
IntroductionIntroduction
We propose the Global-Local Identification and Prediction (GLIP)
model, which combines the framework of identification models
with insights from deep learning training methods. The primary
contributions can be summarized as follows:

 A novel identification model for long-term prediction is
introduced, which operates efficiently on CPUs instead of
relying on GPUs.

 The utilization of global identification and local prediction
allows for precise capture of both the knowledge of long-term
trends and short-term fluctuations in time series data.

 Storage basis enables accurate extraction of potential future
trends even when the input-output ratio is very small.

 Remarkable prediction performance was achieved on the four
benchmark datasets, surpassing the current state-of-the-art
results. The proposed model exhibited a notable 23.64%.
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Results

In the stage of the entire prediction framework, we first
construct global basis and storage basis in the training set for
global prediction. Secondly, we evaluate the performance of
global prediction in the validation set to determine its suitability
for local rolling prediction. Finally, in the test set, the
amalgamation of all preceding information will be leveraged to
execute local rolling prediction with local basis. The Sparse
Identification optimization formula is as follows:

The functions of the three basis functions are as follows:

 Global Basis: This basis reflects the changes in the global time
series, aiding our understanding of the overall trends.

 Storage Basis: This basis captures the local variations in the
training set, providing ample information for the prediction.

 Local Basis: This basis assists in capturing the input data's
basis for local rolling prediction scenarios in the test set,
providing local information for localized predictions.

The detailed procedures of global prediction and local rolling
prediction are illustrated in Figure 1.

 Local Rolling Prediction

As shown in Table 1, GLIP achieved excellent results in local rolling
prediction across the four benchmark datasets. Overall, compared to
neural network methods, GLIP achieved a total improvement of
23.64%. We observed that the improvement tends to be greater
when the O/I is larger. This indicates that GLIP has the ability to
predict long-term data based on short-term data in local rolling
prediction, addressing the challenge of long-term prediction that
traditional methods cannot handle. Figure 2 (d)-(f) showcase the
visualization results of the three datasets when performing local
rolling prediction with the longest output.

 Global Prediction

Global prediction is a distinctive advantage of GLIP, which sets it
apart from neural network-based methods that necessitate an
ample number of training samples and are therefore incapable of
accomplishing global prediction. This implies that neural networks
may not consistently capture the genuine trends of time series from
a macroscopic perspective. In certain scenarios, GLIP can provide a
reference for global prediction, as depicted in Figure 2 (a)-(c).

 Environment and Efficiency

Each of the aforementioned experiments can be completed in a
matter of seconds to minutes on a personal computer running on a
CPU environment. This greatly reduces our computational
requirements. According to the principle of Occam's razor, GLIP
undoubtedly stands as a superior prediction model.

Figure 2

The visualization results depict the prediction of a specific variable
in the ETT, Exchange, and ILI datasets. Figures~(a), (b), and (c)
represent global predictions, while Figures~(d), (e), and (f) illustrate
a slice of local rolling predictions. The labels in the figure hold the
following implications: "Ground Truth" signifies the veritable time
series data; "Global Prediction" denotes the visual representation of
global prediction, aligning with the output outcomes from the global
identification module; "Local Identification" represents the result of
local identification after the weighted combination of global
predictions and local input data; "Local Prediction" encompasses the
outcomes of local rolling prediction; and the red vertical line
demarcates the division between the training set and test set.

 Ablation Experiment
Effect of Sparse Identification: We refer to the absence of the
sparse identification component as Case 1.
Effect of Local Identification Curve: The absence of local
identification curves is denoted as Case 2.
Effect of Storage Basis: Case 3 is designated to represent the
scenario where trend storage bases are absent.

Results for ablation experiments on the Exchange dataset.

Table 2

Local rolling prediction errors in terms of MSE and MAE.

Table 1

Furthermore, considering the structure of GLIP, its efficiency in
learning the local rolling prediction model is essentially
independent of the prediction length. Once the model structure is
determined, it can directly perform predictions without being
affected by the increase in prediction length.

Conclusion
We have provided a detailed account of the GLIP model to global
prediction and local rolling prediction. This breakthrough overcomes
the limitations of traditional methods with a heavy computational
burden and opens up a new direction for long-term prediction.
In future work, we plan to enhance both the scale of the data and
the scope of the predictions. Additionally, we aim to integrate the
identification methods with neural network approaches.
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