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Image and Video Generation

generate an image of a
colorful deer riding on the
walking into the sky at cmu
campus




Diffusion Models are state-of-the-art models
for (Continuous) Data Generatlon |

e TIme series data

« Audio/speech

« 3D Objects (coordinates)
o Molecule structures




Data Representation

Image Speech Molecule Structure

[open] [thel [lleft] [front] [passenger] [window] [pleasel

x € Rt



Probabilistic Model for Data

Find a probabilistic model p(x) to fit the data and to generate sample

Image Speech Molecule Structure




Probabilistic Generative Process

tart from initial Generate slightly final data
istribution pr(x7) improved data
e.g. Gaussian N(0,1) Xe_1~Peq1(Xr_1|x¢)

Xo~Do(Xg]|x1)

The generation process is a Markov chain



Learning the generative mode|
= learning the parameters for

each pr_s (xp—1|x¢)

It is difficult to directly construct a series of probability
distributions



Diffusion Model

1. Forward noising process
o Synthesize data for training by repeatedly adding noise each step

2. Reverse generation process
o Start from complete noise, generate clean data
o Also known as denoising



(Forward) Noising Process

» adding Gaussian noise at each time step t x,~q (x¢|x,_1) =

N(arxe—1,Bel), ar =1 — B;

equivalently x¢ = \Jazxi—q1 + \/Ee, e~N(0,I)

Consequence: with sufficient large T, the result will be Gaussian noise



(Reverse) Generation/Denoising Process

adding noise q (x;|x;—1) —
t=0 t=1— R =1

o AL an '
ke WO ‘

Ty - e a AP O By o DY T =
VTR R € "& ”.}‘!l‘:k .o ] o

enerate _
= p (xe—1lxe)

Learning problem: how to find parameters of p to match the
seguence of noised images?
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Graphical Model for Diffusion

target data adding noise noise
- q (xelxe—q)
~_ S ~_7
generate
p(xe_q]xt)

Learning problem: how to find parameters of p to match the
seqguence of noised images?
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Denoising Diffusion Probabilistic Models
(DDPM)

* Reverse Process (Generation) aka denoising

Po = Hpe(xt 1xe)

po(Xe_1lxe) = N(xt 1) He(xt t), X (xe, t))

=== predicted by NN
* Forward Process (Diffusion), aka NoIsIiNg

aCrirlxg) = ﬂq<xt|xt )
q(xelxe_q) = N(xt \/1 BeXi—1, ,Btl)

noising schedule: B; in [0, 1], and follows a predefined schedule .




DDPM Training

For each data sample x, (e.g. image), random pick step t

1. sample a noise from standard Gaussian N(0O,l) => €
noise data at step t: x, = \/@xo ++/1 — @€, @ = [15=1(1 — By)
estimate noise using Neural network: ég = NN¢orward (X¢, t)
compute MSE loss: L = [le — ép]|*
compute gradient via backward through NN
update model parameters using optimization alg (e.g. Adam)

SR

DDPM training Is essentially predicting the noise based on image
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DDPM Inference

1. randomly sample from Gaussian(O, |) =»x;

2. Forstept=T1to1
1) estimate noise using Neural network: ég = NN¢orward (X t)

2) generate noise from N(O, |) = n

3) estimate data mean:fi,_,; = \/%(Xt — fta ég)
t Ut

4) update data: x;_q = fi;_1 + \/En

DDPM inference is essentially iteratively removing predicted noise
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Intuition and Theory

 Training objective:
L = —logpg(xo)

pQ(xO:T)
< —E|l — Le 0
[qu(xl:Tle) Ib ELBO loss

Lelbo

Z KL(q(ee—1|%e %0) Il po (xe—11%)) + KL(qCxr|x0) I po )

— Elogpe (xox1)

Hint: Jensen’s inequality, posterior for linear Gaussian distribution
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q(xe_1]xe, x0) = N(xt—1i o, ,gtl)

N B .
R A Y7
~ 1_§t—1

br =

1_&15
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What about pg (x;—1|x;) ?

just set

po(x¢—1lxt) = N(pg(xt, ), 0 1)
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KL(q(xt_1|xt, Xo) | pG(xt—llxt))
becomes
KL (N (-1 e, Bel) 1 Nt (xe, £), 021))
let 62 = B, and let
1 Bt
tg(xp, t) = —| x €g(X¢, t
o (Xt \/a—t(t fica, o (X ))

min||f; — pe(xg, t) I
1s equivalent to
2
bi

. _ ,t 2
min _—— lle = € (xe, )]

Essentially, DDPM is using NN to predict noise given noised data
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Summary

e Diffusion Model

o Is a probabilistic generative model by iteratively removing noise

o construct a sequence of corrupted data by applying Gaussian
NOISES

o use a neural network to estimate the noise given the corrupted
data (without knowing the original clean data)

o once estimate the noise, use posterior estimation to remove noise
o can use any suitable NN (e.g. UNet)
o much better than VAE, but much slower
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  x ∈  ℝ  w × h


  x ∈  ℝ t


  x ∈  ℝ  N × 3


  x ∈  ℝ  w × h


  x ∈  ℝ t


  x ∈  ℝ  N × 3


   p T  (   x T )


  N  (  0 ,   I )


   x 0 ~  p 0  (   x 0 |  x 1 )


   x  t − 1 ~  p  t − 1  (   x  t − 1 |  x t )


   p  t − 1  (   x  t − 1 |  x t )


   x t ~ q    (   x t |   x  t − 1 ) = N (    𝛼 t  x  t − 1 ,    𝛽 t I )


   𝛼 t = 1 −  𝛽 t


   x t =    𝛼 t  x  t − 1 +    𝛽 t 𝜖 ,


  𝜖 ~ N ( 0 ,   I )


  q    (   x t |   x  t − 1 )


  p    (   x  t − 1 |   x t )


  q    (   x t |   x  t − 1 )


  p  (   x  t − 1 |   x t )


   x 0


   x 1


   x 2


   x  t − 1


   x t


   x T


   p 𝜃 =  ∏  t = 1 T   p 𝜃  (   x  t − 1 |   x t )


   p 𝜃  (   x  t − 1 |   x t ) = N  (   x  t − 1 ;  𝜇 𝜃  (   x t ,   t ) ,    Σ 𝜃  (   x t ,   t ) )


  q  (   x  1 : T |   x 0 ) =  ∏  t = 1 T  q  (   x t |   x  t − 1 )


  q  (   x t |   x  t − 1 ) = N  (   x t ;   1 −  𝛽 t  x  t − 1 ,  𝛽 t I )


   𝛽 t


   x 0


  𝜖


   x t =      𝛼 - t  x 0 +     1 −  𝛼 - t 𝜖


     𝛼 - t =  ∏  s = 1 t   (  1 −  𝛽 s )


     𝜖 ^ 𝜃 = N  N  forward (  x t ,   t )


  L =    ‖  𝜖 −    𝜖 ^ 𝜃 ‖ 2


   x T


     𝜖 ^ 𝜃 = N  N  forward (  x t ,   t )


  𝜂


     𝜇 ~  t − 1 =  1     𝛼 t  (   x t −    𝛽 t      1 −  𝛼 - t    𝜖 ^ 𝜃 )


   x  t − 1 =    𝜇 ~  t − 1 +    𝛽 t 𝜂


  L = −   log ⁡   p 𝜃 (  x 0 )


  ≤ − E  [    log ⁡     p 𝜃  (   x  0 : T )  q  (   x  1 : T |   x 0 ) ] =  L  e l b o


   L  e l b o =  ∑  t = 1 T  KL  (  q (  x  t − 1 |  x t ,  x 0 ) ∥  p 𝜃  (   x  t − 1 |   x t ) ) + KL  (  q (  x T |  x 0 ) ∥  p 𝜃  (   x T ) ) − E   log ⁡   p 𝜃 (  x 0 |  x 1 )


  q  (   x t |   x 0 ) = N  (   x t ;      𝛼 - t  x 0 ,    (  1 −    𝛼 - t ) I )


     𝛼 - t =  ∏  s = 1 t   (  1 −  𝛽 s )


  q  (   x  t − 1 |   x t ,  x 0 ) = N  (   x  t − 1 ;    𝜇 ~ t ,      𝛽 ~ t I )


     𝜇 ~ t =  1     𝛼 t  (   x t −    𝛽 t      1 −  𝛼 - t 𝜖 )


     𝛽 ~ t =     1 −  𝛼 -  t − 1    1 −  𝛼 - t


   p 𝜃  (   x  t − 1 |   x t )


   p 𝜃  (   x  t − 1 |   x t ) = N  (   𝜇 𝜃  (   x t , t ) ,    𝜎 t 2 I )


  KL  (  q (  x  t − 1 |  x t ,  x 0 ) ∥  p 𝜃  (   x  t − 1 |   x t ) )


  KL  (  N  (   x  t − 1 ;    𝜇 ~ t ,      𝛽 ~ t I ) ∥ N  (   𝜇 𝜃  (   x t , t ) ,    𝜎 t 2 I ) )


   𝜎 t 2 =    𝛽 ~ t


   𝜇 𝜃  (   x t , t ) =  1     𝛼 t  (   x t −    𝛽 t      1 −  𝛼 - t    𝜖 ^ 𝜃 (  x t , t ) )


    min ⁡     ‖     𝜇 ~ t −  𝜇 𝜃  (   x t , t ) ‖ 2


    min ⁡     𝛽 t 2   𝛼 t (   1 −  𝛼 - t )    ‖  𝜖 −    𝜖 ^ 𝜃 (  x t ,   t ) ‖ 2

