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Objective of probabilistic multivariate time series (MTS) forecasting:

Background

Given history MTS data 𝑥1:𝐻 = 𝑥1, 𝑥2, … , 𝑥𝐻 ∈ ℝ𝐶×𝐻, probabilistic MTS 

forecasting tackles the problem of estimating the distribution of the subsequent 

future time series 𝑦1:𝐿 = 𝑝 𝑦1 , 𝑝 𝑦2 , … , 𝑝 𝑦𝐿 ∈ ℝ𝐶×𝐿.

Uncertainty in point forecasting:

𝜖𝑋 : the inherent noise part 

𝑋𝑛𝑓 : the ideal noise-free part contains components with clear temporal patterns, such as trend components 𝑋𝑇 and seasonal 

components 𝑋𝑆. In an ideal scenario, the inherent noise 𝜖𝑋 corresponds to the residual component, 𝑋𝑅. 

Petropoulos, Fotios, et al. "Forecasting: theory and practice." International Journal of forecasting 38.3 (2022): 705-871.

𝑋𝑟 : the non-noise component of 𝑋 after removing the evident trend and seasonal information,

𝜖𝑋
′  : the noise component of 𝜖𝑋, excluding the noise that remains in 𝑋𝑇 and 𝑋𝑆.

Trend

Seasonal

Residual
𝑋𝑛𝑓: 𝑋 = 𝑋𝑛𝑓 + 𝜖𝑋. 𝑋𝑛𝑓

𝑋𝑅 = 𝑋𝑟 + 𝜖𝑋
′



• Point forecasting models exhibit varying

capabilities in modeling 𝑋𝑇 + 𝑋𝑆 and 𝑋𝑟.

Motivation

     

     

     

     

     

     

     

     
     

     

     
     

     

     

     

    

     

     

     

     
     

     

     
     

                      
   

   

   

   

 
 
 

                          

                          

   

   

   

   

 
 
 

 

 

 

 

 

 

 

 

 

  

  

  

  

  

  

  

                  

 
 
 
 
 
 
 
 
  
 
 
  
  
  
 
  
 
 

    
      

     

                  

                   

    
      

 

 

 

 

 

 

 

 

 

  

  

  

  

  

  

  

                                    

                   

    
      

    
      

     

 

 

 

 

 

 

 

 

 

  

  

  

  

  

  

  

                  

   

   

    
      

     

                  

                   

    
      

 

 

 

 

 

 

 

 

 

  

  

  

  

  

  

  

               

 
 
 
  
 
 
 
  
  
  
  
  
 
  
  

    
      

    
      

       

               

                   

 

 

 

 

 

 

 

 

 

  

  

  

  

  

  

  

                  

    
      

       

                  

                   

    
      

 

 

 

 

 

 

 

 

 

  

  

  

  

  

  

  

                  

    
      

    
      

       

                  

                   

• Residual components 𝑋𝑟 have higher uncertainty.

Divide-and-conquer

Decoupling deterministic and 

uncertain components



Framework

Diffusion-based Decoupled Deterministic 

and Uncertain (D3U) framework:

High deterministic components modeled by 

pretrained point forecasting model + 

Components with high-uncertainty modeled by 

the conditional denoising diffusion probabilistic 

model (DDPM) = 

Better probabilistic forecasts







 Point forecasting model  Conditional DDPM  Condition injection



• Condition provided by the encoder of 𝑓𝜃:

Framework

Conditional network 𝑓𝜃:

Extracting useful information from input series 𝑥ℎ.

Conditional DDPM:

• Modeling the distribution of residual 

components in the prediction target

𝑟1:𝐿
0 ≔ 𝑦 − ො𝑦 = 𝑦 − 𝑓𝜃(𝑥ℎ)

𝑐 = 𝑓enc(𝑥ℎ)

𝑝𝜙 𝑟1:𝐿
0:𝐾 𝑐

= 𝑝𝜙 𝑟1:𝐿
𝐾 ෑ

𝑘=1

𝐾

𝑝𝜙(𝑟1:𝐿
𝑘−1|𝑟1:𝐿

𝑘 , 𝑐)

Reverse process at step 𝑘:

𝑝𝜙 𝑟1:𝐿
𝑘−1 𝑟1:𝐿

𝑘 , 𝑐 = 𝒩(𝑟1:𝐿
𝑘−1; 𝜇𝜙 𝑟1:𝐿

𝑘 , 𝑘 𝑐 , 𝜎𝑘
2𝐈)

𝜇𝜙 𝑟1:𝐿
𝑘 , 𝑘 𝑐

=
𝛼𝑘(1 − ത𝛼𝑘−1)

1 − ത𝛼𝑘
𝑟1:𝐿
𝑘 +

ത𝛼𝑘−1𝛽𝑘
1 − ത𝛼𝑘

𝑟𝜙(𝑟1:𝐿
𝑘 , 𝑘|𝑐)

Patch-based denoising network

Residual 

Data

𝑟1:𝐿
0

Patching Time Embedding

Patch Embedding

AdaLN 𝑓enc(𝑥ℎ)

Transformer 
Encoder

𝑟𝜙

⊕

Prediction error 
𝑟1:𝐿
0

• Prediction error of the conditioning 

network is used as the residual:

• Residual prediction:



Main Results

• With SparseVQ as the conditional network, D3U retains the point forecasting performance of the conditional 

network employed, and even performs better on high-dimensional datasets (e.g. Solar-Energy)

• On point forecasting task, D3U achieves a 28% improvement in MSE and a 21% improvement in MAE 

compared to the current state-of-the-art (SOTA) probabilistic MTS long-term forecasting baseline



Main Results

• D3U presents a superior probabilistic forecasting performance, showing a 40% improvement in CRPS and a 

5% improvement in CRPSsum compared to the SOTA baseline. 



Main Results

• To demonstrate the effectiveness of the D3U framework, a same 

setting as TMDM is applied to D3U : using NSformer and MLP as point 

prediction models and denoising diffusion networks, respectively

• Compared to the original TMDM, the use of the D3U framework has 

resulted in significant improvements in both point and probabilistic 

MTS long-term forecasting tasks

• Decoupling scheme: Whether using the original 

input series or the output of the point forecasting 

model as the learning objective of the diffusion 

model, the performance has significantly 

decreased (Framework Design). Decoupling the 

deterministic and uncertain components is 

important.

• Patch-based denoising design: Patch-based 

denoising network (Denoise Network) employing 

AdaLN (Structure Design) exhibits a stronger 

capability in modeling the high-uncertainty 

component.



Main Results

• Framework generality: The D3U framework can be used as a plug-and-play 

solution for point forecasting models and provide them with probabilistic 

forecasting capabilities while retaining their original point forecasting ability



Summary

​1. Novel Complementary Modeling Paradigm

• ​We propose a novel complementary modeling approach that combines point forecasting 

models and probabilistic forecasting models from the perspective of decoupling the 

deterministic and uncertain components of time series data.

​2. Conditional Diffusion Framework

• Within the D3U framework, we design a patch-based denoising network, PatchDN, to enhance 

the diffusion model’s ability to represent the high-uncertainty components in time series data.

• Fewer diffusion steps required by focusing only on uncertain components

3. Plug-and-Play Architecture

• Seamless integration with existing point forecasting and diffusion models

• ​Simultaneously improves both probabilistic and point forecasting performance



Thank you
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