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Crowdsourcing is often used to create a data set for supervised learning. Because the quality of the data set
heavily depends on the abilities of workers, many methods have been proposed to learn a classifier from the data
set. From some observations, we notice that workers form clusters according to their abilities. To utilize such
knowledge, we propose a method to jointly learn a classifier and clusters of workers from a crowd-generated data
set. The proposed method has two advantages. One is that it realizes robust estimation of a classifier because the
proposed method utilizes clusters of workers whereas the other methods do not. The other is that we can obtain
clusters of workers, which help us analyze the properties of the workers. Experimental results on synthetic and real
data sets indicate that the proposed method can estimate a classifier robustly.
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