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Wide-spread adoption of unmanned vehicle technologies requires the ability to predict the
motion of the combined vehicles from observations. This ability is especially important when
observing adversary vehicles. While the general prediction of such motion for an arbitrary
control mechanism is difficult, for a particular choice of control, based on symmetry reduction
of an optimal control mechanism [2, 3], the dynamics is given by Lie–Poisson equations. Our
goal is to learn the phase-space dynamics and predict motion solely from observations, without
any knowledge of the control Hamiltonian or the adjacency matrix.

We propose the control optimal Lie–Poisson neural networks (CO-LPNets) for learning Lie–
Poisson systems from data and predicting the dynamics of the system in the future. These
methods learn the mapping of the phase space through the composition of Poisson maps, which
are obtained as flows from Hamiltonians that could be integrated explicitly. CO-LPNets pre-
serve the Poisson bracket and thus preserve Casimirs to machine precision. These methods
are applicable to any Lie–Poisson control systems; to illustrate the prowess of the method, we
apply these techniques towards systems of particles evolving on SO(3)𝑁 group, 𝑁 being the
number of particles, which describe coupled satellite rotation about their center of mass. We
also present the results for SE(3)𝑁 dynamics, applicable to the movement of unmanned air
and water vehicles. We also present some analytical results for the evolution on these groups
extending the computations in [2, 3]. Numerical results demonstrate that CO-LPNets learn
approximate trajectories, received from ground truth solutions, with good accuracy, over hun-
dreds of time steps, with a very limited number of points necessary for learning the phase space
dynamics.

This work is an extension of the earlier results in [1], which is devoted to the data-based
computing of the Lie–Poisson system with the use of LPNets to the problems of optimal control
of collective motion of particles. The novelty of our work, compared to previous results in
this field, lies in learning and predicting the motion of coupled controlled Lie–Poisson systems
using only data-based observations. No information about the type of control, the control
directions, and the number of control dimensions is necessary for learning the whole phase
space and predicting trajectories, as long as the optimal control procedure allows appropriate
symmetry reduction. More precisely, our results learn the flow for any control Hamiltonian,
arising from Lagrangian, which depends only on the controls 𝑢, so that the system admits the
Lie–Poisson symmetry reduction as described in [2, 4]. Note that in our method, we never
compute either the Hamiltonian 𝐻, its gradients, or the equations of motion. Instead, we
compute only the composition of Poisson transformations, reproducing the dynamics in phase
space of some Poisson system, coming from an unknown control Hamiltonian.

Acknowledgements. This presentation is based on the results of PhD dissertation of Sofiia
Huraka, prepared at the University of Alberta, Edmonton, Canada, under the supervision of the
Professor Vakhtang Putkaradze. We are grateful to Melvin Leok, François Gay-Balmaz, Dmitry
Zenkov and Denys Cherhykalo for fruitful and engaging discussions. Sofiia Huraka was mainly
supported by the Vanier Canada Graduate Scholarships (Vanier CGS) awarded by the Natural
Sciences and Engineering Research Council (NSERC). Sofiia Huraka and Vakhtang Putkaradze
were partially supported by the NSERC Discovery grant.

mailto:huraka@ualberta.ca
mailto:putkarad@ualberta.ca


2 S.T. Huraka, V. Putkaradze

References

[1] Eldred C., Gay-Balmaz F., Huraka S., Putkaradze V., Lie–Poisson neural networks (LPNets): Data-based
computing of Hamiltonian systems with symmetries, Neural Networks 173 (2024), article no. 106162,
20 pages, arXiv:2308.15349.

[2] Justh E.W., Krishnaprasad P., Extremal collective behavior, in 49th IEEE Conference on Decision and
Control (CDC), IEEE, 2010, 5432–5437.

[3] Justh E.W., Krishnaprasad P.S., Optimality, reduction and collective motion, Proc. A. 471 (2015), article
no. 20140606, 22 pages.

[4] Krishnaprasad P.S., Optimal control and Poisson reduction, Technical Reports, Institute for Systems Re-
search, 1993, available at https://apps.dtic.mil/sti/tr/pdf/ADA454962.pdf.

https://doi.org/10.1016/j.neunet.2024.106162
https://doi.org/10.1016/j.neunet.2024.106162
http://arxiv.org/abs/2308.15349
https://doi.org/10.1109/CDC.2010.5717300
https://doi.org/10.1098/rspa.2014.0606
https://apps.dtic.mil/sti/tr/pdf/ADA454962.pdf

	References

