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Contribution Efficiency Analysis

K2V AE then applies Koopman Theory to construct the measurement function to project the

» To address PTSF, we propose an efficient framework called K2VAE. It transforms system states into measurements which can be modeled as a linear system. Practically, we : » K2VAE is the most lightweight
nonlinear time series into a linear dynamical system. Through predicting and refining use a learnable MLP-based network to serve as the measurement function y and then use 031 1SDitt0.255GB generative probabilistic time
the process uncertainty of the system, K*VAE demonstrates strong generative the one-step eDMD to model the linear system: . series forecasting model.
capal?ility and excells in both the sh.ortj and lqng-term probabilistic forecasting. XP" = p(XP) = [J: T f*] S l”E P :iﬂfil] XE = ll_;*J P J“f] | % 022 e o

» To distengle the complex nonlinearity in the time series, we design a KoopmanNet to ) » Compared with diffusion-
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measurement function, simplify the modeling, and thus contributing to high model K =Ko + Kgp 87 = (BY 2l 28 = (K 1al . - O K2V AE has the fastest
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Figure 4: Efficiency Analysis of K*VAE
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efficiency. inference speed.

To mitigate the error accumulation in LPTSF, we devise a KalmanNet to model, and
refine the prediction and uncertainty iteratively.

KalmanNet

Since we adopt a data-driven paradigm to model the measurement function y and Koopman
Operator /C, it exists bias between the generated X “and X during optimization, known as a

» Comprehensive experiments on both short- and long-term PTSF show that K°VAE . . : . :
: biased linear system. We then devise a KalmanNet to model and refine the uncertainty using
outperforms state-of-the-art baselines. : L. .. e e s
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ZeomPle = Resample(Q(Z]X)), p = ;1 (Z°P19), 5 = ;1 (2°2"%), (Y| Z) = N (1,0)

Figure 5: Visualization of input-96-predict-96 results on the ETTm1-L dataset



