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interpretability:
» stability analysis

> locally linearised dynamics
> ...
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GP conditioned on
interpretable features
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fi ~ GP(uo(x), ka(x,x"))

latent low-d
stochastic process

~

time

dx = f(x)dt + VZdW

unevenly sampled
high-d observations

el [ %

bl g m‘m\"‘

MW

I

e

ot L L “t“ YN
\
(4

time

y(t)) = g(Cx(t;) +d)



Variational
q(x, f) = qu(x) g¢(f) aggyugsna

Archambeau (2007), Titsias (2009)



Variational
q(x, f) = qu(x) g¢(f) aggyu;na
N

Archambeau (2007), Titsias (2009)



Variational
q(x, f) = qu(x) g¢(f) aggyu;na
N

Gaussian Process Dynamics

u,0> qu (u) du

sparse approx. N(ulmy, S.)

with inducing variables

Archambeau (2007), Titsias (2009)



q(x, f) = qx(x) gr(f)
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Variational
Bayes
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Latent SDE path
dx = (—A(t)x + b(t))dt + VZdW
q(x(t)) = N (x(t)|mx(t), Sx(t))
m, = —A(t)my + b(t)
Sy =—A(t)S, —SA(H) T+ X

Gaussian approx.
with Markov structure

Gaussian Process Dynamics

u,0> qu (u) du

sparse approx. N(ulmy, S.)

with inducing variables

Archambeau (2007), Titsias (2009)
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