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Abstract: Reinforcement learning has achieved remarkable results in decision-making tasks like intelligent dialogue systems, yet its
efficiency diminishes notably in scenarios with intricate structures and scarce rewards. Researchers have integrated the skill discovery
framework into reinforcement learning, aiming to maximize skill disparities to establish policies and boost agent performance in such tasks.
However, the constraint posed by the limited diversity of sampled trajectory data confines existing skill discovery methods to learning a
single skill per reinforcement learning episode. Consequently, this limitation results in subpar performance in complex tasks requiring
sequential skill combinations within a single episode. To address this challenge, a group-wise contrastive learning based sequence-aware

skill discovery method (GCSSD) is proposed, which integrates contrastive learning into the skill discovery framework. Initially, to augment
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trajectory data diversity, the complete trajectories interacting with the environment are segmented and grouped, employing contrastive loss
to learn skill embedding representations from grouped trajectories. Subsequently, skill policy training is conducted by combining the skill
embedding representation with reinforcement learning. Lastly, to enhance performance in tasks featuring diverse sequential skill
combinations, the sampled trajectories are segmented into skill representations and embedded into the learned policy network, facilitating
the sequential combination of learned skill policies. Experimental results demonstrate the efficacy of the GCSSD method in tasks
characterized by sparse rewards and sequential skill combinations, showcasing its capability to swiftly adapt to tasks with varying
sequential skill combinations using learned skills.

Key words: reinforcement learning; trajectory grouping; contrastive learning; sequence-aware; skill discovery
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