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(Generative models

P(X)
T

. Two tasks of a generative model P(X)

- Sampling: x ~ P(X)

Deep Network Deep Network
. Density estimation: P(X = x)




(Generative models

Two kinds of models

Sampling based x ~ P(X) Density estimation based P(X)
. Sample z ~ P(Z) . Learn special form of P(X)
. Learn transformation - Model specific sampling / generation

- P(x|2)orf:z— X

Deep
< Network

Deep P(X)

Network




Generative modeling is hard

P(X)
T

. Density estimation P(X = x)

~ How to ensurez P(x) = 1 forallx
X

Deep Network Deep Network

- Impossible to compute (in general)




Auto-regressive models

P(x) = P(x))P(xy | x)P(x5 | x1, %) P(xg | X1...%3). ...

« P(x;|x;...x;_;) = softmax(f(x;...x;_))

« Basis of most LLM models

. Easy estimation of P(x)

- Easy sampling
xl ~ P(Xl),xZ ~ P(Xz‘.xl)

. Slow sampling

[1] WaveNet: A Generative Model for Raw Audio. Aaron van den Oord, et al. 2016
[2] Long Video Generation with Time-Agnostic VQGAN and Time-Sensitive Transformer. Songwei Ge, et al. 2022



Auto-regressive models

lssues

P(x) = P(x))P(xy | x))P(x3 | x1, %) P(xg | ;... %3). ...

. Difficult learning problem for long
sequences (requires good model)

.« Solution: Tokenization/Vector-
Quantization (next class)

. More complex x;

- Shorter sequence

[1] WaveNet: A Generative Model for Raw Audio. Aaron van den Oord, et al. 2016
(2] Long Video Generation with Time-Agnostic VQGAN and Time-Sensitive Transformer. Songwei Ge, et al. 2022



Diffusion Process ©g ~® —@g —n

Forward process

- Make an image noisy

- Start with an image x;

. Add noise q(x, | x,_1) = N (/1 = Bx, BT
. p,increases linearly with ¢
q(x; [ xp) = JHQ(X | Xi)dxy 4y
= H(y/Exp, (1= a))
where @, = H(l — )
i=1

[3] Denoising Diffusion Probabilistic Models. Jonathan Ho, et al. 2020.



Diffusion Process

Reverse process

. Learn to predict image progressively
. Start P(xp) = A(0,1)

. Denoise P(x,_ | x,) = N (uy(x,), Zy(x,))

- Reverse process

T
P(xy 1) = PGep) | [ PGy 1)
=1

. P(xp) = JP(XO...T)dxl...T

[3] Denoising Diffusion Probabilistic Models. Jonathan Ho, et al. 2020.
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Diffusion Process *@Wfﬁft e

Algorithm 1 Training
l: repeat
- Maximize Evidence lower bound (ELBO) 2: X0 ~ q(x0)
P(x, ) 3: t~ [j{;liform({l, .., T}
0...T 4: €~ N(0,I)
log P(x()) = EC] lOg g(x; 7 | XO) 5: Take gradient descent step on
Vo ||e—ee(\/&_txo+\/1—&te,t)||2
6: until converged
+ (Lot's of math later) A]gorithm pJ Samphng

1: x7 ~ N(0,I)

. Relatively simply training and sampling 2 fort — T 1 do

algorithms > B N O DS 1, elsez =0
4: Xp_1 = i (Xt 1__02 Ee(xt,t)) + 02
. €(x,, 1) is a noise-prediction network 5 end for Vot vVi-ay

6: return xo

3] Denoising Diffusion Probabilistic Models. Jonathan Ho, et al. 2020.
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3] Denoising Diffusion Probabilistic Models. Jonathan Ho, et al. 2020.



3] Denoising Diffusion Probabilistic Models. Jonathan Ho, et al. 2020.
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Data scores Estimated scores
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o | S h(]rd tO |e(]rn Algorithm 1 Annealed Langevin dynamics. ;. i; ; ég 4 g{ "“
Requlre. {crz ‘.67 i Fg*
. Initialize Xg : ‘ .:{_jf_ “-3-: ﬂ
. 2: for: < 1to L do B P S
. Vlog P (X) (Score fu HCUOH) i o <t— f-lof/gj,d > a; is the step size. e B e N T 'f@f‘ ':g g:@ E\
: ort+— 1lto 0 W ol B e « R ¢
5: Draw Zy ~ N(O I) Dt R Tk FETEE T ) 5 -
. . . 6: %, — X1 + Ese(xt _1:03) + /& 2z e :‘;Ej’ﬁ" ﬁ""%’“‘qkﬁ
. is easier to learn/estimate 7 endfor | R °"~_‘1‘*,ji’:,_ 2 2
8:  Xg Xy : B
9: end for 'f- ""1"'""1!'"]"3
return xr ._” e [ |

X

2
E.p||s() = VPX)]
1 2
" E_p |tr(V s(x)) + > |s(x)| + const

|4] Generative Modeling by Estimating Gradients of the Data Distribution. Yang Song, et al. 2019.



Guided Diffusion

. Learn variance 2(x,)

. Better architecture

- Deeper more attention heads,
attention on multiple blocks, ...

. Classifier guidance (conditioning)

|5] Diffusion Models Beat GANs on Image Synthesis. Prafulla Dhariwal, et al. 2021.



Diffusion

- Very good image quality

« Not eqas|

ly controllable

- Computationally quite expensive

- Multiple sampling steps

. Fairly high resolution |

outpu

s required (orig

Nputs and

inal image size)
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