Combining Cross-Validation and Confidence to Measure FitnessD. Randall WilsonTony R. Martinezfonix corporationBrigham Young UniversityWilsonR@fonix.commartinez@cs.byu.eduAbstractNeural network and machine learning algorithms oftenhave parameters that must be tuned for good performanceon a particular task. Leave-one-out cross-validation(LCV) accuracy is often used to measure the fitness of a setof parameter values. However, small changes inparameters often have no effect on LCV accuracy. Manylearning algorithms can measure the confidence of aclassification decision, but often confidence alone is aninappropriate measure of fitness. This paper proposes acombined measure of Cross-Validation and Confidence(CVC) for obtaining a continuous measure of fitness forsets of parameters in learning algorithms. This paper alsoproposes the Refined Instance-Based (RIB) learningalgorithm which illustrates the use of CVC in automatedparameter tuning. Using CVC provides significantimprovement in generalization accuracy on a collection of31 classification tasks when compared to using LCV.1. IntroductionInductive learning algorithms are typically presented withn˚training examples (instances) from a training set, T,during learning. In classification tasks each instance hasan input vector x, and an output class c. After learning iscomplete, these systems can be presented with new inputvectors for classification, many of which were not in theoriginal training set. The algorithm must generalize fromthe training set to determine the most likely outputclassification for each input vector y.Learning algorithms often have parameters which affecthow well they are able to generalize on a particular task.Section 2 explains how leave-one-out cross-validation(LCV) can be used to tune parameters, and shows why it islimited in some cases. Section 3 proposes a continuousmeasure of fitness using both confidence and cross-validation (CVC). Section 4 proposes a distance-weightedRefined Instance-Based (RIB) learning algorithm that canuse either LCV or CVC to refine various parameters.Section 5 presents empirical results on 31 classificationtasks showing statistically significant improvemnt of CVCover LCV in tuning parameters in RIB.2. Leave-one-out Cross-Validation (LCV)One of the most popular methods of evaluating a set ofparameter values is through the use of cross-validation [1,2, 3]. In cross-validation, the training set T is divided intoJ partitions, T1...TJ, and the instances in each of thepartitions are classified by the instances in the remainingpartitions using the proposed parameter setting. Theaverage accuracy of these J trials is used to estimate whatthe generalization accuracy would be if the parametervalue was used. The parameter value that yields thehighest estimated accuracy is then chosen. When morethan one parameter needs to be tuned, the combinedsettings of all of the parameters can be measured usingcross-validation in the same way.When J is equal to the number of instances in T, the resultis leave-one-out cross-validation (LCV), in which eachinstance i is classified by all of the instances in T exceptfor i itself, so that almost all of the data is available foreach classification attempt. LCV has been described asbeing desirable but computationally expensive [2].However, in some situations it can be performedefficiently, as illustrated in Section 4.One problem with using LCV to fine-tune parameters in aclassification system is that it can yield only a fixednumber of discrete accuracy estimates. For each instance iin T, the accuracy is 1 if the instance is classified correctlyand 0 if it is misclassified. Thus the average LCVaccuracy over all n instances in T is r˚/˚n, where r is thenumber classified correctly. Since r is an integer from 0 ton, there are only n˚+˚1 accuracy values possible with thismeasure, and often two different sets of parameter valueswill yield the same accuracy because they will classify thesame number of instances correctly. This makes itdifficult to tell which parameter values are better thananother. This problem occurs quite frequently in somesystems and limits the extent to which LCV can be used tofine-tune many classifiers.3. Confidence and Cross-Validation (CVC)An alternative method for estimating generalizationaccuracy is to use the confidence with which each instanceis classified. The average confidence over all n instances in the training set can then be used to estimate which set ofparameter values will yield better generalization. Theconfidence for each instance i is

conf

i

= weight

correct

weight

c

c = 1

C

�

(1)where weightcorrect is the weight received for the correctclass of instance i, and weightc is the weight received forclass c. This weight might be the sum from a weightedvoting scheme as in distance-weighted instance-basedlearning algorithms or radial basis function neuralnetworks. When the weight (i.e., summed activation orweighted votes) for each class is a continuous value, thenconfidence can provide a continuous measure of fitness forparameter settings.After learning is complete, the confidence can be used toindicate how confident the classifier is in its generalizedoutput. In this case the confidence is the same as definedin Equation 1, except that weightcorrect is replaced withweightout, which is the amount of voting weight receivedby the class that is chosen to be the output class by theclassifier. This is often equal to the maximum number ofvotes (or maximum sum of voting weights) received byany class, since the majority class is typically chosen as theoutput.Average confidence has the attractive feature that itprovides a continuously valued metric for evaluating a setof parameter values. However, it also has drawbacks thatmake it inappropriate for direct use in measuringparameter fitness in some learning algorithms. Forexample, in the Refined Instance-Based learning algorithmpresented in Section 4, using confidence alone favors anyparameter settings that give nearer neighbors more weightthan further ones, even if doing so degrades accuracy.LCV works fairly well in general but suffers from notbeing a continuous measure, while confidence iscontinuous but suffers from problems of its own whenused alone as mentioned above. We therefore combinecross-validation and confidence into a single metric calledCVC. CVC uses LCV to count the number of instances rclassified correctly using a particular set of parametervalues. It then adds the average confidence of the correctclass, avgconf˚(where 0˚£˚avgconf˚£˚1) to the LCVaccuracy to get a continuous measure of fitness. Since0˚£˚r˚£˚n and 0˚£˚conf˚£˚1, the maximum sum is n˚+˚1. Inorder to get a normalized metric in the range 0..1, the sumis therefore divided by n˚+˚1. Using CVC, the accuracyestimate CVCT of the entire training set T is thereforegiven as

CVC T = r + avgconf

n + 1

(2)The CVC accuracy cvci˚of a single instance i can also becomputed as

cvc i = n � cv + conf i n + 1

(3)where n is the number of instances in the training set; confiis as defined in Equation 1; and cv is 1 if instance i isclassified correctly by its neighbors in T, or 0 otherwise.Note that CVCT can also be obtained by averaging cvci forall n instances in T.This metric weights the cross-validation accuracy moreheavily than the confidence by a factor of n. The LCVportion of CVC can be thought of as providing the wholepart of the score, with confidence providing the fractionalpart. This metric gives LCV the ability to make decisionsby itself unless multiple parameter settings are tied, inwhich case the confidence makes the decision.CVC can be used with a variety of classificationalgorithms in which parameters need to be tuned, ameasure of confidence for the correct class is available andleave-one-out cross-validation is not computationallyprohibitive. Section 4 presents an instance-based learningalgorithm with automatically-tuned parameters to illustratethe use of CVC and to provide empirical data.4. Instance-Based LearningInstance-Based Learning (IBL) [4] is a paradigm oflearning in which algorithms typically store some or all ofthe n available training examples (instances) from thetraining set T during learning. During generalization,these systems use a distance function to determine howclose a new input vector y is to each stored instance anduse the nearest instance or instances to predict the outputclass of y (i.e., to classify y). Some of the earliest instance-based learning algorithms are referred to as nearestneighbor techniques [5, 6].Instance-based learning algorithms often have a parameterk that determines how many instances are used to decidethe classification, as in the k-nearest neighbor rule [5].The use of k˚>˚1 can lessen the effect of noise in thesystem, but it also introduces a parameter to the systemwhich must be chosen.Dudani [7] proposed a distance-weighted nearest neighboralgorithm in which neighbors nearer to the input vector getmore weight. This can reduce the sensitivity of the systemto the parameter k, though a suitable value for k must stillbe found.This section presents a new instance-based learning systemcalled the Refined Instance-Based (RIB) learningalgorithm that uses distance-weighted k-nearest neighborvoting. RIB automatically tunes several parameters, including the value of k and the kernel shape for thedistance weighting function. The distance-weighted votingallows decision boundaries to be fine-tuned with moreprecision than is allowed with simple majority voting.RIB also uses a heterogeneous distance function describedbelow in Section 4.1 that is appropriate for domains withnominal attributes, linear attributes, or both. Section 4.2describes how distance-weighted voting is done in RIB,and Section 4.3 tells how parameters are automaticallytuned in the system.4.1. Heterogeneous Distance FunctionA distance function is critical to the success of an instance-based algorithm. Euclidean Distance is the mostcommonly used distance function, but many applicationshave nominal (discrete, unordered) attributes for whichEuclidean distance and other linear metrics are notappropriate.The Value Difference Metric (VDM) [8, 9] is able to returna real-valued distance between each pair of values fornominal attributes based on statistics gathered from thetraining set. It does not, however, directly handle linearattributes but instead requires discretization [10].We previously introduced several new heterogeneousdistance functions that substantially improved averagegeneralization accuracy on a collection of 48 differentdatasets [11]. RIB uses one of the most successfulfunctions, the Heterogeneous Value Difference Metric(HVDM).The HVDM distance function defines the distance betweentwo input vectors x and y as

HVDM ( x , y ) = d a ( x a , y a )

2

a = 1 m

�

(4)where m is the number of attributes. The function da(x,y)returns a distance between the two values x and y forattribute a and is defined as d a ( x , y ) =

1 if x or y is unknown ; else . . .

vdm a ( x , y ) if a is nominal

x - y

4 s a if a is numeric

�

�

�

�

�

�

�

(5)where sa is the sample standard deviation of the numericvalues occurring for attribute a. Since 95% of the valuesin a normal distribution fall within two standard deviationsof the mean, the difference between numeric values isdivided by four standard deviations to scale each value intoa range that is usually of width 1. The function vdma(x,y)returns the distance between two nominal attribute values xand y for attribute a as

vdm a ( x , y ) =

N a , x , c

N a , x - N a , y , c

N a , y � Ł � � ł � c = 1

C � 2

(6)where Na,x is the number of times attribute a had value xin the training set, Na,x,c is the number of times attribute ahad value x and the output class was c, and C is thenumber of output classes. Using this distance measure,two nominal attribute values are considered to be closer ifthey have more similar classifications, regardless of theorder of the values. More details on this distance functionare available in [11].The HVDM distance function is used to find distances inthe RIB algorithm, which in turn are used to weight votingand thus influence confidence, as discussed below.4.2. Vote WeightingLet y be the input vector to be classified and let n1...nk bethe k nearest neighbors of y in T. Let Dj be the distancefrom y to the jth neighbor using some distance function D(such as HVDM).In the RIB algorithm, the voting weight of each of the knearest neighbors depends on its distance from the inputvector y. The weight is 1 when the distance is 0 anddecreases as the distance grows larger. The way in whichthe weight decreases as the distance grows depends onwhich kernel function is used. The kernel functions usedin RIB are: majority, linear, gaussian, and exponential.In majority voting, all k neighbors get an equal vote of 1.With the other three kernels, the voting weight of aneighbor nj is 1 when the distance to nj is 0 and drops tothe value of a parameter wk at a distance Dk, where Dk isthe distance to the kth nearest neighbor.Given wk and Dk, the amount of voting weight wj for thejth neighbor that is a distance Dj from the input vector foreach kernel is given in Equations 7-10.(a) Majority:

w j = 1

(7)(b) Linear:

w j = w k +

( 1 - w k ) ( D k - D j )

D k

(8)(c) Gaussian:

w j = w k D j 2 / D k 2

(9)(d) Exponential:

w j = w k

D j / D k

(10)Note that the majority voting scheme does not require thewk parameter. Also note that if k˚=˚1 or wk˚=˚1, then allfour of these schemes are equivalent. As Dk approaches 0,the weight in Equations 8-10 all approach 1. Therefore, ifthe distance Dk is equal to 0, then a weight of 1 is used for consistency and to avoid dividing by 0. These four kernelsare illustrated in Figure˚1.

Voting Weight

00.511.52

0.2.4.6.81(c) Gaussian

0.2.4.6.81(d) ExponentialDistanceDistance

Voting Weight

(a) Majority

0.2.4.6.810

0.2.4.6.81Figure 1. Distance-weighting kernels, shown withDk˚=˚2.0 and wk˚=˚.01.Sometimes it is preferable to use the average distance ofthe k nearest neighbors instead of the distance to the kthneighbor to determine how fast voting weight should dropoff. This can be done by computing what the distance

¢ D k

of the kth nearest neighbor would be if the neighbors weredistributed evenly. This can be done by setting

¢ D k

to

¢ D

k

=

2 � D

i

i = 1 k

�

k + 1

(11)and using

¢ D k

in place of Dk in Equations 8-10. Whenk˚=˚1, Equation 11 yields

¢ D k

˚=˚2Dk/2˚=˚Dk, as desired.When k˚>˚1, this method can be more robust in thepresence of changes in the system such as changingparameters or the removal of instances from the classifier.4.3. RIB Learning AlgorithmSeveral parameters in have been mentioned in the abovediscussion without specifying how they are set.Specifically, for a given classification task, RIB must set k,the number of neighbors that vote on the class of a newinput vector; kernel, the kernel of the distance-weightedvoting function; wk, the weight of the kth neighbor (exceptin majority voting); and avgk, the flag determining whetherto use Dk or

¢ D k

.These parameters are set as described in the remainder ofthis section. RIB begins by finding the first maxk nearestneighbors of every instance i, where maxk is the maximumvalue of k being considered. (In our experiments we usedmaxk˚=˚30 to leave a wide margin of error, and values of kgreater than 10 were rarely if ever chosen by the system.)The nearest neighbors of each instance i, notatedi.n1...i.nmaxk,˚are stored in a list ordered from nearest tofurthest for each instance, so that i.n1 is the nearestneighbor of i and i.nk is the kth nearest neighbor. Thedistance i.dj to each of instance i�s neighbors is also storedto avoid continuously recomputing this distance. This isthe most computationally-intensive step of the process andtakes O(mn2) time, where m is the number of inputattributes and n is the number of instances in the trainingset.CVC is used in the RIB system to evaluate values for theparameters k, wk, kernel, and avgk. None of theseparameters affect the distance between neighbors but onlyaffect the amount of voting weight each neighbor gets.Thus, changes in these parameters can be made withoutrequiring a new search for nearest neighbors or even anupdate to the stored distance to each neighbor. This allowsa set of parameter values to be evaluated in O(kn) timeinstead of the O(mn2) time required by a naive applicationof LCV.To evaluate a set of parameter values, cvci as defined inEquation 3 is computed as follows. For each instance i,the voting weight for each of its k nearest neighbors isfound according to its stored distance and the currentsettings of k, wk, kernel and avgk, as described in Section4.2. These weights are summed in their respective classes,and the confidence of the correct class is found as inEquation 1. If the majority class is the same as the trueoutput class of instance i, cv in Equation 3 is 1. Otherwise,it is 0. The average value of cvci over all n instances isused to determine the fitness of the parameter values.The search for parameter values proceeds in a greedymanner as follows. For each iteration, one of the fourparameters is chosen for adjustment, with the restrictionthat no parameter can be chosen twice in a row, sincedoing so would simply rediscover the same parametervalue. The chosen parameter is set to various values asexplained below while the remaining parameters are heldconstant. For each setting of the chosen parameter, theCVC fitness for the system is calculated, and the value thatachieves the highest fitness is chosen as the new value forthe parameter.At that point, another iteration begins, in which a differentparameter is chosen at random and the process is repeateduntil 10 attempts at tuning parameters does not improvethe best CVC fitness found so far. In practice, only a fewiterations are required to find good settings, after whichimprovements cease and the search soon terminates. The

set of parameters that yield the best CVC fitness found atany point during the search are used by RIB forclassification. The four parameters are tuned as follows.1. Choosing k. To pick a value of k, all values from 2 tomaxk˚(=30 in our experiments) are tried, and the one thatresults in maximum CVC fitness is chosen. Using thevalue k˚=˚1 would make all of the other parametersirrelevant, thus preventing the system from tuning them, soonly values 2 through 30 are used until all iterations arecomplete.2. Choosing a kernel function. Picking a vote-weightingkernel function proceeds in a similar manner. The kernelfunctions linear, gaussian, and exponential are tried, andthe kernel that yields the highest CVC fitness is chosen.Using majority voting would make the parameters wk andavgk irrelevant, so this setting is not used until alliterations are complete. At that point, majority voting istried with values of k from 1 to 30 to test both k˚=˚1 andmajority voting in general, to see if either can improveupon the tuned set of parameters.3. Setting avgk. Selecting a value for the flag avgkconsists of simply trying both settings, i.e., using Dk˚and

¢ D k

and seeing which yields higher CVC fitness.4. Searching for wk. Finding a value for wk is morecomplicated because it is a real-valued parameter. Thesearch for a good value of wk begins by dividing the range0..1 into ten subdivisions and trying all eleven endpoints ofthese divisions. For example, on the first pass, the values0, .1, .2, ..., .9, and 1.0 are used. The value that yields thehighest CVC fitness is chosen, and the range is narrowedto cover just one division on either side of the chosenvalue, with the constraint that the range cannot go outsideof the range 0..1. For example, if .3 is chosen in the firstround, then the new range is from .2 to .4. The process isrepeated three times, at which point the effect onclassification becomes negligible.Pseudo-code for the parameter-finding portion of thelearning algorithm is shown in Figure 2. This routineassumes that the nearest maxk neighbors of each instance Thave been found and returns the parameters that yield thehighest CVC fitness found during the search. Once theseparameters have been found, the neighbor lists can bediscarded, and only the raw instances and best parametersneed to be retained for use during subsequentclassification.In Figure 2, to �try� a parameter value means to set theparameter to that value, find the CVC fitness of thesystem, and, if the fitness is better than any seen so far, setbestCVC to this fitness, and remember the current set ofparameter values in bestParams.The time spent tuning parameters is done just once duringlearning, and is dominated by the first O(mn2) steprequired to find the nearest neighbors of each instance.During execution, classification takes O(mn) time, whichis the same as the basic nearest neighbor rule. FindParams(maxTime, training set T): bestParamsAssume that the maxk nearest neighbors have beenfound for each instance i in T.Let timeSinceImprovement=0.Let bestCVC=0.While timeSinceImprovement < maxTimeChoose a random parameter p to adjust.If (p=�k�) try k=2..30, and set k to best value found.If (p=�shape�) try linear, gaussian, and exponential.If (p=�avgk�) try Dk and D’k.If (p=�wk�)Let min=0 and max=1For iteration=1 to 3Let width=(min-max)/10.Try wk=min..max in steps of width.Let min=best wk-width (if min<0, let min=0)Let max=best wk+width (if max>1, let max=1)EndforIf bestCVC was improved during this iteration,then let timeSinceImprovement=0,and let bestParams=current parameter settings.Endwhile.Let shape=majority, and try k=1..30.if bestCVC was improved during this search,then let bestParams=current parameter settings.Return bestParams.Figure 2. Learning algorithm for RIB.5. Experimental ResultsThe Refined Instance-Based (RIB) learning algorithm wasimplemented and tested on 31 applications from theMachine Learning Database Repository at the Universityof California, Irvine [12]. RIB was compared to a staticinstance-based learning algorithm that is identical to RIBexcept that it uses k˚=˚3 and majority voting and thus doesnot fine-tune parameters. RIB was also compared to anotherwise identical algorithm that uses leave-one-outcross-validation (LCV) instead of CVC to decide on thevarious parameters. (Experiments were also run usingconfidence alone to decide on parameters, but as expected,values were almost always chosen that favored nearerneighbors, i.e., k˚=˚1, wk˚=˚0, and an exponential kernel.Results using confidence alone were thus worse than doingno parameter tuning at all, and are therefore not includedhere.)For each dataset each algorithm was trained using 90% ofthe available data. The remaining 10% of the data wasclassified using the instances in T and the best parametersettings found during training. The average accuracy over10 such trials (i.e., 10-fold cross-validation accuracy) isreported for each dataset in Table 1.

RIB (using CVC) had the highest generalization accuracyin 18 out of these 31 datasets, LCV was highest in 10datasets and the static majority-voting algorithm washighest in 7 cases. RIB was an average of over 1% higherthan the static algorithm in generalization accuracy onthese datasets. LCV fell almost exactly halfway betweenthe static and RIB methods. All of these algorithms havesubstantially higher generalization accuracy than the basicnearest neighbor rule using a Euclidean distance function[11].In order to see if the average generalization accuracy forCVC was significantly higher than the others, a Wilcoxonsigned ranks test [13] was used on the accuracy valueslisted in Table 1. As shown at the bottom of Table 1, CVChad a significantly higher average generalization accuracyon this set of classification tasks than both the static andLCV methods at a 99% confidence level or higher.

DatasetAnnealAustralianBreast Cancer(WI)BridgesCrxEchocardiogramFlagGlassHeartHeart(Cleveland)Heart(Hungarian)Heart(Long Beach)Heart(More)Heart(Swiss)HepatitisHorse ColicImage SegmentationIonosphereIrisLED Creator+17LED CreatorLiver (Bupa)Pima DiabetesPromotersSonarSoybean (Large)VehicleVotingVowelWineZooAverageWilcoxon

Static93.1184.7896.2866.0983.6294.8261.3473.8381.4881.1979.5570.0073.7892.6980.6257.8493.1084.6294.0067.1073.4065.5773.5693.4587.5588.5971.7695.6496.5794.9394.4482.1199.50

LCV 94.4985.0896.7165.0984.7896.0762.3967.8181.8581.4880.6073.5077.0392.6383.0059.51

69.2083.3483.1580.9373.0078.5292.6381.7965.1591.9186.6295.3371.9072.9061.4175.2693.0984.1090.8671.5495.8598.2997.7197.7883.17 n/aTable 1. Generalization accuracy of IBL algorithmsusing static majority voting (Static), cross-validation tomake decisions (LCV), and CVC as used in RIB.6. ConclusionsThe RIB learning algorithm combines the use of cross-validation accuracy and confidence (CVC) to generate anevaluation function that returns real-valued differences infitness in response to even small changes in parameters. Itavoids the problem of frequent ties that occurs when usingcross-validation alone. It also does not suffer from thestrong bias towards heavily weighting nearer neighborsthat occurs when using confidence alone.In our experiments on a collection of 31 datasets, RIB wasable to successfully use the new CVC evaluation methodin conjunction with a distance-weighted voting scheme toimprove average accuracy over a static majority-votingalgorithm or a distance-weighted algorithm using onlycross-validation to make decisions.References[1]Schaffer, Cullen. 1993. Selecting a Classification Methodby Cross-Validation. Machine Learning. 1 3 - 1.[2]Moore, Andrew W., and Mary S. Lee. 1993. EfficientAlgorithms for Minimizing Cross Validation Error. InMachine Learning: Proceedings of the EleventhInternational Conference, Morgan Kaufmann.[3]Kohavi, Ron. 1995. A Study of Cross-Validation andBootstrap for Accuracy Estimation and Model Selection,In Proceedings of the International Joint Conference onArtificial Intelligence (IJCAI�95).[4]Aha, David W., Dennis Kibler, Marc K. Albert. 1991.Instance-Based Learning Algorithms. Machine Learning.6, pp. 37-66.[5]Cover, T. M., and P. E. Hart. 1967. Nearest NeighborPattern Classification, Institute of Electrical andElectronics Engineers Transactions on InformationTheory. 13-1, January 1967. pp. 21-27.[6]Dasarathy, Belur V. 1991. Nearest Neighbor (NN) Norms:NN Pattern Classification Techniques, Los Alamitos,CA: IEEE Computer Society Press.[7]Dudani, Sahibsingh A. 1976. The Distance-Weighted k-Nearest-Neighbor Rule, IEEE Transactions on Systems,Man and Cybernetics. 6-4, 1976. pp. 325-327.[8]Stanfill, C., and D. Waltz. 1986. Toward memory-basedreasoning. Communications of the ACM. 29, 1986. pp.1213-1228.[9]Cost, Scott, and Steven Salzberg. 1993. A WeightedNearest Neighbor Algorithm for Learning with SymbolicFeatures, Machine Learning. 10. pp. 57-78.[10]Lebowitz, Michael. 1985. Categorizing NumericInformation for Generalization. Cognitive Science. 9.pp.˚285-308.[11]Wilson, D. Randall, and Tony R. Martinez. 1997.Improved Heterogeneous Distance Functions. Journal ofArtificial Intelligence Research. 6-1. pp. 1-34.[12]Merz, C. J., and P. M. Murphy. 1996. UCI Repository ofMachine Learning Databases. Irvine, CA: University ofCalifornia Irvine, Department of Information andComputer Science. http://www.ics.uci.edu/~mlearn/[13]Conover, W. J. 1971. Practical Nonparametric Statistics.New York: John Wiley, pp. 206-209, 383.