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Development of Multitask Learning Model Based on Transfer Metric learning
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Multi-task learning is a learning paradigm which allows a system to learn related multiple tasks in parallel
or sequentially and to improve the generalization performance for a learning task by transferring the knowledge
to other related tasks. In order to transfer knowledge effectively, it is necessary to estimate the relatedness
between tasks properly. In this paper, we propose a multi-task learning algorithm for pattern recognition
where the task relatedness is estimated based on the metric learning. Experimental results demonstrate the

effectiveness of our method.
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Task 1 | Task 2 | Task 3
Task 1 1.0 0.48 0.18
Task 2 0.48 1.0 0.22
Task 3 0.18 0.22 1.0
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RAN-LTM | RAN-LTM+TML
Ann 87.0 94.1
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