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MolNet-3D: Deep Learning of Molecular Representations

and Properties from 3D Topography

Yuanbin Liu, Weixiang Hong, and Bingyang Cao*

A new paradigm combining quantum-mechanical calculations with machine
learning (ML) to rationally design compounds with specific properties from
extremely large chemical space is emerging and developing at a rapid pace. In
this context, appropriately describing molecules and efficiently extracting
patterns from electronic-structure calculations are the core challenges for the
success of the quantum-mechanics-based ML approaches. Here, MolNet-3D
is introduced, a strong deep learning architecture capable of mapping from a
flexible and universal 3D topography descriptor to quantum-mechanical
observables of molecules of arbitrary shape. The model can learn an invariant
representation without the need for the transformation of atom coordinates
into interatomic distances, thus preserving the intrinsic 3D topography
information of molecules. The capabilities of MolNet-3D are shown by
accurately predicting the various density functional theory calculated
properties for molecules, including energetic, electronic, and thermodynamic

putational cost.'?! Given the overwhelm-
ing chemical space, accelerating materials
discovery requires the fast evaluation
of molecular properties.3 ! In pursuit
of this goal, a new research paradigm
based on the machine learning (ML)
methodology is emerging and develop-
ing at a rapid pacel®”) Until now, there
have been some tangible success stories
showing that a ML model could establish
the quantitative relationship between the
structure of matter and its properties,

such as potential-energy surfaces,/®1%
atomization  energies,'!l  adsorption
energies, 12131 activation  energies,'*]

bandgaps,['16] crystal stability,'78 and
melting temperatures.'” Surprisingly, the

properties. Compared with the previously proposed ML methods in the
MoleculeNet benchmarks, our model generally offers the best performance in
those quantum-mechanical tasks, elucidating the importance of intrinsic
topography information in molecular representation learning. This work may
provide new insight into the construction of molecular ML models from 3D

topography recognition perspectives.

1. Introduction

One of the most crucial ingredients in materials discovery is
to quantify the properties of interest for molecular candidates.
Electronic-structure calculations, mostly based on density func-
tional theory (DFT), have long been a central and reliable ap-
proach for modeling the structure and properties of molecules,
while such methods are fundamentally limited by high com
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accuracy of a trained ML model can be
comparable to or even superior to conven-
tional electronic-structure calculations, 2]
and its prediction takes only a few millisec-
onds per molecule, which is many orders
of magnitude faster than intensive DFT
calculations.'']' Therefore, ML-based ap-
proaches hold great potential to accelerate
the screening of prospective molecules
from large chemical libraries.

A core task for molecular ML is to encode atomic-scale
structures and/or other any related information into machine-
readable inputs that could be strings, tensors (or vectors), or
weighted graphs. Such inputs are referred to as "descriptors”
or "features" in ML jargon. Point clouds, the collection of co-
ordinates and the unique nature (e.g., nuclear charge) of each
atom, are ubiquitous in theoretical/computational chemistry and
a natural choice for the representation of arbitrary molecules.
However, common ML algorithms are incompatible with 3D
molecular point clouds because of their fundamental irregularity.
This problem is usually addressed by manipulating point clouds
into a symmetry-invariant representation in a regular format,
such as commonly used atom-centered symmetry functions, 212!
smooth overlap of atomic positions,[®#2*] and Coulomb matrix.!?’]
Notably, those descriptors are generally constructed based on
interatomic distances transformed from atom coordinates. Al-
though this operation can effectively make descriptors fulfill
translational and rotational invariance, it inevitably makes de-
scriptors lose the 3D spatial information of molecules. Moreover,
when complex systems containing tens of thousands of atoms
are involved (e.g., protein and heterojunction interfaces), it will
become challenging to handcraft a suitable descriptor from raw
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molecular point clouds. Arguably, there is great demand for pow-
erful ML models to directly tackle molecular point clouds. Lever-
aging the benefits of point cloud representations (i.e., flexibility
and universality for arbitrarily complex molecules) is expected to
further expand the application of ML in chemistry and materials
science. To the best of our knowledge, however, very little relevant
work has been done here.

In this work, we present the deep learning architecture
MolNet-3D to tackle the bottleneck of molecular point cloud
recognition. MolNet-3D is inspired by the advancements of ML
algorithms in the 3D pattern recognition field, which could di-
rectly consume 3D molecular point clouds and automatically
learn a deep representation incorporating 3D spatial topography
features of molecules. The learnable representation is followed
by a subneural-network module for the regression of the tar-
get property. Notably, we design the pointwise projection feature
modules in MolNet-3D to guarantee symmetries of the predic-
tion properties with respect to translation, rotation, and permu-
tation. We evaluate our model on a quantum-chemical bench-
mark named MoleculeNet!?*! that gathers several previously typ-
ical molecular ML models and corresponding performances in
different quantum-chemical tasks. We demonstrate how impor-
tant it is to boost the performance of ML models by incorporat-
ing global topography information in molecular representation
learning. This work may provide new inspiration for the develop-
ment of powerful molecular ML models and facilitate the explo-
ration of chemical compound space for the accelerated discovery
of novel compounds with desired properties.

2. Methodology

2.1. Molecular Point Clouds

Molecules contain abundant physical and chemical information
that can be encoded, such as mass, elemental types, functional
groups, bonds, van der Waals radii, and covalent radii. In this
work, we adopt molecular point clouds to encode molecules,
which include the most general and necessary information to
uniquely represent arbitrary molecules, namely, the 3D ground-
state Cartesian coordinates of atoms and a set of corresponding
nuclear charges to distinguish atomic types. We can reshape such
molecular representations as the data structure type P of point
clouds, as shown in Figure 1a. A molecular point cloud is a col-
lection of points in high-dimensional space, where each point
has four feature channels containing atomic coordinates (x, y,
z) and nuclear charge C. To date, molecules have been repre-
sented as the type of point clouds. This allows one to utilize many
available 3D pattern recognition technologies to tackle molecular
point clouds, such as PointNet,!?! volumetric CNN,12°) spectral
CNNs,[?’] feature-based DNNs, 28] and FPNN.[?]

2.2. MolNet-3D architecture

Here, we will give a detailed description of the MolNet-3D archi-
tecture. Our framework is visualized in Figure 1b, which stems
from PointNet.[?] As mentioned above, a key problem of molecu-
lar point cloud recognition is to guarantee symmetries of output
properties that should be invariant to translation, rotation, and
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permutation with respect to atom indexing. The translational in-
variance can be readily solved by shifting the center of mass of
molecules to the origin of coordinates. To solve the rotational in-
variance, we employ the spatial transformer (ST) block to MolNet-
3D. Initially, each point cloud is split into two subsets. Provided
that a molecule is composed of n atoms, one subset contains all
coordinates with a size of n x 3, while the other subset embraces
a set of nuclear charges {C} with a size of n x 1. The ST block
is used to align molecular coordinates with different rotated ver-
sions to a learnable position. We can use the ST network!*! or T-
net!?®] to constitute the ST block. In the present MolNet-3D, the
T-net is applied to yield an affine transformation matrix (ATM)
to align the molecular position. The coordinate subset outputted
from the ST block is then concatenated with the nuclear charge
subset to form a new and aligned point cloud. Then, the point
cloud is input to a convolutional block to extract the features of
atoms. As shown in Figure 1b, a convolution block is comprised
of a 1D convolutional layer, a batch normalization (BN) layer,!]
and a rectified linear unit (ReLU) activation layer.®?l The BN layer
could significantly accelerate the convergence of the network.
Then, a feature ST (FST) block is used to align the features of the
point clouds to further strengthen the invariance of MolNet-3D
to rotation. The FST block is followed by another series of con-
volution blocks. Pointwise convolution is used here to capture
high-dimensional atomic features. The maxing pooling layer is
followed by convolution blocks to serve as a symmetric function
and aggregate the most crucial information from each atom into
a molecular feature (or bottleneck feature or latent space). This
operation will enable the invariance of MolNet-3D to atom index
permutation and yield the learnable representation of molecules.
Finally, we add fully connected (FC) blocks to predict molecular
properties from the latent space. Every FC block is made up of an
affine layer, a BN layer, and a leaky ReLU activation layer, while
the last block only includes an affine layer. In the process of train-
ing MolNet-3D, to avoid molecular deformation through the ST
block, the first ATM should be close to an orthogonal matrix. It
can make MolNet-3D more robust when the second ATM learned
from the FST block is also orthogonal. Hence, we add two regu-
larization terms to our training loss:

L = |- Aa™), M
L,=|I-BB"|, (2)

where I is the identity matrix, A is the first ATM learned from the
ST block, B is the second ATM learned from the FST block, and
Il denotes the operator of the Euclidean norm.

Thus far, MolNet-3D can learn a mapping between molecu-
lar point clouds and molecular properties by the backbone, as
shown in Figure 1b. In fact, the alignment of atomic positions
by the ST network is not strictly invariant to rotation, although
the backbone has strong robustness to the rotation of molecu-
lar point clouds. To achieve the strict invariance of outputs to ro-
tation, we further design the hierarchical MolNet-3D, as shown
in Figure 1c. Here, we use the classical and best-known princi-
pal component analysis (PCA)[**] for the alignhment of molecular
point clouds with arbitrary orientation. Before each point cloud
is fed to the neural network, its 3D coordinates will be prepro-
cessed by PCA. The PCA axes are determined by aligning with
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Figure 1. Illustration of MolNet-3D. a) Molecules are encoded into the type of point clouds. Every point has four feature channels containing the
coordinate (x, y, z) and the nuclear charge C. b) Basic architecture of MolNet-3D. The function of U is to concatenate two datasets with sizes of n x 3
and n x 1. MLP denotes multilayer perceptron. c) Hierarchical architecture of MolNet-3D. The combination of MolINet-3D and the PCA-based pointwise
projection feature module contributes to strict invariance of outputs to molecular rotation.
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the eigenvectors from the covariance matrix of point clouds. The
eigenvectors are orthogonal, and the eigenvector with the largest
eigenvalue represents the direction from which the most promi-
nent feature of molecular shape can be seen. However, the eigen-
vectors are unsinged, which means that the orientation of the
PCA axes needs to be defined. There are a total of four possible
orientation assignments regarding the PCA axes based on the
right-hand rule. Hence, the PCA alignment will generate the four
sets of point coordinates, that is, (x, y, 2), (x, =y, —2), (=%, y, —=2),
and (—x, —y, 2). [t is noted that the points should be zero-centered
for PCA. Since we have shifted the center of mass of molecules
to the origin of coordinates for translational invariance, a natural
way to guarantee the zero mean is by using the mass-weighted
coordinates [A,x, A,y, A,z]to perform PCA, where A, denotes the
relative atomic mass. Such a method can also increase the sen-
sitivity of models because of the addition of extra atomic infor-
mation. After the PCA alignment is done, we project the original
coordinates [x, y, z] of each point to these four sets of the PCA
axes to obtain the corresponding point projection features. Feed-
ing these features to a well-trained MolNet-3D will generate four
evaluations of molecular properties that are averaged as the fi-
nal output. Because the relative position relationships between
points and the PCA axes are fixed, the output from the hierarchi-
cal MolNet-3D is strictly invariant to rotation.

Notably, it is feasible to eliminate the ST block in the MolNet-
3D backbone when the point projection feature is adopted. In this
situation, the hierarchical networks shown in Figure 1c can be
trained without using data augmentation. However, in our pre-
liminary experiments, it is found that the ST block also plays
a role in increasing the regression accuracy. This is attributed
to the fact that the ST block can be trained and then transform the
points to a more appropriate orientation for extracting the point
features. Hence, the ST block is kept in MolNet-3D.

2.3. Data Collections

The molecular datasets used in this work are the QM7%° and
QM9** datasets, which are subsets of the chemical databases
GDB-13 (970 million organic molecules)*! and GDB-17 (166.4
billion organic molecules),l* respectively. All molecules con-
tained in GDB-13 and GDB-17 are stable and synthetically ac-
cessible. The QM7 dataset contains 7165 molecules with up to
seven heavy atoms which are out of the elements C, N, O, and S,
and the QM9 dataset comprises 134k molecules with up to nine
heavy atoms. The ground-state Cartesian coordinates and atom-
ization energy are obtained by DFT (PBEO/tier2 basis set) in the
QM7 dataset.?) The QM9 dataset provides the geometric, elec-
tronic, energetic, and thermodynamic properties by DFT at the
level of B3LYP/6-31G(2df,p).**l The DFT-based properties in the
above two datasets will be used to train our framework and vali-
date the feasibility of MolNet-3D for the prediction of quantum-
mechanical observables.

It is noted that every molecule in the QM7 and QM9 datasets
only corresponds to a set of coordinates. To train the ST and FST
blocks, we augment the molecular point clouds on-the-fly by ran-
domly rotating molecules:

[y 2]" = R,(0,)R,(0,R.(0.)[x y 2] (3)
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Table 1. Different ML models and corresponding molecular representa-
tions. ECFP denotes extended-connectivity fingerprints.

Model Abbreviate Molecular descriptors

Random forests!?4] RF ECFP

Multitask network!3’] Multitask ECFP

Kernel ridge regression!?4] KRR ECFP

Graph convolutional models!33] GC Graph-based

Coulomb-matrix-based KRRI?] KRR (CM) Coulomb matrix

Coulomb-matrix-based Multitask (CM) Coulomb matrix
multitask!"]

Deep tensor neural networks!3°] DTNN Nuclear charge and

interatomic distance

AN|-1[40] ANI-1 Symmetry function

Message passing neural MPNN Graph-based
networks(*1]

MolNet-3D (this work) MolNet-3D Point clouds

where [x', y', 2] are the rotated atom coordinates; R,, R,, and
R, are the rotation matrices along the x, y, and z axes, respec-
tively; 0., 0,, and 0, are the rotation angles generated by random
numbers in a range between 0 and 27 radians. It is noteworthy
that data augmentation cannot cause excessive consumption of
computational resources because every newly rotated dataset is
trained alone in a new iteration.

2.4. Metric

It is noted that the MoleculeNet benchmarks adopt the mean ab-
solute error (MAE) as the metric to gauge the efficacy of various
models for the QM datasets. To facilitate the comparison, this
work also treats MAE as the main metric

N
1
MAE =ﬁ2|Di‘Vi| (4

i=1

where D and V denote the DFT and predicted MolNet-3D values,
respectively.

3. Results and Discussion

In this section, MolNet-3D will be applied to predict the mul-
tiple properties of molecules, including atomization energy,
dipole moment (), isotropic polarizability («), highest occupied
molecular orbital (HOMO), lowest unoccupied molecular orbital
(LUMO), LUMO-HOMO gap, and heat capacity at 298.15 K (C,).
Except for atomization energy from QM?7, the rest of the data are
collected from QM9. We uniformly use an 80:20 split of datasets
in the training and validation of MolNet-3D. As mentioned above,
our model is evaluated on the MoleculeNet benchmarks. To facil-
itate the comparison, Table 1 lists various ML models and corre-
sponding molecular representations used in MoleculeNet. Un-
like other models in MoleculeNet that encode molecules into
1D vectors, 2D tensors, or 2D graphs, MolNet-3D is proposed to
specifically handle the irregularity of molecular point clouds and
capture the global topography information of molecules.
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Figure 2. Performance of MolNet-3D for predicting atomization energies
(E) on the QM7 test set. a) Comparison of multiple methods in terms of
MAEs. Note that MolNet-3D is trained on random split, while the eight
models in the MoleculeNet benchmarks are trained on stratified split. b)
Correlation between ground-truth DFT (x axes) and predicted MolNet-3D
(y axes) values for atomization energies.
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A fundamental criterion of evaluating MolNet-3D is to check
the invariance of its learnable representations to translation, rota-
tion, and permutation with respect to atom indexing. Obviously,
MolNet-3D is strictly invariant to molecular translation and per-
mutation. This leaves rotational invariance as the sole factor to
be validated. To check the rotational invariance of MolNet-3D,
each trained model will be evaluated on the testing sets with 10
versions of randomly rotated coordinates. The performance of
MolNet-3D is gauged on the average of those 10 predictions in
terms of MAE with standard deviations. Figure 2a and Table 2
show the comparison of MolNet-3D with the MoleculeNet bench-
marks in terms of the QM7 and QM9 tasks, respectively. The re-
sults show that MolNet-3D generally offers better performance
for all energetic, electronic, and thermodynamic tasks than other
conventional and graph-based methods in MoleculeNet. Most
importantly, the zero standard deviation shown in Table 2 sug-
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Table 2. MAEs of multiple methods on the QM9 test set. For MolNet-3D,
every result is the average on the QM9 test sets with 10 versions of ran-
domly rotating coordinates, with standard deviations. Ha is the abbrevi-
ate of Hartree. Note that the results of other models are derived from the
MoleculeNet benchmarks.

Property Multitask Multitask (CM)  GC DTNN  MPNN MolNet-3D
a, bohr 3.10 0.85 1.37 0.95 0.89 0.51+0
u, D 0.602 0.519 0.583  0.244 0358 0.211+0
Gap, Ha 0.0100 0.0086 0.0172 0.0066 0.0082 0.0041+0
HOMO, Ha  0.00660 0.00506 0.00716 0.00388 0.00541 0.00532 + 0
LUMO, Ha 0.00854 0.00645 0.00921 0.00513 0.00623 0.00447 + 0
C, cal/mol-K  1.77 0.39 065 027 042  024+0

gests that molecular rotations have no influence on the outputs
of MolNet-3D, which confirmed the rotational invariance of our
model. Figures 2b and 3 plot the correlation between DFT and
MolNet-3D for five predicted quantities. Good correlation with
the DFT data can be observed. In addition, it shows that MolNet-
3D achieves consistent performance across the entire range of
each property.

Here, we move to the analysis of MolNet-3D on its perfor-
mance. The comparison of the different ML models in Fig-
ure 2a and Table 2 implies that the models (e.g., DTNN and
MPNN) incorporating the information of molecular structures
generally outperform others (e.g., ECFP) regarding the quantum-
mechanical tasks. This can be elucidated by the fact that the
molecular properties are determined by their atomic-scale struc-
tures. In principle, the molecular bonding or atomic positions are
governed by quantum mechanics. Therefore, encoding spatial in-
formation of molecules is an effective way to represent the nature
of the chemical environment and capture atomic interactions,
which leads to a significant improvement of the model perfor-
mance in tackling quantum-mechanical tasks. Indeed, MolNet-
3D is designed to capture the features of molecular structures.
Compared with other models considering molecular structures,
for example, the Coulomb matrix that manipulates atom coordi-
nates into a 2D tensor, MolNet-3D directly handles the 3D coor-
dinates of atoms and largely maintains the spatial information
of molecular structures. In addition, MolNet-3D leverages the
power of deep convolutional neural networks to automatically
generate learnable representations from point clouds involved
with minimal human intervention. Accordingly, MolNet-3D is
endowed with enough flexibility to handle arbitrary molecules.

4, Conclusions

This work focuses on a novel way to tackle molecular ML from
the perspective of 3D pattern recognition. The explicit descriptor
is chosen as molecular point clouds, which is extremely suitable
and flexible for describing the structure of arbitrary molecules.
A deep learning architecture named MolNet-3D is proposed
to specifically handle molecular point clouds and construct
mappings from molecular point clouds to quantum-mechanical
observables. Remarkably, MolNet-3D enables the identification
of molecules from their 3D structures and largely maintains
the global topography information of molecules. In terms of

© 2022 Wiley-VCH GmbH
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Figure 3. Performance of the MolNet-3D model on the QM9 test sets. Plot showing the correlation between ground-truth DFT (x axes) and predicted
MolNet-3D (y axes) values for a) isotropic polarizability «, b) dipole moment y, ) LUMO—HOMO gap, and d) heat capacity at 298.15 K C,.

computational efficiency, MolNet-3D can be easily implemented
with a cost that is linear in the number of atoms. In the eval-
uation, MolNet-3D is trained on the QM7 and QM9 datasets
and evaluated on the MoleculeNet benchmarks for predicting
the multiple properties of molecules, including atomization
energy, dipole moment, isotropic polarizability, HOMO, LUMO,
LUMO-HOMO gap, and heat capacity at 298.15 K. The results
show that MolNet-3D achieves better performance than the
MoleculeNet benchmarks over virtually all tasks, validating the
applicability of our model. Moreover, the nature of point clouds
endows MolNet-3D with enough flexibility to tackle complex
molecules.

The development of 3D object recognition is indeed much
slower than that of 2D picture recognition in the artificial intelli-
gence field. However, we believe that continuous advancements
in 3D pattern recognition techniques will benefit and expand the
application of ML in chemistry and materials science. In this in-
stance, our method is expected to serve as a benchmark to mea-
sure the efficacy of novel ML models tackling 3D molecular struc-
tures.
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