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methods. However, the
performance of DL model is extremely sensitive to the distribution of training data. Without
sufficient training data, the DL model suffers from overfitting issues that lead to catastrophic
performance degradation on unseen samples. To solve this problem, based on the message
passing paradigm of graph neural networks, we innovatively propose an edge-aggregate-atten-
tion mechanism, which specifies the weight based on node and edge information. Experi-
ments on MD17 and QM9 datasets show that our model not only achieves higher PES calcu-
lation accuracy but also has better generalization ability compared with Schnet, which
demonstrates that edge-aggregate-attention can better capture the inherent features of equi-
librium and non-equilibrium molecular conformations.
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I. INTRODUCTION

The potential energy surface (PES) is the correspon-
dence between the potential energy of a molecular sys-
tem and its atomic coordinates. The precise construc-
tion of molecular PES is an essential tool in physics,

chemistry, biology, and materials science research. Ac-
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cording to the Born-Oppenheimer approximation, due
to the negligible mass of the electrons, the energy of the
molecule can be regarded as a function of the nuclear
coordinates. That is, given a fixed molecular configura-
tion, the corresponding unique potential energy can be
calculated via computational chemistry methods. The
mainstream taxonomy groups traditional PES calcula-
tion into two categories. One methodology is ab initio
calculation which is based on first principles, such as
density functional theory (DFT) [1] and Hartree-Fock

calculations, which is widely used in quantum chem-
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istry [2]. Ab initio calculation has high accuracy but is
computationally expensive, therefore it is limited to
large-scale molecules system. The other methodology is
empirical potential, that is, numeric simulation of ex-
perimental data [3—6], these methods can provide rapid
access to PES and calculate millions of atoms in
progress. However, the accuracy of empirical potential
relies heavily on choosing the appropriate fitting func-
tions which requires prior knowledge and lacks of porta-
bility. To tackle this problem, using machine learning
algorithms to construct empirical potential has been
taking increased efforts to improve the computing accu-
racy and generalization capacity [7-9]. Among numer-
ous machine learning models, neural network (NN) be-
comes the first choice for PES calculation due to its
powerful nonlinear fitting ability. Most research works
focuse on designing an effective molecular descriptor for
the input of NN. Behler and Parrinello proposed a gen-
eralized neural network framework in which a symmet-
ric function was designed to handle the input with dif-
ferent sizes [10], and this method achieved ab initio ac-
curacy while it was several orders of magnitude faster.
With further exploration of invariance regarding the
particular molecule permutation group, Guo et al. pro-
posed PIP-NN method [11] which used the permuta-
tion invariant polynomial (PIP) [12] as the input of the
neural network and accurately reproduced the analyti-
cal potential energy surfaces for H + Hy and Cl+ Hy
systems. To reduce the number of polynomial inputs in
PIP-NN, fundamental invariant neural network (FI-
NN) [13, 14] introduced an efficient representation of
molecular permutation symmetry and broadened the
application range for larger molecular systems. Deep
potential (DP) [15], a simple deep neural network repre-
sentation of PES, eliminated ad hoc approximation of
the above work by taking each atom into a single sub-
network while respecting the symmetry of the system.
Embedded atom neural network (EANN) [16] replaced
the scalar embedded atom density in empirical embed-
ded atom method (EAM) [17] with a Gaussian-type or-
bital based density vector which was sent into NN to
obtain atomic energy. Gaussian moment neural net-
work [18] used an extendable invariant local molecular
descriptor constructed from geometric moments as in-
put of NN to get a high accuracy and efficiency model.
From the perspective of Al developers and data sci-
entists, this hand-crafted input of NN is less intuitive
and violates the end-to-end paradigm of deep
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learning. Therefore, graph is adopted to encode the
molecules and graph neural network (GNN) is used as
the backbone to follow the data-driven manner [19-22].
Deep tensor neural network (DTNN) [23] treats a
molecule as a graph, and the molecular structure is en-
coded with an inter-atomic distance matrix and an
atomic number vector so that the model can capture
the interaction between atoms in a pairwise manner. A
general framework named message passing neural net-
works (MPNN) [24] is distilled by reformulating exist-
ing models to exploit extra variations. Substantial re-
finement has been made on the basis of MPNN to im-
prove the performance while reducing the model size
and inference time, such as polarizable atom interac-
tion neural network (PAINN) [25], (REANN) [26], and
SpookyNet [27]. On the other hand, following the suc-
cess of attention mechanism in natural language pro-
cessing (NLP) and computer vision (CV), graph atten-
tion network [28] introduced the attention mechanism
into GNN, which made it possible to distinguish the im-
portance of neighbors and its own nodes during feature
aggregation, rather than the averaging representation
of adjacent nodes in MPNN scheme. Many works in-
volved graph attention mechanism for molecular repre-
sentation and demonstrated that the attention mecha-
nism could effectively extract the nonlocal intramolecu-
lar interactions [29-32]. However, in the graph atten-
tion mechanism of previous research works, only node
features that represent atoms were aggregated and edge
features that represent bonds were neglected, which
made the interaction between atoms could not be cap-
tured and updated during the feature extraction and
impeded the complete representation of molecule.

Therefore, we propose a novel graph attention mech-
anism with a complete molecular graph, named edge-
aggregate-attention (EAA), which characterizes the
precise atomic environment by incorporating global
node features and captures the inherent interactions be-
tween atoms by involving edge information iteratively.
In this way, we are capable of embedding the core inter-
actions among nuclei and electrons into the molecular
graph efficiently. It is demonstrated our model not only
achieves state-of-the-art performances on PES calcula-
tion for molecular dynamic simulation without a signifi-
cant impact on the calculation speed, but also shows
promising potential comparable with other current deep
learning approaches on molecular properties prediction
tasks.
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FIG. 1 Framework of our model. MPNN is used as backbone (middle). The framework consists of feature embedding
block (orange dotted box), EAA interaction block (blue dotted box), output block (green dotted box).

Il. METHODOLOGY

In this section, we describe the framework of EAA
model and use MPNN as our backbone. As shown in
FIG. 1, our network framework is comprised of feature
embedding block, EAA interaction block, and output
block. We use the same model training scheme as that
in Schnet [33]. For the training of energies and forces of
molecular dynamics trajectories, we use a combined L1
loss which includes the total energy E as well as forces

F,.
A-(5)| o

where E denotes the ground truth of molecular poten-

~ 1 N
L1:|E—E|+,0NZ
=1

tial energy; E denotes the potential energy calculated
by deep learning model; N denotes the number of atoms
in the molecule; r denotes the three-dimensional coordi-
nates of atom; and p is a trade-off hyperparameter be-
tween energy and force loss. In our experiments, p is set
to 100.

A. Feature embedding block

Graph is an ideal representation for non-euclidean
data, which can capture the dependencies and interrela-
tionships between various entities. A graph can be de-
scribed as a set of V vertices (nodes) and a set of F
edges (links). Using these two sets, a graph is denoted
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as G = (V,E).

There are undirected graph, directed graph, hetero-
geneous graph, dynamic graph, and attributed graph
for different tasks. Undirected graph is the most widely
used data structure in which edges are assumed to have
equal weights from two directions. The tasks based on
graph can be divided into three types: node level task,
edge level task, graph level task, which focuse on node
classification, link prediction, and graph classification
respectively. PES calculation [10, 23] can be regarded as
a node regression task by embedding every atom in the
molecule into the node feature to compute atomic con-
tribution to the total energy.

Specifically, we treat every atom in the molecule as a
node of graph, then embed the atomic number of the -
th atom in the molecule to the vector h; as a node fea-
ture by a learnable dictionary. Meanwhile, Euclidean
distance between atoms within a molecule is calculated
as edge feature €. And e¥ is expanded by a set of
Gaussian kernel function [33] to generate a high dimen-
sional vector that represents the different properties of
interactions at different distances.

egs) =G (el)
_ [exp (_ (€9 — (tgmin + FAW)]

2d? )] 0<k<tmax/Au
(2)

where Awu is the offset value of the Gaussian functions,

and d is the width value of the Gaussian function. In
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our experiment, tyipand umay are set to be 0 A and 5 A,

k is 50. With Gaussian kernel function, the edge fea-
ture can be non-linearly mapped into a feature space
where effective learning and generalization can be guar-
anteed.

B. EAA interaction block

MPNN is one of the most promising methods for pre-
dicting molecular chemical properties [24]. Therefore we
adopt MPNN as the framework of EAA interaction
block and elaborate a graph attention mechanism to re-
place the aggregation operation (e.g., sum, average, or
max of the neighborhood information) in the original
MPNN algorithm [23, 24, 33, 34], which confine the
ability of the model to capture spatial information by
preventing identical weight assignment to different
neighbors during the aggregation. As shown in FIG. 1,
in EAA interaction block, Gaussian edge feature eg is
embedded with a multilayer perceptron (MLP) layer
which consists of a linear layer and a soft-plus activa-
tion function o(x) = In(e* 4+ 1) — In 2 employed for non-
linearity, followed by a linear transformation. And node
feature h; is embedded with a MLP layer only, then
both h; and eg are sent into EAA module and updated
through T times interaction steps, each interaction con-
sists of a message function My and an update function
Us.

t4+1 t ot i
JEN(3)
t+1 t+1 3t

b = Uy(m! T, R (3)
As illustrated in FIG. 2, to capture the interactions
between atoms by integrating edge information and as-
signing importance factors to different neighbor nodes,
we propose a novel graph attention mechanism EAA by

designing the message function My and the update func-
tion U, which can be written as below:

M (ht, hb, ) = MLP(A @ hf @ efl)
Up(mi™ nh)y = mitt & n) (4)

(3

where ® denotes the element-wise multiplication, ® de-
notes the element-wise addition, 4 denotes the atten-

tion matrix.

C. Output block

The key role in EAA is the generation of attention
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FIG. 2 Schematic diagram of EAA.
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matrix A. Inspired by the multi-head attention mecha-
nism in graph attention network [28], for each atten-
tion head A", three trainable weight matrices Wyqe,
Wity Wedge € FF*E are employed for linear projection
of node, neighbor node and edges respectively. We ex-
tend the attention mechanism to capture the high-di-
mensional information of edges. Each element A?j in a
single attention head A" can be calculated by:

a?j = Wnode(hi) @ Wnode(hj) S Wedge(egs) (5)

Then a softmax function is applied for nonlinearity:

exp(alhj)

> exp(all,)

kEN (i)

AP = Softmax(A") = (6)

For each head, we calculate the hg"zl by message
function My and update function Uy, and the output

ht‘zl of all heads are subsequently concatenated into

hf:;l € RM' | then a MLP is employed to reduce the di-
mension of h§+1 back to F. The EAA interaction block
can be stacked for better expressivity. In our work, a 6-
layer stack is set as default if not specifically mentioned.

For each atomic node in the graph of molecule, the
output block aims to simulate the energy contribution
E; to the total potential energy [10]. The molecular po-
tential energy can be expressed by summing all the indi-
vidual atomic potential energy as follows:

N
E=)E
=1
E; = Linear(MLP(h1)) (7)

where N is the number of atoms in the molecule, and
hiT denotes the output of the EAA interaction block af-
ter T times rounds of message passing. A MLP layer is
applied and followed by a linear transformation to fit
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FIG. 3

the contribution from each atom to obtain the total
molecular potential energy.

lll. RESULTS AND DISCUSSION

A. Experimental configuration

The hardware environment used in the experiment is
Core i7-6700 CPU@3.40 GHz, GeForce GTX1080Ti
GPU. The algorithm is developed by Python 3.8, and
PyTorch 1.10 is used as the backend. We use ADAM
[35] optimizer for model training with an initial learn-
ing rate 1 x 1074 which is adjusted by cosine decay
schedule [36]. The mini-batch size is set to 100, and the
number of message passing times T'is set to 6.

B. Dataset

In order to verify the effectiveness of the proposed al-
gorithm for PES calculation in this work, we choose two
public datasets, MD17 [37] and QM9 [38, 39], to con-
duct experiments. The molecular dynamics (MD17)
datasets provide both the energy and atomic forces of
eight small organic molecules (benzene, toluene, malon-
aldehyde, salicylic acid, aspirin, ethanol, uracil, naph-
thalene) as well as the corresponding atom coordinates
of the thermalized system. The datasets range in size
from 1.5x10% to nearly 1.0x10% conformational geome-
tries. All trajectories are calculated at temperature of
500 K with a resolution of 0.5 fs. The ground truth data
are computed via molecular dynamics simulations us-
ing PBE4vdW-TS electronic structure method. In our
experiment, all eight kinds of organic molecules are
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Potential energy distribution of eight organic molecules in MD17 dataset.

trained with the goal of providing highly accurate ener-
gy and force predictions. The energy distributions of
eight molecules are shown in FIG. 3, where the horizon-
tal axis is the potential energy value and the vertical ax-
is is the amount of data. Another dataset QM9 con-
tains 133,885 stable small organic molecules with up to
7 heavy atoms (C, O, N, F) and up to 29 atoms in total
including H. The ground truth is 12 quantum chem-
istry target properties, which are calculated by ab ini-
tio quantum chemistry methods at the B3LYP/6-
31G(2df,p) level.

C. Comparisons with previous works

We randomly choose 1000 and 50000 molecular con-
figurations as training set and the remaining data as
test set in MD17 dataset respectively. Mean absolute
error (MAE) between predictions and ground truth per
molecule is applied as evaluation metrics. Firstly, we
compare our model with four benchmark methods
(Schnet [33], EANN [16], GMNN [18], Physnet [40]).
The EAA model is trained on N=1000 and N=50000
samples. The results of experiments, as shown in
Table I, demonstrate EAA performs best or at least
equal to other models on 9 out of 16 targets with 50000
training samples and on half targets with 1000 training
samples. Notably, for energy calculation, EAA achieves
state-of-the-art
molecules except Benzene with 50000 training samples.

performances on all the organic
When the number of training samples is decreased to
1000, EAA still outperforms others on most molecules

datasets, which fully demonstrates the effectiveness of
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TABLE I Mean absolute errors for energy and force prediction (in kcal/mol and kcal/(mol-A)) for different training sam-
ples on MD17 dataset. GM-sNN [18], EANN [16], SchNet [33], PhysNet [40] results are compared. EANN does not provide
results on benzene molecule. The lowest error is emphasized in bold.

Mean absolute error

Oganic molecule N=1000 N=50000

Schnet EANN GM-sNN EAA  Schnet PhysNet GM-sNN EAA

Benzene Energy 0.08 0.08 0.06 0.07 0.07 0.07 0.10
Force 0.31 0.21 0.34 0.17 0.15 0.14 0.17

Toluene Energy 0.12 0.11 0.15 0.11 0.09 0.10 0.14 0.07
Force 0.57 0.38 0.34 0.42 0.09 0.03 0.10 0.05

Malonaldehyde Energy 0.13 0.14 0.12 0.10 0.08 0.07 0.12 0.07
Force 0.66 0.62 0.45 0.40 0.08 0.04 0.08 0.04

Salicylic acid Energy 0.20 0.14 0.19 0.16 0.10 0.11 0.19 0.09
Force 0.85 0.51 0.49 0.52 0.19 0.04 0.14 0.09

Aspirin Energy 0.37 0.33 0.38 0.32 0.12 0.12 0.19 0.11
Force 1.35 0.99 0.69 0.99 0.33 0.06 0.26 0.14

Ethanol Energy 0.08 0.10 0.10 0.07 0.05 0.05 0.05 0.04
Force 0.39 0.47 0.33 0.22 0.05 0.03 0.06 0.02

Uracil Energy 0.14 0.11 0.12 0.11 0.10 0.10 0.10 0.10
Force 0.56 0.35 0.33 0.36 0.11 0.03 0.07 0.04

Naphthalene Energy 0.16 0.12 0.17 0.15 0.11 0.12 0.13 0.08
Force 0.58 0.27 0.36 0.36 0.11 0.04 0.13 0.05

EAA in the calculation of PES.

D. Generalizability study

Secondly, to fully explore the generalizability of our
algorithm on small datasets, we choose two molecules,
malonaldehyde with the most configurations in the
dataset (993, 237) and uracil with the fewest configura-
tions (133, 770) from MD17 dataset, and further de-
crease the number of training samples to (200, 400, 600,
800, 1000), while keeping test set fixed. Schnet, as the
backbone of our model, is involved for comparison to
prove the generalizability of EAA mechanism. The
MAE evaluated on the test set is shown in Table II. The
results demonstrate that EAA mechanism can signifi-
cantly improve the generalization ability of the model
for PES calculation. In both malonaldehyde and uracil
datasets, EAA consistently outperforms the backbone
model with different sizes of training sets, which reveals
the outstanding generalizability of our model. These re-
sults corroborate that EAA mechanism can capture the
inherent principle of interaction in the molecule with
fewer training samples and provide an effective tool for
PES calculation.

In addition, we visualize the fitting errors on malon-
aldehyde and uracil datasets to reveal the correlation
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TABLE II Results with different training samples N.
Scores are given by mean absolute errors of energy
(kcal/mol) and force (kcal/(mol-A)) prediction.

Oganic molecule N Mean absolute error
Schnet EAA
Energy Force Energy Force
Malonaldehyde 200 0.48  1.25 0.28 1.44
400 0.27  0.92 0.18 0.89
600 0.21  0.78 0.14  0.66
800 0.17 0.71 0.12  0.52
1000 0.13  0.66 0.10 0.40
Uracil 200 040 1.45 0.20 1.12
400 0.36  1.09 0.15 0.58
600 0.28 0.89 0.13  0.50
800 0.20 0.74 0.12 042
1000 0.14 0.56 0.11  0.36

between the model performance and the data distribu-
tion. As shown in FIG. 4, even in the interval with rare
data samples, most outputs of Schnet diffuse beyond
+0.25 kcal/mol error range, while our model can still
control the error of outputs in the range. This result
provides a succinct explanation that our algorithm can
still maintain exceptional performance without suffi-

cient training data.
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FIG. 4 The fitting errors for the malonaldehyde (upper), uracil (bottom) testing dataset with Schnet (left) and EAA
(right). The horizontal axis denotes the distribution of ground truth energies of a given molecule dataset.

TABLE III MAE results with different attention mecha-
nisms. Scores are given by mean absolute errors of energy
(kcal/mol) and force (kcal/(mol-A)) prediction.

Attention Attention Malonaldehyde Uracil

on node onedge Energy Force Energy Force
W/0 W/0 0.13 0.66 0.14 0.56
W W/0 0.14 0.49 0.12 0.44
W \W% 0.10 0.44 0.11  0.36

E. Ablation study

Thirdly, to further analyze which component takes
effect in our model, we carry out ablation experiments.
The MAE results are shown in Table III. We notice
that, compared to traditional GNN, applying attention
mechanism on the node substantially enhances the per-
formance on force prediction but provides a trivial im-
provement on energy prediction, while involving the at-
tention on the edge can remarkably boost the accuracy
on both tasks. The experiment results confirm that ne-
glecting the edge features will restrain the generalizabil-
ity of the model. Therefore, we speculate that the in-
trinsic relationship captured by EAA mechanism is
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more proximate to the first principles.

Furthermore, we vary the number of heads in the
EAA block to investigate the influence of the width and
depth of the model. As shown in FIG. 5(a), we enlarge
the model width by increasing the number of heads. For
large dataset (malonaldehyde), the performance im-
proves, then soon saturates; while there is no substan-
tial improvement for small dataset (uracil). Meanwhile,
FIG. 5(b) shows the variation with model depth by
changing the number of EAA layers can give rise to bet-
ter performance on both datasets. However, a trade-off
should be considered because stacking too many layers
will consume more computational resources and train-
ing time.

F. Predict other quantum chemical properties

To evaluate the model performance in predicting
other molecular quantum chemistry properties, we com-
pare our work with other mainstreaming approaches on
QM9. The dataset is split into 110,000 molecules for
training, 10,000 for validation, and the rest for test. The
descriptions of 12 quantum chemical properties and ex-

© 2023 Chinese Physical Society
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TABLE IV Mean absolute error per molecule of predictions for different target properties of the QM9 dataset using
110,000 training examples. The lowest error is emphasized in bold. Provably powerful graph networks (PPGN) [19], SchNet

[33] and enn-s2s [24] results are compared.

Parameters Description Unit PPGN SchNet enn-s2s EAA
€homo Energy of highest occupied molecular orbital meV 40 41 43 33
€lumo Energy of lowest unoccupied molecular orbital meV 33 34 37 27
Ae Difference between LUMO and HOMO meV 60 63 69 54
ZPVE Dipole moment meV 3.12 1.7 1.5 1.6
M Dipole moment Debye 0.047  0.033 0.030 0.042
« Isotropic polarizability Bohr? 0.131  0.235 0.092  0.086
(R?) Electronic spatial extent Bohr2 0.592  0.073 0.180 0.241
Up Internal energy at 0 K meV 37 14 19 12
U Internal energy at 298.15 K meV 37 19 19 15
H Enthalpy at 298.15 K meV 36 14 17 14
G Free energy at 298.15 K meV 36 14 19 14
Chy Heat capacity at 298.15 K cal-mol—1.K=1 0.055 0.033 0.040 0.030

perimental results in QM9 are shown in Table IV. Com-
pared with all the other approaches, our model has
achieved a noteworthy improvement on the accuracy of
€homo s €lumo, A€, @, Up, U, and Cy (description shown in
Table IV). This exhibits the outstanding capability of
the EAA for the prediction of molecular chemical prop-
erties in thermal equilibrium.

IV. CONCLUSION AND OUTLOOK

In this work, we proposed EAA for PES calculation
which could better capture the inherent feature of
molecule. According to the experiment results, our ap-
proach can improve both accuracy and generalizability.
It provides an essential tool and a new perspective for
computational chemistry. In future work, we will aim to
use different attention mechanisms to design explain-
able deep learning architectures for molecular represen-
tation. Our work will be of great value in the cross-field
of data science and chemistry.
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