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Generating Subgoals with Adversarial Network on Vision-and-Language Navigation
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In this paper, we focus on a vision-and-language task in which a robot is instructed to execute household
tasks. We propose Moment-based Adversarial Training (MAT), which uses two types of moments for perturbation
updates in adversarial training. We introduce MAT to the embedding spaces of the instruction, subgoals, and state
representations to handle their varieties. We validated our method on the ALFRED benchmark, and the results
demonstrated that our method outperformed the baseline method for all the metrics on the benchmark.
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