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Algorithm selection problem
B given a problem and a set of algorithms, select the one which will

perform best [7]
B instead of a general problem solver with a fixed configuration,

reconfigure the solver for each problem instance
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B need to choose which configuration to use

_ looks like a machine learning problem

Motivation
B for many practical applications, we can choose a sensible default
B will perform well in most cases
B bad performance in some cases
B huge gains to be had by switching in a few cases
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Machine learning classification
B given a set of training problems, features for each problem and a

classification label, learn how the features affect the classification
B construct a classifier that, given an unknown problem, predicts the

label
B performance of a classifier is characterised by the accuracy, i.e.

how many problems are classified correctly and how many are
misclassified

Machine learning for algorithm selection
B standard approaches yield poor performance
B normal performance metric unsuitable
B problems where the potential gain of selecting the best algorithm

is large need to be classified correctly
B don’t care about problems where the difference between the

different algorithms is small

B left side shows problems and the classifier separating them into
classes

B right side shows potential gain
B only one problem misclassified, but this is the one with the highest

gain
B correctly classified problems don’t actually matter because the

gain is minimal
B this makes the learned classifier essentially useless

_ need different approach for training and evaluating classifiers

Classification revisited
B consider misclassification penalty for evaluating classifier

performance – how much more time do we have to spend because
of selecting a suboptimal algorithm [8]?

B consider maximum misclassified penalty for learning a classifier
B initial results promising [3, 4]
B depending on the algorithm selection problem, using a dynamic

reconfiguration approach can improve orders of magnitude over
“sensible default” approach

Algorithm selection revisited
B which machine learning algorithm is suitable for this?
B which parameters for an algorithm should be chosen [6]?
B not all take instance weights into account
B ensemble classification [2] as a temporary solution – combine the

decisions of many different classifiers
B shown to improve robustness and sometimes overall results of

classification [5]
B new challenges – how to combine predictions?
B simple voting appears to be promising [1]
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