
TABLE III
COMPARISON OF FLIGHT PERFORMANCE FOR EACH RL FRAMEWORK FOR THE DESIRED YAW RATE OF 20 deg/s, QUANTIFIED BY THE ROOT MEAN

SQUARED ERROR (RMSE), IN POSITION, ēx , VELOCITY, ēv , ANGULAR RATE, ēΩ , AND HEADING, ēb1 , ALONGSIDE THE AVERAGE TOTAL FORCE, f̄ , AND
MOMENTS, M̄ . BEST NUMBERS ARE INDICATED IN BOLD.

Framework Environment ēx(cm) ēv(cm/s) ēΩ(deg/s) ēb1 (deg) f̄(N) max |M3|(Nm)

Simulation 14.50 20.04 9.69 4.47 21.49 0.126
Monolithic Policy with MLP

Real World 14.63 18.15 10.28 7.15 22.75 0.134

Simulation 11.08 14.19 7.48 0.35 21.46 0.012
Modular Policies with MLP

Real World 10.95 14.48 9.59 4.46 22.83 0.066

Simulation 9.44 12.50 7.67 1.30 21.43 0.016
Monolithic Policy with EMLP

Real World 9.70 14.91 11.55 5.70 22.68 0.088

Simulation 7.54 10.16 7.02 0.29 21.41 0.012
Modular Policies with EMLP

Real World 8.44 12.52 12.93 4.33 22.99 0.080
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Fig. 7. Real-world flight trajectory of different frameworks corresponding to Table III results. Each plot depicts three laps starting from the same location (red
dot), with the reference trajectory shown as black dotted curves. The yawing errors are visualized using a colormap, where blue hues correspond to smaller
errors and green hues to larger errors.
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Fig. 8. Validation of zero-shot sim-to-real transfer through comparison of simulated (blue dotted lines) and actual (red lines) flight trajectories. Subfigures
(a) show position, velocity, and angular velocity trajectories, while subfigures (b) depict the nine elements of attitude R.
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