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Research Question: Can novel neural network architectures be leveraged to reduce the computational cost of DFT simulations by learning linear 
representations of energy-minimizing dynamics?
Concept and Progress: Computational material design is infeasible on large scales due to high computational
cost of DFT simulations. If a method could be found that would enable fast, accurate learning of the complex
dynamics involved, the design process could be made much more feasible. The Koopman operator has
recently garnered significant attention for its ability to linearize complex dynamical systems [1]. Learning the
eigenfunctions for a dynamical system allows the system to be lifted into a measure space, where a linear
operator exists to represent the original nonlinear system, thus allowing fast prediction of system
convergence and stability. This project extends the SOTA studies on Koopman spectral analysis to energy-
minimizing dynamics (e.g., gradient-based optimization processes), and compares the efficacy of the resulting
learning architecture with the SOTA methods for learning nonlinear dynamics, i.e., Neural ODE (NODE) [2].
The developed learning method was compared against the NODE on two toy cases.
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Figure 1: Diagram of network architecture. The network is made up of an encoder that learns the Koopman eigenfunctions 
that transform a dynamical system into a measure space where it possesses linear dynamics, which are learned in the middle 
of the network to advance the state forward in time before the system is decoded back into its original space. 
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•Our empirical study suggests that the learning of more complicated dynamics requires 
regulation of longer-term dynamics.
•It is yet to be understood whether and how the dimensionality of the measure space is 
connected to the prediction accuracy.
•These questions will be investigated with future work.


