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A. Summary of the proposed framework

Motivation

* In portfolio optimization, stable performance is important when
employing the strategy at real investments. However, previous

deep learning-based portfolio optimization strategies exhibit

Instablility due to non-convex loss and random initialization.

Contribution

* | propose Semi-Decision-Focused Learning, which
reformulate portfolio optimization problem as supervised
earning, using cross-entropy loss as a loss function and
nypothetically optimal portfolio as a target.
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B. Backtesting Performances
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« | also apply Deep Ensemble by averaging multiple prediction
from independently-trained models to make the output portfolio
stable and robust.

CR: Cumulative Return
SHR: Sharpe Ratio
SOR: Sortino Ratio

C. Backtesting Performance Visualizations
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