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Abstract

This paper presents a method that draws upon
reinforcement learning to perform autonomous
learning through the automatic construction of a
spiking artificial neural network. Constructive
neural networks have been applied previously to
state and action-value function approximation
but have encountered problems of excessive
growth of the network, difficulty generalising
across a range of problems and a lack of clarity
in the operation of resultant networks. The
results presented here demonstrate that rapid
learning of the control of an inverted pendulum
can be achieved with automatic construction of
an efficient spiking neural network with internal
reward-value associations. This provides a new
approach to reinforcement learning and
automatic neural network construction for
autonomous learning.

1 Introduction

Artificial neural networks (ANNS), inspired by bagical
neural networks, have been applied to a wide rasfge
control problems. ANNs have the ability to handle
continuous domains through function approximatiod a
a large number of associated learning technique® ha
been developed. The latest generation of neurotetso
output “spikes” rather than real-value outputs that
represent neuron mean firing rates. Using spikiagron
models to produce spiking neural networks (SNNSs)
increases biological accuracy and dynamic operation
capabilities [Stratton and Wiles, 2007]. Despibese
advancements, long standing issues surrounding ANNs
persist, including difficulty interpreting internfdnctions

of the network and imprecise methods for selectibthe
size and structure of the network.

ANNSs that grow neurons during training or operation
are referred to asonstructive neural networks (CoNNSs).
Constructive algorithms and techniques tackle the
problem of network size selection and have beetieapp
to classification and function approximation in ienitar
manner to non-growing ANN variants [Nicoletti and

Bertini Jr., 2007]. However, a common drawback of
many CoNN techniques is a propensity towards eksess
growth and over-fitting. This can be caused bycpeses
designed to minimise error during learning that ¢en
particularly problematic when learning data is gp&uch

as is common in real-world applications.

Standard learning algorithms for ANNs and CoNNs are
described as eithesupervised (training data has inputs
and desired outputs) amsupervised (training data only
has inputs) [Haykin, 1994]. For autonomous control
purposes training examples might be difficult toguce
or simply unavailable. Instead a different machine
learning paradigm known asinforcement learning is
frequently used.

Reinforcement learning (RL) uses evaluation ofestat
and actions during operation (or after each episode
operation) to perform learning updates for the reitu
selection of successful actions. The fundamental
components of RL are; theolicy, for selecting actions;
the reward oreinforcement function, used to measure and
provide feedback on immediate performance; and the
value function, that stores the learned expected future
rewards from states or actions [Sutton and Bar®931
The primary goal of RL is to accurately learn thates
value or action-value functions, which can therubed to
update the policy to choose the most successfidresct
As many real-world control problems have a contiraio
state space (represented by continuous valuesagst@f
value functions is often most easily achieved using
function approximation.

ANNs have been widely applied to the function
approximation of value functions in RL agents ofiata
in continuous domains. Supervised learning tealesq
are commonly used for training ANNs for value fuoit
approximation with training examples provided from
experiential data and reward feedback [Anderso891L9
However, few techniques exist that construct ointra
ANNSs utilising components and processes of RL.

This paper presents a novel CoNN that utilises
reinforcement learning techniques for online leagrnand
growth. Emphasis has been placed on producingl rapi
learning in an ANN during operation from high-level
reward feedback with minimal prior knowledge or
assumptions. These properties are expected toogupp



general application of the algorithm to autonomous
control problems with low complexity.  Simulated
experiments with an inverted pendulum demonstriag¢e t
learning capabilities of the novel algorithm.

2 Congructive Neural Networksand
Reinforcement Learning

Past research using CoNNs and RL has assessedsvario
combinations of these techniques to perform value
function approximation. Additionally, there existsmall
number of CoNNs that use combinations of sensor and
reward feedback to trigger the production of nearaith

the aim of developing functional neuro-controllers.

2.1 ValueFunction Approximation

Ollington et al. [2009] summarise two general methods of
applying CoNNs to value function approximation R,

with the majority of approaches described as elitelly
responsive constructive reinforcement learning or
globally responsive constructive reinforcement learning.

In each case the CoNN is used to produce a function
approximation of the value function, the differenies in
the method of storage and identification of theéestpace.

Locally responsive constructive reinforcement l@agn
methods create neurons that are each associatéd
specific regions of the state or state-action spaew
neurons are produced in response to the detectianyo
state that is not sufficiently associated with gmgsent
neuron. The CoNNs primarily used for this approach
growing self-organising maps [Huemetral., 2010] and
radial basis function networks [Bruskeal., 1997; Li and
Duckett, 2005].

Globally responsive constructive reinforcement héagy
methods produce neurons that are connected topalts,
with processing distributed across the networkalcudate
the action value. The cascade-correlation algorittses
this approach and has received some attentionCas\NN
for performing state-value function estimation [&v and
Precup, 2003]. Nissen [2007] further investigathd
performance of incremental and batch training for
cascade-correlation neural networks, showing thbr
value functions can be adequately approximated for
reinforcement learning of problems such as polé-car
balancing and backgammon.

The use of CoNNs, whether locally or globally
responsive, to produce value function approximation
does not stray far from early implementations of MsN
for reinforcement learning, such as those describyed
Touzet [1997]. The primary advantage of CONNshes t
the neural network size need not be constraineat poi
operation, allowing the system greater adaptabiliy
unexpected levels of complexity. This strength aoar
can also cause operational problems. Many CoNMs ar
designed to minimise approximation errors, and s s
noise or stochasticity can easily cause productiban
excessive or divergent number of neurons, resulting
over-fitting and reduced computational efficiency.

2.2 Reward Feedback-Based Construction

Contrasting with value function approximation metko
reward-feedback based constructive techniques §inid
Buller, 2005; Huemeet al., 2008, 2009] largely neglect
the storage of value functions. These methodseptes
new CoNNs using reinforcement feedback as a primary

wit

mechanism for neuron growth.

Liu and Buller [2005] developed rules specifyingser
and reward conditions for triggering the growth of
neurons and connections, directing a simulated trtdo
reproduce those conditions. The simulated molait®tr
was shown to be able to learn to approach a badinwh
given rules for neuron construction that would \aati
upon visually detecting and touching the ball. An
additional rule was used to learn obstacle avoidanc
While successful for the object approaching tasls not
apparent if this approach is capable of learninthouit
specific descriptive neuron construction rules bein
supplied. Furthermore, the results did not indictite
size of networks produced through this learnindesys

A generalised approach to constructing neurons with
reward feedback was developed in early work by Herem
et al. [2008, 2009]. This CoNN would initially produce
random connections between the input and outputoneu
layers of a spiking neural network to perform attio
exploration. Positive and negative reinforcement
feedback was attributed to each neuron and stosed a
“reward potential.” New neurons were produced when
the reward potential of a neuron exceeded its liotds
The new neuron would replicate the input connestion
responsible for producing the reward potential arehte
an output connection to the old neuron. This outpu
connection would encourage or discourage future
activation depending on whether the reward potentées
positive or negative.

The storage of reward within individual neurons for
direct use in triggering the constructive procesghkile a
novel development, had some shortcomings in
implementation. Reward modulated synaptic weight
adaptation [Florian, 2007] and random neuron cotimec
growth included as online learning mechanisms would
prevent new neurons from behaving consistentlyso/fd
neuron produced in response to positive reward avoul
typically produce further positive reward, resuitim a
positive feedback loop that could lead to explogjk@vth
of the CoNN. Rules for limiting neuron producticauch
as preventing new neurons from immediately prodyicin
further neurons and tests to prevent the productibn
redundant neurons, were used to combat excessive
growth. However these added complexity to theesyst
and were not thoroughly investigated for their
effectiveness.

Results from reward feedback-based constructive
methods have suggested that a CoNN can be usadire
as a policy while making use of a reinforcementcfiom
to create neurons and guide learning. However, the
reviewed methods did not adequately address issues
including excessive neuron growth or generality of
application to autonomous learning for control.

3  Network Construction with Neuron
Associated Reward-Values

The approach proposed in this paper uses principies
reinforcement learning to induce the automatic pobidn
of neurons that are directly responsible for thitoas of
the agent. Rather than explicitly learn a valuecfion,
reward feedback is associated with individual nesrand
updated for learning the appropriate selectionatioas.
Significant features of the network include the w$ea
simple spiking neuron model, the association oftsje
reward-values with “action neurons” and the cortiom



of neurons for both storing states and as a re$attion
exploration.

3.1 Neuron Model and Network Architecture

The function of any constructive algorithm for aured
network is dependent on the neuron model used lznd t
network structure that is produced. Among the most
common models of spiking neurons is the leaky irsteg
and-fire (I&F) neuron. While incapable of certdiring
modes that have been observed in biological neurons
[Stratton and Wiles, 2007], leaky I&F neurons are
suitable for real-time control due to their low
computational requirements. This neuron modellss a
easy to implement in CoNNs due to its simplicitydan
homogeneity in operation and design parameters.

The basic operation of a leaky I&F neuron is, as th
name suggests, “integrating” incoming signals utiti
neuron “potential” exceeds a threshold value, upbith
the neuron “fires” a spike. To further mimic the
behaviour of a biological neuron, the potentialdset (to
zero) after a spike and the potential decays @k4&over
time. In simulation this process must be perfornmed
discrete time, using update rules such as Eqsd Pan

P.(t) = il w,.y, () + kP (t -1) 1)
(1 itP@®m>0O
Y= {0 ,otlherwiseJ @)

Where Pj(t) and Pj(t-1) is the potential of neurgnat
time stept and 1) respectivelyw; is the weight of the
input connection from neuranto j, yi(t) is the output of
neuroni, k is a constant between 0 and 1 representing the
leak of potential, andd; is the potential threshold of
neuronj. Subsequent to the firing of neurgn the
potentialP;(t) is reset to zero prior to the next time step.

The rate at which the neural network is updatea is
factor in operation, as it is typical of a neurorréquire a
rapid succession of input spikes to cause an owsiplse.

To reduce the need for synchronisation within the
network, the time-steps used for simulation arersma
related to the time constant of the control problatmer
than a biological system. Any spikes within thadistep
are treated as though they were simultaneous.

The architecture of the constructed neural network
follows the layout of a basic three layer multiday
perceptron, with an input layer, one middle or t@at
layer and an output layer. States are detectatkhyons
in the action layer through connections with spikinput
neurons. The neurons in the network are sparsely
connected, thus emphasis is on the number of ctionec
and the arrangement rather than connection weights.
Connections are therefore directly representatifvéhe
state and action with which the neuron is assodiéfe.

1). Only excitatory forward connections exist inet
network, inhibiting connections are not expliciisesent.

The input layer and output layer neurons are ddfine
prior to operation, designed according to the atdd
state parameters or sensor inputs and the avadabitns
or actuator outputs respectively. This task may be
somewhat different to the usual process of noringlis
inputs and outputs as done for real-valued ANNRis Ts
due to the use of spiking neurons, allowing inpetinons

to be designed to spike for specific regions ofmnssrs
input (e.g. when the sensor input is negative itpe)
or for increments in sensor value (giving an intlara of
the sensor signal rate-of-change).

Action
Neurons

Output
Neurons

Input
Neurons

Connectiong

Figure 1: A sparsely connected artificial neuraltwoek.
Neurons only connect to a selection of neuronfiénfollowing
layer.

The use of spiking neurons within the network is an
important factor within the proposed CoNN. Since
different values are expressed by changes in hiedi or
rate of neuron spikes rather than minute changasr&al-
value, states cannot be easily identified by awenages
of activity. Instead the dynamic nature of netwsidgmnals
produce rapid changes in active neurons, achieving
gradation in control with network outputs compaeats
pulse-width modulated signals, relieving the neadfihe
signal measurements.

3.2 Implementation of Reinforcement

Learning

The primary elements of RL (the policy, reinforceme
function and value function) are incorporated inke
proposed CoNN. The policy is enacted by the neural
network that is produced by the constructive athom A
reinforcement function is defined prior to operati@and
provides non-descriptive or high-level feedback, only
success or failure conditions. The value funci®mot
explicitly approximated, instead the value of agtids
represented by reward-values associated with eftieo
action neurons and updated as they operate.

Each individual neuron that is created is assotiati¢h
an action by its connections to output neurons.
controlling the activation of these neurons it @sgible to
assign each action neuron credit for reward receiviehis
is stored as a reward-value parameter associateddo
action neuron, in a similar manner to the neurciemmtial.
The reward-value is calculated using local pararsete
(parameters directly associated with the neuron) an
global data in the form of reinforcement feedback.

The reward-value is treated in a similar mannethi®
action-value, storing a time-weighted average ofarels
received after an action is selected, thereby givém
indication of the effectiveness of performance bé t
action neuron. When a group of action neurons tfiee
individual reward-values indicates the best perfogn
neuron of that group. This neuron is selecteddahe
only neuron that has an effect on output neurorsd(ce

By



an action) in the time-step it is selected. Irs thay, the
reward-value associated with each neuron is usedttji

to determine its selection. All neurons that a@ n
selected to produce an action may be considered as
“inhibited” (Fig. 2). Updates in the reward-values
immediately affect the selection of actions (théqy.

Action
Neurons Selected
_ Neuron

.
N s,
.....
.

Figure 2: A neural network operating with actioriesgéon.
Neurons that are not selected are inhibited (daok)y the
selected neuron transmits spikes (dotted linet)e@utputs.

With the selection of an individual neuron it issgible
to attribute a portion of the responsibility forward
received subsequent to its activation to that nmeurds
reward signals continue to be received in lateetsteps
and during the subsequent selection of other action
neurons, the update of the reward-value of a neuron
continues at a discounted rate. This processatsoeited
by Egs. 3 and 4.

MmO =n;t-+a;t).[r)-N,;(t-1)] (3)
_ a ,if neuronj isselected 4
@, = ya,(t-1) ,otherwise @

WhereII(t) andIIj(t-1) are the stored reward-values at
time-stepd and (1) respectivelyg;(t) ande;(t-1) are the
learning rate at time-stepsand (1) respectivelyr(t) is
the global rewarda is a constant for the maximum
learning rate, ands is a discount factor for rewards
occurring subsequent to selection of the actiomareu

Action exploration is an important element of marly
techniques used to search for rewarding actionsasoitl
sub-optimal action choices. In the proposed algori
action exploration is implemented using thereedy
method, i.e. random actions are selected with baihiity
of ¢ (a number between 0 and 1) at each time-stepdiutt
and Barto, 1998]. As the CoNN does not have prior
knowledge stored of possible actions and statesust
discover them, therefore action exploration carnulteis
the creation of new action neurons for discoverates
action mappings.

3.3 Neural Network Construction

Initially the neural network starts with only inpaind
output neurons and has no internal connectionsis Th
empty ANN has no stored state-action mappings. aAs

constructive neural network, neurons are producethg
operation and are placed between the input andubutp
layers. The constructive algorithm has two proesdbat

are capable of producing neurons: one operates in
response to the detection of a new input patteatg)sand

the other for exploration of a new output pattexctipn).

As the system uses I&F spiking neurons the discrete
occurrence of output spikes is used to measuret inpu
activation. As the CoNN commences operation input
neurons will begin to spike. In each time-step rghan
unstored pattern of input spikes appear, the pitimuof
a new neuron is triggered. This new neuron istetka
with connections to all input neurons that spikadthe
uniqgue combination. This process is limited tounp
spike patterns that have not already been stoteds t
preventing redundancy and excessive growth of the
network. Furthermore, the discrete nature of spikin
inputs means there is an inherent limit to the nemrdf
unique input-patterns that are possible. For ewairon
created, connections to output neurons are sinmegizsly
constructed to produce an action, thereby storisggle
state-action mapping. The algorithm for neuroratom
to store new input states is summarised in Fig. 3.

For all input neurons
Update neuron potential
If the potential threshold has been exceeded
Produce an output spike
End if
End for
For all action neurons
Compare input neuron spike pattern with action
neuron input connections
End for
If no action neuron has matching input connection$
Create a new action neuron
Create connections to all input neurons that
spiked
Create random output neuron connections
Select the new action neuron
End if

Figure 3: Algorithm for the creation of action nens in
response to unstored input neuron spike patterns.

Note that this constructive process is essentalfgrm
of unsupervised learning conceptually similar tdobian
learning, with neurons and connections created ‘fivat
together.” The algorithm is also related to logall
responsive constructive approaches, as the CoNalese
neurons and input connections in response to tteetiten
of unique inputs represented by the pattern ofvattin
of input neurons.

The mechanism that produces neurons in response to
input spike patterns will only create one actionnoa for
each state. As multiple actions may be possibkbimvi
each of these states, a mechanism has also beelopey
for action exploration that can create further acti
neurons. In this design of the CoNN, action s@ects
performed using thes-greedy method, thus random
actions are intermittently selected to perform acti
exploration.

After the input pattern has been detected the mctio
exploration algorithm selects an output connectiattern
at random. The algorithm then searches the aatitien
neurons for this output neuron connection pattdfrthe



combination is found, that neuron is selected mdigas of
the reward-value associated with the neuron. # th
combination cannot be found a new neuron is crefated
the current input state and created with connestifon
the action to be explored. The creation of newroms
for each action allows separation of responsibifiby
actions and the rewards received, as well as allgwi
action neurons to be selected individually. Trgoegthm
for neuron creation resulting from action explaatiis
summarised in Fig. 4.

Generate a random output connection pattern (gctipn
For all active action neurons
Compare output connection pattern to the
randomly generated pattern
If action neuron has matching output connections
Select that neuron
End if
End for
If no action neuron has matching output connections
Create a new action neuron
Create connections to all input neurons that
spiked
Create the randomly generated output neuron
connections
Select the new action neuron
End if

Figure 4: Algorithm for the creation of action nens resulting
from action exploration.

4 |nverted Pendulum Simulation

To demonstrate the learning capability of the pegub
constructive algorithm, a simulation of a standarerted
pendulum balancing problem was used. Brownlee§R00
provides a review of common practices in the sitiha

of an inverted pendulum, or “cart-pole balancings’ a
benchmark control problem. The same parameters and
equations of motion were used as those specified by
Brownlee, with friction ignored and a “bang-bangtde
control value of £10N. At the start of each sintiaa run

the initial direction of the control force was ckosat
random, as were the starting position of the cadtangle

of the pendulum.

41 Inverted Pendulum-CoNN Interface and

Parameters

To interface the inverted pendulum simulation witie
constructive neural network it was necessary tdandef
input neuron spike-encoding transforms and output
neurons. The input neurons were responsible for
providing the constructive neural network with syst
information regarding the angle and angular vejooit

the pendulum as well as the position and velocitthe
cart. Each parameter was encoded using a pair of
neurons, representing the positive magnitude arad th
negative magnitude of their associated parameters
separately. This gave a total of eight input nesror the
inverted pendulum simulation.

To achieve state parameter encoding within a spikin
neuron paradigm, neurons responsible for penduhgiea
and cart position would spike with frequency prdjooral
to the associated value (pendulum angle,or cart
position, X). This was achieved by increasing the

potential of the input neuron at each time-step
proportional to the associated value (Eqs. 5 and 6)
Neurons associated with velocities were encodespiie

in response to increments in the value of the pasttion,

X, and pendulum anglé, calculated using velocity values
as shown in Egs. 7 and 8.

P(t) = Pt-D+ax(t) ,forx>0 ;
)= 0 ,otherwise ©)

P (t) _ l:’z (t _1) - a-X(t) ,forx<0 ®)
B 0 ,otherwise

b= [RE-D¥DIXO fork>0 @
T 0 ,otherwise

P (1) = P.(t-1) -br.x{) ,forx<O0 @©
= 0 ,otherwise

Where Py(t), P,(t), Ps(t) and Pg(t) are the activation
potentials of input neurons 1, 2, 5 and 6 respelgtjx(t)
and x(t) are the cart position and cart velocity

respectively, and is the time-step length (0.02s, as is
typical of inverted pendulum simulations). Parssnea
andb are tuned input sensitivity factors for detectoagt
position @& = 1.5) and cart velocityb(= 8) respectively.
These same functions were used for calculating the
activation potentials of pendulum angle and angular
velocity input neurons (neurons 3, 4, 7 and 8) with
separately tuned sensitivity factoes< 20,b = 100).

Similar to real-valued neurons with normalised oitgp
this implementation of spiking neurons will saterat an
activation level. This forms a trade-off with the
sensitivity of the neuron to small changes in theasured
variable. Mechanisms for adapting the sensitivity
automatically would simplify this design step anduld
facilitate greater system adaptivity.

Two output neurons were used, with a neuron assatia
with the positive and negative directions in theeon
controllable degree of freedom (force applied teftight
to the cart). Using bang-bang control the outmurons
were only required to spike once to adjust thedtiiva of
the applied force to the cart. Smooth movementsewe
achievable by the network through rapid switchinghie
application of the force between positive and niggat
directions. To simplify the operation of the CoN&ttion
exploration was restricted to producing one outpuron
connection. Preventing multiple output connectiansl
zero connection cases reduced the action searcle $pa
actions allowed for bang-bang control.

Maintaining the emphasis on learning with minimal
feedback, the reinforcement signal generated fa th
constructive neural network was +1 at all timesegtdn
the event of failure when —1 was received for thiag¢
time-step. After each failure of the inverted peindh the
system was reset, while the constructive neuralvordt
was maintained with only the learning rate of neuro
associated reward-values reset to zero. This lg on
necessary for episodic tasks to prevent the neurons
continuing to update across a reset of the systeth a
taking credit for reinforcement signals that thoseirons
played no part in obtaining.



4.2 Simulation Results

Simulated trials of the inverted pendulum with the
proposed reinforcement learning CoNN were performed
The results presented here give an overview of the
performance with averages and examples of individua
results indicative of achieved learning. Of specif
interest within the results are the rate of leagnithe
convergence and reliability of operation, and tlze sind
topology of artificial neural networks produced.

The first plot (Fig. 5) shows time of successfudrted
pendulum balancing for each successive trial aestag
across ten simulated learning runs. Note the ugsvar
trend of the average confirming that learning tajlese.
The average result of the learning system exceeded
balance times of 10 seconds in fewer than 50 tiéls
balancing the pendulum.

The second plot (Fig. 6) shows the average number o
neurons that were produced over the course of ten
learning runs. Note that the CoNN did not grow
uncontrollably or diverge, with the average justeeding
120 neurons including input and output neurons.
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Figure 5: Average time of success with inverted dodum
control. Average over ten learning simulationeath trial of
inverted pendulum control.
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Figure 6: Average number of neurons. Average oegr

learning simulations at each trial of inverted pgdoch control.

neurons produced, including their
connections and stored reward-values, have been
extracted and interpreted (Fig. 7). Pendulum amgle

angular velocity § and 6(t)) were positive in the
clockwise direction and negative in the counteckivise

Examples of

direction. Cart position and velocity() and x(t)) were

positive towards the right and negative towards Igie
Force £) was positive when applied towards the right and
negative when applied towards the left.

By comparing their reward-values it is possible to
determine trends in the control outputs that wohél
generated for those given states. The example ngurb
and 17, and 29 and 117 were competing pairs. Meliro
would get selected in preference to neuron 11etbes in
the state where the inverted pendulum is rotatownter-
clockwise the force exerted on the cart will be aods the
left. The second example shows that when the pendu
is rotating clockwise and simultaneously movingthe
left, that the favoured action is to exert forcevdods the
right. These are intuitively sound outcomes.

Neuron ID: 11 Neuron ID: 17

Input: — 6(t) Input: — &(t)
Output: +F Output: —F
Reward-Value: 0.979 Reward-Value: 0.991
Neuron ID: 29 Neuron ID: 117
Inputs: + 8(t),—x(t) Inputs: + 8(t),~x(t)
Output: —F Output: +F

Reward-Value: 0.975 Reward-Value: 0.980

Figure 7: Examples of the neuron parameters valtezged for
balancing an inverted pendulum.

5 Discussion and Future Work

The proposed algorithm aimed to produce rapid lagrn
by constructing an ANN using reinforcement learning
This was achieved with the use of high-level reweaadd

a limited amount of prior knowledge in parameter
selection and system design. The performance ®f th
algorithm in the inverted pendulum balancing tasis h
shown that the proposed algorithm is capable of
improving performance during operation.

In the simulated experiments presented in this pape
autonomously developed neuro-controllers demorestrat
learning of state-action mappings and the attributdf
reward-values for action selection. The learnetioac
selection produced rapid oscillation of network puis
suitable for bang-bang control and was capable of
producing smooth control and successful balancirte
inverted pendulum. The performance of the proposed
learning algorithm can be compared with other l&rn
systems for inverted pendulum learning and more
generally with other CoONNs used for RL.

Anderson [1989] demonstrated inverted pendulum
balancing with similar emphasis on minimal use b
knowledge and learning bias. The comparison isdapt
to the use of ANNSs, though non-growing and withkac
propagation used for offline weight adjustment. eTh
algorithm successfully learned inverted pendulum
balancing however was recorded taking in exce&0060
trials to achieve similar success times.

While the proposed algorithm has demonstrated rfaste
learning of basic balancing, the system was alsogto
less consistent long-term operation. Difficultiegere
encountered in associating cart position feedbaittk tive
comparatively rare track-limit failure. Andersoh9B9]
noted similar unreliable learning in avoiding the
boundaries of the cart track, but was remediedutjtio



use of a wide range of random starting positions.

The inconsistency displayed by the learning system
presented in this paper is explicable and effective
improvements are plausible.  The input sensitivity
parameters were tuned but not optimised, this was
especially evident for learning the failure mode of
reaching the cart track limit. Additional poteht@uses
of failure came from perturbations introduced intdly
from random action exploration, as well as unfoaten
combinations of starting position, pendulum angld the
initialised direction of the control force. Thisas/evident
when the controller would reach the maximum allowed
simulated balance time of 60 seconds, but then
immediately following this show difficulty in obtaing a
balanced position from the random starting condgioln
the event of one of these possible failures, thseiltant
reward-value adjustments could cause undesirable
changes in the policy for operation. This causeatd of
poor performance until learning updates correctee t
erroneous adjustments.

CoNNs have previously been applied to learning
inverted pendulum balancing, with the application
predominantly being value function approximation.
Nissen [2007] presented results from the applicatiba
cascade correlation algorithm, combined with a eafcin
offline training, to the cart-pole problem. Witissimilar
reward feedback (additional reward for keeping thet
and pole within a small margin of the origin) anthlt
conditions (trials ended after 300 time-steps)abeing
performance is difficult to compare. However the
performance criterion of greatest interest is treamgh of
neurons. While certain parameter combinations rait
show clear converging trends in growth, given aydar
enough training cache, the network produced a ssbale
learning algorithm that in one instance balanced th
pendulum using one hidden neuron. However in
simulated experiments involving other learning peofs,
such as the mountain-car, the same parameter
combination caused significant divergence in nekwor
growth.

For further comparison, the CoNN for reinforcement
learning developed by Huemet al. [2010] was also
evaluated using an inverted pendulum simulationhil&V
the learning algorithm shows a learning trend vitib
increase of balance times, improvements appeareto b
constrained by episodes of erratic operation. Resu
presented indicate that the averaged time of pendul
balancing did not exceed four seconds and similar
inconsistent performance.  This suggests issues in
learning stability and possibly challenges learnihg
infrequent track-limit failure. Additionally frorm CoNN
standpoint a large number of neurons and connection
were produced (approximately 1500 and ten thousand
respectively), although whether there were issuéh w
convergence was not clear.

At this point it should be raised that the purpage
developing CoNNs for RL is at present not to achiav
new standard in inverted pendulum balancing. Rathe
improving the generality in application and thelabaity
of RL are among potential outcomes. To this end,
determining the strengths and weaknesses of catistu
algorithms and analysing performance in specific
applications may give insight for design improvemtsen
With this in mind, intermediate goals for systems
combining CoNNs and RL, such as preventing excessiv
neuron growth, are pragmatic.

The algorithm presented produces neural networis th
will be limited in their size relative to the nunrba input
and output neurons regardless of the applicatidhis is
largely due to the use of spiking neurons as inputs
dynamically representing a range of input and dutpu
values, instead of using precise real values. erhghasis
has therefore been shifted to the dynamic switclaing
modulation of neuron activation to perform control.

The example neuron connections and reward values
extracted from the CoNN (Fig. 7), can be understoit
little effort, and present the potential to intedawith
other real-time diagnostic programs and controtesys.

In this manner the process of selecting neurons beay
controlled using mechanisms external to the network
allowing for a direct interface between hybrid cofiers
and developed CoNNs. The ability to produce neuro-
controllers that may be externally interfaced tigiou
direct coupling with internal components is not coom
within ANNs and potentially has further benefits.

It should be noted that similar to the reviewed GoN
and RL algorithms, parameters that have a sigmifica
bearing on performance must be set prior to opmratin
the presented algorithm this is prevalent in thputn
transformation functions that are defined for inpatiron
activation prior to operation, and the reward-value
learning rate and learning rate decay. This regusome
knowledge (or assumptions) regarding the required
sensitivity and range of the state-space or sensor
operation, and effective learning given a speebilitta
trade-off. Inclusion of effective methods for paeter
adjustment during operation would improve the anlin
adaptivity and the performance of the learning atbm.

As a new conceptual development many avenues for
future work exist. Investigation of the generaldynd
scalability of the algorithm within the target damaof
online learning during real-time control will pra\d more
insight into the applicability of the algorithm asnachine
learning tool. Furthermore, algorithm performarioe
noisy real-world conditions as well as for contingo
online learning with response to environmental ¢esn
will be evaluated. Applicability of the algorithrto
learning mobile robot behaviours is a desired auteo
and will likewise be the subject of further study.

Additional algorithm developments could include;
mechanisms for adapting input neurons; implemeottati
of alternative action exploration algorithms forunen
growth; extraction of the best performing neuram$orm
smaller network topologies; implementation withior,
design of, a behaviour-based control architectuat tay
integrate multiple CoNNs; and exploration of leami
capabilities in the learning of multiple behavioimssuch
a control architecture.

6 Conclusion

Constructive neural networks have had limited
development both for application in reinforcement
learning or as a beneficiary of reinforcement leagn
techniques. The proposed novel algorithm utilises
principle elements of RL for the automatic constiarc
and operation of an ANN. Spiking neurons are pcedu
to be individually responsible for state-action mpiags
and reward-values received subsequent to thewadicth
are stored. Action selection is performed usings¢h
neuron associated reward-values by inhibiting bfbat
the best performing neurons.



This CoNN has been demonstrated through
experimental simulations as an alternative to tiaal
methods of using CoNNs for RL value function
approximation.  The proposed algorithm overcomes
problems with excessive network growth by usindisigj
neurons as inputs with control performed as a dyonam
process related to spike frequencies. The initial
requirements of the learning system do not exchedet
typical of RL (the prior definition of the reinfoement
function, learning rate and the learning rate deemd
ANN interfaces (input and output neuron signal $farm
functions). As such, this learning system is galher
applicable to autonomous online learning and riead-t
control suited to neuro-controllers.
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