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Abstract

Nowadays most of the ensemble learning
methods apply a static strategy to integrate the base
learners. After training, base learners are merged in a
“static” manner, that is, the fusion of the basic models
will not adapt based on the different feature
distribution of the samples to be tested. However, in a
realistic training scenario, a single model may only be
good at predicting samples of a particular feature
distribution. Since the features of each sample are
distributed differently, the strategy of using only
“static” fusion may be over-naive.

The mainstream ensemble models mostly
assume that the ability of a single base model to
predict different data is roughly the same. This paper
attempts to design a “dynamic” ensemble model to
compensate for the shortcomings of this hypothesis.
We have tried three different methods, based on (1)
the category probability predicted by the base learners;
(2) the loss of the base learners; and (3) the
correctness in feature space of base learner. These
three methods realize the “dynamic” ensemble.

This article will explain the three methods we
designed and the preliminary experimental results

based on a simulated dataset. We found that all three
ensemble methods perform better than each of the
single base learners. However, only one of the three
methods is better than Majority Voting, a popular
static ensemble model. Therefore, it may still be
possible to improve our methods.

Keywords: ensemble learning, dynamic ensemble
learning, supervised learning
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