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Abstract Image caption generation is a task to generate explanatory text for input images, which is used for automatic
generation of news sentences and tags for image search. In addition, in order to reduce the psychological burden on passengers,
automonous driving is also expected to be applied to provide verbal explanations of the decision-making basis for driving
control. On the other hand, the image caption generation so far has been limited to captions for the input images and has not
generated captions that can occur in the near future. In automonous driving, it is more important to generate captions for events
in the near future than for the current time to prevent accidents and alert passengers. In this paper, we propose a new task
of near-future caption generation and a model suitable for generating near-future captions from images captured by in-vehicle
cameras. We showed that near-future caption generation is possible in evaluation experiments using the Berkeley Deep Drive

eXplanation Dataset.
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E#3z: The car slows to a stop behind another car because the light ahead is red.
+ 9 - Action RegressorzL: The car is stopped because the light is red.
'Y YEEDH: The car brakes to a stop because the light is red.
Action Regressor®#: The car is stopped because the light is red.
&Y 1## - Action Regressor#b: The car slows down because the car in front is slowing.

EfEsz: The car is turning right because traffic is clear enough to turn.
%1% - Action Regressor’zU: The car is driving forward because the road is clear of traffic.
Y UEEOH: The vehicle is turning right the car is turning to the right.
Action Regressor®d: The car is driving down the highway because the lane is clear.
> 41R% - Action Regressor#: The car is turning riaht because there is no traffic.

Em3z: The car slows down because the car is front is slowing down.
>4 1%# - Action RegressorkL: The car is stopped because the light is red.
eV Y1EEBDH: The car slowed down because it s approaching a stop sign.
Action Regressor®#: The car is stopped because the light is red.
&Y 1## - Action Regressor#b: The car slows down because the car in front is slowing down.

Ef@3e: The car stops because a car has backed up out of a driveway into the lane.
+ 9 1## - Action RegressorzL: The car is driving forward because the road is clear.
'V Y1EBDH: The car slows down to a stop because it is approaching another light.
Action Regressor®d: The car is driving forward because the road is clear.
> 91A% - Action Regressor&D: The car slows down because the car in front is slowing down.
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