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Parallel Learning — A New Framework for Machine Learning
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Abstract In this paper, we propose a new framework of machine learning theory, parallel learning, which incorporates
and inherits many elements from various existing machine learning theories. Special designs are also presented to deal
with some important problems in the machine learning research field, e.g., useful data retrieval from big data using
software defined artificial systems, combination of predictive learning and ensemble learning, application of Merton's law
to prescriptive learning.
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Fig.1 The theoretical framework of parallel learning (The part above the dash line focuses on big data preprocessing

using software defined artificial systems; the part beneath the dash line focuses on predictive learning and ensemble

learning based computational experiments, as well as parallel control and prescriptive learning. The thin arrows

represent either data generation or data learning; the thick arrows present interactions between data and actions.)
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