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unevenly sampled
high-d observations

latent low-d
stochastic process

GP conditioned on
interpretable features

〈yyy(ti )〉 = g(Cxxx(ti ) + ddd)dxxx = fff (xxx)dt +
√

ΣdWWWfk ∼ GP(µθ(xxx), kθ(xxx ,xxx ′))
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Variational
Bayesq(xxx , fff ) = qx(xxx) qf (fff )

Gaussian Process DynamicsLatent SDE path

=

∫
P

( ∣∣∣uuu, θθθ) qu (uuu) duuu

N (uuu|mmmu,SSSu)sparse approx.

with inducing variables

dxxx = (−A(t)xxx + bbb(t))dt +
√

ΣdWWW

q(xxx(t)) = N (xxx(t)|mmmx(t),SSSx(t))

ṁmmx = −A(t)mmmx + bbb(t)

ṠSSx = −A(t)SSSx − SSSxA(t)T + Σ

Gaussian approx.

with Markov structure

Archambeau (2007), Titsias (2009)
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