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What is a diffusion model?

Traditional autoregressive language models generate text one word
- or token — at a time. This sequential process can be slow, and limit
the quality and coherence of the output.

Diffusion models work differently. Instead of predicting text directly,

they learn to generate outputs by refining noise, step-by-step. This
means they can iterate on a solution very quickly and error correct
during the generation process. This helps them excel at tasks like
editing, including in the context of math and code.
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More coherent text

Generates entire blocks of tokens

at once, meaning it responds more

coherently to a user's prompt than
autoregressive models.
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Data distribution
(unknown)

A generative model aims to learn the
underlying probability distribution

P(data) of a given dataset. Once

learned, it can be used to generate new
data samples that resemble the original
dataset.

Model distribution

Diffusion and Score-Based Generative Models, Yang Song, 2022-12-12 https://www.youtube.com/watch?v=wMmgqCMwuM2Q



https://www.youtube.com/watch?v=wMmqCMwuM2Q

Data distribution
(unknown)

E‘gm;ﬂ

Pdata(X) is the true probability of x,

based on the actual (but unknown) data
distribution.

- Po(x) describes the model’s learned
Model distribution
.J probability distribution over x,

parameterized by 6. During training, py(x)
IS treated as a likelihood function,

measuring how likely the observed data x

is, under the current parameters 6.

Diffusion and Score-Based Generative Models, Yang Song, 2022-12-12 https://www.youtube.com/watch?v=wMmgqCMwuM2Q
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Data distribution
(unknown)

Optimization objective:

Find model parameters @ to minimize

divergence between data distribution and
model distribution

mgin KL (pdata (0)lpe(x))

Model distribution

Diffusion and Score-Based Generative Models, Yang Song, 2022-12-12 https://www.youtube.com/watch?v=wMmgCMwuM2Q
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Data distribution
(unknown)

Optimization objective:

Find model parameters 6 that maximize the

likelihood of estimating the (expected) data
Maximum Likelihood Estimation (MLE)

m;lX _pdata (x) llog pé’(x)]

Model distribution

Diffusion and Score-Based Generative Models, Yang Song, 2022-12-12 https://www.youtube.com/watch?v=wMmgqCMwuM2Q
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Data distribution
(unknown)

max E, - | logpy)| < minKL (paata (9llpy0)

Model distribution

MLE - Data / Model Divergence J

Diffusion and Score-Based Generative Models, Yang Song, 2022-12-12 https://www.youtube.com/watch?v=wMmgCMwuM2Q
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Data distribution
(unknown)
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Model distribution

Diffusion and Score-Based Generative Models, Yang Song, 2022-12-12 https://www.youtube.com/watch?v=wMmgCMwuM2Q

Data distribution is
extremely complex for
high dimensional data.

How to build a complex
model to fit the data
distribution?
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Gaussian Model - Not sufficiently expressive

Data distribution E’E oo [FEN

(unknown)

Model distribution

Diffusion and Score-Based Generative Models, Yang Song, 2022-12-12 https://www.youtube.com/watch?v=wMmgqCMwuM2Q
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Deep Neural Network - Universal Approximation Theorem
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Diffusion and Score-Based Generative Models, Yang Song, 2022-12-12 https://www.youtube.com/watch?v=wMmgCMwuM2Q
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Generative Model

Taxonomy
Explicit Density Implicit Density
Tractable Density Approximate Density
Autoregressive (AR) Normalizing Flow Variational Diffusion Models Generative Adversarial Energy Based
Autoencoders (VAES) Netwarks (GANSs) Models (EBEMs)

Figure inspired by lan Goodfellow’s, Tutorial on Generative Adversarial /networks, 2017



Generative Model
Taxonmy

A generative model aims to learn the
underlying probability distribution
P(data) of a given dataset. Once
learned, it can be used to generate
new data samples that resemble the
original dataset.

Explicit Density Implicit Density
These models explicitly define a These models do not explicitly define
probability density function pg(x) the density function pg(z). Instead, they

(OF Pmodel (Z)) and aim to
maximize the likelihood of the

training data under this model.

provide a mechanism to sample from the
distribution P(data) directly, often
through a learned transformation.



Explicit Density

These models explicitly define a
probability density function pg ()
(OF Pmodel (X)) and aim to
maximize the likelihood of the
training data under this mode|.

Tractable Density Models Approximate Explicit Density Models
The model pg(x) can be directly The model pg(x) is defined, but it's intractable to
computed and optimized (e.g., via compute or optimize directly. Instead, approximations

Maximum Likelihood Estimation - MLE). or bounds are used.



Tractable Density Models

The model pg(z) can be directly computed and optimized
(e.g., via Maximum Likelihood Estimation - MLE).

Autoregressive Models Normalizing Flow Models
Core Ildea: Decompose the joint probability distribution P(:r:) over
a high-dimensional vector x into a product of conditional Flow-based models: Xt 70 |z | e
probabilities using the chain rule: distributions
P(.’B) — HP(:L’,;|331, NN 17 1).
How it works: Each dimension (or token, pixel, etc.) is generated Core Idea: Transform a simple base probability distribution
sequentially, conditioned on previously generated dimensions. (e.9., Gaussian) into a complex target distribution using a
[ = — z logp 0(33;' | :13<,-) series of invertible and differentiable transformations.
2 / 4
Examples: How it Works: P(x) is computed using the change of

variables formula, involving the Jacobian determinant of the
transformations.

Text: GPT (Generative Pre-trained Transformer), LLaMA,

PaLM, Transformer-XL, RNNs/LSTMs for l[anguage modeling.
Images: PixelRNN, PixelCNN, ImageGPT. Examples: NICE, RealNVP, Glow, Masked Autoregressive

Audio: WaveNet, SampleRNN. Flow (MAF).

Figure from What are Diffusion Models?, Lilian Wang, 2021



Approximate Explicit Density Models

The model pg(x) is defined, but it's intractable to
compute or optimize directly. Instead, approximations

or bounds are used.

Variational Autoencoders (VAES)

VAE: maximize X |—» Encoder | Z

variational lower bound q4(2(|x)

Core Idea: Learn a latent variable model

p(x, z) = p(a|z)p(z). Since the true posterior p(z|x) is

Diffusion Models

Decoder

/ Diffusion models:
- X xo e X1 —» X > —
Po(x|2z) 1 - =

Gradually add Gaussian = == o = = e - ———— S -
noise and then reverse

(Denoising Diffusion Probabilistic Models - DDPMs, Score-Based
Generative Models)

intractable, an approximate posterior g(z|z) (the encoder) is Core Idea: Define a forward "diffusion" process that gradually adds
learned alongside the generative model p(w|z) (the noise to data until it becomes pure noise. Then, learn a reverse
decoder). "denoising" process that can transform noise back into a data

Examples: Standard VAE, B-VAE, VQ-VAE (uses discrete sample.

latent codes).

Examples: DDPM, DDIM, Improved DDPM, Latent Diffusion Models
(e.g., Stable Diffusion), Imagen, DALL-E 2 (uses diffusion for prior
and decoder).

Figure from What are Diffusion Models?, Lilian Wang, 2021



Implicit Density

These models do not explicitly define the density
function pg (m) Instead, they provide a mechanism
to sample from the distribution P(data) directly,
often through a learned transformation.

Generative Adversarial Networks (GANSs) Energy Based Models (EBMs)
H_K - Loss: Contrastive divergence or score-based
GAN: Adversarial < | I rniscriminaﬁr‘“ | Generator S L =Ex ~ Pdata.[Eﬂ(ﬂ:)] — Ex ~ PH[EH(:E)]
training D(x) . G(z) - Often approximated using Maonte Carlo Markov Chains
/ \ (MCMC), Langevin dynamics

Core Idea: A minimax game between two neural networks: a
Generator ((7) and a Discriminator ().

How it works:

- Generator ((z): Takes random noise z as input and tries
to generate samples G’(z) that look real.

Discriminator (1)): Tries to distinguish between real data
samples and fake samples generated by 5.

(7 is trained to fool D, while D is trained to get better at
discriminating. They are trained adversarizally.

Examples: Original GAN, DCGAN, WGAN, StyleGAN, BigGAN,

Figure from What are Diffusion Models?, Lilian Wang, 2021



Aa Milestone

Shannon-style Markov text generators
EM-trained Gaussian Mixture [N OPEN
Latent Dirichlet Allocation (LDA)

Deep Belief Networks & RBMs
Variational Autoencoders (VAE)
Generative Adversarial Networks (GAN)
DCGAN

Pix2Pix / cGAN

PixelRNN

Transformer (“Attention is All You Need"”)
BERT /[ GPT-1

GLOW

GPT-2

StyleGAN

DDPM (Denoising Diffusion)

CLIP + DALL-E 1

VQ-GAN / VQ-VAE-2

Stable Diffusion / Imagen / DALL-E 2
GPT-4 [ PaLM-2 / Claude

Diffusion Transformer (DiT)
Consistency Models

Sora

Runway Gen-2

LLaDA / Diffusion Language Models

MMaDA

# Year

1959

1995

2003

2006

2014

2014

2015

2016

2016

2017

2018

2018

20179

2079

2020

2021

2021

2022

2023

2023

2023

2024

2024

2025

2025

-— Model family

Markov n-gram
Mixture model
Probabilistic topic model
Boltzmann Energy-based
VAE

GAN

GAN

GAN

AR

AR

AR

Normalizing Flow
AR

GAN

Diffusion

VQ-VAE

VQ-VAE

VQ-VAE Diffusion
AR

Diffusion

Diffusion

Diffusion

Diffusion

Diffusion

Diffusion
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Extracting and Composing Robust Features with Denoising
Autoencoders
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Abstract

Previous work has shown that the diffieul-
ties in learning deep generative or discrim-
inative mocels can be overcome by an ini-
tial unsupervised learning step that maps in-
puts to useiul intermediate representations.
We introduce and motivate a new training
principle for unsupervised learning of a rep-
resentation hased on the idea of making the
learned representations robust to partial cor-
ruption of the input pattern. This approach
can be used to train autoencoders, and these
denoising autoencoders can be stacked to ini-
tialize deep architectures. The algorithm can
be motivated from a manifold learring and
information thecretic perspective or from a
generative model perspective. Comparative
experiments clearly show the surprising ad-
vantage of corrupting the input of autoen-
coders on a pattern classification benchmark
suite.

1. Introduction

RBecent theoreticnl studies indicate that dnr.p erchitoe-
tures (Bengio & Le Cun, 2007; Bengio, 2007) may be
needed to efficiently model complex distributions and
achieve betier generalization performance on challeng-
ing recognition tasks. The belief that additional levels
of funetional composition will vield increased repre-
sentational and modeling power is not rew (McClel-
land et al., 1086 Hint.q_:un1 1053: Utguﬂ'fur Sir;t-l;:1|:;:.{i1
2002). However, in practice, learning in deep archi-
Lol ures 1]FI..'_|- [T AL L h‘L! lJ.i.[rL:l_J]‘.. ':"J]-.‘. I!l:l!'l.l..,"'i 1.IIII_]|I'

..'"I.l':II.II.".'ﬂI;tJE' i f'.ll..'l.::e:-lfin:yn r.l_|".|f.|'|:1: 3.7”' Tternetiona Confer-
ence on Machine Learning, Helsirki, Finland, 2008. Copy-
rig}ﬂ. R I:-:.-' the ::.ul-!l.ur{:::ll.-"q_a-“'n.-:'.r|::-::|-.

to poncer the difficul: problem of inference in deep
directed graphical models, due 1o “explaining away” .
Also looking back al the history ol mualii-layver nearal
networks, their difficult optimization (Bengio et al.,
2007; Bengio, 2007) has long prevented reaping the ex-
pected benefits of going beyond one or two hidden lay-
ers. However this situation has recencly changed with
the successful approach of (Hinton et al., 2006; Hinton
& Salakhutdinov, 2006; Bengio et al, 2007; Ranzato
et al., 2007; Lee et al., 2008) for training Deep Belief
Networks and stacked autoencoders.

Ore key ingredient to this success appears to be the
use of an unsupervised training criterion to perform
a layer-by-layer initialization: esach layer is at first
trained to l.ru;rl.]u-r.ﬂ i ||l5ht!: level {lﬁdduu:l Fepresen-
tation of the observed patierns, based on the repre-
sentation it receives as input from the layver below,
by optimizirg a local unsupervised criterion. Each
level produces a representation of the input pattern
that is more abstract than the previous level's, be-
cause it is chtained by composing more operations.
Thieg initialization yi&l-ﬂs f .-‘.L:‘-lrLiIi,[_; I}uihl, from which
a global fine-tuning of the model’s parameters is then
performed using another treining criterion appropriate
for the task at hand. This technique has been shown
empirically to avoid getting stuck in the kind of poor
solutions one typically reaches with random initializa-
tions. While unsupervised learning of a mapping that
produces “good” intermediate representations of the
input pattern seems to be key, little is understood re-
garding what constitutes “good” representations for
initializing deep architectures, or what explicit crite-
ria may guide learning such representations. We know
of only a few algorithms that seem to work well for
this purpose: Restricted Boltzmann Machines (RBMs)
trained with contrastive divergence on one hand, and
various types of autoencoders on the other.

The present research begins withk the question of what

Extracting and Composing Robust Features
with Denoising Autoencoders,
Vincent, Larochelle, Bengio, Manzagol, 2008

“destruction”: for each input x, a fixed number vd of
components are chosen at random, and their value is forced
to 0, while the others are left untouched. All information about
the chosen components is thus removed from that particuler
input pattern, and the autoencoder will be trained to “fill-in”
these artificially introduced “blanks”.

 J

(OOC

Ly(x, zb

fﬂ' _,,-"""‘V t’.\
OO O)e = (OO0O00) (COOCO

Figure 1. An example x is corrupted to X. The autoen-
coder then maps it to y and attempts to reconstruct x.
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