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Where we are

Supervised
Learning

= LCR (week2)
= SVM (week5)
= CNN (week8)
= RNN (week10)

= GMM (week3)
= HMM (week4)
= PCA (week6)

= VAE (week12)
= GAN (week12)

= DQN (week14)

Unsupervised = PG (week14)

Learning

Reinforcement
Learning

implementation



You are going to learn

1 Variational Auto Encoder (VAE) implementation
(1 Deep Convolutional GAN (DCGAN) implementation



Variational AutoEncoder (VAE)



Whole structure of VAE implementation

Pe(z) “N(O, 1)
d,(z]x) ~ N(y, o) Po(x|2) ~ N(u, 6?) or Bernoulli (p)
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Function blocks for the implementation
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q,(z1%) ~ N(y, 0°) Po(x|2) ~ N(u, 62) or Bernoulli (p)
1) Data loading 2) Encoder function 3) Sampling function: re-parameterization 4) Decoder function 5) Loss function

' function q(X) ' function z_sample(u, o) ‘ function p(2) - function L(X)
. return u, o

return Z return X return error
Data Batch

28x28x64 .
Back-propagating the error to tune the parameters ¢ and 0



1) Data loading

(d MNIST data set in tensorflow (or directly from http://yann.lecun.com/exdb/mnist/ )

- Training data
- One single file (45M) which includes 60,000 hand digit images for training,
- One single file (59K) which includes corresponding labels.

- Testing data
- One single file (7.5M) which includes 10,000 hand digit images for testing,

- One single file (9.8K) which includes corresponding labels.
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= from tensorflow.examples.tutorials.mnist import input_data
" mnist = input_data.read_data_sets(‘MNIST_data’, one_hot=True)
= X, Yy = mnist.train.next_batch(batch_size)
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https://tiny-imagenet.herokuapp.com/

2) Encoder function
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RelLU or Softplus

I FC
784

variance 100

pixell

pixel2

pixel783

pixel784

— Softplus
— Rectifier

4 Encoder q,(z|x)

Input: an image data (X): batch files
Fully connected (FC) hidden layer
ReLU or Softplus activation function
- tf.nn.relu
- tf.nn.softplus https://jmetzen.github.io/2015-11-27/vae.html
Output: means and variances of Gaussian
distributions for latent variables “Z”

https://github.com/wiseodd/generative-models



3) Sampling function: re-parameterization

X = FC)I?

sampling

pixell sampling
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4) Decoder function
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5) Loss function

d We maximized the lower bound of the likelihood function below to estimate
the parameters; 0 and ¢ (weights of the neural networks).

 In tensorflow, an optimization algorithm is implemented to minimize the loss,
and so we change the optimization problem accordingly

max{-Die (A, (21 XY | Py (2)) + E, 0, (108 Py (x” |2)))

@’Ln(DKL (q,(z| XN p,(2)) - qu)(zlxm)(log p, (x| Z)))
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5) Loss function: Latent loss

log p, (x(i)) > —Dy,. (q¢(z | X(i)) | py(2)) + E%(leﬁ))(log Py (X(i) | 2))

j=1

-2 L+ log(00)) - () - (61

e Latent loss
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5) Loss function: reconstruction loss
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5) Loss function: reconstruction loss

log p, (x(i)) > —Dy,. (q¢(z | X(i)) | Py(2), + qu)(Z'X@)(Iog Py (X(i) | 2))
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5) Loss function: latent loss + reconstruction loss

# D _KL(a(z|x) || P(z)): latent loss

1 - i i i
latent_loss = -0.5 * tf.reduce_sum(-1—z_var+ z_mu**2 + tf.exp(z_var), 1) = —EZ(H log((e;")*) — (1)’ —(02(,.))2)
j-1

# log(p|z): reconstruction loss

[ Gaussian: https://github.com/oduerr/dl_tutorial/blob/master/tensorflow/vae/vae_demo-2D.ipynb (i
(Xj _'uxj)2

D
recon_loss = tf.reduce_sum(0.5 * x_var + (tf.square(x - x_mu) / (2.0 * tf.exp(x_var))), 1) | = Z %Iog((ag))z) -
j=1

2
20'Xj

1 Bernoulli: https://jmetzen.github.io/2015-11-27/vae.html

recon_loss = tf.reduce_sum(-x * tf.log(1le-10 + x_mu) - (1 - x) * tflog(le-10 + 1 -x_mu), 1){ _ y® p(i) +(1- X(i))(l— p(i))

D Cross entropy: (vanilla_vae) https://github.com/wiseodd/generative-models

Erecon_loss = tf.reduce_sum(tf.nn.sigmoid_cross_entropy with_logits(logits=logits, labels=x, 1))
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Deep Convolutional GAN (DCGAN)



Whole structure of DCGAN implementation

(d Deep Convolutional GAN (DCGAN)
https://arxiv.org/abs/1511.06434

4

Discriminator
Network

1 Convolutional network
(1 Discriminator network:

- Binary classification problem (fake or real)
17

Generator
Network

[ De-convolutional network
J Generator network:

Generating a fake image close to real



Discriminator network

d All convolutional layers without pooling

.° 1T Convolution
: : layer
1
Image
file
64 128
256 1. Pooling layer ?
3 . >12 1024 - Reduction of the dimension
8 4 - Operation over each activation map
64 39 16 8 4 independently (e.g., max or average pooling)
12|64
Convolutional layers without pooling 2121012
5]1]6|5]|3 I
7|alols

18



Discriminator network

O All convolutional layers without pooling
O Leaky Relu activation function

s N
Image
Z
Relu
\ J
s N
‘ //
Leaky Relu Leaky Relu
. J

19



Discriminator network: Batch normalization

d All convolutional layers without pooling
1 Leaky Relu activation function

d Batch Normalization (BN) layers
v" Reduce learning time by normalizing

input data (batch) to activation function

thlayers.batch_normalization v' Being considered as a standard part of
| BN layers DNN architectures
mage
Z *
1
0.8
| | 0B
Leaky Relu

10K 20K 30K 40K SO0K

20 https://arxiv.org/pdf/1502.03167.pdf



Discriminator network

1 All convolutional layers without pooling
1 Leaky Relu activation function
d Batch Normalization (BN) layers

tf.nn.sigmoid_cross_entropy_with_logits
mage BN layers
file |
Label
real fake
Sigmoid [ 0.74958855] 1 0 =
.................  0.81832463] - - 2
— | 5
: N
................... 0]
1024 [ ©.46433967] 1 0

| | | |
‘ Y
Cross entropy

Leaky Relu
total_loss = real_loss + fake_loss
backpropagation
& |
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Generator network

[ Fully connected (matrix multiplication)
1) Create matrix multiplication (FC)

Vi
\/ I

100z 1024x4x4
1002 X 2) Reshape the flattened

___________________

1024
4
4

# 1st hidden layer
convl = tf.layers.conv2d transpose(z, 1024, [4, 4], strides=(1, 1), padding='valid"')
lrelul = lrelu(tf.layers.batch normalization(convl, training=isTrain), ©.2)

1024

100z 1024 x4 x4

...................
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Generator network

d Fully connected (matrix multiplication)

i : 1) Create matrix multiplication (FC
1 Deconvolution: transposed convolution ) Create matrix multiplication (FC)

Vi
\/ I

100z 1024x4x4
100 z X 2) Reshape the flattened

512
1024
4 8
4 8

# 2nd hidden layer
conv2 = tf.layers.conv2d transpose(lrelul, 512, [4, 4], strides=(2, 2), padding='same')
lrelu2 = lrelu(tf.layers.batch normalization(conv2, training=isTrain), 0.2)

1024
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Generator network — transposed convolution

a
a
a

“Deconvolution” is a misleading name and should be called “transposed convolutional layer”.
Transposed convolution works by swapping the forward and backward passes of a convolution.
In Tensorflow, it is implemented in “conv2d_transpose()”.

Height Height

Depth Depth

1 Convolution: down sample [ Deconvolution: up sample
24 N e e e e e



Generator network — transposed convolution: example (1)

25

112 1111

3|4 1111

input 1111
filter

e Stridel
* Output (4x4)

= input 1T 2 25 1] (batch_size, hElght, width, channels) # stride [batch_size, he[ght’ Wldth, Channe/s]

input = tf.constant(np.array([[
[12]; I21%F,

[[31, [4]]
11), tf.float32)

# filter [3, 3, 1, 1] (height, width, input channels, output channels)
filter = tf.constant(np.array([

0 A 2 6 S

0 13 0 e O 6 S

III31]s [Eald5fialll
1), tf.float32)

VALID padding
- Filter stays inside the output to
produce the input.

conv = tf.nn.conv2d transpose(input, filter, output shape=(1, 4, 4, 1), strides=[1, 1, 1, 1], padding=

with tf.Session() as session:
print (session.run(conv))




Generator network — transposed convolution: example (2)

26

112 111

3|4 111

input 111
filter

# input [1, 2, 2, 1] (batch size, height, width, channels)
input = tf.constant(np.array([[

(i1, [211,

[(31, [41]
11), tf.float32)

# filter [3, 3, 1, 1] (height, width, iInput channels, output channels)
filter = tf.constant(np.array([

[IA1 [0AT)s TI31005;

DEIALYG [1a1); ([i111);

(eeann, [rill, [fall
1), tf.float32)

e Stride 2
e Output (4x4)

SAME padding
- Filter slips outside the output
to produce the input.

conv = tf.nn.conv2d transpose(input, filter, output shape=(1, 4, 4, 1), strides=[1, 2, 2, 1], padding='SAME")

with tf.Session() as session:
print (session.run(conv))




Generator network

d Fully connected (matrix multiplication)
(d Deconvolution: transposed convolution

d RelLu activation function in each layer except the last: “tanh” activation.

tanh

100 z

=

Relu

27
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Relu

—

tanh




Generator network

J
J
J
J

Fully connected (matrix multiplication)

Deconvolution: transposed convolution

RelLu activation function in each layer except the last: “tanh” activation
Batch Normalization (BN) layers

BN layers tanh /
|

100 z | ‘ |

Relu

pa— \@\ R | f:

RelLu tanh
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Operation of DCGAN: 1) training the discriminator

mSIXV (D,.G)=E,_, llogD(X)]+E,_, ,[logl—D(G(2)))]

Real data W @ o ——————
Real ' !
Data I ]
: Real loss: label 1 i
: R |
Random noise B Discriminator i
i Fake loss: label 0 |
|
1 I
1
Generator L l
Fake data

———————————————————————————————

29



Operation of DCGAN: 1) training the discriminator

mSIXV (D,.G)=E,_, llogD(X)]+E,_, ,[logl—D(G(2)))]

Real data W oS
Real '
Data Real loss: label 1
@ Discriminator
Fake loss: label O

———————————————————————————————

Random noise

Generator
Fake data

. N B BN BN BN BN BN N B

= e e

30



Operation of DCGAN: 2) training the generator

Same but the below is easy to
training and so is used in practice.

mGinV(D,G) =E,_, »llogl—D(G(2)))] ) _
maxV(D,G) =E,_, ,[109(D(G(2)))]

Without chaining weights
in discriminator

N N N N NN NN NN NN BN BN NN BN BN NN NN BN SN NN N B NN NN BN SN NN BN B NN Sy,

Real loss: label 1

Fake loss: label O

1

|

|

|

|

|

. |
@l Discriminator i
|

|

|

|

|

1

4

Fake data

It must be 1 for generator!
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Training the DCGAN: training discriminator

Real data (x_r) [

Real loss

Discriminator

-— e e\ -

-------’

I G Fake loss
enerator
Fake data (x_f) { D(z)
Random QNN N R NN NN N SN N S S N S S -
noise (z) G(z)

Data batch Discriminator function (2) Real_Loss function (3)

function D(x_r) function L (logits=real, label=real) Loss for D
—> ) —> oss for D(x)
(1)

return x_r_logits return real_loss

Generator function Discriminator function (2) Fake_Loss function (3)
function G(z) ' function D(x_f) ‘ function L (logits=fake, label=fake)

return X_f return x_f_logits return fake_loss

The loss is back propagated to train the discriminator.

(real -> real, false -> false)

32



Training the DCGAN: training generator

Real data (x_r)

Real loss
1 \: 4l Discriminator
[
: I : Fake loss
I Generator g
i : Fake data (x_f) D(Z)
:Random I
Inoise () G(z) I
Data batch Discriminator function (2) Real_Loss function (3)

return x_r_logits

return real_loss

Generator function Discriminator function (2) IrF-ak-e_-L;s?f:n-ctTo: EB)- ---------- }

. . . |

function G(z) ' function D(x_f) ' I function L (logits=fake, label=fake)
— I )

return x_f_logits

function D(x_r) function L (logits=real, label=real) Loss for D
—> ) —> oss for D(x)
(1)

return X_f | return fake_loss -

The loss is back propagated to train the
generator. (false -> real)
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Generator network — transposed convolution: example (2)

35

112 111

3|4 111

input 111
filter

# input [1, 2, 2, 1] (batch size, height, width, channels)
input = tf.constant(np.array([[

(11l [211;

[[3], [4]]
11), tf.float32)

# filter [3, 3, 1, 1] (height, width, input channels, output channels)
filter = tf.constant(np.array([

B8 5 0 O B B B

(reail, rriil, [riill,

0 R SR
1), tf.float32)

conv = tf.nn.conv2d transpose(input, filter, output shape=(1, 5, 5, 1),

with tf.Session() as session:
print (session.run(conv))

strides=[1, 2, 2, 1],

Stride 2
Output (5x5)

padding='VALID')



Generator network — transposed convolution: example (3)

e Stride3
e Output (4x4)

112 111

314 111

input 111
filter

# input [1, 2, 2, 1] (batch size, height, width, channels)
input = tf.constant(np.array([[

(1], [2]1,

[[31, [4]]
11), tf.float32)

# filter [3, 3, 1, 1] (height, width, iInput channels, output channels)
filter = tf.constant(np.array([

LI (390 LEA110;

ILIRLTY: [La1;: ([13]]0:

(0ra11, [ri11, [rajl
1), tf.float32)

conv = tf.nn.conv2d transpose(input, filter, output shape=(1, 4, 4, 1), strides=[1, 3, 3, 1], padding='SAME"')

with tf.Session() as session:
36 print (session.run(conv))



Generator network — transposed convolution: example (4)

37

112 111

314 111

input 111
filter

# input [1, 2, 2, 1] (batch size, height, width, channels)
input = tf.constant(np.array([[

[[11, [2]1],

[[3]1, [4]]
11), tf.float32)

# filter [3, 3, 1, 1] (height, width, input channels, output channels)
filter = tf.constant(np.array(|

[[[111, [[111, [[1111,

[[r111, [[x11, [[1111,

[[[1]], [[111, [I[1]]]
1), tf.float32)

e Stride3
e OQOutput (6x6)

conv = tf.nn.conv2d transpose(input, filter, output shape=(1, 6, 6, 1), strides=[1, 3, 3, 1], padding=|VALID")

with tf.Session() as session:
print (session.run(conv))



