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1 Introduction

In summary, Wasserstein GAN (WGAN) is a different type of GAN that can
generate more realistic-looking images than a conventional GAN. WGAN re-
places the discriminator with a different loss function, which scores the images
by comparing the distribution of images in the generated set with the distribu-
tion of images in the input dataset. [1]

2 Brief overview of GANs

”GAN” is short for ”Generative Adversarial Network” - a network composed
of two neural networks that ”compete” to be more accurate than the other.
One neural network is the generator, while the other is the discriminator. The
generator learns to generate an image that the discriminator thinks is actually
real, while the discriminator learns to classify the images as real or fake. In
WGAN, the discriminator doesn’t learn to classify images as generated or not
generated - instead, it learns to classify images based on how realistic they
look. For this reason, GANs are commonly used to generate data that looks
realistic.

Figure 1: D is the discriminator, and G is the generator.
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3 Wasserstein Loss

Basic Overview: The main difference between GAN and WGAN is the use
of Wasserstein distance to calculate loss. The Wasserstein distance has been
proven through experimentation to be better than standard GAN loss functions
to be better suited for image generation in most cases.

For the discriminator: The discriminator works by outputting a number
based on the input image: 1 if it believes it’s real, and -1 if it believes it’s
fake. The network tries to maximize its output on real images and minimize its
output on fake images. So, the loss is:

# Implements Wasserste in l o s s .
def w a s s e r s t e i n l o s s ( r ea l images , f ake images ) :

f a k e g u e s s e s = mean di sc r iminator output ( fake images )
r e a l g u e s s e s = mean di sc r iminator output ( r e a l i m a g e s )
return r e a l g u e s s e s − f a k e g u e s s e s

For the generator: The generator works by taking random parameters as
the input, and generating images based on those parameters. Its loss function
is based on how often it can fool the discriminator into believing its images are
real.

def w a s s e r s t e i n l o s s ( random params ) :
generated images = generator output ( random params )
return mean di sc r iminator output ( generated images )

More info can be found at [2].

4 Demo

Example code with Keras can be found at
https://github.com/keras-team/keras-contrib/blob/master/examples/improved wgan.py.
[3]
Example code in FastAI will be below.

5 Conclusion

In conclusion, WGANs are very useful for generating images, like GANs are.
The main benefit of using the Wasserstein loss function is that batch normal-
ization is not required. Feel free to use the above FastAI implementation to
generate different types of images. Also, if you are interested in a more in depth
explanation on how to implement a WGAN, check out the link to the keras
code.
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from f a s t a i . v i s i o n import ∗
from f a s t a i . met r i c s import e r r o r r a t e
import os
import numpy as np
from f a s t a i . v i s i o n . gan import ∗

# Load data and process i t
# Steps to proces s the data :
# 1. Crop i t to the s i z e
# 2. Organize i t i n t o ba t che s
# 3. Normalize the data
def get data ( bs , s i z e , path ) :

return GANItemList . f r o m f o l d e r (

# This i s the path
path ,

# Random parameters used to genera te the images
n o i s e s z =100)

# Don ’ t s p l i t i n t o t r a i n i n g and t e s t i n g data
. s p l i t n o n e ( )

# Don ’ t l a b e l the data (No−Op = no opera t ion )
. l a b e l f r o m f u n c ( noop )

# Transform the data
. t rans form (

tfms =[
# Crop the image to f i t the s i z e
# row pct = X−ax i s
# c o l p c t = Y−ax i s
[ crop pad ( s i z e=s i z e , row pct =(0 ,1) , c o l p c t =(0 ,1 ) ) ]

] ,

# Image s i z e
s i z e=s i z e ,
tfm y=True

)

# Organize in t o ba t che s (BS = batch s i z e )
. databunch ( bs=bs )

# Normalize the data
. normal ize (
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s t a t s =[ torch . t en so r ( [ 0 . 5 , 0 . 5 , 0 . 5 ] ) ,
torch . t en so r ( [ 0 . 5 , 0 . 5 , 0 . 5 ] ) ] ,

do x=False , do y=True
)

# BS i s the batch s i z e .
# Batches are chunks o f the o r i g i n a l da t a s e t
# tha t are used during t r a i n i n g to even−out o u t l i e r s .
bs = 64

# Transformations he l p GANs l earn more wi th l e s s t r a i n i n g
# data . Transformations inc l ude f l i p p i n g , d i l a t i n g ,
# and inc r ea s in g the con t ra s t .
tfms = ge t t r an s f o rms ( )

# We se t a ” seed ” f o r the random number genera tor so i t
# genera t e s the same random numbers each time
# we run the code . I t h e l p s wi th cons i s t ency .
np . random . seed (7 )

# Load the data from the path
data = get data ( bs =128 , s i z e =64, path )
data . show batch ( rows=5) #showing some sample data

# I n i t i a l i z e the genera tor and c r i t i c
# i n s i z e : Input s i z e o f the image
# n channe l s : 3 channe l s (R, G, B)
generato r = b a s i c g e n e r a t o r ( i n s i z e =64, n channe l s =3, n e x t r a l a y e r s =1)
c r i t i c = b a s i c c r i t i c ( i n s i z e =64, n channe l s =3, n e x t r a l a y e r s =1)

# This i s where the a c t ua l GAN comes in
# data : Images to t r a i n on
# generator , c r i t i c : Networks to use
# sw i t c h e v a l : Fa lse so t ha t the l e a rne r s t a y s in t r a i n i n g mode
# op t func : Optimizer . We’ re us ing Adam
# wd : Weight decay . Genera l l y 1e−1 but we want to s e t i t to 0 in t h i s case
l e a r n = GANLearner . wgan(

data ,
generator , c r i t i c ,
s w i t c h e v a l=False ,
opt func = p a r t i a l ( optim .Adam, betas = ( 0 . , 0 . 9 9 ) ) ,
wd=0

)

# Training the model f o r 150 epochs wi th a l e a rn ing ra t e o f 2e−4
# Epochs are the number o f t imes we pass over the data
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# The l ea rn ing ra t e i s how qu i c k l y we move to converge on
# l o c a l minimums fo r the l o s s f unc t i on .
l e a r n . f i t (150 , 2e−4)

# Generate some sample images
l e a r n . g a n t r a i n e r . switch ( gen mode=True )
l e a r n . s h o w r e s u l t s ( ds type=DatasetType . Train , rows=16, f i g s i z e =(8 ,8))

# Save the model
l e a r n . save ( ”wgan−stage −1” )
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