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= More images and animations

= Follow-up work: Density Guidance
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Figure 1. Our novel augmented SDE allows for density tracking for no extra cost. I‘SCAN‘I

Figure 4. log po(xg) estimates correlates with amount of detail.

Watch out for the bias! = Explicit control of log py(x() even for stochastic sampling!
. = Theoretical analysis of temperature scaling through the
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= Equation 1 correctly estimates log piP¥(xo);
= Equation 2 provides a biased estimate ry = log p;P"(xg) + X, where
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NLL = —3.65 NLL>7—7—6 26 NLL = —7.98 NLL = —10.41
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Figure 5. Adding blur to an image monotonically increases its estimated density.
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