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l. Introduction ll. Multiscale BMI Decoder

m Multiscale neural activities can be recorded * The dynamic system and the observation models
simultaneously, but they are different in many aspects. Kinematic state (= Ax,_; + Bu; + w;
Also, the parameters of different stochastic models in v, = Cx, + v,
the BMI need to be fitted in real time under the closed- c
loop scenario. p(NFC i) = T (Mt o) A)N exp(EA x: ¢ )
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The adaptive multiscale BMI can decode the kinematic

state and tune parameters adaptively in real time. . Conditionally independent assumption

slow (sec) time resolution fast (ms) p(ye, NECIxe) = p(ye|xe )p(NEC|x¢)
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V. Results

m The RMSE and percent correct with known parameters. * The adaptive multiscale BMI framework
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A\ " 3 S The adaptive filters can track the parameters of the neural
Sy A em s e e | encoding models in real time. Also, the steady state error
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