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Image and video captioning with deep learning has been actively studied. On the other hand, few studies have
focused on generating descriptions by correctly capturing the contents of images and videos. So, our study aims to
generate natural language descriptions for videos based on the results of the identification of human activity and
object detection for a movie. We propose a method to generate descriptions by combining four representative deep
learning techniques: human pose estimation, time-series data analysis, object detection, and sequence-to-sequence.
In addition, in generating descriptions, we apply positional information of the detected objects and a human in a
movie, which works as natural attention on which objects should be described in a sentence. Through experiments,
we have confirmed that our method could precisely describe the contents of movies, especially the interaction

between a human and objects.
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(1) The person took out an ingredient
from the fridge.

(2) The person took out a cutting-board
from the drawer.

(3) The person took out a plate
from the cupboard.

(4) The person moved an ingredient
from the cutting-board to the plate.

(6) The person took out an ingredient
from the fridge.
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