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Summary

1 Modeling Data Distribution

2D Gaussian: True Data Distribution
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Summary

e Statistical Methods

o Gaussian Estimation (1D or 2D or higher) _
We either assume the shape
- Or we use assumed shape to
approximate

o Gaussian Kernel Density Estimation

o Gaussian Mixture Models

* Machine/Deep Learning Methods

o Auto-Encoder (AE) We do not assume

o Variational AE B any prior shape

o Generative Adversarial Network
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Problem so far......
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High-Dimension Data

Dataset mean image PC1 direction in pixel space PC2 direction in pixel space

/.

Representative images selected from different parts of PCA space
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Observation

A key assumption: high-dimensional data lies on the
low-dimensional manifold space
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Observation

A key assumption: high-dimensional data lies on the
low-dimensional manifold space
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PCA - Variance Maximization

2D Gaussian dataset

What would be a good reduction?

* Find w such that it maximizes the
variance of the projected data

* Find w such that it minimizes the
reconstruction error

T
Wi X
cosO = 13
|W1|2|X3|2
x3 = [3,4]
WZ = [O, 1] ’ W1Tx3
C050|X3|2 =0 = WIX’g
AP
wq = [1, 0]
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PCA - Variance Maximization

Find w such that it maximizes the variance of the projected data
Xi
N N
1 T 2 _ 1 T > T © O
var=NZ(W (x; — %)) =NZW (x; —X)(x; —xX)'w w X
[ = =1
i=1 i 1 . O
=wT <N2(xi — %) (x; — JE)T> w
i=1
= wTSw
Therefore maximizing the variance can be written as: ‘
. KKT Condition
Constrained max w Sw Zi Z
Optimization - A = 4o L
s. t wiw =1 — e ==

Liw,a) =wTsSw + awTw — 1)
Vy,Lw,a) = 25w + 2aw = 0

VoLlw,a) =Sw—Aw =0 Sw = Aw
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PCA - Variance Maximization

Some characteristics of the eigenvectors: Sw = Aw
* "wr," =1 A=A =221,
T

* vy =0, Vi#j

Covariance matrix is a real and symmetric matrix
(in fact it is PSD) therefore it can be uniquely wix, =04
decomposed via:

W3Xy = 0y
S = Z .;l.ﬂ?,:l?ir
L wlx, =0,
Multiply both sides by v,:
ST?R = ﬂ'kvk w, = [0,1] x3 = [3,4]
Therefore w should be the first eigenvector of § wy = [1,0]
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PCA - Variance Maximization

X ,
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PCA - Variance Maximization

import torch

import numpy as np

import matplotlib.pyplet as plt

from torchvision import datasets, transforms

# Load MNIST dataset

transform = transforms.ToTensor()

mnist_data = datasets.MNIST(root='./data', train=True, download=True, transform=transform)
images = mnist_data.data.float()

labels = mnist_data.targets

# Flatten images to vectors of size 784
N, H, W = images.shape # N=60888, H=28, W=28
X = images.view(N, H+W) # shape: (60008, 784)

# Normalize data
mean_image = X.mean(dim=0)
X_centered = X - mean_image

# Compute covariance matrix
cov = (X_centered.T @ X_centered) / (N-1)

# Eigen-decomposition

eigenvalues, eigenvectors = torch.linalg.eigh(cov)

# Sort eigenvalues and eigenvectors in descending order
eigenvalues, indices = torch.sort(eigenvalues, descending=True)
eigenvectors = eigenvectors[:, indices]

### Visualization 1: Original MNIST Dataset

fig, axes = plt.subplots(1l, 1@, figsize=(18, 2))

for i in range(1@):
axes[i].imshow(X[1i].reshape(28, 28), cmap="gray')
axes[il.axis('off")

plt.suptitle('Original MNIST Samples')

plt.show()

Original MNIST Samples

HECIAGENEINE
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PCA - Variance Maximization

### Visualization 2: Top 5 and Bottom 5 PCA Components
fig, axes = plt.subplots(2, 5, figsize=(18, 4))
for i in range(5):
top_comp = eigenvectors[:, i].reshape(28, 28)
bottom_comp = eigenvectors[:, -i-1].reshape(28, 28)

axes[@, i].imshow(top_comp, cmap='coolwarm')
axes[@, i].set_title(f'Top PC {i+1}')
axes[@, il.axis{'off')

axes[1l, i].imshow(bottom_comp, cmap='coolwarm')
axes[1, i].set_title(f'Bottom PC {i+1}')
axes[1l, il.axis('off')

plt.suptitle('Top 5 vs Bottom 5 PCA Components')

plt.show()
Top 5 vs Bottom 5 PCA Components
Top PC1 Top PC 2 Top PC 3 Top PC4 Top PC5
—
R 1l
N F o "3
I 7 & wi I
- - -
Bottom PC 1 Bottom PC 2 Bottom PC 3 Bottom PC 4 Bottom PC 5
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PCA - Variance Maximization

### Visualization 4: Projecting a Specific Image onto PCI-5
sample_idx = 1 # Choose an Image

test_image = X[sample_idx]

fig, axes = plt.subplets(l, 6, figsize=(12, 2})

axes [0].imshow(test_image.reshape(28, 28), cmap='gray')
axes [8].set_title('Original'}

axes [@] .axis('aff")

for i in range(5):
weight = torch.dot(test_image - mean_image, eigenvectors[:, 1il)
recon = weight = eigenvectors(:, il + mean_image
axes[i+1].imshowl( recon. reshape(28, 28), cmap='gray')
axes [i+1].set_title(f'PC {i+1}")
axes [i+1].axis("off")

plt.suptitle('Image Projection onto Top 5 PCs')

plt.show()

Original ImagePF‘crtgectmn onto Tope BCs
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PCA - Variance Maximization
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PCA to reduce dimension and then GDE/GMM %

R1, R?

R256><256

High-Dimensional Data
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PCA to reduce dimension and then GDE/GMM %

R1, R?

PCA

R256X256

PCA + GDE/GMM
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PCA to reduce dimension and then GDE/GMM %

Sample training images

Digit 1 Digit 1 Digit 1 Digit 1 Digit 1
“ “
Digit 7 Digit 7 Digit 7 Digit 7 Digit 7

2D PCA projection — digits 1 & 7
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PCA to reduce dimension and then GDE/GMM

PC2

Y Comp 0 (n=0.21)
Y Comp1 (n=0.26)
Y Comp 2 (n=0.25)
v Comp 3 (n=0.29)

-8 -6 -4 =l 0 2 4 6
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Connection between PCA and Reconstruction Loss

Kiyeooy Xy € RY

zi=w x; € &, Xi = ziw = (W I;‘.]WERﬂ
weRY, |w|| =1,

H|I|'
1 z z ( Z XX, )w —w' Sw Maximize Variance

w, ||w| 1

i=1 - i J
s
: - |12

SRl =Sl = 2 ) (0 ) () w = o — ()

' i=1 ~1

N Y N

Z |lx; — i;”z = Z ||;'.||;;:-||2 _ Z[W|xi}2 min [cnnst—Z[w X; ] = m,axz w ' x;) = max w Sw
i=1 i=1 i=1 '

"\-_.u,_-r"

constant w.r.t. w Minimize Reconstruction Loss
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PCA = Dimension Reduction + Reconstruction

R1, R?

PCA

R256X256

PCA — Reduce Dimension/Reconstruction
GDE/GMM - Latent Distribution Modeling
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From PCA to AutoEncoder

I ]Rk l
Encoder Decoder

I ]Rk l
KIND
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PCA:
e Forward transform: z=WTx
* |nverse transform: x=Wz

minE,[llx — £[1°] = Ex[ll x - WW"x||*]
s.t. WIW = Ly,

AE:
* Forward transform:  z = ¢(x)
* Inverse transform: 2=vY(2)
mink, [llx — 21%] = E, [|| x ~ w(¢00)[|']

23 )



Linear Layer PCA is AutoEncoder

&

I € Rk l|

# Linear AE: encoder 784->2 (linear),
# No hidden layers, no activations
class LinearAE_MNIST(nn.Module}:
def __init__ (self, d=2):
super().__init_ ()

decoder 2->784 (linear)

-=> equivalent to PCA

self.encoder = nn.Sequential({nn.Flatten(), nn.Linear(784, d,

self.decoder = nn.Sequential{nn.Linear(d, 784,
forward(self, x):

z = self.encoder(x)

return self.decoder(z).view(-1, 1,

def

28, 28), z

print("\nTraining Linear AE (= PCA via gradient descent) ...")
for epoch in range{1@):
lin_ae.train()
total = @
for imgs, _ in train_dl:
imgs = imgs.to(device)
opt.zero_grad()
¥_hat, _ = lin_ae(imgs)
loss = {(imgs = x_hat)s=2).mean()
loss.backward(); opt.step()
total += loss.item()
print(" Epoch {:2d} 1loss = {:

KIND

PCA:

bias=False))
bias=False), nn.Sigmoid(})

.5f}" . format(epoch+l, total/len{train_dl)))}

Forward transform:
Inverse transform:

VA

o)

X

WwTx
Wz

Linear dimensionality
Reduction

minE,[llx — £[1°] = Ex[ll x - WW"x||*]
s.t. WTW = Ikxk

Training
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch
Epoch

Linear AE
1 loss
2 loss
3 loss
4 loss
5 loss
6 loss
7 loss
8 loss
9 loss
18 loss

ar AE on MNIST (d= 2y

{= PCA via gradient descent)
8.19154

= @.088741
= @.06887
= @.06789
= B.06727
= @.06677
= B.06626
= @.06580
= B.86535
= @.06488

re blurry and washed cut
ot numm curvendgtma nifold

i
ax
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Linear Layer Autoencoder/PCA is limited

Linear Layer cannot separate

KIND

HEHBEHEE

Linear AE latent space on MNIST (d=2)
= PCA 2D projection (one global linear subspace)
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Linear Layer Autoencoder/PCA is limited
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Linear (PCA) reconstruction
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Nonlinear Layer can bend space

Rotating decision boundary (b=0)
angle=3.08 rad, w=[-1.00,0.07]

No bias: forced boundary y = 0 (fails) S No bias: rotated boundary through origin (still fails) 5 With bias: translated boundary separates perfectly e Classo
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From PCA to AutoEncoder %

I € Rk l|

[ High-dimensional data often lives on non-linear manifolds that cannot be captured by linear models such as PCA ]

* Forward transform:

WTx Linear dimensionality
* Inverse transform: 14

Z -
2 Reduction

VA

minE,[llx — £[1°] = Ex[ll x - WW"x||*]
s.t. WIW = Ly,

Fremont Bridge Hourly Bicycle Counts — Seattle

GMM
PCA
¢: R4 > R? . .
Can we add nonlinearity?
Yes, then it becomes
74/35000%4 neural network!
7063 70
S iqrssslen
/58345733 P:R? > R? =
3 19/5858§08Y =i
sEL6EB58899
Y704 +¢3543
71796700223

P
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AutoEncoder

0.24 1

=] =]
Pl Bl
=1 [}

Reconstruction ermor
[=]
—
[==]
\

KIND
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class MLP_AE(nn.Module):
def __ init_ (self,architecture=[784,128,64,2],activation="LeakyRell"):

super(MLP_AE, self).__dinit_ ()}

self.architecturesarchitecture

if activations=='lLeakyRelU':
self.activationsnn.LeakyRelU{ )

elif activations='RelLl":
self.activation=nn.RelLUl)

alif activations=='Sigmoid':
self.activationsnn.Sigmaid()

alsa:
print{'Activation not defined, reverting to default!')
self.activation=nn.LeakyRelU{)

# pefining $\phis

arch=[]

for i in range(l, len{architecture)):
arch.append({nn.Linear{architecture[i=1],architecture[i]))
if ilslen{architecture}-=1:

arch.append{self.activation)

self.encoder=nn. Sequential{=arch)

# Pefining $\psis

arch=[]

for i in rangellen{architecture}-=1,8,-1):
arch.append(nn.Linear{architecture[i] ,architecture[i=1]))
if il=s1:

arch.append{self.activation)
self.decodersnn. Sequential{=arch)

def encodeiself,f):
assert f.shape|[l]s=sself.architecture[8]
return self.encoder(f)

def decodelself, fhat):
assert That.shape[l]ssself.architecture[=1]
return self.decoder{that}

def forward(self, x):
return self.decodelself.encode(x))
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AutoEncoder

Original vs Linear vs Nonlinear

kindlab-fly.github.io
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AutoEncoder + Supervised Classification

Input

2N
|7
oly
Als

£

KIND

L

\Latent rEpresentation/

Encoder

¢(-;9¢):]Rd - R¥

e.g. NN

Decoder
Y(, 0y): RF -» R?
e.g. NN

Need to estimate the latent distribution post-hoc!

it

»|o|~|~E
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AutoEncoder + Supervised Classification

‘{:Lntal — Ercmn + A E’::ls.
S—

L
reconstruct predict label

# AE + classification head
class AE_CLf(nn.Module):
"""Same encoder/decoder as AE, plus a linear classification head on z."""
def __init__ (self, latent_dim=2, n_classes=1@):
super{}.__init_ ()
self.encoder
self.decoder

self.clf_head
def forward(self,
z = self.
¥_hat = self.
logits = self.
return x_hat,

KIND

= Encoder(latent_dim) # reuse from Part 2
= Decoder(latent_dim) # reuse from Part 2
= nn.Linear(latent_dim, n_classes)

x):

encoder(x)

decoder(z)

clf_head(z)

z, logits

The encoder is now pulled in two directions:

Loss What it forces z to encode

Reconstruction | pixel-level detail — shape, stroke, texture

Classification class identity — which digit it is

print(“Training AE + prediction loss (recon + {:.8f} x cross—entropy)".format(lam))
for epoch in range(1@):
ae_clf.train()
t_recon = t_cls = @
for imgs, labels in train_dl:
imgs, labels = imgs.to(device), labels.toldevice)
opt_clf.zero_grad()
x_hat, z, logits = ae_clf(imgs)
loss_r = ((imgs - x_hat)*%2).meanl)
loss_c = ce_loss(logits, labels)
loss = loss_r + lam * loss_c
loss.backward(); opt_clf.step()
t_recon += loss_r.item(); t_cls += loss_c.item()

kindlab-fly.github.io



AutoEncoder + Supervised Classification

The encoder is now pulled in two directions:

— Loss What it forces z to encode
Emtal — En‘:cﬂn + A Ecls
N’ Moy Reconstruction | pixel-level detail — shape, stroke, texture
reconstruct x P:Ed”ﬂ' label Classification class identity — which digit it is
s
. i :,._
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oy O R

og £ Lo~ o~ X
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W Wty og og o & L
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it

Problem of AutoEncoder

Input

\Latent representation/
. Encoder Decoder
[

£

¢(;64): R? > R¥ P(,0y): R¥ > R4
o A
/
How to use AE to do Generation? You might need to estimate latent distribution

KIND
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Problem of AutoEncoder )

I € R¥ l|

AE+clf latent space with fitted GMM log-density

1° 200
200
8
-7 100
100
-6
0
“w
0 5 __3 N
o 4
B
L4 5
-100
~100 3
2
-200 —200
1
=l o
-300 ~200 -100 0 100 200 -300 -200 -100 0 100 200
71 21

KIND

kindlab-fly.github.io



Motivation of Variational AutoEncoder

Smile: 0.95

Skin tone; 0.85

Gender: -0.73

encoder decoder

Beard: 0.85

Glasses: 0.002

Hair color: 0.68

Latent attributes

AE model latent space point-to-point

KIND
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Motivation of Variational AutoEncoder

Smile (discrete value) Smile (probability distribution)
e . A
1 o 1 -1 0 1

KIND
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Motivation of Variational AutoEncoder

“Smile: 0.23

,’/ ™, X Skin tone: 0.02
Smille: '—-f‘l r “‘—H': Gender: -0.18
:i' \_q. Beard: 0.71 decoder
Skin tone:
1 [4] 1
PI: Glasses: -0.19
Gender ‘ *

1 3 1 _Hair color: 0.33 |

encoder '
Beard: .—;_l L “Smile: 0.17

1
Skin tone: 0.28
Gl : -
e 1 Gender: -0.11 decoder
Hair color: = Beard: 0.66
\ / Glasses: -0.14
— — We expect an accurate
Hair color: 0.26 .
reoen reconstruction for any
T . sample from the latent
Latent distributions Sampled latent attributes P

state distributions

And then we can sample from the latent distribution and regenerate the iimage

KIND O
kindlab-fly.github.io 3 8




Variational AutoEncoder

4 h
“smile: 023
,’/ ™, X Skin tone: 0.02
Smile: '—-f‘l : - “‘—H': Gender: -0.18
:i' \_q. Beard: 0.71 decoder
Skin tone:
1 a 1

A Glasses: -0.19

Gender + *

1 3 1 _Hair color: 0.33 |

encoder
Beard: .—;_l L “Smile: 0.17

1
Skin tone: 0.28
Glasses: T Gender: -0.11 decoder
Hair color: =+ Beard: 0.66
\ / Glasses: -0.14
— — We expect an accurate
Hair color: 0.26 ‘
e vy reconstruction for any
Latent distributions Sampled latent attributes sample frlnm‘ thE, latent
state distributions
\_ J
. e ps(z) € R —the mean (where the code should be)
MOdEhHg a . log cri( z) € R? —the log-variance (how uncertain we are)
Distribution
_ - _ 2
For Encoder z = fo(x) > gy(z | z) = N(l‘cﬁ(ﬂ?)a %(m))

KIND O
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Variational AutoEncoder

“Smile: 0.23
p

/ If\ A Skin tone: 0.02
Smile: *

1 o 1 Gender: -0.18
f"' E Beard: 0.71
Skin tone:
1 [4] 1
PI: Glasses: -0.19
Gender + } e

1 a 1 _Hair color: 0.33 |

encoder
Beard: .—;_l L “Smile: 0.17

Skin tone: 0.28

Glasses: -

-1 Gender: -0.11 d 2coder
Hair color: =4 Beard: 0.66
! / Glasses: -0.14
~— — We expect an accurate
Hair color: 0.26 "
e vy reconstruction for any
Latent distributions Sampled latent attributes sample frlnm‘ thEI latent
state distributions
\\ J
Sampling from Latent
) Distribution
For Sampling g¢4(z | ) = N (py(z), o}(z)) > 2~ q¢,(z|:1:)

z = py(z) + 04(z) O ¢, e ~N(0,1)
KIND

kindlab-fly.github.io



Variational AutoEncoder

4 N
“smile: 023

,’/ ™, X Skin tone: 0.02

Smile: '—-f‘l : - “‘—H': Gender: -0.18

:i' \_q. Beard: 0.71 decoder
Skin tone:
1 a 1
PI: Glasses: -0.19
Gender + *

1 3 1 _Hair color: 0.33 |

encoder ::.
Beard: “smile: 0.17

i
Skin tone: 0.28
e 1.| Gender: -0.11 dEEU der
Hair color: = Beard: 0.66
5\ / Glasses: -0.14
~— — . We expect an accurate
-F_'a'rmln" D'E_E'f reconstruction for any
Latent distributions Sampled latent attrib\LtES sars\::‘l:ee :;?i::l:i :::m
J
_ Decode ( T | > ) '
Decoding zZ ~ q¢(z|$) > Po .

KIND
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Variational AutoEncoder

“Smile: 023
y

4 N\ A Skin tone: 0.02
Smile: -

1 ] 1 Gender: -0.18
..-_|r" : 5 Beard: 0.71 decoder
Skin tone:
1 [i] 1
r\': Glasses: -0.19
Gender i 1 2 h _Hair color: 0.33
encoder
Beard: .—J LW “smile: 0.17
i
Skin tone: 0.28
Glasses: +
4 Gender: -0.11
Hair calor: =4 Beard: 0.66
1
‘ / Glasses: -0.14

-

— — We expect an accurate
Hair color: 0.26 ;
. —y reconstruction for any

Latent distributions Sampled latent attributes sample frlnm‘ thE, latent
state distributions

4 (2 | 2) = N (pg(), 04())

l Reconstruction Well
Training Stage z q(f(2|$)
' Latent Space can support samplin
Dy ( .’B| Z). p pp pling
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Variational AutoEncoder

“Smile: 023
y

4 N\ A Skin tone: 0.02
Smile: -

1 ] 1 Gender: -0.18
..-_|r" : 5 Beard: 0.71 decoder
Skin tone:
1 [i] 1
r\': Glasses: -0.19
Gender i 1 2 h _Hair color: 0.33
encoder
Beard: .—J LW “smile: 0.17
i
Skin tone: 0.28
Glasses: +
4 Gender: -0.11
Hair calor: =4 Beard: 0.66
1
‘ / Glasses: -0.14

-

— — We expect an accurate
Hair color: 0.26 ;
. —y reconstruction for any

Latent distributions Sampled latent attributes sample frlnm‘ thE, latent
state distributions

4 (2 | 2) = N (pg(), 04())

| Reconstruction Well
ini z ~ gy(2]x)
Training Stage | IE% [1 og Py ( m| z)]
Po (-'B | < ) recons;uction
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Variational AutoEncoder

“Smile: 023

e

4 N\ A Skin tone: 0.02
Smile: -

. a X Gender: -0.18
,._.f '\_., Beard: 0.71 decoder
Skin tone:
1 [i] 1
r\': Glasses: -0.19
Gender . : ' “ _Hair color: 033
encoder
Beard: .—J LW “smile: 0.17
i
Skin tone: 0.28
Glasses: +
-1 Gender: -0.11
Hair color: = Beard: 0.66
i / Glasses: -0.14
Te— — We expect an accurate
Hair color: 0.26 »
“ —/ reconstruction for any
. . sample from the latent
Latent distributions Sampled latent attributes P

state distributions

9s(2 | ) = N (pg(z), o’ (x
s(2 | 2) l( o(2)s 5 )) Latent Space Support Sampling

Training Stage z ~ gy(z|z)
b Dx1.(gy(2|z) || N(0, 1))
po(z|2)

KIND O
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Variational AutoEncoder

“Smile: 023

e

4 N\ A Skin tone: 0.02
Smile: -

. a X Gender: -0.18

,._.f '\_., Beard: 0.71 decoder
Skin tone:

1 a 1

r\': Glasses: -0.19
Gender * 1 >

1 ] 1 _Hair color: 0.33

encoder
Beard: .—J . Smile: 0.17

Skin tone: 0.28
Glasses: *
- Gender; -0.11
Hair color: =4 Beard: 0.66
i / Glasses: -0.14
T— — We expect an accurate
Hair color: 0.26 .
“ _ reconstruction for any
T \ sample from the latent
Latent distributions Sampled latent attributes P

state distributions

Training Stage Ef}f_i: [log pg(ﬂ?lZ)l N :_DKL (q¢(z|m) H p(z)l

L

Y i

reconstruction regularise toward prior
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Variational AutoEncoder

“Smile: 023
y

4 N\ A Skin tone: 0.02
Smile: -

1 ] 1 Gender: -0.18
..-_|r" : 5 Beard: 0.71 decoder
Skin tone:
1 [i] 1
r\': Glasses: -0.19
Gender i 1 2 h _Hair color: 0.33
encoder
Beard: .—J LW “smile: 0.17
i
Skin tone: 0.28
Glasses: +
4 Gender: -0.11
Hair calor: =4 Beard: 0.66
1
‘ / Glasses: -0.14

-

— — We expect an accurate
Hair color: 0.26 ;
. —y reconstruction for any

Latent distributions Sampled latent attributes sample frlnm‘ thE, latent
state distributions

Training Stage EE% log fﬂ(ﬂz)l — PKL (%({!rﬁ?) I P(z))J

reconstruction regularise toward prior

v
D 1 .
logpy(z | 2) = Y log(szz) - @Hm - mHZ

A

.1
—> max E,, [logpg(z|z)] = min —;

6.6 207 0,0

=~

constant w.r.t. 8,0

KIND
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Variational AutoEncoder

“Smile: 023

e

4 N\ hY Skin tone: 0.02
Smile: -

. a X Gender: -0.18
,._.f '\_., Beard: 0.71 dE‘CCI dEI’
Skin tone: | ! !
/L Glasses: -0.19
Gender - . i . Hair color: 0.33 |
encoder
Beard: .—J L. “smile: 0.17
i
Skin tone: 0.28
Glasses: *
- Gender; -0.11
Hair color: =4 Beard: 0.66
i / Glasses: -0.14
T— — We expect an accurate
Hair color: 0.26 .
. vy reconstruction for any
Latent distributions Sampled latent attributes sample frlnm‘ thE, latent
state distributions
. . E,, logpg(x|z)| —|Dxki(gs(2|z) || p(2
Training Stage - 2| (<! )], . ( "f’(l ) Il )),
reconstruction regularise toward prior

v d
Lt = Dy (a5(2|z) || N (0, 1)) —> L0 =5 3 (1+1ogo? - 1 — )

Do |
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Variational AutoEncoder

encoder

e

Smile:

Skin tone: "'—A"'

1

o

Gender

Beard:

Glasses: -

-1
Hair color: =4
1

-

Latent distributions

Training Stage
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‘Smile: 023
Skin tone: 0.02
Gender: -0.18
Beard: 0.71
Glasses: -0.19

_Hair color: 0.33

“Smile: 0.17
Skin tone: 0.28
Gender: -0.11
Beard: 0.66

Glasses: -0.14

Hair color: 0.26
e A

Sampled latent attributes

decoder

We expect an accurate

reconstruction for any

sample from the latent
state distributions

EVAE —

|z — &[|*
S
Gaussian decoder=MSE

+ Dy (g5(zl2) || N (0, 1))

KL regulariser




Variational AutoEncoder

# — VAE (uses train_dl, device, Decoder from Part 2)

&

s : Reconstructed
class VAEEncoder(nn.Module): Input «-----oooooo Ideally they are identical. ~ ---------------------- inout
def __init__ (self, latent_dim): x~x
super().__init_ () Probabilistic Encoder
self.shared = nn.Sequentiall 94(z|x)
nn.Flatten(), Sampled
nn.Linear(784, 256), nn.RelU(), Mean SN S g
nn.Linear{256, 64), nn.RelU(}, Probabilistic
) X == 4-,,. Decoder - x!
self.fc_mu = nn.Linear(64, latent_dim) Po(XJZ)
= L1 i o
self.fc_logvar = nn.Linear(64, latent_dim) Std. dev
def forward(self, x): _ n compressed low dimendlonal
h = self.shared(x) z=pt+to0e representation of the inpfit.
return self.fc_mu(h), self.fc_logvar(h) e ~N(0,I)
class VAE({nn.Module): VAE training: reconstruction-KL trade-off
def _ init_ (self, latent_dim=2): — Tal(-FLB0)
S0 Reconstruction
super(). _init () — KLdivergence
self.encoder = VAEEncoder(latent_dim) 01

selT.decoder = Decoder| latent_dim # reuse from Part 2

def reparameterise(self, mu, Llogvar):
sigma = torch.exp(@.5 * logvar)
eps torch. randn_like(sigma)

return mu + sigma * eps

# o = exp(log a)
# £ ~ N(p,I), outside graph

de] :n;g:—:rdfqplf ¥ =

mu, logvar = self.encoder(x)

z = self, reparameterise(mu,
r|5e1f.decuder{z! mu, Llogvar

logvar)
retur

def elbo_loss{x, x_hat, mu, logvar):
recon = ((x - x_hat)#k2).sum(dim=[1,2,3]).mean()
kl = —@.5 * (1 + logvar — muxk2 — logvar.exp()).sum{dim=1).mean()
return recon + kl, recon, kl

KIND

1o 20

Epoch

VAE latent space
(smooth — KL pushes codes toward N(0,1))

Z/0oe4
L/ 041/

~ ~J

Digit class

1]
-

I I TV

VAE reconstructions
(top: original - bottom: reconstructed)

746 7
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kindlab-fly.github.io



Variational AutoEncoder vs AE

VAE latent space
(smooth — KL pushes codes toward N(0,1))

Pure AE {unsupervised)

Classes mixed — nao label signal

=M

& 10x10 decod

de grid

T
—10

zl

NN NNN NN
NN NN N\
VYA ANNN NN\

pForne~~-
NINNDOEWE oo~ =~ ———
NN n e

(1) 10) 1) 1) 1) by B0 o — — — —
M) M) M) M i Iy O 6o = — — —
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