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Agenda

• Homework Review

• [DLI] Generative Adversarial Networks

• [DLP] Generative Deep Learning



[DLI] Machine Art

• An All-Nighter

• Arithmetic on Fake Human Faces

• Style Transfer: Converting Photos into Monet (and Vice Versa)

• Make Your Own Sketches Photorealistic

• Creating Photorealistic Images from Text

• Image Processing Using Deep Learning

• Summary



Generative Adversarial Network (GAN)

Q: What’s better than training one model?

A: Training two models! 

All-Nighter



Samples from a GAN

Cut off the right-most column, showing nearest neighbor from training set

Modified National
Institutes of Standards
and Technology (MNIST)

Toronto Face
Database (TFD)

Canadian Institute For
Advanced Research
(CIFAR-10)
[fully connected]

CIFAR-10
[convolutional Discriminator]
[“deconvolutional” Generator]

https://arxiv.org/pdf/1406.2661.pdf

All-Nighter

https://arxiv.org/pdf/1406.2661.pdf


Latent Space Arithmetic

For each column, the Z vectors of samples are averaged.  Arithmetic was then performed on the mean vectors 
creating a new vector Y.  The center sample on the right-hand side is produce by feeding Y as input to the generator.
To demonstrate the interpolation capabilities of the generator, uniform noise sampled with scale ±0.25 was added to 
Y to produce the 8 other samples.

Arithmetic on Human Faces



Cartoon Depicting Age, Gender, and Glasses
Dimensions for Latent Space of GAN

Arithmetic on Human Faces



Photo + CycleGAN Image to Generate Output

mo nay
van go
say zahn
you key oh ay

Style Transfer

https://arxiv.org/pdf/1703.10593.pdf Learning to automatically "translate" from one image collection to another

https://arxiv.org/pdf/1703.10593.pdf


Pix2Pix Demo

Photorealistic Sketches

https://arxiv.org/pdf/1611.07004.pdf

Training a conditional GAN to map edges to a photo …

https://arxiv.org/pdf/1611.07004.pdf


StackGAN Examples

First GAN:
text to 64x64 image

Second GAN:
64x64 image to 256x256 image

Images from Text

https://arxiv.org/pdf/1612.03242.pdf

https://arxiv.org/pdf/1612.03242.pdf


Image Processing Example

• Left: short exposure image

• Center: traditional processing pipeline

• Right: image processed by U-net

Image Processing

https://arxiv.org/pdf/1805.01934.pdf

Learning to See in the Dark: trained a fully convolutional network to perform the entire image processing pipeline

https://arxiv.org/pdf/1805.01934.pdf


“Hand” Drawings of Apples

GAN trained on “Quick, Draw!” images



[DLI] Generative Adversarial Networks

• Essential GAN Theory

• The Quick, Draw! Dataset

• The Discriminator Network

• The Generator Network

• The Adversarial Network

• GAN Training

• Summary



Generator versus Discriminator

The two models that make up a GAN

Essential GAN Theory



Training the Discriminator

Essential GAN Theory

Only the weights of the Discriminator are updated



Training the Generator

Error is backpropagated across the Discriminator,

but only the weights of the Generator are updated

Essential GAN Theory



Training

while not done:

• train the discriminator
• minimize log loss for real/fake labels

• only update discriminator weights

• train the generator
• minimize log loss for “real” labels

• backprop across both models

• but only update generator weights

Essential GAN Theory



Sketches Drawn by Humans

http://bit.ly/QDdata

The Quick, Draw! Dataset

http://bit.ly/QDdata


Bitmap Example

Shape: (28, 28, 1)

The Quick, Draw! Dataset



Quick, Draw! GAN Dependencies

# for data input and output:

import numpy as np

import os

# for deep learning:

import keras

from keras.models import Model

from keras.layers import Input, Dense, 
Conv2D, Dropout

from keras.layers import 
BatchNormalization, Flatten

from keras.layers import Activation

from keras.layers import Reshape # new!

from keras.layers import Conv2DTranspose, 
UpSampling2D # new!

from keras.optimizers import RMSprop # 
new!

# for plotting:

import pandas as pd

from matplotlib import pyplot as plt

%matplotlib inline

The Quick, Draw! Dataset



The Discriminator

def build_discriminator(depth=64, p=0.4):

# Define inputs

image = Input((img_w,img_h,1))

# Convolutional layers

conv1 = Conv2D(depth*1, 5, strides=2,

padding='same’,

activation='relu')(image)

conv1 = Dropout(p)(conv1)

conv2 = Conv2D(depth*2, 5, strides=2,

padding='same’,

activation='relu')(conv1)

conv2 = Dropout(p)(conv2)

conv3 = Conv2D(depth*4, 5, strides=2,

padding='same', activation='relu')(conv2)

conv3 = Dropout(p)(conv3)

conv4 = Conv2D(depth*8, 5, strides=1,

padding='same', activation='relu')(conv3)

conv4 = Flatten()(Dropout(p)(conv4))

# Output layer

prediction = Dense(1,

activation='sigmoid')(conv4)

# Model definition

model = Model(inputs=image,

outputs=prediction)

return model

The Discriminator Network



The Discriminator Network



The Generator

z_dimensions = 32

def build_generator(latent_dim=z_dimensions,

depth=64, p=0.4):

# Define inputs

noise = Input((latent_dim,))

# First dense layer

dense1 = Dense(7*7*depth)(noise)

dense1 = BatchNormalization(momentum=0.9)(dense1)

dense1 = Activation(activation='relu')(dense1)

dense1 = Reshape((7,7,depth))(dense1)

dense1 = Dropout(p)(dense1)

# De-Convolutional layers

conv1 = UpSampling2D()(dense1)

conv1 = Conv2DTranspose(int(depth/2),

kernel_size=5, padding='same',

activation=None,)(conv1)

conv1 = BatchNormalization(momentum=0.9)(conv1)

conv1 = Activation(activation='relu')(conv1)

conv2 = UpSampling2D()(conv1)

conv2 = Conv2DTranspose(int(depth/4),

kernel_size=5, padding='same',

activation=None,)(conv2)

conv2 = BatchNormalization(momentum=0.9)(conv2)

conv2 = Activation(activation='relu')(conv2)

conv3 = Conv2DTranspose(int(depth/8),

kernel_size=5, padding='same',

activation=None,)(conv2)

conv3 = BatchNormalization(momentum=0.9)(conv3)

conv3 = Activation(activation='relu')(conv3)

# Output layer

image = Conv2D(1, kernel_size=5, padding='same',

activation='sigmoid')(conv3)

# Model definition

model = Model(inputs=noise, outputs=image)

return model

The Generator Network



The Generator Network



The Two Training Loops

The Adversarial Network



The Two Networks

discriminator = build_discriminator()

discriminator.compile(loss='binary_crossentropy',

optimizer=RMSprop(lr=0.0008,

decay=6e-8,

clipvalue=1.0),

metrics=['accuracy'])

z = Input(shape=(z_dimensions,))

img = generator(z)

discriminator.trainable = False

pred = discriminator(img)

adversarial_model = Model(z, pred)

adversarial_model.compile(loss='binary_crossentropy',

optimizer=RMSprop(lr=0.0004, decay=3e-8, clipvalue=1.0),

metrics=['accuracy'])

The Adversarial Network



Train GAN: Part 1

def train(epochs=2000, batch=128, z_dim=z_dimensions):

d_metrics = []

a_metrics = []

running_d_loss = 0

running_d_acc = 0

running_a_loss = 0

running_a_acc = 0

for i in range(epochs):

# sample real images:

real_imgs = np.reshape(

data[np.random.choice(data.shape[0],

batch,

replace=False)],

(batch,28,28,1))

# generate fake images:

fake_imgs = generator.predict(

np.random.uniform(-1.0, 1.0,

size=[batch, z_dim]))

# concatenate images as discriminator inputs:

x = np.concatenate((real_imgs,fake_imgs))

# adversarial net's noise input and "real" y:

noise = np.random.uniform(-1.0, 1.0,

size=[batch, z_dim])

y = np.ones([batch,1])

# train adversarial net:

a_metrics.append(

adversarial_model.train_on_batch(noise,y)

)

running_a_loss += a_metrics[-1][0]

running_a_acc += a_metrics[-1][1]

# assign y labels for discriminator:

y = np.ones([2*batch,1])

y[batch:,:] = 0

# train discriminator:

d_metrics.append(

discriminator.train_on_batch(x,y)

)

GAN Training



Train GAN: Part 2

running_d_loss += d_metrics[-1][0]

running_d_acc += d_metrics[-1][1]

# adversarial net's noise input and "real" y:

noise = np.random.uniform(-1.0, 1.0,

size=[batch, z_dim])

y = np.ones([batch,1])

# train adversarial net:

a_metrics.append(

adversarial_model.train_on_batch(noise,y)

)

running_a_loss += a_metrics[-1][0]

running_a_acc += a_metrics[-1][1]

# periodically print progress & fake images:

if (i+1)%100 == 0:

print('Epoch #{}'.format(i))

log_mesg = "%d: [D loss: %f, acc: %f]" % \

(i, running_d_loss/i, running_d_acc/i)

log_mesg = "%s [A loss: %f, acc: %f]" % \

(log_mesg, running_a_loss/i, running_a_acc/i)

print(log_mesg)

noise = np.random.uniform(-1.0, 1.0,

size=[16, z_dim])

gen_imgs = generator.predict(noise)

plt.figure(figsize=(5,5))

for k in range(gen_imgs.shape[0]):

plt.subplot(4, 4, k+1)

plt.imshow(gen_imgs[k, :, :, 0],

cmap='gray')

plt.axis('off')

plt.tight_layout()

plt.show()

return a_metrics, d_metrics

# train the GAN:

a_metrics_complete, d_metrics_complete = train()

GAN Training



Fake Sketches After 100 Epochs

GAN Training



Fake Sketches After 200 Epochs

GAN Training



Fake Sketches After 1,000 Epochs

GAN Training



Training Loss and Accuracy

GAN Training



Summary

In this chapter, we covered the essential theory of GANs, 
including a couple of new layer types (de-convolution and 
upsampling).  We constructed discriminator and generator 
networks and then combined them to form an adversarial 
network.  Through alternately training a discriminator model 
and the generator component of the adversarial model, the 
GAN learned how to create novel “sketches” of apples.



Generative Deep Learning



Word-by-Word Text Generation

Text Generation



Stochastic Sampling with Temperature

Stochastic sampling sometimes called softmax sampling, Monte Carlo sampling, Boltzmann sampling.
Contributions have come from many different fields, which leads to variety in terminology.
Data science is a team sport: always ask when hearing an unfamiliar term!

Text Generation



Affect of Lowering Temperature
[higher temperature yields higher entropy]

Q: What would happen
if temperature = 100?

A: Probabilities would
be approximately equal!

Text Generation



Preparing IMDB Data for Language Modeling

Text Generation



Next-Word vs Sequence-to-Sequence Prediction

Text Generation



Simple Transformer-based Language Model

Text Generation



Text-Generation Callback

Text Generation



Example Output

Text Generation



Perplexity of a Language Model

• Measures how well a language model predicts words
• Perplexity = 1 is perfect
• Perplexity = vocab_size is terrible: achieved by always predicting pi = 1/vocab_size

• Perplexity is the geometric mean of inverted predicted probabilities, where an 
inverted predicted probability can be viewed as the number of words considered

• Compare language models using the *same* vocabulary
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Text Generation



Wrapping Up Text Generation

Text Generation



Example DeepDream Output Image

DeepDream



DeepDream vs ConvNet Filter Visualization

DeepDream



Fetching an Input Image for DeepDream

DeepDream



DeepDream Feature Extractor

DeepDream



DeepDream Loss (mean squared activation)

DeepDream



DeepDream Gradient Ascent

DeepDream



Multi-Scale Dreaming

DeepDream



DeepDream Hyperparameters

DeepDream



DeepDream Image Processing

DeepDream



Gradient Ascent over Multiple Scales

[51%, 71%, 100%]

lost_detail =
difference between
original_rescaled
and
upscaled_shrunk

DeepDream



DeepDream Output Images

Varying layer weights

DeepDream



Wrapping Up DeepDream

DeepDream



Neural Style Transfer Example

Tubingen, Germany Van Gogh’s Starry Night

Style Transfer



Neural Style Transfer Input Images

San Francisco

Style Transfer



Neural Style Transfer Image Processing

Style Transfer



Neural Style Transfer Feature Extractor

Style Transfer



Neural Style Transfer Loss Functions

vertical
differences

horizontal
differences

Divide by (2 * |Channels| * |Pixels|) squared

style is 
represented as 
dot products 
between feature 
map activations

Style Transfer



Configuring Neural Style Transfer Loss

Note the really small weights!
Contrast to the learning rate.

Style Transfer



Configuring the Gradient Descent Process

Style Transfer



Neural Style Transfer Output Image

Style Transfer



Wrapping Up Neural Style Transfer

Style Transfer



Generative Modeling for Images

VAE



Continuous Space of Faces Generated by VAE

VAE



The Smile Vector

From the paper …
• the smile vector can be computed by simply subtracting the 

mean vector for images without the smile attribute from the 
mean vector for images with the smile attribute

• the smile vector can then be applied to in a positive or 
negative direction to manipulate this visual attribute

VAE



Autoencoder

For a denoising autoencoder, we can apply dropout to the input image 
pixels and train the model to predict the original input image …

VAE



Variational Autoencoder (VAE)



VAE in Action

VAE



VAE: Encoder Model

VAE



VAE: Encoder Model Summary

VAE



VAE: Sampler

log((sigma**2)**0.5) = 0.5 * log(sigma**2)
… so …
exp(log((sigma**2)**0.5)) = (sigma**2)**0.5 = sigma

VAE



VAE: Decoder Model

VAE



VAE: Decoder Model Summary

VAE



Transposed Convolution with Stride = 2

• Convolution:
• input_size: (8, 8)
• kernel_size: (3, 3)
• padding_size: “same”
• strides = 2
• output_size: (4, 4)

• Transposed Convolution:
• input_size: (4, 4)
• kernel_size: (3, 3)
• padding_size: “same”
• strides: 2
• output_size: (8, 8)

VAE

asterisks mark …
• center pixel of (3,3) filter for convolution
• input pixel for transposed convolution



VAE Model Class (with custom train step)

gradient(reconstruction_loss, prediction)
= prediction - actual

VAE



Kullback-Leibler (KL) Divergence

• Pronounced “cool back – lie blur”

• For a VAE, we’re comparing a Gaussian distribution (p) to a standard 
Gaussian distribution (q), where a standard Gaussian distribution has …
• mean = 0 

• standard_deviation = 1

• Think of KL Divergence as a regularization term for the VAE

VAE



Kullback-Leibler Divergence
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VAE

For standard Gaussian: 𝜇2 = 0, 𝜎2 = 1
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Reminder:
𝜎2 = 𝐸 𝑋2 − 𝐸 𝑋 2



Training a VAE for MNIST

VAE



Sampling Images from the MNIST Latent Space

VAE



Images from the MNIST Latent Space

2 morphs into 6 then 0 >>>

VAE



Wrapping Up the Variational Autoencoder

VAE



Generative Adversarial Network (GAN) Models

GAN



https://thispersondoesnotexist.com

GAN

https://thispersondoesnotexist.com/


Example GAN Operation

GAN



“A Bag of Tricks” for GANs

GAN



Checkerboarding

GAN

https://distill.pub/2016/deconv-checkerboard/

https://distill.pub/2016/deconv-checkerboard/


CelebrityFaces Attributes (CelebA)

GAN



GAN: Discriminator Model

GAN



GAN: Discriminator Model Summary

GAN



GAN: Generator Model

GAN



GAN: Generator Model Summary

GAN



GAN Training Loop Recap

GAN



GAN Class

GAN



GAN Class: Train Step

GAN



GAN Monitor Callback

GAN



Configuring the GAN and Calling .fit()

GAN



Example GAN Outputs After 30 Epochs

GAN



Wrapping Up GANs

GAN



Summary



Example Article: wsj_0001.mrg

( (S

(NP-SBJ

(NP (NNP Pierre) (NNP Vinken) )

(, ,)

(ADJP

(NP (CD 61) (NNS years) )

(JJ old) )

(, ,) )

(VP (MD will)

(VP (VB join)

(NP (DT the) (NN board) )

(PP-CLR (IN as)

(NP (DT a) (JJ nonexecutive) (NN director) ))

(NP-TMP (NNP Nov.) (CD 29) )))

(. .) ))

( (S

(NP-SBJ (NNP Mr.) (NNP Vinken) )

(VP (VBZ is)

(NP-PRD

(NP (NN chairman) )

(PP (IN of)

(NP

(NP (NNP Elsevier) (NNP N.V.) )

(, ,)

(NP (DT the) (NNP Dutch) (VBG publishing) (NN group) 
)))))

(. .) ))

Pierre Vinken, 61 years old, will join the board as a nonexecutive director Nov. 29.
Mr. Vinken is chairman of Elsevier N.V., the Dutch publishing group.

https://www.ling.upenn.edu/courses/Fall_2003/ling001/penn_treebank_pos.html

https://www.ling.upenn.edu/courses/Fall_2003/ling001/penn_treebank_pos.html

