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Abstract

Acrtificial intelligence (Al) has emerged as a transformative tool in the pharmaceutical
industry, revolutionizing the traditional drug discovery and development process. Through
advanced generative techniques, such as Generative Adversarial Networks (GANs) and
Variational Autoencoders (VAES), the exploration and design of novel and viable therapeutic
molecules has been enhanced. Additionally, Al facilitates the optimization of these molecules
by guaranteeing desirable properties and accelerates the identification of therapeutic targets
through deep analysis of biomedical and genomic data sets. One of the most significant
advances has been drug repurposing, where Al unlocks the hidden potential of known drugs

for new therapeutic indications..
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1. Introduction

Generative artificial intelligence (Al) is a prominent
subspecialty within the broad field of artificial intelligence.
This focuses primarily on the design and development of
computational models capable of producing data that emulate
those present in a specific training set. In other words, rather
than simply analyzing and processing data, generative Al
strives to “create” or “generate” data that closely reflects the
essence of the information it has been trained on.

The heart of these models lies in advanced machine
learning techniques. A prominent example of this is generative
neural networks, which, through mathematical structures and
sophisticated algorithms, can fabricate new examples of data
that follow the same distribution as the original data. These
systems, by learning underlying patterns and structures in

large amounts of data, can produce results that, in many cases,
are virtually indistinguishable from authentic data.

In sectors such as the pharmaceutical industry, the potential
of generative Al has been recognized and is being harnessed
in revolutionary ways. With the constant challenge of
discovering and developing more effective and safe medicines
in shorter times, generative Al presents itself as an invaluable
tool. It can simulate molecular interaction, predict the efficacy
of new substances and dramatically accelerate the research
phase in the creation of new drugs. Furthermore, beyond the
direct development of medicines, generative Al contributes to
optimizing processes, personalizing treatments and improving
efficiency at various points in the pharmaceutical value chain.
For example, in the production and distribution of medicines,
it can help anticipate demands or foresee ideal production
scenarios,



Canal et al

Generative neural networks, often referred to as Generative
Adversarial Networks (GANSs), represent one of the most
exciting advances in the field of machine learning in the last
decade. These networks, as their name suggests, focus on data
generation, and their unique design allows them to produce
information that is strikingly similar to real data distributions.

These GANs operate through a binary structure: the
generator and the discriminator. The interaction between these
two components is essentially a game of cat and mouse, and it
is precisely this interaction that allows GANSs to achieve such
impressive results.

The generator, as its name suggests, is responsible for
generating data. It starts by taking an initial input that is
usually random, often based on a simple noise distribution.
From this input, the generator uses its neural architecture to
transform that noise into data that attempts to emulate or
imitate real examples. Initially, this generated data may not
look much like reality, but with time and proper training, the
accuracy improves significantly.

On the other hand, the discriminator functions as a judge.
His task is to evaluate the presented data and decide whether
it comes from the real training set or whether it has been
generated by the generator. At the beginning, when the
generator is still in the early stages of its training, this task is
relatively simple for the discriminator. However, as the
generator becomes more skilled, the task becomes more
complicated.

The true power of GANs comes from the feedback between
these two components. When the discriminator correctly
identifies a generated piece of data as false, it sends feedback
to the generator, telling it where and how it fell short. In turn,
the generator uses this information to adjust and improve. This
iteration continues in a loop, in which the generator constantly
tries to outperform the discriminator, and the discriminator
strives not to be fooled.

Over time, this competition leads the generator to produce
data of such quality that the discriminator has difficulty
distinguishing between what is real and what is generated.
This iterative and competitive process, although simple in
theory, has led to astonishing advances in fields as varied as
image generation, music creation, data simulation, and much
more. GANs, with their unique and powerful structure, have
revolutionized the ability of machines to create and understand
complex data.

Generative artificial intelligence (Al) has brought about a
revolution in the way we approach and use large data sets,
especially when it comes to unsupervised learning. Unlike

supervised learning, where models are trained using data with
clear labels, unsupervised learning works with data that does
not have such labels. Instead of being directed toward a
specific answer, the model is trained to discover the
underlying structures and patterns in the data on its own.

This self-directed form of learning is especially relevant
and valuable in fields where you have access to massive
amounts of unlabeled data. And the pharmaceutical industry
is a clear example of this. Scientists and researchers in this
field frequently work with vast data sets related to molecules,
chemical structures, genetic sequences, biological activity
profiles, and more. Many times, this data does not come with
clear labels or specific definitions, making traditional or
manual processing a Herculean, if not impossible, task.

This is where generative Al using unsupervised learning
comes into play. These systems, by not depending on
predefined labels, have the ability to immerse themselves in
these oceans of data and, through advanced algorithms, detect
patterns, relationships and connections that could go
unnoticed by humans. In doing so, these Als can identify, for
example, how certain molecular structures relate to specific
biological activities or how different combinations of
molecules could result in effective therapeutic compounds.

Discovering hidden patterns and identifying potentially
significant relationships through unsupervised learning has
profound implications for the pharmaceutical industry. It can
accelerate the drug discovery process by reducing the search
space, aligning candidate compounds with specific diseases
more quickly, and providing a deeper understanding of
molecular interactions. Furthermore, by making the research
process more efficient, associated costs can also be reduced
and the arrival of innovative therapeutic solutions to the
market can be accelerated.

2. Common architectures

There are several common generative techniques used in
the pharmaceutical industry, including:

Generative Adversarial Networks:

Generative Adversarial Networks, known by their acronym
in English as GANSs, represent one of the most notable
advances in the field of artificial intelligence in recent years.
They were introduced to the world by lan Goodfellow and his
team in 2014, and since then, they have revolutionized fields
as diverse as image creation, sound design, data simulation,
and much more.
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What is truly innovative about GANs is the way they are
structured and how they operate. As indicated, these networks
are composed of two distinct but interconnected models: the
generator and the discriminator. Together, they participate in
a kind of competitive “"game", where each model seeks to
outdo the other in a constant tug-of-war.

The generator has the task of creating or generating data.
Initially, you can start with a simple random input, often
derived from a noise distribution. Through its neural network
structure, this model strives to transform that input into a
sample that resembles real data. However, especially in the
early stages, what it produces is not perfect and can be easily
discernible from the actual data.

This is where the discriminator comes into play. Acting as
a critic or judge, your role is to evaluate the samples and
determine if they are real (coming from the original data set)
or if they are fake (generated by the generator). At the
beginning of training, when the generator is still learning, it is
easier for the discriminator to make this distinction. But as the
generator improves, the discriminator's job becomes more
challenging.

What makes GANSs so efficient is the feedback dynamics
between these two models. Every time the discriminator
correctly identifies a generated sample, it provides
information to the generator on how to improve. This cycle of
generation, discrimination, and feedback continues until the
generator reaches a level where it can produce samples so
convincing that the discriminator has difficulty distinguishing
them from real data.

Since their introduction in 2014, GANs have undergone a
series of improvements and variations, giving rise to a wide
range of applications and derived models. They have been
used in art creation, music generation, 3D model creation,
image super-resolution, and many other fields. The ability of
GANs to generate realistic data from random inputs has
proven to be a powerful and versatile tool in the world of
machine learning and artificial intelligence.

Varational Autoencoders:

Variational Autoencoders, or VAES, represent a fascinating
evolution in the field of generative models, and although they
share similarities with GANs in their ability to generate data,
their underlying approach and their operating mechanics are
different.

Let's start by unpacking a little what an "autoencoder"
means. In machine learning, an autoencoder is a neural

network used to learn encoded (or compressed)
representations of input data, so that these data can be
reconstructed from these representations with the least
possible loss of information. Basically, it takes data,
compresses it into a latent representation, and then attempts to
decompress or "decode" that representation to get a
reconstructed version of the original data.

Now, what makes an autoencoder "variational"? The
variation is introduced in how the latent representation is
modeled. Instead of learning a fixed encoded representation
for each input data, a VAE learns the parameters of a
probability distribution for the latent representation. This
introduces some randomness into the process, meaning that
every time we encode and then decode an input, the result may
vary slightly.

The magic behind VAEs lies in their ability to generate new
data. Once trained, we can sample random values from the
latent distribution and pass them through the decoder part of
the VAE to obtain new data. These generated data will be
consistent with the overall distribution of the training data.

Now, in relation to the pharmaceutical industry, VAES are
presented as potentially revolutionary tools. Imagine having
vast databases of molecules or compounds and wanting to
explore slightly different variants or completely new
compounds that have not yet been synthesized. By training a
VAE on such data, researchers can sample from the latent
space to generate novel molecular structures that could have
desirable pharmacological properties.

What distinguishes VAEs from GANSs, in addition to their
internal mechanism, is their theoretical basis. While GANs are
based on a competition between two networks, VAES use the
concept of variational inference, which is a method for
approximating complex probability distributions through
simpler distributions. This makes them particularly suitable
for working in scenarios where you want to have more explicit
control over the distributions of the data generated or when
you have an interest in the latent space itself.

Generative Flow Models:

Generative flow models, known simply as "flows",
represent an advanced and promising branch within the field
of generative models. Unlike the previously mentioned
techniques, such as GANs and VAEs, flows are characterized
by operating directly on transformations of probability
distributions, allowing more explicit and direct control in the
data generation process.
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The essence of a generative flow model lies in its ability to
transform a simple probability distribution, such as a standard
Gaussian distribution, into a more complex and specific
probability distribution that resembles the distribution of the
data with which it has been analyzed. trained. This is achieved
through a series of invertible and differentiable
transformations that, together, are called "flows." These
transformations retain the ability to sample from the simple
distribution and at the same time adjust it to match the desired
distribution.

A distinctive advantage of streams is their ability to
accurately and efficiently calculate the probability density of
the generated samples. In practical terms, this means that you
can obtain not only a generated sample, but also a measure of
how "probable™" or "coherent" that sample is with respect to
the training data.

Within the context of the pharmaceutical industry, this
feature is especially valuable. When generating new
compounds or molecules, it is not only essential to have a
coherent chemical structure, but also to understand the
probability that such a structure can arise given existing data
distributions. Thus, generative flow models can offer a double
benefit: on the one hand, they generate high-quality data and,
on the other, they provide a metric of the quality of that data.

Furthermore, the deterministic structure and the ability to
directly manipulate probability distributions make flow
models more interpretable than some other generative
techniques. This can be crucial in pharmaceutical research,
where the interpretation and understanding of the data
generated can be as important as the generation itself.

Transformers.

The Transformers architecture has triggered a true
revolution in the field of deep learning and artificial
intelligence. Its ability to capture contextual relationships
between words or tokens, regardless of their relative position
in a sequence, has catapulted its relevance, especially in
natural language processing (NLP).

Originally conceived to address challenges in NLP, as
highlighted in the influential work of Vaswani et al. In 2017,
Transformers have expanded beyond these initial applications.
Its distinctive mechanism, known as “self-regressive
attention,” allows the network to assign different relevance
weights to each word or token based on its context, which is
critical for understanding meaning and semantics in human
languages. It is this focus on context and attention that has
allowed Transformers to outperform previous neural

architectures, such as convolutional (CNNs) and recurrent
neural architectures (RNNSs), in numerous NLP tasks.

In addition to traditional NLP tasks such as machine
translation and text generation, the flexibility of Transformers
architecture has made them suitable for a variety of non-
language applications. In the context of the pharmaceutical
industry, where data structures can be as complex and
hierarchical as human language, Transformers are finding a
growing niche. Molecules and proteins, for example, have
intricate  structures and relationships between their
components that can be compared metaphorically to the
relationships between words in a text.

Applying Transformers in the pharmaceutical field
involves treating molecular structures and protein sequences
as "texts", where atoms, bonds and amino acids can be seen as
"words" or "tokens". By doing so, it is possible to train models
that understand and generate molecules with desirable
properties or that predict how a given molecule will interact
with a specific biological target.

Transformers' ability to generate high-quality, consistent
data has proven invaluable for molecule design in
pharmaceutical research. These models can, for example, be
trained with databases of existing molecules and then generate
novel drug candidates that could have beneficial
pharmacological properties.

In conclusion, although Transformers emerged from the
world of natural language processing, their versatility and
power have been applied in numerous fields, including
pharmaceutical design and development. Their influence is
laying the foundation for a new era in generative artificial
intelligence and its interaction with cutting-edge science.

3. Use of Generative Al for drug discovery

The traditional drug discovery process is long, expensive,
and involves numerous trials and errors. In this context,
generative artificial intelligence has proven its value by
streamlining and optimizing several crucial stages of new drug
discovery. Below are some of the most notable applications of
generative Al in this field.

Molecule design

The traditional drug design and discovery process is
extremely complex, laborious and expensive. Historically, it
required extensive trial and error to identify and optimize
compounds with the potential to become effective medicines.
However, with the rise of artificial intelligence (Al) and
specifically generative Al, this dynamic is undergoing a
radical change.
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Molecule design is a discipline that merges chemistry with
bioinformatics, seeking to design chemical structures with
specific pharmacological properties. Given the immensity of
chemical space—that is, the totality of possible molecules—
manual or even semi-automated exploration of this space is a
titanic task. This is where generative Al comes into play as a
revolutionary tool.

Using advanced machine learning techniques, such as
GANSs and VAEs, it is possible to model and sample this vast
chemical space. GANs, with their generator and discriminator
structure, can produce molecules that are indistinguishable
from real molecules, while VAEs allow a structured
exploration of chemical space, sampling and decoding points
in a latent space to generate new molecular structures.

What makes generative Al especially powerful in this
context is its ability to generate molecules that are not only
novel, but also chemically and pharmacologically viable. This
means that the proposed molecules are not only structurally
feasible, but also present desired properties, such as high
affinity for a specific biological receptor, low toxicity, and
feasibility of synthesis in the laboratory.

Furthermore, by integrating existing databases on
molecular properties, biological activity and toxicity,
generative models can be trained to take these factors into
account when proposing new molecules. This can lead to a
reduction in the number of compounds that need to be
synthesized and tested experimentally, saving time and
resources.

In practical terms, the adoption of generative Al in
molecule design is leading to a new era in drug discovery.
These advances allow researchers and pharmaceutical
companies to explore previously inaccessible regions of
chemical space, identify drug candidates more quickly, and
ultimately bring innovative treatments to market in a more
efficient and cost-effective manner.

Optimization of molecular properties

The drug discovery process is not only about identifying
molecules that may have a desired biological activity, but also
about ensuring that these molecules are suitable for
administration and therapeutic use in humans. A molecule can
have a potent effect on a biological target, but if it is unstable,
insoluble in water, or shows toxicity, it will not be viable as a
drug. Therefore, the optimization of molecular properties
becomes essential.

Optimization is traditionally performed through an iterative
process that involves modifying the chemical structure of a
molecule and then evaluating the resulting properties. This
process can be long and expensive. However, with the
inclusion of generative Al, we can navigate this process much
more strategically and efficiently.

Generative Al, particularly when combined with powerful
architectures like Transformers, can quickly explore
variations of a molecule, predict how these modifications will
affect its properties, and suggest the most promising versions
of the molecule. For example, if a candidate molecule shows
activity but has solubility issues, Al can suggest structural
modifications that could improve this solubility without
compromising activity.

Transformers, with their ability to understand and model
complex relationships, are ideal for this type of task. They can
capture the subtleties and intricate relationships in molecular
structures and translate that understanding into molecular
design suggestions. This ability to "understand” and "reason™
about chemical structures at such a detailed level surpasses
many previous techniques.

Furthermore, these generative Al tools not only optimize
based on a single criterion, but can take into account multiple
objectives simultaneously. This is crucial in drug design,
where properties such as activity, selectivity, toxicity and
solubility are often interrelated and can compromise with each
other.

In summary, the adoption of generative Al, and in
particular architectures such as Transformers, in the molecular
optimization process is facilitating an era of more precise,
faster and cost-efficient drug design. With these tools at their
disposal, researchers can directly target molecules that are not
only active but also suitable for clinical development and
eventual administration to patients.

Identification of therapeutic objectives

The drug discovery process begins with the identification
of a suitable therapeutic target, that is, a molecule or pathway
in the body that, if modified in some way, could lead to a
therapeutic response. While identifying these targets is
crucial, it is not a simple task due to the inherent complexity
of biological systems and the vast amount of biomedical and
genomic data available.

Historically, the identification of therapeutic targets was
based on laboratory experiments and a general understanding
of the biology of a disease. But, in the era of systems biology
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and genomics, we are inundated with data that may be
unexplored or underutilized due to human limitations in
analyzing large volumes of information.

This is where generative Al offers revolutionary potential.
By applying advanced machine learning techniques, Al can
analyze and synthesize large data sets, identifying patterns and
connections that might go unnoticed by a human researcher.

Natural language processing (NLP), for example, is a
powerful tool in this context. It can be used to analyze
scientific literature, patents and other related texts to identify
mentions of genes, proteins or pathways that are associated
with specific diseases. By correlating this information with
genomic and biomedical databases, Al can highlight targets
potentially relevant to a particular disease.

Similarly, biological network analysis allows Al to explore
how different molecules and pathways interact with each other
in the context of a cell or tissue. This is essential to identify
points of intervention that could have maximum therapeutic
impact with minimum side effects.

Another advantage of generative Al in this context is its
ability to integrate and analyze heterogeneous data, from
transcriptomic and proteomic data to clinical and
epidemiological information. By combining all of these
sources, Al can generate a more complete and accurate picture
of a potential therapeutic target.

Ultimately, by automating and optimizing the identification
of therapeutic targets, generative Al not only accelerates this
crucial initial process in drug discovery, but also increases the
likelihood of success in later stages of drug development,
leading to therapeutics. more effective and safer products to
the market in a shorter period of time.

“Repurposing” of drugs

The process of discovering and developing new drugs is
expensive, risky and can take many years. Given this intensive
investment in time and resources, drug repurposing—which
involves finding new therapeutic uses for existing
medications—is presented as an attractive and efficient
alternative. Because these drugs have been through clinical
testing and their safety profiles are known, repurposing can
significantly reduce the costs and time associated with
traditional drug development.

Generative Al plays a fundamental role in the
modernization and efficiency of this process. Instead of
relying exclusively on trial and error or serendipity, Al can

systematically scan and analyze vast amounts of information
to identify promising candidates for repurposing.

For example, by extracting information from large
databases containing information on drug-protein interactions,
generative Al can discover previously unrecognized modes of
action for existing drugs. Additionally, by analyzing scientific
literature and patient data using natural language processing
techniques, Al can identify correlations and patterns between
diseases and treatments that are not evident to the naked eye.

Another approach is the analysis of molecular signatures.
Al can compare the molecular responses induced by different
drugs with the signatures of various diseases. If a signature
induced by a drug is opposite to the signature of a disease, that
drug could be a candidate to treat that disease.

Importantly, while generative Al provides valuable clues
and predictions, these must be validated through experiments
and clinical trials to confirm their efficacy and safety in
proposed new indications.

Using generative Al in drug repurposing not only
accelerates the drug development process but also expands the
therapeutic potential of existing drugs. In a world where unmet
medical needs continue to be a challenge, this Al-backed
strategy holds a hopeful promise for patients and healthcare
professionals.

4. Future work

The adoption and success of generative artificial
intelligence in the pharmaceutical industry to date marks just
the beginning of what could be a series of significant advances
in medicine and therapeutics. As we move forward, it is
essential to explore and delve in various directions to
maximize the potential of Al in this field.

First, while current Al tools have proven effective in
exploring chemical space, it is essential to develop more
advanced algorithms that can address the complexity inherent
in human biology and molecular-molecular interactions. This
will allow for more accurate prediction of the pharmacokinetic
and pharmacodynamic properties of drug candidates.

Furthermore, the integration of multiple data sources, such
as genomics, proteomics, metabolomics, and transcriptomics,
can provide a holistic and detailed view of the impact of a drug
candidate on a biological system. Working on algorithms that
can efficiently handle and analyze these large, heterogeneous
data sets will be essential.
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The interpretability and transparency of Al models is also
an area that requires attention. As Al makes more complex
decisions in drug design and optimization, it is critical that
scientists and regulators understand how these decisions are
made to ensure the safety and effectiveness of proposed
treatments.

Finally, as Al becomes a standard tool in pharmaceutical
research, it will be crucial to develop regulatory and ethical
frameworks that ensure its appropriate and safe use.
Collaboration between researchers, industry and regulatory
bodies will be essential to establish guidelines that support
innovation without compromising patient safety.

In conclusion, although we have witnessed notable
advances thanks to generative Al in pharmaceuticals, the path
towards its full and optimal integration is still being charted.
Investment in research and development, as well as
interdisciplinary collaboration, will be key to ensuring that
this technology reaches its full potential to benefit human
health.

5. Conclusions

The revolution that artificial intelligence (Al) has
introduced in multiple areas has had a transformative impact
on the pharmaceutical sector. Its application in drug discovery
and development has promised and has already begun to
deliver a more agile and precise era of pharmaceutical
innovation. Several aspects of this transformation deserve
special attention.

First, by addressing the fundamental challenge of
molecular design, generative Al has proven to be a powerful
tool. By using architectures such as Generative Adversarial
Networks (GANSs) and Variational Autoencoders (VAESs), the
ability to explore vast chemical spaces in search of molecules
that are not only novel but also viable from a therapeutic point
of view has been enhanced. This exploration, previously
tedious and often based on trial and error, has been
significantly accelerated.

The optimization of these molecules to guarantee desirable
properties, such as solubility, stability and selectivity, has
been another field of action of generative Al. Using advanced
techniques, it is possible to refine existing molecules or
propose new structures that meet precise criteria, facilitating
the transition from a promising compound to a viable clinical
candidate.

Furthermore, at the very beginning of the drug discovery
process, the identification of suitable therapeutic targets is
essential. In this area, Al has proven to be exceptionally

useful, providing deeper and more systematic analysis of large
biomedical and genomic data sets. This ability to discern
complex patterns and hidden connections has led to more
informed and evidence-based discoveries in the realm of
therapeutic goals.

However, perhaps one of the most promising strategies
where Al has left its mark is drug repurposing. The reuse of
existing drugs for new therapeutic indications is an efficient
and profitable way to address diseases without adequate
therapeutic solutions. Here, Al not only proposes candidates
for repurposing based on existing data but also uncovers
previously unknown relationships and modes of action,
unlocking the hidden therapeutic potential of already known
drugs.

Overall, while traditional pharmaceutical research has
been, and continues to be, a cornerstone in the advancement
of medicine, the adoption and adaptation of tools based on
generative Al represent a paradigmatic shift. These tools are
poised to accelerate the pace of discovery, reduce costs,
increase precision and, most importantly, improve the chances
of success in the search for more effective and safer
treatments. As we continue to navigate this era of digital
transformation, it is evident that deep integration of Al into
the pharmaceutical industry is not only desirable, but essential
to meeting the medical challenges of the 21st century.
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