JRMIRETE 2 B D 3A A 7R IEER IR R S € 7L

Deep Stochastic Time Series Model
Incorporated with Periodic Structure
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ZIRO D=Za—F N2y FT—2T, Fa—FEET. WA, EREFIVIZFAREDI pe(z, 2) = po(z|2)pe(2)
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4.1 DynaNet: Neural Kalman Dynamic Model
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