Deep Learning
lecture/
Normalizing Flow & .Score-Based Model

Yi Wu, HIS
Spring 2025
Mar-31



Lecture 7, Deep Learning, 2025 Spring

Today’s Topic

OpenPsi @ I111S

* Normalizing Flow

* A generative model class that has the best sampling and likelihood properties

* Score-based generative model
* A different framework to tackle general energy-based models
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Latent Variable Model (Recap)

* p(x,2z) = p(2)p(x|z)
* Given z, we use p(x|z) to generate x for a consistent probability distribution
 Hard to estimate the exact likelihood p(x) = pr(xlz)p(Z)

 Variational inference by ELBO

e Can we simply the generation process?
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Lecture 7, Deep Learning, 2025 Spring

A Simplified Generation Process

OpenPsi @ I111S

* p(x,2) = p(2)p(x|2)
* Given z, we use p(x|z) to generate x for a consistent probability distribution
 Hard to estimate the exact likelihood p(x) = pr(xlz)p(Z)
 Variational inference by ELBO

e Can we simply the generation process?

* We can directly apply aldeterministic process f:z = x
* E.g.,z~N(0,I) and x = f(2)
e x~N(u,0?)islequivalentto z~N(0,1),x =pu+o0-z
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A Simplified Generation Process

OpenPsi @ I111S

* p(x,2) = p(2)p(x|2)
* Given z, we use p(x|z) to generate x for a consistent probability distribution
 Hard to estimate the exact likelihood p(x) = pr(xlz)p(Z)
 Variational inference by ELBO

e Can we simply the generation process?

* We can directly apply a‘deterministic process f:z — x
* Eg.,z~N(0,I) and x = f(z)

* Can we make the likelihood p(x) tractable?
¥ e So that we can directly run MLE foftfdiffyrg e tniversity °
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1-D Example ab)

|
* Goal: design x = f(z;0) s.t. 0

X
0 1 3
* Assume z is from an “easy” distribution (
YA
* p(x) = p(f(z;0)) has a tractable likelihood i
1
* Uniform: z~unif (0,1) FIR-R f(2) =2z +1
* Densityp(z) =1 0 z

e x =2z+1,then p(x) =7 0 1
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1-D Example ab)

|
* Goal: design x = f(z;0) s.t. 0

X
0 1 3
* Assume z is from an “easy” distribution (
Z
* p(x) = p(f(z;0)) has a tractable likelihood i
1
* Uniform: z~unif (0,1) FIR-R f(2) =2z +1
* Densityp(z) =1 0 z

0 1
e x =2z + 1, then p(x) =%

* x=a-z+ b, then p(x)=1/|al (for a # 0)
* General 1-D case: x =f(2), p(x) =?

* Assume f(z) is-abijection
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1-D Example ab)

|
* Goal: design x = f(z;0) s.t. 0

X
0 1 3
* Assume z is from an “easy” distribution (
Z
* p(x) = p(f(z;0)) has a tractable likelihood i
1
* Uniform: z~unif (0,1) FIR-R f(2) =2z +1
* Densityp(z) =1 0 z

1 0 1

*x =2z+1,thenp(x) =7

* x=a-z+ b, then p(x)=1/|al (for a # 0)

* General 1-D case:x = f(2),then p(x) = p(2)

E
dx
e Assume f(z).is'a bijection

* p(x)dx = p(z)dz
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1-D Example ab)

|
* Goal: design x = f(z;0) s.t. 0

X
0 1 3
* Assume z is from an “easy” distribution (
Z
* p(x) = p(f(z;0)) has a tractable likelihood i
1
* Uniform: z~unif (0,1) FIR-R f(2) =2z +1
* Densityp(z) =1 0 z

1 0 1

*x =2z+1,thenp(x) =7

* x=a-z+ b, then p(x)=1/|al (for a # 0)

* General 1-D case:x = f(2), then p(x) = p(2) =|f'"(2)| p(2)

%
dx
e Assume f(z).is'a bijection

* p(x)dx = p(z)dz
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2-D Example

* Goal: desigh x = f(z;0) s.t.
* Assume z is from an “easy” distribution
* p(x) = p(f(z;0)) has a tractable likelihood

* Uniform: z = [z, z,]~unif (]0,1} X [0,1])
* Densityp(z) =1
« x = Az, then p(x) =?

_|a b
A_[cd
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2-D Example

* Goal: desigh x = f(z;0) s.t.
* Assume z is from an “easy” distribution
* p(x) = p(f(z;0)) has a tractable likelihood

* Uniform: z = [z, z,]~unif (]0,1} X [0,1])
* Densityp(z) =1
« x = Az, then p(x) =?
_ b
rA= [Ccl d

(@a+c,b+d)

* 7 is mapped to a parallelogram

0, 1) (1,1)

3/30 Copyric S, Tsinghua University
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2-D Example

* Goal: desigh x = f(z;0) s.t.
* Assume z is from an “easy” distribution
* p(x) = p(f(z;0)) has a tractable likelihood

* Uniform: z = [z, z,]~unif (]0,1} X [0,1])
* Densityp(z) =1

e x = Az, thenp(x) = 1/S @rebrd

.« 4= a b

c d
* 7 is mapped to a parallelogram

* S = |ad — bc|; the area (0, 1) (1,1)

3/30 Copyric S, Tsinghua University
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2-D Geometry

* The area of the parallelogram is equivalent to the-determinant of A

detA4 = det[? Z = ad —-bc

e For any linear transformation x = Az'+ b

* The following holds (for space of any dimensions)
p(x) = |detA|™" - p(2)
 Remark: A has a fullscank! (bijection)

* More general cases: the change of variable

3/30 Copyright @ 111S, Tsinghua University 14
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Change of Variable

OpenPsi @ I111S

* Suppose x = f(z) w.r.t. a general non-linear f (%)

* the linearized change in volume is determined by.th cobian of f (-
; AR IAC) S
of(z) | 9%~ Oz
7 Nofale))  9fa(
| dz4 0z; |

* Given a bijection f(z): R% - .R¢

s BF1(x) Of1(x)
X X
) e 52)
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Change of Variable

* Suppose x = f(z) w.r.t. a general non-linear f (%)

* the linearized change in volume is dg}eE%ined by g}eaz cobian of f(+)
1 1
O K
7 ofala) . 0fa@
| dz4 0z; |
* Given a bijection f(z): R% - .R¢
I o1 () )
X
pCo) = p(F @) det< — ) =p(z )‘d t( )‘
* Since ag;l = (Z—]Zc)_ (Jacobian of invertible function)
0 - d
) ol faer f,?) l— <>|d (% (Z))

OpenPsi @ I111S
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Change of Variable

* Suppose x = f(z) w.r.t. a general non-linear f (%)

* the linearized change in volume is dg}egbined by g}edz cobian of f(+)
1 1
O K
7 Nofale))  9fa(
| dz4 0z; |
* Given a bijection f(z): R% - .R¢
e oF 1 () F)
X
pCo) = p(F @) det< — ) = p(z )‘d t( )‘
* Since ag;l = (Z—]Zc)_ (Jacobian of invertible function)
d - 0
pe) =) det( f;?) l— ()‘d t( . (Z)>
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Normalizing Flow

e |dea

* Sample zy from an “easy” distribution,.iie, a standard Gaussian
* Apply K bijections z; = f;(z;_1) 1< i <K
* The final sample x = fx(zx) hastractable density

* Normalizing Flow
* 2o ~ N(0,1),z; = fi(z;_1),x = zg-where x,z; € R? & f; is invertible
* Every revertible function'produces a normalized density function

ar \|o" f1(20) filzi) Fin (2)
det( ) ORI O
aZi_l B L. B L.

3/30 Copyright @ Ili%, Isi%@d,lyiversitv Z; ~ pi(zz‘)

* p(z) = p(zi-1)
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Normalizing Flow

* Generation is trivial
* Sample z,, then apply the transformations

* Log-Likelihood

logp(x) = logp(zxk-1) — log

dfx
det(@zK_1>

det (621 1)

f1Z0 1) f+1
0 @ - @ @ -

N 4 N
3/30 ST Copyright @ 111S, Tsinghua University” 20
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Normalizing Flow

* Generation is trivial
* Sample z,, then apply the transformations

* Log-Likelihood

logp(x) = logp(zxk-1) — log

O0fk
det
© (GZK 1)
logp(x) =logp(zg)— ZIOg det( )
Gaussian{density i aZl 1

f1(zo) fi(zi—1) fiv1(24)

- - R -~

7 Ay 7z N

4 N 4 N
/ \ 4 \
1 \ 1 \
| | | 1
v = ‘ :' ! \ z! >- 1 { fJ \_‘h
\ / \ 1
\ / \ 7

’

N 4 N
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Normalizing Flow

* Generation is trivial
* Sample z,, then apply the transformations

* Log-Likelihood

logp(x) = logp(zx-1) — log

dfx
det(aZK_1>

of:
det( fl)
0z;_4
l
fl(Zo) @ fi(zi—l) @fi+1(zi)

N 4 N 7’
3/30 ST Copyright @ 111S, Tsinghua University”

logp(x) =logp(zg).— z log

Il
»

zo ~ po(2o) z; ~ p;i(2;) zx ~ Pk (ZK)
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Normalizing Flow

* Naive flow model requires extremely expensive/computation
e Determinant of a d X d matrix
* |dea
* Design a good bijection f;(z) such that the determinant is easy to compute
* Technical Keys
* Bijection
 Randomly constructed matricesare typically full-rank

* Structured Jacobian
* Desired Jacobianstructures for fast determinant computation

3/30 Copyright @ 111S, Tsinghua University 23
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Triangular Jacobian

e Given x = (xq,...,x4) = f(2)

* Suppose x; = f;(z) only

3/30

d
det/ = det

az

_9f _

]_62_

07,

s

1024

= det

0z,

oh

1024

7

6Zd

Ofa
6Zd_

depends.on z_;, then
—aﬁ <1

0

Ofa
aZd_

Copyright @ 111S, Tsinghua University
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NICE

* Nonlinear Independent Components Estimation (Dinh et. al, 2014)

c 2= f(x)

* Notational convention for MLE learning
* we partition x into two disjoint subsets x;.,;and x,,,41.4 forany 1 <m < d

* Forward pass x — z (inference) e 0
¢ Zym = X1 (identity) =9 _| ou
* Zmi1d = Xm+1:d T Mo (¥1.m) (Ug is‘@ neural network) 0x X1 Id—m_

e Backward pass z — x (sampling)
* X1.m = Z1.;m (identity)
* Xmit:d = Zmitd-— Mo (Z1m)
* Volume preserving transformation
e det/ =1

3/30 Copyright @ 111S, Tsinghua University 25
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NICE

* Coupling layers are introduced to ensure‘all dimensions are covered
* Reverse (or randomly shuffle) the partition before‘each transformation layer

* First layer of NICE uses a re-scaling layer
* Zi = SiiX;
 Ensure non-unit volume transformation

 Jacobian of forward pass
J.=(diag(S)

det] — 1_[Sii
l

3/30 Copyright @ 111S, Tsinghua University 26
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Lecture 7, Deep Learn

NICE

e Generation Results

O T V] O

SIN[eleln =

V8] [2] Ed N
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Lecture 7, Deep Learning, 2025 Spring

NICE

* Inpainting

* X = (Xy, Xp)

xh)!

Gradient ascent (stochastic gradienttMCMC if you want samples)

* We have tractable likelihood function p(x,,

~N I I | o
N IS EON RV RV IS LV AV N
RITIH TIFNFTIIR
D[ TIW it >
MG N AL~ )~
QI M|~ |~ I~NQ]|9 | N~
MWK OOIQN~|Q]>m
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Real-NVP

* NICE: most layers maintain an unchanged.volume

* Non-volume preserving extension of NICE (Dinh et al, 2016)
* Two partitions over z: z;.,,, and z,;, ;1.4 forany.1 <m < d
e Forward pass x — z (inference)
* Zi.m = X1.m (identity)
* Zmit:d = Xma1a - €XP(@a(X1am)) + U (X1.m) (U & ag are neural networks)
e Backward pass z = x (sampling)
* X1.m = Z1.1m (identity)
* Xm+1:d = (Zm+1:d — Upg (lem)) - exp(—ag (xlzm))
* Non-volume preserving transdformation

det] = 1_[ exp(ag(X1:m)i)

3/30 1L =19a04ribht @ 111S, Tsinghua University 29
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Real-NVP

e Generation Results

3/30 30
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Real-NVP

* Explore the latent space

* 4 samples selected: z°, z1, z2, z3, two.interpolation’parameters a, 8

e z = cos(a) (cos(B)z! + sin(B)z?) + sin(a)(cos(B) z> + sin(B)z*)

o -

S =i i
T -l B

3/30 Copyright @ 1MS, Tsinghua Univers
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Real-NVP

* Fun Fact

Published as-a conference paper at ICLR 2017

Accepted as a workshop contribution at ICLR 2015

NICE: NON-LINEAR INDEPENDENT COMPONENTS DENSITY ESTIMATION USING REAL NVP

ESTIMATION Laurent Dinh*
Montreal Institute for Learning Algorithms
Laurent Dinh David Krueger Yoshua Bengio* University of Montreal
Département d’informatique et de recherche opérationnelle Montreal, QC H3T1J4

Université de Montréal

Montréal, QC H3C 3J7
Jascha Sohl-Dickstein Samy Bengio
Google Brain Google Brain
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GLOW

* Limited expressiveness of previous coupling layers
* But a general non-linear transformationican be too-expensive...

* Generative Flow with Invertible 1x1 Convolutions (Kingma et al. 2018)
* Input: x = h X w X c¢ (height, width, channel) (assume c is small)
* Key idea: introduce 1x1 convolutions.when channel size is small

* 1x1 conv: a linear transformation for. each feature map location
* Forward mapping: z;;. = Wx;;+'b T
* Inverse mapping: simply compute the inverse matrix of W ldicecountine Javer |
° CompUtatlon O(CB) invertibl:lxl conv
* log|det]| =h-w-log|detW | ] 3
* Also use normalizationlayer to stabilizing training j R

* Architecture details can be foynd in EE‘,‘?siBh@aQn%!rsm I

3/30 opyright @ I 33
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GLOW

e Generation Results

3/30 34
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Normalizing Flow: Summary

* Key ldeas
* Generation by iteratively transforming-a'simple_distribution
* |nvertible transformation for tractable likelihood
* Enable straightforward MLE learning
* Design principle
* Apply non-linear transformations with-easy-to-compute Jacobian determinants

* Pros & Cons

e Easy sampling & training via deterministic transformation from a simple
distribution

* Most restricted network structure (trade expressiveness for tractability)

* Architecture, dimensionality, etc.
* Most suitable for the use cases where tractability is a must

3/30 Copyright @ 111S, Tsinghua University 35
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Today’s Topic

OpenPsi @ I111S

* Normalizing Flow

* A generative model class that has the best sampling and likelihood properties

* Score-based generative model
* A different framework to tackle general energy-based models
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Today’s Topic

OpenPsi @ I111S

* Normalizing Flow

* A generative model class that has the best sampling and likelihood properties

e Score-based generative model

* A different framework to tackle general energy-based models
* The model class that has-the best@eneration quality
* It is also called the diffusion medel

3/30 Copyright @ 111S, Tsinghua University 37
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Why Diffusion Model?

T JUST FEEL SO
EMPTY INSIDE.

3/30 Copyrigh 1 mg
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Why Diffusion Model?

B e _n

STABLE - * e
DIFFUSION. =T A
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Why Diffu
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Why Diffusion Model?

* Al-generated photo wins the award

* Jason Allen’s A.l.-generated work,
“Theéatre D’opéra Spatial,” took first place
in the digital category at the Colorado
State Fair.

e The trend of AIGC

Al Generated Content

 Foundation: Diffusion Model

3/30 Copyright @ 111S, Tsinghua University 41
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What is Diffusion Model

GAN: Adversarial < |1 x Generator A
.. X
training G(z)
VAE: maximize x || Enco 7 Decoder A 5/
variational lower bound %, po(x|2z)

Flow-based models: xQ FN - Z > In:ffrse o x/
Invertible transform of 'v % [ (2)

distributions

» X9 > —_— e

Diffusion models: X1
Gradually add Gaussian --- - - - - ——mmmm- Mmeoman «-—————

3/30 noise and then reverse Copyright @ Il11S, [Tsinghua University 42
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What is Diffusion Model

* Formal Definition

* Xg ~ Qdata(x)
* Forward diffusion process: continuously’adding Gaussian noise to data

T
Q‘(Xt|xt—1) — N(XtE V1 — BiXeiy 5tI) Q‘(XLT[XU) — HQ(Xt|Xt—1)

* Sampling process: gradually recover the data from isomorphic Gaussian noise

3/30 43
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Diffusion Model

* Milestone works

* The story
* https://www.quantamagazine.org/the-physics-ptinciple-that-inspired-modern-ai-art-
20230105/
* Deep Unsupervised Learning using Nonequilibrium Thermodynamics (ICML
2015)

* The original diffusion model
* Generative Modeling by Estimating Gradients of the Data Distribution (Yang
Song, et al., NIPS 2019)

* Score-based model, foundation of modern diffusion model
» Denoising Diffusion Probabilistic Models (Jonathan Ho, et al., NIPS 2020)
* DDPM: the first working diffusion model

3/30 Copyright @ 111S, Tsinghua University 44
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Diffusion Model

* Milestone works

* The story
* https://www.quantamagazine.org/the-physics-ptinciple-that-inspired-modern-ai-art-
20230105/
* Deep Unsupervised Learning using Nonequilibrium Thermodynamics (ICML
2015)

* The original diffusion model
* Generative Modeling by Estimating Gradients of the Data Distribution (Yang
Song, et al., NIPS 2019)

* Score-based model, foundation of modern diffusion model
e Denoising Diffusion Probabilistic Models (Jonathan Ho, et al., NIPS 2020)
* DDPM: the first working diffusion model
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Diffusion Model

* Denoising Diffusion Probabilistic Models(Jonathan Ho, et al., NIPS
2020)
e Learning eg(x, t); a; = [1i-, a;
* Original diffusion model loss function from.ICML15 (your homework ©)

—a+)? 2
° Lt = E.X'O,E lz(xt((i—g:))IZgI% |€t - EQ (\/C_(_txo + 1 - C_Zt(:‘t, t)l ]

« DDPM simplified objective: T = 1000, a, = 1 — B, B~[107%,0.02]

Algorithm 1 Training Algorithm 2 Sampling
I: repeat I: x7 ~ N(0,1)
2: Xop "”}}{‘XD) 2: fort=1T....,1do
3 t~U 1_'1_11‘{::1‘1'11{{1._ A L'} 3 z~N(0,I)ift > lelsez=0
4. e~ N(O, I} 1. 1 1—oy
5:  Take gradient descent step on 4 X1 = NCTS (Xt ~ Jioa: €g(Xt, f—)) T OtZ

Vo ||€ — eo(Varxo+ /1 — ase, t) ’2 5: end for .
3/30 6: until CO[I\-’Cl'ng Copyright @ I11S, Tsiﬁ]auamﬁit!lm X0 Why does lt Work?
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Diffusion Model

* Milestone works

* The story
* https://www.quantamagazine.org/the-physics-ptinciple-that-inspired-modern-ai-art-
20230105/
* Deep Unsupervised Learning using Nonequilibrium Thermodynamics (ICML
2015)

* The original diffusion model

* Generative Modeling by Estimating-Gradients of the Data Distribution (Yang
Song, et al., NIPS 2019)

e Score-based model, foundation of modern diffusion model

» Denoising Diffusion Probabilistic Models (Jonathan Ho, et al., NIPS 2020)
* DDPM: the first working diffusion model
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Diffusion Model

* Milestone works

* The story
* https://www.quantamagazine.org/the-physics-ptinciple-that-inspired-modern-ai-art-
20230105/
* Deep Unsupervised Learning using Nonequilibrium Thermodynamics (ICML
2015)

* The original diffusion model

* Generative Modeling by Estimating-Gradients of the Data Distribution (Yang
Song, et al., NIPS 2019)
e Score-based model, foundation of modern diffusion model
» Denoising Diffusion Probabilistic Models (Jonathan Ho, et al., NIPS 2020)

* DDPM: the first working diffusion model
* A simplified training objective directly connected to score-based model
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Score-Based Model

* How to represent a distribution p(x)?

 When the pdf is differentiable, we can-compute the gradient of a probability
density.

* Score function: s(x) = V,log p(x)

T ATATATA TR R R R R A A 4 4 1o P s ok
TR TATA A A A R R A & A 4 1 e s s fem
H“‘:Z‘.Ziiiliiff'.fi
R Ppresoosaaay AN p(x) V. logp(z)
RERSEeaases =@V, \ “
NA Wb by T \'*\'\/‘ 0.35}
\*.**‘fi - - 4 4 d bk \// i ‘ ‘
SRR DES PRI L NS . | |
rrrrrrrrrr geldddinbnm 4 £ \’ 4 ‘ \
£ 4 4 0 & b kX ~
RS SSA SR R REEN / / AN 025
R PR A R O oz \ NG : :
. '+**\'EH§ \N-x/<~ 0.15} \ |
,.*._._._._\Q.\( / \\\ > \ o
P - T e e e e \ v ‘/ / . \. ‘
Q K 0.05} \
(pdf and score) V-7 ‘ AN - - o

=10 -5 0 5 10

(Electrical potentials and fields
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Score-Based Model

* Energy-based model (recap) fo(x) € R
* Energy function fy(x) oF0()
* Partition function Z(8) Po(X) = Z(6)

* Learning EBMs for pg,¢a
* MLE with Contrastive Divergence for X¢iqin ~ Pdata

mSLX f@ (Xtrain) Y log Z(Q)

v@f@ (Xtrain) — v@ log Z(Q) ~ v@f@ (Xtrain) — v@f@ (Xsample)
* Monte-Carlo.sampling for negative samples Xgample ~ P9 (X)
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Score-Based Model

* Energy-based model (recap) fo(x) € R
* Energy function fy (x) 5£0(%) fo(x)
* Partition function Z(6) po(x) = Z(6)

* Learning EBMs for pg,¢a
* An alternative objective: Score. matching
+ fisher divergence F (p|1q) = ; Ex-p [I%:p(x) = V2q()I3]
* Score matching by minimizing fisher divergence

1
> Ex-paaca IV 108 Paata (%) — Vi logpg ()17 |

1
=E 5 |V dog pg (x)|5 + tr(Vilog pg (x)) | + Const

X~Pdatd

Your homework ©
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Score-Based Model

* Energy-based model (recap) fo(x) € R
* Energy function fy (x) 5£0(%) fo(x)
* Partition function Z(6) po(x) = Z(6)

* Learning EBMs for pj4¢4
* An alternative objective: Score. matching
« fisher divergence F(p||q) = %Ex~p[|vxp(x) — V,.q(x)|5]
* Score matching by minimizing fisher divergence

1
> Expaaca IV 108 data (%) — Vi logpg ()17 |

1
=E > |V dog pg (x)|5 + tr(Vilog pg (x)) | + Const

X~Pdata
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Score-Based Model

* Energy-based model (recap) fo(x) € R
* Energy function fy (x) 5£0(%) fo(x)
* Partition function Z(6) po(x) = Z(6)

* Learning EBMs for p 4¢4
* An alternative objective: Score. matching
« fisher divergence F(pl||q) = %Ex~p[|vxp(x) — V,.q(x)|5]
* Score matching by minimizing fisher divergence

1
> Ex-paaca IV 108 Pdata (%) — Vi log pg ()17 |

1
= Expgaua |51V fo (COI3 + tr(VEfp ()| + Const

No Partitigp. function.any more ;



Lecture 7, Deep Learning, 2025 Spring

Score-Based Model

* Score-based model is beyond EBM

* 5p(x) = Vy logpaara (%)
* Learning?

Probability density
Pdata (X)

i.i.d.'samples

X1, X2 5 Xy

B L e e )
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Score function

S¢ (X) ~ vx logpdata(x)
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Lecture 7, Deep Learning, 2025 Spring

Score-Based Model

e Score estimation formulation

 Given:i.i.d. samples {x{, X5, ..., X, } ~ Paqia (X)

* Task: Estimating the score V.. 1og p44¢4 (%)

OpenPsi @ I111S

* Score model: A learnable vector-valued function sy (x): R - R¢

* Goal: sg(x) = ViPaata(X)

&
/ —>
vx logpdata(x) /V\/' » ,vf!:v
N — ’%7
z’V—T}/
ol 7

/
sp(x) =/
—
~—
3/30 / > Copyright @ 111S, Tsinghua University

Average
Euclidean distance
over the space

55



Lecture 7, Deep Learning, 2025 Spring OpenPsi @ I111S

Score-Based Model

* Objective: Average Euclidean distance over the'whole space.

1
§Exmpdata [” Vx logpaata (X) T S¢ (X) ”g]

(Fisher divergence)

* Score matching:

1

Brpaus| 5 18003 + 1 Viso(x) )|

Jacobian of sg(x)

Y

* Requirements:

 The score model mustbe efficient to evaluate.
e How to have a propermodel for the score function?
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Lecture 7, Deep Learning, 2025 Spring OpenPsi @ I111S

Score-Based Model
* Deep neural networks as more expressive score models

Score Matching
is not Scalable due
to the Jacobian!

2
* Compute||sy(x)|3and tr(V%(X))Q O(d) Backprops!
889,1 (X) 0sp.1(x)  Osp,1(x)
O, | (Do) Dsalx)
D592 (%) 050t Bsnstx)
s Ozz | Oz3 |
889,3(}()

3/30
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Lecture 7, Deep Learning, 2025 Spring OpenPsi @ I111S

Denoising score matching

* Denoising score matching (Vincent 2011):

b matching the score of.a'noise-perturbed distribution
1 . ~
pdata(x) §Ei~qa[||vi loggs(X) — se(x)||§]
1
J - const-+§Eg~qa[HSe(i)Hg]— 4r(X) Vi 10g ¢, (X)" 59(%) dx

1 ) ) )
Qo (X | X) = const. 00 [39(6) 2] Bppntoreso s [V 08 05 (% | )T0(30)]
Your homework ©

1 . -
=const. + §Ex~pdata(x),i~qa(i|x)[||39 (X) — Vxlog g, (x| x)||§]

] ~ 2
> o Ex a0 5~ao (x| Vi 10g 4 (X | x)| ]

1 ~ ~
X ="const, + §Ex~pdata(x),i~qa(sc|x)[IISe (X) — Vg log g, (X | x)||2] + const.

1

=2 Expuaniae GallseX) — Vslog g, (% | x)[5] + const.
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Denoising score matching

e Estimate the score of a noise-perturbed distribution

1 5 -
~ Bz L[180(X) — Vi log ¢, (%) |12]

2
1 - ~ 2
=5 B~ pania () 500 (x1) 1| 86 (%)~ V. 10g 65 (X | x)|[5] + const.

* Vilogg,(X | x) is easy to compute
g(X | x) = N(x | x,0°])

X —X

Vs lqug(i | X) - 2

* Pros: efficient to optimize even for very high dimensional data, and
useful for optimal denoising.

* Con: cannot'estimate the score of clean data (noise-free)

3/30 Copyright @ 111S, Tsinghua University
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Lecture 7, Deep Learning, 2025 Spring OpenPsi @ I111S

Denoising score matching

* Sample a minibatch of datapoints  {x;, x5, ", X/} ~ Pdata(X)

* Sample a minibatch of perturbed datapoints {5’;1, Xo, * - - ,in} ~ qg(fc)
X; ~ qa(iz' l Xz’)

* Estimate the denoising score matching loss with empirical means

n

1 _ ~
%Z[Hse(xi) = Vxlog g0 (%: | x5)|J5]

1=1
* |f Gaussian perturbation

1
2n &

 Stochastic gradient descent
* Need to choose a very small o'
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Lecture 7, Deep Learning, 2025 Spring OpenPsi @ I111S

Pitfall of denoising score matching

* The loss variance will increase drastically.as o —="0!

* Denoising score matching loss for Gaussian perturbations

1 . X — X |2
iExwpdataEi"JQO'(i|x)li“80 X) + “ ]

1 —
= iEx,\,p wata Fz~ N (0,1) ' (x +'0z) “ ] (reparameterization trick)
1 [ |5
— §Ex~pdataEz~N(0,I) lsg(x + cfz)||2 +289(x +02z) — . - > ]
* If we choose very smallo-— 0 ,
Var —) —> 00 We need to tune o carefully!
o

2
var (12
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Score-based generative modeling
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Data samples Scores New samples

{X1,X2, " ,Xn} ~ Ddata(X) 89(x) ~ Vy 10g paata(X)
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Lecture 7, Deep Learning, 2025 Spring OpenPsi @ I111S

3/30

Langevin dynamics sampling (Recap)

» Sample from p(x) using only the score V4 log p(x)
e Initialize x° ~ 7(x)
* Repeatfor t «+— 1,2,--- T

z' ~N(0,I)

x! —x"! %Vx log p(x*~ 1 +n/e Z'

T

lfe > 0andT — oo, we are guaranteed to have x' ~ p(x)

e Langevin dynamics + score estimation  Ss(x) ~ Vxlog p(x)

Copyright @ 111S, Tsinghua University 63
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Score-based generative modeling

“h“"""""“""‘“""‘k‘h‘.‘.\ 4.4 1 7 F F >
RS TRR R R R R R A4 . » e A s g
e o o T & " ..-:‘
%\. — e e = e e - - - FLb = .
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R RPN MO D e L
EEREEE T - o T A4 b Y s ﬁ
NN Y Yy - X XA A 4 AL e DI St iRy
Y EREEEE TN _
Lt vy rrraw AN A A4 4 b b b e N
p A R Y I I I L L .
E Score LR R T L R R 4 : ; : : : : : LangeVIn
. wy - LN T bk e a a .
Co matching . - Saaeeec M EEEYY dynamics
* s " - «-q***a—q—"z*ﬁ
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Data samples Scores New samples

{Xla X27 T 7XTL} ~ pdata(x) SQ(X) ~ vX logpdata(x)
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Score-based generative modeling: empirical results

(a) MNIST (b) CelebA (c) CIFAR-10

Langevin sampling process

Why dags.it.fail.injpractice??? .



Lecture 7, Deep Learning, 2025 Spring

Pitfall 1: manifold hypothesis
* Manifold hypothesis.

v, logxta(x)

e Data score is undefined.

* Example
* The data distribution is-a‘ring
 What is the score function like?

e What about the real-world data?

3/30 Copyright @ I11S, Tsinghua University
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Data points

66



Lecture 7, Deep Learning, 2025 Spring

Pitfall 1: manifold hypothesis

* A toy example for the manifold hypothesis
 Fitting the data with a low-dimensionaldinear-manifold (PCA)

SO0YH / 9 &2\ 3 | ¥Z
SO0H /9 2\ 3 | #E

Dim

3072
Dim
2165

Real-world data have a small intrinsic dimension!
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Pitfall 2: challenge in low data density regions

* Let’s assume a well defined score function over the entire space
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Pitfall 2: challenge in low data density regi

Data density

N d

1
LV o pasia () — ||2] ’\
|; evm MCMC will have trouble

xploring low density regions

Song and Ermon. Generatlve M by Estimating Gradients o
3/381: the Data Distribution.” NeurlPS Copyright @ I11S, Tsinghua University 69
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Pitfall 3: slow mixing of Langevin dynamics between data modes

e Let’s further assume that we have learned accurate score functions!

* We may still have issue when p(x)is a multi-modal distribution

3/30 Copyright @ 111S, Tsinghua University 70



Lecture 7, Deep Learning, 2025 Spring OpenPsi @ I111S

Pitfall 3: slow mixing of Langevin dynamics between data modes

e Suppose the data distribution has two disajoint modes:
pdata(x) = TP (X) T (1 74 7.‘-)pQ (X)

i (x), xe A
AnB =0 Pinta3) = { (1 =m)pa(x), xebB
* Data score function:
Vx[log m +log p1 (x)], xe A

vxl ata —
08 Paaa () { Vi|log(l'— 7) + log pa(x)], xeB

o vx logpl(x)a x €A
V« log pa(x), xeB

* The score function has no dependence on the mode weighting r at all!
* Langevin sampling will not reflect
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OpenPsi @ I111S

Pitfall 3: slow mixing of Langevin dynamics between data modes

I.i.d samples

Langevin dynamics samples

., s &# e . .
AR _ralf‘.a"', )
v % E:;,f’ o
v S VSRS
i - " Y

.-;;_“11;'3511 £ s
'“”*p--?f?g: A
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Lecture 7, Deep Learning, 2025 Spring

3/30

Pitfalls

* Manifold hypothesis. Data score is undefined.

* Score matching fails in low data density regions

* Langevin dynamics fail to weight different modes correctly

Vx logata(x)

Data scores
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Data points
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Gaussian perturbation

* The solution to all pitfalls: Gaussian perturbation!

* Manifold + noise

e Score matching on noisy data.

!
AR G+

] i
®.6e+6
0]
) 1410 ! o N .
g -le9 . 6.80+6 |-\l (O, 00001)
= \ || |
% Ze+9 ) ] 704 B | I | J | |
3e+Y g Dl /2616 | | S |
O 10K" 20KWGOKY 40k 50k 0 10k 20k 30k 40k 50k
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Challenge in low data density regions

OpenPsi @ I11S

Data scor

Data density

111111

ffffffff

ttttttt

* -
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O’

Song and Ermon. “Generative M mby Estimating Gradients o
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Adding noise to data

Estimated scores

Perturbed density Perturbed scores
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Provide useful directional information
for Langevin MCMC.
Song and Ermon. “Generative Modeling by Estimating Gradients
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Multi-scale Noise Perturbation
>
. »
O AN e

* Multi-scale noise perturbations.
01 »09. >+ >01,_1 > O],

m. -
,, “
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Trading off Data Quality and Estimation Accuracy

Data density Data scores Estimated scores
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Using multiple noise scales
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OpenPsi @ I111S

Annealed Langevin Dynamics: Joint Scores-to- Samples

e Sample using01,092, " , 0[] sequentially with Langevin dynamics.

e Anneal down the noise level.

e Samples used as initialization for.the nextlevel.
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Annealed Langevin dynamics

Algorithm 1 Annealed Langevin dynamics.

Require: {o;}Z ,,¢,T.
1: Initialize X,

2: for: < 1to L do

3: ; «—€-02/o% > ay 18 the step size.
4: fort + 1toT do
5: Draw z; ~ N.(0,1)
~ \ 0% ~
6: Xy 45Xy A —2—59(xt_1, 0;) + /0 2y
7: end for
8: X0 — XT
9: end for

return xr
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Comparison to the vanilla Langevin dynamics

OpenPsi @ I11S

. o LI’“ "B A
A, 2
r ‘ .rl.- 2 & [ ] ’.x* *. . "
Jevin dynamics @ =' +*&, Ay g
o~ .
* ¥ s hie T
. . "1E » o
- 2 * i,
£ *
'é!ﬁ:' » » ™ - -,
S .. [ ] o
. @ .
- . N "
- .1. "- > & -...
.t n .
: - .I- 5 L ] 2 - &
- = LI ,‘r1|"
e w &
‘.;--f .1 - .= ™ [ ‘
. A -_- - .'. = ’ o
‘E! T . s e ™ :h -
& . .
- L I ’ A s " Pl
. . .
=5 & w @ .,
® - A .- - ‘..:. o G . ] 0 - 5 L g
. L . * v C . = .ﬂ' . s . *
. T s Sy ' d e . . T wa ¥
. L ] B B, . ™ .'.‘ '..‘ - L ] x & L ] s @ " g e ™

Langevin’dynamics Annealed Langevin dynamics

3/30 Copyright @ I11S, Tsinghua University 82



Lecture 7, Deep Learning, 2025 Spring

Joint Score Estimation via Noise Conditional Score Networks
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Training noise conditional score networks

* Weighted combination of denoising score matching'losses
* Given the noise levels gy ...0;

L
Z Lg,(x) [IVx loggs;(x) = So(x, 0@)”3]

A(0:) Exmpaaaa~n@:D I Vs 108 6o, (X | X) — 89(X, 05)]|3] + const.

[
SIEs
'Mh

1=1
1 & z ||°
- Z (03) Ex~pgiusz~N (0, I)[ sg(X + 0,2,0;) + — ] + const.
L i=1 Tilla
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Choosing noise scales

e Maximum noise scale

01 ~ maximum pairwise distance between datapoints

- ~~

* Minimum noise.scale: O L should be sufficiently small to control the
3/30 nOise in final Samples. Copyright @ 111S, Tsinghua University 85
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Choosing noise scales

* Key intuition: adjacent noise scales
should have sufficient overlap to
facilitate transitioning across noise
scales in annealed Langevin
dynamics.

* A geometric progression with
sufficient length.

g1 > 09 >0 >+ ~>071.1 > 0],

o1 _ o2 01

— — —

g9 g3 gr,

3/30 Copyright @ I11S, Tsinghua University 86
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Choosing the weighting function

* Weighted combination of denoising score matching'losses

1 L 2
E Z medataasz(O I) I: ]

2

/1
So(X + 0:7,07) + —
0;

* How to choose the weighting-function A : Rog — R.¢

* Goal: balancing different score'matching losses in the sum 2 \(o0;) = o7
2
2112
0 Expaata z~N(0,I)[ So(xX + 0i2,0i) + —
LZ Pd 0; 9 -
-G ZE o | lovso(x + aiz, ) + 2}
| 'L _ _
= 72 Expaaa~non)| ll€o(x + 0i2,03) + 25 [ €o(:,04) 1= 0ise(-, 04) |

=
I
p—
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Training noise conditional score networks

* Sample a mini-batch of datapoints (X1, X2, " ,Xn} ~ Ddata
* Sample a mini-batch of noise scale indices

{7;177;27”° 77%} Nu{1727 7L}

* Sample a mini-batch of Gaussian noise {21,290, ,2,} ~ N(0,1)
* Estimate the weighted mixture of score matching losses
1 « 9
- Z [ ||O',,;k89(Xk + 0y Zk, aik) + Zk”Q]
"=

e Stochastic gradient descent
* As efficientas-training one single non-conditional score-based model

3/30 Copyright @ 111S, Tsinghua University 88
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Experiments: Sampling

3/30 Copyright @ I11S, Tsinghua University 89



Experiments: Sampling

Model Inception FID
CIFAR-10 Unconditional

PixelCNN [59] 4.60 65.93
PixelIQN [42] 5.29 49.46
EBM [12] 6.02 40.58
WGAN-GP [18] 7.80 L .07 364
MoLM [45] 790+ .10 18.9
SNGAN [36] 8.22 + .05 21.7
ProgressiveGAN [25] 8.80 £ .05 -
NCSN (Ours) 887+ .12 25.32
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High Resolution Image Generation

3/30 Copyright @ I11S, Tsinghua University 91
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Comparison between NCSN and DDPM

« NCSN L
* Learning: T Z Ex~pdata,z~N(0,I)[ |€0(x +.0:2,0:) + Z||§] | €o(-,0i) := 0is0(:, 03) |
=1

~ ~ 87 ~
* Inference: %X, « %X, 1 + Ezse(xt_l, 0;) Fo/; Z

* DDPM

* NCSN with a few enhancements for training stabilities
* More discussions can be found in the original paper (your homework ©)

Algorithm 1 Training Algorithm 2 Sampling
[: repeat I: x7 ~ N(0,1)
2: Xg NTE}(‘XG) 2: fort=T.....1do
3t~ I_.I_'l_ll‘orn'l({l._ Lo TH 3 z~N(0I)ift = 1l.elsez=0
4: € ~N(0.1) N 1 1—ay
5:  Take gradient descent si€p.on X1 = T (Xi T Via Eg(Xa,f}) T
5: end for

Vo || € (/arxo +1/1 — aye, f}”ﬂ
6: until converged

3/30 Copyright @ 111S, Tsinghua University 92

6: return xg
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Using an infinite number of noise scales

Data distribution

Perturbed distributions

pe(x)

3/30 Copyright @ I11S, Tsinghua University . . . 93
: continuous index of perturbed distributions
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Compact representation of infinite distributions

Perturbed distributions

) oL

M

AW

po(x) pt(X) pr(x)

* Stochastic differential equation: dx =if(x, t)dt 4 o(¢)dw!

3/30 convricnt @ 1hs, Determdnistic drift
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Lecture 7, Deep Learning, 2025 Spring

Score-based generative modeling via SDEs

Nata

[ ] &= S

oF
PS
|
Q
=
@F
s
o(t)

0
t

Copyright @ I11S, Tsinghua University
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Score-based generative modeling via SDEs

Prior Perturbed distributions Data

| i |

X =0(l)dw mm——) dx = —0°(t)V, logpi(x)dt + o(t)dw

Time reversal T

T :
3/30 {pt X ot\LL_l.qﬁ @ 111S, Tsinghua University Score funCtlon! 96
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Score based generative modeling via SDEs

* Time-dependent score-based model

Sg(X,1) ~ V0 D: (¥)
* Training:

Esere(0,1) [ (8)Ep, ([l Vx 1og e (%) — s6 (. 1) 5]
* Reverse-time SDE
dx = —~o2(t)salx, t)dt + o(t)dw
 Sampling: Euler-Maruyama

X ¢ X — o(t)?se (3, 1) At +o(t) z  (z ~ N(0,|At| I))
t<—t+ At

Sang, Sohl-Dickstein, Kingma, Kumar, Ermon, Poole. Scpre @a&g%@engrq}lve Modeling Fa Ster Samphng? .

through Stochastic Differential Equations.” ICLR 2021.
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Predictor-Corrector sampling methods

* Predictor-Corrector sampling.

* Predictor: Numerical SDE solver
e Corrector: Score-based MCMC

Prior Perturbed distributions ~ Data

pr(x) pt(x) ~ po(x)

ang, Sohl-Dickstein, Kingma, Kumar, Ermon, Poole. Sc&gver Q@&ﬁ%@sm rative Modeling
through Stochastic Differential Equations.” ICLR 2021.
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Results on predictor-corrector sampling

Model FID| IS?
Conditional
BigGAN (Brock et al., 2018) 14.73 9.22
StyleGAN2-ADA (Karras et al., 2020a) 2.42 10.14
Unconditional
StyleGAN2-ADA (Karras et al., 2020a) . 2.92 9.83
NCSN (Song & Ermon, 2019) 25.32 8.87 + .12
NCSNv2 (Song & Ermon,2020) 10.87 8.40 + .07
DDPM (Ho et al.;:2020) 3.17 9.46 + .11
DDPM++ 2.78 9.64
DDPM++-cont. (VP) 2.55 9.58
DDPM++cont. (sub-VP) 2.61 9.56
DDPM-++ cont. (deep, VP) 2.41 9.68
DDPM-++ cont. (deep, sub-VP) 2.41 9.57
NCSN++ 2.45 9.73
NCSN4++-cont. (VE) 2.38 9.83
NCSN++cont. (deep, VE) 2.20 9.89
ng, Sohl-Dickstein, Kingma, Kumar, Ermon, Poole. “Sc et ta&mjs'qsel% i ’g]ii\ceersll\@yodeling %

through Stochastic Differential Equations.” ICLR 2021.
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High-Fidelity Generation for 1024x1024 Images

ng, Sohl-Dickstein, Kingma, Kumar, Ermon, Poole. “Score- a&ggﬂs'Qen r ti_verSMyodeIing 100

opyright singhua Unive

through Stochastic Differential Equations.” ICLR 2021.
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Can we further accelerate inference?

* ODE solver still requires iterative computation
* Can we make it faster?

* Consistency Models: use a neural networkfor ODE prediction!
 Given a smooth ODE, learn fg(x;, t) = x, to map to trajectory origin.
* The mapping over the same trajectory.should be consistent
* Training by distillation (more details can‘be found in the CM paper)
Data Noise

Data oise
u \
/ fg(Xf,f,) - ‘
X0, o(Xe =75 ) ?"’1}’)
ol Falon i)

SonyDhariwal, Chen, Sutskever. “Consistency Models.” ICMPY2H58 'S Tstnahua University 1ot
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Can we further accelerate inference?

* Consistency Models: use a neural network for ODE prediction!
 Given a smooth ODE, learn fg(x;,t) = xyto mapto trajectory origin.

e T oH
- - ] 1

Figure 5: Samples generated-by EDM (7op), CT + single-step generation (middle), and CT + 2-step generation (Bottom). All
corresponding images are generated from the same initial noise.

SonyDhariwal, Chen, Sutskever. “Consistency Models.” ICMPY2H58 'S Tstnahua University 102
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Controllable Generation

@ ({5

Control signal

* Conditional reverse-time SDE via unconditional scores

= £S
- SsS
-
- ~
- ~
- ~
- ~
- ~
- ~o
- ~
- ~
e ~
- ~
- ~
- ~~
-z ~o
- A

dx = —o® () log pia)i+ Vo Lo o [y [ x)]dt + o ()dw
unconditighal score, Tra‘med separately or
Teaiyed w/o'y specified with domain knowledge

Sang, Sohl-Dickstein, Kingma, Kumar, Ermon, Poole. chgve“qt&ﬁpsqsmq rative Modeling 103
through Stochastic Differential Equations.” ICLR 2021.
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Controllable Generation: class-conditional-generation

* Yis the class label
*»:(v | %) is a time-dependent classifier

class: bird class: deer

ang, Sohl-Dickstein, Kingma, Kumar, Ermon, Poole. “chgver;(!%tagﬁﬂ’ci‘!gnnq rative Modeling Los
through Stochastic Differential Equations.” ICLR 2021.
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Controllable Generation: inpainting

Y is the masked image
can be approximated without training

ang, Sohl-Dickstein, Kingma, Kumar, Ermon, Poole. “Score- a@ﬂeﬁjsgen rative Modeling

opyright singhua University 105

through Stochastic Differential Equations.” ICLR 2021.
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Controllable Generation: colorization

Y is the gray-scale image
p:(y | %) can be approximated without training

ang, Sohl-Dickstein, Kingma, Kumar, Ermon, Poole. “Scgre- taﬁgis’Qen rative Modeling

opyrig singhua University 106

through Stochastic Differential Equations.” ICLR 2021.
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Controllable Generation: colorization

30 Resolution1024x1024 107
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Controllable generation: Text-guided generation

OpenPsi @ I111S

* An astronaut riding a horse in * A very attractive and natural woman, *./Cozy Scandinavian living room,
photorealistic style (Dall-E 2) sitting on a yoka mat, breathing, eye there is a cat sleeping on the
closed, no make up, intense satisfaction, couch, depth of field

she looks like she is intensely relaxed, (Midjourney v5)
yoga class, sunrise; 35mm, F1: 4
(Midjourney v5)

3/30 More on Lecture 12
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Build Your Diffusion Model

* Hugging face will be your best friend!
* Hugging face is a platform for sharing <% models

e Example: Stable Diffusion Model https://huggingface.co/runwayml/stable-
diffusion-v1-5

* How to develop your own model?

* For example, | want to builda model to generating —>X 7t images
° Re_training can be expensive! We wanted to know how much time (and

money) it would cost to train a Stable Diffusion
model from scratch using our Streaming
datasets, Composer, and MosaicML platform.
Our results: it would take us 79,000 A100-hours
in 13 days, for a total training cost of less than
$160,000. 2023=15241

M mosaicml.com
https://'www.mosaicml.com » blog » training-stable-diffu...

3/30 Copyright @ 111S, TsiffihgivigrStable Diffusion from Scratch Costs <$160k - MosaicML 109
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Build Your Diffusion Model

* LORA: Low-rank adaptation of large language models (MSR, 2021)

* Low-rank hypothesis
* Neural network models with over-parameterization reside in a low intrinsic dimension

* Fine-tuning can be also performed with.a “low-rank” fashion h |

* Low-rank decomposition of additive weights ZEELEENS
* Model weights are frozen
e e et ) ) Pretrained
* Aisinitialized to small Gaussian noise Wei
eights

B is initialized to zero
https://github.com/microsoft/LeRA

* Lora becomes extremely popular these days ... N R
)

[

* Some examples-on next slide ... X |

Figure 1: Our reparametriza-
3/30 Copyright @ 111S, Tsinghua University tion. We Oﬂl}/ train A and B. 110
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Build Your Diffusion Model: Examples

* Fashion Girl e Blind Box

y. \\ - .

*“’ W 7

3730 Create your own art frorff'téxt," With'yStr'¢hosen style (Lora)I
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Control Your Model

* ControlNet: Adding Conditional Control.to Text-to-Image Diffusion
Models (Stanford, 2023)

* Let the model also condition on additional signal
* Example: Canny edge detection
* https://github.com/lllyasviel/ContrelNet

- : T = ; : i
a man St%ﬂdl[lgTQn tc;p of a cliff’ man on hill watching a meteor, cartoon artwork
3/30 Copyright @ 111S,~Tsinghua® University i 112
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Control Your Model

* ControlNet: Adding Conditional Control.to Text-to-Image Diffusion
Models (Stanford, 2023)

* Let the model also condition on additional signal
* Example: Human Motion
* https://github.com/lllyasviel/ContrelNet

L L I

“astronaut”

3/30 Copyright @ 111S, Tsinghua University 113
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Control Your Model

OpenPsi @ I111S

* ControlNet: Adding Conditional Control.to Text-to-Image Diffusion
Models (Stanford, 2023)

e Similar idea to Lora: frozen weight + small adaptation

* Key techniques:

Condition

l

zero convolution

Prompt Input

L !

SD Encoder Block 1 a

e Zero-convolution: 1x1 conv-layer initializes to.zero (oo B rf e
* Trainable copy for adaptation initialization
* Repeated additive for conditioning

X

!

‘ neural network

block

l

y

8/30 (a) Before

. [rreeeeeeeeeeeneee

zero convolution

(

X ?
l H :
neural network ‘ trainable copy
block (locked) ¢ -OPY
: I -
é zero convolution
I
y ControlNet

(bcj’%ﬁ'élpt @ 111S, Tsinghua University

SD Encoder Block_2 .,
32x%32 d

Time

l

Time Encoder

SD Encoder 6
Block 4 8x8

SD Middle 6
Block 8x8 =

SD Encoder Block 3 .
16x16 ]

x3

}xg

Prompt&Time

{

SD Encoder Block 1
64x64 (trainable copy)
[

]xg

_{

SD Encoder Block_2 ] .

32x32 (trainable copy)

SD Encoder Block 3

16x16 (trainable copy)

SD Encoder Block 4

8x8 (trainable copy)

SD Middle Block

8x8 (trainable copy)
zero convolution

SD Decoder -,

Block_4 8x8 8|3
SD Decoder Block_3
16%16 @

SD Decoder Block 2 )
32x32

zero convolution | x3

*3

[
SD Decoder Block 1 a
64x64

Output
(a) Stable Diffusion

} *Jee————

zero convolution

zero convolution

114
(b) ControlNet

zero convolution x3
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Control Your Model

* ControlNet: Adding Conditional Control.to Text-to-Image Diffusion
Models (Stanford, 2023)

* More ControlNet examples

Before After

* Home designer

3/30
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Control Your Model

* ControlNet: Adding Conditional Cont usion

Models (Stanford, 2023)

* More ControlNet examples
* Home designer

 Even video!
e more in future lectures...

3/30 Copyright @ 111S, Tsinghu 116
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Summary: Diffusion Model

e Advanced Generative Model
e Diffusion Model and Score-Based Model
* Score matching for gradients of log probability

* Training & Inference (with condition)
* Noise conditioned network
* Langevin dynamics and SDE for fast sampling
e Conditioned generation without the need of retraining

* Frontier AIGC: LORA.and ControlNet

 Hugging Face is your friend

3/30 Copyright @ 111S, Tsinghua University
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Generative Model (Summary)

* Goal of generative model
e Learn a distribution p(x) to generate samples and-unsupervised learning

* Models so far
* Energy-based model
 p(x) = %exp(—E(x)), powerful representation but hard to sample

 Variational auto-encoder
* p(x,z) = p(z)p(x|z), variational inference as an approximate method
e Generative adversarial net
* G(z) and D(x), an implicitmodel with high generation quality and unstable training
* Normalizing flow
 x = f(z), best mathematical properties but the most restricted representation
* Score-based-models
* s(x) = V,p(x;8), highest generation quality + stable training, but generation is slow

3/30 Copyright @ Illsqrsinqhua University 118
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Generative Model (Summary)

* Goal of generative model
e Learn a distribution p(x) to generate samples and-unsupervised learning

* Models so far
* Energy-based model

Coming next: generating.data samples beyond images!

* p(x,z) = p(z)p(x|z), variational inference as an approximate method
e Generative adversarial net

* G(z) and D(x), an implicitmodel with high generation quality and unstable training
* Normalizing flow

 x = f(z), best mathematical properties but the most restricted representation
* Score-based-models

* s(x) = V,p(x;8), highest generation quality + stable training, but generation is slow

3/30 Copyright @ Illsqrsinqhua University 119
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