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.nzAbstra
t - The paper presents a method for op-timising parameter values of evolving 
onne
tionistsystems (ECoS) for life-long learning. The method isbased on evolutionary 
omputation prin
iples and ongeneti
 algorithms in parti
ular. The method is illus-trated on a spoken phoneme data 
lassi�
ation task.I. Introdu
tionEvolving Conne
tionist Systems (ECoS) are systemsthat evolve over time from in
oming data streamsthrough intera
tion with the environment, that is anECoS adjusts its stru
ture with a referen
e to the en-vironment [6℄. One of the main problems of ECoS isde�ning the optimal parameter values [7℄. As the inputstream is a 
ontinuous one often with 
hanging 
hara
ter-isti
s, parameter values may need to 
hange in an on-linemode during the learning (evolving) pro
ess. The paperpresents a method based on geneti
 algorithms (GA) foroptimisation of ECoS parameter values. The paper is ar-ranged as follows: Se
tion II des
ribes the general ECoSmodel, while Se
tion III des
ribes the Simple Evolv-ing Conne
tionist System implementation of the ECoSparadigm. Se
tion IV explains why it is ne
essary tooptimise parameters of an ECoS network, and the Ge-neti
 Algorithm (GA) model used to optimise the SECoSis des
ribed in Se
tion V. Experiments using the GAoptimisation model and 
omparing it with unoptimisedSECoS training are presented in Se
tion VI. Con
lusionsare o�ered in Se
tion VII.II. Evolving Conne
tionist SystemsECoS are multi-level, multi-modular stru
tures wheremany modules have inter-, and intra-module 
onne
tions.The evolving 
onne
tionist system does not have a 
learmulti-layer stru
ture. It has a modular open stru
ture.The fun
tioning of the ECoS is based on the followinggeneral prin
iples [6℄:1. ECoS learn qui
kly from a large amount of datathrough one-pass training

2. ECoS adapt in an on-line mode where new data isin
rementally a

ommodated3. ECoS have an \open" stru
ture where new features(relevant to the task) 
an be introdu
ed at any stageof the systems operation, for example, the system
reates \on the 
y" new inputs, new outputs, newmodules and 
onne
tions4. ECoS memorise data exemplars for a further re�ne-ment, or for information retrieval5. ECoS learn and improve through a
tive intera
tionwith other systems and with the environment in amulti-modular, hierar
hi
al fashion6. ECoS adequately represent spa
e and time in theirdi�erent s
ales; have parameters that representshort-term and long-term memory, age, forgetting,et
.Several models of ECoS have been developed and ap-plied on 
lassi�
ation and time-series predi
tion tasks ina broad �eld of appli
ations, su
h as: bioinformati
s -gene expression data analysis; modeling the emergen
eof spee
h and language; mobile robot navigation; on-lineimage analysis; on-line adaptive pro
ess 
ontrol; on-line�nan
ial time series predi
tion [8℄.III. Simple Evolving Conne
tionist SystemsA. The Ar
hite
ture of SECoSThe Simple Evolving Conne
tionist System, or SECoS,is a minimalist implementation of the ECoS prin
iples[11℄. It 
onsists of three layers of neurons. The �rst isthe input layer. The se
ond, hidden layer is the layerwhi
h evolves. The a
tivation of the nodes in this layeris determined as in Equation 1.An = 1�D (1)where An is the a
tivation of the node n, and D is thedistan
e between the in
oming weight ve
tor of n andthe input ve
tor I . Sin
e D must be in the range [0; 1℄,the distan
e measure used in SECoS is the normaliseddistan
e between two ve
tors, as 
al
ulated a

ording to



Equation 2. Here N is the number of input nodes andWis the input to hidden layer 
onne
tion weight matrix.Dn;I = NXi j Wi;n � Ii jNXi j Wi;n + Ii j (2)The third layer of neurons is the output layer. Herethe a
tivation is a simple multiply and sum operationover the hidden layer a
tivations and the hidden to out-put layer 
onne
tion weights. Saturated linear a
tivationfun
tions are applied to the hidden and output layers,and input values are expe
ted to be normalised between0 and 1.B. The SECoS Learning AlgorithmThe learning algorithm is as follows.1. propagate the input ve
tor I through the network2. IF the maximum a
tivation Amax of a node fromthe evolving hidden layer is less than the value of aparameter 
alled sensitivity threshold Sthr� add a new hidden node3. ELSE� evaluate the error between the 
omponents of the
al
ulated output ve
tor O
 and the desired out-put ve
tor Od{ IF the error over the desired output is greaterthan another parameter value 
alled errorthreshold Ethr OR the desired output node isnot the most highly a
tivated� add a node{ ELSE� update the 
onne
tions to the winning hiddennode4. repeat points 1,2 and 3 for ea
h training ve
tor.When a node is added, its in
oming 
onne
tionweight ve
tor is set to the input ve
tor I , and its out-going weight ve
tor is set to the desired output ve
torOd.The in
oming weights to the winning node j aremodi�ed a

ording to Equation 3, where W ti;j is the
onne
tion weight from input i to j at time t, �1 is thelearning rate one parameter, and Ii is the ith 
omponentof the input ve
tor I .W t+1i;j =W ti;j + �1(Ii �W ti;j) (3)The outgoing weights from node j are modi�ed a

ord-ing to Equation 4, where W tj;o is the 
onne
tion weight

from j to output o at time t, �2 is the learning rate twoparameter, Aj is the a
tivation of j, and Eo is the errorat output node o.W t+1j;o =W tj;o + �2(Aj �Eo) (4)ECoS 
reate new nodes if new data ve
tors are pre-sented to the system that are di�erent from previouslypresented input ve
tors. In order to 
ontrol the size ofthe ECoS additional operations are introdu
ed, su
h asnode aggregation. Nodes that are 
loser in the inputspa
e than a given threshold T1 and 
loser in the outputspa
e than another threshold T2 are aggregated so thata new node is 
reated that a

ommodates the two 
losenodes. The 
onne
tion weights of the new node in theinput spa
e W1 and in the output spa
e W2 are formedas average values of the 
onne
tion weights of the twoaggregated nodes (see [7℄).IV. The Need to Optimise ECoS NetworksAs dis
ussed in [10℄, the size and performan
e of ECoSstyle networks are sensitive to the training parametersused. A high sensitivity threshold will 
ause neurons tobe added for almost every training example, while a lowerror threshold will have the same e�e
t. A high errorthreshold, on the other hand, will 
reate a network thatis too tolerant of errors, that is, a network that is not ableto a

urately 
lassify examples that are presented to it.Setting the learning rates too high will 
ause the networkto forget the previous training data mu
h more qui
klythan is desirable, but if they are too low the network willnot adapt. An aggregation threshold that is too highwill destroy the 
aptured knowledge, rendering the net-work almost useless, while a low aggregation thresholdwill allow the network to grow too large.Training of an ECoS network is often a matter of �nd-ing the right trade-o� between size of the network (interms of the number of neurons in the evolving layer ofthe network) and the a

ura
y of the �nal network (howwell it memorises the training data, and how well it gen-eralises to new data). ECoS networks are deterministi
systems: given the same ECoS network, the same train-ing examples in the same order, and the same training pa-rameters, the resulting trained network will be the sameevery time. To optimise the training of an ECoS net-work, therefore, requires optimising ea
h of these three
onditions. The �rst is 
onsidered beyond the s
ope ofthis paper: an attempt at optimising the initial state ofan ECoS network using 
lustering te
hniques is des
ribedin [12℄. This paper will therefore 
on
entrate on the op-timisation of the se
ond two, the order of the trainingexamples and the training parameters.



Evolutionary algorithms [3℄, and in parti
ular geneti
algorithms (GA), [5℄ have been used several times in thepast to optimise the training parameters of arti�
ial neu-ral networks (ANN) (for example, [1℄). This paper willdes
ribe the use of similiar algorithms to optimise thetraining parameters of an ECoS style ANN, spe
i�
allya SECoS network (Se
tion III).V. GA Optimisation of ECoSThe GA used was broadly based on Goldberg's SimpleGeneti
 Algorithm (SGA) [4℄, with the following modi�-
ations:� real valued genes of type boolean, integer or 
oatingpoint were used� 
rossover was always performed, with mutation be-ing performed on the 
hild� mutation was implemented as a re-initialisation ofthe gene� one 
hild per 
rossover was generatedReal valued parameters were used as they provide amore `natural' �t to the problem [2℄. The 
rossoverand mutation pro
edures were regarded as being slightlymore biologi
ally plausible than those in Goldberg'sSGA, as well as providing more geneti
 diversity. Muta-tion 
ould also be implemented as a real numbered 
reepmutation, but this was felt to slow evolution too mu
h.One 
hild was generated for ea
h 
rossover operation toin
rease the geneti
 diversity of the population.The 
hromosomes used 
onsisted of the training pa-rameters, en
oded as 
oating point numbers, followed bya long sequen
e of integers that des
ribed the order ofthe training set. That is, there was one integer gene forea
h example in the training data set, and the value ofthat gene spe
i�ed whi
h slot in the training data setthat example should o

upy.For evaluation, ea
h individual was de
oded into a setof training parameters and a training data set, then a
opy of the SECoS being optimised was trained and re-
alled with both the training and testing data sets. Theerror over the training and testing data sets, along withthe 
hange in size of the evolving layer of the SECoS, wereused to 
al
ulate the �tness of the individual, a

ordingto Equation 5.fi = 11 + et + 11 + er + 11 + Æn (5)where:fi is the �tness of individual i,et is the training error,er is the error over the test set, and

Æn is the normalised 
hange in size of the evolving layers,as in Equation 6. Æn = j nt+1 � nt jd (6)where:nt is the size of the evolving layer at time t,d is the number of ve
tors in the training set.The �rst two terms were intended to minimise the er-rors over both the training and testing data sets. The�rst of these was in
luded to rate the networks memori-sation ability, while the se
ond rates the generalisationability, as measured over previously unseen data. Theerror for ea
h term was evaluated a
ross the entire dataset: thus, the order of the examples in the training setdid not e�e
t the error rate.The third term was in
luded to minimise the rate of
hange of the size of the network. Adding too manynodes would adversely e�e
t the generalisation ability ofthe network, while removing too many (via aggregation)would damage its ability to remember training data.VI. ExperimentsThe proposed algorithm was tested on the task ofisolated phoneme re
ognition. This problem was 
ho-sen for several reasons: the problem is well 
hara
-terised; 
opious amounts of data exist and are read-ily available; the data is 
omplex, yet well under-stood; the problem relates to a broad range of appli
a-tions in the area of adaptive spee
h re
ognition. Thedata used was taken from the Otago Spee
h Corpus[9℄ (http://kel.otago.a
.nz/hyspee
h/
orpus/). This is abody of segmented words re
orded from native speak-ers of New Zealand English, and 
overs all 45 phonemespresent in the diale
t. This 
orpus was used to 
reatethree sets of data A,B and C. Set A 
onsists of utter-an
es of forty three phonemes, taken from one male andone female speaker. Sets B and C 
onsist of utteran
esof three phonemes (listed in Table I) taken from one ad-ditional male and one additional female speaker. Thetarget phonemes were as in Table I, while the number ofexamples in ea
h data set are listed in Table II.ASCII Chara
ter Example Word/I/ pit/e/ pet/&/ patTABLE IExemplar phonemes



Data Set ExamplesA 10175B 1040C 519TABLE IINumber of examples in ea
h data setEa
h example 
onsisted of a 78-element ve
tor, whi
hwas made up of a three time step mel-s
ale transforma-tion of the raw spee
h signal. The values were linearlynormalised to lie between 0 and 1.The experiments were 
arried out as follows: a SECoSnetwork was trained for ea
h phoneme on set A, usingthe training parameters in Table III. The trained net-work was then tested a
ross all three data sets. The sizeof the evolving layer and a

ura
ies of the initial trainednetworks are displayed in Table IV. These results showthat the SECoS network learned very well the trainingdata set (set A) but had diÆ
ulty generalising to otherspeakers (given that there are only two speakers repre-sented in set A, this is not really surprising). Adaptationof the networks to the two new speakers represented insets A and B should allow the networks to better 
lassifythe new speakers.Sensitivity Threshold 0.5Error Threshold 0.1Learning Rate One 0.5Learnign Rate Two 0.5TABLE IIISECoS training parametersData Set /I/ /e/ /&/A 100 97.2 97.9B 36.8 50.9 62.2C 32.2 32.2 76.8Size 619 553 649TABLE IVInitial true positive a

ura
ies and sizesThe GA training parameter optimisation algorithm de-s
ribed in Se
tion V was therefore applied to ea
h of thetrained SECoS networks. Data set B was used as thetraining data, and the parameters used by the GA areas in Table V. The population size and number of gen-erations were intentionally small: if this method is to

be useful in real world appli
ations, it must be able torun qui
kly, whi
h means a small population and a lownumber of generations. The mutation rate of 0.01, anduse of elitism and tournament sele
tion were 
hosen toen
ourage a rapid evolution. After retrieving and testingthe best network of the �nal generation, testing a
ross allthree data sets gave the a

ura
ies shown in Table VI,where the sizes of the �nal networks is also displayed.Population Size 20Generations 20Elitism onMutation Rate 0.01Sele
tion tournamentTABLE VGA parametersData Set /I/ /e/ /&/A 97.9 97.1 83.9B 98.6 100 94.7C 58.6 70.9 88.1Size 683 656 693TABLE VITrue positive a

ura
ies and sizes of GA optimisedSECoSThese results show that the networks adapted well tothe new data. The a

ura
ies a
ross data set B were allover 90%, while the a

ura
ies over set C (
onsisting offurther utteran
es of the same speakers sampled for setB) also improved. Although more than 1000 exampleswere used to adapt ea
h network, less than 200 neuronswere added to ea
h network.By way of 
omparison, the same initial networks werefurther trained on Set B using the same, unoptimised,parameters as before (Table III). The a

ura
ies andsizes of these further trained networks are shown in TableVII.Although the a

ura
ies over sets B and C were slightlyhigher in some 
ases, many more neurons were added toea
h network, in some 
ases over 300. This shows that theGA is able to optimise the training parameters su
h thatnetworks with 
ompetitive a

ura
ies are 
reated, whileredu
ing the number of neurons added to the networkduring training.



Data Set /I/ /e/ /&/A 100 97.2 97.9B 100 100 100C 66.1 82.2 87.4Size 864 896 952TABLE VIITrue positive a

ura
ies and sizes of furthertrained SECoSVII. Con
lusionThe paper presents a GA-based method for the optimi-sation of the parameters of simple evolving 
onne
tionistsystems (SECoS). These parameters in
lude sensitivitythreshold, error threshold, learning rate one, and learn-ing rate two, as well as the aggregation thresholds. Theorder of data presentation is also optimised.The method has been shown to be able to determineparameters that result in SECoS networks that are signif-i
antly smaller than would otherwise be the 
ase. Despitethe smaller numbers of neurons, the a

ura
ies of the op-timised networks are 
ompetitive with the a

ura
ies ofnetworks trained using unoptimised parameters.The 
ase study on adaptive phoneme re
ognition 
anbe used for pra
ti
al appli
ations of adaptive spee
hre
ognition systems that would adapt 
ontinuously tonew a

ents, new pronun
iations and new speakers ina life-long mode.The high 
omputational 
ost of this approa
h maylimit its appli
ation, and in some 
ases may prevent itfrom being used in an on-line manner. The requirementthat both a training and test data set be available to itmay also 
ause problems. Resear
h into ways in whi
han on-line data stream 
an be automati
ally partitionedinto training and test sets is needed.VIII. A
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