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ABSTRACT

Recent global events have emphasized the importance of acceler-
ating the drug discovery process. A way to deal with the issue is
to use machine learning to increase the rate at which drugs are
made available to the public. However, chemical labeled data for
real-world applications is extremely scarce making traditional ap-
proaches less effective. A fruitful course of action for this challenge
is to pretrain a model using related tasks with large enough datasets,
with the next step being finetuning it for the desired task. This is
challenging as creating these datasets requires labeled data or ex-
pert knowledge. To aid in solving this pressing issue, we introduce
MISU - Molecular Inherent SUpervision, a unique method for pre-
training graph neural networks for molecular property prediction.
Our method leapfrogs past the need for labeled data or any expert
knowledge by introducing three innovative components that uti-
lize inherent properties of molecular graphs to induce information
extraction at different scales, from the local neighborhood of an
atom to substructures in the entire molecule. Our empirical results
for six chemical-property-prediction tasks show that our method
reaches state-of-the-art results compared to numerous baselines.
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1 INTRODUCTION

The importance of rapid development of pharmaceutical solutions
for humanity’s ailments has become clear in recent years. However,
the process requires an enormous investment of resources, and a
single drug development process might take more than a decade and
costs billions. A major challenge of drug design is discovering target
molecules with desired properties. Today, potential leads are either
identified through a manual process or High Throughput Screening
(HTS), which involves screening large amounts of compounds to
test varieties of potential candidates. However, since the number of
realistic drug-like molecules is estimated to be between 1023 — 1060
[36], larger by many orders of magnitude than what we can test
with current lab technology, it is apparent that some section of
search space will never be explored. Hence, a more efficient method
is needed to improve the way we perform drug discovery.

To accelerate the drug discovery process numerous machine
learning algorithms were applied for various chemical tasks [4].
The current state-of-the-art results are achieved by graph neural
networks [5, 12, 22, 23, 42, 43, 51] which are applied on a graph
representation of a molecule. Each atom of the molecule is repre-
sented as a node and each bond is an edge, and the topology is
encoded in the connectivity of nodes. Although initial results show
the potential of machine learning approaches for chemical appli-
cation, two fundamental issues remain open: First, labeled data is
hard to procure as it requires experiments in wet-labs, which are
time and resource constrained making this domain different than
others where supervised machine learning has flourished. Second,
applications often contain out-of-distribution samples, as training
set molecules might be structurally dissimilar from molecules in
the test set, e.g., when a chemist might want to assess a newly
synthesized molecule that is different from the ones examined so
far.

A commonly-used approach to these issues is to pretrain the
model using sufficiently large datasets from the same domain, where
through the use of proxies for the desired task the model is pre-
trained to encode information useful for the downstream task.

However, large supervised data are not always available in the
chemical domain given the possible candidate space. In this work,
we develop a form of a self-supervised learning approach for the
chemical domain. We introduce Molecular Inherent SUpervision
(MISU), a pretraining method for molecular property prediction that
bypasses the need for labeled data by introducing three innovative
sources for supervision. Those sources utilize inherent properties
of molecular graphs to induce information extraction at different
scales, from the local neighborhood of an atom to substructures in
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Figure 1: General scheme for molecular property prediction
using GNNs. Molecule depicted - Caffeine.

the entire molecule. We propose an end-to-end framework com-
bining the three chemical structure granularities: (1) We leverage
molecular fingerprints [7, 32, 39], particular substructures of a mol-
ecule, as pseudo-labels during model pretraining. (2) We extract
information from local scale through the use of an atom-level Graph
VAE. For example, information such as the existence or absence of
a bond between two atoms is propagated using this VAE. (3) We
extract information from the chemical cluster scale through the use
of self-learnt cluster-level Graph VAE. For example, information
such as the existence or absence of an edge between two chemical
clusters is propagated using this VAE.

We perform empirical evaluation on six molecular property pre-
diction datasets containing hundreds of binary prediction tasks. We
show that MISU improves performance of every GNN architecture
and reaches state-of-the-art results on all tasks with the GIN [50]
GNN architecture. Overall, the method boosts ROC-AUC scores
on classification datasets by up to 9.45% and by 5.25% on average
compared to non pretrained GNNs.

The contribution of this work is threefold:

(1) We introduce MISU, a self-supervised approach for molecu-
lar property prediction that attempts to leverage information
from multiple chemical granularities, including molecular
fingerprints, atom-level and molecular-cluster level thus pro-
viding self-supervision during pretraining.

(2) We introduce an end-to-end framework implementing MISU
as a multi-task optimization.

(3) We perform empirical evaluation on 6 different well-known
molecular prediction datasets reaching state-of-the-art re-
sults.

2 RELATED WORK

Machine learning for molecular property prediction has long been
the subject of research [45], initially fixed representations were
used, for molecular application the most common are called finger-
prints. There are two types of fingerprints, hash based [32, 39] and
dictionary based [7]. These were then used as input for traditional
machine learning algorithms [41].
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Molecular representation learning. Motivated by advances
in representation learning, focus had shifted to learned molecu-
lar representations, mainly using graph and sequence representa-
tions as inputs. For graph-based models molecules are expressed
as graphs where heavy atoms are nodes and covalent bonds are
edges. These are then fed to a graph neural network to produce a
fixed-length representation of the entire molecule. For sequence-
based molecules, Simplified Molecular-Input Line-Entry System
(SMILES)! [48] is common, it is used in conjunction with modules
from natural language processing and had shown success for vari-
ous tasks [2, 3, 16, 27, 47]. We focus on graph-based models in this
work.

Graph Neural Networks for molecular property prediction:
Molecular tasks had been the target of many works using graph
neural networks [15, 29, 46, 50, 51]. Essentially, labeled data is used
to train the model to predict the chemical or biological activity
of a molecule. However, since labeled data is scarce for chemical
applications these method do not solve real-world problems when
trying to apply machine learning to molecular property prediction.
A general scheme for molecular property prediction through graph
neural networks can be seen in Figure 1.

Pretraining schemes for molecular property prediction
using GNNs: To address the need for an alternative to traditional
machine learning training schemes, pretraining for graph neural
networks was the sought after solution. Hu" et al. examined pre-
training strategies for GNNs and proposes various tasks for pre-
training. However, graph-level tasks discussed require significant
labeled data which is often scarce. To this end Rong et al., pre-
sented GROVER a pretraining framework that combines message
passing networks with transformer-like architecture as well as self-
supervised tasks. GROVER uses a motif prediction for the graph-
level task, essentially treating functional groups as labels for a
multi-label classification problem. However, the choice of which
functional group to include in the task required expert knowledge
and was manually selected per task. In our method, no such knowl-
edge is required and we empirically show that the manual selection
does not scale for other chemical tasks.

To the best of our knowledge, we are the first to present a novel
scheme for graph neural network pretraining for molecular prop-
erty prediction, that does not require any labeled data or expert
knowledge bypassing all the caveats mentioned above. We em-
pirically show that inherent supervision using molecular graph
properties at different scales reaches state-of-the-art results across
most chemical tasks.

3 MOLECULAR INHERENT SUPERVISION

Let G = (V, E) be a molecular graph, where V is the set of atoms,
E is the set of bonds connecting the atoms and Y the chemical
property label for the molecule. Each node is represented using d
features. We denote X!V1%? a5 the feature matrix for the nodes in
V. The task we consider is graph classification, where the goal is to
learn a function F(-) with parameters F, such that given a graph G
with features X, F(G, X) =Y. Since chemical labeled data is scarce,
our goal is to use inherent properties of molecular graphs without

ISMILES is a specification in the form of a line notation for describing the structure of
chemical species using short ASCII strings.
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any expert involvement to provide inherent supervision for infor-
mation extraction as these allow for the use of large scale datasets
(containing only unlabeled graphs of molecules). The effect of pre-
training is an initial model F(-) that is better suited for finetuning
in the settings of chemical applications of machine learning (i.e
low-data regime). The result is a model that achieves better results
than otherwise possible. Our approach relies on three different
components and losses to promote rich information extraction at
different scales, from the local neighborhood of nodes (i.e., whether
an edge exists) to the existence of substructures in the molecular
graph.

We introduce Molecular Inherent SUpervision (MISU) a pretrain-
ing framework for molecular property prediction. The architecture
is illustrated in Figure 3. Given an input molecule, represented by
a graph G, we first create an embedding for each atom in V using
a GNN encoder (Section 3.1). These embeddings are then used in
three different ways to promote information extraction on various
scales: (1) Section 3.2: using variational graph autoencoder (VGAE)
(depicted in purple in Figure 3). (2) Section 3.3: using an adaption
of VGAE for molecular clusters (depicted in red in Figure 3). Jin
et al. presented promising results of molecular graph generation by
using information on a molecular cluster level rather than on an
atom level. They presented the concept of junction trees as span-
ning tree of the chemical cluster graphs, which we leverage. (3)
Section 3.4: using the molecular fingerprint of the graph as pseudo-
labels for prediction (depicted in green in Figure 3). The end-to-end
pretraining MISU architecture is presented in Section 3.5.

3.1 GNN Encoder

The first component in our framework is the GNN backbone, En,
which we would like to pretrain. GNNs use the node and edge
features and connectivity properties of the graph to produce a
representation (h,) for any given node v € V, which are used to
create a representation for the entire graph (g). Common GNN
architectures use the neighborhood of a given node v, i.e., the set
N(v) = {u : Jeyy € E}, to aggregate the representation of each
node. Pooling is then used to group together the embeddings of all
the nodes in the graph into a single representation for G. For our
framework we mainly use Graph Isomorphism Network (GIN) [50],
a key advantage of GIN is the aggregation making it one of the
most expressive GNN architectures [20]. The aggregation function
for the k — th layer of GIN is:

(ho)®) = MLP| (14 X)) - (o) * D+ 3" () * V| (1)
u€eN (v)

where (h)(®) = X, MLP stands for multi-layer perceptron and € is
a learnable parameter responsible for weighting the current rep-
resentation with regards to the neighborhood of v. In addition for
our encoder we also use a virtual node [14], augmenting the graph
by adding a node that is connected to all other nodes in the input
graph. Adding it was shown to be effective for many molecular
property prediction tasks in [19]. Following [18, 20] edge features
are used in conjunction with node features for embedding the input
graph. The encoder can be seen in Figure 3 in blue. Note that the
arrow from the GNN encoder to the molecular fingerprint predic-
tion symbolized the use of multilayer node embeddings, whereas
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the other arrow indicate the use of the embeddings from the last
layer alone.

3.2 Graph Decoder

Denote A as the adjacency matrix for graph G and |V| = N. X is
the N X d matrix of node features where each node embedding is of
size d. The inference model is parameterized by our GNN encoder:
q(ZIX, A) = 1Y, q(zi|X, A), with q(zi]X, A) = N (zilpi, diag(?)).
Where z; are the latent variables that are in Z. We use the output
of the encoder for p = En(X) and similarly for o.

3.2.1 Inner Product Decoder. For decoding the embeddings of each
node we use an inner product decoder, that is defined by an inner
product between two latent variables z;, z; For decoding back to
the adjacency matrix A given Z, we use the dot product of all pairs
z; and z; to reconstruct the corresponding entry in the adjacency
matrix Ajj:

N
[ 1 (Aijlziz2),

Jj=1

=

p(AlZ) =

1

I
—_

where p (Ajj = 1|z, zj) = o(zl.sz), Ajj are the elements of the
adjacency matrix A and o(-) is the sigmoid function.

3.2.2  Optimization. For optimization we use the following loss:

Lvcae = E [log p(A|Z)] = AGKL [¢(ZIX, A)llp(Z)], ()

where Ag is a weighting hyper-parameter for the Kullback-Leibler
(KL) divergence. This promotes valuable information extraction
from the immediate local neighborhood of a node thus capturing
interactions between atoms. The graph decoder can be seen in
Figure 3 in purple.

3.3 Junction Tree Decoder

Jin et al. showed that representing molecules on an atom-level
might generate chemically invalid intermediaries during a graph
generation task. For example, an aromatic bond is chemically invalid
on its own unless the entire aromatic ring is present. They suggest
a method that mines the training data using a tree decomposition
algorithm and generates tree structured objects, aka junction trees,
which represent chemically-valid subgraph components and their
coarse relative arrangements. In this work, we are the first to use
this scale resolution for a graph classification task.

Formally, for a graph G = (V, E), 76 = (V, E) is the junction
tree of G with node set V- = {C;}!'; and C; is a subgraph of G.
Using the tree decomposition algorithm [22], our method creates a
mapping from the graph to its tree s.t. the union of all clusters C;
results in the original graph G. Note that a node in G can contribute
to multiple nodes in 7~ as it may take part in more than one cluster.

3.3.1 Tree Decomposition. The tree decomposition mapping is
denoted as Tr(-), it returns a junction tree ¢ and the corresponding
embedding X4 = (t). The embedding is created using sum pooling
on the embeddings from the last layer of En (h);, meaning the
embedding for each node in 7" is the sum of all the nodes in G
mapped to it by Tr. Denote C; € 7, the embedding (C;) is computed
as such:
€)= (hp-

J€Ci
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Figure 2: A visualization of the tree decomposition algorithm.

The embedding for all the nodes in 7 is denoted by (t). This em-
bedding is used as an input for the component. See Figure 3 (red)
for the the tree decomposition component. A visualization of the
tree decomposition algorithm is depicted in figure 2.

3.3.2 Decoder. Following the generation of the junction tree and

its corresponding node feature matrix X NTXd, similarly to Section
3.2, we use the same inner product and loss. Formally, denote Aq-
as the adjacency matrix for junction tree 7~ (produced by the tree
decomposition algorithm), |Vq| = Ng- the number of nodes in 7~
and Zg- the latent variable matrix for 7. The loss used is:

Lyt =E [log p(A7|Z5)] = 7KL [q(Z7 | X7, AP)llp(Z9)] . (3)
Note that this is different from Jin et al., as our main purpose is to
promote richer information extraction from a larger neighborhood
of any node instead of generating valid molecular sequences. The
resulting model is capable of better representing interactions on a

cluster level. The junction tree decoder can be seen in Figure 3 in
red.

3.4 Molecular Fingerprint Prediction

The previous section explored atom and cluster level information.
In this section, we explore the use of molecular fingerprints. Finger-
prints are binary vectors of varying sizes and are used regularly for
chemical applications such as virtual screening. We focus on two
types of molecular fingerprints, Morgan fingerprints (also known
as extended-connectivity fingerprint ECFP4) [32, 39] and MACCS
fingerprint [7]. Both are substructure fingerprints that are known
to perform best for small molecules such as drugs. Morgan finger-
print indicates the existence of circular substructures around each
atom, these in turn can be indicative of the biological activities of
small organic molecules making this kind of fingerprint particularly
useful for our case, we use Morgan fingerprint of dimension 2048 as
is common among other works[2, 3, 8]. MACCS (Molecular ACCess
System) are 166 — bit 2D structure fingerprints with each entry
corresponding to a specific pattern.

As the Encoder is used after the pretraining phase, we want all
layers of the encoder to encounter valuable information. In order to
promote information extraction using the molecular fingerprints,
we introduce a linear layer for each layer in En denoted as FCjgyer
and attempt to predict the fingerprints, which serve as pseudo-
labels. Intuitively, this encourages the model to extract information
in such a way that it is possible to recreate the fingerprint using a
linear combination of the elements in the embeddings. Formally,
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given a molecule, for each layer i = {1,...,L} of the encoder we
take its embedding (h);, utilize pooling to create an embedding for
the whole graph (g);. Then, using a linear layer FC; we treat the
fingerprints as binary labels by minimizing the binary cross-entropy
(BCE) loss. The latter ensures information about substructures is
extracted by each layer, in turn contributing to the ability of the
model to extract information on a graph scale. Overall for a given
layer i the prediction of the model is:

fp’; = FCi(Pool(En(G);)),

where En(G); denote the embeddings of the nodes at the i — th
layer. The loss term is:
L
L, = Z —(fp - log(fp’;) + (1 — fp) - log(1 — fp’;)).
i=1
The path for molecular fingerprint prediction can be seen in Figure 3
in green.

3.5 End-to-End Architecture

We introduce MISU, a pretraining framework for molecular prop-
erty prediction. The framework is illustrated in Figure 3. It is two-
staged, the first is pretraining and the second is finetuning.

3.5.1 Pretraining Framework. The pretraining architecture is made
up of three distinct components, a graph VAE , an adaption to
JTVAE and a molecular fingerprint predictor. We feed the input
graph through each part in parallel and combine the losses while
introducing three weighting hyperparameters {/li}?zl. Note that
for L, Ly the weighting hyperparameter multiplies only the
reconstruction part of the loss and we write A; - L; for simplicity.
The detailed algorithm is presented in Algorithm 1.

Algorithm 1 Pretraining algorithm.

Input: G, training set. G, validation set. E,45x epochs for
training. L the number of layers in En. Output: En pretrained model.

1: for epoch =1,2,...,Epqax do

2: Sample mini-batches g € G;

3 (h) = En(g)

4 g =Dec({h)L)

50 Li= Lvcae(g:9)

6 () =Tr((h)L,9)

7: t’:DeJT((t))

8: L, = LJT(t, t')

9: Calculate fp,

10: for layer =1,2,...,L do

11: <g>layer = POOl( <h>layer)

12: L;+=BCE (fpg, Fclayer ( <g>layer))
13: end for

14: L:/ll‘L1+/12'L2+A3'L3

15: Minimize L using Adam optimizer

16: Evaluate the model every Vy epochs on G,
17: if evaluation criterion improves then
18: save model

19: end if
20: if no improvement for P evaluations then
21: stop training
22: end if
23: end for
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Figure 3: End-to-end pretraining framework composed of a GNN encoder and three components, a variational graph autoencoder
(purple), tree decomposition and junction tree decoder (red) and molecular fingerprint as pseudo-labels for prediction (green).

3.5.2  Finetuning. Using the pretrained model En we produce em-
beddings for all nodes in G. We then pool the embeddings to a single
representation, denoted as (g), using sum pooling and stack over it
a new trainable MLP denoted as FF which produces a prediction.
The detailed algorithm is presented in Algorithm 2.

Algorithm 2 Finetuning algorithm.

Pretrained backbone denoted as En, prediction MLP denoted as FF;
Input: G, training set with labels y € Y;. G, validation set. E;;4x
epochs for training. Output: En + FF trained predictor.

1: for epoch=1,2,...,Epax do

2: Sample mini-batches g € G,

5 (h) = En(g)

& {g)=Pool((h))

5.y =FF((g))

6: L =BCE(y,vy')

7: Minimize L using Adam optimizer

8: Evaluate the model every V¢ epochs on G,
9: if evaluation criterion improves then
10: save model
11: end if
12 if no improvement for P evaluations then
13: stop training

14 end if

15: end for

4 EMPIRICAL EVALUATION

In this section, we review the implementation and hyperparameter
details, the baselines compared and the datasets used and publish

the code for reproducibility.

4.1 Datasets

For empirical evaluation, we focus on the molecular property pre-
diction task (i.e., graph-wise classification). For pretraining we use
the unlabeled version of PCQM4M which contains slightly less
than 4 million molecules. The latter is a quantum chemistry dataset
curated under the PubChemQC project [34]. Note, that our method
does not require any labeled data therefore we use the raw data in
PCQM4M ignoring the labels. For finetuning we use the classifica-
tion datasets in MoleculeNet [49]. We focus on real-world use of
chemical applications, that are usually limited to less than 10,000
labeled molecules:

(1) BACE [44]: Binary labels of binding results for a set of in-
hibitors of human f-secretase 1 (BACE-1).

(2) BBBP [30]: Binary labels of blood-brain barrier penetration.

(3) ClinTox [13]: Binary labels of drugs approved by the FDA
and those that have failed clinical trials for toxicity reasons.

(4) SIDER [1]: Database of marketed drugs and adverse drug
reactions, grouped into 27 system organ classes.

(5) Tox21 [21, 31]: Binary labels of toxicity measurements on
12 biological targets, including nuclear receptors and stress
response pathways.

(6) ToxCast [38]: Toxicology data for a large library of com-
pounds based on in-vitro high-throughput screening.

Note that each dataset may contain more than one binary pre-
diction task. We follow other works [19, 20, 40, 49], and present the
metric as averaged scores over the tasks. Detailed description of
the classification datasets is shown in Table 1. Positive rate refers to
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the percentage of positively labeled molecules for each task. APR
stands for Average Positive Rate and MPR stands for Median Posi-
tive Rate, both across tasks. Bond and atom density are the average
number per molecule for the dataset. An important observation
is that BACE contains the most dense molecules with the highest
density for both atoms and bonds.

4.2 Data Splitting

To mirror real-world usage we follow [20] and use scaffold splitting
[37], splitting the molecules according to their molecular structure
(scaffold). This is necessary since real-world molecular applications
tend to be composed of different structures for training and test
data. Therefore we split the pretraining and downstream datasets
using scaffold splitting to assess the models’ performance in an out-
of-distribution sense. It is important to note that scaffold splitting
imitates the way a chemist might go about exploring the available
molecules, starting from a lead molecule with a desired property
and changing small substructures as the work progresses.

4.3 Baselines

For different applications a different GNN architecture was reported
in the literature. We explore numerous such architectures and eval-
uate over all the datasets the performance of the GNN encoders
and compare them to MISU with GIN architecture (i.e., MISU ar-
chitecture leveraging Graph Isomorphism Network (GIN) architec-
ture [50] as the GNN encoder). Specifically, we compare our method
to the GIN vanilla architecture [50] that reached state-of-the-art
results on numerous applications [6, 17, 33], vanilla VGAE [25]

that showed state-of-the-art performance in link-prediction ap-
plications, and GROVER [40] which combines message passing
networks with transformer-like architecture that reached state-of-
the-art results at molecular property prediction applications [49].
For all baselines we use similarly sized backbones (roughly 6M pa-
rameters), the same dataset for pretraining (PCQM4M), same data
split for finetuning, metric (ROC-AUC) and computing resources.

4.4 Implementation Details

Testing was done using the RDKit, PyTorch, PyTorch Geometric and
PyTorch Lightning frameworks[10, 11, 28, 35], as well as the Adam
optimization algorithm [24]. Software: Ubuntu 18.04.6, Pytorch
1.10.2, PyTorch Geometric 2.0.3, PyTorch Lightning 1.5.10, OGB
1.3.2, Python 3.9.10, RDKit 2021.09.4. Reproducibility: We set seed
42, different seeds yield similar results. For all tests we train the
models using 10 consecutive seeds starting from 42, and calculate
the results. All code can be found online?.

4.4.1 Pretraining Implementation Details. Pretraining Hardware: 6
Nvidia RTX A6000 48GB GPU, 2 Intel Xeon Gold 6258R 2.70 GHz
CPUs. Hyperparameters: Architecture - GIN with 5 layers, number
of layers for the MLP used in GIN 5, hidden dimension 600, we
use sum as graph pooling. Training - optimizer Adam [24], mini-
batch size 5120, dropout 0.5, weight decay 1 - 1077, learning rate
3 - 1074, max epochs Epgx = 80, evaluation frequency Vf =1,
early stopping with P = 20 evaluations, A\g = 0.1, A7 =1+ 107>,
A1 =1, A3 = 1000, A3 = 100. Hyperparameters were chosen using

Zhttps://github.com/RoyBenjamin/MISU
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a validation set. Data - scaffold split, we shuffle the data during
training. Runtime - roughly 16 hours.

4.4.2  Finetuning Implementation Details. Finetuning Hardware:
Nvidia GeForce RTX 2080 Ti 11GB GPU, 2 Intel Xeon Gold 6230
2.10GHZ CPUs. Hyperparameters: Architecture - Pretrained GIN
as in 4.4.1, number of layers in FF 3, we use sum as graph pooling.
Training - optimizer Adam, mini-batch size 256, dropout 0.5, weight
decay 1-1077, learning rate 3 - 1074, max epochs Epgx = 150, eval-
uation frequency Vy = 1, early stopping with P = 30 evaluations.
Data - scaffold split, we shuffle the data during training. Runtime -
between 3 to 15 minutes depending on the size of the dataset.

5 EXPERIMENTAL RESULTS

We conduct numerous empirical experiments. First, we evaluate
MISU GIN performance compared to state-of-the-art GNN architec-
tures (Section 5.1). Then, we conduct thorough ablation experiments
to show the contribution of each component in our model (Section
5.2.1). All experiments were done on out-of-distribution prediction
(scaffold split).

5.1 Main Results

Table 2 shows the results of all models on all downstream datasets
on the test-set using scaffold splitting. We observe that MISU sur-
passes all baselines on all tasks except the BACE task and reaches
competitive performance on BBBP. This result highlights the ability
of MISU to promote propagation of information at various scales
using the different components. As observed from Table 1, BACE
is the dataset with the most dense molecules. This translates to
the most dense graphs, as grover is made up of a transformer-like
architecture it is able to deal with the size of the graphs better
leading to a better result for BACE. In addition, we conjecture that
the functional groups used for pretraining correlated well with the
substructures in the molecular graph leading to better performance
on the task at hand. Note that these does not scale to the rest of the
datasets, with a less complicated model reaching better results.

The biggest improvement of the model is observed for the Clin-
Tox task, where MISU improves over the non-pretrained model
by 9.45%. ClinTox includes two tasks, (1) clinical trial toxicity (or
absence of toxicity) and (2) FDA approval status. When analyzing
changes in relative performance from the baseline to MISU on this
dataset for the molecules with improved performance the average
bond and atom densities are (27.68, 25.36) respectively. Whereas
for molecules with lower performance it is (43.33,41.66). Since
the densities for the entire dataset are (27.88,26.16), one can con-
clude that for this dataset MISU facilitates the propagation of useful
information for relatively small molecules prediction which are
the majority, whereas molecules of larger proportions (which are
anomalies for this datasets) incur a decrease in useful information
extraction.

Additionally, to analyze MISU qualitatively we run the model on
BACE dataset, then we collect molecules with changes in prediction
for a decision rule with threshold 0.5. We group these into three
groups. The first includes positively labeled molecules with better
predicition when using MISU, denoted as A. The second includes
negatively labeled molecules with better prediction when using
MISU, denoted as B. The third includes mixed labeled molecules
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Table 1: Finetuning datasets characteristics, MPR - Median Positive Rate, APR - Average Positive Rate.
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Dataset | # Tasks | # Compounds | Train Size | Validation Size | Test Size | MPR APR | Bond density | Atom density | Category

BACE 1 1,513 1,210 151 152 | 45.67% | 45.67% 36.86 34.09 Physiology
BBBP 1 2,039 1,631 204 204 76.51% | 76.51% 25.95 24.06 Biophysics
ClinTox 2 1,477 1,181 148 148 7.58% | 50.61% 27.88 26.16 Physiology
SIDER 27 1,427 1,141 143 143 66.29% | 56.76% 35.36 33.64 Physiology
Tox21 617 7,831 6,264 783 784 447% | 6.24% 19.29 18.57 Physiology
ToxCast 12 8,576 6,860 858 858 1.28% | 2.36% 19.26 18.78 Physiology

Table 2: Evaluation results of our method and other baselines for ROC-AUC. In bold: best metrics.

GROVER

VGAE

GIN

0.8160 + 0.0122

0.6597 £ 0.0529

0.6525 + 0.0524

0.6671 + 0.0092

0.6650 + 0.0175

0.6414 + 0.0248

0.7040 + 0.0380

0.7450 £ 0.0283

0.7126 + 0.0514

0.5918 £ 0.0132

0.5851 £ 0.0120

0.5582 + 0.0189

0.7500 + 0.0035

0.7567 + 0.0100

0.7524 + 0.0048

Dataset | Size | # Tasks | MISU

BACE 1,513 1 0.7052 + 0.0379
BBBP 2,039 1 0.6671 + 0.0175
ClinTox | 1,477 2 0.7800 + 0.0434
SIDER 1,427 27 0.5973 + 0.0081
Tox21 7,831 617 0.7630 + 0.0071
ToxCast | 8,576 12 0.6279 + 0.0049

0.6123 + 0.0056

0.6216 + 0.0049

0.6185 + 0.0054

with worse predicition when using MISU, denoted as C. This is
depicted in Figure 4. First, we analyze bond and atom densities.
For group A we get (50.75,44.75), bond and atom average densi-
ties respectively. For group B we get (52.75, 50.0) and for group C
(36.5,33.25) while the overall is (36.86,34.09). This goes to show
that for the given hyperparameters MISU improves performance for
larger molecules in the BACE dataset, as expressed in group A. We
conjecture this is due to the richness of information (substructures
and functional groups) found in larger molecules. Additionally,
from Figure 4 we observe that molecules with shared molecular
substructures tend to experience roughly the same change in pre-
diction. This is due to the fact that MISU promotes certain behavior
for different substructures in the input graph, this results in vari-
ous changes in prediction for subsets in the dataset with common
substructures.

We conclude that the general approach of MISU boosts perfor-
mance across all tasks without any expert knowledge. By leveraging
external unlabeled datasets with chemical supervision, it is not lim-
ited to labeling constraints nor requires expert involvement.

5.2 Ablation Tests

We conduct multiple ablation experiments on MISU models for all
the downstream datasets.

5.2.1 Component Analysis. Results of experiments conducted for
component analysis are shown in Table 3.

e No Pretraining. We evaluate the contribution of the entire
pretraining scheme for generalization on downstream tasks.
One can notice that for every task MISU improves the perfor-
mance by a significant margin. We conjecture this is due to

the effectiveness of each of the pretraining tasks introduced.

No JTVAE. We appraise the value of our adaption to JTVAE.
The architecture of MISU without JTVAE is made up of the
VGAE for local relation extraction and the molecular finger-
print prediction for graph-level. This is similar to setting
A2 = Ajr = 0 in algorithm 1. We then train the encoder
using the two remaining components with the relevant hy-
perparameters as in Section 4.4. We observe that JTVAE had
a positive effect contributing to an increase of 2% to the av-
erage ROC-AUC.

No fingerprints (FP). We evaluate the importance of molec-
ular fingerprint prediction (FP). The architecture of MISU
without FP is made up of the VGAE for local relation extrac-
tion and the JTVAE for cluster-level. This is similar to setting
A3 = 0 in algorithm 1. We then train the encoder using the
two remaining components with the relevant hyperparame-
ters as in Section 4.4. We observe that molecular fingerprint
prediction had a positive effect contributing to an increase
of 1.2% to the average ROC-AUC.

No VGAE. We test the contribution of VGAE. The archi-
tecture of MISU without VGAE is made up of the JTVAE
for cluster-level relation extraction and the molecular fin-
gerprint prediction for graph-level. This is similar to setting
A1 = Ag = 0 in algorithm 1. We then train the encoder using
the two remaining components with the relevant hyperpa-
rameters as in Section 4.4. We observe that VGAEa had a
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Table 3: Component analysis results of our method. In bold: best metrics.

Figure 4: Qualitative Examples

No FP

No JTVAE

No Pretraining

0.7025 £ 0.0403

0.6714 £ 0.0395

0.6525 + 0.0524

0.6567 + 0.0205

0.6590 + 0.0232

0.6414 + 0.0248

0.7677 + 0.0435

0.7607 + 0.0354

0.7126 + 0.0514

0.5779 £ 0.0146

0.5837 £ 0.0114

0.5582 + 0.0189

0.7623 £ 0.0067

0.7616 + 0.0075

0.7524 + 0.0048

Dataset | Size | # Tasks | MISU No VGAE

BACE 1,513 1 0.7052 + 0.0379 | 0.7034 + 0.0318
BBBP 2,039 1 0.6671 + 0.0175 | 0.6650 = 0.0246
ClinTox | 1,477 2 0.7800 + 0.0434 | 0.7590 * 0.0452
SIDER 1,427 27 0.5973 + 0.0081 | 0.5613 + 0.0134
Tox21 7,831 617 0.7630 + 0.0071 | 0.7610 = 0.0074
ToxCast | 8,576 12 0.6279 + 0.0049 | 0.6206 * 0.0045

0.6219 + 0.0074

0.6230 + 0.0065

0.6185 + 0.0054

positive effect contributing to an increase of 1.74% to the
average ROC-AUC.

5.2.2 Different GNN Architectures. Results of experiments con-
ducted to assess the behavior of MISU for different GNN encoderd.
For testing we use GIN [50] as specified in Section 4.4, GCN [26]
with 5 layers and similar hyperparameters to GIN and DeeperGCN
[29] which uses stacking of multiple layers, it is the common model
used for leading methods in ogbg-molhiv leaderboard and is used
with 14 layers. Results are shown in Table 4. We observe the fol-
lowing:

e Observation (1). It is apparent that the most expressive
model tested (GIN) achieves the best results when trained
using MISU, it gains the most with 5.21% improvement on
average performance.

e Observation (2). We can see that pretraining GIN outper-
forms other architectures. This result is consistent with Er-
han et al. and follows a similar trend from earlier observa-
tions by Hu* et al., which hypothesized that this is due to
the expressiveness of the architecture.

e Observation (3). From the results we can conclude that the
depth of the model contributes less than other factors, in our

experiment DeeperGCN uses 14 layers and both GCN and
GIN have 5. However, for the non-pretrained result GCN
performs slightly better than DeeperGCN on average. We
conjecture that 5 layers provide sufficient information about
the neighborhood of an atom for the model to extract useful
information.

6 CONCLUSIONS

The COVID-19 pandemic had emphasized the importance of rapid
drug development. Scientists rely on the drug discovery process to
reliably search through a massive search space of chemically viable
drug-like molecules. A step in drug discovery is identifying lead
molecules with desired properties. Currently targets are singled
out through a manual process or high throughput screening. To
optimize this process, machine learning is being applied to various
steps in drug discovery, potentially allowing scientists to acceler-
ate the process. Research interest started from traditional machine
learning models later shifting to SMILES based computational mod-
els and graph neural networks. The current state-of-the-art results
are achieved by graph neural networks which are applied on a
graph representation of a molecule.

Despite initial results for machine learning approaches for molec-
ular application, two concerns prevent machine learning from fur-
ther integration into the drug discovery process. Firstly, labeled
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Table 4: Average ROC-AUC of GNN architectures with and without MISU. In bold: best results, before and after pretraining.

Architecture | Non MISU pretrained
GIN 0.6559
GCN 0.675
DeeperGCN 0.669

MISU Pretrained | Gain (%)
0.6901 +5.21%
0.681 +0.8%
0.6827 +2.05%

data is relatively scarce as creating it requires wet-lab experimenta-
tion. Secondly, application frequently include out-of-distribution
samples as training and test molecules are often structurally dif-
ferent. The prevailing approach to these challenges is to pretrain
the model with large datasets from the same domain. The use of
intermediaries for the task enables creating a model pretrained to
propagate information better. Since large supervised data is rare
in the chemical domain there is a need to develop methods that do
not require supervision. To aid in this important issue we create a
self-supervision framework for chemical applications.

We present Molecular Inherent SUpervision (MISU), a novel
pretraining scheme for graph-based molecular property prediction.
Unlike previous work, it is designed in such way that there is no
need for labeled data or expert knowledge and uses three sources
for self-supervision. We call this type inherent supervision as it
depends only on chemical and graph based characteristics. Each
source contributes to information extraction at different scale from
the immediate surroundings of an atom to substructures in the
molecule.

We compare our method with other frameworks on six different
well-known molecular prediction datasets reaching state-of-the-art
results. We conduct a thorough ablation experiment and emphasize
the contribution of each component in the method. In addition,
we explore the effect of MISU on various GNN architectures and
find our method is consistent with work done on supervised pre-
training. Altogether, our framework improves the ROC-AUC metric
on classification datasets by up to 9.45% and by 5.25% on average
compared to the non pretrained GNNs.

We leave it as future work to explore the effect of MISU on
regression datasets as well as other GNN architectures. We trust
that our method lays a strong foundations for the integration of
machine learning as a standard tool in the drug discovery process
possibly shortening the time it takes to find a cure for various
diseases.
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