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Multi-task optimization algorithm based on denoising auto-encoder

SHANG Qingxia. ZHOU Lei, FENG Liang”

( College of Computer Science, Chongging University, Chongging 400044, China )

Abstract: Inspired by the remarkable ability of human learning which is able to perform multiple
tasks simultaneously and apply the knowledge gained from one task to help another, multi-task
learning (MTL) has been proposed and well-studied in the literature. With similar motivation as
MTL, multi-task optimization ( MTO) has recently been proposed as a new algorithm for
optimization. In contrast to the traditional single-task optimization algorithm, MTO conducts the
optimization process on multiple problems simultaneously. It aims to improve MTQO performance
across multiple problems by seamlessly transferring knowledge between them online. A new MTO
algorithm is proposed based on denoising auto-encoder. A denoising auto-encoder is derived for
building mappings across closed-form solution, thus making the proposed MTO algorithm be able to
use the search preferences induced by different single-task optimization. To evaluate the validity of the
proposed algorithm, comprehensive empirical studies on complex MTO benchmark sets have been

presented.

Key words: multi-task optimization (MTO); multi-task learning (MTL); denoising auto-encoder;

single-task optimization; population-based search algorithm



