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CLIP - Overview
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CLIP - Overview
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CLIP - Overview

(<Description 1>, <Image 1>)

(<Description 2>, <Image 2>)

(<Description N>, <Image N>) nn.Linear(R!RE)

RY R"

L] ][]
. MatMul ....
-l gy | | | |
L] HEER
L] L]

“An Image of A Bernese
Mountain Dog

EEEEE-




CLIP - Overview
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CLIP - Overview
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CLIP - Training Process

. BxB
Batches of Size B B Matches (Actuals)
(Tex;,aliirslage) (B? - B) Non-Matches

(<Description 1>, <Image 1>)

(<Description 2>, <Image 2>)

(<Description B>, <Image B>)

For each Batch
(<Description 1>, <Image 1>)

(<Description 2>, <Image 2>)

llllllll
) NN

Text B [ HNNNENEN
(<Description B>, <Image B>)

Text B [ NN




CLIP - Training Process
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CLIP - Training Process
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Batches of Size B

“B” Classes Multiclass Classification Problem

“Tabular Dataset” Actuals Actuals One-Hot
Encoded
(<Description 1>, <Image 1>)
(<Description 2>, <Image 2>) Text 1 (Sample 1) p(o) | p(1) p(B) 0] 1 o o
(<Description B>, <Image B>) Text 1 (Sample 2) p(o) | p(1) p(B) 1 0 1 o
Text 1 (Sample B) p(o) | p(1) p(B) B 0 0 1
B x B Matrix

Rows: Samples
Column j: Probability of Belong to Class j



Batches of Size B What “B” Classes Multiclass Classification Problem
About
The
Images???
.................................. “Tabular Dataset” Actuals Actuals One-Hot
Encoded

(<Description 1>, <Image 1>)
(<Description 2>, <Image 2>) Text 1 (Sample 1) p(o) | p(1) p(B) 0] 1 () (0
(<Description B>, <Image B>) Text 1 (Sample 2) p(o) | p(1) p(B) 1 0 1 o

' Text1(SampleB) | p(0) | p@) | .. | p(B) B 0 0 1

e B x B Matrix

Rows: Samples
Column j: Probability of Belong to Class j



Batches of Size B

Repeat “B” Classes Multiclass Classification Problem
For the
Images!!!
.................................. «Tabular Dataset” Actuals Actuals One-Hot
Encoded

(<Description 1>, <Image 1>) :
(<Description 2>, <Image 2>) Image 1 (Sample 1) p(O) p(l) p(B) 0 1 o o
(<Description B>, <Image B>) éImage 2 (Sample 1) p(o) | p(1) p(B) 1 0 1 o

EImage B (Sample 1) p(o) | p(1) p(B) B 0 0 1

e B x B Matrix

Rows: Samples
Column j: Probability of Belong to Class j



End-to-End Pseudo-Code

image_encoder - ResNet or Vision Transformer
text_encoder - CBOW or Text Transformer

I[n, h, w, c] - minibatch of aligned images
T[n, 1] - minibatch of aligned texts
W_i[d_i, d_e] learned proj of image to embed
W_t[d_t, d_e] learned proj of text to embed
t - learned temperature parameter

HFHHFHHFHFH

image_encoder(I) #[n, d_i]

xtract feature representations of each modality
= text_encoder(T) #[n, d_t]

— H H

e
_f
_f

oint multimodal embedding [n, d_e]
12_normalize(np.dot(I_f, W_i), axis=1)

# ]
I_e
T_e = 12_normalize(np.dot(T_f, W_t), axis=1)

# scaled pairwise cosine similarities [n, n]
logits = np.dot(I_e, T_e.T) * np.exp(t)

# symmetric loss function
labels = np.arange(n)
loss_i = cross_entropy_loss(logits, labels, axis=0)
loss_t = cross_entropy_loss(logits, labels, axis=1)
loss (loss_i + loss_t)/2

Image Source: Learning Transferable Visual Models From Natural Language Supervision


https://arxiv.org/abs/2103.00020

End-to-End Pseudo-Code

image_encoder - ResNet or Vision Transformer
text_encoder - CBOW or Text Transformer

I[n, h, w, c] - minibatch of aligned images
T[n, 1] - minibatch of aligned texts
W_i[d_i, d_e] - learned proj of image to embed
W_t[d_t, d_e] - learned proj of text to embed
t - learned temperature parameter

HFHEFHHFHHE

xtract feature representations of each modality
image_encoder(I) #[n, d_i]
text_encoder(T) #[n, d_t]

— H

e
_f =
_f =
oint multimodal embedding [n, d_e]

12_normalize(np.dot(I_f, W_i), axis=1)
12_normalize(np.dot(T_f, W_t), axis=1)

# 3
I_e
T_e

# scaled pairwise cosine similarities [n, n]
logits = np.dot(I_e, T_e.T) * np.exp(t)

# symmetric loss function

labels = np.arange(n)

loss_i = cross_entropy_loss(logits, labels, axis=0)
loss_t = cross_entropy_loss(logits, labels, axis=1)
loss = (loss_i + loss_t)/2

Table 19: CLIP-ResNet hyperparameters

Hyperparameter

Value

Batch size

Vocabulary size
Training epochs
Maximum temperature
Weight decay
Warm-up iterations
Adam 3,

Adam f3,

Adam e

32768
49408
32
100.0
0.2
2000
0.9
0.999 (ResNet), 0.98 (ViT)
107% (ResNet), 107 (ViT)

Images Source: Learning Transferable Visual Models From Natural Language Supervision
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Use Cases - Zero-shot Classification

Food101 SUN397 Youtube-BB EuroSAT
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Faclal Emotion Recognition 2013 (FER2013) ucF101 Caltech-101 ImageNet-R (Rendition)
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Images Source: Learning Transferable Visual Models From Natural Language Supervision
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Use Cases - Text-Image Retrieval

cat and dog ) Backend url: [nttps:/clip.rom1504.fr | Model:

| 8m_cah v|

Images Source: https://pypi.org/project/clip-retrieval/



https://pypi.org/project/clip-retrieval/
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Diffusion Models

“An abstract image about the subject Diffusion Models” Generated with
craivon.com (DALLE mini)
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Why Diffusion?

Thermodynamics Diffusion Models

Diffusion: Move from high Concentration to low
concentration until equilibrium

\/

Diffusing noise into the image




Diffusion Models Timeline

2015 2020 2020 2021 2022 2022 2022
| | | |
Deep Unsupervised Learning Denoising diffusion implicit GLIDE: Towards Photorealistic . :
Using Nonequilibrium models. Image Generation and Editing with Hslggthfzisig&it;ﬁri;zigte
Thermodynamics (DDIM) Text-Guided Diffusion Models yDiffusion Models
(GLIDE) (Stable Diffusion)
Denoisir}g ]?iffusion Improved Denoising Diffusion Hierarchical Text-Conditional
Probabilistic Models Probabilistic Models Image Generation with CLIP
(DDPM) Latents

(DALL.E-2)
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Comparing Generative Models

GAN: Adversarial < | I8 Discriminator Generator o Similarities
training D(x) G(z)
1. Learn p(X) through ps(X), i.e., make p(X) ~ po
VAE: maximize x Eneagsr z Decoder </ 2. Generate new data by sampling from pa(X)
variational lower bound q4(2[x) po(x|z)
Differences
. Flow [ Inverse ’
Flow-based models: x Z 1 X
Invertible transform of f(x) [ f~(2)
distributions GAN, VAE: Noise > Image in a Single Step;
— Encoder-Decoder Architecture
Diffusion models: X0 X1 X5 ” Diffusion: Nqise - Image in Multiple Steps;
Gradually add Gaussian PR e TR L U - Markov Chain
noise and then reverse ‘

Image Source: Weng, Lilian. (Jul 2021). What are diffusion models?



https://lilianweng.github.io/posts/2021-07-11-diffusion-models/

Diffusion Models - Forward and Reverse

“Encoder”
Forward Process

q(Xi[Xt-1)

XO > . a s >

“Decoder”
Reverse Process
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Diffusion Models - Forward and Reverse

“Encoder”
Forward Process

q(Xi[Xt-1)

XO > . a s >

“Decoder”
Reverse Process

Easier/More

Details
Harder (VAE, GAN)




Forward Diffusion Process

Forward Diffusion
Process

Image Source: Diffusion Model Clearly Explained!


https://medium.com/@steinsfu/diffusion-model-clearly-explained-cd331bd41166

Diffusion Models - Forward Process

“Encoder”
Forward Process

q(Xi[Xt-1)

XO > . a s >

e Include more noise at each step until pure noise N(0,1)

e The noise follow a scheduling



Diffusion Models - Forward Process

Equations Source: Weng, Lilian. (Jul 2021). What are diffusion models?

“Encoder”
Forward Process

q(Xi[Xt-1)

XO > . a s >

Noise Distribution
at t q(xe|xe-1) = N (x5 v/ 1 — Brxe—1, Bi)

Image With Noise
at T from X0

Noise Schedule {B: € (0,1)},


https://lilianweng.github.io/posts/2021-07-11-diffusion-models/

Diffusion Models - Forward Process

Equations Source: Weng, Lilian. (Jul 2021). What are diffusion models?

“Encoder”
Forward Process
q(Xi[Xt-1)

X0 > >
Noise Distribution
at t q(xe|xi-1) = N (x5 V1 = Bexi-1, Bil) - llI" g
T q(X¢ | X¢-1) N (\ 1 Bixt_1, f,I)
Image With Noise Closed Form — 1o
X1.7|X0 X¢|x - %= V1-Bxi1 + VBe e~ N(OT)
at T from X0 q( 17| ) t[[lq txe 1 = Vaxi1 + V11— e
=V 1xi0 + /1 — gy €
= \/—,xo V11— ae
Noise Schedule {B: € (0,1)}1, = .

q(x¢ | x0) =N (\ a4Xo, (1 (\,)I)


https://lilianweng.github.io/posts/2021-07-11-diffusion-models/

Diffusion Models - Forward Process

“Encoder”
Forward Process

q(Xi[Xt-1)

XO > . a s >

timesteps = 1000 Linear B Schedule Schedule of V1-8 Accumulated va_bar Accumulated (1-o_bar)
0.0200 1.000 1.0 1.0
570_: le-4 0.0175
g_final = 0.02 0.998 0.8 0.8
ap = 1-— ,Bt B t list = (B _final - B @) * np.linspace(0, 1, timesteps) + B @ 00150
a; = H! 1@ ot list = oo 0996 06 06
. a_bar t list = 0.0100
for t in range(timesteps): bi0ga % -
at=1-pt list[t 0.0075
= ~ ~ a t list.append(a_t)
q(x, I X()) = N(\/ X, (1 - a,)I) e L;p 0.0050 052 . .
for i in range(len(a_t_list)): 0.0025
a_bar t*=a t list[i 00000 0.990 0.0 0.0

a_bar_t_list.append(a_bar t)
= St i = 0 200 400 600 800 1000 o 200 400 600 800 1000 o 200 400 600 800 1000 o 200 400 600 800 1000




Reverse Diffusion
Process

R SRR R .

Denoising UNet

Reverse Diftusion Process

Image Source: Diffusion Model Clearly Explained!


https://medium.com/@steinsfu/diffusion-model-clearly-explained-cd331bd41166

Diffusion Models - Reverse Process
“Decoder”

Reverse Process

:

"

e Gradually remove the noise until the image is fully recovered

e Theideais to estimate somehow q(xt-1|xt)



Diffusion Models - Reverse Process

“Decoder”
Reverse Process

e Gradually remove the noise until the image is fully recovered

e Theideais to estimate somehow q(xt-1|xt)

it | msatn [y Rt gy = / il el )



Diffusion Models - Reverse Process

q(z) q(z,) q(z,) q(z) q(z)
Diffused
Data Distribution Y
*— ® . ® ® -® > t
If we do a big step, it is hard to
True Denoising - ; know what the posterior is.
Distribution 3
P——
q(z|z5=X)

Image Source: CS198-126: Lecture 12 - Diffusion Models



https://www.youtube.com/watch?v=687zEGODmHA&t=2532s

Diffusion Models - Reverse Process

Diffused
Data Distribution oy

True Denoising If we do a tiny step, the .
Distribution posterior becomes a normal 8

distribution!

q(z|z5=X)

Image Source: CS 198-126: Lecture 12 - Diffusion Models



https://www.youtube.com/watch?v=687zEGODmHA&t=2532s

Diffusion Models - Reverse Process

“Decoder”’
Reverse

Approximating the posterior by a Gaussian Distribution:

Posteri _ ~
Condit(i)c?nzgocgn X0 q(x¢-1|X¢,X0) = N(thﬁ (x¢,X0), 5¢1)

Equations Source: Weng, Lilian. (Jul 2021). What are diffusion models?

= oy 1 oy — ay + By 1~y 4
= LY g §e g = ;
B / Bt 1—a; ) / Be(1 — 1) ) 1—ay P
["t(xh XO) = \/a_t(l __&t_l) X + Liﬁt)(o
1-— Qg 1-— (6 7


https://lilianweng.github.io/posts/2021-07-11-diffusion-models/

Diffusion Models - Reverse Process

Equations Source: Weng, Lilian. (Jul 2021). What are diffusion models?

“Decoder”’
Reverse

Approximating the posterior by a Gaussian Distribution:

Posterior = 2 . .
Conditioned on X0 q(xt~1 lxt7 XO) — N(thl; “(Xt, XO)? /BfI) Estimation (MOdel)

po(xt—1|xt) = N(Xt—l;ﬂe(xt,t)7 Ee(xt,t))

1 Op— Qe+ By, 1 —sq

- oy
e L g = R g - .
_ _ po(xo0.r) = p(x7) | | Po(xt-1|%¢)
Rl %) — ,/atil —_Ozt_1) X, -+ Vlat—iﬁt X0 =1



https://lilianweng.github.io/posts/2021-07-11-diffusion-models/

Diffusion Models - Reverse Process

“Decoder”’
Reverse

Approximating the posterior by a Gaussian Distribution:

Posteri _ ~
Condit(i)c?nzgocgn X0 q(x¢-1|X¢,X0) = N(thﬁ (x¢,X0), 5¢1)

= oy 1 oy — ay + By 1~y 4
Be=1/(—+—F)=1 — = =
' / B 1—a; ) / Be(1 — ay_1) ) 1—ay
\/ 1— &y A/ Qi
i (Xt,X0) = ol _at ) Xt + atfiﬁtxo
1—at 1_at

Equations Source: Weng, Lilian.

- B

ul 2021). What are diffusion models?

Estimation (Model)

Recovered Image


https://lilianweng.github.io/posts/2021-07-11-diffusion-models/

Diffusion Models - Reverse Process

Equations Source: Weng, Lilian. (Jul 2021). What are diffusion models?

“Decoder”’
Reverse

Approximating the posterior by a Gaussian Distribution:

. 1 = :
Loss Function Li = Ex)e [m || s (x¢, %0) — pro(xs, t)HZ} (PS: There are more components! See the reference!)
0\ Xt 2
Vo (l — ape \/ Oy
Actual Mean fue(Xx¢,X0) = t — t-1) x; + t iﬂt X0
1-— Qg 1-— Ot
Prediction Do(Xe_1]%e) = N (Xe_1; po(xe, t), Bo(xe, t)) Machine Learning Model


https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
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End-to-End - Version 1

Pre-compute Scheduling

timesteps = 1000

B O = le-4
B _final = 0.02
B_t list = (B_final - B _0) * np.linspace(0, 1, timesteps) + B 0O
ot list =
o _bar_t list =
for t in range(timesteps):
at=1-pB t list[t
a_t list.append(a_t)
o bar t =1
for i in range(len(a_t list)):
o _bar_t*=a_t list[i
o _bar t list.append(a_bar_t)

The pseudo-code on the right was based on https://github.com/ThiagoLira/ToyDiffusion

The pseudo-code on the left was based on code provided in How Diffusion Models Work DeepLearni.Al Short Course

###Training
Ts = 1000
for epoch in epochs:
for t in range (0, Ts):

# a bar t
o bar t = a_bar_t list[t
cov_t = torch.eye(X.shape[0])*(1 - a_bar_t)

#Forward

Xt = torch.distributions.MultivariateNormal(
loc = torch.sqrt(a_bar_t)*Xo,
covariance matrix = cov_t

) .sample()

#Reverse

#Get q(Xt-1/Xt, X0)

actual p t actual p(Xt, XO)

:ge
pred p = NN(Xt, t)

L = (actual p-pred p)**2
L.backward()

###Denoising
X = noise
for t in range (Ts, 0):
o bar t = a bar_t[t
a bar t 1 = a bar_t[t-1

B t tilde = B _t*(1 - a bar t 1)/(1 - a_bar_t)
pred p = NN(X, t)
X = torch.distributions.MultivariateNormal(
loc = pred p,
covariance matrix = torch.eye(X.shape[0])*B t tilde
) .sample()


https://github.com/ThiagoLira/ToyDiffusion
https://www.deeplearning.ai/short-courses/how-diffusion-models-work/

End-to-End - Version 1

###Training
Ts = 1000
for epoch in epochs:

e (0, Ts): # Diffusion Steps
# a bar t

o bar t = a_bar_t list[t
cov_t = torch.eye(X.shape[0])*(1 - a_bar_t)

#Forward

Xt = torch.distributions.MultivariateNormal(
loc = torch.sqrt(a_bar_t)*Xo,
covariance matrix = cov_t

) .sample()

#Reverse

#Get q(Xt-1/Xt, X0)

actual p t actual p(Xt, XO)

:ge
pred p = NN(Xt, t)

L = (actual p-pred p)**2
L.backward()

###Denoising
X = noise
for t in range (Ts, 0):
o bar t = a bar_t[t
o bar t 1 = a bar_t[t-1

B t tilde = B_t*(1 - a bar t 1)/(1 - a _bar_t)
pred p = NN(X, t)
X = torch.distributions.MultivariateNormal(
loc = pred p,
covariance matrix = torch.eye(X.shape[0])*B t tilde
) .sample()
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###Training
Ts = 1000
for epoch in epochs:
for t in range (0, Ts):

# a bar t

o bar t = a_bar_t list[t
cov_t = torch.eye(X.shape[0])*(1 - a_bar_t)

Xt = torch. : ‘ ApplyNoise

#Reverse

#Get q(Xt-1/Xt, X0)

actual _p = get actual p(Xt, X0)
pred_p = NN(Xt, t)

L = (actual p-pred p)**2
L.backward()

###Denoising
X = noise
for t in range (Ts, 0):
o bar t = a bar_t[t
o bar t 1 = a bar_t[t-1

B t tilde = B_t*(1 - a bar t 1)/(1 - a _bar_t)
pred p = NN(X, t)
X = torch.distributions.MultivariateNormal(
loc = pred p,
covariance matrix = torch.eye(X.shape[0])*B t tilde
) .sample()
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###Training
Ts = 1000
for epoch in epochs:
for t in range (0, Ts):

# a bar t
o bar t = a_bar_t list[t
cov_t = torch.eye(X.shape[0])*(1 - a_bar_t)

#Forward

Xt = torch.distributions.MultivariateNormal(
loc = torch.sqrt(a_bar_t)*Xo,
covariance matrix = cov_t

). sample() Actual and Prediction

- Vo (l —a -1 \/ Qg /3
actual p = get actual p(Xt, X ”t(xhx()) — t( — ! )xt+ #XO
yred u = NN(Xt, t) 1-— O 1— Ot

L = (actual p-pred p)**2
L.backward()

q(x¢—1|%X¢,X0) = N(thlﬂ—"(xtaxO), BI)
###Denoising
X = noise
for t in range (Ts, 0):
o bar t = a bar_t[t
o _bar t 1 = a bar_t[t-1

B t tilde = B_t*(1 - a bar t 1)/(1 - a _bar_t)
pred p = NN(X, t)
X = torch.distributions.MultivariateNormal(
loc = pred p,
covariance matrix = torch.eye(X.shape[0])*B t tilde
) .sample()
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###Training
Ts = 1000
for epoch in epochs:
for t in range (0, Ts):

# a bar t
o bar t = a_bar_t list[t
cov_t = torch.eye(X.shape[0])*(1 - a_bar_t)

#Forward

Xt = torch.distributions.MultivariateNormal(
loc = torch.sqrt(a_bar_t)*Xo,
covariance matrix = cov_t

). sample() Actual and Prediction

- Vo (l —a -1 \/ Qg /3
actual p = get actual p(Xt, X ”t(xhx()) — t( — ! )xt+ #XO
yred u = NN(Xt, t) 1-— O 1— Ot

L = (actual p-pred p)**2
L.backward()

###Denoising

Notice: The Network Must Learn with

X = noise
for t in range (Ts, 0): t, so it understand the noise level at
o _bar t = a_bar_t[t ste[)t

o _bar t 1 = a bar_t[t-1

B t tilde = B_t*(1 - a bar t 1)/(1 - a _bar_t)
pred p = NN(X, t)
X = torch.distributions.MultivariateNormal(
loc = pred p,
covariance matrix = torch.eye(X.shape[0])*B t tilde
) .sample()
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###Training
Ts = 1000
for epoch in epochs:
for t in range (0, Ts):

# a bar t
o bar t = a_bar_t list[t
cov_t = torch.eye(X.shape[0])*(1 - a_bar_t)

#Forward

Xt = torch.distributions.MultivariateNormal(
loc = torch.sqrt(a_bar_t)*Xo,
covariance matrix = cov_t

) .sample()

#Reverse

#Get q(Xt-1/Xt, X0) . .
actusl 1 oot actul. i, XE) Loss Function and Backpropagation

ge
pred p = NN(Xt, t)

. 1
1= (actual p-pred p) l:t — EE , e
L. L2 Bg(xt, )13

###Denoising
X = noise
for t in range (Ts, 0):
o bar t = a bar_t[t
o bar t 1 = a bar_t[t-1

|| 2e(x¢, X0) — pro(xe, t)||

B t tilde = B_t*(1 - a bar t 1)/(1 - a _bar_t)
pred p = NN(X, t)
X = torch.distributions.MultivariateNormal(
loc = pred p,
covariance matrix = torch.eye(X.shape[0])*B t tilde
) .sample()
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###Training
Ts = 1000
for epoch in epochs:
for t in range (0, Ts):

# a bar t
o bar t = a_bar_t list[t
cov_t = torch.eye(X.shape[0])*(1 - a_bar_t)

#Forward

Xt = torch.distributions.MultivariateNormal(
loc = torch.sqrt(a_bar_t)*Xo,
covariance matrix = cov_t

) .sample()

#Reverse

#Get q(Xt-1/Xt, X0)

actual p t actual p(Xt, XO)

:ge
pred p = NN(Xt, t)

L = (actual p-pred p)**2
L.backward()

###Denoising .
oise Start From Noise
for t in range (Ts, 0):
o bar t = a bar_t[t
o _bar t 1 = a bar_t[t-1

B t tilde = B_t*(1 - a bar t 1)/(1 - a _bar_t)
pred p = NN(X, t)
X = torch.distributions.MultivariateNormal(
loc = pred p,
covariance matrix = torch.eye(X.shape[0])*B t tilde
) .sample()
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###Training
Ts = 1000
for epoch in epochs:
for t in range (0, Ts):

# a bar t
o bar t = a_bar_t list[t
cov_t = torch.eye(X.shape[0])*(1 - a_bar_t)

#Forward

Xt = torch.distributions.MultivariateNormal(
loc = torch.sqrt(a_bar_t)*Xo,
covariance matrix = cov_t

) .sample()

#Reverse

#Get q(Xt-1/Xt, X0)

actual p = get actual p(Xt, X0)

ge
pred p = NN(Xt, t)

L = (actual p-pred p)**2
L.backward()

###Denoising

X = noise

for t in range (Ts, 0): Remember We Are Only Predicting u
o bar t = a bar_t[t
o _bar t 1 = a bar_t[t-1

—— = Q¢ 1 ar — oy + By

; lde = B t  bar t 1 X bar_t) ﬁt:l/(7+7—):1/(ﬁt(1—dt,1)

pred p = NN(X, t)
X = torch.distributions.MultivariateNormal(

loc = pred p,

covariance matrix = torch.eye(X.shape[0])*B t tilde
) .sample()

1~y 4

) — + )

1— Ot
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###Training
Ts = 1000
for epoch in epochs:
for t in range (0, Ts):

# a bar t
o bar t = a_bar_t list[t
cov_t = torch.eye(X.shape[0])*(1 - a_bar_t)

#Forward

Xt = torch.distributions.MultivariateNormal(
loc = torch.sqrt(a_bar_t)*Xo,
covariance matrix = cov_t

) .sample()

#Reverse

#Get q(Xt-1/Xt, X0)

actual p t actual p(Xt, XO)

:ge
pred p = NN(Xt, t)

L = (actual p-pred p)**2
L.backward()

###Denoising
X = noise
for t in range (Ts, 0):
o bar t = a bar_t[t
o bar t 1 = a bar_t[t-1

B t tilde

B t*(1 - a_bar t 1)/(1 - a _bar_t)

pred_u = NN(X, Neural Network Prediction
X = torch.distributions.MultivariateNormal(

loc = pred p,

covariance matrix = torch.eye(X.shape[0])*B t tilde

) .sample()
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###Training
Ts = 1000
for epoch in epochs:
for t in range (0, Ts):

# a bar t
o bar t = a_bar_t list[t
cov_t = torch.eye(X.shape[0])*(1 - a_bar_t)

#Forward

Xt = torch.distributions.MultivariateNormal(
loc = torch.sqrt(a_bar_t)*Xo,
covariance matrix = cov_t

) .sample()

#Reverse

#Get q(Xt-1/Xt, X0)

actual _p t actual p(Xt, XO)

:ge
pred p = NN(Xt, t)

L = (actual p-pred p)**2
L.backward()

###Denoising
X = noise
for t in range (Ts, 0):
o bar t = a bar_t[t
o bar t 1 = a bar_t[t-1

B t tilde = B_t*(1 - a bar t 1)/(1 - a _bar_t)

pwx. t)

pB(XO:T) = P(XT) Hpo(xt—1|xt)
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Algorithm 1 Training Algorithm 2 Sampling
l1: repeat I: xr ~ N(0,T)
2. Xoio=(¥o) 2: fort=T,...,1do
i' b e [J{/];’l(l(f)OIiI)n({l,... T}) 3: z~N(0,I)ift > 1,elsez=0
. e : >
5: Take gradient descent step on 4 oxe-1 = \/% (xt - \}T—c—uff’(xt,t)) + oz
Vo He—eg(\/dtxo—k\/1—ate,t)||2 5: end for
6: return xo

6: until converged

Image Source: Jonathan Ho, Ajay Jain, and Pieter Abbeel. 2020. Denoising diffusion probabilistic models. In Proceedings of the 34th International
Conference on Neural Information Processing Systems (NIPS'20). Curran Associates Inc., Red Hook, NY, USA, Article 574, 6840—6851.
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##Training
Ts = 1000
for epoch in epochs:

for image batch in dataloader:

noise batch = torch.randn_like(image batch)

a_bar_t _batch = a _bar_t_list[t_batchl #0ne for each image in the

Xt_batch = torch.sqrt(a_bar_t_batch)*image batch + (1 -

pred_noise batch = nn_model (Xt _batch, t_batch)

loss = mse_loss(pred noise batch, noise_batch)

loss.backward()

3, height, height).to(device) #

for t in range (Ts, 0):

ar_t = a_bar_t_listlt
a t listlt

= Bt list[t

™R R
"=

b,
=3
53

1€ tom T

z = torch.randn_like(x)
else:

z = torch.zeros like(x)

t = torch.tensor([t])[:, None, None, Nonel #one t for each image

pred noise batch = nn_model(Xt, t)

Xt = (1/torch.sgrt(a_t))*(
Xt - ((1-a_t)/(torch.sqrt(1l-a bar t)))*pred noise batch
) + torch.sqrt(B t) * z

a_bar_t_batch)*noise_batch

Algorithm 1 Training

l1: repeat

20 %o ~ q(%0)
3:* t ~ Uniform({1,...,7T})
4: e~ N(0,I)
5: Take gradient descent step on

Vo He — ep(v/arxo + /1 — c‘xlte,t)”2

6: until converged

The pseudo-code on the left was based on code provided in How Diffusion Models Work DeepLearni.Al
Short Course


https://www.deeplearning.ai/short-courses/how-diffusion-models-work/
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##Training
Ts = 1000
for epoch in epochs:

for image batch in dataloader:

t_batch = torch.randint(1, Ts + 1, (image_batch.shapel(0],)) #

a_bar t batch = a bar_t listit _batch! #0One

Xt_batch = torch.sqrt(a_bar_t_batch)*image batch + (1 - a bar t batch)\‘ﬁmse\gatch Algorithm 1 Tr'dining
pred_noise batch = nn_model (Xt _batch, t_batch) \\\‘\\ l: l'epeat
\\\\ 2: Xg q(X())
loss = mse_loss(pred noise batch, noise_batch) \\\\ 3 t e Unlform({l T})
~o I g e ey

loss.backward() 4:\“ € v N(O) I)
b 5: Take gradient descent step on

Vo He — ep(v/arxo + /1 — c‘xlte,t)”2

6: until converged

3, height, height).to(device) #

for t in range (Ts, 0):

a_bar_t = a_bar_t listit
at=at listit
Bt = B_t listlt
1€ tom T
z = torch.randn_like(x)
else:
z = torch.zeros like(x)
t = torch.tensor([t])[:, None, None, Nonel #one t for each image

pred noise batch = nn_model(Xt, t)

Xt = (1/torch.sgrt(a_t))*(
Xt - ((1-a_t)/(torch.sqrt(1l-a bar t)))*pred noise batch
) + torch.sqrt(B t) * z
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##Iraining
Ts = 1000
for epoch in epochs:
for image batch in dataloader:

t_batch = torch.randint(1, Ts + 1, (image_batch.shapel®],)) #0ne t for each im

noise batch = torch.randn_like(image batch)

a_bar t batch = a bar_t list(t_batch

. o, e
Xt_batch = torch.sqrt(a_bar_t _batch)*image batch + (1 - a_bar_t batch)*noise batch Algorlthm 1 Tr'dlnlng

l1: repeat
2 Xg v q(X())
- 3: t ~ Uniform({1,...,T})
4: €~ N(0,I)
_5: Take gradient descent step on

R T Vg e — ea(Varxo + VI = Gire, )|

6: until converged

loss.backward() S~<

Xt = torch.randn(n_sample, 3, height, height).to(device) #

for t in range (Ts, 0):

ar_t = a_bar_t_listlt
= ot list[t
= B_t_listlt

™A A
- ]

1€ tom T

z = torch.randn_like(x)
else:

z = torch.zeros like(x)

t = torch.tensor([(t])[:, None, None, Nonel #one

pred noise batch = nn_model(Xt, t)

Xt = (1/torch.sgrt(a_t))*(
Xt - ((1-a_t)/(torch.sqrt(1l-a bar t)))*pred noise batch
) + torch.sqrt(B t) * z
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e ~N(0,I)
t ~ Uniform({1,...,7T})

Batch £ a= N(O’ I)
t ~ Uniform({1,...,7T})

e ~N(0,I)
t ~ Uniform({1,...,7})

U-Net
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##Training
Ts = 1000
for epoch in epochs:

for image batch in dataloader:

t_batch = torch.randint(1, Ts + 1, (image_batch.shapel(0],)) #

noise batch = torch.randn_like(image batch)

a_bar_t _batch = a _bar_t_list[t_batchl #0ne for each image in the

Xt_batch = torch.sqrt(a_bar_t _batch)*image batch + (1 - a_bar_t batch)*noise batch

Algorithm 2 Sampling

pred_noise batch = nn_model (Xt _batch, t_batch)

Ly xT ~ N(0,I)
soemmT 2 doed = s ol @0

loss = mse_loss(pred noise batch, noise_batch) -

loss.backward()

##Denoi

for t in range (Ts, 0):
ar_t = a_bar_t_listlt
a t listlt
= B_t list[t

™R R
"=

b,
=3
53

1€ tom T

z = torch.randn_like(x)
else:

z = torch.zeros like(x)

t = torch.tensor([t])[:, None, None, None| #one t
pred noise batch = nn_model(Xt, t)
Xt = (1/torch.sgrt(a_t))*(

Xt - ((1-a_t)/(torch.sqrt(1l-a bar t)))*pred noise batch
) + torch.sqrt(B t) * z

3:

4
5
6

z~N(0,I)ift > 1,elsez=0

— 1 l—at
Xt—1 = \/_Oz_t Xt — \/T—dtee(xt,t) + otz
end for
return xo
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##Training
Ts = 1000
for epoch in epochs:

for image batch in dataloader:

t_batch = torch.randint(1, Ts + 1, (image_batch.shapel(0],)) #

noise batch = torch.randn_like(image batch)

a_bar_t _batch = a _bar_t_list[t_batchl #0ne for each image in the
. .
Xt_batch = torch.sqrt(a_bar t batch)*image batch + (1 - a_bar_t batch)*noise batch Algorllhm 2 Sampllng
pred_noise batch = nn_model(Xt_batch, t_batch) o ( )
1: xr ~N(0,I

2 doed = s ol @0
3: ,z2~N(0,I)ift >1,elsez=0

loss = mse_loss(pred noise batch, noise_batch)

\

loss.backward() -

4. Xt—1 = \/%_t Xt %Ee(xt,t) + otz
PPt 5: end for
6

3, height, height).to(device) #

for t in range (Ts, 0): o7 return XO
a_bar_t = a bar t listlt ",—’
at =at listlt _--"
Bt = B_t listlt Lo
t = torch.tensor([t])[:, None, None, Nonel #one t for each image

pred noise batch = nn_model(Xt, t)

Xt = (1/torch.sgrt(a_t))*(
Xt - ((1-a_t)/(torch.sqrt(1l-a bar t)))*pred noise batch
) + torch.sqrt(B t) * z
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##Training
Ts = 1000
for epoch in epochs:

for image batch in dataloader:

t_batch = torch.randint(1, Ts + 1, (image_batch.shapel(0],)) #

noise batch = torch.randn_like(image batch)

a_bar_t _batch = a _bar_t_list[t_batchl #0ne for each image in the
. .
Xt_batch = torch.sqrt(a_bar t batch)*image batch + (1 - a_bar_t batch)*noise batch Algorllhm 2 Sampllng
pred_noise batch = nn_model(Xt_batch, t_batch) o ( )
1: xr ~N(0,I

2 doed = s ol @0
3: z~N(0,I)ift > 1,elsez=0

loss = mse_loss(pred noise batch, noise_batch)

loss.backward() 1—a¢

. p— 1 il e

_--""5: end for
6: return xg

3, height, height).to(device) #

for t in range (Ts, 0):

ar_t = a_bar_t_listlt
= ot list[t
= B_t_listlt

™A A
- ]

1€ tom T

z = torch.randn_like(x)
else:

z = torch.zeros like(x)

t = torch.tensor([t])[:, None, None, None| #one t

pred noise batch = nn_model(Xt, t)
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Input Noise Predicted

xr ~ N(0,I)
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Noise
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Image Source: https://openai.com/dall-e-2




Model Architecture and Guidance

Noisy latent

Y
RETNEEN]
uonuany

-
o

> lal;léaﬂ \
|
Ca\
i : )
uonu=13y

1ONS3Y
g |
uonuanNy
I s
19NsSay

Time step
embedding i -

P

Prompt embedding

Image Source: Diffusion models in practice. Part 1: A primers



https://deepsense.ai/diffusion-models-in-practice-part-1-the-tools-of-the-trade/

Model Architecture and Guidance

Linear VS Cosine Schedule

0.0 0.2 0.4 0.6 0.8 1.0
diffusion step (t/T)

Images Source: Nichol, Alex and Prafulla Dhariwal. “Improved Denoising Diffusion Probabilistic Models.”



https://arxiv.org/abs/2102.09672

Model Architecture and Guidance

def pos_encoding(self, t, channels):
inv_freq = 1.0 / (

b

*+ (torch.arange(@, channels, 2, device=self.device).float() / channels)

)

pos_enc_a = torch.sin(t.repeat(1, channels + inv_freq)
pos_enc_b = torch.c .repeat(1, channels * inv_freq)
Noisy latent U-Net (with ) s : pos_enc = torch.cat([pos_enc_a, pos_enc_b], dim=-1)
J0is
s_enc
AIE: »| = poz
BRI NN o O gl i S s s s s [oR -
2hS > S 2 ———>
&lle 21le
S =

x ||z b= r

o -3 P =3

el HO L ol B2 | d
zl =z zlz
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= =
3 || Zll= A p
2le g
—=1zZz I g 1=z emb_dim,
2lie e out_channels

Time step
embedding ) A /

d(self, x, skip_x, t):
1. up(x)
([skip_x, x], dim=1)

1¢9]
layer(t)[:, :

Prompt embedding

Image Source: Diffusion models in practice. Part 1: A primers . o .
Code Extracted From https://github.com/dome272/Diffusion-Models-pytorch/blob/main/modules.py
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GLIDE Guidance

Diffusion Training
e Text go through a Transformer Encoder

e ‘“The final token embedding is used in place of a class embedding in the Diffusion model” -
GLIDE paper

e ‘“The last layer of token embeddings (a sequence of K feature vectors) is separately projected to
the dimensionality of each attention layer throughout the Diffusion Model” - GLIDE paper

Diffusion Inference
e CLIPis first trained on noisy images;
e CLIP Guidance:
o  cosine_similarity(denoised image, text) -> CLIP Score

o  Add the gradient of the CLIP Score to the predicted image

fo(xi|c) = po(xe|c) + s - Bg(zt|c)Va, (f(xe) - g(c))
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Figure 2: A high-level overview of unCLIP. Above the dotted line, we depict the CLIP training process,
through which we learn a joint representation space for text and images. Below the dotted line, we depict our
text-to-image generation process: a CLIP text embedding is first fed to an autoregressive or diffusion prior
to produce an image embedding, and then this embedding is used to condition a diffusion decoder which
produces a final image. Note that the CLIP model is frozen during training of the prior and decoder.

Source: Ramesh, A., Dhariwal, P., Nichol, A., Chu, C., & Chen, M. (2022). Hierarchical Text-Conditional Image Generation with CLIP Latents. ArXiv,
abs/2204.06125.
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Source: Ramesh, A., Dhariwal, P., Nichol, A., Chu, C., & Chen, M. (2022). Hierarchical Text-Conditional Image Generation with CLIP Latents. ArXiv,
abs/2204.06125.
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