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e (Goes through basic concepts in Computer Vision
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e (Goes through details of VAE
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Note: Diffusion is similar with VAE, so consider this as prequel of Diffusion!



Autoencoder Recap

— e e Encoder will compress the original
( encoder ) LateniSpace ) (. Docodor ) image to a lower dimension latent
r I | | | : | space. The latent dimension is
supposed to capture the essential
-’ features of original image.

e Decoder will reconstruct the
original image from the lower

\ . ¢, dimension latent space.
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Image from |IBM VAE blog


https://www.ibm.com/think/topics/variational-autoencoder#:~:text=Variational%20autoencoders%20(VAEs)%20are%20generative,other%20autoencoders%2C%20such%20as%20denoising.

Encoder Architecture Details
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g e Convolution Layer: Extract features

e RelU:
o Allow model to learn non-linear
complex relationship
o  Help vanishing gradients
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] | computational complexity while
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i cosvolutionaeLy o Make the model more robust to
@ max pooling 7 variations in feature position
] Cﬁ fully connected+ReLU
eSS e Fully connected: Flatten input and map it

to probability distribution we need

Typical CNN example from vitalflux.com


https://vitalflux.com/different-types-of-cnn-architectures-explained-examples/

Convolution Layer Intuition
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Image from Medium (sharathmanjunath)

For single image, we first identify simple
micro patterns like straight lines, small
curves

Then based on these patterns’
relationship with each other, identify
shapes like circle, oval, squares etc

Then based on these shapes’
relationship with each other, identify
more complex shapes and patterns, like
legs, wheels etc

The shape identifiers should ideally be
reusable


https://sharathmanjunath.medium.com/convolutional-neural-network-and-keras-mixed-data-input-part-1-by-sharath-manjunath-24f73c530584

Convolution Layer Intuition

Loopy pattern
filter

L - I - - S

Vertical line
. filter

Loopy pattern

Loo attern
detector 24

detector
1 1 1 1 1 1

* ERERIEE = * EIESES =

o |2 M ET

Loopy pattern Loopy pattern
detector detector

v
111 ol L |
* 111 = * = s s

Image from Medium (sharathmanjunath)

Diagonal line
filter
\

o N\

C

' 20 IS R O A R BTN

Use shape identifiers to identify patterns

The shape identifiers are called filters or
kernels


https://sharathmanjunath.medium.com/convolutional-neural-network-and-keras-mixed-data-input-part-1-by-sharath-manjunath-24f73c530584

Convolution Operation with Kernel
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Image from Medium (patale akhil)

Values in the Kernel are all
trainable parameters

Convolution is to use the
Kernel to scan through the
image and compute matrix
sum product

Kernel values (learnable
parameters of CNN) stay
unchanged throughout the
image, so the number of
model's parameter does not
depend on image size


https://medium.com/@patale_akhil/from-silicon-to-supercharge-gpu-101-6cf1a3256b8a

Neural Network Activation Function

Activation Functlons
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Image from Medium (shrutijadon)

Activation functions allow neural networks to
learn nonlinear relationships:

Sigmoid and tanh suffers from vanishing
gradient. When value is too big or too
small, the gradient will become 0.

ReLU improves vanishing gradient since
the gradient is 1 for all positive values. The
computation is also more efficient since
gradient constant (1 for positive and 0 for
negative). ReLU can suffer if value is
constantly negative causing 0 gradient,
model will stop learning.

Leaky RelLU improve on top of ReLU,
where negative values still have non-zero
positive gradient.


https://medium.com/@shrutijadon/survey-on-activation-functions-for-deep-learning-9689331ba092

Pooling Layer

Max Pooling Average Pooling
Take the highest value from Calculate the average
the area covered by the value from the area covered
kernel by the kernel

Example: Kernel of size 2 x 2; stride=(2,2)

Convolved Convolved
3 el 0 0 Feature 3 2 0 0 Feature
(4 x4) 7 (4 x 4)
0 7 1 3 ORI 14 3
5. | 2703 |0 5. | 248 |0
o |49 | 2o13" 0| 9| 2n].3
Output Output
7 3
Max Average
values values

Pooling layer’s purpose:

Downsample feature maps

Reduce spatial dimensions and
computational complexity while retaining
important information

Make the model more robust to variations
in feature position

Type of Pooling:

Max Pooling (keep most apparent feature)

Average Pooling (get average in a region)

How it works:

2x2 pooling, with stride of 2, reduces both
length and width of feature-map by 50%.
No new parameters needed, just get the
maximum or average

Often added after convolution layer



How Does Decoder Work?

e In Autoencoder, decoder reconstruct the original image from the lower dimension latent space.

e Basically reverse the process of what Encoder does.
o  Encoder: Convolution + Downsample
o Decoder: Convolution + Upsample
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Decoder Increase Image Size

Convolution
T e \We can remember the pooling
22| 0o | o |48 indices and use it to do
Pre Max Pooling Features i
J 45 | 55 | 91 | 9 upsampling
15 | 31 | 6 | 30 0 | 65 (87 | 95| Bilinear e After upsampling and
ozl 3w o [ % [ | nterpolation interpolation, usually followed
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e Interpolation is used to
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Decoder Increase Image Size
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We can also do transposed
convolution

With the features map after
encoder’s pooling layer, and a
Kernel (with learnable
parameters) aiming to
reconstruct image with latent
space features, we can bring
back the image to its original
dimension



Autoencoder Recap

e During training, autoencoder’s loss function is comparing pixel wise difference between output image

and original image. That’s also where the "auto’ in the name comes from.
e Autoencoder is great in denoising image

E

% Measure

Training Aqd nois.e to the ; _z“‘ A \ reconstruFl|on
input image \ ¥ 4 loss against

Process g . , ) A original image

¥
50
BN

Feed .g‘{). (P <

corrupted
input into s
autoencoder 3 y
_— L — L — L — L N E I O N § — L] —_— L — L] _— L — L — L] — L] — L] — L] — L _— - _—

j [ encoder 2 | decocer 2
Inference

4




Diffusion Recap

e Diffusion’s mechanism is also based on using model to predict noise for noisy image, so we have the
capability to iteratively remove noises and generate good images.

e Many overlap in architecture, underlying math, training & sampling etc. Stay tuned!
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From Autoencoders to Variational Autoencoders (VAE)

e Goal of autoencoder is to reconstruct the original image. However, for a generative model, what we
want is 'Given observed samples x from a distribution of interest, learn to model the true data
distribution p(x)’

e In plain words, we want to generate new samples that resemble the original input. That's why AE is not good

for Generative task. Other reasons are:
o  Autoencoder are fixed, deterministic mapping and discrete on the latent space

If sample a random point from this 2-D space and feed it to the decoder,
will it generate a new image that is “similar” to one of the 0-9 digit images
in the training set?

Probably will generate a good "1°

Y

Probably will generate a good "0

Latent space of MNIST data (number classification)



Variational Autoencoders (VAE)

e VAES are probabilistic models. VAEs encode latent variables of training data not as a fixed discrete
value z, but as a continuous range of possibilities expressed as a probability distribution p(z),
represented with mean vector (u) and a std-deviation / variance vector (o).
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autoencoder

Data mapped as points in the latent space
(e.g., Undecomplete AE). Not suitable for
generating "meaningful" new data.

The point that has not
been explicitly mapped
is "meaningless"

“meaningful" shapes,

l encode

variational autoencoder

Data mapped as distributions (e.g., VAE) with the
latent space being continuous and regularized.

Points from a
regularized latent
space produce new

Points from a regularized
latent space produce new
“meaningful” shapes, that are
close to the orignal ones

O

that are close to the
orignal ones

Latent state
distributions

ENCODER DECODER




Conditional VAE

e With VAE, we can sample a random point in the latent space and generate new images similar to

training set. However, we can’t generate an new on demand (say generate a specific number with the
MNIST example)

e With Conditional VAE, we will be able to achieve this
o CVAE has an extra input to both the encoder and the decoder, usually an one-hot vector.
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Underlying Math

Assumptions
o We have observed data X = {z;}}',
o  We assume the data is generated from a latent variable Z = {z;}!,
o O represents parameters of the model

Goal
o Maximize the log likelihood of observed data logps(X)
m  Same as maximize likelihood directly (log function is monotonic), log is used for
convenience to make math easier

Given P(X) = /""(X 2)p(2)4Z -an we calculate this directly?
o  This is computationally intractable
o  The prior distribution »(2) is often chosen to be a simple distribution, such as a standard
Gaussian
o However, ps(X|Z) is typically a complex, non-linear function defined modeled by neural network
with parameters 6.

So what to do now? Use ELBO (Evidence Lower Bound)



Underlying Math

e We introduce the approximate posterior ¢,(Z|X) , then use Jensen's inequality to derive a lower

bound.
o ¢ represents the approximation function’s parameters
po(X, Z)
lo X=lo/ X,ZdZ:lo/ Z|\X)dZ
gpo(X) =log [ po(X, Z) g %(ZlX)%( 1 X)
po(X, Z) / po(X, Z) Lower bound of original
>
e Expand the right hand side of equation

[ astzix108 2275302 = [ 421 108 po(X, 2)i2 [ 46(21X) log04(21X)d2

e Rewriting integrals in terms of expectations

Eq¢(Z]X)[log pe(X, Z)] — Eqp(Z]X)[log g4(Z| X))
Eq¢(Z]X)[log po(X|2)p(Z)] — Eqp(Z|X)[log g4(Z]| X)]

Eq¢(Z|X)[log pe(X|Z) +logp(Z)] — Eqé(Z| X )[log q4(Z| X)]



Underlying Math

Rearrange orders

Eq¢(Z|X)[log ps(X|Z)] + Eqe(Z|X)[log p(Z)] — Eq¢(Z|X)[log g4(Z| X))
Recall Kullback-Leibler Divergence (KL Divergence) between p(x) and q(x) is defined as:

Dicra@|lp(e) = [ a(a)log ;E §dx = Eq(®)llog ¢(z)] - Eq(x)llog p(z)]

Rewrite lower bound expression

ELBO = Eq¢(Z|X)[log pp(X|2)] — Dk1(94(Z]X)||p(2))

Intuition of ELBO
o Reconstruction Loss: £94(Z|X)[logps(X|Z)] encourages the decoder rs(X|Z) to reconstruct the
input X well from the latent representation Z.
o KL Divergence Loss: Dx1(9:(Z|X)||p(Z)) encourages the approximate posterior ¢,(Z|X) to be
close to the prior p(Z), typically a standard Gaussian distribution.

Note that we only care about decoder parameters of 6, and encoder parameters of ¢



Underlying Math

Reconstruction Loss is typically computed by Mean Squared Error (MSE) between the original and
reconstructed images:

o f,is the decoder function

° g, is the encoder function

: Lonegs, . i e
Lysel?, o) = T Z} (i — folgelxi)))

e Practically, we usually assume the prior distribution p(Z) is standard normal distribution. Thus the KL
Divergence Loss is:
oGlz,. 7Z,) is the Gaussian distribution of latent space defined by the mean and standard deviation.

Ly |G(Z,.Z,)IN(0,1)] = =05 Z;\;z 1 +log(Z,2) — Z2, — Z2,
e Then we have the final loss function formula:

Lyvae = Lreoon + Lk,

e We can now use gradient descent to maximize ELBO, with one last obstacle :<



Underlying Math

e Recap .
o  We plan to use gradient descent to maximize ELBO: Lvae = Lrcon + L
o The parameters we are updating is decoder parameters of 6, and
encoder parameters of ¢

e Problem:

o Although ELBO is a function of encoder parameter ¢, it's not def reparameterize(mu, logvar):
differentiable of ¢ since Z; is randomly picked from the latent SEd = forch.exp(n sk logvar)
eps = torch.randn_like(std)
space represented by ,uand o return mu + eps * std
e Reparameterization Trick to the rescue ¥ Elicoder neYwork JULPULS ML And. Logvax
o The essence is change how sampling is executed. Instead of Tzovafncoziiéﬁaxi)m
random sampling directly from ¢;(Z|X),introduce a random
auxiliary variable £ from a distribution that is not parameterized by ’Z’ RQT?ZTEELii?Z?QU‘iZkvan
¢, usually from standard normal distribution, then pass it through o R
g¢(X, €) to sample ¢,(Z|X) # Decoder network takes z as input
m Since £ is fixed and not dependent on ¢, now ELBO ERECHSSEUCEAQ LDPUE: = CRcOaaE Cer
differentiable against ¢

# Loss calculation and backpropagation

© For example g¢(x’ e) “H*eEO Reparameterization Pseudocode



Underlying Math
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Now we are able to do gradient descent to find parameters that can maximize ELBO :D

Mission Accomplished!



