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Introduction

• Context: Diffusion models have revolutionized generative.

• Current State: Growing application in time series forecasting.

• The Status Quo: Existing methods operate in the raw temporal domain.

• The Flaw: They apply uniform Gaussian noise equally across all time steps.



Motivation: The "Isotropic" Problem

SeriesContext：Diffusion model is strong but suffer in modeling Time Series

• Diffusion model have potential to act as a world model, but often fails in temporal modeling.

• Standard Diffusion adds Gaussian noise uniformly (Basically towards features).

Trend ( ) + Noise ( ) Signal is mostly preserved. Model learns lazily.

Detail ( ) + Noise ( ) Signal is obliterated. Model learns nothing.

Our Goal

• need model diffusing "Hard features" (Trend) aggressively and 

"Fragile features" (Details) gently.



Domain Shift: Decompose 
signals into frequency bands 
using Discrete Wavelet 
Transform (DWT).

Solution: EADiff (Energy-Adaptive Diffusion) 

Adaptive Noise: Apply stronger 
perturbation to high-energy 
components and gentler corruption 
to low-energy details.

Low-frequency trends act 
as generative conditions.



Algorithm Details: Adaptive Parameter γ

• Noise depends on both Bands and feature.
• Energy Estimation: Calculate temporal standard deviation of wavelet coefficients.
• Learnable Modulation (γ>0): adapts noise levels per-instance; 

• Amplifies noise for high-energy bands, attenuates for low-energy.
• Unlinear scaler makes model more flexible on various datasets.

• Band-Specific Tokenization: Dense stride for trends, overlapping stride for details.



Algorithm Details: Learning Object

All Wavelet coeffs → Receptive Field only,
and different noise for past and future.

• Old: model learning to reconstruct the whole Wavelet coeffs.

• New:

• Easier to learn as no need to reconstruct the past explicitly.
• Add noise to future: diffusion target.
• Add noise to past: Robust for autoregressive prediction. Simulate the error accumulation in AR.
• Add smaller noise to past: model can utilize such "trend" information.

Receptive Field



Results



Evaluation: Ablation Study

Both Wavelet transform and Adaptive Scheduler 
are critical for convergence stability.



Evaluation: Adaptive Parameter γ

The Brain of EADiff (γ Evolution):

• Structured Data (Weather, Air quality,…): 

γ≈5.0, Enhances spectral differentiation.

• Stochastic Data (Exchange): 

γ≈0.3, Flattens to avoid overfitting to noise).



Evaluation: Wavelet Hyperparameters 
the Paradox of Sparsity

How to "feel" the influence of wavelet basis?Noisier/more non-stationary the data is,
higher level performs better.



• In general, more sparse → easier to learn
• However, the extreme sparsity may lead to the model loss many important details and,
• Consequently, sparse but balance in data metric could be better.

• Further hypothesis: if we arrange the points (wavelet parameters, RMSE) by Entropy in Desc.,
for each local minimum of RMSE, the corresponding Scale Ratio is also a local minimum of Ratios.

Evaluation: Wavelet Hyperparameters 
the Paradox of Sparsity



• Standard uniform noise creates a severe frequency-energy imbalance in TS diffusion.

• EADiff resolves this by operating in the wavelet domain with an energy-adaptive

modulation mechanism.

• Autonomous adaptation to dataset characteristics (periodic vs. stochastic).

• Achieves robust SOTA performance without explicit model architecture design, 

especially in challenging long-horizon, non-stationary scenarios.

Conclusion
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