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(a) General scheme for arbitrary transitions. (b) One particular example of a latent transition: local
linearity.
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(a) Generative latent walk. (b) Reconstructive latent walk.
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(c) Ground truth (top), reconstructions (middle), generative samples (bottom) from identical initial latent state.
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DVBF-LL DKF
Log-likehood. R? Log-likehood. R?
Dependent sin(¢p) 3900.8 0.961 1737.6 0.929
ground truth  cos(p) 7231.1 0.982 6614.2 0.979
variable @ -11139 0.916 -20289 0.035

Table 2: &5 %%+ B 47 &8k WX L 6g354E .
TR=F#HHX-KLEE
DVBF-LL 79856 802.06  3.50
DKFh 78470 788.58 3.88
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(a) Latent walk of bouncing ball. (b) Latent space velocities.
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