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Learning a disentangled representation of a distribution in a completely unsupervised way is a challenging
task that has drawn attention recently. In particular, much focus has been put in separating factors of variation
(i.e., attributes) within the latent code of a Generative Adversarial Network (GAN). Achieving that permits
control of the presence or absence of those factors in the generated samples by simply editing a small portion
of the latent code. Nevertheless, existing methods that perform very well in a noise-to-image setting often
fail when dealing with a real data distribution, i.e., when the discovered attributes need to be applied to real
images. However, some methods are able to extract and apply a style to a sample but struggle to maintain its
content and identity, while others are not able to locally apply attributes and end up achieving only a global
manipulation of the original image.

In this article, we propose a completely (i.e., truly) unsupervised method that is able to extract a disen-
tangled set of attributes from a data distribution and apply them to new samples from the same distribution
by preserving their content. This is achieved by using an image-to-image GAN that maps an image and a
random set of continuous attributes to a new image that includes those attributes. Indeed, these attributes
are initially unknown and they are discovered during training by maximizing the mutual information be-
tween the generated samples and the attributes’ vector. Finally, the obtained disentangled set of continuous
attributes can be used to freely manipulate the input samples. We prove the effectiveness of our method over
a series of datasets and show its application on various tasks, such as attribute editing, data augmentation,
and style transfer.
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1 INTRODUCTION

Generative Adversarial Networks (GANSs) are capable of producing fake samples that are al-
most indistinguishable from real images. In the standard noise-to-image setting, a GAN is required
to produce samples starting from a latent vector/code z that is fed into the generator, whose out-
puts are then validated by the discriminator. Therefore, given the deterministic nature of a neural
network, all the information required to generate a specific feature in the output sample is con-
tained in the latent vector. For this reason, ideally, it should be possible to change a small portion
of z to influence the generation of a very specific part of the output sample. Anyway, being able to
do that requires the capability of the network to identify a set of well-separated factors of variation,
i.e., attributes. More in detail, a factor of variation corresponds to an image attribute that can be
consistently discerned across a set of images [20]. Nevertheless, this task is jeopardized by the en-
tanglement of the latent code, meaning that each of its elements has effect on multiple attributes
in the generated image.

Recently, it was proved that well-trained GANs like StyleGAN [26] learn a disentangled latent
space that can be interpreted and used to manipulate the outputs of the network (e.g., InterFace-
GAN [43]). Previously, InfoGAN [8] proposed to maximize the mutual information between a small
subset of the latent variables and the observation to achieve disentangled representations. These
methods have been thoroughly explored for the noise-to-image GAN setting, but have not been ex-
tended for the discovery of factors of variations in the more challenging image-to-image scenario,
where learned attributes need to be applied to real images.

There are several reasons for the increased difficulty when a disentangled representation is used
to manipulate real samples instead of generated ones. First, GANSs, even if very powerful, are still
not able to fully match the complexity of the real distribution and, therefore, their results are merely
a subset of all the possible variations found in real images. Second, when manipulating attributes of
an image, its overall content needs to be maintained. This can be achieved when dealing with fake
samples, since the exact latent code responsible of producing a certain image is known. Therefore,
in the case of a disentangled representation, a subset of the latent space can be reasonably changed
without jeopardizing the overall content of the output image. However, in the case of real samples,
there is no known latent space and, therefore, a direct manipulation is not possible. To mitigate
this issue, some existing methods like References [20, 53] rely on mapping (with an encoder) a real
image to a compressed latent space, which is then fed into a decoder to produce a reconstructed
sample. The latent space can then be edited to change the desired characteristic in the output image.
However, in this case, the reconstruction is often poor and only a limited editing is feasible, i.e.,
only few distinguishable attributes are identified within the latent space. Finally, since the image-
to-image setting is more difficult, the network could be prone to take shortcuts [45] and not learn
a disentangled representation (by just ignoring some parts of the latent code or learning a set of
meaningless factors of variation).

Summarizing, a good system for the identification and manipulation of factors of variation
should: (i) find attributes that are discriminative and representative of the data distribution (i.e., the
most common attributes among the samples, without any assumption on attribute size or intensity,
unlike previous works such as References [3, 44] did); (ii) avoid entanglement between different
attributes (i.e., it should be possible to change each attribute independently and separately); and
(iii) have the capability to edit an arbitrary number of attributes continuously and locally, preserv-
ing the identity and/or content of the input image. An additional key feature is to be able to learn
the attributes without any kind of supervision, to be also applicable to unlabelled or poorly labeled
datasets.

It is also worth to highlight the difference between multi-domain image-to-image translation
methods and the discovery of factors of variation in image manipulation: while in the former a
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set of predetermined attributes or styles needs to be applied on a source image [11, 31], in the
latter (focus of this article) the goal is to find a set of automatically discovered and disentangled
attributes.

In this article, an image-to-image GAN is used to achieve fully unsupervised discovery and ma-
nipulation of factors of variation. A noise vector is fed into the generator and each of its elements
is used to continuously control a different factor. This noise vector is then reconstructed from the
output image using a set of encoders that push the generator to learn attributes at different scales
and help avoid shortcutting. Indeed, this is the basic principle of Mutual Information Maximiza-
tion. In addition to that, we design the noise vector so that each of its elements is drawn from a
continuous distribution, allowing easy control over the intensity of the attributes application.

Summarizing, the main contributions of the article are the following:

e a truly unsupervised system that can discover factors of variation (i.e., attributes) in any
given dataset by maximizing the mutual information between an input vector of continuous
attributes z,;;» and the generated sample. This process also allows our model to apply the
discovered attributes over the input images in a continuous way. Different from current
image manipulation methods, the proposed architecture does not require any supervision
both in terms of label supervision or set-level supervision;

e a way to produce meaningful changes in the generated samples and generate attributes of
different sizes, starting from the values contained in the attribute vector, thanks to the intro-
duction of a set of anti-shortcut encoders with a pyramidal pooling.

2 RELATED WORKS

Generative Adversarial Networks (GANSs). Recently, GANS, first introduced in Reference [14],
are dominating the field of image generation. This is due especially to their impressive syntheses
capability reached after years of continuous improvement. In particular, References [2, 15] focused
on training stability by proposing an alternative loss function for training GAN, called Wasserstein
Loss, and introducing gradient penalty that revises the norm of gradients to respect a Lipschitz
constraint over the discriminator (called “critic” in this configuration). Moreover, conditional
GAN:s (cGANSs) [36] were introduced to enforce a better control over the output of the generator
using labels, text or images to guide the synthesis. Using class-conditioned GANs, Brock et al. [5]
greatly improved the quality of the generated images. They also employed a “truncation trick”
over the latent vector to achieve a good trade-off between sample fidelity and variety. Another
solution to achieve high quality samples was proposed in Reference [24], where the main idea
is to progressively train both the generator and the discriminator for better speed and stability.
Furthermore, the concept of self-attention, first proposed in References [9, 40], was employed in
GANS like Reference [51] to generate image details using clues from all feature locations and not
only spatially local points.

Since its introduction, the state-of-the-art unsupervised approach in noise-to-image generation
is represented by StyleGAN [26]. StyleGAN works by mapping the latent code z into a new latent
space ‘W using a non-linear mapping network and then using the new code w to control a series
of AdaIN layers [21] in the generator. After the success of StyleGAN, an improved version was
proposed [27]. The new version’s main contribution is the redesign of the generator normalization,
by removing the artifacts introduced by AdalN layers. Finally, Karras et al. [25] further improved
the quality of generation by assuring that unwanted information cannot leak into the hierarchical
synthesis process.

Disentanglement. Using GANSs to learn a disentangled representation of image attributes was
deeply explored in recent years. Mathieu et al. [35] employed a class-conditioned GAN to separate
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the specified factors of variation linked to the labels from the unspecified one. Later, Tran et al.
[46] used an encoder-decoder generator to learn a disentangled representation for pose-invariant
face recognition. In addition, Reference [39] achieved face identity disentanglement with minimal
supervision. Nevertheless, all these methods require supervision, therefore Hu et al. [20] proposed
a completely unsupervised approach that forces the network to encode each attribute into a feature
chunk through the mixing of chunks produced by two different images. Then, a decoded image
with this mixed representation is generated and, to force the disentanglement, a classifier is trained
to distinguish if the chunks used for this generation were extracted from the first or the second
input image.

A very interesting approach for disentanglement was proposed by Chen et al. in InfoGAN [8]:

their method consists in maximizing the mutual information between a small latent vector and
the observation, i.e., the generated image. InfoGAN is able to learn a disentangled representation
and, therefore, allows to achieve control over the generated output. For example, by changing the
value of one element of the latent vector, it is possible to selectively change rotation or width of
the generated Modified National Institute of Standards and Technology (MNIST) images.
Unfortunately, InfoGAN works in the classic noise-to-image setting of GANs and, for this reason,
can not be used to manipulate real images. Recently, InfoGAN-based methods like ClusterGAN
[37] were able to achieve clustering in the latent space of GANs by using a mixture of one-hot and
continuous variables to compose the noise used as input to the generator and, then, to employ an
encoder to reconstruct this mixed noise from the generated images. Finally, recently it was also
proved that the latent space of GAN architectures like StyleGAN achieves some form of disentan-
glement thanks to the non-linear mapping of the random noise z to the new disentangled code
w. Exploiting this property, a few latent space manipulation methods like References [44, 49, 53]
were introduced, achieving limited fake and real image editing by varying this latent space. In addi-
tion, Harkonen et al. [16] used Principal Components Analysis to find important latent directions
and created interpretable controls for image synthesis. Finally, Alharbi and Wonka [1] achieved
disentanglement through feeding multiple noise codes in separate fully connected layers.
Image translation and manipulation. Being able to apply a certain style or attribute to an
image is a core task for GANs. For this purpose, image-to-image models are usually employed,
conditioned with an input image (from a domain) and targeting another output domain. There
exist many different variants of these models; in earliest works, a paired dataset was required to
force the mapping between source and target domains [22, 47]. Being of limited applicability, new
approaches [28, 50, 54] that could employ unpaired datasets were rapidly introduced. In these
models, no ground truth could be used to validate the translated image, therefore techniques im-
posing a cycle consistency loss over the model were proposed to maintain the original content
of the input images during the translation. Usually, all these models are able to translate only
one or two domains at a time and require to train multiple models to achieve the translation to
multiple domains. To overcome this limitation, StarGAN [10] proposed an architecture capable to
achieve multi-domain image-to-image translation using a single model. This architecture uses a
one-hot label as target domain and its discriminator is trained both to distinguish between real
and fake samples and to classify domains. Notably, only discrete, binary attributes are allowed (0
or 1). Next, AttGAN [18] improved the StarGAN results by modelling the relation between the
latent representation and the attributes. Other approaches to multi-domain image-to-image trans-
lation include the use of relative attributes [48] or meta-learning [12]. Recently, StarGANv2 [11]
proposed to substitute domain labels with style codes, producing different images across multiple
domains.

An alternative approach to translate a target style to an input image is proposed in FUNIT [31]
that, along with its successor COCO-FUNIT [42], employs a generator network composed by a
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content encoder, a class encoder and a decoder with AdaIN layers. The class encoder produces
a class code used to guide the AdalN layers in the decoder and to apply the class style over the
content.

Differences with literature. The method proposed here borrows some ideas from the previous
models, but differs from them in several aspects. In particular, regarding the InfoGAN-based meth-
ods, our system does not fall in the noise-to-image category, but it is able to learn a disentangled
attribute vector starting from real images. This increases the complexity of the learning problem by
several orders of magnitude, since it implies dealing with a much more complex data distribution.

In addition to that, compared to more traditional image-to-image frameworks like StarGAN,
our algorithm is completely unsupervised and is able to learn and apply a much higher number
of attributes at the same time. Also, the attributes that are applied are continuous in a range of
values, allowing a control over the intensity of their application. However, StarGAN v2 is able to
produce multi-modal results, meaning that, given a target domain, it is possible to obtain multiple
different results for a single input image. Nevertheless, this multi-modality is indeed random and
not controllable and is produced by mixing a latent code z and a domain x, while in our case we
achieved a continuous multi-modality, since we can change the intensity of each of the learned
attribute (independently) to produce different and various results.

Moreover, methods like FUNIT, StarGANv2 and, in general, AdaIN-based methods, have the
problem of struggling to apply local changes to the images and tend to perform more a generic
whole-image texture transfer (e.g., using a cat as content and a tiger as style will result in a tiger
with the exact same pose of the cat) or an artistic-transfer (e.g., the Tour Eiffel painted in van
Gogh'’s style). This “prior” is caused by the fact that AdaIN is a global image normalization tech-
nique (naturally attuned to big attributes), in which we can at best influence only in which layers
of the network the style will be injected. The proposed system, instead, is tailored to freely learn
significant attributes (therefore also small, local attributes) and to independently apply them, mean-
ing that our method is able to change, e.g., a subject’s lips without touching its eyebrows or the
beard.

Finally, latent space manipulation methods work very well when editing generated images, but
have difficulties when the input is a real image drawn from a dataset or a never-seen-before image.
To address this problem, GAN inversion [53] was employed by adding an encoder to extract the
latent space from an input image and using it to reconstruct the same image (the so-called inver-
sion). Nevertheless, often this reconstruction is poor even with the most recent methods. Indeed,
GAN inversion methods require to use a pre-trained model, therefore limiting their application
to the domains where that model performs very well, while the proposed system is conversely
trained end-to-end and can work with a large variety of different datasets.

In addition to that, manipulating the latent space usually requires supervision to find the di-
rections corresponding to different domains, while the proposed system is fully unsupervised. A
strong limitation of unsupervised latent manipulation methods (such as Reference [44]) is that
they perform unsupervised attributes discovery from the pre-trained latent space by clustering it
or discovering attributes directions in that space. Such approaches strongly depend on the specific
discovering strategy. In the case of Reference [44], the “best” attribute directions are selected by
employing a factorization algorithm for latent semantic discovery that aims at finding the direc-
tions that can cause large variations. While the qualitative results of such a method are good, we
argue that this optimization strategy misses small, valuable attributes (such as eyebrows position,
glasses, etc.) and is also dataset-specific. Moreover, the approach in Reference [44] discovers at-
tribute directions, but knows nothing of the attributes magnitudes, while our method maps each
attribute in a range of values.
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2.1 Lack of Supervision in the Proposed Method

A matter of discussion in the field of image-to-image translation is the amount of supervision re-
quired for a system to produce good results and also when a certain method can be defined as
“unsupervised” More in detail, commonly, unsupervised learning should imply the lack of prior
knowledge about the true labels of the classes (or attributes in our case) that the system aims at
identifying or generating. Nevertheless, this is not always the case in the image-to-image transla-
tion research area.

As an example, to better frame this problem, FUNIT [31] claims to be unsupervised, but it re-
quires having set-level knowledge about the different styles during training, i.e., it selects images
belonging to a certain style at each step and organize them in different sets. Indeed, during infer-
ence it is able to produce style that has never been seen before, but it is clear that a certain amount
of supervision is needed to reach the final result.

Recently, TUNIT [4] was the first proposing a “truly unsupervised” method to solve the need of
set-level annotations that FUNIT had. Indeed, in this case the domains were automatically sepa-
rated using an unsupervised differentiable clustering algorithm [23]. Nevertheless, different than
our method, TUNIT makes use of AdaIN layers and for this reason performs more a style/texture
transfer than an attribute manipulation. Also, the clustering method is able to find domain-level
separation in the dataset (e.g., animal species) and struggle when searching for fine-grained
attributes.

We argue that our method is “truly unsupervised,” and in addition to that, it is trained end-to-
end, is able to transfer fine-grained attributes, and does not rely on other external methods to
separate the different attributes.

3 SELF ATTRIBUTE-MAPPING GAN

The goal of our proposal is to design a GAN able to map an image x and a set of attributes z4;
into another valid image X, preserving the content of image x, while only altering those specific
attributes. We also aim to train such a GAN in a truly unsupervised fashion.

These attributes are a set of common and distinguishable image features, which usually are
dataset-specific. For a dataset of handwritten digits (like MNIST), attributes could be digit width,
slant and thickness; for a dataset of people faces (like CelebA), these could be hair color, eyebrows
thickness and facial expression, just to name a few. More formally, these attributes are a set of
factors of variation shared among several images (so they are not instance-specific, such as people
identities for CelebA). In this work, we will focus on continuous attributes, but the approach can
be applied also to discrete or categorical attributes (as proposed in Reference [8]). Therefore, in our
work, z4; 4 is a vector of ¢ elements {zg”r, ..., 2571}, that are drawn from a continuous distribution
and are each defined in the range [—1,1] (but, as it will be clearer later in the article, this range can
be expanded at will).

Also, the GAN generator will be an image-to-image generator, instead of a vanilla GAN noise-

to-image generator:
x = G(x,zarer)- (1)

Another key feature we aim to achieve, is to have disentangled attributes, so that z%  should be

attr
a specific attribute (e.g., hair color) and z},,, must be an unrelated attribute (e.g., smile opening),
as shown in Figure 1.

3.1 Training and Losses

To train such a GAN in a truly unsupervised fashion, we developed a custom technique: x is drawn
from the distribution X and each element of z,;+, is randomly picked. The mapping will produce
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Fig. 1. Examples of disentangled and continuously controllable attributes. Left picture is input image, z,,,,

changes hair color, while z}”” controls smile intensity. The remaining attributes are unchanged.

an image x that must belong to the same distribution X. Indeed, the underlying idea of using the
same distribution for both the input and the target is one important piece in avoiding the need
of any supervision. Finally, X must contain the desired set of attributes z,;;,. Other regularization
constraints will be described in Section 3.4.

The first constraint can be easily imposed by feeding x into a discriminator. In this way, the
network will learn to generate realistic images that belong to the distribution X. Indeed, this is the
standard GAN adversarial loss L ,4,, which is used to obtain sharp results from the generator.

Imposing the second constraint is more complex. Under a supervised setting, labels or ground
truths can be used to force the application of one or more attributes. Nevertheless, aiming at a truly
unsupervised learning, these cannot be exploited. Therefore, at every training step, we pick a set
of random attributes z4;; and an input image x, and let the network apply freely these random
attributes into the input image x obtaining the output X. The network will be free to choose its
own representation of z,,: in particular, which attributes to encode, which ones to ignore, and
their order.

Unfortunately, the network could decide to ignore the input attributes, instead of encoding
them in the output image. To prevent this, a Mutual Information Maximization (MIM) tech-
nique [8, 37] was introduced. In practice, an external network called MIM Encoder is added to
the architecture. This encoder will be tasked to reconstruct z,;+ using only the generated image
x. This forces both the generator to properly apply the attributes on the generated image, and
the encoder to be able to reconstruct them only from that image (i.e., the attributes must be well
recognizable). The network will learn to properly code these factors of variation in the generated
image and will also do that in a disentangled way, as also demonstrated in Reference [8] in a much
simpler setting. We call this attribute reconstruction loss Lgs¢r:

-[fattr = ||£attr - Zattr”Z’ (2)

where Z,;;r = E(x) and E is the MIM Encoder network.

Figure 2 shows the overall topology of the network, including the generator, the MIM encoder,
and the discriminator. As the figure suggests, the final version of the architecture contains several
MIM encoders described in Section 3.3.

3.2 Shortcuts

While, in theory, imposing the above constraints should be sufficient for achieving attribute
changes, in practice this is not the case. While training an encoder E to reconstruct z,;s works
well for a generic noise-to-image GAN (like References [8, 37]), the same does not apply well in the
image-to-image GAN context. As shown in Figure 3(d), the encoder is indeed able to reconstruct
the attributes z4;,, but no changes are visible in the generated image x. This is due to the fact
that both the generator and the encoder are taking shortcuts for adding the attributes to the im-
ages, which is a known problem in image-to-image translation [45]. In other words, the network
learns the simplest possible transformation that can minimize the given loss, which can consist in
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i L(u/z'

Generator

R
& OO

MIM Encoders

‘C(lffl'

Fig. 2. Topology of the network. First, the attributes vector z4;¢r with ¢ elements is reshaped using a linear
layer into an image with the same height and width of the input image x and ¢ channels. Then, the reshaped
vector is concatenated with x and used as the input for the generator. Subsequently, the generator outputs
the translated image % and the perceptual loss Ly, is computed between x and . % is then fed into the
discriminator trained with the adversarial loss £, Finally, the set of MIM Encoders E (each preceded by
a different-sized pooling followed by an anti-shortcut module composed by dropout and color quantization)
is tasked to reconstruct zq4¢¢r from % using the attribute reconstruction loss Lgsr.

(a) Input (b) No Laas (c)No Lpre (d) No anti- short- () Successful ma-
cut nipulation

Fig. 3. Qualitative ablation studies for the proposed system. Subfigures (a) and (b) show an input image and
a successful attribute manipulation (with added smile) using the complete proposed system. Instead, subfig-
ures (b), (c), and (d) show problematic transfers due to the suppression of losses or anti-shortcut module.

encoding the z4;; values in single pixels in the output image, without changing the whole image.
In some way, the network is performing an adversarial attack to itself.
The main causes for shortcuts are:

e Large generated space dimension: RGB images have a resolution of 128 x 128 and three
channels for a total of 256 X 256 X 256 color values for each pixel. Hiding information in such
large space is easy for the network.

e Locality: It is easy for a network to hide an attribute in a single location in the form of a

pixel (e.g., it simply encodes 2%,,, as the top left pixel of the image, as a grayscale value).

To prevent the network to take such shortcuts, we have implemented three appropriate solutions
applied to the images before the MIM encoder step (see Figure 2, bottom center):
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e Pooling: It reduces the space dimensionality, addressing the first cause of shortcutting; while
the full resolution is retained for the discriminator to create good quality images, pooling is
applied to the input of the encoders;

e Dropout: By randomly shutting down some pixels, we prevent the network from encoding
information in few locality-stable pixels (solving the locality problem);

e Color quantization: We reduce the color depth of the images to 2 or 3 bits per pixel per
color channel (instead of 8). This strongly limits the networks in exploiting this space for
shortcuts.

3.3 Multiple Attribute Sizes

The MIM encoder devoted to reconstruct attributes can struggle when a high number of attributes
are used. Moreover, experiments demonstrated that a single encoder tends to focus more on large-
scale attributes, discarding the small-scale ones. For example, when working with human faces, the
network would learn attributes like hair color or length, while not learning small-scale attributes
like smile opening or nose size. This behaviour is due mainly to the pooling layer, which prevents
shortcuts, but reduces the resolution of the image fed into the encoder.

To solve this problem, the attribute reconstruction task is divided into a number of smaller tasks
executed by a series of encoders E = {Eq, . .., E,;}, each of which is preceded by a different pooling
function. Pooling’s role is twofold: reducing shortcuts (as described in Section 3.2) and guiding each
encoder in learning attributes at different scale. More specifically, a large pooling size would erase
fine details, therefore pushing the encoder to focus more on large-scale attributes, while a small
pooling size would allow the encoder to focus on small-scale attributes.

As a consequence, the attribute reconstruction loss L4, is reformulated as follows:

E,, (}%) _ Zg(tr:zr—l)a:ma)

E, ()2) _ Z[a:sz)

Later = ‘El () - Zt[zot:;xr) + attr tooot s 3)

2 2 2

[0:x)

where m is the number of MIM encoders and & = |z44,| /m. In this notation, z,,,,

first subset of z44» including elements from thtr to 25, (excluded).
Alternatively, we can consider the concatenation of MIM encoders outputs E(x) = E;(x) @

Ez(x) & - - - ® E;y(x) and write the attribute reconstruction loss as

Larer = IE(X) = zarer|l2- 4)

represents the

3.4 Preserving Identities

A major requirement of our system that is common to most of image manipulation frameworks
is maintaining the class/identity of the input image during the translation to the output domain.
In supervised methods like Reference [10] this is solved by a reconstruction loss that forces the
network to reverse the output back to its original source domain.

Unfortunately, given the truly unsupervised approach of our method, the network is unaware
of the attributes contained in the images. One possible solution would be to extract the attributes
of the input image using the MIM encoder and then apply them to the generated sample to obtain
back the original source image (a cyclic loss). However, the factors of variation discovered by the
network and applied to the input sample could be not invertible (e.g., for bangs, once erased, it
would be impossible to reconstruct them identical to the original). Therefore, a loss designed to
maintain the identity should be independent from z,;;, to be applicable also to the not-invertible
manipulations.

For this reason, a perceptual loss between the input and the output of the generator capable of
maintaining the overall content during the translation is preferable. Using as perceptual metric
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the LPIPS [52] the loss is defined as

-Lprc = QS(X,G(X, zattr))7 (5)

where ¢ is the LPIPS perceptual distance.
Summarizing, the global training loss becomes

Liotal = Lado + M Laser + AZ-Eprc» (6)

where A, and A; are the attribute reconstruction loss and the perceptual loss weights, and need to
be carefully balanced. After some training epochs, the network converges in producing realistic
images with manipulated attributes.

3.5 Overall Network Architecture

By putting all these pieces together, we designed the overall network architecture, which is shown
in Figure 2 and is composed by a generator G, a discriminator D and a set of encoders E. All the sub-
networks (G, D, and E) use Switchable Normalization [34]. First, the attribute vector z,;,, is fed into
a linear layer and reshaped to the dimension h X w X ¢, where h and w are the height and width of
the source image x and ¢ = |z444,| is the number of attributes. The reshaped vector is concate-
nated to x and used as input for the generator which performs 4 downsampling until a bottleneck
composed by three residual blocks and then four upsampling until the desired resolution.

The discriminator D follows the DCGAN architecture [41] and is used to distinguish between
real and fake samples.

Finally, the MIM encoders E are very similar in structure to D, but they are all preceded by a
pooling layer and an anti-shortcut module composed by dropout and color quantization (as de-
scribed in Section 3.2). Each MIM encoder takes as input the generator output x and reconstructs
a subset of z,;4,, as described in Section 3.3. In our case, with three encoders, we choose to set the
pooling size to 16, 8, and 2, respectively.

This multi-scale approach leads, with reference to the case of facial attributes, the first encoder
to force the learning of large-scale features like hair color or skin tone, the second one to focus
more on medium-scale features like hair style or lightning, and finally, the last one on small-scale
features like smile strength or chin length.

4 EXPERIMENTS

To prove its effectiveness, this section will report qualitative and quantitative experiments of our
system on popular datasets and different applications.

All experiments were executed on a NVIDIA GTX 1080 TI The network was trained for 100k
iterations using Adam optimizer [29] with a learning rate of 0.0001. Finally, the loss weights A,
and A, were set to 20 and 10, respectively.

4.1 Datasets

We used these popular datasets for our experiments:

e CelebA [33]. CelebA is a large-scale (200k images) dataset of celebrity faces. Each picture is
178 x 218 pixels in resolution, but it is a common practice to use the center 128 X 128 crop of
the face. It is a de-facto standard benchmark on faces generation with GANs, and has been
used in many recent works, such as References [8, 10].

e MNIST [30]. MNIST is the old but gold standard dataset for digit recognition. It contains
samples of the ten arabic digits, handwritten by different users. It is composed by 60,000
samples of grayscale, 28 x 28 images.
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e AFHQ [11]. Animal Faces HQ is a relatively recent dataset, proposed alongside the work
of StarGANvV?2. It contains animal faces grouped in three categories: dogs, cats and wildlife.
Each class has about 5,000 examples, and the resolution is 512 X 512 pixels.

e Anime Faces Dataset [7]. This dataset contains 63,632 cropped anime face images. Images
sizes vary from 90 X 90 to 120 X 120, but they were resized to 128 x 128.

o Flowers [38]. A dataset consisting of 8,189 images belonging to 102 flowers categories. This
particular dataset was chosen to reinforce the effectiveness claim of the proposed method
on images that do not contains faces.

4.2 Evaluation Metrics

Evaluating generative models is always tricky due to the lack of strong unambiguous metrics,
especially in the case of unsupervised methods like ours. In this article, a threefold approach was
chosen based on three different metrics that validate different aspects of the generated samples. In
particular, the three metrics are:

e Fréchet Inception Distance (FID). FID score [19] uses the Fréchet distance [13] to measure
the distance between two image distributions. This gives both information of how much
the generated distribution is similar to the original one, and how much it is a good, valid
distribution in general. However, FID lacks providing information about content preserva-
tion and attribute generation in an image-to-image task (two aspects that are central to our
proposal).

o Face Recognition Distance (FRD). To express how well the content is preserved during the
image-to-image translation, we looked into an identity preservation metric. In the context
of CelebA, on which most of our quantitative experiments will be run, FRD [32] emerged
as the ideal metric. In detail, FRD is computed as the visual distance between the input and
the output, and is calculated on their embeddings extracted from a network pretrained with
VGGFace2 dataset [6].

e Attribute Generation Sensitivity (AGS). Finally, a metric is also needed to evaluate how
much and how well the attributes are generated in the output image. For this purpose, we
introduce the AGS metric to measure the quality of the generated attributes. In particular, for
the CelebA dataset, to produce a consistent evaluation also with other methods, we trained a
Resnet50 [17] classifier on the original training set (reaching 94% accuracy on the test set and
74% average per-attribute sensitivity). The trained classifier is used as an arbiter in judging
the generated images. AGS is defined as the percentage of images generated with a specific
attribute that effectively contain that same attribute.

To compute FID, we run the computation over the whole test set of images, and, for each image, we
choose a random z,;,, attribute to be set to +1. This way, we simulate the addition of any single
attribute at standard intensity. FID score is computed between the original distribution and the
one generated in this way.

FRD score is computed by first generating images as described above for FID. Then, FRD score
is obtained by averaging distances between every original image and the corresponding generated
images obtained from it.

On the contrary, AGS is a per attribute metric, i.e., it needs to be computed separately for each
attribute. In particular, we pick from the dataset an attribute a to test and compare it against
one of our z,;; attributes v. In this context, AGS(a, v) attests how well the attribute v (from our
system) generates images that contain label a (from the original dataset). To compute AGS(a, v),
we run over the whole CelebA test set while forcing our system to generate image alterations
with v = +1. The generated images are classified by the aforementioned Resnet50 arbiter and the
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Table 1. Evolution of FID and
FRD when Changing the
Number of Attributes

Zgrtr dim | FID | | FRD |
9 11.9 | 0.645
18 9.25 | 0.750
27 14.74 | 0.840

obtained classification sensitivity (i.e., the percentage of images containing the desired attribute)
represents the value of AGS(a, v). Unfortunately, being our system truly unsupervised, we do not
know beforehand which element v of z,;;» mimics at best the attribute a of CelebA that we want to
test. However, we can easily find the z,;;, element @ that best corresponds to a label, by computing

0 = arg max AGS(a,v) Vv € zgs4r. (7)
v

4.3 Ablation Study

To demonstrate the effects on performance of each part of the system, an extensive ablation study
was performed.

First, in Table 1, we show the evolution of the results when changing the dimension of zgs¢.
For this test, we experimented with a z,s;, length of 9, 18, and 27 meaning that our model will
try to discover that number of attributes in the dataset. Indeed, it can be seen how decreasing the
number of attributes will result in a lower FRD but on the expense of the number of attributes
discovered. However, increasing the number of attributes (e.g., to 27) will results in a drawback in
the quality of the generated images and, even if more fine-grained attributes (such as “direction
of gaze”) will be found, most of the additional discovered attributes will have little meaning and
produce only a slight change in the output images. For these reasons, all the following tests will
be performed with a z,4;, length of 18.

Regarding the network architecture, the proposed system is composed by three main compo-
nents and each of them is fundamental to obtain the desired result of attribute discovery and
manipulation: the generator network takes as input an image x and an attribute vector z,;;» and
produces a translated image x which contains the attributes defined in z4,, the discriminator
forces the generator to produce realistic samples and the set of MIM encoders reconstructs the
original attributed vector z,;;, from X forcing the generator to properly apply the attributes on
the generated image. To prove this, Table 2 shows how the losses are used to enforce the expected
behaviour from the different parts on the system. First, the adversarial loss was detached. Looking
at the AGS and FID scores, without the help of the discriminator, the network failed completely
in producing meaningful attributes and just applied random dark and white squares artifacts over
the images. This can be seen also in Figure 3(b) reported in Section 3.2. Next, the perceptual loss
Lrc was disabled and the results proved it to be fundamental to maintain the content during the
translation, as clearly expressed by the FRD score. Examples of the generated samples without
L, are presented in Figure 3(c).

Finally, the usefulness of the anti-shortcut modules is evaluated. More in detail, each of them
(multiple pooling, dropout and color quantization) was toggled or detached in different combina-
tions to see their individual effect on the results. These experiments are shown in Table 3. Overall,
the best results were obtained enabling all the anti-shortcut modules. However, it can sometimes
happen that, for a single attribute, a different combination of anti-shortcut modules produces al-
most the same result as the fully enabled configuration (like in the case of bangs, where the dropout
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Table 2. Ablation Studies for the Different Losses
Attribute Generation Sensitivity (%) T
Lyre Lado | FID] | FRD | | Bushy Eyebrows | Pale Skin | Smiling | Bangs | Black Hair
v 37.18 | 0.480 23.1 4.9 50.7 19.3 24.2
v 31.65 | 1.198 16.6 38.8 82.9 50.7 35.9
[ v v 9250750 ] 41.7 | 2719 725 | 326 | 353

The full loss proposed in the article has the best FID by far, meaning that the other distributions are quite lacking.
Also, by the removal of the perceptual loss, the Face Recognition Distance rockets close to 1.2, meaning that the

identity is lost. Still, without the perceptual loss, the network is sometimes able to produce more convincing attributes
(such as smiling, bangs).

Table 3. Ablation Studies for the Different Anti-shortcut Methods

Attribute Generation Sensitivity (%) T
Dropout  Color Quantization Pooling | FID | | FRD | | Bushy Eyebrows | Pale Skin | Smiling | Bangs | Black Hair
6.96 | 0.419 6.1 13.6 44.8 14.4 25.4
v 7.62 | 0.490 14.1 5.7 49.1 15.6 12.7
v 6.08 | 0.235 9.6 5.5 45.0 15.1 19.2
v 5.53 | 0.302 8.9 4.0 44.8 15.7 17.1
v v 16.48 | 0.825 20.5 20.4 60.3 35 155
v v 8.57 | 0.519 17.5 6.8 47.5 16.2 23.1
v v 7.54 | 0.576 23.9 21.9 52.3 17.2 21.2
[ v v v ] 925 ] 0750 ] 41.7 | 279 | 725 [ 326 | 353 |

The table shows that the full anti-shortcut module (Dropout + Color Quantization + Pooling) outperforms the other
combination of methods in Attribute Generation Sensitivity, while showing only modest degradation of FID and FRD.

has minimal impact on the AGS). These cases are very rare and they simply reflect the fact that
some anti-shortcut modules are more effective on some attributes than others. However, the aver-
age attribute generation sensitivity strongly advocates for the use of all the three modules.

To further prove these findings, Figure 4 depicts how the metric of AGS responds to a variation
in attribute generation intensity. In other words, instead of imposing a +1 in the desired z,;, el-
ement, we tested a wider range [—2, +2] for that generation attribute. Indeed, the full proposed
module allowed to obtain almost linear correlation between the attribute intensity in z,;;, and the
AGS, proving that the network was able to effectively grasp the attribute and to produce continu-
ous interpolations of it.

On the opposite, as it is especially visible in the Black_Hair and Smiling plots, without dropout,
color quantization or pooling the network failed to describe the attribute (flat line dynamics).

4.4 Experiments on Set of Attributes Change

Once fully trained, our architecture makes available at inference time two useful networks:

o the image-to-image generator G, which can be used to change a set of attributes in an input
image by manipulating z;s¢;
o the MIM encoder(s) E, which are used to discover any factor of variation (z4:, array).

Given these two trained networks, there are several potential applications for which our network
can be used.

The first natural application for the proposed system is altering one or more attributes in an in-
put image. The goal is to select a new, unseen, input image x, and change some of'its z,;; attributes.
It is worth remembering that, given its innovative design, the system enables the independent
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Fig. 4. Ablation studies for the different anti-shortcut methods. The [-2, +2] generation range has been
explored. As can be seen, the full architecture has the best AGS values at +1 and +2 intensity. Moreover, the
full architecture plot exhibits a strong correlation between generation intensity and AGS, whereas the other
combinations often depict a flat line (denoting absence of correlation).

manipulation of each attribute (thanks to the disentanglement) in a controllable and continuous
way.

However, to change only one relevant attribute, we first need to know the original set of at-
tributes that refers to the input image. More in detail, to extract the initial set of attributes from
an image, we can simply use the MIM encoders on it:

Zattr—initial = E(x) (8)

Retrieving the starting set of attributes z,;;r—iniriqr for the input image x allows to alter only some
attributes, by leaving the others untouched from the input image (as opposite of what has been
done during the training phase, where all of the attributes were modified at random).

Once we have the initial set of attributes, one or more of its elements can be changed to obtain
the modified set zqs¢r—modified> and use it within the generator G to create the final, manipulated
image X = G(x9 zattr—modified)~

In this way, as shown in Figure 1 at the beginning of the article, the network can generate an
output image with the same content of x, but with the selected attributes changed. Indeed, being
the system truly unsupervised, the discovered attributes are not labelled. Therefore, to change a
specific attribute, this needs to be identified within z,;;, by trial.

4.4.1 Qualitative Analysis. The initial experiments on single attributes change were conducted
on MNIST dataset. Given the simple nature of the dataset, only a single encoder (with pooling 4)
was employed and, by doing so, the system managed to successfully discover (in a truly unsuper-
vised fashion) factors of variation of MNIST digits such as rotation, digit height, digit width, and
thickness, as shown in Figure 5.

Then, extensive experimentation was carried out on the CelebA dataset. For this setting, a set
of three MIM encoders was employed and the dimension of z,;;, was set to 18 (6 attributes for
each encoder). Some examples of continuous discovered attributes are shown in Figure 6. It is
immediately clear how different pooling sizes in the MIM encoders E forced the generator network
to semantically produce different attributes. In particular, a pooling size of 16 generates high-level
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Fig. 5. Examples of continuous attributes learned on MNIST. On the left there are the input images, while
each row is a different attribute variation, interpolated from —1.25 to +1.25 (i.e., the first and the last images
are actually out of training limits [—1, +1]).

features, such as hair color or skin tone, while a pooling size of 8 results in mid-level features
like small hair changes but also shadows and lighting. Finally, a small pooling size of 2 allows the
generator to sample low-level features, such as smile size, chin and eyebrows shape.

Figure 6, besides showing a sample selection of attributes unsupervisedly learned by the system,
also highlights a very useful feature of it, as compared to other methods such as StarGAN or
AttGAN: complete uniform interpolation of learned attributes. The generated attributes intensities
can be freely varied from —1 to +1 leading to continuous (if not linear) changes in the output images.
These intensities can also be pushed out of the training range (e.g., intensity +2) obtaining more
“aggressive” attributes (see Figure 7); this remarks a good attribute stability of the proposed system.

As a final experiment, we aim at demonstrating how well these automatically learned attributes
generalize across different identities. The proof of this can be seen in Figure 17 of the appendix
that shows a selection of identities, randomly chosen in the test set of CelebA, where it can be
appreciated that the learned attributes are consistent across identities.

4.4.2  Quantitative Analysis. To more objectively score and evaluate our system, we computed
the quantitative metrics listed in Section 4.2 and compared them with other systems. Unfortunately,
in addition to the lack of acknowledged evaluation metrics for image-to-image translation methods
(as discussed in Section 4.2), we also faced the issue of choosing the method(s) to compare with.

In fact, to the best of our knowledge, our proposal is the first method to perform end-to-end truly
unsupervised real-image fine-grained attribute manipulation. Therefore, our choice for quantita-
tive comparison fell on supervised image manipulation methods that provide end-to-end image
generation. Methods like AttGAN [18], StarGAN [10], and RelGAN [48] are very similar to our
proposal in terms of task, but they are fully supervised. In this context, full supervision means
that they need ground truth labels during both the training and the inference. As a further dif-
ference, while AttGAN and StarGAN provide n binary attributes ([0, 1], e.g., Smiling/Not_Smiling,
Bangs/Not_Bangs), our method and RelGAN accept n real numbers and are trained in generating
continuous attribute variations (as shown in Figure 6).

The comparison with these methods is shown in Table 4. Table 4 shows that our method beats
every other method in FID, particularly StarGAN and RelGAN. The FRD score of our proposal
is similar to other methods (slightly better than StarGAN), while RelGAN is outperforming the
others on this metric. Clearly, these results are already positive for our method: it generates good
quality distributions on par or even better than supervised methods.

Regarding the metric of AGS, since AttGAN, StarGAN, and RelGAN are supervised, we simply
set the tested attribute label (e.g., Smiling) to +1 and add that attribute to all the images in the
CelebA test set.

As already commented and foreseeable, FID/FRD and AGS scores measure auspicable, yet con-
flicting, features of the generation networks: The former scores correspond to good quality im-
ages (but potentially with no attribute changed), while the latter score evaluates how good is the
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Fig. 6. Attributes learned on the CelebA dataset. First column represents the input image x and each
subsequent column contains an output sample produced by altering one element of the attribute vector
Zartr—initial (extracted from E(x)) from —1 to 1. Finally, each row contains a different attribute obtained
altering a different element of z4;;,_initiql €ach time. It is important to note that the value 0 does not

represent a neutral state, but rather apply an attributes with half the intensity.

Table 4. Comparison with other Image-to-image Attribute Alteration Methods

Attribute Generation Sensitivity (%) T
Method FID | | FRD | | Bushy Eyebrows | Pale Skin | Smiling | Bangs | Black Hair
StarGAN [10] Superv. 19.74 | 0.812 88.2 91.5 97.9 95.8 90.6
AttGAN [18] Superv. 9.57 | 0.713 83.9 68.0 96.8 83.8 55.3
RelGAN [438] Superv. 12.04 | 0.415 36.7 56.2 94.4 81.1 55.8
Ours Truly unsup. | 9.25 | 0.750 41.7 27.9 72.5 32.6 35.3
Ours (+2 intensity) | Truly unsup. | 11.55 | 0.834 87.5 65.8 97.3 59.5 46.9

This is a very unfair scenario for our method, since all of the compared systems are “fully supervised” (labels are

required during both training and inference).
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Fig. 7. Images created by the network by pushing the generation intensity out of the training range (which
was [—1, +1]). Some attributes exhibit better out-of-domain stability than others; nevertheless, the generative
stability of the proposal is confirmed.

network in applying factors of variation. In fact, while StarGAN achieves the best AGS in all the
attributes and w.r.t. all the other methods, it also presents the worst scores of FID and FRD, mean-
ing that the attributes are successfully changed, but the resulting images are changed in identity
and distribution.

Likewise, our method underperforms the others in attribute generation sensitivity, which is
however reasonable and explainable by the fact that is truly unsupervised. Even more, it should
be noted that, to fairly compare with other methods on CelebA labels, we select the automatically
discovered attributes in our method, which are the most similar to those in CelebA. However, these
attributes are not exactly the same, and this tends to lower the AGS for our method, compared to
others. For instance, the attribute Pale_Skin is not exactly learned by our network, which instead
learns an attribute that corresponds more to “face brightness.” In other words, our network learns
well human-understandable concepts like face brightness, but is not tailored (due to its unsuper-
vised training) to learn unrepresentative, rare attributes such as Pale_Skin (which represents 4% of
the whole CelebA dataset).

Table 4 also reports the last row with +2 intensity of attribute change for our method, instead
of +1. This test was performed to demonstrate that, given our complete control over the attribute
changes and their intensities, we can overcome to the limitation of AGS by applying stronger
variation to the attributes. In this way, we can achieve AGS values close to (or even better than)
AttGAN and RelGAN, at the cost of worse FID/FRD scores (but still in a truly unnsupervised
fashion). In other words, while the +1 intensity setting reproduces better the input distribution,
the +2 intensity setting focuses more on creating convincing attributes.

The plots reported in Figure 8 support this claim. They have been generated by varying the
generation intensity in the range [—2, +2]. It is evident that increasing the strength of the attribute
is feasible and somehow linear, and allows to reach an AGS value comparable with AttGAN and
RelGAN for most of the attributes. Moreover, the plots show a strong correlation between the
generation intensity and the actual generated attributes. This correlation is the most evident proof
that our method is able to fully grasp a human interpretable attribute in a continuous, interpolable
and often linear way.

4.5 Qualitative Analysis on other Datasets

To further prove the effectiveness of the proposed system, experiments were carried out also on
additional datasets (AFHQ, Anime faces and Flowers), proving that our architecture is not tailored
to work only on a single category of images like human faces. Qualitative results of these tests are

ACM Trans. Multimedia Comput. Commun. Appl., Vol. 19, No. 6, Article 189. Publication date: May 2023.



T. Fontanini et al.

189:18
Bushy Eyebrows Smiling Black Hair Pale Skin
100 100 | — 100 100
—— Ours —— Ours e — ours . — ours .
804 ==~ RelGAN H g0 === RelGAN 7 g0~ RelGAN g0~~~ RelGAN /
X AHGAN X ALGAN / X AHGAN X AHGAN /
_ m  StarGAN _ m  StarGAN _ m  StarGAN - _ m  StarGAN x/
g o g o0 g o0 g 60 /
3 3 8 8 /
< 40 < 40 < 40 < 40 7
i
20 20 20 ,/
0= 0 ==
2.0 -15 -1.0 -05 0.0 0.5 1.0 15 2.0 2.0 15 -1.0 0.5 0.0 0.5 1.0 15 2.0
Generation intensity

Generation intensity

0= o
20 15 10 205 0.0 0.5 10 15 2.0 2.0 -15 1n 05 0.0 0.5 10 15 2.0
Generation intensity

Generation intensity
Bangs

— ours
g0 ~=- RelGAN Xoomm
X AHGAN /

W StarGAN /

0 —
2.0 -1.5 -1.0 -0.5 0.0 0.5 1.0 1.5 2.0
Generation intensity

Fig. 8. Comparison with other image-to-image attribute alteration methods in terms of AGS/Generation in-

tensity dynamics. Despite our method being the only truly unsupervised one, it exhibits performance compa-
rable to supervised alternatives on most attributes. The linear generation dynamic further proves the claims

of continuous attribute discovery.
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Fig. 9. Some attributes learned on additional datasets

presented in Figure 9. Indeed, the network was able to discover factors of variations even in these

alternative settings.

Given the different nature of these new datasets, some small finetuning in the training param-
eters was necessary. In particular, they are composed by a much smaller number of images than
CelebA. Therefore, classic data augmentation (horizontal flip and affine transforms) was performed
during training to artificially augment the dataset size. Finally, the network was trained for 50k

iterations instead of 100Kk, since that proved to be enough to obtain good results

4.6 Comparison with TUNIT and StarGANv2
Recently, both TUNIT [4] and StarGANv2 [11] proposed two competitive methods for multi-
domain image synthesis. We argue that they both perform a very different task than our method
and, in particular, they are not able to discover and apply fine grained attributes continuously.

ACM Trans. Multimedia Comput. Commun. Appl., Vol. 19, No. 6, Article 189. Publication date: May 2023



Unsupervised Discovery and Manipulation of Continuous Disentangled Factors 189:19

Fig. 10. Some clusters found by the TUNIT unsupervised algorithm.
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Fig. 12. Comparison with TUNIT on “blond hair.”

To prove it, we first trained TUNIT on the CelebA dataset with the number of domains to be
found by the unsupervised clustering algorithm set to 18. The objective was to see if TUNIT would
have been able to find several meaningful fine-grained attributes as our proposed method. On the
contrary, given that its architecture was designed to perform a global domain transfer (which is
implicit in the use of AdalN layers) TUNIT failed this task as it can be seen in Figure 10. Indeed,
it was only able to separate images based on global attributes such as background color or hair
color (bottom right cluster can be identified as “blond hair,” see Figure 11 for a comparison with
our method).

Finally, we wanted to prove if StarGANv2 was able to apply a target domain locally on an input
image. To do so, we trained it over a simple domain such as “blond hair” and generated some
samples using both a reference image and a latent style code. An example can be seen in Figure 12.
Indeed, it is clear that StarGANv2, even if the generated result is visually pleasing, cannot apply
the target attribute locally but, on the contrary, completely change the look and gender of the
generated sample. For this reason, other than being fully supervised, it is not comparable with our
method.

4.7 Qualitative Results on other Applications

Most of our experiments were related to the application of set of attribute change. However, to
prove the effectiveness of the proposed network also in other scenarios, the following subsections
will show qualitative results also on style transfer and data augmentation.
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Fig. 13. Style transfer matrix on MNIST. Left col- Fig. 14. Style transfer matrix on CelebA. Left col-
umn shows the content images, while top row the umn shows the content images, while top row
style images. Attributes like digit rotation, thick- the style images. Attributes like bangs, face tone,
ness, width, and height are well transferred with smile, sad expression, chin height, and hair color
the style, while preserving the original content. are transferred with the style, while preserving

the original content.

4.7.1 Style Transfer. In recent years, image-to-image GANs have been extended to the applica-
tion of style transfer (e.g., in References [11, 20, 31]), where the generator receives a content image
c and a style image s and tries to generate an output image o with the content of ¢ and the style of
s. Actually, most of the papers addressing style transfer, only apply the pose of the content image
¢ with the identity of the style image s, as also mentioned in Section 2, while our system transfers
the whole set of discovered attributes from the style image to the content image.

More in detail, style transfer can be easily obtained by using the generator G on the content
image ¢ with the attributes extracted by the MIM encoders E from the style image s: 0 = G (c, E (s)).

Obviously, the style that can be transferred is limited to the set of attributes discovered by the
network while training.

We run style transfer qualitative tests both on the MNIST dataset and the CelebA dataset. As can
be seen in Figures 13 and 14, the attributes of the first row pictures (styles) have been transferred
to the contents of the first column pictures.

4.7.2  Data Augmentation. Another possible application of our system is data augmentation.
In fact, the trained generator can generate new variations of a given image (of a certain class)
by randomly changing the learned attributes. The augmented data can be then used to train, for
instance, a classifier (such as a face recognition system) with more samples. What is crucial for
success of data augmentation is to generate images that are as much realistic as possible, and this
is granted in our system by the fact that the network has learned the original distribution X, and
the uniform mapping of some of its attributes.

Data augmentation can be easily obtained by using the generator G with the real image x and
a randomly uniform vector Zgsr: X = G (x, Zgs¢r)-

Qualitative results for the data augmentation task are shown in Figures 15 and 16, for MNIST and
CelebA, respectively. Pictures show that generated images are diverse, the identity is preserved,
and fake images are indistinguishable from the original ones.
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Fig. 15. Visual example of data augmentation over Fig. 16. Visual example of data augmentation over
MNIST dataset with our method. All of these digits CelebA dataset with our method. All of these faces
were data augmented from a single sample. were data augmented from a single sample, except

one, the original, that is mixed amongst them. A
human observer can hardly distinguish the origi-
nal sample in such a picture, giving credit to our
system generation quality. Our guess for the origi-
nal picture location is for the picture in second row,
third column.

Table 5. Classification Accuracy over MNIST Validation After Our Version of Data Augmentation,
Compared with Traditional Computer Vision Data Augmentations

Classification accuracy Classification accuracy
Method on MNIST validation (%) Method on MNIST validation (%)
1-shot tradit. augm. 25.82 5-shot tradit. augm. 35.05
1-shot our method 90.50 5-shot our method 93.44

1-shot means one sample per class data augmentation, while 5-shot means five samples per class.

Moreover, we obtained some quantitative results by the creating a benchmark task for data
augmented single-shot classification. This task is formulated as follows: A human expert picks
one image sample per class over a dataset. The proposed network will generate data augmenta-
tion using that sole image (per class), i.e., under a scenario of few-shot classification. Afterwards,
the generated data-augmented distribution will be used to train a classifier able to work on the
original dataset and new samples alike. This is both a valid application and a suitable task to eval-
uate how well the network can generate variations (diversity) without compromising the identity
(class).

We trained an off-the-shelf classifier (e.g., ResNet18 [17]) using only the set of augmented im-
ages. Table 5 shows the quantitative results in terms of classification accuracy for original MNIST
dataset. It is clear that the augmented data greatly helped the classifier, which was able to reach
90.5% classification accuracy over the original MNIST validation set. To perform a comparison
with more traditional data augmentation techniques and to find a baseline for our method, we
used the same ten samples (one for each digit/class in MNIST) and generated augmented samples
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using rotations, translations, shears, zooms. In this case (first row of Table 5) the classifier only
reaches an accuracy of 25.82%, confirming that the data generated with our network are much
more plausible and diverse and helped the classifier to perform better. Table 5 also shows another
setting where five samples are selected for each digit/class. The results also in this setting show
that our data augmentation is better than classical ones.

5 CONCLUSIONS

The proposed network has proven that is possible to create an image-to-image GAN capable
of learning and modifying continuous image attributes in a truly unsupervised manner. We
have proven this claim through complete ablation studies and comparisons with state-of-the-art
supervised networks on the same task. This comparison proved that we are on par and sometimes
better than supervised methods in image generation quality and identity preservation, and com-
parable, even if moderately lower, in attribute generation quality. Moreover, we have tested this
system in three different applications (set of attribute changes, style transfer and data augmenta-
tion) and across diverse datasets (CelebA, MNIST, AFHQ, Anime, Flowers). The results highlight
the wide applicability of the proposed network.

This article also proves that the MIM framework is not limited to the noise-to-image GAN sce-
nario (such as in References [8, 37]), but can also be applied to end-to-end training of image-to-
image GANs. However, our work also made evident that MIM alone is not suitable to work in
high dimensional spaces like image-to-image GANS, since it is prone to the creation of shortcuts.
Opportunely, our work provides valid solutions to this critic problem, in the form of anti-shortcut
modules placed before each MIM encoder. A multi-scale set of MIM encoders is also introduced to
allow the network to learn features of different sizes.

Finally, the proposed network can provide a continuous (sometimes linear) and controllable
variation of the generated attributes, where many state-of-the-art supervised methods only permit
binary variations of the attributes.

A ONLINE APPENDIX
A.1 Additional Results About the Consistency Across Multiple Source Identities

Figure 17 shows the consistency of the attributes learned with the proposed method. The first row
depicts a set of input images (identities). Every other couple of rows represents the variation of a
single Z,¢;» attribute across these identities. Each row represents the two extremes of a learned
attribute interval: +1 and —1.

A.2 Additional Quantitative Evaluation

We performed an additional quantitative comparison between our method and the one of Hu et al.
[20]. More in detail, to evaluate the quality of the disentanglement, they trained a linear binary
classifier over several attributes by using the latent space of their autoencoder as input. However,
we trained the same linear classifier over the reconstructed Z,;; produced by the MIM encoders.
Results can be seen in Table 6. Our model is able to reach results that are comparable with the
ones of Hu et al., even if it uses a much smaller latent dimension. Indeed, results of Reference [20]
are obtained with a latent dimension of 512, while we managed to reach very good results with a
latent dimension of only 18 (i.e., the number of attributes). This proves the optimal disentangling
capability of our system. At the same time, we did also an experiment using a latent dimension of
27, and we reached even higher results, demonstrating also the flexibility of our system w.r.t. the
number of discovered attributes.
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Input
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Fig. 17. Consistency of the attributes learned over CelebA dataset across multiple source identities.

Table 6. Comparison between Our Method and Reference [20]

Method Lat. Dim. | Eyebr. | Attr. | Bangs | Black | Blond | Makeup | Male | Mouth | Beard | Wavy | Hat | Lips | Avg.
[20] DCGAN) | 512 | 72.2% | 68.5% | 88.8% | 75.7% | 89.9% | 76.9% | 80.1% | 73.6% | 83.8% | 70.5% | 95.8% | 78.6% | 79.5%
[20] (BEGAN) 512 [ 73.0% | 69.7% | 90.2% | 79.6% | 89.3% | 78.9% | 854% | 77.1% | 88.1% | 70.8% | 96.4% | 81.7% | 81.7%
18 [ 73.2% [ 60.9% | 86.6% | 74.6% | 85.9% | 62.0% | 60.4% | 75.9% | 84.1% | 69.1% | 95.5% | 58.1% | 73.9%
61.3% | 87.8% | 77.8% | 86.2% | 62.6% | 61.7% | 79.1% | 84.0% | 70.0% | 96.4% | 59.2% | 74.9%

Ours ‘
Ours | 27 | 734%

We reached comparable results with a much smaller latent space.
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