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ABSTRACT: Graph-based architectures are becoming increas-
ingly popular as a tool for structure generation. Here, we introduce
novel open-source architecture HyFactor in which, similar to the
InChl linear notation, the number of hydrogens attached to the
heavy atoms was considered instead of the bond types. HyFactor
was benchmarked on the ZINC 250K, MOSES, and ChEMBL data
sets against conventional graph-based architecture ReFactor,
representing our implementation of the reported DEFactor
architecture in the literature. On average, HyFactor models
contain some 20% less fitting parameters than those of ReFactor.
The two architectures display similar validity, uniqueness, and
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reconstruction rates. Compared to the training set compounds, HyFactor generates more similar structures than ReFactor. This
could be explained by the fact that the latter generates many open-chain analogues of cyclic structures in the training set. It has been
demonstrated that the reconstruction error of heavy molecules can be significantly reduced using the data augmentation technique.
The codes of HyFactor and ReFactor as well as all models obtained in this study are publicly available from our GitHub repository:

https://github.com/Laboratoire-de-Chemoinformatique/HyFactor.

Bl INTRODUCTION

Nowadays, deep neural networks (DNNs) play a significant
role in drug and material discovery, being used for property
prediction,' de novo design,” and computer-aided retrosyn-
thesis.” One of the most widely used DNN architectures is the
autoencoder (AE).* It is able not only to encode chemical
structures in their latent representation but also to generate
new compounds by decoding sampled latent vectors using a
decoder subnetwork.

To generate new molecular structures, the majority of AEs
use SMILES strings’ as an input, which allows one to employ
the power of natural language processing (NLP) techniques.
Although SMILES seems suitable for de novo design tasks, the
latent representation of text strings may not reflect chemical
similarity relationships between considered structures.

Graph-based AE (GAE) architectures® serve as a valuable
alternative to the SMILES-based ones. They present a
chemical structure as a graph in which nodes and edges
encode atoms and chemical bonds, respectively. GAEs have
three fundamental advantages over SMILES-based autoen-
coders. First, no specific order of graph traversal is required,
which solves the problem of fixing the canonical ordering of
atoms or training on random ordering. Second, a graph object
does not need to follow specific grammar rules, such as
opening and closing brackets, cycle numbering, etc.,, which
seriously limits the generation ability of neural networks.
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Notice that different non-canonical SMILESs describing the
same structure may be embedded to different latent vectors.
Finally, GAEs always generate graph objects, which, in turn,
allows for a meaningful chemical analysis of errors including
detection of graph disconnectivity and erroneous valence.

A molecular graph can be represented by an ensemble of
atom vectors and bond matrices, which, in turn, can be
transformed into its vector representation using graph
convolutional networks (GCN).” Once a latent vector is
obtained, it can be decoded using either single-shot or iterative
decoders. Single-shot decoders generate atoms and bonds in a
graph in a single pass.”” Their training is fast, but simultaneous
generation of atom vectors and bond matrices is technically
challenging.9 In contrast, iterative decoders create atoms and
bonds sequentially one by one until a molecule is
reconstructed.'’ Tterative decoders can be categorized into
two classes. The first class generates atom vectors one by one
until vectors of all atoms are sampled. These vectors are then
used to extract atom and bond types. For example, in the
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Figure 1. Heavy-atom count distribution in studied data sets.

autoregressive method, the generation of the next vector is
based on previously created atom vectors.'' Another popular
approach employs a recurrence-based generation where the
next atom vector is generated from a hidden (or difference)
vector updated at every step.'” The second class of decoders
uses a Markov decision process. In contrast with previous
methods, they require the explicit creation of the molecule’s
substructure at each step of generation. To achieve that, they
perform several actions such as “creation of atoms” and
“creation of bonds” until the molecule is generated.'’
However, iterative generation requires a much more complex
and slow network architecture compared to single-shot
autoencoders.” One of the most efficient recurrence-based
iterative decoder architectures was recently implemented in the
DEFactor tool reported by Assouel et al. in the arXiv e-print.""
The encoder in DEFactor is a multi-layer GCN, whereas the
decoder combines the long short-term memory (LSTM)"® cell
for atomic vector generation with a new adjacency matrix
defactorization procedure.

Typically, the GCN employed by the encoder subnetwork in
GAEs computes the neighbors’ messages within each bond-
type specific channel. For this reason, it is necessary to store up
to four bond-type-specific adjacency matrices and specific
trainable weight matrices. This takes a lot of memory and
requires numerous mathematical operations with the corre-
sponding computational graph. A complex iterative process of
atom and bond “creation” and related high memory and time
costs prevent GAE architectures from becoming widely used.

In this paper, we propose an alternative to conventional
structure encoding, which may help reduce both the required
GPU memory and the model training time. Instead of
considering different bond types, we propose to use the
number of hydrogens attached to each heavy atom, similar to
the InChI linear notation."* Together with an adjacency
matrix, this information is sufficient to reproduce molecular
structures. Also, it solves the problem of a standard
representation of functional groups and aromaticity. In this
case, a molecular graph can be represented by three objects:
(1) a vector of atoms, (2) a vector of hydrogen counts, and (3)
a binary adjacency matrix. The above approach was
implemented in a new hydrogen-count labeled graph-based
defactorization (HyFactor) GAE architecture. In HyFactor, a
DNN is combined with the algorithm needed to convert a

regular molecular graph to a hydrogen-count labeled graph (a
graph where a certain number of hydrogens is assigned to each
heavy atom) and back.

In order to assess the efficiency of the new architecture
compared to conventional GAE, we have decided to compare
HyFactor with DEFactor. However, neither DEFactor codes
nor neural network hyperparameters (e.g, the number of
convolutional layers in the encoder or the batch size, etc.)
needed for re-implementation of this tool were provided in the
original publication.'" Therefore, we attempted to re-imple-
ment and further improve the DEFactor architecture in its
advanced version referred here as ReFactor. Here, we describe
the HyFactor and ReFactor architectures and report the
benchmarking results on ZINC250K, ChEMBL v. 27, and
MOSES data sets in the reconstruction and generation tasks.

B METHODS

Data and Curation. Three data sources were used:
ZINC250K benchmarking data set extracted from the ZINC
database® by Kusner et al,"> MOSES data set from the
MOSES package (v. 1.0),'° and ChEMBL database (v. 27)."”
All sets were standardized with ChemAxon JChem’s utilities'®
using the following procedures: (1) dearomatization, (2)
isotope removal, (3) stereo mark removal, (4) explicit
hydrogen removal, (5) small fragment removal, (6) solvent
removal, (7) salt strip, (8) neutralization of charges, (9)
functional group transformation, (10) selection of the
canonical tautomer form of the molecule, (11) aromatization,
(12) duplicate removal, and (13) dearomatization. The order
of atoms in standardized structures was defined by the
canonical SMILES string produced by ChemAxon JChem.

Some 1.7K structures were removed from the ZINC250K
data set as a result of the cleaning procedure. The cleaned set
was split into training, validation (tuning), and test sets as
reported by Kusner et al.'> The validation set was used for
early stopping.'” The test set consisted of SK predefined
molecules, and the remaining structures were randomly split
into training and validation sets in a ratio of 9:1. Note that
several duplicates were found in ZINC250K (see Table S1)
due to the presence of stereoisomers in the data set. This may
cause some overestimation of the performance of the earlier
reported models.
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Figure 2. Hydrogen-count labeled graph representation. Here, the molecular graph (hydrogens are hidden) is converted into a graph with no edge
features, while the nodes have two features, namely, the type of atoms and number of hydrogens.

The MOSES data set is a benchmarking set for generative
models (details are given in the Supporting Information). It
was analyzed with the proposed standardization procedure;
however, no mistakes were found. Therefore, it was used as it
is. The original “training” set was split into training and
validation sets in a 4:1 ratio.

The ChEMBL database was standardized by the same
workflow as the ZINC250K data set. The initial database
consisted of 1.9M molecules, and it was reduced to 1.6M of
standardized structures. The prepared data set was additionally
analyzed in terms of the frequency of atom types (Figure S1).
Sixty unique atomic types (including information on atomic
charges) were found in ChEMBL, and molecules containing
only 15 atomic types (C, O, N, S, F, C|, N*, O, Br, P, , N7, B,
Si, and Se) have been retained according to the threshold of
1000. The compounds containing less than 5 and more than
50 heavy atoms have been discarded due to their under-
representation. The filtrated ChEMBL data set was then split
into a training set (80% of data or 1.3M molecules) and a test
set (20% of data or 327K molecules). We did not use a
validation set for early stopping since, starting from 100
epochs, the model performance parameters (the loss and
reconstruction rate) practically did not vary. The modeling was
stopped at 150 epochs.

All chemical structures from each data set have been
kekulized in order to avoid a need to introduce an additional
aromatic bond type for the ReFactor architecture. The latter
would increase the size of the graph-based architecture, slow
down the calculations, and decrease the number of valid
structures in sampling.

Both the ChEMBL and ZINC250K data sets have a similar
distribution of heavy atom counts (Figure 1). However, the
MOSES data set differs from both, and most of the structures
lie in the range from 16 to 26 heavy atoms. For some
computational tests, the ChEMBL database was enriched by
460K virtual structures bearing more than 35 heavy atoms. The
heavy-atom distribution of the enriched ChEMBL
(E_ChEMBL) is shown in Figure 1.

Hydrogen-Count Labeled Graph. In the hydrogen-count
labeled graph (HLG), only the connections between atoms
and the count of hydrogens connected to the atoms are taken
into account (see Figure 2). The formal charge of an atom is
used as a vertex label. Such a representation has already been
tested in the development of structure—property models with

3526

graph convolution networks.”” The implemented workflow
first transformed a molecular graph to HLG and then to three
complementary representations: adjacency matrix, atomic
types, which include the atom symbol and charge, and
hydrogen-count vectors (Figure 2). The conversion from a
molecular graph to HLG and back was performed with the
help of the CGRtools toolkit.”’

Autoencoders Based on Conventional (DEFactor and
ReFactor) and Hydrogen-Count (HyFactor) Representa-
tions of the Molecular Graph. All three autoencoder
architectures used in this work, namely, DEFactor (reported
earlier)'" and ReFactor and HyFactor (both developed in this
work), are depicted in Figure 3. Their detailed description is
given below.

DEFactor Architecture. The encoder in DEFactor uses one-
hot embedding to represent atoms in the molecular graph and
consists of several layers of edge-specific graph convolution
networks”*” that can be expressed as

H'"' = ReLU| )" (D;'°E,D;""H'W}) + HW;
b (1)

where H' is the atoms’ vectors after the Ith graph convolution
layer, E, is a bond-type specific adjacency matrix, D, is the
corresponding bond-type specific diagonal degree matrix, W,
and W, are trainable matrices of weights for every bond type
b and weights for self-channel, respectively, and ReLU is the
rectifier activation function. The aggregation of atomic vectors
is performed with the help of a long short-term memory
(LSTM) "’ unit followed by a one-layer perceptron (see Figure
3a), giving a molecular latent vector.

In the decoder, the molecular latent vector is unpacked into
a set of atomic embeddings, H, where each h; is predicted using
the LSTM layer. Thus, the entire matrix of atoms’ embedding
is restored. Next, it passes through two subunits in parallel
where the first one is represented by a multilayer perceptron
(MLP) with the softmax activation function that returns
predictions of atom types (A). The second subunit realizes the
multichannel defactorization procedure® needed to recon-
struct the bond matrix according to eq 2

E, = c(AW,H" + bias) (2)
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Figure 3. Architectures of different autoencoders considered in this work: (a) DEFactor,"" (b) ReFactor, and (c) HyFactor. BN refers to the batch
normalization layer, and GRU refers to the gated recurrent unit. Parameters for each experiment are specified in Table S2.

where E, is the reconstructed adjacency matrix for a bond type
b, H is the matrix of the recovered atoms’ embeddings h;, Wy, is
a diagonal matrix of weights for the bond type b, and o is the
sigmoid activation function. A certain probability is returned
for each bond type between each pair of atoms, and the bond
type with the highest probability is selected for the
reconstruction. A three-step procedure including teacher
forcing was used to speed up the DEFactor training. Within
each step, trainable weights of a certain part of the network
were frozen and then relaxed at the next step.

The loss function is a sum of categorical cross-entropy for
atom predictions (eq 3) and binary cross-entropy for bond
predictions (eq 4)

1 _
L —= Y A xlog(A
nz og(4)

atoms

(©)

4
1 -~ -
Lbonds = _—2 Z X log(Eb) + (1 - Eb) X log(Eb)]
b

(4)
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where A is the one-hot matrix for atom types, A is the
predicted atom-type probability matrix, n is the number of
atoms in a molecule, and E, is the real adjacency matrix for
bond type b.

It should be noted that some important information like the
number of GCN layers as well as the dimensionality of the
atoms’ embedding matrix was missed in the original
publication by Assouel et al.'"' Therefore, we reimplemented
the DEFactor architecture with some modifications that
improved its performance, at least, for large molecules (see
below).

ReFactor Architecture. The ReFactor architecture keeps the
main ideas of the DEFactor model. Some parts of DEFactor
that were explained well were kept and reimplemented in the
Tensorflow package™ v. 2.6. Others were modified or replaced
by new layers. Thus, it was decided that token embedding is a
more powerful and flexible technique than a simple one-hot
embedding. Hence, the latter was replaced by a token
embedding layer.

To stabilize the learning process, the GCN from the
DEFactor was completed by a layer normalization (LN)>’
layer among the atoms’ features (parameter “axis = —2”) and
masking of imaginary atoms (padding):

H'"! = mask x ReLU| ). (D;/?E,D; "> x LN(H'W}))
b

ar!
+ LN(HW )
()

In each experiment, the number of GCN layers was fixed at
five. The dimensionality of the input and output vectors did
not change across the layers.

For atomic vector aggregation, LSTM units in DEFactor
were replaced with bidirectional gated recurrent units”® (GRU;
see Figure 3b). The output of GRUs was passed to the dense,
batch normalization (BN), and ReLU activation layers to
obtain the molecular latent vector. A teacher-forcing technique
applied in the original article was skipped since no predictive
performance improvement was detected in our experiments.

In the decoder, the atoms’ vectors were generated by two
sequentially connected GRU layers and a dense layer in
between headed by a RepeatVector layer (see Figure 3b). In
such a case, the input molecular latent vector was repeated N
times (i.e., according to the maximal molecular graph size) and
passed through the first GRU, and intermediate atom vectors
were returned. These intermediate vectors were then
concatenated with the repeated molecular vectors. They
passed first through a perceptron layer with a ReLU activation

function and then through the second GRU layer. Further, the
hidden vectors of the second GRU were used as the retrieved
atoms” embeddings. For the atom reconstruction, the retrieved
atoms’ embeddings were passed through two dense layers with
the output dimensionality equal to the number of atom types.
Activation of the first layer was ReLU, and activation of the
second was the softmax function. During the bond
reconstruction step, the atoms’ embeddings were forwarded
to a dense layer with the output dimensionality of the latent
vector divided by 8 and ReLU activation and then to the
defactorization layer.

These and other minor changes allowed us to handle
molecules containing up to SO heavy atoms (see Results and
Discussion). Unless specified, the dimensionality of the atom
embedding vectors as well as all internal and latent vectors was
the same. Parameters for each experiment are specified in
Table S2. All layers were taken with standard parameters if not
specially mentioned.

HyFactor Architecture. The main changes compared to
ReFactor concern the steps of graph convolution and graph
reconstruction from the atoms’ vectors (see Figure 3c). First,
the HLG was transformed to the atoms’ (dimension of 64) and
hydrogens’ (dimension of 4) embeddings. These embeddings
were concatenated and passed through the dense layer with the
ReLU activation function. The graph convolution network was
similar to that in ReFactor

H'*! = mask X ReLU[D "/?ED /> x LN(H'W' )

neighbors

+ LN(H'W. )] (6)

where E and D are adjacency and degree matrices of HLG, and
the other designations are the same as in eqs 1 and 2. Here, the
number of the training parameters is twice less than that for
ReFactor GCN.

At the graph reconstruction stage, the number of hydrogens
and atom types were predicted similar to using dense layers
with the softmax activation function. The maximal number of
hydrogens attached to an atom was equal to 3. The adjacency
matrix was reconstructed using the defactorization procedure
(eq 2), ignoring bond types; only one trainable diagonal W,
matrix was used.

The initialization of weights for each layer was performed
with HE normal initialization.”” Training of the architecture
was performed using the AdaBelief optimizer™ with default
parameters. Exponential learning decay was applied in order to
maintain the training stability.

Sampling Procedure. New molecular structures were
generated by sampling latent vectors in the vicinity of the
known molecules.”” Here, the latent vectors of selected
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molecules from the training set were used as seeds (Figure 4).
During generation, these latent vectors were multiplied by
noise vectors composed of random numbers generated from a
probability density function of a log-normal distribution
followed by their decoding to a molecular graph.

In order to effectively explore the chemical space around the
given seed, the “mean” parameter was set to 0, whereas the
“standard deviation” was systematically varied. Generally, the
probability of generating more dissimilar structures increases
with the “standard deviation” value.

B RESULTS AND DISCUSSION

Reconstruction Rate of Different Graph Autoen-
coders. The performance of the autoencoders’ model is
measured by the reconstruction rate representing a percentage
of correctly reconstructed structures in the considered data set.
Reconstruction rate values for several SMILES-based and
graph-based autoencoders on the ZINC 250K set are reported
in Table 1.

Table 1. ZINC 250K Reconstruction Benchmarking
Results”

reconstruction rate (%)

architecture molecular training validation test
name representation set set set
TSGCD’ molecular graph 90.5
DEFactor'" molecular graph 89.8
JTVAE" molecular graphb 76.7
re{a]ji;r}}ged SMILES 92.7
all SMILES®! SMILES 87.6
SDVAE* SMILES 76.2
ReFactor molecular graph 99.5 90.8 90.7
ReFactor” molecular graph 99.7 90.0 90.0
HyFactor HLG 99.3 89.3 89.0
HyFactor” HLG 99.2 89.8 88.4

“Reconstruction rate values for other architectures are taken from the
original publications. YJTVAE uses hierarchical fragments instead of
atoms to reconstruct the molecule. “Additional standardization and
duplicate1 Sdata removal have been applied to the initial ZINC 250K
data set.””

One can see that the performances of graph-based and
SMILES-based architectures are similar. The leading graph-
based architecture (TSGCD) has a reconstruction rate that is
only 2% lower than the best SMILES-based autoencoder
(rebalanced VAE). The DEFactor architecture also demon-
strates high performance, which is only 1% lower than the
leading graph-based autoencoder. Notice that the data
standardization issue was not sufficiently discussed in the
publications on all the architectures mentioned in Table 2.
Therefore, results for the ReFactor and HyFactor architectures
are given for both initial'> (non-standardized) and stand-
ardized data sets. In addition, results for training and validation
sets for model overfitting analysis are also reported.

The reconstruction rate for ReFactor obtained on the initial
data set is slightly better than that of the standardized data set.
This fact supports our assumption that the performance of
autoencoder may be overestimated since training and test sets
partially overlap in the non-standardized data. As it follows
from Table 1, ReFactor outperforms DEFactor on the initial
data set.
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Table 2. MOSES Metrics” Calculated for the 100 K
Structures Generated with Different Standard Deviations
(STDs)“

validity uniqueness novelty
STD originalh modified” originalb modified” originalb modified”
ReFactor
0.2 0.997 0.996 0.656 0.105 0.074 0.042
04 0921 0.886 0.748 0.265 0.634 0.578
0.6 0.698 0.503 0.948 0.730 0.875 0.814
0.8 0.540 0.149 0.998 0.971 0.978 0.855
1 0.516 0.022 0.961 1.000 0.999 0.983
HyFactor
0.2 1.000 0.9880 0.661 0.193 0.117 0.006
0.4 0.989 0.7290 0.795 0.267 0.729 0.129
0.6 0.940 0.1820 0.980 0.634 0.923 0.288
0.8 0.886 0.0120 1.000 0.966 0.993 0.491
1 0.822 0.0003 0.981 1.000 1.000 0.912

“Validity is a fraction of valid molecules compared to generated ones.
Uniqueness (or Unique 10K) is defined as a fraction of the first 10K
unique molecules among the valid ones. Novelty is a fraction of the
novel generated molecules among unique ones. ®Metrics calculated by
the MOSES package. “Metrics calculate by CGRtools after removal of
structures with valence errors and disconnected graphs. ¥Results for
STD = 0.4 selected for further tests are shown in italics.

The HyFactor architecture has almost the same reconstruc-
tion rate as ReFactor but has a smaller number of neural
network parameters (10M compared to 12M in ReFactor).
The training time for HyFactor was 2 h and 45 min. (with §
GB of GPU RAM allocated), while for ReFactor, it was 4 h and
10 min. (with 5.5 GB of GPU RAM allocated).

Structure Generation Performance of Graph-Based
Autoencoders. The efficiency of the proposed graph-based
autoencoders to generate valid chemical structures has been
investigated on the MOSES data set using the metrics included
in the MOSES package.'® Both ReFactor and HyFactor
architectures were trained on 80% of the MOSES training set
and achieved more than 99% of the reconstruction rate on the
remaining 20% of the data used as a validation set. Then, 10 K
compounds were randomly selected as seeds for sampling new
structures. For each seed compound, 10 virtual structures were
generated, so 100K structures were obtained. The generation
was based on a log-normal distribution with a mean equal to
Oand a standard deviation ranging from 0.2 to 1.0 with a step
of 0.2. Since the original DEFactor source code was not
available from the original publication,'' the ReFactor
architecture was benchmarked instead.

A preliminary analysis of the results revealed that the
MOSES package did not correctly handle typical problems
frequently occurring during the structure generation: dis-
connected molecular graphs were not considered erroneous,
and some valence errors were ignored. Therefore, an additional
examination of generated structures was performed using the
CGRtools package.”’ The results of the analysis of STD
influence on validity, uniqueness, and novelty metrics of the
generated structures are given in Table 2.

One can see that the increase in standard deviation leads, on
one hand, to the rise of the percentage of new molecules and
to the decrease of validity on the other hand. We notice the
difference between original and modified workflows for validity
checks caused mainly by the trend to return disconnected
graphs by ReFactor and HyFactor at high STD, which
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Table 3. Results of MOSES Benchmarking for leferent Autoencoders; the Similarity Metrics FCD, SNN, and Scaf” Relate a
Set of Generated Structures with the MOSES Test Set”

model validity uniqueness novelty FCD SNN Scaf IntDiv
AAE 0.937 0.997 0.793 0.556 0.608 0.902 0.856
VAE 0.977 0.998 0.695 0.099 0.626 0.939 0.856
JTVAE 1.000 1.000 0.914 0.395 0.548 0.896 0.855
ReFactor” 0.886 0.265¢ 0.578 1.743 0.547 0.847 0.868
HyFactorb 0.729 0.267° 0.129 0.365 0.614 0.862 0.860

“The MOSES benchmarking parameters:'® Scaf is a cosine similarity based on the occurrence of Bemis—Murcko scaffolds in the compared sets.
SNN is an average Tanimoto similarity calculated with Morgan fingerprints between a molecule from the generated set and its nearest neighbor
from the test set. FCD is a Wasserstein-2 distance computed on vectors produced by the last layer of the ChemNet neural network between the
generated and test sets. Inthv measures the dissimilarity of structures in the generated set calculated with Morgan fingerprints. See the Supporting
Information for details. Samphng for STD = 0.4. All metrics were calculated after the removal of structures with valence errors and dlsconnected
structures using the CGRtools-based workflow. “Uniqueness was calculated on the entire generated data set after filtration by validity. “The
performances of AAE, VAE (SMILES-based), and JTVAE (graph-based) architectures were taken from the article by Polykovskiy et al.'®

ReFactor

Figure S. Example of structures generated with ReFactor and HyFactor trained on the MOSES set. Molecules generated with a standard deviation
of <0.6 (>0.6) lie within (outside) the dashed circle. All molecules were aromatized with the ChemAxon toolbox. Each number corresponds to a
pairwise Tanimoto similarity of a given generated structure with respect to the seed assessed with the atom-centered ISIDA fragments®> involving
sequences of atoms and bonds of sizes from 2 to 4 atoms with different labeling of cyclic and acyclic bonds.
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Table 4. Training Results on the ChEMBL Data Set

number of training
parameters (M)

architecture batch vector length encoder decoder
ReFactor 1024 1024 35.7 14.8
HyFactor 1024 1024 25.3 15.1

time per epoch” (min)

reconstruction rate (%)

GPU memory” (MB) training set test set
~24.3 ~ 22,845 99.8 95.2
~16.5 ~ 16,755 99.7 95.0

“Measured in a “mixed precision” mode, which is available in the TensorFlow package. In this mode, a 16-bit floating-point type is used where it is

possible; otherwise, a 32-bit floating-point type is applied.
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Figure 6. Distributions of errors in the ChEMBL validation set as a function of molecular size for ReFactor (gold) and HyFactor (blue)
architectures trained on the (a) ChEMBL data set and (b) E_ChEMBL data set.

nonetheless represent correct structures. Valid structures
generated with a high standard deviation parameter (STD >
0.6) are characterized by high novelty and uniqueness. The
validity of structures generated with HyFactor sharply drops
for high STD values, which is not the case of ReFactor. Thus,
one can suggest that the HyFactor latent space is more
discontinuous than that of ReFactor. We notice that the latent
space discontinuity is a quite common phenomenon for regular
autoencoders without special regularization on latent space,
like in variational autoencoders” or application of latent
vectors for additional task solving.>*

However, both architectures achieved high reconstruction
rates and reasonable values of the validity, uniqueness, and
novelty parameters at STD = 0.4 (Table 3). To compare with
other autoencoders, we used this standard deviation. The
results of MOSES benchmarking are given in Table 3, which
includes the most important metrics assessing the generation
ability of the proposed architectures. The results for all other
metrics available in the MOSES package are given in the
Supporting Information (see Table S3).

Since graphs are discrete objects, they occupy particular
positions in the continuous autoencoder latent space. The
latent vectors corresponding to invalid molecular graphs (e.g.,
disconnected structures or structures with valence mistakes) in
the latent space are located between positions of valid
molecules. While the proposed sampling method allows
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systematic exploration of the chemical space, the validity of
the generated structures can hardly be controlled. Uniqueness
and novelty are lower than for other architectures as we
generate molecules in the vicinity of seed molecules.

Table 3 shows that the scaffold similarity (Scaf) of structures
generated with HyFactor and ReFactor is lower than that for
earlier reported autoencoders. Therefore, one can conclude
that new architectures are more potent for scaffold hopping,
which is crucial in de novo design. Moreover, HyFactor and
ReFactor generate molecules with rather high internal diversity
(IntDiv), characterizing a broader variety of generated
structures. Compared to all benchmarked autoencoders,
generated samples from ReFactor have the biggest Fréchet
Chemnet distance (FCD) and the smallest similarity to a
nearest neighbor (SNN). This demonstrates that the
ReFactor’s structures are more diverse with respect to the
training set than those generated with any other architecture.

Another important issue concerns the neighborhood
behavior analysis in the latent space. Thus, it is expected
that for small STDs, the distances between generated latent
vectors and the seed are rather small, which means that the
generated chemical structures are similar to the seed structure.
In order to check this hypothesis, for each of the 10K selected
seed structures, several molecules were generated with
HyFactor and ReFactor for standard deviations varying from
0.3 to 1.0 with a step of 0.02. At each step, 10 molecules were

https://doi.org/10.1021/acs.jcim.2c00744
J. Chem. Inf. Model. 2022, 62, 3524—3534


https://pubs.acs.org/doi/suppl/10.1021/acs.jcim.2c00744/suppl_file/ci2c00744_si_001.pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.2c00744?fig=fig6&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.2c00744?fig=fig6&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.2c00744?fig=fig6&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jcim.2c00744?fig=fig6&ref=pdf
pubs.acs.org/jcim?ref=pdf
https://doi.org/10.1021/acs.jcim.2c00744?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as

Journal of Chemical Information and Modeling

pubs.acs.org/jcim

generated followed by the validity and uniqueness check.
These simulations resulted, on average, in 10 and 40 generated
structures per seed for HyFactor and ReFactor, respectively.

Generally, the neighborhood behavior is respected, that is,
most of the structures generated with a small standard
deviation (STD < 0.6) are more similar to the seed than
those generated with a large STD (Figure S). However, even
with small STDs, ReFactor may occasionally generate very
dissimilar structures corresponding to open-chain analogues of
the cyclic seed structure. Such dissimilarity explains high FCD
and low SNN scores observed for ReFactor compared to
HyFactor and other considered architectures.

Data Augmentation: Case Study of the ChEMBL
Database. The Achilles’ heel of graph-based autoencoders is
the reconstruction of molecules with a large number of atoms.
Indeed, the probability of error in predicting the atom or bond
type increases with molecular size. In this section, we
demonstrate how data augmentation may help solve this
problem. The experiments with ReFactor and HyFactor were
performed on the ChEMBL database containing molecules
bearing up to 50 heavy atoms. The results of training are given
in Table 4 and specifications of training parameters are
reported in the Supporting Information (Table S2).

According to Table 4, HyFactor uses 20% fewer training
parameters than ReFactor in order to achieve a similar
reconstruction rate, and thus, its training is 33% faster than
ReFactor. Although the overall reconstruction rate of both
networks is high enough, the reconstruction error sharply
increases for molecules containing more than 35 atoms and it
reaches almost 30% for ReFactor and HyFactor for molecules
containing SO atoms (Figure 6a). The latter can be explained
by the small number of heavy molecules present in the training
set (see Figure 1).

In order to confirm these suggestions, 460K virtual
structures containing >35 atoms were generated using the
Synt-On tool (former SynthI)*® and then added to the
ChEMBL set. These structures were generated using a special
protocol insisting their similarity to related heavy ChEMBL
molecules and synthetic feasibility; see details in the
Supporting Information. The enriched ChEMBL set
(E_ChEMBL) was then divided into training and test sets in
the ratio 4:1 containing 1.6M and 420K structures,
respectively. The distribution of molecular size in the obtained
data set is given in Figure 1. Both architectures trained on the
E_ChEMBL training set achieved reconstruction rates of
>95% measured on the E_ ChEMBL test set. The enrichment
of the initial data set significantly reduced the reconstruction
error of heavy molecules: for the molecules containing 50
atoms from ChEMBL, this value drops from some 25% for the
models trained on ChEMBL (Figure 6a) to around 7% for the
models trained on E_ChEMBL.

B CONCLUSIONS

Neural network architecture HyFactor, which uses a hydrogen-
count labeled graph as a chemical structure representation, has
been developed. In this graph, implicit hydrogen atom counts
are used instead of bond types, like in the InChl linear
notation. Such a representation allows avoiding most of the
problems of molecule standardization (aromatization, func-
tional group standardization, and representation of Kekule
structures) that make HyFactor insensible to molecule
representation specifics.

For the sake of comparison, we have implemented the
ReFactor architecture based on a classical molecular graph. It
represents an updated and optimized version of the previously
published DEFactor architecture, which uses defactorization of
the adjacency matrix for graph generation. Since the latter
proceeds in a single-shot manner without autoregressive bond
and atom addition, the architecture is time and resource-
economic.

Both ReFactor and HyFactor networks demonstrated high
(>90%) reconstruction rates both in ZINC250K and ChEMBL
datasets, which is similar to (or even better than) earlier
reported graph-based or SMILES-based approaches. While the
HyFactor architecture achieved the same reconstruction rate as
ReFactor, it was also more effective in terms of the network
parameters and training time.

Analysis of the dependency of reconstruction rates of
HyFactor and ReFactor on molecular size revealed that, for
molecules containing more than 35 atoms, the fraction of
errors starts to grow, achieving almost 25% for molecules with
S0 atoms. We hypothesized that this was related to the
underrepresentation of such large molecules in the training
dataset. Significant loss on the error rate on large molecules to
7% for the models trained on the dataset enriched by rationally
generated virtual molecules supported this hypothesis. We
believe that such a problem can be common for other graph-
or SMILES-based autoencoders and encourage adding
corresponding tests in generative chemistry benchmarking
tools.

Both HyFactor and ReFactor can be used for efficient
generation of new chemical structures. Since no special
regularization of the latent space was used, vectors
corresponding to new structures have been sampled around
selected training set molecules. Novelty and uniqueness of
generated structures increase as a function of the noise level,
but the structures’ validity drops in the same direction. In the
MOSES benchmark, the structures generated by proposed
architectures are characterized by greater diversity and scaffold
novelty compared to those generated with the help of some
other state-of-the-art approaches. This makes the proposed
approaches especially promising for constrained molecule
generation.
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