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Abstract— In this paper we show how simple laterally In the Stochastic Evolutionary Neuron Migration Process

interacting computational entities, i.e. neurons, can be guided (SENMP) [10], the efficacy of the connection between
by a selectionist process into spatial patterns that show ter- i qivigual neurons is a function of the Euclidean distance
esting and purposeful dynamics with regard to a particular between the neurons in 2-space. At present, the model is
utility measure. In other words, if a suitable population of - p. : _p !

laterally interacting mobile entities exist, it is possibe to  €Xclusively based on lateral interaction between neurons,
gradually arrange the entities into a spatial pattern that and no distinct connections between neurons are used
exhibits the desired dynamics. In this paper, the selectidst  in order to emphasize the role of spatial distribution of
process is implemented with the Stochastic Evolutionary neyrons in defining the behavior of the neural network.

Neuron Migration Process (SENMP) and approach is used . Lo . .
to evolve Dynamic Recurrent Neural Networks (DRNNSs) for This practice is based on the assumption that during the

controlling complex dynamic systems such as autonomous €volution of the nervous system neural conduction was
mobile robots, for example. The feasibility and advantagesf = preceded by more primitive forms of communication in
the approach are demonstrated by evolving neural controlles  which signals were propagated directly between neighbor-
for solving a non-Markovian double pole balancing problem. -,y ¢e|ls. Indeed this form of non-neural communication
In addition, we have earlier used SENMP to evolve navigation . . . . . .
behaviors for mobile robots in complex simulated and real exists a.long-S|del neural cond-uctlon |n.some. cnidafians
environments. The basic cnidarian nerve net is a two-dimensional network
of neurons which has both a sensory and motor capacity,
|. INTRODUCTION and in which there is no distinction between axons and
Our original idea was to design, using some mechdendrites — nervous impulses, therefore, propagate in both
anism, a spatial pattern of computational entities in ndirections between cells [15].
space with simple lateral interaction rules, which coult ac
as a simple control system for a mobile robot [10], and Il. SENMP
which could adapt to a new environment by undergoing\. The Encoding Scheme

gradual morphological changes. The idea is _b_ased on theFollowing the original idea, the purpose was to create,
observation that nature has a remarkable ab|I|'Fy to crea ﬁrough some mechanism, a spatial pattern of computa-
complex patterns on various scales from physical mattef

If th it 4 of entities that b|'onal entities with simple interaction rules. The spatial
nese patlerns are composed of entities that are alygo 5 ion scheme adopted for this work should have at
to interact with the environmente. they are not closed

¢ q i ‘ i1 which int i least the following three properties: lateral interaction
Systems, a dynamic system emerges in which interac _'Ogﬁlectively sensitive neuron groups, and feedback. The
.Of ent!t|es are mewtably regulated by the phy_S|caI realit ncoding scheme used in SENMP is illustrated in Fig. 1.
including space. Assuming that space has an important rO?eThe neighborhood function used to implement the lateral

in defining the properties of a dynamic system COmposeffineraction scheme in SENMP is a bell-shaped Gaussian

of laterally interacting entities, it is possible to modify function. The definition of the neighborhood function is

the dynamics of the system by altering the spatial patteraiven in Eg. 1 which describes the efficacy of the con-
formed by the entities.

nection between neurons and k. In Eq. 1 6; and 0;

It is clear that the patterns that exist in living organisms, phase terms of the connected neurdpsjs the

ﬁ\rf?n}tc:a anll?r:]gbee?Xgﬁngoi?ngzgzgysdgﬁgnm;[?ér:';)v;i\i/setr’Onnormalized Euclidean distance of neurons in 2—spa§e,
. . gent P P - represents the region of influence of the neurgngy
various scales in the physical world that form dynamic

. . ! ... i1s the feedback factor of neuroh, and ©(¢;) is the
systems which are composed of laterally interacting estiti feedback function of a neuron. The Gaussian function
— both living and non-living. These patterns can be a :

. 2 ; . was selected because it is a continuous, monotonically
result of physical forces acting in the physical realéyg. . : . .
S decreasing function which asymptotically approaches zero
the gravity in start systems, or they can be a result of a
comple>_< StOChaSU_C selection Procese’ adaptauon, asin cnidarians include the corals, hydras, jellyfish, Portegeen-of-war,
population dynamics and spatial ecology [9], [23]. sea anemones, sea pens, sea whips, and sea fans.



state contained six parameters defining the radius, angular
extent and orientation for both excitatory and inhibitory
connections.

The rationale behind the feedback factpris that by
applying it, each neuron can tune the global feedback effect
of the other neurons. More precisely, the outputs of the
neurons propagating through the recurrent connections are
multiplied by an asymmetric and bounded functi®fyy,)
in the target neuroh. Prior to SENMP all feedback factors

\ are reset to zero and correspondingy¢;) = 0. This
Reglon ofnfluence means that initial neural networks are feedforward net-

works and recurrent connections evolve under the selection
pressure during the migration process as the feedback fac-
Fig. 1. Lateral interaction in SENMP. The line drawn througheuron  tOrS Of the neurons get non-zero values when subjected to
represents the phase temnof the neuron. The feedback factogsare  the random noise. The definition 6f(¢;) in Eqg. 1 depends
drawn as circles around the neurons as they can be thougiefitteca o \yhether the connection from neurgno neuronk is a
region inside which the feedback is received. Each netwarksist of - .
input, hidden, and output neurons. Some of the input neucams be forward connectioni.e. a connection from the lower layer,
considered as bias neurons if their output is constant (=1). or a recurrent connectiong. a connection from the upper
or within the same layer®(¢;) = tanh(¢y) is used for
recurrent connections enabling both positive and negative
and has the maximum.e one, at zero (distance). Thesefeedback, an@®(¢;) = 1 is used for forward connections.
properties makes it an ideal candidate for the lateral inter ) )
action scheme proposed here. The Gaussian neighborhddd The Evolutionary Algorithm
function is responsible for defining the absolute physical The stochastic motion of neurons establishing the spatial
limits for the efficacy of any connection departing from aorganization of the neural network ensemble was realized
neuron. by using an Evolutionary Algorithm (EA). The fundamen-
tal reason for using the stochastic motion of neurons over
wi; = O(dy) sin(0y, — 0,)e /27 (1) developmental models [3], [5], [6], [14], [17], [18], [24]
was to avoid heuristic constraints in pattern formation and

According Eqg. 1, connection weights are implicitly de-to overcome the difficulty of designing an artificial genome
termined by the spatial distribution of neurons and thgynich develops into a particular pattern. In addition, the
neurons’ phases. The definition of normalized distancgiochastic process was used to learn and visualize how the
dr; between neurong and k is given in Eq. 2 where peyrgl network ensemble behaves while adapting to the
pi = [z;y;]7 represents a position of the neuronn 2- 535k at hand.

Space. In SENMP, the genotypé&; of the neural network is
‘ a list
dyj = lPx — by ) Gi=(Gr: k=0,1,...,n—1),
maxzzm ([[pr = pmll) .

In order to break the symmetry of the neighborhoo%v:lirg:kIissthe number of neurons and the gejjeof the
function and to establish both excitatory and inhibitory
connections to the network, the variable called phase is e = ($k7yk79k,¢k77'k720’12€)T,
introduced for each neuron state. The rationale behind ) ) )
the neuron phase is to provide a way of making neuron&N€rezx, yi, Oi, éx, 7x, andoj; are the coordinates in 2-

selectively more sensitive to some subset of neurons thaRace. phase, feedback factor, time constant, and theregio
to others and to create orthogonal groups of neurbes, of influence of the neuroh, _respectlvely. Inde)_% specifies
sets of neurons that do not interact with each other. ~ Whetherg represents an input neuron, a hidden neuron,
The termsin(6x — 6;) in Eq. 1 is a simple way of ©'an output neuronk = (0,0 —1] for input, k = [I, 1 +
breaking the symmetry of the neighborhood function and® — 1] for hidden, andk = [l + m,n — 1] for output

to provide different connection types using only one variheurons, wheré andm are the numbers of output, and

able for each neuron. Furthermore, the phase term hiidden neurons, respectively. Correspondingly, the numbe
an important role in defining the network topology as itOf OUtPut neurons is — (m +1) > 0.

can make a neuron selectively more sensitive to some SENMP is started by creating a lis? of random
subset of neurons in the network that to others. Indee§€nOtypes

the_ phase term is a simple_r and more elegant way of P=(Gp:n=01,.. N-1)

tuning the network connectivity than the one used by [11]

and [12], who used excitatory and inhibitory 'connectivitywhere N is the population size,e. the number of neural
segments’ in each neuron defining the connectivity ohetworks in the neural network ensemble. For each neuron,
the evolved neural network. For the segments, the neurare gene k, the phased, gets a random value between

Feedback factor

Sensory input \
\




[—7, w] and the coordinates;, andy, andr;, get random and the variability of the distribution is correspondingly
values betweer—A\, \], where X is the maximum ampli- high, theposteriorp(X|Z) can be multimodal supporting
tude of the random noiseintroduced to the parametefs  multiple hypotheses. In other words, at the beginning of the
of the neuron (gen€) by the mutation operator. The region adaptation process, SENMP permits the sefVosamples
of influencecs? is initialized with some suitabfereal value s(™) of a neuron to populate a large area of the state space
and the feedback factaf is initialized, in general, to zero and to effectively explore the fitness landscape. However,
for all neurons, meaning no recurrent connections prioas the process maturates and the system converges the
to the adaptation process. After the initial neural networlclusters of neurons get localized and the behavior of the
ensemble is created, a fitness functif((z) is used to system stabilizes.
assign a fitness for each genotype (neural netw6tk) After recombinationj.e. resampling of possible neuron
In SENMP, the recombination of genes is implementedtates, the mutation operator is applied forralheurons
usign a factored sampling [2], [20] based method. Thisind their NV states in such a way that for all andi the
means that the neural network ensemble is represented withw mutated state (geng). is
a single network composed of a fixed nhumber of neurons,
and each neuron haviny (i.e. population size) possible G, = G; + 7,
states,i.e._ genes. The factor_ed sampling based_ EA Wa§ harek — 0.1,..n—1andi =0,1,.., N—1, and where
used to simplify and generalize the implementation of the
SENMP and to emphasize the locality principle in the 7= (VI,,,y,ne(ye)vn(%),n(yT)7Va2)T7
definition of neuron state transitionse. decision about
the next state of a neuron is made within the neuron itseWnerévz.vy, vg, v andv; get random values from the
based on the global reward received by each state duriffferval[—A, Al, v, gets a random value from the interval
the previous generation. [—0.1%\7 0.1X], ng(v) = 27v/d, andn(v) = v/d. After t.he
Suppose that the neuron’s position, phase, feedbatRutation, . and o, of the new genegy, are constrained
factor, time constant and region of influence are encoded i P& Positive real numbers by replacing them with their
a state vectoX € RN+, and the fitness values, measuringtorresponding absolute values. The reason why is

the performance of the neural network that the current staf®nstrained to the intervdl-0.1A,0.1}] is to emphasize
of the neuron is part of, observed at timeare denoted the role of local interaction in the model, but at the same

Z,, with a measurement historf; = (Z1, ..., Z;). The time to allow the region of influence of a neuron to vary
Bayesian technique of factored sampling is a randonil SOme limited degree in the long run.
sampling method of approximating a distributipfX|Z) The purpose of the normalization functiong(v) and

when it is too complicated to sample directly, but wherf*(¥) i to control the short term variances of the parame-
prior p(X) can be sampled, and the measurement dens(i}gers for which the functions are applfedNormalization

p(Z|X) can be evaluated. Factored sampling procee creases the effect of mutation into these variables as
by generating a set oV sampless(™ from a priori the diameter of the neuron distribution increases. In other

p(X) and then assigning to each sample a weigft = words, the diameter of the neuron distribution can be_seen
p(Z|X = s(™) corresponding to the measurement density2S th(_e temperature of_ th_e system. Ind_eed, the evolution of
The (™ are normalized to sum 1 and then the Weighte&he Q|ameter of the dlstr|t?ut|on is a dlrec'F analogy to the
set{(s(™, 7(")} represents an approximatigiiX|Z) to cooling schedule of the S|mulqted annealmg_method [13].
the desiredposterior p(X|Z), where a sample is drawn However, in SENMP, the 'cooling schedule’ is controlled

from (X|Z) by choosing one of the(™ with probability by the_ ev_oluti_on process, not by the experimenter. If
7™, As N — oo samples fromp(X|Z) arbitrarily close normalization is not used for the parametérsp, and 7

approximate fair samples frop( X|Z). thenny(v) = n(v) = v.
In SENMP, the measurement dengiy”| X) represents |||, N oN-MARKOVIAN DOUBLE POLE BALANCING
the normalized fitness of the stakeof a neuronj.e. a high PROBLEM

fithess corresponds to a high probability. Consequently,
the posterior p(X|Z) tends to evolve to a distribution
p(X|Zmaz) that tries to maximize the fitness of the set
of N sampless(™) that represent the possible states of
neuron. When the adaptation process has convergetthe

diameter of the neuron distribution is large, the cIustergzz]’ [25], [26]. : . _
: . ; The pole balancing experiments were set up as described
of neurons are fairly localized and correspondingly, the . .
. . : . In [21] and [22]. In double pole balancing experiments two
posterior p(X|Z) for each neuron is approximately uni-

o ) rigid poles are connected to a moving cart by an hinge. The
modal. However, at the beginning of the adaptation process; . . . ' .

: . L R Cart is constrained to move along a linear horizontal track.
while the diameter of the neuron distribution is still small

The neural network is used to apply force to the cart to
252 — 0,025 was used in the experiments presented in this workK€ep the poles balanced for as long as possible without

This value was chosen in order to constrain the region of enfte of
any neuron approximately to the normalized distance 0.5yhich the 3for convenience this is called normalization of that paittic variable
Gaussian neighborhood function is close to zero. in the remaining text.

The pole balancing problem was selected for easier
comparison of SENMP with existing neuroevolution (NE)
methods as it has been used as a reinforcement learning
%enchmark for the last three decades [1], 8], [16], [21],



going beyond the boundaries of the track. The two polegelocity information, which requires recurrent connegtio
must be of different length to be balancéd, they respond The schema of the non-Markovian double pole balancing
differently to different control inputs [27]. In this pradain,  experiment is illustrated in Fig. 3.

the ratio of the natural frequencies of the poles determines

the size of the region of controllability [27]. (@01,05)

The state of the cart-pole system, shown in Fig. 2, is ‘ i i
defined by the cart positianand velocityz, the first pole’s G
position #; and angular velocityd;, and second pole’s cart-pole system SENMP =% network
positiond, and angular velocity,. The motion equations
were simulated by using the 4th order Runge-Kutta method T Y ‘

with a step size of 0.02 seconds. All state variables wer - )

. . g. 3. Description of the non-Markovian double pole balagc
scaled to[—1.0,1.0] before being fed into the network. experiment. y is the network's responses. force applied to the cart,
The network’s output responsée_ action, serves as a to the current state of the cart-pole system. G represeatsutrent state,

; {,£- genotype of the neural network. SENMP receives the carttiposi
force _Or_l the simulated system. The fc_)rce can get Onlgr?ld the angles of the poles in order to evaluate the perfarenah the
two distinct values; -10N or 10N following the common petwork.
“bang-bang” approach for controlling the cart-pole system
The poles were 0.1m and 1.0m long. The initial position The network architecture used in the double pole bal-
of the long pole was randomly selected from the intervafincing experiments was 3-10-2 with 1 bias node. The
[—1,1] degrees and the short pole was set vertical. Thactivation function used at the hidden and output layers
length of the track was 2.4m. An acceptable solution fowas the hyperbolic tangent function. The most active output
this problem must maintain both poles balanced for 3Meuron represented the force, either 10N or -10N, applied
minutes of simulated timei,e. 100,000 time steps. The to the cart. The network architecture is illustrated in Fig.
fitness of the neural network was measured as the numbér
of time steps that both poles remained balanced. A pole

was considered balanced between -36 and 36 degrees from i
vertical. / !
"L 63 -
0 Fig. 4. The 3-10-2 network architecture used in the non-iadn
' double pole experiments. The arrows are used to indicale dahnected
layers. B represents bias nodes.

All experiments were conducted using Dynamic Recur-
rent Neural Networks (DRNNS) [4], [19]. The correspond-
w ing neuron model is shown in Eq. 3, whargis the action
e ‘ potential, of neurorkt, wy; is the weight of the connection
2.4m ! from neuronj to neuronk, I is the external (sensory)

Fig. 2. The cartpole system used in the double pole balgnciniNPUt to the neurork, 7 andp(vg) are the time constant,

experiments. An acceptable solutidre. neural controller must maintain  and the activation function of the neurén respectively.
the balance of the system for 30 minutes of simulated timbawit going
beyond the boundaries of the track.

TRUk = —Vk + Zwkjsﬁ(vj) + I 3

The “bang-bang” approach enforces the neural controller SENMP was compared to the published results of three
to apply non-zero force to the cart, making the cart-pol®ther NE systems: CE is Cellular Encoding [8], ESP is
system unstable. Controlling an unstable and non-lined&nforced Subpopulations [7], and NEAT is NeuroEvolution
system with a neural network can be a difficult problemof Augmenting Topologies [22], that are able to solve
Even though the proper behavior of the system might bthe non-Markovian double pole balancing problem. Table
describable, it is difficult to provide training examples & | shows that SENMP requires the fewest evaluations for
supervised learning method for a system with complex dyfinding a solution. In addition, SENMP finds solutions
namics. Under such conditions, a gradient-based searchlmf using a population size, which is over an order of
the weight space for minimum error is unsuitable, makingnagnitude smaller than the next smallest population size
an Evolutionary Computation (EC) based procedure morguggesting that SENMP can effectively search the fitness
attractive for addressing these kind of control problems. landscape and maintain the diversity of the population

In the non-Markovian version of the double pole bal-despite the small population size used. The results pre-
ancing problem, the velocity information for both the cartsented in Table | were obtained without normalization of
(i) and the polest; and#é.) are omitted which makes the the feedback factors. For SENMP the results are averages
task more difficult because the network has to estimate timver 120 experiments. Other results are averaged over
internal state in order to compensate for the absence of 20 experiments. Standard deviations for the SENMP and



NEAT are 13,070, and 21,790 evaluations, respectively. 03 GEN% 03 GEN100
The standard deviation for the other methods were not o2 02
reported. The difference between the average number of o1
evaluations of SENMP and NEAT is statistically significant e
(p < 0.001)) favoring SENMP.

TABLE | -02 -02
Method ~ Evaluations  Generations  No. Networks 03 03
CE 840,000 51 16,384 02 0 02 02 0 02
ESP 169,466 169 1,000 03l GEN200
NEAT 33,184 33 1,000 03 GEN224
SENMP 21,552 450 48 02 02
-] hidden neurohs
0.1 01 r Q input neurons
The recurrent connections are required in order to solve 0 4'@
the non-Markovian double pole balancing problem, which ! ~0.1f ouputnewons ..
was the reason why the experiments were repeated usinc-02 : 02
the normalization of the feedback factors. The results are -03 03 7 tiesneurons
summarized in Table Il. In this case, SENMP clearly shows -02 0 02 -02 0 02

a better performance in comparison with the other methods.

; At ; i< Fig. 5. Snapshots from the evolution of a neuron distributiniring a
Table Il shows that with normalization, the solution ISnon-Markovian double pole balancing experiment: genamati50, 100,

found using a smaller number of evaluations than withouso, 200, 224. The average(= v/a2) for each neuron cluster is shown
normalization. In fact, this time SENMP requires about halfvith a circle at the center of gravity of the correspondingstér of
a magnitude less evaluations than the next best methdigurons. The mean feedback factor (scaled wijhis shown with a

L. L . . _smaller circle at the center of a neuron cluster. The linevdréhrough
which is NEAT. The standard deviation for SENMP in thiSthe center of a neuron cluster represents the avefage. phase of the
experiment was 2,102. SENMP results are averages owvesurons within the cluster.

85 experiments.

TABLE Il process was selected rather than a development program,
Method  Evaluations  Generations  No. Networks becafuse thef developme_n_t prerar_ﬂ IS. dlffl(?ult to formulate
CE 840,000 E1 16,384 and is unsuitable for gaining new insights into the adapta-
ESP 169,466 169 1,000 tion process of an artificial life-form.
NEAT 33,184 33 1,000

SENMP is started from a dense cloud of neurons. The
radius of this cloud can be interpreted as the temperature of
the system. The gross features of the final state are seen at

Fig. 5 shows the evolution of the neuron distribution ofhigher temperature (small radius), while fine details of the
the neural network ensemble for four runs of the doublstate appear at lower temperatures (larger radius), as the
pole balancing experiment. Fig. 5 illustrates how neuromeurons migrate under the selective pressure implementing
clusters emerge and the neuron paramefer$, and o  the necessary neural plasticity for the system. In this way
evolve. SENMP can effectively maintain the diversity of the neural

The pole angles and the corresponding cart position faretwork population until a solution for the problem is
the neural network ensemble, corresponding to the neurdaund.
distribution in Fig. 5, is shown in Fig. 6 for 500 time The feasibility of SENMP was demonstrated by evolving
stepsj.e. 10 seconds. The plots illustrate how the two polesieural controllers that solve the non-Markovian double
are kept balanced and the cart remains within the requirgeble balancing problem. In the double pole balancing
interval. The cart position plot in Fig. 6 is quasiperiodicexperiments, SENMP emerges as the most efficient ap-
with a period that is approximately 450 time steps, proach, requiring the fewest evaluations and the smallest
9 seconds. The plot also shows that the cart is movingopulation size. In addition to the non-Markovian double
within the interval [-0.5m, 0.5m], which is well within  pole balancing experiments, SENMP has earlier been used
the required interval—1.2m,1.2m|. The data in Fig. 6 to evolve neural controllers for mobile robot navigation
demonstrates clearly that SENMP is also able to solve thaO0].

SENMP 5,946 124 48

non-Markovian double pole balancing task. SENMP provides a novel and promising alternative for
evolving neural controllers for dynamic systems such as
IV. CONCLUSION mobile robots interacting with their environment [10]. The

The motivation behind SENMP was to study if, andanalysié of SENMP shows that the spatial distribution of
how, spatially distributed and laterally interacting carts  neurons has a crucial role in the operation of SENMP,
tional entities could be arranged and tuned by a stochastighich gives further motivation to study systems composed
process, driven by selectionist pressure, to create dymami
systems that exhibit purposeful behavior. The stochastic“excluded from this paper due to limited space.
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Fig. 6. The dynamics of the double pole system. These plaiw $he
position of the cart and the angles of the two poles for 50@ titepsi.e.
10 seconds. The system is controlled by a neural networkrémaesents (11]

an acceptable solution for the double pole balancing problEhe plots
illustrate how the cart remains within the 2.4m long track, at the
interval [—1.2m, 1.2m] while the poles are kept balanced. This data is
produced by the neural network ensemble shown in Fig. 5.

[12]

of laterally interacting computational entities and their
dynamics. [

Interestingly, the approach taken in SENMP is to someL4]
extent related to the spatial ecology [9], [23], which ad-
dresses the fundamental effects of space on the dynamics of
individual species and on the structure, dynamics, ditsersi [15]
and stability of multispecies communities. Indeed, it has
been shown [23] that the spatial structure of a habitat can®
fundamentally alter the dynamics and outcomes of ecolog-
ical processes. It is also clear that the spatial structéire 671
a habitat and the resulting dynamics is an adaptation — 3
result of a complex stochastic selection process.

Based on the experiments conducted with SENMP it is
argued that space have a fundamental role in the dynami%sg]
of a system consisting of laterally interacting entities.
Furthermore, it is argued that rather simple mobile ertitie[20]
can be gradually guided by a selectionist process int
a spatial pattern that exhibits purposeful dynamics witlp2]
regard to a particular utility measure. In other words, if a
suitable population of laterally interacting mobile eiett 23]
exists, it is possible to gradually arrange the entities int
a spatial pattern that exhibits the desired dynamics. Based
on this observation, it can be hypothesized that biologicé?‘l]
evolution, for example, could utilize spatial patterns whe
creating purposeful complex dynamic systems — like our
brain. (5]

[26]
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