Reference: Proceedings of the IASTED International Conference on Artificial Intelligence, Expert Systems and Neural Networks, pp.249-252, 1996.Using Multiple Node Types to Improve thePerformance of DMP (Dynamic Multilayer Perceptron)Tim L. Andersen and Tony R. MartinezComputer Science Department, Brigham Young University, Provo, Utah 84602e-mail: tim@axon.cs.byu.edu, martinez@cs.byu.eduABSTRACTThis paper discusses a method for training multi-layerperceptron networks called DMP2 (Dynamic Multi-layerPerceptron 2). The method is based upon a divide and conquerapproach which builds networks in the form of binary trees,dynamically allocating nodes and layers as needed. The focusof this paper is on the effects of using multiple node typeswithin the DMP framework. Simulation results show thatDMP2 performs favorably in comparison with other learningalgorithms, and that using multiple node types can bebeneficial to network performance.1 IntroductionOne of the first models used in the field of neuralnetworking is the single layer, simple perceptron model(Rosenblatt 1958). The well understood weakness of singlelayer perceptron networks is that they are able to learn onlythose functions which are linearly separable. Since multi-layer networks are capable of going beyond the limited set oflinearly separable problems and solving arbitrarily complexproblems, researchers have devoted much effort to devisingmulti-layer network training algorithms. The unfortunatedrawback to many of the current multi-layer training methodsis that they require someone to specify the networkarchitecture a-priori (make an educated guess as to theappropriate number of layers, number of nodes in each layer,connectivity between nodes, etc.). With a pre-specifiednetwork architecture, there is no guarantee that it will be theappropriate network for the problem at hand, and it may noteven be capable of converging to a solution.Thus, several multi-layer training algorithms have beenproposed which do not require the user to specify the networkarchitecture a-priori. Some of these include EGP (Romaniuk1993), Cascade Correlation (Fahlman 1991), IterativeAtrophy (Smotroff 1991), DCN (Romaniuk 1993), ASOCS(Martinez 1990), and DNAL (Bartlett 1993). All of thesemethods seek to dynamically generate an appropriate networkstructure for solving the given learning problem during thetraining phase.This paper discusses a dynamic method for trainingmulti-layer perceptron networks which we call DMP 2(Dynamic Multi-layer Perceptron 2). This method is similarin spirit to the DCN method given in (Romaniuk 1993) inthat:•The network begins with a single perceptron nodeand dynamically adds nodes as needed.•As nodes are added to the network, each node istrained independently from all other nodes.•Each node is trained on only a portion of thetraining set, the portion being based upon thecurrent set of misclassified examples - a divide andconquer approach.However, the DMP 2 method differs from DCN in severalways, some of which are:•The network structure grows backwards from theoriginal output node, rather than forwards.•The output of each node is connected to at most oneother node.•Each node has as inputs the output of at most twoother nodes and the training set inputs.•A Genetic Algorithm (GA) is used to train theindividual nodes of the network.The original DMP method, DMP1 (Andersen andMartinez 95), generated networks which consisted entirely ofperceptron nodes. However, since with the DMP method theindividual nodes in the network are trained independentlyfrom all other nodes, it is possible to generate networkswhere each node implements a different type of decisionfunction. In other words, some of the nodes in the networkcould be performing a radial basis function while other nodesare using hyperplane decision functions. With this type ofapproach, whenever it is determined that a node needs to beadded to the network, several different types of decision nodescan be trained on the training set and the "best" one selectedfor insertion into the network.The DMP2 method utilizes just such an approach. DMP2uses two different types of nodes during the training of thenetwork, with the best type being selected at each trainingstep. The two types of nodes used are the perceptron node,which generates a hyperplane decision surface, and radialbasis function (RBF) node, which has a spherical decisionsurface (hypersphere). This paper compares the resultsobtained with DMP2 (using both perceptron and RBF nodes)against those obtained with DMP1 (using only perceptronnodes). The DMP training method is also used to generatenetworks consisting entirely of RBF nodes, and the resultsobtained with the RBF only networks are compared with theDMP2 and DMP1 results.The basic DMP2 algorithm is discussed in detail insection 2. Section 3 discusses the convergencecharacteristics of the algorithm. Section 4 discusses thegenetic algorithm method used to train individual nodes in thenetwork, and simulation results are given in section 5.Conclusion and discussion are given in section 6.2 The Basic ApproachAlthough it is relatively straightforward to extend thealgorithm to problems which have multiple output classes, inthe following discussion we assume that the learning problemhas a single, 2 state output. Also, for the purposes of thisdiscussion we will assume that DMP2 is using perceptronnodes. However, the basic model does not restrict the type ofnodes which can be used in the network. With DMP2 it ispossible to generate networks which use a completelyheterogenous mixture of nodes.DMP2 begins training with a network that contains asingle output node. If the output node fails to correctlyclassify some of the positive examples in its training set,then a child node is allocated and trained on a subset of theparent nodes training examples. The type of decisionfunction which the child node performs can be arbitrary anddifferent for each node added to the network. The subset oftraining examples given to the new node will be the set ofmisclassified positive examples combined with the entire setof negative examples from the parent node.Similarly, if the parent node fails to classify some of thenegative examples in its training set, then a child node isallocated and given a training set equal to all of the parentnode’s positive training examples along with all of the of theparent node’s misclassified negative training examples. Thisprocess continues until all of the leaf nodes in the network areable to correctly classify their respective training sets.The intuition behind the DMP2 approach is that if a nodeincorrectly classifies a certain subset of positive trainingexamples from its training set, then we create a new node (the left child) and pass the parent node’s misclassified positiveexamples to it which, hopefully, will be able to separate themisclassified positive examples from the parent node�s set ofnegative training examples. Conversely, if the nodeincorrectly classifies a set of negative training examples wecreate a new node (the right child) and pass those examples tothe new right child. The DMP2 method thus builds a multi-layer network in the form of a binary tree. The algorithm isnow discussed in greater detail. We define the following:T = the original set of examples in the training set.ni = node i of the network.Ti ˝ T = node ni�s training set.tij = the jth example from training set Ti.k = the number of input variables.wij = the jth weight of ni, 1 £ j £ k+2 (the 2 extraweights are for the children of ni).A(i,j) = the activation of node ni when presented withtraining example tij.O(i,t) = the output of node ni when presented withtraining example t, where

O(i,t) = { 0 if A(i,t) ≤ 0 1 if A(i,t) > 0

.Z(i,t) = the target output of node ni when presented witht r a i n i n g e x a m p l e t.PARENT(i) = np (where p = ºi/2ß) such that the output ofnode ni is connected to n p .LEFTCHILD(i) = np (where p = 2i) such that the output ofnode np is connected to n i through weight w ik + 1 .RIGHTCHILD(i) = np (where p = 2i+1) such that theoutput of node np is connected to n i through weightwik + 2 .C o n s i d e r a n a r b i t r a r i l y c o m p l e x , n o n - l i n e a r l y s e p a r a b l e , t w o o u t p u t c l a s s i f i c a t i o n p r o b l e m w i t h t r a i n i n g s e t T. Eachexample in T is defined to be a vector of continuous valuedattributes along with an associated target outputclassification. The network is initially set up with a singlenode (the output layer). We label this node n1 , and set T 1 = T .The node is trained with the training set T 1 via the Delta ruletraining method or some other method until the total sum-squared error (TSSE) settles (the actual method DMP2 uses totrain the individual nodes is discussed in section 5). Duringthe training of node n1, the weights w i k + 1 and w i k + 2 are heldat zero. A t t h i s p o i n t , n o d e n1 can not make further progresstowards a solution. If the network has not converged to asolution (TSSE > e), then two new nodes, LEFTCHILD (1) =n2, R I G H T C H I L D (1) = n 3, are created and connected to noden 1 through the weights w 1 k + 1 and w 1 k + 2 respectively. Thel e f t c h i l d w i l l b e r e s p o n s i b l e f o r c l a s s i f y i n g t h e p o s i t i v e t r a i n i n g e x a m p l e s w h i c h w e r e m i s c l a s s i f i e d b y t h e p a r e n t n o d e , a n d t h e r i g h t c h i l d w i l l b e r e s p o n s i b l e f o r c l a s s i f y i n g the misclassified negative training examples. The values fort h e w e i g h t s wik + 1 and w i k + 2 a r e t h u s d e t e r m i n e d b y t h e following, where SGN( x ) returns 1 if x ‡ 0 and -1 otherwise.

POS_ SUM(i) = [(1+ SGN(wij ))× wij /2]

j=1k∑ ,

NEG_ SUM(i) = [(1− SGN(wij ))× wij /2]

j=1k∑ ,

then setwik+ 1 = max{

POS_ SUM(i)

,

NEG_ SUM(i)

} + 1wik + 2 = -w i k + 1 Note that for any node ni, if the output of LEFTCHILD ( i)is high, this forces the output of ni to be high. On the otherhand, if the output of RIGHTCHILD (i ) is high, this forces theoutput of ni to be low. If the outputs of both L E F T C H I L D ( i)and RIGHTCHILD(i) are high then they cancel each other.The 2 children of node ni are then passed a training setw h i c h i s a s u b s e t o f t h e p a r e n t n o d e� s t r a i n i n g s e t . T h e training set for each child node is determined as follows.Let LEFTCHILD(i) = np . Then we define the training set T pfor n p as follows:Tp = {tij | tij ˛ Ti � [(Z (i,j) = 0) � (Z (i,j) = 1 � O(i,j) = 0)]}.Then for all tpm ˛ Tp (where 1 £ m £ |Tp |), we know thattpm = t i j f o r s o m e t i j ˛ T i . F o r e a c h s u c h t p m = t i j setZ (p , m ) = Z (i , j ) . Let RIGHTCHILD(i) = nq. ThenTq = {tij | tij ˛ Ti � [(Z (i,j) = 1) � (Z (i,j) = 0 � O(i,j) = 1)]}.Then for all tqm ˛ Tq (where 1 £ m £ |T q |), we know thattqm = t i j for some t i j ˛ T i . For each such t q m = t i j setZ(q ,m) = 1 if Z (i,j) = 0, else Z (q,m ) = 0.Each child node is then trained with its correspondingtraining set. The input weights on nodes which have children(in this case node n1) are frozen. If either or both of nodes n 2and n 3 do not converge to a satisfactory solution on theirr e s p e c t i v e t r a i n i n g s e t s , t h e n t h e a l g o r i t h m i s r e p e a t e d recursively with nodes n2 and/or n 3 as the parent nodes. Thisprocess can be repeated until TSSE < e or the number ofpositive/negative elements in a node�s training set is toosmall to be statistically significant (i. e. noise). For thisp a p e r , t h e p r o c e s s w a s s i m p l y r e p e a t e d u n t i l n o f u r t h e r progress could be made at reducing the TSSE.After the training phase has been completed the networkenters the execution phase. During this phase, incomingexamples are presented to every node in the network and theoutput of node n1 is then taken to be the predicted outputclassification for the given example.3 Convergence Properties of DMP2The basic DMP2 algorithm has two importantproperties. The first property is that if all leaf nodes in thenetwork correctly classify their respective training sets, thenthe output of the root node n1 will be correct for all examplesin its training set T 1 . This implies that the network outputwill be correct for all examples in the original training set T ,since T1 = T . It also possible to show that the network isg u a r a n t e e d t o c o n v e r g e t o a s o l u t i o n o n a n y c o n s i s t a n t training set, assuming that each node in the network correctlyclassifies at least one example from each output class in itstraining set. Both of these properties are proven as formaltheorems in (Andersen and Martinez 95).The decision function used and the way it is implementedc a n a f f e c t t h e g u a r a n t e e d c o n v e r g e n c e p r o p e r t i e s o f t h e network. The GA training method used in DMP2 utilizes af i t n e s s f u n c t i o n t h a t s t r o n g l y f a v o r s d e c i s i o n b o u n d a r i e s which have at least one positive and one negative exampleclassified correctly, but the very nature of the GA approachmakes it impossible to guarantee such a condition. While theGA training method does not guarantee convergence of then e t w o r k , i t d o e s m a k e c o n v e r g e n c e h i g h l y l i k e l y f o r consistent training sets.4 Training MethodThe method used to train each node in the network isbased upon genetic algorithms. Each individual in thepopulation consists of a vector of real values, where eachindividual is considered to be a potential weight vector orprototype point for the node being currently trained.The population of RBF nodes is initialized by randomlyselecting elements from the training set as RBF centers. Agood initial sphere of influence for each center is thenselected by searching outwards in discrete steps. The searchproceeds until all of the examples from the center�s outputclass are contained within the sphere of influence, at whichpoint the sphere which generated the highest fitness score isselected. The genetic algorithm then takes over and randomlymoves the centers and adjusts the sizes of the spheres ofinfluence through crossover and mutation operators in anattempt to improve the fitness scores for the population of

RBF nodes. The population of perceptron nodes is initializedby randomly generating a set of weight vectors with weightstaking on real values between -10 and 10. The geneticalgorithm then adjusts these vectors through the same geneticoperators used on the RBF nodes to find individuals withhigher fitness scores. The single node with the highestfitness score is selected from the population of RBF andperceptron nodes for insertion into the network.The reason for selecting the genetic algorithm methodfor training each node was so the network would be able todeal with the situation shown in figure 1. In this example, asmall set of positive examples are surrounded by a large set ofnegative examples._________________ _ _ _ _ _ _ _ _ _ _ _ _

_ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ + + + + + + + + + + + + ___________

___________ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ + + + + + + + + + + + abFigure 1. Decision surfaces.With this example, the well known delta rule trainingalgorithm is likely to generate a decision surface which hasall of the patterns on one side, since that would minimize thenumber of misclassification errors for a single separatinghyperplane. However, assuming that we wanted to separateout the positive examples in figure 1, a decision surface thathad all examples on one side would be useless to the DMP2training method, since it would fail to distinguish at least onepositive example from at least one negative example. In thiscase (if the network were allowed to continue) a left childwould be allocated and given as its training set the set ofmisclassified positive examples along with the entire set ofnegative examples (there would be no need for a right childsince all of the negative examples are correctly classified).Thus, the left child’s training set would be exactly the same asits parent’s training set. Since in this case there is no reasonto expect the left child to find a more useful separatinghyperplane than its parent, the addition of the left child willnot provide any benefit to the network.Continuing this line of reasoning, with the DMP2method it is generally better to correctly classify a largenumber of examples from both classes, rather than correctlyclassifying all of one class and just a few examples of theother. If only a few examples from one class are correctlyclassified, then the child node assigned the misclassifiedexamples will have essentially the same training set as itsparent, albeit with a few less examples from one class.Thus, each node is trained with a GA so the networkwould be able to deal with this situation. Using the sameexample given in figure 1, the decision surface in figure 1amay be more desirable for the purposes of DMP2, since itcould eventually lead to the set of decision surfaces in figure1b, which completely separates the set of positive examplesfrom the set of negative examples. In order to generate thesetypes of decision surfaces with a GA, it is necessary to use afitness function which favors them. For DMP2, thefollowing simple fitness function was selected:Given a vector of real vaues i of length k, and a node njof the network, let

fitness(i) =sin e e ∈ Tj ∧ Z(j,e) =1∧ O(j,e) =1 { } e e ∈ Tj ∧ Z(j,e) =1 { } × π / 2 + sin e e ∈ Tj ∧ Z(j,e) = 0∧ O(j,e) = 0 { } e e ∈ Tj ∧ Z(j,e) = 0 { } × π / 2

where the weights of node n j have been set to i .This function ranges between 0 and 2, and tends to favorn o d e s w h i c h c o r r e c t l y c l a s s i f y s e v e r a l e x a m p l e s f r o m b o t h output classes. For example, the fitness for a boundary withall of the positive and negative examples on one side will be1 , w h i l e t h e f i t n e s s f o r t h e b o u n d a r y i n f i g u r e 3 a w o u l d b e a p p r o x i m a t e l y 1 . 5 . 5 ResultsThe DMP2 training algorithm was tested on severaldifferent data sets which were obtained from the UCI MachineLearning Database. The real-world data sets used are PimaIndian (diabetes), Bupa (liver disease), Monks 1-3, and Sonar.The Monks data sets are translated into a binary format whereeach input had two possible states. For example, a 6 statesingle input in the original file would be translated into 6 twostate inputs, only one of which is set to 1 depending on theoriginal input value. The other data sets which have real-valued attributes are left in their original formats.15 runs for each data set were conducted with each DMPmethod. For each run, the data is randomly split into twoequal parts, one part being used for training the network andthe second part for testing generalization accuracy. Table 1reports the average accuracy on the test set, and also listsgeneralization results obtained using three other learningmethods for comparison purposes. The first column lists thedata sets tested, the next three columns give the accuracy onthe test set for the DMP training methods, and the last threecolumns are the results of the other methods. The numbers inparenthesis are the standard deviations for the reportedresults. The three other learning methods reported on are c4.5(Quinlan 1986), a mutli-layer network trained with backpropogation, and a single layer perceptron network. Inaddition to reporting the results for DMP2, which uses bothperceptron and RBF nodes, table 1 reports the results for DMPrestricted to only perceptron nodes (DMP1) and for DMPrestricted to only RBF nodes (DMP-RBF). The last row of thetable gives the average accuracy across all of the data sets foreach of the methods.From table 1 it can be seen that the overall accuracy ofDMP2 is better than that of either DMP-RBF or DMP1. Also,DMP2 is a definite improvement on a single layer perceptronnetwork, since the single layer perceptron network had anaverage generalization accuracy that was approximately 9%lower than that of DMP2. However, it does appear that themultilayer back propogation network performs slightlybetter than DMP2, at least on the data sets tested. It should bementioned here that the results reported for the back-propogation network were obtained using a much largertraining set (a 90% training set, 10% test set split), whichcould possibly give the back propogation network anadvantage.

Data SetDMP2DMP-RBFDMP1c4.5 ruleBack PropPerceptronbupa64.5 (5.9)60.5 (6.3)61.3 (5.3)59.169.866.4monk197.2 (2.5)

70.8 (3.1)

96.8 (2.9)

100.0

100.0

72.3

monk2

98.0 (2.2)

76.9 (8.4)

98.2 (3.0)

70.6

81.8

76.8

86.9

74.4

Table 1. Average test set accuracy.One surprising result is the extremely poor performanceof DMP-RBF. This is probably due in part to the fitnessfunction which the genetic algorithm was using, whichseemed to work well with perceptron nodes, but not so wellwith the RBF nodes. The results for DMP-RBF couldprobably be improved by fine tuning the way the geneticalgorithm searches for good RBF nodes.Table 2 shows that all of the DMP training methods aregenerally able to come up with a solution which correctlyclassifies each example in the training set. The onlyexception to this occurred with the DMP-RBF method, which

still achieved at least 99% accuracy on each of the data sets.While the convergence characteristics of DMP2 areinteresting, it could lead to memorization of noise and otheridiosyncrasies in the training set data which would causedegradation of generalization performance.

Data SetDMP2DMP-RBFDMP1bupa100.099.9100.0monk1100.0100.0100.0monk2100.0100.0100.0monk3100.0100.0100.0pima100.099.9100.0sonar100.099.0100.0

Table 2. Average training set accuracy for DMP.In fact, it does appear that this is the case. Table 3shows the average number of nodes the network containedafter convergence for each of the data sets for the DMPmethods. From this table it can be seen that data sets whichrequire large networks tend to be strongly correlated withpoor generalization performance. For example, the pima dataset required on average over 100 nodes to converge to asolution. This was by far the largest network required by anyof the data sets, and as expected the generalization resultsreported for this data set also faired the worst in comparisonwith the back propogation network.

Data SetDMP2DMP-RBFDMP1bupa47.581.051.6monk14.9139.35.1monk23.1116.43.6monk31.682.22.3pima104.3146.4119.9sonar9.980.39.3Average28.6107.632.0

Table 3. Average number of nodes in network.6 Conclusion and Future WorkThe overall empirical performance of DMP2 as measuredby average generalization accuracy was better than orcomparable to the other learning methods. However, it isexpected that the generalization capabilities of DMP2 can beimproved by reducing its sensitivity to noisy inputs. Forexample, statistical significance tests could be used to prunechild nodes, or part of the training examples could bewithheld and used as a node pruning set, or the fitnessfunction could be further refined to help preventmemorization of noise and further limit the size of thenetwork. Another problem could be the large weight whichthe algorithm tends to assign to the exceptional trainingcases.Another area for improvement is in the network structureand how nodes are added to the network. It is highly likelythat the basic structure of the networks generated by DMP2(binary trees) will not be optimal for solving many problemsof interest. For example, in some cases a better solutionmight be generated if the output node had three childreninstead of two. The algorithm could be modified so that itwould be capable of dynamically adding more than twochildren to a node deemed beneficial.With this in mind, future work is concentrating on thefollowing areas:•Individual nodes - GA refinement, other trainingmethods, different node types.•Smaller networks - using a pruning set, statisticaltests, determining when to stop further networkgrowth.•Modifications to the basic algorithm which allownodes to have more than two children.•Lessen the impact of exceptional training cases byusing a smarter weight assignment mechanism.7 BibliographyAndersen, Tim and Tony Martinez. A Provably ConvergentDynamic Training Method for Multilayer PerceptronNetworks. Proceedings of the 2nd InternationalSymposium on Neuroinformatics and Neurocomputers,1995.Azimi-Sadjadi, Mahmood (1993). Recursive Dynamic NodeCreation in Multilayer Neural Networks. IEEETransactions on Neural Networks, Vol 4, No 2, pp 242-256.Bartlett, Eric (1994). Dynamic Node Architecture Learning:An Information Theoretic Approach. Neural Networks,Vol 7, No 1, pp 129-140.Fahlman, S. and C. Lebiere (1991). The Cascade CorrelationLearning Architecture.Martinez, Tony and Jacques Vidal (1988). Adaptive ParallelLogic Networks. Journal of Parallel and DistributedComputing. Vol 5, pp 26-58.Martinez, T. R. and Campbell, D. M. (1991). "A Self-Adjusting Dynamic Logic Module", Journal of Paralleland Distributed Computing, v11, no. 4, pp. 303-13.Quinlan, J. R. (1986). Induction of Decision Trees. MachineLearning, 1:81-106.Romaniuk, Steve and Lawrence Hall (1993). Divide andConquer Neural Networks. Neural Networks, Vol 6, pp1105-1116.Rosenblatt, F. (1958). The Perceptron: A probabilisticModel for Information Storage and Organization in theBrain. Psychological Review, Vol. 65, No. 6.Smotroff, Ira, David Friedman and Dennis Connolly (1991).Self Organizing Modular Neural Networks. InternationalJoint Conference on Neural Networks, II, 187-192.Zarndt, Frederick (1995). Masters Thesis at Brigham YoungUniversity.