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I Adversarial training is like a really cool idea, it is like the coolest
idea in machine learning in the last 20 years"#$%&"#()*+',#-./01
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https://arxiv.org/abs/1406.2661
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GAN. Note that the fact that W is compact implies that all the functions f,, will
be K-Lipschitz for some K that only depends on WV and not the individual weights,
therefore approximating (2) up to an irrelevant scaling factor and the capacity of
the ‘critic’ f,,. In order to have parameters w lie in a compact space, something
simple we can do is clamp the weights to a fixed box (say W = [—0.01,0.01]!) after

* A more mathematical excursion based on arXiv:1701.07875 could be implemented here
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Solution: 1. insofar, as B) is GAN-generated, A) is coming
from the ‘real’ sample of simulated training data
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1) We learned about the general GAN concept of a MinMax adversarial two-

player game to generate data close to a given data distribution.

2)  An overview of important types of GANs was given:
MinMax GAN, LS-GAN, WGAN,

as well as further possible additions, such as cGAN & regulatory loss terms.

3) Applications and performance: Failure modes of GANs at the example of the

generation of images of galaxy clusters in X-rays.
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* For GPU-acces open in google Colab + adjust data-loading
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https://mybinder.org/v2/gh/csheneka/GAN-tutorial/HEAD
https://github.com/csheneka/GAN-tutorial
https://cloud.hs.uni-hamburg.de/s/Syq84Zwo7CC3adm
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The tutorial provides examples of neural
network models written in Python, using
the Keras library and TensorFlow tensor
ordering convention.

Keras provides a high level API to create

deep neural networks and train them using
numerical tensor libraries (backends) such
as TensorFlow, CNTK or Theano. 4 - |.\

Tensor

(*>01B3'5# @AB-A>
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How to (LS)GAN galaxy clusters
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https://erosita.mpe.mpg.de/
https://github.com/csheneka/GAN-tutorial/blob/main/imagedata_cuts.npy
https://www2011.mpe.mpg.de/~comparat/eROSITA_mock/
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import numpy as np

import matplotlib.pyplot as plt
from matplotlib import cm

from tensorflow import keras
import scipy

"#'$H" %% & (#H*,- &'.[-0+12*./-0+*/3'4567
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data = np.load('imagedata_cuts.npy')
N_image = data.shape([0]
print('No. of images: ', N_image)

# let's have a look at some images
i=0

n_axis = 3

n_samples = n_axis*n_axis

for i in range(n_samples):
plt.subplot(n_axis, n_axis, 1 + i)

plt.axis('off")

#print(data[np.random.randint(0,1000) ].shape)

plt.imshow(datalnp.random.randint(@,1000)]1, cmap='gray',norm=cm.colors.LogNorm(vmin=3e-7,vmax=0.025))
plt.show()
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j=0

scale = True
resizedimages = []
eps = le-14

im_s

# we chose a minmax log-scaling here

ize = 28

while j< N_image:

"#"$H" Yo% & (1 *,-

img = dataljl+eps
if scale == True:
img = -np.log(img)
mincrop = np.min(img)
maxcrop = np.max(img)
if (maxcrop-mincrop)!=0.0:

img = 1.0-1.0%(img-mincrop)/(maxcrop-mincrop)

imgsave = np.array(img)
del(img)
resizedimages.append(imgsave)
j=j+1

&'./-0+12*./-0+*/3'4567

# let's have a look again at images rescaled to [0,1]
i=0
for i in range(n_samples):
plt.subplot(n_axis, n_axis, 1 + i)
plt.axis('off")
#print(data[np.random.randint(0,1000) ] .shape)
plt.imshow(resizedimages [np.random. randint(@,1000)], cmap='gray')

plt.show()




Jd?‘.“i:iliif e =#'6P; F#'6(#"#).%2$(P2SE#+.)" @+

\)G$I&'&()*1($11-&/
18: CR#S W#HEH1))3&453#F5 @) >#Q&:) @#5'#<5'";5>+495' ScHAEZINBH ') 38.4)HOF &) - #5 JHAP)#
@):93) @#@IF):95'HHZ &\ HE&H#>E5CHEAHAPYHF5 @) >#:+FF&3UH#

def generator_model(latent_dim):
model = keras.models.Sequential()
# start with 7x7 image
n_nodes = latent_dim * 7 x 7
model.add(keras.layers.Dense(n_nodes, input_dim=latent_dim))
model.add(keras. layers.LeakyRelLU(alpha=0.2))
model.add(keras.layers.Reshape((7, 7, latent_dim)))
# upsample to 14x14
model.add(keras.layers.Conv2DTranspose(latent_dim, (4,4), strides=(2,2), padding='same'))
model.add(keras. layers.LeakyRelLU(alpha=0.2))
# upsample to 28x28
model.add(keras. layers.Conv2DTranspose(latent_dim, (4,4), strides=(2,2), padding='same"'))
model.add(keras. layers.LeakyReLU(alpha=0.2))

model.add(keras. layers.Conv2D(1, (7,7), activation='sigmoid', padding='same')) latent_size = 128

model.add(keras. layers.Activation('tanh')) g = generator_model(latent_size)

return model g.summary ()
Layer (type) Output Shape Param #
dense (Dense) (None, 6272) 809088
leaky_re_lu (LeakyRelLU) (None, 6272) 0

reshape (Reshape) (None, 7, 7, 128) 0
"#"SH"Y%& ) *,- &'.[-0+12*./-0+*/3'4567 8<
conv2d_transpose (Conv2DTran (None, 14, 14, 128) 262272




Jd?‘.“i:iliif e =#'6P; F#'6(#"#).%2$(P2SE#+.)" @+

\;GBN+.6(+I+")*1($I1-&/
18 CRUSWMHHE® 9: <30F Q' & FGTH) 34948 QANHI) ) 3&4)HOF &I): #5 JHAFYMP A# @ OF) :95' H#ZS THF&'UH
7&3&F)4)3:#@5) #4P)#F5@)>H#RGIEMEH IO & >HE <A 4RGEE.C):#:) JHIG3HEH) >5::H#

def discriminator_model(in_shape=(im_size,im_size,1)):
model = keras.models.Sequential()
model.add(keras. layers.Conv2D(64, (3,3), strides=(2, 2), padding='same', input_shape=in_shape))
model.add(keras. layers.LeakyRelLU(alpha=0.2))
model.add(keras.layers.Dropout(0.4))
model.add(keras. layers.Conv2D(64, (3,3), strides=(2, 2), padding='same'))
model.add(keras.layers.LeakyReLU(alpha=0.2))
model.add(keras. layers.Dropout(0.4))

model.add(keras. layers.Flatten()) # check the model summary

model.add(keras.layers.Dense(1, activation='linear')) d = discriminator model()
opt = keras.optimizers.Adam(1r=0.00001, beta_1=0.5) d.summary () B
model.compile(loss='mse', optimizer=opt, metrics=['accuracy'l]) # compile the discriminator
return model d_opt = keras.optimizers.Adam(learning_rate=1e-4, beta_1=0.5)
d.compile(loss='mse', optimizer=d_opt, metrics=['accuracy'])
*&.(<"=>("HSO+HHH-, . &+"HE"#-)#5H#)/,"4"6 &?20#' ) @" Layer (type) Output Shape Param #
ASH (" >("B(-(+,.&+"#$"&-'4"6&20#()",$"0,+."&%" > ("%/"" conv2d_1 (Conv2D) (None, 14, 14, 64) 640
1C*2&)(",.(+"&-D leaky_re_lu_3 (LeakyRelLU) (None, 14, 14, 64) 0
dropout (Dropout) (None, 14, 14, 64) 0
"#"SH"Y%& ) *,- &'.[-0+12*./-0+*/3'4567 8=

conv2d_2 (Conv2D) (None, 7, 7, 64) 36928
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# use the generator to generate n fake examples
# with class labels @ for generated images)

def generate_fake_samples(g_model, latent_dim, n_samples):
_O&.F7>)#|59:)#&.|@#:&F7>)#73)7&3&495'R ?fgenera?e pozntspin lg?ent s;)ace - "o g
x_input = generate_latent_points(latent_dim, n_samples)

# generate points in latent space as input for the generator # predict outputs
def generate_latent_points(latent_dim, n_samples): X = g_model.predict(x_input)

# generate points in the latent space o Gl Pl %7bels (?) 0

X_input = np.random.randn(latent_dim * n_samples) ie;u:g.;ergs n_samples,

# reshape into a batch of inputs for the network !

x_input = x_input.reshape(n_samples, latent_dim) # draw and label real sample

return x_input def generate_real_samples(dataset, n_samples):
# choose random instances
n_samples = int(n_samples)
lendata = int(len(dataset))
ix = np.random.randint(®, lendata, n_samples)
dataset = np.array(dataset)
# retrieve selected images
= dataset [ix]
= np.expand_dims(X, axis = -1)
generate 'real' class labels (1)
y = np.ones((n_samples, 1))
"#"SH"Y%& ) *,- &'.[-0+12*./-0+*/3'4567 return X, y

X
X
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# generate and plot generated noise samples
g_model = generator_model(latent_size)

n_samples = 25
X, _ = generate_fake_samples(g_model, latent_size, n_samples)

for i in range(n_samples):

plt.subplot(5, 5, 1 + i)

plt.axis('off"')

plt.imshow(X[i, :, :, @], cmap='gray_r')
plt.show()
print(X[1,:,:,0].shape)
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def define_lsgan(g_model, d_model):
# make weights in the discriminator not trainable
d_model.trainable = False
# connect them
model = keras.models.Sequential()
# add generator
model.add(g_model)
# add the discriminator
model.add(d_model)
# compile model
opt = keras.optimizers.Adam(1r=0.002, beta_1=0.5) e e e T O g f N
model.compile(loss="'mse', optimizer=opt) *&(<E(S(" 4 #-,3(TF9, B(" & ((0)HS6+H#H#-, &t
return model ?&)(m,-)".>/$"A(#B>.$"%#G()")/+#-B"B(-(+, S&+".+ #-#-BD
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def save_plot(examples, epoch, n=2):

# plot images
for i in range(n * n):
# define subplot

plt.subplot(n, n, 1 + i)

# turn off axis

plt.axis('off")

# plot raw pixel data

plt.imshow(examples[i,
# save plot to file

filename = 'generated_plot_e%03d.png' % (epoch+1)

plt.savefig(filename)

plt.close()

"H#SH NV & I+,

&'./-0+12*./-0+*/3'4567

:, 0], cmap='gray')

def summarize_performance(epoch, g_model, d_model, dataset, latent_dim, n_samples=100):

# prepare real samples

X_real, y_real = generate_real_samples(dataset, n_samples)
# evaluate discriminator on real examples

_, acc_real = d_model.evaluate(X_real, y_real, verbose=0)
# prepare fake examples

x_fake, y_fake = generate_fake_samples(g_model, latent_dim, n_samples)

# evaluate discriminator on fake examples

_, acc_fake = d_model.evaluate(x_fake, y_fake, verbose=0)
# save plot

save_plot(x_fake, epoch)

# save the generator model tile file

filename = 'generator_model_n%03d.h5' % (epoch + 1)
g_model.save(filename)
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Y2Y8#43&9|9'I#.J+|<495:e?train-(g_model, d_model, gan_model, dataset, latent_dim, n_epochs=20, n_batch=500):

bat_per_epo = int(dataset.shapel[@] / n_batch)
half_batch = int(n_batch / 2)

for i in range(n_epochs):

# enumerate batches over the training set

* <"I"HE" "O4H4SE " " for j in range(bat_per_epo):
&( IS /0)’() Yo#t+S3. o, # get randomly selected 'real' samples
)H?&)('@"_>(-"1"#$"/0),_()"5#," X_real, y_real = generate_real_samples(dataset, half_batch)
wn ' # generate 'fake' examples
1%/"J E3"Fr?6i)([) X_fake, y_fake = generate_fake_samples(g_model, latent_dim, half_batch)

# create training set for the discriminator

X, y = np.vstack((X_real, X_fake)), np.vstack((y_real, y_fake))
# update discriminator model weights

d_loss, _ = d_model.train_on_batch(X, y)

# prepare points in latent space as input for the generator
X_gan = generate_latent_points(latent_dim, n_batch)

# create labels for the fake samples

y_gan = np.ones((n_batch, 1))

# update (train) the generator
g_loss = gan_model.train_on_batch(X_gan, y_gan)

# summarize loss on this batch
print('epoch %d, batch %d/%d, loss d=%.3f, loss g=%.3f' % (i+1, j+1, bat_per_epo, d_loss, g_loss))
save_plot(X_fake, i)

"#'$H" %% & (#H*,- &'.[-0+12*./-0+*/3'4567 99
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.446, loss
.439, loss
.444, loss
453, loss
.454, loss
.456, loss
.456, loss
.458, loss
.454, loss
.460, loss
.456, loss
.459, Tloss
.460, loss
.461, loss
.454, loss
.460, loss
.469, loss
.468, loss
.472, loss
.476, loss
.473, loss
.472, loss
.473, loss

.482, loss
ATT:. Anen

batch 1/7, loss
batch 2/7, loss
batch 3/7, loss
batch 4/7, loss
batch 5/7, loss
batch 6/7, loss
batch 7/7, loss
batch 1/7, loss
batch 2/7, loss
batch 3/7, loss
batch 4/7, loss
batch 5/7, loss
batch 6/7, loss
batch 7/7, loss
batch 1/7, loss
batch 2/7, loss
batch 3/7, loss
batch 4/7, loss
batch 5/7, loss
batch 6/7, loss
batch 7/7, loss
batch 1/7, loss
batch 2/7, loss

batch 3/7, loss
ha+trcrh A/77 lAacce

.877
.842
.793
765
727
.707
677
.663
.658
.621
627
.633
.610
582
.614
.566
.535
564
.514
.508
481
.495
.481
477

G — epoch
latent_dim = 100 epoch

# create the discriminator epoch
d_model = discriminator_model() epoch

epoch
# create the generator epoch

g_model = generator_model(latent_dim) epoch
# create the gan epoch
gan_model = define_1lsgan(g_model, d_model) Zzgzﬂ

epoch
# load image data epoch
dataset = np.array(resizedimages) :ESEE

epoch
# train model epoch
n_epochs = 10 ZBSEE
train(g_model, d_model, gan_model, dataset, latent_dim, n_epochs) cpoch
epoch
epoch
epoch
epoch
epoch

annch
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# generate samples for model just trained OR saved model
n_axis = 3
n_samples = n_axis*n_axis
latent_dim =100
do_load = True
if do_load:
latent_dim = 10000
g_model = keras.models.load_model('lsgan.h5")
# or load a previous old model of yours here, e.g.:
#g_model = keras.models.load_model('generator_model_n020.h5"')

X, _ = generate_fake_samples(g_model, latent_dim, n_samples) n n
# plot the generated samples

for i in range(n_samples):

# define subplot

plt.subplot(n_axis, n_axis, 1 + i)

# turn off axis labels

plt.axis('off")

plt.imshow(X[i, :, :, @], cmap='gray')
plt.show()
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