Inferring
Latent Brownian Dynamics andtheir Emission Functions
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many complex systems exhibit Brownian dynamics
on free energy landscapes. However, the underlying state of the dyn-
amics is often hidden: only an indirect, noisy emission is observed.
Using Bayesian inference, we show we can jointly reconstruct the O
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shape of the landscape and the state-to-emission function from
observed emission trajectories, without assuming any model-spec-
ific functional form (i.e. any arbitrary function shape).
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Through constant pH MD, we simulated
proteins with dynamic protonation. The
pKa of a residues is not always constant, but
can change depending on the conformation
of the protein.

We use the change in protonation free energy,
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Besov Regularity Classes

Besov classes are parametric classes of functions with given smoothness and regularity.
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- Modelling ENSO
-2 ENSO is a three-phase climate pattern
-3 driving global weather variability, with sea 20
-a surface temperature in the Pacific as its
50 -25 00 25 50 -50 -25 00 25 50 -50 -25 00 25 50 defining signature. To infer the underlying ©
Lassas et al, 2000 Mallat, 2000 dynamics, we use the normalized baro- 10

metric pressure difference between Tahiti
and Darwin as our observable, recorded since
1866 and known to be linked to ENSO state. 0.0

Discretization-invariant Bayesian inversion and Besov space priors A Wavelet Tour of Signal Processing
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Trajectory splitting [- Waveform relaxation filtering The inferred latent trajectory closely tracks the ONI sea surface temperature index, which is
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