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* Denoising Diffusion Models
— Forward Diffusion Process
— Diffusion Kernel
— Reverse Denoising Process

* Score Matching



Denoising Diffusion Models

Emerging as powerful generative models, outperforming GANs

“Diffusion Models Beat GANs on Image Synthesis” “Cascaded Diffusion Models for High Fidelity Image Generation”
Dhariwal & Nichol, OpenAl, 2021 Ho et al., Google, 2021 3



https://arxiv.org/abs/2105.05233
https://arxiv.org/abs/2106.15282

Denoising Ditfusion Models

* Learning to generate by denoising

* Denoising diffusion models consist of two processes:
— Forward diffusion process that gradually adds noise to input
— Reverse denoising process that learns to generate data by denoising

Forward diffusion process (fixed)

Data

<€

Reverse denoising process (generative)

Sohl-Dickstein et al., Deep Unsupervised Learning using Nonequilibrium Thermodynamics, ICML 2015

Ho et al., Denoising Diffusion Probabilistic Models, NeurlPS 2020 4
Song et al., Score-Based Generative Modeling through Stochastic Differential Equations, ICLR 2021



https://arxiv.org/abs/1503.03585
https://arxiv.org/abs/2011.13456

Diffusion Models: An Observation

adding steady amounts of Gaussian noise eventually corrupts an image into something
indistinguishable from a random Gaussian sample.
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Diffusion Models: An Observation

adding steady amounts of Gaussian noise eventually corrupts an image into something
indistinguishable from a random Gaussian sample.

Many Steps 8



Diffusion Models: An Generative Process

adding steady amounts of Gaussian noise eventually corrupts an image into
something indistinguishable from a random Gaussian sample.

- Diffusion models simply learn to reverse this procedure over many timesteps

Forward diffusion process (fixed)

Data Noise

<€
Reverse denoising process (generative)
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Let’s take a look at one encoding

o Q($2|$1)

where,
Qg = \/a% + a%
and,

q(z2]z0) = N (2]m0, 03)

Aggregateinto 1
sample!

reparam, 2trick!



Let’s take a look at one encoding

p(l‘lel) p(xi—1|xy) p(xe|Tisr) p(xT—1|SCT)
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q(x1|0) q(x¢|2i—1) q(Tig1]T0) q(xr|rr_1)

Individual (known) Gaussians!




Let’s take a look at one encoding
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Let’s take a look at one encoding

p(wo|x1) p(wi—1|ze) (x| Tig1) p(xr_1|zT)
) @/\ @K\ () [\@
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" q(wi41]|70) (xT|xT 1)




q(:vt ]:130) is @ Gaussian, for arbitrary ¢!

q(x|z0) = N (24|20, 1), where v, Qt1, ... are all known/fixed.

p($0|5’71) p(xt—1|5’7t) p($t|$t+1) p(xT—1|$T)




Diffusion Models

A diffusion model is implemented as a single neural network (the decoder)

Quick Quiz: The dataset we are given is only clean images x, - but the decoder takes in
X as input. How do we get our x;’s to train on?

How do we optimize our decoder? How do we know we are outputting good x;_4?

p(xolz1) p(x-1]z) p(2t|Te11) p(zr—1]er) ajt Hdec :|> 513,5_1
£ VN N 2 b Decoder NN Odec
A@e-1lv0) =5z, |z)

q(z¢41|x0) q(xT|z0)

18



Optimization?

We want to learn a denoising decoder:

Lt Hdec
[j> Lt—1
Decoder NN

t Odec
C/I\ft_l — Mdec -+ Odec * € reparam. trick!
e ~ N(0,1)
But what is the form of x;_;? p(wo|z1) p(@e-lze) \ pelze) p(er—ler)
R £ N\ K N V N
q(zt—1|wo)

q(zt|zo)
...can we formulate this as supervised learning? q(xt+1]20) " q(z7|20)
19



Optimization?

We want to learn a denoising decoder:

Lt Hdec T
t Decoder NN Odec [:> il

C/I\ft_l — Mdec + Odec * € reparam. trick!
e ~ N(0,1)

But what is the form of x;_;?

Recall that: _ . |
q(a;'t |:c0) is @ Gaussian, for arbitrary t!

q(zi|z0) = N (2|20, 21), where g, arp, ...cer are all known/fixed.
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Optimization?

We want to learn a denoising decoder:

Lt
U

Decoder NN

Hdec

Odec

[:> Lt—1

C/I\jt—l = Hdec T Odec * €

But what is the form of x;_;?

Recall that:

A

A

(1 |z0) ZM(wt_l\xq,oz

1)

. Ti—1 = X9 + Qg1 X €

Do we really need to predict 0 4,.?

What is the ground truth signal for t e,

reparam. trick!

e ~ N(0,1)

reparam. trick!

e ~ N(0,1)
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Optimization?

We want to learn a denoising decoder:

Lt
U

Decoder NN

Hdec [

m) Lt—1

Ti—1 = Tg + Qp_1 *€

But what is the form of x;_;?

Recall that:

A

A

(1 |z0) ZM(wt_l\xq,oz

1)

. Ti—1 = X9 + Qg1 X €

Do we really need to predict 0 4,.?

What is the ground truth signal for t e,

reparam. trick!

e ~ N(0,1)

reparam. trick!

e ~ N(0,I)
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Optimization?

We want to learn a denoising decoder:

Lt
U

Decoder NN

5:0[

m) Lt—1

Ti—1 = Tg + Qp_1 *€

But what is the form of x;_;?

Recall that:

A

A

(1 |z0) ZM(wt_l\xq,oz

1)

. Ti—1 = X9 + Qg1 X €

Do we really need to predict 0 4,.?

What is the ground truth signal for t e,

reparam. trick!

e ~ N(0,1)

reparam. trick!

e ~ N(0,1)
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Optimization?

We want to learn a denoising decoder:

Lt

t Decoder NN

So in the end, a diffusion model is simply one Neural Network that predicts a clean image
Xo from arbitrary noisified image x;.

Loss Objective:

arg;nin xo — To (2, t)H2

24



Diffusion Models: A Summary

A Diffusion Model is:

- One NN that predicts a clean image from a noisy version of the image

Lt
t Decoder NN

A

L0

p(zo|z1) p(reilee)  p(e]es) p(zr_1|rr)

060 e

ZUt 1|CL‘0 (£’
t »Lo
, q(zs1]x0) q(xrlo)




Diffusion Models: A Summary

A Diffusion Model is:

- One NN that predicts a clean image from a noisy version of the image

Lt
t Decoder NN

A

L0

$9 $t+1 t+

o @ & . &

q(®e—1]m0) 17 120)

q(w¢41|20) q(r|2o)
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Diffusion Models: A Summary

How do we perform sampling?

t Decoder NN

Tg £Ut+1 t+

i M@ - @ @ - o

q(®e—1]m0) 17 120)

q(ﬂ?t+1|9€0 xT‘xO

27




Sampling




Sampllng

« oo o

q(iEt|330)




Sampling

ig(xtﬁd’t ‘|‘ ].)

Tl v

T g

T

q(xtp:o)




>ampling

coeeneen




Sampling

To(xy,t
0( t\.,. ) p($t|$t+1)

q(xs—1|T0)




Sampling

To(xy,t
( & ) p(xt—1|$t) p(@e|Tes1)

Q(fUt—1|930)




Sampling

p(wol|x1) p(w—1|zy) p(xe|Tis1) p(xr—1|zr)

@) (a) G




Algorithm 1 Training Algorithm 2 Sampling
1: repeat 1: 7 ~ N(0,I)
2 o ~ q(xg) 2: fort="1T,...,1:
3 t ~Uniform(1,...,7T) 3 e~N(0,I)ift > 1, else e =0
4: e ~N(0,1) 4: i1 = To(xs,t) + s_16€
5 Take gradient descent step on .. ond for
6 V0||il3o — 539(330 - ateat)||2 6: return x
7: until converged

35



Another Viewpoint: Predicting Noise

It turns out, training a diffusion model can be done using a different interpretation:

- Predicting noise (instead of predicting image)

36



Noise Predictor

Recall that our objective is to predict To(xy,t) = T

Furtherrecallthat x; = g + € reparam. trick!
e ~ N(0,I)

Therefore ;ﬁ@(mt, t) ~ Ly — Ot €Q

- But since the model already knows x; and a;, we can just predict unknown €,

We can have a Neural Network €g(x:,t) = € Tt R
t Decoder NN

37



Image and Noise?

They are the same!

What does it mean intuitively?

For arbitrary x; ~ q(x; | ¢¢), we canrewriteitas o; = To + a€g

Predicting & determines €p and vice-versa, since they sum to the same thing!




More Exact and Theoretical
Perspective



Forward Diffusion Process

* The formal definition of the forward process in T steps:

Forward diffusion process (fixed) §

Noise

3fI L Sample: xt — 1 _ txt—]. + \/ tet—l

mean  variance where, €t—1 ~ N (0,1)

40



Diffusion Kernel

Noise

= Sample: x; = /1 — 0ixi—1 + /Di€r—1
mean  variance where, €t—1 ~ N(0,1)
t
Define, a; = 1 — fBs = q(x¢|x0) = N(x¢; Varxg, (1 —ay)I (Diffusion Kernel)

s=1

41



Diffusion Kernel

Data Noise

T T S N W

q(x¢[x¢-1) = N(x¢; /1 —/3,xt_1,.3,\1) = Sample: x; =+/1— BiTi—1 + /Pr€r—1

mean  variance where, €t—1 ~ N (0,1)

t
Define, a; = H(l — fs) = q(x¢|x0) = N(x¢; Vayxg, (1 —ay)I))  |(Diffusion Kernel)

s=1

For sampling: X = v/as Xg + /(1 — @) €  where € ~N(0,1)

42
¢ values schedule (i.e., the noise schedule) is designed such that a7 — 0 and ¢(x7|xg) ~ N (x7;0,1))




Diffusion Kernel

Ty = /ouwi—1 + V1 — o€l
= /o (\/mmt_g +4/1- at_leZ‘_2) +V1 - e,
= /ooy 1T + \/at — ooy 1€;_o + mel‘_l
= ooy 1o + \/\/at = atat—12 T mzet—2
= /1 1T1—2 + \/at — ooy 1 + 1 — €9
= Jouoy_ 1o+ /1 —owoy_1€_9

t t
:\Eaiwo-f-\l—il;[laieO

2@3304‘\/1—541560
~ N(wt; \/C_Y_twoa (1—a)I)

Calvin Luo, Understanding Diffusion Models: A Unified Perspective, 2022
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What happens to a distribution in the forward diffusion?

* So far, we discussed the diffusion kernel gq(x.|x,) but what about

q(x)?
q(x;) = fq(xo,xt)dxo = fCI(Xo)CI(xt|X0)dxo
\ ) N ~ % N A N/
Diffused Joint Input Diffusion

data dist. dist. data dist. kernel

Diffused Data Distributions
Data Noise

The diffusion kernel is
Gaussian convolution.

q(xp) qx1) qx2) qx3) q(xT)

44



Generative Learning by Denoising

Recall, that the diffusion parameters are designed such that g(x;) = N (x7;0,1)
Generation:
Sample xp~N (x7;0,1)

lteratively sample x;_;~q(x;_1|x;) (True denoising dist.)

In general, q(x;_q1]|xt) < q(x—1)q(x¢|xt—1) is intractable

Diffused Data Distributions

Can we approximate q(x;_q1]|x;)?
— Yes, we can use a Normal distribution
if B¢ is small in each forward diffusion step. i %

Qo) qx1)) qx) q(x3) q(xT)

" 7 7 KN
Aolx)  qulx)  qlelx)  qlulx) Gl



Reverse Denoising Process

* Formal definition of forward and reverse processes in T steps:
Reverse denoising process (generative)

Data Noise

p(xr) = N(x7;0,1)

po(xi—1]xt) = N (xi—1; pg(xt,t), o71) denoised image x(t-1) given x(t).
H_/

Trainable network

Autoencoder predicts the mean of the

(U-net, Denoising Autoencoder) s



Denoising Autoencoders

 Learn to denoise or recover x from noise-corrupted data X = x + €.
 Learn to project noise-corrupted data back onto the data manifold

* Optimize a reconstruction objective:

0*,¢" =argmin  E ||z — go(fs(2))||7
97¢ (xvx)Np

Vincent et. al., JMLR 2010 .



Generative denoising model

e Can we turn denoising autoencoders or U-Nets into a generative model?

* |ldea: construct a Markov chain of progressively less noisy samples:

Pext1|xt
@ —@ — O H

—— -

Xt|Xt 1

Ho, Jain, and Abbeel, Neurips 2020

* What if each transition pg(x;:_1|x;) were given by a denoising autoencoder?

48



Learning generative model

 Want to model the distribution of g(x,), where x, € R<.

Construct a Markov chain xg, ..., X7 € R? (with base distribution p(x7) = N(0, 1))
Po(xe—1lxe) = N (xp_1lpg (e, t), 0 1)

Marginal distribution over x:
po(xo) = | po(xg, ..., X7)dxy, ..., X7

Learn the parameters so that g(x,) = pg(xy) by maximum likelihood:

argmax [E [logpg(xy)] = E [logjpg(xo,...,xT)dxl,...,xT
6 Xo~(q Xo~(q

Likelihood is intractable and thus use the variational approximation!

49



Posterior Approximation

4

* We want to model the distribution of g(x,), where x € R?.
— Learn the parameters so that g(xg) = pg(xp).

« Marginal distribution over xq is pg(xg) = [ Po(xg, ..., X7)dx1, ..., X7 that is
intractable

 Utilize g(x¢|xp_q) = ]\f(xt; J1-— ,tht—1»,3t1) in ELBO (Jensen inequality)

50



R @ Po (Xt 1|xt

~~_—"

q(x0) = Paata(Xo)

argmax [E [logpg(xy)]
2] Xo~q

pH(x :T)
= E_log [ qGrurlx) 228 dx1:T]

Xo~q(Xo)

q(x1.7]x0)

Pe (Xo.1) ”

= [E

Xo~q(Xo)

lo
gq(x1T|xo> q O] %0)

po (x0.7)
q(x1.7]|%0)

> E [log
Xo~q(Xo)
xl:TNQ(xl:Tle)

51



Unpacking the ELBO

E
X0~q(Xo)
xl:T"’CI(xl:Tle)

_ E [10 Pe(xT)H —1Pe(X¢—11%t)

X0~ (Xo) t=1 q(x¢|x—1, %)
x1;T~CI(x1;T|xo)

Y (e lo)
= E llogp(xT)+ZIOg Po Te-1 e ]

[lo po(xo.7)
q(x1.71x0)

Xo.T~q q(xelxe—1,x0)

- E llogp(xT)‘FZl po(xXe—1lxr) qlx;- 1|x0)]

Xo:T~q q(xt llxtJ xO) q(xtle)

Xo:T~q q(xt—llxt; xO) q(xtlx())
po(Xt—1]xt)
q(X¢—1|X¢t, Xo)

Sohl-Dickstein et al., Deep Unsupervised Learning using Nonequilibrium Thermodynamics, ICML 2015 55
Ho et al., Denoising Diffusion Probabilistic Models, NeurlPS 2020

T
Xt+—_1|X X+—_1|X
= E [logp(xr)+zlog o (e e zl 10 O)+logpe(xolx1)—logq(xllxo)]
t=2

- E |log p(xr)

T +1 ]
Xo.T~q q(xt|x0) 0g pg (x0lx1)

+ Xt>1log



https://arxiv.org/abs/1503.03585

Closed Form Conditionals

» The forward process: q(x;|x;_1) = N (xg; /1 — Bexe—1, Bel).

. : _plr) Po(Xt—1]Xt) ]
The ELBO'xO:IE~q logq(lexO) + Ds1 lOgCI(xt—ﬂxt» %o) + log pg (xolx1) |-

 Conditionals have closed form: q(x;_q|x¢, xg) = q(xt|xt_;E;CO|);§9)Ct_1| *o) = N(xt—ﬁﬁ(xt, xo),gtl)-
t

1Pt V1-Br(1—a;_q) 5 _ 1-a;4
2, Xo + Xt, Pr = P

1— 1-a; 1-;

- Q= H§=1(1 — Bs)

Where: fi(xs, xo) =

Ho et al., Denoising Diffusion Probabilistic Models, NeurlPS 2020 >




A Reconstruction Objective

. : _plr) Po(Xt—1|X¢) ]
The ELBO'xO:IE~q log 2(crl%0) + Y.i>q log 0110, %) + log pg (xg|x71)

* The reverse process: pg (X1 |x¢) = N (xp_1 g (x4, t), 621

* Optimization of the second term:

2 Do (xe—1]x¢)
E log
Xo~q | & q(xe—1lxt, x0)

= —Z xEE[DKL(q(Xt_llxt’ xO) || pe(xt—llxt))]

t>1
1 -
=T ) 572, E [”.U(xt: xo) — o (xe, O|I*] + C

ZO't O /

t> \
L i b3

‘ Dgr(pllg) = ; log :Zq: k+ (pp — I"q)Tzq_l(MP ) +t7'{2;12p}

P

Ho et al., Denoising Diffusion Probabilistic Models NeurlPS 2020




Reparameterization

* We can directly compute q;(x;|xg) = N(xt; JXexo, (1 — c‘xt)l).

\/C_Z—txo + (1 —a;)e 1 <x B, )
t

a ﬁ (1 ) > f(xy, - T — -
\/ t-1ht \/_1 acit 1 X, fi(x,, €) NeA mE

° ‘Ll(xt, xO) —

° - i — L — ﬁt
Re-parameterize g (x¢, t) = N7 <xt \/1__5&69 (x¢, t)).

1.
Lt—l — IE 7._2 ”:u(xt) xO) — HUg (xt) t)”Z]

Xo~(q h
e~N(0,I)

= E, [ Be ||€_€6(xtrt)”]

2 1-—
e~N(0,1) ofa (1 —ay)

Ho et al., Denoising Diffusion Probabilistic Models, NeurlPS 2020 >




Training objective weighting

Xo~G(10) [20t Za,(1 - @) &= o (Vaexo + V —anet)| ]

e~N(0,I) |
t~U(1T) Y

At

This time dependent A; ensures that the training objective is weighted properly for maximum data
likelihood training

However, this weight is often very large for small ts

Ho et al. NeurlPS 2020 observe that A; = 1 improves sample quality

56
More advanced weighting: Choi et al., Perception prioritized Training of Diffusion Models, CVPR 2022




How do we train? (summary version)

* What is the loss function? (Ho et a

Lsimple — ]Exowq(xo),GNN(O,I),tNZ/I(l,T) [

Algorithm 1 Training

6:

1
2
3:
4
5

. repeat

Xo ~ q(X0)

t ~ Uniform({1,...,T})

e ~ N(0,I)

Take gradient descent step on

Vg ”6 s 69(
until converged

\Y/ &txo -+ V 1 — Qi €

. NeurlPS 2020)

le — ep(vVay X+ V1 — ay §,t)||2]

Xt

U-Net autoencoder takes x(t) as
input and simply predict a noise.
The goal of the training is to
generate a noise pattern that is unit
normal. Very similar to VAE, right?

57



Summary

* Training and sample generation

Algorithm 1 Training Algorithm 2 Sampling
l repeat 1: x7 ~N(0,I)
2: Xo ~ g(xo) 2: fort=T,...,1do
3: f~ Untdorm({l; s ;T}) g 4 NN(O I)
4 €~ N(O, I) o
5: Take gradient descent step on 4 X1 = \/L—t (xt - \}1—7969 (Xt,t)) + 012
Vo ||e — €g(W/arxo + V1 — ay€ t)||2 5: end for
6: until converged 6: return xo

* Intuitively: During forward process we add noise to image. During reverse process
we try to predict that noise with a U-Net and then subtract it from the image to
denoise it.

Ho et al., Denoising Diffusion Probabilistic Models, NeurlPS 2020 >




Implementation Considerations

e Diffusion models often use U-Net architectures with ResNet blocks and self-
attention layers to represent €g (x¢, t)

> €g(X¢, 1)

o= -
o o - - -

Time Representation

Fully-connected
Layers

* Time representation: sinusoidal positional embeddings or random Fourier features.

* Time features are fed to the residual blocks using either simple spatial addition or
using adaptive group normalization layers. (see Dharivwal and Nichol NeurlPS 2021)

59


https://arxiv.org/abs/2105.05233

Diffusion Parameters

* Nosie schedule q(x¢|xi-1) = N(x¢; V1 — Bixe_1, 5])
>

Data Noise

: 2
po(xi—1/xt) = N(x¢—1; po(xt, 1), 071
* Above, B; and g7 control the variance of the forward diffusion and reverse denoising processes
respectively.

« Often a linear schedule is used for B, and o is set equal to B;. Slowly increase the amount of
added noise.

* Kingma et al. NeurlPS 2022 introduce a new parameterization of diffusion models using signal-to-
noise ratio (SNR), and show how to learn the noise schedule by minimizing the variance of the
training objective.

* We can also train atz while training the diffusion model by minimizing the variational bound
(Improved DPM by Nichol and Dhariwal ICML 2021) or after training the diffusion model (Analvtlc—
DPM by Bao et al. ICLR 2022).



https://arxiv.org/pdf/2107.00630.pdf
https://arxiv.org/abs/2102.09672
https://arxiv.org/abs/2201.06503

Summary — Denoising Diffusion Probabilistic Models

- Diffusion process can be reversed if the variance of the gaussian noise added at each

step of the diffusion is small enough.
- To reverse the process we train a U-Net that takes input: current noisy image and

timestamp, and predicts the noise map.

- Training goal is to make sure that the predicted noise map at each step is unit gaussian
(Note that in VAE we also required the latent space to be unit gaussian).

- During sampling/generation, subtract the predicted noise from the noisy image at
time t to generate the image at time t — 1 (with some weighting).

The devil is in the details:
Network architectures
Objective weighting
Diffusion parameters (i.e., noise schedule)

See “Elucidating the Design Space of Diffusion-Based Generative Models” by Karras et al.” for important design dedisions.



https://arxiv.org/abs/2206.00364

Analogies

* Training is like Denoising Score Matching.
* Sampling is like Annealed Langevin Dynamics.

* Can we think of a denoising diffusion model as a model trained to optimally step
through the annealing levels of the Langevin sampling procedure?

Algorithm 1 Training Algorithm 2 Sampling Algorithm 1 Annealed Langevin dynamics.

1: repeat . ~ .. . L
2 x0 ~ gx0) 2 tor 2T 1do Require: {o:}i;,¢,T.
3: t~ Uniform({l, e ,T}) 3 oz~ N(O, I) ift>1,elsez=0 1: Inltlahze X0
4: e~ N(0,I) . 1 (e i-a . 2: fori < 1to L do
5: Take gradient descent step on - Xi-1 = e (Xt T=a€0(Xt,t) | + 012 3. o € o2 /02 > o is the step size

Vo ||e—eg(@xo+Me,t)||2 5: end for : i i/YL i P .
6: until converged 6: return xo fort < 1to71 do

Draw z; ~ N (0, I)
(Like Denoising Score Matching) (Like Annealed Langevin Dynamics) &

4
5

6: Xt ¢ X¢—1 + Ezse(it—laai) + /O Zt
7: end for

8 Xg ¢ X7

9: end for

return X 62




Score-based generative modeling

* Stochastic Gradient Langevin Dynamics (SGLD): sample from p(x) using
only V. log p(x) in a Markov chain of updates:

)
Xy = xp_q + =V, logp(x) + Vée,

2 where €, ~N(0,1)

When T — o and § — 0 it converges
to true probability distribution p(x)

Score-based generative modeling: use the score network sg(x) to approximate
V, 108 Dgatq (X) in the above updates

Song and Ermon, “Generative Modeling by Estimating Gradients of the Data Distribution”, NeurlPS, 2019 63



https://arxiv.org/abs/1907.05600

Recap: Generative Modeling

Data distribution
(unknown)

L [po (X)J

Model distribution . PN High Probability!

Deep Neural Network

source: Learning to Generate Data by Estimating Gradients of the Data Distribgf"ion



https://www.youtube.com/watch?v=nv-WTeKRLl0

Probability-based Generative Modeling

Why is modeling the probability hard in GenMo?

Probabilities, and therefore model outputs, have to be:
- Non-negative: 0 < py(x)

- Lessthanorequaltol: pg(x) <1

- Sum to 1 for the entire space: / po(x)de =1
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Probability-based Discriminative Modeling

What about modeling the probability for classifiers?

Probabilities, and therefore model outputs, have to be:

- Non-negative: 0 < py(x)

- Lessthanorequaltol: pg(x) <1

- Sum to 1 for the entire space: /pe(il)) dr =1
How did we do this for discriminative modeling?

- We have a pre-defined list of all possible outputs (labels), just softmax over it!
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Probability-based Generative Modeling

Why is modeling the probability hard in Generative Modeling?

Probabilities, and therefore model outputs, have to be:

- Non-negative: 0 < pyg(x)
- lessthanorequaltol: pg(x) <1

- Sum to 1 for the entire space: /pg(w) de =1

In Generative Modeling we do not model the probability over all labels for an image...

We model the probability of all possible images - there’s no way we can pass

everything through our model and softmax over the result!
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Probability-based Generative Modeling

Why is modeling the probability hard in Generative Modeling?
Probabilities, and therefore model outputs, have to be:

- Non-negative: 0 < pyg(x)

- Llessthanorequaltol: pg(x) <1

- Sum to 1 for the entire space: / po(x)dx =1

This puts a lot of architectural burden on our network, to output valid probabilities!
...but neural nets are really good at producing flexible, unconstrained values
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A simple observation...

All probability distributions can be written as:

1
po(x) = 7

This is a concept from thermodynamics, where the fg(:B) is a flexible,

—2fe(x)

unconstrained value called the energy.
Zpg is a normalization constant, computed as: Lo = / e_fe(m)da?
£r

We have divorced the probability rules from what we need to model!

69



Energy-based Generative Modeling

Idea: Let’s just model the energy function fg(x) using a flexible neural network!

f9 (a:) is called an energy-based model (EBM) or unnormalized probabilistic model.

How do we train our energy function?

W : . . = i —fo(x)

- e can try interpreting it as a probability: Pe (33) A €
6
N

- Then we can maximize log likelihood as before: max Z log pa(x;)
1=1

- What is the problem with this? Ze = / e 1o (@) gy

4

Intractable for complex parameterizations! 70



Another simple observation...

How do we avoid calculating the normalization constant?

Remember that Zg is a constant that only depends on parameters 0

Then, if we take the input gradient of the log of the probability:

1 — folx
po(x) = (Z_ge fo( ))
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Another simple observation...

How do we avoid calculating the normalization constant?

Remember that Zg is a constant that only depends on parameters 0

Then, if we take the input gradient of the log of the probability:

1
Vzlogpe(x) =V, log(Z—Oe_fe(“’))

1
V. log A + V. log e fo(@)
0

_vcc.fe(w)

~ 89(213)

The V. log pg(x) is called the score function.
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Score Functions

What are score functions?

Ve log p(x)

Intuitively, it describes how to move in data space to improve the (log) likelihood.

Ground Truth Score
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Score Functions

Pdata (.X')

What are score functions?

Ve log p(x)

Intuitively, it describes how to move in data space to improve the (log) likelihood.

Ground Truth Score
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Score-based Generative Modeling

Idea: Let’s just model the score function sg(x) using a flexible neural network!

The score is still an unconstrained value, which is attractive to model directly.

How do we train our score function?

- Minimize the Fisher Divergence between the ground truth and predicted score

Ey@) ||V 10gp(x) — so()13

- Intuitively this is simply minimizing the L2-distance between our score model and
the ground truth score
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Score-based Generative Modeling

To drive the point home, score-based generative modeling is a way to implicitly model
the energy function fg(x)

We can visualize the learned energy along with the score estimate below:

denoising_score_matching energy, iter 10 denoising_score_matching overlaid, iter 10

e
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Score-based generative modeling

e Stochastic Gradient Langevin Dynamics (SGLD): sample from
p(x) using only V. log p(x) in a Markov chain of updates:

)
Xy = Xp_q + > 7. logp(x) + V6e,  wheree,~N(0,1)

When T — o and § — 0 it converges
to true probability distribution p(x)

Score-based generative modeling: use the score network sp(x) to
approximate V.. log p(x) in the above updates

Song and Ermon, “Generative Modeling by Estimating Gradients of the Data Distribution”, NeurlPS, 2019 8



https://arxiv.org/abs/1907.05600

Score function sampling

* Learn a score function sg: R% = R% to approximate sy (x) = V, logp(x).
* Sample via Langevin dynamics:
~Xt+1 = X¢ T g 7 logp(x;) + Ve,
= x; + gSg(Xt) +Vde,

* In continuous limitas § — 0, D(x;||p) - 0ast — oo.

* How long will I need to run this Markov chain? A long long time.
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Score-based Generative Modeling
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Score-based generative modeling

What is the problem with this optimization objective?
2
Ep(a) | ¥ 108 (@) so(@)Il3

How do we get the ground truth score value for complex distributions?

- This is not generally assumed to be known

- The score tells how to change each element of the input to increase its likelihood

- For images, this is like saying how we can change each pixel to make each image more image-like. We
don’t really have access to this function!
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Hyvarinen Score Matching

Hyvarinen (2005) utilized integration by parts to remove the unknown ¥/ log p(x)
2
Ep(a) |||V 108 p(@) — 56 ()][3]

L) = 5 [ (@) [s0(@) "s0(@) ~ 250(2) Vlogp(@) + Viogp(a) Vlogp(a)] da

1

ot /p(a;) so(x) " se(x) — 2s¢(x) ' Viogp(x)| dz +C

=2 [ p@ lssl2ax - / p(@)so() Viogple)dz = [ so@) Vp(w)ds +3 [ p) IsolPax

1 log-deriv trick: p(x)Vlog p(x) = Vp(x)
L(0) = Ep(a) [tr(VmSB(w)) + §H89(~’L’)H§] o
integration by parts/ SQ(ZB)TVp(ZB)diB

- [p(w)se(w)]iooo - ./p(w)va;«s‘g(:c)dw




Hyvarinen Score Matching

o) | 1(Vaso(a)) + 3 Is0(a) 13

We have gotten rid of unknown  V log p(x) &

But now we have to compute tr(Vm Sg (.’13))

When our data has high dimensionality, this is not cheap - many nested backprops!

839 1 (x) 889 1(x)  0Osp,1(x)

| 8:133 Sliced Score Matching and
V . 539 2]('x7 '?939 2 (x)l 839 2 (x) Denoising Score Matching are
x50 (X) o o0x1 more efficient methods

Bse 3 (%) agz, =4 50 3‘('5'
811}1 8:132 | 8:63 |
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Sliced Score Matching

Song (2019) utilized random projections to estimate the expensive tl"(vaQ (a:))
. 1 2
Hyvarinen: [E, ) [tr(Vgse(x)) + §||89(€I3)H2
. . 1 2
Sliced Score Matching: Evap(w) VTvaO(w)V + 9 HSO(CU) Hz

Intuition - when we project to a lower dimension, the problem becomes tractable.

- Pv is a simple distribution of random vectors, e.g. the multivariate std. normal.
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Score Matching

Fortunately, there are a class of methods called score matching that minimize the Fisher
Divergence without needing to know the ground-truth score!

Ground Truth Score Matching: Ep(w> [HV log p(CL‘) — S0 (5'3) Hg}

. . i 1
Hyvarinen Score Matching: Epw) |tr(Vase(x)) + 5“89(28)“%]

[ 1
Sliced Score Matching:  Ep, E,z) |VTVzse(x)V + 5 |se(x) H%]

Denoising Score Matching: Eqa (%|%)p(x) [H Vs log g, (i\X) — S¢ (i) H%]
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Score-based Generative Modeling

What is the problem with vanilla score-matching?

Epa [V log p(@) — 50(@)|3] = [ p(@)[[ Ve log p(x) — s9(2)|3da

Our model of the score will not learn the low-density regions well while when we
perform sampling with Langevin Dynamics we most likely will initialize as noise!
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\\\\\\\\\ \l \\\\\\\\

\\\\\\\] N A%y

Data density

e e e e e e o ] R R

/
/
5
/
/
/
/
/
>
A
a
1
y
I
-}
N1
N
/7
i
!
j
i
i
I
I
I
!

e D). .

R A

‘A

e R |

NN aaes i Accurate :
. . v )

1

1
s
. }\ eee———— Accurate -] e
' o L %\\\ N ;
A\ sy BV ‘i
A\ R NVVVAANR TN TP IR i
H R “H N T EE e
0 oy Wiknaccudate:
s ERRN NN vrrriany
I T T LT SRSl 00 vty
I . I Isx s v v s s [ SEARARV YRS
o s
., . JOE . e R
! Ac_curate,:,__,___,_,_,_ U i Accurate g“,_\\:\\\\\\
: « A 1 ““\\“\\§ :... s v |\\\\\\\\\\\§
i ‘« N e e \\ "EARAR AT I I\\\\\\\\\\\\
I \ ol [ R e T T e \ la bt by [ [N \\\\\\\\

86
source: Generative Modeling by Estimating Gradients of the Data Distribution



https://yang-song.net/blog/2021/score/

in Dynamics

Langev

ing

7l W

L ¥
o
109

,-e

P

ing from MNIST (left) and CIFAR-10 (right) Us

Q
O
)

O

(O

S
0
=

Vg
O

-

©

-

>
O
=

>

Q

o1

-

©
—

e Sampl

87

Song and Ermon, “Generative Modeling by Estimating Gradients of the Data Distribution”, NeurlPS, 2019



https://arxiv.org/abs/1907.05600

Score-based Generative Modeling

What is the solution for vanilla score-matching?

- Adding Gaussian noise!

Estimated scores

Perturbed density Perturbed scores
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Score-based Generative Modeling

How do we choose an appropriate noise scale for the perturbation process?

Larger noise can covers more regions for better score estimation
- Over-corrupts data and alters it significantly from the original distribution.

Smaller noise, corrupts original data distribution less
- Does not cover the low density regions as well as we would like.

To achieve the best of both worlds, we use multiple scales of noise perturbations
simultaneously!
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Score-based Generative Modeling
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Score-based Generative Modeling

Sampling is done using annealed Langevin Dynamics

- Running Langevin dynamics for each noise level in sequence, initializing the next
noise level with the results of the previous one.
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Denoising score matching

e How do SGLD work when we encounter low dimensional manifold of data?!

* Adding random noise ensures the resulting distribution does not collapse
— Manifold + noise ““I:ﬁi
— Score matching on noisy data.

* Given pgqiq(x) = q(xy), employs score matching to estimate the score of the
perturbed data distribution q(x;) = [ q(x¢)q(x¢]|xo) dx

Song and Ermon, “Generative Modeling by Estimating Gradients of the Data Distribution”, NeurlPS, 2019 92
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Noise Conditional Score Networks

* Perturbing the data using various levels of noise

e Simultaneously estimating scores corresponding to all noise levels by
training a noise-conditioned score network sg (x, t)

— Crucially, we train a single score network conditioned on the noise level and
estimate the scores at all noise magnitudes.

Se(x¢,t) = Vy, logq(x;)

 Jointly estimate scores of all the perturbed data at different noise
levels.

Song and Ermon, “Generative Modeling by Estimating Gradients of the Data Distribution”, NeurlPS, 2019 33
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Denoising Score Matching

Forward diffusion process (fixed)

Nailve idea, learn model for the score function by direct regression?

min ]EtNu(O,T)]Extht(xt) |[se(x¢,t) — Vi, log g (Xt)||g

V)
diffusion diffused neural score of
time t data x; network diffused data
(marginal)

=> But V,, log ¢;(x;) (score of the marginal diffused density q.(x;)) is not tractable!

Vincent, “A Connection Between Score Matching and Denoising Autoencoders”, Neural Computation, 2011 o2



https://ieeexplore.ieee.org/document/6795935

Denoising Score Matching

<

Forward diffusion process (fixed)

K
,,,,,,,

Xt <ot .‘

Instead, diffuse individual data points Xg. Diffused g;:(x:|x¢) 7s tractable!

Denoising Score Matching:

min By /(0,7 Exo~go (x0) Bxi mar (xix0) 150 (Xt ) = Vix, log g1 (X [%0) |5

J & J L J Y J [
L] L] L L} v

diffusion data diffused data neural score of diffused
time ¢ sample x sample x; network data sample

=> After expectations, sg(x;, 1) ~ Vy, log ¢;(x;)!

Vincent, in Neural Computation, 2011
Song and Ermon, NeurlPS, 2019
Song et al. ICLR, 2021
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JEsmq, (0) = Eq, (%) [‘

which we can develop as

1 _ 0log g5 (%)

s(x;60) 7%

7

2

1
2

Tosua®) = Eoio [— ||s(se;e>||2] 9@+ Cy

where Cy = E,_ (5 l% s

Vincent, in Neural Computation, 2011

dlog o (%)

2
] is a constant that does not depend on 6,
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JEsmq, (0) = Eq, (%) [

which we can develop as

JESMqa (0) =

where C = Ey_ (5 l

dlog o (%)

ox

1 0 log g, (%)

s(x;60) — %

7

1 .
v |5 50| - 9@+ C;

90) = Eue (50, ZEE)]
— [t (o), SR )
_ an(i) <s(5<; ), &qq()(:)c)>dx
_ L<s(~ 0), aiqa( )>dx
~ [ {560 5% [ aoboa(xax ) ax
— [ (50, [ w60 i) ax
= [ (0. [ a0 2225 i) a5
_ / / 40 (%) (%[) < %:6), 810g;;(x|x)>dxdic

- [ [ autx

Vincent, in Neural Computation, 2011 By Ks(i; 0, dlog ¢, (X|x) N ’

< 8logg;(x|x) > dxcd

ox

] is a constant that does not depend on 6,
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Gradient of log density of a Gaussian variable

Sg (X, t) = Vi, log q(x;)

* For q(x;), we have:
th log Q(xt) — ]Eq(xo) [th log q(x; |x0)]

* Given a Gaussian distribution x~N (u, o%1):

X — U
62 ¢ e~N (0,1

V.logp(x) = —

98



Gradient of log density of a Gaussian variable

sg(x¢, t) = Vy, logq(x;)

* For q(x;), we can approximate its score as:

sg(xt, t) = Vy logq(x) = IEcl(xo)[vxt log Q(xtle)] = Eqx,) [_ 7@]
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Denoising Score Matching

* Implementation 1: Noise Prediction

Forward diffusion process (fixed)

Denoising Score Matching:

Hgn EtNu(O’T)IEXONQO(XO)EXt’VQt (x¢[x0) | |Sg (xt’ t) o th lOg qt (Xt|XO)H%

Re-parametrized sampling: x; = X0 + o€ € ~N(0,I)

2
- Xt — MtX Xt — "X Xo + 0t€ — 41X 3
Score function: Vi, log q;(x¢|x¢) = —Vy, (xt 27; 0 _ _t—zto _ _ X0 - VX0 €
( t) & E ot Ot
€g(x
Neural network model: sg(xy,t) := —iat—’-
t
Vincent, in Neural Computation, 2011 1
i 2
Song and Ermon, NeurlPS, 2019 m  min K, 400,7)Exq~go(x0) EerN(0,1) —2||€ — €g(x¢,1)|]5 100

Song et al. ICLR, 2021 6 oF
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https://arxiv.org/abs/2011.13456

Denoising Score Matching

* Implementation 2: Loss Weightings

O

Forward diffusion process (fixed) _

Denoising Score Matching objective with loss weighting \(#):

. A(t)
meln Et"‘u(O,T)EX()NCIO(XO)EGNN(OJ) o2 ||€ o 69(Xt, t)Hg
t

Different loss weightings trade off between model with
good perceptual quality vs. high log-likelihood

Ho et al, NeurlIPS, 2020 9
Song et al., NeurlPS, 2021 Perceptual quality: \(t) = o}
Kingma et al., NeurIPS, 2021 Maximum log-likelihood: \(t) = B(t) (negative ELBO)
Vahdat et al., NeurlPS, 2021
Huang et al., NeurlPS, 2021
Karras et al., arXiv, 2022
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Denoising Score Matching: Summary

- 1 5 -~
o (X | ) 5 E%~pasia [[|s6(%X) — Vxlog g, (X)|3]
Perturbati i 1 - -
distreibuut:o:/ll?enrnel : =§EX~pdata(X),i~qa(iIX)[”30 (X) — Vxlog g, (x | x)||§] + const.
X~ pdata(x) X~ (o (i) 1 Z ||2
Dat P — - _
wiseperurosd = o B, avion)| ||00x +02) + | | + const.
* Pros:

e Much more scalable than score matching;
e Connection to optimal denoising.

e Con:
50(%) ~ Vi 10g g5 (%) # Vi 10g Paata (X)
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Sampling

p(wo|xy) p(wi—1|wy) p(z¢|wi11) p(xr_i|xT)
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Sampling

* Annealed version of Langevin dynamics: After training, during sampling, initially
use scores corresponding to large noise, and gradually anneal down the noise
level.

— This helps smoothly transfer the benefits of large noise levels to low noise levels where the
perturbed data are almost indistinguishable from the original ones
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Unifying Two Interpretations

We have shown two equivalently valid ways to describe a diffusion model!

- One takes the perspective of a Markovian diffusion process, where samples are
steadily denoised in the reverse process

- Another takes the perspective of energy-based models and score matching where
we iteratively refine an input through noise levels.

WA

AA 01234567 B

they are two sides of the same coin!




Connection to VAEs

Diffusion models can be considered as a special form of hierarchical VAEs. @ h
However, in diffusion models: sample
 The encoder is fixed
* The latent variables have the same dimension as the data 0
* The denoising model is shared across different timestep
* The model is trained with some reweighting of the variational bound. @ 1
sampe
sample e
Vahdat and Kautz, NVAE: A Deep Hierarchical Variational Autoencoder, NeurlPS 2020 @

Sonderby, et al.. Ladder variational autoencoders, NeurlPS 2016. 106



https://arxiv.org/abs/2007.03898
https://arxiv.org/abs/1602.02282

Conditional Diffusion Models

So far we have been learning an unconditional diffusion model py(x)
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Conditional Diffusion Models

p(image | text_caption)
How do we incorporate conditional information, to control data generation?

“a painting of a fox sitting in a field at sunrise in the style of Claude Monet”

Parti (but pretend it is ImageN) StableDiffusion Dall-E 2.0

source: ImageN, StableDiffusion, [}gﬁ-E 2.0



https://imagen.research.google/
https://stability.ai/blog/stable-diffusion-public-release
https://openai.com/dall-e-2/

Impressive conditional diffusion models

Panorama generation

& Generated Input ~ Generated -

Saharia et al., “Palette: Image-to-Image Diffusion Models”, arXiv 2021.

Colorization

Output 1

o

Colorization
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https://arxiv.org/abs/2111.05826

Conditional diffusion models

* Include condition as input to reverse process

&

Reverse process: pg(xo.rc) = p(xr) | [ po(xe-1l%t,€),  po(xi-1]xt,€) = N (xt—13{pg(xt, t, €), g (x4, 2, )
t=1

Variational
ugggr]ggﬁnd: Lg(xp|c) = E, [LT(XO) + ZDKL(Q(Xt—IIXt,XQ) || po (xt—1|%x¢,€)) — logpg(x0|x1,c)” ,

t>1

Incorporate conditions into U-Net

* Scalar conditioning: encode scalar as a vector embedding, simple spatial addition
or adaptive group normalization layers.

* Image conditioning: channel-wise concatenation of the conditional image.

* Text conditioning: single vector embedding — spatial addition or adaptive group
norm / a seq of vector embeddings - cross-attention.
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Conditional Diffusion Models

How do we incorporate conditional information, to control data generation?

Suppose we have conditioning information y and now want to learn Pg (ZE ‘ y)

Well an unconditional diffusion model py(ax) reallyis just:

Decoder NN CEO

111



Three Different Interpretations

It turns out, training a DiffModel can be implemented as a neural net that:

- |8 Predicts original image g (x;,t) ~ xg To(xt,t,y) = x 4

i) Predicts noise epsilon  €g(x¢,t) ~ € €o(xs,t,y) ~ € /

Decoder NN

Decoder NN

- @ Predicts score function sg(x,t) =~ Vg, logp(axy) sg(x¢,t,y) = Viogp(x: | y)

Lt

Y

Caveat: A conditional diffusion model trained by this simple conditioning may ignore or downplay the given conditioning information.

112

t Decoder NN th lng(f.Bt ‘ y)



Guidance provides more explicit control on the amount of weight the model gives to the
conditioning information, at the cost of sample diversity.

- How much should our generated x match y?

Let us take the score-based perspective of diffusion models.

Now, we are interested in learning Vlogp(x;: | y) rather than unconditional score
function V logp(x;)

113



Classifier Guidance

e Using the gradient of a trained classifier as guidance

* Main Ildea:
— For class-conditional modeling of p(x;|c), train an extra classifier p(c|x;)
— Mix its gradients with the diffusion/score model during sampling

114
Dhariwal and Nichol, “Diffusion models beat GANs on image synthesis”, NeurIPS 2021



https://arxiv.org/abs/2105.05233

Classifier Guidance

* Applying Bayes rule to obtain conditional score function

_ py|z)- p(z)
p(z|y) =
p(y)

—> logp(z | y) = logp(y | =) + logp(x) — log p(y)
— V:logp(z | y) = Vi logp(y | ) + V. logp(z),

V.logpy(z | y) = Vilogp(z) + vV logp(y | ). «— classifier

Guidance scale: value >1 amplifies
the influence of classifier signal

Slide Credits of guidance: p’)’(w | y) X p(il?) ) p(y | m)ﬁ’.

https://benanne.github.io/2022/05/26/guidance.html e



https://benanne.github.io/2022/05/26/guidance.html

Classifier Guidance

Algorithm 1 Classifier guided diffusion sampling, given a diffusion model (g (z;), Xo(x;)), classi-
fier p,(y|x:), and gradient scale s.

Input: class label v, gradient scale s
T < sample from N Score model Classifier gradient
forall ¢t from 7 to 1 do /

/1'72(_,”9 xt 20 xt /

Ti_1 sample from MV (p + sX V,, log py(y|xt), 2

end for
return xg

* Train unconditional Diffusion model

* Take your favorite classifier, depending on the conditioning type

* During inference / sampling mix the gradients of the classifier with
the predicted score function of the unconditional diffusion model.
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Classifier Guidance

P(B|A)P(A)

P(A|B) = P(B)

Score of a conditional diffusion model:
p(z:)p(y | ‘Bt))

Vlogp(x: | y) = Viog ( (1)

= Vlogp(xt) + Vlogp(y | +) — V log p(y)
= Vlogp(z:) + Vlegp(y | =)

4 o

uncondiagnal score adversari‘aq gradient
It turns out that training a conditional diffusion model is as simple as training an
unconditional diffusion model (as before) along with a classifier p(y|x;)!

t Decoder NN
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Classifier Guidance

P(B|A)P(A)

P(A|B) = P(B)

Score of a conditional diffusion model:
p(z:)p(y | wt))

Vlogp(x: | y) = Viog ( (1)

= Vlogp(xt) + Vlogp(y | +) — V log p(y)
= Vlogp(z:) + Vlegp(y | =)

4 o

uncondi&gnal score adversari‘aq gradient
It turns out that training a conditional diffusion model is as simple as training an
unconditional diffusion model (as before) along with a classifier p(y|x;)!

t Decoder NN
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Classifier Guidance

Sampling is then done by querying the learned unconditional score function as well as
the adversarial gradient of a classifier.

Viogp(a, | y)| = Viogp(x:)+1VIlogp(y | =)

ound Truth GMM Score Ground Truth GMM Score
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Classifier Guidance

Sampling is then done by querying the learned unconditional score function as well as
the adversarial gradient of a classifier.

Viogp(z: | y)| =Vlogp(z:)+1V logp(y | x:)

ound Truth GMM Score Ground Truth GMM Score
A LA G G NN\ v\

Gre
N ’ NN NN N VT T T
bR i i NONNNNNNNN NNV VLT
s s e e SNNNNNNN NN NNV
st s T e NONNNNNNNN NNV
""“‘*"‘“‘“‘“: ONNNNNNNN NN NN
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Classifier Guidance

* Problems of classifier guidance

V.logpy(z | y) = Velogp(z) + yVilogp(y | ). «— classifier

S

Guidance scale: value >1 amplifies
the influence of classifier signal

e Re-train classifier on noisy images! Can’t use existing pre-trained classifiers.
* At each step of denoising the input to the classifier is a noisy image x;

* Most of the information in x is not relevant to predicting y, and as a result, taking
the gradient of the classifier w.r.t. x can yield arbitrary (and even adversarial)
directions in input space.
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Toward Classifier-free

 Get guidance by Bayes’ rule on conditional diffusion models

p(z | y) - p(y)
p(z)

p(y|z)=

—> logp(y | z) = logp(z | y) + logp(y) — log p(x)

—>| V;logp(y | z) = Vi logp(z | y) — Vi logp(z).
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Toward Classifier-free

 Get guidance by Bayes’ rule on conditional diffusion models

p(z | y) - p(y)
p(z)

p(y|z) =

—> logp(y | z) = logp(z | y) + log p(y) — log p(x)

—>| V;logp(y | z) = Vi logp(z | y) — Vi logp(z).

We proved this in
classifier guidance.

V;logp,(z | y) = Vi logp(z) + vV logp(y | z).
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Toward Classifier-free

 Get guidance by Bayes’ rule on conditional diffusion models

p(z | y) - p(y)
p(z)

p(y|z) =

—> logp(y | z) = logp(z | y) + log p(y) — log p(x)

—>| V;logp(y | z) = Vi logp(z | y) — Vi logp(z).

We proved this in
classifier guidance.

V;logp,(z | y) = Vi logp(z) + vV logp(y | z).
V.logpy(z | y) = Vilogp(z) + v (Ve logp(z | y) — V. 1ogp(z)),

V:logp,(z | y) = (1 — )V logp(z) + V. logp(z | y).

Score function Score function
for unconditional for conditional

diffusion model diffusion model 124



Classifier-free Guidance

Viogp(x: | y) =vViegp(w: | y) + (1 —7)Vlogp(w:)
—_— Y —

conditional score unconditional score

Questions:

What happensif 7y is1?
What happensif 7Y islargerthan 1?
How many diffusion models do we need to train? Ty

t | pecodernn |V, logp(x: | y)
so(x¢,1,y) = Vlogp(x: | y) Y

s6(z1,1) ~ Vlog p(x:) T —
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Classifier-free Guidance

Viogp(x: | y) =vViegp(w: | y) + (1 —7)Vlogp(w:)
—_— Y —

conditional score unconditional score

Questions:

- What happensif 7y is1?
- What happensif 7Y islargerthan1?
- How many diffusion models do we need to train?

SG('wtatay) ~ VIng(mt ‘ y) L1

t Decoder NN

so(xt,1,0) = Vlogp(x:) %0

Vo, logp(x: | y)

Just one - as long as we train it with dropout on the conditioninglizéfo!



Classifier-free Guidance

Get guidance by Bayes’ rule on conditional diffusion models

V:logpy(z | y) = (1 — )V, logp(z) + vV, logp(z | y).

Score function Score function
for unconditional for conditional
diffusion model diffusion model

In practice:

Train a conditional diffusion model p(x|y), with conditioning dropout: some percentage of the
time, the conditioning information y is removed (10-20% tends to work well).

The conditioning is often replaced with a special input value representing the absence of
conditioning information.

The resulting model is now able to function both as a conditional model p(x|y), and as an
unconditional model p(x), depending on whether the conditioning signal is provided.

During inference / sampling simply mix the score function of conditional and unconditional
diffusion model based on guidance scale.

127



Classifier-free Guidance

* Trade-off for sample quality and sample diversity

",..,E S Il Vel R 1 el P s ¢5.
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Large guidance weight (1) usually leads to better individual sample quality but less sample diversity.

28
Ho & Salimans, “Classifier-Free Diffusion Guidance”, 2021 '



https://arxiv.org/abs/2207.12598

Classifier-free Guidance

Velogp,(z | y) = (1 —v)Vilogp(z) + vV logp(z | y).
This is a barycentric combination of the conditional and the unconditional score function. I ]
For v = 0, we recover the unconditional model, and for v =1 we get the standard

conditional model. But «y > 1 is where the magic happens. Below are some examples from Score function for ~ Score function for
OpenAl’s GLIDE model®, obtained using classifier-free guidance. u!'\copdltlonal cc')ndlftlonal
diffusion model diffusion model

Two sets of samples from OpenAl's GLIDE model, for the prompt ‘A stained glass window of a panda eating

bamboo.', taken from their paper. Guidance scale 1 (no guidance) on the left, guidance scale 3 on the right. 199



Classifier guidance

V:logp,(z | y) = Vi logp(z) + vV, logp(y | z).

/7
Guidance scale Classifier

X Need to train a separate “noise-robust” classifier +
unconditional diffusion model.

X Gradient of the classifier w.r.t. input yields arbitrary
values.

Classifier-free guidance

Velogp,(z |y) = (1 —v)Vlogp(z) + vV, logp(z | y).

Score function Score function
for unconditional for conditional
diffusion model diffusion model

+ Train conditional & unconditional diffusion model
jointly via drop-out.
+ All pixels in input receive equally ‘good’ gradients.

Rather than constructing a generative model from classifier, we construct a classifier
from a generative model!
Most recent papers use classifier-free guidance! Very simple yet very powerful idea!



Classifier-Free Guidance

A bald eagle made of choc A photo of a Corgi dog riding a bike in Times Square. A bucket bag made of blue suede. The bag is
whipped cream It is wearing sunglasses and a beach hat decorated with intricate golden paisley patterns. The
handle of the bag is made of rubies and pearls

U

looking out of the window at night

131
source: ImageN


https://imagen.research.google/

Models in Practice

Let’s explore some of the state-of-the-art diffusion models in practice:
- palE3  (GOpenAl

o o :
- ImageN %e03 Google Brain

- StableDiffusion @2 nVIDIA
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What makes a good generative model?

* The generative learning trilemma

Likelihood-based models (Variational
Autoencoders & Normallzmg flows)

Generative ™, _ / Denoising

Adversarial " Diffusion

Networks Models

(GANs) Often requires 1000s of network
evaluations!

133
Tackling the Generative Learning Trilemma with Denoising Diffusion GANs, ICLR 2022



https://arxiv.org/abs/2112.07804

What makes a good generative model?

* The generative learning trilemma

Tackle the trllemma by acceleratmg dlffusmn models

134
Tackling the Generative Learning Trilemma with Denoising Diffusion GANs, ICLR 2022



https://arxiv.org/abs/2112.07804

e Diffusion models rely on a long Markov chain of diffusion steps to generate samples
e \We show that optimization boils down to learning a network to either predict the
original image, the source noise, or the score function at arbitrary Gaussian noise

corruption levels.

Lt .
Decoder NN T 0
L
Lt .
Decoder NN €0
t
Lt

Decoder NN th logp(mt)

t 135




Summary

e \We show that optimization boils down to learning a network to either predict the
original image, the source noise, or the score function at arbitrary Gaussian noise
corruption levels.

e \We draw an explicit connection to score-based generative modeling and show they
are equivalent in what they model, their objective, and sampling process.
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Summary

e \We show that optimization boils down to learning a network to either predict
the original image, the source noise, or the score function at arbitrary Gaussian
noise corruption levels.

e \We draw an explicit connection to score-based generative modeling and show they
are equivalent in what they model, their objective, and sampling process.

e \We showcase how to build a conditional diffusion model, and apply guidance.

l"a;i

F e

1

0y

t Decoder NN th logp(iﬁt | y)

do
p(image | text_caption)

~

source: ImageN, StableDiffusion, L}(;ﬁE 2.0



https://imagen.research.google/
https://stability.ai/blog/stable-diffusion-public-release
https://openai.com/dall-e-2/

Diffusion models have amazing generative performance!

- Probably state of the art generative model right now
- Absolutely incredible at learning conditional distributions

However, there is more work to be done:

- Itis unlikely that this is how our brain works in modeling and generating data

- Latents themselves are not interpretable; they are just noise

- Sampling is an expensive procedure; both formulations require running
multiple iterations of denoising.
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