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Table 2: SRS as a plugin.
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Figure 2: The overall pipeline of the SRS module. The multivariate time series is processed
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In this paper, we pioneer the exploration of constructing a selective
representation space to flexibly include the most informative patches for
forecasting. Specifically, we propose the Selective Representation Space
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sampling with replacement. It scans all the potential patches with stride equals 1, generates
n scores for each, then retrieves the patches with max scores in each sampling. Then the
Dynamic Reassembly generates scores for selected patches, and sorts them based on the
scores to determine the sequence. In the Embedding phase, both the embeddings from the
Dynamic Reassembly and Conventional Patching are adaptively fused to form the
representations.

Figure 4: 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.
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