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Can it modify?

Gatys, Leon & Ecker, Alexander & Bethge, Matthias. (2015). A Neural Algorithm of Artistic Style. arXiv. 10.1167/16.12.326.



Generation?

Karras, Tero & Laine, Samuli & Aila, Timo. (2019). A Style-Based Generator Architecture for Generative Adversarial Networks.
4396-4405. 10.1109/CVPR.2019.00453.
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Examples

e teddy bears working on
new Al research on the
moon in the 1980s

generated from dalle-2




Examples

e Avocados dancing,
drinking, singing and
partying at a Hawaiian
luau

generated from dalle-2
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generated from midjourney



https://www.midjourney.com/

Problem Statement

e Given adataset coming from distribution: p(x), where x is a datapoint, we
want a model f, that can create new objects with the same distribution
e f(z)—x,s.t xcomes from p(x)
o Unconditional
m seedzsampled from noise
o Conditional
m zsampled from another distribution p(z)



GAN: Adversarial Discriminator Generator

training D(x) G(z)

Generative Models

VAE: maximize b Dec(ocllen)'
iati x|z
°® V AES variational lower bound Po

e GANSs

o -
FIOW based Flow-based models: Inverse
M Odels Invertible transform of

distributions
e Diffusion Models

Diffusion models: .
Gradually add Gaussian e - [«
noise and then reverse

Weng, Lilian. (Jul 2021). What are diffusion models? Lil’Log. https://lilianweng.github.io/posts/2021-07-11-diffusion-models/.



VAEs

Pros Cons

e Access and easy manipulation of e The fidelity of generated points it
latent space. low.

e Good for controlling outputs
e Fastinference

VAE: maximize x Encoder

Decoder

variational lower bound

q4(2[x)

po(x|z)




GANSs

Pros

e High fidelity images.
e Fastinference

GAN: Adversarial ! X
training

Cons

e Trickytotrain
e Latent spaceisn’t accessible,
difficult to manipulate

Discriminator Generator

Y

\

D(x) G(z)




Normalizing Flows

Pros Cons

[1]



Diffusion Models

Pros Cons
e High fidelity. Even better than e Slow Inference
GAN:Ss. e Costlytotrain
Diffusion models: X0 . X1 - X0 =
Gradually add Gaussian b ey [Ess——————— S SRl
noise and then reverse

———— i —

(1]
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Diffusion Models



Idea

e Forward Process (perturbing) (~Increasing
entropy) —
e Reverse Process (denoising)

Image: Moussa / Public Domain



Idea

e Forward Process (perturbing)
e Reverse Process (denoising) (~decreasing noise)

—

Image: Moussa / Public Domain



the reverse process seems impossible?

e atthe macroscopiclevel yes,
seems impossible

e Theideaisthatentropy
increases in a systemon a

macroscopic level.
o example: Energy dissipates
from hot food.
o counterexample: A cold dish,
spontaneously turns hot.

Getty Images/iStockphoto



the reverse process is possible, but improbable.

Second law broken | Nature

~ entropy decreased and was
observed in microscopic
experiments. “breaking the second
law of thermodynamics”

Go over: Entropy Explained, With Sheep

Getty Images/iStockphoto


https://www.nature.com/articles/news020722-2
https://aatishb.com/entropy
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Abstract

A central problem in machine learning involves
modeling complex data-sets using highly flexi-
ble families of probability distributions in which
learning, sampling, inference, and evaluation
are still analytically or computationally tractable.
Here, we develop an approach that simultane-
ously achieves both flexibility and tractability.
The essential idea, inspired by non-equilibrium
statistical physics, is to systematically and slowly
destroy structure in a data distribution through
an iterative forward diffusion process. We then
learn a reverse diffusion process that restores
structure in data, yielding a highly flexible and
tractable generative model of the data. This ap-
proach allows us to rapidly learn, sample from,
and evaluate probabilities in deep generative
models with thousands of layers or time steps,
as well as to compute conditional and posterior
probabilities under the learned model. We addi-
tionally release an open source reference imple-
mentation of the algorithm.

1. Introduction

Historically, probabilistic models suffer from a tradeoff be-
tween two conflicting objectives: tractability and flexibil-
ity. Models that are tractable can be analytically evaluated
and easily fit to data (e.g. a Gaussian or Laplace). However,
Proceedings of the 52™ International Conference on Machine

Learning, Lille, France, 2015. JIMLR: W&CP volume 37. Copy-
right 2015 by the author(s).

JASCHA @ STANFORD.EDU

EAWEISS @BERKELEY.EDU
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SGANGULI@STANFORD.EDU

these models are unable to aptly describe structure in rich
datasets. On the other hand, models that are flexible can be
molded to fit structure in arbitrary data. For example, we
can define models in terms of any (non- negaive) function
6(x) yielding the flexible distribution p (x) = 2%, where
Z is a normalization constant. However, computing this
normalization constant is generally intractable. Evaluating,
training, or drawing samples from such flexible models typ-
ically requires a very expensive Monte Carlo proce

A variety of analytic approximations exist which amelio-
rate, but do not remove, this tradeofffor instance mean
field theory and its expansions (T, 1982; Tanaka, 1998),
variational Bayes (Jordan et al., 1999), contrastive diver-
gence (Welling & Hinton, 2002; Hinton, 2002), minimum
probability flow (Sohl-Dickstein et al., 2011b;a), minimum
KL contraction (Lyu, 2011), proper scoring rules (Gneit-
ing & Raftery, 2007; Parry et al., 2012), score matching
(Hyvirinen, 2003), pseudolikelihood (Besag, 1975), loopy
belief propagation (Murphy et al., 1999), and many, many
more. Non-parametric methods (Gershman & Blei, 2012)
can also be very effective’.

1.1. Diffusion probabilistic models

We present a novel way to define probabilistic models that
allows:

1. extreme flexibility in model structure,
2. exact sampling,

'Non-parametric methods can be seen as transitioning
smoothly between tractable and flexible models. For instan
a non-parametric Gaussian mixture model will represent a small
amount of data using a single Gaussian, but may represent infinite
data as a mixture of an infinite number of Gaussians.

arXiv:2006.11239v2 [cs.LG] 16 Dec 2020

Denoising Diffusion Probabilistic Models

Jonathan Ho Ajay Jain Pieter Abbeel
UC Berkeley UC Berkeley UC Berkeley
jonathanho@berkeley.edu  ajayj@berkeley.edu  pabbeel@cs.berkeley.edu

Abstract

We present high quality image synthesis results using diffusion probabilistic models,
a class of latent variable models inspired by considerations from nonequilibrium
thermodynamics. Our best results are obtained by training on a weighted variational
bound designed according to a novel connection between diffusion probabilistic
models and denoising score matching with Langevin dynamics, and our models nat-
urally admit a progressive lossy decompression scheme that can be interpreted as a
generalization of autoregressive decoding. On the unconditional CIFAR10 dataset,
we obtain an Inception score of 9.46 and a state-of-the-art FID score of 3.17. On
256x256 LSUN, we obtain sample quality similar to ProgressiveGAN. Our imple-
mentation is available at https://github. com/hojonathanho/diffusion.

1 Introduction

Deep generative models of all kinds have recently exhibited high quality samples in a wide variety
of data modalities. Generative adversarial networks (GANs), autoregressive models, flows, and
variational autoencoders (VAEs) have synthesized striking image and audio samples [14, 27, 3,
58, 38, 25, 10, 32, 44, 57, 26, 33, 45], and there have been remarkable advances in energy-based
modeling and score matching that have produced images comparable to those of GANs [11, 55].

Figure 1: Generated samples on CelebA-HQ 256 x 256 (left) and unconditional CIFAR10 (right)

34th Conference on Neural Information Processing Systems (NeurIPS 2020), Vancouver, Canada.
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Improved Denoising Diffusion Probabilistic Models

Alex Nichol *! Prafulla Dhariwal "'

Abstract

Denoising diffusion probabilistic models (DDPM)
are a class of generative models which have re-
cently been shown to produce excellent sam-
ples. We show that with a few simple modifi-
cations, DDPMs can also achieve competitive log-
likelihoods while maintaining high sample quality.
Additionally, we find that learning variances of
the reverse diffusion process allows sampling with
an order of magnitude fewer forward passes with
a negligible difference in sample quality, which
is important for the practical deployment of these
models. We additionally use precision and re-
call to compare how well DDPMs and GANs
cover the target distribution. Finally, we show
that the sample quality and likelihood of these
models scale smoothly with model capacity and
training compute, making them casily scalable.
We release our code at https://github.com/
openai/improved-diffusion.

1. Introduction

Sohl-Dickstein et al. (2015) introduced diffusion probabilis-
tic models, a class of generative models which match a
data distribution by learning to reverse a gradual, multi-step
noising process. More recently, Ho et al. (2020) showed
an equivalence between denoising diffusion probabilistic
models (DDPM) and score based generative models (Song
& Ermon, 2019; 2020), which lean a gradient of the log-
density of the data distribution using denoising score match-
ing (Hyviirinen, 2005). It has recently been shown that this
class of models can produce high-quality images (Ho et al.,
2020; Song & Ermon, 2020; Jolicoeur-Martineau et al..
2020) and audio (Chen et al., 2020b; Kong et al., 2020),
but it has yet to be shown that DDPMs can achieve log-
likelihoods competitive with other likelihood-based models
such as autoregressive models (van den Oord et al., 2016¢)
and VAEs (Kingma & Welling, 2013). This raises various
questions, such as whether DDPMs are capable of capturing
all the modes of a distribution. Furthermore, while Ho et al.

“Equal contribution 'OpenAl San Francisco, USA. Correspon-
dence to: <alex@openai.com>, <prafulla@openai.com>.

(2020) showed extremely good results on the CIFAR-10
(Krizhevsky, 2009) and LSUN (Yu et al., 2015) datasets, it
is unclear how well DDPMs scale to datasets with higher di-
versity such as ImageNet. Finally, while Chen et al. (2020b)
found that DDPMs can efficiently generate audio using a
small number of sampling steps, it has yet to be shown that
the same is true for images.

In this paper, we show that DDPMs can achieve log-
likelihoods competitive with other likelihood-based models,
even on high-diversity datasets like ImageNet. To more
tightly optimise the variational lower-bound (VLB), we
learn the reverse process variances using a simple reparame-
terization and a hybrid learning objective that combines the
VLB with the simplified objective from Ho et al. (2020).

We find surprisingly that, with our hybrid objective, our
models obtain better log-likelihoods than those obtained
by optimizing the log-likelihood directly, and discover that
the latter objective has much more gradient noise during
training. We show that a simple importance sampling tech-
nique reduces this noise and allows us to achieve better
log-likelihoods than with the hybrid objective.

After incorporating learned variances into our model, we
surprisingly discovered that we could sample in fewer steps
from our models with very little change in sample quality.
While DDPM (Ho et al., 2020) requires hundreds of for-
ward passes to produce good samples, we can achieve good
samples with as few as 50 forward passes, thus speeding
up sampling for use in practical applications. In parallel to
our work, Song et al. (2020a) develops a different approach
to fast sampling, and we compare against their approach,
DDIM, in our experiments.

While likelihood is a good metric to compare against other
likelihood-based models, we also wanted to compare the
distribution coverage of these models with GANs. We use
the improved precision and recall metrics (Kynkinniemi
et al., 2019) and discover that diffusion models achieve
much higher recall for similar FID, suggesting that they do
indeed cover a much larger portion of the target distribution.

Finally, since we expect machine learning models to con-
sume more computational resources in the future, we evalu-
ate the performance of these models as we increase model
size and training compute. Similar to (Henighan et al.,

Diffusion Models Beat GANs on Image Synthesis

Prafulla Dhariwal® Alex Nichol®
nAl OpenAl
prafullaGopenai.con alexQopenai . com

Abstract

We show that diffusion models can achieve image sample quality superior to the
current state-of-the-art generative models. We achieve this on unconditional im-
age synthesis by finding a better architecture through a series of ablations. For
conditional image synthesis, we further improve sample quality with classifier guid-
ance: a simple, compute-efficient method for trading off diversity for fidelity using
gradients from a classifier. We achieve an FID of 2.97 on ImageNet 128128,
4.59 on ImageNet 256x256, and 7.72 on ImageNet 512x512, and we match
BigGAN-deep even with as few as 25 forward passes per sample, all while main-
taining better coverage of the distribution. Finally, we find that classifier guidance
combines well with upsampling diffusion models, further improving FID to 3.94
on ImageNet 256x256 and 3.85 on ImageNet 512x512. We release our code at
https://github.com/openai/guided-diffusion.

1 Introduction

Figure 1: Selected samples from our best ImageNet 512512 model (FID 3.85)

Over the past few years, generative models have gained the ability to generate human-like natural
language [6), infinite high-quality synthetic images [5, 28, 51] and highly diverse human speech and
music [64, 13]. These models can be used in a variety of ways, such as generating images from text
prompts [72, 50] or learning useful feature representations [14, 7). While these models are already

*Equal contribution




Overview

e Our objective is to model the reverse process (in a small timesteps).

Forward process: Adding noise iteratively

Reverse Process: Recover image from the noised image

«— Model «

_E

https://www.youtube.com/watch?v=HoKDTa5jHvg




Noise addition

Linear-2020 Paper: Too harsh and last few steps look redundant.

Cosine-2021 Paper: Gently destroying the structure, making it easier for modelling the reverse process

linear

https://www.youtube.com/watch?v=HoKDTa5jHvg



Linear Schedule

beta_,=0.02

https://www.youtube.com/watch?v=HoKDTa5jHvg



Notation

Linear Schedule - trick

Suppose | want to get t! image after forward process, we can use O = 1— 615
the fact that addition of t isotropic gaussian is an isotropic
t
O_ét — H a/s
s=1

gaussian. A(xt|lre—1) = N (xt, /1 — Bexs—1, Bel)
= V1 — Gixi—1+ /Be
= /ot r¢_1 + VI — ag e
= /o1 T4—2 + /T — agon_1 €

= L/ OLCE 1O —2D .I"/_;?,—i—'l = OpNE—=1XFE—=9 €
— af OO — 1] <+ CXTCXQD .1'()+l — VO ]| = CX ] CY() €




How to recover the image?

Since: The destructive process add isotropic gaussian with varying mean and covariance at each step.

N(pu, (72‘)

Therefore: In reverse process, the NN models the last added noise as a function of x, and timestep t.

«— Model «

e y,and 2 (of the noise added) modelled by the network

https://www.youtube.com/watch?v=HoKDTa5jHvg
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Into the math

We can think of diffusion models as PGMs

Figure 3 - Diffusion Probabilistic Model




Connections to VAE

Figure 1 - Graphical Model for VAE

Diffusion models: a special VAE.

g (z|T)

o <

po(x|z)



2 latent variable VAE

If x came from two latents variables? Figure 2 - A Hierarchical VAE

4 Zl|ﬂj Q¢(Zz|21)

N

:/ /pg(a:,zl,zg)dzl,dzg
2 Z9

po(x|z1) po(21]22)

Angus Turner (2021), Diffusion Models as a kind of VAE. https.//angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html|



T latent variable VAE

extrapolating it to T latent variables

Figure 3 - Diffusion Probabilistic Model

p(mO):/'/ pe(w07w17"'7xT)dw177"'7dwT
Iy rT

Angus Turner (2021), Diffusion Models as a kind of VAE. https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html
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Refresher: MLE on VAE — ELBO

e Tolearnthe parameters 6, let us try to perform maximum likelihood estimation on the generator.

log pg(x) = Eq,(2lx) llog pe(%)] (2.5) Figure 1 - Graphical Model for VAE

g (2|)

Lt N

—E log P2 | L g oo | 12(Z%) (2.8) po(x|2)
—Lgefalx). |95 | g (zlx) [108 (z| i
4o (2|%) \ po(z|x) ]
P i) =Dic1.(q6(2/%)||po(2[x))
(ELBO)
Evidence Lower BOund Diederik P. Kingma and Max Welling (2019), "An Introduction to Variational Autoencoders", Foundations and Trends® in Machine

Learning: Vol. 12: No. 4, pp 307-392. http://dx.doi.org/10.1561/2200000056




Refresher: MLE on VAE — ELBO

e Tolearnthe parameters 6, let us try to perform maximum likelihood estimation on the generator.

Figure 1 - Graphical Model for VAE

log pg(x) = Egy(alx) [log pg(x)] (2.5)
= By () |08 Po(, 2) (2.6) qe(2|)
o o (z]x) =~
| [pe(x,2) g4(2|x) . w
=l tatssy |10g (27
622 | 7 | gg(2lx) po(z/x)
[ [pe(x,2) 45(2]x) po(z|2)
=I5 log +E llog [ 28
q¢(z[x) - q¢(z|x) qp(2z|x) po(z[x) (28)
:£9,¢(x) —DKL(%(ZlX)HPe( z|x))
(ELBO)
Evidence Lower BOund Diederik P. Kingma and Max Welling (2019), "An Introduction to Variational Autoencoders", Foundations and Trends® in Machine

Learning: Vol. 12: No. 4, pp 307-392. http://dx.doi.org/10.1561/2200000056




2 latent variable VAE

Marginal for 2 latent variables becomes: Figure 2 - A Hierarchical VAE

qu Z1|£U Q</>(252|Z1

p0 &L zlazz

F= q¢(z1az2|w
q(f) 21,22|$
po(T Zl,Zz

p(ZE):]Ez y2a~qg(21,22|T [
1:22~q¢(21,22|T) Q¢(z1,z2|a} CIZ'Zl Po Zl|22

Angus Turner (2021), Diffusion Models as a kind of VAE. https.//angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html|



2 latent variable VAE




2 latent variable VAE
e acoritons pe(x,z>”
ew factoriza tions: :IE s log 'i
p(z, 21, 22) = p(z|21)p(21]22)p(22) el )[ [ =
CI(Zl, Z2|$) = Q(Zl|$)(1(22|21)




2 latent variable VAE

New factorizations: é Eq¢(z|x) llog |:p0(x7 Z) ]] E
p(z, 21, 22) = p(z|21)p(21]22)p(22) | i

(21, 22|z) = q(21|x)q(22|21)

Substituting them in ELBO:

L(0,0) = Ey(., 2z) [log p(z]21) — log q(21]|z) + log p(21|22) — log q(22]21) + log p(22)]



2 latent variable VAE

Substituting them in ELBO:

(0 ¢) z1,z2|x) [10g p($|Z1)

can be written as:

L =E,(z,2|z)

log q(z1|z) + log p(21]22)

— log q(22|21) + log p(22)]

p(zi-1 | 2i)

log p(z9 +Zl

1>1

q(z; | 2i- 1)

20 — T

Angus Turner (2021), Diffusion Models as a kind of VAE. https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html



t latent variable VAE

q(x¢|Te—1)
Simply extrapolating last equation: E -7 \ A PV T T Wy
po(Ti—1|2t)
_ T -
po(xi—1|T)
—L=E, [-logp(xr) — Z log
I t~1 q(z¢|zs1) |

Angus Turner (2021), Diffusion Models as a kind of VAE. https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html



With me?

e We showed diffusion models are special VAEs.
e The special hierarchical VAE has t latent variables.
e Wanted to maximize the likelihood for the data

e Reusing ELBO in Special VAEs (read diffusion models)

o  Next: Simplify ELBO (with markov property in latents)



Encoder (Forward Diffusion)

Forward process == Encoder
Adding noise iteratively (markov property)

X LT

g(z¢|zi—1) = N (27 ; 24-14/1 — By, Be])

Angus Turner (2021), Diffusion Models as a kind of VAE. https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html



Decoder (Reverse Diffusion)

Reverse process == Decoder (Generator)
Removing noise iteratively (modelled using a NN) (markov property)

X LT

pe(fvt—l | Cvt) = N(mt—l;ﬂe(mt,t)a 23e(ilft,t))

Angus Turner (2021), Diffusion Models as a kind of VAE. https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html



Simplifying ELBO

T
po(xi—1|28)
—L =E, | —logp(zr) — ;log q(zt|zi-1)

Angus Turner (2021), Diffusion Models as a kind of VAE. https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html



Simplifying ELBO

T
po(xi—1|28)
—L =E, | —logp(zr) — ;log q(zt|zi-1)

We know (via markov property):

q(mt|mt—1) = Q(mt|$t—1, 330)

Angus Turner (2021), Diffusion Models as a kind of VAE. https.//angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html|



Simplifying ELBO

T
po(xi—1|28)
—L =E, | —logp(zr) — ;log q(zt|zi-1)

We know (via markov property):

q(mt|mt—1) = Q(mt|$t—1, 330)

With Bayes rule:
q(x—1|2s, 20)q(: |0)

(I(mt—1|3f'0)

Q($t|fct—1) =

Angus Turner (2021), Diffusion Models as a kind of VAE. https.//angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html|



Simplifying ELBO

T
Po(zi—1|T¢)
—L =FE, |—log p(zr) — log
! [ (@) ; q(zt|zi-1) ]
We know (via markov property):
Q(mt|33t—1) = Q(mt|$t—1,$0)
With Bayes rule:
(w |:c ) - Q(wt—1|$t,$0)Q(33t|$0)
Q\T|Tt—1) = q(a?t—1|-’L'0)
po(zo|T1) d Po(xi—1|xt) q(xt—1|z0)
E, | —log p(xr) — log — Z (log + log
q(z1]z0) t>1 q(@i-1|@t, o) q(xt|@o)

Angus Turner (2021), Diffusion Models as a kind of VAE. https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html



Simplifying ELBO

To|x Zh - .
E, llogp(mlog ko) - ( plecie) i)

q(z1|@o) t~1 (41|21, o) q(xt|zo)

We see that the conditionals get cancelled upon
expanding.

log glerif@y) — log garif@o) + - -+ + log q(wr|o)

Angus Turner (2021), Diffusion Models as a kind of VAE. https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html



Simplifying ELBO

i po(Tt—1|Tt)

L:=E, | ~logp(ar) +log a(erla) ~ log py(aola) ~ D log —omr =
E; 2; \t>1 g
i Li

e L. hasno parameters. (T = last step, xis assumed standard normal)

e BothL andL, ,areKLdivergence between gaussians. Easy
(analytical) calculation.

e L, reconstruction loss.

Angus Turner (2021), Diffusion Models as a kind of VAE. https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html




Congratulations &

We just derived the loss for original the diffusion models (2015)
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Takeaways - Connection to VAE

e Diffusion models can be understood as special VAE models.

e We have asimilar objective to maximize the data likelihood

e The encoder (diffusion process := q(x,|x, ,) ) doesn’t involve any
learning.

e Thelatent variables remain the same shape as inputs.

e The whole model is a decoder (p(xt_llxt) ).

e Bothencoder and decoder possess markov properties.

Angus Turner (2021), Diffusion Models as a kind of VAE. https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.htm|



In sum

Diffusion Models (Decoder := p(x, ,| x)) take 2 inputs: While Optimizing:

e timestept ELBO (previous slide)
e noisyimage at timestep t

Outputs:

e noise added at time t - 1 to generate noisy image at
timestep t t

‘ Diffusion Model




Diffusion Models - Problems

e Too costly to train:
Stable Diffusion: The model was trained using 256 Nvidia A100
GPUs on Amazon Web Services for a total of 150,000
GPU-hours, at a cost of $600,000.

https://twitter.com/EMostaque/status/15638706741118320667s=20
&t=4FvxchO5FN6JgrAU8hcLkQ
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here's a guess

"Stability Al used a cluster of 4,000 Nvidia A100 GPUs running in AWS to

train Stable Diffusion over the course

$32.77/hr for 8 GPUs
$16,384/hr for 4000 GPUs

720 hours in a month

$11.7M
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We actually used 256 A100s for this per the model
card, 150k hours in total so at market price $600k




Diffusion Models - Problems

Forward Reverse
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e Wedon't completely understand them:
Primary idea used throughout diffusion
literature is adding “noise” to destroy data.
A paper called, Cold Diffusion used

Snow Pixelate Mask Animorph Blur

Figure 1: Demonstration of the forward and backward processes for both hot and cold diffusions.

deterministic image transformations to While standard diffusions are built on Gaussian noise (top row), we show that generative models
.. can be built on arbitrary and even noiseless/cold image transforms, including the ImageNet-C
create similar results. snowification operator, and an animorphosis operator that adds a random animal image from AFHQ.

Bansal, Arpit, et al. "Cold diffusion: Inverting arbitrary image transforms without noise."
arXiv preprint arXiv:2208.09392 (2022).



Advancements - Conditioning

‘ Diffusion Model

A lady with dark hair, yellow hat and
blue eyes

conditioning

Nichol, Alex & Dhariwal, Prafulla & Ramesh, Aditya & Shyam, Pranav & Mishkin, Pamela & McGrew, Bob & Sutskever, llya & Chen, Mark. (2021). GLIDE:
Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models.



Clip - Training Image and Text encoders

(1) Contrastive pre-training
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Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, Gretchen Krueger, llya
Sutskever: Learning Transferable Visual Models From Natural Language Supervision. ICML 2021: 8748-8763




Code

Talks about theory while parallely

implementing a full blown diffusion model.

Check it out l

The Annotated Diffusion Model
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from IPython.display import Image

Image (filename= ated-dif

ts/78_annot

Denoising Diffusion Probabilistic Models

Jonathan Ho Ajay Jain Pieter Abbeel
UC Berkeley UC Berkeley UC Berkeley
Jjonathanhoiberkelay.edu  ajayj€berkelay.edu  pabbeelfcs.barkeley.adu

- Abstract

We present high quality image synthesis results using diffusion probabilistic models,
a class of latent variable models inspired by considerations from nonequilibeium
thermodynamics. Our best results ained by training on a weighted variational
bound designed according 1o a novel coanection between diffusion probabilistic
models s denoising score matching with Langevin dynamics, and our mixlel nat

Figure 1: Genernted samples on CelebA-HQ 256 x 256 (1oft) and unconditionsl CIFAR10 (right)

24th Conference o0 Newrul Information Processing Systems (NeurlPS 2020). Vancoaver, Canads


https://huggingface.co/blog/annotated-diffusion

That's all

Any questions? Reach out to me. :)

ApoorvAgnihotr2

m www.linkedin.com/in/apoorvagni

M apoorvagni@gmail.com
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