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Abstract

Institutional reserve is one of the important indicators for evaluating the stability and solvency of
financial institutions. Accurate prediction of changes in payment institution reserves is of significant
value for risk management and regulation by regulatory authorities in the context of centralized
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custody of reserves for third-party payment institutions. This paper proposes a prediction model for
institutional reserve based on LSTM, Transformer, and LightGBM. The LightGBM model is utilized to
extract key features of transaction logs, because tree-based model is fast and accurate in tabular da-
ta. The Transformer model is utilized to capture the local features of financial documents with its
ability to model global context. Lastly, the LSTM algorithm is employed to capture the long-term de-
pendencies of the combined data. Experimental results demonstrate that the proposed algorithm
outperforms ARMA, LSTM, and Transformer models in predicting institutional reserves.
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Figure 1. Principle of histogram statistics in LightGBM
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Figure 2. Structure of Transformer Encoder
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Figure 3. BERT single-sentence classification model
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Figure 4. My Transformer model architecture
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Figure 5. LSTM specific structure
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Figure 6. LSTM hidden layers structure
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Figure 8. Overall architecture of my institutional reserve prediction model
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Figure 9. Growth trend on Institutional reserve
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Figure 11. Impact of weekly cycles on Institutional reserve
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Figure 12. Impact of annual cycles on Institutional reserve
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