Diffusion Models

(Score-based generative models, Flow matching)
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Generative modeling
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A Baroque-style painting depicting a caton a
wooden rocking chair napping in the sunlight.
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Stable Audio 2.0

Audio

Prompt: A stylish woman walks down a Tokyo street filled with warm glowing neon and animated
city signage. She wears a black leather jacket, a long red dress, and black boots, and carries a...

Video




Task definition

 Given a dataset of samples x ~ g(x)

e X is a vector in general (e.g., image: dimension = h * w * 3)

» Learn a model that generates samples from py(x) =~ g(x)



Overview

 Basics: discrete time, continuous time (SDE / ODE)

* Applications: acceleration, conditional generation

e Score distillation

* (Topics not covered:. DreamBooth, engineering ...)



Denoising Diffusion Probabilistic Models

“Generate by denoising”

Forward (diffusion process @)

[Song et al. 2021]

Reverse (generative py)

» Forward process defines joint distribution g(x,, . . . , X7)
« Learn model p, to reverse: sample noise X, denoise step by step

e (@ is the network parameters, Py denotes the generated distribution)



Forward process ¢

Gradually add noise Forward (diffusion process g)

[Song et al. 2021]

» Defined by a set of p,
e qx,|x,_1) = NK/1—=pFx,_i, 1)

. e, x, =1/l —=px_| + \/Fte e~ N(0,1)

« 1/1 — p, is just to preserve the variance

e Assume Var(x,) = 1, after each step Var is still 1



Forward process ¢

Add noise Forward (diffusion process g

[Song et al. 2021]

» Defined by a set of p,

o« g(x,|x,_1) = /V(‘\/ 1= px,_1, 1)
. e, x, =11 = px_ ++/Pe

4
Leta,=1—f,andq, = Has
s=1

e q(x |x)) =N (\@xo, 1 —a)l



Reverse process p,

Denoise Forward (diffusion process g)

[Song et al. 2021]

» How to model g(x,_; | x,)? .

Reverse (generative py)
» It is Gaussian if 5, are small enough

o DoX—1 1 X)) = N (pg(xy, 1), 51‘21)
« Use mean network py to define p, (empirically Gtz = [, is good [Ho et al. 2020))

 Model defined, how to train it?



Training loss #: maximize data likelihood
Evidence lower bound (ELBO)

pg(x, Z)
q(z | x)

. ELBO: logpy(x) > E,_;1»ll0g | =&

+ In diffusion models: “x” is x,, “z” is X;

. DDPM (Ho et al. 2020 shows with py(x;, 1) = (x, —

a V91—«
where}c/z \/ X + \/lt—ae



DDPM [Ho et al. 2020]

Discard w, in £ empirically works well

1 1l —a,

. DDPM (Ho et al. 2020 shows with py(x;, 1) =
\/ ; \/ ] — o

,where x, = /@, %)+ /1 — a,e

Algorithm 1 Training Algorithm 2 Sampling
;: repeat x0) 1: xr ~ N(0,T)
- X0 ™~ 4(Xo 2: fort=1T,...,1do
i‘ L~ ‘j{;l(l(f)o?;l({l’ -+, T}) 3: z~N(0,1)ift >1,elsez =0
. €~ , R
5: Take gradient descent step on 4 X1 = \/ixt (xt - \}%69 (xt,t)) + OtZ
Vo ||e — ea(v/arxo + /1 — due, t)H2 5: end for
6: return xg

6: until converged

(xt o —EQ(XI, t)),



Score-based generative models

SDE in continuous time Forward (diffusion process g)
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. SDE: dx = — %ﬁ(t)x dt + /B dw

« dw: Wiener process (infinitely small noise)
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Score function (the vector field) and density function (contours) of a mixture of two Gaussians.

Data Forward SDE Prior Reverse SDE Data

z(0) dz = f(z,t)dt + g(t)dw )@— dz = [f(z,t) — 7 (t)V, log p:(z)| dt + g(t)dw

[Song et al. 2021]




How to get V  log g(x,)?

Denoising score matching

. minE |55 1) = V., log g(x 1 %) |1

o xt=\/5txo+\/1—07t8

o At minimum point (not necessarily 0), sy(x,, f) ~ thlog q(x,)

. In diffusion, g(x, | xy) = ,/V(\@x(), (1 —a)l)

— &
thlog q(x, | xy) = Z_l(ﬂ —X,) = —

1 —a,
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Let sy(x,, 1) = A

It becomes:

 Same denoising objective! (DDPM derived from ELBO)



Forward (diffusion process @)

Summary

[Song et al. 2021]

Reverse (generative py)

« Learn a noise predictor: £, , . [th | €9(x;, 1) — € \2]

Get score functions at all noisy dist.: V 10g g(x,) & — ————¢,(x;, )

» Under L2 loss, the optimal €4(x,, f) is the expected € given x, (mean)

* In theory, w, does not change the optimal point (but changes ELBO or not)



Forward (diffusion process q)

Generalized view

General formulation

[Song et al. 2021]

Reverse (generative py)

» A diffusion process is defined by X, = a, Xy + 0, (adifferent a than before)

« Signal ratio: a, from 1to 0

* Noise ratio: o, from 0 to 1

» The change rate of a, defines the previous “f,” and we don’t force variance 1



Sample prediction

* X, = Xy + 0,&, 50 Xy = (x, — 0,6)/x,
» Define xy(x,, 1) as xy = (x, — 6,€9)/
2 2 _ %t 2
1% =31 = 11— g, — (= a)ley | = (-7 [y = e
[
» Predict xg, i.e., E, ;| | Xp(X; 1) — Xp| %, is just a time-reweighed e-prediction

» Furthermore, predict any A¢ + Bx, from x, learns the same score function



Probability Flow ODE (PF-ODE)

Data Forward SDE Prior Reverse SDE Data

2(0) dz = f(z,t)dt + g(t)dw >@— dz = [f(z,t) — g*(t)V. logp: (z)] dt + g(t)dw

[Song et al. 2021]

1
. Reverse ODE: dx = |f(x, 1) — Eg(t)z V. logp,x)| dt

» Gives the same marginal distributions p,(x) (but a different joint distribution)



Flow matching

« Signalratio:a, =1 —1¢

* Noiseratio: o, =1

» Prediction: € —xy, i.e., Z =E, ;.|| vy(x, 1) — (e — xp) ]| §

e |s simple, is ELBO [kingmaetal, 2023] (Used in many recent SOTA models)



Generative learning trilemma

High

: /| \ ' s
Generative - Quality ];\ Denoising
: / | : ,
Adversarial -~ | -\ Diffusion
/ -\ Samples /,
Networks . \ f \ Models

Fast

Sampling /

[Xiao et al. 2022]

Rl A — A —

Variational Autoencoders,
Normalizing Flows



Sampling acceleration
1. Better ODE/SDE solvers

Data Forward SDE Prior Reverse SDE Data

@ de = f(z,t)dt + g(t)dw —)@— dz = [f(z,t) - g*(t)V. log p; (z)] dt + g(t)dw
A

W

— - S————————————— —

po(z) () » pr(z) pe(z) » po(z)

* Higher order methods:
RK4, Heun ...

NFE = 100 NFE =10
(a) DDIM [19] (b) DPM-Solver (ours)

NFE =10 NFE = 15 NFE =20

* Exponential ODE Integrators:
DPM Solver ...

[Lu et al. 2022]



Sampling acceleration

2. Latent space

Denoising U-Net €g 2T Text

g 2 Latent Space ' (Conditioning)
1 Diffusion Process > emanti
Ma
A

Repres

entations
B
. l \Pixel Spa09 | ’/
Reconst, — tm—— To
Decoder bd
p(X | Zo ) KL (Q(ZO |X) | |p(Zo ) ) denoising step crossattention  switch  skip connection concat - 4

[Vahdat et al. 2021] [Rombach et al. 2021]



Sampling acceleration
3. Distillation

\
Z3/4 = f(zl; n)< distribution matching gradient Distribution Matching Gradient C .
v — . B ‘ = VoDrr lstrltlon atching Gradient : omputation
: Distillation e~ e
diffusion |
z1/2 = f(23/437)3 =
.V [ Distitation >x = f(z1;0) B oo nction
random latent 2 noisy real score comgptetd
image fak gradien
zl/4 — f(zl/Q;n)< ~ fake score
| Distilation _II||I_ & -
x = f(Z1/4;M)] e gt o ot ..; :
=10 X X X

[Salimans et al. 2022] [Yin et al. 2024]



Conditional generation

1. Make the network conditional

. Simply, we learn thlog g(x.|c)

- 2
- Training: £, ;. [Wt\ | eg(x,, 1, c) — €] ]



Conditional generation

2. Classifier-based guidance

» g(x,|c)g(c) = g(x)q(c|x,). Take log and gradient to x;:

V. logq(x,|c) = V,logg(x) + V, log g(c|x)

» V, log g(x,): unconditional model

. thlog g(c|x,): a separate classifier (BP gradient to the input)



Conditional generation

3. Classifier-free guidance

. V,logg(x;[c) = V,logqg(x) + V,logg(c|x)

. V,logg(c|x) = V,logqg(x,|c)— V,logg(x)

: SQCF G(Xt, 1,¢) = Spx, 1, D) + CFG - (sy(x,, 1, C) — Sp(x,, 1, D))

* During training, condition ¢ is randomly dropped (e.g., 10%)



Score distillation: one-step generation

[Poole et al. 2022] distribution matching gradient
Vo DKl

[Wang et al. 2023] one-step generator .

diffu:
[Luo et al. 2023]

random latent 2

Dxr (pe || preat) = E (log (Pfake(x)>>

[Yin et al. 2023] [Yin et al. 2023]

T~ Pfake Preal (33)

— IE — 1 re — l axKe .
B 1~ (10g prea() —log pre(2))
r=Gg(2)

(1)

VoDkr1 = zNJ\I/E(O;I) [— (Sreal(x) — Sfake(x)) VOGO(Z)],
r=Gg(z)

(2)
where Speq () = V108 Dreat (%), Stake () = V108 Peake ()



Score distillation

VoeDkr = zNJ\I/'E(O;I) — (Sreat (%) — Stake (7)) Vo Go(2)
r=Gg(z)
IS thiS a” We need? randomlatetz

Issue: for a bad generated x, the score function may
not be available, as it is OOD of V, log p(x,) at any

\Y log Preal = ?

.\
V 1Og Pfake

&

distribution matching gradient
_VoDxkL

Y



Score distillation

distribution matching gradient

VoDkr = zN.l\]fE(O;I) — (Sreal(x) — Sfake(w)) VGGO(Z) s B
s e diffu:

random latent 2

Compute on diffused distributions:

VoDkr ~ E  [wios(sStake(®t,t) — Srear(2t,1)) VoGo(2)] ,
(7)

2,0, 8,24

\Y log Preal = ?

diffusion

[E—




Score distillation

distribution matching gradient
Vo DxL,

Distribution Matching Gradient Computation

one-step generator

diffusion
R 2

¢

| real data - -

score function

random latent 2z i?g;sg); ::l: SSZZ: Q cgo::g;tstd
»
fake data
score function
Generator: GH VeDxr~ E (weas (Stake (@t,t) — Sreat(zt, 1)) VoGo(2)]
(7)
Fake network: Sfake A loss to make some representation

¢ follow some distribution (with DM scores)



0

“macro photo of a miniature toy sloth drinking a soda, shot on a light pastel cyclorama” Pb:

InstaFlow (1 step) ~ LCM (1 step) ~ LCM (2 steps) DPM++ (4 steps) ~ SD (50 steps)

90ms 90ms 90ms 120ms 260ms 2590ms



Score distillation: text-to-3D

Optimize a learnable 3D representation,

such that the rendered views follow the
text-to-image distribution (pretrained DM)

An elephant skull. A blue tulip.

[Wang et al. 2023] b =

: A highly detailed
1

Text to Image

sand castle. Diffusion a

= a
' .
v + Finetune i ’eprclmm(mr ty)
v —€4(xy,t,c,y)
Sample \
G ‘ Render 2D Add Noise &
% - NeREMesh e 1? Back Propagation

Particles of NeRF/Mesh

minE; ¢ c||€s (2, t, ¢, y) — €||5
Add Noise ¢ ecllés .



Summary

» Basics: discrete time, continuous time (SDE / ODE)
* Applications: acceleration, conditional generation
e Score distillation

* (Topics not covered:. DreamBooth, engineering ...)



