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VAE vs. Diffusion Model
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Denoising Diffusion Probabilistic Models

Algorithm 1 Training Algorithm 2 Sampling
l: repeat l: x7 ~N(0,I)
2: %o ~ q(Xo) | 2: fort=T,...,1do
i: t~ Ii?(ltf}“];)ﬂ({l* ., T 3 z~N(0.1)ift > 1,elsez =0
5 Take gradient descent step on 4 X1 = ﬁ—t (Kf - PEH(H )) + OtZ
Ve ||E—Eg(1fﬁ'tl"{{]+\f1—{’._‘.ttE,f)||£ 5: end for
6: return xg

6: until converged
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Training

Xo: Clean image

Algorithm 1 Training

@y, dy,... Ay

o

l: repeat
2: Xg ~ q(xp) < sample clean image
3: t ~ Uniform({1,...,7})
4: €~ N(0,I) «- sample a noise
5: Take gradient descent step on
Vo |l§ — Eﬂ(lvﬁ’txn + v1 = 5-’::4= t)”‘2
6: il o o
until con :r,:,e‘f Noisy image y
: Y
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Inference Algorithm 2 Sampling

l: X N(O |

2: fort=1T,....1do

3: |z ~ N(O, I)|1ft > 1,elsez =0 sample a noise?!
4: Xt-1 = \/+’t_n Xt — %Ea(xt,t) + otz o B
5: end for ay, &a,... At
6: return xg aq, Ay,... A
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Maximum Likelihood Estimation
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Sample {x1,x%, ..., x™} from Pygq(x)

We can compute Py (xi)

2??

Pg(x)

Paata(x)

m
0* = arg max 1_[ Py (xi)
i=1



Sample {x1,x?, ..., x™} from Py ¢4 (%)

m m
0* = arg mBaXHPQ(Xi) = arg max logl_[Pg(xi)
i=1 i=1

m
= arg meaxz logPg(x') =~ arg max Ex-p,,.,[l0gPg(x)]
i=1

(not related to 0)
= arg mGaXJ Pgata(x)logPg(x)dx _f Paata(x)logPgqra(x)dx
X X
Pg(x) Difference between P;,:, and Py
P (o) = argminKL(PyqeallPo)

= arg max f Paata(x)log

X

Maximum Likelihood = Minimize KL Divergence



VAE: Compute Pgy(x)
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G(z) =x

Pg(x)

Mean of Gaussian

Pg(x) = J P(z)Py (x|z)dz

N
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Pg(x|2)
< exp(—|[|G(z) — x[|,)



VAE: Lower bound of logP (x)

logPg(x) = j AR 1L C I A G (Z]|X) can beany distrioution

Z

B P(z,x) B P(z,x) q(z|x)
_Jq(zlx)log (P( | )>dZ —jQ(Z|x)l (q(zlx) P(le)) dZ

fq<z|x>zog(q(zlx))dz + [ atetos (75 ¢

KL(CI(ZIX)IIP(ZIX))

P(Z,X) P(x, )
= f 1(z|x)log (q(z|x)) dz = Eqzx)[log (q(Z|j)>]

yA
Encoder




DDPM: Compute Pg(x)

Denoise esscss #
T
o - G(x,) Mean of Pg(x¢—1|x¢)
—| Denoise |—> : Gaussian < exp(—||G(x¢) — x¢—1ll2)
Xe
Pe(xo) = P (XT)PG (xT—lle) .. Pg (xt—1|xt) . Pg (x0|x1)dx1:XT

X1:XT



DDPM: Lower bound of logP (x)

PQ.Q)]

Maximize l0gPg(x) =mmmlp Maximize [log (q(gx)

Encoder

P(xqg: x7)
DDPM  Maximize logPg(x,) e Maximize fCI(L’CﬂxO)][log <q(£|x:_x:;c|xo)>]

Forward Process
(Diffusion Process)

q(x1:x7)|x9) = q(xq]x0)q(x21x1) ... q(x7|X7-1)



q(xe|xe—q




IIIIIIIIIIII»IBIIIIIIII

V1-=p

-

+\/1_ﬁ2\/ﬁ1



= \/1—,32 \/1—,31

+J1-01-8,)0 -5



q(x¢]|xo)




_ ] ) P(mﬂ:]"}
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*?{EL.TFEU]

[ pe(xr)pe(zo|z1) T po(x_1|xe)
=E lug“; Tre\ ol +1¢_\+l_[—]rﬂ i ] (51)

i q(@xy|xg) - fa'(m:|mt—1.~ﬂf-'n}
—E o pler)pe(xole:) o H palxi_1|x) (52)
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= Ey (20120 |108 plaxr)pgl(xo|x,) + log M H po(x:_1|x;) (54)
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_ T 1|z Understanding Diffusion Models:
= Eq(:l Ty ) _lugpg [Enl.ﬂlj] + [Eﬂ":ﬂ:ﬂmu] [lug—‘ [ T} :| Z [E'i‘[za T 1| [ M] {EJT] oo g .
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DDPM: Lower bound of logP (x)

Eq ey 1) [L0gP (x0]%1) ] _KL(CI(XHXO)HP(XT))

T
- Z ECI(xtIxo)[KL(CI(xt—1|xt» x0)||P(xt_1|xt))]
t=2



E (21 1x0) [LOgP (x| x1) _KL(Q(XTle)”P(xT))

q(x¢]|xo)

q(xe—1]x0)

q(xe|xe—1)

T

t=2

Eq(xt|x0) [KL(ICI(xt—l |xt» xo)“ |P(xt—1 |xt




Eq (1) [10gP (xolx1)] —KL(qCxr|x0)||P(xr))

Eq(xt|x0) [KL(ICI(xt—1 | X, xo)“ |P(x¢—q |xt))]

-

t=2
e 4 Cxclo)
q(xe—1]%0) Xt-1
q(x,_1 %, Xo) q(xe|xe—1) = %0 = %0
’ Gaussian Gaussian
_ q(X¢—1,Xt, Xg) _ q(xelxe—1)q(xe—1|x0)q(xg) _ q(xelxe—1)q(xe—1]%0)
q(x¢, xo) q(x¢|x)q(xg) q(x¢|xo) =r

Gaussian
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Eq (1) [10gP (xolx1)] —KL(qCxr|x0)||P(xr))
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Eq (1) [10gP (xolx1)] —KL(qCxr|x0)||P(xr))

T
— Eq(xt|xo)[KL(CI(xt—1|xtr xo)||P(Xt—1|xt))]
t=2
How to minimize | Tunable
KL divergence? fixed =
L A o
pflxed fixed A

Recall that the KL Divergence between two (Gaussian distributions is:
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Eq (1) [10gP (xolx1)] —KL(qCxr|x0)||P(xr))

How to minimize
KL divergence?

V&-1Bexo +Jar (1 — ar_1)x;

N1~
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Eqx,1x0) [KL(CI(xt—l %6, ) | |P (X¢—q |xt))]
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E (1 1x0) [l0gP (x0]x1) ] _KL(Q(XTle)”P(xT))
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Sample x;

Algorithm 2 Sampling

xX; = J@xog+y1 — ase o ~ N(0.T)
_\/1_—5_%3:\/5_(_:950 0t =Fyievy LU0

z~N(0 I 1ft>1 elsez =0

l:

2

‘ B
Xy —+1— ;e 4: Xt =LE (Xt — —eo(xt t )]-{- OtZ

5

6

= x
o 0 - end for
t




Algorithm 2 Sampling

. XT NN(O,I)
E I = Xiaix 1800
z~N(0,I)ift > 1,elsez=0

]
2
3
4: Xt-1 = \/;ﬂ_t (Xt — \}%eo(xt,t)) + otz
5: end for

6: return x

Mean of Gaussian
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BHEERXEOREE Sample ?
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* The Curious Case of Neural Text Degeneration

https://a

rxiv.org/abs/1904.09751

Context: In a shocking finding, scientist discovered a herd of unicorns living in a remote, previously unexplored valley,
in the Andes Mountains. Even more surprising to the researchers was the fact that the unicorns spoke perfect English.

Beam Search,

"The study, published in the Proceedings of the
Mational Academy of Sciences of the United States of
Armerica (PMNAS), was conducted by researchers from the
Universidad Nacional Auténoma d}é

the Universidad Nacional Autonoma de Meéxico

b=32:

(UNAM/Universidad Nacional Autéonoma de

Mexico/Univer
Mexico/Univer
Mexico/Univer

sidad Nacional Autonoma de
sidad Nacional Autonoma de
sidad Nacional Autonoma de ...*

Mexico (UNAM) and

L

Pure 53mpling{:

They were cattle called Bolivian Cavalleros; they live in a
remote desert uninterrupted by town, and they speak huge,
beautiful, paradisiacal Bolivian linguistic thing. They say,
'Lunch, marge.' They don't tell what the lunch is," director
Protessor Chuperas Omwell told Sky News. "They've only
been talking to scientists, like we're being interviewed by TV
reporters. We don't even stick around to be interviewed by
TV reporters. Maybe that's how they figured out that they're
cosplaying as the Bolivian Cavalleros.”



Beam Search Text is Less Surprising

—

a8 ﬂ |
3 06
% 0.4
o

0.2

0 ! A
https://arxiv.org/abs/1904.09751 0 20 40 40 80 100
Timestep == Beam Search
e Hurman
Beam Search Human

...to provide an overview of the ...which grant increased life span

current state-of-the-art in the field and three years warranty. The
of computer vision and machine  Antec HCG series consists of five

learning, and to provide an models with capacities spanning
overview of the current from 400W to 200W. Here we
state-of-the-art in the field of should note that we have already
computer vision and machine tested the HCG-620 in a previous
learning, and to provide an review and were quite satisfied
overview of the current With its performance. In today's
state-of-the-art in the field of review we will rigorously test the
computer vision and machine Antec HCG-520, which as its model
learning, and to provide an number implies, has 520W capacity
overview of the current and contrary to Antec's strong
state-of-the-art in the field of beliefs in multi-rail PSUs is
computer vision and machine equipped...

learning, and...



EE=R=PP AUAE

https://arxiv.org/abs/1712.05884

2 Sampling !

Waveform
Mel Spectrogram Samples
}
[ 5 Conv Layer WaveNet
. . Post-Net . MoL
with without OST - N 2
dropout dropout |
REEASRUERER l [ kieas
[ 2 Layer ] l 2 LSTM ]< Projection
Pre-Net Layers = Uihear |
dropout 0 _Projection || StP Token
The convolutional layers in the network are regularized using
dropout [25] with probability 0.5, and LSTM layers are regularized
using zoneout [26] with probability 0.1. In order to introduce output
variation at inference time, dropout with probability 0.5 is applied Bidirectional

only to layers in the pre-net of the autoregressive decoder.

LSTM

J

3 Conv
Layers



Diffusion Model =—1& Autoregressive
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Denoise |—¢ Denoise |=——4=>
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(Add noise) (Add noise)



Algorithm 2 Sampling Ot aS paper

. XT NN(O,I)
E I = Xiaix 1800
z~N(0,I)ift > 1,elsez=0

1
Z
3
4 Xt-1= = <xt = \}%ee(xht)) + o1z
5
6

O-t — O
: end for BE R FEB
. return X OB 4S

Mean of Gaussian

ﬁ DenOise llllllllllllllllll’ 1
sample |

AT EAETZEE Mean ?



Denoising Diffusion Probabilistic Models

Algorithm 1 Training Algorithm 2 Sampling

l: repeat

X0 ~ q(Xo) : furt:Ti .?.,,1dﬂ
t ~ Uniform({1,...,T}) z ~N(0,1)ift > 1,elsez=0

1:
2
N(0,1) 3
€
Take gradient descent step on 4 Xi-1 = ﬁ—t (Kt - %Ee(m )) +
5
6

Vi |IE_EH(\/&_tK{1—-I—\/1—7ﬁtE,t]H2 - end for

6: until converged . return xg




Diffusion Model for Speech

 WaveGrad

WWWW

Df:nmsmg —

pﬂ' Yn | Yn+1.
L R OO

+— Diffusion
q(Yn+1 | Yn)

https://arxiv.org/abs/2009.00713



Diffusion Model for Text

* Difficulty: IRUZNE 7?7 e s o o0
Add noise

 Solution: Noise on latent space

Gaussian Noise Gradually Denoising Word Vectors Text
Diffusi LM XT XT-1 XT-2 X0 w
musion- Starbucks is a
> > ﬁ ﬁ —> coffee shop.
N [ 4 ]
+ Query : Gradient ‘L J /
»  Classifieryy - Update .

Classifier Parse Tree = / > https://arxi /abs/2205.14217
PR // < ps://arxiv.org/abs :



Diffusion Model for Text

* Difficulty: RULE 7?7 e oo o o
Add noise

 Solution: Noise on latent space

Reverse process —>  Forward process €—  Gaussian Noise Rounding joTTT T

T N ) i

Pe(Z¢-11Z¢) pe(wW|zo) 8 wr

-,-" ‘G“"-—-—-—-"'""‘ -- . ‘E"‘"-—-—-—-"""" O wy i
- J @) O I gy O .
D’ffuseq 7 7 7 7 ¢ 1 E.g. Open-Domain Dialogue ,
T t t—1 0 . N e e e e e L’

Embedding map
Partial Gaussian Noise < > Word Embeddings <—> Text Sequence to Sequence

https://arxiv.org/abs/2210.08933



Diffusion Model for Text

e Solution: Don’t add Gaussian noise https://arxiv.org/abs/2210.16886

filtar Toronio guiltty trough feel
palzr_1|zT) C j g(zr|T7r_1)

»

]
g These model ey named DiffusER O

(] L] L] [} ]
Diffusion via Edit- 8 wiersiory [ ™ e :
M & Fheas model named DiffusER uses editi rocedures EI-
based Reconstruction 2 s 5
. - polzr_gler ) alzr_s|zr_s) >
( D Iffu S E R) ‘E This model , named DiffusER, uses editing processes g
3 &
g po(@r-slor-s) glzr_gler ) @

¥ This | model | |, named | DiffusER, LSESs editing | processes | for | flaxible | generation

t = 128 |[MASK] [MASK] [MASK] [MASK] [MASK] [MASK]...

t =25 1In response [MASK] the demands , [MASK] [MASK]y Workers
union said [MASK] backflow fund [MASK]s would face further
investigation and a fine.

t =0 In response to the demands , the Community Workers union
said the backflow fund managers would face further investigation

and a fine . https://arxiv.org/abs/2107.03006
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Mask-Predict

https://aclanthology.org/D19-1633/

= 0.3 5038
A A
= owm

[END]

[END]
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Mask-Predict

https://aclanthology.org/D19-1633/
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[END]
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https://arxiv.org/abs/2202.04200

IVI a S k— P re d | Ct https://arxiv.org/abs/2301.00704

Input Visual Tokens Reconstruction
-.. 1 -.n /
Edd

Hgsaradelea’ g
. e e
cwdiest L
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= &

Tokenization

o/

Training Masked Tokens Generator Predicted Tokens
- = : . . 4 N . .‘. --
Masked Visual Token  fp=- Bidirectional . N g
Modeling (MVTM) ; "' 'S Transformer =

. .r:'\ - )

Gray: [mask] token



—>1 Generator IEEE) = —> | Generator = -«

Scheduled
Parallel
Decoding

with MaskGIT




Scheduled
Parallel
Decoding
with MaskGIT

Sequential
Decoding

with Autoregressive
Transformers

t=120 t=200 t=255
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