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Abstract
The COVID-19 pandemic has disrupted the education systems worldwide and in this context the virtual
learning software solutions have been of critical importance in supporting the continuous learning
process when the social distancing makes very difficult the physical attendance for classes. In order to
support the learning process for the students in the domain of generative modelling we have developed
an interactive web application that streamlines the process of understanding Generative Adversarial
Networks (GANs) and Cycle-Consistent Adversarial Networks (CycleGANs), a class of unsupervised
machine learning models that enables the generation of synthetic images that follow the statistical
distribution of the images in the training data set. Our work consists in training from scratch a
CycleGAN model and in designing and building a responsive web interface that allows the students to
experiment with an application of the CycleGANs, the style transfer. We strive to inspire the students
and to motivate them to deepen their knowledge in this area by implementing an interactive web
application and by structuring it into two major sections: the first section is oriented towards a
practical approach and we encourage the students to upload a photo at their choice and analyse the
result of applying the style transfer from the images in the training data set to their uploaded image.
The second part emphasizes the theoretical part and introduces the students to the concepts behind
GANs and CycleGANs.
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1 Introduction
In order to support the online learning in the context of the Covid-19 pandemic we have
implemented an interactive application that helps the students interested in learning more about the
GANs and CycleGANs models by providing them a tool that allows them to experiment with an
application of the CycleGANs, the style transfer.
1.1 Generative Adversarial Networks
Generative Adversarial Networks (GANs) (Goodfellow et. al., 2014) are an important class of
generative models and they belong to the unsupervised learning field. They were introduced by
Ian J. Goodfellow et. al. in the paper “Generative Adversarial Nets” in 2014 (Goodfellow et. al.,
2014) and they represent a turning point in the evolution of the generative models.
The GANs framework consists of 2 intrinsic parts that are modelled as fully differentiable deep
neural networks: Generator (G) and Discriminator (D) (Fig. 1).
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Fig. 1. GAN architecture
The core idea that lies at the heart of the great success of the GANs is the adversarial training
between the two networks. They play a two player minimax game with the value function V(D, G)
illustrated in Fig. 2.
D and G are trained simultaneously using the backpropagation algorithm and they compete
with each other: D is trained to maximize the probability of correctly classifying the samples
applied to its input, it maximizes the term log(D(x)) from V(D, G). G is trained to minimize the
only term where it contributs in the mathematical expression ofV(D, G): log(1 – D(G(x))).

Fig. 2. GANs value function [1]
The Generator network produces synthetic samples from noise (Z) and its mission is to
continously improve the generated data until it becomes indistinguishable from the training data.
The Discriminator network is a classifier that has the goal to correctly classify the synthetic data
from the real data. It outputs the probability that the input data is real of fake.
The training ends when none of the two competing networks can improve anymore, they reach
the Nash equilibrium (Goodfellow et. al., 2014)when the distribution of the synthetically generated
samples converges to the distribution of the real data set. At this point, the Generator
producessamples that follow the distribution of the original data set, whilst the discriminator can
no longer distinguish between the original or synthetically generated data, it outputs the
probability 0.5.
1.2 Cycle-Consistent Adversarial Networks
Cycle-Consistent Adversarial Networks (CycleGANs) were proposed in the paper “Unpaired
Image-to-Image Translation using Cycle-Consistent Adversarial Networks” (Jan-Yan Zhu et. al.,
2017).
CycleGANs models belong to the GAN family, but they have architectural particularities that
enable image-to-image translation between two domains, X and Y, in the absence of paired images
for training.
A CycleGAN model is composed of two generators (G and F) and two discriminators (D X and
DY) as illustrated in Fig. 3.
Dx tries to distinguish between the images in the X domain and the translated images from the
Y domain, F(y). Dy attempts to distinguish between the images in the Y domain and the translated
images from the X domain, G(x).
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Fig. 3 CycleGAN (Jan-Yan Zhu et. al., 2017)
As it can be observed in Fig. 3, G will translate an image from domain X to domain Y, whilst F
will perform the opposite translation between the domains, it will translate an image from domain
Y to domain X. With this setup, the following assumptions apply: for an image x that belongs to
domain X, the function F(G(y)) = y. The same reasoning applies to the images in the domain Y:
G(F(x)) = x.
In order to achieve the mapping from the X to Y domain, the objective function of the
CycleGAN model [1] has additional constraints comparing to the traditional GAN models, applied
in the form of the Cycle consistency loss [3].

Fig. 4. CycleGAN loss functions (Jan-Yan Zhu et. al., 2017)
The loss functions that are involved in the training process of the CycleGAN model are
highlighted in Fig. 4: [1] reflects the full CycleGAN objective function, [2] reflects the adversarial
loss for the mapping functions, F and G. [3] Defines the CycleConsistency loss, it has a very
important contribution to the total loss function because it enforces that the cycle consistency
property is maintained, so that a translated image can be mapped back to the original image.
2 Our work
In this paper we present a multifunctional tool that helps the students interact with the GANs: on
the one hand they can experiment with the style transfer from pictures painted by Claude Monet
toimages at their choice and see the generated results in real time. On the other hand they can
expand their knowledge on the subject with the help of the documentation section.
2.1 CycleGAN model
The network architecture that we used for the CycleGAN follows the implementation described in
the “Transforming the World Into Paintings with CycleGAN”web article (Sebastian Theiler, web
article), where the generator network is slightly different from the original architecture from (Zhu
et. al., 2017). The generator was modelled using a pix2pix architecture (Isola et. Al, 2017), a
modified version of the U-Net architecture. (Ronneberger, 2015)(Sebastian Theiler , web article)
We trained from scratch the CycleGAN model for 50 epochs. The data set used for training the
generative model was the monet2photo data set (291.09 MiB), available in TensorFlow Datasets
collection. Fig. 5 highlights the architectural details that define the discriminator and generator
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networks. After training was complete we saved the model in Keras H5 format and we used the
trained model to power the interactive application to generate new images translated to Monet
style.
2.2 Interactive application
We designed and implemented a responsive web application using the HTML5 markup
language for structuring the content as well as Bootstrap 4, a popular frontend framework that
allowed customizing the layout through the use JavaScript plugins and extensive components
which are essential for building responsive websites. The backend that powers the functionality
was built using the Flask micro web framework, it is written in Python and allowed us to define
the routes for the application (index, results and documentation)and the associated content to be
served (views).

Fig. 5

Architectures for Generator and Discriminator networks
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The web application is composed of two major sections. The first section is dedicated to the
practical approch for learning an application of a CycleGAN model, the style transfer from the
images in the data set to a new image. In this section, the students can upload an image of their
choice and see, the original image as well as the generated image “painted” in the Claude Monet
style, as illustrated in Fig. 6.
When an image is uploaded, a POST request is sent to the /results route. The request is
processed, the image uploaded is temporary stored using the BytesIO buffer module from Python.
Before being fed to the neural network the image is preprocessed: it is resized to 256x256 px and
normalised. After the generative model predicts the image, it is converted to base64 encoding and
set as image source in the HTML template.

Fig 6. Application section
The second section, illustrated in Fig. 7, is oriented towards the theoretical concepts behind
GAN and CycleGAN frameworks and encourages the students to delve into the theory that powers
the generative models that make possible, but not limited to, the image translation from one
domain to another, as they experimented in the Application page.
The students can easily navigate through through the fundamental topics related to GANs and
CycleGANs models using the left side menu to learn more about: GANs basic notions, GANs
training process, GANs objective function as well as the theory behind the CycleGANs,
CycleGANs training process and the particularities of the CycleGAN objective function.
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Fig. 7 Documentation section
Conclusions
In this paper we described an interactive web application that we designed and implemented from
scratch whichemphasizes an application of a CycleGAN model: the style transfer between two
domains. This application is dedicated to the students that want to expand their knowledge about
the generative adversarial networks and their impressive applications. We described the theoretical
notions behind the GANs and CycleGANs, we presented the architecture of the CycleGAN model
that was trained from scratch using the monet2photo data set and was used to generate the new
images in the Monet style in the app. We also highlighted the frontend and the backend
technologies used to build the web application.
In the next version of the interactive tool we will enhance it to include more applications of the
generative adversarial networks.
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