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Finding optimal control laws for dynamical
systems, such as legged robots, is particular-
ly challenging due to their nonlinear dynamics
& = f(x,u). If the system instead had linear
dynamics, it would enable the effective design
of globally optimal control policies.

The Koopman generator offers an approach
to exactly linearize these dynamics by lifting
the system into a higher-dimensional space,
resulting in 2 = Az + Bu, using a so-called
observable function v (x) (Figure 1). Unfort-
unately, exact linearization generally requires
1 (x) to be infinite-dimensional. As a result,
any finite-dimensional (i.e., truncated) choice
of ¥ (x) introduces model errors, which we
aim to minimize [1].

Your task is to explore various strategies
for constructing such approximate linear sy-
stems. This includes developing efficient
sampling methodologies and identifying sui-
table observable functions 1) using tools from
machine learning, such as neural networks [2].

To begin, you will implement an autonomous
system (& = f(x)), as illustrated in Figure 1
(preferably in Python). A neural network will
then be used to learn the observable func-
tion 7). Since it is often beneficial in control ap-
plications to maintain authority over physical
states in the lifted space, e.g., to enforce path
constraints, you will explore how these states
can be explicitly incorporated into ) using so-
called physics-informed neural networks.
Finally, you will investigate how this metho-
dology can be extended to nonlinear dyna-
mics with inputs (z = f(x,u)).
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Figure 1: Example of a Koopman Lift
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