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GT : “Robot bumps into the stuffed bear because
robot tried to put the red bottle where it is.”
Baseline : “Robot hits the apple and the stuffed

bear hard because robot tried to put the hour-

(a)

glass where they are.”
“Robot rubs the hand on a teddy bear
because robot tried to put a red bottle.”

Ours :

(b) | GT : “Robot hits the camera and a yellow toy

because robot tried to put a black teapot.”

Baseline : “Robot hits a white jar because robot
tried to put a round white bottle.”

Ours : “Robot bumps into the camera because

robot tried to put a black teapot.”
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