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Supervised HMM Volatility Regimes — probabilistic blending

Objective: use posterior regime probabilities from the supervised HMM to blend Average Portfolio Weighting Per Strategy
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regime-conditional portfolios to improve stability in turbulent periods while
remaining responsive to volatility shifts.
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1. Extend the volatility-regime model by replacing the supervised HMM

with a Supervised Markov Switching Model, a semi-supervised HMM
(partial labels), or a neural HMM to learn state durations.

2. For pattern recognition beyond FFT, explore wavelets (CWT/DWT),

scattering transforms, EMD-Hilbert spectra, spectrogram features, or
singular spectrum analysis.
3. Hybridize by feeding regime posteriors and time-frequency features
into the GAT as node/edge attributes or using a mixture-of-experts
that gates among sub-portfolios.

A002
A003
A004
A006
A008

Our original dataset contained daily data from 15 benchmark identifiers. Data was oo

converted to log-returns. Data was cleaned by replacing +oo0 by NaN, dropping all-

NaN columns, and removing columns with >40% missing. The models were no13

evaluated on rolling windows of a b-year train period and 1-year test period, A0S
sliding every 30 days. The windows used span from 2009 to 2016.
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Benchmark Identifier Name
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