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Task

To build a powerful classification system, we need training instances. In an active class
selection task, we successively ask the oracle to generate an instance of a selected class.

Motivation

We want to reduce training time of an active class selection task
(e.g., training of a brain computer interface).
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Results

The learning curves show the methods' hold-out error w. r. t. the number of generated
instances. Our method PAL-ACS is advantageous in situations of differently complex decision
boundaries and comparable to Random when the best strategy is to sample uniformly.

Method

The main idea is to transform the ACS problem into an AL task. We
use pseudo instances to simulate the generation of new instances
and select the class with the highest expected performance gain.
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