Introduction to Time Series >

» Time series data refers to data recorded in chronological
order, found in various aspects of daily life and industrial
production.

Multivariate Time Series Forecasting aims to predict the next
F future timestamps, formulated as ¥ = < X, 741, -+, X.74F > €
RN*F based on the historical time series X = < X1 Xr>¢€
BN*T with N channels and T timestamps.

> Challenges in Time Series Modeling

» We observe that current distance-based loss functions (such as MSE) have the following limitations:
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» Even when decomposition techniques are applied in the forward propagation, the seasonality and trend within the forecasting horizon are
not effectively modeled, indicating that the inductive bias is not well applied to the predictions.

DBLoss

» We propose a simple yet effective loss function for time series forecasting, called DBLoss, which can refine the characterization and

representation of time series through decomposition within the forecasting horizon.

» The proposed DBLoss is generally applicable to arbitrary deep neural networks with negligible cost. By introducing DBLoss into the

baseline, we have achieved performance that generally surpasses the state-of-the-art on eight real-world datasets.
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Table 2: Comparison between the proposed DBLoss and other loss functions. The model is DLinear
and we report the result of three datasets-ETTh2, ETTm1, and Traffic. The best results are highlighted

Table 3: Zero-shot forecasting results on ETT datasets. The forecasting horizon is 720. The in bold, and the second-best results are highlighted in underline.
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