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Research on neural mechanisms of sound-induced visual motion perception
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We studied Sound-induced Visual Motion Perception (SIVM% to understand its
neural mechanisms. We compared the ability to discern motion direction in visual-only and
audio-visual conditions, analyzing psychophysical performance and SSVEP (Steady-State Visual Evoked
Potential) amplitude. Both psychophysical performance and SSVEP amplitude showed a parallel shift
with auditory stimulation. To gain further insights, we used a mathematical model to analyze
multisensory integration and estimate psychophysical data. The model partially captured observed
trends, providing valuable understanding of SIVM mechanisms. Our research illuminates the
interaction and contribution of different sensory modalities to motion perception, advancing
knowledge of multisensory integration and serving as a foundation for future studies in this field.
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