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Introduction

e Methods based on Partial Differential Equations (PDE) are capable of modeling
In continuous time space

e However, the PDE-based methods discretize the PDEs for training and inference

t=4
e \We propose an approach capable of learning temporally continuous

representation that does not need any discretization
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e To forecast future frames at ¢ + 7 the learnt function F4, can be evaluated for
any positive value T in parallel
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Temporal Dynamics Modeling Through Taylor Series

e The model consists of three parts that are learned end-to-end, Encoder ( g) Decoder ( 7)), and Temporal model (]:th)
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e The Temporal model, F4,, is approximated using Taylor series: F?{ (t -+ 7-) ~ v e T f(n) — e
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eThe derivatives 0, = .7'-7(2)are approximated with Delta Convolutional Block (DCB)
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Quantitative Results
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ConvLSTM 103.3 1829 0.707 | 485 177 0978 456 63.1 0949 @ 504 18.9  0.776 | = g4
PredRNN 56.8 126.1 0867 @ 464  17.1 0971 419 621 0955 484 189  0.781 ° LS
Causal LSTM 46.5 1068 0.898 | 448 169 0977 39.1 623 0929 = 4538 172 0.851 ©°%
MIM 442 101.1 0910 = 429 166 0971 421 608 0955 @ 429 7.8 0790 .
E3D-LSTM 413 864 0920 432 169 0979 347 59.1 0969 @ 464 16.6  0.869
PhyDNet 244 703 0947 419 162 0982 319 533 0972 369 62 Q&fi| ontr——r———F—+——F—+——
\ SimVP 23.8 689 0948 @ 414 162 0.982 : = . 31.6 151  0.904 time
‘TaylorSwiftNet (ours) 212 60.8 0952 | 353 137 0992 298 522 0978  23.1 158  0.910

Comparing different orders of our

Comparison to the state-of-the-art on four datasets temporal model

Comparison of future predictions for
time horizons that are larger than the
10 frames used for training
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Qualitative Results
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