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Abstract  
In this paper, we present a framework for meta-
learning that adopts the use of regression-based 
landmarkers. Each such landmarker exploits the 
correlations between the various patterns of 
performance for a given set of algorithms so as 
to construct a regression function that represents 
the pattern of performance of one algorithm from 
that set. The idea is that the independents utilised 
by these regression functions – i.e. landmarkers 
– correspond to the performance of a subset of 
the given algorithms. In this manner, we may 
control the number of algorithms being 
landmarked; the more that are landmarked, the 
fewer independents or evidence we have to make 
those approximations, and less accurate the 
landmarkers are. We investigate the ability of 
such landmarkers in combination with meta-
learners to learn how to predict the most accurate 
algorithm from a given set. While our results 
show that the accuracy of the meta-learning 
solutions increases as the quality of the meta-
attributes improves; i.e. when less algorithm 
performance measurements are landmarked and 
instead evaluated as independents, we find that 
in general, the results are still poor. However, we 
find that when a simple sorting mechanism is 
instead employed, the results are quite 
promising.   

1.  Introduction 

The selection of the most adequate learning algorithm for 
a given dataset is an important problem. If unlimited time 
were available to make this decision, hold-out testing  
(e.g. cross-validation or bootstrapping) could be used to 
evaluate the performance of all applicable algorithms and 
thus determine which should be utilised – e.g. (Schaffer, 
1993). However, such evaluation is computationally 
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unfeasible due to the large number of available 
algorithms. To overcome this limitation, various 
algorithm selection methods have been proposed. 

Typically referred to as a kind of meta-learning (Giraud-
Carrier et al., 2004; Vilalta & Drissi, 2002), these 
algorithm selection solutions utilise experience on 
previous datasets (i.e. meta-knowledge) to learn how to 
characterise the areas of expertise of the candidate 
algorithms. (Given the set of all possible datasets, these 
domains of expertise correspond to subsets in which 
certain algorithms are deemed to be superior to others.) 
Predominantly, such solutions involve the mapping of 
dataset characteristics to the domains of expertise of some 
set of candidate algorithms.  

Recently, the concept of landmarking (Fürnkranz & 
Petrak, 2001; Ler et al., 2004a; Pfahringer et al., 2000) 
has emerged as a technique that characterises a dataset by 
directly measuring the performance of simple and fast 
learning algorithms, called landmarkers.  

In (Ler et al., 2004b) we proposed landmarker selection 
criteria based on efficiency and correlativity, and based 
on them a landmarker generation approach. This approach 
exploits the correlations between the various patterns of 
performance of a given set of algorithms to construct 
landmarkers that each correspond to a regression function, 
with the independents for these regression functions  
consisting of the performance measurements of a subset 
of the given algorithms. Accordingly, we refer to these as 
regression-based landmarkers. 

In this paper, we consider the use of these landmarkers in 
a meta-learning framework for algorithm selection; we 
evaluate and discuss the proposed framework on the 
algorithm selection task of predicting the most accurate 
candidate algorithm from a given set. 

2.  Meta-learning via Landmarking 

Various meta-learning approaches have been proposed to 
perform algorithm selection (Aha, 1992; Brazdil et al., 
2003; Gama & Brazdil, 1995; Kalousis and Hilario, 2001; 
Lindner & Studer, 1999; Michie et al., 1994; Pfahringer et 
al., 2000; Todorovski et al., 2002). The predominant 



 

 

strategy is to describe learning tasks in terms of a set of 
meta-attributes and classify them based on some aspect of 
the performance of the set of candidate algorithms (e.g. 
which among the candidate algorithms will give the best 
performance on the learning problem in question).  

To date, three types of meta-attributes have been 
suggested: (i) dataset characteristics, including basic, 
statistical and information theoretic measurements 
(Brazdil et al., 2003; Gama & Brazdil, 1995; Kalousis and 
Hilario, 2001; Lindner & Studer, 1999; Michie et al., 
1994); (ii) properties of induced classifiers over the 
dataset in question (Bensusan, 1998; Peng et al., 2002); 
and (iii) measurements that represent the performance or 
other output of representative classifiers (to the candidate 
algorithms); i.e. landmarkers (Fürnkranz & Petrak, 2001; 
Ler et al., 2004a; Pfahringer et al., 2000). 
Correspondingly, the types of algorithm selection 
problems that have been suggested include: (i) classifying 
an algorithm as appropriate or inappropriate on the 
learning task in question (given that an algorithm is 
appropriate if it is not considered worse than the best 
performing candidate algorithm) (e.g. see Gama & 
Brazdil, 1995; Michie et al., 1994), (ii) classifying which 
of two specific candidate algorithms is superior (e.g. see 
Fürnkranz & Petrak, 2001; Pfahringer et al., 2000), (iii) 
classifying the best performing algorithm for the learning 
task in question (e.g. see Pfahringer et al., 2000), and (iv) 
classifying the set of rankings for all the candidate 
algorithms (e.g. see Brazdil et al., 2003). 

In this paper, we focus primarily on the type of meta-
attributes used for algorithm selection problems, and in 
particular, on solutions employing landmarkers.  

2.1  Landmarkers and Landmarking 

Traditionally, a landmarker is associated with a single 
algorithm with low computational complexity. The 
general idea is that the performance of a learning 
algorithm on a dataset reveals some characteristics of that 
dataset. However, in the initial landmarking work 
(Fürnkranz & Petrak, 2001; Pfahringer et al., 2000), 
despite the presence of two landmarker criteria (i.e. 
efficiency and bias diversity), no actual mechanism for 
generating appropriate landmarkers were defined, and the 
choice of landmarkers was made in an ad hoc fashion. 
Subsequently, Fürnkranz & Petrak (2001) proposed to 
generate landmarkers using: (i) the candidate algorithms 
themselves, but only on a sub-sample of the given data 
(called sampling-based landmarkers), (ii) the relative 
performance of each pair of candidate algorithms (called 
relative landmarkers), and (iii) a combination of both (i) 
and (ii). However, we note that to compute relative 
landmarkers (in the absence of sampling), we are required 
to evaluate the performance of the candidate algorithms 
themselves, making the meta-learning task(s) redundant. 
Also, when adopting sampling-based landmarkers, the 
question of appropriate sample size is difficult to solve – 
one might even assume that some sub-samples might not 

be indicative enough of the learning task in question and 
thus not capture the right dataset characteristics. 

The fundamental difficulty with landmarkers is that we 
must find algorithms that are: (i) efficient (i.e. more 
efficient than the set of candidate algorithms), and (ii) 
able to describe the datasets so that the regions of 
expertise of the set of candidate algorithms are well 
represented. The sample-based and relative landmarkers 
proposed in (Fürnkranz & Petrak, 2001) take a step closer 
toward this goal since those landmarkers would 
potentially map similar regions of expertise. 

2.2  Regression-based Landmarkers 

Consequently, in (Ler et al., 2004a), we proposed 
alternate landmarker selection criteria (i.e. efficiency and 
correlativity) and correspondingly propose landmarkers 
based on the regression estimators whose independents 
correspond to a subset of the set of candidate algorithms. 

Essentially, we wish the chosen landmarkers (i.e. meta-
attributes) to capture the patterns of performance of the 
given set of candidate algorithms; in other words, to be 
correlated to the fluctuations in performance of the 
candidate algorithms. As such, we propose that each 
candidate algorithm be represented by a regression 
function that would be indicative of the performance of 
the candidate algorithm being landmarked. Further, in 
order to preserve efficiency (and thus the benefit of this 
type of meta-learning) we require that the independents of 
these regression functions correspond to a subset of the 
candidate algorithms. In this manner, we utilise meta-
knowledge regarding the correlativity between the 
candidate algorithms to infer the performance of the 
subset that is not evaluated. 

More specifically, given a set of candidate algorithms A = 
{a1, …, am}, and a set of datasets S = {s1, …, sn}, let the 
pattern of performance of each ai ∈ A be the vector PP(ai) 
= {performance(ai, s1), …, performance(ai, sn)}, which 
describes the performance of ai over each sj ∈ S. Thus, 
the landmarker for an algorithm aj is an estimate of PP(aj) 
based on some (regression) function ƒ(ak | ak ∈ B ⊂ A’), 
where A’ ⊂ A \ aj. Consequently, we only require 
landmarkers for a subset of A, as the compliment set is 
actually evaluated and used to by the landmarkers. As 
such, depending on the amount of computation we wish to 
save, we may adjust the sizes of either set; the more 
computation we save (i.e. the less algorithm performance 
measurements that are evaluated), the less evidence we 
provide for the landmarkers and the less accurate the 
predictions of the performance of the corresponding 
landmarked candidate algorithms. This conceptualisation 
of landmarking is depicted in Figure 1. 

Thus far, we have only utilised linear regression 
functions. This is because they represent the simplest 
relationships between the patterns of performance 
possible, and because they are relatively inexpensive. 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. The proposed regression-based landmarkers. For the 
set of candidate algorithms A, only the algorithms in the subset 
A\A’, require landmarkers; the patterns of performance from the 
algorithms in the compliment subset A’ serve as potential 
independents for the regression functions ƒ(ak | ak ∈ B ⊂ A’) 
that estimate the patterns of performance of the landmarked 
algorithms (i.e. ƒ(ak | ak ∈ B ⊂ A’) ≈ PP(ai). 

The actual generation method is discussed in greater 
detail in (Ler et al., 2004a, 2004b), while a more efficient 
hill-climbing version of the proposed landmarker 
generation algorithm is described in (Ler et al., 2005). 

2.3  Meta-learning via Regression-based Landmarkers 

Landmarkers by themselves may provide adequate meta-
knowledge regarding the regions of expertise of the 
candidate algorithms; as shown in (Fürnkranz & Petrak, 
2001; Ler et al., 2004a, 2004b; Pfahringer et al., 2000). 
However, the quality of such results could potentially be 
further enhanced by applying them within a meta-learning 
framework.  

In essence, the proposed meta-learning framework is 
expected to perform the following: (a) the base-learning 
task(s) – learn to approximate the patterns of performance 
of a subset of candidate algorithms via regression-based 

landmarkers, which use (i.e. whose independents are) the 
evaluated performance scores from the complement 
subset, (b) the meta-learning task(s) – learn to map the 
various evaluated and estimated algorithm performance 
measurements to classes concerning the comparisons 
between the candidate algorithms (e.g. the targets 
described in Section 2.1, such as the best performing 
algorithm among the set of candidate algorithms, or the 
superiority of algorithm a1 versus a2). The proposed meta-
learning framework is depicted in Figure 2. 

For both the base and meta-learning (algorithm selection) 
tasks, more than one task may be defined. For the base-
learning task, the number of tasks corresponds to the 
number of candidate algorithms whose performance we 
wish to estimate (i.e. to landmark). The number of meta-
learning tasks on the other hand, depends on how we 
decide to structure the algorithm selection solution. For 
example, if we decide to learn the superiority between 
each pair of candidate algorithms, then |A|C2 meta-learning 
tasks must be solved; alternatively, should we decide to 
simply learn which algorithm is overall superior, then we 
could adopt a single meta-learning task. 

Obviously, the actual learning mechanism utilised for any 
base or meta-learning (algorithm selection) task may 
correspond to any applicable learning solution, including 
(model combination) meta-learning ones (e.g. stacking). 
For the sake of clarity, we abstract the learner involved, 
and reserve the term meta-learner (i.e. ML in Figure 2) for 
solution(s) to the meta-learning task(s). 

Following Figure 2, given a performance generation 
mechanism (e.g. stratified ten-fold cross validation) to 
measure one or more performance measurements (e.g. 
accuracy, precision, recall, F-score, etc), we may obtain 
the raw meta-data characterising the dataset under 
scrutiny in terms of the set of candidate algorithms. This 
raw meta-data may then be used to generate the meta-
class MC and (indirectly) the meta-attributes MA for each 
algorithm selection meta-learning task. MA are generated 
via the base-learning tasks solved by the generated 
regression-based landmarkers. 

To utilise the solutions (i.e. meta-classifiers) on a new 
dataset snew, we require that: (i) the performance of the 
algorithms in A’ be evaluated on snew, then (ii) these 
measurements (i.e. the performance(ak, snew) score for 
each ak in A’) will then be used to infer the approximate 
performance values of the remaining algorithms, and 
finally (iii) all the performance measurements and 
approximations (or some subset of them) are input into 
the meta-classifiers to generate the meta-classes, or rather, 
the algorithm selection predictions. 

3.  Experimental Setup 

For our experiments we utilise a set of candidate 
algorithms (i.e. A) consisting of 6 classification learning 
algorithms from WEKA (Witten & Frank, 2000) (i.e.

Set of candidate     
algorithms A: 

a1 am … 

Corpus of 
datasets S: 

s1 sn … 

performance(a1, s1) 

… 

performance(a1, sn) 

performance(am, s1) 

… 

performance(am, sn) 

 

… 

Pattern of performance 
for algorithm a1: PP(a1) 

Pattern of performance 
for algorithm am: PP(am) 

approx.perf (ai, s1) 

… 

approx.perf (ai, sn) 

performance(aj, s1) 

… 

performance(aj, sn) 

Set of algorithms requiring 
landmarkers: A \ A’ 

Landmarker for each             
ai ∈ A \ A’:                     

ƒ(ak | ak ∈ B ⊂ A’) ≈ PP(ai) 

Set of algorithms to 
evaluate: A’ 

Pattern of performance 
for each aj ∈ A’:    

PP(aj)  



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. The proposed meta-learning framework that adopts the 
regression-based landmarkers. The landmarkers are employed to 
generate part of the meta-attributes MA, which are then 
combined to some meta-class MC to form the meta-learning 
task. 

naive Bayes – N.Bayes, k-nearest neighbour (with k = 5) – 
IB5, a polynomial kernel SVM – SMO, a RBF kernel 
SVM – SMO-R, a WEKA implementation of C4.5 – J4.8, 
and Ripper – JRip); and as our corpus of datasets (i.e. S) 
80 classification datasets from the UCI repository (Blake 

& Merz, 1998). To evaluate the performance of each 
candidate algorithm on each dataset (i.e. as our 
performance evaluation mechanism), accuracy based on 
stratified ten-fold cross-validation was employed.  

The effectiveness of the proposed meta-learning 
framework is then evaluated using the leave-one-out 
cross-validation approach. This corresponds to n-fold 
cross-validation, where n is the number of instances, 
which in our case is 80, each pertaining to one UCI 
dataset. 

For each fold we use 79 of the datasets to generate the 
regression-based landmarkers as described Section 2.2. 
The resultant set of landmarkers indicates which 
algorithms must be evaluated and which will be estimated 
(i.e. A’ and A \ A’ respectively). Recall from Section 2.1 
that we may vary the number of candidate algorithm 
performance measurements that are estimated by the 
regression-based landmarkers and thus, the number of 
candidate algorithm performance measurements that are 
actually evaluated. Given |A| = 6, we may generate the 
regression-based landmarkers utilising a subset of 
independents whose size ranges from 1 to 5 (i.e. have 1 ≤ 
|A’| < 6). Additionally, we evaluate the outputs from two 
different regression-based landmarker sets, each 
generated utilising two different criteria (i.e. r2 and r2 + 
efficiency.gained – see (ler et al., 2004b) for details). 
Thus, in our experiments, we generate 10 sets of meta-
attributes (i.e. MAr2,1, …, MAr2,5 and MAr2+EG,1, …, 
MAr2+EG,5), each utilising the outputs from the regression-
based landmarkers generated based on one of the two 
criteria, and using one of the available independent sets. 

As our meta-learning task, we attempt to map the meta-
attributes to a meta-class (i.e. MC) indicating the 
candidate algorithm with the highest accuracy. More 
specifically, each instance in our meta-learning problem 
consists of the performance evaluations/estimations of the 
6 candidate algorithms on one of the UCI datasets (MA), 
and the index of the candidate algorithm that attained the 
highest accuracy on that dataset (MC). It should be noted 
that the determination of this best performing algorithm is 
done in simplistic fashion by directly comparing the 
stratified ten-fold cross-validation accuracies of the 
candidate algorithms. 

For each (leave-one-out) fold, we thus have 5 datasets for 
each criterion; one for each meta-attribute set, meta-class 
pairing (i.e. (MA1, MC), …, (MA5, MC)), and thus 10 
datasets in total. 

For potential meta-learning algorithms, we employ the 
same 6 WEKA algorithms, and the default class (i.e. the 
ZeroR WEKA algorithm). This means that we have 7 
meta-classifiers for each dataset, and thus, a total of 35 
classifiers per (leave-one-out) fold. 

These classifiers are then tested on the instance (i.e. 
representing the UCI dataset) that was left out. Note that 
to obtain either some MAr2,i or MAr2+EG,i for this instance, 

Base-learning task:  

Patterns of performance for algorithms ai ∈ A:                
{PP(a1), … ,PP(am)} 

Set of candidate     
algorithms A: 

a1 am … 

Meta-attributes MA 

The approximated PP(ai)       
for each (landmarked)            

ai ∈ A \ A’ 

The true PP(aj) for each 
aj ∈ A’ 

Corpus of 
datasets S: 

s1 sn … 

Performance Evaluation Mechanism                            
(e.g. stratified 10-fold cross-validation) 

Landmarker Generation 
Mechanism                  

(e.g. the proposed method of 
generating regression-based 

landmarkers) 

Meta-learning task: 

Meta-class MC 

For each sx ∈ S,    
the output from     
the meta-class 

generation 
mechanism  

Meta-class Generation 
Mechanism*                 

(e.g. compute the candidate 
algorithm from with the 

highest accuracy) 

Meta-learning Algorithm ML                                 
(i.e. some learning solution to map MA to MC) 

* Note: we may decide to formulate more than one meta-learning 
task (e.g. one task for each candidate algorithm pair comparison).   



 

 

we use the performance measurements obtained via 
evaluation (for the algorithms in the respective A’) and 
estimation (for the algorithms in the corresponding A \ 
A’). In the latter case, it should further be noted that the 
performance measurements of the current test instance 
(i.e. UCI dataset) were not used to train the regression-
based landmarkers that are used. 

Let best.acc(i), and worst.acc(i) denote the stratified ten-
fold cross-validation accuracies of the most and least 
accurate candidate algorithms respectively on the test 
dataset used in fold i. Also, let prediction.acc(i) be the 
accuracy of the algorithm that is predicted by the meta-
classifier to be the most accurate candidate algorithm on 
the test dataset used in fold i. 

To grade the success of these classifiers, we measure the 
following: 

1. Classification accuracy (Acc): the proportion of 
test instances (i.e. leave-one-out folds) in which 
the classifier made a correct prediction of the 
most accurate algorithm. 

2. Average rank (Rank): the average rank of the 
candidate algorithm predicted to be most 
accurate (i.e. an indication of the rank of the 
algorithm predicted as the most accurate). 

3. E[prediction.acc(i) – best.acc(i)] for i = 1 .. 80 
(PtoB): the mean difference between the 
accuracy of the predicted most accurate 
candidate algorithm and actual most accurate 
algorithm over all the test datasets. 

4. E[prediction.acc(i) – worst.acc(i)] for i = 1 .. 80 
(PtoW): the mean difference between the 
accuracy of the predicted most accurate 
candidate algorithm and actual least accurate 
algorithm over all the test datasets. 

4.  Results and Discussion 

The results of the experiments are described in Table 1 
through to Table 5. Each table reports the success of the 
various meta-learners trained using meta-attributes 
generated via a specific number of regression-based 
landmarkers. That is, Table 1 reports the results based on 
meta-attributes obtained by evaluating the performance 
measurements of one candidate algorithm and estimating 
the remaining five, while Table 2 reports the results based 
on two evaluated performance measurements and four 
estimated ones, and so forth. In addition to the results of 
the meta-learners, we also list the results obtained by 
directly sorting the meta-attributes in question (listed as 
sorted best). Also note that in each table, we report the 
results obtained via the meta-attributes generated based 
on both the r2 (crit.1) and r2 + efficiency.gained (crit.2) 
criteria (listed in rows 2 through 8 and 9 through 15 
respectively). As a baseline, the accuracy based on the 
default class is also listed in row 1 in each of these tables. 

Table 1. The results based on the meta-attributes generated via 5 
regression-based landmarkers. The remaining 1 accuracy 
measurement was directly evaluated. 

META-LEARNER ACC RANK PTOW PTOB 

ZEROR (DEF. CLASS) 32.5 2.96 11.2 -3.6 
IB5 (CRIT.1) 41.3 2.56 11.9 -2.9 
J4.8 (CRIT.1) 38.8 2.58 12.0 -2.8 
JRIP (CRIT.1) 40.0 2.54 12.4 -2.4 
N.BAYES (CRIT.1) 33.8 2.76 11.5 -3.3 
SMO-R (CRIT.1) 42.5 2.32 12.3 -2.5 
SMO (CRIT.1) 32.5 2.96 11.2 -3.6 
SORTED BEST (CRIT.1) 28.8 2.63 12.4 -2.4 
IB5 (CRIT.2) 28.8 3.13 11.1 -3.7 
J4.8 (CRIT.2) 27.5 2.99 11.2 -3.6 
JRIP (CRIT.2) 31.3 2.94 11.0 -3.8 
N.BAYES (CRIT.2) 18.8 3.63 8.8 -6.0 
SMO-R (CRIT.2) 26.3 3.12 10.9 -3.9 
SMO (CRIT.2) 32.5 2.96 11.2 -3.6 
SORTED BEST (CRIT.2) 31.3 2.83 11.7 -3.1 

Table 2. The results based on the meta-attributes generated via 4 
regression-based landmarkers. The remaining 2 accuracy 
measurements were directly evaluated. 

META-LEARNER ACC RANK PTOW PTOB 

ZEROR (DEF. CLASS) 32.5 2.96 11.2 -3.6 
IB5 (CRIT.1) 35.0 2.65 12.2 -2.6 
J4.8 (CRIT.1) 33.8 2.68 12.1 -2.7 
JRIP (CRIT.1) 40.0 2.54 12.4 -2.4 
N.BAYES (CRIT.1) 36.3 2.73 11.0 -3.8 
SMO-R (CRIT.1) 38.8 2.48 11.7 -3.1 
SMO (CRIT.1) 32.5 2.96 11.2 -3.6 
SORTED BEST (CRIT.1) 30.0 2.51 12.5 -2.3 
IB5 (CRIT.2) 43.8 2.51 11.7 -3.1 
J4.8 (CRIT.2) 47.5 2.33 11.7 -3.1 
JRIP (CRIT.2) 45.0 2.46 12.3 -2.5 
N.BAYES (CRIT.2) 31.3 2.91 11.4 -3.4 
SMO-R (CRIT.2) 27.5 2.86 11.5 -3.3 
SMO (CRIT.2) 32.5 2.96 11.2 -3.6 
SORTED BEST (CRIT.2) 42.5 2.07 13.6 -1.2 

 

From these results, we notice that in general, the accuracy 
of the meta-learning solutions tends to increases as the 
quality of the meta-attributes increase (i.e. when more 
performance measurements are evaluated instead of 
estimated). However, this improvement is far more 
pronounced in the solutions where the meta-attributes are 
simply sorted, and the best chosen from that ranking. 

For the meta-attribute sets generated using more 
estimated than evaluated accuracy measurements (i.e.



 

 

Table 3. The results based on the meta-attributes generated via 3 
regression-based landmarkers. The remaining 3 accuracy 
measurements were directly evaluated. 

META-LEARNER ACC RANK PTOW PTOB 

ZEROR (DEF. CLASS) 32.5 2.96 11.2 -3.6 
IB5 (CRIT.1) 47.5 2.35 12.7 -2.1 
J4.8 (CRIT.1) 37.5 2.74 11.5 -3.3 
JRIP (CRIT.1) 40.0 2.59 11.7 -3.1 
N.BAYES (CRIT.1) 33.8 2.86 11.3 -3.5 
SMO-R (CRIT.1) 28.8 2.83 11.5 -3.3 
SMO (CRIT.1) 32.5 2.96 11.2 -3.6 
SORTED BEST (CRIT.1) 41.3 2.19 13.0 -1.8 
IB5 (CRIT.2) 50.0 2.26 13.1 -1.7 
J4.8 (CRIT.2) 50.0 2.26 13.1 -1.7 
JRIP (CRIT.2) 43.8 2.53 12.3 -2.5 
N.BAYES (CRIT.2) 26.3 2.95 11.1 -3.7 
SMO-R (CRIT.2) 27.5 2.78 11.5 -3.3 
SMO (CRIT.2) 32.5 2.96 11.2 -3.6 
SORTED BEST (CRIT.2) 55.0 1.85 13.9 -0.9 

Table 4. The results based on the meta-attributes generated via 2 
regression-based landmarkers. The remaining 4 accuracy 
measurements were directly evaluated. 

META-LEARNER ACC RANK PTOW PTOB 

ZEROR (DEF. CLASS) 32.5 2.96 11.2 -3.6 
IB5 (CRIT.1) 45.0 2.36 12.5 -2.3 
J4.8 (CRIT.1) 42.5 2.46 12.2 -2.6 
JRIP (CRIT.1) 42.5 2.51 12.2 -2.6 
N.BAYES (CRIT.1) 32.5 2.69 11.8 -3.0 
SMO-R (CRIT.1) 26.3 2.91 11.0 -3.8 
SMO (CRIT.1) 32.5 2.96 11.2 -3.5 
SORTED BEST (CRIT.1) 52.5 1.82 14.1 -0.8 
IB5 (CRIT.2) 48.8 2.23 12.8 -2.0 
J4.8 (CRIT.2) 33.8 2.74 11.0 -3.8 
JRIP (CRIT.2) 38.8 2.63 12.0 -2.8 
N.BAYES (CRIT.2) 30.0 2.74 11.8 -3.0 
SMO-R (CRIT.2) 27.5 2.89 11.4 -3.4 
SMO (CRIT.2) 32.5 2.96 11.2 -3.6 
SORTED BEST (CRIT.2) 65.0 1.62 14.2 -0.6 

 

Table 1 and 2), we find that the performance of the meta-
learning solutions tends to fair better than directly sorting 
the meta-attributes. When there are an equal number of 
evaluated and estimated accuracy meta-attributes (i.e. 
Table 3), the solution based on direct sorting approaches 
the performance of the best performing meta-learning 
solution. And when more evaluated than estimated meta-
attributes are utilised (i.e. Table 4 and 5), the sorting 
solution clearly outperforms the meta-learning solutions. 

Table 5. The results based on the meta-attributes generated via 1 
regression-based landmarker. The remaining 5 accuracy 
measurements were directly evaluated. 

META-LEARNER ACC RANK PTOW PTOB 

ZEROR (DEF. CLASS) 32.5 2.96 11.2 -3.6 
IB5 (CRIT.1) 45.0 2.35 13.1 -1.7 
J4.8 (CRIT.1) 50.0 2.21 13.0 -1.8 
JRIP (CRIT.1) 43.8 2.26 13.2 -1.6 
N.BAYES (CRIT.1) 36.3 2.72 11.9 -2.9 
SMO-R (CRIT.1) 27.5 2.94 10.8 -4.0 
SMO (CRIT.1) 32.5 2.96 11.2 -3.6 
SORTED BEST (CRIT.1) 77.5 1.42 14.6 -0.2 
IB5 (CRIT.2) 48.8 2.23 12.9 -1.9 
J4.8 (CRIT.2) 43.8 2.54 12.0 -2.8 
JRIP (CRIT.2) 46.3 2.40 12.3 -2.5 
N.BAYES (CRIT.2) 30.0 2.80 11.7 -3.1 
SMO-R (CRIT.2) 26.3 3.07 10.7 -4.1 
SMO (CRIT.2) 32.5 2.96 11.2 -3.6 
SORTED BEST (CRIT.2) 86.3 1.19 14.6 -0.3 

 

The accuracy of the meta-learning solutions range from 
26.3% to 50%, which suggests that none of the meta-
classifiers generated over the various meta-attribute sets 
are able to sufficiently learn how to classify the candidate 
algorithm with the highest accuracy. However, in 
comparison to the baseline accuracy afforded by the 
default class (i.e. ZeroR accuracy of 32.5%), we find that 
the IB5, J4.8, and JRip meta-learners consistently perform 
better. The performance of the Naive Bayes meta-learner 
on the other hand, is close to that achieved by the default 
class, while the SVMs perform quite poorly. One possible 
reason for this is that the amount of meta-knowledge 
regarding the patterns of performance of the candidate 
algorithms is insufficient for any meta-learner to 
satisfactorily learn to distinguish the most accurate 
candidate algorithm.  

Essentially, the meta-learner must attempt to decode the 
tangle of partially approximated performance patterns (i.e. 
potentially noisy accuracy measurements) and then 
predict which is likely to be superior. This problem seems 
to be too complex for the meta-learner given only the 
accuracy measurements of the candidate algorithms over 
80 UCI datasets. To clarify this point, we also evaluate 
the meta-learners using the actual stratified ten-fold cross-
validation results as meta-attributes. These results, which 
are described in Table 6, suggest that even when the true 
accuracy scores of the candidate algorithms are provided, 
there is still insufficient data (i.e. UCI datasets) for the 
meta-learners to learn how to choose the highest score 
from among the accuracies input (i.e. to learn to perform 
an argmax). 

 



 

 

Table 6. The meta-learning task results based on meta-attributes 
corresponding to the stratified 10-fold cross-validation 
accuracies. 

META-LEARNER ACC RANK PTOW PTOB 

ZEROR (DEF. CLASS) 32.5 2.96 11.3 -1.9 
IB5 43.8 2.27 12.9 -1.9 
J4.8 45.0 2.51 12.4 -2.4 
JRIP 46.3 2.54 12.1 -2.7 
N.BAYES 38.8 2.62 12.0 -2.6 
SMO-R 32.5 2.96 11.3 -1.9 
SMO 27.5 2.89 11.1 -1.8 
SORTED BEST* 100.0 1.00 14.8 0.0 
* This corresponds to the procedure to compute the 
target meta-classes. 

 

In comparison, the accuracy achieved by simply sorting 
the generated meta-attributes improves more significantly 
as the number of evaluated accuracy measurements 
increases, and eventually outperforms the default class 
and other meta-learners. This may be because of the bias 
behind by the sorting operation is directly representative 
of the (argmax) task, and thus only requires induction 
over the accuracy score approximations. This also means 
that the as the number of accuracy measurements are 
evaluated, the required induction is correspondingly 
lessened. Consider the following. Given |A| candidate 
algorithms, and assuming that each ai ∈ A has an equal 
chance of being the most accurate on a given dataset sj, 
there is thus a 1 in |A| chance of selecting the most 
accurate algorithm from among A for sj. If k algorithms 
are evaluated (and thus the accuracy of |A| - k remain 
unknown), then the chance of selecting the most accurate 
algorithm falls to 1 in (|A| - k + 1) – i.e. we know the most 
accurate algorithm over the k that are run, but not any that 
were not are actually even more accurate). Essentially, 
when evaluating all but one candidate algorithm, there is a 
1 in 2 chance of picking the most accurate one (i.e. from 
between the best of those evaluated, and the one that was 
not). However, the meta-learning solutions cannot take 
advantage of this, and the difficulty of the induction task 
that is faced (i.e. to determine the most accurate candidate 
algorithm) persists despite this potential discount. 

5.  Conclusion and Future Work 

In this paper we present a new meta-learning framework 
for algorithm selection utilising regression-based 
landmarkers.  In essence, we seek to solve the algorithm 
selection task of identifying the more accurate algorithm 
from a given set of candidate algorithms by: 1) generating 
meta attributes that correspond to the performance 
patterns either directly evaluated or estimated via 
regression-based landmarkers; 2) attempting to (meta-) 
learn the mapping between these meta-attributes and 

meta-classes corresponding to the most accurate 
algorithm in the set. From our experiments using 80 UCI 
datasets and 6 WEKA algorithms, we discover that for the 
meta-knowledge employed, learning to predict the most 
accurate algorithm given some new dataset is a task that is 
too complex, and simply sorting the outputs of the 
predicted accuracy measurements via the regression-
based landmarkers achieves more satisfactory results. 

There are several possible avenues for future work, 
including: 

• Developing theory regarding the difficulty of 
meta-learning tasks and which of these to solve 
given some finite amount of meta-knowledge. 

• Generating and meta-learning with more 
universally representative datasets, or perhaps 
datasets that are attuned to the failings of specific 
learning algorithms. 

• Experimenting with different meta-learning 
tasks. For example, learning how to classify the 
|A|C2 pairwise comparisons from among the given 
A candidate algorithms. 

• The generation of use of more accurate meta-
class data. In particular, this corresponds to the 
use of more statistically sound methods of 
algorithm evaluation and comparison (e.g. using 
stratified 10x10-fold cross-validation, paired t-
tests, McNemar tests, etc). 

• Experimentation with other meta-attributes. 
Other types of landmarkers (e.g. regression-
based relational landmarkers) and dataset 
characteristics. 

• Considering more complicated performance 
indicators (e.g. F-score, or other cost/utility 
functions) to either landmark or use as meta-
classes. 

• The development of landmarker theory. 

Landmarking remains a new and relatively unexplored 
facet of meta-learning for algorithm selection, and should 
be further explored. 
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