In Proceedings of the 1997 Sian Ka�an International Workshop on Neural Networks and Neurocontrol.Real-Valued Schemata Search Using Statistical ConfidenceD. Randall Wilson1 and Tony R. Martinez21fonix Corporation

180 W. Election Road

Draper, UT 84020, USA

E-mail: WilsonR@fonix.com

WWW: http://axon.cs.byu.edu/~randy

2Neural Network & Machine Learning

Laboratory

Computer Science Department

Brigham Young University

Provo, UT 84602, USA

E-mail: martinez@cs.byu.edu

WWW: http://axon.cs.byu.edu

Abstract. Many neural network models must betrained by finding a set of real-valued weights thatyield high accuracy on a training set. Otherlearning models require weights on input attributesthat yield high leave-one-out classificationaccuracy in order to avoid problems associated withirrelevant attributes and high dimensionality. Inaddition, there are a variety of general problems forwhich a set of real values must be found whichmaximize some evaluation function. This paperpresents an algorithm for doing a schemata searchover a real-valued weight space to find a set ofweights (or other real values) that yield high valuesfor a given evaluation function. The algorithm,called the Real-Valued Schemata Search (RVSS),uses the BRACE statistical technique [Moore & Lee,1993] to determine when to narrow the searchspace. This paper details the RVSS approach andgives initial empirical results.1. IntroductionThere are many situations in which it isdesirable to find a set of values that maximizesome evaluation measure. For example,attribute weights for radial basis functionnetworks [Broomhead & Lowe, 1988] orinstance-based learning algorithms [Aha, Kibler& Albert, 1991] can be used to reduce sensitivityto irrelevant attributes if attribute weights can befound that yield high leave-one-out classificationaccuracy. Multilayer perceptrons [Rummelhart& McClelland, 1986] are trained in such a wayas to yield high training set accuracy (as indicatedby low total sum-squared error) given a good setof real-valued weights. Many other problemsalso require a set of real-valued quantities thatyield high accuracy or result in good scoresaccording to some other real-valued evaluationmeasure.Genetic algorithms [Spears et al., 1993] canbe used to find sets of values without necessarilyknowing what the gradient is at each sampledpoint in the weight space. However, geneticalgorithms have many parameters that affect howsuccessful they are in a particular domain. If nottuned carefully, they can quickly generate a set ofhomogeneous individuals that are very similarand thus ignore much of the search space.Moore & Lee [1993] presented an algorithmcalled BRACE (�blocking race�) which is used todetermine when sufficient statistical evidence hasbeen gathered to determine whether one �model�is worse than (or at least no better than) another.The algorithm can be used in situations when itis necessary to choose between two or morelearning models, parameter settings, hypotheses,etc., and to know how much testing must bedone before one of the competitors can beexcluded from consideration.Moore & Lee applied the BRACE algorithmto the problem of attribute selection, using aschemata search to avoid problems associatedwith the more standard approaches of forwardselection and backward elimination [Miller,1990]. Attribute selection involves decidingwhich of the available attributes in a set oftraining data should be used by a learningalgorithm. This problem is equivalent tosearching for a set of binary-valued attributeweights for use in some other learningalgorithm. Their algorithm had success infinding such binary-valued weights, but it is notapplicable to finding real-valued weights.This paper presents a technique called theReal-Valued Schemata Search (RVSS) fordoing a schemata search on a set of real-valuedquantities by using statistical techniques similarto those used by BRACE in order to decide whento narrow the search space. Though theremainder of the paper refers to the real-valuedquantities as weights, the same technique can beused to search for good settings for a wide varietyof real-valued quantities for which there is arealiable evaluation function.Section 2 presents the RVSS algorithm,including how the real-valued search proceeds andhow statistical tests determine when to narrowthe search space. Section 3 discusses empiricalobservations and further potential applications ofthe algorithm. Section 4 provides conclusionsand suggestions for future research directions.2. Real-Valued Schemata SearchThis section presents a brief overview of theReal-Valued Schemata Search (RVSS)algorithm, followed by a more detailedexposition of the algorithm.

2Given a vector w of m weights w1...wm, anevaluation function f (such as sum-squared errorof the outputs of a learning algorithm using theweights in w), and a training set T of n traininginstances, RVSS attempts to find values for theweights such that f(w) yields as high a value aspossible. The maximum and minimum possiblevalues for each weight wi are denoted as maxi andmini, respectively.The RVSS algorithm begins with an initialrange mini....maxi for each weight, such as 0...1or -1...1. It then divides each range into dsubranges, where d is a small number such as 2or 4. (Overhead of the RVSS algorithmincreases by a factor of d2, so small values arepreferable.)During each iteration, a random value ispicked for all of the weights, and then eachindividual weight is optimized at a time. Eachsubrange of the weight competes in a greedysearch to see if values in the subrange tend toyield higher values for f(w) than other subranges.Whenever a subrange is found (with highconfidence) to be no better than any othersubrange (i.e., significantly worse orsignificantly similar), it is dropped from the race.If only one subrange remains then the max andmin for the weight are narrowed to cover only thewinning subrange, and this new smaller range issubdivided again unless the winning subrange issmaller than some threshold minWidth (e.g.,.0001), at which point the center of the winningsubrange is chosen as the permanent value forthis weight, and no further alternates areconsidered. Once all the weights have beenpermanently chosen, the algorithm is finished.The remainder of this section provides amore detailed explanation of the RVSSalgorithm, including a description of thestatistical tests needed to determine whether onerange is no better than another. The algorithmproceeds as follows.A random instance t is chosen from thetraining set T. Random values are chosen foreach weight that is still in the race, with therestriction that the random value for each weightmust be in one of the subranges that is stillracing. This becomes the �global� weight vectorw that will be used in testing each individualweight.Next, each individual weight wi is changedto be a random value in each of its subranges rthat are still racing, while holding the values ofall other weights equal to the �global� vectorchosen above. The new weight vector isevaluated on the training instance t using f(w),and the result is saved as scorer. The value of wifor each subrange r˚=˚1...d is given bywi,r˚=˚mini,r˚+˚widthi,r˚*˚vi(1)where¥ mini,r˚=˚mini˚+˚widthi˚*˚(r-1), and is theminimum value of subrange r¥ widthi,r˚=˚(maxi˚-˚mini)˚/˚d, and is thewidth of subrange r¥ vi is a random value, 0˚£˚vi˚<˚1. While adifferent value of vi are used for eachweight, the same value of vi is used for allsubranges of a single weight so that thestatistics are better correlated.As an example, consider a weight wi withmini=0, maxi=1. If d=2, the two ranges would be0 to .5 and .5 to 1. If a random value vi ischosen to be .4, then for the first subrange, wi,rwould be set to 0+.5*.4=.2, and for the secondsubrange, the value would be .5+.5*.2=.7.Once scorer has been found for all subrangesof a weight, these scores are used to updatestatistics kept between each pair of subranges sothat the algorithm can determine when onesubrange can be dropped from the race.Specifically, for each subrange r and eachsubrange s˚>˚r of weight i, the followingstatistics are kept:¥˚numi,r,s, the number of times the statisticshave been updated (which is equal to thenumber of training instances that havebeen processed since the race began or wasrestarted)¥˚sumi,r,s, the sum of differences betweenscores for subranges r and s¥˚sumSquaredi,r,s, the sum of the squares ofthe differences.For each training instance, num is incrementedby one, the difference scorer - scores is added tos u m , and (s c o r e r - s c o r e s)2 is added tosumSquared. These quantities all start out atzero, and are reset to zero whenever one subrangewins its race and the race is restarted.After these statistics are updated, they areused to help determine if one or more subrangescan be dropped from the race. If one subrangeresults in significantly lower scores than another,it can be dropped from the race. Also, if tworanges are significantly identical, the lower onecan be dropped from the race. Thus if we areconfident that one range is not higher thananother, it can be dropped.This test can be made by seeing ifP(ms,r˚<˚-g) < a(2)where ms,r is the true mean of the differencescorer˚-˚scores, g is an error term indicating theamount of allowable error (e.g., g=.0001), and a

3is the probability of getting the observed meanby accident (e.g., a=.001, or 99.9% confidentthat the observed mean could not have happenedby chance). If range s is actually better thanrange r, then the average difference (i.e., theobserved mean, or sumi,r,s / numi,r,s) should bepositive, and once enough samples have beenseen, the probability of having a true mean lessthan -g will become very low. Once thisprobability is smaller than a , we aresufficiently confident that range s is not worsethan range r, and thus range r can be dropped.If, on the other hand, the average differenceis negative, then we test to see if P(ms,r˚>˚g) <a (or, equivalently, if P(-ms,r˚<˚-g) < a). If thisis true, then there is very little chance that thetrue mean is positive given the statisticalevidence that it is negative, and thus we concludewith 100*(1-a)% confidence that range r is notworse than range s, so s can be dropped from therace.To see the need for the error term g, considerwhat happens when the true mean is zero, i.e.,the two ranges yield identical results. In thiscase P(m s,r˚<˚0) will remain at about .5indefinitely, while P(ms,r˚<˚-g) will drop as thenumber of samples increases and the variancedecreases. Thus the introduction of this errorterm allows the elimination of both worsesubranges and identical subranges.In order to calculate these probabilities, astudent�s t-distribution can be used, with thevalue of t set to:

t = μ − (− γ) var/ n = sum_{i,r,s} / num_{i,r,s} + γ vari,r,s / numi,r,s

(3)where vari,r,s i s t h e v a r i a n c e o f t h e o b s e r v e d d i f f e r e n c e s . ( T h e a b s o l u t e v a l u e s a r e u s e d t o handle the case where the mean is negative). Thevariance of a set of values xi, i=1..n, is given as:

var = x_i − x ( )2 i=1n∑ n − 1

(4)which uses the average value of x during eachpart of the summation. In order to process theobserved differences incrementally it is necessaryto rework the above formula using the followingderivation.

var = xi − x ( )2 i=1n∑ n − 1 = xi2 − 2⋅xi ⋅x+ x( )2 i=1n∑ n − 1 = xi2 − 2⋅x⋅ i=1n∑ xii=1n∑ + x( )2i=1n∑ n − 1

(5)In terms of our three stored statistics, num, s u m ,and sumSquared, the variance can thus beexpressed as

var = sumSquared − 2⋅sum⋅avg + num⋅avg2 n − 1

(6)where avg = s u m / num and is the runningaverage, or the average so far.Once the value of t is found, an interpolatedtable look-up is done to find t1-a,n-1, where (1-a ) isthe confidence level, and n -1 is the number ofdegrees of freedom. If t > t 1- a , n - 1 then there is av e r y s m a l l p r o b a b i l i t y t h a t t h e o b s e r v e d d i f f e r e n c e i s f r o m c h a n c e ( i . e . , P < a), so thedifference is statistically significant and the lowerof the two sugranges can be thrown out.Minimum necessary values of t1- a ,n- 1 for severalvalues of a and n are given in the appendix ofthis paper.When all but one subrange has been thrownout of the race for a weight, that weight�s rangeis reduced to span only the winning subrange,w h i c h i s t h e n s u b d i v i d e d i n t o d˚smallersubranges. The statistics for this weight and allother weights are then cleared (i.e., sumSquared,sum, and num are all set to zero). If the newsmaller range is small enough (e.g., when thewidth˚<˚minWidth˚=˚.0001), then the weight isfixed at the center point of the new range, and isno longer changed by the randomization for eachtraining instance, nor does the algorithm try anyfurther alternative values for the weight.If, on the other hand, the probability P isnot less than a, the weight wi i s r e s e t t o t h e � g l o b a l� r a n d o m v a l u e p i c k e d a b o v e , a n d t h e algorithm continues with the next weight. Aftera l l w e i g h t s h a v e b e e n t e s t e d , a n e w t r a i n i n g i n s t a n c e i s c h o s e n , n e w r a n d o m w e i g h t s a r e chosen (except for those weights that have beenc o m p l e t e l y d r o p p e d f r o m t h e r a c e ) , a n d t h e p r o c e s s r e p e a t s u n t i l t h e r a n g e o f a l l o f t h e weights drops below minWidth, thus causing allthe weights to become fixed.Figure 1 shows pseudo-code for thisalgorithm. The algorithm takes threeparameters, a, g, and minWidth, in addition to atraining set and an evaluation function used toevaluate a given weight vector on a singletraining instance. It returns a weight vectorupon completion.

4LearnRVSS(T, alpha, gamma, minWidth):w[1..m]In:trainingsetTalpha,theprobabilityofanerroneousdecisiongamma,asmallallowableerrorminWidth,thesmallestwidthofweightrangethatissubdivided.Out: w[1..m]F o r i = 1 . . m , r = 1 . . d , a n d s = r + 1 . . d set num[i][r][s], sum[i][r][s] and sumSquared[i][r][s] to 0WhiletherearestillweightsleftintheraceLetinst=arandominstancefromthetrainingsetT.# Pick random weights:For each weight i that is still in the racelet w[i]=random value in any one of its divisions that is still racing.# Test individual weight settingsFor each weight i that is still not permanently fixedPick a random value v in the range 0...1For each range r of weight i that is still racingLet w[i]=min[i][r]+width[i][r]*vLet score[r]=f(w[1..m], inst), i.e., evaluate w[1..m] on training instance �inst�For each range r=1..d of weight i that is still racingFor each other range s=(r+1)..d of weight i that is still racingAdd 1 to num[i][r][s]Add (score[r]-score[s]) to sum[i][r][s]Add (score[r]-score[s])2 to sumSquared[i][r][s]Let avg = sum[i][r][s] / num[i][r][s]Let var = (sumSquared[i][r][s]-2*sum[i][r][s]*avg+num[i][r][s]*avg*avg) / (num[i][r][s]-1)Lett=(|avg|+gamma)/sqrt(var/num[i][r][s])If t > TDistrib(alpha,n-1), (i.e., P(true_avg < -gamma) < alpha)thenifavg‡ 0 then remove range s from the raceelse remove range r from the raceIf there are not at least two ranges still in the race for weight iSet min[i]=min[i][winning r] and max[i]=max[i][winning r]If the new width < minWidththen set w[i]=(min[i]+max[i])/2, and fix it there permanentlyClear statistics for all weights to restart their racesEndWhileReturn w[1..m]Figure 1. Pseudo-code for RVSS learning algorithm.3. Applications of RVSSThe Real-Valued Schemata Search algorithmaddresses a very general problem, i.e., that offinding a vector of real values that yields a highvalue on some evaluation function. Thus, itsapplications are potentially quite numerous.As an example of how this technique can beused, we have modified an instance-basedlearning algorithm [Wilson & Martinez, 1997]such that it uses attribute weights generated byRVSS in order to help it to be more robust inthe presence of irrelevant attributes and redundantattributes. In experiments on 31 datasets fromthe Machine Learning Database Repository at theUniversity of California Irvine [Merz & Murphy,1996], four irrelevant input attributes were addedto each dataset, which can degrade generalizationaccuracy [Wilson & Martinez, 1996]. For eachdataset, 10-fold cross-validation was used toobtain the average generalization accuracy for ak-nearest neighbor classifier with equal attributeweights (i.e., all weights=1). An identicalclassifier that used RVSS-generated attributeweights was also tested, and the average accuracyfor each dataset for both of these algorithms isgiven in Table I.

5DatasetkNNkNN/RVSSAnneal90.592.0Australian83.383.3Breast Cancer (Wi)95.995.9Bridges54.350.6Crx83.983.9Echocardiogram93.293.2Flag59.659.6Glass50.549.5Heart83.383.3Heart.Cleveland77.277.2Heart.Hungarian82.682.3Heart.Long Beach71.072.0Heart.More74.474.4Heart.Swiss93.593.5Hepatitis83.985.2Horse Colic67.871.8Image Segmentation86.088.3Ionosphere83.786.0Iris82.090.7Led-Creator69.268.5Led+1768.569.2Liver (Bupa)55.155.1Pima Indians Diabetes70.470.4Promoters84.984.0Sonar79.378.8Soybean (Large)85.785.7Vehicle59.260.0Voting96.196.3Vowel56.674.2Wine92.293.3Zoo94.494.4Avg77.778.8

Table I. Example application of RVSS. Generalizationaccuracy of a k-nearest neighbor classifier on with addedirrelevant attributes.As can be seen from the table, the attributeweights provided by the RVSS algorithm yieldedhigher generalization accuracy than the non-weighted scheme in 11 cases and lower accuracyin only 6. Using the RVSS-generated weightsresulted in over 1% higher accuracy on averagethan using fixed weights.The RVSS technique was also appliedsomewhat less successfully to the problem offinding weights for multilayer perceptrons. Theweights generated by RVSS did yield highergeneralization accuracy and lower total sum-squared error as the algorithm progressed, but thealgorithm was not able to achieve the levels ofaccuracy attained by the backpropagation learningalgorithm.However, there are many optimizationproblems for which a robust algorithm such aserror backpropagation does not exist for tuningparameters, weights, or other values. In suchsituations there is still a potential for successusing the RVSS algorithm or variations thereof.4. ConclusionsThe real-valued schemata search (RVSS)algorithm extends the binary-valued schematasearch described by Moore & Lee [1993] to real-valued domains. It uses a �blocking race�(BRACE) statistical test to decide when oneportion of the search space can be eliminated soas to narrow the search space.The work presented here is still in itspreliminary stages, but the RVSS algorithm hasbeen applied with some success to weighting ofinput attributes in an instance-based learningalgorithm.Future work necessary for the RVSSalgorithm includes:¥˚Incorporation of the ability to back up andre-widen the search space,¥˚Direction on what values of a, g, andminWidth to use,¥ Careful analysis of how many subranges touse,¥ Identification of additional problems thatcould benefit from this technique, such asfinding weights for radial basis functionnetworks [Broomhead & Lowe, 1988], and¥ Incorporation of the statistical tests intoother techniques such as geneticalgorithms.ReferencesAha, David W., Dennis Kibler, Marc K. Albert, (1991).�Instance-Based Learning Algorithms,� MachineLearning, vol. 6, pp. 37-66.Broomhead, D. S., and D. Lowe (1988). Multi-variablefunctional interpolation and adaptive networks.Complex Systems, Vol. 2, pp. 321-355.Merz, C. J., and P. M. Murphy, (1996). UCI Repository ofMachine Learning Databases. Irvine, CA: Universityof California Irvine, Department of Information andComputer Science. Internet:http://www.ics.uci.edu/~mlearn/MLRepository.html.Moore, Andrew W., and Mary S. Lee, (1993). �EfficientAlgorithms for Minimizing Cross Validation Error,� InMachine Learning: Proceedings of the EleventhInternational Conference, Morgan Kaufmann.Rumelhart, D. E., and J. L. McClelland, Parallel DistributedProcessing, MIT Press, 1986.Spears, William M., Kenneth A. De Jong, Thomas B�ck,David B. Fogel, and Hugo de Garis, (1993). �AnOverview of Evolutionary Computation,� Proceedingsof the European Conference on Machine Learning, pp.442-459.Wilson, D. Randall, and Tony R. Martinez, (1996).�Instance-Based Learning with Genetically DerivedAttribute Weights,� International Conference onArtificial Intelligence, Expert Systems and NeuralNetworks (AIE�96), pp. 11-14.Wilson, D. Randall, and Tony R. Martinez, (1997).�Distance Weighting and Confidence in Instance-Based Learning,� submitted to ComputationalIntelligence.

Appendix. Student�s t Distribution.

(1-a)n-10.60.70.80.90.950.9750.990.9950.9990.999510.3250.7271.3763.0786.31412.71031.82063.660318.300636.600

20.2890.6171.0611.8862.9204.3036.9659.92522.33031.60030.2770.5840.9781.6382.3533.1824.5415.84110.22012.94040.2710.5690.9411.5332.1322.7763.7474.6047.1738.61050.2670.5590.9201.4762.0152.5713.3654.0325.8936.85960.2650.5530.9061.4401.9432.4473.1433.7075.2085.95970.2630.5490.8961.4151.8952.3652.9983.4994.7855.40580.2620.5460.8891.3971.8602.3062.8963.3554.5015.04190.2610.5430.8831.3831.8332.2622.8213.2504.2974.781100.2600.5420.8791.3721.8122.2282.7643.1694.1444.587110.2600.5400.8761.3631.7962.2012.7183.1064.0254.437120.2590.5390.8731.3561.7822.1792.6813.0553.9304.318130.2590.5380.8701.3501.7712.1602.6503.0123.8524.221140.2580.5370.8681.3451.7612.1452.6242.9773.7874.140150.2580.5360.8661.3411.7532.1312.6022.9473.7334.073160.2580.5350.8651.3371.7462.1202.5832.9213.6864.015170.2570.5340.8631.3331.7402.1102.5672.8983.6463.965180.2570.5340.8621.3301.7342.1012.5522.8783.6113.922190.2570.5330.8611.3281.7292.0932.5392.8613.5793.883200.2570.5330.8601.3251.7252.0862.5282.8453.5523.850210.2570.5320.8591.3231.7212.0802.5182.8313.5273.819220.2560.5320.8581.3211.7172.0742.5082.8193.5053.792230.2560.5320.8581.3191.7142.0692.5002.8073.4853.767240.2560.5310.8571.3181.7112.0642.4922.7973.4673.745250.2560.5310.8561.3161.7082.0602.4852.7873.4503.725260.2560.5310.8561.3151.7062.0562.4792.7793.4353.707270.2560.5310.8551.3141.7032.0522.4732.7713.4213.690280.2560.5300.8551.3131.7012.0482.4672.7633.4083.674290.2560.5300.8541.3111.6992.0452.4622.7563.3963.659300.2560.5300.8541.3101.6972.0422.4572.7503.3853.646400.2550.5290.8511.3031.6842.0212.4232.7043.3073.551500.2550.5280.8491.2981.6762.0092.4032.6783.2623.495600.2540.5270.8481.2961.6712.0002.3902.6603.2323.460800.2540.5270.8461.2921.6641.9902.3742.6393.1953.4151000.2540.5260.8451.2901.6601.9842.3652.6263.1743.3892000.2540.5250.8431.2861.6531.9722.3452.6013.1313.3395000.2530.5250.8421.2831.6481.9652.3342.5863.1063.310inf0.2530.5240.8421.2821.6451.9602.3262.5763.0903.291

Table II. Student t distribution. Each entry is t1-a,n-1 where a is the probability ofgetting a value of t larger than the entry given n-1 degrees of freedom.