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Figure 1: A Variational Autoencoder graphically represented. Here, encoder ¢(z|z) defines a distribution

over latent variables z for observations «, and p(x|z) decodes latent variables into observations.
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Figure 2: A Markovian Hierarchical Variational Autoencoder with 7" hierarchical latents. The generative
process is modeled as a Markov chain, where each latent z; is generated only from the previous latent z; .
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Figure 3: A visual representation of a Variational Diffusion Model; x( represents true data observations such

as natural images, 7 represents pure Gaussian noise, and x; is an intermediate noisy version of xy. Each
g(x¢|zi—1) is modeled as a Gaussian distribution that uses the output of the previous state as its mean.
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Figure 6: Visualization of three random sampling trajectories generated with Langevin dynamics, all starting
from the same initialization point, for a Mixture of Gaussians. The left figure plots these sampling trajectories
on a three-dimensional contour, while the right figure plots the sampling trajectories against the ground-
truth score function. From the same initialization point, we are able to generate samples from different
modes due to the stochastic noise term in the Langevin dynamics sampling procedure; without it, sampling
from a fixed point would always deterministically follow the score to the same mode every trial.
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