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A Study on the Optimization of the ECOC Method for Multi-label
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Abstract: One of the methods for constructing a multi-valued classifier that uses a combination of given two-
valued classifiers is the Error-Correcting Output Coding (ECOC) method, which is based on error-correcting
codes introducing a code theory framework. Although it is experimentally known that this method performs
well on real data, the theoretical optimality of the classification accuracy for the ECOC method has not been
clarified. In this study, we show sufficient conditions for the ECOC method to be an optimal multi-valued
classification method under the assumption that binary classifiers achieve maximum posterior probability
classification. As a result, we can show that n-vs-all and Exhaustive signs are the best multi-valued classifi-
cation method under the same assumptions. This suggests one of the directions of the optimization debate
for various ECOC methods.
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