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Abstract

As COVID-19 has made sure to show, drug discovery is a very relevant but also very
challenging process: the goal is to find a target compound with some set of desired
properties (de novo design) among the 10°° — 10'% theoretically possible drug-like
molecules. Machine learning methods have proven to be effective to address this
problem, allowing for efficient exploration of the vast chemical space. Whilst string-
based generative models have been thoroughly studied, there has not been yet a
great focus on taking into account either the molecular graph or its 3D structure.
That is why we propose two generative models: on the one hand, a graph-based deep
generative model for targeted design using reinforcement learning; and, on the other
hand, a deep auto-regressive generative model of small-molecules conformations. In
this work we show the ability of the reinforcement learning framework to fine-tune
the graph-based model towards generation of molecules with different desired sets
of properties, even when few molecules have the goal attributes initially. We also
present some early results in the search of a transferable molecular conformations
generator that is able to learn from sample conformations and known rules of physics.
These results suggest the potential of including structural information in molecular
deep generative models. And, specially, motivate future work towards developing a
reinforcement learning-based 3D model for de novo design.

Keywords: Machine learning, drug design, de novo, generative models, graph neural
networks, normalizing flows, reinforcement learning, molecular modeling.
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1

Introduction

1.1 Introduction

We develop this thesis in the context of a world pandemic: COVID-19 has challenged
the world-wide social-economic order, highlighting the need of, not only prepared
enough health care systems, but also a quick and effective response to these kinds of
threats. This past year, the race for developing vaccines has been motivated by both
economic and scientific reasons, as well as the hope of our societies getting back to
their previous lives and feeling safe again. Even if we did not find ourselves in this
challenging situation, many more reasons could be outlined to motivate the research
in the field of drug discovery, such as looking for more effective (and/or cheaper to
produce) treatments for already curable diseases or improving traditional treatments
losing their effectiveness, as it is happening with the use of antibiotics for bacterial
infections. The impact of drug discovery in our lives is formidable and thus, the
need of more advanced methods in this field is undeniable. However, looking for
chemical compounds with desired properties is not at all an easy task.

The process of drug discovery can be compared to finding a needle in a haystack: the
aim is to find a compound which has some desired properties (solubility, toxicity...)
among the 10% — 10'% theoretically possible, drug-like molecules [3]. Therefore it
is neither feasible to synthesise and test every potential compound experimentally,
nor to computationally screen a representative fraction of this chemical space.

Machine learning methods are now used to address this problem by virtually de-
signing candidate compounds with desired property profiles (e.g. de novo design),
instead of screening libraries of millions of molecules looking for the goal attributes.
In this manner, a larger fraction of the chemical space can be explored with a
smaller computational footprint while keeping the molecules to synthesise and later
test small.

Our project aims to take natural steps in the field of Al (Artificial Intelligence)-
driven drug discovery. De novo design has been successfully explored using tools
which encode molecules as strings [4]. However, it has not been fully explored using
graphs, which are a more natural representation of most molecules, since their atomic
constituents interact with each other through bonds and their overall structure can
be represented as a graph. Moreover, the use of 3D and spatial information has not
been thoroughly explored in de novo design. Therefore, the goal of this project is to
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study the reinforcement learning and 3D aspects of deep generative models. While
we tackle each of these points in parallel, ideally they could be later combined for
the construction of a reinforcement learning-based 3D deep generative model for de
novo design.

1.2 Context

As previously introduced, the concept of generating molecules given an input set
of desired molecular properties is known as de novo drug design. Currently, the
best way to generate targeted molecules using graph-based methods is to pretrain a
model on a general set of molecules (such as the ChREMBL database [5]), and then
subsequently fine-tune the model on a smaller set of molecules (such as a set of
known ‘actives’). Although such approaches work well, a disadvantage is that this
sort of fine-tuning process requires the existence of at least a small dataset which
contains examples of molecules with the desired properties. Alternatively, one could
generate molecules and then filter them, looking for the desired molecular proper-
ties. However, in the ideal molecular generative model, one would only generate
molecules that have the desired properties, thus eliminating the need to filter them
in a subsequent step. Efficient de novo design models have the potential to speed
up the drug development process significantly by making the hit discovery and lead
optimisation phases in drug discovery more efficient and increasing our chances of
success in later (e.g. pre-clinical and clinical) phases.

Machine learning models are data-driven and provide a means to estimate probabil-
ity distributions from data. This is useful for generative chemistry for the following
reasons. Appropriately trained models can generate new molecules which follow the
chemical rules without necessarily imposing those restrictions in the model — in other
words, state-of-the-art machine learning methods may ‘learn chemistry’ from data.
Such models facilitate the exploration process of the space of possible compounds
exactly for this reason — they ‘understand’ chemistry and can take rational actions,
analogous to an ‘artificial chemist’. The first approaches [6] to drug design using ma-
chine learning used molecular string representations (SMILES) and recurrent neural
networks (RNNs). More recently, graph neural networks (GNNs) [7] and other
graph-based architectures [8, 9, 10, 11, 12] have been used for this purpose. GNNs
are specially tailored neural network architectures for learning representations for
graph-structured data and are thus nicely suited for handing chemical structures.
Both string- and graph-based methods work great for molecular generation, but
there is still the limitation that many deep generative models do not take into ac-
count 3D information and therefore often fail to capture stereochemistry, which is
critical in pharmaceutical applications.

In solution, small molecules will adopt a broad distribution of distinct microscopic
configurational states. From statistical mechanics, we know that, at thermal equi-
librium, the probability of a microscopic configuration, X, is proportional to the
Boltzmann factor exp(—pU(X)), where f = 1/k,T is the ‘inverse temperature’
and U(X) is the potential energy of the configuration. Many molecular properties
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are functions of the distribution of conformations such as the binding free energy.
Consequently, sampling this distribution is critical for accurate property prediction.
However, efficiently generating configurations following the Boltzmann distribution
remains a challenging problem. Therefore, establishing new methods which allow us
to directly generate configurations of a molecule with probabilities proportional to
the Boltzmann factor is of great interest.

1.3 Goals and Challenges

In this project we will take two direct steps towards the end-goal of de novo design:

For our first goal, we want to build a model which allows us to generate graphs of
molecules with some given set of desired properties (de novo drug design). To do
this, we can use graph-based generative models together with reinforcement learn-
ing. We propose to use graph-based methods because, even though the performance
of string-based approaches is remarkable, they do not take into account the internal
structure of the molecule and the interactions between atoms. Therefore, we believe
by working with graphs we could boost the performance of the generative model
even more. Furthermore, graph-based methods will provide a better integration
with 3D generative models at a later time.

For our second goal, we want to develop a model that generates physically realistic
configurations for a given a molecule. We describe a molecule by its chemical graph,
which contains information about the atomic composition and bonds between atoms.
The objective is, given a model for the potential energy of the molecule, to generate
conformations in thermal equilibrium and which therefore follow a Boltzmann dis-
tribution.

These two aims are the key components of a 3D conditional generative model. In
particular, it could be plausible to incorporate the configurational information gen-
erated by the second project in the first one and construct a reinforcement learning-
based 3D generative model, creating an integrated model. As such, our goal is to
make both aims as compatible as possible initially, to enable subsequent integration.
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Theory

2.1 Molecular representations

In this section we will describe how we can represent molecules in a ‘friendly’ syntax
for both computers and scientists [13].

2.1.1 Classical notations

Many different notations have been developed during the past to be specially suitable
for different situations. The most well-known one is the empirical formula, such
as HyO for water. This notation includes information about how many atoms of
each kind there are in the molecule, but it does not indicate how atoms are linked
nor includes information about the molecular geometry. For these reasons, and as
cheminformatics started to gain popularity, new computer-readable representations
were developed.

2.1.2 Graph representations

A graph is a set of nodes V' and edges E, where each edge in E connects a pair of
nodes in V. In the case of a molecular graph, each atom in the molecule will be
associated to a node and each bond with a edge. A molecular graph is a 2D object
which can be used to represent 3D information by encoding spatial coordinates as
node features together with other properties such as atom types, formal charges
or chirality. The graph representation will also include an adjacency matrix which
will indicate how nodes are connected and a set of edge features such as the kind
of bond. It must be noted the adjacency matrix can be given in the form of edge
features indicating if a certain type of bond exists or not. Graph representations are
node-order dependent and different graph traversal algorithms such as depth-first
or breadth-first can be used to determine the order.

Some disadvantages of working with molecular graphs are that they are not compact
(they can be memory expensive) and that there are certain types of molecules which
cannot be encoded using graphs, such as those which contain ionic or metal-metal

bonds.
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2.1.3 Linear notations

The large memory usage of matrix representations make them not suitable for simple
cheminformatic analysis. For that reason, molecules are commonly encoded using
strings of characters which can be interpreted following their corresponding set of
rules. Some popular linear representations are SMILES [14] and InChl [15].

2.1.3.1 SMILES

Simplified Molecular Input Line Entry System (SMILES) is a non-unique (there
are multiple notations for the same compound) and unambiguous (there is only
one compound associated to each representation) notation. The representation is
generated by assigning a number to each atom and then traversing the molecule
following the specified order. RDKit [16] uses depth-first search as graph traversal
algorithm. Having different representations for the same molecule can be used for
introducing noise into the model as well as for data augmentation [17]. The different
representations are generated by choosing different starting nodes an then following
the same graph traversal algorithm.

2.2 Conformation representations and internal co-
ordinates

Now that we know how to codify a molecular graph, we present how molecular
conformations can be encoded. A molecular conformation is a spatial arrangement of
the atoms of a molecule. The ensemble of 3D conformers accessible to a molecule has
an important impact on the properties of the molecule [18], similar to how proteins
exhibit different properties when folded or unfolded [19]. The most straightforward
way to codify molecular conformations is to annotate the Cartesian 3D coordinates
of the atoms in the molecule in a table. However, this approach is not convenient if
we want a univocal representation since the same spatial arrangement can be rotated
or translated. Indeed, from the 3N degrees of freedom of the Cartesian coordinates
for atoms in a molecule (N is the number of atoms in a molecule), 6 are fixed for
a conformation: three translational coordinates (e.g. from the center of mass) and
three rotational elements corresponding to the Euler angles. Therefore, a convenient
representation has 3N — 6 degrees of freedom. This can be achieved by computing
N —1 bond lengths, N —2 bond angles and N — 3 torsion angles. We mathematically
define in the following section these quantities.

2.2.1 Geometric definitions

Having understood the advantages of using internal coordinates we can now proceed
to formally define the previously introduced magnitudes. Let r; with i € [1,4] be the
positions of four atoms and r; ; = r; —r;. Then fi; = % and 7, = %
are unitary perpendicular vectors to the plane formed by atoms (1,2,3) and (2, 3,4)
respectively. In the previous expressions, x denotes the cross product and ||v|| de-

notes the norm of v. We define:
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o The distance between atom 7 and j is

dij = [Iri;ll- (2.1)

o The angle described by atoms ¢, 7 and k is

0; ;5 = arccos —2—L= (2.2)
s 17451 {1755l

with 6; ; € [0,180]. Here, ‘-’ denotes the dot product.
The torsion/dihedral angle described by atoms i, j, k and [ is defined by

ri7j X Tj,k: ’l"ij X ’l“k’l
COS Wi ikl = . 2.3
PR o Tl Tl T (23)
and
Singp- = Tij; XTjk Tik X Tk . Tk (2 4)
gl ekl T gkl leeall el
Therefore,
COS P12,34 = Ty - Ty (2.5)
and . L X Tos
SN Y1234 = T X Ny * [7as] (2.6)

Equation 2.5 comes from simple properties of the dot product (since both
vectors are unitary). Additionally, Equation 2.6 can be derived from the norm
of the cross product (||7;; X 7kl = ||7jilll|7jxl sinb; ; %), given that i, x iy
and 7 3 are parallel vectors by construction. Therefore, we can also define the
torsion as the angle between the planes formed by atoms (1,2,3) and (2, 3,4).
It measures the twisting of a set of 4 atoms as can be observed in Figure 2.1.

2.2.2 Internal coordinates and Z-matrix

The previously introduced quantities use a set of already placed atoms to construct
a reference frame. As we compute these new coordinates with respect to other atoms
in the molecule, they are called internal coordinates. Moreover, this way of codifying
molecule conformations is known as Z-matrix, and is constructed as follows:

1.
2.

We first compute the distance from the first to the second atom.
Then we compute the distance from e.g. the second atom to the third one and
the angle that these three atoms describe.

. For the fourth and next atoms, we compute a distance, an angle and a torsion

using three already placed atoms as a reference.

This process is illustrated in Figure 2.2, in which the values of distances, angles,
torsions and reference atoms are annotated.

Given its Z-matrix, a conformation is uniquely defined. However, given a single
conformation, there exist several Z-matrices that can describe it.
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Figure 2.1: Visualisation of the definitions of distance, angle and torsion. The distance
between atom 3 and 4 is d3 4, 023 4 is the angle described by atoms 2, 3 and 4 and 1234
is the torsion described by atoms 1, 2, 3 and 4.

The last ingredient needed for having a univocal representation is setting a rule to
choose the reference atoms. Since in this project we will construct conformations
placing one atom at each generation step (auto-regressive model), it is very conve-
nient to choose the reference atoms so that they are connected among themselves and
also to the atom to place. One way of doing this is to generate an atom ranking in a
deterministic fashion and choose the reference atoms with a breadth-first algorithm
based on this ranking. In particular, in this project we use the canonical ranking
rdkit.Chem.rdmolfiles.CanonicalRankAtoms [16] and a standard breadth-first
algorithm [20]. These algorithms traverse graphs choosing the highest ranked node
when there is ambiguity. Then, the last three preceding atoms (i.e. the ‘parent’
atoms) to the the current atom are chosen as reference atoms. For example, in
Figure 2.2, we can observe how, given an atom order based on a ranking, the atoms
connected to atom 0 {1,2,3} are placed first (coloured in yellow in Figure 2.2). In
the case of atom 3, atoms 1 and 2 are not connected but {0, 1,2} are the only set
we can use as a reference at this point. Then, coloured in green, the neighbours of
the neighbours of 0 are placed. Again, when there is ambiguity with what atom to
choose as the next reference atom, the one with the highest ranking (smaller order
index) is chosen.

2.2.3 Natural extension Reference Frame (NeRF): Local and
global reference coordinate frames.
With the previous definitions, we have enough tools for transforming Cartesian to

internal coordinates. In this section, we will describe how to transform internal to
Cartesian coordinates using the Natural extension Reference Frame.
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Element Atom rzifsetnlr:\ccz rez:ilr‘:ce r:;:::‘:e Distance(A) | Angle (°) | Torsion (°)
c 1 0(C) - - 1.504 - -
(o) 2 0 1 - 1.359 111.060 -
o 3 0 1 2 1.210 126.239 -179.989
H 4 1 0 2 1.088 109.500 179.955
H 5 1 0 2 1.092 109.523 -59.068
H 6 1 0 2 1.092 109.530 58.968
H 7 2 0 1 0.968 105.881 -179.999

Figure 2.2: Illustration of the construction of the Z-matrix of the acetic acid using atom

rankings.
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Given a set of 3 atoms, we can define a reference frame in which the third atom lies
on the origin, the second on the negative x-axis and the first one on the zy-plane.
Under these conditions, the coordinates of the fourth atom can be indicated using
spherical coordinates, say,

r = (rcosf,rsinfcos p,rsinfsinp), (2.7)

where r = dg 4, 0 =7 — 0334 and ¢ = 1234 (as shown in Figure 2.3). This is the
‘trick’ that NeRF uses.

Figure 2.3: Natural extension Reference Frame (NeRF) illustration. Choosing atom 3
as origin, 72 3 as z-axis and atoms {1, 2, 3} defining the z-y plane, the coordinates of atom
4 can be written in spherical coordinates (as shown in Equation 2.7).

Under this (local) coordinate system defined by the other atoms in a molecule (as we
do when we use internal coordinates), the transformation from internal to Cartesian
is trivial and given by Equation 2.7. The only detail remaining is how to express
these coordinates in some reference frame, such as a global reference frame used
to specify the coordinates of all the atoms in a molecule. Given the coordinates
of atoms 1, 2 and 3 in this global frame, we can make use of the change of basis
theorem to compute a rotation matrix defined by column vectors,

R = [?12,37 ﬁl X 632,3, ﬁl]) (28)

where 93 = H:z—zu In this last equation, the columns of R are the unitary coordi-
nates of the NeRF axes in the global reference frame. Finally, we can transform a
vector in the NeRF to the global frame by rotating and adding the coordinates of

the local frame origin,
T global = R'r‘local + 73, (29)

10
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where the subscripts are added to stress the basis which should be used when writ-
ing the coordinates of the vectors. As previously stated, if not specified, then the
global frame coordinates should be used. In this work we will use the reference
frame defined by the four first atoms as the general reference frame.

These kinds of transformations are especially important when dealing with protein
simulations. In particular, the change of reference frame consumes an important

fraction of the computing time and efficient implementations of these methods exist
(such as pNeRF[21]).

2.2.4 SchNet and sub-conformations representations

Convolutional neural networks (CNNs) [22] have been extensively used for process-
ing image, audio and video. However, the atoms in a molecule are not arranged in
a grid fashion and, therefore, cannot be correctly treated by models of this kind.
SchNet[1], a continuous-filter convolutional (cfconv) neural network for modelling
quantum interactions, is a possible generalisation of CNNs which is able to deal
with (sub)molecular data. The input of this model is a set of atomic numbers for
N atoms (Zy, ..., Zxn) and a set of their corresponding positions (1, ..., ry). Based
on this input, the model generates a numerical representation which can be thought
as a (sub)conformational embedding. In particular, in this work we use SchNet for
summarising the information about previously placed atoms in the generative pro-
cess of a conformation.

(X1, ... x) (r1 o)

embedding, 64

interaction, 64
interaction, 64

interaction, 64

(vi,...v)
interaction

|

Sub-conformation
representation

®

(4, )

(x‘{fl, .. .xf‘l)

Figure 2.4: Representation of the SchNet architecture (left) and detail of the interaction
(centre) and the cfconv (right) blocks. The inputs, atomic numbers of N atoms (7,
...y Zn) and its corresponding positions (ri, ..., ry), are processed to generate atom-
wise feature vectors (x!, ..., xlN) that are aggregated to generate a sub-conformational
representation. Figure adapted from [1].
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The model creates first a feature representation of fixed length, F' (64 in our example)
of the different N atoms. An atomic number-dependent embedding layer is used
for that purpose. Then, a number of interaction blocks are concatenated (3 in
Figure 2.4). The idea behind these blocks is that they allow both intra- and inter-
atomic feature vectors recombination. In particular, intra-atomic recombination is
performed in the atom-wise layers. These are linear dense layers that are applied
separately to the representation of atom 4, !, and can be written as

xTt = D'x! +- b, (2.10)

where [ is an identifier of the layer and D' and b’ are its trainable parameter arrays.
Inter-atomic recombination occurs in the cfconv layers. Given some filter-generating
function

Wi R — RE, (2.11)

mapping from some real space coordinates to the atom feature space, cfconv layers
compute

= (W) =S e Wi 212
J

For this work, the filter-generating function is constructed in a way it respects
molecular translational and rotational invariance. One way of achieving this is by
making the interaction layer depend on the inter-atomic distances, d; ;. Without
further processing, the filters would be highly correlated since a neural network after
initialisation is close to linear. This leads to a plateau at the beginning of training
that is hard to overcome. To help solve this problem, radial basis functions,

ex(ri — ;) = exp(—7 ||dij — ], (2.13)

are introduced. In particular, filter centers positioned at 0 < p; < 30A every 0.1A
with 7 = 10A are used such that all distances in drug-like compounds are covered
by the filters. After that, a number of dense layers (2 in Figure 2.4) with shifted
softplus non-linearity, ssp(x) = log(0.5¢* + 0.5), functions are added.

One final feature not discussed yet is that the interaction block has a residual struc-
ture, inspired by Google’s ResNet [23]. That is, some quantities v; are computed to
be summed to the inputs, say,

X = x4 ol (2.14)
Where v! are the residues, generated with a combination of atom-wise and cfconv

%

layers and non-linearities such as shifted softplus.

Finally, after the atom feature vectors are generated, an aggregation function is
used for getting a fixed size output (usually sum or average are used in available
implementations) followed by a multilayer perceptron in charge of the final sub-
conformational representation. Here we use a popular PyTorch implementation of
this model, SchNetPack [24].

12
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2.3 Deep generative models

Deep generative models exploit the ability of machine learning models to estimate
probability distributions from data to generate new samples which resemble the
training set. These kind of models have successfully been applied to generate text
[25], music [26] and images [27].

Additionally, they can be very useful in generative chemistry for efficiently exploring
the vast chemical space and finding compounds with target properties [28].

2.3.1 Molecular deep generative models

RNN [29], VAE [6] and GAN [30] have successfully been used as generative models
for de novo design encoding molecules as SMILES.

While the performance of these approaches is remarkable, they do not take into
account the internal structure of the molecule and the interactions between atoms.
That is why it is interesting to explore if by working with graphs and introduc-
ing information to the deep generative models about molecular connectivity and
structure, the performance of the models could improve further.

2.3.2 Conformational deep generative models

In the same fashion as in the previous section, we will introduce some relevant pre-
vious works in the field of generative models for molecular conformations.

On the one hand, although strings and graph-based generative models have been
investigated and even used within industrial applications, they are restricted by a
lack of spatial information. For this reason, 3D structure-generating models which
are based on deep learning architectures which can model quantum chemical prop-
erties [1, 31, 32] have been proposed [33].

On the other hand, normalizing flows [34] have successfully been used to fit un-
derlying probability distributions from a large variety of data. Moreover, they can
be used to generate samples from the learned distributions. Therefore, a variety
of generative models for molecular conformations based on normalizing flows have
been proposed [35, 36, 37]. This last work introduces the Boltzmann Generators
framework. Apart from fitting the underlying probability distribution for a set of
sample conformations, a method for using domain knowledge from physics during
the learning process is introduced; this is the fact that the probability distribution of
possible molecular conformations follows the Boltzmann rule. However, this model
can only be trained and used on one molecule at a time, meaning that there is no
transferability among molecules. This is an specially interesting property from the
point of view of de novo design since the spatial structure of molecules encodes some
of their properties.

13
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In this work we propose an auto-regressive deep generative model based on normal-
izing flows. The normalizing flows in the model are conditioned on 1) deep learning
architectures modelling spatial interactions (i.e. SchNet) and 2) a molecular rep-
resentation. In this way, our model attempts to address the lack of transferability
previously mentioned. Besides, our model is a Boltzmann Generator, incorporating
the advantages of the previously described methods.

2.4 Graph-based deep generative models

In this section we will give an overview over graph neural networks and their use for
generative purposes in the field of drug discovery.

2.4.1 Graph neural networks: message passing neural net-
works

Graphs are structures which encode elements (nodes) and the relationships between
them (edges). There is an increasing interest in them, as they are useful representa-
tion of various systems such as social interactions (e.g. social networks) or physical
systems (e.g. interactions between atoms in a molecule). Nonetheless, standard neu-
ral networks such as CNNs and RNNs are not capable of taking graph-structured
data as input, making it necessary to develop a new kind of neural network.

The idea behind graph neural networks (GNNs) is to combine the ideas of both
CNNs (local connections, shared weights and many layers) and graph embedding
(representing graphs in a low dimensional vector and learning a transformed rep-
resentation of the nodes) [7]. Message passing neural networks (MPNNs) [38] have
been proposed as a unification of different graph neural and convolutional network
approaches.

The aim of MPNNS is to learn a node-order (permutation) invariant embedded rep-
resentation of graphs, g, together with a transformed representation of the node
feature vectors at message passing step L, H*, that takes into account the interac-
tions in the graph.

The forward pass of MPNNs has two different phases: the message passing phase
and the readout phase, shown in Figure 2.5

The message passing phase consists in repeating L times the following computation

of messages m!™ and update of the hidden node states (which are initially set equal
to the node features):

mitt = 3" MRl b, ey), (2.15)

i BEZE
v EN (v3)

At = Uy(hL, mb. (2.16)
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In the expression above, h! are the hidden states of node i at the message passing
step I € {0,1,.., L—1}, N'(v;) represents the set of vertexes (nodes) which are neigh-
bours of vertex v;, and e;; represents the edge features of the connection between
vertexes i and j. We will denote the set of initial hidden states {h3, hY, ..., h%_;} as
H° and the set of final hidden states, as HZ. It is important to highlight this update
rule follows the idea of shared parameters and taking into account local connections.
Moreover, the message function M; and, especially, the update function U; are the
ones which will determine the type of GNN.

The readout phase consists of two MLP (multilayer perceptrons); these are in charge
of computing the embedding and the attention weights, respectively. They take as
input the initial and the final hidden node states H° and H”, and together return
the node-order invariant embedding ¢ of the input graph.

INPUT L MESSAGE PASSING STEPS READOUT
Graph embedding

OUTPUTS

* Graph embedding, g

Node features:
* Transformed feature

* Atom type: {C, N, O, Cl} vectors. h..
* Formal charge: {-1, 0, +1}

Edge features: {single, double, triple}

Figure 2.5: General schematic of the message passing neural network. Examples of node
and edge features are given for the case where we identify the graph with a molecule.
In the message passing phase, only the arriving messages for the first node are pictured.
Nonetheless, messages must be computed for every node. A ‘x’ as a subscript means the

set constituted by the variables corresponding to all possible indices replacing it (hf =
HY = {nl, nf,..}).

As a summary, the general architecture of a GNN consists of L propagation blocks
which make use of a non-linear propagation rule
H™ = f,,(H' E) YieL. (2.17)

Where H' are the hidden node states at block [ and HY is initialised to V. This
propagation block is followed by a readout block which calculates a node-order
invariant representation of the molecular graph, g, which can later be used for
various tasks, such as property prediction among others.

g = freadout(HL7 HO) VielL. (218)
The outputs of the GNN block are the transformed node feature vectors HY and

the node-order invariant embedding g.
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2.4.2 Gated graph neural networks

Gated graph neural networks (GGNNs) are characterised by using gated recurrent
units (GRUs) as the update function (Equation 2.16) of the message passing phase
of MPNNs. By using GRUs, the message passing phase becomes more robust. Their
use prevents the short-term memory problem, which will otherwise cause the model
to forget both the input features and things learnt in the first message passing steps.
In the case of graph neural networks, the number of message passing steps L will
typically not be large. Because of this feature, GRUs are preferred in this setting
when compared to LSTMs (which are more complex and usually exhibit better per-
formance for longer sequences/more message passing steps).

GRUs make use of three additional variables for updating the hidden node state h!
to Al the update gate vector 271 the reset gate vector ! and the candidate
hidden node state hi**. The update rule is the following:

A = o (Wmit + ULRL + 1)), (2.19)

it = o (Wiml™ + ULk +0L) (2.20)

A1 = tanh (W%mé“ + UL (r o Al + bﬁl) : (2.21)
Rt = (1= 24N @ bl 4 24 @ B (2.22)

Where W, U; and b} are learnable parameters by the model. A ‘x” as a subscript
means the set constituted by the variables corresponding to all possible indices
replacing it. On the one hand, we can observe the update gate vector will determine
the contribution of the previous and the candidate hidden node states to the new
one. On the other hand, the reset gate vector has the power to determine how much
the previous hidden node state contributes to the computation of the candidate one.

2.4.3 Graph-based molecular deep generative model:
GraphINVENT

Graph-based deep generative models generate new graphs by iteratively adding
nodes and edges to incomplete subgraphs. This is done by sampling from learned dis-
tributions of possible actions (referred to as APDs, action probability distributions).
Examples of possible actions include adding a new node to a graph, connecting ex-
isting nodes in a graph, or terminating a graph under generation. GraphINVENT
[2] is a platform for training deep generative models directly on the molecular graph
representation and we will take it as a base for our reinforcement learning model.
The architecture of the model is shown in Figure 2.6 and is constructed by a GNN
block and a global readout block.
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Figure 2.6: General schematic of a graph deep generative model such as GraphINVENT
[2]. A single molecule is shown but in practice mini-batches are used in training and
generation.

2.4.3.1 GNN block

The GNN block can consist of any type of MPNN. However, here we will focus only
on the model that uses a GGNN block, since that was the one which showed the
best performance over all the different ones analysed in [2]. The GGNN block used
here is as the one described in Section 2.4.2, with the simplification that in this case
M, = M and U; = U, meaning that W' = W,, U, = U, and b, = b,; in other
words, weights are shared between message passing ‘layers’. This makes sense in our
setting, where it is reasonable that the weights are the same for all message passing
steps, in the same way as they are constant in time in RNNs. Additionally, the num-
ber of learnable parameters of the model is considerably reduced, helping to avoid
overfitting. Moreover, we will denote as edge neural network (ENN) the network
that computes the transformation M to compute the messages. These messages will
depend only on the hidden features of the ‘sending’ node and on the type of edge.
In order to take into account the type of edge, there will be one different ENN for
each type of bond possible.

The input to the GNN block is an adjacency tensor £ and node features matrix V.
E uses one-hot encoding for the bond type (Single, Double, Triple or Aromatic) and
V' makes use of the one-hot encoding for representing the different features such as
atom type ({C, N, O, S, Cl, ...}), formal charge ({-1, 0, +1}), implicit H ({0, 1, 2, 3,
...}) and chirality ({None, S, R}). We illustrate this notation via the example shown
in Figure 2.7, where the F and V tensors for the sets of bond types and features
described will be

000 [o10] [00°0
E=1lo 10,0 00,1t 0o, (2.23)
000/ (100 [000
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The vertical lines in V' represent the separation between the one-hot encodings of the
different features. It must be noted these tensors will be padded with zeros to match
the dimensions of those of the largest molecule. The resulting dimensions will then

be: d1m<E) = [nnodes max; "'nodes max nedge feat.] and dlm(V) = [nnodes max; node feat.] .

Figure 2.7: Example of the chemical graph of formic acid: the nodes are atoms and the
edges represent the chemical bonds. When node labels are omitted a carbon atom should
be assumed. Note that there is also an implicit hydrogen (not shown) on carbon 2. Figure
taken from [2].

The outputs of the GNN block are H*, the set of final hidden node states, and g,
the node-order invariant graph embedding.

2.4.3.2 Global readout block

The global readout block is the one in charge of computing a global property of the
graph using H” and g. It consists of several MLP blocks in charge of computing the
different components of the global property desired to be determined. In our case,
the global property we are interested in is the action probability distribution (APD).
The APD is a vector containing probabilities for all possible actions for growing a
graph and it is made up of three components: fuqq, feonn and fierm.

APD = SOFTMAX( fadd: feonns frerm)- (2.25)

In f,44, the probabilities of all different possible ways of adding a node are contained,
taking into account to which the new node will be attached, the node to connect
to, the new atom type, the new formal charge, the bond type, etc. In feon,, the
probabilities of connecting the last appended node are contained, taking into account
the node to connect to and the type of the new bond. Finally, in f..,, we find the
probability of terminating the subgraph.

2.4.3.3 Training of GraphINVENT

In order to train GraphINVENT we need to generate the target APDs for each step
(subgraph) in the construction of the molecule. This is done during preprocessing,
when the target APDs are computed for all subgraphs in the training data using a
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graph-decoding route as introduced in [39].

The training loss is defined as the Kullback-Leibler (KL) divergence between the
target APD and the predicted APD as shown in Figure 2.8.

GENERATIVE Predicted APD
g [ | H N
MODEL
Target APD
B Kullback-Leibler
divergence

Figure 2.8: The training data consists of subgraphs and target APDs. Subgraphs are
given as input to the model, which returns a predicted APD. Training is done by updating
the model parameters so that the KL divergence between the target and predicted APD
is minimised.

2.4.3.4 Evaluation of GraphINVENT

The model is evaluated by computing following metrics:
o PV: the percentage of valid molecules
« PU: the percentage of unique molecules (when generating an specified molecules)

o PPT: the percentage of properly terminated molecules by sampling the termi-
nate action

o« PVPT: the percentage of valid molecules in the set PPT
e Vg the average number of nodes per graph

e &4 the average number of edges per graph

2.4.3.5 Generation using GraphINVENT

Given a graph G, the action a, : Gy — G441 takes us from subgraph s to subgraph
s+ 1, and is obtained by sampling p(Hy, g | Gs), where higher probability actions
will lead to more favourable molecules if a model is well trained.

Generation of new molecules starts with an empty graph which is given as input to
the model so that it returns an APD, from which an action is sampled and then
applied to generate a new graph. This new graph is given again as input to the
model to repeat this process until an invalid action is sampled (such as connecting
two nodes that are already connected) or until the ‘terminate’ action is sampled.
The generation loop is shown in Figure 2.9.
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(e )
APD
TRAINED u E B
MODEL
Sample & apply
action
Repeat until
‘termination’

\ J is reached

Figure 2.9: Schematic of the generation process.

2.5 Reinforcement learning with graph-based gen-
erative models

The goal of reinforcement learning (RL) is to learn which action to take at each
possible scenario so that the return (discounted sum of reward signals after every
action taken) is maximised [40]. The main characteristic of reinforcement learning
is that the agent (‘learner’) must discover which actions are best to take by trial-
and-error.

Reinforcement learning can be used to fine-tune pretrained models for a specific
task. More specifically, we will focus on fine-tuning pretrained generative models so
that they can learn to generate molecules with some set of desired properties (de
novo design).

The aim of this section is to explain how the RL methods that we will use work.

2.5.1 Policy gradient methods

Policy gradient methods learn a parameterised policy 7(a|s, ) = Pr{A4; = a|S; =
s,0y = 0}, where A;, S; and 6, are the action taken, the state visited and the policy
parameters at time t respectively. We will now consider methods for learning the
policy given a scalar performance measure G(6), which the agent aims to maximise.
The policy parameters 6 are updated so that the loss J(0) = —G(0) is minimised.

The policy can be parameterised in any way, with the only requirement that
Verm(als,0) exists and is finite for all possible states, actions and values of the pa-
rameters. This means a neural network can be used to parameterise the policy, and
that is what we are going to use.
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2.5.2 REINVENT

REINVENT [4] is an Al tool for de novo design. It generates targeted chemical
compounds by using a SMILES-based generative model together with a RL
framework based on [41]. A REINFORCE-type [42] algorithm is used for training.

The goal in REINFORCE is to update the agent policy Tagent from the prior policy
Tprior 11 @ Way as to increase the expected score for the action sequences used to
build a graph. The loss function proposed in REINVENT is

J(0) = [log P(A)s —log P(A)y]*. (2.26)
Which is equivalent to using a final step reward of

( ) _ [1Og P(A)A - 1Og P(A)U]2
log P(A)4 .

(2.27)

In the loss function, A = {ag,ai,...,ar} is the sequence of actions taken to
build a graph Gr such that the model likelihood of the sequence is given
by P(A) = T n(a;/|G¢). Further, log P(A), is the agent log-likelihood and
log P(A)y = log P(A)prior + 0S(A) is the ‘augmented’ log-likelihood. The prior
policy is modulated by the desirability of the sequence of actions in the augmented
log-likelihood as the prior policy learns to generate valid molecular graphs based
on the training set, while the scoring function guides the policy towards desirable
graphs. S(A) € [0, 1] is a scoring function that rates the desirability of the sequences
formed based on the given target properties.

The formulation of this more elaborate loss function (instead of a simpler version
only dependent on the score) is motivated by the observation that otherwise the
agent would forget what the prior model had learned after a few learning steps. By
including the prior log-likelihood we make sure this does not happen. And, finally,
by tuning the scale parameter o, the influence of the score can be set.

The learning process is schematised in Figure 2.10. Both the agent and the prior
model are initialised to the chosen pretrained generative model. Then the RL loop
is entered, where the agent is then used to generate a batch of molecules (with their
associated agent log-likelihoods). Those molecules are next scored and their prior
log-likelihood is computed to construct the augmented log-likelihood. After that, the
mean squared error (MSE) over all generated molecules between the agent and the
augmented log-likelihood is computed. Finally, the agent parameters are updated
so that the mean squared error is minimised and a learning step is completed. This
process is repeated until the performance of the agent is satisfactory.

2.6 Properties of molecules
There are many attributes which can be measured and properties that can be esti-

mated for each molecule. They will help us understand the applications for which a
particular compound can be well-suited.
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Initialize
agent

Pretrained
generative
model

Update agent parameters to minimise the loss

Generates new
set of molecules MSE loss

[Agentlog-“ke“hood Augmented log-likelihood

Score Prior log-like

@)f HQ/ON\"( Scoring function

Prior model

Figure 2.10: Schematic of the RL loop.

2.6.1 Drug-likeness: Lipinski’s rule of five

Drug-likeness is a qualitative property which aims to determine whether a certain
molecule can be a good drug or not and becomes very relevant during the early
stages of drug discovery. In order to answer this question, different properties
are inspected. This can be done by checking compliance to Lipinski’s rule of five [43].

Lipinski’s rule of five tries to determine if a certain compound has the ‘right’ chem-
ical and physical properties by comparing them to those observed in most orally
administered drugs. It focuses on the properties relevant for the pharmacokinetics
in the human body such as solubility (measured through the octanol-water parti-
tion coefficient, also known as logP) or diffusion (directly related to its molecular
weight). More specifically, the rule states that, in general, a ‘good’ oral drug has no
more than one violation of the following statements:

e No more than 5 hydrogen bond donors.

e No more than 10 hydrogen bond acceptors.

e A molecular mass of less than 500 Daltons.

o An octanol-water partition coefficient that is smaller than 5.

The name of the rule comes from all the numbers in these constraints being
multiples of 5. Additionally, we would like to emphasise that Lipinski’s rule of five
does not apply to drugs administered by non-oral routes.

As any other rule of thumb, Lipinski’s one has many exceptions, variants and ex-
tensions. For example, the Ghose filter [44] checks for violations to the following
criteria:

« Partition coefficient (logP) in the range —0.4 to +5.6.
+ Molar refractivity from 40 to 130 m? - mol ™.

e A molecular mass of less from 180 to 480 Daltons.

e 20 to 70 atoms.
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2.6.2 Quantitative estimate of drug-likeness (QED)

The QED [45] is a measure of drug-likeness based on the concept of desirability.
It is achieved by computing the geometric mean over the desirabilities of different
properties:

QED = exp [711 z": In di} : (2.28)
i=1

The properties taken into account in the estimate are chosen based on their rele-
vance to estimate drug-likeness and to influence the likelihood of attrition. There
are eight of them: molecular weight (MW), octanol-water partition coefficient
(ALOGP), number of hydrogen bond donors (HBDs), number of hydrogen bond
acceptors (HBAs), molecular polar surface area (PSA), number of rotatable bonds
(ROTBs), number of aromatic rings (AROMs) and number of structural alerts
(ALERTS).

The desirability functions for each property are derived empirically by fitting to
asymmetric double sigmoidal (ADS) functions the distribution of values for each
property in a set of approved drugs, i.e., a more refined version of Lipinski’s rule.

2.6.3 Biological activity

The biological or pharmacological activity of a drug is a property that indicates
the possible medical applications of a compound. Quantitative structure—activity
relationship (QSAR) models are regression or classification models used to relate a
set of compounds to their corresponding biological activities. An example of activity
that can be estimated using these models is the DRD2 activity, as done in [46]. The
DRD2 gene in humans encodes the dopamine receptor (D) protein. Some examples
of drugs with high DRD2 activity are bromocriptine, haloperidol and lysergic acid
diethylamide (LSD).

2.7 Normalizing flows

Normalizing flows [34] provide a general way of constructing flexible probability
distributions over continuous random variables. They operate by pushing an initial
density through a series of transformations to produce a richer, more multi-modal
distribution. The main idea of flow-based modeling is to express the distribution
of a random variable  through a transformation F,, of another random variable z
sampled from a base distribution p.(z)':

x = F,,(z), where z ~ p,(2). (2.29)

The base distribution p,(z) is typically chosen to enable computationally effective
i.i.d. sampling. The defining property of flow-based models is that the transforma-
tion F,, must be invertible and both F,, and F,, = szcl must be differentiable (and

1

z is also often referred to as the latent variable and therefore the space it lives in as the latent
space. We will use the two notations interchangeably here. However, there is debate as to whether
the latter term is not as appropriate here as it is in latent-variable models.
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therefore F,, is composable). Under these conditions, the density of @ is well-defined
and can be obtained by a change of variables:

po(@) = p.(2)| R0 (2)]| 7, (2.30)

where z = F_!(x) and R,,(z) = detJr,, is the determinant of the Jacobian of F,,.
Equivalently, we can also write p,(x) in terms of the Jacobian of F,, as

Pa(®) = p:(Foz()) | Rz (). (2.31)

In practice, we typically construct a flow-based model by implementing F,, (or
F!) with a neural network and taking p.(z) to be a simple density such as a
multivariate normal. Usually, several transformations are nested as the repeated
application of, even simple, transformations to a uni-modal initial density leads
to models of exquisite complexity. Moreover, in the recent years the inclusion of
stochastic fluctuations [47] to these kinds of models has been an active area of
research, leading to an important improvement in performance. However, due to
time constraints on this project, we choose a simpler approach here, the Real Non-

Volume Preserving (NVP) [48].

2.7.1 Real NVP and fully masked inputs

Now that the general ideas behind normalizing flows have been introduced, in this
section we describe the actual implementations used in this project. In particular, we
used a flow constituting of Real NVP [48] transformations as the trainable invertible
network. The idea behind these transformations is to separate the inputs of a layer
into two groups, z = (21, 22), one that is transformed (z2) and another that is not
(z1). The transformations performed on z have the shape

T = 21
22\R1,22) = ) 2.32
fusl2a, 22) {wz = 2 @ exp (S(21;0)) + T'(21;0) (2:32)
and therefore the Jacobian log-determinant of the transformation is
log R.. = Y Si(21;60), (2.33)

where & = (21, T2) is the output of the layer, T'(x; €) is the translation network and
S(x1;0) is the scaling network. Both 7" and S are arbitrary non-invertible neural
networks. One simple, practical and efficient way to construct these transformations
is to use masking [49]: multiplying each weight matrix element-wise with a binary
matrix of the same size. With this technique we get to ‘mask out’ undesired con-
nections while keeping the rest unaltered. We can then trivially invert this kind of
transformations as

zZ1 = X1

2y = (23— T(x1;0)) ®exp (—S(x1;0)) (234)

fxz(wlan) - {
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with Jacobian log-determinant defined as

log Ryx = — ) Si(x1;0). (2.35)

In this project we are generally generating 3-dimensional (3D) outputs. One way of
doing this is using blocks of three of the previously described layers, in which the
different coordinates z; are transformed in different layers. This way, every coordi-
nate is transformed on each of these blocks while maintaining invertibility. Using
masking, we can incorporate to the flow inputs that are used for transformations
but never transformed: we call these kinds of inputs fully-masked inputs. This
magnitudes can be very useful if we want to condition a certain transformation to
some context representation C'.

Putting all this information together, a transformation of the i coordinate with
context representation C' can be formulated as

il?#i = Z#Z‘
zx iy <) — , 2.36
feolz i, 20) {a:Z = x; xexp (S(24]C;0)) + T(2.4|C; 0) (2:36)

with Jacobian log-determinant

and where the subindex ‘;" refers to the non-transformed coordinates. The inverse
transformation is finally given by

) o B = T
forl@zi 3 {zi:(wi—T(w#\C’;H))*exp(—S(:c#\C;H)) - 23)

with Jacobian log-determinant

log R., = —S(x|C;0). (2.39)

2.8 Likelihood- and energy-based learning

In usual industrial machine learning applications, data is crucial: huge amounts of
data are necessary to properly train models. Moreover, more often than not, data
is the only ‘true’ source of information for the learning system. One of the main ad-
vantages of working with molecular conformations is that we have physical theories
we can use as domain knowledge about the system. In particular, we know from
statistical mechanics that, the probability of observing a microscopic configuration,
X, is proportional to the Boltzmann factor exp(—gU(X)) = exp(—u(X)), where
= 1/kyT is the so called inverse temperature (k; is the Boltzmann constant and
T is the temperature), U(X) is the potential energy of the configuration and u(X)
is the dimensionless potential energy. In this project, we take advantage of this fact
by training our conformational generative model in such a way that it learns from
both examples of conformations and statistical mechanics. We do this by following
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the strategy introduced in Boltzmann Generators [37].

Learning from energy can be thought as ‘teaching’ the model the rules of
physics that are relevant to the generation process. In this case, we do this
by minimising the Kullback Leibler (KL) divergence of the model distribution,
p-(X;0), and the Boltzmann distribution, B(X) = = exp(—u(X)) (where Zp is

Z
the partition function). Therefore, our initial loss functBion, Ju(0), is defined as
px(X; 6)
0)=D X:0)||B(X)] = E,,x |l =
(6) = D (X5 0)][BX)] = By o 0

= Ep.(z) [logp-(Z) = log||R..(Z; 0)|| + log Zp + u(F..(Z;0))],

where Z is the (vertical) concatenation of the latent vectors generating the confor-
mation X. If we now drop the terms that do not depend on 6, we get a simpler
version, Ly (@), of the loss function

Ly(0) = Ep.(2) [u(Fa(Z:0)) — log||R..(Z;0)]]]. (2.40)

The term log||R..(Z;0)| = SN, log||R..(zi; )| for an auto-regressive model. In
other words, if at every generation step, the position of the previously placed atoms
is considered as ‘known’. Formally, this equality holds if

N—
p:(X;0) = pi(xo; 0 H (x;|x<i; 0). (2.41)

con f

Finally, given a set of latent matrices {Z;},7" generating some molecular con-

formations {X; = F..(Z;) }fvz"f"f , the loss contrlbution associated to energy-based
learning can be estimated by Monte Carlo sampling as

1 Nconf

Neony i

As mentioned previously, we want our models also to be able to learn from examples
of conformations computed or measured by other methods, such as experimentally-
measured conformations or conformational states from high precision simulations
[50]. Moreover, it has been reported that models only trained on energy find diffi-
culties in exploring very different states [37]. For all of these reasons, we introduce
likelihood-based learning. To do so, we add a contribution to the loss, Jy1(0),
corresponding to learning from these examples, computed in the same (standard)
way as it is done in flow-based models [34], and corresponding to the KL divergence
between the data distribution, pd®(x), and the model distribution, p,(z; 0):

Jur(0) = Dy [ o (@ )Hpm(m,e)} = Epew) [log m]

= —E daa (g [log p(x; @)] + constant
= —Epgata(m) [logpz(Fa:z(ma 0)) + IOgHRa:z(ma 0) ||] + constant.
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In the expression above, the constant terms denote magnitudes not dependent on
0. In general, we cannot evaluate this expression exactly since we would need an

infinite amount of data or a tractable expression for pd®*@(x). However, given a

samples

collection of samples {%}l]\il , one can estimate the expectation over pdata(zx)
using Monte Carlo as follows

1 Nsa'mples

Jur(0) ® ———— > logp.(Fr.(xi; 0)) +log||Rys(24; 0) || + constant. (2.43)

Nsamples i=1

Furthermore, if we choose a standard multivariate Gaussian distribution and drop
constant terms, Ly, reduces to

1
Lars(6) = Eypuaey |51 Fos (@56) | — logl| Rec (3 0)] (2.44)

and can be estimated by

1 Nsamples

Lun(®) % 5 S, o |Fe(@sO) ~log| Re(mif).  (249)

Nsamples i=1

Please note that in this context, one sample is a set of coordinates for each atom
in the molecule. Minimising the Monte Carlo estimate of the KL divergence is
equivalent to maximising the likelihood of the model given the set of samples. That
is why we call this method likelihood-based learning.

As usual, expressions 2.42 and 2.45 can be minimised using standard optimisation
methods such stochastic gradient descent. Moreover, the minimisation can be
performed on subsets (or batches) of the dataset, which is helpful for avoiding
memory constraints and preventing the algorithm from getting stuck at local
minima.

27



2. Theory

28



3

Methods

3.1 Reinforcement learning with graph-based
generative models (1% model)

In this section we will explain in detail the methods used for the model developed
to fine-tune graph-based generative models using reinforcement learning.

3.1.1 Model design choices

The model proposed is made up of three main blocks: the graph generative model
(GraphINVENT using a GGNN, explained in Section 2.4.3), the reinforcement learn-
ing framework (implemented based on Section 2.5.2) and the scoring model (which
will change depending on the desired properties).

3.1.1.1 Generative model: GraphINVENT hyperparameters

The GraphINVENT model, as detailed in Section 2.4.3, has two main subparts:
the GGNN and the global readout block. The hyperparameter values chosen in
both models are those found to work best in the original publication [2].

Taking into account that in the GGNN the message size must be equal to the number
of hidden node features, the effective model parameters to choose are then:

o Number of hidden node features (100)

o Graph embedding size (100)

 Hidden size of MLPs-GGNN (250)

» Depth of MLPs-GGNN (4)

« Dropout probability GGNN (0)

« Number of message passes (3)

« Hidden size of MLPs-Global readout (500)

o Depth of MLPs-Global readout (4)

» Dropout probability Global readout(0)

Other parameters which need to be specified in GraphINVENT are those related to
the datasets we are going to work with and the features we want to be modelled.
We will use a ‘simple’” version of GraphINVENT in which we will not use aromatic
bonds, chirarility or hydrogens (neither explicit nor implicit). Additionally, we will
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only use canonical SMILES and allow a maximum number of heavy atoms of 72
(largest number of heavy atoms in the molecules of the dataset of DRD2 actives).
The parameter values used in the multi-layer percetrons (MLP) of the GGNN are
detailed in Table 3.1. Their weights are initialised from Xavier uniform distributions
[51]. The activation functions used are SELUs [52]. And the number of message
passes in the message passing phase is also shown in Table 3.1. These parameters
relate to the message passing phase and graph readout parameters in the following
way:

o Hidden node features = Input features

o Message size = Output features

o Graph embedding size = Output features

Table 3.1: Model hyperparameters used in the multilayer perceptrons (MLPs) and the
message passing phase of the gated graph neural network. There are 5 MLPs: 3 MLPs in
the edge neural network (one for each type of bond, i.e., single, double, and triple), also
referred to as the ENN, which is in charge of computing the messages given some input
hidden node features; and 2 MLPs in the graph readout block (one for computing the
attention weights and another for computing the embedding for each input feature).

Hyperparameters of the GGNN

Input features 100
Hidden features 250
Output features 100

Depth 4
Dropout probability 0
Message passes 3

The parameter values chosen in the MLPs of the global readout block are detailed
in Table 3.2. Again, weights are initialised from an Xavier normal distribution
and the activation functions are SELUs. The remaining parameters of the MLPs
are chosen as needed to encode all necessary information for the probabilities of
adding an atom, connecting two nodes or terminating a graph. These sizes depend
on another hyperparameter: the maximum number of nodes. As we have said, this
value depends on the application and the dataset used, and it is 72 in our case.

Table 3.2: Hyperparameters used in the MLPs of the global readout block. There are
5 of these MLPs: 2 in the first tier in charge of computing provisional probabilities for
adding and connecting nodes; and 3 in the second tier, where the final components of the
APD for adding, connecting and terminating are computed.

MLPs of the Global Readout Block

Hidden features 500
Depth 4
Dropout probability 0
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3.1.1.2 Reinforcement learning framework

We can frame the problem of generating targeted molecular graphs as a Markov
decision process, where the agent must make a decision on the best action to choose
next given the current graph. As such, we propose to use a REINFORCE-type
algorithm introduced in [41] for training a GGNN-based molecular generative
model. As previously explained, the goal in REINFORCE is to update the agent
policy 7 from the prior policy 7., in a way as to increase the expected score for
the action sequences used to build a graph.

We have based our implementation on the one explained in Section 2.5.2. However,
we have also introduced some changes to improve performance in our models. The
most notable changes introduced are related to the loss function, where we propose
to use a new term which both helps to stabilise learning and to achieve better results.
Our new definition of the loss function, Remember Best Agent (BAR) loss, is

J(0) = (1 —a)-[log P(A)s — (log P(A)psier + 0 S(A))]? (3.1)
+ - [log P(A")4 — (log P(A)pest & + 0 S(AN).

Above, a is a new hyperparameter, which we generally have found to work best
when set to 0.5. A’ refers to the set of actions taken by the best agent, ‘Best A’
to generate a set of molecules. The best agent is initialised to the prior model and
updated to copy the agent parameters every 5 learning steps if the score obtained
by the agent for 1000 molecules at that step is the largest so far.! With this new
definition of the loss function, we prevent the model from stopping generating
highly scored molecules because it will always learn from molecules generated
by the best agent. And, if the agent was to assign low likelihoods to the set of
actions taken to build those highly scored molecules, it would learn once again
how to increase their likelihood. Moreover, this loss also facilitates learning in
situations in which few molecules are highly scored, as it will be the case when
searching for active molecules. Nonetheless, this new definition will also lead to
less diversity in the generated molecules, i.e., a lower percentage of unique molecules.

It must be noted we disregard non-unique molecules in a batch of generated
molecules when computing the loss so that we do not update twice in the same
direction and push the model towards the generation of duplicate molecules.

The optimal value of ¢ will depend on our purposes, but it will usually be in the range
from 0.1 to 50. The larger its value, the larger the change in likelihood compared to
that of the molecules generated initially and, therefore, the larger the change in the
molecular properties we are tuning (e.g. the average number of atoms). However,
these changes also lead to higher-scored molecules. As such, the value of ¢ should
be chosen depending on what we value most: maintaining similarity to the prior or
increasing the score.

!The number of molecules is chosen as a trade-off between speed and enough sampling
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3.1.1.3 Scoring model

The scoring model can be as complicated as desired and designed for each par-
ticular and specific purpose. The scoring function used will be dependent on the
application towards which we want to fine-tune our generative model. We must
note that we will always assign a score of 0 to non-valid, non-properly terminated
or non-unique molecules, as they are not good examples for our model. Moreover,
the scoring function will always have a lower bound of 0 and an upper bound of 1,

ie. S(A) € [0,1].

We have implemented different versions of the scoring function. First, we imple-
mented some simple scoring functions which aimed to change the average size of
the molecules (increase or decrease their size). These were used to check if the
reinforcement learning framework was working correctly. Then, we implemented a
score which promoted drug-likeness in molecules. Finally, we implemented a score
for promoting DRD2 activity as the desired property in the generated molecules.

3.1.1.3.1 Reducing and increasing the average size of the molecules. To
start with a ‘simple’ task, we first tried to shift the distribution of the number of
nodes of the generated molecules from around 25 heavy atoms at the beginning a)
towards smaller molecules (by defining a scoring function that creates a maximum
reward for 10 heavy atoms) and b) towards larger molecules (by defining a scoring
function creates a maximum reward for 40 atoms). More specifically, the scoring
functions used are

0 if not properly terminated or invalid,
Sreduce(A) - |nnodes_10| ] . (32)
1 — nedee——n otherwise;
MaXnodes
and
0 if not properly terminated or invalid,
Sincrease (A) = 1 [Mnodes —40| . (33)
ETe— otherwise.

Where A is the set of actions taken to build the molecule, n,,40s is the number
of heavy atoms of that molecule and max,,4s is the maximum number of nodes
allowed in the model (72 in our case).

3.1.1.3.2 Promoting drug-like molecules. Our next definition for the scoring
function is based on the QED [45] implementation from RDKit [16]:

Somp(A) = 0 if not properly terminated or invalid,
AEDA T QED(SMILES(A)) otherwise.

Where SMILES(A) refers to the SMILES (see Section 2.1.3.1) of the final generated

molecule by the set of actions A.2

(3.4)

2All generated graphs are converted to canonical SMILES before writing to disk, so as to use
less disk-space.
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3.1.1.3.3 Promoting DRD2 active molecules. The final, more advanced
scoring model aimed to fine-tune our model towards the generation of drug-like
DRD2-active molecules. For that purpose, we used both the QED implemen-
tation from the previous scoring function and a pretrained DRD2 QSAR model
[46] obtained from https://github.com/pckol/Deep-Drug-Coder/blob/master/
models/qsar_model.pickle. As the assigned values for both the QED and the
activity estimate are not very informative, we will use a threshold of 0.5 (both es-
timates range from 0 to 1) to either classify molecules as active (QED and activity
> 0.5) or inactive (QED or activity < 0.5). If a molecule is classified as active, we
will then assign it a score of 1. Otherwise, if the molecule is inactive, the assigned
score will be 0.

1 if properly terminated, valid, QED > 0.5 and activity > 0.5,

Sactivity (A) - {

0 otherwise.

(3.5)
Using this discrete score means we will only update our model with respect to
molecules that fulfil all the constraints and can be thus given a score of 1. Therefore,
if not many molecules are active at the beginning, we expect our model to lose ability
to generate many different molecules and consequently, we expect the fraction of
unique molecules to be reduced while learning.
We note here that this is also an approximation; just because a molecule is valid,
has a QED > 0.5, and a predicted activity score > 0.5 does not guarantee it to be
active. However, it was a choice that we found to work well in our models.

3.1.2 Training: pretraining and fine-tuning

The training process of our model was carried out in two steps. The first step is a
supervised learning phase where the aim is to train the graph generative model so
that it learns to propose molecules with similar properties to those in the training
set. This is followed by a reinforcement learning phase where the aim is to fine-
tune the generative model so that it can learn to generate molecules with targeted
properties.

3.1.2.1 Pretraining GraphINVENT

Training of GraphINVENT is done by minimising the Kullback-Leibler (KL) diver-
gence between the target APDs and the predicted ones. Here, the Adam optimiser
[53] is used with no weight decay and OneCycleLR [54] learning rate scheduler im-
plemented in PyTorch [55]. In the scheduler, we have used the default parameters
but fixing it so as to not increase the learning rate initially by setting the division
factor equal to 1 and the maximum learning rate to the desired initial value (i.e.
no learning rate ‘warm-up’). Furthermore, we take as many steps as epochs and set
the fraction of steps for increasing the learning rate to 0.05 (to keep the learning
rate constant in our models). Other parameters such as the initial and final learning
rates and the batch size must be adjusted for each specific dataset via hyperparam-
eter optimisation. In our setting, we used an initial learning rate of 107%, a final
learning rate of 1077 and a batch size of 1000 subgraphs for optimal training.
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3.1.2.1.1 Training data. A subset of ChEMBL 25 [5] was used to train, vali-
date and test our models. This subset is taken from https://github.com/pckol/
Deep-Drug-Coder/tree/master/datasets and is preprocessed, as explained in
[46], such that only molecules containing {H, C, N, O, F, S, Cl, Br} and less than
50 heavy atoms remain. Moreover, the known DRD2 active molecules were removed
so that we can effectively evaluate if the model is able to learn how to generate
DRD2 active molecules having seen no previous examples of them. We randomly
take 5 - 10° molecules for the training set, 5-10* for validation and 5-10* for testing.

3.1.2.1.2 Evaluation. The best model is chosen by looking at the evaluation
metrics detailed in Section 2.4.3.4. Furthermore, we compare the validation and
training losses to avoid overfitting. It must be noted that determining which is
the best model is not straightforward. There exists a compromise between the
optimisation of percent valid (PV) and percent unique (PU) towards the target
value of 100%. This is because the longer we train our model, the greater the
percentage of valid molecules generated, but at the expense of a smaller percentage
of unique (PU) molecules generated.

3.1.2.2 Fine-tuning GraphINVENT

As we have explained in previous Sections, learning is based on a REINFORCE-type
algorithm in which we update the model parameters after each step to minimise the
loss function defined in Equation 3.1. We then have two generation steps during
learning: one in which the agent generates a batch of molecules, and another in
which the best agent so far generates a batch of molecules of the same size. For the
first batch, the corresponding agent APD is computed, as well as the APD that the
prior model would have assigned. For the second batch, the APD of the best agent
is computed, as well as the corresponding APD assigned to the chosen actions by
the agent. These APDs are then used for calculating the log-likelihoods needed in
the loss function.

The optimiser used here is again PyTorch Adam with no weight decay together with
the OneCycle learning rate scheduler (same scheduler settings as before). An initial
learning rate of 10™%, together with a final learning rate of 107, have been found to
work best during RIL-based training. A batch size of 64 molecules was used in all RL
settings, except for models with the scoring function aiming to increase the size of
the molecules, for which it was necessary to reduce the batch size to 32. While larger
batch sizes lead to less noise, here it was not possible to work with a larger batch
size due to memory constraints. However, these batch sizes are comparable to the
ones used for training GraphINVENT since we are referring now to full molecules,
which have 26 subgraphs per molecule on average; this translates to around 800-
1700 subgraphs per batch during RL training (for reference, the batch size used for
pretraining GraphINVENT was 1000 subgraphs). Working with full molecules is
necessary since the score must be computed for a complete graph.
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3.1.2.2.1 Evaluation. As we are not using any dataset in the RL framework,
it can be difficult to establish general metrics to evaluate the model apart from the
ones defined in Section 2.4.3.4. For this reason, we have defined different scoring
functions, such as in Equations 3.2 and 3.3, to test if the framework we have defined
is able to make the generative model learn how to increase the score of the generated
molecules. Another possibility is to check whether the generated molecules fulfil the
desired properties, thus allowing us to assess whether the choice of scoring function
is correct for our purposes.

For evaluating our final scoring function (Equation 3.5), we also have a set of known
active molecules to compare with. The generative model has not been shown these
molecules before and the idea is to check whether the model is able to reproduce
molecules from the set of unseen known actives after fine-tuning. More specifi-
cally, for this final activity scoring function, we will look at the fraction of repro-
duced molecules, the fraction of active molecules, the fraction of active and unique
molecules, and the average activity score assigned by the QSAR model.

3.1.2.2.2 Active molecules dataset. A DRD2 dataset was downloaded for
evaluation of our models; this dataset allows us to check whether our model has
learned to generate known active molecules without ever having seen them before.
The dataset was downloaded from https://github.com/pckol/
Deep-Drug-Coder/tree/master/datasets. The available training, validation
and testing splits were combined into a single set. Furthermore, as this dataset also
contains inactive compounds, the molecules are filtered so that only those which
are scored 1 by the scoring function defined in Equation 3.5 remain. By following
these steps, we obtain a set of 3627 active molecules to compare with.

3.1.3 Usage

The steps to follow for generating targeted molecules using the proposed model are:

1. Pretrain GraphINVENT in a supervised learning manner using a general
dataset such as ChEMBL [5].

2. Choose a set of desired properties and define a scoring function for that pur-
pose. This score should assign high scores to the set of actions taken to build
molecules with the goal attributes.

3. Use the RL framework to fine-tune the pretrained model towards generation
of molecules with the desired properties.

4. Analyse the properties of the generated molecules.

To generate molecules with other properties or use a different scoring function, one
can go back to step 2 and repeat the process with the same pretrained model.

35


https://github.com/pcko1/Deep-Drug-Coder/tree/master/datasets
https://github.com/pcko1/Deep-Drug-Coder/tree/master/datasets

3. Methods

3.2 Deep auto-regressive generative model for
small-molecule configurations (2°¢ model)

3.2.1 The model

A molecular configuration can be specified by indicating the position of each atom
in the molecule M. That is, for a molecule with N atoms, it can be described
by N € R? space vectors. We want to generate configurations by sampling the
position of each atom @; in the molecule using a generative auto-regressive model
pz(@i|x<i;0), where x; are the positions of the atoms placed before atom . The
model has learnable parameters 8, and the probability of a configuration X is given
by

N
Po(X|M:8) = po (1| M:0) [ pa(]a, M;6). (3.6)
i=2
Furthermore, we encode the relevant information for the model to generate the
position of the 7" atom in the context vector C;. In particular, it includes a molec-
ular representation M, an atomic representation A; (corresponding to the atom to
place), a representation of the previously placed atoms R.; and information about
the local reference frame F';. Formally, C; is the concatenation of the previously
enumerated representations, say,

Moreover we choose p,(x;|C;; 0) to be a normalizing flow (Section 2.7). Our model
and the previously described inputs can be visualised in Figure 3.1. Under this
assumptions, we can write the probability of generating a conformation X of a
molecule with representation M as

=2

3.2.2 Model inputs and outputs

After providing some high-level description of our model for generating molecule
conformations, we proceed to giving a more detailed description of its inputs and
outputs.

The molecular representation M and the i'" atom representation A; are generated
using a Gated Graph Neural Network (Section 2.4.2). In particular, M is the
graph embedding and A, is the hidden representation of the i’* node in the last
iteration step hF. However, the representation of the previously placed atoms,
R.;, = (Sch(x.;, Z.;),x~;), is a concatenation of two elements. The first one,
Sch(xz_;, Z_;), where Z_; is the atomic number of the previously placed atoms, is
generated using SchNet (Section 2.2.4). This is, the positions and atom types of the
previously placed atoms are fed into this model to generate a sub-conformational
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Molecular Atom
representation representation

( — |

Latent space
coordinates

Normalizing flow

Figure 3.1: Illustration of our auto-regressive generative model for small-molecule con-
figurations. A normalizing flow pushes samples from the latent space to the coordinate
space with information about the molecular graph M, the atom to place A;, the previously
placed atoms R.; and the local reference frame F';.

representation. Moreover, during the development of this project we found evidence
that this information was not enough, since the model was missing information
about the positions of the previously placed atoms within the chosen coordinate
reference frame (see Section 4.2.1). That is why we add the average position of the
previously placed atoms, x.;, as the second element of the representation acting
as a symmetry breaking token. Finally, the information about the local reference
frame is encoded as a concatenation of the coordinates of the origin and the axes =z,
y and z used in the generation step. The origin is the position of the third reference
atom; from there, the distance to the new atom is computed. The coordinates of
the origin and the axes are described in the NeRF (Section 2.2.3) constructed using
the three first atoms in the molecule.

Once this information is given to the model, the generation process works as
follows. First, a sample from the base distribution is generated and fed into the
normalizing flow. The flow then transforms this latent space vector into a set of
three coordinates in the real space. The first atom is placed on the origin, the
second one on the x-axes and the third one on the positive y region of the zy-plane.
From the fourth and on, the output coordinates are internal coordinates in the
NeRF reference frame defined by the reference atoms (Section 2.2).

3.2.3 Training

As explained before, we want our model to be able to take advantage of both
examples of configurations found in datasets and our physical knowledge about
the system. As such, we performed both likelihood- and energy-based learning
(Section 2.8). In practical terms, this means that the model will be trained by
minimizing the Kullback-Leibler divergence of the model with respect to both
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the data distribution and the Boltzmann distribution. To train on energy, we
need a model for the potential energy. For this we used here the SMIRNOFF
openff-1.2.0.offrml force field from the Open Force Field initiative [56] during
training.

The way we approach training, inspired by [37], is by first (pre)training the model
using likelihood-based learning and then by trying to improve the performance using
energy-based learning. In this second stage we simultaneously used likelihood- and
energy-based learning, which aims to minimise the combined loss

Above, wy;, and wy are two extra hyperparameters. Using the combined loss
helps to keep a balance between exploration and exploitation, as at least, the
sample conformation(s) will not be completely forgotten during the learning
process. However, tuning these hyperparameters has proven to be very influential
in the result of the training. These hyperparameters are specially dataset- and
method-dependent since the magnitude of the energies of different molecules can
be very different and are affected by the choice of the model for computing the
potential energy.

Apart from minimising the combined loss while performing energy-based learning,
there are some other practical considerations to take into account. First, energy-
based learning is much more computationally expensive than likelihood-based
learning. Second, the optimisation space is very high dimensional, since we need
to generate the positions for every atom in a molecule to be able to evaluate its
energy, in contrast to likelihood-based learning, which uses an atom-wise learning
procedure. Third, the model usually produces a number of high-energy conforma-
tions that add noise to the direction in which the back-propagation gradient points
out, especially during the early stages of learning. To solve this problem, we add
an (per-molecule) energy threshold and only back-propagate using configurations
with energies below this threshold; we treat this new energy threshold as a hyper-
parameter. Finally, the number of conformations generated per molecule and epoch
also proved to be very influential in our experiments. Although a small number
of simulations produce a noisier update, a very large number of conformations
severely increases the necessary training time. Energy-based learning incorporates
some practical difficulties and new hyperparameters, but usually leads to a perfor-
mance boost when compared to models trained using only likelihood-based learning.

3.2.4 Data and preprocessing: QM9 dataset

For both likelihood- and energy-based learning, we need a set of molecules to learn
from. Moreover, for likelihood-based learning we also need example conformations
for each molecule. In this project we used the QM9 dataset [50], which includes
information about computed geometric, energetic, electronic, and thermodynamic
properties for 134k stable small organic molecules made up of the elements {C,
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Table 3.3: Parameters used for MD simulations.

Temperature 300 K
Friction coefficient 1 pst
Integration time step size | 1 fs
Discarded steps 1000
Production steps 1000
Steps between samples 10
Constraint tolerance 10~

H, O, N, and F}. We choose this dataset because of the high quality of the
molecular conformers. The geometric information is obtained from simulations
using quantum chemistry models. We use all the molecules that RDKit is able to
read from this dataset (131081) to perform likelihood-based learning. Energy-based
learning is much more expensive, and therefore we perform it with a much smaller
subset of QM9. In particular, we use a set of 8 molecules with QM9 indexes
1,2,4,5,6,7,11 and 13 as the training set and molecules 0,9 and 10 as validation
set.

Molecules in QM9 are rather small if we compare them with drug-like molecules.
Therefore, although we use this dataset in a first approach, for future work more
extensive datasets, with larger molecules, should be considered.

3.2.5 Evaluation

We want to be able to generate conformations that are as similar as possible to
the ones that could be observed in a real physical system. Therefore, a suitable
evaluation metric would involve comparing the potential energies Uys(x) of molec-
ular configurations generated by the flow model to those generated by molecular
dynamics (MD) simulations. We used the package OpenMM [57] for performing
the MD simulations. Specifically, we used the force field openff-1.2.0.offxrml and the
Langevin Integrator with the set of parameters indicted in Table 3.3. This is, we
first minimise the energy, then we equilibrate the system and, finally, we discard 1
ps of simulation and afterwards save the state of the system every 10 fs.

3.3 Code availability

Code is available on GitHub under the following links:
e https://github.com/olsson-group/RL-GraphINVENT,
e https://github.com/olsson-group/transBG.
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Results

4.1 Reinforcement learning with graph-based
generative models (15¢ model)

4.1.1 Training results of GraphINVENT

In this subsection we show the best training results after hyperparameter optimi-
sation of the learning rate scheduler parameters (parameters which were kept fixed
are discussed in Section 3.1.1.1). The best parameter set we found was as follows:

o initial learning rate: 1074,

o final learning rate: 1077,

e 30 training epochs.

For more details about hyperparameter optimisation please refer to Appendix A.1.

The evolution of the training and validation losses (KL divergence between the
target and predicted APDs) during training is shown in Figure 4.1. Here we also
show the evolution of the fraction of 1) valid, 2) properly terminated 3) valid of
those properly terminated and 4) unique molecules generated (as defined in Section
2.4.3.4). Indeed we observe that training for 30 epochs leads to a model which has
learned to generate a diverse set of chemically valid molecules.

2.0 1.00
—— Train

1.8 valid 0.954

1.6 0.901 //_‘_
w
8 1.4 0.85
- —— Valid

1.2 0.801 Prop. term.

1.0 0754 VaI.|d prop. term.

—— Unique
0.8 0.70
0 5 10 15 20 25 30 5 10 15 20 25 30
Epoch Epoch

Figure 4.1: Left: Evolution of the training and validation losses during training. Right:
Evolution of different evaluation metrics during training for 10°> molecules.

The performance of these models is comparable to REINVENT. It must also
be noted that better results for the percentage of valid and properly terminated
molecules can be obtained by training with a smaller learning rate for a larger
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number of epochs. However, we believe this training is good enough, as these
metrics will improve further during the RL phase, and because the training time is
considerably shorter for this model compared to that needed to train a model using
a learning rate 10 times smaller.

The model we chose for subsequent RL-based training was that at epoch 20,
at which the lowest validation loss (1.2657) is observed. The comparison of the
features of the generated molecules by this model and those in the training set
is shown in Figure 4.2. There, it can be observed that the generated molecules
replicate almost perfectly the properties shown by those in the training set (as it is
desired). Furthermore, examples of molecules in the training set and examples of
molecules generated by the trained model at this epoch are shown in Figures 4.3
and 4.4, respectively.

1.0 B B
0.5 1 b b
ood— s b . 3
0 50 2.5 5.0 -1 0 1
MNum nodes per graph Atom type (C, N, O, CI, F, S, Br) Formal charge (-1, 0, 1)
o 1.0 e e
[
=
[=]
w
= 0.5 A 1 .
R=]
=
w
E i
* 0.0 42 ) & o 1 o000 .
T T T T T T T
0 2 5 10 0 1 2
Num implicit Hs (0, 1, 2, 3) Num edges per node Bond type (0, 1, 2)

Figure 4.2: Comparison of features of the molecules in the training set (orange) and
those generated by the model at epoch 20 (blue).
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Figure 4.3: Examples of molecules in the training set, a subset of ChEMBL (see Section
3.1.2.1.1).
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Figure 4.4: Examples of molecules generated by the trained model at epoch 20.

4.1.2 Using the BAR loss function

When analysing the behaviour of the reinforcement learning framework for the loss
function proposed in REINVENT (recovered from the loss function proposed herein
for & = 0), and comparing that to the loss function with e = 0.5, all in combination
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with the activity scoring function defined in Equation 3.5, we observe that the new
loss definition helps to stabilise learning. In this case, the score is binary, either 0
(for ‘inactive’ molecules) or 1 (for ‘active’ molecules). As the model only learns from
the good examples and there are not many of them generated in the beginning, it is
specially desirable in this case to keep track of the model which was able to generate
the largest amount of active molecules; this will make learning easier by reminding
the agent of the set of actions taken to build them. Otherwise, we sometimes
observed that the model was not able to start learning how to generate potential
actives, getting lost in the process and therefore leading to larger noise and lower
scores (Figure 4.5). We found that using a = 0.5 not only accelerated learning, but
also provided better and more robust results. See Appendix C for more details.

0.6
0.5
0 0.4
S
$0.3
0.2

0.1

0.0

0 50 100 150 200
Learning step
Figure 4.5: Comparison of the average score of the generated molecules as a function of
learning step. The results in blue are analogous to using the old loss function proposed
in REINVENT (Equation 2.26), which is recovered when o = 0, whereas the results in
orange correspond to using the new proposed BAR loss with a = 0.5 (Equation 3.1).

4.1.3 Reducing and increasing the average size of the
molecules

In this first set of experiments using our model, we aimed to prove the ability of
the RL framework to fine-tune the generative model towards generating molecules
with some set of desired properties. To do so, we used the scoring functions defined
previously in Equations 3.2 and 3.3.

In Figure 4.6 we show how, for & = 0.5 and ¢ = 10 (for more details about hyper-
parameters please refer to Appendix A.2), the model is able to both decrease and
increase the average size of the molecules towards the goal size defined as the max-
imum of the scoring function (10 and 40 heavy atoms in our setting, respectively).
And that it does so by increasing the average score of the generated molecules. In
Figures 4.7 and 4.8, some examples of generated molecules are shown for both sce-
narios. It can be observed that the molecules look reasonable and that there is a
remarkable change in the shape of the molecules in both scenarios when compared
to the molecules generated by the original GraphINVENT model (shown in Figure
4.4). Results showing the evolution of metrics related to the percentage of valid,
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unique and properly terminated molecules, as well as a comparison of the properties
of the generated and training sets, can be found in Appendix B.1.
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Figure 4.6: Evolution of the average number of nodes (blue) and of the score (orange) for
fine-tuning corresponding to reducing the size of the molecules on the left and increasing
the size of the molecules on the right. The values are computed for 1000 molecules, taking

averages over 10 runs, and the error bars correspond to the standard deviation.
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Figure 4.7: Examples of molecules generated by the model after fine-tuning with the
score defined in Equation 3.2 for reducing the size of the generated molecules.
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Figure 4.8: Examples of molecules generated by the model after fine-tuning with the
score defined in Equation 3.3 for increasing the size of the generated molecules.

4.1.4 Promoting drug-like molecules

In this next subsection, we show the results obtained when training a model using
a score based on the QED (Equation 3.4).

In Figure 4.9, we show the evolution of the generated molecules score over the learn-
ing process for @« = 0.5 and ¢ = 10, together with other evaluation metrics (see
Appendix A.2 for more details about hyperparameters). It can observed that our
model is indeed able to improve the average score of the generated molecules. The
percentage of valid and properly terminated molecules improves during the learning
process as we penalise invalid and non-properly terminated molecules. Further-
more, the average number of heavy atoms in the molecules is found to decrease
during learning. This behaviour can be understood when looking at the QED of the
generated molecules against the number of nodes (Figure B.4), since higher values
are generally achieved by molecules with a number of nodes around 20. Finally, we
must also note the fraction of unique molecules (calculated for 1000 molecules) also
decreases during learning. This behaviour is not desirable but it is expected since
we are updating towards a small number of molecules by weighting them using their
score (which is only 0.5 on average at the beginning). Some examples of generated
molecules are shown in Figure 4.10. Most of these molecules indeed look drug-like.
A comparison of the properties of the molecules generated by the fine-tuned model
and those in the training set can be found in Appendix B.2.
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Figure 4.9: Left: Evolution of the average number of nodes (blue) and of the score (or-
ange) in the generated set. Right: Evolution of the fraction of valid, properly terminated,
valid of those properly terminated and unique molecules during training. The values are
computed for 1000 molecules, taking averages over 10 runs, and the error bars correspond
to the standard deviation of the mean.
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Figure 4.10: Examples of molecules generated by the model after fine-tuning with the
score defined in Equation 3.4 for promoting drug-like molecules (high QED).

4.1.5 A scoring function to promote DRD2 active molecules

Finally, a more elaborate scoring function was defined where we both took into ac-
count the QED and the QSAR model for the DRD2 activity. In this case, we defined
a discrete score in Equation 3.5. Here, molecules which were deemed to be valid,
properly terminated and unique, as well as possessing a QED and activity estimate
each > 0.5, were given a score of 1; all other generated molecules received a score of 0.

In Figure 4.11 one can observe how the model was able to learn how to generate
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active molecules even though there were almost no active molecules generated at
the beginning of the learning process. It must be highlighted that although the
average score is around 0.6, this is due to the existence of duplicate molecules,
since the fraction of active molecules is higher (as it is shown in Table 4.1). One
can also observe in Figure 4.11 that the fraction of unique molecules decreases
significantly. As we explained for the previous scoring function for promoting
drug-like molecules, this does not surprise us since there are few ‘good’ examples
(active molecules) at the beginning, and that is why the model is not able to keep
generating a great variety of molecules at the same time as learning to generate
more active molecules at each step. We also note that, again, the fraction of valid
and properly generated molecules increases during the learning process. Finally,
one can observe that the results are robust since most metrics shown exhibit very
little noise. Only the average number of nodes shows more variation between
different runs; however, this can be explained, once again, due to the strong
dependence on the first active molecules generated by the model, from which the
agent will learn, thus affecting the whole learning. To summarise, we expect the
sets of molecules generated by different models to be quite different from each other.
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Figure 4.11: Left: Evolution of the average number of nodes (blue) and of the score (or-
ange) in the generated set. Right: Evolution of the fraction of valid, properly terminated,
valid of those properly terminated and unique molecules during learning. The values are
computed for 1000 molecules, taking averages over 10 runs, and the error bars correspond
to the standard deviation of the mean.

In Figure 4.12, some examples of molecules generated by the model are shown. The
results are satisfactory since all molecules but one are predicted to be active by the
QSAR model. Additional results, such as a comparison of the features between the
generated and training sets, can be found in Appendix B.3.

In Table 4.1, we compare to the pretrained model various metrics for two sets of
molecules: one in which all 10K molecules are generated by the same fine-tuned
model, and another set in which we combine 1K molecules generated by 10
different fine-tuned models into one set of 10K (same set of hyperparameters
but different runs). In analysing these molecules, one can calculate metrics such
as the average QED, DRD2 activity and the fraction of active molecules. We
observe that both sets of molecules show similar values for these metrics. And
that they improve substantially when compared to the molecules generated by the
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Figure 4.12: Examples of molecules generated by the model after fine-tuning the pre-
trained GraphINVENT model using the score defined in Equation 3.5 for promoting the
generation of drug-like, DRD2 active molecules. All molecules but number 4 (in red) are
predicted to be active (QED > 0.5 and activity > 0.5). Molecules marked in yellow are
active but have a lower activity compared to all others, which have associated activity
values larger than 0.90 (most of them close to 0.99).

model before fine-tuning. The intersections of the generated sets with the set of
known DRD2 active molecules increases for both sets, but especially for the one
which combined molecules from different learning processes. This follows from the
previous reasoning about the RIL-trained models being heavily-dependent on the
initial learning steps. As the intersections differ by a factor of 10 (the number of
distinct jobs) between ‘single’ and ‘combined’; we can infer the sets of molecules
generated by the different models generally do not overlap with each other. Finally,
we also note that, even though the fraction of active molecules is close to 1 for
both fine-tuned models, the percentage of molecules in the DRD2 dataset that our
models were able to recover is very small. Nonetheless, this is still a positive result
as the generative model has not seen any examples of ‘true’ active molecules at
any point during training and there was no overlap before fine-tuning. This sug-
gests that the model could also learn to generate actives in a new drug discovery task.
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Table 4.1: Comparison of various evaluation metrics for three sets of 10,000 generated
molecules: one in which all those molecules are generated by one single model, another
in which 1000 molecules are generated and combined from 10 different models and a
final one in which it is the pretrained GraphINVENT model the one that generates the
10,000 molecules. Average QED and average DRD2 activity refer to the average scores
predicted for QED and DRD2 activity, respectively, using the respective models; fraction
active refers to the fraction of molecules which have a predicted QED and activity score
> 0.5; fraction unique and fraction active and unique are self-explanatory; intersection
with known actives refers to the percentage of molecules from the DRD2 dataset which
have been re-generated by each model.

Single job | Combined jobs | Pretr. model
Average QED 0.72 0.76 0.59
Average DRD2 activity 0.92 0.94 0.03
Active (%) 94 97 1
Unique (%) 48 60 100
Active and unique (%) 45 58 1
Inters. known actives (%) 0.08 0.83 0.00

4.2 Deep auto-repressive generative model for
small-molecule configurations (2"¢ model)

Now that we have presented the results for our graph-based generative model for
targeted molecular design, we present the workflow and results of our conformations
generator.

4.2.1 Likelihood-based learning results without symmetry
breaking token

We evaluate here the results obtained for our conformations generator trained
using likelihood-based learning, using only the SchNet output as a representation
of the previously placed atoms. As previously mentioned, likelihood-based learning
is performed on the QM9 dataset. 80% of the readable molecules are used for
training and 20% for evaluation. A sample training of the model can be observed in
Figure 4.13 (left). The set of used hyperparameters can be found in Appendix A.3.
For this model, we observed robust learning behaviour during training, as we saw
both the training and validation losses decrease together (except in the final epochs).

In Figure 4.14 we plot an energy histogram of the conformations generated by this
model for methane (we will use this molecule throughout as a simple example). As
the histogram shows, we observe that the model generates a number of low-energy
conformations. However, a remarkable number of high-energy conformations are
generated as well. To understand this result, we visualised the conformations (also
in Figure 4.14). Although the low-energy conformations seem very reasonable, in
the high-energy conformations the model often places two atoms very close to each
other (almost in the same position). Additionally, we are not able to see important
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Figure 4.13: Likelihood-based training of our conformation generating model without
the symmetry breaking token (left) and with the symmetry breaking token (right).
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Figure 4.14: Energy histogram generated by a model trained using likelihood-based
learning without the symmetry breaking token. Notice in the high-energy conformation
the collocation of two atoms, approximately, in the same position.

improvements when we perform energy-based learning only on this molecule or in
any other. This two phenomena suggest that it is plausible that the model is not
able to correctly interpret the position of the previously placed atoms within a
given reference frame. Therefore, it confuses the positions of atoms in molecules
that exhibit special symmetries or spatial isomerisms. For these reasons, we took
inspiration from G-SchNet[33] and introduced to the representation of the previously
placed atoms the average of their positions in the generation reference frame, x_;,
as a symmetry breaking token.

4.2.2 Likelihood-based learning results with symmetry
breaking token

In this section, we follow the same training procedure for our molecular conforma-
tions generator as in the previous section, only now including the symmetry breaking
token. The evolution of training and validation losses is shown in the right plot of
Figure 4.13 and the set of chosen hyperparameters are listed in Appendix A.3. Here,
we can observe that the validation loss is larger than in the previous setting after
adding the token. We do not yet understand the reason for this decrease in the
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Figure 4.15: Energy histogram and visualisations of the conformations generated by the
various methods investigated in this thesis for the molecule of methane. On the left, results
are plotted using a logarithmic x-axis; on the right, we focus on the highest overlap region
between the MD simulation energies and the conformations energies from the trained
energy-based model. Purple colour corresponds to the QM9 conformation.

performance. As such, finding a way to include the information encoded in this
token without loss of performance in likelihood-based learning remains as an open
research question. However, as we will see in the next Section, the advantages of
the use of the symmetry breaking token are clear when we perform energy-based
learning.

4.2.3 Energy-based learning on the molecule of methane

As a first approach to energy-based learning, we try to learn to generate methane
conformations using our model. Using the previously described techniques (Section
3.2.3), we are able to train our autoregressive model using energy-based learning
to fit the energy distribution of methane, illustrated in Figure 4.15. The model
had been pretrained using likelihood-based learning on the whole QM9 dataset
before the energy-based learning was performed. We observe a clear improvement
thanks to the use of energy-based learning on the accuracy of the molecular
conformations generated (measured as higher overlap between the energy histogram
obtained from MD simulations and the one from our model). However, the low (< 5
kJ/mol ) and high (> 17.5 kJ/mol ) energy conformations are slightly over-predicted.

4.2.4 Energy-based learning on a set of molecules

Having shown that our model is able to generate reasonable conformations for a
small molecule, we wonder if it can learn the conformational space of a set of simple
molecules. As mentioned before, energy-based learning is very expensive to perform
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Figure 4.16: Visualization of the QM9 minimal energy conformations for the molecules
used as training set for energy-based learning. Their corresponding QM9 indexes are
1,2,4,5,6,7,11 and 13.

and therefore we are forced to stick to the use of a reduced number of molecules.
We use a training set of 8 molecules (with QM9 indexes 1,2,4,5,6,7,11 and 13
and whose QM9 minimal energy conformations can be visualized in Figure 4.16)
and a validation set of 3 molecules (with QM9 indexes 0,9 and 10). The moti-
vation for choosing this set is to keep things as simple as possible while learning
something that can be general enough to fit the validation set. To do that we have
made sure that the molecules in both sets share, approximately, some common
characteristics such as the type of atoms and bonds or the average number of atoms.

For training the model on this set we use the previously-explained methods in Section
3.2.3, among others, introducing a different energy-threshold for each molecule in
the training set based on observations on the MD histograms. We can see in Figure
4.17 that even with such a small training set, the model is able to learn some general
features that minimise the validation loss. This result suggested the possibility of
transferability to the task of fitting the conformational space of molecules using
energy-based learning. This feature is specially important if we want to predict
reasonable conformations for unseen molecules that could be target compounds from
some drug-design application.

However, we can see in Figure 4.18 that our model is not able to faithfully repro-
duce the energies corresponding to conformations generated by MD simulations as
effectively as in the previous example, even on the training set. We can distinguish
different scenarios. First, for formaldehyde, the energy histogram shifts to the
right, thus better matching the MD histograms (overall overlap, however, is still
poor). Second, for ethane, it is not clear if the overlap between histograms from
MD simulations and the model improves with energy-based learning. Finally, for
methanol we observe that the values of the energy in the histogram decrease after
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Figure 4.17: Training process using likelihood- and energy-based learning on a small set
of molecules.
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Figure 4.18: Energy histograms for three small organic molecules in the training set
generated by the three different methods. The x-axis scale is chosen for each molecule to
best visualise the overlap between the different energy histograms.

energy-based learning, even when the MD simulations predict greater energy values.
In this case, the model fails to capture the thermal fluctuations and just tends to
minimise the energy of the molecule. We do not yet understand this effect with
detail.

In addition, we show in Figure 4.19 the equivalent energy histograms and sam-
ple conformations in the validation set. For this set, we observe that energy-based
learning contributed to improve the overlap of our model’s with the MD histograms,
although in the case of acetaldehyde the improvement is arguable. We can observe in
Figure 4.19 as well how the very high energy states of methane, with two atoms con-
siderably close to each other, are not predominant after energy-based learning and
the energy differences with the MD histogram are due to variation of the angles de-
scribed by the hydrogen atoms. Visually, the conformations generated by the model
for the three molecules after performing energy-based learning seem reasonable.
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Figure 4.19: Energy histograms and visualisation of the conformations obtained using

different methods.

Energy of the different visualised conformations are specified with
arrows under the histograms. Purple colour corresponds to QM9 conformations.
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Discussion

5.1 Reinforcement learning with graph-based
generative models (1% model)

The proposed RL framework has shown a remarkable ability for fine-tuning the
pretrained graph-based generative model towards production of molecules with
desired sets of properties, even in challenging situations where only few examples of
compounds with those desired properties were initially present in the generated set.
This was the case when we aimed to generate DRD2 active molecules. We have also
shown our model is able to perform well in tasks such as reducing and increasing
the size of the molecules or promoting molecules with high associated QED values.
Finally, we have shown how the RL framework is able to improve the performance
of the underlying generative model by also increasing the percentage of valid and
properly terminated molecules, making it comparable to the performance exhibited

by REINVENT models.

The main drawback of the proposed model is the amount of time and computational
power needed to pretrain the graph-based generative models, which is longer than
that needed for string-based ones. However, as this process only has to be done
once for each dataset (which can be as general as ChEMBL), we believe it is
worth the investment due to the remarkable performance and flexibility in the
applications of the RL framework. We must also highlight the short time (between
10 — 40 minutes, with the scoring model being the main bottleneck) needed for the
reinforcement learning process. This feature makes our model very competitive,
since once we have a pretrained GraphINVENT model, we can quickly and easily
fine-tune it towards the desired generation task.

The structural information included by using graphs can be specially important
in the fine-tuning process. We believe so since the model can learn to relate
which interactions lead to higher scores. In this sense, we also believe that the
performance could improve further once the 3D information computed by the
second model is also included, motivating further research in the topics presented
in this thesis.

We have shown very promising results in which the model has been able to achieve

the goals we had set. If we compare the results of generating DRD2 active molecules
with those of previous works [46], we observe our model is able to generate a much

57



5. Discussion

greater fraction of (predicted) active molecules: around 95% of active compounds
against only 54% in the best result from the previous work mentioned. This proves
the remarkable ability of our generative model for targeted molecular design. As
future work, it would also be interesting to train REINVENT in the same way and
compare the results for the activity scoring function. This way we would indeed be
able to analyse if by adding information to the model about the structure of the
molecules, the performance improves.

Some molecules generated when increasing their size seem to be unstable due to
having unrealistic large rings. This can be explained since the model has not been
shown many examples on how to predict APDs for large subgraphs, making it
difficult for it to learn which actions can lead to stable molecules. We can prove
this reasoning since this stability problem is not observed when reducing the size of
the molecules, as there were many small subgraphs in the training set used when
pretraining GraphINVENT and therefore the model learned which actions lead to
stable molecules. We also observe there are some unstable molecules when favouring
drug-like molecules. It is harder to explain the behaviour in this case, but we believe
it might be influenced by the QED values not being very informative. We say so
since we do not observe unstable molecules with our more complex activity score
in which we disregard the exact QED value by using a threshold. Furthermore,
we must highlight we only intended to prove the model was able to increase the
selected scores in the reduce, increase and QED settings, which it successfully
did. We did not take into account other properties in the scoring function such as
stability and/or synthesizabilty. By adding them to the score functions, we expect
this issue to be solved. Moreover, it is important to highlight that for our more
complex scoring function promoting DRD2 active compounds, the model has been
able to learn to generate stable compounds, which again suggests that by choosing
an appropriate definition for the score, one can obtain ‘good’ molecules.

Finally, we also want to highlight the fact that we have introduced a slightly different
loss function, the BAR loss, to that used in REINVENT. This new function included
a second term in what we considered the best agent so far. With this new definition,
better and more stable learning results have been achieved, as it has helped the agent
to learn how to generate molecules with better scores in situations in which it did
not manage to learn before.

5.2 Deep auto-regressive generative model for
small-molecule configurations (2"¢ model)

In this work we have introduced some early results in the search of a transferable
molecular conformation generator. We have proposed and built a model that
incorporates some of the most promising approaches in the field. In particular, we
have constructed an auto-regressive model based on normalizing flows conditioned
on a molecular representation generated by GNNs. The positions of the atoms are
generated using internal coordinates and are conditioned on a representation of the
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Figure 5.1: Bi-stability of an internal degree of freedom of cyclohexane. The degree of
freedom is a torsion 6 and the two states are communicated transition times of the order
of 20 ns.

atom to place and the interaction patterns of the previously placed ones. Our results
show that both likelihood-based and energy-based learning can be used to train
deep learning models in this context and that these two methods are complementary.

We have also shown that, even for a set of small molecules, the model does not
capture all the necessary information to reasonably match the MD simulations his-
tograms. However, we can clearly see an improvement in the performance of the
models when trained with the different, previously mentioned, methods. It is im-
portant to remark that the MD simulations are not necessarily representative of the
reality since the force-fields they use include a number of approximations. More-
over, even if MD simulations represent the reality, it is possible that in order to
fully capture the ensemble of possible states, extremely long simulation times would
be needed. This is the case of molecules such as cyclohexane, presenting two dif-
ferent states with very low transition probability between them as we can see in
Figure 5.1. In this example, the internal degree of freedom that differentiates the
two states is a torsion angle and the transition times are of the order of 20 ns. This
is indeed one of the main drawbacks of the use of MD simulations and the limitation
we try to address with these methods. Additionally, we have been able to observe
transferability when performing both likelihood- and energy-based learning. This
is very interesting from the practical point of view since, ideally, a model of this
kind would generate physically realistic conformations even for never-before-seen
molecules while exploring the chemical space. Our model is far from perfectly rep-
resenting the conformational space, but it introduces a possible research path and
gives a proof-of-concept for the proposed method.

5.2.1 Further work

As previously mentioned, although our conformations generator is far from repro-
ducing real physical systems, some other similar approaches/improvements could be
studied to push its performance. Some examples are the use of more expressive flows
that have recently been proposed such as [47] or [58]. The same principle applies
to the representation of the interaction patterns of the previously placed atom. In
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particular, recent methods such as [31] present very promising results. Moreover, as
previously discussed it would be beneficial to study other symmetry breaking tokens
that have a positive effect on the likelihood-based learning. In addition, further al-
gorithms for generating reference atoms can be investigated, likely having an effect
on the performance since they affect the structure of the generated Z-matrices.

5.3 Limitations

The two models presented here can be shown as two steps on the way to develop
a de movo design tool that takes into account the 3D structure and physical
interactions in a molecule. Therefore, one limitation, and a future work motivation,
is that this desired model could not be fully developed in the time frame of this
thesis. However, both projects can be evaluated independently.

Following a similar line of thought, if we focus on the limitations of the first
sub-project (RL with graph-based generative models), we can conclude that one of
the most important limitations it has at the moment is that it does not consider
the possible 3D configurations of molecules when optimising properties. Therefore,
it will not be able to (directly) predict properties which arise due to the 3D
conformation of the molecule and take them into account for de novo design. Other
limitations are related to the time and computational resources needed to pretrain
the generative model. However, that only needs to be done once for each dataset
(if we want to change the set of atoms for example), as we have discussed earlier.

Additionally, the second model (Generative model for small-molecule configu-
rations) does not explicitly include a physical model of molecular interactions
but instead learns a surrogate model based on continuous filter convolutions,
inspired by the SchNet architecture. The physical model we use for training this
model is subject to some accuracy limitations due to its classical approximation
of quantum mechanics. Long-range interactions may not be captured well in the
SchNet architecture, possibly leading to a further decline in accuracy. Furthermore,
the generation of conformations happens without simulation of the dynamics of
the molecule in question. As such, unlike for molecular dynamics simulations,
properties that rely on dynamics can not be faithfully computed. Yet, this approach
is expected to leave a much smaller computational footprint. The departure from
the simple parametric physical models further leads to a loss of interpretability.
Notwithstanding, due to the auto-regressive structure of the model, we may dissect
how each atom in a molecule is placed.

5.4 Risk analysis and ethical considerations

De novo drug design techniques have the potential to generate very positive effects
on society:

60



5. Discussion

o Decrease of the cost and environmental impact of medicines: Efficiently
exploring the chemical space could bring the possibility of discovering new
medicines with similar properties to the existing ones, but at a lower expense
and/or with smaller impact to the environment. Moreover, these tools
could help to mitigate the effect of some pathogens developing resistance to
treatments, such as antibiotics-resistant bacteria, because they would allow
us to find alternative antibiotics faster.

e Combat future pandemics: Last year we have witnessed how the COVID-19
pandemic has shaken the whole world. De novo drug design could help to
develop effective treatments and vaccines in a briefer period of time than is
usually required.

However, these techniques could also threaten public health if used maliciously:

o The ability of searching for target drugs can also be used for the development
of dangerous substances: some examples could be powerful and hard to detect
poisons, chemical weapons, explosives, environmental toxins, or compounds
that generate high levels of dependence and tolerance.

For all the benefits these tools could bring to the world, we believe they should be
public domain knowledge. However, we cannot ignore the potential threat of their
bad-intentioned use. Therefore, we think the use of this technology, when fully
developed, must be regulated.
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Conclusion

Since the properties a molecule exhibits directly depend on the ensemble of its
possible 3D configurations and its molecular graph, it is believed that understanding
potential spatial arrangements of candidate compounds and developing graph-based
methods will be key for the next generation of de novo generation algorithms. More-
over, RL is thought to be the optimal way to fine-tune de novo generative models
towards target properties. Developments in this field may not only influence new sci-
entific discoveries, but also have a direct impact on societies, due to the speed up of
the exploration of the vast chemical space for i.e. designing new materials and drugs.

The motivation for the use of deep learning models comes essentially from the
speed gain, without loss of performance, that these models bring. The importance
of accelerating de movo generation technologies is specially clear in these times of
global pandemic. Consequently, deep learning models are believed to be powerful
allies for fighting future sanitary crises.

We have shown in this thesis that RL-based methods are effective for shifting de
novo generation towards molecules that fulfil desired properties using graph-based
methods, as it had been shown for string-based methods. Moreover, we have also
proposed and characterised a conformations generator conditioned on a molecular
representation. These two projects have contributed to the field of drug discovery,
both by bringing new ideas and showing proofs-of-concept. Moreover our code will
be accessible so that it can be used by the drug-discovery community. Finally, we
believe our work motivates the future creation of an integrated model that incorpo-
rates the configurational information and can be fine-tuned with RL methods.
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A

Appendix 1: Hyperparameter
optimisation

A.1 Training of GraphINVENT

During hyperparameter optimisation for training of GraphINVENT many different
hyperparameter sets were explored. The main hyperparameters to change were
the initial learning rate and the number of epochs, since we mainly kept the final
learning rate to be 3 orders of magnitude smaller than the initial one. While search
of optimal values for these parameters, we kept in mind the larger the initial learning
rate, the smaller the number of epochs needed to converge and therefore the quicker
we had to reduce the learning rate. An example of another hyperparameter set with
a learning rate 10 times smaller than for the chosen one (see Section 4.1.1) was:

o initial learning rate of 1074,

o final learning rate of 10~7, and

e 200 epochs.

It can be observed in Figure A.1 that, even though training is significantly slower
compared to the one showed in Section 4.1.1, the fraction of valid and properly
terminated molecules is larger in this case. However, as we motivated in the referred
Section, we believe this improvement not to be remarkable enough so as to justify
the substantial increase in training time (around three times more, needing almost
a week instead of 2 days). Furthermore, we have observed these metrics improve in
the later RL phase.
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Figure A.1: Left: Evolution of the training and validation losses during training. Right:
Evolution of different evaluation metrics during training for 10°> molecules.
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A.2 RL framework

In this section we will show an example of hyperparameter optimisation in the RL
phase for the scoring function promoting activity (Equation 3.5). Nonetheless, it
must be noted similar optimal hyperparameter values were obtained for all other
scoring functions.

In Figures A.2 and A.3 we show the evolution of different evaluation metrics and
the average score of the generated molecules over learning for different values of
o. It can be observed the performance is better for ¢ equal to 20 or 50 than for
10. A smaller value of ¢ leads to smaller changes in the agent, preventing loosing
previously learned knowledge on how to generate ‘good’ molecules. Furthermore,
it also seems to lead to more stable learning, meaning that it monotonically ap-
proaches the final value (as in the fraction of unique molecules shown in Figure A.2).
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Figure A.2: Evaluation metrics (top left: fraction valid, top right: fraction valid of those
properly terminated, bottom left: fraction properly terminated, bottom right: fraction
unique) for different values of o (the parameter which modulates the effect of the scoring
function in the loss function) with a = 0.5. The metrics are computed for 1000 molecules
and averaged over 10 different runs. The error bars shown correspond to the standard
deviation of the mean.
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Figure A.3: Average score of the generated molecules for different values of o with

a = 0.5. The score is computed for 1000 molecules and averaged over 10 different runs.

The error bars shown correspond to the standard deviation of the mean.

In Figures A.4 and A.5 we show the evolution of different evaluation metrics and
the average score of the generated molecules over learning for different values
of a. It can be observed the performance is better for o equal to 0.5 than for
higher (0.75) or smaller (0.25) values. Therefore, the chosen hyperparameter
values for the activity scoring function are ¢ = 20 and a = 0.5. For other
scoring functions we have used ¢ = 10 and o = 0.5 although larger values
of o could lead to higher scores, since our main purpose there was to test the
ability of the RL framework to fine-tune the generative model towards a desired goal.
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Figure A.4: Evaluation metrics (top left: fraction valid, top right: fraction valid of those
properly terminated, bottom left: fraction properly terminated, bottom right: fraction
unique) for different values of « (the parameter which modulates the effect of each term in
the loss function) with o = 20. The metrics are computed for 1000 molecules and averaged
over 10 different runs. The error bars shown correspond to the standard deviation of the
mean.
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Figure A.5: Average score of the generated molecules for different values of o with
o = 20. The score is computed for 1000 molecules and averaged over 10 different runs.
The error bars shown correspond to the standard deviation of the mean.
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A.3 Hyper-parameters for the conformations
generator

In each of the NVP transformations we add an NVP block per transformed variable.
For example, if we generate a distance, an angle and a torsion, and we have 8
transformations, the flow has 24 NVP blocks. Each NVP block is formed by two
feed-forward layers with Leaky RelLu activations followed by a feed-forward layer
with tanh activation. In Tables A.1 and A.2 we collect the hyper-parameters used
for training the conformations generator without and with symmetry breaking token.

Table A.1: Hyper-parameters used for training the model that did not include the sym-
metry breaking token in Figure 4.13 (left).

NVP parameters

Intermediate representation size 256
Number of transformations 8
GNN parameters
Molecular representation size 64
Atom representation size 64
Depth 2
ENN hidden dimension 128
Gather embedding hidden dimension | 128
Message passes 3
Message size 64
SchlNet parameters
Representation size 64
Number of interaction blocks 3
Cutoff radius 5A
Radial basis functions 25
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Table A.2: Hyperparameters used for training the model that with the symmetry break-

ing token in Figure 4.13 (right) and the posterior energy-based learning shown in Figure
4.17.

NVP parameters

Intermediate representation size 256
Number of transformations 10
GNN parameters
Molecular representation size 64
Atom representation size 64
Depth 2
ENN hidden dimension 128
Gather embedding hidden dimension | 128
Message passes 3
Message size 64
SchNet parameters
Representation size 64
Number of interaction blocks 3
Cutoft radius 5A
Radial basis functions 25
Energy-based learning parameters
Wy 0.5
WML 1
Number of conformations 256
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Appendix 2: Further results

In this Appendix we will show some additional results which are worth showing but
less relevant than those previously commented in the Results (4) Section.

B.1 Reducing and increasing the size of the
molecules

In Figure B.1 we show the evolution of different metrics during learning for the
scenarios in which we aimed to reduce and increase the size of the generated
molecules. It can be observed that in both cases, the fraction of valid and properly
terminated molecules increases with the number of learning steps taken by the agent.
However, when reducing the size of the molecules, the fraction of unique molecules
also decreases. This makes sense, since there are less possible combinations of
atoms the smaller the molecules. And, agreeing with this reasoning, the frac-
tion of unique molecules does not decrease when increasing the size of the molecules.
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Figure B.1: Evolution of the fraction of valid, properly terminated, valid of those prop-
erly terminated and unique molecules during learning. Left: reducing the size of the
molecules using Equation 3.2. Right: increasing the size of the molecules using Equation
3.3. The values are computed for 1000 molecules as an average over 10 runs, and the error
bars correspond to the standard deviation of the mean.

In Figures B.2 and B.3 a comparison of the features of the generated molecules
against those in the training data of GraphINVENT is shown for reducing and
increasing the size of the molecules respectively. In can be observed in these Figures
all properties remain mostly the same but the number of heavy atoms per molecule,
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as we had desired.
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Figure B.2: Comparison of features of the molecules in the training set (orange) and
those generated by the fine-tuned model (blue) for generating smaller molecules.
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Figure B.3: Comparison of features of the molecules in the training set (orange) and
those generated by the fine-tuned model (blue) for generating larger molecules.
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B.2 Promoting drug-like molecules

In Figure B.4 the dependence of the QED values with the number of heavy atoms
per molecule is shown. It can be seen that, on average, molecules with a number of
atoms between 18 and 24 have larger QED and therefore, will have larger associated
scores in Equation 3.4.

0.8
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QED

0.4

0.2

5 10 15 20 25 30 35
Number of atoms
Figure B.4: Scatter plot of the QED of the molecules in the test set of the data used to
train GraphINVENT against their number of nodes together with the average QED for
each number of nodes.

In Figure B.5 a comparison of the features of the generated molecules against those in
the training data of GraphINVENT is shown for the scenario in which we promoted
the generation of drug-like molecules. In can be observed in this Figure all properties
remain mostly the same but the number of heavy atoms per molecule, due to the
dependence of the QED with the number of nodes.
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Figure B.5: Comparison of features of the molecules in the training set (orange) and
those generated by the fine-tuned model (blue) for generating drug-like molecules.
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B.3 Promoting DRD2 active molecules

In Figure B.6 a comparison of the features of the generated molecules against
those in the training data of GraphINVENT is shown for the scenario in which
we promoted the generation of DRD2 active molecules. In can be observed in this
Figure all properties remain mostly the same but the number of heavy atoms per
molecule. Nonetheless more differences are observed when compared to the features
corresponding to generated molecules after fine-tuning with other scoring functions.
This makes sense, since few molecules were active initially a more changes had to
be made by the model to the properties of the molecules so that they become active.
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Figure B.6: Comparison of features of the molecules in the training set (orange) and
those generated by the fine-tuned model (blue) for generating DRD2 active molecules.

In Figure B.7 the average number of nodes and score is shown for different jobs
with the same set of best hyperparameters. It can be observed, different values
are obtained for different runs, however we must highlight all of them manage to
generate active molecules and they all start doing so in the first few learning steps.
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Figure B.7: Average number of nodes (left) and score (right) of the generated molecules
for different jobs with @ = 0.5 and ¢ = 20. The number of molecules generated to compute
these metrics is 1000.
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C

Appendix 3: Justifying the new
definition of loss function in the
RL framework

The goal of this Appendix is to show further results on how the new term we have
added to the loss function (Equation 3.1) adds stability to training and achieves
better results compared to the loss defined in REINVENT (which corresponds to
a = 0 in our setting).

C.1 Reducing the size of the molecules

When reducing the size of the molecules, one can observe in Figure C.1 that including
the term in which the best agent generates molecules (o« = 0.5) significantly improves
the results: the average number of nodes is much closer to the goal value of 10 with
12 for a = 0.5 whereas it is 18 for a = 0.
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Figure C.1: Average number of nodes (left) and score (right) of the generated molecules
for two different values of o with o = 20. The score is computed for 1000 molecules
and averaged over 10 different runs. The error bars shown correspond to the standard
deviation of the mean.

C.2 Increasing the size of the molecules

A similar behaviour is observed in Figure C.2, where the average number of nodes
does not change for a = 0, whereas it does approach the goal value of 40 for o = 0.5.
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Figure C.2: Average number of nodes (left) and score (right) of the generated molecules
for two different values of o with ¢ = 20. The score is computed for 1000 molecules
and averaged over 10 different runs. The error bars shown correspond to the standard
deviation of the mean.

C.3 Promoting drug-like molecules

Again, when using a scoring function based on the QED, the new loss function
achieves a better score than the old one, as it can be observed in Figure C.3.
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Figure C.3: Average score of the generated molecules for two different values of o with
o = 20. The score is computed for 1000 molecules and averaged over 10 different runs.
The error bars shown correspond to the standard deviation of the mean.

C.4 Promoting DRD2 active molecules

Finally, when analysing the behaviour for both values of « for the scoring function
defined in Equation 3.5, we observe the new definition helps to stabilise learning.
In this case, the score is discrete, either 0 or 1, and the model only learns from the
good examples (active molecules i.e. molecules scored 1). As there are not many of
them at the beginning, it is specially good in this case to keep track of the model
able to generate the largest amount of active molecules so as to make learning easier
by reminding the agent of the set of actions taken to build them. Otherwise, we
sometimes observe that the model is not able to start learning how to generate them,
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getting lost in the process as it is shown in Figure C.4. Additionally, using a = 0.5
is able to accelerate learning as well as achieving better and more robust results.
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Figure C.4: Average score (left) and scores (right) of the generated molecules for different
runs with ¢ = 20 and « = 0. The score is computed for 1000 molecules.
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