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SYSTEMS AND METHODS FOR DETERRMINING MOLECULAR PROPERTIES WITH
ATOMIC-ORBITAL-BASED FEATURES

FIELD OF THE INVENTION

[0001] The present invention generally relates to systems and methods to design and
synthesize molecules based on molecular system properties; and more particularly to
systems and methods that utilize atomic-orbital-based features with deep learning

quantum chemistry computing to determine the properties of synthesized chemicals.

BACKGROUND

[0002] Molecular simulations can be helpful to the discovery effort of scientific industry,
including solid-state materials, polymers, fine chemicals, and pharmaceuticals. Current
approaches employ physics-based methods which solve quantum mechanical equations
to describe the behavior of atoms and molecules. While powerful, current methods come
at extraordinary computational costs (consuming a sizable fraction of the world's
supercomputing resources) and human-time costs (with necessary calculations taking
months or longer of wall-clock time). Advances in molecular simulation would broaden its

applications in the industrial innovation and development process.

BRIEF SUMMARY

[0003] Systems and methods in accordance with various embodiments of the
invention enable the design and/or synthesis of molecules based on molecular system
properties. In many embodiments, molecules with specific molecular system properties
can be synthesized for a wide range of product development processes such as drug
discovery for the pharmaceutical industry, and material design for the chemical,
petroleum, battery and electronics industries. Examples of materials synthesized in
accordance with various embodiments of the invention include (but are not limited to):
catalysts, enzymes, pharmaceuticals, proteins and antibodies, organic electronics,

surface coatings, nanomaterials, and organic materials.
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[0004] Many embodiments predict molecular system properties based on atomic
orbital based features using atomic-orbital-based deep learning (OrbNet) processes. In
several embodiments, atomic orbital based features include (but are not limited to):
atomic orbital (AO) based features, symmetry-adapted atomic orbital (SAAQ) based
features, derivatives of AO based features, and derivatives of SAAO features. Examples
of molecular system properties in accordance with various embodiments of the invention
include (but are not limited to): solubility, binding affinity for molecules, binding affinity for
protein, redox potential, pKa, electrical conductivity, ionic conductivity, thermal
conductivity, light absorption frequency, light absorption intensity, and light absorption
efficiency.

[0005] In many embodiments, OrbNet processes can allow for at least 1000-fold
speed-ups in computational and wall-clock times over existing physics-based quantum
mechanical methods. In several embodiments, the processes allow for at least 100-fold
increases in human efficiency. By deploying OrbNet at scale with cloud resources, the
timescale for turnaround can be reduced from days to seconds. OrbNet in accordance
with several embodiments of the invention can enable at least 10-fold prediction accuracy
improvements. Some other embodiments implement the software packages, de-risk
computational predictions, reduce down-stream experimental and production costs, and
accelerate time-to-market.

[0006] One embodiment of the invention includes a method of synthesizing a molecule
comprising, obtaining a set of atomic orbitals for a molecular system using a computer
system; generating a set of atomic-orbital-based features based upon the set of atomic
orbitals of the molecular system using the computer system; determining at least one
molecular system property based on the set of features using an atomic-orbital-based
machine learning (OrbNet) model implemented on the computer system; and when the
determined at least one molecular system property satisfies at least one criterion by the
computer system, synthesizing the molecular system.

[0007] In another embodiment, the set of atomic-orbital-based features comprises an

attributed graph representation of atomic-orbital-based features.
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[0008] In a further embodiment, a node feature of the attributed graph representation
corresponds to a diagonal atomic orbital block and an edge feature of the attributed graph
representation corresponds to an off-diagonal atomic orbital block.

[0009] In still another embodiment, the set of atomic-orbitals comprises symmetry-
adapted-atomic-orbitals (SAAQOs) and the set of atomic-orbital-based features comprises
a set of features based on atomic-orbitals, a set of features based on SAAOs, derivatives
of a set of features based on atomic-orbitals or derivatives of a set of features based on
SAAOQOs.

[0010] In a yet further embodiment, the molecular system is one of a plurality of
candidate molecular systems. In addition, determining when the determined at least one
molecular system property satisfies at least one criterion further comprises generating a
set of atomic-orbital-based features based upon sets of atomic orbitals for each of the
candidate molecular systems; determining at least one molecular system property for
each of the candidate molecular systems based on the set of atomic-orbital-based
features of each of the candidate molecular systems using the OrbNet model; screening
the candidate molecular systems based upon the at least one molecular system property
determined for each of the candidate molecular systems; and identifying the molecular
system based upon the screening.

[0011] A still further embodiment also includes training the OrbNet model to learn
relationships between sets of atomic-orbital-based features and molecular system
properties using a training dataset describing a plurality of molecular systems and their
molecular system properties.

[0012] In yet another embodiment, training the OrbNet model to learn relationships
between sets of atomic-orbital-based features and molecular system properties further
comprises obtaining a set of atomic orbitals for each molecular system in the training
dataset of molecular systems; and obtaining a set of atomic-orbital-based features based
upon the set of atomic orbitals.

[0013] In a further embodiment again, obtaining a set of symmetry-adapted-atomic-
orbitals for each molecular system in the training dataset of molecular systems by

constructing rotationally invariant symmetry-adapted atomic orbital basis sets; and
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obtaining a set of symmetry-adapted-atomic-orbital-based features based upon at least
the symmetry-adapted-atomic-orbitals.

[0014] In a further additional embodiment, obtaining the set of atomic orbitals
comprises calculating one mean-field electronic structure selected from the group
consisting of Hartree-Fock theory, density functional theory, and a semi-empirical
method, and obtaining the set of atomic-orbital-based features comprises calculating one
mean-field electronic structure selected from the group consisting of Hartree-Fock theory,
density functional theory, and a semi-empirical method.

[0015] In a still yet further embodiment, obtaining the set of atomic orbitals comprises
parameterizing at least one quantum mechanical operator appeared in the formulation of
an electronic structure method selected from the group consisting of Hartree-Fock theory,
density functional theory, and a semi-empirical method by a neural network, and obtaining
the set of atomic-orbital-based features comprises parameterizing at least one quantum
mechanical operator appeared in the formulation of an electronic structure method
selected from the group consisting of Hartree-Fock theory, density functional theory, and
a semi-empirical method by a neural network.

[0016] In another additional embodiment, the neural network comprises a graph neural
network, wherein at least one node of the graph neural network corresponds to at least
one atom, and at least one edge of the graph neural network corresponds to at least one
interatomic interaction.

[0017] In another embodiment again, training the OrbNet model and the neural
network takes place simultaneously.

[0018] In a still yet further embodiment, determining the symmetry-adapted-atomic-
orbitals comprises diagonalizing at least one diagonal density-matrix block.

[0019] In still yet another embodiment, training the OrbNet model comprises graph
neural network.

[0020] In another additional embodiment, the graph neural network comprises at least
one message passing layer and at least one decoding layer.

[0021] In afurther embodiment again, the molecular system comprises at least one of

atoms, molecular bonds, and molecules formed by atoms and molecular bonds.
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[0022] In still yet another embodiment, the set of features includes atomic-orbital-
based features comprising a physical operator.

[0023] In a still further embodiment again, the atomic-orbital-based features further
comprise at least one feature selected from the group consisting of. elements from a Fock
matrix, elements from a Coulomb matrix, elements from a Hartree-Fock matrix, elements
from a density matrix; elements from a core Hamiltonian matrix; and elements from an
overlap matrix.

[0024] In still another embodiment again, the at least one molecular system property
comprises at least one property selected from the group consisting of quantum correlation
energy, conformer energy, mean-field energy, single point energy, learning energy,
molecular orbital energy, potential energy surface, force, inter-atomic force, vibrational
frequency, dipole moment, electronic density, response property, thermal property,
excited state energy, excited state force, linear-response excited state energy, linear-
response excited state force, and spectrum.

[0025] In a still further additional embodiment, the synthesized molecular system
comprises at least one molecule selected from the group consisting of a catalyst, an
enzyme, a pharmaceutical, a protein, an antibody, a surface coating, a nanomaterial, a
semiconductor, and an organic material.

[0026]  Still another additional embodiment includes a method of screening a set of
candidate molecular systems comprising: obtaining a set of atomic orbitals for a plurality
of candidate molecular systems using a computer system; generating a set of atomic-
orbital-based features for each candidate molecular system based upon sets of atomic
orbitals for each of the candidate molecular systems using the computer system;
determining at least one molecular system property for each of the candidate molecular
systems based on the set of atomic-orbital-based features of each of the candidate
molecular systems using an atomic-orbital-based machine learning (OrbNet) model
implemented on the computer system; screening the candidate molecular systems to
identify at least one molecular system possessing at least one molecular system property
that satisfies at least one criterion based upon the at least one molecular system property

determined for each of the candidate molecular systems using the computer system; and
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generating a report describing the at least one molecular system identified during the
screening of the candidate molecular systems using the computer system.

[0027] A yet further embodiment again includes a method of synthesizing a molecular
system using an inverse molecule design process comprising: searching for a set of
atomic-orbital-based features having at least one molecular system property predicted by
an atomic-orbital-based machine learning (OrbNet) model that satisfies at least one
criterion using a computer system, where the OrbNet model is trained to receive a set of
features of a molecular system and output an estimate of at least one molecular system
property; mapping a located set of atomic-orbital-based features to an identified molecular
system using a feature-to-structure map using the computer system, where the feature-
to-structure map is trained to map a set of atomic-orbital-based features to a
corresponding molecular structure; screening the identified molecular system based upon
at least one screening criterion using the computer system; and when the identified
molecular system satisfies the at least one screening criterion, synthesizing the identified
molecular system.

[0028] In yet another embodiment again, searching for a set of atomic-orbital-based
features having at least one molecular system property predicted by the OrbNet model
that satisfies at least one criterion further comprises using at least one generative model
to generate candidate sets of features.

[0029] In still another further embodiment, the generative model comprises a graph
neural network.

[0030] Another further embodiment again includes a method of training an atomic-
orbital-based machine learning (OrbNet) model to predict at least one molecular system
property from a set of atomic orbitals for a molecular system comprising: obtaining a
training dataset of molecular systems and their molecular system properties using a
computer system; generating a set of atomic-orbital-based features for each molecular
system in the training dataset based upon a set of atomic orbitals for each of the candidate
molecular systems using the computer system; training a ML model to learn relationships
between the set of atomic-orbital-based features of each molecular system in the training

dataset and the molecular system properties of each of the molecular systems in the
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training dataset using the computer system; and utilizing the OrbNet model to predict at
least one molecular system property for a specific molecular system based upon a set of
atomic-orbital-based features generated for the specific molecular system based upon a
set of atomic orbitals for the specific molecular system.

[0031] In another further additional embodiment, obtaining a training dataset of
molecular systems and their molecular system properties further comprises: generating
a set of atomic-orbital-based features for the specific molecular system based upon a set
of atomic orbitals for the specific molecular system using the computer system; retrieving
atomic-orbital-based features from a database based upon proximity between a retrieved
atomic-orbital-based feature and an atomic-orbital-based feature from the set of atomic-
orbital-based features for the specific molecular system; and forming the training dataset
using the retrieved molecular systems.

[0032] In still yet another further embodiment, training the OrbNet model to learn
relationships between the sets of atomic-orbital-based features of each molecular system
in the training dataset and the molecular system properties of each of the molecular
systems in the training dataset further comprises utilizing a transfer learning process to
train an OrbNet model previously trained to determine the relationship between an
atomic-orbital-based features of a molecular system and a different set of molecular
system properties.

[0033] In still another further embodiment again, training the OrbNet model to learn
relationships between the sets of atomic-orbital-based features of each molecular system
in the training dataset and the molecular system properties of each of the molecular
systems in the training dataset further comprises utilizing an online learning process to
update a previously trained OrbNet model.

[0034] Additional embodiments and features are set forth in part in the description that
follows, and in part will become apparent to those skilled in the art upon examination of
the specification or may be learned by the practice of the disclosure. A further
understanding of the nature and advantages of the present disclosure may be realized
by reference to the remaining portions of the specification and the drawings, which forms

a part of this disclosure
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BRIEF DESCRIPTION OF THE DRAWINGS

[0035] The description will be more fully understood with reference to the following
figures, which are presented as exemplary embodiments of the invention and should not
be construed as a complete recitation of the scope of the invention. It should be noted
that the patent or application file contains at least one drawing executed in color. Copies
of this patent or patent application publication with color drawing(s) will be provided by
the Office upon request and payment of the necessary fee.

[0036] FIG. 1 illustrates an atomic-orbital-based machine learning process in
accordance with an embodiment of the invention.

[0037] FIG. 2 illustrates a user interface for software that enables determination of
molecular structures in accordance with an embodiment of the invention.

[0038] FIG. 3 illustrates an architecture of an OrbNet process for AO features in
accordance with an embodiment of the invention.

[0039] FIG. 4 illustrates a workflow of an OrbNet process for SAAQO features and the
derivatives of the SAAQ features in accordance with an embodiment of the invention.
[0040] FIG. 5illustrates the structure of message passing layers in an OrbNet process
for SAAQO features and the derivatives of the SAAO features in accordance with an
embodiment of the invention.

[0041] FIG. 6 conceptually illustrates a database of atomic orbital pairs in accordance
with an embodiment of the invention.

[0042] FIG. 7 illustrates an OrbNet process for harvesting atomic-orbital-based
features in accordance with an embodiment of the invention.

[0043] FIG. 8 illustrates an OrbNet process to determine molecular system properties
incorporating machine learning regression in accordance with an embodiment of the
invention.

[0044] FIG. 9A illustrates a process for selecting a candidate molecular system to
synthesize, where the process uses an OrbNet model in accordance with an embodiment

of the invention.
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[0045] FIG. 9B illustrates a process for identifying a molecular system to synthesize,
where the process uses an inverse molecule design process based upon an ML model in
accordance with an embodiment of the invention.

[0046] FIG. 9C illustrates an OrbNet process for generating training data relevant to a
specific molecular system for the purposes of training an OrbNet model for use in the
estimation of at least one chemical property of the specific molecular system in
accordance with an embodiment of the invention.

[0047] FIG. 10 illustrates a process for querying a database generated using an
OrbNet process in accordance with an embodiment of the invention.

[0048] FIGs. 11A and 11B illustrate prediction errors for molecule total energies and
relative conformer energies respectively using OrbNet processes trained using various
datasets in accordance with various embodiments of the invention.

[0049] FIG. 12 illustrates comparison of the accuracy and computational cost tradeoff
for a range of potential energy methods for the Hutchison conformer benchmark dataset
in accordance with an embodiment of the invention.

[0060] FIGs. 13A and 13B illustrate the molecular geometry optimization accuracy for
the ROT34 and MCONF datasets respectively in accordance with an embodiment of the
invention.

[00561] FIG. 14 illustrates statistics over the accuracy and coverage of the GMTKNS5
dataset using OrbNet Denali processes in accordance with an embodiment of the
invention.

[00562] FIG. 15 illustrates MAE in kcal/mol for the subsets of the GMTKNSS dataset
that are covered by OrbNet Denali training data in accordance with an embodiment of the
invention.

[0063] FIG. 16 illustrates comparisons between computational cost and the resulting
accuracy for the Hutchison conformer benchmark set in accordance with an embodiment
of the invention.

[0064] FIG. 17 illustrates the OrbNet error relative to the same torsional profiles
calculated at the wB97X-D3/def2-TZVP level of theory of the 25 druglike molecules



WO 2021/243106 PCT/US2021/034651

torsional profiles from the TorionNet500 database in accordance with an embodiment of
the invention.

[0065] FIG. 18A illustrates the OrbNet prediction of energy on QM9 data set at
different training data sizes in accordance with an embodiment of the invention.

[0056] FIG. 18B illustrates the OrbNet prediction of dipole moment on QM9 data set

at different training data sizes in accordance with an embodiment of the invention.

DETAILED DESCRIPTION

[0057] Turning now to the drawings, systems and methods for synthesizing molecules
with specific molecular system properties are described. A molecular system can be
atoms, chemical bonds, and/or the resulting molecules formed by the atoms and chemical
bonds. Many embodiments implement an atomic-orbital-based deep learning (OrbNet)
process to determine properties of a molecular system. In a number of embodiments, an
OrbNet model is utilized to perform generative design of molecular systems having
particular desirable properties that can then be synthesized.

[0058] In several embodiments, specific molecular system properties are utilized as
inputs of an OrbNet process. In many embodiments, the input properties of the molecular
system are a set of features based on atomic orbitals (AOs) and/or the derivatives of a
set of AO features. Some embodiments include the input features can be obtained from
low cost and minimal basis mean-field electronic structure methods. In many
embodiments, the input properties of the molecular system are a set of features based
on symmetry-adapted atomic orbitals (SAAQOs) and/or the derivatives of a set of SAAOs
features. SAAOs are a set of atom-centered orbitals that satisfies one or more symmetries
of the molecular system. SAAOs satisfy translational and rotational symmetry of the
molecule, and permutational symmetry of the atoms. In several embodiments, AOs
including (but not limited to) SAAOs can be derived from the set and/or a subset of
transformed atomic orbital basis for the molecular system and/or other external potential.
Certain embodiments provide that the AOs including (but not limited to) SAAOs can be
obtained via the reduced density matrix of the molecular system in the atomic orbital

representation. In a number of embodiments, the AOs including (but not limited to)
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SAAQOs can be obtained via schemes based on eigenvalues of the Fock matrix in the
atom orbital representation and/or the Wigner rotations. Several embodiments provide
that AO based features including (but not limited to) SAAO based features can be scalar
and/or tensor quantities derived from expectation values of quantum operators and/or the
derivatives of expectation values of operators with respect to the AOs. In a number of
embodiments, the quantum operators can be the ones in Hartree-Fock theory. Examples
of Hartree-Fock operators include (but are not limited to): elements of a Fock (F) matrix,
elements of a Coulomb (J) matrix, elements of a Hartree-Fock exchange (K) matrix,
elements of a density (P) matrix, elements of an orbital centroid distance (D) matrix,
elements of a core Hamiltonian (H) matrix, and/or elements of an overlap ($) matrix. Many
embodiments provide that the quantum operators can be based upon Kohn-Sham density
functional theory including (but not limited to): the exchange-correlation operator, the
exchange-correlation operators’ approximations, and the exchange-correlation operators’
components. Many embodiments provide that the quantum operators can be in density
functional tight binding theory calculation and/or other empirical electronic structure
theory methods including (but not limited to). the shell-resolved charges and
approximations to the Coulomb, Exchange, Fock, and/or exchange-correlation operators.
Several embodiments include quantum operators that can be properties of the molecular
systems. Examples of the properties include (but are not limited to): dipole moment,
interatomic distance matrix, continuum solvation energy. Many embodiments implement
neural networks including (but not limited to) graph neural networks to parameterize
matrixes including (but not limited to) a Fock (F) matrix, a Coulomb (J) matrix, a Hartree-
Fock exchange (K) matrix, a density (P) matrix, an orbital centroid distance (D) matrix, a
core Hamiltonian (H) matrix, and an overlap (S) matrix to generate AO-based features. As
can readily be appreciated, the specific AO features used to describe a molecular system
in accordance with various embodiments of the invention are largely only limited by the
requirements of specific applications. OrbNet processes in accordance with several
embodiments of the invention utilize features that are symmetric. As is discussed further

below symmetry is not a requirement. OrbNet processes in accordance with many
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embodiments of the invention utilize features that may or may not be symmetric as
appropriate to the requirements of specific applications.

[00569] In many embodiments, the OrbNet processes utilize models that are trained
using input datasets. Many embodiments predict certain properties of a molecular system
as outputs based on relationships between the input AO features including (but not limited
to) SAAO features and the properties that are learned during the training of the OrbNet
model. OrbNet can predict high quality electronic structure energies in accordance with
several embodiments. In some embodiments, the output properties can include (but are
not limited to): (1) computable properties of molecules such as solutions of the many body
Schrodinger equation including ground and/or excited state mean field energies, ground
and/or excited state many body correlation energies, potential energy surfaces, total
and/or relative conformer energies, electronic energies, correlation energies, SAAO-pair
contributions, mean-field energies, single-point energies, molecular orbital energies,
thermal properties, forces, inter-atomic forces, vibrational frequencies (hessian), dipole
moments, electron densities, excited state energies, linear-response excited states and
forces, and/or spectra; and (2) experimentally measurable properties of molecules such
as activity coefficients, solubility, pKa, pH, partition coefficients, vapor pressures, melting
points, boiling points, flash points, solvation free energies, redox potential, electrical
conductivity, ionic conductivity, thermal conductivity, light absorption frequency, light
absorption intensity, light absorption efficiency, viscosity, ADME properties, toxicity, drug
toxicity, binding affinity, and/or protein binding affinity. A number of embodiments
implement the derivatives of SAAO features as input in OrbNet models and are able to
predict response properties including (but not limited to): forces, optimized geometries,
inter-atomic forces, dipoles, and linear-response excited states.

[0060] In some embodiments, the prediction of forces and/or hessian can be used to
optimize the geometry of the molecular system to a local minimum or saddle point.
Several embodiments provide that the prediction of forces can be used to run molecular
dynamics. In a number of embodiments, the prediction of energies and/or forces can be
used to perform configurational sampling. In several embodiments, a molecular system

is selected based upon the predicted properties for the molecular system output by the

12



WO 2021/243106 PCT/US2021/034651

OrbNet model based upon the input AO features including (but not limited to) SAAO
features of the molecular system. In a number of embodiments, the OrbNet model can be
used to perform generative design in which a search is performed within feature space to
identify at least one set of AO features including (but not limited to) SAAO features that
provide a desired molecular system property. In several embodiments, AO features
including (but not limited to) SAAQ features can be mapped to molecular structures using
a feature-to-structure map that can be derived from a training data set using a deep
learning process. The molecular system(s) corresponding to the identified set(s) of AO
features including (but not limited to) SAAO features can then be further analyzed to
determine the molecular system(s) most suited to a particular application. As can readily
be appreciated, systems and methods in accordance with various embodiments of the
invention can utilize any of a variety of input AO features of a molecular system to predict
any of a variety of different properties of a corresponding molecular system as appropriate
to the requirements of specific applications.

[0061] Many embodiments provide that OrbNet processes can predict properties
corresponding to a larger and/or a different atomic orbital basis set based on one
particular and/or a minimal basis set input. Several embodiments provide that OrbNet
processes can predict properties corresponding to a more expensive and/or a different
level of electronic structure theory including (but not limited to) density function theory
(DFT) with a hybrid exchange-correlation functional based on an input of one level of
electronic structure theory including (but not limited to) DFT with a local density
approximation or a semi-empirical electronic structure method.

[0062] In several embodiments, the molecular systems predicted by the output
properties can be in the same molecular family as the input molecular systems. In many
embodiments, the molecular systems predicted by the output properties can be in a
different molecular family as the input molecular systems. Examples of different molecular
families can include (but are not limited to). molecular compositions, molecular
geometries, and/or bonding environments. Sets of input AO features including (but not
limited to) SAAQO features in many embodiments have no explicit dependence on atom

types, thus OrbNet processes can enhance chemical transferability of the training results.
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[0063] In a number of embodiments, the OrbNet processes are implemented as
software applications. Several embodiments implement the OrbNet processes in a
quantum chemistry software package, which automatically reduces the computational
and human-time costs of molecular simulations while leaves the user-interface
unchanged. Many embodiments provide that integration of OrbNet into existing industrial
workflows can improve calculation speed with no degradation in accuracy and no need
for retraining for users.

[0064] In many embodiments, more complex models of molecular systems can be
utilized including (but not limited to) attributed graph representations of molecular
systems, as an alternative to the matrix organized representations. In some
embodiments, the topology and connectivity of the graph representation can be derived
from the set and/or a subset of the AO feature and/or SAAQ feature tensors. In some
embodiments, quantum chemical information can be represented as an attributed graph
G(V,E X X°) . In several embodiments, the node features of the attributed graph
correspond to diagonal AO blocks including at least a set of AOs, and the edge features
correspond to off-diagonal AO blocks including at least a set of AOs. In certain
embodiments, the node features of the attributed graph correspond to diagonal SAAO
features (X, = [Fuw Juw Kuw Puw Huw]) @nd the edge features correspond to off-diagonal
SAAOQ features (X¢,, = [Fuw Juv» Kuw» Duws Puv» Suvs Huw ). Graph based representations of
molecular systems can enable multi-task learning. As can readily be appreciated,
appropriately constructed graph representations can provide the benefit of permutation
invariance and size extensivity. In many embodiments, a graph neural network (GNN)
machine learning architecture including message passing layers can be utilized to
perform the machine learning task from the graph-based representations to a diverse set
of chemical properties. GNN architecture in accordance with some embodiments can
include at least two message passing layers. Several embodiments can include three
message passing layers in a GNN architecture. In a number of embodiments, OrbNet
processes can utilize graph representations of molecular systems to form general

chemical property classification.
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[0065] In several embodiments, the transferability of OrbNet models is leveraged in
machine learning regression processes that utilize pre-trained energy-based models that
are transferred to general molecular properties. Several embodiments utilize regression
training of graph neural networks (GNNs). GNNs in accordance with some embodiments
can include message passing layers and decoding functions. In certain embodiments, the
message passing layers can be realized using aggregation functions on hidden node
features and edge features. In a number of embodiments, the decoding functions can be
realized using summation functions on transformed node attributes. Many embodiments
provide that the decoding functions can be realized using graph readout functions
including (but not limited to): summation on transformed edge attributes, global graph
pooling functions, and Recurrent Neural Networks. OrbNet processes in accordance with
many embodiments of the invention can support a broad class of readout functions based
on geometric operations. Several embodiments implement multi-task learning in the
OrbNet processes to improve learning efficiency. During multi-task learning, OrbNet
processes in accordance with some embodiments can be trained with both molecular
energies and other computed properties of the quantum mechanical wavefunction in
accordance with some embodiments. In several embodiments, OrbNet processes can be
trained with experimentally measured quantities including (but not limited to) solvation
energies. Furthermore, as increasing amounts of quantum simulation data are generated,
OrbNet processes in accordance with many embodiments of the invention can actively
update underlying OrbNet models based upon new data without requiring retraining using
the original training data corpus.

[0066] Many embodiments implement a deep learning architecture in OrbNet
processes for learning chemical properties. OrbNet processes in accordance with several
embodiments implement quantum-mechanical molecular representation and gauge
symmetry. Several embodiments construct molecular representations based on the tight-
binding approximated wavefunction and atomic orbitals (AOs). Some embodiments
provide that the AOs based molecular representations encode the physics prior better
and are infinitely differentiable. In many embodiments, OrbNet processes with AO based

features integrate gauge symmetries in quantum interactions by formulating OrbNet as
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an equivariant map acting on tight-binding quantum operators. In a number of
embodiments, OrbNet processes with AO based features implement O(3)-covariant
embedding and interaction blocks to parameterize the equivariant map to learn on the
basis of AOs and avoid manually fixing the reference system. OrbNet processes with AO
based features in accordance with some embodiments take inputs from quantum
operators instead of vectors in R3, which differs from point-cloud-based equivariant
networks. Certain embodiments provide that OrbNet processes with AO based features
are equivariant with respect to non-orientation-preserving transformations through
tracking the parity of spherical tensors, which may not be properly treated in SE(3)
equivariant neural networks. The expressive power Ilimitations present in many
equivariant neural networks can be alleviated by normalization schemes, RepNorm in
accordance with many embodiments. Several embodiments utilize a RepNorm
normalization scheme to obtain more robust learning in OrbNet setups and/or other
equivariant networks.

[0067] OrbNet processes in accordance with several embodiments of the invention
can improve efficiency and accuracy in quantum simulation. In a number of embodiments,
the output properties generated from OrbNet processes are transferable and thus can be
used to determine molecules of different molecular systems. In some embodiments,
OrbNet processes possess transferability across molecular geometries. Several
embodiments implement OrbNet processes with transferability within a molecular family.
Some embodiments implement OrbNet processes providing transferability across
bonding environments. Certain embodiments implement OrbNet processes providing
transferability across chemical elements. In several embodiment, OrbNet provides about
33% improvement in prediction accuracy with the same amount of data. In many
embodiments, OrbNet processes provide a prediction accuracy similar to DFT, but at a
computational cost that is reduced by at least three orders of magnitude relative to DFT
methods.

[0068] Many embodiments implement chemical transferability of OrbNet processes
across molecular systems and so are capable of identifying molecules with a broad range

of properties. Molecules with specific molecular system properties can be synthesized
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using processes in accordance with various embodiments of the invention for a wide
range of product development processes such as drug discovery and material design.
Examples of such embodiments include (but are not limited to) processes that can be
utilized for: organic light emitting diode material design, catalyst design, enzyme reactions
and drug design, protein and antibody design, organic material design, nanomaterial
design, and/or material design for the battery, chemical, and petroleum industries.

[0069] Systems and methods for implementing OrbNet processes in accordance with

various embodiments of the invention are discussed in further detail below.

Machine Learning in Quantum Chemistry

[0070] Machine learning for molecules mostly encodes the molecular system as
graphs or point clouds, while lacking fundamental information on its quantum interactions.
At a fundamental level, chemistry can be described by the Born-Oppenheimer many-body
Schrédinger equation:

HY(r;R) = ERY (7 R) (1)

where W(r,; R) is the wavefunction at electron positions r, and atom nuclei positions R,
and E(R) is the molecular system’s energy. Conceptually Eq. 1 may be used to simulate
chemical reactions, but quantum correlation makes it an intractable O(N!) problem to
solve. Approximate numerical methods such as density functional theory (DFT) can suffer
from a punitive scaling and speed-accuracy tradeoffs, which may be impractical for large-
scale applications such as drug discovery. The potential energy surface is a central
quantity of interest in the modelling of molecules and materials. Calculation of these
energies with sufficient accuracy in chemical, biological, and materials systems can be
adequately described at the level of DFT. However, due to its relatively high cost, the
applicability of DFT is limited to either relatively small molecules or modest conformational
sampling, at least in comparison to force-field and semi-empirical quantum mechanical
theories. A major focus of machine learning (ML) for quantum chemistry has been to
improve the efficiency with which potential energies of molecular and materials systems

can be predicted while preserving accuracy. Despite the success of such methods in
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predicting energies on various benchmarks, the generalizability of deep neural network
models across chemical space and for out-of-equilibrium geometries is less investigated.
The quantities derived from stationary solutions of Eq. 1, e.g. E(R), may be learned to
address this challenge.

[0071] The problem of empirically approximating E(R) has been known as
determining a molecule's force field. While constructing a force field requires extensive
domain expertise on engineering its functional form, machine-learning approaches have
been proposed to approximate E(R) from data with higher flexibility, using either hand-
crafted features or graph neural networks based on distance information and more
recently with generalized geometric information. Such empirical approaches, however,
regard the molecule as a (classical) point cloud of atom nuclei coordinates (R in ¥(7,; R)),
thus are unaware of the quantum-mechanical interactions carried by the electrons (r, in
Y(r,;R)). On the other hand, previous works that focus on constructing molecular
representations with quantum-mechanics signatures have shown promising accuracy on
certain tasks, but they mostly require a numerical calculation cost similar to DFT for
obtaining the representation, and some may require compute-intensive feature
processing to enforce symmetry.

[0072] Previous work in quantum chemistry has focused on predicting electronic
energies or densities based on atom- or geometry-specific features, and kernel-based or
neural-network machine learning architectures. (See, e.g., J.S. Smith, et al., Chem. Sci,
2017, 8, 3192-3203; L. Zhang, et al., Phys. Rev. Lett., 2018, 120, 143001; M. Rupp, et
al., Phys. Rev. Lett., 2012, 108, 58301; K. Hansen, et al., J. Chem. Theory Comput.,
2013, 9, 3404; the disclosures of which are incorporated herein by references in their
entirety.) Recent studies have focused on the featurization of molecules in abstracted
representations, such as quantum mechanical properties obtained from low-cost
electronic structure calculations, and the utilization of graph-based neural network
techniques to improve transferability and learning efficiency. (See, e.g., M. Welborn, et
al., J. Chem. Theory Comput., 2018, 14, 4772-4779; L. Cheng, et al., J. Chem. Phys.,
2019, 150, 131103; K. Yang, et al., J. Chem. Inf. Model, 2019, 59, 3370-3388; J. Klicpera,
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et al., International Conference on Learning Representations, 2020; the disclosures of
which are incorporated herein by references in their entirety.)

[0073] Several ML methods have been developed for the prediction of high-level (i.e.,
coupled-cluster) correlation energies based on quantum mechanical features from a
mean-field-level (i.e., HF theory or DFT) electronic structure calculation. U.S. Patent
Application No. 2020/0294630 to Miller et al. describes a molecular-orbital-based
machine learning (MOB-ML) approach to the prediction of molecular properties using
localized molecular orbitals for input feature generation, with applications that include the
prediction of correlated wavefunction properties based on the information from a mean-
field reference theory.

[0074] In MOB-ML, localized molecular orbitals are obtained via an orbital localization
procedure (such as Boys, IBO, etc.), with the orbitals obtained from a mean-field
electronic structure calculation. Feature vectors are then calculated for diagonal and off-
diagonal molecular orbital pairs from matrix elements of the molecular orbitals with
respect to various operators (i.e., Fock, Coulomb, and exchange operators) within the
basis and using a feature sorting scheme. Gaussian-Process or clustering-based
regressors are trained for the pair correlation energy labels associated to the MOB feature
vectors. In contrast, OrbNet processes in accordance with many embodiments use the
AOs for evaluating matrix elements of the operators for feature generation, and employ a
GNN scheme for performing regression of AO-resolved properties including (but not
limited to) SAAO-resolved properties (such as the SAAQO-pair contributions to the
correlation energy), whole molecule properties including (but not limited to) drug toxicity,
binding affinity, pKa, correlation energy, mean-field energy, atom-resolved properties
including (but not limited to) partial charges, Fukui reactivity, proton affinity, and/or bond-
resolved properties including (but not limited to) bond dissociation energies, bond orders.
[0075] In MOB-ML, LMOs are generated using an iterative orbital localization
procedure which can include a series of O(N®) operations, therefore hindering the
efficiency of feature generation with semi-empirical methods and on large molecular
systems. In many embodiments, OrbNet processes allow for using approximate quantum-

mechanical models 1000 times faster than DFT to build the representation and formulate
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physical symmetry into neural network architecture design. OrbNet processes in
accordance with several embodiments use SAAOs for featurization which can be
obtained within a one-shot O(N) block-diagonalization operation, resolving the
computational bottleneck when an inexpensive electronic structure method is employed
for feature generation. In comparison, many embodiments provide that OrbNet processes
using AOs for featurization can perform faster by eliminating the one-shot O(N) block-
diagonalization operation.

[0076] NeuralXC (See, e.g., S. Dick, et al., Machine Learning Accurate Exchange and
Correlation Functionals of the Electronic Density, 2019; the disclosure of which is
incorporated herein by reference in its entirety) and DeePHF (See, e.g., Y. Chen, et al,,
Ground State Energy Functional with Hartree-Fock Efficiency and Chemical Accuracy,
2020; the disclosure of which is incorporated herein by reference in its entirety) are
machine-learning techniques that employ AO-based features obtained from electronic
structure calculations to perform the regression and prediction of molecular energies.
Both NeuralXC and DeePHF rely on the electronic density and orbitals obtained from
either a Hartree-Fock (HF) (in DeePHF) or low-level density functional theory (DFT) (in
NeuralXC) calculation using cc-pVDZ or larger atomic-orbital basis sets. Both models
learn the residual terms between the low-level calculation and high-level (such as,
CCSD(T)) reference energies. Both models may need the same (or larger) AO basis set
for the mean-field calculation than that associated with the high-level (such as, CCSD(T))
prediction. Neither NeuralXC nor DeePHF allows for prediction of large-AO-basis-set
results on features obtained directly from minimal-AO-basis mean-field calculations. In
contrast, OrbNet processes in accordance with many embodiments allow for the use of
minimal-AQO-basis calculations (at great reduction in computational cost) for the feature
generation. In several embodiments, OrbNet processes include the use of AO basis sets
other than minimal basis sets, with and without projection into other basis sets or orbital
subspaces, which remains distinct from DeePHF with regard to the manner in which
features are constructed.

[0077] In both NeuralXC and DeePHF, sets of AOs or quasi-AOs are employed for

generating features for machine learning. NeuralXC does not featurize the interactions
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between different atoms or different quantum-number (principal or angular) shells within
atoms. For example, NeuralXC uses the diagonal elements of the density matrix from the
mean-field (DFT) calculation in building features. DeePHF also uses diagonal elements
of the density matrix from the mean-field (HF) calculation in building features, and in some
cases includes interactions between quantities on different atoms. DeePHF does not
include interactions between different shells on the same atom, and it introduces the need
for a pre-determined weighting function based on inter-atomic distances.

[0078] In contrast, OrbNet processes can be more information-rich by construction
compared to the existing schemes. Unlike NeuralXC, shell averaging need not be
performed in OrbNet processes. Moreover, in contrast to both NeuralXC and DeePHF,
some embodiments provide that OrbNet processes include all off-diagonal operator
matrix elements (including intra- and inter-atom elements, and intra- and inter-shell) within
the features, thereby preserving the information content and enabling description of long-
range contributions. In comparison to DeePHF, OrbNet processes in accordance with
certain embodiments of the invention can include interactions between different shells on
the same atom and avoid the need for a pre-determined weighting function based on
inter-atomic distances. In a number of embodiments, OrbNet processes include quantum-
chemical matrices including Fock (F) matrix, Coulomb (J) matrix, exchange (K) matrix,
density (P) matrix, core Hamiltonian (H) matrix, and/or overlap (S8) matrix, which can be
important components for energy prediction tasks. Both NeuralXC and DeePHF methods
have not been applied for the prediction of DFT-quality results on the basis of lower-level
semi-empirical methods, such as GFN-xTB.

[0079] Other differences arise in the way how rotational invariance is enforced within
the features. In NeuralXC, the rotational invariance of the features can be guaranteed by
summing all sub-shell components of the AO-projected density d™ = ¥t __ ¢, (such
as, the trace of the local density matrix), such that the information content is not
preserved. In DeePHF, the rotational invariance of the features can be enforced by using
the eigenvalues of the local density matrix instead of the trace to build the feature vector
for each shell. By contrast, many embodiments provide that OrbNet processes can

achieve the rotational invariance of features through the use of SAAOs or through the use
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of AOs combined with a rotationally equivariant neural network architecture, which
involves no loss of information content.

[0080] Many embodiments provide that OrbNet processes implement different
machine learning methods from NeuralXC and DeePHF. For NeuralXC, the machine
learning regression is performed using a Behler-Parrinello type neural network, with the
labels associated with a one-body summation over the shells to yield the total energy
difference between the level of theory used for the features and the level of theory used
for the prediction, i.e., ECCSP(M — EPBE \where PBE refers to the Perdew-Burke-Ernzerhof
density functional. For DeePHF, the ML regression is performed using a dense neural
network, with the labels associated with a one-body summation over the shells to yield
the total correlation energy.

[0081] In contrast, OrbNet processes in accordance with many embodiments use a
GNN for the machine learning regression. Certain embodiments provide the results using
a multi-head graph attention mechanism and/or a performer attention mechanism and
residual blocks that greatly improve the representation capacity of the model, to learn
complex chemical environments. Unlike the pre-tuned aggregation coefficients in
DeePHF, OrbNet processes also offer a flexible framework for learning orbital interactions
and could be naturally transferred to downstream tasks.

[0082] Several embodiments provide that OrbNet processes possess better inference
and training efficiency compared to NeuralXC and DeePHF. In NeuralXC and DeePHF,
a large-basis-set SCF calculation may be required to obtain high-fidelity feature values.
OrbNet processes in accordance with some embodiments may require only a minimal
basis for SCF to reach chemical accuracy for prediction, which can lead to about 100
times to about 1000 times speedup for feature generation.

[0083] In many embodiments, OrbNet processes can provide accurate prediction of
correlation energies using input features from minimal-basis HF calculations. Some
embodiments provide that the OrbNet methods can be about 10-fold more accurate than
DeePHF for the prediction of CCSD(T) correlation energies given the same amount of

training data.
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[0084] In several embodiments, OrbNet processes can provide better transferability
than DeePHF and NeuralXC. For DeePHF, transferability across diverse organic
molecules (the QM7b-T dataset) shows much lower prediction accuracy compared to the
OrbNet processes in accordance with embodiments. When trained on 7-heavy-atom
organic molecules (the QM7b-T dataset) and tested on larger 13-heavy-atom organic
molecules (the GDB13-T dataset), the OrbNet processes exhibit better prediction
accuracy than DeePHF and NeuralXC and provide great transferability.

[0085] Systems and methods for synthesizing molecules with specific molecular
system properties and atomic-orbital-based machine learning (OrbNet) processes that
can be utilized in the design and/or synthesis of molecules in accordance with various

embodiments of the invention are discussed further below.

Atomic-Orbital-Based Machine Learning Processes

[0086] Many embodiments utilize accurate and transferable OrbNet processes to
predict properties including (but not limited to) correlated wavefunction energies based
on input features using computations including (but not limited to) a self-consistent field
calculation. A method for synthesizing molecules using an OrbNet process in accordance
with an embodiment of the invention is illustrated in FIG. 1. The process 100 can begin
by obtaining a molecular system dataset (101). Some embodiments include input
datasets that include molecules with the same elements. In a number of embodiments,
input datasets can include molecules with different types of molecular bonds. In several
embodiments, input datasets can include molecules with different geometries. Some
embodiments include input datasets that include different compositions of the same
elements. In many embodiments, datasets can include different molecules and elements.
As can readily be appreciated, any of a variety of input datasets can be utilized as
appropriate to the requirements of specific applications in accordance with various
embodiments of the invention.

[0087] Sets of atomic-orbital based (AO-based) features for the input datasets can be
obtained based on atomic orbitals (102). In several embodiments, the AO based features

include (but are not limited to) a set of features based on AOs, a set of features based on
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(but not limited to) symmetry adapted atomic orbitals (SAAQOs), derivatives of a set of
AOs, and/or derivatives of a set of SAAOs. In some embodiments, the AO features can
include (but are not limited to) quantum operators of the molecular systems. In several
embodiments, input AO-based features can include (but are not limited to): elements of
a Fock (F) matrix, elements of a Coulomb (J) matrix, elements of a Hartree-Fock
exchange (K) matrix, elements of a density (P) matrix, elements of an orbital centroid
distance (D) matrix, elements of a core Hamiltonian (H) matrix, and/or elements of an
overlap ($) matrix. Many embodiments provide the quantum operators can be computed
with Kohn-Sham density functional theory including (but not limited to): the exchange-
correlation operator, the exchange-correlation operators’ approximations, and the
exchange-correlation operators’ components. Several embodiments provide that the
quantum operators can be computed with density functional tight binding theory
calculation and/or other semi-empirical electronic structure theory methods (e.g GFN1-
xTB) including (but not limited to): the shell-resolved charges and approximations to the
J.K F,P,D,H,S and/or exchange-correlation operators. Several embodiments include
that quantum operators can be properties of the molecular systems. Examples of the
properties include (but are not limited to): dipole moment, interatomic distance matrix,
and/or continuum solvation energy. Many embodiments implement neural networks
including (but not limited to) graph neural networks to parameterize matrixes including
(but not limited to) a Fock (F) matrix, a Coulomb (J) matrix, a Hartree-Fock exchange (K)
matrix, a density (P) matrix, an orbital centroid distance (D) matrix, a core Hamiltonian
(H) matrix, and an overlap (S) matrix to generate AO-based features. As can readily be
appreciated, any of a variety of input AO based features can be utilized as appropriate to
the requirements of specific applications.

[0088] In certain embodiments, quantum chemistry calculations are performed using
OrbNet processes (103). In a number of embodiments, the computations can be
performed on a local computing device. In several embodiments, the calculations are
performed on a remote server system. OrbNet processes can be trained with AO-based

features of the input datasets.
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[0089] During a training process (not shown) OrbNet processes can learn
relationships between AO-based features and properties of molecular systems using a
training dataset. In some embodiments, the training datasets can be subsets randomly
selected from input datasets. Examples of molecular datasets in such embodiments can
include (but are not limited to): QM7b, QM7b-T, QM9, GDB-13, GDB-13-T, DrugBank,
DrugBank-T, ChEMBL27, JSCH-2005, sidechain-sidechain interaction subset of the
BioFragment database, MD17, and BfDB-SSI. In several embodiments, the training
datasets can be sets of molecules from the same or different molecular systems. As can
readily be appreciated, any of a variety of training datasets can be utilized as appropriate
to the requirements of specific applications in accordance with various embodiments of
the invention.

[0090] The OrbNet processes can utilize a trained model that describes relationships
between AO based features and properties of molecular systems to perform a ranking
and/or categorization (104) of at least the molecules in the input dataset. In many
embodiments, the OrbNet processes can also identify novel molecules and/or molecules
that are not in the input dataset based upon regions of the feature space that contain
molecules that the model predicts will have desirable properties. The various ways in
which OrbNet processes can be utilized to identify molecular systems having desirable
properties in accordance with various embodiments of the invention including specific
examples are discussed further below.

[0091] In many embodiments, the trained OrbNet processes generate output datasets
of molecular system properties (105). The molecular system properties can include (but
are not limited to): (1) computable properties of molecules such as solutions of the many-
body Schrodinger equation including ground and/or excited state mean field energies,
ground and/or excited state many body correlation energies, potential energy surfaces,
total and/or relative conformer energies, electronic energies, correlation energies, AO-
pair and/or SAAO-pair contributions, mean-field energies, single-point energies,
molecular orbital energies, thermal properties, forces, inter-atomic forces, vibrational
frequencies (hessian), dipole moments, electron densities, excited state energies, linear-

response excited states and forces, electronic spectra, rotational spectra, nuclear

25



WO 2021/243106 PCT/US2021/034651

resonance spectra, and/or vibrational spectra; and (2) experimentally measurable
properties of molecules such as activity coefficients, solubility, pKa, pH, partition
coefficients, vapor pressures, melting, boiling, and flash points, solvation free energies,
redox potential, electrical conductivity, ionic conductivity, thermal conductivity, light
absorption frequency, light absorption intensity, light absorption efficiency, viscosity,
ADME properties, toxicity, drug toxicity, binding affinity, and/or protein binding affinity. A
number of embodiments implement the derivatives of AO and /or SAAO features as input
and are able to predict response properties including (but not limited to): forces, optimized
geometries, inter-atomic forces, dipoles, and/or linear-response excited states. As can
readily be appreciated, the specific features used as molecular system properties are
largely only limited by the requirements of specific applications. Based on the output
datasets, molecules with sets of desired molecular system properties can be identified
and synthesized (106).

[0092] While various processes for synthesizing chemicals using OrbNet processes
are described above with reference to FIG. 1, any of a variety of processes that utilize
machine learning to estimate the properties of molecular systems can be utilized in the
design and/or synthesis of chemicals as appropriate to the requirements of specific
applications in accordance with various embodiments of the invention. For example,
molecular systems can be synthesized in a process that utilizes a generative OrbNet
process to identify the molecular system as having molecular properties satisfying certain
criteria using techniques similar to those discussed below. Processes for designing
molecules with desired properties in accordance with various embodiments of the

invention are discussed further below.

Determining Molecular Structures

[0093] In many embodiments, OrbNet processes enable real-time chemical modeling,
and design, and provides a platform that can be utilized to perform these activities in a
collaborative manner. In several embodiments, the OrbNet processes are implemented
in software packages that can execute on a local computer or on a remote server.

Additionally, the software packages according to some embodiments, can perform
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calculations on many possible chemical modifications and return rank-ordered
recommendations for the most promising chemical modifications. With parallel
computation all of the results can be returned in seconds. In this way, processes similar
to the various processes for designing molecular systems described above can be
performed and the results used to generate intuitive and interactive graphical user
interfaces that enable any of a variety of experimental chemists to utilize OrbNet in the
design and/or synthesis of chemicals.

[0094] A user interface that can be generated by software using a ML process
implemented in accordance with an embodiment of the invention is conceptually
illustrated in FIG. 2. In many embodiments, the software can enable any experimental
chemist, instead of only expert computational chemists, to identify molecular systems
possessing desirable chemical properties. For example, user interfaces can be
implemented for the software that can enable the design and synthesis of molecular
systems by any of a variety of experimental chemists including (but are not limited to):
medicinal chemists, synthetic chemists, material scientists, and/or biochemists.

[00956] While various processes for designing molecules using OrbNet processes are
described above with reference to FIG. 2, any of a variety of processes that utilize
machine learning to estimate the properties of molecular systems can be utilized in the
design and synthesis of chemicals as appropriate to the requirements of specific
applications in accordance with various embodiments of the invention. Processes for
performing AO based feature generation in accordance with various embodiments of the

invention are discussed further below.

Atomic Orbital Representation for Molecules

[0096] The Schrodinger equation (Eq. 1) can be used to simulate chemical reactions,
but quantum correlation may make it an intractable problem to solve. Approximate
numerical methods such as DFT can suffer from a punitive scaling and speed-accuracy
tradeoffs, which may be impractical for large-scale applications. The quantities derived
from stationary solutions of Eq. 1, e.g. E(R), may be learned to address this challenge.

The problem of empirically approximating E(R) has been known as determining a
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molecule's force field. While constructing a force field may require extensive domain
expertise on engineering its functional form, machine-learning approaches have been
proposed to approximate E(R) from data with higher flexibility, using either hand-crafted
features or graph neural networks based on distance information and more recently with
generalized geometric information. The empirical approaches regard the molecule as a
(classical) point cloud of atom nuclei coordinates (R in W(r,; R)), and are unaware of the
quantum-mechanical interactions carried by the electrons (r, in W(r,; R)). On the other
hand, the work that focuses on constructing molecular representations with quantum-
mechanics signatures may require a numerical calculation cost similar to DFT for
obtaining the representation, and some may require compute-intensive feature
processing to enforce symmetry.

[0097] Equivariance has been proposed as a unifying concept for deep learning in the
presence of a symmetry prior. With ‘baked-in" symmetry, equivariant neural networks
have been introduced for homogeneous grid and Euclidean data, and can be generalized
to gauge-symmetries for manifolds in the contexts of geometrical or mesh-based
observations and high-energy physics problems. Some approaches can be applied to
molecular modelling, focusing on the 3D rotational symmetry; while the architectures are
designed for classical point-cloud-based molecular representations.

[0098] Many embodiments implement a deep learning architecture in OrbNet
processes for learning chemical properties with quantum-mechanical molecular
representation and gauge symmetry. Several embodiments construct molecular
representations based on the tight-binding approximated wavefunction and atomic
orbitals which better encode the physics prior and are infinitely differentiable. Many
embodiments implement gauge-equivariance for quantum operators represented in
atomic orbitals. OrbNet processes with AO-based features implement O(3)-covariant
embedding and interaction blocks to parameterize the equivariant map to learn on the
basis of atomic orbitals and avoid manually fixing the reference system. OrbNet
processes with AO-based features in accordance with some embodiments of the
invention take inputs from quantum operators instead of vectors in R3, which differs from

point-cloud-based equivariant networks. Certain embodiments provide that OrbNet

28



WO 2021/243106 PCT/US2021/034651

processes with AO-based features are equivariant with respect to non-orientation-
preserving transformations through tracking the parity of spherical tensors, which may not
be properly treated in SE(3) equivariant neural networks. The expressive power
limitations present in many equivariant neural networks can be alleviated by a
normalization scheme, such as (but not limited to) RepNorm which is utilized in OrbNet
processes in accordance with many embodiments of the invention. Several embodiments
provide that the RepNorm normalization scheme can give rise to more robust learning in
OrbNet setups and be applied to other equivariant networks.

[0099] Instead of directly learning E(R) solely relying on the nuclear position
information R, several embodiments parameterize a functional #y that learns the target

property y from an approximate wavefunction ¥,(r,.R) that can be obtained at low

computational cost:

yo = Ho[¥o(roR)] (2)

For molecular systems, Wy(r..R) can be represented in atomic orbitals and quantum
operators. Formal notations to intersect with the symbolic conventions employed in
quantum mechanics are provided.

[00100] Definition of Dirac’s Bra-Kets: by letting V be a Hilbert space over C, foru,v €
V, their Hermitian inner product is denoted by (u|v). |v) is a ket and (u| is a bra. When V
is a finite dimensional vector space, a bra (u| can be a row vector and a ket |[v) as a
column vector. In physics, |v) can be referred to as a quantum state. Single-electron
guantum states can be used in the real space R3, where the Hilbert space is the function
space of square-integrable functions: V = L2(R3?). The inner product is given by (u|v) =

fR3 u*(r)v(r)dr, where u*(r) denotes the complex conjugation of u(r).

[00101] An atomic orbital |®}"™) takes the functional form
nlm
() = RA(|Ir = Ryl|)Yim <|I I|> where R, is the nuclei position of atom A, z,

denotes the atomic number of atom 4, R4 is called a radial function which does not
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depend on the direction of r — R, and Y},,, is a spherical harmonic of rank [ and degree

m. In quantum mechanics, the indices n,l,m are principal, angular, and magnetic
quantum numbers. For hydrogen-like atoms, CDZ'l'm(r) with certain forms of Rflf}(r) are

known as the exact wavefunction solution of EqQ. 1, and for molecular systems they can
be employed as the basis functions to numerically represent the many-electron
wavefunction. In most cases, the collection of atomic orbitals is neither mutually

orthogonal nor a complete basis of V, but serves as a computationally tractable
representation basis of ¥(r.R).

[00102] Definition of quantum operators: a (single-electron-reduced) quantum operator
O:V -V is a self-adjoint linear operator defined on V = L?2(R%®). O|u) denotes the
quantum operator acting on a ket vector. Given a set of kets {|¢;)}, 0;; = (¢:|0|;) is a
matrix representation of @. For the set of kets given by atomic orbitals {|¢Z'l'm)} of a
molecule, the short-hand notation (®]|0|®) is used to denote the matrix representation of
0 in {|o;"™)}.

[00103] The molecule can be represented by (®|0y, |®), the matrix representation of
quantum operators &po built from an approximate wavefunction lIJo(re;R) in the basis of
atomic orbitals {|¢Z'l'm)} of the given molecule. 7y can be constructed as Hy[¥,] =
Fol[(®]|0y,|®)] mapping Oy, represented in atomic orbitals to the target y, and 6 can be
determined from data. (® |0y, |®) is an AO-molecular representation serving as the input
signals to Fy. The approximate quantum operators (5% can be efficiently computed via a
tight-binding Hamiltonian. The required computational time to generate &po is at least
1000-fold lower than obtaining the ground-truth (e.g. a DFT calculation), and (® |0y |®)
is infinitely differentiable.

[00104] Equivariants in AO molecular representations are provided. Given a
transformation g, a map f is said to be equivariant if g o f = f o g. Constructing Fyto
correctly describe the physical symmetries in the molecular system may require the map

Foto be equivariant under certain gauge transformations G. Gauge transformations G on
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an AO-molecular representation (®|0|®) are composed from translation 7', rotation R,
inversion J applied to the atom coordinates R, orbital phase transformation P applied to
Y¥,, and local gauge transformations g, applied to |®,). It can be shown that the AO-
molecular representations (®|0|®) are by construction invariant to 7, P and g, without
loss of information content, but the global gauge transformations generated by R, 7, i.e.
O(3) need to be explicitly treated within the formulation of Fy. The action of R and 7 on
(®|0|®) can be obtained based on group representation theory to address the latter O(3)
symmetry.

[00105] Lemma 1 O(3) acting on an AO molecular representation is provided. For the

global rotation ® and the global inversion 7, the actions on (®|0|®) is given by

R[(q)zllll'ml} |(§| (Dgz,lz,mz )] — Z D* (R);iilml(q)z-yh:m; |(’9‘ |q)g-2:lzfm’2>D(R);21£,m2 (3)

[ !
my,m,

g[<q)z-1:l1:m1} |(’j| (Dnglzfmz )] — (_1)114‘12((])21’[1'7”1 |(’j|q)nglzfm2> (4)

where 4, B are both atom indices, and D!(R) are called Wigner-D matrices known for

transforming spherical harmonics Y;,,, given a rotation R.

Learning Atomic Orbital Interactions

[00106] Several embodiments provide the construction of the gauge-equivariant map
Fo. Some embodiments implement O(3)-covariant neural network layers acting on an AO-
molecular representation (®|d|®). In some embodiments, the ‘local’ blocks canbe 04, =
(@,]|0|®4) and ‘non-local’ blocks can be 0,5 = (®,|0|d5) in the formulation.

[00107] Certain embodiments implement Wigner-Eckart to spherical atomic
embeddings. Since 0,4, is only locally ‘seen’ by atom A without geometric constraints from

surrounding atoms, some embodiments extract features that do not depend on the

31



WO 2021/243106 PCT/US2021/034651

orientation of |®,) without loss of information. A correspondence utilizing the Wigner-

Eckart theorem:

T l ly,
(YllmllTn(‘f)l lemz ) = T() C e (5)

ll,lz lzmz;lm

where T‘,,(f) is an irreducible spherical tensor operator of rank [ and degree m, defined as

(7

value that does not depend on m;,m, and m. ch™ are Clebsch-Gordan (CG)

lzmz;lm

70

1“"’> =Y, (A8 — #") where #, 7' € S?; Tz(ll,%z denotes a rotational-invariant scalar

coefficients known for relating tensor products of representations in SO(3) to its
irreducible representations. {T‘,ff)} forms an orthogonal basis for an arbitrary spherical
tensor operator I 12(52) — L2(52), giving rise to the expansion I = ¥,,,vy"™ T, In the
absence of indices A and n, given (¥} | I Yi,m, ) v"™ can be recovered as the desired
basis-independent embeddings. Keeping this motivation, for (®,|0|d,), atomic
embeddings hZ'l'm in accordance with certain embodiments can be obtained by making

use of a set of auxiliary basis {|®3"™)}:

WP = Y ) (@R ol @ (o) @ o)) O

nyn; Uyl myms

where |®}"™) are constructed as products of Gaussian functions and spherical

harmonics and the basis overlap coefficients (7™ |(|d1™) @ |;2*2™2)) can be
factorized into scalar contants and CG coefficients; using Eq. 5 and identity relations of
CG coefficients, it can be shown that h, at each (n, 1) is a spherical tensor covariantly
transformed as R[hﬁ'l] =D!(R) - hZ'l under rotation. p € {0,1} is an index for tracking the
parity of a spherical tensor; under inversion 7, a tensor with even (p + 1) is invariant, but

a tensor with odd (p + 1) flips its sign.
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[00108] Some embodiments provide covariant atomic orbital linear combinations. The
non-local blocks 0,5 encodes interactions between atomic orbitals centered on nuclei
positions R, and Rp. Since atomic orbitals |®,) and |dg)are spatially separated, 0,5
cannot be feasibly decomposed into simpler components as done for 0,,. Certain
embodiments provide a physically-motivated scheme to learn on 0,5 based on tensor

contractions. To perform an update to the attribute on atom centers hf, — hi*!, a set of
gauge tensor V/fg' in accordance with some embodiments can be learned for each pair of
atoms (4, B):
P\ Lm _ =~
(Vis) ™ = WEE () ™=0 4 ¥, (R ) (W3] 1051]) )

L

where R 5 is the Cartesian direction vector between atom centers 4 and B, || - || denotes

taking the gauge-invariant content of a spherical tensor, ||x|| =®,p \/Zﬁnz_l(xlfmfp)z.

t

Several embodiments provide that W, and W.;

; are learnable linear functions. Eq. 7 is a

linear map on spherical tensors hf and Y(ﬁAB), then it follows that Vjé is also a spherical
tensor covariant under the actions of O(3). Since the inner product of two spherical
tensors of the same rank is an O(3)-invariant scalar, contracting Vjé with the bra-
dimension of 0,5 formed by the combined indices (ny,, 14, m,) gives rise to a new
spherical tensor defined in its ket-space, the message tensor mgg in accordance with

several embodiments:

miy = Vg - 045 ® V55 - Oy (8)

Applying the above learnable operations in Eq. 7 and Eq. 8 is equivalent to a linear

projection in the Hilbert space spanned by atomic orbitals:
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[Yip) = Vigl®a) + Via|®p); mbp = (W4 @ Ws | P O [9ip) (9)

where |y} is a linear-combination of atomic orbitals (LCAO), P =1— 3, OpplPAN P4 |
is a projector removing the contribution from self-interactions which are already captured
by Eq. 6. Consequently mABIS the expectation value of the quantum operator P O in the
mixed basis of atomic orbitals (bra-side) and LCAOs (ket-side). Eq. 7 is referred as an
LCAO layer.

[00109] A number of embodiments provide message passing for AO-LCAO
interactions. mAB can be aggregated for updating the representation on atom center A,
h}, analogous to a message passing between nodes and edges in realizations of graph
neural networks. Some embodiments incorporate the classical geometric information of
atomic positions R through spherical harmonics and couple it with mfl'é, given by the

following proposed O(3)-covariant message passing scheme:

(fjp)t™ = Z @ ((mAB) + Ylm(RAB)(

BEA 1)

)) 4 (10)
AB

where W3lf are learnable linear functions, a are scalar-valued weights to improve the

network capacity which is parameterized as multi-head attentions:

ale = MLP ((sz» Z/tlB) O KAB/\/ na) where Z/tlB = O@nip Zin:—l(hﬁ)n’l’m’p : (hg)n’l’m’p (11)

and k5 = W, (G9k Y raia Snpip &F (||OZ§’1A;"B’IB||)) are scalar weights shared across all

update steps t, where &* are Morlet wavelet radial basis functions. MLP denotes a 2-layer
multi-layer perceptron, W%, W, are learnable linear functions and n, denotes the number
of attention heads (i.e. length of a%z). The attention mechanism Eq. 11 lifts the channel

width limitation without increasing memory costs as opposed to explicitly expanding 0,5,
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and it coincides with attentions in SE(3)-transformers. Many embodiments provide that
the aggregated equivariant messages M) are to be interacted with h} through an

equivariant interaction block to complete the update hj — hi*L.

A Generalized Equivariant Nonlinearity

[00110] Many embodiments provide normalization schemes to alleviate the expressive
power problem in equivariant neural networks. Equivariant neural networks may be
successful at addressing symmetry priors, but many realizations exhibit limitations on
nonlinearities. Directly applying activation functions such as RelLU on a spherical tensor
(e.g. on xyz components of a vector) may violate equivariance. This issue is also present
in point-cloud-based equivariant molecular neural networks and can be relieved in some
architectures by applying gated operations parameterized by scalar features to ! > 0
features. However, such approaches may not be integrated with techniques such as
Batch Normalization that are known to improve learning, and may pose challenges on
setting up the neural network training in practice, such as sensitivity to weight
initializations.

[00111] Several embodiments implement the normalization scheme including (but not
limited to) RepNorm on spherical tensors to alleviate the expressive power problem.

Given a spherical tensor x, RepNorm can be defined: x ~ (X, X) where X and X are given

by:

||Xn,l,p||_u;l,lfp and gmbmp — xulmp (12)

“nlp .
D = =
Gg’l’p ||x”'l'p||+1/[3n'l'p+e

where /'? and """ are mean and variance estimates of the invariant content || x ||
which can be obtained from either batch or layer statistics; f? are positive, learnable
scalars controlling the fraction of tensor scale information from x to be retained in X, and
e is a numerical stability factor set to 10-3 in implementation in accordance with certain
embodiments. The RepNorm operation in Eq. 12 factorizes the spherical tensor x to the

normalized scalar-valued tensor X that allows for being transformed by a scalar NN, and
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a ‘pure-gauge’ tensor X that can be recomposed later to finish updating x. InEq. 12, 0O is
always a fixed point of the map x — X and the direction information in x is not explicitly
touched; therefore RepNorm can preserve equivariance and does not introduce artifacts
such as unphysical symmetry breaking. RepNorm in accordance with some embodiments
improves training stability and eliminates the need for hand-tuning weight initializations

and learning rates across different tasks.

Atomic-Orbital-Based Feature Generation

[00112] Many embodiments implement features from a low-cost electronic-structure
calculation in the basis of AOs. Some embodiments include a variety of processes that
can be utilized to generate AO-based features. AO-based features in OrbNet processes
in accordance with several embodiments can be determined by mean field methods. In
certain embodiments, AO-based features in OrbNet processes can be computed using
(but not limited to) Hartree-Fock theory, density functional theory, or semi-empirical
theory. A number of central objects of these methods include (but are not limited to) the
Fock (F) matrix, the density (P) matrix, and the overlap ($) matrix. These matrices in
accordance with certain embodiments can be determined from the molecular geometry
by performing the mean-field computation. Several embodiments implement the matrices
to determine the AO-based input features for OrbNet processes.

[00113] Many embodiments provide an end-to-end framework to generate AO-based
features for OrbNet processes. In some embodiments, the Fock matrix can be
parameterized by a neural network including (but not limited to) a graph neural network
(GNN). Such embodiments avoid using mean-field computations. Certain embodiments

provide that the Fock matrix parameterization:

F = Dec[GNN (R, Z)] (13)

Where R are the nuclear coordinates of the atoms in the molecule, Z are the atomic

numbers of the atoms in the molecule, and Dec is a decoding module. Several
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embodiments provide that the nodes of GNN correspond to atoms and the edges

correspond to interatomic interactions. The elements of the Fock matrix are:

Ew = Decjyy 10y [R[GNN(R, 2)], (V) [GNN(R, Z)]1S,y (14)

where p and v index AO basis functions and [(x) is the total angular momentum
corresponding to basis function [, and h(u)[GNN(...)] is the node representation
corresponding to the atom on which basis function u is centered.

[00114] The form of the decoder Decle(ﬂ),l(v)' is a multilayer perceptron (MLP) in
accordance with some embodiments. It is indexed by a pair of AO angular momenta. In
several embodiments, it may be implemented as a set of MLPs with one MLP per angular
momentum pair. In certain embodiments, it may be implemented as a single multi-task
MLP whose heads each correspond to an angular momentum. Several embodiments
represent quantum mechanical matrices in the STO-6G basis set. Many embodiments
provide that the GNN can be trained either separately from the OrbNet model or in
combination with the OrbNet model.

[001156] Many embodiments provide that OrbNet features can be determined from the
Fock matrix. In some embodiments, the density matrix may be determined by

diagonalizing the Fock matrix:

FC = SCe (15)

Nelec/2 (1 6)

P,uv: Z C;ini
i=1

where n,,../2 is the number of electrons in the molecule and * denotes complex
conjugation.
[00116] As can readily be appreciated, any of a variety of operations can be evaluated

for the AOs which can be used as input AO-based features and any of a variety of input

37



WO 2021/243106 PCT/US2021/034651

AO-based features can be selected as appropriate to the requirements of a specific

application.

OrbNet for Atomic-Orbital-Based Features

[00117] Many embodiments provide equivariant interaction block as a modular

component to construct Fy, performing an update h — h4*! given another spherical

tensor g, (e.g. M} in Eq. 10, or hj itself) to be interacted with h:

ff = MLP, (h}) © b4, where (h}, h) = RepNorm(h}) (17)
im, im, dom,, -
uZ mp _ gz- m,p + le,lz Zml,mz Zpllpz(fAt)n,l1,m1,p1gZ 2/M2.P2 Clllnr‘tnl;lzmz 8?11:;2)2_117 (1 8)

h§*! = h§ + MLP, (1)) O G, where (T, G) = RepNorm(uy,) (19)

where 8{ is a Kronecker delta function, and MLP, and MLP, denote multi-layer
perceptrons. For computational efficiency, in the parity-aware spherical tensor coupling
in Eq. 18, the angular momentum indices (I,, ;) in accordance with some embodiments
are restricted within the range {(1;,1,); l; + 1, < lpax),

where [, IS the maximum angular momentum considered in the implementation.

[00118] Once the representations hi are updated to the last step htf, a pooling

operation {hflf } — yg In accordance with several embodiments can be employed to
readout the target prediction y € Y. Due to gauge-equivariance in the OrbNet model
formulation, the physics prior of the learning task can be flexibly addressed through
designing pooling schemes without the need of modifying the model architecture. Pooling
operations can be defined for representative classes of quantum-chemical properties
based on the algebra structure of Y and whether y is an extensive or intensive property.
This setting enables learning on challenging tensorial properties including (but not limited

to) dipole moments and electron density.
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[00119] Some embodiments assemble OrbNet models, namely F,, by stacking the NN
building blocks. A top-level view of the architecture of OrbNet for AO based features in

accordance with an embodiment of the invention is illustrated in FIG. 3.

Symmetry-Adapted-Atomic-Orbital-Based Feature Generation

[00120] Many embodiments implement features from a low-cost electronic-structure
calculation in the basis of SAAOs. Many embodiments include a variety of processes that
can be utilized to generate SAAOs features. In several embodiments, SAAOs can be
derived from the set and/or a subset of transformed atomic orbital basis for the molecular
system and/or other external potential. Certain embodiments provide that the SAAQOs can
be obtained via the reduced density matrix of the molecular system in the atomic orbital
representation. In a number of embodiments, the SAAOs can be obtained via schemes
based on eigenvalues of the Fock matrix in the atom orbital representation and/or the
Wigner rotations. Several embodiments provide that SAAQ features can be scalar and/or
tensor quantities derived from expectation values of quantum operators and/or the
derivatives of expectation values of quantum operators with respect to the SAAOs.
Examples of quantum operators include (but are not limited to): elements of a Fock (F)
matrix, elements of a Coulomb (J) matrix, elements of a Hartree-Fock exchange (K)
matrix, elements of a density (P) matrix, element of an orbital centroid distance (D) matrix,
element of a core Hamiltonian (H) matrix, and/or element of an overlap (S) matrix. Some
embodiments implement SAAQO features based on quantum operators in (tight-binding)
density functional theory calculations and/or other semi-empirical electronic structure
theory methods including (but not limited to). the shell-resolved charges and
approximations to the J, K F,P,D, H, S, and/or exchange-correlation operators. Many
embodiments provide the operators can be in Kohn-Sham density functional theory
including (but not limited to): the exchange-correlation operator, the exchange-correlation
operators’ approximations, and the exchange-correlation operators’ components. Several
embodiments include that quantum operators can be properties of the molecular systems.
Examples of the properties include (but are not limited to): dipole moment, interatomic

distance matrix, continuum solvation energy. As can readily be appreciated, any of a
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variety of quantum operations can be evaluated for the AO which can be used as input
SAAQOs features and any of a variety of input SAAOs features can be selected as
appropriate to the requirements of a specific application.

[00121] Sets of SAAO features in many embodiments have no explicit dependence on
atom types, thus OrbNet processes can enhance chemical transferability of the training
results. In several embodiments, the smooth variation and local linearity of pair correlation
energies as a function of SAAQ features of different molecular geometries and different
molecules can be beneficial to the transferability of OrbNet processes.

[00122] Many embodiments implement a transferable mapping from input feature

values {f} to the regression labels that are quantum mechanical energies,

E ~ EML[{f}] (20)

Several embodiments provide the generation of SAAO features. Let {®7, .} be the set of

AO basis functions with atom index A and the standard principal and angular momentum
quantum numbers, n, [, and m. Let C be the corresponding molecular orbital coefficient
matrix obtained from a mean-field electronic structure calculation, such as HF theory,
DFT, or a semi-empirical method. The one-electron density matrix of the molecular

system in the AQO basis is then

Pp.vzz z Cp.ini (1)

i€occ

(for a closed-shell system). A rotationally invariant symmetry-adapted atomic-orbital
(SAAOQ) basis {@ﬁ,l,m} by diagonalizing diagonal density-matrix blocks associated with

indices A, n, and [, can be constructed, such that

Prleﬁll = Yr’?ldiag Qﬁlm) (22)
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where [PA],..' = P2

imnim!- FOr s orbitals (I = 0), this symmetrization procedure can be

trivial, and can be skipped. By construction, SAAOs are localized and consistent with
respect to geometric perturbations of the molecule, and in contrast with localized
molecular orbitals (LMOs) obtained from minimizing a localization objective function
(Pipek-Mezey, Boys, etc.), SAAOs can be obtained by a series of very small
diagonalizations, without the need for an iterative procedure. The SAAO eigenvectors Y4,
are aggregated to form a block-diagonal transformation matrix Y that specifies the full

transformation from AOs to SAAOSs:
=~ 23
|q)p> :ZYuplq)u (23)
11

where p and p index the AOs and SAAOSs respectively.

[00123] Several embodiments employ ML features {f} comprised of tensors obtained
by evaluating quantum-chemical operators in the SAAO basis. Hereafter, all quantum
mechanical matrices can be represented in the SAAQO basis, including the Fock matrix
(F), the Coulomb matrix (J), and the Hartree-Fock exchange matrix (K), the density matrix
(P), orbital centroid distance matrix (D), the core Hamiltonian matrix (H), and the overlap
matrix (S).

[00124] Many embodiments provide approximated Coulomb and exchange SAAO
feature generation. When a semi-empirical quantum chemical theory is employed, the
computational bottleneck of SAAO feature generation becomes the J and K terms, due to
the need to compute four-index electron-repulsion integrals. Some embodiments
implement a generalized form of the Mataga-Nishimoto-Ohno-Klopman formula, as in the
sTDA-xTB method,

(pqlrs)MNOK = Z Z QpqQPsY ap (24)
A B

Here, A and B are atom indices, p, q,r, s are SAAO indices, and
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1 1/ygx;
UK} _ (25)
& - ()

where R,z is the distance between atoms 4 and B, n is the average chemical hardness
for the atoms A and B, and yqk, are empirical parameters specifying the decay behavior
of the damped interaction kernels, y%(}. In certain embodiments, yg; = 4 and y; = 10

are used. The transition density Q;;‘q is calculated from a Léwdin population analysis,

- 26
Qpq = Z YipYuq (26)

HEA

where the pthcolumn of Y’ = YS'/2 contains the expansion coefficients for the pth SAAO
in the symmetrically orthogonalized AO basis. This yields approximated J and K matrices

for featurization,

JEROK = (pplag)MNk = > 04, 08 Vhs (27)
AB

28

Kpq % = (pplgg)"NO% = Z QppQqY s (28)
AB

[00125] A naive implementation of Egs.27 and 28 is O(N*), the leading asymptotic cost.
However, this scaling may be reduced to O(N?) with negligible loss of accuracy through
a tight-binding approximation. Computation of JMNoK and KMNOK js not the leading order
cost for feature generation and such tight-binding approximation is thus not employed.

[00126] While various processes for generating SAAQOs features for OrbNet processes
are described above, any of a variety of processes that can generate SAAQOs features
can be utilized in the OrbNet processes as appropriate to the requirements of specific

applications in accordance with various embodiments of the invention. Processes for
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designing graph neural network models for OrbNet processes with SAAOs features in

accordance with various embodiments of the invention are discussed further below.

OrbNet for Symmetry-Adapted-Atomic-Orbital-Based Features

[00127] In many embodiments, OrbNet processes provide efficient evaluation of the
features in the SAAQO basis. A number of embodiments of the invention utilize machine
learning models including (but not limited to) Graph Neural Network (GNN) models that
receive SAAOQ features as a direct input and output estimates of molecular properties for
the received SAAO features as an output. Several embodiments provide that OrbNet
utilizes a GNN architecture with edge and node attention and message passing layers,
and a prediction phase to ensure extensivity of the resulting energies. Many embodiments
provide the mapping of features from semi-empirical-quality features to DF T-quality labels
with OrbNet processes. Certain embodiments provide that OrbNet processes can be
implemented in the mean-field method used for features (i.e. allowing for Hartree-Fock,
DFT, etc.) and the level of theory used for generating labels (i.e. allowing for coupled-
cluster and other correlated-wavefunction-method reference data). Various ways in which
OrbNet processes can estimate molecular properties from sets of features describing
molecular systems in accordance with different embodiments of the invention are
discussed further below.

[00128] Many embodiments implement OrbNet for SAAO features to encode the
molecular system as graph-structured data and utilize a graph neural network (GNN)
machine-learning architecture. The GNN represents data as an attributed graph
G(V,E X, X®), with nodes V, edges E, node attributes X:V —» R™¢, and edge attributes
X® E - R"*¢ where n = |V|, n, = |E|, and d and e are the number of attributes per
node and edge, respectively. A graph depicting the workflow of the OrbNet process in
accordance with an embodiment of the invention is illustrated in FIG. 4. A low-cost mean-
field electronic structure calculation can be performed for the molecular system (401).
The resulting SAAOs and the associated quantum operators can be constructed (402).

An attributed graph representation (403) can be built with node and edge attributes
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corresponding to the diagonal and off-diagonal elements of the SAAO tensors. The
attributed graph can be processed by the embedding layer and message passing layers
(404) to produce transformed node and edge attributes. The transformed node attributes
for the encoding layer and each message passing layer can be extracted (405) and
passed to MPL-specific decoding networks (406). The node-resolved energy
contributions €, can be obtained by summing the decoding networks outputs node-wise
(407), and the final extensive energy prediction (408) can be obtained from a one-body
summation over the nodes.

[00129] In several embodiments, OrbNet employs a graph representation for a
molecular system in which node attributes correspond to diagonal SAAQO features X,, =
[Fyw Juw Kuw Puw Hyy ]l @nd edge attributes  correspond to off-diagonal SAAO features
XE, = [Fuw» Juv» Kuvs» Duvs Puvs Suvs Hypl. By introducing an edge attribute cutoff value for
edges to be included, non-interacting molecular systems separated at infinite distance
are encoded as disconnected graphs, thereby satisfying size-consistency.

[00130] The model capacity can be enhanced by introducing nonlinear input-feature

transformations to the graph representation via radial basis functions,
h§BF = [02(Xy), PF(Ky), .. PR (XW)] (29)
e’ = [®7(X5) ®5(X5p), ., @5, (X60)] (30)

where X and X¢ are n x d and m x e matrices with pre-normalized attributes. Sine basis
functions ®2(r) = sin(mnr) are used for node embedding. Some embodiments employ

O-th order spherical Bessel functions for edge embedding,

(31)

r/cx

O, (r) = jI(r/ex) - Ix(r) = j%w Iy (7)
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where ¢y (X € {F,],K,D,P,S,H}) is the operator-specific upper cutoff value to X¢,. To
ensure that the feature varies smoothly when a node enters the cutoff, some

embodiments implement the mollifier Ix(r):

X 1 if0< (32)
Ix(r) = exp(—m_l_ ) o< |r| <

0, lf |T'| > Ccx

[00131] Note that &%, (r) decays to zero as an edge approaches the cutoff to ensure
size-consistency, and the mollifier is infinite order differentiable at the boundaries, which
eliminates representation noise that can arise from geometric perturbation of the
molecule. To enforce that the output is constant at machine precision when adding
arbitrary numbers of zero edge features, which is critical for the extraction of analytical
gradients and training potential energy surfaces, some embodiments implement an

‘auxiliary edge’ scheme to be integrated with the message passing mechanism,

aux aux RBF
el = Watx. e ¥ (33)

where W3 js a trainable parameter matrix. The radial basis function embeddings are

transformed by neural network modules to yield O-th order node and edge attributes,
h), = Enc,(efp"), ), = Enc(hi®") (34)

where Enc;,, and Enc, are residual blocks comprising 3 dense neural network layers. In
contrast to atom-based message passing neural networks in accordance with some
embodiments, this additional embedding transformation captures the interactions among
the physical operators.

[00132] The node and edge attributes are updated via the Transformer-motivated
message passing mechanism. For a given message passing layer (MPL) t + 1, the

information carried by each edge can be encoded into a message function m{,, and
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associated attention weight m,,, and can be accumulated into node features through a

graph convolution operation. The overall message passing mechanism is given by:

(35)
hi = hi, + o | W - @( > wi mu,,) + b,
j veEN(u)
where m!,, is the message function computed on each edge:
m{, = o(Wy; - [hi O hj O ey ] + b)) (36)

and the convolution kernel weights, w,;}, are evaluated as (multi-head) attention scores

to characterize the relative importance of an orbital pair,
wid = 0a (Y [(WE - 1) © (W - 1E) © ey © g/, ) (37)

where the summation is applied over the elements of the vector in the summand. Here,
the index j specifies a single attention head, and n,is the dimension of hidden edge
features e!,, @ denotes a vector concatenation operation, ©® denotes the Hadamard
product, and - denotes the matrix-vector product. The edge attributes can be updated
according to

eltl = o(W! -mé, +bb) (38)

WE, WE WE, bt, bt, bt are MPL-specific trainable parameter matrices, W.* are MPL-
and attention-head-specific trainable parameter matrices, o(-) is an activation function
with a normalization layer, and o,(-) is the activation function used for generating
attention scores.

[00133] A graph of the OrbNet message passing layer (MPL) for SAAQOs in accordance
with an embodiment of the invention is illustrated in FIG. 5. For the t + 1 MPL, the

attributes of a given node (501) can be updated due to interactions with nearest-neighbor
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nodes (502 and 503), which depend on both the nearest-neighbor node attributes and the
nearest-neighbor edge attributes. The node and edge features (i.e., h{,, hi, and ef,,)
combine to produce a message m{,, (Eq. 32) and multi-head attention score w’,,, (Eq. 33)
which undergo attention mixing. The attention-weighted messages from each nearest-
neighbor node and edge are combined and passed into a dense layer, the result of which
is added to the original node attributes to perform the update (Eq. 31).

[00134] The decoding phase of OrbNet in accordance with several embodiments can
be designed to ensure the size-extensivity of energy predictions. The employed
mechanism outputs node-resolved energy contributions for the embedding layer (t = 0)
and all MPLs (t = 1, 2, ..., T) to predict the energy components associated with all nodes
and MPLs. The final energy prediction EML can be obtained by first summing over [ for

each node u and then performing a one-body sum over nodes (i.e., orbitals), such that

EML = Zsu = ZiDect(hﬁ)

uev uev t=0

(39)

where the decoding networks Dect are multilayer perceptrons.

[00135] Many embodiments incorporate a multi-task learning strategy in OrbNet
processes to improve learning efficiency. In several embodiments, OrbNet processes can
be trained with both molecular energies and other computed properties of the quantum
mechanical wavefunction. To enable multi-task learning and to improve the learning
capacity of the OrbNet model, several embodiments implement atom-specific attributes,
fi, and global molecule-level attributes, q*, where t is the message passing layer index
and A is the atom index. The whole-molecule and atom-specific attributes allow for the
prediction of auxiliary targets through multi-task learning, thereby providing physically
motivated constraints on the electronic structure of the molecule that can be used to refine
the representation at the level of AO-based features.

[00136] Several embodiments provide the analytical gradient theory for OrbNet. The

analytical gradient theory for OrbNet in accordance with certain embodiments may be
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essential for the calculation of inter-atomic forces and other response properties including
(but not limited to) dipoles and linear-response excited states.

[00137] In many embodiments, for the prediction of both the electronic energies and
the auxiliary targets, only the final atom-specific attributes, f1, are employed, since they
self-consistently incorporate the effect of the whole-molecule and node- and edge-specific
attributes. The electronic energy can be obtained by combining the approximate energy
Erg from the extended tight-binding calculation and the model output Eyy, the latter of
which is a one-body sum over atomic contributions; the atom-specific auxiliary targets d,

can be predicted from the same attributes.

Eoue =Erg + Eyy = Eqp + Z €x = Erp + Z[Dec(f}) + E{] (40)
A A

d, = Dec®*(f}) (41)

Here, the energy decoder Dec and the auxiliary-target decoder Dec®* are residual
neural networks built with fully connected and normalization layers, and Ef are element-
specific, constant shift parameters for the isolated-atom contributions to the total energy.
[00138] Many embodiments provide that the OrbNet processes can be end-to-end
differentiable by employing input features including (but not limited to) the AO-based
features that are smooth functions of both atomic coordinates and external fields. Several
embodiments provide the analytic gradients of the total energy E°%¢ with respect to the
atom coordinates. Some embodiments employ local energy minimization with respect to
molecular structure to demonstrate the quality of the learned potential energy surface.

[00139] Using a Lagrangian formalism, the analytic gradient of the predicted energy
with respect to an atom coordinate x can be expressed in terms of contributions from the

tight-binding model, the neural network, and additional constraint terms:
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dE oy _ dErp + [aENNﬁ

dx dx of 0x +

9SAO OFA0 (42)
Tr|W + Tr|z
ox Ox

fe{F.DPSH}

Here, the third and fourth terms on the right-hand side are gradient contributions from
the orbital orthogonality constraint and the Brillouin condition, respectively, where
FAC and S$4° are the Fock matrix and orbital overlap matrix in the atomic orbital (AO)
basis. In some embodiments, the analytical gradient for OrbNet can be based on a tight-
binding (GFN-xTB) model. The tight-binding gradient% in accordance with several

embodiments can be the tight-binding gradient. In certain embodiments, the neural

JENN
af

network gradients with respect to the input features can be obtained using reverse-

mode automatic differentiation.
[00140] Several embodiments implement graph- and atom-level auxiliary tasks to
improve the generalizability of the learned representations for molecules. Some
embodiments employ multi-task learning with respect to the total molecular energy and
atom-specific auxiliary targets. The atom-specific targets can be similar to the features
introduced in the DeePHF model, obtained by projecting the density matrix into a basis
set that does not depend upon the identity of the atomic element,

df, = [EigenVals,, , ([°Dik]mm) || EigenVals,, ([ Dl L )] (43)

Here, the projected density matrix is given by ([°DAlnm' = Dicoce @am il Wilal 1),
and the projected valence-occupied density matrix is given by ([VDfl‘l]m,mf =
Y ievatoce{ X ¥ X ¥j|a,. 1), where |¥; ;) are molecular orbitals from the reference DFT
calculation, |a,§‘lm) iIs a basis function centered at atom A with radial index n and

spherical-harmonic degree [ and order m. The indices i and j runs over all occupied
orbitals and valence-occupied orbital indices, respectively, and || denotes a vector
concatenation operation. The auxiliary target vector d, for each atom A in the molecule

is obtained by concatenating d2, for all n and .
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[00141] While various processes for designing graph neural networks with message
passing layers for OrbNet processes for SAAO features are described above with
reference to FIG. 4 and FIG. 5, any of a variety of processes that utilize deep learning
models can be utilized in the design of OrbNet processes implementing SAAOs features
as appropriate to the requirements of specific applications in accordance with various
embodiments of the invention. Processes for identifying AO-based feature distance
metrics in accordance with various embodiments of the invention are discussed further

below.

Chemical Space Structure Discovery

[00142] Processes in accordance with various embodiments of the invention can rely
upon the use of distance metrics that measure the distance between the AO-based
features including (but not limited to) SAAQO features of different molecular systems in
feature space. In many embodiments, chemical space structure discovery is further
enhanced by utilizing subspace embedding techniques to discover the local and global
structures of AQO feature space. As is discussed further below, any of a variety of distance
measures and/or structure discovery techniques can be utilized as appropriate to the
requirements of specific applications in accordance with various embodiments of the
invention.

[00143] Many embodiments implement AO features including (but not limited to) a set
of distance measures between a number of AOs including (but not limited to): a pair, a
trio, a quartet, in the space of AO features. In this space, a distance can be defined which
distinguishes pairs based on their AO features. As can readily be appreciated, any of a
variety of distance metric implementations can be utilized as appropriate to the
requirements of specific applications in accordance with various embodiments of the
invention.

[00144] While systems and methods that include various AO feature distance metrics
are described above, any of variety of processes for measuring distance between the AO-
based features of different molecular systems can be utilized in OrbNet processes as

appropriate to the requirements of specific applications in accordance with various
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embodiments of the invention. Processes for generating databases of AO-based features

in accordance with various embodiments of the invention are discussed further below.

Generating Databases of AO-based Features

[00145] Processes in accordance with various embodiments of the invention are
capable of generating databases of AO-based features. As is discussed further below,
any of a variety of AO-based feature databases can be utilized as appropriate to the
requirements of specific applications in accordance with various embodiments of the
invention.

[00146] Many embodiments implement OrbNet processes that store, organize, and
classify databases that include (but are not limited to) atomic orbitals which form the basis
for the feature values associated with an AO basis and/or SAAOs. In some embodiments,
the AO-basis- and/or SAAO- associated feature values can be output from OrbNet
processes, using processes similar to those described above with respect to FIG. 1. In
some embodiments, an AO-based feature database is utilized that is organized based
on a set of distance measures between a number including (but not limited to): a pair, a
trio, and a quartet, of atomic orbitals in the AO original feature space and/or a subspace
and/or latent space of the AO feature space. FIG. 6 schematically illustrates database
structures in accordance with an embodiment of the invention. The databases 610 can
contain molecular properties 620. The molecular properties can include(but are not limited
to) associated pair energies 630. The associated pair energies can be calculated using
processes including (but not limited to) coupled cluster theory and/or DFT theory. The
associated pair energies can be utilized to determine input AO-based features including
(but not limited to) SAAO features 640. The AO-based features can be determined by
(but not limited to) feature generation protocols applying various levels of quantum
chemistry theories such as semi-empirical tight-binding, different basis sets from Hartree-
Fock (HF), or different basis sets from density function theory (DFT). As can readily be
appreciated, the specific features used in the generation of AO-based feature databases
are largely only limited by the requirements of specific applications. Furthermore,

databases can be generated using more complex representations of quantum chemical

51



WO 2021/243106 PCT/US2021/034651

information including (but not limited to) attributed graphs. In several embodiments,
databases are constructed in which quantum chemical information for molecular systems
is described using attributed graphs constructed using atomic-orbital-based features
G (V,E X, X¢) with node features corresponding to diagonal AO blocks and edge features
corresponding to off-diagonal AO blocks. Some embodiments implement node features
corresponding to SAAO features (X, = [F,u Juw Kuw Puw Huyl) @nd the edge features
corresponding to off-diagonal SAAO features (X¢,, = [Fuw, Juv, Kuv» Duvs Puvs Suvr Huw])- 1IN
a number of embodiments, quantum chemical information represented as attributed
graphs in this way can be utilized within a variety of OrbNet processes including (but not
limited to) OrbNet processes that perform multi-task learning to learn associations
between the attributed graph structures and chemical properties from a training data set.
A benefit of the graph representation is that they can provide permutation invariance and
size-extensivity, and be utilized for general chemical property classification or regression
utilizing techniques including (but not limited to) a graph neural network incorporating a
generalized message-passing mechanism. As can readily be appreciated, quantum
chemical information can be represented using any of a variety of techniques and/or
structures within databases and the represented information can be utilized in a variety
of machine learning and/or generative processes similar to those described herein to
facilitate the synthesis of molecular systems having desirable chemical properties as
appropriate to the requirements of specific applications. Accordingly, embodiments of the
invention should be understood as not being limited to any particular representation of
quantum chemical information, but instead by understood as general techniques that are
applicable to any representation of quantum chemical information.

[00147] The databases 610 can be queried to generate datasets corresponding to
particular sets of molecules, molecular geometries, level of theory, or any combination
thereof. Various embodiments employ SQL databases such as MySQL or no-SQL
databases such as MongoDB distributed across one or more computers. The databases,
according to various embodiments, can be queried to find AO-based features nearby to
a given set of AO-based features on the basis of a distance metric measured between

sets of AO-based features in the space. Several embodiments enable the databases to
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be queried to find molecular systems on the basis of the AO-based feature values
associated with the atomic orbitals associated with those molecular systems. Examples
of such embodiments can include (but are not limited to): employing k-d trees in the space
of AO-based features. As can readily be appreciated, any of a variety of implementations
of database indexes and/or to facilitate searching can be utilized as appropriate to the
requirements of specific applications in accordance with various embodiments of the
invention.

[00148] While various processes for generating orbital pairs databases are described
above, any variety of orbital pairs databases of different molecular systems can be utilized
in OrbNet processes as appropriate to the requirements of specific applications in
accordance with various embodiments of the invention. Processes for harvesting AO
features in accordance with various embodiments of the invention are discussed further

below.

Atomic-Orbital-Based Feature Harvesters

[00149] Processes in accordance with various embodiments of the invention rely upon
harvesting AO-based features including (but not limited to) SAAQ features from quantum
chemistry calculations. As is discussed further below, any of a variety of AO-based
feature harvesters can be utilized as appropriate to the requirements of specific
applications in accordance with various embodiments of the invention.

[001560] Many embodiments implement OrbNet processes to collect and harvest AO-
based feature values from the output of quantum chemistry calculations. Some
embodiments of the AO-based feature values including (but not limited to) SAAQ feature
values collected from the OrbNet processes can include the AO-based feature values
based on the distance between a pair/trio/quartet of molecular orbitals to the AO-based
feature values that are stored within a database of atomic orbitals. Some other
embodiments of the AO-based feature values collected from the OrbNet processes
eliminate the AO-based feature values based on the distance between a pair of atomic
orbitals to the AO-based feature values that are stored within the databases of atomic

orbitals.
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[001561] A method for collecting and harvesting AO-based features using an OrbNet
process in accordance with an embodiment is illustrated in FIG. 7. Datasets of molecular
systems can be generated as input 701. Quantum chemistry calculations can be applied
to input datasets 702. Quantum chemistry calculations in accordance with some
embodiments can be performed on remote servers including (but not limited to) the
internet cloud. The calculation can generate and output corresponding AO-based features
703. These features can be stored in a database of AO-based features 705. Molecules
from the calculation results can also be used for synthesis of such molecules 704.

[001562] While various processes for harvesting AO features are described above, any
variety of processes that can collect and harvest AO features of different molecular
systems can be utilized in OrbNet processes as appropriate to the requirements of
specific applications in accordance with various embodiments of the invention. Processes
for machine learning regression method in accordance with various embodiments of the

invention are discussed further below.

Machine Learning Regression

[00153] Processes in accordance with various embodiments of the invention rely upon
machine learning techniques including (but not limited to) machine learning regression.
As is discussed further below, any of a variety of machine learning regression methods
can be utilized as appropriate to the requirements of specific applications in accordance
with various embodiments of the invention.

[00164] Many embodiments include OrbNet processes that incorporate AO-based
feature databases to determine accurate molecular system properties. Several
embodiments use databases of arbitrary molecular systems with their associated
properties and the difference between the molecular properties as a training set to regress
a model including (but not limited to) an OrbNet model for the molecular properties as a
function of AO-based features and/or other features. Some embodiments rank and/or
order candidate molecules on the basis of the trained model(s). Certain embodiments
classify and/or sort candidate molecules on the basis of the trained model(s). A number

of embodiments propose candidate molecules and then optimize them on the basis of the
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trained model(s). Several embodiments invert the trained model(s) to predict AO-based
feature values including (but not limited to) SAAQO feature values that can lead to desired
values of the molecular properties. Many embodiments implement the inverted model(s)
to optimize, rank, sort, classify and/or predict molecules with desired molecular
properties. Examples of such properties include (but are not limited to) solubility, binding
affinity, binding affinity for proteins, redox potential, pKa, electrical conductivity, ionic
conductivity, thermal conductivity, light absorption frequency, light absorption intensity,
and light absorption efficiency.

[00165] Examples of such embodiments are illustrated in FIG. 8. AO-based features
and labels from accurate reference calculations can be extracted from the AO databases
801. Many embodiments use the AOs for evaluating matrix elements of the operators for
feature generation. A machine learning model can be trained based on the selected AO-
based features including (but not limited to) SAAQO features 802. A trained model can be
used to predict the labels from these features 803 and/or can be utilized in generative
processes. The model may be used to predict accurate molecular system properties
including (but not limited to) SAAO-resolved properties, whole molecule properties, and
quantum mechanical energies 804. Such embodiments of machine learning regression
can include but are not limited to: graph neural network (GNN). Some embodiments
implement a GNN with a multi head graph attention mechanism and/or performer
attention mechanism and residual blocks to improve the representation capacity to learn
complex chemical environments. As can readily be appreciated, any of a variety of
machine learning regression processes can be utilized as appropriate to the requirements
of specific applications in accordance with various embodiments of the invention.
[00156] In many embodiments, the molecular system properties that are determined
using the OrbNet process include but are not limited to AO-pair contributions to correlation
energies, quantum mechanical energies, forces, vibrational frequencies (hessian), dipole
moments, response properties, excited state energies and forces, inter atomic forces,
optimized geometries, and spectra. As can readily be appreciated, any of a variety of
molecular system properties can be utilized as appropriate to the requirements of specific

applications in accordance with various embodiments of the invention. Some
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embodiments implement the prediction of forces and hessians that can be used to
optimize the geometry of the molecular system to a local minimum or saddle point.
Several embodiments include that the prediction of forces can be used to run molecular
dynamics. Yet some embodiments include the prediction of energies and forces that can
be used to perform configurational sampling. The predictions, according to several
embodiments, can be made for high-level theories on the basis of AO-based feature
values that are obtained using one level of electronic structure theory. Examples of high-
level theories can include (but not limited to) DFT with a hybrid exchange correlation
functional. As can readily be appreciated, the specific features used as high-level theories
are largely only limited to the requirements of specific applications. In some embodiments,
the prediction can be made for large basis set on the basis of AO-based feature values
that may include data from a small basis set. Examples of a small basis set can include
(but are not limited to) a minimal basis set. As can readily be appreciated, the specific
features used as small basis set are largely only limited to the requirements of specific
applications. Examples of a large basis set can include (but are not limited to) a different
and larger basis set compared to the small basis set. As can readily be appreciated, the
specific features used as large basis set are largely only limited to the requirements of
specific applications.

[001567] As the amount of quantum simulation data increases, OrbNet processes in
accordance with many embodiments of the invention can utilize online learning
techniques to continuously update OrbNet models without retraining the models using the
entirety of the original training data set. As can readily be appreciated, any of a variety
of online ML techniques can be utilized to update previously trained OrbNet models using
additional quantum simulation data as appropriate to the requirements of specific
applications in accordance with various embodiments of the invention. In several
embodiments, software implementations of OrbNet models can provide user interfaces
that enable a user to efficiently update an existing OrbNet model using additional sources
of quantum simulation data selected by the user including (but not limited) streams of

quantum simulation data.
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[001568] While various processes for machine learning regression are described above,
any variety of machine learning regression methods can be utilized in ML processes as
appropriate to the requirements of specific applications in accordance with various
embodiments of the invention including (but not limited to) ML processes that are trained
using graph representations of quantum chemical information (see discussion above).
Processes for molecular synthesis in accordance with various embodiments of the

invention are discussed further below.

Molecular Synthesis

[00159] Processes in accordance with various embodiments of the invention can be
utilized to synthesize molecules. In several embodiments, OrbNet processes are utilized
to conduct a virtual screen of a set of candidate molecular systems based upon a set of
one or more criteria related to chemical properties predicted by the OrbNet model. In a
number of embodiments, a molecular system is identified using an inverse design or
generative process in which a search of an AO-based feature space (or a suitable
embedding thereof) is performed based upon a set of one or more criteria related to
chemical properties predicted by OrbNet. Sets of AO-based features including (but not
limited to) SAAQ features that are predicted to possess desirable chemical properties by
the OrbNet model can then be utilized to identify molecular structures corresponding to
the AO-based features that are likely to possess the desired chemical properties. As is
discussed further below, any of a variety of chemical property criteria can be utilized to
perform virtual screening and/or inverse molecular design as appropriate to the
requirements of specific applications in accordance with various embodiments of the
invention.

[00160] Many embodiments implement OrbNet processes that screen a set of
candidate molecular systems based upon a set of criteria related to one or more desirable
chemical properties to identify a molecular structure to synthesize. A method for
screening candidate molecular systems molecules using an OrbNet process as part of a
process for synthesizing a molecular system having a set of desirable characteristics in

accordance with an embodiment of the invention is illustrated in FIG. 9A. The process
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900 includes obtaining (901) a set of candidate molecular systems that are provided as
inputs to the virtual screening process. In several embodiments, a quantum chemistry
representation of the candidate molecular systems is obtained. In the illustrated
embodiment, the candidate molecular systems are described (902) by a set of atomic-
orbital-based features.

[00161] In several embodiments, an ML model that estimates one or more chemical
properties based upon a quantum chemistry representation of a molecular system can be
utilized in the virtual screening of the set of candidate molecular systems. In the illustrated
embodiment, molecular system properties for the candidate molecular systems are
predicted (903) using an OrbNet model trained using a process similar to any of the
various processes described above. As can readily be appreciated, the specific ML model
depends largely upon the quantum chemistry representation utilized to represent the
candidate molecular systems, any processes utilized to reduce the dimensionality of the
feature space of the quantum chemistry representation, the specific chemical properties
predicted by the ML model, and/or the requirements of specific applications.

[00162] Predicted chemical properties of candidate molecular systems can be utilized
to screen the candidate molecular systems in accordance with one or more criteria related
to a desirable set of molecular system chemical properties. In many embodiments,
additional criteria can also be utilized as part of the screen including known chemical
properties of particular molecular systems such as (but not limited to) water solubility
and/or toxicity. In several embodiments, the synthesis process can also further optimize
the chemical structure of an identified molecular system to further enhance one or more
desirable chemical properties. As can readily be appreciated, decreasing an undesirable
chemical property can be treated in an equivalent manner to increasing a desirable
chemical property. The candidate molecular system(s) determined to satisfy the set of
criteria of the screening process can be output as report information, and/or synthesized
(905).

[00163] While many quantum chemistry ML processes utilize candidate molecular
systems as a starting point, the process of training a ML model based upon features

derived from quantum chemistry information can inherently define a feature space that
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can be used for inverse molecule design. Accordingly, systems and methods in
accordance with many embodiments of the invention utilize a quantum chemistry feature
space to identify sets of quantum chemistry features that are likely to result in a molecular
system with desirable chemical properties, and then identify molecular systems
corresponding to the identified set of quantum chemistry features.

[00164] A process for synthesizing a molecular system having a desired set of chemical
properties identified using an inverse molecule design process in accordance with an
embodiment of the invention is illustrated in FIG. 9B. The process 920 includes obtaining
(921) a ML model that describes the relationship between a set of features and a set of
chemical properties. As can readily be appreciated, an OrbNet model can be utilized that
is obtained using a process similar to any of the variety of processes for training OrbNet
models described above. In a number of embodiments, an ML model trained based upon
alternative quantum chemistry representations of molecular systems including (but not
limited to) attributed graph representations can also be utilized. As can readily be
appreciated, the specific ML model that is utilized depends largely upon the requirements
of a particular application.

[00165] A search (922) can then be performed within the feature space of the ML model
to identify sets of features that the ML model predicts will have a set of chemical properties
that satisfy a set of search criteria.

[00166] As can readily be appreciated, the feature space corresponds to quantum
chemical representations of molecular systems. Therefore, the inverse molecular design
process involves identification (923) of a molecular system possessing a quantum
chemical representation corresponding to the identified set of features. In a number of
embodiments, the mapping of a set of features in the feature space of the ML model to a
molecular system can be achieved using a feature-structure map. In several
embodiments, the feature-structure map can be learned from a set of training data in
which molecular structures with bonding information and/or any other atomic
representations are annotated with sets of features in the feature space. As can readily

be appreciated, any of a variety of training data sets and/or machine learning processes
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can be utilized to learn a process for mapping from a feature space to specific molecular
structures.

[00167] In a number of embodiments, the inverse molecule design process yields a set
of candidate molecular systems with predicted chemical properties. An addition screen
can be performed (924) to filter the list of candidate molecular systems based upon a
variety of criteria including (but not limited to). complexity of chemical synthesis, known
toxicity, water solubility, and/or any of a variety of alternative chemical properties. When
an appropriate candidate molecular system is identified, a report can be generated and/or
the selected molecular system synthesized (925).

[00168] While various processes for identifying molecular structures for synthesis are
described above, any of a variety of processes that identify molecular structures using
ML models can be utilized to perform chemical synthesis as appropriate to the
requirements of specific applications in accordance with various embodiments of the
invention. ML processes can also be utilized in the context of quantum chemistry
calculations for a variety of additional purposes. Processes for using ML in quantum
chemistry calculations in accordance with various embodiments of the invention are

discussed further below.

Molecular “Fitting Room”

[00169] In a number of embodiments, a particular molecular system of interest can be
utilized to identify a set of relevant AO-based feature training data from a database of
molecular systems for which chemical properties are known. The database of molecular
systems can be queried to identify AOs based upon distance in feature space between
AOs represented within the database and AOs of the molecular system of interest. A
distance metric can be utilized to measure the distance between AO-based features of
molecules in the database and the AO-based features of the molecular system of interest.
In this way, a molecular-system-specific training data set can be generated for the
purposes of training an OrbNet model to predict the chemical properties (e.g. quantum

mechanical energy) of the molecular system of interest.
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[00170] A specific process for training an OrbNet model for estimating the chemical
properties of a specific candidate molecular system in accordance with an embodiment
of the invention is illustrated in FIG. 9C. The OrbNet process receives (931) as an input
a specific molecular system. A set of AO-based features including (but not limited to)
SAAOQ features for the molecular orbitals of the specific molecular system are generated.
In the illustrated embodiment, the AO-based features are generated by performing (932)
mean-field calculations and obtaining (933) AO-based features based upon the results of
the calculations. The AO-based features can then be utilized to query (934) a database
to identify AOs that are described within the database that are proximate in AO-based
feature space to the AOs of the specific molecular system of interest. The AO-based
features of the proximate AOs and their chemical properties can then be utilized to train
(935) an OrbNet model that can then be utilized to accurately predict (936) the chemical
properties of the specific molecular system that was the input of the process. As can
readily be appreciated, training OrbNet models in the specific region in feature space
occupied by a particular specific molecular system can greatly increase the accuracy with
which estimates can be made of the chemical properties of that specific molecular
system.

[00171] While the discussion of the processes described above with reference to FIG.
9C largely focus on processes for identifying training data in an AO-based feature space,
similar processes can be performed using any of a variety of AO-based representations
of molecular systems including (but not limited to) attributed graph representations.
Systems and methods that utilize ML processes and ML models similar to those
described above to provide quantum chemistry calculations for specific molecular

systems are discussed further below.

Quantum Chemistry Program

[00172] Processes in accordance with various embodiments of the invention rely upon
quantum chemistry properties. As is discussed further below, any of a variety of quantum

chemistry predictions of AO-based features of different molecular systems can be utilized
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as appropriate to the requirements of specific applications in accordance with various
embodiments of the invention.

[00173] Many embodiments implement physics-based quantum chemistry predictions
as input AO-based features including (but not limited to) SAAO features of molecular
systems during OrbNet processes. Several embodiments implement predictions of
physics-based quantum chemistry for the molecular system on the basis of AO-based
features. Some embodiments include that the output results can include molecular
system properties. Various embodiments of quantum chemistry programs include (but
are not limited to) coupled-cluster theory and density functional theory. As can readily be
appreciated, the specific features used as quantum chemistry programs are largely only
limited to the requirements of specific applications. Many embodiments are incorporated
in software packages.

[00174] A system for incorporating an OrbNet process into a software package in
accordance with an embodiment of the invention is illustrated in FIG. 10. A user can
provide input to a quantum chemistry software package 1001. The user can perform
physics-based calculations 1102. Results of the calculations can be replaced with the
predictions of a ML model from the AO-based features corresponding to the user inputs
1003. Generalizations can include accelerating rather than replacing physics-based
calculations using models based on AO-based features to predict intermediate quantities
1004; and generation of the machine learned model using these strategies.

[00175] Insome embodiments, software packages incorporating OrbNet processes can
be operated on a user-friendly platform, examples of such embodiments include (but are
not limited to): smart phones, tablets, and computers. As can readily be appreciated, the
specific features used as user platforms are largely only limited to the requirements of
specific applications. According to some embodiments, the software package performs
quantum simulations in seconds via a backend cloud-based deployment of OrbNet
processes.

[00176] While various processes for generating quantum chemistry predictions from
AO-based features are described above, any variety of processes that predict molecular

system properties based on AO-based features can be utilized in OrbNet processes as

62



WO 2021/243106 PCT/US2021/034651

appropriate to the requirements of specific applications in accordance with various
embodiments of the invention. Various examples implementing OrbNet processes in

accordance with various embodiments of the invention are discussed further below.

EXEMPLARY EMBODIMENTS

[00177] The following section provides specific examples of the use of different OrbNet
processes to determine molecular compositions and structures for synthesis. Examples
19 implement OrbNet processes with SAAO features. Examples 10-13 implement
OrbNet processes with AO features. As can readily be appreciated, OrbNet processes
can be implemented in any of a variety of different ways and/or using any of a variety of
different software packages. It will be understood that the specific embodiments are
provided for exemplary purposes and are not limiting to the overall scope of the
disclosure, which must be considered in light of the entire specification, figures and

claims.

Computational Details of Examples 1 and 2
[00178] Examples 1 and 2 use the QM7b-T (a thermalized version of the QM7b set of
7211 molecules with up to seven C, O, N, S, and Cl heavy atoms) and the GDB-13-T (a

thermalized version of the GDB-13 set of molecules with thirteen C, O, N, S, and Cl heavy

atoms). For these datasets, training and test geometries are sampled at 50 fs intervals
from ab initio molecular dynamics trajectories performed using the B3LYP/6-31g* level of
theory and a Langevin thermostat at 350 K.

[00179] Minimal-basis Hartree-Fock (HF) calculations are performed using the STO-3G
AOQ basis. Large-basis HF calculations are performed using the cc-pVTZ AO basis. And
semi-empirical xtb calculations are performed using the non-self-consistent GFNO-xTB
method. These calculations and the corresponding generation of SAAOs are performed
using the ENTOs QCORE package. For DFT label values, the wB97X-D functional is
employed in a Def2-TZVP AO basis set; these calculations are also performed using

ENTOS QCORE.
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[00180] Density fitting for both Coulomb and exchange integrals is employed for
Hartree-Fock and DFT results in Examples 1 and 2. The frozen core approximation is

used in all cases.

Examples 1: Minimal Basis to Large Basis HF Energy with OrbNet of SAAQ Features

[00181] Many embodiments implement OrbNet to predict the large basis set (i.e., cc-
pVTZ) Hartree-Fock (HF) energy of the molecular system from features computed using
a cheap minimal-basis (i.e., STO-3G) HF calculation. The regression labels are the

difference between the large-basis and the small-basis HF atomization energies, i.e.

AEML ~ (ETZ _ ETZ

ree) - (ESZ - ESrZee) (44)
where E7Z and E5? denote the HF energy obtained from the large and minimal basis set;

ETZ

roe @nd Efée denote the summation of ground-state free atom energies of the molecule

obtained from the large and minimal basis set, respectively.

[00182] The accuracy of the ML predictions is reported in Table 1. Table 1 includes
MAE results for learning the STO-3G to predict the cc-pVTZ HF atomization targets, using
F,D, and P under the SAAQ basis for graph featurization. The model is trained on 6500
QM7b-T molecules, and results are reported from models trained using either 1 or 7
thermally sampled geometries for each molecule. Chemical accuracy is reached for the
normalized MAE on both QM7b-T and GDB-13-T.

Table 1. MAE results for learning the STO-3G to predict the cc-pVTZ HF atomization

targets.
Training size QM7b-T MAE (mH) GDB13-T MAE/7HA (mH)
6500*1geo 1.776 2.075
6500*7geo 0.861 1.557

Examples 2: xTB to DFT Energy with OrbNet of SAAQ Features
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[00183] Many embodiments implement OrbNet to predict the energy of a high-level
theory (i.e., DFT with the wB97X-D range-separated hybrid functional and Def2-TZVP AO
basis) of the molecular system from features computed using a low-computational-cost
semi-empirical method (i.e., GFNO-xTB). As GFNO-xTB is a non-self-consistent field-
based method, features are obtained with a small pre-factor for the 0(N?3) operation while
avoiding the possibility of convergence difficulties that can plague large molecular
systems. The regression labels are the difference between the high-level DFT and the
GFNO-xTB atomization energies, i.e.

AEML ~ (EDFT _ EDFTY _ (EXTB _ EXTB) _ pfit (45)
where AE"t is a correction term obtained from a linear fitting on the training set to the
atomization energy difference with respect to the number of atoms in the molecule for
each element.

[00184] The accuracy of the ML predictions is reported in Table 2. Table 2 includes
MAE results for learning the GFNO-x TB to predict the wB97X-D/Def2-TZVP DFT
atomization targets, using F, ], K, D, and P under the SAAQO basis for graph featurization.
The model is trained on 6500 QM7b-T molecules, and results are reported from models
trained using either 1 or 7 thermally sampled geometries for each molecule. Cost
reduction is about 1000-fold or more of computing features from GFNO-xTB calculations
in comparison to the full computational cost of the popular wB97X-D/Def2-TZVP level of

theory.

Table 2. MAE results for learning the GFNO-x TB to predict the wB97X-D/Def2-TZVP DFT

atomization targets.

Training size QM7b-T MAE (mH) GDB13-T MAE/7HA (mH)
6500*1geo 2.151 3.066
6500*7geo 1.329 2.520
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Computational Details of Examples 3 and 4
[00185] Examples 3-4 implement the following datasets: the QM7b-T dataset (which

has seven conformations for each of 7211 molecules with up to seven heavy atoms of

type C, O, N, S, and ClI), the QM9 dataset (which has locally optimized geometries for
133885 molecules with up to nine heavy atoms of type C, O, N, and F), the GDB-13-T
dataset (which has six conformations for each of 1000 molecules from the GDB-13
dataset with up to thirteen heavy atoms of type C, O, N, S, and Cl), DrugBank-T (which
has six conformations for each of 168 molecules from the DrugBank database with
between fourteen and 30 heavy atoms of type C, O, N, S, and CI), and the Hutchison
conformer dataset (which has up to 10 conformations for each of 622 molecules with
between nine and 50 heavy atoms of type C, O, N, F, P, S, Cl, Br, and I). Thermalized
geometries from the DrugBank dataset can be sampled at 50 fs intervals from ab initio
molecular dynamics trajectories performed using the B3LYP/6-31g level of theory and a
Langevin thermostat at 350 K. For results reported in Example 3, the pre-computed DFT
labels from Ramakrishnan et al. are employed. (See, e.g., R. Ramakrishnan, et al., Sci.
Data, 2014, 1, 1-7; the disclosure of which is incorporated herein by reference.) For
results reported in Example 4, all DFT labels can be computed using the wB97X-D
functional with a Def2-TZVP AO basis set and using density fitting for both the Coulomb
and exchange integrals using the Def2-Universal-JKFIT basis set; these calculations are
performed using PSI4. Semi-empirical calculations are performed using the GFN1-xTB
method using the ENTOS QCORE package, which is also employed for the SAAO feature
generation.

[00186] For the results in Examples 3-4, OrbNet models can be trained using the
following training-test splits of the datasets. For results on the QM9 dataset, 3054
molecules are removed due to a failed a geometric consistency check. Then 110000
molecules are randomly sampled for training and used 10831 molecules for testing. The
training sets of 25000 and 50000 molecules in Example 3 are subsampled from the
110000-molecule dataset. For the QM7b-T dataset, two sets of training-test splits are
generated; for the model trained on the QM7b-T dataset only (Model 1 in Example 4),

6500 different molecules (with 7 geometries for each) are randomly selected from the
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total 7211 molecules for training, holding out 500 molecules (with 7 geometries for each)
for testing; for Models 2-4 in Example 4, a 361-molecule subset of this 500-molecules set
is used for testing, and the remaining 6850 molecules of QM7b-T are used for training.
For the GDB13-T dataset, 948 different molecules (with 6 geometries for each) are
randomly sampled for training, holding out 48 molecules (with 6 geometries for each) for
testing. For the DrugBank-T dataset, 158 different molecules (with 6 geometries for each)
are randomly sampled for training, holding out 10 molecules (with 6 geometries for each)
for testing. No training on the Hutchison conformer dataset is performed. Since none of
the training datasets for OrbNet includes molecules with elements of type P, Br, and |, the
molecules in the Hutchison dataset that included elements of these types are excluded.
Sixteen molecules are excluded due to missing DLPNO-LCCSD(T) reference data; an
additional eight molecules are excluded on the basis of DFT convergence issues for at
least one conformer using PSI 4.

[00187] Table 3 summarizes the hyperparameters used for training OrbNet for the
results in Example 3 and 4. A pre-transformation on the input features is performed from
F,J,K,D,P,H, and S to obtain X and X¢: all diagonal SAAQ tensor values X,, are
normalized to range [0, 1) for each operator type to obtain X,,; for off-diagonal SAAO
tensor values, X, = —In(|X,,|) is taken for X € F,J,K,P,S,H, and D, = D,,,. The model
hyperparameters are selected within a limited search space; the cutoff hyperparameters
cyx are obtained by examining the overlap between feature element distributions between
the QM7b-T and GDB13-T datasets. The same set of hyperparameters is used
throughout Example 3 and 4.

Table 3. Model hyperparameters employed in OrbNet in Examples 3 and 4. All cutoff

values are in atomic units.

Hyperparameter Meaning Value or name
n, Number of basis functions for node embedding 8
m, Number of basis functions for edge embedding 8
ny Dimension of hidden node attributes 256
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N, Dimension of hidden edge embedding 64
ng Number of attention heads 4
L Number of message passing layers 3
Lone Number of dense layers in Ency and Ence 3
Lgec Number of dense layers in a decoding network 4
o Activation function Swish
o, Activation function for attention generation TanhShrink
Y Batch normalization momentum 0.4
Cr Cutoff value for £, 8.0
q Cutoff value for J, 1.6
Kk Cutoff value for K, 20.0
p Cutoff value for D, 9.45
Cp Cutoff value for P, 14.0
Cs Cutoff value for S, 8.0
(o Cutoff value for H, 8.0

[00188] To provide additional regularization for predicting energy variations from the

configurational degree of freedom, training is performed on loss function of the form

LEE)=1-® Z L,(E,E;) + az L,(E, — Ery Ei — Evgiy)
i i

For a conformer i in a minibatch, another conformer t(i) of the same molecule is
randomly sampled to be paired with i to evaluate the relative conformer loss
LZ(E—Et(i),Ei—Et(i)), putting additional penalty on the prediction errors for
configurational energy variations. E denotes the ground truth energy values of the

minibatch, E denotes the model prediction values of the minibatch, and £, denotes the
L2 loss function £,(9,v) = |19 — y||§. For all models in Example 3, a = 0 is used as only

the optimized geometries are available; for models in Example 4, a« = 0.9 is used for all

training setups.
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[00189] All models in Example 3 and 4 are trained on a single Nvidia Tesla V100-SXM2-
32GB GPU using the Adam optimizer. For all training runs, the minibatch size is set to 64
and use a cyclical learning rate schedule that performs a linear learning rate increase
from 3 x 10-° to 3 x 103 for the initial 100 epochs, a linear decay from 3 x 103 to 3 x 10-°
for the next 100 epochs, and an exponential decay with a factor of 0.9 every epoch for
the final 100 epochs. Batch normalization is employed before every activation function o

except for that used in the attention heads, o,.

Example 3: The QM9 Formation Energy with OrbNet of SAAQ Features

[00190] Many embodiments provide the prediction of accurate DFT energies using

input features obtained from the GFN1-xTB method. The GFN family of methods can be
useful for the simulation of large molecular system (1000s of atoms or more) with time-
to-solution for energies and forces on the order of seconds. However, this applicability
can be limited by the accuracy of the semi-empirical method, thus creating a natural
opportunity for “delta-learning” the difference between the GFN1 and DFT energies on
the basis of the GFN1 features. In several embodiments, regression labels can be
associated with the  difference between high-level DFT and the GFN1-xTB total

atomization energies,

EML o, pDFT _ FGFN1 _ AEc]:tict)ms (47)
where the last term is the sum of differences for the isolated-atom energies between DFT
and GFN1 as determined by a linear model. This approach yields the direct ML prediction
of total DFT energies, given the results of a GFN1-xTB calculation.

[00191] Many embodiments compare OrbNet process with other ML methods in
predicting the total energy task, U,, from the QM9 dataset. QM9 is composed of organic
molecules with up to nine heavy atoms at locally optimized geometries. This test
examines the expressive power of the ML models for systems in similar chemical
environments. Results for OrbNet are presented both without ensemble averaging of

independently trained models (i.e., predicting only on the basis of the first of trained
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model) and with ensemble averaging the results of five independently trained models
(OrbNet-ens5). Ensembling of OrbNet in accordance with some embodiments may help
reduce the OrbNet prediction error by about 10% to about 20%. Several embodiments
implement OrbNet with multi-task learning. OrbNet with multi-task learning is trained with
both molecular energies and other computed properties of the quantum mechanical
wavefunction. The learning efficiency can be improved by incorporating physically
motivated constraints on the electronic structure through multi-task learning. OrbNet with
multi-task learning shows improved accuracy on energy prediction tasks for the QM9
dataset, at a computational cost that is thousand-fold or more reduced compared to
conventional quantum chemistry calculations (such as density functional theory) that offer
similar accuracy. Prediction results of the QM9 dataset from methods utilizing graph
representations of atom-based features, including SchNet, PhysNet, DimeNet, and
DeepMoleNet are provided. (See, e.g. K. Schutt, et al., Advances in neural information
processing systems, 2017, 991-1001; O.T. Unke, et al., J. Chem. Theory Comput., 2019,
15, 3678-3693; J. Klcpera, et al., International Conference on Learning Representations,
2019; the disclosures of which are incorporated herein by references.) DimeNet employs
a directional message passing mechanism and PhysNet and DeepMoleNet employ
supervision based on prior physical information to improve the model transferability. Many
embodiments provide that OrbNet provides greater accuracy and learning efficiency than
all previous deep-learning methods.

[00192] Table 4 lists MAEs (in meV) for predicting the QM9 dataset of total energies at
the B3LYP/6-31G (2df,p) level of theory. Results are listed for a single model (OrbNet),
ensembling over 5 models (OrbNet-ens5), OrbNet with multi-task learning (OrbNet-multi),
SchNet, PhysNet, DimeNet, and DeepMoleNet.

Table 4. MAEs for predicting the QM9 dataset of total energies for different ML models

Training | SchNet | PhysNet | PhysNet- | DimeNet | DeepMoleNet | OrbNet | OrbNet- | OrbNet-

size ensb ensb muilti
25,000 - - - - - 11.6 10.4 8.08
50,000 15 13 10 - - 8.22 6.80 5.89
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110,000 14 8.2 6.1 8.02 6.1 5.01 3.92 3.87

Example 4: Transferability and Conformer Energy Predictions with OrbNet of SAAQ

Features

[00193] Many embodiments provide transferability of OrbNet processes. In several
embodiments, OrbNet is trained on datasets of relatively small molecules (for which high-
accuracy data is more readily available) and then tested on datasets of larger and more
diverse molecules. Some embodiments provide the performance of OrbNet on a series
of datasets containing organic and drug-like molecules.

[00194] Prediction errors for molecular total energies and relative conformer energies
using OrbNet models in accordance with an embodiment of the invention are illustrated
in FIG. 11A and 11B respectively. In FIG. 11A and 11B, OrbNet models are trained with
increasing amounts of data. The mean absolute error (MAE) is indicated by the bar height,
the median of the absolute error is indicated by a black dot, and the first and third quantiles
for the absolute error are indicated as the lower and upper bars. Using the training-test
splits described in Computational Details in Example 3 and 4, Model 1 is trained using
data from the QM7b-T dataset; Model 2 is trained using data from the QM7b-T, GDB13-
T, and DrugBank-T datasets; Model 3 is trained using data from the QM7b-T, QM9,
GDB13-T, and DrugBank-T datasets; and Model 4 is obtained by ensembling five
independent training runs with the same data as used for Model 3. Predictions are made
for total energies (FIG. 11A) and relative conformer energies (FIG. 11B) for held-out
molecules from each of these datasets, as well as for the Hutchison conformer dataset.
Training and prediction employ energies at the wB97X-D/Def2-TZVP level of theory. All
energies in kcal/mol.

[00195] OrbNet predictions improve with additional data and with ensemble modeling.
The median and mean of the absolute errors consistently decrease from Model 1 to Model
4 except for a non-monotonicity in the DrugBank-T MAE, likely due to the relatively small
size of that dataset. FIG. 11B shows that Model 1, which includes only data from QM7b-
T yields relative conformer energy predictions on the DrugBank-T and Hutchison datasets

(which include molecules with up to 50 heavy atoms) with an accuracy that is comparable
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to the more heavily trained models. All of the OrbNet models predict relative conformer
energies with MAE and median prediction errors that are well within the 1 kcal/mol
threshold of chemical accuracy, across all four test datasets. Predictions for QM9 using
Models 1 and 2 are not included, since QM9 includes F atoms whereas the training data
in those models do not; relative conformer energies are not predicted for QM9 since they
are not available in this dataset. Although total energy prediction error for OrbNet is
slightly larger per heavy atom on the Hutchison dataset than for the other datasets, the
relative conformer energy prediction error for the Hutchison dataset is slightly smaller
than for GDB13-T and DrugBank-T. This might be due to the fact that the Hutchison
dataset involves locally minimized conformers that are less spread in energy per heavy
atom than the conformers of the thermalized datasets.

[00196] Comparison of the accuracy and computational-cost tradeoff for a range of
potential energy methods for the Hutchison conformer benchmark dataset in accordance
with an embodiment of the invention is illustrated in FIG. 12. FIG. 12 presents a direct
comparison of the accuracy and computational cost of OrbNet in comparison to a variety
of other force-field, semi-empirical, machine-learning, DFT, and wavefunction methods.
For the Hutchison conformer dataset of drug-like molecules which range in size from nine
to 50 heavy atoms, the accuracy of the various methods is evaluated using the median
R? of the predicted conformer energies in comparison to DLPNO-CCSD(T) reference data
and with computation time evaluated on a single CPU core.

[00197] The OrbNet conformer energy predictions in FIG. 12 are reported using Model
4 (i.e., with training data from QM7b-T, GDB13-T, DrugBank-T, and QM9 and with
ensemble averaging over five independent training runs). The solid black circle indicates
the median R? value (0.81) of the OrbNet predictions relative to the DLPNO-CCSD(T)
reference data, as for the other methods; this point provides a direct comparison to the
accuracy of the other methods. The open black circle indicates the median R? value (0.90)
of the OrbNet predictions relative to the wB97X-D/Def2-TZVP reference data against
which the model is trained; this point indicates the accuracy that would be expected of
the Model 4 implementation of OrbNet if it has employed coupled-cluster training data

rather than DFT training data. Error bars correspond to the 95% confidence interval,
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determined by statistical bootstrapping. We performed timings for OrbNet on a single core
of an Intel™ Core i5-1038NG7 CPU @ 2.00GHz, finding that the OrbNet computational
cost is dominated by the GFN1-xTB calculation for the feature generation. OrbNet uses
ENTOS QCcORE for the GFN1-xTB calculation calculations. The reported timings for GFN1-
xTB to be slow in Hutchison, particularly in comparison to the GFNO-xTB timings. (See,
e.g., G. Hutchison, et al., Int. j. Quantum Chem., 2020, e26381; the disclosure of which
is incorporated herein by reference.) For GFNO-xTB, timings with ENTOS QCORE are
similar to those reported in Hutchison, which is sensible given that the method involves
no self-consistent field (SCF) iteration. However, whereas Hutchison indicates GFN1-xTB
timings that are 43-fold slower than GFNO-xTB, OrbNet shows this ratio to be about 4.5
with  ENTOS QCORE. To account for the issue of code efficiency in the GFN1-xTB
implementation and to control for the details of the single CPU core used in the timings
versus in Hutchison, the OrbNet timing is normalized in FIG. 13 with respect to the GFNO-
xTB timing from Hutchison. The CPU neural-network inference costs for OrbNet are
negligible contribution to this timing.

[00198] Many embodiments show that OrbNet enables the prediction of relative
conformer energies for drug-like molecules with an accuracy that is comparable to DFT
but with a computational cost that is 1000-fold reduced from DFT to realm of semi-
empirical methods. Several embodiments indicate that OrbNet provides improvements in
prediction accuracy over currently available ML and semi-empirical methods for realistic

applications, without significant increases in computational cost.

Computational Details of Example 5

[00199] Many embodiments provide that training of OrbNet in Example 5 includes
optimized and thermalized geometries of molecules up to 30 heavy atoms from the
QM7b-T, QM9, GDB13-T, and DrugBank-T datasets. Model training uses the dataset
splits of Model 3 in Example 4. DFT labels are computed using the wB97X-D3 functional
with a Def2-TZVP AO basis set and using density fitting for both the Coulomb and

exchange integrals using the Def2-Universal-JKFIT basis set.
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[00200] For results in Example 5, geometry optimization is performed for the DFT,
OrbNet, and GFN-xTB calculations by minimizing the potential energy using the BFGS
algorithm with the Translation-rotation coordinates (TRIC); geometry optimizations for
GFN2-xTB are performed using the default algorithm in the xTB package. All local
geometry optimizations are initialized from pre-optimized structures at the wB97X-
D3/Def2-TZVP level of theory. For the B97-3¢c method, the mTZVP basis is employed.

[00201] Al DFT and GFN-xTB calculations are performed using ENTOS QCORE; GFN2-

xTB calculation are performed using XTB package.

Example 5: Molecular Geometry Optimizations with OrbNet of SAAQ Features

[00202] Several embodiments implement OrbNet with multi-task learning. OrbNet with
multi-task learning is trained with both molecular energies and other computed properties
of the quantum mechanical wavefunction. The learning efficiency can be improved by
incorporating physically motivated constraints on the electronic structure through muilti-
task learning. OrbNet with multi-task learning model shows improved accuracy on
molecular geometry optimizations on conformer datasets at a computational cost that is
thousand-fold or more reduced compared to conventional quantum chemistry
calculations (such as density functional theory) that offer similar accuracy.

[00203] A practical application of energy gradient (i.e., force) calculations is to optimize
molecule structures by locally minimizing the energy. Many embodiments provide the
accuracy of the OrbNet potential energy surface in comparison to other methods of
comparable and greater computational cost. Test are performed for the ROT34 and
MCONF datasets, with initial structures that are locally optimized at the high-quality level
of wB97X-D3/Def2-TZVP DFT with tight convergence parameters. ROT34 includes
conformers of 12 small organic molecules with up to 13 heavy atoms; MCONF includes
52 conformers of the melatonin molecule which has 17 heavy atoms. From these initial
structures, a local geometry optimization is performed using the various energy methods,
including OrbNet, the GFN family of semi-empirical methods, and the relatively low-cost
DFT functional B97-3c. The error in the resulting structure with respect to the reference

structures optimized at the wB97X-D3/Def2-TZVP level is computed as root mean
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squared distance (RMSD) following optimal molecular alignment. This test investigates
whether the potential energy landscape for each method is locally consistent with a high-
quality DFT description.

[00204] The molecular geometry optimization accuracy for the ROT34 and MCONF
datasets, reported as the best-alignment root-mean-square-deviation (RMSD) compared
to the reference DFT geometries at the wB97X-D3/Def2-TZVP level in accordance with
an embodiment of the invention is illustrated in FIG. 13A and FIG. 13B. The distribution
of errors is plotted as histograms (with overlaying kernel density estimations). Timings
correspond to the average cost for a single force evaluation for the MCONF dataset on a
single Intel™ Xeon Gold 6130 @ 2.10GHz CPU core. FIG. 13A and FIG. 13B show the
resulting distribution of errors for the various methods over each dataset. Table 5 reports
the mean errors and the percentage of optimized structures that correspond to incorrect
geometries (i.e., RMSD > 0.6 Angstrom). While the GFN semi-empirical methods provide
a computational cost that is comparable to OrbNet, the resulting geometry optimizations
are substantially less accurate, with a significant fraction of the local geometry
optimizations relaxing into structures that are inconsistent with the optimized reference
DFT structures (i.e., with RMSD in excess of 0.6 Angstrom). In comparison to DFT using
the B97-3c functional, OrbNet provides optimized structures that are of comparable
accuracy for ROT34 and that are more accurate for MCONF. However, OrbNet is over

100-fold less computationally expensive.

Table 5. The mean errors and the percentage of optimized structures that correspond to

incorrect geometries.

Method Mean RMSD (A) Incorrect geometries Time/step
ROT34 MCONF ROT34 MCONF MCONF
GFN-xTB 0.23 0.90 8% 52% <1s
GFN2-xTB 0.21 0.60 8% 44% <1s
DFT (B97-3c) 0.06 0.51 0% 37% >100s
OrbNet 0.09 0.26 0% 6% <1s
DFT (wB97X-D3) - - - - > 1000 s
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Computational Details of Examples 6-9

[00205] OrbNet Denali processes in accordance with several embodiments are
implemented in Examples 6-9. OrbNet Denali processes have the following modifications
compared to OrbNet processes in Examples 1-5: 1). The attention mechanism is replaced
with performer attention. The performer attention mechanism can result in decreased
memory use and negligible test accuracy degradation. 2). The number of message
passing steps increases from 2 to 3. 3). Batch normalization layers are replaced with layer
normalization layers. 4). The regression labels are modified to account for charged
molecules. Examples 6-9 using OrbNet Denali model in accordance with several
embodiments implement increased model and data scale which can lead to near-DFT
performance. In some embodiments, OrbNet Denali model uses about 21 million trainable
parameters and about 2.5 million training data.

[00206] Many embodiments provide a large collection of training data for OrbNet Denali
in Examples 6-9. Some embodiments implement ChEMBL molecules in the training data.
The ChEMBL27 database can be downloaded from the ChEMBL web service. Simplified
molecular-input line-entry system (SMILES) strings containing 50 or fewer atoms of the
elements C, O, N, F, S, Cl, Br, I, P, Si, B, Na, K, Li, Ca, or Mg and no isotope specifications
are kept. SMILES strings that do not resolve to a closed-shell Lewis structure are
discarded. All SMILES strings corresponding to molecules in the Hutchison conformer
benchmark set are removed from the training dataset.

[00207] From this subset, a final surviving selection of 116,943 unique SMILES strings
corresponding to neutral molecules are randomly chosen. Up to four conformers for each
SMILES string are initially generated through the Entos Breeze conformer generator and
optimized at the GFN1-xTB level. For each of these four energy-minimized conformers,
non-equilibrium geometries are generated using Entos Breeze through either normal-
mode sampling (NMS) at 300K or ab initio molecular dynamics (AIMD) sampling for 200
fs at 500k; in both cases at the GFN1-xTB level of theory. These thermalization methods
are selected randomly with equal weight. This procedure results in a total of 1,771,191

equilibrium and non-equilibrium geometries.
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[00208] Several embodiments implement protonation states and tautomers in training
data. A subset of 26,186 SMILES strings are randomly chosen from the list of filtered
ChEMBL SMILES strings. For each of these, up to unique 128 protonation states are
identified using Dimorphite-DL version 1.2.4 and four of these protonation states are
selected at random. The same conformer generation algorithm and non-equilibrium
geometry sampling algorithms are applied to the four protonation states, resulting in a
total of 215,866 unique geometries.

[00209] Some embodiments implement salt complexes and non-bonded interactions in
training data. From the list of filtered ChEMBL SMILES strings, a number of SMILES
strings are selected and randomly paired with between one to three salt molecules from
the list of common salts in the ChEMBL Structure Pipeline. This procedure may result in
a total of 21,735 salt complexes. For each of these complexes, four conformers are
created through a conformer pipeline, and NMS sampling is used to generate four non-
equilibrium geometries for each conformer. This resulted in 271,084 unique geometries.
Additionally, the structures in the JSCH-2005 and the sidechain-sidechain interaction
(SSI) subset of the BioFragment Database are added to the dataset.

[00210] Certain embodiments implement small molecules in the training data. A list of
common chemical moieties and bonding patterns in organic molecules is created to avoid
biasing the datasets to represent only large drug-like molecules, and used to enumerate
the chemistry of small molecules with relatively “exotic” compositions, resulting in around
15,000 SMILES strings. For each of these, SMILES strings are created by randomly
substituting hydrogen atoms for halogens, and carbon for silicon. This procedure can
result in a total of 40,565 SMILES strings, for which conformers are generated through
the conformers pipeline, resulting in a total of 94,588 unique geometries.

[00211] All DFT single-point calculations in Examples 6-9 are carried out in ENTOS
QcoRrE version 0.8.17 at the wB97X-D3/def2-TZVP level of theory using the in-core
density fitting with the neese = 4 DFT integration grid.

[00212] Many embodiments provide training details in Examples 6-9 for OrbNet Denali
processes. PyTorch v1.7.1 and the Deep Graph Library (DGL) v0.6 are used to implement
and train the model. PyTorch's Distributed Data Parallel (DDP) strategy is used to train
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the model on multiple GPUs using data parallelism. The OrbNet Denali model is trained
on the OLCF Summit supercomputer using 96 NVIDIA V100-SXM2 (32G) GPUs with a
batch size of 4 per GPU for 300 epochs, totaling 6912 GPU-hours of training. The learning
rate is linearly warmed-up for the first 100 epochs and cosine annealed to zero for the
remaining 200 epochs. During this process, the maximum learning rate is 3e-4. The Adam
optimizer is used. The 1.8TB dataset is randomly split into four shards. Each Summit
node, comprising 6 GPUs, is assigned to one of these four shards such that each shard
is used on 1/4 of the nodes.

[00213] The regression labels in the OrbNet Denali model are described in Eq. 45. In
Eq. 45, EPFT is the reference DFT (i.e. wB97X-D3/def2-TZVP) energy and E¢FN! js the

GFN1-xTB energy. In OrbNet Denali model, AEﬂf,ms is given by

AE s = ) OB~ AELYq )
i
where i indexes atoms within a molecule, Z; is the atomic number of atom i, and q is the

total charge of the molecule. AEéciit and AE’Y are parameters and are fit to EPFT — EGFN1

with ordinary least squares prior to OrbNet training.
[00214] OrbNet Denali 10% model in accordance with some embodiments is trained on
10% of the training data, sampled at random. All other training details are the same. Table

6 provides a comparison of models presented in Examples 6-9 to Examples 1-5.

Table 6. Comparison of OrbNet models in Examples 1-9
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Model # of trainable # of training data | Description of training data | Multitask?
parameters
OrbNet model in ~ 1.8 million ~ 0.2 million QM7b-T, QM9, GDB-13-T, No
Examples 1-4 DrugBank-T
OrbNet model in ~ 1.8 million ~ 0.2 million QM7b-T, QM9, GDB-13-T, Yes
Example 5 DrugBank-T
OrbNet Denali ~ 21 million ~ 0.2 million 10% of training data in No
10% Computational Details of
Examples 6-9
OrbNet Denali ~ 21 million ~ 2.5 million Training data in No
Computational Details of
Examples 6-9

Example 6: the GMTKNSS collection with OrbNet of SAAQ Features
[002156] The General Main-group Thermochemistry, Kinetics, and Non-covalent

Interactions 55 (GMTKNS5) dataset is a collection of 55 datasets aimed at probing the
accuracy of quantum mechanics (QM) methods across a variety of chemical problems,
ranging from reaction energies and electronic properties to non-covalent interaction
energies and conformational properties. The dataset consists of 55 individual subsets
with a total of 1505 relative energies based on 2462 single-point calculations. The high-
level reference energies for the molecules in GMTKNS5 may be best-estimates calculated
using a range of extrapolative protocols based on CCSD and CCSD(T) calculations
collected from several different sources.

[00216] The performance of QM methods on GMTKNS5 can be presented via
aggregated scores based on weighting of the mean absolute deviation to a reference, the
WTMAD-1 or WTMAD-2 scores, with the difference between the two being the relative
weighting of the individual subsets.

[00217] For the subsets in OrbNet training data, the WTMAD-1 and WTMAD-2 score
are 5.97 and 9.84, compared to the high-level reference energies. Considering all subsets
where the elements and spin-states are present in the training set, but where the chemical

space is not necessarily covered by the OrbNet training data (for example transition
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states, inorganic systems, etc), WTMAD-1 and WTMAD-2 are not substantially increased,
at 7.19 and 9.85 against the high-level reference energies.

[00218] When the weighted scores are calculated against wB97X-D3/def2-TZVP
reference energies (the same method used to generate the OrbNet training data), the
WTMAD-1 and WTMAD-2 scores are 3.67 and 6.37, respectively. For the version of
OrbNet Denali trained on 10% of the data, the WTMAD-1 and WTMAD-2 scores are 7.77
and 12.16, respectively, against the wB97X-D3/def2-TZVP reference, demonstrating
positive effects of increasing the dataset size. The WTMAD-1 and WTMAD-2 between
wB97X-D3/def2-TZVP and the high-level reference energies are 3.67 and 6.37,
respectively, which in some sense constitutes an upper bound for the accuracy versus
high-level reference energies of an OrbNet model trained on wB97X-D3/def2-TZVP data.
[00219] In comparison, the popular semi-low-cost DFT method B97-3c has WTMAD-1
and WTMAD-2 values for GMTKNSS of 5.76 and 10.22, respectively, compared to the
high-level references, very close to the OrbNet scores. For this dataset, OrbNet is roughly
100 times faster than B97-3c. Another low-cost QM method is the series of GFNn-xTB
(n € {0,1,2}) methods. For these methods, the WTMAD-1 values are 45.9, 20.9, and 15.4
for GFNO-xTB, GFN1-xTB and GFN2-xTB respectively, with the same series of WTMAD-
2 numbers being 75.8, 35.9, and 27.4. GFN1-xTB is the baseline method used to
generate the input for OrbNet Denali, and that, despite of the relatively poor performance
across GMTKNSS5, OrbNet yields DFT-quality energy predictions.

[00220] For the machine learning potentials ANI-1ccx and ANI-2x, the WTMAD-n
scores over the subsets that only contain neutral singlet molecules with the elements that
are covered by the individual methods can be calculated. For the ANI model that is
parametrized against CCSD(T) reference data, namely ANI-1cc, the WTMAD-1 and
WTMAD-2 values are 15.5 and 24.2, respectively. For the ANI-2x model which, similarly
to OrbNet Denali, is parametrized on DFT-level data, the WTMAD-1 and WTMAD-2 are
14.2 and 23.9, respectively.

[00221] In terms of coverage of common chemistry problems to which a general-
purpose machine learning potential can be applied, OrbNet Denali can provide a broad
coverage of GMTKNS5. OrbNet Denali covers 37 out of the 55 subsets, due to the OrbNet
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training set not covering the elements He, Be, and Al as well as a few heavy metals, and
well as spin states other than singlets, for example used to calculate ionization potentials
and electron affinities. When extrapolating out of the training distribution to these other
subsets, OrbNet Denali provides reasonable, but less accurate, results due to its basis in
GFN1-xTB. The corresponding numbers for ANI-1ccx and ANI-2x are 14 and 20,
respectively. ANI-1ccx covers only neutral, singlet molecules with the elements H, C, N,
and O, while ANI-2x extends this coverage to the elements F, Cl, and S. The family of
GFNn-xTB methods have been parametrized on data up to Radon (Z=87) and also
handles systems with odd numbers of electrons, and is therefore able to cover GMTKNSS.
[00222] A graphical overview of WTMAD-n values and the coverage of GMTKN55
subsets for each method in accordance with an embodiment of the invention is illustrated
in FIG. 14. Statistics over the accuracy and coverage of the GMTKNS55 dataset is shown
for a selection of methods, sorted by WTMAD-2 scores, relative to reference high-level
estimates. The aggregated WTMAD-1 and WTMAD-2 metrics in arbitrary units, calculated
on subsets, that are covered by each method are shown in 1401. The percentage of
GMTKNS5 subsets consisting of molecules with elements, charged states, and spin
states that are allowed within each model are shown in 1402. The def2-TZVP basis set
is used for the wB97X-D3 calculations.

[00223] MAE in kcal/mol for the subsets of the GMTKNS5 covered by OrbNet Denali
training data relative to wB97X-D3/def2-TZVP in accordance with an embodiment of the
invention is illustrated in FIG. 15. For ANI-1ccx and ANI-2x, values are left out for those

subsets that contain elements or charge states that are not allowed within those models.

Example 7: Conformer Scoring with OrbNet of SAAO Features

[00224] Accurate determination of the ensemble of thermally accessible conformers is
key to modelling molecules. Example 7 includes results for a benchmark for conformer
energetics. This benchmark contains up to ten poses for each of ~700 drug-like

molecules. Each molecule is comprised of elements from the set C, H, N, O, S, CI, F, P,
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Br, I, and contains between nine and fifty heavy atoms with a total charge between -1 and
+2.

[00225] Accuracy in this benchmark for a given method is reported as median R? and
is determined as follows. For every molecule, the correlation coefficient (R?) is computed
between the conformer energies of that molecule and the reference (DLPNO-CCSD(T))
energies. The median is then taken over the set of R?values corresponding to all
molecules in the benchmark.

[00226] A comparison between computational cost and the resulting accuracy for a
number of methods for the Hutchison conformer benchmark set in accordance with an
embodiment of the invention is illustrated in FIG. 16. The comparison of OrbNet Denali to
a representative sample of computational chemistry methods, including force fields,
machine learning, semi-empirical, density functional theory, and wavefunction theory is
shown. The horizontal axis shows the average time of a single conformer energy
computation, while the vertical axis denotes the median R? correlation coefficient for the
molecules in the dataset. Error bars denote the 95% confidence interval for this number
and are obtained through bootstrapping. The median correlation coefficient versus
DLPNO-CCSD(T) is shown for all methods (filled circles, open, white circle for OrbNet).
Additionally, the median correlation coefficient versus wB97X-D3/def2-TZVP reference
energies is shown for OrbNet (filled, black circle). This reference corresponds to the level
of theory used to train the model.

[00227] For methods other than OrbNet, a strong correlation can be observed between
accuracy and the logarithm of the average execution time of the method. OrbNet Denali
instead provides a median R? of about 0.90 4+ 0.02 versus the reference DLPNO-
CCSD(T) at an average execution time of approximately one second per molecule. The
uncertainty refers to the 95% confidence interval and is obtained by bootstrapping the
dataset. GFN1-xTB, the method used to generate input for OrbNet, provides a median
R? of 0.62 +0.04 with a similar execution time to OrbNet. The median R? between
OrbNet and wB97X-D3/def2-TZVP, the same method used to generate the training data
for OrbNet, is 0.973 + 0.004 , highlighting that OrbNet is able to learn its underlying
method to high accuracy. Compared to the wB97X-D3/def2-TZVP level of theory which
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provides a similar accuracy to DLPLO-CCSD(T) with a median R? of 0.92 + 0.02, OrbNet
results in a more than thousand-fold speedup. This number also serves as an upper
bound for the accuracy of a model trained on wB97X-D3/def2-TZVP data, and suggests
that to increase the median R? for OrbNet compared to DLPNO-CCSD(T), it may be

necessary to train on data that exceeds the accuracy of DFT.

Example 8: Non-covalent Interactions (S66x10) with OrbNet of SAAQ Features

[00228] A standard benchmark for the accuracy of non-covalent interaction can be the

S66x10 benchmark set. This dataset consists of 66 different molecular dimers and their
equilibrium geometries, along with 9 additional displacements along the center-of-mass
axis and corresponding CCSD(T)/CBS extrapolated binding energies.

[00229] For OrbNet Denali, the MAE and RMSE to CCSD(T)/CBS are 0.75 and 1.01
kcal/mol respectively. These numbers are close to the MAE and RMSE for the method
used to generate the training data, wB97X-D3/def2-TZVP, at 0.70 and 0.91 kcal/mol.
Comparing OrbNet Denali to wB97X-D3/def2-TZVP, smaller MAE and RMSE values can
be found at 0.46 and 0.65 kcal/mol, respectively. For OrbNet Denali, trained on 10% of
the data, these numbers increase to 0.67 and 0.85, respectively, suggesting that the
increased training data size can be beneficial, but also that it may be impossible for the
model to substantially surpass the accuracy of the training data. The numbers referred to
in this section are summarized in Table 7. For rows marked with an asterisk (*), OrbNet
predictions are compared to binding energies calculated at the wB97X-D3/def2-TZVP
level. The latter reference corresponds to the same method used to generate the training
data for OrbNet Denali

Table 7. The MAE and RMSE binding energies for the S66x10 benchmark versus
CCSD(T)/CBS reference binding energies.
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Model MAE RMSE
[kcal/mol] [kcal/mol]
OrbNet Denali 0.75 1.01
wB97X-D3/def2-TZVP 0.70 0.91
B97-3c 0.49 0.64
GFN2-xTB 1.19 1.75
GFN1-xTB 1.35 1.87
GFNO-xTB 2.35 3.10
ANI-2x 1.44 1.96
ANI-1cex 2.82 3.95
*OrbNet Denali 0.46 0.65
*OrbNet Denali 10% 0.67 0.85

Example 9: Torsional Profiles of Druglike Molecules with OrbNet of SAAO Features

[00230] A benchmark for empirical potentials can be the accuracy to which torsional
profiles can be reproduced. The TorsionNet500 benchmark compiles torsional profiles of
500 chemically diverse fragments containing the elements H, C, N, O, F, S, and CI. For
these torsion profiles, reference energies at the wB97X-D3/def2-TZVP level are
computed, corresponding to the level of theory used to train OrbNet Denali. Some
embodiments benchmark the performance of OrbNet Denali by comparing several
different measures of accuracy. An overview can be found in Table 8. In Table 8, The
reference energies are calculated at the wB97X-D3/def2-TZVP level of theory, except for
rows marked with an asterisk (*), benchmarked against a B3LYP/6-31G* reference. For
a number of methods, the following statistics are shown: the percentage of the 500 torsion
profiles for which the Pearson correlation coefficient (R) is greater than 0.9, the average
Pearson R over the torsion profiles, the MAE and RMSE of the relative energies of the
torsion profiles and, lastly, the percentage of torsion profiles, where the local minimum
angle of the reference profile corresponds to a point within 20° in the test profiles which

is also no more than 1 kcal/mol from the global minimum.
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[00231] The first measure is the number of torsion profiles where the Pearson
correlation coefficient (R) between the reference energies and the predicted energies is
greater than 0.9. For OrbNet Denali, this can be true for about 99.4% of the profiles, while
for OrbNet Denali (10%), the corresponding number is about 98.8\%, with average
Pearson R values of 0.995 and 0.988, respectively. Second, the average MAE and RMSE
for the torsion profiles are 0.12 and 0.18 kcal/mol for the full OrbNet Denali models, and
0.23 and 0.34 kcal/mol for OrbNet Denali (10%). Finally, both OrbNet Denali models
correctly predict the location of the global minimum to within 20°and its energy to within
1 keal/mol for all 500 profiles. Embodiments provide that these results are achieved when
the OrbNet Denali training set contains no torsion profiles.

[00232] For OrbNet's baseline method, GFN1-xTB, the same figures are much lower
with only 65.6% of the profiles having R > 0.9, and with an average R value of 0.832, and
the average MAE and RMSE 0.94 and 1.3 kcal/mol, while capturing a good minimum for
89.4% of the predicted profiles. 25 torsion energy profiles of OrbNet Denali versus GFN1-
xTB stratified by the error of OrbNet Denali in accordance with an embodiment is
illustrated in FIG. 18. FIG. 18 show torsional profiles of 25 druglike molecules from the
TorionNet500 database, stratified to represent quintiles of the OrbNet error relative to the
same torsional profiles calculated at the wB97X-D3/def2-TZVP level of theory, shown as
a reference (black). The same torsion profiles are shown for OrbNet's baseline method,
GFN1-xTB (red). OrbNet Denali reproduces every point along every torsion within
chemical accuracy of 1 kcal/mol in every case. For all but the 5 worst cases, the OrbNet
Denali torsion profile is qualitatively identical to that of the reference method. On the other
hand, GFN1-xTB shows large errors for the majority of torsion profiles. In some cases,
the shape of the GFN1-xTB profile is qualitatively incorrect. Overall, this suggests that the
accuracy of OrbNet is not solely due to the use of a good baseline method, but rather that

OrbNet is able to capture the subtle differences correctly in the torsion profiles.

85



WO 2021/243106 PCT/US2021/034651

[00233] Torsion profiles calculated using other DFT method, B97-3c, are compared to
the reference profiles. For B97-3c, the MAE and RMSE with regard to the wB97X-D3
profile are 0.29 and 0.43 kcal/mol. These numbers may highlight that OrbNet Denali is
almost three times closer to the DFT reference than the variation between these two DFT
methods. OrbNet can therefore be considered on-par with DFT methods for this
application.

[00234] OrbNet is also compared to the Merck Molecular Mechanics Force Field 94
(MMFF94) and the two ML-based methods, ANI-2x and TorsionNet. The MMFF94 force
field is found to have the lowest accuracy of capturing the wB97X-D3/def2-TZVP
predicted minima, only finding the right minimum within the tolerance about 75.2% of the
time, and with higher MAE and RMSE across the torsion profiles, at 1.4 kcal/mol and 5.2
kcal/mol, respectively. For ANI-2x, a low-energy minimum is captured within the 20 o
tolerance with a 91.8% success rate, compared to the wB97X-D3/def2-TZVP reference
torsion profiles, which is better than MMFF94, GFNO-xTB and GFN1-xTB. ANI-2x may
have better accuracy at finding the low-energy minima correctly, but it comes out with a
larger MAE and RMSE than GFNO-xTB and GFN1-xTB, maybe due to underestimation
of the rotational barriers.

[00235] In addition to numbers, some embodiments highlight the benchmarks that
compares ANI-2x and TorsionNet on the same structures, but against B3LYP/6-31G(d)
single points energies. ANI-2x may be parametrized against wB97X/6-31G(d) reference
data, while TorsionNet is parametrized against B3LYP/6-31G(d) reference data, so it may
be possible that the reference data provides a fairer reference for ANI-2x. Against the
B3LYP/6-31G(d) reference, TorsionNet is able to locate the low-energy minima with about
83% success, and ANI-2x about 66% success. The MAE and RMSE for TorsionNet
against its torsion profile calculated at its own reference level of theory are 0.7 and 1.3
kcal/mol respectively, while the MAE and RMSE for ANI-2x are 1.4 and 2.0 kcal/mol
respectively, which is within 0.1 kcal/mol from the same values versus the wB97X-
D3/def2-TZVP reference.
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Table 8. The performance of eight methods on the TorsionNet500 benchmark set.

Model %profiles with | Average MAE RMSE %local
Pearson R > | profile [kcal/mol] [kcal/mol] minima  with
0.9 Pearson R AD < 20°
and AE = 1
kcal/mol
OrbNet 99.4% 0.995 0.12 0.18 100.0%
Denali
OrbNet 98.8% 0.988 0.23 0.34 100.0%
Denali (10%)
B97-3c 97.4% 0.985 0.29 0.43 100.0%
GFN2-xTB 76.4% 0.881 0.73 1.0 94.0%
GFN1-xTB 65.5% 0.832 0.94 1.3 89.4%
GFNO-XTB 52.6% 0.748 1.2 1.7 85.0%
MMFF94 54 2% 0.760 24 52 75.2%
ANI-2x 73.2% 0.899 1.3 1.9 91.8%
*ANI-1ccx 54% 0.75 1.4 2.0 66%
*TorsionNet 79% 0.91 0.7 1.3 83%

Example 10: Energy and Dipole Moment Prediction in QM9 dataset with OrbNet for AQO

Based Features

[00236] Many embodiments implement OrbNet with AO based features in learning
quantum-chemical properties including (but not limited to) single-point energies, forces,
dipole moment, electron density, molecular orbital energies and thermal properties on
various machine learning datasets. Several embodiments perform zero-shot
generalization tests for OrbNet models pretrained on energies, against down-stream
chemistry tasks that have been exploited to benchmark quantum-chemistry simulation
methods. The same set of model hyperparameters are used in Examples 10-13.

[00237]
150% on QM9 dataset, at least 114% on MD17 dataset, and at least 50-75% on electron

densities. Beyond its learning efficiency, OrbNet trained on energies can achieve robust

In many embodiment, OrbNet processes outperform other methods by at least
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performance on various practical, down-stream chemistry tasks without any model fine-
tuning. It offers an accuracy competitive to DFT methods with up to 3 orders of magnitude
speedup.

[00238] Several embodiments implement OrbNet with AO based features in learning
quantum-chemical properties including (but not limited to) energies and dipole moments
on QM9 datasets. The QM9 dataset contains 134k small organic molecules with up to 9
heavy (CNOF) atoms in their equilibrium geometries, with scalar-valued chemical
properties computed by DFT. Due to its simple chemical composition and multiple tasks,
QM9 can be used to benchmark deep learning methods. Training on QM9 targets is
carried out using 110,000 random samples as the training set and another 10,831
samples as the test set. OrbNet processes in accordance with several embodiments
provide at least about 150% average decrease of MAE relative to other models on all 12
targets. In some embodiments, OrbNet can achieve qualitative improvements on dipole
norm u, electronic spatial extent (R?), HOMO/LUMO energies and gap €gomo, €Lumos A€,
which are deeply rooted in the electronic structure in their formulations. Experiments are
also performed on two representative targets, energy U, and dipole vector i. OrbNet
outperforms deep learning methods and also pre-engineered approaches at different size
of training data.

[00239] Table 9 lists prediction MAEs on QM9 targets for models trained on 110k
samples. The best/second-best results on each task are marked in bold/by underline.
OrbNet outperforms the second-best model (SphereNet) by 150% on average on all 12
targets.

[00240] FIGS. 18A — 18B illustrate energy and dipole moment prediction with OrbNet
of AO based features in accordance with an embodiment of the invention. FIG. 19A
compares OrbNet to task-specific models and deep learning methods for energy
U, in meV vector on QM9 dataset at different training data sizes. FIG. 19B compares
OrbNet to task-specific models and deep learning methods for dipole moment | in
mDebye vector on QM9 dataset at different training data sizes. OrbNet outperforms deep

learning methods and pre-engineered approaches at different size of training data.
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Table 9. Prediction MAEs on QM9 Dataset
Target Unit | SchNet | PhysNet | Cormorant | DimeNet++ | PaiNN | SphereNet | OrbNet
u mD 33 53 38 29.7 12 26.9 6.3
o ad 0.235 0.062 0.085 0.044 0.045 0.047 0.036
€EHOMO meV 41 34 32.9 24.6 27.6 23.6 9.9
€1 UMO meV 34 24.7 38 19.5 20.4 18.9 12.7
Ae meV 63 42.5 38 32.6 45.7 32.3 17.3
(R?%) aj 0.073 0.765 0.961 0.331 0.066 0.292 0.030
ZPVE meV 1.7 1.4 2.0 1.2 1.3 1.1 1.1
Uy, meV 14 8.2 22 6.3 59 6.3 3.5
U meV 19 8.3 21 6.3 58 7.3 3.5
H meV 14 8.4 21 6.5 6.0 6.4 3.5
G meV 14 9.4 20 7.6 7.4 8.0 5.2
¢y cal 0.033 0.028 0.026 0.023 0.024 0.022 0.022
molK
std. MAE % 1.76 1.37 1.44 0.98 1.01 0.94 0.47
log. MAE - -5.17 -5.35 -4.97 -5.67 -5.84 -5.69 -6.37

Example 11: Energy and Force Prediction in MD17 dataset with OrbNet for AQ Based

Features

[00241] Many embodiments implement OrbNet with AO based features in learning
quantum-chemical properties including (but not limited to) energies and forces on MD17
datasets. The MD17 dataset contains energy and force labels from molecular dynamics
trajectories of eight small organic molecules, and can be used to benchmark ML methods
for modelling a single instance of potential energy surface. OrbNet is trained on energies
and forces of 1000 geometries of each molecule and tested on another 1000 molecules,
using reported dataset splits and revised labels. OrbNet can achieve over 110% average
improvements on both energy and force predictions, when compared to hand-engineered
features combined with kernel regressions kernel methods and graph neural networks.
Uncertainties are estimated as the standard deviation of MAE on the test set for 3
independently trained models.

[00242] Table 10 lists prediction of MAEs on MD17 energies (in kcal/mol) and forces

(in kcal/mol/A) for models trained on 1000 samples. On average, OrbNet outperforms
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other energy model (i.e., FCHL19/GPR) by at least 138% and other force model (i.e.,
NequlP) by at least 114%.

Table 10. Prediction MAEs on MD17 energies (in kcal/mol) and forces (in kcal/mol/A).

Molecule Kernel Methods Neural Networks

sGDML | FCHL19 | DimeNet | NequllP | PaiNN OrbNet
Aspirin Energy 0.19 0.144 0.204 - 0.159 | 0.056+0.002
Forces 0.68 0.481 0.499 0.348 0.371 | 0.181+0.005
Ethanol Energy 0.07 0.021 0.064 - 0.063 | 0.017+0.000
Forces 0.33 0.144 0.230 0.208 0.230 | 0.096+0.002
Malonaldehyde | Energy 0.10 0.035 0.104 - 0.091 | 0.029+0.001
Forces 0.41 0.237 0.383 0.337 0.319 | 0.163+0.005
Naphthalene | Energy 0.12 0.028 0.122 - 0.117 | 0.010+0.000
Forces 0.11 0.150 0.215 0.096 0.083 | 0.055+0.001
Salicylic Acid | Energy 0.12 0.041 0.134 - 0.114 | 0.017+0.000
Forces 0.28 0.220 0.374 0.238 0.209 | 0.095+0.001
Toluene Energy 0.10 0.039 0.102 - 0.097 | 0.013+0.001
Forces 0.14 0.204 0.216 0.101 0.102 | 0.067+0.001
Uracil Energy 0.11 0.013 0.115 - 0.104 | 0.013+0.001
Forces 0.24 0.097 0.301 0.172 0.140 | 0.087+0.005
Benzene Energy 0.10 0.008 0.078 - - 0.002+0.000
Forces 0.06 0.060 0.187 0.053 - 0.016+0.001

Example 12: Electron Density Prediction with OrbNet for AQ Based Features

[00243] Many embodiments implement OrbNet with AO based features in learning
quantum-chemical properties including (but not limited to) electron density on BfDB-SSI
and QM9 datasets. Several embodiments provide prediction of the electron density of
molecules p(7): R* - R which plays an essential role in both the theoretical formulation

and practical construction of DFT. O(3) equivariance of OrbNet enables to efficiently learn
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p(7#) in a compact atomic-orbital-like basis. Compared to two baselines that are
specifically developed for learning p(#), OrbNet2 achieves about 50-75% reduction in

_ [lp@)—po(P)ldr
Jle(®\ar

electron density. OrbNet is more efficient at training compared to SA-GPR which has a

mean L-1 density error ¢, : where py(#) denotes the model-predicted

cubic training time complexity, and at inference compared to DeepDFT which requires
evaluating part of the neural network at each grid point 7.

[00244] Table 11 lists electron charge density learning statistics. OrbNet outperforms
baselines by at least 52% on BfDB-SSI and at least 75% on QM9 in e, with significant

training and inference efficiency advantages.

Table 11. Electron charge density learning statistics.

Dataset Training Samples Mean test error €, (%)
SA-GPR DeepDFT OrbNet
BfDB-SSI 2000 0.29 - 0.191+0.003
QM9 123835 - 0.36 0.206+0.001

Example 13: Down-Stream Chemistry Tasks with OrbNet for AQ Based Features

[00245] Many embodiments provide the performance of OrbNet on metrics interested
by chemists. In several embodiments, OrbNet2 model can be trained on the DFT energies
of 237k samples with broad chemical space coverage and non-equilibrium geometries,
and without any model fine-tuning, directly apply it to down-stream tasks commonly used
to benchmark quantum-chemistry simulation methods. In this zero-shot setting,
pretrained OrbNet model achieves accuracies similar and/or better than a DFT functional

while being around at least 200 times faster (more than 1000 times faster if running

91



WO 2021/243106

PCT/US2021/034651

OrbNet on GPUs), and is significantly better than representative semi-empirical quantum

mechanics or machine learning methods which offer comparable speeds.
[00246] Table 12 lists benchmarking OrbNet against representative semi-empirical

quantum mechanics (SEQM), machine learning (ML), and density functional theory (DFT)

methods on down-steam tasks.

Table 12. Benchmarking OrbNet against representative semi-empirical quantum

mechanics (SEQM), machine learning (ML), and density functional theory (DFT) methods

on down-steam tasks.

Task/benchmark Metric SEQM ML DFT OrbNet
GFN2-xTB ANI-2x B97-3c
Speed Relative time-to-solution | ~5 ~4 ~200 ~1
Data efficiency Training dataset size | - 8.9M - 236 K
E+F E only
Drug chemistry Sample coverage rate 1 100% 81% 100% 100%
coverage
General chemistry Subset coverage rate 1 100% 36% 100% 67%
coverage
Conformer ranking R?[DLPNQ] 1 0.63+0.04 | 0.63+0.06 | 0.90+0.01 | 0.89+0.02
Torsion profiles MAE (kcal/mol) | 0.73+0.01 | 0.90+0.01 | 0.294£0.00 | 0.17+0.00
Reaction energies WTMAD-2 | 36.1£3.8 19.2+10.1 | 14.6%1.6 14.6%4.3
Intra-molecular WTMAD-2 | 251124 29.615.8 8.6+0.9 10.3£1.7
interactions
Geometry RMSD (A) | 0.21+0.08 NaN 0.06+0.01 | 0.06%0.01
optimizations 0.60+0.06 NaN 0.51+0.07 | 0.18%0.02
Extrapolative benchmarks
Reaction barriers WTMAD-2 | 25.8+£3.7 | 41.3x23.2 | 11.8+1.0 20.3£3.2
Intra-molecular WTMAD-2 | 10.841.2 | 44.8£10.9 | 11.1+1.2 19.3£3.4
interactions
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DOCTRINE OF EQUIVALENTS

[00247] As can be inferred from the above discussion, the above-mentioned concepts
can be implemented in a variety of arrangements in accordance with embodiments of the
invention. Accordingly, although the present invention has been described in certain
specific aspects, many additional modifications and variations would be apparent to those
skilled in the art. It is therefore to be understood that the present invention may be
practiced otherwise than specifically described. Thus, embodiments of the present

invention should be considered in all respects as illustrative and not restrictive.
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WHAT IS CLAIMED IS:

1.

A method of synthesizing a molecule comprising,

obtaining a set of atomic orbitals for a molecular system using a computer
system;

generating a set of atomic-orbital-based features based upon the set of
atomic orbitals of the molecular system using the computer system;

determining at least one molecular system property based on the set of
features using an atomic-orbital-based machine learning (OrbNet) model
implemented on the computer system; and

when the determined at least one molecular system property satisfies at

least one criterion by the computer system, synthesizing the molecular system.

The method of claim 1, wherein the set of atomic-orbital-based features comprises

an attributed graph representation of atomic-orbital-based features.

The method of claim 2, wherein a node feature of the attributed graph
representation corresponds to a diagonal atomic orbital block and an edge feature
of the attributed graph representation corresponds to an off-diagonal atomic orbital
block.

The method of claim 1, wherein the set of atomic-orbitals comprises symmetry-
adapted-atomic-orbitals (SAAOs) and the set of atomic-orbital-based features
comprises a set of features based on atomic-orbitals, a set of features based on
SAAQs, derivatives of a set of features based on atomic-orbitals or derivatives of

a set of features based on SAAQSs.

The method of claim 1, wherein:

the molecular system is one of a plurality of candidate molecular systems; and
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determining when the determined at least one molecular system property satisfies
at least one criterion further comprises:

generating a set of atomic-orbital-based features based upon sets of atomic
orbitals for each of the candidate molecular systems;

determining at least one molecular system property for each of the
candidate molecular systems based on the set of atomic-orbital-based features of
each of the candidate molecular systems using the OrbNet model;

screening the candidate molecular systems based upon the at least one
molecular system property determined for each of the candidate molecular
systems; and

identifying the molecular system based upon the screening.

6. The method of claim 1, further comprising training the OrbNet model to learn
relationships between sets of atomic-orbital-based features and molecular system
properties using a training dataset describing a plurality of molecular systems and

their molecular system properties.

7. The method of claim 6, wherein training the OrbNet model to learn relationships
between sets of atomic-orbital-based features and molecular system properties
further comprises:
obtaining a set of atomic orbitals for each molecular system in the training dataset

of molecular systems; and
obtaining a set of atomic-orbital-based features based upon the set of atomic

orbitals.

8. The method of claim 7 further comprises:
obtaining a set of symmetry-adapted-atomic-orbitals for each molecular system in
the training dataset of molecular systems by constructing rotationally invariant symmetry-

adapted atomic orbital basis sets; and
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obtaining a set of symmetry-adapted-atomic-orbital-based features based upon at

least the symmetry-adapted-atomic-orbitals.

10.

11.

12.

13.

The method of claim 7, wherein obtaining the set of atomic orbitals comprises
calculating one mean-field electronic structure selected from the group consisting
of Hartree-Fock theory, density functional theory, and a semi-empirical method,
and obtaining the set of atomic-orbital-based features comprises calculating one
mean-field electronic structure selected from the group consisting of Hartree-Fock

theory, density functional theory, and a semi-empirical method.

The method of claim 7, wherein obtaining the set of atomic orbitals comprises
parameterizing at least one quantum mechanical operator appeared in the
formulation of an electronic structure method selected from the group consisting
of Hartree-Fock theory, density functional theory, and a semi-empirical method by
a neural network, and obtaining the set of atomic-orbital-based features comprises
parameterizing at least one quantum mechanical operator appeared in the
formulation of an electronic structure method selected from the group consisting
of Hartree-Fock theory, density functional theory, and a semi-empirical method by

a neural network.

The method of claim 10, wherein the neural network comprises a graph neural
network, wherein at least one node of the graph neural network corresponds to at
least one atom, and at least one edge of the graph neural network corresponds to

at least one interatomic interaction.

The method of claim 10, wherein training the OrbNet model and the neural network

takes place simultaneously.

The method of claim 8, wherein determining the symmetry-adapted-atomic-orbitals

comprises diagonalizing at least one diagonal density-matrix block.
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14.  The method of claim 6, wherein training the OrbNet model comprises graph neural

network.

15. The method of claim 14, wherein the graph neural network comprises at least one

message passing layer and at least one decoding layer.

16. The method of claim 1, wherein the molecular system comprises at least one of

atoms, molecular bonds, and molecules formed by atoms and molecular bonds.

17.  The method of claim 1, wherein the set of features includes atomic-orbital-based

features comprising a physical operator.

18. The method of claim 17, wherein the atomic-orbital-based features further
comprise at least one feature selected from the group consisting of:
elements from a Fock matrix,
elements from a Coulomb matrix,
elements from a Hartree-Fock matrix,
elements from a density matrix;
elements from a core Hamiltonian matrix; and

elements from an overlap matrix.

19. The method of claim 1, wherein the at least one molecular system property
comprises at least one property selected from the group consisting of quantum correlation
energy, conformer energy, mean-field energy, single point energy, learning energy,
molecular orbital energy, potential energy surface, force, inter-atomic force, vibrational
frequency, dipole moment, electronic density, response property, thermal property,
excited state energy, excited state force, linear-response excited state energy, linear-

response excited state force, and spectrum.
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20.  The method of claim 1, wherein the synthesized molecular system comprises at
least one molecule selected from the group consisting of a catalyst, an enzyme, a
pharmaceutical, a protein, an antibody, a surface coating, a nanomaterial, a

semiconductor, and an organic material.

21. A method of screening a set of candidate molecular systems comprising:

obtaining a set of atomic orbitals for a plurality of candidate molecular systems
using a computer system;

generating a set of atomic-orbital-based features for each candidate molecular
system based upon sets of atomic orbitals for each of the candidate molecular systems
using the computer system;

determining at least one molecular system property for each of the candidate
molecular systems based on the set of atomic-orbital-based features of each of the
candidate molecular systems using an atomic-orbital-based machine learning (OrbNet)
model implemented on the computer system;

screening the candidate molecular systems to identify at least one molecular
system possessing at least one molecular system property that satisfies at least one
criterion based upon the at least one molecular system property determined for each of
the candidate molecular systems using the computer system; and

generating a report describing the at least one molecular system identified during

the screening of the candidate molecular systems using the computer system.

22. A method of synthesizing a molecular system using an inverse molecule design
process comprising:
searching for a set of atomic-orbital-based features having at least one molecular
system property predicted by an atomic-orbital-based machine learning (OrbNet) model
that satisfies at least one criterion using a computer system, where the OrbNet model is
trained to receive a set of features of a molecular system and output an estimate of at

least one molecular system property;
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mapping a located set of atomic-orbital-based features to an identified molecular
system using a feature-to-structure map using the computer system, where the feature-
to-structure map is trained to map a set of atomic-orbital-based features to a
corresponding molecular structure;

screening the identified molecular system based upon at least one screening
criterion using the computer system; and

when the identified molecular system satisfies the at least one screening criterion,

synthesizing the identified molecular system.

23. The method of claim 22, wherein searching for a set of atomic-orbital-based
features having at least one molecular system property predicted by the OrbNet
model that satisfies at least one criterion further comprises using at least one

generative model to generate candidate sets of features.

24.  The method of claim 23, wherein the generative model comprises a graph neural

network.

25. A method of training an atomic-orbital-based machine learning (OrbNet) model to
predict at least one molecular system property from a set of atomic orbitals for a
molecular system comprising:
obtaining a training dataset of molecular systems and their molecular system
properties using a computer system;
generating a set of atomic-orbital-based features for each molecular system in the
training dataset based upon a set of atomic orbitals for each of the candidate molecular
systems using the computer system;

training a ML model to learn relationships between the set of atomic-orbital-based
features of each molecular system in the training dataset and the molecular system
properties of each of the molecular systems in the training dataset using the computer

system; and
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utilizing the OrbNet model to predict at least one molecular system property for a
specific molecular system based upon a set of atomic-orbital-based features generated
for the specific molecular system based upon a set of atomic orbitals for the specific

molecular system.

26. The method of claim 25, wherein obtaining a training dataset of molecular systems

and their molecular system properties further comprises:

generating a set of atomic-orbital-based features for the specific molecular system
based upon a set of atomic orbitals for the specific molecular system using the computer
system;

retrieving atomic-orbital-based features from a database based upon proximity
between a retrieved atomic-orbital-based feature and an atomic-orbital-based feature
from the set of atomic-orbital-based features for the specific molecular system; and

forming the training dataset using the retrieved molecular systems.

27.  The method of claim 25, wherein training the OrbNet model to learn relationships
between the sets of atomic-orbital-based features of each molecular system in the
training dataset and the molecular system properties of each of the molecular
systems in the training dataset further comprises utilizing a transfer learning
process to train an OrbNet model previously trained to determine the relationship
between an atomic-orbital-based features of a molecular system and a different

set of molecular system properties.

28.  The method of claim 25, wherein training the OrbNet model to learn relationships
between the sets of atomic-orbital-based features of each molecular system in the
training dataset and the molecular system properties of each of the molecular
systems in the training dataset further comprises utilizing an online learning

process to update a previously trained OrbNet model.
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