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Abstract

Computational programs accelerate the chemical discovery processes but often need proper 3-
dimensional molecular information as part of the input. Getting optimal molecular structures is
challenging because it requires enumerating and optimizing a huge space of stereoisomers and
conformers. We developed the Python-based Auto3D package for generating the low-energy 3D
structures using SMILES as the input. Auto3D is based on state-of-the-art algorithms and can
automatize the isomer enumeration and duplicate filtering process, 3D building process, geometry
optimization and ranking process. Tested on 50 molecules with multiple unspecified stereocenters,
Auto3D is guaranteed to find the stereo-configuration that yields the lowest-energy conformer.
With Auto3D we provide an extension of the ANI model. The new model, dubbed ANI-2xt, is
trained on a tautomer-rich dataset. ANI-2xt is benchmarked with DFT methods on geometry
optimization, electronic and Gibbs free energy calculations. Compared with ANI-2x, ANI-2xt
provides a 42% error reduction for tautomeric reaction energy calculations when using the gold-
standard coupled-cluster calculation as the reference. ANI-2xt can accurately predict the energies

and is several orders of magnitude faster than DFT methods.



1. Introduction

One of the tasks of cheminformatics is to work with chemical structures and represent them
for various downstream applications. However, molecules that many chemists would consider
different in the context of the task, are often recorded identically across multiple databases. Many
chemical standards and identifiers like Chemical Abstracts Service (CAS) system!, InChlI?,
UNICHEM?® and PubChem* were developed. Database conversions, curation errors and
information loss also contribute to this problem. It is often a big challenge to extract and curate
complex stereochemistry. The effect of data quality on ML model performance and the importance
of careful data curation have long been recognized®®. Accumulation of database errors and
incorrect processing of chemical structures could lead to significant losses in the model
performance’.

The definition of isomerism is simple: it is a “consequence of the fact that the atoms of a
molecular formula can be arranged in different ways to give compounds, that differ in physical

and chemical properties.”

If the process of isomerization is well understood from a chemical point
of view, then what is the complication of modeling the isomeric space and finding the proper
isomeric configuration? The phenomenon of isomerism is more complex for cheminformatics than
it might appear. Molecules in different protonation states, salts and mixtures are considered
equivalent in some contexts and different in others. The lack of comprehensive standards and
robust representations for digital chemical structures adds to the uncertainties of the algorithms
that convert identifiers back into a three-dimensional (3D) molecular structure. Furthermore,
additional computational efforts are required to find a “true” 3D configurational stereoisomer and
its corresponding (single or multiple) conformations.

Many applications of machine learning (ML) algorithms for physical-chemical property
prediction, are hindered by the well-known problem of getting “true” 3D molecular coordinates
from the 2D structures collected in public databases. Many chemical identifiers easily encode
constitutional isomers (Fig. 1) from these 2D structures. In contrast, stereoisomers result from the
dynamic nature of molecules. Their atoms are arranged differently but are held together through
the same chemical bonds, according to the key [IUPAC terms. Encoding the stereoisomeric features
of compounds is complicated since they are present in two subcategories: configurational
stereoisomers (this is the case for E/Z isomers of alkenes, R/S for chiral molecules) which can be

isolated under certain conditions through their (usual, but not necessarily) high energy barriers of



interconversion; and conformational stereoisomers which interconvert over low barriers through
the rotatable single bonds, which makes their isolation difficult and their practical encoding with

identifiers becomes infeasible.

Isomerism Stereoisomerism (same formula, same connectivity)
Stereoisomers interconvert by the concerted processes:
l Configurational isomerism Conformational isomerism
(high energy rearrangements) (low energy rearrangements)
Constitutional isomerism
Enantiomerism Diastereomerism
(same formula,
different connectivity) (non-superimposable (all stereocisomers other
mirror structures) than enantiomers)

Figure 1. Isomerism hierarchy.

Thus, a large number of conformer sampling techniques (rule-based and/or data-based)
have been developed and multiple studies have been carried out to compare the existing methods’
and to explore the 3D conformational space for small molecules!®!2. Several well-established
commercial or open-source packages include Omega'® from OpenEye'4, Catalyst!>, CREST!S,
RDKit!'” and Molsoft'8.

Although the generation of the conformational ensembles is task-specific, the common
assumption is that the configurational stereoisomer is properly encoded in the corresponding
chemical identifier. However, that is not necessarily true. For example, the lack of information in
the identifier becomes a serious concern if the chirality and/or E/Z configuration is not specified
(Fig.1). Besides, most current algorithms suffer from the tradeoff between speed and accuracy.
For example, Omega'® optimizes 3D conformers with force fields for a fast speed but is
compromised in accuracy. CREST!® uses semiempirical quantum mechanical methods but is much
slower.

In this article, we will only touch on some well-known algorithms for generating
configurational and conformational spaces and searching for low-energy conformers. Our main
goal is to create a practical and handy package for getting a suitable stereoisomeric 3D geometry

from its 2D structure. It should be noted right away that the present approach does not yet consider



the physical environment and all calculations were performed in the gas phase. Although organic
molecules are dynamic and could exist in several equivalent or interchangeable forms according
to conditions, considering the physical environment in predictive algorithms is still a huge
challenge for computational chemistry and ML. However, here we were guided by the generally
accepted idea that calculations with the physical environment require at the first step, as input a
suitable 3D molecular structure.

Here, we describe the open-source package, Auto3D, for getting the favorable 3D
conformations of organic molecules from automatically generated stereoisomeric conformational
space that is optimized by atomistic neural network potentials (NNPs) such as ANI'® or AIMNet?’.
Auto3D serves us as a starting point, and we will extend it further toward a comprehensive analysis
of molecular isomerism depending on environmental conditions. In this study, we first explained
each component in Auto3D. Then we determined how the completeness of configurational and
conformational spaces affects the molecular energy. The ANI methods and QM methods are
benchmarked in terms of geometry optimization and tautomeric reaction energy calculations on
the Nicklaus tautomer database®'*%. In a final case study, we examined the behavior of Auto3D in

the application for predicting tautomerization Gibbs free energy.

2. Methods
The high-level workflow for Auto3D is shown in Figure 2. For the input SMILES, Auto3D

searches for the low-energy 3D structures by automatizing the tautomer enumeration, isomer
enumeration, 3D building, geometry optimization, duplicate filtering and ranking step. Auto3D is
accelerated with parallel 3D building and geometry optimization on GPUs. Currently, Auto3D
supports two backends for isomer enumeration: one is commercial, and another is open-source.
The licensed toolkit in Auto3D is based on the OpenEye!* programming library. Specifically,

t>3 is used to generate tautomers; the Omega'® Toolkit is used for stereoisomer

Quacpac Toolki
enumeration and initial 3D conformer building with classic/macrocycle modes. Alternatively,
RDKit!” could be used for tautomer enumeration, stereoisomer enumeration, and 3D building, too.
The optimization of the conformational space can be done by three NNPs: AIMNet*’, ANI-2x** or
the new ANI-2xt. The ANI-2xt NNP has the same architecture as the ANI-2x but was trained on
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a tautomer-rich dataset. The conformer duplicates were removed through the OpenBabel™ root

mean standard deviation of atom positions (RMSD).
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Figure 2. The main components in Auto3D. Tautomer and isomer enumeration are optional steps.

2.1. Auto3D Procedure and Engines

Auto3D contains the following modules: parallel task execution, isomer enumeration
(including enantiomer filter), 3D building, geometry optimization, duplicate filtering and ranking
(Fig. 2). It requires SMILES as the input format and returns the optimized low-energy 3D
conformations in the SDF format. Firstly, if the input collection of molecules is large, it is
automatically split into several small jobs based on the available CPU/GPU RAM size and core
count. Per the most common usage scenario, tautomers are not enumerated in Auto3D’s default
settings. Then the isomerization engine enumerates stereoisomeric absolute configurations for a
given molecule depending on the automatically detected number of the chiral centers (including
stereocenters in the chain and the ring) and E/Z double bond configurations. The next step is to
check the enantiomers. The enantiomer filter engine randomly removes inverted configurations

and returns the diastereomers. Enantiomers have the same energy and are filtered to reduce the



time for the subsequential optimization step. The next essential step is to generate 3D conformers
for every configuration. The 3D building engine builds a combined pool of conformational
ensembles by calling Omega or RDKit. Auto3D runs geometry optimization for the conformers
with a 3D optimization engine that can optimize thousands of conformers at the same time. Three
NNPs (ANI2x, ANI2xt and AIMNet) are available for the geometry optimization engine, which
finds the geometry that corresponds to a stationary point on the potential energy surface by
computing the energy and analytic forces at each optimization step.

It should be noted that ANI-2x and ANI-2xt NNPs are currently parametrized for neutral
organic molecules with seven elements: H, C, N, O, F, Cl, and S, while AIMNet can handle both
neutral and charged molecules with most non-metal elements (Table S1). The user should specify
an appropriate NNP for Auto3D based on their input elements and charges. In the final step,
optimized conformers that correspond to the same input SMILES are grouped. They are then
ranked by energies and filtered to remove duplicates. Top-k (k is a parameter from the user)
conformer will be selected for each SMILES. All low-energy structures are combined and saved

into a single SDF file.

2.2. Stereoisomer Enumeration and Filtering

The standard SMILES format encodes as a line of text both the connection table and the
stereochemistry of a molecule.”® While Weininger’’ did publish a canonicalization procedure
(CANGEN) for SMILES, many data providers and data depositors ignore stereochemistry.?® To
showcase the magnitude of the problem, Table 1 shows the stereochemistry uncertainties in several

databases.

Table 1. Percentage of unspecified atom stereochemistry in representative molecular libraries (the

duplicates are preliminarily removed from the analyzed datasets).

Molecular Database Entry Chiral molecules Ch@l molecules Wlth
Molecules unspecified atom chirality
Tautomer Database?? 1773 17% 77%
DrugBank?’ 7633 58% 19%
ChEMBL® 2.IM 44% 52.5%

Even a highly curated database such as DrugBank has 19% of chiral molecules missing the

stereocenter specification. In the Nicklaus tautomer database?!*%, 77% of chiral molecules contain



unspecified atomic chirality. Among the molecules with two and more atomic stereocenters, 12%,
8%, and 2% of them have two, three, and four unspecified atomic stereocenters, respectively.
In Figure 3 we have collected some examples to show the unspecified, partially specified,

and specified atom chirality (R/S) and bond stereochemistry (E/Z) in SMILES.

A. Unspecified R/S B. Partially specified R/S C. Specified R/S
CH, OH
o N/\( HaC N\ﬁ
= o} H
: N \\( NH
s H.C CH "
3 3

N=C10C(CN2CC(C)OC(C)C2)CN1 [H]C12CC[C@@H](C)CC1(O)N=CNC2(C)C O[C@H](C1=CC=CC=C1)[C@@H](C)/N=C([H])
Unspecified stereo units =3 Unspecified stereo units =2 \C2=CC=CC=C2

Total stereoisomers =8 Total stereoisomers =8 Unspecified stereo units = 0

Total stereoisomers =4

D. Unspecified E/Z E. Partially specified E/Z F. Specified E/Z

] FHs HQ CHs
HQ >:F
Hy —
HaC ¢ CH,

HO

CCC(C=Cc(cc(c)C)o)=s CN=C\C(=C(/0)C1=CC=CC=C1)C2=CC=CC=C2 cc/c=c(oc)\o

Unspecified stereo units = 1 Unspecified stereo units = 1 Unspecified stereo units =0

Total stereoisomers =2 Total stereoisomers =4 Total stereoisomers =2

G. Unspecified units H. Partially specified units I. Specified units

Hy HQ
H S
H,C CH,

Cc(Cc=c(c(c)cc)o)(c)=s C1=CC(=CC=C1)C(0)[C@H](C)N=CC2=CC=C(C=C2) oc(c)(C)c([H)Ic@@HI(C)/C(N)=C/c(0C)=0
Unspecified stereo units = 2 Unspecified stereo units =2 Unspecified stereo units = 0
Total stereoisomers =4 Total stereoisomers =8 Total stereoisomers =4

Figure 3. Examples of molecules from the Tautomer Database belonging to subsets with different

levels of atom and bond stereochemistry uncertainties.

If the input SMILES defines all stereo information, Auto3D obeys these restrictions during
the 3D building process. Otherwise, it enumerates all possible unspecified tetrahedral and double

bond stereochemistry with the aid of the Flipper utility program in Omega'® or RDKit'”, producing



a pool of absolute configurations of stereoisomers. During this process, specified stereocenters are
preserved. The subsequent enantiomer filter removes one of the enantiomer pairs, returning the
space of relative configurations. Thus, the final pool of stereoisomers contains only diastereomers
that are not mirror images of each other. Figure 4 shows the strategy for enumerating stereoisomers
and removing enantiomers for the molecule with two stereocenters (as an example) and different

levels of uncertainties in molecules.

Unspecified Partially specified Specified
\ Isomer enumeration jn—
“HILLILE
RR 55 R,5 5R RR R,S RS
( Enantiomer filter /
RR |55 |n.s| SR RR |n.s| RS
antipode? antipode?
ves
RA RR RS
antipade?
RR|RS|
antipods?
yes
R,R R,SI

Figure 4. Strategy for generating stereoisomers based on stereochemistry uncertainties in
molecular structure: unspecified, partially specified, and specified stereocenters; removing

enantiomer entries of the same molecule based on stereochemistry flags: R (rectus) or S (sinister).

2.3. Generation of the 3D conformation

Auto3D by default runs the RDKit conformer generator for each configuration, which is
based on the experimental-torsion-knowledge distance geometry (ETKDG)!” method. The
ETKDG was designed to reproduce torsional distributions in crystal conformations from
Cambridge Structure Database (CSD) and protein—ligand complexes from Protein Data Bank
(PDB). Auto3D by default generates up to 1000 conformations per configuration, which are then
filtered using a 0.3 A RMSD constraint to increase the structural diversity. Alternatively, Auto3D

runs OpenEye's conformer generator, Omega. It is a knowledge-based approach that has been



broadly discussed elsewhere®!' and its performance has been widely validated and compared to
other programs.®>* The algorithm is based on carefully curated torsion templates (torsion rules),
rule-based generators, and knowledge of rigid 3D fragments. Molecular fragments are assembled
with subsequent stability score ranking. Two Omega methods for conformer generation are
available: torsion driving and distance geometry. The distance geometry method (macrocycle
mode) works for all molecules but has been designed for molecules that contain flexible rings with
more than eight atoms, while the torsion driving method (classic mode) is designed for molecules

without macrocycles.

2.4. Geometry Optimization and Low-Energy Conformation Search

The development of reliable NNPs has seen tremendous progress'®?>. Some methods
achieved DFT accuracy at force field computational cost and showed promising application in
molecular energy predictions and geometry optimizations'. In Auto3D we have implemented
ANI-2x** AIMNet*® and ANI-2xt (see next section) for the accurate and fast configurational space
scan. The ANI-2x NNP was trained to mimic the energy and force output from the ®B97X/6-31G*
method, while AIMNet and ANI-2xt were trained to mimic the energy and force output from the
B97-3¢ method.

Auto3D features a batch-optimizer that can optimize thousands of 3D structures
simultaneously. The optimizer supports all three NNPs. For this, we implemented a Python-based
Fast Inertial Relaxation Engine (FIRE®?) method for geometry optimization. The forces are
calculated by taking the derivative of energy with respect to coordinates. This process is based on
PyTorch’s automatic differentiation engine (Autograd). Autograd requires inputs to have the same
dimensions. But molecules naturally contain different numbers of atoms, making the matrices
different in size. To tackle this, we padded short molecules with dummy atoms so that all molecules
can be processed in batches. According to our benchmark (Table S2), it took just one second to
optimize ~ 16,000 conformers for one step on an Nvidia RTX 3090 GPU for molecules containing

up to 100 heavy atoms. Optimized conformers are then ranked by their energies.

2.5. ANI-2xt Dataset Compilation and Training

This work is focused on tautomer-related predictions. Meanwhile, the accuracy of an NNP

critically depends on the size and molecule types of its training dataset®®. The initial ANI models



were trained to predict the energies of general organic molecules, without an emphasis on
tautomerism. Since the size of the conformational space scales exponentially with the molecule
size, the first generation of ANI (ANI-1x*%) was limited to the dataset of organic molecules with
only four atom types: H, C, O and N; the second generation of ANI (ANI-2x%%) was trained with
three additional chemical elements: F, S and Cl, which altogether make up ~90% of drug-like
molecules.

The new ANI-2xt potential was specifically trained to bring better performance for
tautomer-related tasks. In addition to the original ANI-1x and ANI-2x training datasets, ANI-2xt
was augmented with a dominant tautomer dataset generated with ChemAxon.’®. The data
preparation protocol is similar to the preparation of the ANI-2x dataset®*. Specifically, this
additional dataset contains a diverse set of bioactive molecules with up to 20 non-H atoms (~82k
molecules from ChEMBL**’). We used ChemAxon Tautomer Generation Plugin to enumerate
potential tautomeric forms. This database (like other public libraries) covers only configurational
space but not conformational space of the molecules, while the latter is a critical requirement for
the NNP training procedure. Therefore, we carried out the non-equilibrium conformation
generation process using GFN2-XTB*' molecular dynamics at 400K for 20ps. The optimized
structures were selected for energy calculations with the B97-3¢ composite scheme*? in ORCA*#,
This created 3.4M new training data points. Combined with the ANI-1x and ANI-2x datasets, the
final ANI-2xt training data includes ~13 million non-equilibrium molecular conformations. The
train/test split was 90/10 (Fig. S1). ANI-2xt implementation is similar to ANI-2x, which has been

described elsewhere®.

2.6. Tautomerization Dataset and Tautomerization Energies

2122 1t consists of

1412 tautomer pairs have been selected from the Tautomer Database
different types of tautomer reactions, number of atoms and functional groups. We consider the
tautomeric interconversion as a chemical reaction of the type R=P, where R represents the ground
state of the reactant and P represents the ground state of the tautomeric product. The prototropic
tautomerism tested in this paper includes the following R/P reactions: keto / enol, amide/ imidol,
thioamide / thioimidol, thioketo / enethiol, lactam / lactim, oxo-imine / enol-imine, thioketo-enol

/ keto-enethiol, paraquinonoid / orthoquinonoid, and nitrile / keteneimine (Fig. S2). Our first goal
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is to validate NNPs in Auto3D by comparing the tautomeric reaction energy AEZ,; (Eq.1) from
DFT and ANI with the “gold-standard” coupled cluster calculations.
AEfqu = Egy(P) — E(R) . M

For this goal, we used Auto3D (isomerization engine was Omega, and optimization engine
was ANI-2x) to find the lowest energy conformers for the (R/P) tautomers. These structures are
further optimized with ®B97M-V/def2-TZVP* using the ORCA 4.1 package to obtain the best
possible geometry. Then we performed single-point calculations in DFT, ANI and DLPNO-
CCSD(T)/CBS**® methods. Specifically, we used the ®B97 family of functionals (oB97X/6-
31G**, @B97TM-V/def2-TZVP*), B97-3¢** and ANI family of NNPs (ANI-2x, ANI-2xt). The
coupled cluster was used as a very accurate reference for DFT and ANI methods. A random subset
of 370 tautomeric reactions was selected for DLPNO-CCSD(T) coupled cluster calculations due
to the high computational cost. To assess the method’s accuracy, the tautomeric reaction energy is
compared between different methods.

The thermodynamical calculations have been performed for tautomeric interconversions
R=P in the gas phase. We used the rigid-rotor harmonic oscillator (RRHO) approach in quantum
chemical calculations. The tautomerization Gibbs free energy difference between tautomers is
defined as:

AGZ% = AEE.,, + AE(ZPE) + AEt — TAS, )

taut —

where the difference in total energy from the electronic structure calculation AEEL,,; is obtained at

the same level method as zero-temperature vibrational energy AE (ZPE), thermal corrections AE®
and entropy contributions TAS are from corresponding frequency calculations. Specifically, we
used Auto3D (isomerization engine was Omega, and optimization engine was ANI-2xt) to find the
lowest energy conformers for the tautomeric pairs (R/P) followed by vibrational frequencies
calculation with ANI-2xt and B97-3c, respectively. For ANI-2xt, the thermodynamic functions
(Eq.2) were calculated with the ideal gas approximation by the Atomic Simulation Environment
(ASE) using ANI-2xt as the calculator. The reference thermodynamics calculations were done

with B97-3¢ composite scheme using ORCA.

3. Results and Discussion

In this section, we systemically assessed how the accounting for the stereoisomeric

configurational space affects the low-energy conformer search. We also benchmarked ANI-2xt on
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geometry optimization and energy prediction with several DFT and ML methods. In a final case

study, we benchmarked Auto3D for Gibbs free energy calculations starting from SMILES.

3.1. Stereoisomer Enumeration

To show that the isomer enumeration step in Auto3D is essential in the process of finding
the low-energy conformer, we compared the final conformers from two modes: Auto3D with
isomer enumeration and Auto3D without enumeration. The isomerization engine was Omega and
the optimization engine was ANI-2xt for both modes. We sampled 50 molecules from the
ChEMBL database. Each molecule contains at least 3 unspecified chiral centers (Fig. S3). With
isomer enumeration, 287,182 conformers were generated for the 50 molecules. In contrast, only
40,212 conformers were generated without isomer enumeration.

With isomer enumeration, almost all final structures have lower energies compared to the
output without isomer enumeration (Fig. 5). A similar trend was observed when RDKit was used
as the isomerization engine (Fig. S4). We used molecule CHEMBL1596382 (Fig. 5 panel B and
C) to understand the energy difference between the two modes. This was one of the two extreme
examples with the maximal difference between the obtained energies. For CHEMBL1596382, the
energy of the conformer with isomer enumeration is 11.7 kcal/mol lower than the conformer from
the other mode. The 3 stereocenters are assigned with different chiral symbols, which results in
very different 3D structures. With the SSR configuration, the molecule is organized in a way that
enables more favorable van der Waals interactions, which makes the conformer more stable
compared to other configurations. Very rarely, the conformer whose configuration was randomly
assigned has lower energy than the conformer from the isomer enumeration mode (Fig. 5 Panel
D). This is because the random configuration happens to be the same or the enantiomer of the low-
energy configuration. During the geometry optimization process, they are optimized into two

conformers with slightly different local geometries.
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Figure 5. Comparing the lowest energy structure from two Auto3D modes (with isomer
enumeration and without isomer enumeration). A: Energy difference distributions for the two
modes. Panel B and C are the low-energy conformers for molecule CHEMBL 1596382 from
Auto3D with isomer enumeration and without isomer enumeration, respectively. The energy in
B is 11.7 kcal/mol lower than that in C. Hydrogen bonds are shown with dashed lines. Panel D
is an example where two modes chose a pair of enantiomers as the low-energy structures. They

are the right-most data point in the histogram. All stereocenters are in yellow.

3.2. Geometry Optimization

To show the reliability of geometry optimization with ANI-2xt, the geometry optimization
results from ANI-2x and ANI-2xt were compared against the ®B97X/6-31G* results. Firstly, we
ran geometry optimization for 2810 molecules from the Tautomer database®? with ®B97X/6-31G*.
These structures were then reoptimized by ANI-2x and ANI-2xt, respectively. Then we compared
the geometry differences from ANI-2x/ANI-2xt against the DFT reference using three metrics:
RMSD, maximum torsion angle difference and mean bond length difference (Please see SI for the
definitions). Representative molecular alignments are depicted in panel A. The first pair of
structures has an RMSD of 0.20 A. For the second pair, the RMSD is around the mean value of

0.13 A, and the two conformers are almost identical.
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Figure 6. The structural difference between the molecules optimized by ©«B97X/6-31G* and
ANI-2x/ANI-2xt method. For each pair of molecules in panel A, the yellow structure is from
ANI-2x or ANI-2xt and the other is from ®B97X/6-31G*. Panel B shows the distribution of
RMSD values from ANI-2x/ANI-2xt against ©B97X/6-31G*. Panel C shows the distribution of
maximum torsion angle differences from ANI-2x/ANI-2xt against ©®B97X/6-31G*.

Compared with ®B97X/6-31G* geometries, 78.8% of ANI-2xt structures are within the
RMSD value of 0.20 A. The mean and median RMSD values are 0.13 A and 0.08 A, respectively.
In general, a smaller RMSD value means a better superposition between the two structures. In our
observation, an RMSD that is below 0.20 A usually represents a good alignment. In addition to
RMSD metrics, we used maximum torsion angle difference. It can catch the differences in the
relative orientation of two groups within a structure. Torsion angles naturally have a larger
magnitude compared with other metrics. In our cases, structures within a small difference in the
torsion angle (around 15°) usually align well. Values at around 90° or 180° are interesting because
this indicates that two groups of atoms are pointing in perpendicular or reversed directions in the
two conformers. This usually happens when multiple local minima exist, and the optimization
algorithm converged into different local minima during the geometry optimization process. We
also used mean bond length differences as the third metric. For both methods, almost all structures
have mean bond length differences within 0.02 A, indicating a high consistency with the reference

structure (Fig. S5).
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As expected, the ANI geometries are very consistent with the ®B97X/6-31G* during the
geometry optimization process, although there is a possible space for improvements. The ANI-2xt
model gave very similar performance to ANI-2x in terms of geometry optimization, which has
been widely adopted in different applications and has shown reliable performance’*>2. Therefore,

ANI-2xt could also be used as a reliable optimizing potential in Auto3D.

3.3. Tautomerization Energy

To validate the accuracy of ANI-2x and ANI-2xt models on the Nicklaus tautomer dataset,
both were benchmarked against DFT methods and DLPNO-CCSD(T)/CBS**¥, DLPNO-
CCSD(T)/CBS is usually considered the gold standard in computational chemistry, so we used it
as the ground truth reference. Both QM methods and ANI methods got reasonable predictions for
tautomeric reaction energies (Fig. 7). Compared with DLPNO-CCSD(T)/CBS results, the ANI-2x
method has a mean absolute error (MAE) of 4.32 kcal/mol. This error was reduced by 42% to 2.52
kcal/mol with our ANI-2xt model. This improvement is believed to be due to the substantial
number of tautomers in the ANI-2xt training data. The wB97M-V/def2-TZVP method shows
excellent performance with respect to DLPNO-CCSD(T)/CBS with an MAE of just 0.64 kcal/mol.
It is worth noting that ANI-2xt achieved similar accuracy compared to wB97X/6-31G*, when
using DLPNO-CCSD(T)/CBS or wB97M-V/def2-TZVP results as the reference. In addition to

accuracy, the ANI-2xt model is about six orders of magnitude faster than the DFT methods.
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Figure 7. Comparing the tautomeric reaction energies calculated from different methods. DFT1
represents wB97X/6-31G*; DFT2 represents wB97M-V/def2-TZVP; CC represents DLPNO-
CCSD(T)/CBS. For ANI methods and DFT methods, 1412 tautomerization reactions were
collected. We randomly sampled 370 of the tautomerization reaction for DLPNO-CCSD(T)/CBS

calculations.

Recently Chodera and co-workers benchmarked ANI-1x potential to compute tautomer
ratios in vacuum and solvent™. Despite not being trained on tautomers, the reported RMSE was
1.5 kcal/mol compared with the reference QM data. Similarly, Meuwly>* and co-workers
concluded that the ANI-1x model was the best ML potential among the five benchmarked models
on the Tautobase dataset®® with an RMSE of 2.85 kcal/mol.
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Figure 8. Comparing the tautomerization Gibbs free energy between B97-3¢ and ANI-2xt.

Here we benchmarked ANI-2xt for a Gibbs free energy calculation task with B97-3¢ (Fig.

8). From the Nicklaus tautomer dataset*

, we randomly sampled gas-phase tautomerization
reactions that only involve 2 tautomers and H, C, N, O, F, S, CI elements. This resulted in 81
tautomerization reactions. Comparing the tautomerization Gibbs free energy from ANI-2xt and
B97-3c, the R? is 0.95. The RMSE and MAE are 1.96 and 1.48 kcal/mol, respectively. It
demonstrates that ANI-2xt is consistent with the DFT methods in terms of electronic and free
energies calculations. Still, we need to note that the current ANI-2xt model assumes a vacuum
environment, whereas tautomerization is strongly dependent on the solvent. There could be a gap

between the theoretical and real-world results. We are working on continuum solvent models to

take account of the solvent effects.
4. Conclusions

Generating 3D structures of flexible small organic molecules is not a trivial task>®>’. First

of all, it requires exploring the space of configurational stereoisomers due to the possible
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uncertainties in chemical databases. Additionally, it requires the evaluation of a conformational
ensemble that covers an enormous conformer space to find the low-energy conformers'’. Therefore,
we developed the open-source Auto3D package for generating low-energy 3D structures from
SMILES. Auto3D is independent of operating systems and accelerated through multicore and GPU
calculations capabilities. It integrates state-of-the-art isomer generation programs and reliable
neural network potentials. Auto3D automatizes the isomer enumeration and duplicates filtering
process, 3D building process, geometry optimizing and ranking process.

The isomerization engine and optimization engine in Auto3D were tested to be reliable
during three benchmarking studies. By enumerating unspecified chiral centers, Auto3D finds the
configuration that gives the lowest energy. In conjunction with Auto3D, we also developed ANI-
2xt, an incremental improvement to the popular ANI-2x NNP. During a geometry optimization
benchmarking test, ANI-2xt showed high consistency to the ®B97X/6-31G* method. We used
Auto3D to calculate tautomerization Gibbs free energy change from scratch, and the results are
within 2 kcal/mol from the target DFT accuracy.

There are some limitations and potential risks that require future work. Firstly, some chiral
molecules are used in the racemic form or contain underdefined stereo centers in real applications,
so assigning specific stereo information could result in over-curation. The experimental results
using an underdefined chiral molecule might be different from that of a fully defined low-energy
stereoisomer. Secondly, the current NNPs of Auto3D optimize geometries in a vacuum condition.

We need to include continuum solvent models in the future.

Supplementary Information

CHEMBL.smi contains 50 molecules that were used for validating the isomer enumeration step.
Geometry.smi contains 2810 molecules that were used for benchmarking geometry optimization.
tautomerization E.smi contains 2824 molecules that were used to calculate tautomeric reaction
energies.

tautomerization_G.smi contains 162 molecules that were used to calculate tautomerization Gibbs

free energies.
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