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Recap: Generative models

Generative models

e Learn a distribution over a
dataset.

e Map between noise and data.

e Noise (prior) can be different
dimension to data.

Discriminative modelling Generative modelling
lassificati gression) pling, density estimation)
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Recap: GANs

Definition: generative adversarial networks

A generative adversarial network (GAN) is a
non-cooperative zero-sum game where two
networks compete against each other [1].

One network G(z) generates new samples, A . w ‘)/(

whereas D estimates the probability the sample }
was from the training data rather than G: ]

: real
min max V(D, G) = Ex~py,., (x) [log D(x)]

+ Eznp, () [log(1 — D(G(2)))]-
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Recap: GANs

GAN properties

GANSs benefit from differentiable data
augmentation, but are otherwise have a variety
of issues:

e Non-convergence
Diminishing gradient
Difficult to balance
Mode collapse

Link to Colab example ('
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https://colab.research.google.com/gist/cwkx/74e33bc96f94f381bd15032d57e43786/simple-gan.ipynb

Reflection

The generative modelling trilemma
(empirical observation)

Question: the trilemma? ,
Quality

e They are fast (quick to sample) Expressivity

e They have very poor coverage Capacity

e They have excellent quality
...2/3 ain't bad. Steps

Time Fit
Depth Coverage
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Autoregressive generative models

Definition: autoregressive (AR)

generative models (e.g. chatGPT) dog sat on and

AR models maximise the likelihood of the
training data (excellent mode coverage):

po(x) = po(z1, .. Hpe zi|z1, .., Tiz1)

the «cat sat mat

This is slow due to the sequential nature
defined by the chain rule of probability.
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Today: Diffusion probabilistic models (DPMs)

Definition: diffusion probabilistic
models (DPMs)

Instead of modelling a sequence of words,

model a diffusion of noise in the data space.

Define a forward (diffusion) equation:

po(x0:7) = p(x1) | | Po(xi—1|%2),

=

t=1

which can be reversed to sample the model:

T
q(x1:7|x0) = Hq Xt |Xt—1)
=il

This also requires a long iterative
transformation process.

Forward SDE (data — noise)
dx = f(x,t)dt + g(t)dw 4)@
dx = [f(x, t) — gz(t)vx logpt(x)} dt + g(t)dw @

Reverse SDE (noise — data)
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Reflection

The generative modelling trilemma

: (empirical observation)
Question: where are these in the
trilemma? Quality

e They are slow (lots of iterations) Express!vr[y
Capacity
e They have excellent coverage

e They have excellent quality

Steps )
Time Fit
Depth Coverage

...I'd do anything for 3/3...
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Manifold definition v

Definition: manifold Example: manifolds

A manifold is a topological space that locally
resembles Euclidean space
e topological manifold

o differentiable manifold
e Riemannian manifold

< >

Definition: embedding

An embedding is a function ¢ that maps a
manifold M to a new manifold A/ in an
injective way that preserves its structure:

o M—N

Manifold charts by KSmrq, distributed under CC. UV mesh example by Antony Ward. 10/25



Energy-based models definition

ostnitor cresea mooe:

Definition: energy-based models

These are just any function that is happy
when you input something that looks like
data, and is not happy when you input
something that doesn't look like data.

\ 7 "I'I"”
B(x)=0 v W i
Ex)>0 X
This generic definition fits a large majority of

machine learning models. For example
L(E(x),y) (a classifier)
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Energy-based models GANs as energy-based models

Definition: energy-based models GAN energy

GANSs are also energy models. The generator
G generates samples off the manifold, then
the descriminator D says these should be
one everywhere, whereas it says real
samples should be zero everywhere.

The generator also has to get good at
sampling points on the data manifold. So it
has to learn to generate points in the valley
regions.

Is this smooth? What does a 1-Lipschitz
discriminator do to the energy landscape?
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Energy-based models clustering as an energy-based model
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Definition: clustering algorithm

A cluster is a connected-component of a
level-set of the unknown PDF over our data
observations.

Traditionally:

e We don't know the PDF (the energy
landscape)

e We don't necessarily know the level set
e although 0.5 is appropriate for BCE
e This can be expensive (deep learning)

Click to watch a video that visually explains
from the definition @
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https://youtu.be/AgPQ76RIi6A?t=493

Energy-based models softmax and softmin

Definition: softmax and softmin

Softmax and softmin functions rescale elements to be in the range
[0, 1] and such that they sum to 1. So they create a probability mass

function, e.g.:
1.3 0.0027
7.2 o7 0.9858
24| - —x—— — |0.0081
05|  25=1¢" 100012
1.1 0.0022

Softmax functions are widely used (not just for EBMs) where a
distribution is needed, such as the last layer of a classifier.
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Energy-based models exact likelihood

Energy increases off manifold

Challenges: energy-based models

EBMs are based on the observation that any
probability density function p(x) for x € R"

can be expressed as:
—E(x)
(2
p(x) = ——%
Jrex € F®

energy

where E(x) : R™ — R is the energy function.
However computation of the integral is
intractable [2] for most models.
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Boltzmann machines definition

Definition: Boltzmann machine Example: Boltzmann machine

Boltzmann machines [3] are one of the They are an energy model which just have
earliest neural networks for modeling binary visisble layers v1,va, ..., v, (inputs) and
data. They can associate the probability of hidden layers h, ha, ..., hn (N0 oUtpULS):
the visible vectors v using finite summations:
B Zh e—BEG (v,h) h2
pQ(V) - Z~ Eh e—BEq(V,h) / \
v h3

They are typically trained via negative \ /
log-likelihood through contrastive
divergence, where the weights are updated: v —U2

> 9lnp(x) Epy[vh"] — E,_ . [vh"] This example Boltzmann Machine has 2

v Owij visible units and 3 hidden units.
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Boltzmann machines restricted and deep Boltzmann machines

Definition: RBMs and DBMs Example: RBM

Restricted Boltzmann Machines (RBMs) and RBMs have a restricted architecture
Deep Boltzmann Machines (DBMs) are architecture so that there are no
Boltzmann machines with a more restricted connections between hidden units:

(bipartite) graph structure [4]. DBMs have

additional hidden layers. hi _ hy - _hn
That means that the visible units conditional /MM
U1 V2 V3 Whp,

on the hidden units become independant,
which makes training these straightforward

In practice. DBMs are like the above, but with multiple
Link to Colab (7' Good YouTube talk © hidden layers between.
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https://colab.research.google.com/gist/cwkx/6b2d802e804e908a3ee3d58c1e0e73be/dbm.ipynb
https://www.youtube.com/watch?v=uju4RXEniA8

Diffusion-based approaches denoising diffusion probabilistic modelling pﬁ“;

Example: CIFAR10 samples from [5]

Diffusion probabilistic modelling
MY YA Yy e s s A HERE
Diffusion probabilistic modelling approaches
(such as DDPMs [5]) typically have a U-Net
shaped architecture:

Data is gradually diffused in a forward
process for T" timesteps until it approximates
the prior distribution.

The reverse process gradually removes
noise, e.g. starting at p(xr) = N (xr;0,I) for
T timesteps.

Like GANs, inject quality conditionals for
better samples! (DALL-E 3, Stable Diffusion).
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DDPM implementation covered in the practicals

Algorithm 1 Training

1: repeat

2t xo ~ q(xo)

3: t~ Uniform({1,...,7T})

4: e~ N(0,I)

5:  Take gradient descent step on

Vo ||e — €o(varxo + V1 — e, t)”2

6: until converged

Algorithm 2 Sampling
)
algorsthn 1 ir (sim; ) 1: xp ~ N(0,I)
o Coten ranalac (1, T, (r.napei0l,)):concevice] 2 fort=T,...,1do
¥ :;L:f:“;@é?;*kr e 3 z~N(0,I)ift > 1,elsez=0
. _ 1
4 x4 = = (xt — ﬁeg(x(,t)) + 0z
ey s(ere) 5: end for
ize).to(device) if i > 1 3 6: return xo

i, eps, z, i)
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Flow matching [6] defines a simpler ODE
between prior and data distribution:

d{Et

E = 'Ug(ft,t), b E [0, 1]

where zg ~ N (0,I) (noise) and 1 ~ pyata
(data) and z; is e.g. a linear interpolant:
ze = (1 — t)zo + tx1

The model learns to predict velocity fields
(z1 — mo) by minimising:

L = Eaga.¢ [[lvs(ze, t) — (@1 — 0)|]

Theory: Straight (optimal transport) paths

in the transition space = simpler and faster.

Flow matching straight transition paths via optimal transport

Definition: Flow matching
Comparison: straight vs. curved paths

Flow Diffusion

Flow matching learns direct paths through
the probability landscape, while DDPMs
follow noisy diffusion trajectories.

Link to Colab example (&'
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https://colab.research.google.com/gist/cwkx/3d85c2125cf2a93d6fe1bec12f7ded23/minimal-flow-matching.ipynb

Diffusion-based anomaly detection

Simplex

Diffusion-based anomaly detection

Like GANs, diffusion-based models work
well for anomalies (great for small datasets).

e Do a partial diffusion
e Train only on healthy/normal data

Gaussian

e Abnormal denoising will only know
how to make the data look normal

e Any error = surprise = anomalies

Our paper, AnoDDPM [7] (CVPR NTIRE), uses
simplex noise to capture multi-scale
anomalies. See also UNIT-DDPM [8]
(unpaired translation).

Anomalies

Link to project page &
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https://julianwyatt.co.uk/anoddpm

Hybrids vector quantization

Vector quantization

>
~

|
@~ X

Imposing a discrete prior on the latents can
be achieved with either variational or

adversarial (non-blurry) approaches. Above: vector quantisation. Below:

shift mode collapse to perceptually
Categorical =01 =05 =10 7=10.0 unlmportant parts of the Slgnal.

I N RN -

category

sample  expectation

The Gumbel-Softmax distribution
interpolates between discrete
one-hot-encoded categorical distributions
and continuous categorical densities.
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Our hybrids [9, 10] megapixel image generation

~
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