NIBS Technical Report, TR-940216. Copyright (c) 1994 by NIBS Pte Ltd. All rightsreserved.GENETICALLY OPTIMIZED NEURAL NETWORKSFrancis WongNIBS Pte Ltd, 62 Fowlie Rd, Singapore 1542Geraldine GohAccel Infotech (S) Pte Ltdaccel@solomon.technet.sg1. INTRODUCTIONRecently, neural networks and genetic algorithms have attracted a lot of attention. Neuralnetworks can be regarded, in one respect, as multivariate nonlinear analytical tools, and areknown to be very good at recognizing patterns from noisy, complex data, and estimating theirnonlinear relationships. However, it is often difficult to design good neural networks. Manybasic principles governing information processing in neural networks (such as parallelconstraint satisfaction and distributed representation) are hard to understand, and even moredifficult to exploit in the design of useful new network architectures. Next, the complexdistributed interaction among network units usually makes engineering techniques likedivide-and-conquer inapplicable. This complexity also precludes the concoction of directanalytic design methods. Furthermore, it is not possible to guarantee the optimality of a designsolution when complex combinations of performance criteria (such as learning speed,compactness, generalization ability, and noise-resistance) are given.Genetic Algorithm (GA) is very effective at finding optimal or near optimal solutions to a widevariety of problems, because it does not impose many of the limitations required by traditionalmethods. It is an elegant generate-and-test strategy that can identify and exploit regularitiesin the environment, and converges on solutions that were globally optimal or nearly so.Genetic algorithms have been increasingly applied in neural network design in several ways:topology optimization, genetic training algorithms and control parameter optimization. Intopology optimization, GA is used to select a topology (number of hidden layers, number ofhidden nodes, pattern of connectivity) for the neural network which in turn is trained usingsome training scheme, most commonly back-propagation. In genetic training algorithms, thelearning of a neural network is formulated as a weights optimization problem, usually usingthe inverse mean squared error as a fitness measure. Many of the control parameters such aslearning rate, momentum rate, tolerance level, etc., can also be optimized using GA.In addition, GA have been used in many other innovative ways, for instance, creating newindicators based on existing ones, selecting good indicators, to evolve optimal trading systemssand to complement other techniques such as fuzzy logic.2. NEURAL NETWORKSIt has been shown in many work that neural networks are well suited to model dynamicalsystems. The most popular model used is the backpropagation network and its derivatives. Themain mechanism in a backpropagation network is to forward the input data through the hiddenlayers to the output layers, determine the error between the actual output and the desiredoutput (target), and then back propagate the error from the output to the input through thehidden layers. During the learning phase, the objective is to minimize the global error bymodifying the weights associated with the links.Many studies have shown that neural networks have the capability to learn the underlyingmechanics of the time series, or, in the case of trading applications, the market dynamics. Infinance and economics we are often confronted with incomplete sets of data. In distinction totechnical applications we have normally no chance to redo the measurements. When workingwith time series data, the standard remedy is to interpolate the lacking data by its neighboringvalues in the time series. This is a local completion of data. Using neural networks, we can use the global structure of the data to complete the missing values. This method can also be used tobuild associative question and answer systems : as an input, one can fix some values of a datavector and the system has to complete the vector.As network applications continue to grow in number, size, and complexity, thishuman-engineering approach must begin to break down. A more efficient, automated solution isthus needed. learning problem - Due to an inherent shortsightedness of the learning algorithm of theneural network, the problem of finding a locally good solution instead of a globally optimal oneis very real.Over fitting arises when one attempts to introduce "too many" explanatory variables, too manypolynomial terms, or too many lags ( in neural terminology, training data extending over toolong a time period ). In such cases, it is often found that while the additions improve the fit tothe past data used for estimation purpose, forecasting performance on new data actuallydeteriorates, in some cases markedly so.The standard reaction to this problem is to reduce the amount of data in some way, removingthose variables, polynomial terms, or lags, which are thought, or found by some sort ofanalysis, to be of least value. Many methods for such data filtering have been proposed, rangingfrom the use in multiple regression of the "adjusted R-squared" rather than the simpleR-squared measure of goodness of fit; the Box-Jenkins "parsimonious parameterization"methods; through to the use of the Akaike or Schwarz "information criteria". After the datareduction process, the fitting (training) process is repeated, usually by seeking coefficients(weights) which minimize the sum of squared errors-of-fit over the data retained forestimation.3. GENETIC ALGORITHMSThere are four stages in the genetic search process: initialization, selection, crossover andmutation. In the initialization stage, a population of genetic structures which are randomlydistributed in the solution space is selected as the starting point of the search.After the initialization stage, each structure is evaluated using a user-defined fitness functionand assigned a utility value. On the basis of their relative utility values, structures in thecurrent population are selected for reproduction. A stochastic procedure ensures that theexpected number of offspring associated with a given structure s is u(s)/u(P), where u(s) isthe observed performance of s and u(P) is the average performance of all structures in thecurrent population. Thus structures with high performance may be chosen for replicationwhile poor-performing structures are removed from the population. In the absence of othermechanisms, such a selective pressure would cause the best performing structures in theinitial population to occupy an increasingly larger proportion of the population over time.The selected structures are recombined using crossover, which two complementary searchfunctions. First, it provides new points for further testing of structures already present in thepopulation; Secondly, it introduces instances of new structures into the population.Generally, crossover draws only on the information present in the solutions of the currentpopulation in generating new solutions for evaluation. If specific information is missing (due tostorage limitation or loss incurred during the selection process of a previous generation), thencrossover is unable to produce new structures that contain this piece of information. Amutation operator, which arbitrarily alters one or more components of a selected structure,provides the means for introducing new information into the population. However, mutationfunctions as a background operator with a very low probability of application. The presence ofmutation ensures that the probability of reaching any point in the search space is never zero.4. GENETICALLY OPTIMIZED NEURAL NETWORKS

One method of automating neural network architecture design combines two adaptive processes:genetic search through network architecture space, and backpropagation learning in individualnetworks to evaluate the selected architectures. Based on Darwinian evolution theory, manypossible networks are generated, evaluated, purged and recombined to produce betteroffsprings which will inherit the knowledge acquired by their parents. Occasionally mutationis introduced to ensure that networks will not be trapped in local minima during the learningprocess. Networks can be represented by overlapped tree structures. They will respond to theenvironment and are selected based on the resulting fitness score. The fittest networksreproduce to yield the genotypes in the next generation, and the evolutionary process continues.

New OffspringsParent 1Parent 2Purged

Fig. 1. Mating of two fittest parentnetworks to give rise to new offspringswhich inherit the knowledge acquired bytheir parents.

Over fitting or training is another serious problem found in traditional neural networks.Although an over-trained network can fit the past data very well, its forecasting performance onnew data generally deteriorates. GENETICA overcomes this problem by selecting the fittestnetwork which give the best performance over the forecasting range, but not over the trainingrange. An image of the best forecaster network is kept and its interconnection weights remainintact while other networks continue to learn the training data. With this selection scheme, thebest performance over the forecasting range is always ensured.GENETICA begins with a population of randomly generated networks, followed by two iterative,adaptive processes as illustrated in Fig. 4. The system genetic search through networkarchitecture space, and back propagation learning in individual networks to evaluate the selectedarchitectures.Networks are represented by overlapped tree structures. They respond to the environment andare ranked according to their forecasting error. The fittest networks are selected to reproducethe next generation genotypes, and the evolutionary process continues.NeuroForecaster’s LearningCycleGENETICA’s Evolution CycleIncrementIterationCount‹�›UpdateNetwork‹IncrementGenerationCount

‰‰‰‰‰‰‰‰‰Cross OverAndMutation fl‰‰NeuralNetworkLearning‰‰‰SelectBestParents

‰‰‰‰‰‰‰RankPopulation fl‰‰CheckTrainingErrorTo Stop ?fiEvolveCycleReached ?EvoluationEnabled ?YES�fiTestForecasterOverTestingRangefiCheckTestingErrorTo Stop ?

flflStopStopFig. 4. The integration of NeuroForecaster and GENETICA1.The learning algorithm compares the networks’ outputs with the desired target, and modifies theconnection weights to achieve the desired input-output mapping task more accurately. Eachevolution cycle processes one population of network designs according to their associated fitnessvalues (computed during the test) to yield an offspring population of more highly adapted networkdesigns.

1FormoreinfoonNeuroForecaster/Genetica,pleaseemailaccel@solomon.technet.sg