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Challenges in Time Series Forecasting
• Uncertainty issues of deep neural networks

– CNN-, RNN-, and Transformer-based models
– Generative models can deliver more reliable predictions, e.g., VAR (but not satisfactory)

• Interpretable prediction
– The interpretability of VAEs might be lowered due to the entangled latent variables
– Disentangled representation learning is of importance for time series forecasting

• Real-world time series data are often recorded in a short time period
– Overfitting and generalization issues



Generative Time Series Forecasting
• Given an input time series 𝑋 = {𝑥1, ⋯ , 𝑥𝑛} and the corresponding output

series 𝑌 = {𝑦𝑛+1, ⋯ , 𝑥𝑛+𝑚}, we assume that 𝑍 → 𝑌 (𝑍 ∼ 𝑝(𝑍|𝑋)) and
𝑝𝜙(𝑍|𝑋) = 𝑔𝜙(𝑋). Then, the data density of 𝑌 is given by:

𝑝& 𝑌 = ∫'! 𝑝( 𝑍 𝑋 𝑌 − 𝑓& 𝑍 𝑑𝑍

The target time series can be obtained by sampling from 𝑝𝜃 𝑌 directly. 

𝑋 𝑍 𝑌

Diffusion Denoise



Framework Overview of Proposed D3VAE
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Coupled Diffusion Probabilistic Model
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Coupled Diffusion Process
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• Key idea: Diffuse input 𝑋 and 
output 𝑌 simultaneously



Scaled Denoising Score Matching
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Scaled Denoising Score Matching
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Scaled Denoising Score Matching

Score match

In the case of gaussian noise, we denoise the generated target series with the score matching:

𝐿 𝜁, 𝑡 = 𝔼
𝑞𝜎 *𝑌 𝑡 𝑌 𝑝 𝑌

ℓ σt Y − *𝑌 𝑡 +𝜎02∇=𝑌 𝑡 𝐸 *𝑌 𝑡 ; 𝜁 2

Then the cleaned estimated time series can be obtained:
*𝑌𝑐𝑙𝑒𝑎𝑛 = *𝑌 − 𝜎02∇=𝑌𝐸 *𝑌; 𝜁

Training:

Testing:



Disentanglement
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Disentanglement
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Disentanglement

z

For better interpretability and reliability, the latent variables need to be disentangled.

𝑇𝐶 𝑧, = 𝒟-.(𝑝/(𝑧,)||�̅�/(𝑧,))

�̅�/ 𝑧, = 0
0*'

1

𝑝/(𝑧,,0)

Minimize the average total correlation of latent 
variables. 𝐿./ =

1
𝑛@
CDE

F

𝑇𝐶(𝑧C)

The total correlation (TC) of 𝑧𝑖:
𝑍 = [𝑧E, 𝑧H, … , 𝑧F]



Show Cases of Time Series Forecasting

Time series forecasting with uncertainty estimation on the last six dimensions of the Traffic Dataset.



Thanks!


