Neural recognition and postdiction by temporal distributed distributional code
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m Experiments suggest optimal "cue combination” [2, 4]
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m Postdiction is common in dynamic environments [6]

m Examples: continuity illusions [1], localisation [3]
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Compare with monkey A1 neurons [5]
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D Tone Gap Similarity Index (SI)
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m Possible to assume h is linear only in o (x;) and derive a formal
solution, albeit with complicated neural implementation

m If the state-space model is stationary, W should converge

m Independent noise in ¥y, o and r; averages out for large population

m Adaptation: follow gradient of variational objective VoJFg(Zz, Xx)

Additional results

Occluded tracking with noisy DDC
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