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Abstract

This paper is concerned with the problem
of predicting relative performance of clas-
si�cation algorithms. It focusseson meth-
ods that use results on small samples and
discussesthe shortcomings of previous ap-
proaches. A new variant is proposed that
exploits, as someprevious approaches,meta-
learning. The method requires that exper-
iments be conducted on few samples. The
information gathered is used to identify the
nearest learning curve for which the sampling
procedurewas carried out fully. This in turn
permits to generatea prediction regards the
relative performance of algorithms. Exper-
imental evaluation shows that the method
competeswell with previous approachesand
provides quite good and practical solution to
this problem.

1. In tro duction

The problem of predicting relative performanceof al-
gorithms continues to be an issuethat is worth inves-
tigating further. There are many algorithms that can
in principle be used on any given problem. The user
can make a direct comparison of the consideredalgo-
rithms on any given problem using a cross-validation
evaluation scheme. However the computational costs
of this approach are signi�cant. If it is desirable to
avoid running every algorithm.

It is thus useful to have a principled way that would
help us to determine which algorithms are likely to
lead to the best results on a new problem. The com-
mon thread of many previous methods is to store pre-
vious experimental results on di�eren t datasets. The
datasetsare characterized using a set of measures,in-
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cluding the dataset in question for which we seekan
advice. A (meta-)learning method is usedto generate
a prediction (i.e relativeordering of algorithms) for the
new case.

Some methods rely on dataset characteristics in the
form of statistical and information-theoretic measures
(D. Michie, 1994; Brazdil et al., 2003). These mea-
suresneedto be identi�ed beforehand,which is a non-
trivial task. Even if we can come up with a set of
supposedlygood candidate measures, it is not guaran-
teed that thesewill be useful in the end. Typically we
need to verify whether these are useful in the task of
predicting the relative performanceof algorithms.

Thesedi�culties have led someresearchers to explore
alternativ e ways to achieve the sameaim. Somehave
used simpli�ed versionsof someof the algorithms re-
ferred to as landmarks (Bensussan& Giraud-Carrier,
2000; Pfahringer et al., 2000). The results of these
landmark algorithms are then usedasmeasures to esti-
mate the relativeperformanceof algorithms. Although
the initial results werepromissing, the method hasnot
beenextensively usedafterwards.

Other researchers have proposedto usesimpli�ed ver-
sions of the data, which are sometimesreferred to as
sampling landmarks. The performance of algorithms
on samplescan be usedagain to estimate their relative
performance. However, the methods that exploited in-
formation from sampling landmarks wereon the whole
inconclusive. The results did not show a clear advan-
tage of using this kind of information (F•urnkranz &
Petrak, 2001;Soareset al., 2001). Somewhatsurpris-
ingly, using more information in the form of more sam-
ples did not lead to marked improvement.

This somewhatstartling �nding motivated us to inves-
tigate this issue further, which in turn enabled us to
come up with a new solution. The method described
here exploits information about learning curveswhich
hasalready proved to beuseful in other contexts (Leite
& Brazdil, 2004). The method requires that experi-
ments be conductedon few samplesfor the algorithms
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in question. The information gathered is usedto iden-
tify the nearest learning curves, for which the sam-
pling procedure was carried out fully. This in turn
permits to generatethe prediction regardsthe relative
performanceof the algorithms. Experimental evalua-
tion shows that the method competeswell with previ-
ous approachesand provides quite good and practical
solution to this problem.

The rest of the paper is organized as follows. The
next section provides more details regards the sam-
pling method and how we can predict the outcome of
learning. Section 3 discussesthe experiments and the
results obtained. The �nal section describes our con-
clusions.

2. Using Sampling to Predict the
Outcome of Learning

As we have mentioned earlier, the method described
relies on performanceestimates obtained on samples.
The method proceedsin two phases. In the �rst one,
wegeneratea model by training the givenalgorithm on
a small sample of the data. After this, another small
sample(from the samedata) is usedto carry out tests
and to obtain the required estimatesof performance.

Di�eren t sampling strategies have been described in
literature. Simple strategies use a �xed number or
�xed fraction of cases. Some more elaborate strate-
gies try to �nd an optimum sample size using a suc-
cessionof models generatedby a given learning algo-
rithm on the basis of a sequenceof samples. Some
authors have used samples that increase by a �xed
amount (John & Langley, 1996), while others have
used progressively increasing samples(Provost et al.,
1999; Leite & Brazdil, 2004). Usually the aim is to
determine the samplesize in which the accuracy does
not increaseany more, called a optimal sample size.
Fig. 1 shows a typical learning curve and the optimal
sample size is represented by S� . The corresponding
accuracy is represented by a� .

Our aim is to predict the accuracy ai at a particular
sample size Si , on the basis of known measurements,
corresponding to an initial segment consisting of #S
samples.Let us examineagain the learning curve rep-
resented in Fig. 1. Suppose the points a1, a2 and
a3 constitute the initial segment. So, our aim is to
estimate what happensafterwards.

The prediction of ai is done on the basis of previ-
ous knowledge about the algorithm in question. The
knowledgeis stored in the form of learning curvesob-
tained earlier on other (similar) datasets. The aim is
to usethesecurvesto make predictions of accuracyon
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Figure 1. Learning Curve

a curve that is only partly known (wehave information
about the initial segment only).

The details of this method are described in the follow-
ing. First, we will discusshow the learning curvesare
represented. Then, we will show how certain learning
curves are identi�ed on the basis of existing informa-
tion for the purpose of prediction. Finally, we show
how the prediction is generatedand how this can de-
termine the relative ordering of pairs of algorithms 1.
The reader can consult Fig. 2 for an overview of the
method.

Input:
Ap, Aq (2 algorithms)
d (dataset in question), L (database of n learning curves)

Parameters:
# S (size of the initial segment)
k (number of neighbors)
Si (size of dataset d expressed as sample size)

Output:
Decision (1 or 0), regards Ap > Aq.

Run the algorithms Ap and Aq on dataset d
while varying samples from m = 1 to # S.

Calculate accuracies Ap;d;m and Aq;d;m

(construct partial learning curves)
Analyze the learning curves stored and

calculate distances dp;q (d; j )( j = 1::n)
Identify k curves for algorithms Ap and Aq

with the smallest distance.
Retrieve the corresponding accuracies of Ap for size Si ,

ap;j;n 1:::ap;j;nk , and combine them.
Repeat this also for Aq.

Return value 1 if the combined accuracy (mean) of A p

is higher than the combined accuracy of Aq.
Otherwise return 0.

Figure 2. The basic algorithm for predicting relativ e per-
formance

2.1. Represen tation of Learning Curv es

Suppose we have datasets f D 1; D2; :::; Dn g and for
each one we have a learning curve available (later we

1This goal is similar to the one usedby others (Kalousis
& Theoharis, 1999), but the method used here is di�eren t.
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will discussa variant of this basic method which uses
N learning curves per dataset). Each learning curve
is represented by a vector < ai; 1; ai; 2; ::; ai;z > , where
ai;m represents the accuracyof the given algorithm on
dataset D i on m-th samplein the sequence.Following
previous work (Provost et al., 1999) the sizesfollow a
geometric progression.The sequencespansacrossthe
whole dataset.

2.2. Iden ti�cation of Appropriate Learning
Curv es for the Purp ose of Prediction

Supposewe are interested in dataset D and we have
information about the initial segment of the learning
curve (e.g. the �rst #S=3 points). We employ a
nearestneighbor algorithm (k-NN) to identify similar
datasetsand retrieve the appropriate learning curves.
Here the k-NN algorithm represents a meta-learner
that helpsus to resolve the issueof predicting the accu-
racy for a particular sample. As k-NN usesa distance
measureto identify k similar cases,we need to adapt
the method to our problem.

Herewe just usethe information concerningthe initial
segment. The distance function between datasets D i

and D j takesinto acount the resultsof both algorithms
considered(Ap and Aq) and is de�ned by

dp;q (i; j ) =
# SX

m =1

(ap;i;m � ap;j ;m )2+
# SX

m =1

(aq;i;m � aq;j ;m )2

(1)

where m spans across the initial segment. In other
words, the method takes into acount a given pair of
algorithms and tries to identify cases(i.e. datasets)
which are most similar to the current one.

2.3. Predicting Accuracy and Determining
whic h Algorithm is Better

Once k learning curves have been identi�ed, we gen-
erate the prediction regards the accuracy for a given
sample size Si

2. That is, if the dataset in question
can be described, say, using 12 samples,we would try
to predict the accuracyof the 12-th sample(S12).

If we use k> 1 curves, then, in general, the retrieved
values will di�er. One obvious way to estimate the
accuracyai on the basisof this information is by using
the mean value.

Our task is to use this information to resolve the fol-
2Apart from this we use also an additional mechanism

of adaptation described in a separate section later.

lowing decision problem. Suppose we have 2 algo-
rithms, Ap and Aq, then our aim is to determine which
one of the two is likely to give better results. The de-
cision is easy to make, as we can just compare the
predicted accuracies(the means) and select the one
that is better.

Somealternativ es as to how the problem can be for-
mulated are discussedfurther on.

2.4. Using Aggregated Learning Curv es

It is a well known fact that the performance of
many algorithms may vary substantially when di�er-
ent portions of data are selectedfrom a given source.
This phenomenon is usually referred to as variance
(Breiman, 1996). The problem is even more apparent
if we usesmall samples. As a consequence,the learn-
ing curves do not always look like the one shown in
Fig. 1 which is monotonically increasing. The curves
obtained from real data often include points that ap-
pear to jump up and down. This hasan adversea�ect
on the method described.

To minimize this problem we have decidedto generate
a smoothed-out curve on the basisof N learning curves
per dataset. Each individual learning curve is obtained
using a di�eren t portion of the data, using a method
similar to N cross-validation. Each point A i;m , the m-
th point of smoothed curve for dataset i , represents
the meanof the corresponding points of the individual
learning curves.

2.5. Adaptation of the Retriev ed Curv es

As wasdescribedearlier, the retrieved learning curve is
usedto generatea prediction. We note that even if we
retrieved the nearestcurve to the onegiven, in general,
the accuracieswill not coincide. It may happenthat all
the accuracieswill be above (below) the given curve.
So if we use this curve directly for prediction, we can
expect that the accuracy ai for sample Si will be o�
the target.

We note that even if we used a larger segment in the
matching process,we may retrieve exactly the same
curve, without being able to a�ect the �nal prediction.
In other words, the predicted accuracy will be biased
by form of the retrieved learning curves. This fact ex-
plains the somewhat surprising �nding that if we use
more information (i.e. larger segment in matching),
this may not always lead to improvements. This could
beoneof the reasonsfor the somewhatdiscouragingre-
sults reported in literature (F•urnkranz & Petrak, 2001;
Soareset al., 2001).

We are interested to correct this shortcoming. If we
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provide a systemwith more information it shouldwork
better! We have adopted the following strategy to
overcome(or to mitigate) this problem.

The strategy exploits the notion of adaptation as in
Case-basedReasoning(Kolodner, 1993;Leake, 1996).
The main idea behind this is not only to retrieve a
partial solution (i.e. a curve), but to adapt it to new
circumstances.One straightforward way of doing this
is by moving each retrieved curve to the partial curve
available for the new dataset (see Figure 3). This
adaptation can be seenas a way of combining the in-
formation of the retrieved curve with the information
available for the new dataset.
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Figure 3. Adaptation of the retrieved learning curve

We have designed a simple adaptation procedure
which modi�ed the retrieved curve using a scale co-
e�cient (named f ).

Suposethat the newdataset is D i and its partial learn-
ing curve ci :< ai; 1; ai; 2; :::; ai; # S > . Suposealso that
cr :< ar ;1; ar ;2; :::; ar ;m > is oneof the retrieved curves.
We adapt the retrieved curve cr to ci by multiplying
each point of cr by f . The adapted version of cr will
be given by c0

r : a0
r ;j = f � ar ;j .

The scale coe�cen t f is the one that minimizes the
euclideandistance betweenthe two curveson the ini-
tial segment < 1; :::; # S > . Besideswe consider that
each point has a di�eren t weight. The idea is to give
more importance to points occuring later on the learn-
ing curve. The weigths increasesas the sample sizes
increases. An obvious way to expressthis idea is to
de�ne the weight as the samplesizeassociated to the
consideredpoint (wj = # Sj ).

The following equation determinesf :

f =

P # S
j =1

�
ai;j � ar ;j � w2

j

�

P # S
j =1

�
a2

r ;j � w2
j

� (2)

The inclusion of the adaptation in our algorithm is
straightforward. After retrieving the curveswe adapt
them to the partial learning curves.

3. Empirical Evaluation

As we have explained earlier in this paper, our aim is
to devisea method for a simpledecisionproblem: Sup-
posewe have 2 algorithms, which one will give better
accuracyon a given dataset?

In our experimental study we have usedthe following
two algorithm, C5 (Quinlan, 1998) and SVM 3. We
could have chosen others. Which algorithm we use
is not really so important, as long as one competes
well with the other. This condition was satis�ed with
the datasets used (the default accuracy is discussed
further on). Both algorithms were used with default
settings for similar reasonsto the onesmentioned. Our
aim was not to achieve the highest possibleaccuracy,
but predict which of the two given algorithms will be
better.

This decision problem is represented as classi�cation
task as follows: If C5 is better than SVM (shortly
C5> SVM), then we say the classis 1, while in the op-
posite casethe classis 0. To get the true classi�cation
wehaveusedthe usual cross-validation evaluation pro-
cedureon each dataset for the two given algorithms.

Our �rst aim is to determine the accuracy of our ap-
proach. That is, can the samplesbe used to obtain
high accuracyon our classi�cation task?

Besides,our other aim wasto comparetheseresults to
a previous method which relies on dataset character-
istics instead. So, we have elaborated a variant of the
method that would enableus to evaluate this. Instead
of using results on sampleswhen searching for nearest
learning curves,we would usethe seven characteristics
usedearlier (Brazdil et al., 2003).

The �rst approach is identi�ed here as MDS (meta-
learning on data samples)and the secondoneasMDC
(meta-learning with data characteristics).

We have used 30 datasets in the evaluation. Some
come from UCI (Blake & Merz, 1998), others were

3We have used the libsvm (Chang & Lin, 2001) imple-
mentation provided by the e1071(Dimitriadou et al., 2004)
packageof R (R Development Core Team, 2004). We have
used a radial basis kernel.
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usedwithin project METAL (MetaL, 1999).

The samples were generated using a geometric pro-
gressionas follows. The size of m i -th sample is set
to the rounded value of 26+0 :5� m i . Thus the size of
the �rst sample is 26:5, giving 91 after rounding, and
the secondsampleis 27, giving 128etc. Table 1 shows
the relationship between the sample number and the
actual samplesize.

Table 1. Relationship between the sample number and the
actual sample size

m 1 2 3 ... 20 25

size 91 128 181 ... 65536 370728

In this experiment the number of samplesused is 1.
We have just used the �rst sample (91 cases). The
results are shown in Table 2. As we can see,the initial
problem hasa default accuracyof 53%. Our approach
(MDS) achievesaccuracyof 77% and outperforms the
one that usesdataset characteristics (MDC).

Besides,we have observed that our approach is much
faster to execute than the alternativ e one (MDC). It
needsto examineonly a part of the data to obtain the
estimate. The processis fast, despite the fact that we
needto train a classi�er in each case.This is because
training on small samplesis relatively fast. Characteri-
sation of the entire dataset is much slower, particularly
if the dataset is large.

3.1. The E�ect of Curv e Adaptation on
Relativ e Performance Prediction

In this section we describe an experiment whoseaim
was to evaluate the adaptation procedure described
earlier. Here it is referred to as A MDS, while the
method without adaptation is called MDS. The dif-
ferencebetweenA MDS and MDS relies in the adap-
tation of the retrieved learning curves to the partial
learning curves.

Our aim here was to determine which of the versions
(A MDS or MDS) hasbetter performance. Besideswe
also compare the computational costsof MDS (which
hasa very similar cost to A MDS) to a cross-validation
approach to our decision problem. For each dataset
we consider the time cost of MDS as the time spent
on training all the classi�ers neededto obtain the two
partial learning curves(one for Ap and other for Aq).

The experimental setup was the sameemployed in the
experiment described previously. The only di�erence
is that we have varied the size of the initial segment
to test the adaptation procedure.

Table 2. Classi�cation results for C5 > SVM
dataset MDS MDC true

class
win/loss

acetylation 0 0 0
adult (MET AL) 1 0 1 +
contraceptiv e 0 0 0
musk 0 0 1
parit y 0 1 1 �
quisclas 0 0 0
recljan2jun97 1 1 1
adult (UCI) 1 0 1 +
allbp 1 1 1
allh yp er 1 1 1
ann 1 1 1
car 1 0 0 �
cmc 0 0 0
krk opt 0 0 0
mfeat 0 0 0
nursery 1 0 1 +
optdigits 0 0 0
pendigits 1 0 0 �
pyrimidines 1 0 1 +
quadrup eds 1 0 0 �
sat 1 0 0 �
segmentation 1 0 1 +
shuttle 1 0 1 +
sick 1 1 1
spambase 1 1 0
splice 0 0 0
th yroid0387 1 1 1
waveform21 0 1 0 +
waveform40 0 1 0 +
yeast 0 0 0

Correctly Classi�ed 23 20 {
Accuracy 77%

(23/30)
67%
(20/30)

{

Default Accuracy { { 53%
(16/30)

The results concerning the accuraciesof A MDS and
MDS are shown in Figure 4.
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Figure 4. The e�ect of curve adaptation on the accuracy

We can seethat for MDS the results do not improve if
we usemore samples.In fact, we observe a drop in the
accuracyas the initial segment sizesincreases.In con-
trast, the accuracyof A MDS aswe usemore samples.
If we use all the data it reaches almost 100% accu-
racy. In this senceit is equivalent to a cross-validation
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evaluation scheme.

We observe that A MDS outperforms MDS if the ini-
tial segment sizesis greater than 5.

This meansthat if we useonly few samplesthe adap-
tation procedureharms the performance.

This result is in our view of interest to others. Adap-
tation should be used if the dataset is relatively large
and soconstructing an initial segment with more than
5 points is justi�ed.

As for the time computational costs the results are
presented in Figure 5.
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Figure 5. Time comparison between MDS and cross-
validation

The time costsare presented in the y axis using a log10

scale. The results for the 30 datasetsare summarized
using a geometric mean 4.

The dotted line, which remains constant as the initial
segment sizes increases,represents the average time
neededto run a cross10 fold cross-validation on each
dataset. The value for this averageis 25.7 seconds.

The solid line represents the time costs for A MDS.
Both lines cross when the number of samples is be-
tween11 and 12. This meansthat the time of A MDS
is the sameas in the cross-validation approach.

When the number of samples is between 5 and 6
A MDS is about 10 times faster than cross-validation.
A number of samplesequal to 7 correspondsto a point
when A MDS is 5.4 times faster than cross-validation
and reachesstill quite good accuracy (86.6%).

4We have chosen the geometric mean becauseit corre-
spond to arithmetic mean when using a log scale.

4. Parameters of Our Metho d: The
Values Used and Future Work

The method described involvesvarious parameters. In
this sectionwe brie
y justify why certain choiceswere
made and discussother options that could be taken.

Choice of Algorithms and Datasets: In this
study we have useda pair of algorithms (C5 and SVM)
and 30 datasets. Further work could be carried out to
verify that the results hold in other settings.

Using signi�cance tests: The decisionproblem re-
gardswhether weshouldusealgorithms Ap or Aq could
be formulated as3-classproblem asother authors have
sugested(Kalousis & Theoharis, 1999). Class 1 (-1)
would be attributed to caseswhen Ap is signi�c antly
better (worse) than Aq. All other caseswould be clas-
si�ed as 0. We plan to verify whether the main result
holds also for this scenario.

Represen tation of the Learning Curv e: Each
learning curve is represented by a sequenceof points.
The samplesizesfollow a geometricprogression.Both
the initial size (91 cases)and the increment represent
parametersof the method are considered�xed. Other
settings could be tried in future, although we do not
think the results could be improved dramatically this
way. Besides, instead of saving point-to-p oint infor-
mation about learning curves,onecould take a model-
basedapproach. In principle it would be possibleto �t
a prede�ned type of curve through the points and save
the curve parameters. The distance measure could
then be rede�ned accordingly. As the curve �tting
is subject to errors, it remains to be seenwhether this
approach would lead to better results.

Num ber of Curv es Constructed per Dataset:
We have used both a single curve and N=10 curves
per dataset. As has been pointed out earlier, the
N=10 curveswere compactedinto a single aggregated
smoothed-out curve. The results with this curve were
much better than the results with a single curve. Fur-
ther work could be done to determine the advantages
/ disadvantagesof using other valuesthan 10.

Size of the initial segment of the learning curv e
used in matc hing: It appearsthat the segment con-
sisting of only one sampleprovides already quite a lot
of information for a good decision. We have exper-
imented with other values and should quantify what
the net bene�t is of using a larger segment.
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Using data characteristics: In the work on pre-
dicting the stopping point on a learning curve, one
particular dataset characteristic - the dataset size(i.e.
number of cases)- was shown to be useful (Leite &
Brazdil, 2004). Addition of this attribute led to bet-
ter performance. We plan to examine whether this
could also improve the method described here and
whether someother characteristics could be exploited
(e.g. number or entropy of classesetc.).

Value of k in the k-NN pro cedure: In our ex-
periments we have used the value k=3. We have ex-
perimented with other di�eren t values(both lower and
higher than 3), but the results wereon the whole com-
parable. These results could be validated further by
conducting further experiments.

5. Discussion

In this section discussessomerelated work which has
not beencovered in the earlier sectionsof this paper.

The issue of accuracy prediction has been addressed
for by others (Bensussan& Kaloussis, 2001). There
are several di�erences between this work and the one
presented here. The most important one is that the
authors did not use sampling landmarks, but other
methods, including for instance landmarks. Although
landmarking enabled to construct regressionmodels
with rather low MAD error, it failed to provide a good
ranking of classi�ers. As we have demonstrated, the
method proposedhere doesnot su�er from this short-
coming.

6. Conclusions

We have described a method that exploits the infor-
mation about learning curves to determine which of
two learning algorithm is likely to be better on a new
problem.

The method requires that experiments be conducted
on few samples. The information gathered is used to
identify the nearest learning curves, for which the sam-
pling procedure was carried out fully. This in turn
permits to generatethe prediction regardsthe relative
performanceof the given algorithms.

We have carried out experimental evaluation of the
method using 30 datasets. Our approach (MDS)
achieves accuracy of about 77% and outperforms the
method that usesdataset characteristics only (MDC).

Besidesbeing much faster, it doesnot require to come
up with data characteristics that are suitable for pre-
diction. The information of the algorithms on data

samples provides that information. The method is
thus usable in other circumstances where we have
limited knowledge about why somealgorithms work,
while others don't.

An interesting issue arises why previous attempts in
this direction were inconclusive. Previous approaches
did not exploit the information regardslearning curves
as we have done. This we believe is an important as-
pect that makesa di�erence.

Besides,we have re-usedthe idea of caseadaptation to
ovecomeone fundamental problem which the previous
methods did not manageto resolve. That is, how can
we explain the fact if we usemore samples,the perfor-
mancedoesnot really improve. If we useadaptation,
this problem is resolved.

With a larger number of sampleswe get more accu-
racte predictions. When the number of samplesis 7
whe obtain quite a good compromise between speed
and accuracy. The method is about 5.4 times faster
than cross-validation, but still achievesquite good ac-
curacy.

In conclusion, the approach presented provides quite
good and practical solution to the problem of estimat-
ing which algorithm is better than another.
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