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Problem statement



Fractional Brownian motion Problem statement
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Market model
Market model [1]:

Xi(¢)=2"+ [ ¢,du (risky)

J
XP(p) == 2" — / ¢S5, du — / Ad,|"du  (riskless)
0 0

Goal:
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Bsc

Expected Wealth (log scale)
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Model Performance vs Optimal Strategy vs Market Bound

H=0.1, a=2, A=0.01
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Parameters:
H: 0.1

a: 2.0

A: 0.01

Time Horizon T (log scale)
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1st semester

« The code base was rewritten in C from Python [2]

Liquidation strategy is now a linear schedule

Smarter rewards: anticipating liquidation value

Three orders of magnitude speedup (1.5k = 1.5M SPS)

Large-scale hyperparameter search with CARBS [3]

Better performance for fixed time horizons
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Discrete action policy schematic diagram
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Continuous action policy schematic diagram
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Accurate continuous action policy diagram
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Figure 5: Policy network architecture consisting of an observation encoder, recurrent LSTM core, and actor-critic
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output heads [4].
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Analytic strategy vs market bound

Trained policy vs baseline
Hurst=0.1, alpha=2.0, lambda=0.01
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Figure 6: Learnt policy versus asymptotically optimal strategy versus market bound [1].
Each dot represents the mean return of 500 rollouts.
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Analytic strategy vs trained policy

Trained policy vs baseline
Hurst=0.1, alpha=2.0, lambda=0.01
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Figure 7: Learnt policy versus asymptotically optimal strategy versus market bound.
Each dot represents the mean return of 500 rollouts.
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Analytic strategy vs trained policy

Trained policy vs baseline
Hurst=0.1, alpha=2.0, lambda=0.01
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Figure 8: Learnt policy versus asymptotically optimal strategy versus market bound.
Each dot represents the mean return of 500 rollouts.
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Analytic strategy vs trained policy

Trained policy vs baseline
Hurst=0.8, alpha=2.0, lambda=0.01
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Figure 9: Learnt policy versus asymptotically optimal strategy versus market bound.
Each dot represents the mean return of 500 rollouts.
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Analytic strategy vs trained policy

Trained policy vs baseline
Hurst=0.9, alpha=2.0, lambda=0.01
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Figure 10: Learnt policy versus asymptotically optimal strategy versus market bound.
Each dot represents the mean return of 500 rollouts.
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Example rollouts

Invest policy example trading trajectories
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Figure 11: Example rollouts showing only the action — delta riskless units — and the fBm prices for increasing
time horizons. The achieved return is noted in the subtitle of each subplot.
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Example rollouts

T=128, steps=128, terminal=278.6
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Figure 12: Example rollouts zoomed in showing only the action and the fBm prices.
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Autocorrelation of the strategy

Invest policy memory: action vs price vs fGn (T=512)

T=512, n=64
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Figure 13: Autocorrelation of the strategy ¢(t)
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Autocorrelation of the strategy

Invest policy memory: action vs price vs fGn (T=512)

T=512, n=64
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Figure 14: Autocorrelation of the strategy ¢(t)
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Skewed time horizon distribution

Horizon sampling PMF: T = Tin + LlnUP], n =385, U ~ Uniform(0, 1)
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Figure 15: Distribution of time horizons with respect to p [5].
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Skewed time horizon distribution

Horizon sampling PDF: T =Ty, + nU, h = 385, U ~ Beta(a, B)
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Figure 16: Distribution of time horizons with respect to a and 3 [5].
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Usage of Al tools

e ChatGPT - Research and review
« Cursor — Programming
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