CS5242 : Neural Networks and Deep Learning

Lecture 8 : Diffusion Models

Semester 2 2024 /25

Xavier Bresson

https://x.com/xbresson

Department of Computer Science
National University of Singapore (NUS)

NUS

National University
of Singapore

Xavier Bresson


https://twitter.com/xbresson

Outline

@ Introduction

@ Vanilla diffusion models (DDPM)
@ Lower bound on data distribution
@ Noising process

@ Denoising process

@ Learning to denoise

@ Conclusion

Xavier Bresson



Outline

@ Introduction

Xavier Bresson



Introduction

@ Generative models can be broadly categorized based on the type of data they generate --
discrete or continuous.

@ For discrete data (e.g. a sequence of words, where each word belongs to a finite dictionary of

tokens), the most common models are auto-regressive models. These include Recurrent Neural
Networks (RNNs) and Transformer-based Language Models (LMs).

@ For continuous data (e.g. an image represented as a grid of pixels with continuous values in a
RGB color space [0,255]3), the primary generative models include:

@ Variational Autoencoders (VAEs): Stable and robust during training, but often produce less
accurate results.

® Generative Adversarial Networks (GANs): Capable of generating highly realistic outputs, but
difficult to train.

@ Diffusion Models (DMs): Combine robustness in training with high-quality outputs. DMs have
become the state-of-the-art for image generation in computer vision.
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Lecture approach

@ In this lecture, we focus on Diffusion Models.

@ Our main goal is to derive the governing equations of diffusion models from fundamental
statistical principles -- using only basic probabilistic tools such as Bayes’ theorem, the
expectation of function of random variables, etc.

@ The lecture is self-contained.

@ While the full derivation is lengthy, each step is sound and requires no additional computations
beyond what is presented.
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Datasets

We will use the following datasets :

@ An artificial dataset of mixtures of two identical Gaussian distributions with random shifts.
The data dimensionality is d, = N (all sequences have N continuous variables).

@ The MNIST image dataset with dimensionality d, = N, x N, x 3 (N, pixel width, N, pixel
height, and each pixel has 3 color values).
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¢ DDPM (Ho-Jain-Abbeel 2020)

(Generative process

Denoising Diffusion Probabilistic Models

<_@<_ ;@b@%@% <_@<_@

zo ~ p(x)

Probability of
training /real data (what
we want to estimate)

Tt—_1 p($t—1 |37t) — N(Ndenoise(mta nt)a O?lenoise (t)I)
Tt—1 = afxt - b?nt + O-(?lenoise(t)z7 z N(O’ I)
X1 is produced with a linear combination of the

current denoised data x;, an estimation of the
noise n; and a pure random noise z.

Starting from pure noise x = x7, gradually remove noise to
generate intermediate states x7;, X1.o ... until reaching a clean
data x = x;, which belongs to the training distribution p(x).

Backward process

: Produce new data using a sequence of denoising steps.

xT r N(O,I)

xT is sampled from a
prior (unconditional)
probability.




Forward process

@ The denoising steps are learned from the forward pass, which consists in adding noise to the
original data :

@)= = === )= =)=~
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xg ~ p(x) 2y ~ p(x]zi-1) = N (tnoise (T1-1), Thoise (1)) zr ~ N(0,1)
Probability of Ty =Ciri1+0 goise(t)z7 z~ N (O, I) xt samples from a
training/real data ] _ _ prior probability
x; is computed with a linear

combination of the current noisy data
X;.; and a pure random noise z.
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Starting with clean data x =x, from the training set, add noise to
generate intermediate states x;, X, ... until reaching a high noise level
x = X7, where the original structure is no longer recognizable.

Forward process
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Data distribution

@ The goal is to estimate the prior data distribution p(x) from the sequence of noisy steps
(forward process) and denoised steps (backward process).

@ We start by expressing the data distribution w.r.t. the intermediate states x;, x5 ... :
log p(xz) = log p(xg), with z = x4

= log/p(a:o,xl, .o, T7)dx1dXo...dr, marginal integration

= log /p(mO;T)dxlzT, with the sequence notation xg.;r = zg, 1, ..., LT

XI1- T
=log/da:1:Tp(xo:T)p( L7 |20)
p(x1.7|70)

probability of having the sequence x1.r starting from the original data xg.

, where p(x1.7|%o) is the conditional
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Data distribution

@ Then, we decompose the data distribution in terms of forward and backward probabilities :
p(xo.T) } . /
, def of expectation: x)f(x)der =E . | f(x
p(xo.T)
p(xlzT’xO)

lng(SU) — log E:C1;TNP(551;T|370) {

> K

— Sxy.r~p(xr.r|To) [log

], Jensen’s inequality: p(E[f(z)]) > E[p(f(x))], ¢ concave

with chain rule, we have
p(zo.7) = p(xr) p(zolar) I, plai_i|z:), given the backward chain process

p(z1.7|20) = plai|zoe) I, p(xi|ai—1,x0), given the forward chain process

p(zr)p(zo|21) N UGN T)
roeplenrleo) |08 T ) ol 082 oy )
(First term) (Second term)

p(x¢y1|x:) Forward process (noising step)

CEOERSORCEEEISEC

p(x¢—1|x:) Backward process (denoising step
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Lower bound

@ Let us develop the second term of the lower bound :

E logl_[:{:2 p(flft_ﬂxt) )} — E[logHtT_ p(ZI?t_ﬂiEt)
p

(z¢]xe—1, 70 =2 p(zi—1lzt,20) p(ze]o)
Y p(zt—1]To0)

}, Bayes theorem: p(a|b)p(b) = p(bla)p(a)

Here: p(alb, zo)p(blzo) = p(bla, zo)p(alzo)

— E[10g (HZ;Q p(z—1|¢) H?:2p($t—1’$0)>]
- p(zi—1|me, T0) p(zt|To)

=K -log (Hz;z plzia|ze)  plaao) ﬂ , terms cancel by recursion
- p(wi—1|ze, w0) P(2T|20)
=3 _log I, CGEND } - ]E[log M} , as log(ab) = loga + logb
: p(@i—1]Te, T0) p(xr|zo)
\
~

A key objective is to reformulate
the denoising process p(x;_1|x¢,Xg) to
be independent of the clean data x
with p(x;_;|x;) in order to generate

new data where x; is unknown.
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Lower bound

@ Putting together the first term and second term of the lower bound :

logp(z) > E
>E
>E
>E

> E
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x1.7~p(T1:.7|x0)

5131:TNP(331:T|ZC0)

:E1:TNP(CC1:T|CB0)

p(zr)p(zo|T1)] ‘ p(ze—1|zt)
log (ZC ’LU ) +]EZE1:TNP($1:T!!B0) longZZ (:U ’33 - )
(First term) (p ) 1( 0’ ) (Second term) P (t t_|1’ )0 ]
[ P\ZT)p(To|T1) I T Plxi_1|2y
lo +E, on(zn ey | JOog T
g p<x1’$0) 1:T p( 1.T| 0) I g t 2p($t—1‘$t7$0)-
" p(z1]z0) | (Previous slide)
+ IE31171-2"\%!)(331-T|x0) log —}
' ' . p(-??T!ﬂUo)
. plzr)p(zolz1) (o) r p(Ti_1|xe)
lo ]+Ew1,TN N [10 7 ]
® pleilze)  plarizo) woep(rleo) | 08 TH=2 0 ™ Ty, o)
p(x7)p(xo|271) v p(ze_1|xe)
lo }%—]Ex,,\,x. " [lo II;_ ]
g p(CUT‘CUO) 1:7~p(x1:7|x0) gl 2p($t_1‘33t,330)

JZl;TNp(xl;T|QI())

xl:TNp($1:T|iUO)

(Term 1) (Term 2)

p(xr) }

_logp(azo\xl)] + Eu . rmp(arr|zo) [log p(xr|xo)

+ E$1:TNP($1:T|330) [log Hrsz
(Term 3)

p(zi—1|xe) }
p($t—1|$t7 330)



Lower bound

@ Focusing on Term 1 and Term 2 :

El’l:TNp(xl;ﬂxo) [logp(:cg\xl)] (Term 1)

= Ky, ~p(z1]20) [logp(x0|x1)], function is independent of xa.7

P(fE‘T)
Ex ~p(x x [1 —]
1.r~p(T1.7|T0) | 108 p(ZCTfﬁo) (Term 2)
= By mp(ar|ao) [log M} , function is independent of x1.7_1
p(ﬂfT|$0)

= — D1 (p(@r|z0), p(xr)), definition of Kullback-Leibler divergence

Dk (p1,p2) = —/pl(x) log iigg

dx = —Egpp, (2) [log

Xavier Bresson
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Lower bound

© Expanding Term 3 :

Xavier Bresson

E log I/,

p(xi—1|xs) ]

p(l’t—l |$t, )
p(ﬂﬁt—l’ﬂ?t)

p(ze—1]z¢, T0)

T
}, as logIl_, = Zlog
t=2

$1:TNp($1:T|330) {

=Eu, 1 zimp(@i_1,a4|70) [log -, } , function only dependends of z:_;, z;

p(xt—l |$t)
p(xt—1 |33't7 ng0)

log

I
Dgﬂ

Ti—1,T¢~p(Tr—1,T¢|T0) [

~
I
\]

p(iﬁt—l |$t)

, def of expectation
p(xi—1|xe, 20)

dxi_1dzy p(Ti—1, T¢|20) log

I
B

p(il?t—l |J3t)
P(l‘t—l |$t, 900)

il
— —

I
E

dzy_ydzy p(xe_1|Te, T0) P(w¢|0)log , Bayes: p(a,b|zo) = p(a|b, zo)p(b|zo)

~
I
\]

T
=, — ZEwwp(a:tlwo) Dy, (p(a:t_1|xt, :I:o),p(a:t_1|xt)) definition of Kullback-Leibler and expectation
+—2 The KL distance is computed in the next slide.

p(xt—l‘xt)
p(xt—1 |$t7 wo)

with DKL(p<xt—1|xtaxO)ap(xt—1|xt)) = /dxt_lp(mt_1|xt,:co)log

and Eg, p(z,]z0) DKL = / dayp(ze|zo) Dxr, (p(xe—1 |2, 20), p(T1—1|74))
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Denoising probabilities

@ The backward distributions are defined as Gaussian distributions :

Given that

p(zi_1]ze, 20) = N (Htdenoise, (T, To), 0% (t)I), backward pass (denoising process) conditioned on z, xg

p(xi_1|2¢) = N (fdenoise, (¢ ), 02 (1)), backward pass (denoising process) conditioned on x;

then the KL distance between these two distributions is

1 2
DKL (p(wt—l‘xta xO)ap(xt—l‘xt)) — 20_2 (t) Hﬂdenoisel (CL‘t, l’()) — Hdenoises (xt)Hz

. 1 0‘2 0-2 _ 2
since Dk1,(p1,p2) = 3 [log (0_§> 4+ 0_; 1+ |2 0-2/'61“2:|’
1 2 2

fOI' P1 = N(/*Lla O-%I)v P2 = N(/J’Qa 0-51)7
which reduces to

2
|2 — 113 . . .
572 for two Gaussians with same covariance.
o

Dx1,(p1,p2) =

Xavier Bresson
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Lower bound

@ At this stage, the lower bound estimate of the prior data distribution p(x) is :

1ng(37> 2 Exlwp(a:1|ac0) [1ng<x0|xl)] - DKL (p<xT‘x0)7p(xT))

+  (Term 1) (Term 2)
- Z Ext’\’p(xt |370)DKL (p(CUt_l ’CCt, xO)ap(xt—l |CE't))
t=2 \ v )y
1 2
202 (t) H,udenoisel (th, $0) — Mdenoises (xt) H2
(Term 3)

with
p(ze_1|2e, T0) = N (fdenoise; (Tt, £0), 0 (t)]), backward pass (denoising process)

p(xi_1|2) = N (Udenoise, (71 ), 0 (1)]), backward pass (denoising process)
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Noising process

@ We design the noising probability (forward process) to be :

p(x|ri_1) = N(\/atxt—b (1- at)I)a
where parameters «; are the schedulers that control the noise level (explained later).

Using the re-parameterization trick, a sample from p(x|z;—1) can be expressed as:

Tt = \/QTy—1 + V91—oge 1,61 ~ N(Oal)
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Noising process

@ Let us prove that

Xavier Bresson

p(xi|z0) = N (Varxo, (1 — ay)I)

with the forward probability : p(x¢|zi—1) = /\/'(\/oz_ta:t_l, (1-— ozt)I)

By recursion, we have

Tr = /T 1+ V1 — pep 1,61 ~ N(O, I), w/ re-parameterization trick
Ty = \/Oét(\/Oét—lil?t—Q + met—Q) + \/1—70%675—1, €ty €t—1 7 N(O,I)
Ty = /OO _1T¢_2 +ﬁm€t—2 + \/1—70415@—1/

z

Mean of z is zero and the covariance is defined as:

[ :| [\/_\/1—0575 1 1—Oét) }I:[l_atat—l}l
Tt = /OO _1Tt—2 + \/1 — QO 1€4—2, €42 ™ N(O7I)

After multiple recursions, we finally have

Tt = / @tafo + Vv 1— a{téo, €o N(O, I), with Qy = Hle()éi




Noising process

@ A few observations on the noising process

The noising process p(z:|zo) = N (vV@izo, (1 — & )I) with sample

Ty = vz + V1 — e, €9 ~ N (0,1)

has an analytical form that only depends on the original clean data x.

This means that no neural network is required to compute a noisy version of xq (fast process).
For t =0, x;—9 = z¢ (original clean image) as a;—¢ = 1 and

fort =T, x7 = e, ep ~ N(O, I) (Gaussian distribution) as a;—r = 0.

Parameters «; are called schedulers to transition smoothly from image to pure noise s.a.

T
ap =4{1,1-46,1—-24,...,,1 —14,...,0}, where § = N is the time step and N; the number of steps.
t

Xavier Bresson
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@ Illustration :

—

D —

() = -

(@] o)

Noising process

O OOz O=E

p(zr|z0)

Xavier Bresson

p(xi|zi—1) = N (Vagze—1, (1 — o)1)
Ty = \/ouri_1 + V1 — aper_1, €61 ~ N(O,I)
p(xi|zo) = N (Varzo, (1 — ay)I)
= Vayzo + V1 — ayeo, €0 ~ N (0,1), with ay = II}_;

closed-form solution (no learning is required)

23
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Denoising process

@ Returning to the backward distribution :

p(:ct_l ’ZCt, ZC()) = N(Mdenoisel (xta CCO)? 02 (t)D

_ p(fCt\CEt—la $0)p($t—1|$0)
p($t|$o)

, Bayes theorem

with
P($t|$t—1a SUO) — p(xt‘xt—l) = N(\/OTtxt—la (1 - Oét)I)
p(xi—1|z0) = N (Va_1z0, (1 — ay—1)I)

p(wi|z0) = N(@xoa (1- C_Vt)I)
The backward probability p(xz;_1|z¢, zg) is defined as the product of three Gaussians.
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Gaussian product

@ The product of the three Gaussians can be written as :

BV R/ o ) B (7

p(fCt—l\xt, 5130) X exXp ( - -

2(1 — o) 2(1 — ay—1) 2(1 — )
(CIZt — Hdenoise; (xtv € ))2
X exp ( o d20_2 (t) - )

Solving the above quadratic equation provides the mean and the covariance of p(x:—1|x¢, x0):

(1— @t—l)\/OTtxt 4 (1— th)\/mxo

1—0_475 1_6515
(1 — Oét)(l — @t—l)
1 — oy

Hdenoiseq (xta 370) —

o?(t) =
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Denoising process

@ Finally, we arbitrarily design the one-step backward probability p(x.|x;) by analogy to

Xavier Bresson

the mean and the covariance of p(x; 1|x:,Xo) :

p(xt—l‘xt) — N(Ndenoise2 (xt)a o” (t)I)
with

1l —ap_1)\/ & 1—a \/oz -
:LLdenoisez(xt) — ( t —) txtJr : — 1@

1—Oét 1—Oét

where Z((z;) is the approximate denoised data xg from x;.

Recall that p(z;_1|xs, 20) = N (Udenoise, (T¢, To), 02(15)1)

with
B (1 — ay_1)\/ay (1 — ay)y/a—1
Hdenoise; (mta 330) — 1 —ay T+ 1 — oy O
1— 1 —oy_
02(t):( o) — Q1)
1 — O

-J



Denoising loss

@ Coming back to the KL term :

1 2
DKL (p(ﬂft_1|33t, xO)ap(CEt—lkvt)) — 0'2—(75) H,udenoise1 ($t, 330) — Hdenoises (xt)HQ

(1-ay)ym (- a)ya

with Hdenoise; (xfn SC()) — 1 — ay Tt + 1— ay L0
1—C_kt_1 \/ Ot 1l —« /Op_1 .
and Hdenoises (ajt) = ( 1 C_Y) Ty + ( 1 t)& t ﬂjo(l‘t)
- Uy - e

We have

1 (1 — Oét)20_ét_1 - 2
Dxr, (]?(fEt—ﬂxm5130>7P($t—1\33‘t)) = 202(t) (1 — ay)? on(lﬁt) - 5EOH2

The last equation makes it clear that the backward pass is a denoising process!
When the square error term is minimized then function Zo(x;) has denoised x;

to be as close as possible to the original clean data x.
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Back to maximizing the lower bound

@ Going back to the lower bound estimate of the prior data distribution p(x) :

log p(7) > By wp(ar |20) [10gp(900\331)] — Dkw (p(@r|zo), p(er))
7 (Term 1) (Term 2)
1 (1—og)?ay—
202(t) (1 — ay)? 2
t=2  (Term 3)

with
p(ailzo) = N (Vaxo, o (t)I)
Ty = vz + V1 — agep, €0 ~ N(0,1)

and specifically for t =1 :
21 ~ p(z1]zo) = N (Vayxo, o (1))
r1 =+vVa1xrg+ v1—ajeg, €9 ~ N(O,I)
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Maximizing the lower bound

@ Estimating Term 1 :

Xavier Bresson

]Eazlwp(azl |zo) [logp(xO ‘xl)i|

with log p(zo|r1) = log N (idenoise, (71), 0% (1))
(1-ao)yar (- o)V,

1—ay [—a, ol

and Hdenoises (5131) —

:CEQ(CCl) asoz():o_zo:l andoq:o_qzé

which provides
1 (1 — 041)20_40 -
202(1) (1 —ay)2 [ Zo(21) — onz
1 (1-ap)?
z1~p(z1|zo) 202(1) (1—ay)

log p(xg|x1) ox ct —

and —E géOH:%O(:Bl)—:EOH;—i—ct

which is equivalent to Term 3 when ¢ = 1 (ct can be ignored when optimizing) :

T
1 (1 — Oét)254t_1 - 2
T Extw Ti|T — -
;::2 p(w:] 0)202(t) (1—a,)? on(:ct) x0H2



Maximizing the lower bound

@ Combining Term 1 and Term 3, we have :

Xavier Bresson

logp(x) > — Dk (p(ar|xo), p(zr))

T
1 (1 — Oét)205t 1

- E:CN Tilx _ T
; e~P@el20) 9021 T (T — &y )2 |Zo(ae) 330H2

with
p(xilzo) = N(vVagao, o (1))
T = Vauxo + V1 — apeg, €9 ~ N(0,1)
Additionally, for Term 2 :
p(zr|zo) = p(xr) = N(0,1) Vag, which implies
Dy, (p(zr|zo), p(zr)) =0

Finally, we have the lower bound :

1 (]. — Oét)2CEt 1
Eymop(a|zo) 252(t) (1 — )2 on i) — aon2

log p

IIMH
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MSE loss

@ Learning to denoise images :

Xavier Bresson

Recall that the noisy process p(x¢|zg) has a closed-form solution

and hence does not require any learning.

However, the denoising function Zo(-) is unknown and needs to be learned
with a network z¢(-) = Zo(-), where 6 are the learnable parameters.

The lower bound function :
T

1 (1—ay)?ayq 2
_ E. _ _
is simplified by dropping the weight coefficients, and the loss to optimize is :
r ,
L(e) ~ Z Ethp(mt |$O) er (xt) - 330 HZ’ With xe ( M"“J \H\.MMW}‘J nmw ) — M M
— ~~ AL L

and x; = v aixg + V1 — azeg, €g ~ N(O,I).

w
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Noise prediction

@ Instead of predicting the denoised image, an equivalent approach is to predict the noise
added to the clean image :

Ty =\ QTo + 1— O_étE(),EO ~ N(O,I)

1

— (xy — V1 — c‘yteo), clean image
v/ Ot (
Substituting x( into
(1- 541&—1)\/04159[j n (1 — )@

1 — &y ! 1 — &y

o —

Hdenoise; (xt: xO) — Zo

We have
( ) 1 1—th
enoise; \Lt, Lo ) = Ly — — €
Hdenoises Lt 20 e T VT = Gy

As previously, we opt for the simplest design (by analogy) for the mean pgenoise, :

() ! S (z¢)
noises (Tt) = —— T — €o(x
Hdenoises (Lt NGT t V1 = a/ar o\t

where €g(z;) is the approximated noise ¢y added to xg to produce the noisy image ;.
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Denoising loss

@ As previously, considering the KL term :

1

2
DKL (p(xt—l |$t7 xO)ap(xt—l |mt)> — 20_2 (t) H/vbdenoisel (CCt, .CE()) — Mdenoises (xt) H2
. 1 1— (07,
Wlth :udenoisel (xt7 xO) — ,_Oét xt - m ,_O[t 60
1 1— O

and Hdenoises (xt) — €9 (xt)

x P
7/ Ot t \/1 — QlpA/ Ol
We now have

1 (1 —a)?ay 2
20%(t) (1 —tO_ét); “leotze) = <ol

DKL(p(CUt_1|ﬂ3t,l‘o)yp(xt—llmt)) —
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MSE loss

@ Learning to predict noise :

Xavier Bresson

The lower bound function becomes

T
1 (11—
- ZExtwp(wtlxo) [202(15) § _t@t)t 1 HEQ i) — EOH }

And the final loss is (dropping the weight coefficients) :

4 »
= ZEthp(xt|w0)[ HE@ (:I?t) — \69_/ Hz }, with 69( /‘J \ H1 ek ) = ﬂ‘ﬂh,”& AMM J“h‘fﬂ

=1 L

M‘

‘MMM H‘ W

P

When the square error term is minimized then function eg(x;)

predicts the noise ¢y that was added to the original clean data x.
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Training steps

@ Training a diffusion model to denoise images :

Xavier Bresson

Sample a batch of training data.

Draw random time steps for the batch :
t ~ Uniform(|[1,...,T1)
Produce noisy samples :
Ty = vz + V1 — e, €0 ~ N(0,1)
Compute the MSE loss :
L(0) = Z |eo(z:) — sng, with the network

sampled t
eg(z) = Transformer/UNet,(x) € R?*% 5 ¢ RV
Backpropagation :

Compute gradient of the loss and update net parameters 6.

wW
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(Generative steps

@ Inference : Generate new data

Start with z7 ~ N (0,1)
Compute the sequence xp_1,z7_o,...,x9 by samplingat t =T,T —1,...,1
Tt—1 ™~ Po (xt—l ‘xt) — N(,udenoiseg (xt)a 02 (t)I)

1 1— (87 2
\/OTtxt — \/1—75@\/071560@0 +0%(t)z, z ~N(0,I)

Li—1 =

Xavier Bresson
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Lab 1 : DDPM for mixture of Gaussians

@ DDPM with Transformers for artificial 1D dataset.

~ jupyter d mm_solution Last Checkpoint: 2 minutes ago A Generated w/ DDPM Generated w/ DDPM Generated w/ DDPM Generated w/ DDPM
-~ m_gi
- 10 100 100 1.00
File Edit View Run Kernel Settings Help Not Trusted 075 075 075
8 + X0 0O » = C » Code v JupyterLab [7 & Python 3 (ipykernel) O = os 050 050 050
025 025 025
00 000 000 000
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from google.colab import drive a5
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# Libraries
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We recurrently calculate ;1 until zo.
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Lab 2 : DDPM for

¢ DDPM with CNNs (UNet) for 2D MNIST images.
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Lab 02 : Diffusion Model (DDPM) for MNIST Images -- solution

# For Google Colaboratory

import sys, os

if 'google.colab' in sys.modules:
# mount google drive
from google.colab import drive
drive.mount(*/content/gdrive’)

path_to_file = '/content/gdrive/My Drive/CS5242_2025_codes/labs_lecture@8/labo4_dm_image'

print(path_to_file)

# move to Google Drive directory
os.chdir(path_to_file)

1pwd

# Libraries
import torch

import torch.nn as nn
import torch.optim as optim
import time

#import utils

import matplotlib.pyplot as plt

import logging

logging.getLogger().setLevel(logging.CRITICAL) # remove warnings
import os, datetime

# PyTorch version and GPU
print(torch. __version_)
if torch.cuda.is_available():
print(torch. cuda.get_device_name(0))
device= torch.device("cuda") # use GPU
else:
device= torch.device("cpu")
print (device)

NVIDIA RTX A5000
cuda

MNIST dataset
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Conclusion

e DDPM (Vanilla Diffusion Model)

Xavier Bresson

Surprisingly simple idea!

Forward process: Gradually add noise to clean data using a closed-form expression --
this step is fast and analytically tractable.

Reverse process: Train a network to denoise the data step-by-step, learning the
reverse of the noising process.

Generation: Start from pure Gaussian noise and iteratively apply the denoising
network to generate new samples.

The process is stochastic, so different outputs can be produced from the same initial
noise due to the inherent randomness in the model.

Most of the math (statistics and algebra) is focused on deriving the correct scaling
relationships between the clean image, the denoised prediction, and the added noise.



Conclusion

® Generative models trained on massive datasets are also known as foundation models.

@ They have revolutionized text and image processing, powering breakthrough tools like
ChatGPT and Stable Diffusion, and driving the rapid growth of the Generative Al (GenAl)

industry.

@ As these models continue to evolve, especially in their reasoning capabilities, they are
becoming increasingly powerful tools -- that will assist us across a wide spectrum of tasks

and domains.
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