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Active Learning of Confidence Measure Function as Dialogue Strategy Optimization
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This paper proposes a method for learning confidence measure function in the framework of active learning.
A robot’s utterance such as “Raise Kermit” and a user’s response to it is viewed as collecting training samples.
For training the confidence measure function, the method selects the optimal utterances based on expected log
loss reduction. Bayesian logistic regression is used for the learning. We evaluated the method with an object
manipulation dialogue task in which a robot was supposed to manipulate object as the user said. The experimental
results revealed that the proposed method reduced the risk of motion execution failure.
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