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• Use a white noise emitter to obtain interaural cues in all frequencies

• Two methods: the listener is moved or the emitter is moved

Audio-motor sampling Audio-visual sampling

• 10,800 motor states (2 angles)

• 360° azimuth, 120° elevation

• 432 image positions (in pixels)

• Covering the camera field of view
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Or how I kept torturing robots with sounds for a living

Nao Waving Nao Walking
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