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Motion Information Accelerates Learning of Joint Attention
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Yukie NAGAI, National Institute of Information and Communications Technology, yukie@nict.go.jp

Focusing on the evidence that humans utilize motion information of others’ actions, I propose a model by which
a robot learns to establish joint attention with a human by using both static and motion information of human
actions. The static information, which is an edge image of a human face, provides the exact direction of the human
gaze even though it is difficult to interpret. On the other hand, the motion information, which is detected as an
optical flow when the human shifts his/her gaze, provides a rough but easily understandable relationship between
the direction of the human gaze and the robot’s motor command to follow it. These complementary characteristics
enable a robot to efficiently acquire high performance of joint attention through natural interactions with a human.
Experimental results show that the motion information accelerates the learning of joint attention while the static

information improves the task performance.
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Fig. 1: Human-robot joint attention.
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Fig. 2: A learning model for joint attention using the edge image of a human face as static information and the optical flow of

the human’s gaze shift as motion information.
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(a) peripheral camera image (b) foveal camera image: I
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(d) optical flow: F

(c) edge image: E

Fig. 3: An example of input-output datasets.
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Fig. 4: The encoding of detected image features into the 4-
orientations/8-directions selective neurons.
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Fig. 5: The change in the task performance of joint attention
over the learning period.
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Fig. 6: The input-output dataset when the robot attempted
to establish joint attention with the human who shifted her
gaze from looking at the robot to looking at an object in the
outer lower right of the foveal image.
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