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(57) Abstract: Systems and methods for spatial graph convolutions in
accordance with embodiments of the invention are illustrated. One em-
bodiment includes a method for predicting characteristics for molecules,
wherein the method includes performing a first set of graph convolu-
tions with a spatial graph representation of a set of molecules, wherein
the first set of graph convolutions are based on bonds between the set of
molecules, performing a second set of graph convolutions with the spa-
tial graph representation, wherein the second set of graph convolutions
are based on at least a distance between each atom and other atoms of
the set of molecules, performing a graph gather with the spatial graph
representation to produce a feature vector, and predicting a set of one or
more characteristics for the set of molecules based on the feature vector.
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Systems and Methods for Spatial Graph Convolutions with Applications to Drug Discovery and

Molecular Simulation

CROSS-REFERENCE TO RELATED APPLICATIONS

[6603] The present application claims the benefit of and priority to U.S. Provisional Patent Ap-
plication No. 62/638,803 entitled “Spatial Graph Convolutions with Applications to Drug Dis-
covery”, filed March 3, 2018. The disclosure of U.S. Provisional Patent Application Serial No.
62/638,803 is herein incorporated by reference in its entirety.

FIELD OF THE INVENTION

[6002] The present invention generally relates to predicting molecular characteristics and more
specitically relates to utilizing spatial graph convolutions {o predict molecular characteristics.
BACKGROUND

(66031 Most FDA-approved drugs are small organic molecules that elicit a therapeutic response
by binding to a target biological macromolecule. Once bound, small molecule ligands either inhibit
the binding of other ligands or allosterically adjust the target’s conformational ensemble. Binding
is thus crucial to any behavior of a therapeutic ligand. To maximize a molecule’s therapeutic
effect, its affinity—or binding free encrgy (AG)—{or the desired targets must be maximized, while
stmultaneously minimizing its affinity for other macromolecules. Historically, scientists have used
both cheminformatic and structure-based approaches to model ligands and their targets, and most
machine learning (ML) approaches use domain expertise-driven features.

SUMMARY OF THE INVENTION

[0604] Systems and methods for spatial graph convolutions in accordance with embodiments of
the invention are tllustrated. Oune embodiment 1ncludes a method for predicting characteristics for
molecules, wherein the method includes performing a first set of graph convolutions with a spatial
graph representation of a set of molecules, wherein the first set of graph convolutions are based

on bonds between the set of molecules, performing a second set of graph convolutions with the
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spatial graph representation, wherein the second set of graph convolutions are based on at least a
distance between cach atom and other atoms of the sct of molecules, performing a graph gather
with the spatial graph representation to produce a feature vector, and predicting a set of one or
more characteristics for the sct of molecules based on the feature vector.

[G003]  In a further embodiment, the method further includes steps for receiving atomic informa-
tion for the set of one or more molecules.

[6666]  In still another embodiment, the method further includes steps for building a spatial graph
representation of the set of molecules.

(66071 In a sull further embodiment, building the spatial graph representation includes gener-
ating a distance matrix and an adjacency tensor, wherein the distance mairix denotes distances
between atoms of the set of molecules and the adjacency tensor indicates multiple different edge
types between atoms.

[6608] In yet another embodiment, the set of molecules includes a ligand molecule and a target
molecule, wherein rows of the distance matrix arc ordered by membership in the ligand and target
molecules.

[6609]  In a yet further embodiment, the bonds between the set of molecules inchides covalent
bonds.

(60181 In another additional embodiment, the bonds between the set of molecules includes at
least one of © — 1 stacking, hydrogen bonds, and hydrophobic contact.

[G011]  In a further additional embodiment, the second set of graph convolutions are further based
on bonds between the set of molecules.

[6612] In another embodiment again, the first set of graph convolutions is based on a first set
of the bonds between the set of molecules and the second set of graph convolutions is based on a
second set of the bonds between the set of molecules.

[6013] In a further ernbodiment again, the first set of bonds is a subset of the second set of bonds.
[0014]  In sull yvet another embodirnent, performing the first set of graph convolutions includes

performing a gated recurrent anit {GRU) operation at each layer of the graph convolutions.

b
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16615] In a still yet further embodiment, performing the first set of graph convolutions includes
utilizing a first plurality of neural networks, wherein each neural network of the plurality of neural
networks is used for a different bond type.

[6616] In still another additional embodiment, performing the second set of graph convolutions
includes utilizing a second plurality of neural vetworks, wherein weights for the st plurality of
neural networks are shared with the second plurality of neural networks.

[6017]  In a still further additional embodiment, performing the second set of graph convolutions
includes utilizing a second plurality of neural networks, wherein the neural networks of the second
plurality of neural networks utilize distance information regarding distances between atoms of the
set of molecules.

[6G18] In still another embodiment again, the set of molecules includes a ligand molecule and a
target molecule, wherein the graph gather is performed solely on the ligand molecule.

[6619] In a stull forther embodiment again, the set of characteristics includes whether a first
molecule of the set of molecules binds with a second molecule of the set of molecules.

{00281 Systems and methods for training spatial convolution graph models in accordance with
embodiments of the nvention are dustrated. Ouve embodiment includes a method for training a
spatial convolution graph model. The method includes steps for performing a first set of graph
convolutions with a spatial convolution graph model of a set of molecules, wherein the first set
of graph convolutions are based on bonds between the set of molecules, performing a second set
of graph convolutions with the spatial convolution graph model, wherein the second set of graph
convolutions are based on at least a distance between each atom and other atoms of the set of
molecules, performing a graph gather with the spatial convolation graph model, computing loss
for the set of molecules based on the graph gather, and updating the spatial convolution graph
model based on the computed loss.

[6021] In yet another additional embodiment, the method further includes steps for using layers
of the spatial convolution graph model to train a set of one or more neural networks to predict a set

of one or more parameters for a force field.
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16622] In a yet further additional embodiment, the set of parameters is assoctated with a set of
one or more characteristics, wherein the set of characteristics include at least one of charges, bonds,
angles, and dihedrals.

[6023] In yet another embodiment again, the spatial convolution graph model is a first spatial
convolution graph model, wherein the method further includes training a second spatial convo-
lution graph model to predict potential energy, and predicting a potential energy of a molecular
system based on the first and second spatial convolution graph models.

[0024] In a yet further embodiment again, training the second spatial convolution graph model
includes sharing a set of one or more layers between the first and second spatial convolution graph
models.

(66251 In another additional embodiment again, the force field is an Assisted Model Building
with Energy Refinement (AMBER) functional form.

[6026] In a further additional embodiment again, the method further includes steps for using lay-
ers of the spatial convolution graph model to train a set of one or more neural networks to predict
a potential energy of an input molecular system.

166271  In still yet another additional erobodirnent, the method {urther 1ncludes steps for identify-
ing a set of conformations of the set of molecules by minimizing the potential energy predicied by
the spatial graph convolution model.

[0028] In a further embodiment, the method further includes steps for predicting motion of the
set of molecules.

16629] Additional embodiments and features are set forth in part in the description that {ollows,
and in part will become apparent o those skilled in the art upon examination of the specification
or may be lecarned by the practice of the invention. A further understanding of the nature and
advantages of the present invention may be realized by reference to the remaining portions of the
specification and the drawings, which forms a part of this disclosure.

BRIEF DESCRIPTION OF THE DRAWINGS

[6036] The description and claims will be more fully undersiood with reference to the follow-
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ing figures and data graphs, which are presented as exemplary embodiments of the invention and
should not be construed as a complete recitation of the scope of the invention.

[6031] Figure 1 illustrates a visual depiction of a Gated Graph Neural Network (GGNN).
[6032] Figure 2 illustrates a system that provides for modeling and prediction in accordance with
some ernbodiments of the invention.

[6633] Figure 3 illustrates a modeling element that provides for modeling and prediction in ac-
cordance with some embodiments of the invention.

{0834] Figure 4 illustrates a modeling application that provides for modeling and prediction in
accordance with some embodiments of the invention.

16835] Figure 5 conceptually illustrates a process for performing a staged convolution in accor-
dance with an embodiment of the invention.

16836] Figure 6 illustrates a visual depiction of a multi-staged spatial gated graph neural net-
work.

[6037) Figure 7 tllustrates a first stage of a multi-staged spatial gated graph neural network in
accordance with a variety of embodiments of the 1nvention.

[G038] Figure 8 lustrates a second stage of a multi-staged spatial gated graph neuoral network in
accordance with a variety of embodiments of the 1nvention.

DETAILED DESCRIPTION

[0839] Systems and methods in accordance with numerous embodiments of the invention are
specifically designed for and achieve state-of-the-art performance for protein-ligand binding affin-
ity. Although many of the examples in this application are described with reference to binding
affinities, many molecular characteristics such as, but not limited to, toxicity, solubility, and elec-
tronic properties can be predicted without departing from the spirit of the invention. In many
cmbodiments, processes utilize a multi-stage process based on bond types and spatial distances to
predict molecular characteristics. In some embodiments, a new metric, the Regression Enrichment

R)

Factor EF, 7, 1s computed to measure the early enrichment of computational models for chem-

ical data. Processes in accordance with a variety of embodiments of the invention implement a
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cross-validation strategy based on structural homology clustering that can more accurately mea-
sure model generalizability, which crucially distinguishes the aims of machine learning for drug
discovery from standard machine lcarning tasks.

[6040] The arc of drug discovery entails a multiparameter optimization problem spanning vast
length scales. The key parameters range from solubility (angstroms) to protein-ligand binding
(nanometers) to in vive toxicity (meters). Historically, scientists have used both cheminformatic
and structure-based approaches to model ligands and their targets, and most machine learning
(ML) approaches use domain expertise-driven {features. Through {eature learning—iustead of fea-
ture engineering—deep neural networks promise to outperform both traditional physics-based and
knowledge-based machine learning models for predicting molecular properties pertinent to drug
discovery.

16041] Training most conventional DNN architectures requires vast amounts of data: for exam-
ple, ImageNet currently contains over 14,000, 000 labeled images. In contrast, the largest publicly
avatlable datasets for the properties of drug-like molecules include PDBBind 2017, with a Hittle
over 4,000 samples of protein-ligand co-crystal structures and associated binding affinity values;
Tox21 with nearly 10,000 small molecuoles and associated toxicity endpoints; QMS8 with around
22,000 small molecules and associated electronic properties; and ESOL with a little over 1,000
small molecules and associated solubility values. This scarcity of high-quality scientific data ne-
cessitates innovative neural architectures for molecular machine learming.

(66421 Successful DNNs often exploit relevant structure 1n data, such as pixel proximity in im-
ages. Predicting protein-ligand binding affinity can be seen as similar to computer vision problems.
Just as neighboring pixels connote closeness between physical objects, a binding pocket could be
divided into a voxel grid. Here, neighboring voxels denote neighboring atoms and blocks of empty
space. Unfortunately, this 3D convolutional approach has several potential drawbacks. First, inputs
and hidden weights require much more memory in three dimensions. Second, since the parameters
grow exponentially with the number of dimensions, the model suffers from the “curse of dimen-

stopality”. The qualitatively simplest models for aftinity prediction and related tasks incorporate
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only features of ligands and ignore the macromolecular target(s).

[6043] A graph convolutional neural network (GCNN} analogously exploits the inherent struc-
ture of data. Graph convolutions can use fewer parameters by exploiting molecular structure and
symmetry. Graph convolutions can be symmetric to permutations and to the relative location of
each of the neighboring nodes, thereby significantly reducing the number of model parameters.
Models in accordance with several embodiments of the invention can generalize a graph convo-
lation to inchude both intramelecular interactions and noncovalent interactions between different
molecules.

(66441 In several embodiments, processes can employ a staged gated graph neural network,
which distinguishes the derivation of differentiable bonded atom types from the propagation of
information between atoms through space. Processes in accordance with some embodiments of
the invention employ a more flexible model based on a new update rule using both the distance
from source to target atom and the target atom’s feature map. Direct incorporation of target atom
information into the message function can increase signal in some protein-ligand binding affinmity
benchmarks.

[6043] In several embodiments, a given graph that contains N nodes, fi, features per node, and
a single edge type. can be represented as consisting of node {eatures x and symmetric adjacency
matrix A, which designates whether a pair of nodes belong to each other’s neighbor sets N. Turning
now to the drawings, a visual depiction of a Gated Graph Neural Network (GGNN) is tllustrated
in Figure 1. GGNN 100 is iHostrated with nodes (110-120), representing atoms, and edges (130-
140), representing bonds. In this example, the small molecule propanamide is chosen to illustrate
the propagation of information among the different update layers of the network. For the carbonyl
carbon (110), the relevant row of the feature matrix x might be [1,0,0] to represent its clement,
and the corresponding row of the adjacency matrix A might be [0,1,0, 1, 1] to indicate its bonds to
three neighbor atoms.

{08461 In a number of embodiments, a graph convolution update entails applying a function at

each node that takes the node and its neighbors as input and outputs a new set of {eatures for each
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node. Graph convolutions are described in “Neural message passing for quantum chemuistry” by
Gilmer et al., Proceedings of the 34th International Conference on Machine Learning, the disclo-

sure of which is incorporated by reference herein in its entivety. A graph convolution can be written

as
{t+1) e () ' (1 () p
by =0 R Z mw(h}’} ) (D
L’J;EN(V,;)
(2 o , . hy .
where f; ) represents the node features of node ¢ at hidden layer 1, N(v;} represents the neighbors

of node i, and U and m" are the update and message {unctions, respectively, at hidden layer ¢.
In certain embodiments, when there are multiple edge types, multiple message functions can be
defined, m©¢), which is the message function at layer ¢ foredge type e € [1,... N

(66471 In many embodiments, the update function at all layers of the model is the {familiar gated
recurrent unit {GRU). However, one skilled in the art will recognize that other update functions
can be used without departing from the spirit of the invention. In some embodiments, message
functions arc simple linear operations that are different for each edge type but also the same across

layers:

, N Aret "
(1) s |00 e} (&), (1 )
B = GRU L R} wiARD | (2)

p

where A is the adjacency matrix, and W (@) the weight matrix, respectively, for edge type e.

{00481 The GGNN family of graph convolutional architectures inclades effective optimizations

to reduce complexity on graphs. Let 4 be the dimension of each node’s internal hidden represen-

tation and » be the number of nodes in the graph. A single step of message passing {or a dense

graph requires O{n’d?) multiplications. Breaking the d dimensional node embeddings into k dif-
s

ferent f dimensional embeddings reduces this runtime to O(*¢~). As most molecules are sparse

nd?

or relatively small graphs, these layers are typically O(*~). In a variety of embodiments, other

/

optimizations can be employed, such as (but not limited to) utilizing spectral representations of

graphs.
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[604%] Unlike conventional FCNNs, which learn non-linear combinations of the input hand-
crafted features, the update desceribed in accordance with some embodiments of the invention learns
nonlinear combinations of more basic features of a given atom with the features of its immediate
neighbors. Information propagates through increasingly distant atoms with cach graph convolu-
tion, and the GRU enables mformation to be added selectively. Ultimately, the GUNN contains
and leverages both per-node features via the feature matrix x and structural information via the ad-
jacency mairix A. In both classification and regression settings, GCNN’s can terminate in a “graph
gather” step that sums over the rows of the final embeddings and 1s invariant to node ordering. The
subsequent FCNNs produce output of desired size {fou). This completes the starting point for the

graph convolutional update used in accordance with many embodiments of the invention:

P ]\Ja ; /
Al = GRU | x, ¥} WAty
p
) ‘ Net . . \"\
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PVY
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J
e (FOwY 3 {FChy 1)
RECu) ReLU (WFG) FCy

[6650] In certain embodiments, predicting affinity for multiple targets by GCNN can be imple-

mented by training either different models for each target or by training a single multitask network.

The latter setting in accordance with various embodiments of the invention can use a last weight
K/TXfFC

e e (FOOD 3 - ) L )
matrix W) ¢ B m-1/ where T denotes the number of targets in the dataset. The corre-

sponding multitask loss function would be the average binary cross-entropy loss across the targets,

9
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[6G51] Systems and methods in accordance with numerous embodiments of the invention lever-
age structural information about the target in addition to the ligand. To motivate architectures for
more principled DNN predictors, the following notation and framework is used. A distance matrix
Re ]RZ(JN'XJV’}, whose entries R;; denote the distance between afom; and atom;.

106521 Thus {ar, the concept of adjacency, as encoded in a symmetric matrix A, has been re-
stricted to chemical bonds. However, adjacency can also encorapass a wider range of neighbor
types (o 1clude non-covalent interactions (e.g., ™ — 7 stacking, hydrogen bonds, hydrophobic
contact). Adjacency need not require domain expertise. In a variety of embodiments, pairwise
distances below a threshold value can also be used. Regardiess of particular scheme, the distance
matrix R motivates the construction of an expanded version of 4. In this framework, A becomes a
tensor of shape N X N X N, where N, represents the number of edge types.

[6G33] If the rows are ordered by the membership of afomy; to either the protein or ligand, both
A and R can be viewed as block matrices, where the diagonal blocks are self-edges (i.e., bonds
and non-covalent interactions) from one ligand atom to another ligand atom or from one protein
atom to another protein atom. Off-diagonal block matrices can encode edges {rom the protein to
the ligand and from ligand to protein. For the purpose of simplicity, the special case where there 18

only one edge type, Ne = 1 is described:

Ay Ap oo Ay
Axy Ay - A {AL:L AL:P] )
14 et et , (\5)
: S : Apyp App
Ani Ana 0 Any

VXV

where A;; is 1 for neighbors and O otherwise, and A € R Within this framework, a spatial

10
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graph convolution—a graph convolution based on notions of adjacency predicated on Euclidean
distance—can be expressed as a generalization of the GGNN characterized by the update described
above.

[60654] In addition to edge type gencralization, processes in accordance with many erobodiments

of the invention introduce nonlinearity in the message portion of the graph convolutional layer:

N

n® = oru | n® ]E Y

e JEN® (v)

’ / ? (63

where NN is a neurai network for each edge type e and N (h;) denotes the neighbors of edge
type e for atom/node 1.

[6035] In several cmbodiments, the concept of a layer is generalized to the notion of a stage that
can span several layers of a given type. Processes in accordance with some embodiments of the
invention consist of three main steps: (1) covalent-only propagation, (2) dual non-covalent and
covalent propagation, and (3) higand-based graph gather. More generally, in some embodiments,
processes perform a first propagation based on a {irst set of one or more edge types. The second
stage in accordance with a variety of embodiments of the invention can include the bond types as
well as distance information, separate from bond information, from a distance matrix. Distance in-
formation can include (but is not limited to) specific physical distance measurements and/or binned
distances. The second stage in accordance with various embodiments of the invention can include
all of the edge types or a subset of the edge types.

[6656] In certain embodiments, stage (1), covalent propagation, entails only the first slice of the
adjacency matrix, AY which contains a 1 at entry (7, j) if there is a bond between (atom;, atom;)
and a 0 otherwise. Intuitively, stage (1) computes a new set of vector-valued atom types h;l) for
each of the NV atoms in the system based on their local networks of bonded atoms. Atom types
in accordance with vartous embodiments of the invention are {eature maps for each atorn. Subse-
quently, stage (2) in accordance with a variety of embodiments of the invention entails propagation

\

based on both the full adjacency tensor A which begins with the vector-valued atom types /fzii]”’

It
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computed in {(1). While stage (1) computes new bond-based “atom types” for both amino acid
and ligand atorns, stage (2) passes both bond and spatial information between the atoms. For in-
stance, 1f stage (1) distinguishes an amide carbonyl oxygen from a ketone carbonyl oxygen, stage
(2) might communicate in the first layer that that carbonyl oxygen is also within 3 Angstroms of a
hydrogen bond dovor. Finally, in stage (3) a graph gather is performed solely on the ligand atoms.
In certain erubodiroents, the ligand-only graph gather s made computationally straightforward by
the block matrix formulation described above.

[8857] In a variety of embodiments, a new set of vector-valued atom types is computed for each

atom in a system based on their local network of bonded atoms.

Stage 1:
’ Nyt
lili?Jl/ = GRL Xis Z Z JR‘J;V (e) (:XJ;‘)
j€ =N () Vr)
/7 ) ‘1\ / ; \ (7)
!’Z;bi{ = GRIJ (b,x 1) E Z L\//\lr(p\,/h b .. 1;)

e ]G/\ﬂt] l

In numerous embodiments, a second stage entails propagation based on both the full adjacency

El
¥
JL

{
tensor A which begins with the vector-valued atom types #; 7 computed in (1). While stage (1)
computes new bond-based “atom types” for both amino acid and ligand atoms, stage (2) passes
both bond and spatial information between the atoms. In certain embodiments, spatial information

from a distance matrix is utilized in the second stage in addition {o the bond information.

12
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In various embodiments, a graph gather is performed in a third stage (3). Processes in accordance

with numerous embodiments of the invention perform the graph gather solely on the ligand atoms.

Stage 3:
Nug
2 FCyy }; hajfp,
j=1

A\

') (9)

(B BY sn) efsr . . {57
where %), FA IS 2R j'\sf)«) are bond and spatial neural networks, and 7 ?) denotes the feature map
J

for the j™ atom at the end of stage 2.

[0858] More generally, the concepts of incorporating edge information, multiple edge types,
distance information, and stages can be summarized in the following formulations, given § stages
and that the edge types are treated discretely.

[6659] In onc formulation in accordance with various embodiments of the invention, cach edge

type can be treated discretely:

13
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where, for example, K defines the number of graph convolutional layers at the §'th stage,
defines the feature map of the i'th atom at stage § after Ky graph convolutional layers, / / ) denotes
the number of edge types to be used at stage 5 (which is a subset of total nurober of edge types
Ner), Ri; denotes the 1th row and }'th column entry of matrix R (and therefore the distance between
atoms/nodes v; and v;, and NN denotes a neural network at stage S for the ¢'th edge type
(though the same neural network can be used {or a given edge type at different slages for weight
tying), fs denotes the dimension of the feature map for each atom at the end of stage S, and | i) and
7 are gathering neural networks for stage S. It should be noted that, since it was stated that at
cach stage / set of graph convolutional layers a subset of the edge types and edge information can

be utilized, at any given stage, neither the distance information R;;, nor soft or hard distance bins,
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need o be utilized by a given NN within the GRU function. In other words, some of the stages can
depend only on bond or other non-spatial relationships between atoms.

[6060] In another formulation in accordance with a varicty of embodiments of the invention,
edge types can be flexible or continuous/dense edge types.

Stage 1:

SR Nl
mV =GRU {xi, Y ANDGg Ry e
NG
! (12)
(LK . LE 1) 4 A1y (LE —1) \ {
pR = Gro [ RTD Y NN DG /,Rit,-,eij;)
JjeN{y /
N ",I/ N { PR \‘ - ‘I./ Yoo A
h(ix‘ = (Zkl)(\h‘\lvgu‘;/\»/\,) & (‘}‘\1/ (;z\\l,Kx)))
\ 7 A
z ﬂf‘\{(NXfl\
Stage S:
AV (§-1) (5), 051
nU=GRU LR, Y NNSHRT R er))
jEN(L.) V4
/7 \
(8,K5) vrrr b (SEs—1) A 8) ¢ (S.Ks—1) : 13)
B0 = GRU (:"zi‘ LY NN TR, J,-,e,;j;) (13)
\ jGN(V,;} /
- e s PP s N £ /o R
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where, for example, Kg defines the number of graph convolutional layers at the §'rh stage, #;

defines the feature map of the /'t atom at stage § after Ky graph convolutional layers, R;; denotes

the i'th row and j'th column entry of matrix R (and therefore the distance between atoms/nodes v;

and v;, and NN'S) denotes a neural network at stage S, ¢; ; is a vector denoting either pre-featurized

or learned edge features between atoms v; and v;, fg denotes the dimension of the feature map
$)

) ct . A . ) y
for cach atom at the end of stage S, and iV and j'% are gathering neural networks for stage S.

Although, in the {ormoulations described above, each stage utilizes a distance roatrix R, the distance
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matrix R can be omitted from one or more of the stages. In many embodiments, a first subset of
stages may utilize a distance matrix, while a second subset of stages may not involve the distance
matrix at all. In some embodiments, the last laver of cach stage can simply be set as B = plo&s)
Alternatively, or conjunctively, the last layer of cach stage in accordance with many embodiments
of the invention can be set as ) = NN(HED) or A1) = NN (pED =1y

{00611 In some embodiments, ¢;;, instead of being pre-defined, can itself be a differentiable

I

. {8,3) . .
function. In one example, ¢, would be an edge between atoms { and j at Stage S and graph

( 3 (82) ,(8.2) . .
conv layer 3. In this example, ¢,/ = NN(#;"7 ;7). In a number of embodiments, e;; can be

a neural network dependent on the feature maps of atom ¢ and of atom j at a given stage after a

graph convolutional layer in that stage. In some embodiments, ¢;; can be an RNN. For example,

\S% 9 2,

..... = GRU (e}, 7 WP Y i),
16662] Inthe speciﬁc case of protein-ligand binding, the graph gather operation would be defined
after § stages as:

Gather Stage:

Lig
(FCq) 5 (8)
BRI = %" B
j=1
(FCYY (FCO L (FC) v
I3 = Refl/ KW /] /} (14)

However, one could replace the sum over Ny, atoms with any subset of the nodes in the graph
as appropriate to the requirements of specific applications in accordance with embodiments of the
invention. In addition, other types of graph gather neural networks can be used in accordance with
some embodiments of the invention, such as replacing the ReLU nonlinearity above with other
nonlinearities like sigmoid, Leaky Rel.l, tanh, etc., and other operations besides fully connected

neural nectworks can be used, such as recurrent neural networks
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System and Methods

166631 A system that provides for modeling and prediction in accordance with some embodi-
ments of the invention is shown in Figure 2. Network 200 includes a communications network
260. The communications network 260 is a network such as the Internet that allows devices con-
nected to the network 260 to comrmumicate with other connected devices. Server systems 210,

240, and 270 are connected to the network 260. Each of the server systems 210, 240, and 270

5]

is a group of one or more server computer sysiems communicatively connected to one another
via internal networks that execute processes that provide cloud services to users over the network
260. For purposes of this discussion, cloud services are one or more applications that are execuled
by one or more server systems to provide data and/or executable applications o devices over a
network. The server systems 210, 240, and 270 are shown each having three servers connected
via an internal network., However, the server systems 210, 240 and 270 may include any number
of servers and any additional number of server systems may be connected to the network 260 to
provide cloud services including, but not limited to, virtualized server systems. In accordance with
various embodiments of this invention, processes for modeling and predicting molecular proper-
ties are provided by one or more software applications executing on a single server system and/or
a group of server systems cornmunicating over network 260.

(66641 Users may use personal devices 280 and 220 that connect to the network 260 to perform
processes for modeling and predicting molecular properties in accordance with various embod-
iments of the invention. In the illustrated embodiment, the personal devices 280 are shown as
desktop computers that are connected via a conventional “wired” connection to the network 260.
However, the personal device 280 may be a desktop computer, a laptop computer, a smart televi-
sion, an entertainment gaming console, or any other device that connects to the network 260 via
a “wired” or “wireless” network connection. The mobile device 220 connects to network 260 us-

ing a wireless connection. A wireless connection 15 a connection that uses Radio Frequency (RF)
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signals, Infrared signals, or any other form of wireless signaling to connect to the network 260.
In Figure 2, the mobile device 220 is a mobile telephone. However, mobile device 220 may be a
mobile phone, Personal Digital Assistant (PDA), a tablet, a smartphone, a virtual reality headset,
an augmented reality headset, a mixed reality headset or any other type of device that connects to
network 260 via wireless connection without departing from this invention. In accordance with
some embodiments of the invention, the processes for modeling and predicting molecular prop-
ertics are performed by the aser device. As can readily be appreciated, the specific computing

system used to model and predict molecular properties is largely dependent upon the requirements

N

of a given application and should not be considered as limited to any specific computing systemis
implementation.

[6065] A modeling element in accordance with several embodiments of the invention is illus-
trated in Figure 3. Modeling elements in accordance with many embodiments of the invention can
include (but are not limited to) one or more of mobile devices, computers, servers, and cloud ser-
vices. Modeling element 300 includes processor 310, communications interface 320, and memory
330.

[6666] One skilled in the art will recognize that a particular modeling element may include other
components that are omitted {or brevity without departing from this invention. The processor 310
can include (but ts not limited to) a processor, microprocessor, controller, or a combination of pro-
cessors, microprocessor, and/or controllers that performs instructions stored in the memory 330
to manipulate data stored in the memory. Processor instructions can configure the processor 310
to perform processes in accordance with certain embodiments of the invention. Communications
interface 320 allows modeling element 300 to transmit and receive data over a network based upon
the instructions performed by processor 310.

(60671 Memory 330 includes a modeling application 332, molecular data 334, and model data
336. Modeling applications in accordance with several embodiments of the invention are used {o
model and predict the interaction of different molecules. In numerous emnbodiments, the modeled

interactions can be used to identify candidate molecules for {urther testing. In several embodi-
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ments, modeling applications can use molecular data that includes data generated from a variety of
sources, including (but not limited to) a molecular simmulations and/or a database of molecular prop-
erties. Model data 336 in accordance with varions embodiments of the invention can include (but
is not limited to) data for spatial graphs, edge-type neural networks, and fully-connected classifier
networks. Models 10 accordance with many embodiments of the invention can be used for various
purposes, such as (but not limated to) identily feature matrices for each atom of a molecular system
and classifying various characteristics of a molecule inclading, but not imited to binding/non-
binding, quantum properties, toxicity, and solubility.

[6668] Although a specific example of a modeling element 300 is illustrated in Figure 3, any of a
variety of modeling elements can be utilized to perform processes similar to those described herein
as appropriate to the requirements of specific applications in accordance with embodiments of the
invention.

166691 A modeling application for identifyving candidate ligands in accordance with an embod-
iment of the invention is illustrated in Figore 4. Modeling application 400 includes graph engine
405, bond featurizer 410, spatial {eaturizer 415, aggregating engine 420, and classification engine
425. Modeling applications in accordance with many embodiments of the invention can molecular
data for a set of molecules of a molecular system to model and predict inferactions between the
molecules within the system.

{86761 In a variety of embodiments, graph engines can build graph representations of a set of
molecules. Graph representations can include (but are not limited to) bond information, bond
types, distance information, atomic properties, and binding affinities. 'The constructed graph repre-
sentations in accordance with a number of embodiments of the invention can include an adjacency
matrix and/or a distance matrix.

[6671] Bond featurizers in accordance with numerous ernbodiments of the invention can gener-
ate feature matrices for cach atom of a molecular system based on the bonds of the atom to each of
its neighbors. In nomerous embodiments, bond featurizers can operate on different types of bonds

at different stages of the modeling and prediction process. In a variety of embodiments, bound {ea-
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turizers can determine a first set of feature matrices for each atom based on covalent bonds in a first
stage, and can be used to determine a second set of feature matrices for the atoms based on other
types of bonds. Spatial featurizers in accordance with some ermnbodiments of the invention can
gencrate feature matrices for each atom of a molecular system based on spatial distances between
the different atoms, in addition to or in place of the bond types. Bond featurizers in accordance
with various embodiments of the invention can operate in conjunction with spatial {eaturizers in
sorne stages of the process in order to incorporate both bond and spatial information in the feature
matrices for each atom. Bond and spatial featurizers can implement a number of neural networks
{for each bond type and/or for each stage of a process.

16672] Aggregating engines in accordance with various embodiments of the invention can be
used to aggregate generated features from the featurizers. In a variety of embodiments, aggregating
engines can aggregate a final set of {eature mairices generated by bond and/or spatial featurizers.
In numerous embodiments, aggregating engines operate only on onc of the molecules of a molec-
nlar system {c.g., a ligand).

106731  In various embodiments, classification engines can be used to classify or predict an inter-
action between a set of molecules. Classification engines in accordance with some embodiments
of the invention can implement a classifier, such as (but not limited to) a {ully connected neural net-
work (FCNIN} and/or a random forest. In various embodiments, classification engines take as input
a feature matrix generated by {eaturizers and/or an aggregating engine, and output a likelthood that
set of molecnles has a particular relationship {e.g., binding/non-binding, agonist/antagonist, etc.).
Although a specific example of a modeling application is illustrated in Figure 4, any of a variety
of modeling applications can be utilized to perform processes similar to those described herein as
appropriate to the requirements of specific applications in accordance with embodiments of the
invention.

[6074] Specific examples of a system, clement, and application for modeling and predicting
molecule characteristics utilizing spatial convolutions 1o accordance with embodiments of the in-

vention are described above; however, one skilled in the art will recognize that any number of
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structures and systems can be utilized as appropriate to the requirements of specific applications in
accordance with embodiments of the invention.

[6675] A process for performing a staged convolution in accordance with an embodiment of the
invention is conceptually illustrated in Figure 5. Process 500 receives (505) atomic information
for one or more molecules i a system. In a variety of embodiroents, the molecules can include
a source {e.g., ligand) and a target molecule. Atomic information in accordance with several em-
bodiments of the mvention includes various information regarding each molecule, including (but
not limited to) distance information and chemical propesties. In numerous embodiments, atom
types—the 1 x fj per-atom feature maps—are derived from the same initial features for both lig-
and and protein atoms. Process 500 builds (510} a spatial graph representation of the ligand and
the target molecule. Spatial graph representations in accordance with a variety of embodiments of
the invention include a distance matrix and/or an adjacency matrix. Distance matrices in accor-
dance with some embodiments of the invention include distance information for each atom from
each other atom in the system. In many cmbodiments, adjacency matrices include multiple layers
{or dimensions), where cach layer indicates adjacency along a different edge type. For example,
adjacency 1o a first layer may ndicate that two atoms share a covalent bond, while adjacency 1o a
ditferent layer indicates a different bond type. In some erobodiments, adjacency does not indicate
any particular bond, but whether the two atoms are within a threshold distance of each other.
{88761 Processes in accordance with a number of embodiments of the invention can then perform
a number of graph convolution stages. Process 500 performs (515) a graph convolution stage. In
some embodiments, different graph convolution stages can be based on different subsets of infor-
mation about the molecular system, where the information can include {(but is not limited to} bond
type, distance type, and/or other edge type. For example, some stages can be based on solely bond
types, while other stages can be based on certain edge types and distance information. A single
graph convolution stage in accordance with various embodiments of the invention can be based
on a subset of the different edge types, while a different convolution stage is based on a differcnt

subset or a complete set of the different edge types. For example, in certain embodiments, an initial
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graph convolution stage is based on a first layer of an adjacency matrix that indicates the presence
of a covalent bond, while a subsequent graph convolution stage is based on all of the bond types
as well as atomic distances.

(66771 In a number of embodiments, cach graph convolution stage produces feature vectors for
each atom, learning features for cach atom based on the inputs to each stage. Feature vectors in
accordance with a variely of embodiments of the invention can be used as inputs to a subsequent
graph convolufion stage. Bach graph convolution stage in accordance with various embodiments
of the invention can utilize a set of neural networks. In numerous embodiments, each a separate
neural network is trained for each edge type. In many embodiments, neural networks can include,
but are not limited to, fully connected neural networks, convolutional networks, and recurrent
networks. Neural networks for a particular edge type can be used across the different stages in
accordance with various embodiments of the invention in order to tie the weights of the different
stages together. However, in many embodiments, a different neural network is trained and utilized
for each edge type and stage.

{06781 Process 500 determines (520) whether there are more stages to perform. In many embod-
iments, a specified number of stages are performed. When the process determines that there are
more stages to perform, the process returns to step 515. When all of the stages have been com-
pleted, process 500 performs (525) a graph gather lo aggregate the information after the graph con-
voliution stages. In a number of embodiments, the graph gather is only performed on the atoms of
the ligand molecule. In a variety of embodiments, the graph gather step is performed using a fully
connected neural network that is trained to predict a classification of the ligand molecule. Classi-
fications can include {but are not limited to) a predicted ability to bind with the target molecule.
[6079) Specific processes for classifying atoms utilizing spatial convolutions in accordance with
embodiments of the invention are described above; however, one skilled in the art will recognize
that any number of processes can be utilized as appropriate to the requirements of specific appli-
cations in accordance with embodiments of the invention.

[6088] A visual depiction of a multi-staged spatial gated graph neural petwork in accordance
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with various embodiments of the invention is illustrated in Figure 6. The first stage 605 entails
graph convolutions over only bonds, which derives new node (atom) feature maps roughly anal-
ogous to differentiable atom types in more traditional forms of molecular modeling. The second
stage 610 entails both bond-based and spatial distance based propagation of information. In the
third stage 613, a graph gather operation is conducted over the higand atoms, whose featare maps
are derived from bonded ligand information and spatial proximity to protein atoms. In contrast
to molecular dynamics force fields, which—{or historical reasons—have distinct force fields for
ligands and for proteins which then must interoperate (often poorly) in simmlation, processes in
accordance with some embodiments of the invention can derive the physicochemical properties of
biomolecular interactions from a unified framework.

[6081] 'To further illustrate, the first and second stages in accordance with various embodiments
of the invention exploit different subsets of the full adjacency tensor A. A first stage in accordance
with a variety of embodiments of the invention is illustrated in Figure 7. In this example, only
covalent or bonded interaction edge types encoded in the first slices of the last dimension of the
adjacency tensor 4 are exploited. The second stage in accordance with a number of ernbodiments
of the jovention is illustrated in Figure 8. In this example, both bonded and non-bonded interaction
edge types spanning the entirety of the last dimeunsion of the adjacency tensor A are exploited. In
a variety of embodiments, the second stage can also include spatial data that describes a distance
between the various atoms.

[G082] Traditional metrics of predictor performance suffer from general problems and drag discovery-

square error {(RMSE) are susceptible to single data point outliers. The RMSE for both classifiers
and regressors account for neither the training data distribution nor the null model performance.
The area under the receiver operating characteristic curve can correct this deficiency in RMSE for
classifiers. However, all aforementioned metrics arc global statistics that equally weight all data
points. This property is particularly undesirable in drug discovery, which is most inferested in

predicting the tails of a distribution: while model predictions are roade agaiust an entire library
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containing millions of molecules, one will only purchase or synthesize the top scoring molecules.
(66831 In response, the cheminformatics community has adopted the concept of early enrich-
ment, weighting the importance of the model’s highest performers more heavily. At present, this
progress in carly enrichment measurement has been limited to classification and has yet to include
regression. Processes in accordance with nomerous embodiments of the invention utilize a new

R)

. . . . . :
metric for early enrichment in regression, £, ', analogous to £Fy. For a given target:

/0N '.\71 ‘{/‘ 3 .
El"\ P s 2= Zis 153
* x-f‘f;g‘ o(y) x-NE ' v

in which y;, the experimental (observed) measurement for sample i, are ranked in descending or-
der according to §;, the model (predicted) measurement for sample {. In other words, the average

z-score for the observed values of the top ¥% scoring samples is computed, rather than computing,

tunately, this unnormalized approach depends on the distribution in the dataset. For instance, in a
distribution of log(K;) measurements, if the maximum deviation from the mean is 1.0, the best a
model can possibly perform would be to achieve an ﬁ!*)éR’ of 1.0.

[6084] Processes in accordance with various embodiments of the invention normalize through
division by &{v). the standard deviation of the data. This can allow for comparison of model
performance across datasets with a common unit of measurernent but different variances in those
measurements. The upper bound is therefore equal to the right hand side of (15), where the indexed
set of molecnles i constitutes the subset of the ¥ - N most experimentally active molecules. This
value is dependent on both the distribution of the training data as well as the value %. The Ei’}éﬁ")
is an average over ¥ - NV z-scores, which themselves are real numbers of standard deviations away
from the mean experimental activity. £ lf}é’?) values may therefore exceed 1.0, since this means that
the ¥ percentage of top predicted molecules have an average standard deviation of more than 1.0

above the mean.

24



WO 2019/173401 PCT/US2019/020837

{6885] Spatial graph convolutions exhibit state-of-the-art performance in affinity prediction. Spa-
tial graph convolutions in accordance with several embodiments of the invention use a more prin-
cipled deep learning approach. Input features are only basic information about atoms, bonds, and
distances. In various embodiments, this framework does not usc traditional hand-crafied features,
such as hydrophobic effects, w-stacking, or hydrogen bonding. Instead, higher-level interaction
“features” in accordance with various embodiments of the invention are learned through interme-
diate graph convolutional neural network layers. Despite the simpler input featurization, spatial
graph convolutions in accordance with various embodiments of the invention can learn an accurate
mapping of protein-ligand structures to binding free energies using the same relatively low amount
of data as previous expertise-driven approaches. If machine learning is to be applied to real-world
drug discovery seftings if is imperative to measure a given model’s capacity both to interpolate
within familiar regions of chemical space as well as to generalize to its less charted territories.
[6086] In an aspect, the present disclosure provides methods and systems for predicting charac-
teristics for molecules. The method comprises, (a) obtaining a representation of a set of molecules
as a graph with &V atoms and N, edge types; (b) performing a first set of graph convolutions with
a graph representation of a set of moolecules with a subset of the N,y edge types; {(¢) performing
between O and S-1 {urther sets of graph convolutions each with a subset of the NV, edge types; and
(d) if characteristic prediction is desired, performing a graph gather over a subgraph of the graph
followed by further newral network layers.

[G087] The system comprises one or more processors that are individually or collectively con-
figured to, {(a) obtain a representation of a set of molecules as a graph with N atoms and N, edge
types; (b) perform a first set of graph convolutions with a graph representation of a set of molecules
with a subset of the N, edge types; (¢) perform between 0 and S-1 further sets of graph convo-
lutions each with a subset of the N, edge types; and (d) if characteristic prediction is desired,
perform a graph gather over a subgraph of the graph followed by further neural network layers.
100881  In some embodiments, a representation of a set of molecules further comprises an NxN

distance matrix. The N, edge types can comprise bond types, salt bridges, pi stacking, distance

25



WO 2019/173401 PCT/US2019/020837

bins, a distance basis set, raw distances, or a combination thereof. In some embodiments, (b)
further comprises incorporating information directly from the NxN distance matrix. In some em-
bodiments, (¢} further comprises performing graph convolutions with the Nx/N distance matrix. In
some embodiments, the subgraph of a graph can be of one or more of the molecules.

[G089] In some embodiments, the subgraph of a graph can be 1 subgraph, 2 subgraphs, 3 sub-
graphs, 4 subgraphs, 5 subgraphs, or more. In some embodiments, the subgraph of a graph can be
1 1o 1000000 subgraphs, 1 to 10000 subgraphs, 1 to 1000 subgraphs, 1 to 100 subgraphs, 1 to 50
subgraphs, 1 to 20 subgraphs, 1 to 10 subgraphs, or 1 to 3 subgraphs.

(66991 In an aspect, the present disclosure provides a method for predicting characteristics for
molecules. The method comprises: (a) performing a first set of graph convolutions with a spatial
graph representation of a set of molecules, wherein the first set of graph convolutions are based on
bonds between the set of molecules; (b) performing a second set of graph convolutions with the
spatial graph representation, wherein the second set of graph convolutions arc based on at least a
distance between cach atom and other atoms of the set of molecules; (¢) performing a graph gather
with the spatial graph representation; and (d) predicting a set of one or more characteristics for the
set of molecules. The set of molecules, can be | molecule, 2 molecules, or more molecules.
100911  In some embodiments, predicting a set of one or more characteristics Comprises assessing
data from the graph gather. Processes in accordance with numerous embodiments of the invention
can receive atomic mformation for the set of one or more molecules. The atomic information can
be but is not linnted to: bond lengths within a molecule, bond strengths within a molecule, bond
angles within a molecule, dihedral angles within a molecule, dihedral angles between two and/or
more molecules, bond angles between two and/or more molecules | interatomic distances between
pairs of atoms of the same or of two and/or more different molecules, interatornic angles between
triples of atoms of the same or two and/or more different molecules), bond distances between two
and/or more molecules, the charge of a molecule, electronegativity of a molecule, the dipole of a
given pair of atoms, the dipole of a molecule , the dipole of a set of one or more molecules, and/or

forces between two and/or more molecules. Forces between two and/or more molecules can be but
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are not limited to: electrostatic, ionic attraction, intermediate dipole-dipole, weak London disper-
ston, hydrophobic interaction, hydrophilic interaction, van der Waal’s, hydrogen bonding, covalent
bonding, metallic bonding, magnetic, and/or physical. The atomic information of an atom or atoms
within a molecule can be include but is not limited to: the chemical element, atomic number, num-
ber of protons, number of elecirons, approximate mass, electric charge, diameter, shape, orbital
shape, size, energy levels, valency, magnetic moment, and/or isotope.

[6092] In a varicty of embodiments, building the spatial graph representation can comprise gen-
erating a distance matrix and an adjacency tensor wherein the distance mairix depotes distances
between atoms of the set of molecules and the adjacency tensor indicates a plurality of different
edge types between atoms. Edge types can include but are not limited to: covalent bonds, ionic
bonds, polar bonds, metallic bonds, non-covalent bonds {e.g. @ — 7 stacking), salt bridge, distance
bins (hard cutoff and/or expanded in a Gaussian and/or other basis set), and/or hydrogen bonds.
166931 In many embodiments, the set of molecules comprises a ligand molecnle and a target
molecule, wherein rows of the distance matrix arc ordered by membership in the ligand and target
molecules.

[6694] In some embodiments, the bonds between the set of molecules comprise covalent bonds.
In numerous embodiments, bonds between the set of molecules comprise at least one of w— 7
stacking, hydrogen bonds, and hydrophobic conlact. In some embodiments, the bonds/edges be-
tween the atoms in different molecules in the set comprise of distances 1n soft or hard bins. In
some embodiments, the set of molecules can comprise one molecule. In some embodiments, the
set of molecules can comprise one molecule surrounded by solvent molecules.

[6095] In some embodiments, the second set of graph convolutions are further based on bonds be-
tween the set of molecules. In some embodiments, the first set of graph convolutions can be based
on a first set of the bonds between the set of molecules and the second set of graph convolutions
can be based on a second set of the bonds between the set of molecules. In some cmbodiments,
the first set of bonds 1s a subset of the second set of bonds.

[6096] Perlorming the tirst set of graph convolutions in accordance with many embodiments of
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the invention comprises performing an operation at each layer of the graph convolutions. In some
cmbodiments, the operation can be, but is not limited to: gated recurrent unit (GRU), long short-
term memory (LSTM), gated lincar unit (GLU), recurrent neural network, fully connected neural
networks, or a combination thercof. In a number of embodiments, performing the first set of graph
convolutions comprises performing a gated recurrent unit (GRU) operation at each layer of the
graph convolutions,

[6097]  In several embodiments, performing the first set of graph convolutions comprises ntilizing
a first plurality of neural networks, wherein each neural network of the plurality of neural networks
can be used for a different bond type. In a number of embodiments, performing the second set of
graph convolutions comprises utilizing a second plurality of neural networks, wherein weights for
the first plurality of neural networks can be shared with the second plurality of neural networks.
160%8] In several embodiments, performing the second set of graph convolutions comprises ufi-
lizing a second plurality of neural networks, wherein the neural networks of the second plurality
of neural networks can utilize distance information regarding distances between atoms of the set
of molecules.

[6099] In some erobodiroents, the set of molecules coraprises a ligand molecule and a target
molecule, wherein the graph gather can be performed solely on the ligand molecule.

[G108]  In some embodiments, the set of characteristics comprises whether a first molecule of the
set of molecules binds with a second molecule of the set of molecules.

(61611 In another aspect, the present disclosure provides a method for training a spatial convo-
lution graph model. The method comprises: performing a first set of graph convolutions with a
spatial convolution graph model of a set of molecules, wherein the first set of graph convolutions
are based on bonds between the set of molecules; performing a sccond set of graph convolutions
with the spatial convolution graph model, wherein the second set of graph convolutions are based
on at least a distance between cach atom and other atoms of the set of molecules; performing a
graph gather with the spatial convolution graph model; computing loss for the set of molecules;

and updating the spatial convolution graph model based on the computed loss.
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16102] In some embodiments, predicting motion of the set of molecules can be calculated by
conducting stochastic simulations, for cxample, cstimating solvation effects, estimating confor-
mational entropy, exploring different conformations of both the protein and the ligand (e.g., the
“induced fit” model of binding). Predicting motion in accordance with several embodiments of the
invention can be used to siroulate key biophysical processes, such as (but not linuted to) ligand
binding (o a protein}, which can depend on several properties that can be calculated by predicting
the motion of a set of molecules.

[8183] In certain embodiments, processes and systems can use layers of the spatial convolution
graph model to train a set of one or more neuaral networks to predict a set of one or more parameters
for a force field. Layers of the network can trainaset of 1, 2, 3, 4, 5, 10, 20, 50, 1060, 1000, 10000
or more neural networks {o predict a set of one or more parameters for a force field. Layers of the
network can train a set of 1-10000, 1-1000, 1-500, 1-100, 1-10, or 1-5 neural networks to predict a
set of one or more parameters for a force ficld. Neural networks can be used to predict a set of 1,
2, 3,4, 5,10, 20, 50, 100, 1000, 10000 or more parameters for a force field. Neural networks can
be used to predict a set of 1-10000, 1-1000, 1-500, 1-100, 1-10, or 1-5 parameters for a force field.
[G104] In various embodiments, the set of parameters can be associated with a set of one or more
charactenistics, the set of characteristics include at least one of charges, bouds angles, and dihe-
drals. The set of parameters can be associated with a set of 1, 2, 3, 4, 5, 10, 20, 50, 100, 1000,
10000 or more characteristics. The set of parameters can be associated with a set of 1-10000,
1-1000, 1-5300, 1-1066, 1-10, or 1-5 characteristics.

i6105] In certain embodiments, the spatial convolution graph model can be a first spatial con-
volution graph model, the method further comprises: training a second spatial convolution graph
model to predict potential energy; and predicting a potential energy of a molecular system based
on the first and second spatial convolution graph models.

[6106] In various embodiments, training the second spatial convolution graph model comprises
sharing a set of one or more lavers between the first and second spatial convolution graph mod-

els. Training the secound spatial convolution graph model can comprise sharing a setof 1, 2, 3, 4,
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5. 10, 20, 50, 100, 1000, 10000 or more layers between the first and second spatial convolution
graph models. Training the second spatial convolution graph model can comprise sharing a set of
1-10000, 1-1000, 1-500, 1-100, 1-10, or 1-5 layers between the first and second spatial convolution
graph models.

[6107]  In some embodiments, the force field is an Assisted Model Building with Energy Refine-
ment (AMBER) functional form. In some embodiments, the force field functional can be a fully
neural potential and can take on the characteristics of a tixed {orm potential such as but not limited
to AMBER, CHARMM (with or without CMAP terms), GROMOS, AMOEBA, or a combination
thereof.

16108] In numercus embodiments, systems and processes can use layers of the spatial convolu-
tion graph model to train a set of one or more neural networks to predict a potential energy of an
input molecular system. Layers of the spatial convolution graph model can be used (o train a set
of 1,2, 3,4,35, 10, 20, 30, 100, 1000, 10000 or more neural networks to predict a potential cnergy
of an input molecular system. Layers of the spatial convolution graph model can be used to train a
set of 1-10000, 1-1000, 1-500, 1-100, 1-10, or 1-5 neural networks to predict a potential energy of
an input molecular system.

10109]  In various embodiments, wdentifying a set of conformations of the set of molecules by
minimizing the potential energy predicted by the spatial graph convolution model.

{0116] In another aspect, the present disclosure provides a system for predicting characteristics
{or molecules, comprising: one or more processors that are individually or collectively configured
to perform a first set of graph convolutions with a spatial graph representation of a set of molecules,
wherein the first set of graph convolutions are based on bonds between the set of molecules; per-
form a sccond sct of graph convolutions with the spatial graph representation, wherein the second
set of graph convolutions are based on at least a distance between cach atom and other atoms of
the set of molecules; perform a graph gather with the spatial graph representation; and predict a
set of one or more characteristics for the set of molecules,

(6111} In another aspect, the present disclosure provides methods and systems for drug discov-
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ery. The methods may comprise identifying a candidate ligand from predicted molecular charac-
teristics with machine learning. In some embodiments, identifying a candidate ligand comprises
executing a first set of graph convolutions with a spatial graph representation of a set of molecules,
wherein the first sct of graph convolutions are based on bonds between the set of molecules; exe-
cuting a second set of graph convolutions with the spatial graph representation, wherein the second
set of graph convolutions are based on at least a distance between each atom and other atoms of
the set of molecules; performing a graph gather with the spatial graph representation; predicting
a set of one or more characteristics for the set of molecules; and predicting the candidate ligand
{rom the set of one or more characteristics for the set of molecules.

16112] In some embodiments, the system comprises the one or more processors that are individ-
ually or collectively configured to: execute a first set of graph convolutions with a spatial graph
representation of a set of molecules, wherein the first set of graph convolutions are based on bonds
between the sct of molecules; execute a second set of graph convolutions with the spatial graph
representation, wherein the second set of graph convelutions are based on at least a distance be-
tween each atom and other atorus of the set of molecules; execute a graph gather with the spatial
graph representation; predict a set of one or more characteristics for the set of molecuales; and pre-
dict the candidate ligand from the set of one or more characteristics for the set of molecules.
[G113] In some embodiments, the set of one or more characteristics comprises binding affinity.
In some embodiments, the set of one or more characteristics comprises ligand conformation. In
some embodiments, the set of one or more characteristics can be charge of the ligand, toxicity,
absorption, distribution, metabolism, elimination, CYP450 subtype inhibition, metabolic stability,
membrane permeability, oral bioavailability, quantum electronic properties, solubility, LogD, or a
combination thercof.

(6114} In some embodiments, a pre-trained model may be utilized to assist in predicting a can-
didate ligand from the set of one or more characteristics for the set of molecules.

101158] In a vanety of embodiments, to compare performance of the proposed archifectures to

previous methods the performance was evaluated based on PDBBind 2007, In some embodiments,
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the PDBBind 2007 dataset was split by (a) beginning with the “refined” set comprising protein-
ligand co-crystal structures and associated binding free energy values; (b) removing the “core” set
to form the test set, with (¢) the remaining samples serving as the training data. In the present
disclosure, this train-test split refers to “PDBBind 2007, Refined Train, Core Test”, below, and
compare performance with RF-score, X-Score and the networks described in this present disclo-
sure.

[6116] In the present disclosure, the disclosure investigates a cross-validation strategy that, in
some embodiments, splits all of the training data into three distinct folds—train, validation, and
test subsels—with hierarchical clustering based on pairwise structural and sequence homology as
distance metrics. In a variety of embodiments, cross-validation for benchmarking uses a hyperpa-

trameter set.

Examples

[6117] The following examples are offered to illustrate, but not to limit the claimed invention.
The performance of deep neural network algorithms is highly sensitive to chosen hyper-parameters.
Such sensitivity underscores the criticality of rigorous cross-validation. In order to compare per-
formance of the proposed architectures to previous methods the performance was evaluated based
on PDBBind 2007. In previous works, the PDBBind 2007 dataset was split by {a) beginning with
the “refined” set comprising 1,300 protein-ligand co-crystal structures and associated binding free
energy values; (b) removing the “core” set comprising 195 samples to form the test set, with (¢)
the remaining 1,095 samples serving as the training data. In the present disclosure, this train-test
split refers to “PDBBind 2007, Refined Train, Core Test”, below, and compare performance with
R¥F-score, X-Score and the networks described in this present disclosure.

[0118] In the present disclosure, the disclosure investigates a cross-validation strategy that, in
some embodiments, splits all of the training data into three distinct folds—train, validation, and test

subsets—with hierarchical clustering based on pairwise structural and sequence homology as dis-
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tance metrics. Un the standard PDBBind 2007 “refined train, core test” benchmark, Spatial Graph
Convolutions achicve state-of-the-art performance as reflected by several metrics. PotentialNet
outperforms RF-Score and X-Score according to Pearson and Spearman correlation coefficients.
The Pearson correlation score for (7)-(14) is within error of the reported score for TopologyNet,
the heretofore top performing model on this benchroark. Cross-validation for this 1ncluding all of
the results reported n Tables 1, I, and I, was perforroed such that performance on the fest set
was recorded for the hyperparameter set that performed most highly on the distinet validation set
(Table VII). In countrast, the TopologyNet, models were trained on a combination of the validation
and training sets and evaluated directly on the test set. Performance for TopologyNet therefore
reflects a train-validation type split rather than a train-validation-test split, which likely inflated the
performance of that method. Tables IV-V1 illustrate comparative results for predictions of quantum
properties, toxicity, and solubility.

TABLE L Benchmark: PDBBind 2047, Refined Train, Core Test

Model Test K- Test Eﬁém Test Pearson Test Spearman Test stdev Test MUE
PotentiaiNet 0.608 (0.043) 1.643(0.127) 0.822(0.021) 6.826 (0.020)  1.388(0.070) 0.626 (0.037)
PotentiaiNet, 0419 (0.234) 1404 (0.171) 0.650(0.017) 0.676 (0.014)  1.832(0.135) 0.835 (0.005)

{ligand-only control}

TopologyNet, N/A N/A §4.826 N/A N/A N/A

No Vulid. Set

RF-Score N/A N/A 0.783 0.769 N/A N/A

X-5core N/A N/A 0.643 0.707 N/A N/A

TABLE . Benchmark: PDBBind 2007 Refined, Agglomerative Sequence Split
Model Test B~ Test FF;QR\’ Test Pearson Test Spearman Test MUE

PotentialNet 0.480 (0.030) 0867 (0.036) 0700 (0.003) 0.694 (0.012)  1.680(0.061)

Ligand-only PotentialNet  0.414 (0.058) 0.883(0.025) 0.653(0.031y 0674 (0.020) 1712 (0110)

RF-score 8.527 (0.014) 1.078(0.143) 6.732(0.009) 0.723 (0.013)  1.582 (0.034)

X-score 0.470 1117 0.702 0.764 1.667

TABLE I Benchmark: PDBBind 2007 Refined, Agglomerative Structure Split
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, (R —_ -
Medel Test R* Test & FX(R’ Test Pearson Test Spearman Test MUE

PotentialNet 8.629 (0.044) 1.576(0.053) 6.823(0.023) 6.805(0.019) 1.353(0.125)

Ligand-only PotentialNet  0.5300 (0.010) 1498 (0411 0.733(0.007y 0.726 (0.005)  1.700 (0.067)

RF-score 0.594 (0.005)  0.869(0.090) 0.779(0.003) 0757 (0.005)  1.54Z (0.046)

X-score 0.517 0.891 0.730 0.751 1.751

TABLE IV, Quantum Property Prediction with QMBS Dataset

Network Valid MAE  Test MAE

Spatial PotentialNet, Staged 0.0120 0.0118 (0.0003)
Spatial PotentialNet, SingleUpdate  0.0133 0.0131 (0.0001)
MPNN 0.0142 0.0139 (0.0007)
DTNN 0.0168 0.0163 (0.0010)

TABLE V. Toxicity Prediction with the Tox21 Dataset
Network Valid ROC AUC  Test ROC AUC

PotentialNet (.87% §$.857 (0.006)
Weave .852 0.831 (0.013)
GraphConv ~ 0.858 0.838 (0.001)
XGBoost 0.778 0.808 (0.000)

TABLE VI Solubility Prediction with the Delaney ESOL Dataset
Network Valid RMSE  Test RMSE

PotentialNet  0.517 6.490 (0.014)
Weave 0.549 0.553 (0.035)
GraphConv 1.721 0.648 (0.019)
XGBoost 1.182 (0.912 (0.O0%)

TABLE VII. Hyperparameters for PotentialNet neural networks
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Network Hyperparameter Name Symibol Possible Values

PotentialNet Gather Widths (Bond and Spatial) Joonds Fspatial {64, 128}

PotentialNet Number of Bond Convolution Layers bondy {i, 2}

PoteatialNet  Number of Spatial Convolution Layers  spatialy {1, 2,3}

PotentialNet  Gather Width Jeather {64, 128}

PotentialNet Number of Graph Convolution Layers K {1, 2,3}

Both Fully Connected Widths Hpmys OF WG (112832, 11, [128, 11, [64, 32, 11, [64, 1]]
Both Learning Rate - [ie-3, 2e-4]

Both Weight Decay - {0, le-7, 1e-5, 1e-3]

Both Dropout - {0.,0.25,0.4, 0.5]

{6119} These examples are offered to illustrate, but not to limit the claimed invention.

Molecular Dynarics with Spatial Graph Convolutions

[¢1208] While the neural network community invests increasing resources into generative mod-
els, such as gencrative adversarial networks (GANs) and variational autoencoders (VAEHs), the
natural sciences has been working on a family of gencrative models since the seventeenth cen-
tury: physics. Optical physics precludes the observation of real-time, atomic-resolution behavior
of biological macromolecules and the small molecule drugs that bind to them. While quantum
mechanics {QM) places fundamental limits on such experimental observation, knowledge of its
mathematical {ramework also confers the ability to theoretically model such atomistic behavior
with arbitrary degrees of precision.

16123] First Newtonian mechanics, predicated on three laws of motion and simple inverse-square-
law potentials, enabled incredibly precise predictions of the future positions of objects given initial
conditions. In the twentieth century, as measurement of micro- and nanoscale phenomena became
more prevalent, quantum mechanics was invented {o realize unprecedented accuracy in predicting
the long-term, if stochastic, behavior of subatomic, atomic, and molecular systems.

(6122} Molecular dynamics (MD) is a family of techniques that renders such theoretical tllumi-
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nation of molecules more computationally tractable than pure QM by making Newtonian approxi-
mations to the underlying Schrodinger equation. Two fundamental tradeoffs exist in the examina-
tion of molecular systems: the tradeoff between spatial and temporal resolution in the experimental
observation of molecules, and the tradeoff between the speed and accuracy of computational meth-
ods that explicitly model all atoms in a system. Molecular dynamics 1s a type of simulation that
uses Newtonian mechanics to approximale the more realistic yet slower-to-evaluate physical mod-
els embodied in quantum mechanics. Inaccuracies in molecular dynamics mainly stem from {orce
field ervor — inaccuracies in the potential energy function based on positions of the atoms in the
system — and from insufficient timescales of simulation.

16123] Systems and methods in accordance with several embodiments of the invention provide
frameworks for developing more accurate estimations of energy, and therefore of force field, for
molecular systems. Processes in accordance with a number of embodiments of the invention deploy
spatial graph convolutions to reparameterize the Assisted Model Building with Energy Refinement
(AMBER) functional form to more accurately represent the behavior of small organic molecules.
Processes in accordance with soroe erobodiments of the invention can automatically geverate new
parameters for any given query biomelecular system. {rom individual amino acids and bases {o
proteins and nucleic acids. In certain embodiments, processes can deploy graph convolutions to
train a new force field based on the AMBER functional form that has dommnated MD simulations
in recent decades. In a number of embodiments, deep neural networks (DNNs) can be utilized to
learn a new functional form that computes energy based on differentiable, learned atom types stem-
ming {rom fixed, simple initial featurizations and the dynamic relative positions of the atoms. In
certain embodiments, a potential energy function can be constructed and evaluated based on spatial
graph convolutions, such as those described above. Graph convolutional potential (GCP) models
in accordance with certain embodiments of the invention can be trained and evaluated on a dataset
consisting of high-level guantum mechanical calculations of energy for multiple conformers of a
set of small molecules. The gradient of this energy function as computed with backpropagation in

accordance with a variety of embodiments of the 1nvention can {orm the basis for even more ac-
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curate molecular dynamics simulations unconstrained by the inherent limitations of the AMBER
functional form.

[4124] The highly prevalent AMBER functional form is fit in the AMBER and CHARMM force
fields using a combination of quantum mechanical calculations, NMR, and other empirical data.

The functional form is described as below:

Vi)=Y k(1) + - Y ka(B-00)°
bonds angles
Z }: Vo [1 4 cos{nw —7v)] (16)
torsions % )
N roi 2 /’“Uii)w qiq; |
A —to 2 I
; L—;l [Ul K “ Tij ) B (\. Fij ’ 4”5“71'1

AT,

[0125] Thscalar output V (#V) is a potential energy that is a function of the positions of the atoms,
the “types” of atoms, and the parameters associated with those atoms and 2-tuples (bonds, van Der
Waals forces, electrostatic forces), 3-tuples (angles), and 4-tuples (dibedrals) thereof. In some em-
bodiments, a neural network is trained. Neural networks in accordance with several embodiments
of the invention can take as input initial feature tensors (x,A, R) and compute the parameters in
{16) to most accurately compuie potential energy, where x 1s an N % fi; matrix where each of the
N atoms is represented by a row vector of f;, features; A 1s an N X N X Ny, tensor of adjacency
matrices among N, edge types (bond types, noncovalent interactions, efc.), and K is an N X N
distance matrix.

[¢126] In certain embodiments, processes can derive dense, differentiable feature maps for each
atom analogous to the discrete “atom types” in traditional force fields. In some such embodiments,
a dataset (such as the ANI-1 dataset) can be utilized to fit a new AMBER-like force field (FF) that
applics the “featurization” {charges, equilibrium bond lengths, angles, dihedrals, and force con-
stants thereof) to amino acids and small molecules thereof based on its training on the dataset. The
recently published ANI-1 dataset comprises approximately 20 million total conformations spread
across approximately 60, 000 small organic molecules and associated encrgy values as computed

through density functional theory (DFT), a guantum chemistry method. In certain embodiments,

(9]
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force fields, either based strictly on a fully PotentialNet or graph convolutional potential or an AM-
BER functional form whose paramcters are derived from graph convolutions, can be trained with
data from Quantum Chemistry calculations (e.g., the ANI-1 dataset), NMR experimental data, etc.
For a given small molecule, x and A will be fixed but R will vary for cach conformer. Spatial graph
convolutions in accordance with many embodiments of the invention can learn atom-level featores,
where these atom-level features are continuous, differentiable analogs to the “atom types” common
in traditional force fields.
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, where g; = ChargeNN ( n’ "1 is a neural network that maps each row vector of atom-level
/
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features to single scalars representing point charges, |4, 4] = BondNN ( ht h}. bt ) isa
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neural network that maps concatenated 2-tuples of atom-level features to equilibrium bond lengths

{sparicl) | {sparicl) | {spatial) . ,
and force constants, [8;,%;] = Angle NN g\h‘ PABEL] Pty shanet } is a neural network that maps
J /

concatenated 3-tuples of atom-level features to equilibrium angles and force constants, a ncural
network that maps concatenated 4-tuples of atom level features to equilibriom dihedral angles,
frequencies and/or arophitudes, and a neoral network mapping concatenated 2-tuples of atom level
featores to the van Der Waals force. In essence, each parameter 1o the new AMBER-like force ficld
can be learned with neural networks based on atom features learned in the intermediate layers (or
equivalently, the last layer) of the spatial graph convolutions. In a variety of embodiments, discrete
edge types can be used with the spatial graph convolutions.

{6127} For new molecules not in the fraining set, processes in accordance with several embod-
iments of the invention can, in a single forward pass, input a fixed featurization x,A and output
the point charges and other parameters necessary to conduct MD simulation in a molecular dy-
namics simulation package, such as (but not limited to) OpenMM, AMBER, DESMOND, and
GROMACS. An additional computational step could be automated generation of a force field tile,

which is a relatively straightforward exercise.

Fully Graph Convolutional Potential

In many embodiments, systems and methods otilize an entirely new potential energy functional
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form trained end-to-end as a deep neural network predicated on a graph convolutional architecture.
in the graph theory literature, “node-level outputs”, which denote per-node scalars or vectors, are
distinguished from a “graph-level output,” which is a single scalar or vector that 1s a function of all
nodes and edges in the graph. In some embodiments, graph-level output can be achieved through

a “graph-gather” layer which is invariant to atom/node ordering:
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, where the final weight matrix W7C¢) has the same number of rows as the desired dimensionality
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of the final output AP
[0128] If the final output is a scalar value, and a spatial graph convolution model (or PotentiaiNet)
is trained with input molecular systems connected to energy values as a label, models in accordance

with some embodiments of the invention can be treated as a potential energy function:

&{x, A, R) = PotentialNet(x,A,R) (21)

[6129] Computation of the potential energy ¢(x,A,R) in accordance with several embodiments
of the invention requires, {or each graph convolutional layer, O(Nne,-gkbms “N-N pmmmm) calcu-
lations. Without neighbor histing, a technique used in the molecular simulation community, this
computational cost can chimb to Of N?.N pammmm), For each of the N atoms, one must compute
either Nyeionpors 10 the former case or N — 1 in the latter case feed forward neural networks to obtain
the overall message per graph convolutional layer.

[6138] The AMBER force ficld functional form has successfully enabled the elucidation of
biomacromolecular and small molecule dynamics, as well as the interaction between them. In
some embodiments, the computation of the total potential energy is calculated as the sum of the
AMBER functional form (with cither fixed or learnable parameters with GAFF as an initial goess)

with spatial graph convolutions (or PotentialNet):

O(x, A, R} = PotentialNet (x, A, R) + AMBER{bonds, angles, torsions) (22)

[6131) In some embodiments, a combination of the AMBER functional form and the spatial

graph convolutions (or AmberNet) is envisioned:

O(x,A,R) = PotentialNet (x,A,R) -+ AmberNet(x,A,R) (23)

[6132) In a number of embodiments, the total number of network parameters in such a hybrid

N . . N . . . {ar TA
can be reduced by sharing the intermediate layers that derive the atom features #7970
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{6133} Featurizing cach conformation of a molecule can entail {a) atom-level features, which
could be as simaple as one-hot features of cach clement and its hybridization type, (b) adjacency
tensor of bonds, and (¢) interatomic distances. In a number of embodiments, a neural network
regressor 18 trained based on PotentialNet to map the input x, A, and R of each conformer to
an energy. Cross validation strategies in accordance with several embodiments of the 1nvention
inclade, but are not limited to, random, temporal (if available), scatfold, and SMILES distance
agglomerative splitting. The aim here should be to achieve state-of-the-art energy estimates on par
with experimental or DFT error.

[3134] In some embodiments, after training PotentialNet(x, A, R} {e.g., with the ANI-1 and/or
other datasets that map conformers to energy values), the parameters of such a model can be fixed
to yield §(x,4,R).

[6135] In a Newtonian system, one can write the force on the atoms:

F ==V 0 a®(r,A4,R) (24)

Wl

[6136] In certain embodiments, the gradient V,, rm,é’ x,A,R} can be computed with the
backpropagation algorithm, implemented by nomerous deep neural network software packages.
Given input features x, input adjacency matrix A, and initial positions Kg, an initial estimate of
the energy @(X?A‘;RQ) can be obtained with a single forward pass of the network. Backpropaga-
tion would then vield first derivative 1information on the coordinates encoded in R. Subsequently,
the gradient information encoded in V§ can be used, in accordance with some embodiments of
the invention, to move the positions of the N atoms 5o as to reduce the energy ¢. While an in-
teratomic distance matrix R could be input as a feature, in a number of embodiments, the initial
three-dimensional positions x, y, 7 can serve as input features and R can then be eastly be computed
differentiably within the neural network. The gradient in accordance with many embodiments of
the invention can be used with some small step size to update the x,y,z positions of each atom.

Subsequently, in some embodiments, the gradient can be re-computed with the updated coordi-
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nates and resultant distance matrix Ry, Vi, ., -0(x, A, R;), the positions can be updated again,

and the process can iteratively continue until the computed forces V,, ‘r,,w’,.,\,)ib(.x.jA,R) fall below

a certain tolerance.
[6137] In a Newtonian system, one can write the equations of motion as:
.‘“/\/\)(i)‘iva? R:]

B ( S 5e0es {
O = - v {\25)
m "

[6138] Processes in accordance with many embodiments of the invention can propagate the po-
sitions of the atoms given some initial coordinates (and associated interatomic distance matrix Ry)
using a variety of methods, inclading (but not limited to) the velocity Verlet algorithm. Initial
velocities can be determined by a statistical mechanical technique such as (but not limited (o) the
Maxwell-Boltzmann distribution, whereas initial positions can be determined through a combina-
tion of crystallography and energy minimization. Energy mintmization in accordance with several
embodiments of the invention can be conducted with methods such as those described above. In
certain embodiments, a training dataset does not contain water molecules in different conformers
and it therefore can be desirable to add a TIP3P or similar potential to $(x, A, R) in (25).

01391 In numerous embodiments, it can be desirable {o conduct the first MDD simulations with a
GCP solely in dihedral space. It has been argued by some biophysicists that much of the biologi-
cally relevant dynamics of macromolecules stem solely from dihedral motions of rotatable bonds.
A dihedral, or torsion angle, is defined by the angle between the two plaves defined by a contigu-
ous series of four bonded atorns. There are multiple ways to constrain a molecular simulation to
dihedral space. First, in some embodiments, the gradient of the potential can be taken directly with

respect to the d dihedral angles &:

~

""V(Hh(éz./,.?()d)d?(;’chv ‘Rl\=

143

(26)

{014¢] In nwn, processes in accordance with some embodiments of the invention can compute

further derivatives to propagate the dihedral / internal coordinate space dertvatives to derivatives in
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terms of the raw x,y,z coordinates. One skilled in the art will recognize that there are numerous
methods for performing MD in dihedral space.

(6148} In various embodiments, either the fully graph convolutional energy from PotentialNet
or alternatively AmberNet can be used as the basis for a molecular docking energy function. In
numerous embodiments, by seeding a given conformation of a given higand 1n a certain orientation,
cither energy minimization or stochastic dynamic simulation can be ased to predict a global energy
minimum conformation, or docked pose, of the ligand in a receptor. As described above, different
vartants of PotentialNet can be used to predict the binding free energy / binding affinity / potency of
a given ligand-protein interaction. In some embodiments, processes can combine the purely graph
convolutional form of PotentialNet with an AmberNet like potential. By computing a binding
energy as

AG(x, A, R) = PotentialNet (x,A, R) + AmberNet (x,A,R) (27)

/

one could incorporate such concepts as conformational entropy, torsional strain terms, intramolec-
ular clashes, and other concepts from classical molecular docking approaches but derive those
parameters with deep neural networks. In numerous embodiments, graph convolutions can be a
natural functional form for computing a reaction coordinate to monitor and drive collective dy-
namics of a biomolecular system.

161421 Although the present invention has been described in certain specific aspects, many ad-
ditional 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:

I. A method {or predicting characteristics for molecules, wherein the method comprises:

performing a first set of graph convolutions with a spatial graph representation of a set of
molecules, wherein the first set of graph convolutions are based on bonds between the set of
molecules;

performing a second set of graph convolutions with the spatial graph representation,
wherein the second set of graph convolutions are based on at least a distance between cach atom
and other atoms of the set of molecules;

performing a graph gather with the spatial graph representation to produce a feature vector;
and

predicting a set of one or more characteristics {or the set of molecules based on the feature

vector.

2. The method of claim 1 further comprising receiving atomic information for the set of one or

more molecules,

3. The method of claim 1 further comprising building a spatial graph representation of the set of

molecules.

4. The method of claim 3, wherein building the spatial graph representation comprises
generating a distance matrix and an adjacency tensor, wherein the distance matrix denotes
distances between atoms of the set of molecules and the adjacency tensor indicates a plurality of

different edge types between atoms.

8. The method of claim 4, wherein the set of molecules comprises a ligand molecule and a
target molecule, wherein rows of the distance matrix are ordered by membership in the ligand and

target molecules.

6. The method of claim 1, wherein the bonds between the set of molecules comprise covalent
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bonds.

7. The method of claim 1, wherein the bonds between the set of molecules comprise at least one

of ® — 7 stacking, hydrogen bonds, and hydrophobic contact.

8. The method of claim 1, wherein the second set of graph convolations are further based on

bonds between the set of molecules.

9. The method of claim 8, wherein the first set of graph convolutions is based on a first set of the
bonds between the set of molecules and the second sct of graph convolutions is based on a second

set of the bonds between the set of molecules.

16. The method of claim 9, wherein the first set of bonds is a subset of the second set of bonds.

11, The method of claim 1, wherein performing the first set of graph convolutions comprises

performing a gated recurrent unit (GRU) operation at each layer of the graph convolutions.

12, The method of claim 1, wherein performing the first set of graph convolutions comprises
utilizing a first plorality of neural networks, wherein each neural network of the first plurality of

neural networks is used for a different bond type.

13. The method of claim 12, wherein performing the second set of graph convolutions
comprises utilizing a second plurality of neural networks, wherein weights for the first plurality of

neural networks are shared with the second plorality of neural networks.

14. The method of claim 12, wherein performing the second set of graph convolutions
comprises utilizing a second plurality of neural networks, wherein the neural networks of the
second plurality of neural networks utilize distance information regarding distances between

atoms of the set of molecules.

15. The method of claim 1. wherein the set of molecules comprises a ligand molecule and a

target molecule, wherein the graph gather is performed solely on the ligand molecule.
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16, The method of claim 1, wherein the set of characteristics comprises whether a first molecule

of the set of molecules binds with a second molecule of the et of molecules.

17. A method for training a spatial convolution graph model, the method comprising:

performing a first set of graph convolutions with a spatial convolution graph model of a set
of molecules, wherein the first set of graph convolutions are based on bonds between the set of
molecules:

performing a second set of graph convolutions with the spatial convolution graph model,
wherein the second set of graph convolutions are based on at least a distance between each atom
and other atoms of the set of molecules:

performing a graph gather with the spatial convolution graph model;

computing loss for the set of molecules based on the graph gather; and

updating the spatial convolution graph model based on the computed loss.

18. The method of claim 17 further comprising using layers of the spatial convolution graph
imodel to train a set of one or more neural networks to predict a set of one or more parameters for

a force field.

19. The method of claim 18, wherein the set of parameters 1s associated with a set of one or
more characteristics, wherein the set of characteristics include at least one of charges, bonds,

angles, and dibedrals.

20. The method of claim 18, wherein the spatial convolution graph model is a first spatial
convolution graph model, wherein the method further comprises: training a second spatial
convolution graph model to predict potential energy; and

predicting a potential energy of a molecular system based on the first and second spatial

convolution graph models.
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21, The method of claim 28, wherein training the secound spatial convolution graph model
comprises sharing a set of one or roore layers between the first and second spatial convolution

graph models.

22. The method of claim 18, wherein the force field is an Assisted Model Building with Energy

Refinement (AMBER) functional form.

23. 'The method of claim 17 further comprising using layers of the spatial convolution graph
model to train a set of one or more neural networks to predict a potential energy of an input

molecular system.

24. The method of claim 23 further comprising identifying a set of conformations of the set of

molecules by minimizing the potential energy predicted by the spatial graph convolution model.

258,  The method of claim 17 further comprising predicting motion of the set of molecules.

26. A system for predicting characteristics for molecules, comprising:
one or more processors that are individually or collectively configured to:

perform a first set of graph convolutions with a spatial graph representation of a set of
molecules, wherein the lirst set of graph convolutions are based on bonds between the set of
molecules;

perform a second set of graph convolotions with the spatial graph representation,
wherein the second set of graph convolutions are based on at least a distance between each atom
and other atoms of the set of molecules;

perform a graph gather with the spatial graph representation; and

predict a set of one or more characteristics for the set of molecules.

27. The system of claim 26, wherein the one or more processors are individually or collectively

configured to receive atomic information for the set of one or more molecules.
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28, The system of claim 26, wherein the one or more processors are individually or collectively

configured to build a spatial graph representation of the set of molecules.

298. The system of claim 28, wherein the spatial graph representation comprises a distance
matrix and an adjacency tensor, wherein the distance matrix denotes distances between atoms of
the set of molecules and the adjacency tensor indicates a plurality of different edge types between

atoms.

3¢. The system of claim 29, wherein the set of molecules comprises a ligand molecule and a
target molecule, wherein rows of the distance matrix are ordered by membership in the ligand and

target molecules.

31. 'The system of claim 26, wherein the bonds between the set of molecules comprise covalent

bonds.

32. The system of claim 26, wherein the bonds between the set of molecules comprise at least

one of ® — 1 stacking, hydrogen bonds, and hydrophobic contact.

33. The system of claim 26, wherein the second set of graph convolutions are further based on

honds between the set of molecules.

34. The system of claim 33, wherein the first set of graph convolutions is based on a first set of
the bonds between the set of molecules and the second set of graph convolutions is based on a

second set of the bonds between the set of molecules.

358, 'The system of claim 34, wherein the first set of bonds is a subset of the second set of bonds.

36. The system of claim 26, wherein the one or more processors are individually or collectively
configured to perform the first set of graph convolutions comprises: one OF MOTE PIrocessors are

individually or collectively configured to perform a gated recurrent unit (GRU) operation at each
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layer of the graph convolutions.

37. The system of claim 26, the one or more processors are individually or collectively
configured to perform the first set of graph convolutions comprises wilizing a fivst plarality of
neural networks, wherein each neural network of the plurality of neural networks is used fora

different bond type.

38, The system of claim 37, wherein the one or more processors are individually or collectively
configured to perform the second set of graph convolutions comprises the one or more processors
are individunally or collectively configured to utilize a second plurality of neural networks,
wherein weights for the first plurality of neural networks are shared with the second plurality of

neural networks.

3%, The system of claim 38, wherein the one or more processors are individually or collectively
configured to perform the second set of graph convolntions comprises the one or More processors
are individually or collectively configured to utilize a second plurality of neural networks,
wherein the neural networks of the second plurality of neural networks utilize distance

information regarding distances between atoms of the set of molecules.

46. The system of claim 26, wherein the set of molecules comprises a ligand molecule and a

target molecule, wherein the graph gather is performed solely on the ligand molecule.

41. The system of claim 26, wherein the set of characteristics cormprises whether a first

molecule of the set of molecules binds with a second molecule of the set of molecules.

42, A system for training a spatial convolution graph model, the system comprising:
one or more processors that are individually or collectively configured to:
perform a first set of graph convolutions with a spatial convolution graph model of a set
of molecules, wherein the first set of graph convolutions are based on bonds between the set of

molecules:

LAy
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perform a second set of graph convolutions with the spatial convolution graph model,
wherein the second set of graph convolutions arc based on at least a distance between cach atom
and other atoms of the set of molecules;

perform a graph gather with the spatial convolution graph model;

compute loss for the set of molecules; and

update the spatial convolution graph meodel based on the coroputed Joss.

43, The system of claim 42, further comprising, the one or more processors that are individually
or collectively configured to use layers of the network to train a set of one or more neural

networks to predict a set of one or more parameters for a force ficld.

44. The system of claim 43, wherein the set of parameters is associated with a set of one or
more characteristics, wherein the set of characteristics include at least one of charges, bonds,

angles, and dihedrals.

45, The system of claim 42, wherein the spatial convolution graph model 1s a first spatial
convolution graph model, wherein the system further comprises: the one or more processors that
are individually or collectively configured to train a second spatial convolution graph model to
predict potential energy; and predict a potential energy of a molecular system based on the first

and second spatial convolution graph models.

46. The system of claim 45, wherein the one or more processors that are individually or
collectively configured to train the second spatial convolution graph model comprises the one or
more processors that are individually or collectively configured to share a set of one or more

layers between the first and second spatial convolution graph models.

47. The system of claim 43, wherein the force field is an Assisted Model] Building with Energy

Refinement (AMBER) functional form.

48, The system of claim 42, further comprising the one or more processors that are individuoally

U
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or collectively configured to use layers of the spatial convolution graph model to train a set of one

or more neural networks to predict a potential energy of an input molecular system.

49, The system of claim 48, further comprising the one or more processors that are individually
or collectively configured to identify a set of conformations of the set of molecules by minimizing

the potential energy predicted by the spatial graph convolution model.

5¢. The system of claim 42, further comprising the one or more processors that are individuoally

or collectively configured to predict motion of the set of molecules.

S51. A method for predicting characteristics for molecules. the method comprising:

obtaining a representation of a set of molecules as a graph with N atoms and N, edge types;

performing a first set of graph convolutions with a graph representation of a set of molecules
with a subset of the N, edge types;

performing one or more additional sets of graph convolutions each with a subset of the N,
cdge types; and

performing a graph gather over a subgraph of the graph followed by further neural network

layers.

52. The method of claim claim 51, wherein the representation of the set of molecules further

comprises an NxN distance mairix.

53. The method of claim claim 81, whereio the N, edge types comprise at least one of bond

types, salt bridges. pi stacking, distance bins, a distance basis set, and raw distances.

54, The method of claim claim 51, wherein performing the first set of graph convolutions

compriscs incorporating information directly {rom the Nx/N distance matrix.

358, 'The method of claim claim 51, wherein performing the one or more additional sets of graph

convolutions is based on the NxN distance matrix.

A
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56. The method of claim claim 31, wherein the subgraph of a graph can be of one or more of the

molecules.

57. A system for predicting characteristics for molecules, the system comprising:
one or more processors that are individually or collectively configured to:

obtain a representation of a set of molecules as a graph with N atoms and N, edge
types;

perform a first set of graph convolutions with a graph representation of a set of
molecules with a subset of the N, edge types;

perform a set of one or more additional sets of graph convolutions cach with a subset of
the N, edge types; and

perform a graph gather over a subgraph of the graph followed by further neural

network layers.

58. The system of claim claim 57, wherein the representation of the set of molecules further

comprises an NxN distance matrix.

598, The system of claim claim 57, wherein the N,, edge types comprise at least one of bond

types, salt bridges, pi stacking, distance bins, a distance basis set, and raw distances.

6. The system of claim claim 57, wherein performing the first set of graph convolutions

comprises incorporating information directly {from the Nx/N distance matrix.

61, The system of claim claim 57, whercin performing the one or more additional sets of graph

convolutions is based on the NxN distance matrix.

62, 'The system of claim claim 57, wherein the subgraph of a graph can be of one or more of the

molecules.
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Group I: Claims 1-16, 26-41 is directed towards systems and methods for predicting characteristics for molecules, wherein the method
comprises: performing a first set of graph convolutions with a spatial graph representation of a set of molecules, wherein the first set of
graph convolutions are based on bonds between the set of molecules; performing a second set of graph convolutions with the spatial
graph representation, wherein the second set of graph convolutions are based on at least a distance between each atom and other
atoms of the set of molecules; performing a graph gather with the spatial graph representation to produce a feature vector; and
predicting a set of one or more characteristics for the set of molecules based on the feature vector.

Group II: Claims 17-25; 42-50 is directed towards systems and methods for training a spatial convolution graph model, the method
comprising: performing a first set of graph convolutions with a spatial convolution graph model of a set of molecules, wherein the first set
of graph convolutions are based on bonds between the set of molecules: performing a second set of graph convolutions with the spatial
convolution graph model wherein the second set of graph convolutions are based on at least a distance between each atom and other
atoms of the set of rnolecutes; performing a graph gather with the spatial convolution graph model; computing loss for the set of
molecules based on the graph gather; and updating the spatial convolution graph mode! based on the computed loss.

Group |ll: Claims 51-62 is directed towards systems and methods for predicting characteristics for molecules. the method comprising:
obtaining a representation of a set of molecules as a graph with N atoms and Net edge types; performing a first set of graph
convolutions with a graph representation of a set of molecules with a subset of the Net edge types; performing one or more additional
sets of graph convolutions each with a subset of the Net edge types; and performing a graph gather over a subgraph of the graph
followed by further neural network layers.

The inventions listed as Groups I-1Il do not relate to a single general inventive concept under PCT Rule 13.1 because, under PCT Rule
13.2, they lack the same or corresponding special technical features for the following reasons:

Special Technical Features:

Group | requires a systems and methods for predicting characteristics for molecules, performing a graph gather with the spatial graph
representation to produce a feature vector; and predicting a set of one or more characteristics for the set of molecules based on the
feature vector not required by groups !l and lil.

Group Il requires systems and methods for training a spatial convolution graph model, computing loss for the set of molecules based on
the graph gather; and updating the spatial convolution graph modei based on the computed loss., not required by groups | and Ill

Group Il requires systems and methods for predicting characteristics for molecules. the method comprising: obtaining a representation
of a set of molecules as a graph with N atoms and Net edge types; performing a first set of graph convolutions with a graph
representation of a set of molecules with a subset of the Net edge types; performing one or more additional sets of graph convolutions
each with a subset of the Net edge types; and performing a graph gather over a subgraph of the graph foliowed by further neural
network layers, not required by groups | and Il.

Shared Technical Features:

Groups I-1ll share the common feature of graph convolutions with a graph representation of a set of molecules. However, these shared
technical features do not represent a contribution over prior art, because the shared technical feature is anticipated by US 2016/0300127
A1 to Atomwise Inc(hereinafter Atomwise). Atomwise discloses a graph convolutions (para [0006], The Voxel maps are vectorized and
sequentially fed into a convolutional neural network. The convolutional neural network comprises an input layer, a plurality of individually
weighted, sequentially connected convolutional layers, and an output scorer and figure 4 showing a graphical representation of the
molecule as a schematic view of a geometric representation of input features in the form of a three-dimensional grid of voxels, according
to an embodiment) of molecules (para [0094], data representation may be encoded with the biological data in a way that enables the
expression of various structural relationships associated with molecules proteins for example).

Groups | and |l share the technical feature of performing a first set of graph convolutions with a spatial graph representation of a set of
molecules, wherein the first set of graph convolutions are based on bonds between the set of molecules; performing a second set of
graph convolutions with the spatial graph representation, wherein the second set of graph convolutions are based on at least a distance
between each atom and other atoms of the set of molecules; performing a graph gather with the spatial graph representation. However,
these shared technical features do not represent a contribution over prior art, because the shared technical feature is obvious over the
article 'Atomic Convolutional Networks for Predicting Protein-Ligand Binding Affinity' by Gomes et al.(hereinafter Gomes) in view of US
2002/0099506 A1 to Floriano et al.(hereinafter Floriano). Gomes discloses a technical feature of performing a set of graphical
convolutions(Abstract; general 3-dimensional spatial convolution operation for learning atomic-level chemical interactions), the
convolutions being are based on at least a distance between each atom and other atoms of the set of molecules(pg 2, para 3; The atom
type convolution makes use of a neighbor-listed distance matrix to extract features encoding local chemical environments from an input
representation); and performing a graph gather with the spatial graph representation(pg 6, Table 1 and 2 showing the graph gather of
data from various models to predict binding energy (listed as PDB Bind)). Gomes does not disclose two sets of graphical convolutions
being performed based on a set of molecules, where the convolutions are based on based on bonds between the set of molecules.
However, Floriano discloses a method for predicting ligand binding interactions (abstract, techniques for predicting binding sites of
ligands in proteins), that involves the structural modeling of both ligand (Figure 2 right hand side of the algorithm showing the generation
of binding configuration of ligands) and target protein site (Figure 2 left hand side of the algorithm showing the generation of binding site
configuration). As both Gomes and Floriano disclose methods for predicting protein ligand binding affinity; it would have been obvious to
a person having ordinary skill in the art to know that the molecular binding affinity prediction disclosed by Gomes can be applied to both
the target and a ligand as disclosed in Floriano through routine experimentation as it provides for better prediction when analyzing
interactions (Floriano, para [0007], designing new pharmaceuticals and understanding the interactions of proteins involved in microbial
pathogens).

As the shared technical features were known in the art at the time of the invention, they cannot be considered special technical features
that would otherwise unify the groups. Therefore, Groups I-lil lack unity under PCT Rule 13.
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