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Goal: Estimate the feature of the next time step by autoregressive (AR) model. Results on MOT Benchmark 2015
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Internal Memory v.s. External Memory

Internal memory: Hidden layer of recurrent cells. Analysis of the predicted AR parameters
External memory: Templates directly storing the Frrnescher@13? et FTrinthescher@14: FTHLnthescher@145 FTF-Lnthescher@152
previous Input features.
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