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Abstract

Time series forecasting is an important research topic in the financial field, with significantimplications
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for improving decision-making efficiency and risk management. This paper proposes and constructs
several time series forecasting models based on the Transformer architecture, including Vanilla Trans-
former, Informer, FEDformer, Autoformer, PatchTST, and TimesNet. Using the closing price of Shanghai
Pudong Development Bank stock as the forecasting target, the paper examines the predictive perfor-
mance of these models under univariate and multivariate inputs. Experimental results show that Trans-
former-based models significantly outperform traditional models (ARIMA and VAR) in terms of pre-
diction accuracy and stability. Among them, the Vanilla Transformer performs the best in univariate
forecasting (MSE = 0.0455, MAE = 0.1480), while TimesNet has the best performance in multivariate
forecasting (MSE = 0.0463, MAE = 0.1513). The study demonstrates that Transformer-based models
have a significant advantage in handling complex time series problems, providing new methods and
references for financial time series forecasting. Future research can further explore the combination
of Transformer with other deep learning technologies to enhance the model’s generalization ability
and practical utility.
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Figure 1. Workflow of Vanilla Transformer
1. Vanilla Transformer B T{ERFE
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Figure 2. Modeling flowchart
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Figure 3. Univariate prediction result diagram
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Figure 4. Multivariate prediction result diagram
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