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An Overview of This Talk

1. Integration of Neural and Evolutionary Computation(a) Evolving ANN Conne
tion Weights(b) Evolving ANN Ar
hite
tures(
) Evolving ANN Learning Rules(d) Evolving Modular ANNs2. Evolving Ensembles and and Automati
 Modularisation3. Ensembles Learning Using Negative Correlation4. Summary
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Introdu
tion

� Learning and evolution are two fundamental forms ofadaptation.� Simulated evolution 
an be introdu
ed into an ANN atdi�erent levels.� There are many di�erent 
ombinations of neural networks andevolutionary 
omputation te
hniques.� This talk will not 
over individual neural or evolutionary
omputation te
hniques but the integration of neural andevolutionary 
omputation te
hniques.
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What Is Evolutionary Computation

1. It is the study of 
omputational systems whi
h use ideas andget inspirations from natural evolution.2. One of the prin
iples borrowed is survival of the �ttest.3. Evolutionary 
omputation (EC) te
hniques 
an be used inoptimisation, learning and design.4. EC te
hniques do not require ri
h domain knowledge to use.However, domain knowledge 
an be in
orporated into ECte
hniques.
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A Simple Evolutionary Algorithm

1. Generate the initial population P (0) at random, and seti 0;2. REPEAT(a) Evaluate the �tness of ea
h individual in P (i);(b) Sele
t parents from P (i) based on their �tness in P (i);(
) Generate o�spring from the parents using 
rossover andmutation to form P (i+ 1);(d) i i+ 1;3. UNTIL halting 
riteria are satis�ed
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EA as Population-Based Generate-and-Test

Generate: Mutate and/or re
ombine individuals in a population.Test: Sele
t the next generation from the parents and o�springs.
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Di�erent Evolutionary Algorithms

There are several well-known EAs with di�erent� histori
al ba
kgrounds,� representations,� variation operators, and� sele
tion s
hemes.In fa
t, EAs refer to a whole family of algorithms, not a singlealgorithm.





Xin Yao 7'
&

$
%

Arti�
ial Neural Networks

An ANN 
an be des
ribed as a dire
ted graph in whi
h ea
h node iperforms a fun
tion, fi, of the form
yi = fi0� nXj=1wijxj � �i1A (1)

where yi is the output of the node i, xj is the jth input to thenode, wij is the 
onne
tion weight between the node and input xj ,�i is the threshold (or bias) of the node, and fi is the node transferfun
tion.
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Learning/Training Algorithms

� Learning pro
ess in an ANN is in essen
e the weightadaptation pro
ess. In other words, a training algorithmspe
i�es a pro
edure of adjusting weights su
h that the error(as mentioned previously) will be minimised.� ANN learning 
an be formulated as a sear
h or optimisationproblem.
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Major Issues in ANNs

How to improve ANN's generalisation? There are many fa
torsthat in
uen
e ANN's generalisation:1. Training algorithm2. Ar
hite
ture3. Implementation4. ... ...
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Integrating Neural and Evolutionary Computation

Many problems in neural networks 
an be formulated as a sear
hproblem, su
h as� weight learning,� ar
hite
ture adaptation, and� learning rule adaptationEAs 
an deal with these problems more e�e
tively than otherte
hniques.
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Evolving Conne
tion Weights

� Learning in ANNs is usually formulated as minimization of anerror fun
tion, e.g., the total mean square error between targetand a
tual outputs.� Gradient-based learning algorithms are often used, but{ they are poor at dealing with multimodal fun
tions and oftenget trapped in a poor lo
al minimum;{ they are sensitive to initial 
onditions;{ they require the error fun
tion to be di�erentiable;{ they 
an be very slow;{ they may not help improve generalisation.� EAs are good at dealing with 
omplex, multimodal andnondi�erentiable (even dis
ontinuous) fun
tions. They arerobust and less sensitive to initial 
onditions.
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En
oding Conne
tion Weights

Before evolution, an en
oding s
heme (genotypi
 representation) isoften needed to represent ANNs. There are di�erent methods forrepresenting weights.1. Binary representation2. Real number representation3. Hybrid method
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The Evolution of Conne
tion Weights

1. De
ode ea
h individual (genotype) into a set of 
onne
tionweights (phenotype).2. Evaluate the �tness (error) of ea
h individual.3. Reprodu
e a number of 
hildren for ea
h individual in the
urrent generation a

ording to its �tness.4. Apply geneti
 operators, su
h as 
rossover and mutation, toea
h 
hild individual generated above and obtain the nextgeneration.Assumption: The ANN ar
hite
ture is �xed during the evolution.
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The Permutation Problem

� Also known as the 
ompeting 
onvention problem.� It is 
aused by the many to one mapping from genotypes tophenotypes sin
e two di�erent genotypes may be mapped tothe same phenotype.� It 
reates plateau in the sear
h spa
e and makes sear
hineÆ
ient.
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Example: Permutation Problem
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Dis
ussions on Evolutionary Training

1. Evolutionary training is attra
tive be
ause it 
an handle a
omplex, multimodal and nondi�erentiable spa
e better. It isparti
ularly appealing when gradient information is unavailableor very 
ostly to obtain or estimate.2. The evolutionary approa
h also makes it easier to generateANNs with some spe
ial 
hara
teristi
s.3. Evolutionary training may be slow for some problems in
omparison with fast gradient des
ent algorithms. However, italways sear
hes for a globally optimal solution.4. For some problems, evolutionary training is signi�
antly fasterand more reliable than gradient des
ent algorithms.
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Hybrid Training

� EAs are not very good at �ne-tuned lo
al sear
h although theyare good at global sear
h. The eÆ
ien
y of evolutionarytraining 
an be improved signi�
antly by in
orporating a lo
alsear
h pro
edure into the evolution, i.e., 
ombining EA's globalsear
h ability with lo
al sear
h's �ne-tuning ability.� One 
an use EAs to sear
h for a near optimal set of 
onne
tionweights and then used a lo
al sear
h algorithm to �ne tune theweights.
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Global Sampling and Lo
al Fine-Tuning
-
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Evolving NN Ar
hite
tures: Introdu
tion

� Arti�
ial neural networks (ANNs) have mostly been designedmanually.� There are e�orts made towards optimising ANN ar
hite
turesusing 
onstru
tive and pruning algorithms. However, \Su
hstru
tural hill 
limbing methods are sus
eptible to be
omingtrapped at stru
tural lo
al optima." (P. J. Angeline)� Design of a near optimal ANN ar
hite
ture 
an be formulatedas a sear
h problem in the ar
hite
ture spa
e.� Evolutionary algorithms (EAs) are good 
andidates forsear
hing this spa
e.
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En
oding ANN Ar
hite
tures

Dire
t En
oding: All the details, i.e., every 
onne
tion and nodeof an ar
hite
ture are spe
i�ed by the 
hromosome.Indire
t En
oding: Only the most important parameters of anar
hite
ture, su
h as the number of hidden layers and hiddennodes in ea
h layer are en
oded. Other details about thear
hite
ture are left to the training pro
ess to de
ide.1. Parametri
 Representation2. Developmental Rule Representation3. Others
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Evolving NN Ar
hite
tures: Common Pra
ti
e

a population of individuals

(i.e., encoded ANN architectures)

the new generation of
individuals

fitness values of 
individuals (encoded
architecture)

selected individuals

crossover
mutation
etc.

decoded ANN architectures

decoding

training

selection

replacement
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A Typi
al Cy
le of Evolving ANN Ar
hite
tures

1. De
ode ea
h individual in the 
urrent generation into anar
hite
ture.2. Train ea
h ANN with the de
oded ar
hite
ture starting fromdi�erent sets of random initial 
onne
tion weights.3. Cal
ulate the �tness of ea
h individual.4. Reprodu
e a number of 
hildren for ea
h individual in the
urrent generation based on its �tness.5. Apply variation operators to the 
hildren generated above andobtain the next generation.
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Fitness Evaluation

1. Based on training error2. Based on validation error3. Based on training/validation error and network 
omplexity(a) based on the number of 
onne
tions(b) based on some information 
riterion, su
h as AIC, MDL orMML
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The Dire
t En
oding S
heme

� In the dire
t en
oding s
heme, ea
h 
onne
tion in anar
hite
ture is dire
tly spe
i�ed by its binary representation.� An N �N matrix C = (
ij)N�N 
an represent an ar
hite
turewith N nodes, where 
ij indi
ates presen
e or absen
e of the
onne
tion from node i to node j.� Ea
h su
h matrix has a dire
t one-to-one mapping to the
orresponding ar
hite
ture. The binary string representing anar
hite
ture is just the 
on
atenation of rows (or 
olumns) ofthe matrix.
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Example 1: Feedforward Networks
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Example 2: Re
urrent Networks
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Dis
ussions

1. The dire
t en
oding s
heme is simple and straightforward toimplement.2. It is suitable for detailed design of ar
hite
tures.3. It may fa
ilitate rapid generation and optimization of tightlypruned interesting designs that no one has hit upon so far.4. It does not s
ale well for very large ar
hite
tures.
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The Indire
t En
oding S
heme

1. Parametri
 Representation2. Developmental Rule Representation3. Other Representations





Xin Yao 29'
&

$
%

Parametri
 Representation

Des
ribe an ar
hite
ture using a set of parameters, su
h as thenumber of hidden layers, the number of hidden nodes in ea
h layer,the number of 
onne
tions between two layers, et
., withoutspe
ifying ea
h node-to-node 
onne
tion.Advantage: shorter representationDisadvantage: limited sear
h spa
e
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Developmental Rule Representation

� Instead of optimising ar
hite
tures dire
tly, a set of rules thatare used to generate ar
hite
tures will be optimised.� This method has several advantages, su
h as more 
ompa
trepresentation and better s
alability.� It also has its own disadvantages though, e.g., noisy �tnessevaluation.
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Evolving Rules: An Example

� A modi�ed version of graph generation system was used whi
hin
ludes a set of graph generation rules.� Ea
h rule 
onsists of a left-hand side (LHS) whi
h is anon-terminal symbol and a right-hand side (RHS) whi
h is a2� 2 matrix with either terminal or non-terminal symbols.� Ea
h rule is represented by �ve allele positions 
orrespondingto �ve symbols in a rule in a genotype. Ea
h position in agenotype 
an take the value of an symbol in the range from\A" to \p".� The 16 rules with \a" to \p" on the left-hand side and 2� 2matri
es with only 1's and 0's on the right-hand side arepre-de�ned and do not parti
ipate in evolution.
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Example: Rules

S �!  A BC D ! A �!  a aa a ! B �!  i ii a !C �!  i aa 
 ! D �!  a ea e ! a �!  0 00 0 !
 �!  0 01 0 ! e �!  0 10 0 ! i �!  1 00 0 !

Figure 1: Examples of some developmental rules used to 
onstru
t a
onne
tivity matrix. S is the initial symbol (or state).
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Example: A
tual Development

S A BC D
a a i ia a i ai a a ea 
 a e
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Other Work on Rule Representation

� Mjolsness et al. used re
ursive equations, rather than matri
es,to represent rules that spe
ify the growth of 
onne
tionmatri
es.� Gruau's work on 
ellular en
oding.
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Other Representations

� Ea
h individual is a hidden node, not an ar
hite
ture.� Evolve an ar
hite
ture layer by layer.� GAs with �tness sharing is used to evolve feature dete
tors.Limitations:1. Only deals with per
eptrons (i.e., +1 or -1 weights)2. A spe
ies may 
ontain more than one individual3. Limited ar
hite
tures due to the greedy growing pro
ess.
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The Evolution of Node Transfer Fun
tions

� The transfer fun
tion is often assumed to be the same for allthe nodes in an ar
hite
ture or at least for all the nodes in thesame layer.� Stork et al. applied GAs to the evolution of both topologi
alstru
tures and node transfer fun
tions.� Others have tried to evolve ANN ar
hite
tures with di�erentnodes, e.g., both sigmoid and Gaussian.
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Problem: Noisy Fitness Evaluation

The �tness evaluation of NN ar
hite
tures is noisy.1. We want to evaluate ar
hite
tures without weights (genotypes).2. We a
tually evaluate ANN with weights (phenotypes) whi
h(a) are initialised at random.(b) are trained with a parti
ular algorithm.3. The evaluation would be even noisier if the developmental rulesare not deterministi
 in the 
ase of an indire
t en
odings
heme.
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Behaviour Disruption by Geneti
 Operators

The behavioural di�eren
e between the parent and the o�springmay be very large after geneti
 operations. The useful informationlearned previously may be lost be
ause of su
h a large disruption tothe NN behaviour.
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Our Approa
h

1. Simultaneous evolution of both ar
hite
tures and weights.2. Emphasise behavioural rather than geneti
 evolution (e.g.,partial training after mutation, node split, et
.)3. Use mutation only4. Use bias rather than a 
omplexity (regularisation) term toen
ourage 
ompa
t NNs that generalise well.
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An Evolutionary System | EPNet
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Mutation

1. Five mutation operators are used in our system: partialtraining, node deletion, 
onne
tion deletion, 
onne
tionaddition, and node addition.2. They are applied sequentially. Only one of them will be used inea
h generation.3. Partial training is the only mutation operator used to 
hangeNN's 
onne
tion weights. It uses a hybrid algorithm to trainthe NN for a �xed number of epo
hs. Su
h training does notguarantee NN's 
onvergen
e. Hen
e the training is partial.
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Conne
tion Deletion

Conne
tions are probabilisti
ally sele
ted for deletion a

ording totest(wij) = PTt=1 �tijqPTt=1(�tij � �ij) (2)

where �tij = wij +�wtij(w), �ij denotes the average over the set �tij ,t = 1; : : : ; T , �wij(w) = ��[�Lt=�wij ℄ is the weight update, L(L =PTt=1Pni=1 jYi(t)� Zi(t)j) is a linear error fun
tion withrespe
t to example t and weight wji.
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Conne
tion and Node Addition

1. Conne
tions are probabilisti
ally added a

ording to Eq.(2).They are sele
ted from all 
onne
tions with zero weight.2. Hidden nodes are added through node splitting. Two nodesobtained by splitting an existing node i have the same
onne
tions as the existing node. The weights of these newnodes have the following values:w1ij = w2ij = wij ; i � j;w1ij = (1 + �)wij ; w2ij = ��wij ; i < jwhere w, w1 andw2 are the weight ve
tors, and � is amutation parameter.
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Experimental Studies

� Parity problems of sizes between 4 and 9.� The two-spiral problem.� Medi
al diagnosis; heart disease, breast 
an
er, diabetes,thyroid.� Australian 
redit 
ard problem� Time-series predi
tions
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Comparison: Number of Hidden Nodes

N EPNet CCA PCA TA4 2 2 2 25 2 2 2 26 2 3 3 37 2 4 3 38 3 5 4 4Table 1: Number of hidden nodes in an ANN for the N -parity prob-lem. EPNet | our algorithm, CCA | Cas
ade-Correlation Algo-rithm, PCA | Per
eptron Cas
ade Algorithm, TA | Tower Algo-rithm.
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The 9-Parity Problem | Ar
hite
tures
1 2 3 4 5 6 7 9

10

11
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The 9-Parity Problem | Weights and Biases

T 1 2 3 4 5 610 -12.35 -12.19 12.38 -12.19 -12.20 12.23 -12.1911 -4.12 6.04 0 6.04 6.04 -6.34 6.0412 7.05 6.78 -7.13 6.78 6.79 -6.96 6.7913 0 7.89 -7.76 7.89 7.89 -8.04 7.897 8 9 10 11 1210 12.23 -12.12 -12.20 0 0 011 -6.34 -26.16 6.05 0 0 012 -6.96 -9.59 6.79 26.70 -16.45 013 -8.04 -10.71 7.89 30.71 -18.99 -17.02
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Australian Credit Card Problem

� There are 690 
ases in total. The output has two 
lasses. The14 attributes in
lude 6 numeri
 values and 8 dis
rete ones, thelatter having from 2 to 14 possible values.� The whole data set is randomly partitioned into (1) a trainingsubset (346 
ases), (2) V-set 1 (86 
ases), (3) V-set 2 (86
ases), and (4) a testing subset (172 
ases).
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Experimental Results: Ar
hite
tures

Averaged over 30 runs. Mean Std Dev Min MaxNumber of 
onne
tions 88.03 24.70 43 127Number of hidden nodes 4.83 1.62 2 7
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Experimental Results: Error Rates

Averaged over 30 runs.Training set V-set 1 V-set 2 Test setError rate Error rate Error rate Error rateMean 0.111 0.074 0.091 0.115SD 0.021 0.022 0.024 0.019Min 0.081 0.035 0.047 0.081Max 0.173 0.105 0.140 0.157
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Experimental Results: Comparisons

EPNet Cal5 ITrule DIPOL92error rate 0.115 0.131 0.137 0.141Dis
rim Logdis
 CART RBFerror rate 0.141 0.141 0.145 0.145CASTLE NaiveBay IndCART BPerror rate 0.148 0.151 0.152 0.154
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Time Series Predi
tion: Ma
key-Glass Problem

Method Number of Testing ErrorConne
tions �t = 6 �t = 84EPNet 103 0.02 0.06BP 540 0.02 0.05CC Learning 693 0.06 0.32Table 2: Generalisation results 
omparison among EPNet, BP, andCC learning for the Ma
key-Glass time-series predi
tion problem.
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Time Series Predi
tion: Logisti
 Map Problem

Method Number of Conne
tions Testing ErrorEPNet 33.03 0.0257ERP - 0.05661-10-1 BP network 20 0.11451-15-1 BP network 30 0.0387Table 3: Comparison among EPNet, ERP, and 1-N-1 feedforwardnetworks for the logisti
 map time-series predi
tion problem. `-' inthe table means `not available'.
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What Have We Been Doing So Far

� Learning? Evolving? Training? Designing?� Minimising the error!� What error?� Training error!
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Learning and Optimisation

� Learning has often been formulated as an optimisationproblem.� However, learning is di�erent from optimisation in pra
ti
e.1. In optimisation, the �tness fun
tion re
e
ts what is needed.The optimal value is always better than the se
ond optimal one.2. In learning, there is no way to quantify generalisation exa
tly.A system with minimum training error may not be the onewith the best generalisation ability.3. Why sele
t the \best" individual in a population if we are not
lear what \best" means?
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Exploit Useful Information in a Population

� Sin
e an individual with the minimum training error may notbe the one with best generalisation, it makes sense to exploituseful information in a population rather than any singleindividual.� All in all, it is a whole population that is evolving, not a singleindividual.
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A Population of Heads Are Better Than One

Instead of using the best individual and dis
ard the rest of thepopulation, individuals in a population 
an be 
ombined to form anensemble system.Experiment 1: Evolving a population of ANNs.Experiment 2: Evolving a population of rule sets.These experiments 
ompare the best individual against a
ombination of all individuals from the population.
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Experiment 1: EPNet Continued

Data set Method Testing Error RateCard EPNet 0.100Ensemble 0.093Diabetes EPNet 0.232Ensemble 0.226Heart EPNet 0.154Ensemble 0.151
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Designing Better Heads

� Spe
iation by �tness sharing is one of the te
hniques whi
hen
ourage automati
 formation of spe
ies. Di�erent spe
ies aregood at di�erent things.� Spe
ies are modules of a larger integrated system.
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Spe
iation by Impli
it Fitness Sharing

For ea
h strategy i in the GA population, do the following C times:1. From the GA population, sele
t a sample of � strategies.2. Find the strategy in that sample whi
h a
hieves the highests
ore (or the largest winning margin, if you prefer) against thesingle test strategy i.3. The best in the sample re
eives payo�. In the 
ase of a tie,payo� is shared equally among the tie-breakers.Figure 2: Payo� fun
tion for impli
it �tness sharing.
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Experiment 2: Evolving Game-Playing Strategies

1. A geneti
 algorithm was used to evolve strategies for playingthe 2IPD.2. Impli
it �tness sharing was used to form di�erent spe
ies(spe
ialists).3. A gating algorithm was used to de
ide whi
h spe
ies shouldrespond to an unknown opponent.4. Experimental results showed that our method worked very well.
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A Combination Method | the Gating Algorithm

quality strategy
the opponent uses, 
and uses the best

Finds which high-

counter-strategy.

Gate
Strategy 3

Strategy 3

Module 1

Module 2

Module 3

counter-
strategies

Find best

Strategy 1

Strategy 2

speciated GA
species from
Expert-level

Opponent uses

strategy. 
an expert-level

Figure 3: A gating algorithm for 
ombining di�erent expertise in apopulation together.
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Experimental Results

l = 4Strategy Wins Ties Average S
ore% % Own Other'sbest.sr 0.360 0.059 1.322 1.513gate.sr 0.643 0.059 1.520 1.234Table 4: Results against the best 25 strategies from the partial enu-merative sear
h, for 2IPD with remembered history l = 4. Theresults were averaged over 30 runs.
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Negatively Correlated Learning

The idea of designing di�erent 
ooperative spe
ialists is not limitedto EAs. It 
an be used by gradient des
ent algorithms too.1. Making individuals di�erent:

Ei = 1N NXn=1�12(Fi(n)� d(n))2 + �pi(n)�where pi(n) = (Fi(n)� F (n))Xj 6=i(Fj(n)� F (n))F (n) is the ensemble output.2. All individuals are learned simultaneously.
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Ensemble Network Learning

We 
onsider estimating g(x) = E[djx℄ by forming a simple averageof a set of outputs of individual networks whi
h are trained usingthe same training data set DF (x; D) = 1M �Mi=1Fi(x; D) (3)where Fi(x; D) is the a
tual response of network i and M is thenumber of neural network estimators.
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Bias-Varian
e-Covarian
e Trade-o�Taking expe
tations with respe
t to the training set D, theexpe
ted mean-squared error of the 
ombined system 
an bewritten in terms of individual network outputED h(E[djx℄� F (x; D))2i = (ED[F (x; D)℄�E[djx℄)2+ED � 1M2�Mi=1 (Fi(x; D)�ED[Fi(x; D)℄)2�+ED� 1M2�Mi=1�j 6=i (Fi(x; D)�ED[Fi(x; D)℄)(Fj(x; D)�ED[Fj(x; D)℄)� (4)The expe
tation operator ED represents the average over all thepatterns in the training set D.
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How to Choose the Correlation Penalty

The purpose of minimising pi is to negatively 
orrelate ea
hindividual's error with errors for the rest of the ensemble.� The fun
tion pi for regression problems 
an be 
hosen aspi(n) = (Fi(n)� d(n)) �j 6=i (Fj(n)� d(n)) (5)for noise free data, orpi(n) = (Fi(n)� F (n)) �j 6=i (Fj(n)� F (n)) (6)for noisy data.� The fun
tion pi for 
lassi�
ation problem 
an be 
hosen aspi(n) = (Fi(n)� 0:5)�j 6=i (Fj(n)� 0:5) (7)
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Experimental Studies

� The Australian 
redit 
ard assessment problem was used.� The whole data set is randomly partitioned into a training (518
ases) and a testing set (172 
ases).� The ensemble used in our experiment 
onsisted of �vestri
tly-layered feedforward neural networks. All individualnetworks had the same ar
hite
ture. They had three layers and5 hidden nodes in the hidden layer. The learning-rate � in BPis 0.1, and � is 0.375. These parameters were 
hosen afterlimited preliminary experiments. They are not meant to beoptimal.
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Experiment Results: Error Rates

Training set Test set# epo
hs 500 1000 500 1000Mean 0.1093 0.0846 0.1177 0.1163SD 0.0092 0.0088 0.0182 0.0159Min 0.0927 0.0676 0.0698 0.0756Max 0.1255 0.1004 0.1628 0.1454Table 5: Error rates for the Australian 
redit 
ard assessment prob-lem. The results were averaged over 25 runs.
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Experiment Results: Evolutionary Pro
ess

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

0.45

0.5

0 200 400 600 800 1000

Training set
Test set

Number of Epochs

M
ea

n 
of

 E
rr

or
 R

at
es

Figure 4: The average result over 25 runs of our ensemble learn-ing algorithm. The horizontal axis indi
ates the number of trainingepo
hs. The verti
al axis indi
ates the error rate.
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Experiment Results: Being Di�erent


1 = 146 
2 = 148 
3 = 149 
4 = 151
12 = 137 
13 = 137 
14 = 141 
23 = 140
24 = 141 
34 = 139 
123 = 132 
124 = 133
134 = 133 
234 = 134 
1234 = 128Table 6: The sizes of the 
orre
t response sets of individual networkson the testing set and their interse
tions for the Australian 
redit
ard assessment problem.
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Comparison with Other WorkAlgorithm TER Algorithm TERNCNN 0.116 Logdis
 0.141EPNet 0.115 CART 0.145Evo-En-RLS 0.131 RBF 0.145Cal5 0.137 CASTLE 0.148ITrule 0.141 NaiveBay 0.151DIPOL92 0.141 IndCART 0.152Table 7: Comparison among the negative 
orrelation NN (NCNN),EPNet, an evolutionary ensemble learning algorithm (Evo-En-RLS),and others in terms of the average testing error rate. TER standsfor Testing Error Rate in the table.
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Ma
key-Glass Time Series Predi
tion Problem

Method Testing RMS�t = 6 �t = 84NCNN 0.01 0.03EPNet 0.02 0.06BP 0.02 0.05CC Learning 0.06 0.32Table 8: The \Testing RMS" in the table refers to the normalisedroot-mean-square error on the testing set.
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Comparision between NCNN and ME

Adding noises. Method Emse�2 = 0:1 �2 = 0:2NCNN 0.012 0.023ME 0.018 0.038Table 9: Comparison between NCNN and the mixtures-of-experts(ME) ar
hite
tures in terms of the integrated mean-squared error onthe testing set for the moderate noise 
ase and the large noise 
ase.
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Three Approa
hes of Ensemble Learning

� Independent Training� Sequential Training� Simultaneous Training
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Two Classes of Gaussian-Distributed Patterns
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Approa
h of Independent Training

No advantage to 
ombine a set of identi
al neural networks. Inorder to 
reate di�erent neural networks, independent trainingapproa
h trains a set of neural networks independently by� varying initial random weights� varying the ar
hite
tures� varying the learning algorithm used� varying the data, su
h as using 
ross-validation� ... ...
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Approa
h of Sequential Training

In order to de
orrelate the individual neural networks, sequentialtraining approa
h trains a set of networks in a parti
ular order,su
h as the boosting algorithm:� Train the �rst neural network with randomly 
hosen N1patterns� Sele
t N2 patterns on whi
h the �rst neural network wouldhave 50% error rate. Train the se
ond neural network with thesele
ted patterns.� Sele
t N3 patterns on whi
h the �rst two trained neuralnetworks disagree. Train the third neural network with thesele
ted patterns.
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Approa
h of Simultaneous Training

� The mixtures-of-experts (ME) ar
hite
tures: 
onsists of twotypes of networks, i.e., a gating network and a number of expertnetworks . Ea
h expert network makes individual de
ision onits 
overed region. The gating network weights the outputs ofthe expert networks to provide an overall best de
ision.� Negative 
orrelation learning (NCL): no gating network isneeded in NCL. The idea of NCL is to introdu
e a 
orrelationpenalty term into the error fun
tion of ea
h individual networkso that the individual network 
an be trained simultaneouslyand intera
tively.
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De
ision Boundaries by the Independent Training
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De
ision Boundaries by the Boosting Algorithm
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De
ision Boundaries by NCL

-4

-3

-2

-1

0

1

2

3

4

-6 -4 -2 0 2 4 6

boundary of network 1
boundary of Bayesian decision

-4

-3

-2

-1

0

1

2

3

4

-6 -4 -2 0 2 4 6

boundary of network 2
boundary of Bayesian decision

-4

-3

-2

-1

0

1

2

3

4

-6 -4 -2 0 2 4 6

boundary of network3
boundary of Bayesian decision

-4

-3

-2

-1

0

1

2

3

4

-6 -4 -2 0 2 4 6

boundary of ensemble
boundary of Bayesian decision

(a) (b)

(c) (d)Figure 8: (a) Network 1. (b) Network 2. (
) Network 3. (d) Ensem-ble. The 
ir
le represents the optimum Bayes solution.





Xin Yao 83'
&

$
%

Comparisons
Boosting TrainingNetwork 1 Network 2 Network 3 Ensemble81.11 75.26 73.09 81.03Negative Correlation Learning (NCL)Network 1 Network 2 Network 3 Ensemble80.71 80.55 80.97 81.41Independent Training (� = 0 in NCL)Network 1 Network 2 Network 3 Ensemble81.13 80.48 81.13 80.99
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Dis
ussions

� The independently trained neural networks tended to generatesimilar de
ision boundaries be
ause of la
k of intera
tionsamong the individual networks during learning.� The boosting algorithm performed well, but was hindered byits data �ltering pro
ess whi
h generated highly unbalan
etraining data points. For example, the ensemble performan
ea
tually got worse than network 1.� No pro
ess of �ltering data is needed in NCL. The performan
eof NCL (81.41) is very 
lose to the theoreti
al optimum (81.51).
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Evolving ANN EnsemblesNo need to prede�ne the number of ANNs in an ensemble.1. Generate an initial population of M NNs, and set k = 1.2. Train ea
h NN in the population on the training set for a 
ertain numberof epo
hs using the negative 
orrelation learning.3. Randomly 
hoose nb NNs as parents to 
reate nb o�spring NNs byGaussian mutation.4. Add the nb o�spring NNs to the population and train the o�spring NNsusing the negative 
orrelation learning while the rest NNs' weights arefrozen.5. Cal
ulate the �tness of ea
h NN in the population and prune thepopulation to the M �ttest NNs.6. Stop if 
ertain 
riteria are satis�ed and go to Step 7. Otherwise,k = k + 1 and go to Step 3.7. Cluster the NNs in the population. These 
lusters are then used to
onstru
t NN ensembles.
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Fitness Sharing and Fitness Evaluation

� An impli
it �tness sharing is used based on the idea of\
overing" the same training 
ase by shared individuals. Thepro
edure of 
al
ulating shared �tness is 
arried out
ase-by-
ase over the training set.� For ea
h training 
ase, if there are p > 0 individuals that
orre
tly 
lassify it, then ea
h of these p individuals re
eives1=p �tness reward, and the rest individuals in the populationre
eive zero �tness reward. The �tness reward is summed overall training 
ases. This method is expe
ted to generate asmoother shared �tness lands
ape.
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Evolving Conne
tion Weights

� Learning in ANNs is usually formulated as minimization of anerror fun
tion, e.g., the total mean square error between targetand a
tual outputs.� Gradient-based learning algorithms are often used, but{ they are poor at dealing with multimodal fun
tions and oftenget trapped in a poor lo
al minimum;{ they are sensitive to initial 
onditions;{ they require the error fun
tion to be di�erentiable;{ they 
an be very slow;{ they may not help improve generalisation.� EAs are good at dealing with 
omplex, multimodal andnondi�erentiable (even dis
ontinuous) fun
tions. They arerobust and less sensitive to initial 
onditions.
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Evolving Learning Rules

� Learning rules are seldom tou
hed in neural network learning.Most people use the Hebbian or generalised delta rule.� Di�erent ar
hite
tures may have di�erent best learning rulesfor them.� Adaptation of a learning rule 
an be regarded as the �rst steptowards learning to learn.
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How to Evolve Learning Rules

1. De
ode ea
h individual in the 
urrent generation into alearning rule.2. Constru
t a set of ANNs with randomly generatedar
hite
tures (or a pre-de�ned ar
hite
ture in some 
ases) andinitial 
onne
tion weights and train them using the de
odedlearning rule.3. Cal
ulate the �tness of ea
h individual.4. Reprodu
e a number of intermediate 
hildren.5. Apply sear
h operators to the 
hild individuals produ
ed aboveand obtain the new generation.
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The Evolution of Learning Rules

� Unlike the evolution of 
onne
tion weights and ar
hite
tureswhi
h only deal with stati
 obje
ts in an ANN, i.e., weightsand ar
hite
tures, the evolution of learning rules has to workon the dynami
 behaviour of an ANN.� Trying to develop a universal representation s
heme whi
h 
anspe
ify any kind of dynami
 behaviours is 
learly impra
ti
al.
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Two Assumptions

1. The weight-updating of a 
onne
tion depends only on lo
alinformation su
h as the a
tivation of the input node, thea
tivation of the output node, the 
urrent 
onne
tion weight,et
.2. The learning rule is the same for all 
onne
tions in an ANN.
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A Common Form of Learning Rule

A learning rule is assumed to be a linear fun
tion of these lo
alvariables and their produ
ts. That is, a learning rule 
an bedes
ribed by the fun
tion
�w(t) = nXk=1 nXi1;i2;���;ik=1

0��i1i2���ik kYj=1xij (t� 1)1A (8)

where t is time, �w is the weight 
hange, x1; x2; � � � ; xn are lo
alvariables and �'s are real-valued 
oeÆ
ients whi
h are de
ided bythe evolution of learning rules.





Xin Yao 93'
&

$
%

Three Basi
 Issues

1. determination of a subset of terms des
ribed in Eq.82. representation of their 
oeÆ
ients as genotypes3. the evolution simulated by an evolutionary algorithm
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Chalmers' Experiments

1. A learning rule is a linear 
ombination of four lo
al variablesand their six pairwise produ
ts. No third or fourth order termswere used.2. Ten 
oeÆ
ients and a s
ale parameter were en
oded in a binarystring via exponential en
oding.3. The ar
hite
ture used in the �tness evaluation was �xedbe
ause only single layer ANNs were 
onsidered and thenumber of inputs and outputs were �xed by the learning taskat hand.4. The evolution was able to dis
over the well-known delta ruleand some of its variants.
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A Framework for Adaptive Systems

THE EVOLUTION OF LEARNING RULES

evaluation of learning rules

reproduction of learning rules

THE EVOLUTION OF ARCHITECTURES

evaluation of architectures

reproduction of architectures

THE EVOLUTION OF WEIGHTS

evaluation of weights

reproduction of weights

TASKS
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Summary

� Simulated evolution 
an produ
e very 
ompa
t NNs thatgeneralise well.� Population information should be and 
an be exploited inevolutionary learning.� Both �tness sharing and negative 
orrelation en
ourage apopulation of 
ooperating spe
ies.
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