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Chun-Fen LuMasterlink Securities Corporation19th Fl., 99, Tun Hua S. Rd., Sec. 2Taipei, Taiwan, 106TEL: 886-2-2325-5818-808FAX: 886-2-2325-9408E-mail: NancyLu@email.masterlink.com.twKey Words: Arti�cial Neural Networks, Evolutionary Computation, Genetic Algorithms, Tick-by-Tick Data,Forecasting.1 Motivation and Introduction:Since the pioneering work by White (1988), the application of arti�cial neural networks (ANNs) to �nancehas enjoyed an exponential growth in research and publications. The evidences accumulated over the lastdecade indicate that the success of the �nancial application of ANNs crucially depends on the design of theANN.Let us �rst consider the structure of the ANN. It is well known that nonlinear ARMA time series canbe more e�ciently approximated by recurrent neural nets than by their layered feedforward counterparts.(Kamijo and Tanigawa, 1990; Lee and Park, 1992; Kaun and Liu, 1995). Also, with the presence of structuralswitches in time, it may be more appropriate to use modular neural networks (Kimoto, Asakawa, Yoda, andTakeoka, 1990). The many successful applications of radial basis neural networks in �nance further suggeststhe relevance of this special class of arti�cial neural nets to �nance (Hutchinson, Lo and Poggio, 1994).Once the structure has been decided, the next complicated task to deal with in the design of the ANNis the architectures. In this area, one of the most frequently discussed issues is the number of hidden nodes.It is widely accepted by �nance people that the number of hidden nodes are closely related to the issueof over�tting, and that a proper choice of the number of hidden nodes (hidden layer size) can enhance thegeneralization capability of ANNs. Di�erent techniques have been tried by researchers to control hiddenlayer size, among them, cross validation (Moody and Utans, 1995), early stopping (Kimoto and Askawa,1990; Hoptro�, Bramson and Hall, 1991), complexity regularization (Weigend, Huberman and Rumelhart,1992), construction-and-destruction algorithms (Jang and Lai, 1994).In contrast, the signi�cance of transfer functions has received less attention among �nance people intheir design of ANNs. While the relevance of the transfer function to the design of ANNw has been shownearlier by Mani (1990), Lovell and Tsoi (1992) and, recently, by Sebald and Chellapilla (1998), its role in the�nancial domain has not been well documented. Even though the radial basis network has been promoted,the choice of sigmoid, hyper tangent or radian basis functions seems to be based largely on the hunch of theresearcher rather than the performance of each function. In their option pricing model, Hutchinson, Lo andPoggio (1994) compared the performance of the radial basis function and the sigmoid function and did not



�nd signi�cant di�erence between them. However, in a similar application, Chen and Lee (1998) providedsome evidences of the superiority of the hyper tangent function over the sigmoid function.Apart from hidden layer size and transfer functions, other potential contributing factors, such as thelearning rate, momentum, and training methods, have also attracted the attention of some �nance people,though their signi�cance is far less clear.The brief review above roughly summarizes the list of factors which have been considered relevant to asuccessful application of ANNs in the �nancial domain. Needless to say, the ANN space based on such a listis incredibly large. While experts' prior knowledge or domain-speci�c knowledge may reduce the size of thisspace, �nancial theory can help us little in this regard. At its best, �nancial theroy can only guide us in theselection of structure (recurrent or feedforward net) and inputs, and it can hardly say anything about thehidden layer size or transfer functions.In addition to �nancial theory, statistical theory and information theory have also been employed tosolve the design problem. In most cases, they are applied in such a manner that only one factor can beaddressed at a time. For example, when the only design issue is the control of hidden layer size, the ANNcan be designed in accordance with a statistical or an information-theoretic approach. However, if, in themeantime, the choice of transfer functions is also a problem, then this approach may no longer be applicable.So, when both �nancial theory and statistical theory reach their limits, some search procedures must betaken, and this is where evolutionary arti�cial neural nets come into play. Evolutionary ANNs (EANNs)can be considered a combination of ANNs and evolutionary search procedures. A prominent feature ofEANNs is that they can evolve towards the �ttest in a task environment without outside interference, andthus eliminate the tedious trial-and-error work of manually �nding an optimal (�ttest) ANN for the taskabout which little prior knowlegde is available. Yao (1993) provided an survey of the development in thisresearch area. Yao distinguished among three kinds of evolution in EANNs, i.e., the evolution of connectionweights, architectures, and learning rules.However, like many other \solutions", an EANN is not a panacea, and, what is worse, it may create moreproblems before it can solve any. One of the major issues in EANNs is the representation problem. Whileencoding connection weights is straightforward, encoding the architecture and the learning rule are dauntingtasks. As Yao (1993) stated:Trying to develop a universal representation scheme which can specify any kind of dynamicbehaviours of an EANN is clearly impractical, let alone the prohibitive long computation timerequired to seach such a learning rule space.Therefore, what he further suggested is that it may not be a good strategy to use evolutionary computationat all levels of the evolution of an ANN. So, the question left is: at what level, can evolutionary computationbe helpful for the design of EANNs in �nance?The last few years have seen a series of �nancial applications of EANNs. Margarita (1991) applied agenetic search to the weights of a recurrent network for the trading of the FIAT shares in the Milan StockExchange. In Dorsey, Johnson and Mayer (1995), the GA was found to perform well when optimizing NNs.Sexton, Johnson and Dorsey (1995) also found the GA-optimized NN to outperform the BPNN when testingout-of-sample, thereby addressing the problem of over�tting. Harrald and Kamstra (1998) used evolutionaryprogramming to replace the more familiar backpropagation method to �ne tune the connection weights offeedforward nets for forecasting volatility. White (1998) showed that a Genetic Adaptive Neural Network(GANN) is able to approximate, to a high degree of accuracy, the complex, nonlinear option-pricing functionused to prodcue the simulated option prices.While these studies clearly evidenced the promising feature of using evolutionary computation in thedesign of ANNs, in Yao's categorization they are all concerned with the lowest level of evolution, namely,connection weights. Other dimensions of the design of an arti�cial neural net, such as the number of hiddenlayers, number of hidden nodes, inputs, and transfer functions, have not been tackled. Therefore, the purposeof this paper is to extend the current �nancial applications of EANNs to a higher level of evolution, and toevaluate its relevance.



Table 1: Stylized Facts of DM/US Returns: 6/3/98, 3799 Observations.Procedure Result Procedure ResultSkewness -0.0196 Kurtosis 4.3912Jargue-Bera 306:6182� AR(1) -0.4202BDS 23.997 BDS[AR(1)] 15:871�BDS[MA(1)] 13:798� Hurst Exponent 0.38The BDS tests reported here were conducted by taking � = 1 and m(embedding dimension)=5. BDS[AR(1)] refers to the BDStest on the residuals after being prewhiten by an AR(1) �lter, and similar for BDS[MA(1)].Table 2: Designs of BPNNsBP1 BP3 BP5 BP7 BP2 BP4 BP6 BP8# of Inputs 1 15 2 16 1 15 2 16# of Hidden Layers 1# of Hidden Nodes 1-10Initial Weights � 0.3Transfer Function tanh for the hidden layer sigmoid for the hidden layerlinear for the output layer linear for the hidden layerLearning Rate 0.1 or 0.8 for the hidden layer0.1 or 0.4 for the output layerMomentum 0.1 or 0.6 for the hidden layer0.1 or 0.2 for the output layerFitness Function Mean Square Error (MSE)Due to Lapedes and Farber (1987, 1988), the transfer functions for the output layers are all linear. Initial weights are setranging from -0.3 to 0.3. The learning rate is set at either 0.1 or 0.8 for the hidden layer, and 0.1 or o.4 for the output layer.Momentum is set at 0.6 and 0.1 for the hidden layer, and 0.2 or 0.1 for the output layer. The energy function is de�ned bymean square error.2 Data DescriptionOur data set is composed of intradaily foreign-exchange-rate returns for the USD/DEM. The main sourceof this data set is the interbank spot prices published by Dow Jones in a mutliple contributors page (theTELERATE page). This covers markets worldwide and 24 hours a day. Those prices are quotations ofbid and ask prices and not actual trading prices. Furthermore, they are irregularly sampled and thereforetermed as tick-by-tick prices. The speci�c date of the intraday data employed is June 3, 1998, which is freefrom the weekend or the Monday e�ect. There are 3,800 observations in the original series. By taking logand di�erence, we have 3,799 observations in return series.We �rst conducted a series of statistical procedures to examine the existence of stylized facts in thisdataset. The prodedures and results are exhibited in Table 1. From Table 1, we can see that this intradaydata holds many stylized facts, such as being not IID, not normally distributed, and �rst-order negativecorrelated. (Zhou, 1996) The data indicates the possible existence of hidden nonlinearity and hence opens adoor for the application of ANNs.3 Experimental DesignIn the following, we will discuss whether ANNs can help extract nonlinear structures from the data. Andif so, would we further bene�t by using evolutionary computation to guide the design of ANNs. This leadsus to consider three classes of models. The �rst one is the random-walk model. The second is a class of



back-propagation ANNs with prespeci�ed architectures. The third is a class of ANNs whose architectures aredetermined by evolution. For brevity, the second class of models is entitled BPNNs, and the third EANNs.As mentioned earlier, a higher level of evolution is what we have in mind. Therefore, our EANNs includeevolution of the number of inputs, the number of hidden layers, the number of hidden neurons, transferfunctions (sigmoid and tanh), the learning coe�cients and momentum. We used the �rst 2,500 observationsas the training set, the next 500 observations as the validation set, and the last 800 observations as thetesting set. The software NueroGenetic Optimizer (version 2.5) is used to implement the computation.The relevant parameters for the BPNNs are given in Table 2. Eight settings of BPNNs are consideredin this study. Four di�erent input sets are used. There are 
1(� frt�1g), 
2(� frt�1; �2t�1g), 
15(�frt�1; rt�2; :::; rt�15g), and and 
16(� frt�1; rt�2; :::; rt�15; �2t�1g), where rt�i is the return for the t � ithtick, and �2t�1 refers to the volatility of the last tick. �2t�1 is dervied by the simple moving-average formula.More preciesely, �2t�1 = 8<: P5i=1(rt�i��r5)24 ; if 
2 is used;P15i=1(rt�i��r15)214 ; if 
16 is used: (1)where �r5 = P5i=1 rt�i5 (2)�r15 = P15i=1 rt�i15 (3)The number of hidden nodes is set to be from 1 to 10. For each number of hidden node and a set ofthe learning rate and momentum, an ANN is randomly generated, and is trained by using backpropagationmethod and the early stopping rule. We then use the validation set to test the inferred networks, and thebest among these 10 ANNs is kept for the post-sample forecasting competition. This procedure is applied toeach setting, and in the end, eight BPNNs were selected out of 80 BPNNs. The similar procedure was takento generate 8 EANNs, each distinguished by its design of evolution. Table 3 summarizes their di�erences.Notice that the \Max # of Inputs" assigned to each setting refers to the number of inputs potentiallybeing available. The actual number of inputs used is �nallized by evolution. The input sets consideedrhere are the same as BPNNs. The only di�erence is that now we are letting genetic serach to decide whichinputs should be included. Similarly, for Max # of Hidden Layers", in the case where there are two hiddenlayers, the number of hidden layers actually used is determined by evolution. Given the parameters chosenin Table 3, both the weights, the architectures and learning coe�cients will be determined by the geneticsearch driven by the NeuroGenetic Optimizer, Version 2.5.4 Experimental ResultsBased on the testing procedures described above, we ran a forecasting competition among 16 ANNs (8BPNNs and 8 EANNs) and the random-walk (RW) model. The perfromance criteria are mean absoluteerror, mean squared error, Theil's U, hit ratio and Sharpe ratio. Together, these �ve criteria enable us tosee di�erences, if any, among these models, not only from a statistical standpoint, but from an economicperspective. Furthermore, several statistical tests were run to see whether the di�erences are signi�cant.The tests employed are the Granger-Newbold test, the sign test, the Pesaran-Timmermann test, and theDiebold Mariano test.Due to the space limit, we only summarize a few major experimental results here. First, can ANNs beatthe random-walk model in terms of intraday data? The answer is positive. All our 16 ANNs beat the RWmodel in all the �ve criteria above. This result is interesting in its own right. It indicates that, to beat theRW, what we need is a reasonable, rather than an optimal, design of the ANN. Second, are the di�erencesfound signi�cant? The answer is \not always". In terms of the Granger-Newbold test and the sign test,the result is clear. All 16 ANNs beat the RW model at the 1% signi�cance level. However, in terms ofthe Pesaran-Timmermann test, only two out of these sixteen (BPNN4 and EANN7) outperformed the RWmodel signi�cantly. As to the Diebold-Mariano test, none of these ANNs beat the RW signi�cantly. Thus,



Table 3: Designs of EANNsSetting GA1 GA2 GA3 GA4 GA5 GA6 GA7 GA8Max # of Inputs 1 15 2 16 1 15 2 16Max # of Hidden Layers 1 2Transfer Functions tanh, sigmoid, linearLearning Rate [0.1, 0.8] for the hidden layer[0.1, 0.4] for the output layerMomentum [0.1, 0.8] for the hidden layer[0.1, 0.4] for the output layerPopulation Size 50Generation 50Crossover Rate 0.6Mutation Rate 0.001Fitness Function Mean Square Error (MSE)Selectin Mode Roulette Wheel SelectionThe range of the learning rate is set at [0.1, 0.8] for the hidden layer, and [0.1, 0.4] for the output layer. The range of momentumis set at [0.1, 0.6] for the hidden layer, and [0.1, 0.2] for the output layer.the superiority of nonlinear models, such as ANNs, over the RW in forecasting, is not statistically evidentas far as high-frequency data are concerned.Now comes the core issue: can evolution help the design of ANNs? The results are mixed. While in thecriteria MAE, MSE, Theil's U, EANN8 took the lead, it is the BPNN4 that was the top performer in thehit ratio and the Sharpe ratio. If we look further down the ranking, we will see that more BPNNs rankedhigher than the EANNs. In fact, in all �ve criteria, the worst performers belonged to the EANN family.Therefore, at the current stage, what we have found can be concluded as follows.� ANNs in general can be anticipated to outperform, at least numerically, the RW in the intraday data.To get this superior performance, what we need is only a reasonable design of the ANN rather thanan optimal one.� While the design can be crucial for the �nancial application of ANNs, evolutionary computation maynot help that much. So far, we have seen that evolutionary computation can be helpful only up to thelevel of connection weights. Beyond that, there is no evidence for any signi�cant improvement.References[1] Harrald, P. G. and M. Kamstra (1997), \Evolving Arti�cial Neural Networks to Combine FinancialForecasts," IEEE Transactions on Evolutionary Computation, Vol. 1, No. 1, pp. 40-52.[2] Hoptro�, R. C., J. Bramson, and T. J. Hall (1991), \Forecasting Economic Turning Points with NeuralNets," Proceeding of International Joint Conference on Neuarl Nets, Vol. 1, pp. 347-352.[3] Hutchinson, J. M., A. W. Lo, and T. Poggio (1994), \A Nonparametric Approach to Pricing and HedgingDerivative Securities Via Learning Networks," Journal of Finance, Vol. XLIX, No. 3, pp. 851-889.[4] Jang, G.-S. and F. Lai (1994), \Intelligent Trading of an Emerging Market," in Deboeck, G. J. (ed.),Trading on the Edge: Neural, Genetic, and Fuzzy Systems for Chaotic Financial Markets, Wiley.[5] Kamijo, K.-I., and T. Tanigawa (1990), \Stock Price Pattern Recognition: A Recurrent Neural NetworkApproach," Proceedings of the IEEE International Joint Conference on Neural Networks, pp. 1215-1221.
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