The limits of feed-forward processing in visual object recognition
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Visual recognition can be very fast observations

- Psychophysics studies show fast recognition (Potter and Levy 1969)
- Object recognition can occur in the near absence of attention (Li et al 2002)
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- Single unit studies show selectivity in ~ 100 ms (e.g. Hung et al 2005)
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Two possible questions:
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9. Summary

2.2 Su pervised lea rning - A feedforward architecture can provide a selective and robust response suitable for immediate
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