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i) Latent-space coarse generation: A latent diffusion 
model captures representation distributions by 
representation learning. 
ii) Data-space refinement: A subsequent denoising 
process integrates the global latent codes into the data 
space, enabling fine-grained temporal precision and 
ensuring consistency with the original data distribution.

 

• The proposed L2D-Diff achieves superior overall 
performance with an average rank of 1.45, significantly 
outperforming all the baselines. 

• This not only reduces complexity but also ensures efficient 
generation of time series, particularly when dealing with 
complex or multimodal distributions.

• Synthetic time series generation (TSG) is crucial for applications privacy 
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. 
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L2D-Diff: Latent-to-Data Cascaded Diffusion

• 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 h igh- level  representat ions 
essential for multi-modal time series.

Experiments

Contributions: we propose L2D-Diff, a latent-to-data diffusion framework 
that integrates the strengths of latent-space modeling and data-space 
refinement to overcome the limitations of unconditional generation.

• 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.

• It proceeds in two complementary  stages:

Contextual-FID

Visualization of the t-SNE embeddings of data 
(not representations) shows that the synthetic 
t ime series generated by L2D-Diff have 
distributions more closely aligned with the real 
multi-modal data, effectively capturing the 
intrinsic class-specific patterns of the dataset.

Here,             is generated representations to guide the data denoising process.
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