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Background

« Synthetic time series generation (TSG) is crucial for applications privacy o
preservation, data augmentation, and anomaly detection.

* A challenge in TSG lies in modeling the multi-modal distributions of time
series, which requires simultaneously capturing diverse high-level
representation distributions and preserving local temporal fidelity.

« Existing diffusion models, however, are
constrained by their single-space focus:
latent-space models capture latent
distributions but often compromise local
fidelity, while data-space models preserve
local details in the data space but struggle
to learn high-level representations
essential for multi-modal time series.

L2D-Diff: Latent-to-Data Cascaded Diffusion

L2D-Diff is simple yet effective. As a cascaded diffusion model, it bridges the latent and data diffusion processes,
transforming an unconditional time series generation problem into a conditional one.
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refinement to overcome the limitations of unconditional generation.
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(b) FourierDiffusion.

(c) FourierFlow.

(d) Diffusion-TS.




