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Variational Autoencoders

VAE:s fall in the class of likelihood-based models. The goal is to learn
a model py(x) that is close to the true distribution pga¢,. This is done
by maximizing the likelihood of the observed data under the model,

ie. maxg Ex~py,, [ log pe (x)} i

Evidence Lower Bound

Given a latent-variable model, z — x, we have an alternative objective
to maximize the likelihood of the data, i.e. maxg Ex~p,,, [log pg(x)}
In particular, consider the expression

log po(x) = log [ polx,z)dz
=10 | poxl2)p(z)dz
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Diffusion models are a class of generative models that are muli-
step, meaning that they perform multiple steps (say T) of inference.
In particular, diffusion models are composed of two phases:

* Forward: In this phase, we start from samples from the real dis-
tribution and iteratively add noise to the samples. In particular,
starting from Xp ~ Pgata We have:

1) = N(VBr-1xt-1, (1= pr-1)I)

of the distribution is a function of the step f,
and the vari ases as we move forward in time. A typical
example 3 of this would be linearly increasing from By = 10~* to
Br=002.

« Reverse: Sampling from the diffusion model is done by starting
from a sample from our target distribution (e.g. isotropic Gaus-
sian) and iteratively denoising the noisy inputs. In the Markov
chain illustrated in fig. 4 this corresponds to starting at x7 and
‘moving backwards in time, such that x is the denoised sample.
Performing this denoising step, however requires us to estimate

q(x;—1|x¢) which is not tractable. Instead, we perform a vari:
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