Synthetic Data Augmentation For Portfolio Optimization and Financial Forecasting
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rely on historical returns, but limited observations and changing market regimes
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stream performance relative to real-only training and whether regime condition- l ® HMM-Diffusion | regime-conditioned |
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 We compare two approaches: Unconditional Diffusion, which learns one re- i Tuah = 7tq P Xeyn ~ Sy Xeoal in RZ52X10 |
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universe, evaluation periods, and downstream models fixed. So.....Ss Oo=(ecnl}_o, | emission parameters | 10 HMM no Specialist selection Xep ~ Sy X in RE2XT0 |
|
| |
| |
« Downstream utility is evaluated using out-of-sample MVO Sharpe and Calmar i |
ratlos_and the R-squared VO|atI|It¥ forecasts across horizons. Forecasting fea_- ® Unconditional Diffusion i Synthetic Percentage% (F) for MVO input size |
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standardized | 2001-2022 no Cor;j"ioning ! Xaug has the shape of 252 * 10 Xaug has the shape of 504 * 10 Xaug has the shape of 2520 * 10 :
. all |
Research Questions: l | ; i
1.Does synthetic augmentation improve portfolio optimization and financial fore- i |
t. | t t | | d t o ] ] : Solve the same MVO in both arms using Xaug |
cas Ing rela |ve. Orea -Or_] y ata . o ] Regime-free Synthetic Pool ! Evaluate both portfolios on the same realized hold :
2.When does regime-conditioned generation outperform unconditional generation San T |
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Results Conclusions
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Sharpe by % of synth  Portfolio Optimization: In low-volatility windows, increasing the syn-
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