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Research Highlights:

® [Algorithmic]: We propose an envelope MOQ-learning algorithm for Multi-Objective Reinforce Learning (MORL) with linear preferences, with the goal of enabling few-shot adaptation to new tasks.
® [Theoretical]: A theoretical framework for designing and analyzing value-based MORL algorithms and convergence analyses of our envelope MOQ)-learning algorithm are provided.
® [Empirical]: We introduce new evaluation metrics and benchmark environments, test our algorithm on a wide variety of domains, including task-oriented dialogue and SuperMario.
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