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Preliminary: Generative Models

A statistical generative model is a probability distribution 𝑝(𝑥).

scalar probability value 𝑝(𝑥)
A probability distribution

𝑝(𝑥)

It is generative because sampling from 𝒑(𝒙) generates new data points.

……
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Preliminary: Generative Models

You often need some form of control signal (such as a latent variable 𝑧) for generation.

➢ High-dimensional data: Modeling the distribution 𝑝(𝑥) directly can be extremely difficult because the space of 

possible data points is vast and complex, requiring enormous amounts of data and may not generalize well.

➢ Latent structure: Data typically has underlying patterns and features. These latent factors are not directly observable 

in the data,  but using a control signal allows the model to encode these underlying structures.

The data distribution 𝑝(𝑥) can be factorized through the control signal 𝑧. It’s often useful to condition on rich 

information z. 

The model splits the task of generating data into two parts: 1) generating the latent variable 𝑧, and 2) generating data 𝑥
conditioned on that 𝑧. 

This allows the model to disentangle factors of variation in the data (e.g., shape, color, orientation) and represent 

them explicitly in the latent space.
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Preliminary: Generative Models

With probability distribution 𝑝 𝑥 , we can

➢ Generation: Getting new samples from 𝑝 𝑥 .

➢ Density Estimation: 𝑝 𝑥 should be high if 𝑥 is in distribution.

➢ Unsupervised Representation Learning: Learn what images have in common; e.g. ears, hair colors, etc..

Image: https://deepgenerativemodels.github.io/syllabus.html
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Preliminary: Discriminative vs. Generative

Discriminative: classify bedroom (B) vs. dining room (D)

We are interested in learning the conditional probability:

𝑃(𝑌 = 𝐵𝑒𝑑𝑟𝑜𝑜𝑚 | 𝑋 = )

Image: https://deepgenerativemodels.github.io/syllabus.html

Generative: generate 𝑋.

𝑌 = 𝐵, 𝑋 =

The input 𝑋 is not given. Requires a model of the joint 

distribution over both 𝑿 and 𝒀.

We are interested in learning the joint probability:

𝑃(𝑌 = 𝐵𝑒𝑑𝑟𝑜𝑜𝑚 ,𝑋 = )
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Preliminary: Discriminative vs. Generative

Discriminative: 𝑌 is simple; 𝑋 is always given, so not need 

to model 𝑃(𝑋). Therefore, it cannot handle missing data or 

generate new data.

Generative: We generate new 𝑋. Therefore, we need to 

model the complex distribution 𝑃(𝑋).  

The conditional probability and the joint probability are related by the Bayes’ Rule.
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Preliminary: Distribution of Data

The MNIST consists of grayscale images with pixel values between 0 and 255. We can normalize them to [0,1].

➢ Each MNIST image can be represented as a 784-dimensional vector (28 × 28 pixels).

➢ After normalizing, each pixel's value represents the probability that the pixel is on (1) or off (0). We model each pixel 

as an independent Bernoulli random variable. 

Each pixel is modeled as an independent Bernoulli random variable, the joint distribution is the product of 784 

Bernoulli distributions.

Note: Obviously, pixels are not independent, but we make this assumption.

Goal: Learn a probability density 𝑝 𝑥; 𝜃 that is close to 𝑝 𝑥 that is observed from data. In other words, if we sample 

from 𝑝 𝑥; 𝜃 , the sample should look like a digit.
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Preliminary: Entropy, Cross Entropy, and KL Divergence
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Preliminary: Entropy, Cross Entropy, and KL Divergence

All the properties can be proven. Here is an example.
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Variational Autoencoder

Image: https://lilianweng.github.io/posts/2018-08-12-vae/

High-level idea:

➢ Auto-encoder: we do not know how to generate new data.

➢ Variational AE: Enforce the latent variable to follow some distribution so that you can generate new samples 

conditioned on random samples from that distribution. The loss consists of two parts: 

1) reconstruction loss. 

2) KL divergence between the distribution of your latent distribution and the assumption distribution. 
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VAE Formulation
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VAE Formulation
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VAE Formulation
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VAE Formulation
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Recap: The Reparameterization Trick
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VAE Formulation
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VAE Formulation

Image: https://deepgenerativemodels.github.io/syllabus.html



Image made based on: https://deepgenerativemodels.github.io/syllabus.html; https://www.compthree.com/blog/autoencoder/

Input Image Reconstructed Image

Reparameterization 

Trick to Sample 𝑧
𝑧
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