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Abstract; Document ranking is one of the central tasks in a number of IR applications. In recent years, efforts have
been made to apply reinforcement learning for learning document ranking models and a number of methods have
been developed. Though preliminary success has been achieved, existing reinforcement methods still suffer from the
sparseness of the relevant documents. In this paper, we propose to involve ground-truth ranking lists during the
learning process, achieving a novel imitation learning-based learning to rank algorithm called IR-DAGGER. It
utilizes the ranking lists sampled by the expert policy, which can enhance the learning efficiency while keeping the
ranking accuracies. Experimental results based on OHSUMED and TREC showed that IR-DAGGER can outperform
the state-of-the-art baselines for the tasks of relevant ranking and diverse ranking, indicating the effectiveness and
efficiency of imitation learning in document ranking.
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