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Conclusions and Future Directions
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This study supports the following conclusions:
» Reward function design was the dominant determinant of
test-period performance-- more impactful than choice of
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Figure 2. Various performance metrics for each model. Total return (A) measures the cumulative increase of an |
agent's portfolio over the test period. Sharpe Ratio (B) measures return relative to volatility- higher values indicate " Spectral features added to the observation space alone
A Simple Raw g MLP 8-64-64 better risk-adjusted performance. Maximum drawdown (C) is the largest peak-to-trough decline in portfolio value provided no benefit-- Conditions A and B achieved identical
Return Momentum over the evaluation period. Sharpe Ratios (0.62) despite differing feature sets
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D ?ﬁ%crtr;ae'g/ Spectral 4 MLP 4-64-64 Spectral features alone had no benefit. Conditions A and B (simple reward) achieved the same Sharpe Ratio (0.62), = Test whether spectral reward benefit persists in shorter-
demonstrating that frequency-domain observations without an adapted reward signal provide no additional benefit. horizon or higher-volatility market conditions
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Table 1. Summary of model conditions (A-F) under test.
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