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Recap: ML estimation

• Dato un campione 𝑋 = 𝑥!, 𝑥", … , 𝑥#
• Generato da una distribuzione (sconosciuta) ℙ!

• E data una distribuzione candidata ℙ$ parametrizzata da 𝜃

• Troviamo il parametro (𝜃 che ottimizza la verosimiglianza:

(𝜃 = argmax$𝑃$ 𝑋
= argmax$∏% 𝑃$(𝑥%)
= argmax$ ∑% log 𝑃$(𝑥%)
= argmax$𝔼&∼ℙ" log 𝑃$(𝑥)



Problemi con ML

• ML è consistente: in linea di massima, può apprendere qualsiasi
distribuzione, se osserva una quantità infinita di dati e lo spazio dei
parametri è completo
• Minimizzare la Likelihood è equivalente a minimizzare la Kullback-Leibler (KL) 

divergence tra la vera distribuzione ℙ! e la distribuzione candidata ℙ"

𝐾𝐿 ℙ!|ℙ" = &𝑃# 𝑥 log
𝑃#(𝑥)
𝑃"(𝑥)

𝑑𝑥

• Tuttavia, nella realtà (a causa della mis-specifica del modello e della
quantità di dati finite), tende a produrre modelli overgeneralized



Problemi con ML

𝐾𝐿 ℙ!|ℙ" = &𝑃# 𝑥 log
𝑃#(𝑥)
𝑃"(𝑥)

𝑑𝑥

• Quando 𝑃# 𝑥 > 𝑃"(𝑥), larghe regioni di ℙ! assumono valori bassi in ℙ". Il 
loro contributo sulla 𝐾𝐿 ℙ!|ℙ" tende a inifinito. 
• Tuttavia, quando 𝑃# 𝑥 < 𝑃"(𝑥), 𝑥 ha una bassa (true) probability, ma un’alta 

probabilità di essere generato dal modello. Il contributo a 𝐾𝐿 ℙ!|ℙ" tende a 
0. 

Published as a conference paper at ICLR 2016

Data KLD MMD JSD

Figure 1: An isotropic Gaussian distribution was fit to data drawn from a mixture of Gaussians
by either minimizing Kullback-Leibler divergence (KLD), maximum mean discrepancy (MMD), or
Jensen-Shannon divergence (JSD). The different fits demonstrate different tradeoffs made by the
three measures of distance between distributions.

log-likelihood. We then discuss the relationship between log-likelihood, classification performance,
visual fidelity of samples and Parzen window estimates. We show that good or bad performance with
respect to one metric is no guarantee of good or bad performance with respect to the other metrics.
In particular, we show that the quality of samples is generally uninformative about the likelihood and
vice versa, and that Parzen window estimates seem to favor models with neither good likelihood nor
samples of highest possible quality. Using Parzen window estimates as a criterion, a simple model
based on k-means outperforms the true distribution of the data.

2 TRAINING OF GENERATIVE MODELS

Many objective functions and training procedures have been proposed for optimizing generative
models. The motivation for introducing new training methods is typically the wish to fit probabilistic
models with computationally intractable likelihoods, rendering direct maximum likelihood learning
impractical. Most of the available training procedures are consistent in the sense that if the data
is drawn from a model distribution, then this model distribution will be optimal under the training
objective in the limit of an infinite number of training examples. That is, if the model is correct, and
for extremely large amounts of data, all of these methods will produce the same result. However,
when there is a mismatch between the data distribution and the model, different objective functions
can lead to very different results.

Figure 1 illustrates this on a simple toy example where an isotropic Gaussian distribution has been fit
to a mixture of Gaussians by minimizing various measures of distance. Maximum mean discrepancy
(MMD) has been used with generative moment matching networks (Li et al., 2015; Dziugaite et al.,
2015) and Jensen-Shannon divergence (JSD) has connections to the objective function optimized
by generative adversarial networks (Goodfellow et al., 2014) (see box for a definition). Minimizing
MMD or JSD yields a Gaussian which fits one mode well, but which ignores other parts of the data.
On the other hand, maximizing average log-likelihood or equivalently minimizing Kullback-Leibler
divergence (KLD) avoids assigning extremely small probability to any data point but assigns a lot
of probability mass to non-data regions.

Understanding the trade-offs between different measures is important for several reasons. First,
different applications require different trade-offs, and we want to choose the right metric for a given
application. Assigning sufficient probability to all plausible images is important for compression, but
it may be enough to generate a single plausible example in certain image reconstruction applications
(e.g., Hays & Efros, 2007). Second, a better understanding of the trade-offs allows us to better
interpret and relate empirical findings. Generative image models are often assessed based on the
visual fidelity of generated samples (e.g., Goodfellow et al., 2014; Gregor et al., 2015; Denton et al.,
2015; Li et al., 2015). Figure 1 suggests that a model optimized with respect to KLD is more
likely to produce atypical samples than the same model optimized with respect to one of the other
two measures. That is, plausible samples—in the sense of having large density under the target
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Latent generative models

• Assumiamo un processo stocastico, governato da variabili latent z

• Deep latent generative models:
• 𝑃 𝒙|𝒛 è definite da una rete neurale
• Variational Autoencoders
• Generative Adversarial Networks

z
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P (x) =

Z
P (x|z)P (z)dz
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Variational Autoencoders

• Definiamo una proposal distribution 𝑄( parametrizzata da 𝜙
• Approssimiamo	la	log-likelihood con

log 𝑃 𝑥 ≥ 𝔼)∼+! log 𝑃"(𝑥|𝑧) − KL 𝑄( 𝑧 |𝑃(𝑧)

• Ottimizziamo	ELBO	su	𝜙 e	𝜃

Evidence Lower Bound (ELBO)



Variational Autoencoders

• Vantaggi:
• Robusto all’overfitting (effetto regolarizzazione sulle variabili latenti)
• Le variabili latent sono interpretabili (tramite 𝑃 𝑧|𝑥 )

• Svantaggi: esempi imprecisi (blurry)
• ML-oriented training
• ELBO è un’approssimazione della log-likelihood
• Assunzioni sulla prior di z



Generative Adversarial Networks (GANs) 

• Modello
• Obiettivo: addestrare una funzione 𝐺! che trasforma un valore random z in un dato

• Nessuna assunzione sulle distribuzioni dei dati o sulle variabili latenti
• Implementa la funzione di sampling da 𝑃! 𝑥 in maniera efficiente
• Può riprodurre qualsiasi distribuzione 𝑃 𝑥 se 𝐺! è sufficientemente complessa

• Learning as a two-player game
• Discriminator 𝐷": Addestrato a discriminare tra dati reali e dati generati
• Generator 𝐺! : Addestrato a generare esempi realistici per confondere il discriminatore

Gθ



Generator

𝑧
𝐺(𝑧)

𝐺



Generator

𝑧
𝐺(𝑧)

𝐺

Discriminator

real or fake?

𝐷

G sintetizza immagini che confondono D

D identifica le fakes
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G sintetizza le immaginin che confondono D:

real o fake?

𝑎𝑟𝑔𝑚𝑎𝑥6 𝑎𝑟𝑔𝑚𝑖𝑛7𝔼8[log𝐷(𝑥) + log(1 − 𝐷(𝐺 𝑧 ) ]

𝑧
𝐺(𝑧)

𝐺 𝐷



G sintetizza le immagini che confondono il miglior D:

real or fake?

𝑧
𝐺(𝑧)

𝐺 𝐷

𝑎𝑟𝑔𝑚𝑎𝑥6 𝑎𝑟𝑔𝑚𝑖𝑛7𝔼8[log𝐷(𝑥) + log(1 − 𝐷(𝐺 𝑧 ) ]



Loss Function

Per G, D è una funzione di loss.

Piuttosto che essere definita a mano, è appresa.

𝑧
𝐺(𝑧)

𝐺

𝐷



Perché è meglio della ML?

• Discriminator Loss: 

• Generator loss
𝐿1 𝜙, 𝜃 = −𝐿2 𝜙, 𝜃

• Adversarial Game

max
9

min
:
𝔼8∼ℙ" log𝐷9(𝑥) + 𝔼8∼ℙ# log 1 − 𝐷9

𝐿2 𝜙, 𝜃 = 𝔼3∼ℙ" log𝐷((𝑥) + 𝔼3∼ℙ# log 1 − 𝐷(



Perché è meglio della ML?

• Optimal discriminator:

𝐿2 𝜙, 𝜃 = &𝑝# 𝑥 log𝐷 𝑥 + 𝑝" 𝑥 log 1 − 𝐷(𝑥) 𝑑𝑥

• Massimizzando il termine all’interno dell’integrale rispetto a 𝐷 𝑥 :

𝐷∗ 𝑥 =
𝑃#(𝑥)

𝑃# 𝑥 + 𝑃"(𝑥)



Perché è meglio della ML?

𝐿2 𝐷∗, 𝜃 = &𝑝# 𝑥 log𝐷 𝑥 + 𝑝" 𝑥 log 1 − 𝐷(𝑥) 𝑑𝑥

= ∫𝑝# 𝑥 log 6$(3)
6$ 3 86#(3)

+ 𝑝" 𝑥 log 6#(3)
6$ 3 86#(3)

𝑑𝑥

= 𝐾𝐿 ℙ!|
ℙ#8ℙ"

9
+ 𝐾𝐿 ℙ"|

ℙ#8ℙ"
9

− 2 log 2

= 2𝐽𝑆 ℙ!|ℙ" − 2 log 2



Perché è meglio della ML?

𝐿1 𝐷∗, 𝜃 ≈ 𝐽𝑆 ℙ!|ℙ"
• Minimizzare	su	𝜃 equivale	a	minimizzare	la	Jensen-Shannon
Divergence

𝐽𝑆 ℙ!|ℙ" =
1
2
𝐾𝐿 ℙ!|ℙ" +

1
2
𝐾𝐿 ℙ"|ℙ!
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Figure 1: An isotropic Gaussian distribution was fit to data drawn from a mixture of Gaussians
by either minimizing Kullback-Leibler divergence (KLD), maximum mean discrepancy (MMD), or
Jensen-Shannon divergence (JSD). The different fits demonstrate different tradeoffs made by the
three measures of distance between distributions.

log-likelihood. We then discuss the relationship between log-likelihood, classification performance,
visual fidelity of samples and Parzen window estimates. We show that good or bad performance with
respect to one metric is no guarantee of good or bad performance with respect to the other metrics.
In particular, we show that the quality of samples is generally uninformative about the likelihood and
vice versa, and that Parzen window estimates seem to favor models with neither good likelihood nor
samples of highest possible quality. Using Parzen window estimates as a criterion, a simple model
based on k-means outperforms the true distribution of the data.

2 TRAINING OF GENERATIVE MODELS

Many objective functions and training procedures have been proposed for optimizing generative
models. The motivation for introducing new training methods is typically the wish to fit probabilistic
models with computationally intractable likelihoods, rendering direct maximum likelihood learning
impractical. Most of the available training procedures are consistent in the sense that if the data
is drawn from a model distribution, then this model distribution will be optimal under the training
objective in the limit of an infinite number of training examples. That is, if the model is correct, and
for extremely large amounts of data, all of these methods will produce the same result. However,
when there is a mismatch between the data distribution and the model, different objective functions
can lead to very different results.

Figure 1 illustrates this on a simple toy example where an isotropic Gaussian distribution has been fit
to a mixture of Gaussians by minimizing various measures of distance. Maximum mean discrepancy
(MMD) has been used with generative moment matching networks (Li et al., 2015; Dziugaite et al.,
2015) and Jensen-Shannon divergence (JSD) has connections to the objective function optimized
by generative adversarial networks (Goodfellow et al., 2014) (see box for a definition). Minimizing
MMD or JSD yields a Gaussian which fits one mode well, but which ignores other parts of the data.
On the other hand, maximizing average log-likelihood or equivalently minimizing Kullback-Leibler
divergence (KLD) avoids assigning extremely small probability to any data point but assigns a lot
of probability mass to non-data regions.

Understanding the trade-offs between different measures is important for several reasons. First,
different applications require different trade-offs, and we want to choose the right metric for a given
application. Assigning sufficient probability to all plausible images is important for compression, but
it may be enough to generate a single plausible example in certain image reconstruction applications
(e.g., Hays & Efros, 2007). Second, a better understanding of the trade-offs allows us to better
interpret and relate empirical findings. Generative image models are often assessed based on the
visual fidelity of generated samples (e.g., Goodfellow et al., 2014; Gregor et al., 2015; Denton et al.,
2015; Li et al., 2015). Figure 1 suggests that a model optimized with respect to KLD is more
likely to produce atypical samples than the same model optimized with respect to one of the other
two measures. That is, plausible samples—in the sense of having large density under the target
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Schema GAN
Algorithm 1 Inference algorithm.

1 Initialize � and ✓
2 for number of epochs do
3 for k steps do

4 Sample
n
x̃(1)
✓ , . . . , x̃(m)

✓

o
from P✓;

5 Sample
�
x(1), . . . , x(1)

 
from Pr;

6 Update � by ascending its stochastic gradient:

r�
1

m

mX

i=1

h
log

⇣
D�

⇣
x(i)
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+ log

⇣
1�D�
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x̃(1)
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⌘⌘i

7 end for
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n
x̃(1)
✓ , . . . , x̃(m)

✓

o
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9 Update ✓ by descending its stochastic gradient:
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1

m

mX

i=1

log
⇣
1�D�

⇣
x̃(i)
✓

⌘⌘

10 end for
11 Return � and ✓.
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Schema GAN

• Critico: Backpropagation dagli 
esempi

Algorithm 1 Inference algorithm.

1 Initialize � and ✓
2 for number of epochs do
3 for k steps do

4 Sample
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✓
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Training Challenges

• Problemi
• Mode Collapse
• Slow Convergence
• Overgeneralization
• Instabilità

• Rimedi
• Network Depth
• Game setup, loss refinement
• Hacks



Network Depth

• Processo iterativo
• Aumentiamo la complessità della rete progressivamente
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Figure 1: Our training starts with both the generator (G) and discriminator (D) having a low spa-
tial resolution of 4⇥4 pixels. As the training advances, we incrementally add layers to G and D,
thus increasing the spatial resolution of the generated images. All existing layers remain trainable
throughout the process. Here N ⇥N refers to convolutional layers operating on N ⇥ N spatial
resolution. This allows stable synthesis in high resolutions and also speeds up training considerably.
One the right we show six example images generated using progressive growing at 1024⇥ 1024.

Another benefit is the reduced training time. With progressively growing GANs most of the itera-
tions are done at lower resolutions, and comparable result quality is often obtained up to 2–6 times
faster, depending on the final output resolution.

The idea of growing GANs progressively is related to the work of Wang et al. (2017), who use mul-
tiple discriminators that operate on different spatial resolutions. That work in turn is motivated by
Durugkar et al. (2016) who use one generator and multiple discriminators concurrently, and Ghosh
et al. (2017) who do the opposite with multiple generators and one discriminator. Hierarchical
GANs (Denton et al., 2015; Huang et al., 2016; Zhang et al., 2017) define a generator and discrimi-
nator for each level of an image pyramid. These methods build on the same observation as our work
– that the complex mapping from latents to high-resolution images is easier to learn in steps – but
the crucial difference is that we have only a single GAN instead of a hierarchy of them. In contrast
to early work on adaptively growing networks, e.g., growing neural gas (Fritzke, 1995) and neuro
evolution of augmenting topologies (Stanley & Miikkulainen, 2002) that grow networks greedily,
we simply defer the introduction of pre-configured layers. In that sense our approach resembles
layer-wise training of autoencoders (Bengio et al., 2007).

3 INCREASING VARIATION USING MINIBATCH STANDARD DEVIATION

GANs have a tendency to capture only a subset of the variation found in training data, and Salimans
et al. (2016) suggest “minibatch discrimination” as a solution. They compute feature statistics not
only from individual images but also across the minibatch, thus encouraging the minibatches of
generated and training images to show similar statistics. This is implemented by adding a minibatch
layer towards the end of the discriminator, where the layer learns a large tensor that projects the
input activation to an array of statistics. A separate set of statistics is produced for each example in a
minibatch and it is concatenated to the layer’s output, so that the discriminator can use the statistics
internally. We simplify this approach drastically while also improving the variation.

Our simplified solution has neither learnable parameters nor new hyperparameters. We first compute
the standard deviation for each feature in each spatial location over the minibatch. We then average
these estimates over all features and spatial locations to arrive at a single value. We replicate the
value and concatenate it to all spatial locations and over the minibatch, yielding one additional (con-
stant) feature map. This layer could be inserted anywhere in the discriminator, but we have found it
best to insert it towards the end (see Appendix A.1 for details). We experimented with a richer set
of statistics, but were not able to improve the variation further. In parallel work, Lin et al. (2017)
provide theoretical insights about the benefits of showing multiple images to the discriminator.
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Game Setup

• Min-Max Gaming è instabile

• Non-Saturating GAN

𝐿! 𝜙, 𝜃 = 𝔼"∼ℙ! log𝐷%(𝑥) + 𝔼"∼ℙ" log 1 − 𝐷% 𝐿& 𝜙, 𝜃 = −𝐿! 𝜙, 𝜃

𝐿& 𝜙, 𝜃 = 𝔼"∼ℙ" log 𝐷%



Game setup



Instabilità

• Quando fermare il training?

• Wassersteing GAN
• Sostituisce la JS con EM distance

• 𝑓6 1-Lipshitz: |𝑓6 𝑥7 − 𝑓6(𝑥8)| ≤ |𝑥7 − 𝑥8|
• Gradient clipping
• Gradient penalties

𝐿! 𝜙, 𝜃 = 𝔼' 𝑓%(𝐺(𝑧)) − 𝔼"∼ℙ! 𝑓%(𝑥)

𝐿& 𝜙, 𝜃 = −𝐿! 𝜙, 𝜃



Hacks

• Normalizzazione degli input
• Batch Normalization
• Gradient penalties
• Variare (aumentare) le iterazioni sul discriminatore
• Soft/noisy labels sul discriminator
• Evitare gradienti sparsi
• No ReLU/MaxPool



Sviluppi

• Semi-Supervised GAN
• Conditional GAN
• CycleGAN



Semi-supervised GAN

• Idea: utilizziamo il generator per irrobustire un discriminatore

𝐿# 𝜙, 𝜃 = 𝔼$,&∼ℙ" log𝐷"(𝑦|𝑥) + 𝔼$∼ℙ# log 1 −G
&

𝐷"(𝑦|𝑥) 𝐿& 𝜙, 𝜃 = 𝔼"∼ℙ" log :
(

𝐷%(𝑦|𝑥)



Conditional GAN

𝐿# 𝜙, 𝜃 = 𝔼$,&∼ℙ" log𝐷"(𝑦, 𝑥) + 𝔼$∼ℙ#(&) log 1 −G
&

𝐷"(𝑦, 𝑥)

𝐿& 𝜙, 𝜃 = 𝔼"∼ℙ"(() log :
(

𝐷%(𝑦, 𝑥)



Supervised GAN-MNIST

Generator

𝑧
𝐺(𝑧)

𝐺

3

𝐷

fake

real

𝑥

𝑦



Esempi: Super Resolution



Esempi: Image to Image Transalation



https://affinelayer.com/pixsrv/

https://affinelayer.com/pixsrv/


Esempio: Colorization



real or fake?

𝑎𝑟𝑔𝑚𝑎𝑥6 𝑎𝑟𝑔𝑚𝑖𝑛7𝔼8,<[log𝐷(𝑥, 𝑦) + log(1 − 𝐷(𝐺 𝑥|𝑦 , 𝑦) ]

𝑦 𝐺(𝑧|𝑦)
𝐺 𝐷



real!

𝑎𝑟𝑔𝑚𝑎𝑥6 𝑎𝑟𝑔𝑚𝑖𝑛7𝔼8,<[log𝐷(𝑥) + log(1 − 𝐷(𝐺 𝑧|𝑦 )]

𝑦 𝐺(𝑧|𝑦)
𝐺 𝐷



real or fake pair ?

𝑦 𝐺(𝑧|𝑦)
𝐺

𝐷

𝑎𝑟𝑔𝑚𝑎𝑥6 𝑎𝑟𝑔𝑚𝑖𝑛7𝔼8,<[log𝐷(𝑥, 𝑦) + log(1 − 𝐷(𝐺 𝑧|𝑦 , 𝑦)]



𝑎𝑟𝑔𝑚𝑎𝑥6 𝑎𝑟𝑔𝑚𝑖𝑛7𝔼8,<[log𝐷(𝑥, 𝑦) + log(1 − 𝐷(𝐺 𝑧|𝑦 , 𝑦)]

real or fake pair ?

𝑦 𝐺(𝑧|𝑦)

𝐷



𝑎𝑟𝑔𝑚𝑎𝑥6 𝑎𝑟𝑔𝑚𝑖𝑛7𝔼8,<[log𝐷(𝑥, 𝑦) + log(1 − 𝐷(𝐺 𝑧|𝑦 , 𝑦)]

fake pair

𝑦 𝐺(𝑧|𝑦)

𝐷



𝑎𝑟𝑔𝑚𝑎𝑥6 𝑎𝑟𝑔𝑚𝑖𝑛7𝔼8,<[log𝐷(𝑥, 𝑦) + log(1 − 𝐷(𝐺 𝑧|𝑦 , 𝑦)]

real pair

𝑦 𝐺(𝑧|𝑦)

𝐷



real or fake pair ?

𝑦 𝐺(𝑧|𝑦)

𝐷

𝑎𝑟𝑔𝑚𝑎𝑥6 𝑎𝑟𝑔𝑚𝑖𝑛7𝔼8,<[log𝐷(𝑥, 𝑦) + log(1 − 𝐷(𝐺 𝑧|𝑦 , 𝑦)]



Qual è il ruolo del random noise?

• Se l’input è sufficientemente complesso, CGAN non hanno bisogno di 
𝑧

[log𝐷(𝑥, 𝑦) + log(1 − 𝐷(𝐺 𝑦 , 𝑦)]



Image Inpainting



Unpaired image translation

• Tutti gli esempi precedenti si basano sul fatto di poter accoppiare 
l’input all’output desiderato

• Che succede se le coppie sono inconsistenti?

⋯

Cycle-Consistent Adversarial Networks
⋯

[Zhu*, Park*, Isola, and Efros, ICCV 2017]

⋯

Cycle-Consistent Adversarial Networks

⋯

[Zhu*, Park*, Isola, and Efros, ICCV 2017]



CycleGAN

• Due Conditional GAN combinate
• Ogni discriminatore accetta due input

• L’immagine originale corrispondente a quel dominio e l’immagine generata

• Aggiustamenti
• Cycle-consistency loss
• Identity loss



https://hardikbansal.github.io/CycleGANBlog/

https://hardikbansal.github.io/CycleGANBlog/


CycleGAN

• Component-wise loss:
• 𝐿=>? 𝐷>, 𝐺 = 𝔼@[log𝐷>(𝑥) + log(1 − 𝐷>(𝐺 𝑥 )) ]
• 𝐿=>? 𝐷A, 𝐹 = 𝔼B[log𝐷A(𝑥) + log(1 − 𝐷A(𝐹 𝑦 )) ]

• Consistency loss:
• 𝐿CDCEF 𝐺, 𝐹 = 𝔼@ 𝐹 𝐺 𝑥 − 𝑥 7 + 𝔼B 𝐺(𝐹(𝑦) − 𝑦 7

• Overall loss: 
• 𝐿=>? 𝐷>, 𝐷A, 𝐺, 𝐹 = 𝐿=>? 𝐷>, 𝐺 + 𝐿=>? 𝐷A, 𝐹 + 𝜆𝐿CDCEF 𝐺, 𝐹



Applicazioni

https://junyanz.github.io/CycleGAN/

https://junyanz.github.io/CycleGAN/



