enabled (set to output a valug fofr 2 ‘seconds’, whilst the agent
was held in its initial location at the middle bktline (x=100). The input was set to



0, and only then were the agent’s motor neuronesalised to move its location. High
fitness was achieved if the agent moved to theolefhe line when its left sensor had
been previously enabled, and the right of the ilinne right sensor trials.
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Equation (1) shows the fithess measureand Ffor the left and right sensor trials
respectively, which were averaged to give an agefittiess. t corresponds to the
timestep of integration, T is the length of thalirik the agent’s position at time t, and
X the width of the line on which the agent resides.

A leaky integrate-and-fire neuron model was usdter(d5], see [3] for use in
evolutionary robotics setting). Sensor values weaaslated into input neuron spike
trains using a Poisson process, with a probabilft§iring dependent on the sensor
value plus noise. In addition to the 2 sensor antbfr neurons, 9 interneurons were
included. The network activity is governed by:
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All parameters were evolved, unless otherwise §ipeciln Equation 2, ., is the
membrane time constant [10ms, 40méjis the membrane potentidles; = -70mV
and the excitatory and inhibitory reversal potdat{&.xandE;) are OmV and -80mV
respectivelyV ‘spikes’ when it reaches a normally distributedsgdhreshold Vinresh
mean [-60mV, -50mV] with deviation 1mV), and islaked by a random refractory
period [2ms, 4ms] after whicN V. Equation 3 is applied when a neuron’s
inhibitory or exhibitory synapse receives a spitygp€ =in or ex respectively, anay;
is the connection strength from the presynapticrov®u Equation 4 describes the
decay of the input conductances, withalues [2ms, 4ms]. Finally, Equation 5 shows
the motor output integrator (with= left or right), capped at 1, whetgis the time of
the last spike in the corresponding motor neundg, is the motor gain (scaled
exponentially between [0.1, 50]) ang; -[40ms, 100ms].



The connectivity of the network was generated byeading each node in a 2
dimensional plane using a genetically specifiedndy coordinate. Each neuron
maintained a number of connectiamgevolved per neuron between 0 and 5), which
were made to tha nearest neighbouring neurons (excluding self-cotimes, which
were not permitted). To aid analysis, all connewiorere made with a weight of 1. A
non-spatially embedded network was used as a doftash neuron maintained an
evolvable parameter in the range [0, 1] for evetheo neuron in the network. They
were then connected to tinenodes for which this value was highest. Other rabnt
experiments were run using a more typical, fullynmected architecture with
evolvable weights, producing similar results to fist control network (results not
shown). Note that the spatiality of the experimkentandition was only exploited to
generate the network architecture; once a trial eglin the network operated as in
the control condition.

All controllers were optimized using a rank basemegic algorithm with elitism.
The non-elite genotypes were mutated by addingciovef random numbers of total
length 2.5, taken from a Gaussian distribution adoQ. Any mutations which took a
gene beyond its 0 to 1 limits were discarded, adiffarent random mutation selected
for that gene until the boundaries were satisfied.

The fact that this task requires a modular architecstems from the way in which
the neurons reset their internal state value aftery spike with a fast timescale
(order of milliseconds). In order to retain actvibr longer (allowing the agent to
move in relation to the extinguished sensory inputa timescale extending over
seconds), more than one neuron would thus be estjuin fact, an exhaustive search
of each possible two and three neuron topologyh(wi¢ights constrained to -1, 0 or
1) provided no architecture capable of showingaldé persistent activity after the
input was removed. Only when four neuron circuitesevconsidered was an adequate
‘switch’ behaviour found, which could be triggerbg an input to one of the nodes,
and maintained regular spiking activity throughrésurrent dynamics after that input
was removed.
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Figure 1: a) Hand designed topology of spiking pegrwhich completes the task successfully.
b) An example spatially embedded network, withtrzefss of 0.825

In order to complete the task, the agent would ireqwo of these ‘switches’, one
pairing the left sensor with the right motor (enafdlthe agent to move towards the
left), and vice-versa. An example of this, usingotfiour-node fully connected



switches, is shown in Figure 1la. Whilst other meédras may exist, none were found
throughout the extensive evolutionary simulationsdartaken. The four neuron
switches were somewhat robust to the removal @féeld number of connections.
However the addition of a single connection linkamyy pair of nodes across different
switches (thus breaking the perfect modularity) vpreed the network from

succeeding. Activity would ‘leak’ across that coatien, triggering both switches

(and therefore both motors) equally, preventingagent from moving.

Results

A set of 24 evolutionary runs of each condition evamdertaken, each with a
population of 50 for 800 generations. Every rurthaf spatially constrained network
reached a maximum fitness of 0.825, which was timaesas the hand designed
version (a score of 1 is not possible becausegbataannot move at the start of each
trial). The control network, however, could onlyach 0.67. These networks were
only able to move to one side of the line when pasicular sensor was enabled, and
did not move at all in the other case. An analgdithe spiking dynamics of one of
these control networks showed that one sensor awed nootor neuron had been
disconnected from the network, and all of the otfeirons acted as a switch enabling
movement in the direction mediated by the remaimiognected motor neuron. Only
when the spatial constraint was added were twaéndisswitches able to evolve, as
shown in the example (Figure 1b), which was takemfgeneration 800 of one of the
spatially embedded runs. This is corroborated by tbsults from Newman &
Girvan’s modularity measure, with the highest sogrépatial network from each run
producing a mean score of 0.48, whilst the conmetwork mean was 0.14
(significantly less modular, p = 5.41 x Y.

The above results demonstrate that even an appasénple task, such as using a
spiking network to ‘remember’ which direction aneafj should move in, can
necessitate a highly modular architecture. Crugidhis form of topology was not
evolvable with a standard network generation tegpimi Only when embedded in
space did the requisite modularity emerge, andditsd with apparent ease (in 100%
of the runs carried out).

4. Controller modularity in an embodied, activevision task

The previous results suggested a strong relatipndfdtween modularity and
spatiality. However the use of anpriori modular task/controller, and the simplicity
of the experiments leave open questions about tberwalidity of this trend. The
results of a complex scenario (which used a spatehbedded controller) were
therefore analysed, looking at the modularity & biest performing controllers. Their
use of apartially spatial controller (in addition to a fully embeddeersion) also
allows for an interesting comparison to be made.

The experiments analysed in this section wereezhwut by Philippides et al. [12],
and were an extension of the GasNet model (seeerefe for further details).
GasNets are spatially embedded controllers, comfpiai standard neural network



with a model of diffusing neurotransmitters. In dih to forming the topology of
the network based on spatial factors (similarlyh® spiking network experiments in
Section 3), each node may act as a point sourgafThis diffuses across the plane,
affecting nearby neurons by modulating their tranffinction.

As in the minimal model presented in Section 3heam@de in a GasNet maintains
an evolvablex andy coordinate. Rather than connecting tonitsearest neighbours, it
maintains two genetically specified ‘cones’ emamgfirom the neuron’s position, for
a limited distance across the plane. Positive cciiores are made to any neuron
falling within the first of these, and negative oentions to the second. The activity
of theseelectrical connections are modelled as a discrete time, megumnetwork
which maintains a gain functidn Each neuron is also capable of producing one of
two gases, either when its electrical output cr@ssgiven threshold, or when gas in
the vicinity reaches a certain level. Each of theammeters is genetically specified.
The gases diffuse and disperse automatically. Thensed concentration of the each
gas is measured at each neuron’s location. Thé dévike first gas is used to increase
the gain of the transfer function applied to theiro@’s electrical inputs, and the
second gas decreases this value.
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Figure 2: An example GasNet electrical topologyt fnram experimental data), showing just
the gas emitted by Neuron 3. The dashed lines deragjative connections

The topologies were generated from the resulth@feixperiment detailed in [12].
It involved a gantry robot starting from an arhiyrgosition and orientation in a
black-walled arena. Equipped with a minimal visgystem, taken from a forward-
facing camera, it must navigate under extremelyabée lighting conditions towards
one shape (a white triangle), while ignoring theosel shape (a white square).

Philippides et al. [12] also provide a modificatiof standard GasNets, taking
inspiration from the way in which neurons emit MitDxide (NO) in the mammalian
cortex where it is generated by a network, or péexaf fine fibres [13]. Rather than
emanating from the neuron’s location, the gas foanusiform cloud, targeted over a
potentially distant area, away from the source nofdds was termed thelexus
model, and used two extra evolvable parametersi@earon, determining the andy
coordinates of the centre of that neuron’s gasctldhis essentially means that whilst
the electrical topology of the network is spatialbnstrained exactly as in the original
GasNet, the gaseous connectivity (i.e. whetherimgbaeurons influence each other
through the production of gas) is not limited imsteense. Space still plays a role in
this connectivity, because the gas from each netfatis over a defined circular



region of the plane. However this is a much mot&lelconstraint than in the original
model, because that cloud can be located anywirestsad of being restricted to
being over nodes in the source neuron’s locality.

The plexus GasNets were found to be significantreamevolvable for this task,
both in terms of the chance of a given run produigirhigh fithess controller, and the
number of generations required to do so. The asitbloaracterize the reasons for the
difference in terms of the lesser degree of cogpiietween the gaseous and electrical
parts of the network’s operation. They describe limring evolution changes in the
gaseous structure of the network have a loosecteffie the electrical systems (and
vice versa). This is said to allow greater flextliin ‘tuning’ each system against the
other, with a corresponding greater level of evbiliy.

Without wishing to question this factor, we propose different, perhaps
complementary hypothesis for the observed perfoomatifferences. In the plexus
model, the spatiality of the electrical connectiempreserved, but the gaseous links
are no longer spatial (as described above). Int bfhhe relationship between spatial
constraints and modularity (see Section 3), it rhaythat the plexus networks are
prone to a lower degree of modularity. With onlpart of the structure restricted to
neighbourhood-only connections, potentially paftshe overall network will be less
modular and this may aid the development of a ssfakcontroller.

To determine whether this was the case, the beftrpeng networks from 40
original GasNet runs and 40 plexus runs were coetpdrirstly, the 7 original and 2
plexus runs which failed to reach the maximum 8&ecores were removed, so as to
only consider those networks which satisfied thsktarhen, the excitatory and
inhibitory electrical connectivity matrices werengbined, so the resulting electrical
matrix simply records whether a connection of eitlype was present or not (nodes
connected by both positivand negative connections were assumed to be not
connected, since the effect on the target neuromdvbe cancelled out). Also, the
gaseous connectivity matrix was thresholded sodhgtnon-zero level of influence
between two nodes was regarded as a full connedionto the Newman & Girvan
metric’'s use of unweighted graphs. All connectioreye assumed to be undirected
and self-connections were deleted, also due tdduntestrictions of the modularity
measure.

Results

It is apparent from Figure 3 that the original Gaslroduced overall topologies
which were considerably more modular than the mexodel (confirmed by a T-test,
p = 6.24 x 10"). Visualisations of the combined topologies wesedito ensure that
the results of the modularity test did appeal to own notions of modularity. For
example, it was noticed that all of the plexus topi@s consisted of one component
(i.e., every node was reachable from every othelejjowhist 14 (out of 33) of the
original GasNet runs produced a best performindgrotiar with at least two network
components. The examples shown in Figure 4 showpeal, best performing
topology from each controller type.
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Figure 3: Distribution of modularity scores for tbembined electrical and gaseous topologies
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Figure 4: Example combined topologies from the &¢emodel (left), and the original GasNet
(right). Generated by the GraphViz package [4]

Additionally, a statistically significant decrease modularity for the plexus case
was found when considering the gaseous interat¢tipologies alone, whereas the
electrical connections were found to be statidiicalmilar. This is to be expected,
since the electrical systems were the same in badles. The gaseous connectivity,
however, was only spatially constrained in the inaf GasNet, which is likely to
have lead to the increased level of gaseous maguiarthat case. It would seem that
networks which argartially spatially embedded have evolved topologies with a
lower degree of modularity than fully embedded meks. These more
interconnected networks were considerably more tadgpevolving a suitable
controller to complete the triangle/square detectask.

5. Discussion

Section 3 has demonstrated that spatially embeddarhl networks are considerably
more able to generate a modular solution to a n@lynmodular scenario than non-
spatial neurocontrollers. Spatially constrainedmoeks could thus provide a useful
substrate within which to investigate the emergeotenodularity, both in neural



systems and potentially other forms of network. Tdven taken by the modules is, in
some respects, free of assumptions imposed by d@bearcher. The use of pre-
hardwired modules or specific, ‘modularity-genargtimechanisms entails that the
resultant modular properties of a network are &abl show a degree of bias in their
configuration. Within a spatial network, howevdre tstructure of any modules which
ensue emerge from the same mechanisms which geradraspects of the network’s
connectivity, and so could be used to study thergemce and form of modular
architectures in general.

That said, the modules which form a spatially endeeidnetwork are manifestly
structural constructions, rather than dynamicaldture. Whilst the physical topology
of a network will undoubtedly influence its dynamligroperties, structure does not
tell the whole story. It is possible that a struatly modular connectivity could prove
to be less flexible than a modularity which is detemed by dynamics. One such
example (Izhikevich, [9]) examines groups of nesrevhich are defined by stable,
repeatable patterns of firing in large, randomtyatured networks. Neurons can be a
part of more than one dynamically determined ‘medwnd many more modules can
occur than the number of neurons in a network.cBiral modularity is nevertheless
clearly an important feature to investigate, andldgically relevant, relating to
cortical column work [7] amongst others. Howevetufe work should additionally
investigate dynamical properties, possibly in ielatto structural constraints. A
measure oflynamicalmodularity would aid such a study.

Section 4 investigated the association betweeriadipatand modularity within a
more complex scenario, including features such aari@able-length genotype and a
requirement for embodied, situated perception atidmin a simulated environment.
In one experiment, this used a network with a simiével of constraint found in the
spiking model. Another version used a looser kifidpatial constraint. Firstly, it was
apparent that within this more realistic simulafiahe fully embedded controllers
produced highly modular networks. This was demaidtr using a measure of
structural modularity, the results of which matchedr intuitions gained from
counting the number of components found in eactvordt structure.

It turned out, however, that these highly modutdugons were considerably less
evolvable than those of the other, partially emteeldcheurocontroller. Whilst
modularity is clearly a desirable property in mamages, it seems that here too much
inherent modularity could be a negative influencetlte development and behaviour
of the networks. The ‘plexus’ model may correspdnda compromise between
spatially modular, and flexibly non-modular struetluarchitectures. Of course, the
reduction in modularity found in these networks Idompact on the plexus model's
capacity to evolve modular properties when hightyderdar controllers are required to
satisfy a task. It would be interesting to deteemiwhether they could, in fact,
produce more modular topologies in a different expental scenario which
benefited from such an architecture.

This compromise could appeal to notions of neawedgmsability (Simon, [15]),
which discusses modularity in terms of subsysteiisiwbehave in distinct ways, but
whose interdependencies are also of importanceegeribing a system'’s behaviour.
Simon [15] describes these different levels of uefice in terms of different
timescales of interaction, which is not somethihgttcan be examined using the
purely structural metric employed in this paper.rdlsuitable tools would be required



to

make progress understanding in more generalstdraw different degrees of

modularity arise from systems partially embeddesipiace.
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