Denoising Diffusion Models
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Evaluating GANSs igh S and on

FID is desirable

" Two measures that are commonly used to evaluate GANs Both IS and FID measure how

= |nception score (IS): Evaluates the distribution of generated data realistic the generated data is

= Frechet inception distance (FID): Compared the distribution of real data and generated data

" Inception Score defined as exp(Ey~p, [KL(p(y|x)||p(¥))]) will be high if

= Very few high-probability classes in each sample x: Low entropy for p(y|x)
= We have diverse classes across samples: Marginal p(y) is close to uniform (high entropy)

» F[D uses extracted features (using a deep neural net) of real and generated data
» Usually from the layers closer to the output layer

® [hese features are used to estimate two Gaussian distributions

Using real data N(HR, ZR) N(‘LlG, ZG) Using generated data
= FID is then defined as FID = |ug; — ur|? + trace(Z; + Zr — (Z:25)Y2)
" [hese measures can also be used for evaluating other deep gen models like’VAEVE



GAN: Some Issues/Comments

= GAN training can be hard and the basic GAN suffers from several issues
" |nstability of training procedure

» Mode Collapse problem: Lack of diversity in generated samples
* Generator may find some data that can easily fool the discriminator
= |t will stuck at that mode of the data distribution and keep generating data like that

GAN 1: No mode collapse (all 10
modes captured in generation)
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* Some work on addressing these issues (e.g., Wasserstein GAN, Least Squares GAN, etc)
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Denoising Ditfusion Models

= Consider gradually corrupting an image (zo = x) till it becomes pure noise (Z)

Z

" Fach step zy_1 — z; is a pre-defined Gaussian perturbation (forward process)

/Q(Zt|zt—1) = N(z:]{1 - :Btzt—lwﬁt&
z, = J1—Biz,_1 ++/B€ (e~ N(O,D)

B €(01) and B <P < Pr_g <Pr
X

Imp: Thus we can also compute z;
from x directly in a single step

implies

Usually pre-defined but

k can also be learned /

)

(ze]%) = N (zlvarx, (1 — a)D)
where a; = [[;=1(1 — B;)

Z; = Jax +./1—a.€

_ 4(zrlx) = N (zr|0,1) as Poegy

_—




Generating Data by Reversing Diffusion

" Reversing the diffusion (red arrows) would enable generating data from pure noise

Z

= To reverse the diffusion, we need the distribution of z;_; given z, i.e., q(Z¢—1|2¢)

The denoising

distribution q(ze—1) q(z¢lze-1)
Intractable because q (Zt_l |Zt) = ( 7 j
q(z;) and q(z¢_1) are q t Since the true data distribution
difficult to compute p(x) is not known, we can't

compute this integral

1(z0) = f 1zl Dp () dx

CS772A: PML



Towards a Tractable Reverse Diffusion

» Although q(z;_1|z;) isn't tractable, the following distribution is tractable
q(Z;—1|x) q(z¢]|2;—1, X)
q(z¢|x)
q(Z;—1|x) q(z¢|Z;—1)
q(z¢|x)
= Reason: q(z;_1|x) and q(z;|z;_,) are Gaussians, so q(Z;_1|z;, x) is Gaussian

q(zt—llth x) —

q(Zt_llzt, x) — N(Zt—llm(x’ Zt)' O'tzl) USingx=\/%tzt—‘/?evvheree~]\f(0,l)

4

(= 1)1 =Bz + Ja—1fex | f b
i) = - a = f {Zt -« E}

2 Be(1—ar—1)
of =
1 - at
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Towards a Tractable Reverse Diffusion

= \\e saw that the reverse diffusion distribution is the Gaussian
_ 2
CI(Zt—1 |Zt; x) — N(zt—l |m(x; Zt); O-t I) Issue: At generation time, we don't

1 have x (the goal is to generate x -
where m(x, z,) = z, — pe € which is only ava}ilable for training voa [/
[1— B, [1— a, data) so we can't use m(x, z;) at »
generation time since it depends on x

" | et's approximate q(z;_1|z;, x) by another Gaussian that doesn’t depend on x
p(zt—l |Ztl W) — N(Zt—l |:u(Zt) w, t)) E(ZD w, t))

= Usually, 2(z;, w, t) is chosen to be spherical. A popular choice: 2(z;, w, t) = ;]
* The mean u(z;, w,t) is defined to mimic the form of m(x, z;)

1 (B
u(ze,w,t) = 1—,8t{Zt \/1_—“tg(Zt,W,t)

CS772A: PML



. . . o(ze_1|72,x
Reversing the Diffusion =

Image Pure Noise

C CMZH)
" [he joint distribution of data and latents \}D_ @
P(Ze—1|2e, W)
p(x,2z1,.... zr|w) = p(z7) {Hp Zi_ 1|24 )}p(x|zl.w)

" | et's assume p(zi_1|z;.

Note that u represents the denoising
w) — N(Zf—l |I-L(Ztr w.t). ;1) model (e.g., a neural net) which

denoises z; to produce z;_4
" The true joint distribution of the latents given x

C[(Zl,Zz, "-:ZTlx) — CI(Zl X) nt ZCI(Ztlzt 1,X) This term is just like the VAE

reconstruction error term
= [0 estimate w, we can maximize the ELBO defined as

(can approximate it using
samples of z; from q(z1|x)

Lw)=E {111}) Zr) {Ht o P(Ze— 1|2, W } (X‘Zl,w)-l
g

=E, |Inp(zr) Z In P(Zi1 (20, W) — Ing(z|x) + Inp(x|z,, w)
| a@ X [1 s azdlze %) | a(ze2e-1. )
From ELBO Also note that unlike VI, First and third terms don't
definitionE [logp()((zf)] here we aren't estimating contain w so can be ignored

the q distribution when maximizing the ELBO

CS772A: PML



ELBO (contd) mage ,,fi(:j-’ii pure Noise
O —r=r——©

» Recall the ELBO for the denoising diffusion model

p(zi1|ze, w)

T
L(w) =E, lﬂp(ETHZlﬂp(Et—l'Zt =) —Ing(z[x) + Inp(x|z;, w J
q(zi—1|z¢, x)q(2¢]X)
q(z¢—1]%)

Zl Zt e w )+lnp(x|zl,.w)]

Zr 1|Zt,3‘{)

" |gnoring terms that don't depend on w and using a(z|z:-1.x) =

p(Ze1|ze, W) P(Zi—1Ze, W) o 9(Ze-11X) oy
q(Z¢|2e—1,%) q(24—1|2¢, %) q(z¢|x)

In

= The ELBO becomes c(w / q(z1[x) In p(x|z1, w) dz; — Z[Kqur 2o, ) |p(2e—1 |20, W))a(z|x) dz,

I‘ECDHSU’UCUOH term CDHSISIEHC‘},’ terms

" Since both distributions in the KL divergence term are Gaussians, it becomes

1
KL(q(ze-1 20, x)|[p(ze-1]2e, w)) = 5 el 20) =l w. D]+ const

CS772A: PML



Predicting the noise

Network which gives the

= The KL terms in the ELBO are of the form | mean of the dencised z,_,
1

=57 |my(x.2;) — p(z, w,t)||> + const
40¢

KL(q(zt-1|z¢. x)[|p(z1—1]z¢, W))

n NOte that From the definition

| i of my(x, z¢) 1 /6
vV 16— Ot L t
— — | > 1M (X, Z¢ ) — Zi — €
* \/OétZt \/ Ol € ( ) \/ 1 — Bt { \/ 1 — (Yt }

" [nstead of learning u(z;, w, t), we will learn a noise predictor g(z;, w, t) st.

Using the same form as m; with 1 Bz‘
g(z¢,w, t) trying to predict €; w(zy, w,t) = Zi — ——g(Z¢, W, T
( ) T iR ( )
" [herefore
KL(q(z¢—1|2z¢, x)||p(Zi -1 |2, W)) Basically, we are now just
3, ) predicting the noise €; using the
~ 2(1 — (_-flf_).(l — B, |g(z¢, w,t) — €|” + const neural network g(z;, w, t)
Bf

3 )
B 2(1 — (‘.rlt)(l — [¢) le(Vam + V1 —awer, w.t) —e|” + const

CS772A: PML



Predicting the noise

= We basically had the following
By

2(1 — ('.l:'f_)(l — ,Bf)

KL(q(zi—1|z¢.%)||p(z1—1]|2¢. W)) = g(vax+ V1 — o, w,t) — EtHQ + const

" The reconstruction error part in the ELBO can also be written as noise prediction
1 1

|x — p(zy, w,1)||* 4 const, = —

Inp(x|z,, w) = |g(z. w,1) — €]|* + const

2B 2(1 — B34)
" |gnoring the constants in front of the squared error terms above, the ELBO becomes
T
Empirically found to give L(w)= / q(z1]|x) Inp(x|z1, w)dz; — Z /KL{q{zt_l\zt,_ X)||p(ze—1|2e, W))g(2e|x) dz;
improved performance o . =2
Pick an example x randomly, reconstruction term consistency terms
generate a corruption z; by T
sampling €; and make a o . 2
gradient based update to w - Z Hg( VX £y I — e, w, t) o Et”
t=1

Can optimize using
stochastic optimization CS772A: PML



Denoising Diffusion Model: The Training Algo

" The overall training algo is as follows

Input: Training data D = {x,,}
Noise schedule {3;.....057}

Output: Network parameters w

fort € {1,....7} do

‘ Ny H,trzl(l — .,BT) // Calculate alphas from betas

end for

repeat
x~D // Sample a data point

t ~ {1,...,T} // Sample a point along the Markov chain
€ ~ N(€|0,I) // sample a noise vector

Zi \/a_’tX—I—MG // Evaluate noisy latent variable
ﬁ(w) — ||g(zt,W:t)—e||2 // Compute loss term

Take optimizer step
until converged

return w
Pseudo-code from Bishop & Bishop (2023) CS772A: PML



Denoising Diffusion Model: Generation

= Using the training model, we can now generate data as follows

Generation can be slow
because it requires
several steps

Reducing the number
of steps is an active
area of research

One such approach is
DDIM (denoising
diffusion implicit model)
which relaxes the
Markov assumption in
the noise process

Pseudo-code from Bishop & Bishop (2023)

Input: Trained denoising network g(z, w, t)
Noise schedule {/31, ..., 07}

Output: Sample vector x in data space

ZT NN(ZlU:I) // Sample from final latent space
forteT,...,2do

Xp $<— Ht‘r:l(l — BT) // Calculate alpha
// Evaluate network output

p(zy, w,t) ﬁ {zt - \/%g(zt,w,t)}
€NN(E|0:I) // Sample a noise vector

Zi_1 ;,L(Zhwgt) + /b€ // Add scaled noise
end for

x — \/1%7%1 {zl — \/%g(zhwzﬂ} // Final denoising step

return x

CS772A: PML



Noise Predictor Network

" A "U-net” model (a neural net) is commonly used as the noise predictor network

oy U-net used in a
A typical U-net Noisy image at T - -
P time t diffusion model Predicted noise

. input l \‘ output

ImalglJlg - *|*1*| segmentation
FEER

oz "| B B l
|.|‘| Sl o 1117
MR § -.-_4 ‘mz: :2; Mp Time Representation
; 024 ‘# b # up-conv 2x2 Fully-connected

Layers

= An embedding (positional embedding) of the time-step t is fed into the residual
blocks of the U-net architecture

Figure source: Arash Vahdat CS772A: PML



Score based deep generative models

= For a probability distribution p(x) its score function is defined as
Note: Here, this gradient is

S (X) = Vxl()g D (x) wirt. x and not wirt. the

parameters of the distribution

= Assuming p(x) as a target distribution, we can use SGLD to generate data samples as

)
Xt = Xppq + ivxlog p(x,) + Ve,  wheree, ~N(0,1)

= But doing so requires the score function s(x) = V,log p(x)
" Since p(x) itself is not known, how do get the score function s(x)?

» \\e can train a neural network to model the score function

" The score based approach is also helpful in "guided” or conditional generation

= Example: Want to generate x while conditioning on some signal ¢ (e.g., class label or texual
description of the input to be generated)
CS772A: PML



Diffusion Models via Score Matching

= For a probability distribution p(x) its score function is defined as

Note: Here, this gradient is

S (X) = Vxl()g D (x) wirt. x and not wirt. the

parameters of the distribution

= | earning this score function is equivalent to learning the distribution p(x)
» \We can parameterize the score function as s(x) = s(x, w) and define a loss function

Can define it as
a neural network

J(w) = 5 [ ls(x,w) = Vi np(x) | o) s

* The distribution p(x) isn't known but we only have a dataset D of N samples

A discrete distribution
represented by the N

1 N
samples from the dataset DD (X) — N Z 5(){ — Xn_)

However, this is non-differentiable
and thus can't use it in the
minimization of J(w)

n=1
CS772A: PML



Score Matching

" Instead of pp(x), we define a smooth distribution

One option is to define it as
a Gaussian V' (z|x, a2I)
4o (2z) = /Q(ZX- o)p(x) dx
= Using this q,(2) instead of pp(x), we can define the "score loss” function as
1 :
J(w) = 5 / |Is(z, w) — V,Inq(2)|? ¢ (z) dz
1 2
= 5/ Is(z, w) — V, Inq(z|x,0)||" ¢(z|x, 0)p(x) dz dx + const.

» Using the N samples from the dataset, the empirical loss will be

N
1
N Z / Is(z. w) — V, Inq(z|x,,,0)||° ¢(z|x,. o) dz+const

n=1 CS772A: PML

J(w) =



Score Matching

= Recall that the score loss function is

1 - |
J(w) = E/ Is(z,w) — V, Ingq(z|x, r:f)||2 q(z|x, 0)p(x)dz dx + const

= Choosing q(z|x,0) = N'(z|x,0%I), we get

1
V,Inq(zlx,0) = ——e€ where €=x—2z
o

* Note the similarity with denoising diffusion model where

1
q(zilx) = N(z|\ax, (1 —ay)]) =) V,lng(z|x,0)=— me
"

* The score loss function measures the difference b/w predicted score s(z, w) and noise

» Note that the score function s(z, w) plays a similar role as noise predictor g(z, w, t) in
denoising diffusion model we saw earlier

= Careful selection of the noise variance o2 is important in this approach — cs772a: pm



Noise Variance in Score Matching

" Success of score matchinq depends on the estimate of score function s(x) = V,log p(x)
/|| x,w) — Vy Inp(x)||* p(x) dx

/ |s(z. w) — V, Ing(z|x. 0)||” ¢(z|x. o0)p(x) dz dx + const

" |n regions where p(x) is small/zero, the estimate s(z, w) may not be reliable
= Recall that, in score matching, we typically use q(z|x, o) = N'(z|x, 0%I)

= Using the appropriate o is critical
= Using large 04 means we won't have small/zero values for q(z|x) but also high distortion
= \ery small 02 means q(z|x) is close to p(x)

= We can choose a series of variances of < g5 < --- < g and use the following loss function
A(D) is the weighting

This gives us L score matching ficient f del i
coefficient for model i

based diffusion models with L

different vari 1 : 2
fferent variances — E /\(-z.)/ s(z.w,07) — V, Ing(z]xn, 0)||” ¢(z|xn, o) dz
We can run SGLD where we use a 2
few steps of each in a sequences =1 CS772A: PML
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Diffusion Models and SDE

= Stochastic Differential Equations (SDE) define a continuous-time process

= Denoising diffusion model and score matching models are like discretization of the
continuous-time SDE

" The forward SDE is written as  dz = f(z,t)dt + ¢(t)dv
N’ N’

drift diffusion

" The corresponding reverse SDE can be written as e o
This is like the score function dZ l

_ = 2 _
dz = {f(z,t) — ¢*(t)V,Inp(z)} dt + g(t) dv dt f(z. 1) 59 (t)V4 Inp(z)

= \We can solve SDE by discretizing time
» For equal-size time steps, we get the Langevin dynamics based equations for the updates

» SDE connection is helpful in designing fast reverse process for diffusion models

= For example, we can leverage the ODE corresponding to the SDE for faster sampling
CS772A: PML



Guided Diffusion

= Often we want to generate data based on some “reference” conditioning signal, e.g.,
" [mages of a specific class (class-conditional generation)
" Images based on some textual description
= High resolution image using a low-resolution image (image “super-resolution”)

PEINN\N 21
' “/A"" D QY
1.‘\:" \ 5
‘ I 1 | [ \ § L/
‘ \ % Ny /_ S
h Y

Conditioning signal: Low-res
image on the left

Conditioning signal: “stained glass
window of a panda eating bamboo”

* Denoting the data as x and the conditioning signal as ¢, we want to learn p(x|c)

Figure source: DLFC (Bishop and Bishop, 2023) CS772A: PML



Classifier Guidance

» Assume we have an already training classifier of the form p(c|x)
= \\e can then define the score function of a conditional diffusion model as
Vilnp(x|c) =V, In {p(c]x)p(x) }
p(c)
= Vx Inp(x) + Vx Inp(c|x)

= We can also control the contribution of the classifier by defining the score function as

Score function of
unconditional diffusion model

score(x,c,\) = ViInp(x) + AV, In p(c|x)

" | arge A will encourage generation of x which respects the conditioning signal ¢

Classifier guidance term

" However, this approach requires a classifier trained on noisy images

CS772A: PML



Classifier-free Guidance

" Recall the score function in classifier guidance method
score(x,c,\) = Vi Inp(x) + AV, Inp(c|x)

* To eliminate the classifier term V., log p(c|x), use the fact that

= 220

= VxInp(x) + Vi Inp(c|x)

" Thus we can rewrite the score function as follows
score(x,c, \) = AV Inp(x|c) + (1 — A\)Vy Inp(x)
* No need to train a separate classifier p(c|x)

= Also, no need to train both p(x) and p(x|c)
= Just train p(x|c) using a score-function based approach and use p(x|c = 0) = p(x)

CS772A: PML



Latent Diffusion Models (LDM)

" Defines diffusion process in a latent space instead of in data (e.g., pixel) space
" The popular "Stable Diffusion” is based on LDM

= Diffusion process in a low-dim latent space is also more efficient computationally

4 RY” Latent Space
a -I " Diffusion Process ——————>

") (Conditioning

4 Te

emanti
Ma
Text

" Repres |
.entations

> Denoising U-Net €g N2
- | INECARECR
a lml Ky KV
Pixel Space | =
Dq !\EJV B (—T

denoising step crossattention  switch

= Can also condition the generation of other modalities such as text

*High-Resolution Image Synthesis with Latent Diffusion Models (Rombach et al, 2022)

skip connection concat

——
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Cascaded Diffusion Models

= Useful for generating high-resolution images using conditioning

256 X256

Class ID = 213

“Irish Setter”
®

Model 1

= Cascaded approach is usually better than a direct generation of high-resolution image
= Smaller model size
" | earning gradual transformations is easier than a direct transformation

CS772A: PML



summary

» Diffusion Models (denoising diffusion models, score based models, etc) are currently the
best performing methods

= A lot of ongoing work on diffusion models, e.g.,
" [mproving quality of generation
* Speeding-up generation
= Combining them with other generative models (e.g., large language models)

CS772A: PML
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