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input_layer = tfkl.Input(shape=enc_input_shape, name='input_layer')

# block of conv+batchnorm+relu

x = tfkl.Conv2D(64, 3, padding='same', strides=2)(input_layer)

x = tfkl.BatchNormalization()(x)

x = tfkl.ReLU()(x)

# Another block of conv+batchnorm+relu

# Another block of conv+batchnorm+relu

# flattening and a dense layer to the latent_dim

x = tfkl.Flatten()(x)

output_layer = tfkl.Dense(enc_output_shape, name='output_layer')(x)

# the value returned by the output layer is the latent representation

# Connect input and output through the Model class

model = tfk.Model(inputs=input_layer, outputs=output_layer, name='encoder')





input_layer = tfkl.Input(shape=dec_input_shape, name='input_layer')

# adda a dense layer from the latent representation to a larger vector

x = tfkl.Dense(n_rows*n_cols*n_channels)(input_layer)

x = tfkl.BatchNormalization()(x) 

x = tfkl.ReLU()(x)

# invert the flattening by reshaping

x = tfkl.Reshape((n_rows, n_cols, n_channels))(x)

# upsampling block: upsampling + convolution + batchnorm + relu

x = tfkl.UpSampling2D()(x)

x = tfkl.Conv2D(128, 3, padding='same')(x)

x = tfkl.BatchNormalization()(x)

x = tfkl.ReLU()(x)



# Another upsampling block: upsampling + convolution + batchnorm + relu

# Another upsampling block: upsampling + convolution + batchnorm + relu

# the last block is a convolution returning to the image domain

x = tfkl.Conv2D(dec_output_shape[-1], 3, padding='same')(x)

x = tfkl.Activation('sigmoid')(x) #’ by doing so we clip values,

linear is also fine

# Connect input and output through the Model class

model = tfk.Model(inputs=input_layer, outputs=output_layer, name='decoder')



def get_autoencoder(ae_input_shape=input_shape, ae_output_shape=input_shape):

tf.random.set_seed(seed)

# invoke functions to instantiate models

encoder = get_encoder()

decoder = get_decoder()

# assemble the network

input_layer = tfkl.Input(shape=ae_input_shape)

z = encoder(input_layer)

output_layer = decoder(z)

model = tfk.Model(inputs=input_layer, outputs=output_layer, name='autoencoder')

return model

# instantiate the autoencoder

autoencoder = get_autoencoder()

autoencoder.summary()

tfk.utils.plot_model(autoencoder, show_shapes=True, expand_nested=True, to_file='au
toencoder.png')



# define training options

learning_rate = 1e-3

optimizer = tf.optimizers.Adam(learning_rate)

# the autoencoder needs to be trained by minimizing a 

reconstruction loss

autoencoder.compile(optimizer=optimizer, loss=tfk.losses

.MeanSquaredError(), metrics=['mse', 'mae'])



# define training options

learning_rate = 1e-3

optimizer = tf.optimizers.Adam(learning_rate)
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# train the autoencoder

autoencoder.fit(

X_train, # the input

X_train, # the target for the autoencoder is the input itself

batch_size=batch_size,

epochs=epochs,

validation_data=(X_val,X_val),

# the target for the autoencoder is the input itself

callbacks=[tfk.callbacks.EarlyStopping(monitor='val_loss’,

patience=10, restore_best_weights=True),

tfk.callbacks.ReduceLROnPlateau(monitor='val_loss’,

patience=5, factor=0.5, min_lr=1e-5),

]

)
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𝑆 𝑦



𝒢



𝒢







• 𝒢

• 𝒢−1



𝑠 𝒳 ⊂ ℤ2, 𝑐 ∈ 𝒳
𝑠 𝑐

𝑠 𝛀

𝑇𝑅

𝑐
𝑐

Ω 𝑐 = ቊ
0 
1

𝑠



𝑠 𝒳 ⊂ ℤ2, 𝑐 ∈ 𝒳
𝑠 𝑐

𝑠 𝛀

𝑇𝑅

Ω

𝑐
𝑐

Ω 𝑐 = ቊ
0 
1

𝑠







𝒢 𝑇𝑅

• 𝑧 ∼ 𝜙𝑧

• 𝑠 ∼ 𝜙𝑠

𝑠
𝑠 → 𝒢−1 𝑠 → 𝜙𝑧 𝒢−1 𝑠

𝒢



ℰ

•

• 𝑠 𝒢 ℰ 𝑠

• 𝒟

ℰ 𝑠 𝑠

𝑠, ℰ 𝑠

min
𝐺,𝐸

max
𝒟

𝑉(𝒟, 𝐸, 𝐺)

𝑉 𝒟, 𝐸, 𝐺 = E𝑠∼𝜙𝑆
log 𝒟(𝑠, 𝐸 𝑠 ) + E𝑧∼𝜙𝑧

1 − log 𝒟 𝐺 𝑧 , 𝑧 )



ℰ(⋅)
𝜙𝑧 ℰ 𝒔 𝒔

𝜙𝑧

𝜙𝑧 ℰ 𝒔

𝒟 𝒔, ℰ 𝒔

ℰ 𝑠 𝑠

𝑠, ℰ 𝑠



𝐴 𝑠 = 1 − 𝛼 𝒢 ℰ 𝑠 − 𝑠
2

+ 𝛼 𝑓 𝒟 𝑠, ℰ 𝑠 − 𝑓 𝒟 𝒢 ℰ 𝑠 , ℰ 𝑠
2

𝓓.
𝒇

ℰ 𝑠 𝑠

𝑠, ℰ 𝑠



•

•

•

ℰ 𝑠 𝑠

𝑠, ℰ 𝑠



•

•



•

||𝒢 ℰ 𝒔 − 𝒔| ቚ
𝟐

𝒟 𝑠, ℰ 𝑠 − 1
2

1

•
ℰ 𝑠





𝒢(ℰ(𝒔))



||𝒢 ℰ 𝒔 − 𝒔||𝟐



𝒟 𝑠, ℰ 𝑠 − 1
2



𝛼 𝒟 𝑠, ℰ 𝑠 − 1
2

+ (1 − 𝛼)||𝒢 ℰ 𝒔 − 𝒔||𝟐



𝑧 ∈ ℝ128



𝑧 ∈ ℝ80×120×128





…
…… …

…

… ……

…
…… …



https://openai.com/dall-e-2/


“Salmon in River” 



Slide Credits: Matteo Matteucci





A large orange octopus is seen resting on the bottom of the ocean floor, 
[...] The octopus is unaware of a king crab that is crawling towards [...] 



•

•

•

•

•











•

•

•

•

•



•

http://www.honours-programme.deib.polimi.it/


















𝒛 ෝ𝒚 𝒚

𝑧 = 𝑦 + 𝜂 , 𝜂 ∼ 𝒩(0, 𝜎2) ො𝑦 ≈ 𝑦





𝒛 = 𝓡 𝒚 + 𝜼





෠𝜙0 ෝ𝒙 ≷ Γ

ෝ𝒙 = argmin
𝒙

𝟏

𝟐
𝑫𝒙 − 𝒛 𝟐

𝟐 + 𝝀 𝒙 𝟏



መ𝜃 = argmin
𝜃

෍

𝒙𝒊

𝜌 dist(𝒙𝒊, ℳ𝜃)











•

•

•







ℓ0 ℓ1





☺



http://www.cs.tut.fi/~lasip/
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https://www11.ceda.polimi.it/schedaincarico/schedaincarico/controller/scheda_pubblica/SchedaPublic.do?&evn_default=evento&c_classe=843373&lang=IT&__pj0=0&__pj1=e9823fd32063bc52b958c65284b9b50b
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