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Problem setting: Learning Latent-space Dynamics o TS

World models
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Limitations of Existing Latent-space Dynamic Models * g ProceSSaSaTES

x No (global) x No interpretation x No closed-form
as

stability guarantees a mechanical system control policy
— only RL, MPC, etc.
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Coupling 1D Harmonic Oscillator Units via a g PROCNIEE
Neuron-like Potential
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+ (K — k)x + (D — d)z + tanh(Wz + b) = g(u)



Learning Latent-space Dynamics with Coupled Oscillator
Networks
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Results for Learning Latent Dynamics from Pixels 2, NEURAL NFORMATION
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Priors to the Rescue: ify
Benefits of Coupled Oscillator Networks

o e -\
W Latent dynamics W Shared stability ' W Allows for closed-form
have mechanical characteristics between model-based control
interpretation the original and latent in latent-space through

system (GAS / ISS) potential shaping
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Exploiting Coupled Oscillator Networks for Control e

Potential shaping Physical system
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Results: Latent-space Control
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Conclusion ey

Summary:

Proposed a new oscillatory network that is Input-to-State (ISS) stable.

Leveraged the Coupled Oscillator Networks for learning latent dynamics
from pixels.

B2 The structure of the latent dynamics can be exploited for stability
analysis & model-based control.

Priors: shared characteristics between full- and reduced-order system
= Both systems are mechanical with energy-like expressions.
= Both systems exhibit a single, isolated equilibrium.

= Both systems share stability guarantees: Global Asymptotic Stability
(GAS) & Input-to-State Stability (ISS).
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