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Figure 3.12  One-dimensional signal convolution as a sparse matrix-vector multiplication
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len = 5

modell = keras.Sequential ()

modell.add (keras.Input(shape=(len*len,)))

modell .add(layers.Dense(3, activation="softmax"))
modell . summary ()

img = np.random.rand(len, len)

X = tf.reshape(img, (1, len * len))
print (X.shape)

y = modell. predict (X)

print (y.shape)

print (y) # Only here suppose that all of the weights of modell
are zeros and the activation function is sigmoid.

model2 = keras.Sequential ()

model2.add(layers.Conv2D (3, (5, 5), activation="softmax",
input_ shape=(len, len, 1)))

model2 . summary ()

X = tf.reshape(img, (1, len, len, 1))

print (X. shape)

y = model2. predict (X)

print (y.shape)

print (y) # Write the range of the outputs
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prewitt__kernel = np.array (|
(1, 0, —1],
(1, 0, —1],
[1, 0, —1]], dtype = np.float32)
# prewitt_img = signal.convolve2d(img, prewitt_kernel, mode="
same”
prewitt _img = signal.correlate2d (img, prewitt_kernel, mode="
same")
model = tf.keras.models. Sequential (]

tf.keras.layers.Conv2D(1, 3,
input_shape=(img.shape[0] ,img.shape [0] ,1),
padding="same" ,)])

X = tf.reshape(img, (1, img.shape[0],img.shape[0] ,1))
y = tf.reshape(prewitt_img, (1, img.shape[0],img.shape[0] ,1))
model . compile(optimizer= tf.keras.optimizers.Adam(

learning rate=0.01), loss='mean_squared_error')

model. fit (X, y, epochs=2000,verbose=False)
model . weights [0].numpy () . reshape (3,3)

# And the output of the last command is as follows:
array ([[ 0.90973 , —0.053146, —0.85232 ]|,

[ 1.27405 , —0.099578, —1.16464 |,
[ 0.80344 , 0.156150, —0.97381]], dtype=float32)
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def define_gan(generator, discriminator):
# make weights in the discriminator not trainable
discriminator.trainable = False
# connect them
model = Sequential ()
# add generator
model.add (generator)
# add the discriminator
model .add (discriminator)
# compile model
model .compile(loss='binary_crossentropy', optimizer='adam')
return model
# train the generator and discriminator
def train (g model, d_model, gan_ model, latent dim, n_epochs
=10000, n_batch=128, n_eval=2000):
half _batch = int(n_batch / 2)
# manually enumerate epochs
for i in range(n_epochs):
# prepare real samples

x_real, y_real = generate_ real samples(half_ batch)
# prepare fake examples
x_fake, y_fake = generate_fake_ samples(g_model, latent_ dim

, half_ batch)
# update discriminator
d_model.train_on_batch(x_real, y_real)
d_model. train_on_batch(x_fake, y_fake)
# prepare points in latent space as input for the
generator
x_gan = generate_latent_points(latent_dim, n_batch)
# create inverted labels for the fake samples
y_gan = ones ((n_batch, 1))
# update the generator wvia the discriminator’s error
gan_model. train_on_batch(x_gan, y_gan)




