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Generating Descriptions for Possible Collisions in Object Placement Tasks
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In this paper, we propose Nearest Neighbor Future Captioning Model that introduces Nearest Neighbor Language
Model for future captioning of possible collisions, which enhances the model output by employing a nearest neighbors
retrieval mechanism. Moreover, we introduce Collision Attention Module, which extracts attention regions of
possible collisions, which enables our model to generate descriptions that adequately reflect the objects associated
with possible collisions. The experimental results demonstrated that our method outperformed baseline methods,

based on the standard metrics.
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"The grasped plastic bottle will collide
with the apple and the plastic bottle
fall over."
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