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Abstract—One of the main motivations for modern drug
research is the production of new compounds that act as drugs,
however developing a new drug is an excessively time and
resource intensive process. Deep generative neural networks
might provide a solution. With their help, we may be able to
search in a continuous latent space to find drug molecules that
are not yet known but have suitable chemical and structural
properties (e.g. solubility, interaction with a given target protein).

In this paper, we propose a model which can generate novel
drug candidates, that are suitable for a pre-specified objective
function of arbitrary properties. The model consists of a gen-
erative network and a predictor. The former is an autoencoder
which utilizes attention to handle the textual representation of
molecules, while the latter uses matrix factorization to predict
drug-target interactions (DTI). With a genetic algorithm we can
generate novel compounds from the continuous latent space, but
if there are changes in the objective function, we may need
to train the whole model again. This problem is typical of
conditional generative models, to address it, we separated the
predictor from the pretrained autoencoder thus forming the
plugin. In addition to getting a flexible architecture without
any deterioration in the so far achieved results, our model
can also be used in a distributed setup by concatenating the
plugins. In this way, the objective function can be broken down
to smaller subtasks, which can be solved by different plugins
without sharing any data.

Index Terms—molecule generation, autoencoder, transformer,
genetic algorithm, plugin, DTI

I. INTRODUCTION

Finding novel drugs is a difficult challenge, despite all the
efforts there are only 10% molecules that have been synthe-
sized so far [1] out of the estimated possible 10%° drug-like
compounds [2]. Developing a new drug is at least a decade-
long task usually consisting of three main steps. The first step
is the selection of the target proteins, then comes the selection
and optimization of the drug compounds, and the last phase
is the testing of the drugs. Generative artificial intelligence
models may help in reducing the cost and time required for
the selection and optimization of drug candidates.

Generating novel drug candidates is an active research field.
Most existing methods work with a textual representation of
molecules such as the Simplified molecular-input line-entry
system (SMILES), which represent molecules as a string.
Methods based on a variational autoencoders (VAE) [3] are
very common. They can be used to convert the discrete space
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of the textual representation into a continuous latent space in
which the search and optimization tasks can be accomplished
more easily. Instead of the textual representation, working on
the molecular graphs is also possible [4], this guarantees that
the generated molecules will always be syntactically valid.
Other methods construct novel and valid molecules step by
step with the use of reinforcement learning [5], or by starting
from a known compound and optimizing it according to
a molecule property using a generative adversarial network
(GAN) [6]. To handle the input representation, most models
use recurrent layers. Using attention layers instead, to speed
up the training process is also becoming a popular choice.
Generating compounds with transformers [7] have shown
promising results lately [8].

The methods mentioned so far can all generate valid
molecules according to some chemical properties, however,
they do not in themselves provide a solution for generat-
ing a pharmacokinetically active molecule that interacts with
the target protein. Measuring all interactions between every
compound-target pair is extremely costly, thus we need to use
estimations. Neural networks can also be used for this task,
for instance we can train a convolutional network to take a
molecule and a target as an input and predict the interaction
on the output [10]. By combining the generative and the
predictive models above, in theory we are able to generate
drug candidates for a given target.

Recent research places great emphasis on the development
of a selective binding profile. The goal is to generate molecules
that bind not only to one but to several target proteins.
Moreover, there are targets we want to avoid binding to
because of the possible side effects. Knowing the targets, we
can now utilize the methods mentioned above to generate drug
candidates. For instance, a VAE based method was presented
to find compounds to treat psychiatric disorders by generating
novel targets to the indicated genes [11].

Using these models in practice, however, introduces new
problems. When modifying the objective function, such as
introducing a new target, we might need to train the entire
model again which could take weeks. Consequently, we need
to utilize pre-trained models. More than that, most of the
times, we do not have sufficient training data available. Usually
compounds and even targets under research are kept highly
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Fig. 1. Transformer based autoencoder [7].

confidential by pharma entities. The goal is to develop methods
that allow partners to benefit from each other’s knowledge
without having to share their data and results.

In this paper we propose a model which can provide
a solution to the above-mentioned problems. Besides being
able to generate novel molecules for a multi-target objective
function, training the model to a new, and previously not
included target is highly efficient, and it can even be used in
a distributed environment without sharing any valuable data.

II. IMPLEMENTED METHODS

A. Transformer-based autoencoder for novel compounds

We chose to work with the SMILES representation of
molecules. We used a transformer network to handle the tex-
tual representation, and to be able to generate new compounds,
we converted it into an adversarial autoencoder (AAE) [12]
which uses a Gaussian prior.

First, the input molecules are encoded into a continuous
latent space, to achieve this we put an extra attention layer
in top of the original transformer blocks. From there chemical
properties are predicted using fully connected layers. By prop-
agating the error of the predictor back through the encoder,
molecules with similar properties are mapped close together in
the latent space. The decoder consists of transformer decoder
blocks, each of them receives information from the latent space
through fully connected layers. Two different representations
are decoded from the latent space, one going into the cross
attention layer and another into the self attention layer. The
latter is concatenated into the decoder-side representations of
the characters from the previous layer, thus forming a pseudo
attention layer [13]. Fig. 1 shows the architecture of the model
without the discriminator network.

From now, the problem of generating molecules to a given
target function can be solved by searching in the latent space.
To perform the search, we implement a genetic algorithm.
The individuals are the molecules, their genes are their la-
tent representations, and the fitness function is the objective
function which we want to maximize. With this choice we can

easily implement mutation as additive noise, and crossover as
interpolation in the latent space.

B. Matrix factorization plugin for generating to a given target

To be able to generate drug candidates to a given set of
proteins, first we need to somehow obtain and process DTI
data. We chose to work with the ExCAPE-DB dataset [14] as
it contains ~600K molecules and ~1300 targets. To utilize
this extra information, we use an interaction predictor the
same way as the property predictor. It solves the problem of
the prediction with matrix factorization by taking the product
of the latent molecule representation and the learned target
embedding. As DTI data is often imbalanced with respect to
active vs. inactive molecules, we weighted the binary cross-
entropy loss with the imbalance ratio.

With the extensions discussed earlier we can generate
molecules to maximize an objective function which consists
of the predicted binding affinity to multiple target proteins.
However, the end-to-end training of the model has a lot of
drawbacks in practice. As already mentioned, it is inefficient
when generating to a new target protein, and the sparsity of the
available interaction data can also be a problem. To alleviate
these problems, we pretrain our model. There are several
pre-training techniques, and we have further investigated and
developed a method created for conditional autoencoders [15].
The main idea is to pretrain the autoencoder and freeze all
the weights, then attach a plugin into the bottleneck, which
is a smaller autoencoder using the latent representation as
input and has its own, inner latent space. This way the
reconstruction and the conditional generation tasks can be
separated, and when we receive a new condition, we only
need to change the plugin. For the reconstruction task, we
merged the GuacaMol, ExXCAPE-DB and the DrugSpaceX [16]
datasets, thereby resulting in 9.2 million training molecules
for the model. After pretraining, the ExCAPE-DB dataset
can be used to train the plugin and the interaction predictor.
The predictor now uses the inner latent space as the input
therefore the interaction data is encoded into it. Due to the
small number of parameters in the plugin, we can learn a
novel target in a relatively short time, moreover we can achieve
good generalization even with a small amount of available
interaction data. Plugins simplify post-training on any subset
of the full training dataset. The modified architecture is shown
in Fig. 2, the encoder and decoder of the plugin both consists
of fully connected layers with a leaky ReLU between them.

After training the plugin the model was able to predict
interactions from the inner latent space but lost the ability
to reconstruct molecules from the pretrain dataset (from 95%
to 10%). To solve this, we replaced the plugin decoder with
the inverse of the plugin encoder. Therefore, the reconstruction
power of the pretrained model is preserved. Moreover, training
the plugin is greatly accelerated because it is no longer has
trainable parameters in the decoder, so the decoder of the
plugin and the transformer is not utilized during training. The
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Fig. 2. Pretrained autoencoder extended with a plugin.

invertibility of the plugin carries a few restrictions', and the
model becomes increasingly sensitive to noise. The hidden
representation of the encoder in layer 1, () can be calculated
as

ifz>0
otherwise,
ey
where b() is the bias, W) is the weight matrix in layer
I, and g denotes the activation function. Due to invertibility
W® must be a square matrix, ¢ must be invertible and its
range must not be finite, hence we use a leaky ReLU. This
way a layer in the decoder takes the form below

2O = g0z £ pM)  with g(z) = ﬁ’
2

2O = W(l)J”(g*l(x(l*l)) _ b(l)), )
where W)+ denotes the Moore—Penrose pseudoinverse of
the weight matrix.

However, large weights in the matrix amplify sensitivity
to noise in the plugin, even a small amount of noise added
to the inner latent space resulted in high distances in the
outer space. We examined the weight matrices and noticed that
this can be a result of the high condition numbers (> le4).
The sensitivity to noise can be handled by controlling the
condition number of the components in the plugin network.
Conventional regularization methods such as L1 and L2 loss
were unsuccessful in keeping the condition number low, so
we added the condition number directly to the loss function
as a regularization parameter, and determined that condition
numbers < 20 were still stable with respect to noise. The
condition number of the weight matrix upon initialization was
also controlled. We also found that using a steeper ReL.U slope
leads to a more stable training.

I'The invertibility of the encoder was also the main reason behind choosing
AAE, because the reparametrization trick used in a VAE is not invertible.

’It is very unlikely that the weight matrix is not invertible, and there are
also methods with which we can assure the invertibility of the learned weights,
for example learning the QR decomposition of the matrices.

The components of the loss function used for training the
autoencoder plugin are the weighted and weight-normalized
sum of the following:

« categorical cross-entropy of the reconstruction,

« binary cross-entropy of the DTI classification,

« MSE of the molecule property predictors,

o L2 weight regularization,

« condition number regularization: maz (0, C'—20)?, where

C is the condition number of the weight matrices,

« adversarial loss.

With these modifications the model was indeed able to
generate hundreds of novel molecules from the inner latent
space that were suitable for a given objective function.

C. Serial plugin for generating in a distributed environment

With this flexible architecture when a new protein is added
to the targets only the plugin needs to be retrained. We can go
even further by having several plugins to several targets. This
way when a new target is required, a new plugin should be
trained, the other plugins remain intact, so the time previously
invested in them is not wasted. When generating we now
have several plugins, each contributes to a couple of predicted
properties or interactions. This is equivalent to connecting
them serially, as inversion preserves the input. Fig. 3 shows
the serial architecture.

To implement the method, besides connecting the plugins
the optimization process based on the genetic algorithm needs
to be modified. The fitness function can be constructed from
the output of the plugins. The only difference with the one
plugin case is that there are now more latent spaces, so we
need to come up with a new crossover method. One solution
is for each plugin to generate some individuals to form the
new generation, but it can also work if we generate the next
generation with a different plugin in each round. Selection and
mutation can be performed as usual in the outer latent space.

The separability of the architecture and the versatility of the
genetic algorithm allows the model to be used in a distributed
environment. The obvious solution is to give every partner a
plugin to work with, this way they only need to agree on the
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Fig. 3. Autoencoder with several plugins connected in series. Invertibility
permits the usage of any number of plugins in serial connection.
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pretraining data set. During generation they need to share their
own calculated part of the fitness function and the molecules
generated for the next generation. The sensitive training data,
the known interactions, the parameters and architecture of the
model, and even the methods using for prediction can remain
hidden, mitigating the most common federated attacks [18].
More than that, the partners do not even need to share their
selected target proteins if they are using a more abstract fitness
function, e.g. avoiding a given side effect instead of not to bind
to a given set of targets.

III. RESULTS

We trained the model on the GuacaMol dataset [9] which
contains roughly 1.6 million drug-like molecules, to evaluate
the performance of the autoencoder model before attaching
plugins. After the optimization of the hyperparameters, we
managed to reach a remarkably high, 97.2% reconstruction
on the test molecules and obtained similar benchmark results
as the other models reported by the GuacaMol benchmark [9].
Using a sampling method of a random noise vector with
1= 0.0, 0 = 0.25 around test data, we achieved a validity of
96.11%, a uniqueness of 99.97%, a novelty of 97.18%, and
the KL and FCD scores were 0.9688 and 0.8505 respectively.
To test the plugins, we generated drug candidates to bind to
specific targets. We separated the problem into two subtasks, to
generate drug-like and synthesizable molecules and to generate
molecules which can bind to a set of related protein targets,
that often have strong cross-binding for most known drug
compounds. First, we had pretrained the model on our merged
dataset, after that, two plugins were trained. The one, which
was trained on the GuacaMol dataset was responsible for
the first task. To achieve this, we used a property predictor
to predict the quantitative estimate of drug-likeness (QED)
and synthetic accessibility score (SAS) of the molecules. A
compound with higher QED is more drug-like, while lower
SAS means it can be more easily synthesized. The other plugin
was trained on the ExXCAPE-DB dataset with an interaction
predictor to predict the binding to a set of 3 related genes. We
used a weighted sum of the desired molecule properties and
target binding affinities as an objective function.

We were able to generate hundreds of novel and valid
compounds which were not presented in any of the three
datasets. We tested promising candidates with high fitness
scores and made interaction predictions with the Swiss Target
Prediction [17] software, and the molecules showed high
binding affinity to the selected targets.

While the average target prediction accuracy did not im-
prove significantly from the model trained without the plugin
architecture, but the additional benefit of using an arbitrary
number of plugins trained for different tasks allows rapid
customization of desired target profiles, compared to retraining
the entire network.

IV. CONCLUSION AND FUTURE WORK

We have seen the challenges inherent in drug discovery
and that the combination of generative and predictive models

to reach a selective binding profile plays an increasingly
important role in this field of research.

In our paper we introduced a method which can be used to
generate suitable candidates for an arbitrary objective function.
By separating the task of reconstruction and conditioned
generation we end up with a model capable to efficiently
handle newly arriving targets. Finally, we shoved how it can
be used in a distributed environment without sharing any
confidential data.

For further improving the model we want to try the uni-
versal transformer architecture [19] and the relative position
embedding [20].
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