
Definition: Generative models learn to generate new data samples resembling a given dataset.

What are Generative Models? 

Major Generative Models:

 Explicit Density Models: Estimate probability distributions  (e.g., Gaussian Mixture Models, VAEs).

 Implicit Density Models: Generate samples without explicit  density estimation (e.g., Generative Adversarial Network 

(GAN)s, Diffusion Models).



Explicitly Density Models
A simple form of generative learning is to learn a deterministic function

If                    is invertible,   then we have 

How? 



▸ Data: X — Just data, no labels

▸ Goal: Learn some underlying hidden structure or distribution of the data

▸ Examples: clustering, dimension reduction, feature learning, density estimation, etc.

Unsupervised Learning

▸ Generative models are a subset of unsupervised learning, but not all unsupervised learning 

techniques are generative (e.g., k-means, PCA)

PCA



Emerging Generative Models in 2022-
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Definition: A conditional generative model is a type of generative model that generates new data 

samples based on additional context or conditioning information. Mathematically, it models the 

conditional probability distribution, 

What are Conditional Generative Models? 

Applications: Image-to-Image translation, Text-to-Image generation, Super-Resolution, etc.

We can build a conditional generative model from 

other components!



Why Conditional Generative Models?

Outfilling/Missing Data Imputation

Stanford cs231n

← Generated    Input            Generated →

T1w<---------→T2w

• Infant brain MR images (T1w/T2w)

‒ Low tissue contrast and dynamic 

change in appearance



Fashion Design

Additional Applications
Text to Image



Deep Generative Models

Deep generative models are neural network-based models designed to learn complex data distributions and 

generate realistic synthetic samples that resemble the original training data. These models leverage deep learning to 

approximate the true underlying data distribution.

Common DGMs:

 Deep Belief Networks (DBNs)

 Deep Boltzmann Machines (DBMs)

 Denoising Autoencoders (DAEs)

 Generative Stochastic Networks (GSNs)

 PixelRNN/PixelCNN

 Generative Adversarial Network (GANs)

 Variational Autoencoder



Taxonomy of  Deep Generative Models

Diffusion
Models

Normalizing Flows
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What are Autoencoders?

Autoencoders are neural networks designed for dimensionality 

reduction and feature extraction by compressing and 

reconstructing data. 

They consist of two main components:

❖ Encoder (e): Maps input x to a low-dimensional latent 

space z, where similar inputs have similar latent 

representations.

       e: X→Z,  z=e(x)  with dim(X)≫dim(Z)
❖ Decoder (d): Reconstructs x from its latent representation z, 

mapping back to the original input space.

       d: Z→X and ො𝑥 = 𝑑 𝑧  = 𝑑(𝑒 𝑥 ). 

Illustration of autoencoder (source)

https://avandekleut.github.io/vae/


What are Autoencoders?

Reconstructed

input data

Want features to capture meaningful 

factors of variation in data

Train such that features can be used to 

reconstruct original data “Autoencoding” -

encoding input itself



Autoencoder Latent Space and Its Limitations

Illustration of example latent vectors using the MNIST 
dataset (source)

•Trained on MNIST, the autoencoder clusters 

similar digits in the latent space.

•Decoder can reconstruct images from latent 

vectors, but gaps in the latent space cause issues.

•Generative models aim to produce new samples, 

but disjoint latent spaces in autoencoders make 

some sampled latent vectors meaningless.

•Illustration: In the top-left corner of the latent 

space, unseen regions result in unrealistic 

reconstructions.

•Solution: Variational Autoencoders 

(VAEs) introduce structured latent spaces to ensure 

continuity and improve generative performance.

Key Issue: Autoencoders are great for 

representation learning but struggle as generative 

models due to fragmented latent spaces.

https://avandekleut.github.io/vae/


VAE = Autoencoder + Generative Modeling
• Same structure as a traditional autoencoder:

❖ Encoder: Compresses input into a latent space 

representation, but instead of a single point, outputs a 

probability distribution (Gaussian).

❖ Decoder: Samples from this distribution and reconstructs 

the input.

Key Difference from Traditional Autoencoders

❖ Traditional autoencoders map inputs deterministically to a 

single latent vector z=e(x).

❖ VAEs introduce probabilistic encoding, ensuring smooth and 

structured latent spaces for better generative performance.

Benefit: Enables meaningful interpolation and sampling for 

generating new data! 

Illustration of VAE (source)

What is a Variational Autoencoder?

https://avandekleut.github.io/vae/


Variational Autoencoder as a DGM

VAEs define an intractable density function with latent

Probabilistic spin on autoencoders - will let us sample from the model to generate data!

Assume training data                        is generated from the distribution of unobserved (latent) representation z

Decoder

network

Choose prior p(z) to be simple, e.g. Gaussian.

Conditional p(x|z) is complex (generates 

image) => represent with neural network



How to train VGE?

Learn model parameters to maximize likelihood of training data

We want to estimate the true parameters

of this generative model given training data

Q: What is the problem with this?

Intractable!

Intractable to compute p(x|z) for every z! Monte Carlo estimation is too high variance

Data Likelihood

Posterior distribution

Solution: In addition to decoder network modeling ,    define additional encoder network

Will see that this allows us to derive a lower bound on the data likelihood that is tractable, which we can optimize.



Decoder network gives pθ(x|z), can

compute estimate of this term 

through sampling (need some trick 

to differentiate through sampling).

How to approximate VGE?

This KL term (between

Gaussians for encoder and 

z prior) has nice closed-

form solution!

pθ(z|x) intractable (saw earlier),

can’t compute this KL term. 

But we know KL divergence

always >= 0.



How to approximate VGE?

Tractable lower bound which we can take gradient of and optimize! 

(pθ(x|z) differentiable, KL term differentiable)

We want to

maximize the

data likelihood. 

Encoder: make approximate

posterior distribution. close to prior

Decoder: reconstruct 

the input data

Variational evidence lower bound (ELBO):

Training: Maximize lower bound



Stochastic Optimization of ELBO

Reparametrization Trick:



A Theoretical Example



Real Examples



Normalizing Flow



A Simple Illustration: X->N(0, 1)

It shows that training a normalizing flow 
learns a nonlinear, invertible map that 
turns a complex 𝑥-distribution into a 
near-standard normal 𝑧 -distribution—
making both exact likelihood evaluation 
and generation possible.



Normalizing Flow

A normalizing flow learns a sequence of invertible maps so that data can be transformed into simple Gaussian noise 
(for training and likelihood), and Gaussian noise can be transformed back into realistic samples (for generation).





Expressive Power of  Flow-Based Models
Normalizing flows can approximate a broad class of smooth densities arbitrarily well via invertible transformations 

of a simple base distribution. In practice, their expressive power is governed by architectural constraints required 

for tractable Jacobian determinants (e.g., triangular structure), which can increase the depth needed to capture 

strong cross-dimensional interactions, sharp multimodality, or near-disconnected supports.

Conclusion
The transformed variable

 z = F(x) 
 is uniformly distributed

on the open unit cube (0,1)^D.

Rosenblatt Transformation



Normalizing Flow – Deriving p(x)



Normalizing Flow 

You want 𝑓𝑘to be:
❖ Expressive (can warp distributions a lot), but also
❖ Computationally tractable, meaning:
        inverse 𝒇𝒌

−𝟏 is fast, and 𝒍𝒐𝒈 ∣ 𝐝𝐞𝐭 𝑱𝒇𝒌
∣ is fast.

This is why flows use special architectures that yield 
easy Jacobians.



Autoregressive Flow 



Autoregressive Flow: Transformers 
Affine transformers

Combination-based transformers

Integration-based transformers



Autoregressive Flow: Conditioner
Recurrent conditioners

Coupling layers



RealNVP



RealNVP



RealNVP – important of  good masking
This image illustrates a comparative performance analysis of different coupling layer masking strategies in a 
Normalizing Flow generative model (likely a variant of RealNVP or Glow), trained on a dataset of human faces 
(similar to CelebA). The comparison demonstrates how different spatial and channel-wise partitioning affects the 
model's ability to synthesize coherent global structures and fine details.



Generative Images



What is diffusion model? –generative model

Sidenote: Top3 conferences in AI are NeurIPS, ICML and ICLR.



The history of  generative models
VAE->GAN->Diffusion

VAE → GAN → Diffusion
This summarizes the evolutionary path of generative models—from early variational methods, through adversarial 
training, to diffusion-based architectures, each offering better fidelity, control, and semantic understanding.



Text to Image



Image Resolution



Discrete time diffusion models

• Forward diffusion process q(𝑥𝑡|𝑥𝑡−1), gradually adds Gaussian noise to an image, until you end up with 
pure noise. 

• Reverse denoising diffusion process 𝑝𝜃(𝑥𝑡−1|𝑥𝑡), where a neural network is trained to gradually denoise 
an image starting from pure noise, until you end up with an actual image.

Diffusion models are incremental updates where the assembly of the whole gives us the encoder-

decoder structure.



Variational diffusion models

Initial Block Final BlockTransitional Block



Forward Process

• We define the forward conditional distribution to be Gaussian



Backward Process
The more interesting part is the backward process, which is realized through a chain of denoising operations. 
Each denoising step should be coupled with the corresponding step in the forward process. We try to obtain 
𝑝𝜃(𝑥𝑡−1|𝑥𝑡), so we can generate image 𝑥0 from Gaussian noise 𝑥𝑇. However, the explicit form of 𝑝𝜃 𝑥𝑡−1 𝑥𝑡  
is not available, but we can model it with a Gaussian and try to learn the parameters with neural network:

In the original Denoising Diffusion Probabilistic Model (DDPM) paper, the author assume the variance Σ𝜃 
to be fixed and only 𝜇𝜃 is unknown. In the improved DDPM paper, variance is also modeled.

How to learn the parameters?



Evidence Lower Bound

We can obtain the following decomposition:

The training tries to maximize the likelihood of 𝑥0. 

•Challenge:
• It's not explicitly known. 
• Even though it's assumed to be 

Gaussian, we still require access to 
future samples (𝐱𝑡+1 )to draw the 
current sample (𝐱𝑡 ) , which is 
counterintuitive. 



Evidence Lower Bound
𝐁𝐚𝐲𝐞𝐬𝐢𝐚𝐧 𝐓𝐫𝐢𝐜𝐤. 



Distribution of  Backward Process



𝐿𝑡−1: Tractable term. From Bayes rule:

Model training



Training Diffusion in DDPM
Forward Diffusion in DDPM Training Diffusion in DDPM



Inference in DDPM



Prediction Noise



Model training

So the loss minimization degenerate to noise prediction task, which is minimizing the noise prediction MSE: 

In practice, we can use Unet with time encoding to construct 𝜖.



Denoising Diffusion Implicit Model (DDIM)

It is very slow to generate a sample from DDPM by following the Markov chain of the reverse diffusion process, as T can 
be up to one or a few thousand steps. 

DDIM Rational:

Markov Property: 

•The forward diffusion process is memoryless. 

•Each step only depends on the immediate 

previous step. 

•This can lead to slow convergence. 

DDPM Transition Distribution is defined as 

DDIM Transition Distribution is defined as 



Speed up Diffusion Model Sampling

Can be 
founded in 
improved 
DDPM paper



Conditional diffusion models

❖ The diffusion models introduced so far are all unconditional: they generate realistic samples, but they 
do not allow us to control the content of the output. For example, a model trained on ImageNet can 
generate natural images, but it cannot reliably generate a specific category, such as a cat, on demand.

❖ Unconditional models are useful for demonstrating the generative capability of diffusion models. 
However, to build systems that are practical for users, we need models that can follow instructions or 
conditions. This motivates the development of conditional diffusion models.

❖ Conditional diffusion models are typically divided into two main classes: classifier-guided models and 
classifier-free models. Classifier guidance is relatively easy to apply because it only requires an 
additional pretrained classifier and can be combined with an existing pretrained unconditional diffusion 
model. In contrast, classifier-free guidance requires retraining the diffusion model with conditioning 
information, but it usually provides better performance and has become the dominant approach in 
modern large-scale generative systems.



Conditional diffusion models



Classifier guidance

With bayes rule

Adding noise won’t affect classifying, 𝑝𝜙(𝑦|𝑥𝑡−1) ≈

𝑝𝜙(𝑦|𝑥𝑡−1, 𝑥𝑡)

Apply Taylor expansion

We know that

We have



Classifier Guidance Algorithm
Phase 1: Training Stage Phase 2: Sampling Stage

Time-Dependent Classifier Training

Unconditional Diffusion Model Training



Classifier Free
Phase 1: Training Stage Phase 2: Sampling Stage



Video Generation



Try Yourself

Many diffusion models spaces in 
huggingface, try them yourself!

https://huggingface.co/spaces/openskyml/dalle-3-xl
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