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Time Series Forecasting

 Time series records temporal data from sensors in real-world 

cyber-physical systems.

 Differences from classical regression tasks:

 Somewhat self-supervised (like NLP tasks).

 The underlying principes:

 Learn to evolve key patterns within past observations. 
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Forecasting is the evolution of proper patterns 
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Patch-based Forecasting Models
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Hundreds of papers



Motivation: Directly Evolve or Select then Evolve?

 Adjacent vs. Selective Patching (both using 4 patches)
 Adjacent patching partitions time series into adjacent patches, lacking flexibility. Selective patching automatically 

select most relevant sub-series as patches.
 The upper part shows examples that conventional adjacent patching may include harmful information, thus 

hindering the forecasting performance.
 The lower part shows the selected patches that are more relevant for making the corresponding forecasting, 

demonstrating the flexibility that selective patches offer.
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Representation Spaces
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How many representation spaces?

Each configuration of patch-size and 
stride contributes to a representation 
space.

What about changeable strides or just 
random sampling?



Overview: Selective Representation Space (SRS)
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 Given input length T, patch size p, stride s.
 There exists                                        patches using adjacent patching.
 There exists                                    potential patches not using adjacent patching.

 Selective Patching

 Dynamic Reassembly

 The Total Size of Search 
Space:

A very huge 
search space

for representation 
spaces!



Methodology: “Sort as Search”
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 Independently selecting n times from K candidates based on some criterions.
 Reranking n selected patches based on some criterions.

 Adaptively fusing the embeddings of SRS and adjacent patching.

Selective Patching

Dynamic Reassembly



SRSNet: A simple yet effective baseline
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 SRSNet achieves state-of-the-art peformance compared with recent advanced models.

 SRSNet possesses high efficiency, i.e., fast training speed and low memory occupation.

Table 2: Efficiency comparison between SRSNet and 
other baselines on ETTh1 and Solar datasets 

Table 1: Multivariate forecasting average results with forecasting 
horizons F ∈ {96, 192, 336, 720} for the datasets.



SRS: A plug-and-play module
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Table 3: Five models, i.e., MLP, PatchTST, Crossformer, 
PatchMLP, xPatch, are considered to show the effectiveness 
of SRS to work as a plugin

Table 4: Efficiency analysis of the SRS module.

 About 5% - 15% improvement on classical 
patch-based models.

 SRS possesses high efficiency, introducing 
small overload.



Showcases
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Figure 1: Visualization of input-96-predict-96 results on the ETTh1 dataset. SRSNet effectively processes the special cases with 
the help of SRS module. The grey rectangles are the selected patches with the size of 24.



Showcases
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Figure 2: Visualization of input-96-predict-96 results on the ETTm2 dataset. SRSNet effectively processes the special cases with 
the help of SRS module. The grey rectangles are the selected patches with the size of 24.



Showcases
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Figure 2: Visualization of input-96-predict-96 results on the Traffic dataset. SRSNet effectively processes the special cases with 
the help of SRS module. The grey rectangles are the selected patches with the size of 24.



Thank you!


