In Fisher, D., ed., Machine Learning: Proceedings of the Fourteenth International Conference, MorganKaufmann Publishers, San Francisco, CA, pp. 404-411, 1997.

Instance Pruning Techniques

D. Randall Wilson, Tony R. MartinezComputer Science DepartmentBrigham Young UniversityProvo, UT 84058 randy@axon.cs.byu.edu, martinez@cs.byu.eduAbstractThe nearest neighbor algorithm and itsderivatives are often quite successful at learninga concept from a training set and providinggood generalization on subsequent inputvectors. However, these techniques often retainthe entire training set in memory, resulting inlarge memory requirements and slow executionspeed, as well as a sensitivity to noise. Thispaper provides a discussion of issues related toreducing the number of instances retained inmemory while maintaining (and sometimesimproving) generalization accuracy, andmentions algorithms other researchers haveused to address this problem. It presents threeintuitive noise-tolerant algorithms that can beused to prune instances from the training set. Inexperiments on 29 applications, the algorithmthat achieves the highest reduction in storagealso results in the highest generalizationaccuracy of the three methods.1. INTRODUCTIONThe nearest neighbor algorithm (Cover & Hart, 1967;Dasarathy, 1991) has been used successfully for patternclassification on many applications. Each pattern has aninput vector with one value for each of several inputattributes. An instance has an input vector and an outputclass. A training set T is a collection of instances withknown output classes.A new pattern x is classified in the basic nearestneighbor algorithm by finding the instance y in T that isclosest to x, and using the output class of y as thepredicted classification for x. The instance that is closestto x is taken to be the one with minimum distance, usingsome distance function. The distance function can havea significant impact on the ability of the classifier togeneralize correctly.The nearest neighbor algorithm learns very quickly(O(n)) because it need only read in the training setwithout further processing. It can also generalizeaccurately for many applications because it can learncomplex concept descriptions, and provides anappropriate bias for many applications.The nearest neighbor algorithm also has severalshortcomings. Since it stores all training instances, it haslarge (O(n)) memory requirements. Since it must searchthrough all available instances to classify a new inputvector, it is slow (O(n)) during classification. Since itstores every instance in the training set, noisy instances(i.e., those with errors in the input vector or output class,or those not representative of typical cases) are stored aswell, which can degrade generalization accuracy.Techniques such as k-d trees (Sproull, 1991) andprojection (Papadimitriou & Bentley, 1980) can reducethe time required to find the nearest neighbor(s) of aninput vector, but they do not reduce storagerequirements, do not address the problem of noise, andoften become much less effective as the dimensionalityof the problem (i.e., the number of input attributes)grows.On the other hand, when some of the instances areremoved (or pruned) from the training set, the storagerequirements and time necessary for generalization arecorrespondingly reduced. This paper focuses on theproblem of reducing the size of the stored set ofinstances while trying to maintain or even improvegeneralization accuracy. Much research has been donein this area, and an overview of this research is given inSection 2.Section 3 discusses several issues related to the problemof instance set reduction, and provides motivation forfurther algorithms. Section 4 presents four new instancereduction techniques that were hypothesized to providesubstantial instance reduction while continuing togeneralize accurately, even in the presence of noise. Thefirst is similar to the Reduced Nearest Neighbor (RNN)algorithm (Gates 1972). The second changes the orderin which instances are considered for removal, and the

2third adds a noise-reduction step similar to that done byWilson (1972) before proceeding with the mainreduction algorithm.Section 5 describes experiments on 29 datasets thatcompare the performance of each of these threereduction techniques to a basic k-nearest neighboralgorithm. The results indicate that these algorithmsachieve substantial storage reduction, while maintaininggood generalization accuracy. Comparisons are alsomade with two of the best algorithms from the review inSection 2. Section 6 provides conclusions and futureresearch directions.2. RELATED WORKSeveral researchers have addressed the problem oftraining set size reduction. This section reviewsprevious work in reduction algorithms.2.1. NEAREST NEIGHBOR EDITING RULESHart (1968) made one of the first attempts to reduce thesize of the training set with his Condensed NearestNeighbor Rule (CNN). This algorithm begins byrandomly selecting one instance belonging to eachoutput class from the training set T and putting it in asubset S. Then each instance in T is classified using onlythe instances in S. If an instance is misclassified, it isadded to S, thus ensuring that it will be classifiedcorrectly. This algorithm is especially sensitive to noise,because noisy instances will usually be misclassified bytheir neighbors, and thus will be retained.Ritter et. al. (1975) extended the condensed NN methodin their Selective Nearest Neighbor Rule (SNN) such thatevery member of T must be closer to a member of S ofthe same class than to a member of T (instead of S) of adifferent class. Further, the method ensures a minimalsubset satisfying these conditions. This algorithmresulted in greater reduction in the training set size aswell as slightly higher accuracy than CNN in theirexperiments, though it is still sensitive to noise.Gates (1972) modified this algorithm in his ReducedNearest Neighbor Rule (RNN). The reduced NNalgorithm starts with S˚=˚T and removes each instancefrom S if such a removal does not cause any otherinstances in T to be misclassified. Since the instancebeing removed is not guaranteed to be classifiedcorrectly, this algorithm is able to remove noisyinstances and internal instances while retaining borderpoints.Wilson (1972) developed an algorithm which removesinstances that do not agree with the majority of their knearest neighbors (with k=3, typically). This edits outnoisy instances as well as close border cases, leavingsmoother decision boundaries. It also retains all internalpoints, which keeps it from reducing the storagerequirements as much as many other algorithms. Tomek(1976) extended Wilson�s algorithm with his �all k-NN�method of editing by calling Wilson�s algorithmrepeatedly with k=1..k, though this still retains internalpoints.2.2. �INSTANCE-BASED� LEARNING AL-GORITHMSAha et. al. (1991) presented a series of instance-basedlearning algorithms that reduce storage. IB2 is quitesimilar to the Condensed Nearest Neighbor (CNN) rule(Hart, 1968), and suffers from the same sensitivity tonoise.IB3 (Aha et al. 1991) addresses IB2�s problem ofkeeping noisy instances by using a statistical test toretain only acceptable misclassified instances. In theirexperiments, IB3 was able to achieve greater reductionin the number of instances stored and also achievedhigher accuracy than IB2, due to its reduced sensitivityto noise on the applications on which it was tested.Zhang (1992) used a different approach called theTypical Instance Based Learning (TIBL) algorithm,which attempted to save instances near the center ofclusters rather than on the border.Cameron-Jones (1995) used an encoding length heuristicto determine how good the subset S is in describing T.After a growing phase similar to IB3, a random mutationhill climbing method called Explore is used to search fora better subset of instances, using the encoding lengthheuristic as a guide.2.3. PROTOTYPES AND OTHER MOD-IFICATIONS OF THE INSTANCESSome algorithms seek to reduce storage requirementsand speed up classification by modifying the instancesthemselves, instead of just deciding which ones to keep.Chang (1974) introduced an algorithm in which eachinstance in T is initially treated as a prototype. Thenearest two instances that have the same class aremerged into a single prototype (using a weightedaveraging scheme) that is located somewhere betweenthe two prototypes. This process is repeated untilclassification accuracy starts to suffer.Domingos (1995) introduced the RISE 2.0 system whichtreats each instance in T as a rule in R , and thengeneralizes rules until classification accuracy starts tosuffer.

3Salzberg (1991) introduced the nested generalizedexemplar (NGE) theory, in which hyperrectangles areused to take the place of one or more instances, thusreducing storage requirements.Wettschereck & Dietterich, (1995) introduced a hybridnearest-neighbor and nearest-hyperrectangle algorithmthat used hyperrectangles to classify input vectors if theyfell inside the hyperrectangle, and kNN to classify inputsthat were not covered by any hyperrectangle. Thisalgorithm must therefore store the entire training set T,but accelerates classification by using relatively fewhyperrectangles whenever possible.3. INSTANCE REDUCTION ISSUESFrom the above learning models, several observationscan be made regarding the issues involved in training setreduction. This section covers the issues of instancerepresentation, the order of the search, the choice ofdistance function, the general intuition of whichinstances to keep, and how to evaluate the differentstrategies.3.1. REPRESENTATIONOne choice in designing a training set reductionalgorithm is to decide whether to retain a subset of theoriginal instances or whether to modify the instancesusing a new representation. For example, NGE(Salzberg, 1991) and its derivatives (Wettschereck &Dietterich, 1995) use hyperrectangles to representcollections of instances; RISE (Domingos, 1995)generalizes instances into rules; and prototypes (Chang1974) can be used to represent a cluster of instances,even if no original instance occurred at the point wherethe prototype is located.On the other hand, many models seek to retain a subsetof the original instances, including the Condensed NNrule (CNN) (Hart, 1968), the Reduced NN rule (RNN)(Gates 1972), the Selective NN rule (SNN) (Ritter et. al.,1975), Wilson�s rule (Wilson, 1972), the �all k-NN�method (Tomek, 1976), Instance-Based (IBL)Algorithms (Aha et. al. 1991), and the Typical InstanceBased Learning (TIBL) algorithm (Zhang, 1992).Another decision that affects the concept description formany algorithms is the choice of k, which is the numberof neighbors used to decide the output class of an inputvector. The value of k is typically a small integer (e.g.,1, 3 or 5) that is odd so as to avoid �ties� in the voting ofneighbors. The value of k is often determined fromcross-validation.3.2. DIRECTION OF SEARCHWhen searching for a subset S of instances to keep fromtraining set T, there are different directions the searchcan proceed. We call these search directionsincremental, decremental, and batch.Incremental. The incremental search begins with anempty subset S, and adds each instance in T to S if itfulfills the criteria. Using such a search direction, theorder of presentation of instances can be very important.In particular, the first few instances may have a verydifferent probability of being included in S than theywould if they were visited later. For example, CNNbegins by selecting one instance from each class atrandom, which gives these instances a 100% chance ofbeing included. The next instances visited are classifiedonly by the few instances that are already in S, whileinstances chosen near the end of the algorithm areclassified by a much larger number of instances thathave been included in S. Other incremental schemesinclude IB2 and IB3.One advantage to an incremental scheme is that ifinstances are made available later, after training iscomplete, they can continue to be added to S accordingto the same criteria.Decremental. Decremental searches begins with S=T,and then search for instances to remove from S. Againthe order of presentation can be important, but unlike theincremental process, all of the training examples areavailable for examination at any time, so a search can bemade to determine which instance would be best toremove during each step of the algorithm. Decrementalalgorithms include RNN, SNN, and Wilson�s (1972)rule. NGE and RISE can also be viewed as decrementalalgorithms, except that instead of simply removinginstances from S, they are instead generalized intohyperrectangles or rules. Similarly, Chang�s prototyperule operates in a decremental order, but prototypes aremerged into each other instead of being simply removed.One disadvantage with the decremental rule is that it isoften computationally more expensive than incrementalalgorithms. For example, in order to find the nearestneighbor in T of an instance, n distance calculations mustbe made. On the other hand, there are fewer than ninstances in S (zero initially, and some fraction of Teventually), so finding the nearest neighbor in S of aninstance takes less computation.However, if the application of a decremental algorithmcan result in greater storage reduction and/or increasedgeneralization accuracy, then the extra computationduring learning (which is done just once) can be wellworth the computational savings during executionthereafter.

4Batch. A final way to apply a training set reduction ruleis in batch mode. This involves deciding if each instancemeets the removal criteria before removing any, and thenremoving all of them at once. For example, the �all-kNN� rule operates this way. This can relieve thealgorithm from having to constantly update lists ofnearest neighbors and other information when instancesare individually removed, but there are also dangers inbatch processing.For example, assume we apply a rule such as �Removean instance if it has the same output class as its k nearestneighbors� to a training set. This could result in entireclusters disappearing if there are no instances of adifferent class nearby. If done in decremental mode,however, some instances would remain, becauseeventually enough neighbors would be removed that oneof the k nearest neighbors of an instance would have tobe of another class, even if it was originally surroundedby those of its own class.3.3. BORDER POINTS VS. CENTRAL POINTSAnother factor that distinguishes instance reductiontechniques is whether they seek to retain border points,central points, or some other set of points.The intuition behind retaining border points is that�internal� points do not affect the decision boundaries asmuch as the border points, and thus can be removed withrelatively little effect on classification. Algorithmswhich tend to retain border points include CNN, RNN,IB2, and IB3.On the other hand, some algorithms instead seek toremove border points. Wilson�s rule and the �all kNN�rule are examples of this. They remove points that arenoisy or do not agree with their neighbors. This removesclose border points, leaving smoother decisionboundaries behind. This may help generalization insome cases, but typically keeps most of the instances.Some algorithms retain center points instead of borderpoints. For example, the Typical Instance BasedLearning algorithm attempts to retain center points andcan achieve very dramatic reduction (ideally oneinstance per class) when conditions are right. However,when decision boundaries are complex, it may takenearly as many instances to define the boundaries usingcenter points as it would using boundary points. Currentresearch is addressing this question.3.4. DISTANCE FUNCTIONThe nearest neighbor algorithm and its derivativesusually use the Euclidean distance function, which isdefined as:

E(x, y) = (xi − yi)2 i=1m∑

(1)where x and y are the two input vectors, m is the numberof input attributes, and xi and yi are the input values forinput attribute i. This function is appropriate when allthe input attributes are numeric and have ranges ofapproximately equal width. When the attributes havesubstantially different ranges, the attributes can benormalized by dividing the individual attribute distancesby the range or standard deviation of the attribute.When nominal (discrete, unordered) attributes areincluded in an application, a distance metric is neededthat can handle them. We use a distance function basedupon the Value Difference Metric (VDM) (Stanfill &Waltz, 1986) for nominal attributes. A simplifiedversion of the VDM defines the distance between twovalues x and y of a single attribute a as:

vdma (x,y) = Na,x,cNa,x − Na,y,cNa,y

c=1C∑ 2

(2)where Na,x is the number of times attribute a had valuex; Na,x,c is the number of times attribute a had value xand the output class was c; and C is the number of outputclasses. Using this distance measure, two values areconsidered to be closer if they have more similarclassifications, regardless of the order of the values.In order to handle heterogeneous applications�thosewith both numeric and nominal attributes�we use theheterogeneous distance function HVDM (Wilson &Martinez, 1997), which is defined as:

HVDM(x, y) = da2(xa ,ya ) a=1m∑

(3)where the function da(x,y) is the distance for attribute aand is defined as:

da (x,y) = vdma (x,y), if a is nominal x− y 4σ a , if a is numeric

(4)where vdma(x,y) is the function given in (2), and sa ist h e s t a n d a r d d e v i a t i o n o f t h e v a l u e s o c c u r r i n g f o r

5Figure 1: Pseudo-code for RT1.

1RT1(Training set T): Instance set S. 2Let S = T. 3For each instance P in S: 4Find P.N1..k+1, the k+1 nearest neighbors of P˚in S. 5Add P˚to each of its neighbors� lists of associates. 6For each instance P in S: 7Let with = # of associates of P classified correctly with P as a neighbor. 8Let without = # of associates of P classified correctly without P. 9If (without - with) ‡ 010Remove P from S.11Remove P from its associates� lists of nearest neighbors, and find12the next nearest neighbor for each of these associates.13Remove P from its neighbors� lists of associates.14Endif15Return S.attribute a in the instances in the training set T. Thisfunction handles unknown input values by assigningthem a large distance (1.0), and provides appropriatenormalization between numeric and nominal attributes,as well as between numeric attributes of different scales.4. NEW INSTANCE SET REDUCTIONALGORITHMSThis section presents a collection of new heuristics orrules used to decide which instances to keep and whichinstances to remove from a training set. In order toavoid repeating lengthy definitions, some notation isintroduced here:A training set T consists of n instances (or prototypes)P1.. n . Each instance P has k nearest neighbors P.N 1..k(ordered from nearest to furthest), where k is a small oddinteger such as 1, 3 or 5. P also has a nearest e n e m y ,P.E, which is the nearest instance with a different outputclass. Those instances that have P as one of their knearest neighbors are called associates of P, and arenotated as P.A1..a (sorted from nearest to furthest) wherea is the number of associates that P has.Given the issues in Section 3 to consider, our research isdirected towards finding instance reduction techniquest h a t p r o v i d e n o i s e t o l e r a n c e , h i g h g e n e r a l i z a t i o n a c c u r a c y , i n s e n s i t i v i t y t o t h e o r d e r o f p r e s e n t a t i o n o f i n s t a n c e s , a n d s i g n i f i c a n t s t o r a g e r e d u c t i o n , w h i c h i n t u r n i m p r o v e s g e n e r a l i z a t i o n s p e e d . S e c t i o n s 4 . 1 - 4 . 3 present three rules, called RT1-RT3, respectively, thatseek to meet these goals.4.1. REDUCTION TECHNIQUE 1 (RT1)The first reduction technique we present, RT1, uses thefollowing basic rule to decide if it is safe to remove aninstance from the instance set S (where S˚=˚T originally): Remove P if at least as many of its associatesin S would be classified correctly without it.To see if an instance can be removed using this rule,each associate is checked to see what effect the removalof P would have on it.Removing P causes each associate P.Ai to use its k+1stnearest neighbor (P.Ai.Nk+1) in place of P . If P has thesame class as P.Ai, and P.Ai.Nk+ 1 has a different classt h a n P.Ai, this weakens its classification, and couldcause P.Ai to be misclassified by its neighbors. On theother hand, if P is a different class than P.Ai and theP.Ai.Nk+ 1 i s t h e s a m e c l a s s a s P . A i, the removal ofP˚could cause a previously misclassified instance to beclassified correctly.In essence, this rule tests to see if removing P woulddegrade leave-one-out cross-validation generalizationaccuracy, which is an estimate of the true generalizationability of the resulting classifier. An instance is removedwhen it results in the same level of generalization withlower storage requirements.The algorithm for RT1 proceeds as shown in Figure 1.This algorithm begins by building a list of nearestneighbors for each instance, as well as a list ofassociates. Then each instance in S is removed if itsremoval does not hurt the classification of the instancesremaining in S.This algorithm removes noisy instances, because a noisyinstance P usually has associates that are mostly of adifferent class, and such associates will be at least aslikely to be classified correctly without P. RT1 alsoremoves instances in the center of clusters, because

6associates there are not near their enemies, and thuscontinue to be classified correctly without P.Near the border, the removal of some instancessometimes causes others to be classified incorrectlybecause the majority of their neighbors can becomeenemies. Thus this algorithm tends to keep non-noisyborder points. At the limit, there is typically a collectionof border instances such that the majority of the k nearestneighbors of each of these instances is the correct class.4.2. REDUCTION TECHNIQUE 2 (RT2)There is a potential problem that can arise in RT1 withregards to noisy instances. A noisy instance willtypically have associates of a different class, and willthus be contained to a somewhat small portion of theinput space. However, if its associates are removed bythe above criteria, the noisy instance may cover moreand more of the input space. Eventually it is hoped thatthe noisy instance itself will be removed. However, ifmany of its neighbors are removed first, its associatesmay eventually include instances of the same class fromthe other side of the original decision boundary, and it ispossible that removing the noisy instance at that pointcould cause some of its distant associates to be classifiedincorrectly.RT2 solves this problem by considering the effect of theremoval of an instance on all the instances in the originaltraining set T instead of considering only those instancesremaining in S. In other words, an instance P is removedfrom S only if at least as many of its associates(including those that may have already been pruned) areclassified correctly without it.Using this modification, each instance in the originaltraining set T continues to maintain a list of its k˚+˚1nearest neighbors in S, even after it is removed from S.This in turn means that instances in S have associatesthat are both in and out of S, while instances that havebeen removed from S have no associates (because theyare no longer a neighbor of any instance). Thismodification makes use of additional information that isavailable for estimating generalization accuracy, andalso avoids some problems that can occur with RT1 suchas removing entire clusters. This change is made byremoving line 13 from the pseudo-code for RT1 so thatpruned instances will still be associates of their nearestneighbors in S.RT2 also changes the order of removal of instances. Itinitially sorts the instances in S by the distance to theirnearest enemy. Instances are then checked for removalbeginning at the instance furthest from its nearest enemy.This tends to remove instances furthest from the decisionboundary first, which in turn increases the chance ofretaining border points.4.3. REDUCTION TECHNIQUE 3 (RT3)RT2 sorts S in an attempt to remove center points beforeborder points. One problem with this method is thatnoisy instances are also �border� points, and cause theorder of removal to be drastically changed. One noisypoint in the center of a cluster causes many points in thatcluster to be considered border points, and some of thesecan remain in S even after the noisy point is removed.Two passes through S can remove the dangling centerpoints, but unfortunately, by that time some borderpoints may have already been removed that should havebeen kept.RT3 therefore uses a noise-filtering pass before sortingthe instances in S. This is done using a rule similar toWilson�s Rule (Wilson, 1972): Any instancemisclassified by its k nearest neighbors is removed. Thisremoves noisy instances, as well as close border points,which can in turn smooth the decision boundary slightly.This helps to avoid �overfitting� the data, i.e., using adecision surface that goes beyond modeling theunderlying function and starts to model the datasampling distribution as well.After removing noisy instances from S in this manner,the instances are sorted by distance to their nearestenemy remaining in S, and thus points far from the realdecision boundary are removed first. This allows pointsinternal to clusters to be removed early in the process,even if there were noisy points nearby.5. EXPERIMENTAL RESULTSThe reduction algorithms RT1, RT2 and RT3 wereimplemented using k˚=˚3, and using the HVDM distancefunction described in Section 3.4. These algorithmswere tested on 29 data sets from the University ofCalifornia, Irvine Machine Learning DatabaseRepository (Merz & Murphy, 1996) and compared to ak-nearest neighbor classifier that was identical to RT1except that it does not remove any instances from theinstance set (i.e., S=T).Each test consisted of ten trials, each using one of tenpartitions of the data randomly selected from the datasets, i.e., 10-fold cross-validation. For each trial, 90% ofthe training instances were used for T, the subset S wasdetermined using each reduction technique (except forthe kNN algorithm, which keeps all the instances), andthe remaining 10% of the instances were classified usingonly the instances remaining in S. The averagegeneralization accuracy over the ten trials for each test isgiven in Table 1. The average percentage of instancesretained in S is shown in the table as well.

7Table 1: Generalization accuracy and storage requirements of kNN, RT1, RT2, and RT3.

DatabaseAnnealAustralianBreast Cancer WIBridgesCrxEchocardiogramFlagGlassHeartHeart.ClevelandHeart.HungarianHeart.Long Beach VAHeart.MoreHeart.SwissHepatitisHorse-ColicImage.SegmentationIonosphereIrisLED-Creator+17LED-CreatorLiver.BupaPima Indians DiabetesPromotersSonarSoybean-LargeVehicleVowelWineAverage

kNN93.1184.7896.2866.0983.6294.8261.3473.8381.4881.1979.2270.0074.1792.6980.6257.8493.1084.6294.0067.1060.6065.5773.5693.4587.5588.5971.7696.5794.9380.78(size)100100100100100100100100100100100100100100100100100100100100100100100100100100100100100100

RT187.8582.6194.0055.6481.0193.3958.1360.3079.2677.8578.9273.0073.2091.1576.2165.0984.7684.9189.3368.8064.0059.6670.9685.0069.8179.8166.2188.9891.0576.93(

size)9.117.672.5620.866.709.0124.5126.1112.9614.2611.3811.7811.202.088.6710.8910.215.6711.7017.507.7827.2820.128.1824.0424.0324.0043.148.5514.55

RT295.3684.6496.1459.1884.9385.1862.3464.9881.1179.8779.2272.0074.5093.4682.0066.1792.3888.3295.3370.5067.0065.8073.3187.9181.8684.9968.9191.4693.7980.09(

size)11.4215.415.7924.1114.117.5132.3031.5221.6020.6115.9816.3316.982.8913.9817.9813.7612.0916.8926.2311.2037.5528.1117.8230.8227.9431.6046.9115.2320.16

RT393.4984.3596.1458.2785.8093.3961.2965.0283.3380.8479.9573.5076.2593.4681.8771.0892.6287.7595.3370.4068.2060.8475.0186.8278.0085.6265.8589.5694.9380.31(

size)8.635.933.5818.665.469.0120.4523.8813.6212.7610.434.229.101.817.817.4210.987.0614.8112.6611.5724.9916.9016.6726.8725.7323.0045.2216.1114.32

H-IB

394.9885.9995.7159.3783.4893.3951.5067.7776.3074.2374.8369.5074.7584.6272.7961.8290.2488.3292.0052.6071.3055.6467.8388.5971.6790.2366.4594.7094.3877.41(

size)7.816.482.5638.676.8614.8539.1832.9210.3310.788.8811.6713.974.798.0317.6414.7913.6110.9642.4224.3215.5913.2210.0215.2221.9029.1723.4213.4216.67

Results were also obtained for several of the methodsdiscussed in Section 2, including CNN (Hart, 1968),SNN (Ritter et al., 1975), Wilson�s Rule (Wilson, 1972),the �All k-NN� method (Tomek, 1976), IB2, IB3 (Aha,Kibler & Albert, 1991), and the Explore method(Cameron-Jones, 1995). Space does not permit theinclusion of all of the results, but the results for IB3 areincluded in Table 1 as a benchmark for comparison,since it is one of the most popular algorithms. Thisversion of IB3 was modified to use the heterogeneousdistance function HVDM and is thus labeled H-IB3.From the results in this table, several observations can bemade. RT1 had very good storage reduction on average,but also dropped in generalization accuracy by anaverage of almost 4%. This is likely due to the fact thatthis algorithm ignores those instances that have alreadybeen pruned from S when deciding whether to removeadditional instances. It also prunes them in a randomorder, thus causing some border points to be removedtoo early.RT2 had better generalization accuracy than RT1because of its use of the additional information providedby pruned instances in determining whether to removeothers. However, it also has higher storagerequirements, due at least in part to the fact that noisyinstances sometimes cause nearby instances to beretained even after the noisy instance is removed.RT3 had a higher average generalization accuracy thanRT1, RT2, and H-IB3, and also had the lowest storagerequirements of the four. Its generalization accuracywas within one-half of a percent of the kNN algorithmthat retained 100% of the instances, and yet it retainedon average only 14.32% of the instances.Some datasets seem to be especially well suited for thesereduction techniques. For example, RT3 required lessthan 2% storage for the Heart.Swiss dataset, yet itachieved even higher generalization accuracy than thekNN algorithm. On the other hand, some datasets werenot so appropriate. On the Vowel dataset, for example,RT3 required over 45% of the data, and dropped in

8generalization accuracy by 7%, suggesting that RT3 isinappropriate for this particular dataset.The Heterogeneous IB3 algorithm was also compared tothe original IB3 algorithm (i.e., with k˚=˚1, and usingEuclidean distance on linear attributes and overlapmetric on nominal attributes), to make sure that theabove comparison was fair. The original IB3 algorithmattained 75% accuracy with 18% storage on average onthese 29 datasets, indicating that the heterogeneousdistance function was beneficial to IB3.As mentioned above, the results in Table 1 were alsocompared with those achieved by CNN, SNN, Wilson�sRule, and the All k-NN method. All of these resulted inlower generalization accuracy and higher storagerequirements than RT3. IB2, CNN and SNN all hadabout 76% accuracy and required about 25-33% storage.Wilson�s Rule and the All k-NN method both had 80.1%accuracy but retained over 75% of the instances.The Explore method (Cameron-Jones, 1995) mentionedin Section 2.2 was also tested, and though its averageaccuracy was lower than RT3 (76.23%), it reducedstorage more dramatically than the others, retaining only2.23% of the instances on average. When modified withthe HVDM distance function, its storage improvedfurther (2.11%) and accuracy increased to 79.01%. Thisis still not as accurate as RT3, but the improvedreduction may be worth the trade-off in some cases.One factor that influences the amount of reductionachieved by RT3 is the use of k˚=˚3. This causes someinstances to be retained that could be removed withk˚=˚1. Initial experiments suggest that the smaller valueof k results in more dramatic storage reduction, but mayreduce generalization accuracy slightly in RT3. Onearea of future research is in the use of a dynamic value ofk, where k starts out with a value of 3 or 5 and isreduced as pruning continues until it is eventuallyreduced to a value of 1.We were interested to see how fast generalizationaccuracy drops as instances are removed from S, and tosee if it drops off more slowly when using an intelligentreduction technique than it does when removinginstances randomly.In order to test this, the experiments described abovewere modified as follows. When instances wereremoved from S, the order of their removal was recordedso that the training set T could be sorted by order ofremoval (with the instances in S at the beginning inrandom order, since they were not removed). Then theinstances in the test set were classified using only thefirst 1% of the data, then 2%, and so on up to 100% ofthe data. Figure 2 shows the average generalizationaccuracy (over all 10 trials on all 29 datasets) as afunction of the percentage of the training set that wasused for generalization.As can be seen from the figure, the averagegeneralization accuracy drops off more quickly ifinstances are randomly removed than if they areremoved using RT3, indicating that the order of removalis improved by RT3.This can be useful if more storage is available than thatrequired by RT3. For example, if an instance set of 10million instances is reduced to just 100, but there issufficient storage and computational resources to handle1000 instances, then by using the sorted list of prunedinstances, the best 1000 instances can be used. The useris thus allowed to manually trade off storage foraccuracy without the higher loss in accuracy that randomremoval would cause.Figure 2: Generalization Accuracy for RT3 vs.Randomly removing instances.

65707580

60050100

%Accuracy

%StorageRandom RT3

6. CONCLUSIONS AND FUTURERESEARCH DIRECTIONSNearest neighbor algorithms and their derivatives areoften appropriate and can provide high generalizationaccuracy for real-world applications, but the storage andcomputational requirements can be restrictive when thesize of the training set is large.This paper introduced three new instance reductiontechniques which are intuitive and provide good storagereduction. In experiments on 29 datasets, the thirdtechnique, RT3, provided higher generalization accuracyand lower storage requirements than the other twomethods, and its accuracy was within 0.5% of that of anearest neighbor classifier that retained all of theinstances. On average it retained under 15% of theoriginal training set.

9RT3 (and to a lesser extent the other algorithms) isdesigned to be robust in the presence of noise and use anestimate of generalization accuracy in making decisions,which helps it avoid removing instances that would behelpful in generalization. Since RT3 makes use of allthe instances in the training set in making its decision, itis not sensitive to the order of presentation of theinstances (as are incremental approaches), and is able tochoose a good order of removal regardless of how theinstances were ordered in the original training set.These reduction algorithms were also among the first touse heterogeneous distance functions that are appropriatefor applications with both nominal and continuousattributes (Wilson & Martinez, 1997).Future research will focus on determining the conditionsunder which these algorithms are not appropriate, andwill seek to overcome weaknesses in such areas. Thesereduction algorithms will also be integrated with featureselection algorithms and weighting techniques in orderto produce comprehensive instance-based learningsystems that are robust in the presence of irrelevantattributes and other difficult circumstances, thusproviding more accurate learning algorithms for a widevariety of problems.ReferencesAha, David W., Dennis Kibler, Marc K. Albert, (1991).�Instance-Based Learning Algorithms,� MachineLearning, vol. 6, pp. 37-66.Cameron-Jones, R. M., (1995). Instance Selection byEncoding Length Heuristic with Random Mutation HillClimbing. In Proceedings of the Eighth Australian JointConference on Artificial Intelligence, pp. 99-106.Chang, Chin-Liang, (1974). �Finding Prototypes forNearest Neighbor Classifiers,� IEEE Transactions onComputers, vol. 23, no. 11, November 1974, pp. 1179-1184.Cover, T. M., and P. E. Hart, (1967). �Nearest NeighborPattern Classification,� Institute of Electrical andElectronics Engineers Transactions on InformationTheory, vol. 13, no. 1, January 1967, pp. 21-27.Dasarathy, Belur V., (1991). Nearest Neighbor (NN)Norms: NN Pattern Classification Techniques. LosAlamitos, CA: IEEE Computer Society Press.Domingos, Pedro, (1995). �Rule Induction and Instance-Based Learning: A Unified Approach,� to appear in The1995 International Joint Conference on ArtificialIntelligence (IJCAI-95).Gates, G. W. (1972). �The Reduced Nearest NeighborRule,� IEEE Transactions on Information Theory, vol.IT-18, no. 3, pp. 431-433.Hart, P. E., (1968). �The Condensed Nearest NeighborRule,� Institute of Electrical and Electronics EngineersTransactions on Information Theory, vol. 14, pp. 515-516.Merz, C. J., and P. M. Murphy, (1996). UCI Repositoryof Machine Learning Databases. Irvine, CA: Universityof California Irvine, Department of Information andComputer Science. Internet: http://www.ics.uci.edu/~mlearn/ MLRepository.html.Papadimitriou, Christos H., and Jon Louis Bentley,(1980). A Worst-Case Analysis of Nearest NeighborSearching by Projection. Lecture Notes in ComputerScience, Vol. 85, Automata Languages andProgramming, pp. 470-482.Ritter, G. L., H. B. Woodruff, S. R. Lowry, and T. L.Isenhour, (1975). �An Algorithm for a Selective NearestNeighbor Decision Rule,� IEEE Transactions onInformation Theory, vol. 21, no. 6, November 1975, pp.665-669.Salzberg, Steven, (1991). �A Nearest HyperrectangleLearning Method,� Machine Learning, vol. 6, pp. 277-309.Sproull, Robert F., (1991). Refinements to Nearest-Neighbor Searching in k-Dimensional Trees.Algorithmica, Vol.˚6, pp. 579-589.Stanfill, C., and D. Waltz, (1986). �Toward memory-based reasoning,� Communications of the ACM, vol. 29,December 1986, pp. 1213-1228.Tomek, Ivan, (1976). �An Experiment with the EditedNearest-Neighbor Rule,� IEEE Transactions on Systems,Man, and Cybernetics, vol. 6, no. 6, June 1976, pp. 448-452.Wettschereck, Dietrich, (1994). �A Hybrid Nearest-Neighbor and Nearest-Hyperrectangle Algorithm�, Toappear in the Proceedings of the 7th EuropeanConference on Machine Learning.Wettschereck, Dietrich, and Thomas G. Dietterich,(1995). �An Experimental Comparison of Nearest-Neighbor and Nearest-Hyperrectangle Algorithms,�Machine Learning, vol. 19, no. 1, pp. 5-28.Wilson, D. Randall, and Tony R. Martinez, (1997).�Improved Heterogeneous Distance Functions,� Journalof Artificial Intelligence Research (JAIR), vol. 6, no. 1,pp. 1-34.Wilson, Dennis L., (1972). �Asymptotic Properties ofNearest Neighbor Rules Using Edited Data,� IEEETransactions on Systems, Man, and Cybernetics, vol. 2,no. 3, pp. 408-421.Zhang, Jianping, (1992). �Selecting Typical Instances inInstance-Based Learning,� Proceedings of the NinthInternational Conference on Machine Learning.