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Abstract

Dataset is the basis of deep learning model development, and the success of deep learning models
heavily relies on the quality and size of the dataset. In this work, we present a new data
preparation protocol and build a large fragment-based dataset Frag20, which consists of optimized
3D geometries and calculated molecular properties from Merck Molecular Force Field (MMFF)
and DFT at B3LYP/6-31G* level of theory for more than half a million molecules composed of H,
B, C, O, N, F, P, S, ClI, Br with no larger than 20 heavy atoms. Based on the new dataset, we
develop robust molecular energy prediction models using a simplified PhysNet architecture for
both DFT-optimized and MMFF-optimized geometries, which achieve better than or close to
chemical accuracy (1 kcal/mol) on multiple test sets, including CSD20 and Plati20 based on
experimental crystal structures.
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INTRODUCTION

Molecular energy calculation is crucial for conformation analysis and structure-based drug
design. However, accurate calculation achieved by high-level quantum mechanical
calculations® can be computationally demanding even for small molecules,? while the
application of more computational efficient molecular mechanical methods?~> is limited by
the accuracy of force fields. Recently, an appealing alternative is to obtain the molecular
energy using deep learning models.5-56 Deep learning models can extract the high-level
atom or molecule representation from raw data using multiple nonlinear layers and provide
reliable predictions with much less computational cost.>” The success of deep learning
methods heavily relies on the data quality, and the dataset covering broad chemical space is
necessary for developing a robust model with good generalization ability. Therefore, many
datasets focusing on different chemical domains have been constructed,13-14, 4143, 58-66, 91

Most of deep learning models for molecular energy prediction have been developed with the
QM9 dataset,>9: 64 66 which was built using organic drug-like molecules from a subset of
GDB-17.56 QM9 encompasses equilibrium structures and molecular properties calculated
using DFT method at B3LYP/6-31G(2df, p) level of theory for 133,885 molecules composed
of H,C,N,O,F with no larger than nine heavy atoms, and it has become a classic benchmark
dataset for deep learning models. However, the applicability of deep learning models to
predict molecular energies based on DFT optimized geometries would be significantly
limited due to the computational cost of DFT geometry optimizations. To address this
problem, in our recent study, we built several datasets based on QM9 which provide both
DFT calculated properties and MMFF optimized geometries, and developed deep learning
models that can achieve 0.34 kcal/mol MAE and 0.79 kcal/mol MAE on QM9 when using
DFT optimized geometries and MMFF optimized geometries as inputs, respectively.38
However, our model’s performance dropped significantly on an external conformation test
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set composed of molecules with 10-12 heavy atoms and functional groups that have not
been covered in QM. Recently, Glavatskikh et al. also pointed out that QM9 lacks chemical
diversity after detailed bond distance analysis and functional groups analysis.6” Thus, to
make further progress in developing more robust and applicable deep learning models for
molecular energy prediction using 3D geometries, larger and more diverse molecular
datasets are needed.

In this work, we presented a new data preparation protocol and built a fragment-based
dataset Frag20. Frag20 is built using commercially available and publicly reported
molecules from ZINC®8-69 and PubChem database, and it has mainly made improvements
from the following three aspects: 1. Molecule size and element coverage: Frag20 includes
more than half a million molecules with no larger than 20 heavy atoms and covers common
elements (H, B, C, N, O, F, P, S, ClI, Br) in organic drug-like compounds. 2. Chemical
diversity and chemical space coverage: in the construction of Frag20, representative and
diverse molecules are selected using Murcko fragmentation’! and extended functional
groups (EFGs). 3. Geometries and properties: Frag20 provides geometries and molecular
properties calculated using both Merck Molecular Force Field (MMFF) and DFT at B3LYP/
6-31G* level of theory. Thus, Frag20 can be used to develop deep learning models that can
make predictions based on MMFF-optimized geometries. Besides Frag20, we also
constructed Plati20 and CSD20 using protein-bound ligand molecules from Platinum
dataset’2 and crystal structures from Cambridge Structure Database (CSD) to evaluate
model’s generalization performance.

Based on datasets with both DFT and MMFF-optimized geometries, we have built robust
molecular energy prediction models using simplified PhysNet.#” PhysNet was originally
written in TensorFlow®6 and we reimplemented it in PyTorch®. All results shown below
involving PhysNet are from the PyTorch implementation. PhysNet has achieved the state-of-
the-art performance on QM9 through a deep neural network architecture that incorporates
long-range terms explicitly, which should be desirable for large molecule energy predictions.
We did a grid search over hyperparameters as well as slightly modified its model
architecture and found a simplified PhysNet (sPhysNet) with nearly doubled training speed
while maintaining the similar performance. Our developed deep learning models can predict
DFT level energy using MMFF- as well as DFT-optimized geometries and can achieve better
than or close to chemical accuracy (MAE of 1 kcal/mol) on multiple test sets. Corresponding
source codes and data sets are available on the web at: https://www.nyu.edu/projects/yzhang/
IMA.

Dataset is the basis of deep learning model development. Here we constructed Frag20,
which includes more than half a million fragments with no larger than 20 heavy atoms. In
addition, we built Plati20 and CSD20 datasets as two external test sets, as shown in Table 1.

A. Frag20 Dataset

Frag20 includes representative and diverse fragments with no larger than 20 heavy atoms.
Figure 1 illustrates the data preparation protocol for Frag20, and it mainly includes four
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steps: data preprocessing, molecule fragmentation, molecule selection, and 1D (SMILES) to
3D (geometry) labeling.

Data Preprocessing—Frag20 is built based on commercially available and publicly
reported molecules from ZINC and PubChem databases. The ZINC database is for virtual
screening, and we downloaded more than 1 billion SMILES strings for molecules with
molecular weight no larger than 400 Daltons and LogP no larger than 5 from the ZINC 15.7°
Similarly, we downloaded around 96 million SMILES from PubChem?0. We first merged
two datasets and removed duplicates and then filtered molecules to only keep molecules
with no larger than 20 heavy atoms and composed of H, B, C, N, O, F, P, S, Cl and Br.
Following the SMILES cleaning procedure described in the recent work,’8 we also removed
stereochemistry and only kept the largest fragment after stripping salts. Our initial Mol20
dataset includes SMILES for 98,449,207 molecules.

Molecule Fragmentation—Due to the huge number of molecules in Mol20 (~98
million), it would be intractable for us to conduct QM calculations for all molecules.
Therefore, we decomposed the molecules into fragments and built our fragment-based
dataset to cover molecular pieces. Here, we used Murcko fragmentation,’? and each
molecule was cut into the scaffold, which is a ring system with linker atoms, and the side
chains (Figure 1). Hydrogen atoms have been added to the cut positions to convert the
fragments into the completed molecules. Molecules which cannot pass Murcko
fragmentation were removed. After molecule fragmentation, the dataset size was reduced to
around 9 million (8,659,028), which is 1/10 of the original Mol20 size. The distribution of
fragments for different number of heavy atoms is shown in Figure S1 of the Supporting
Information (SI). There are still huge number of molecules when the number of heavy atoms
increases. For example, we have around 1.3 million molecules with 20 heavy atoms.

Molecule Selection—To further reduce the number of molecules with larger than 10
heavy atoms, we selected molecules based on an extended functional group (EFG) library.
EFG extends the traditional chemical functional group definition88 by including chemical
groups formed only by carbon atoms, and hence the whole molecule can be described using
EFGs (Figure 1). The generation of extended functional groups has been implemented into a
python package (EFGs, https://github.com/HelloJocelynLu/EFGs). We generated an EFG
library for our initial Mol20 with frequency percentage cutoff of 0.1 and only kept the Top
10% most frequent EFGs from Mol20. Our EFG library includes 4,520 different EFGs and
covers 99.9% of molecules in Mol20. To select diverse molecules, we first divided datasets
into several subsets with different number of heavy atoms. Then for each EFG in the EFG
library, we ranked molecules containing corresponding EFG using their fragment
frequencies and selected the ones with high fragment frequencies until the number of unique
molecules meets the selection rate times the original subset size. Here, the selection rates
have been predefined to make sure that we would not include too many large molecules that
are computational demanding in subsequent QM calculations, and they are gradually
decreasing from 10% to 1% for molecules with 11-20 heavy atoms.
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1D to 3D labelling: Geometry Generation—As shown in Figure 2, the first step in 1D
to 3D labeling pipeline is to generate 3D geometry for each molecule since the original data
only provides 1D SMILES. Here, we randomly generated 1 conformation for each molecule
using ETKDG method from RDKit.””~78 Molecules that failed in the conformation
generation process were excluded.

1D to 3D labelling: MMFF and QM Calculation—For each molecule, we optimized its
geometry using MMFF94 (MMFF)3 implemented in RDKit. Based on MMFF optimized
geometry, QM geometry optimization and frequency calculation have been performed using
Gaussian09 with DFT method at B3LYP/6-31G* level of theory.”® All molecules failed in
QM calculation have been removed. Hence, for each molecule, our dataset provides two type
of geometries optimized in both MMFF and DFT and the corresponding DFT level
electronic and thermodynamic properties. There are 5,786 molecules failed in MMFF
optimization, and we used Universal force field (UFF)® to optimize these molecules. Since
different force field methods have been applied, we only used molecules with MMFF
optimized geometries in our Frag20-hold out test set and MM-based model development.

1D to 3D labelling: Sanity Check—In the last step, we checked the canonical SMILES
for initial molecule, MMFF optimized geometry and QM optimized geometry and only kept
the molecules with consistent SMILESs. We also removed molecules with partial charge or
radicals to make sure that our dataset only includes neutral molecules.

As shown in Table 1, Frag20 dataset includes MMFF and DFT optimized geometries and
calculated molecular properties for 566,296 molecules. Since some fragments become the
same after SMILES conversion, the number of unique molecules in our Frag20 is 565,438.
The detailed information for molecules with different number of heavy atoms can be found
in Table S1. In addition, RMSD of heavy atoms, as a useful measurement to evaluate the
difference between 3D structures, was calculated (Table 2 and Figure S2). The whole data
preparation process has been implemented into a python package (Frag20Prep, https://
github.com/jenniening/Frag20_prepare) which can be adapted for further dataset
construction.

B. Plati20 Dataset

To evaluate our model’s performance on molecular conformation analysis, we prepared the
Plati20 dataset based on Platinum, which is a data set composed of high-quality X-ray
structures for protein-bound ligand conformations.”? We selected neutral molecules with 10—
20 heavy atoms and composed of H, C, O, N, F from Platinum. For each selected compound,
up to 300 conformations have been generated using ETKDG’8 method and optimized with
MMFF3. We removed similar conformations using Butina8 clustering with 0.2A RMSD
cutoff, and mirror-image conformations identified by ArbAlign®! RMSD calculation with
consideration of symmetry. After that, we optimized each MMFF optimized conformation
using B3LYP/6-31G* to get corresponding DFT-level energy. The final dataset includes 401
unique molecules with 20,972 conformations. For each molecule, we computed the smallest
RMSD that has been achieved by all generated and optimized conformations in comparison
with the protein-bound ligand structures. As shown in Table 2 and Figure S3, less than 1.0 A
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RMSD has been obtained for most molecules (> 90%), which indicates that our employed
conformation generation protocol is very reasonable.

CSD20 Dataset

METHOD

In order to further evaluate our model’s performance, we prepared CSD20 dataset based on
Cambridge Structure Database (CSD), which is a curated and comprehensive repository for
crystal structures of small organic molecules.” Here, starting from the crystal structure for
each molecule which appears both in Mol20 and CSD, we directly conducted MMFF
optimization, DFT optimization and molecular energy calculation. Our constructed CSD20
dataset includes 39,816 molecules with no larger than 20 heavy atoms (C, N, O, F, P, S, Cl,
Br). Since some molecules have multiple crystal structures in CSD, the unique number of
molecules in CSD20 is 33,572. RMSD between crystal structure and optimized geometry for
molecules in CSD20 have been computed and shown in Table 2 and Figure S4.

A. Deep Learning Models

In our previous work, we developed DTNN_7ib model based on deep tensor neural
network3® which achieved 0.34 kcal/mol MAE on QM9. To overcome the application
limitation caused by using DFT optimized geometry as model inputs, we applied transfer
learning and built models to predict molecular energy at DFT level using MMFF optimized
geometries and atomic vectors learnt from DTNN_7ib.38

Recently, PhysNet has been introduced and it has achieved state-of-the-art performance on
QM9 dataset for molecular energy prediction.” The architecture of PhysNet (Figure 3A)
was inspired by both ScheNet82 and HIP-NN28, Similar to many other deep learning models
for molecular energy prediction based on 3D geometries, the input of PhysNet includes a
nuclear charge vector Z and a pairwise distance matrix. To obtain the initial atom vector x,
atom nuclear charge vector Z;is mapped to embedding vectors e, composed of learnable
parameters. The initial atom vector x? is passed to Ny;pque Modules that have the same
composition but independent parameters. Each module contains an interaction block,
Néomic | atomic residual blocks and one output block. In the interaction block, the atom

vector x is updated by accounting for its local environment as following:

xl[+1:ulox,l+f(ull>

where ¢/ is a learnable parameter vector, fis a neural network which compose of multiple
(Nresidial " ) residual layers and one linear layer, and o is the message accounting for the

local environments. v} can be obtained by a message pass layer:

U’l = &sel f (xll) + Z 8neighbor (x} RBFﬁ)
JEN;
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where gg/ris an activation-first linear layer, N;is a set containing all of atom x;'s neighbors
and grejghnor is @ neural network calculating the interaction from x;to x;depending on the
Radius Basis Function(#~BF;) which is a expansion function depending purely on the
distance between x;and x;. Detailed process is described in Ref 47. Residual block is used to
refine the atom vector in each module, and it adds shortcut connections to enable the neural
networks to increase or at least have the similar performance when the depth is increased.

Finally, output block is used to compute the atom-wise properties through linear

out put

residual Y€Sidual blocks. Each module

transformation of activated atom vector passed from N

in PhysNet produces one atom-wise prediction and they are aggregated throughout all
modaules, finally, molecule-level properties are obtained by summing up every atom in each
molecule. PhysNet can predict energy, force, charge and dipole moment at the same time,
and hence its loss function is the weighted sum of loss of each term. To make sure the
prediction of each module decay hierarchically when the depth of the module increases, a
regularization term of nonhierarchical penalty is also added. PhysNet also incorporates long
range interaction by adding electrostatic interaction and dispersion correction terms
explicitly. Thus, it should be a more suitable model for large molecules compared to
DTNN_7ib. PhysNet4’ was originally implemented in TensorFlow88. In this work, we have
reimplemented it with PyTorch8, which has the same number of trainable parameters as the
TensorFlow one (1,293,948) and achieved similar performance and computational efficiency.
Furthermore, by exploring model hyperparameters, we found a simplified version of
PhysNet (sPhysNet) (Figure 3B, Table 3), which significantly reduced the number of
trainable parameters to about 0.74 million while achieved the similar performance on the
QM9 dataset. We reduced the number of main modules from 5 to 3, removed one residual
layer in the main module and 2 residual layers in interaction layers, while slightly increased
the atomic embedding dimension (num_feature) from 128 to 160. Unlike original PhysNet,
the output of sPhysNet modules was the output of the last module rather than summing over
all outputs.

For explicit energy terms, we removed DFT-D3 energy term because it is not considered in
B3LYP/6-31G* calculations used in 1D to 3D labeling. The final predicted energy therefore
changes from:

N N N
EphysNet = Z Ei+ke Z 2 qi‘}j;((rij)+ED3
i=1 iS5

To:

N N N
EsPhysNet = Z E;j+ ke Z Z ‘ii‘ijl("ij)
i=1 =Y

Where Nis number of atoms in the molecule and y(r;) is a function which approximate 1/7;;

at long range while avoiding singularity at 7;;= 0.47 And g; is the corrected charge of atom 7
by:
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Where Qs the total charge of the system. This correction is necessary to guarantee charge
conservation.*/

B. Training Protocol

Since Frag20 consists of molecules containing 1 to 20 heavy atoms, we prepared a hold-out
test set from Frag20 by randomly selecting 10% of molecules for each heavy atom number.
Our Frag20 test set includes 56,636 molecules, validation set includes 1,000 molecules, and
all remain 508,660 molecules were used as training set in our final model development.

As mentioned above, we successfully reimplemented PhysNet architecture on PyTorch with
similar performance and efficiency, and the rest of work were run on PyTorch version.

Model was trained on a single GPU (P1080, P100, K80 and V100, depending on resource
allocation) with batch size 100. We used AMSGrad®’ optimizer at learning rate=0.001,
betas= (0.9, 0.99), eps=1e-8 and weight decay=0 to optimize the model. The actual model
used for validation and testing was a shadow model with the same initialization and
exponential moving average over training model parameters.4”:8% No early stopping was
used, and the model was trained until it reaches 1000 epochs or time limit 36 hours,
whichever came first. At the end of each epoch, we test our model on a separate validation
set and calculate the loss. If the validation loss was better than the previous lowest validation
loss, we saved the model as the best model into disk. In this way, the saved model was the
one with lowest validation loss throughout the training.

To build models with MMFF optimized geometries, we restored all weights trained using
DFT optimized geometries, and then either retrained the weights in the output block of each
module using MMFF optimized geometries (transfer learning), or directly fine-tuned the
whole model without any layer-freezing (fine tuning).

When performing model assessment using external CSD20 and Plati20 datasets, we
excluded molecules that also exist in Frag20 and eMol9, and final Plati20 and CSD20 used
as test sets contained 380 molecules with 19,504 conformations and 36,552 molecules,
respectively.

To evaluate model performance, both mean absolute error (MAE) and root mean square
error (RMSE) have been used. It should be noted that RMSE is more sensitive for outliers,
which are data points with large prediction errors. In addition, percentages of molecules with
prediction error larger than 1 kcal/mol and 10 kcal/mol have also been calculated and
presented. To assess the conformational energy prediction, we used both absolute error
(Errory) and relative error (Errorg). Error, measures the MAE and RMSE of predictions for
all conformation. In terms of Errorg, for each molecule, we first computed the MAE and
RMSE for the energy difference between each conformational energy and the lowest energy
of the molecule, and then averaged the MAEs or RMSEs among all molecules. Besides
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Errorg, the success rate for finding the right lowest conformation of all molecules in the test
set has also been calculated.

RESULTS

A. Dataset Analysis

Chemical diversity of the dataset can be analyzed using extended functional group. Extended
functional group is a generalized version of traditional functional group and it also contains
chemical groups formed by only carbon atoms. EFG library was generated based on Mol20
and it includes 4,520 EFGs which can fully cover 99.9% of molecules in Mol20. By
checking the existence of each EFG in molecules, we found Frag20 has 3,889 EFGs and its
subset Frag9 has 2,486 EFGs (up to 9 heavy atoms), which are much more than 482 EFGs
that QM9 has. In addition, some of EFGs with top 100 frequencies in Mol20 such as
O=CNO, N-N, and C=NN are not found in QM9. This indicates that our fragmentation
process has led to a much more diverse dataset which would facilitate the development of
more robust and applicable deep learning models.

B. Molecular Energy Prediction with both DFT and MMFF Optimized Geometries

QM9 dataset has been used as a classic benchmark for deep learning models with DFT
optimized geometries. Considering the computational cost of DFT optimizations, the
applicability of deep learning models with DFT-optimized geometries as input would be
significantly limited. Previously, in order to explore whether MM-optimized geometries can
be used for molecular energy prediction, we introduced QM9 and eMol9 datasets, and
developed DTNN_7ib based on deep tensor neural network3®. Our model can achieve 0.34
kcal/mol MAE on QM9 and 0.79 kcal/mol MAE on QM9 with transfer learning. In this
work, we trained both PhysNet and our optimized sPhysNet on QM9 and QM9 datasets
with the same training/validation/test splits as for DTNN_7ib, and the results are shown in
Table 4. For training on the QM9 dataset, first we restored all weights learned from pre-
trained models using DFT optimized geometries, then either only retrained the output block
weights in each module using MMFF optimized geometries from QM9 dataset (transfer-
learning) or retrain the whole model without any weight freezing (fine-tuning). From Table
4, we can see that sPhysNet has the similar performance as PhysNet, and both models can
perform significantly better than DTNN_7ib. The sPhysNet model can achieve 0.19 kcal/mol
MAE on QM9 and 0.35 kcal/mol MAE on QM9 with fine-tuning. Since the sPhysNet
model is less complicated and more efficient to train than PhysNet and fine-tuning always
yields better results than transfer learning alone for molecular energy prediction with MMFF
optimized geometries, we mainly focus on the sPhysNet model and fine-tuning in our further
model development with Frag20, a significantly larger and diverse dataset.

Based on the Frag20 dataset, we further explored to develop molecular energy prediction
models with sPhysNet. In order to considering conformations, we also added the previously
developed eMol9 dataset (see Table 1), which is a conformation dataset and is built using
overlapping molecules from QM9 and eMolecules, into our training set. To extensively
examine the model’s performance, we not only used Frag20 hold-out test set, but also
employed two additional test sets CSD20 and Plati20, which have been newly constructed in
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this work based on crystal structures (See Table 1). As shown in Table 5, using DFT
optimized geometries as input, our trained sPhysNet model can achieve 0.34 kcal/mol MAE
for Frag20, 0.82 kcal/mol MAE for CSD20, and 0.72 kcal/mol MAE for Plati 20, and all are
better than chemical accuracy of 1.0 kcal/mol. Meanwhile, MAEs of our further fine-tuned
sPhysNet model with MMFF-optimized geometries as input are 0.63 kcal/mol, 1.36
kcal/mol and 1.40 kcal/mol respectively for Frag20, CSD20 and Plati20 test sets. Although
deep learning models using DFT-optimized geometries as inputs outperform those with
MMFF-optimized geometries, the computational cost to obtain DFT optimized geometries is
more than thousands of that to obtain MMFF-optimized geometries. To obtain a DFT
optimized geometry, which needs to do multiple DFT energy and gradient calculations, is
much more expensive than to calculate the DFT energy itself. From this perspective, deep
learning models requiring DFT-optimized geometries as inputs have limited value in real
applications. Therefore, our results here indicate that to develop deep learning models for
predicting molecular energies with force-field optimized geometries as input is a very
promising direction while there is still room to be improved, and our trained sPhysNet
model based on Frag20 and eMol9 can be utilized as a baseline model for future
development to explore chemical space with 3D geometries.

DISCUSSION AND CONCLUSION

Deep learning models have achieved considerable progress in molecular energy prediction
and their successes are dependent on the size and quality of the training set. In this work, we
presented a data preparation protocol based on molecular fragmentation and selection and
built a Frag20 dataset which includes more than half million molecules up to 20 heavy
atoms. Frag20 shows broad coverage of chemical space and wide diversity of chemical
groups which would enhance the performance of deep learning models. With more than
500k molecules in the dataset, Frag20 can also be used to do active learning for uncertainty
models including ensemble models*2: 53 and Bayesian neural networks83-84, Frag20
provides both DFT and MMFF geometries so that it can be used to develop deep learning
models for predicting molecular energies without the dependence on DFT optimized
geometries. Furthermore, Frag20 can be used as the basis to develop new molecular datasets
to predict other molecular properties, such as solvation effects and molecular spectroscopies.
Besides Frag20, we also constructed Plati20 and CSD20 datasets, which are based on
protein-bound ligand molecules from Platinum dataset’2 and crystal structures from
Cambridge Structure Database (CSD)73 respectively, to evaluate model’s generalization
performance in potential real applications.

In this work, we have also reimplemented PhysNet, a state-of-the-art deep learning model to
predict molecular properties with 3D geometries, with PyTorch. By modifying its model
architecture and hyperparameters, we found a simplified PhysNet (sPhysNet), which
reduced trainable parameters by about 40%, nearly doubled the training speed while yielded
the similar performance in comparison with the original PhysNet model. The sPhysNet
model can achieve 0.19 kcal/mol MAE on QM9 and 0.35 kcal/mol MAE on QM9 with
fine-tuning, which has significantly improved over our previously developed DTNN_7ib
model (0.34 kcal/mol MAE on QM9 and 0.79 kcal/mol MAE on QM9 with transfer
learning). Finally, based on both Frag20 and eMol9 datasets, we developed the sPhysNet
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model to predict molecular energies for MMFF-optimized geometries, which achieved 0.63
kcal/mol, 1.36 kcal/mol and 1.40 kcal/mol respectively for Frag20, CSD20 and Plati20 test
sets. Our work further demonstrated that it is a promising direction to develop deep learning
models to predict molecular energies with force field based geometries, which would
facilitate the efficient exploration of chemical space with 3D geometries.
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Refer to Web version on PubMed Central for supplementary material.
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Molecule Selection
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Figure 1.

Data Preparation Protocol for Frag20. Frag20 is built based on ZINC and PubChem, and
after data preprocessing, we first created Mol20. In molecule fragmentation, each molecule
was cut into scaffold and side chains which are colored differently. To select molecules,
extended functional group (EFG) library has been generated based on Mol20. EFG can be
used to fully describe a molecule through chemical groups. Here, different color means
different EFGs. Molecule selection is based on the number of heavy atoms, EFG, and
fragment frequency. After 1D (SMILES) to 3D (geometry) labeling, we finally built Frag20.
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Figure 2.
1D (SMILES) to 3D (Geometry) Labeling Pipeline.
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Page 19

atomic
Nresidual

Figure 3.
Overview of PhysNet47 and sPhysNet Architecture. (A) Original PhysNet architecture. (B)

sPhyNet architecture, noted that the number of modules decreased to 3 and only the last
module (Module 3) contributes to the output. (C) A single PhysNet module, consists of an
interaction module, residual module(s), and an output module. (D), (E) and (F) are
interaction module, residual module and output module, respectively.
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Datasets” Used for Machine Learning Model Development and Evaluation. Frag20, Plati20 and CSD20
datasets are newly developed in this work.

Name Source ﬁgﬁg Atom Type #Mols/Confs Geometry Property
a B3LYP/6-31G(2df,
QM9 (adf.p) B3LYP/
GDB-9 [1,9] H,C,O,N,F 133,885 6-31G(2df,p)
QMgMb MMFF '
ZINC & H,B,C,O,N,FPRS,
Frag20 PubChem [1, 20] ClBr 565,438/566,296
b eMolecules &
eMol9 GDB-9 [1,9] H, C,O,N,F 9959/88,234 MMFF & B3LYP/ B3LYP/6-31G*
6-31G*
Plati20 Platinum [10, 20] H,C,O,N, F 401/20,972
CSD20 CcsD 2, 20] H.C.ONFPSCL 1 33572130816

aQMQ is constructed by Ramakrishnan et al59

bln our recent work, we built QM9 and eMol9 datasets. QM9 provides MMFF optimized geometry for each molecule in QM9. eMol9 dataset

is a conformation dataset built using overlapping molecules of QM9 and eMolecules”4. Detailed information can be found in Ref 38.

J Chem Inf Model. Author manuscript; available in PMC 2022 March 22.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Luetal. Page 21

Table 2.

RMSD Information for Datasets.

Dataset g1  S2 <02P (02,05 (0510] (10,15 (1520 >20

Frag20 DFT MMFF 325954 155923 70873 11717 1598 231
Cry MMFF 95 140 129 36 1 0
Plati20®
Cry DFT 75 131 157 37 1 0
Cry MMFF 21888 12527 4590 710 90 1
CSD20 Cry DFT 26678 8855 3245 834 180 24
DFT MMFF 27487 9292 2731 261 39 6

aSl is the abbreviation of structure 1 and S2 is the abbreviation of structure 2. Here, RMSD is between S1 and S2.
b .
RMSD Unit is A.

DThe RMSD for the crystal structure of protein-bound ligand conformation and optimized structure of Plati20 is the smallest RMSD achieved by all
generated conformations of corresponding molecule.
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Table 3.

Difference in Hyperparameters of PhysNet and sPhysNet.

Name PhysNet  sPhysNet
num_feature? 128 160
Nmodu/e 5 3
atomic
Nyesidual 2 1
Ni nteraction 3 1
residual
out put
N, residual 1 1

Total trainable params ~ 1.29M 0.74M

a .
num_feature is the length of the atom vector.
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Table 4.

Performance on QM9 and QM9), Datasets (Training Set Size is 100k)a.

Architecture DTNN_7ib PhysNet sPhysNet
Geometry DFT MMFF DFT MMFF MMFF DFT MMFF MMFF
Training TP T ETE TL rrd ETE TL FT¢

MAE (kcal/mol) 0.34 0.79 0.21 0.50 0.34 0.19 0.57 0.35
RMSE (kcal/mol) 0.86 1.44 0.52 1.01 0.79 0.49 1.03 0.81
Error > 1kcal/mol - - 1.72% 11.08% 6.12% 4.41% 1416% 6.42%
Error > 10kcal/mol - - 0.03%  0.09% 0.06%  0.05%  0.09% 0.07%

aPerformance of other state-of-the-art models (kcal/mol) as reference: SchNet82: 0.26; HIP-NN28: 0.26; MPNNO0: 0.42; DimeNet56: 0.18
bETE refers to end to end training;
CTL represents transfer learning;

dFT refers to fine-tuning.
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Table 5. (A)

sPhysNet Performance on Molecular Datasets (Training Set Size is ~590k).

Test set Metric DFT-optimized MMFF-optimized
MAE (kcal/mol) 0.34 0.63
RMSE (kcal/mol) 0.72 1.23
Frag20
Error > 1kcal/mol 5.54% 16.96%
Error > 10kcal/mol 0.04% 0.14%
MAE (kcal/mol) 0.82 1.36
RMSE (kcal/mol) 1.57 2.33
CSD20
Error > 1kcal/mol 24.91% 42.04%
Error > 10kcal/mol 0.37% 0.70%

1duosnuey Joyiny 1duosnuen Joyiny
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sPhysNet Performance on Plati20 (Training Set Size is ~590k).

Table 5. (B)

DFT-optimized

MMFF-optimized

Errory MAE (kcal/mol) 0.72 1.40
RMSE (kcal/mol) 1.01 2.09
Error > 1kcal/mol 26.67% 47.34%
Error > 10kcal/mol 0% 0.25%
MAE (kcal/mol) 0.41 0.80
Errorg - RMSE (kcal/mol) 0.50 1.00
Success Rate 67.49% 53.10%
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