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Retrosynthesis Prediction System and Method using Graph Generative Models

STATEMENT OF GOVERNMENT SUPPORT

[0001]  This invention was made with government support under Grant No. IIS-2133650
awarded by the National Science Foundation. The government has certain rights in the invention.

RELATED APPLICATION

[0002]  This PCT application claims priority to, and the benefit of, U.S. Provisional Patent
Application No. 63/349,129, filed June 5, 2022, entitled “Retrosynthesis Prediction System and
Method using Graph Generative Models,” which is hereby incorporated by reference herein in its
entirety.

BACKGROUND

[0003] A time-consuming and costly step in drug development is the identification of
drug-like small molecules that display desired properties against a specific biomolecular
target and then the synthesis of such molecules if they do not exist. Retrosynthesis is a
procedure where such a desired molecule is transformed into potential reactants, and
thus, the synthesis routes are identified. The success and efficiency of retrosynthesis of
drug-like small molecules immensely impact the entire drug development process and
affect its success rate, costs, and speed.

[0004]  Current retrosynthesis analyses are primarily conducted by synthetic and
medicinal chemists based on their knowledge and experience, which could be limited or
susceptible to human error. Consequently, the planned synthetic routes may not be
diverse enough to cover novel, economical, or green reactions.

[0005]  Recent in silico retrosynthesis prediction methods (i.e., simulations) using
deep learning have enabled alternative computationally generative processes to
accelerate the conventional paradigm. These deep-learning methods learn from string-
based representations (SMILES) or graph representations of given molecules and can
generate possible reactant structures that can be used to synthesize target molecules,
leveraging the advancement of natural language processing, graph neural networks,

auto-encoders, and other techniques in deep learning.
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[0006] Nevertheless, they may consider only a limited number of structures of the
synthons to be completed, a limited set of reaction centers, a limited set of substructures
for attachment when completing synthons into reactants, or a limited set of
representation of the molecular product. In addition, current in silico retrosynthesis
prediction methods may generate too many results that may not be sufficiently diverse
from one another, thus providing a limited search of potential candidates.
[0007] There is thus a strong need and benefit to improving retrosynthesis
predictions of reactants that can be used in the synthesis of a target molecule.
SUMMARY
[0008] An exemplary retrosynthesis prediction method and system, e.g., for a semi-
template-based approach, are disclosed that imitates the reversed logic of synthetic
reactions: first predicting the reaction centers in target molecules (denoted herein by
“products"), identifies the fragments (denoted herein as “synthons") needed to assemble
the final products, and then transforms these synthons into reactants. The operation
facilitates step-wise interpretability. The exemplary retrosynthesis prediction method
and system can learn from molecular graphs that encode information most directly
relevant to synthetic transformations — considering not only the structures of the
synthons to be completed but also the structures of other synthons from the same
products so as to utilize their relations during reactions.
[0009] The exemplary retrosynthesis prediction method and system can employ
trained deep graph neural networks optimally configured to operate over molecular
graphs that can better capture the synthetic reactions of molecular structures. The
trained deep graph neural networks can be used to predict each type of the reaction
centers with high accuracies, e.g., by considering multiple reaction center candidates for
each product.
[0010]  The trained deep graph neural networks can learn from a plurality of
molecular graphs of molecular products and encodes their molecule structures most
indicative of multiple reaction center types. The trained deep graph neural networks can
operate over different molecular graph types, e.g., graphs having fragment information,

and using them in combination with molecular graphs in molecule structure learning.
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[0011] The exemplary retrosynthesis prediction method and system, when
completing synthons, may employ a holistic view of all involved synthon and product
structures, as well as their complementary relations, to identify an optimal completion
action. The exemplary retrosynthesis prediction method and system, via trained deep
graph neural networks, can evaluate a comprehensive set of reaction center types (e.g.,
covering 97.5%" of a given test data comprising a S0K™ database) and conform to
synthetic chemistry knowledge.

[0012] In addition, the exemplary retrosynthesis prediction method and system can
complete synthons by sequentially adding very small substructures (e.g., bonds and/or
rings) in addition to single atoms or bonds.

[0013] To limit the exhaustive, full-scale generation of all possible reactions, thus
facilitating scalability, the exemplary retrosynthesis prediction method and system may
be configured to prioritize the most possible reactions using a beam search strategy that
optimally prioritizes the most possible reactants along the synthon completion paths.
[0014] In an aspect, a method is disclosed to perform retrosynthesis to predict
reactants that can be used in a synthetic molecule model, the method comprising:
receiving, by a processor, the input molecule data structure represented as a graph data
object (e.g., a molecular graph model, a BRICS (associated with fragments determined
by Breaking-Retrosynthetically-Interesting-Chemical substructures fragmentation
algorithm) graph model, or a junction tree graph model); evaluating, by the processor,
the one or more graph data objects of the input molecule data structure, wherein
includes a set of sequences to: determine, by the processor, via one or more a trained Al
algorithm (e.g., neural network operations) applied via a training data set of molecule
data structures, for one or more reaction center types, a likelihood value that a given
bond of a plurality of assessed bonds or a given atom of a plurality of assessed atoms of
each of one or more graph data objects is likely a reaction center for a subsequent
synthesis (e.g., determining S°, S¢, and/or S as described herein), wherein the one or
more reaction center types include: 1) a first reaction center type associated with a new
chemical bond formation that is formed during a hypothetical reaction and exists in the

input target molecules but not in the output reactants molecules (i.e., BF-center); i1) a
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second reaction center type associated with an existing chemical bond in the input
molecule data structure being changed in type during a hypothetical reaction (e.g., due
to a gain or a loss of hydrogens; 1.e., BC-center); and/or 1i1) a third reaction center type
associated with an atom in the input molecule data structure connected with fragments
being removed during a hypothetical reaction without a new chemical bond being
formed or a type of the existing chemical bond being changed (i.e., A-center), wherein
the likelihood values of the plurality of assessed bonds of each of one or more graph
data objects are used in a selection of one or more reaction centers for the one or more
graph data objects to generate a plurality of intermediate molecular graph data objects
(e.g., synthon graphs; S° from BF-center, S°from BC-center, S*for A-center) each
having a modified chemical bond at the selected one or more reaction centers for the
one or more graph data objects, wherein one or more of the plurality of intermediate
molecular graph data objects with the modified chemical bond are attached to a
chemical fragment at the modified chemical bond to generate a completed reactant
graph, wherein the completed reactant graph is used to derive the synthetic molecule
model.

[0015] In some embodiments, the one or more of the plurality of intermediate
molecular graph data objects with the modified chemical bond are generated by
determining, by the processor, a likelihood of a neighbor bond type change for a given
reaction center.

[0016] In some embodiments, the likelihood of the neighbor bond type change for
the given reaction center is determined using a second trained Al algorithm (e.g., second
neural network, e.g., comprising a SoftMax operator) that learns for a given bond
structure and on a structure of the graph data objects (e.g., hp and bjj) of the training data
set of molecule data structures (e.g., via Equation 13).

[0017] In some embodiments, the one or more of the plurality of intermediate
molecular graph data objects with the modified chemical bond are generated by
determining, by the processor, a likelihood of an atom charge change for all the atoms
involved in a given reaction center and their associated neighboring bonds (e.g., for BF-

center).
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[0018] In some embodiments, the likelihood of the atom charge change 1s determined
using a third AI algorithm (e.g., third neural network, e.g., comprising a SoftMax
operator) that learns via training data set of molecule data structures (e.g., via Equation
16), for a given bond structure probabilities of accepting one electron, donating one
electron, or no electron change during a hypothetical reaction

[0019] In some embodiments, the one or more of the plurality of intermediate
molecular graph data objects with the modified chemical bond are generated by
iteratively attaching, by the processor, a chemical substructure to a given intermediate
molecular graph data object of the plurality of intermediate molecular graph data objects
based on a fourth train AI algorithm (e.g., fourth neural network, e.g., comprising a
sigmoid function, e.g., Equation 18) that learns for a given atom structure and on a
structure of the graph data objects (e.g., hp and hs) of the training data set of molecule
data structures.

[0020] In some embodiments, the step of iteratively attaching the chemical
substructure includes determining, by the processor, the likelithood values for inclusion
of one or more types of new substructure from a library of candidate substructures (e.g.,
set of vocabulary {z}) each comprising a bond or a ring structure, wherein the
likelihood values are determined using a fifth trained Al algorithm (e.g., fifth neural
network, e.g., comprising a SoftMax operator, e.g., Equation 20) that learns for a given
atom structure and on a structure of the graph data objects (e.g., hp and hs) of the
training data set of molecule data structures.

[0021] In some embodiments, the one or more graph data objects include a molecular
graph and a BRICS graph (e.g., associated with a Breaking-Retrosynthetically-
Interesting-Chemical substructures fragmentation algorithm).

[0022] In some embodiments, the one or more graph data objects include a molecular
graph and a junction tree.

[0023] In some embodiments, the selection of one or more reactions for the one or
more graph data objects includes generating, by the processor, a ranked list of candidate

reactant graphs; and selecting, by the processor, via a beam search, a pre-defined
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number of top reaction centers as the one or more reaction centers for the one or more
graph data objects to generate the plurality of intermediate molecular graph data objects.
[0024] In some embodiments, the likelihood value that the given bond of the
plurality of assessed bonds of each of one or more graph data objects is likely the first
reaction center type (BF-center) is determined based on a sixth trained Al algorithm
(e.g., sixth neural network), wherein the sixth trained Al algorithm learn (e.g., using
Equation 8), using the training data set of molecule data structures, based on a given
bond structure and on a structure of the graph data objects (e.g., hp and bjj).

[0025] In some embodiments, the likelihood value that the given bond of the
plurality of assessed bonds of each of one or more graph data objects is likely the
second reaction center type (BC-center) is determined based on a seventh trained Al
algorithm (e.g., seventh neural network), wherein the seventh trained Al algorithm
learns (e.g., using Equation 9), using the training data set of molecule data structures,
based on a given bond structure and on a structure of the graph data objects (e.g., hp and
bij).

[0026] In some embodiments, the likelihood value that the given atom of the
plurality of assessed atoms of each of one or more graph data objects is likely the third
reaction center type (A-center) is determined based on an eighth trained Al algorithm
(e.g., eighth neural network), wherein the eighth trained AI algorithm learns (using
Equation 10), using the training data set of molecule data structures, based on an atom
and a structure of the graph data objects (e.g., a; and hp).

[0027] In some embodiments, the input molecule data structure is evaluated along
with a plurality of input molecule data structures in a pipeline operation.

[0028] In some embodiments, the plurality of input molecule data structures has an
average molecule size between 20 — 500 atoms or rings.

[0029] In some embodiments, the input molecule data structure is of an existing
therapeutic molecule or a pharmaceutically active molecule.

[0030] In some embodiments, the chemical substructure is iteratively attached in a
ranked manner from the library of candidate substructures without any chemical rules or

templates imposed for the attachment (e.g., in a template-free manner).
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[0031] In some embodiments, wherein the input molecule data structure was
generated by molecule optimization evaluation for drug discovery analysis.
[0032] In another aspect, a system is disclosed comprising a processor; and a
memory operatively connected to the processor, the memory having instructions stored
thereon, wherein execution by the processor causes the processor to perform any of the
above-discussed methods.
[0033] In another aspect, a non-transitory computer-readable medium is disclosed
having instructions stored thereon, wherein execution by the processor causes the
processor to perform any of the methods of the above-discussed methods.

BRIEF DESCRIPTION OF THE DRAWINGS
[0034]  The skilled person in the art will understand that the drawings described

below are for illustration purposes only.

[0035] Fig. 1 shows an example retrosynthesis prediction system configured to
generate candidate reactants for a given target molecule in accordance with an
illustrative embodiment.

[0036] Fig. 2A shows an example operation of the retrosynthesis prediction system
of Fig. 1 in accordance with an illustrative embodiment.

[0037] Fig. 2B shows an example pipeline operation that integrated the retrosynthesis
operation with a molecular prediction in accordance with an illustrative embodiment.
[0038] Figs. 3A through 3G each shows example outputs of a retrosynthesis
prediction system employed in a study in accordance with an illustrative embodiment.
[0039] Fig. 3A through 3G present examples of the diverse reactions predicted by the
retrosynthesis prediction system of Fig. 1 in accordance with an illustrative
embodiment.

[0040] Figs. 4A, 4B, 4C, and 4D show experimental results showing performance of
various aspects of the retrosynthesis prediction system in accordance with an illustrative
embodiment.

[0041] Fig. 5 shows an example set of the substructures that may be used by the
exemplary completion module to complete synthons of the retrosynthesis prediction

system of Fig. 1 in accordance with an illustrative embodiment.
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DETAILED SPECIFICATION

[0042] Some references, which may include various patents, patent applications, and
publications, are cited in a reference list and discussed in the disclosure provided herein.
The citation and/or discussion of such references is provided merely to clarify the
description of the present disclosure and is not an admission that any such reference is
“prior art” to any aspects of the present disclosure described herein. In terms of
notation, “[n]” corresponds to the n' reference in the list. All references cited and
discussed in this specification are incorporated herein by reference in their entireties and
to the same extent as if each reference was individually incorporated by reference.

[0043] Example Retrosynthesis Prediction System

[0044] Fig. 1 shows an example retrosynthesis prediction system 100 configured to
generate candidate reactants for a given target molecule in accordance with an
illustrative embodiment. Fig. 2A shows an example operation 200 of the retrosynthesis
prediction system 100 of Fig. 1 in accordance with an illustrative embodiment. The
target molecule is likely to have a molecular weight of less than 1,000 Da. The
prediction system can be used to evaluate simple compounds, e.g., having 30 atoms or
complex compounds having 300-500 atoms.

[0045]  In the example shown in Fig. 1, the retrosynthesis prediction system 100
includes a reactant generation module 102 configured to receive the target molecule 104
(shown as product molecule “A,” 104) that can be represented in the form of i.e.,
generated into, graph generative models 106 (shown as product graph “G,,” 106a and
BRICS graph “gg ” 106b) to generate a set (N number of candidates) of candidate
reactant graphs (shown as candidate reactant graphs “{G, ;};=;” 108).

[0046] In the example shown in Fig. 1, the reactant generation module 102 includes a
reaction center identification module 110 and a synthon completion module 112. Table
1 shows an example algorithm implementation for the reactant generation module 102.

Table 1
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Algorithm A1 G?Retro

Require: M, = (G, Gp 3 K, N, maxSteps

> predict top-K synthons

10 {8k Ge b by = G Retro-RCHG,, G Jp K)

> predict top-N reactants
2 AGritiy GQR&‘*O SC(Gp, {51, Gs . hrooq. N, maxSteps)
3. return {gm A

[0047] As shown in the example, the reactant generation module 102 is configured to
invoke two main algorithm function calls (“G’Retro-RCI” (e.g., 110) and “G’Retro-SC”
(e.g., 112)) that operate on molecular graphs (e.g., product graph “G,,” 106a and BRICS
graph “GJ” 106b, and/or other graphs described herein). The reaction center
identification module 110 (e.g., per algorithm function call “G*Retro-RCI”) is
configured to generate a set of candidate synthon graphs along with a corresponding set
of log-likelihood scores sx for them (log-likelihood function refers to a maximum
likelihood estimator of a parameter). The reaction center identification module 110
(e.g., per algorithm function call “G’Retro-RCI”) then selects the top-K predicted
synthons 114 (shown as synthon graphs “{G ; }<_,” in {sy, Gs x}K_; 114) based on the
log-likelihood scores sk 115, where {G  Jx, refers to a set of K number of top synthon
graphs, indexed by the value k). The K parameter 116 defines the size of the top
predictions, i.e., top-K, to be generated.

[0048] The synthon completion module 112 (e.g., per function “G?Retro-SC”) is
configured to generate a set of top-N reactants (e.g., “{G,;}1-,” 108, shown as 108”)
using the generated top-K predicted synthons (e.g., “{Gs x}h—,” shownin 114), e.g.,
generated from the RCI module 110 where {G, ;}_, refers to a set of N number of top
reactant graphs, indexed by the value 7). The N parameter 118 defines the size of the top

predictions, i.e., top-N, to be generated, the maxsteps parameter 120 refers to the
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number of iterative steps that the synthon completion module 112 can perform to
generate the product reactants, and G, 106a’ refers to the product graph (e.g., 106a).
[0049] Example Reaction Center Identification (RCI) Operation and Module

[0050] The reaction center identification module 110 (e.g., per algorithm function
call “G*Retro-RCI”) is configured to identify the reaction centers to generate a set
(shown as “{sy, G x}k_1") of candidate synthon graphs along with a corresponding set
of log-likelihood scores (e.g., st 115) for them and then selects the top-K predicted
synthons (e.g., { Gsx}x_; shownin 114).

[0051] The reaction center identification module 110 may employ graph-based
neural networks that can learn from one or more molecular graphs of a given target
product. Each of the molecular graphs can encode the molecule structures in different
representation (e.g., product graph “G,” 106a and BRICS graph “g,? ” 106b, and/or other
graphs described herein) to facilitate a multi-path operation for the identification of the
reaction center types. The different molecular graphs, when applicable, can be
employed to capture the molecular structures from different representations, which can
assist in the determination of the candidate synthesis reactants that optimize their
synthesis feasibility. For example, in some embodiments, the molecular graphs include
a molecular graph representation (e.g., product graph “G,,” 106a). In other
embodiments, the molecular graphs include a molecular representation based on the
BRICS model (e.g., BRICS graph “G5” 106b) that can represent a molecule in terms of
fragments. A “fragment” refers to a minimum standard group of atoms that can
substitute for an atom or bond in a given molecule. Fragments do not appear in nature
and are a lexicon construction to classify such minimum standard groups of atoms. In
contrast, a “synthon” refers to a hypothetical unit within a target molecule that
represents a potential starting reagent in the retroactive synthesis of that target molecule.
[0052]  In the example shown in Fig. 1, the retrosynthesis prediction system 100
includes a graph representation learning module 122 (shown “Graph Representation

Learning, G’RetroEncoder” module 122) that employs deep neural networks configured
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to predict for each type of the reaction centers with high accuracies (later discussed
herein).

[0053] The reaction center identification module (e.g., 110) is configured to (1) use or
invoke learning for molecule representation, (i1) select the top-K reaction centers for the
set of assessed reaction centers (e.g., bond formation center (“BF-center”), bond type
change center (“BC-center”), atom reaction center “A-center,” or a combination there,
e.g., multiple new bond formation centers and/or centers having multiple bond type
changes, etc.), (ii1) select the top-K reaction centers among the set of evaluated assessed
reaction centers, and (iv) generating the top-K predicted synthons (e.g., { Gsx 15—,
shown in 114) by converting the intermediate products from the assessment to synthons.
[0054]  The bond formation center (BF-center) refers to a new bond b;; that can be
formed across the reactants during the reaction but does not exist in the reactants. The
bond type change center (BC-center) refers to an existing bond b;; in a reactant whose
type can change during the reaction due to the gain or loss of hydrogens, while no other
changes (e.g., new bond formation) happen. The atom reaction center (A-center) refers
to an atom in a reactant from which a fragment is removed during the reaction without
new bond formation or bond type changes. From a conducted study, based on a given
set of training data sets derived from a database, it was observed in the study that these
three types of reaction centers cover 97.7% of the training set, while the remaining 2.3%
of the reactions in the training data involve multiple new bond formations or bond type
changes.

[0055] Nomenclatures. A synthetic reaction can involve a set of reactants {M,.} and a
product molecule M,, (interchangeably referred to as a target molecule) that is
synthesized from the reactants or catalysts [2]. Each reactant M, has a corresponding
synthon M; representing the substructures of M, that appear in product molecule M,,.
The product molecule M), can be represented using a product-molecule molecular graph
G} denoted as G = (A, B), where atom set A is the set of atoms {a;} in the product
molecule M, , and bonds B is the set of corresponding bonds {b;; }, where b;; connects

atoms a; and a; . The set of the reactants {M,.} or the set of synthons {M,} of the
i j r
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product molecule M, can be represented using only one molecular graph, the reactant
molecular graph G or synthon molecular graph G, respectively. The reactant
molecular graph GM and the synthon molecular graph G could be disconnected, with
each connected component representing one reactant or one synthon. The superscript M
is not shown when there is no ambiguity as it indicates molecules.

[0056] Table 2 shows a summary of a set of notations.
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Table 2

Notation Meaning

M,/ M:/M, reactant/synthon/product molecule

G=(AB) molecular graph with atoms 4 and bonds B

) an atom in G

i a bond in G connecting o; and a

G% = (V,&) BRICS graph with BRICS fragments V' and edges £

g

n a BRICS fragment in GF

Eage an edge connecting two BRICS fragment

X a feature vector for an atom or a bond

Cer a set of bonds neighboring the bond formation center
Ca a set of atoms within the reaction center

z a substrueture used to complete synthons into reactants
VA a vocabulary with all the substructures in the dataset

[0057]  For synthon completion, a substructure z as a bond (i.e., z = b;;) or a ring
structure (i.e., z = {b;j|a;, a; € a single or polycyclic ring}) can be defined as 1s used to
complete synthons into reactants. A substructure vocabulary Z = {z} can be constructed
by comparing reactant graphs G,.’s and their corresponding synthon graphs G, s in a
training data set, all the possible substructures can be extracted from their differences.
[0058] The Breaking Retrosynthetically Interesting Chemical Substructures (BRICS)
fragmentation model [38] can break synthetically accessible bonds in a product
molecule M), following a set of fragmentation rules. Product molecule A/, can be
represented as a BRICS graph G, = (V, €), where each node #n. € V represents a
BRICS fragment with all the atoms and bonds belonging to it, € includes synthetically
accessible bonds (€ tend to be the reaction centers), and each edge e.» € £ corresponds
to a bond b;; that connects two BRICS fragments 7, and mv (1.e., a;€ n. and a; € mv). In
the dataset, two BRICS fragments may be connected through only one bond. Compared
to product-molecule molecular graph Qg’ , BRICS graph Qﬁ incorporates fragment-level

structures of the product molecule M,,. For simplicity, when no ambiguity arises, we
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omit the super/sub-scripts and use molecular graph G or BRICS graph GJ to represent
GM or G5, respectively.
[0059] Table 3 shows an example algorithm implementation for the reaction center

identification module 110.

Table 3

Algorithns A2 &'Reyo-RU

b N e
SR &§s&3§§:}i\. ule represantations

{ 4 <\< }\ w {3 Q{“?{ geprenderd Ln . \3 \‘

E~ quation 10}

i wi R0t m;w‘s A Ceners
ey W A- center, \\a (iz

§<>§;\§\ mmi Lqer

N

1 update thelr log-lkelihoods
:
¥

[0060] Inthe example, the reaction center identification module 110 is configured to
invoke six algorithm function calls: (1) the “G2Retro-encoder” algorithm (Table 3, line
1) to perform learning for molecule representation (e.g., on product graph G,, 106a and
BRICS graph “G; B> 106b), (ii) three algorithm calls (Table 3, lines 2, 3, 4) to select the
top-K reaction centers for the set of assessed reaction centers (e.g., “BF-center,” “BC-
center,” and “A-center”), (ii1) an algorithm call (Table 3, line 5) to select the top-K
reaction centers among the set of evaluated assessed reaction centers, and (iv) the
“G®Retro-p2s-T” algorithm call (Table 3, line 6) to generate the top-K predicted

synthons (e. g., {gs,k}’;zl shown in 114) by converting the intermediate products from

the assessment to synthons.
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[0061] A. Molecule Representation Learning

[0062] The graph representation learning module 122 may employ deep neural
networks to establish learning to predict the types of the reaction centers for a given
product molecule. The graph representation learning module 122 may be connected to a
data store 123, e.g., housing a set of molecule databases such as the USPTO-50K
database described in Yan et al. [12] or other databases described herein.

[0063] The learning per module 122 using the data from data store 123 can be
subsequently used in the reaction center identification 110 to predict and break a
molecular product at the reaction centers. In the example shown in Fig. 1, for a given
product molecule M,,, the graph representation learning module122 is configured to
learn atom representations over the molecular graph G using message-passing networks
(MPN) 124 (shown as “G*Retro (GMPN)” 124a). For a given product molecule M,
the graph representation learning module (e.g., 122) may also learn the representation of
the BRICS fragments over the BRICS graph GZ (for BRICS fragments) using message
passing networks 124 (shown as “G’Retro-B (FMPN)” 124b).

[0064] Table 4 shows an example of the G’RetroEncoder graph representation

learning module (e.g., 122).

SUBSTITUTE SHEET (RULE 26)



PCT/US2023/017546

WO 2023/239443

16

{5 uorysnb

™

y w..m.,.ﬁam. m _smw HINGsI ‘g

{1 uoryenbsy} sBUIPPaGIIL PUOG 33B[ID[BD <

1 puo

i) Buppsquo suswiden) SOTHE S YA wogs yose Jo Juppoquus oy eyepdn <

{({*e} ,BH)NdnNg = {0}
WS GO o8t J1

(¢ nonenbsy) Furppequs ydeidd o1 938[NoBo <
(BINdWD = {*e} 1

SBUIPPOQUIS WOTR 81B[TO]EY <

g5 'H eambay

IDPOOUS-0IIBY D §V WISy

¥ 2lqe L

SUBSTITUTE SHEET (RULE 26)



WO 2023/239443 PCT/US2023/017546
17

[0065] Inthe example, the graph representation learning module 122 is configured to
(1) calculate atom embeddings (Table 4, line 1), (ii) calculate the BRICS graph fragment
embeddings (Table 4, lines 2-6), and calculate the bond embeddings (Table 4, line 7) to
generate a set of atom embeddings {a;} in the product molecule M), and a set of
corresponding bond embeddings {b;}, where b; connects atoms a; and a;. The
parameter h is the sum of all the atom embeddings.

[0066] Another graph representation, junction tree model graphs, may be used in
message-passing networks (TMPN); in an alternative to BRICS fragments. Further
description of TMPN is provided in Chen et al. [36].,which is incorporated by reference
herein in its entirety.

[0067] Atom Embedding over Molecular Graphs (GMPN): To calculate the atom
embeddings, e.g., per Table 4, line 1, The “G’Retro (GMPN)” graph representation

learning module 122 may be configured to learn atom embeddings to capture the atom
types and their local neighborhood structures using message passing networks (MPN)
by passing messages along with bonds in a given molecular graph (e.g., product
molecule graph G,, and synthon graph G5). In MPN, each bond 5; may be associated

©

with two message vectors m; and mji. The message m;;” at t-th iteration may encode

the messages passing from a; to a@;, per Equation 1:

m{; = WEReLU(Wsx; + Wixy; + W Z m{ ™)
apeN(ap\laj}
(Eq. D
[0068] where X; is the atom feature vector, including the atom type, valence, charge,
the number of hydrogens, whether the atom is included in a ring, and whether the ring is

aromatic; X;; 1s the bond feature vector, including the bond type, whether the bond is

conjugated or aromatic, and whether the bond is in a ring; W*’s (i=1, 2, 3, 4) are the

learnable parameter matrices. The initial message mg-)) may be initialized with the zero

vector; NV'(a;) is the set with all the neighbors of ai (i.e., atoms connected with a/); and

ReL U is the activation function. The message mg) can capture or represent some

aspects the structure of 7-hop neighbors passing through the bond b;; to a;, by iteratively
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aggregating the neighborhood messages m,(cti_l). With the maximum f, iterations, the

atom embedding a;may be derived per Equation 2:

(1.t

= U%ReLU(U%x; + U¢ z m,; )y

areN (a;)
(Eq. 2)
[0069] where m,(c *a) denotes the concatenation of {m, )|t e [1:t,]} Uf’s (1=1,2,3)
are the learnable parameter matrices. To calculate the graph embeddings (Table 4, line

2), the embedding h of the molecular graph G may be calculated by summing over all
the atom embeddings per Equation 3:

h:Za

a;€G
(Eq. 3)
[0070]  The product molecule embedding h,, is generated from the product molecular

graph G,,, and the synthon embedding h; 1s generated from the synthon graph Gj.

[0071]  BRICS Fragment Embedding over BRICS Graphs (FMPN): To calculate the
graph embeddings (Table 4, lines 3-6), G*Retro-B graph representation learning module
122 may be configured to generate BRICS fragment embeddings by passing the
messages along with the connections over BRICS fragments in the BRICS graphs

G5, e.g., in a similar way as for atom embeddings over molecular graphs Gp.

Specifically, each edge e, in the BRICS graphs G® is associated with two message

©

vectors e,,,, and e,,,,. The message e,;, at 7-th iteration may be updated per Equation 4:

el = WEReLU(WEs, + WSy, + WE Z ell=1y
Ny EN (ny)\(ny}
(Eq. 4)
[0072]  where s, = Y 4.cn, Q; is an aggregation of the embeddings of all the atoms

within the fragment ».; §,, = @; is the embedding of atom «; in fragment »., that is

included in the edge e,,,; W’s (i=1, 2, 3, 4) are the learnable parameter matrices; and

() ©

the initial message e,;; is initialized with a zero vector. The message e,,;, may encode
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the information passing through the edge e, ,to n,,, and thus is used to further derive the
embedding of fragment n, per Equation S:
n, = USReLU(USs, + US Z elL-t)
NwEN (ny)
(Eq. 5)

[0073] where e&}]’,"te) denotes the concatenation of {e‘% [t e [1:t,]}; Uf’s (i=1,2,3)
are the learnable parameter matrices. With G2, G’Retro-B graph representation learning
module 122 can enrich the representation of atom a; with the embedding n,, of the
fragment that a; belongs to.
[0074]  The enriched atom representation may be denoted as Equation 6:

a;=V(a; ®n,) (Eq. 6)
[0075]  where V' 1s a learnable hyperparameter matrix; @ represents the concatenation
operation,

[0076] Example Reaction Center Prediction Operation and Module

[0077] Referring back to the example algorithm for the reaction center identification
module (e.g., 110), following the learning for molecule representation, the algorithm
function calls: (1) the three algorithm calls (Table 3, lines 2, 3, 4) (e.g., per Module 125)
to select the top-K reaction centers for the set of assessed reaction centers (e.g., “BF-
center,” “BC-center,” and “A-center”), then (i1) an algorithm call (Table 3, line 5) to
select the top-K reaction centers among the set of evaluated assessed reaction centers,
and then (iii) the “G?Retro-p2s-T” algorithm call (Table 3, line 6) to generate the top-K
predicted synthons (e.g., shown in 114) by converting the intermediate products from
the assessment to synthons. The various reaction center modules 126, 128, 130 are
trained via a neural network 131 (shown as “RC Score Training” 131).

[0078] The RC Score Training module 131 may be connected to a data store (shown
as 135), e.g., housing a set of molecule databases such as the USPTO-50K database
described in Yan et al. [12] or other databases described herein. The data stores 135 and
123 may be the same.

[0079]  Reaction Centers with New Bond Formation (BF-center): To calculate the

bond embeddings, e.g., per Table 4, line 7, to generate a set of atoms {a:} in the product
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molecule M, and a set of corresponding bonds {b;; }, where b;; connects atoms a; and
a;, following Somnath et al. [7], the reaction center score training module 131 may
derive the bond representations per Equation 7:

by = UPReLU (U2x;; + UL (a; +a;) + UL Abs(a; — a;)) (Eq. 7)
[0080] where Abs(-) represents the absolute difference; U?’s (i=1,2,3,4) are the
learnable parameter matrices. The graph representation learning module 122 may use
the sum and the absolute difference of embeddings of the connected atoms to capture
the local neighborhood structure of bond b;;. Meanwhile, the two terms are both
permutation-invariant to the order of a; and a;, and, together, can differentiate the
information in a; and a;. In the case of G’Retro-B, the bond representations may be
derived by replacing the atom embeddings a; and a; with the enriched atom
representations a; and a; calculated as in Equation 6.
[0081]  With the determined bond representation, the reaction center identification
module 110 (per Module 126) may calculate a score (to select the top-K BK-centers per
Table 3, line 2) for each bond b;; using Equation 8:

s”(by) = q"ReLU(Q7by; + Q5hy,) (Eq. 8)

[0082]  where h,, is the representation of the product graph G,, calculated as in
Equation 3; q” is a learnable parameter vector and Q¥ and Q% are the learnable
parameter matrices. The reaction center identification module 110 can measure the
likelihood the bond b;; is a BF-center by evaluating the bond itself (i.e., b;;) and the
structure of the entire product graph (i.e., hy,). The reaction center identification module
110 may score each bond in M,, and select the most possible BF-center candidates {b;; }
with the highest scores. The reaction center identification module 110 may break each
product at each possible bond reaction center into synthons, and thus can generate
multiple possible reactions.
[0083]  To learn the learnable parameter vectors and matrices, Q2, Q% , and q?, the

reaction center identification module 110 employs the neural network training module

131.
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[0084] The function “findCenter” for BF-centers (Table 3, line 2) may be defined per
Equation 8 using the set of the most possible BF-center candidates {5;} and the product
molecule embedding h,,. The function “top” can rank and select the top number of K
results from the scored output of the findCenter function to provide the top-K selected
set of scores {Sb(bij)}K (shown as 126’) and the corresponding bond b;;.

[0085]  Reaction Centers with Bond Type Change (BC-center): For reaction center

associated with bond type change without new bond formations, the reaction center
identification module 110 (per Module 128) may calculate (to select the top-K BC
centers per Table 3, line 3) a score vector s¢ € R'3 for each bond b; jin M, per
Equation 9:

s(b;)) = QfReLU(QSby; + Qshy,) (Eq. 9)
[0086] where Qf’s (i=1,2,3) are the learnable parameter matrices. Each element in
the score vector s¢ may represent if b; is the BC-center, the score of b;'s original type in
G, being single, double, and triple bond, respectively. The element in the score vector s°
corresponding to bij's types in the product molecule graph G,, may be reset to “0” (i.e.,
the bij's type has to be different in the reactant graph §,- compared to that in product
molecule graph G,). Subsequently, the reaction center identification module 110 may
select the most possible BC-center candidates {b;} and their possible original bond
types scored by the s°(:). The reaction center identification module 110 may then change
the corresponding bond type to construct the appropriate synthons.
[0087]  To learn the learnable parameter matrices, Qy, the reaction center
identification module 110 employs the neural network training module 131.
[0088]  The function “findCenter” for BC-centers (Table 3, line 3) may be defined per
Equation 9 using the set of the most possible BC-center candidates {b;} and the product
molecule embedding hp. The function “top” can rank and select the top number of K
results from the scored output of the findCenter function to provide the top-K selected
set of BC-center scores {S,ﬁ (bi ])}K (shown as 128’) and the corresponding bond b;;.

[0089]  Reaction Centers with Single Atoms (A-center): As part of the analysis to

select the top-K reaction centers for the A-center reaction center, the reaction center
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identification module 110 may determine a center score for each atom a: in a product
molecule M) per Equation 10:

s*(a;) = q“ReLU(Q{a; + Q%h,,) (Eq. 10)
[0090] where g% is a learnable parameter vector, and Qf and Q% are the learnable
parameter matrices. The reaction center identification module 110 may select the set of
atoms {a} in the product molecule M,, with the highest scores as potential A-center's.
In the synthon completion operation, the new fragments may be attached to the atom
reaction centers.
[0091] To learn the learnable parameter vectors and matrices, Qf, Q% , and g, the
reaction center identification module 110 per the neural network training module 131
can per a minimization operation of a cross-entropy loss per Equation 11, e.g., in
combination with the BF-center, A-center, and BC-center score training.
[0092]  With the scores of the three types of reaction centers, the training module 131
can minimize the cross entropy loss of Equation 11 to learn the scoring functions, e.g.,

for Equations 8, 9, and 10:
3
L= - Z (Yibjlb(bij) + Z Hk(yfj)l,i(bi,-)) - Z yil(a)
b;;EB k=1 ajjeA
(Eq. 11)
[0093]  where y'(x = a, b, ¢) is the label indicating whether the corresponding
candidate is the ground-truth reaction center of type * (y* = 1) or not (y* = 0); I,,(x) is
an indicator function (I,(x) = 1 if x = £, 0 otherwise), and thus ]Ik(yf]-) indicates
whether the ground-truth bond type of b;is &k or not (k=1, 2, 3 indicating single, double
or triple bond); and [*(") (* = a, b, ¢) is the probability calculated by normalizing the
score s'(+), that is, I*(-) = exp(s"(-))/A, where A = Zbijeg(exp(sb(bij)) +
Ya_1exp(si(hi))) + Taen exp(s®(a)) (15 (x) = exp(si(x)) /4).
[0094]  The function “findCenter” for A-centers (Table 3, line 4) may be defined per
Equation 10 using the set of the most possible A-center candidates {a;} and the product

molecule embedding hy,. The function “top” can rank and select the top number of K
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results from the scored output of the findCenter function to provide the top-K selected
set of A-center scores {s%(a;)} (shown as 130°) and the corresponding atom a;.

[0095]  Select Reaction Center Top-K: Following the calculation of the top-K reaction

centers for each reaction center type, the reaction center identification module 110 is
configured, e.g., per Module 132, to then select the top-K reaction centers. In Table 3,
line 5, the function “top” can rank and select the top number of K results ({sy, Cx}X_,)

from the previously calculated top-Ks, e.g., top-K selected set of scores

{Sb(bij)}K(l26’),the top-K selected set of BC-center scores {S,ﬁ(bij)}K (128), and top-
K selected set of A-center scores {s®(a;)}"* (130’) and associated intermediate results.

[0096] Product-Synthon Transformations (P25-7): Following the selection of the

top-K reaction centers and associated intermediate results (e.g., {C;}k_, shown in 133),
the reaction center identification module 110 per the product-synthon transformation
module 134 is configured to convert if needed, the top-K intermediate products to a set
of synthons (e.g., {gs,k}’k{:l shown in 114), e.g., to be used by the synthon competition
module 112,

[0097] Table 5 shows an example implementation of the product-synthon
transformation module (e.g., 134). The product-synthon transformation module (e.g.,
134) is configured to transform the format of the top-K intermediate products generated
in the prior analysis to synthon graphs. The product-synthon transformation module
(e.g., 134) can update the scores and/or selected top-K intermediate products by
accounting for bond type change when evaluating reaction centers with new bond
formations (BF-centers) and/or account for atom charge change when evaluating
reaction centers with fragments removed without new bond formation or bond type

changes (A-centers).
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[0098] In the example of Fig. 1 and Table 5, the product-synthon transformation
module 134 is configured to (i) update the scores for selected top-K intermediate
products involving BF-centers by predicting the bonds for a given induced type change
(Table 5, lines 2-6) and (i1) update the scores for selected top-K intermediate products
involving BF-centers, BC-centers and A-centers by predicting atoms with charge
changes (Table 5, lines 7-9). In one implementation, the product-synthon
transformation module 134 (i) invokes a BF-Center Induced Bond Type Change
Prediction (BTCP) module 136 to predict the bonds for a given induced type change,
and (ii) invokes an atom charge prediction (ACP) module 140 to predict the atoms with
charge changes.

[0099]  BF-center Induced Bond Type Change Prediction (BTCP): To take into
account scenario in synthetic reactions in which new bonds could induce the changes of
neighbor bonds, the reaction center identification module 110 per the BTCP module 136
(e.g., executed by the function, per Table 5, line 3, to add predicted bonds with type
changes into the reaction center) may be employed to determine a likelihood that the
types of bonds neighboring the BF-center could change during a given reaction. Given

the BF-center b;;, the BF-center neighbor bonds Cyp for a set of the bonds neighboring

j
b;j can be determined per Equation 12

Cor = {buclar € N@\{aj}} U {bula € M(ap\fas}} (Eq. 12)
[0100] The BTCP module 136 may determine a probability distribution f? € R**
for each neighboring bond in Cgp, denoted as by, € Cg , per Equation 13:

f°(bi/ ) = softmax(VPby jx + VIb;; + VFhy,) (Eq. 13)

[0101]  where f? is the probability distribution, V?’s (i=1,2,3) are the learnable
parameter matrices. The first element f” in f? represents the likelihood the b; /jk type is
changed during the reaction (It is determined as type change if f? is not the maximum in
f?), and the other three represent the likelihood that the original b; /jk 1n the reactant is a
single, double, or triple bond, respectively (these three elements are reset to 0 if by, i,
type is predicted unchanged). The BTCP module 136 may measure the neighbor bond
type change by evaluating the neighbor bond itself (i.e., by, ), the BF-center (i.e., b;;),
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and the overall product (i.e., h,) (e.g., in the “BTCP” function of Table 5, line 3). The
reaction center identification module 110 may employ the BF-center neighbor bonds
Cgr determination to update the synthons G, e.g., to change the neighboring bonds of
the BF-center to their predicted original types during the later phase of the synthon
generation.

[0102]  To train the learnable parameter matrices V?'s of the BTCP module 136, the
product-synthon transformation module 134 may include a neural network training
module 141 (shown as “Charge Change Training” module 141).

[0103] The BTCP module 136 may join (e.g., per Table 5, line 4) the predicted bonds
with the induced bond types to the selected top number of K results C,. The BTCP
module 136 may update (e.g., per Table 5, line 5) the log-likelihood score s, for the
selected top number of K results Cy.

[0104] To learn the learnable parameter matrices, V?'s (i=1,2,3), the BTCP module
136 per the neural network training module 131 can learn the predictor f?(+) for
neighbor bond changes (Equation 13).

[0105] Atom Charge Prediction (ACP): To take into account scenario in synthetic

reactions in which an atom charge change occurs when a fragment is removed without
new bond formation or bond type changes, the reaction center identification module 110
via the Atom Charge Prediction (ACP) module 140 predicts whether the charge of a;
remains unchanged in reactants for all the atoms a; involved in the reaction center (BF-
center, BC-center or A-center) or BF-center changed neighbor bond Cgr The ACP
module 140 may use an embedding ¢ to represent all the involved bond formations and
changes in the product-synthon transformation module 134. If the reaction center is

predicted as a BF-center at b;;, G’Retro calculates the embedding ¢ per Equation 14:

jo
c= Z WEReLU(WSXYy + Wby
brieCgp(bij)uib;;}
(Eq. 14)
[0106] where Cgp is a subset of Cgr with all the bonds that changed types; X;; is a 1

X 4 one-hot vector, in which x;,;(0) = 1 if bond by, is the bond formation center (i.e.,
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by = byj), or x3, (i) = 1 (i=1, 2, 3) if by, type is changed from single, double or triple
bond in reactants, respectively, during the reaction (i.e., by is in Cgg(b;;)); Wi's (i = 1,
2; 3) are the learnable parameter matrices. To train the learnable parameter matrices
W;’s of the BTCP module 136, the product-synthon transformation module 134 may
employ the charge change training module (e.g., 141).

[0107] If the reaction center is predicted as a BC-center at b;;, ¢ is calculated per

j>
Equation 15:
¢ = W{ReLUW5X}; + W5b;;))
(Eq. 15)

[0108]  where x;;(0)= 0 and x;;({) (i=1, 2, 3) if by, type is changed from the single,
double, or triple bond in reactants, respectively, during the reaction. If the reaction
center is an A-center, the product-synthon transformation (e.g., p2s-T) operation is not
performed, and ¢ = 0.
[0109]  FElectron Change Prediction: With the embedding ¢ for the product-synthon
transformation, the ACP module 140 may calculate the probabilities that a; will have
charge changes during the reaction per Equation 16:

f(a;) = softmax(Vfa; + Vic) (Eq. 16)
[0110]  where V£ and V£ are the learnable parameter matrices; f¢ € R*3 is a vector
representing the probabilities of accepting one electron, donating one electron or no
electron change during the reaction. The option corresponding to the maximum value in
f¢ is selected and will be applied to update synthon charges accordingly. The ACP
module 140 may consider at most one electron change since this is the case for all the
reactions in the dataset.
[0111] To train the learnable parameter matrices V° and V5 of the ACP module 140,
the learnable parameter matrices Vib 's (i=1,2,3) of the BTCP 136, the reaction center
identification module 110 may employ the neural network training module (e.g., 131,
141). The charge change training module 141 may learn the predictor £°(-) for atom
charge changes (Equation 16) and f?(b; /jk) for BF-center induced bond type changes

(Equation 13) by minimizing their respective cross entropy loss L€ and £? . These two
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losses may be learned together with the cross entropy loss L% (Equation 11) for all the
reaction centers. Therefore, the center identification module learns the predictors by
solving the optimization problem per Equation 17:

m@inLS+Lb + L€ (17)
[0112]  where O is the set of all the parameters in the prediction functions.

[0113] Example Synthon Completion (SC) Operation and Module

[0114]  Once the reaction centers are identified, and all the product-synthon
transformations (e.g., via p2s-T module 134) are conducted to generate synthons from
products, the synthon completion module 112 is configured to complete the synthons
into the reactants by sequentially attaching molecular substructures (e.g., bonds or
strings) to the reaction centers of the top-K identified synthons for the reaction, e.g., in
an iterative manner from a set of candidate substructures or bonds. Actions involved in
the synthon completion operation (completion process) may be referred to as synthon-
reactant transformations (s2r-T).

[0115] During the completion process, the intermediate molecules {AM*} may be
represented as molecular graph {G*}. At step ¢, the atom in the intermediate molecular
graph G*® (G*® = g.) that new substructures will be attached to may be denoted as
atom a‘® and the substructure attached to a‘®) may be denoted as z(®), resulting in
G+,

[0116] The candidate substructures may be generated and stored using one or more
machine learning or artificial intelligence algorithms. In some embodiments, a set of
candidate substructures are generated through training using data from a public database
of molecules. In an implementation, at least 83 candidate substructures are used that are
generated from the USPTO-50K database described in Yan et al. [12] or other databases
described herein. Fig. 5 shows an example set of the 83 substructures that may be used
by the exemplary completion module to complete synthons.

[0117] The synthon completion module 112 may be executed as the second part for a
semi-template-based method. The exemplary system and method can complete an

updated synthons from the synthons generated by the reaction center identification
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module 110. In other embodiments, the exemplary system and method can complete
the synthons into reactants using synthons and other intermediate or hypothetical
molecular units from one or more other databases using the disclosed method.

[0118] The synthon completion module 112 is configured to, for each candidate
synthon (e.g. ,114), iteratively attach substructures to each synthon through a searching
algorithm, e.g., beam search, or other greedy algorithms, that can prioritize the most
possible reactants along the synthon completion paths.

[0119] Table 6 shows an example algorithm implementation for the synthon
completion module 112. In the example of Fig. 1 and Table 6, the synthon completion
module 112 is configured to receive the top-K predicted synthons and associated scores
{Sk, Gsx}k=1 (114, 115), the product graph “G,,” (e.g., 106a, 106b), N parameter 118,
and the maxsteps parameter 120. In Table 6, the synthon completion module 112 may
execute the G’Retro-Encoder function to learn the molecule representations h,, and

{hg  }K_, from the product molecule graph Gp (e.g., 106’) and the top-K predicted
synthons {G ; }k_; (shown in 114).

[0120] The synthon completion module 112 then initialize (Table 6, line 4) the
priority queue for the top-K predicted synthons {G ;}X_; along with a corresponding
priority value {s,}¥_,. And, while the priority queue is not empty (Table 6, line 6) and
the current step 7 is less than the maxsteps value, then execute the beam search function

“G?Retro-beam-search”.
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Table 6
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[0121] Top-N Reactant Graph Generation — Beam Search

[0122]  Once the top-K reaction centers for each product are selected, and their
synthon graphs are generated, the synthon completion module 112 completes the
synthon graphs {G . }k_; (e.g., 106°) into reactant graphs. During the completion, the
synthon completion module 112 scores each possible reactant graph and uses their final
scores to select the top-N reactant graphs, and thus top-N most possible synthetic
reactions, for each product. Since during synthon completion, the attachment
substructure type prediction (Equation 20) gives a distribution of all possible attachment
substructures; by using the top possible substructures, each synthon and its intermediate
graphs can be extended to multiple different intermediate graphs, leading to

exponentially many reactant graphs. The intermediate graphs are denoted as {Qi*j(t) K.

where G; j(t) is for the j-th possible intermediate graph of the i-th synthon graph g ; at
step . However, to fully generate all the possible completed reactant graphs, excessive
computation is demanded. Rather, the synthon completion module 112 applies a greedy
beam search algorithm, per module 142, to only explore the most possible top reactant
graph completion paths.

[0123] Table 7 shows an example algorithm implementation for the synthon beam

search module 142.
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[0124] The beam search module 142 scores each intermediate graph gi* j(t) using a

score S( ) , €.g., via the G2Retro-A AP function (Table 7, line 6), which is calculated as
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the sum over all the log-likelihoods of all the predictions along the completion path

(0. (0.

from G, up to G; TR initialized as the sum of the log-likelihoods of all the

predictions from G, to Gs. At each step  (e.g., t < 30), each intermediate graph G; j(t) is

extended to at most N+1 intermediate graph candidates. These N+1 candidates include
the one that is predicted to stop at the atom that the new substructures could be attached
to (i.e., as al® in Equation 18 (shown below); this intermediate graph could be further
completed at other atoms) in this step, and at most NV candidates with the top-NV
predicted substructures attached (e.g., Equation 20, shown below). Among all the
candidates generated from all the intermediate graphs at step 7, the top-N-scored ones
will be further forwarded into the next completion step 7+1. In case some of the top-N
graphs are fully completed, the remaining will go through the next steps. This process
will be ended until the number of all the completed reactant graphs at different steps
reaches or goes above V. Then, among all the incompleted graphs at the last step, the
intermediate graphs with log-likelihood values higher than the N-th largest score in all
the completed ones will continue to complete as above. The entire process will end until
no more intermediate graphs are qualified to further completion. Among all the
completed graphs, the top-N graphs are selected as the generated reactants.

[0125]  Atom Attachment Prediction (AAP): Table 8 shows an example algorithm

implementation for the atom attachment prediction (AAP) module 144.
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[0126] Inthe example, the AAP module 144 is configured to (i) perform an operator
146 (line 1) to get a current atom for a potential attachment, (i1) perform an operator 148
(line 2) to determine a prediction value for an attachment per Equation 18 (shown
below) using the AACP module, (i11) perform an operator 150 (line 3) to extend the new
substructure G* to a candidate G, (iv) perform an operator 152 (line 4) to update the
log-likelihood value of the candidate Gy, (v) perform an operator 154 (line 5) to
determine and select the top-N predictions of the new substructure attachments per
Equation 20 (shown below), (vi) perform an operator 156 (line 6) to extend the new
substructure G* to the candidate with the top-N substructures, and (vii) perform an

operator 158 (line 7) to update the set of log-likelihood values {s;}¥5! for the set of

candidate reactants {G;};_ N +1

[0127] Attachment Continuity Prediction (AACP)
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[0128]  The synthon completion module 112 may first determine the probability
FO(a®) (e.g., 224a) to predict whether further attachment should be added to an atom

at step t, a9, or should stop at a®® per Equations 18 and 19;

fo@®) =a(Va® +v9hg +V9hy,) (Eq. 18)
[0129]  where
hs = Z a;
a;i€Gs
(Eq. 19)

[0130] In Equation 18, a® is the embedding of al® calculated over the graph G*©
(Equation 2); hy is the representation for all the synthons as in Eq. 19; V?’s (=1,2,3) are
the learnable parameter matrices; o is the sigmoid function. In Eq. 19, the synthon
completion module 112 may calculate the representations by applying MPN over the
graph G that could be disconnected, and the resulting representation is equivalent to
applying MPN over each G,'s connected components independently and then summing
over their representations. The synthon completion module 112 may intuitively measure
“how likely” the atom has a new substructure attached to it by looking at the atom itself
(i.e., a®)) all the synthons (i.e., hy), and the product (i.e., h,). In Eq. 18, BRICS
fragment information (i.e., @’ as in Equation 6) is not used because the fragments for the
substructures that will be attached to a® are not available until the substructures are
determined.
[0131]  Attachment Type Prediction (AATP): If a® is predicted to attach with a new
substructure, the synthon completion module 112 may predict the type of the new
substructure, with the probabilities of all the substructure types in the vocabulary Z per
Equation 20:

fZ(a®) = softmax(VZa® + VFhg + Vih,) (Eq. 20)
[0132]  where V?'s (i=1,2,3) are the learnable parameter matrices. Higher probability
for a substructure type z indicates that z is more likely to be selected as z(©). The atoms
a € z® in the attached substructure are stored for further attachment; that is, they,

together with any newly added atoms along the iterative process, will become a*D (7
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=t+1,¢+2, ...)in a depth-first order in the retrospectively reactant graphs. The
synthon completion module 112 may stop the entire synthon completion process after
all the atoms in reaction centers and the newly added atoms are predicted to have no
more substructures attached.
[0133] To train the synthon completion module 112, a training system (not shown)
may be employed that uses the teacher forcing strategy and attaches the ground-truth
fragments instead of the prediction results to the intermediate molecules during training.
The training system can learn the predictors f°(-) (Eq. 18) as well as the below
f%(-) (Equation 20) by minimizing their cross-entropy losses £° and L# per Equation
21:

mqi)n L+ L7 (Eq. 21)

[0134] where @ is the set of parameters.
[0135] Example Method of Operation

[0136] Fig. 2A shows an example method 200 of operation of the retrosynthesis
prediction system 100 of Fig. 1 to generate candidate reactants for a given target
molecule in accordance with an illustrative embodiment. In the example shown in Fig.
2A, the exemplary retrosynthesis prediction system 100 can generate reactants from
products in two operations (202, 204). In operation 202, the exemplary retrosynthesis
prediction system 100 converts a target molecule into a set of intermediate molecular
structures (synthons) by identifying, via a reaction center identification operation, the
reaction centers 206 (shown as “BF-center” 206a, “BC-center” 206b, and “A-center”
206¢) and their associated score (shown as s (b; i) s€(by;), and s?(a;), respectively)
associated with the likelihood that the reaction centers is likely. The identification is
performed two types of molecular graph representation learning 208 (message passing
over molecular graphs shown as “GMPN” (G?) 208a and message passing over
fragment graphs are shown as “FMPN” (G?) 208b). The use of both molecular graphs
and fragment graphs allows reaction centers to be evaluated from that different
information and encoding perspectives. As discussed in Fig. 1, the molecular learning

that informs the parameters to be used for the reaction center scoring is also trained on
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diverse molecular graphs and fragment graphs, thus, extending the learning to these
different information perspectives and encoding perspectives.

[0137]  As discussed in relation to Fig.1, the method 200 and the associated system
may use message passing networks to learn the atom embeddings a; and node
embeddings n, over the molecular graph and BRICS graph of product. The method can
then use the learned node embeddings ny from product P to predict the reaction centers
and split the products into multiple synthons § = {57, S2}. The method can calculate the
synthon embeddings from the atom embeddings a;.

[0138] Method 200 can sample latent variables from the distributions derived from
the synthon embeddings and complete the synthon with the latent variables and synthon
embeddings. Method 200 can also perform conditional embedding (conditioned on
synthons) and corresponding conditional sampling. Method 200 may directly derive the
embeddings of leaving groups from synthons. Instead of decoding the latent embeddings
into a whole reactant step by step, in some embodiments, the method 200 may directly
decode the latent embeddings into a leaving group. Method 200 may then derive another
leaving group embeddings from the synthons h.

[0139] While reactants are not directly encoded, the reactants may be used in the node
predictions and topology predictions. The method can use the reactants to learn and
calculate the embeddings (e.g., use an auto-encoder over reactants and leverage its latent
embedding space).

[0140] In the example shown in Fig. 2A, example reaction center predictions are
shown as 210a, 210b, and 210c for the three reaction centers evaluation (the reaction
center are shown as 212), which includes the atoms and the bonds that can be changed
during the reaction in order to synthesize the product.

[0141] For BF-reaction centers (210a), the method 200 can account for synthetic
reaction scenarios in which new bonds could induce the changes of neighbor bonds
(BTCP) by determining the predictor f?(b; /jk) (214) for neighbor bond changes for
each neighboring bond by, (shown as 214°). The method 200 can predict whether the

charge of a; remains unchanged in reactants by determining the predictor f*(a;) (216) for

atom a; (shown as 216”).
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[0142] For BC-reaction centers (210b) and A-reaction centers (210c¢), the method
200 can also predict whether the charge of a; remains unchanged in reactants by
determining the predictor f*(a;) for atom a; (shown as “ACP ...” for this example).
[0143] Following reaction center identification, selection (e.g., top-K selection), and
production of synthons, the method 200 includes completing (204) the synthons into
reactants by sequentially attaching 218 bonds or strings to synthons. As discussed in
Fig. 1, the synthon completion model training informs the parameters (e.g., h, and h,
222) to be used for the attachment scoring or prediction are also trained on diverse
molecular graphs and fragment graphs (shown as GMPN 220a and FMPN 220b).
[0144] The synthon completion process can iteratively be attached in a ranked
manner from the library of candidate substructures without any chemical rules or
templates imposed for the attachment (e.g., in a template-free manner). At each
iteration (e.g., 218), the completion operation 204 can determine the predictions for
attachment types (AATP) (shown as f°(a®)) 224a) and predictions for attachment
continuity (AACP) (shown as f?(a(®) 224b). The completion process generates the
resulting final set of top-N reactants 108 (shown as 1087).

[0145]  According to the dataset, there exist some popular leaving groups that are used
to complete synthons. Based on this observation, in addition to completing synthons by
adding small fragments one by one to the synthons, the method 200 could also directly
predict the leaving groups and attach the entire leaving groups to synthons.

[0146] Example Pipeline Operation

[0147]  Fig. 2B shows an example pipeline operation 250 that integrated the
retrosynthesis operation (e.g., 200) with a molecular prediction 252. The molecular
prediction 252 (shown as “MODOF” 252) can employ a deep generative model for
molecule optimization via one fragment modification.

[0148]  In the example shown in Fig. 2B, the MODOF system 252 may receive a
compound or molecule 254 to which it (252) generates a set of top candidate molecules
that serve as target molecules 104 (shown as 104’) for retrosynthesis. The
retrosynthesis operation 200 may be performed to generate a set of candidate reactants

108 (shown as 108””). In some embodiments, the retrosynthesis operation can be used
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as feedback to the compound or molecule generation, e.g., target molecules or top
reactants may be scored and scoring used to direct the synthesizability of the candidate
molecule generation.

[0149] MODOF (252) is a deep generative model that uses molecular graph and
junction tree graph models for molecule optimization. The MODOF system (252)
modifies a given molecule through the prediction of a single site of disconnection at the
molecule and the removal and/or addition of fragments at that site.

[0150] In an exemplary implementation, the MODOF system modifies one fragment
of a molecule at a time by generating molecular graphs using GMPN and generating
node embeddings over corresponding junction tree models using TMPN for a pair of
molecules: an input molecule and a target molecule. A disconnect site is predicted from
the nodes of the junction tree model as applied to the molecular graph. Each
neighboring node to the disconnect site identified in the junction tree model is then
provided a related fragment when applied to the molecular graph, and the number of
resulting fragments depends on the number of nodes identified in the first molecule. A
first fragment is then removed from the input molecule and the remaining fragments are
merged from a neighboring node into an intermediate molecular representation. New
fragments are then attached sequentially until the representation of the target molecule
is attained.

[0151] A pipeline of multiple identical MODOF systems can be implemented into a
MODOF pipeline to modify an input molecule at multiple disconnection sites. When
implemented into a pipeline, the MODOF pipeline can modify multiple fragments at
different disconnection sites iteratively, which enables easier control over and intuitive
deciphering of the intermediate modification steps and facilitates better interpretability
of the entire modification process.

[0152]  Other generative methods typically encode the entire molecular graphs and
generate whole, new molecules from an empty or randomly selected structure. Unlike
those methods, the MODOF system can learn from and encode the difference between
molecules before and after optimization. The learning and generative processes are thus

less complex and can retain major molecular scaffolds, thereby better approximating the
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in vitro chemical modification. Thus, the MODOF system may better inform and direct
in vitro molecule optimization because it only encodes and decodes the fragment that
needs modification and facilitates better modification performance.

[0153]  Further description and example operation of the MODOF system may be
found in Chen et al., “A deep generative model for molecule optimization via one
fragment modification,” which is incorporated by reference herein.

[0154] The pipeline operation 250 may evaluate (256) the predicted reactions 108 to
remove candidate reactions that are less desirable for synthesizability. The evaluation
operation 256 may calculate and employ metrics such as molecular complexity,
including the synthetic accessibility score [47] and fractal dimensions [48]. The
measurements may be used to assess the synthesizability of the predicted target
molecules (i.e., products). MODOF can modify a molecule structure into a new one.
The new molecule structure may not exist so it need to be synthesized, and the
retrosynthetic model can be used to synthesize the molecule that MODOF generates.
[0155] The predicted reactions may be additionally evaluated using existing forward
reaction prediction methods [49-53], which can predict the products given the reactants.
The predicted products may be compared with the given molecules.

[0156] The analysis of the predicted reactions may also be carried out through
searches of existing databases, including Reaxys [2] and SciFinder scholar [3]. In cases
where the exact structures of the reagents or target molecules are not present in these
databases, structure similarity searches may be carried out using the basic chemical
scaffold and the site of reactivity. While specific functional groups attached to that
scaffold may influence the reactivity of adjacent sites via electronic or steric
interactions, the proposed reactions are expected to match previously reported patterns
of reactivity for that chemotype.

[0157] The predicted reactions can also be assessed through simulation of the
reactions using software such as Gaussian [84] and AMBER [85] to evaluate the free
energies during the reactions.

[0158] The components of the pipeline 250 may be performed individually in their

own respective set of operations.
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[0159] Experimental Results and Examples

[0160] A study was conducted to develop and evaluate a retrosynthesis prediction
operation (“G’Retro”) that, for a given target molecule (i.e., product), can identify a set
of reactants that can be used to synthesize the target molecule through one synthetic
reaction.

[0161] The G’Retro system was configured to predict reactions of given target
molecules by predicting their reaction centers, and then completing the resulting
synthons by attaching small substructures. Based on a comparison against twenty
baseline methods over a benchmark dataset, the G’Retro system was observed to
achieve state-of-the-art performance under many evaluated metrics. The G’°Retro system
was also observed to provide diverse predictions and unique reactions (to those
generated in other studies) that were accessed to be possible by synthetic chemists.
[0162] Connected after the deep generative models that have been developed to
optimize small molecule structures and properties [36, 37] for lead optimization, it was
observed that the G’Retro system has great potential to generate synthetic reactions for
in silico generated drug-like molecules, and thus can substantially benefit the drug
development process.

[0163] The study considered the retrosynthesis prediction problem as two
subproblems, following semi-template-based approaches. The first subproblem was to
identify the reaction center from the target molecule. The study defined the reaction
center as a single bond that is either newly formed or has the bond type changed or a
single atom with a changed hydrogen count during the reaction. The study also
incorporated into the reaction center the bonds neighboring the reaction centers that
have type changes induced by the newly formed bond and the atoms with charge
changes within the target molecule (e.g., using the BTCP and ACP operation described
herein). The reaction centers broke the product molecules into synthons, which were
defined as “hypothetical units within the target molecule that represent a potential
starting reagent in the retrosynthesis of that target molecule" [28].

[0164] The second subproblem was to convert the synthons into reactants. The

reactants were considered correct in the study if they were reported feasible in the
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benchmark data, or they were considered reasonable based on domain knowledge and
expertise. The reactions that were included in benchmark data were referred to as
ground truth. The study used one ground-truth reaction for each product in the
benchmark data, though it is understood that numerous feasible reactions may exist for
each product.

[0165] Materials - Data Preprocessing and Experimental Settings: The study used a
benchmark dataset described in Yan et al. [ 12], referred to as the “USPTO-50K” dataset
because it contains SOK chemical reactions that were randomly sampled from a large
dataset collected by Lowe [29] from US patents published between 1976 and September
2016.

[0166] Each reaction in the large dataset was atom-mapped so that each atom in the
product was uniquely mapped to an atom in the reactants. The 50K reactions in
USPTO-50K were classified into 10 reaction types by Schneider et al. [30]. To avoid
the information leakage issue [12] (e.g., the reaction center is given in both the training
and test data), all the product SMILES strings in USPTO-50K are canonicalized. The
study used exactly the same training/validation/test data splits of USPTO-50K as in the
previous methods [12, 17], which contain 40K/5K/5K reactions, respectively.

[0167] The study trained the G*Retro models on the 40K training data, with
parameters tuned on the 5K validation data and tested on the 5K test data. Improving
upon the prior work [4, 5, 7, 17], the study used the top-k (k=1,3,5,10) accuracy to
evaluate the overall performance of all the methods. Top-k accuracy is the ratio of test
products that have their ground truth correctly predicted among their top-k predictions.
Higher top-k accuracy indicates better performance. Also improving upon the prior
work [7], the G’Retro system used the top-k accuracy (k=1,2,3,5) to evaluate the
performance of reaction center identification and synthon completion.

[0168]  Baseline Methods. The study compared the G’Retro system with the state-of-
the-art baseline methods for several one-step retrosynthesis problems, including five
template-based (TB) methods, ten template-free (TF) methods and five semi-template-
based (Semi-TB) methods. Table 9 shows performance in top-k accuracy of the

G’Retro system compared to that of the evaluated state-of-the-art baseline methods.
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Table 9

Method Method Reaction type known Reaction type unknown

type 1 3 5 10 1 3 5 10
TB Retrosim 529 | 73.8 | 81.2 | 88.1 | 373 | 5477 | 63.3 | 74.1
Neuralysm 553|760 | 814 | 85.1 | 444 | 653 | 724 | 789
GLN 64.2 | 79.1 | 852 | 90.0 | 525 | 69.0 | 75.6 | 83.7
MHNreact - - - - 505|739 | 81.0 | 87.9
LocalRetro 63.9 | 86.8 | 924 | 96.3 | S3.4 | 77.5 | 859 | 92.4
TF SCROP 500 | 748 | 78.1 | 81.1 | 43.7 | 60.0 | 652 | 68.7
LV-Trans - - - - 405 | 651 | 728 | 794
GET 574 | 713 | 748 | 774 | 449 | 588 | 624 | 659
Chemformer - - - - 54.3 - 62.3 | 63.0
Graph2SMILES - - - - 51.2 | 663 | 70.4 | 73.9
TiedTransformer | - - - - 47.1 | 67.1 | 73.1 | 76.3
GTA - - - - 51.1 | 67.6 | 748 | 81.6
Dual 65.7 | 81.9 | 847 | 859 | 53.6 | 70.7 | 7146 | 77.0
Retroformer 64.0 | 82.5 | 86.7 | 90.2 | 532 | 71.1 | 76.6 | 82.1
MEGAN 60.7 | 82.0 | 87.5 | 91.6 | 48.1 | 70.7 | 78.4 | 86.1
Semi- RetroXpert 62.1 | 758 | 785 | 809 | 504 | 61.1 | 62.3 | 63.4
TB G2G 61.0 | 813 | 86.0 | 88.7 | 489 | 67.6 | 72.5 | 755
GraphRetro 639 | 81.5 | 852 | 88.1 | 53.7 | 683 | 722 | 755
RetroPrime 64.8 | 81.6 | 850 | 869 | 514 | 70.8 | 74.0 | 76.1
G’Retro 63.1 | 84.2 | 885 | 91.7 | 53.9 | 74.6 | 80.7 | 86.6
G’Retro-B 63.6 | 83.6 | 884 | 91.5 | 54.1 | 74.1 | 81.2 | 86.7

[0169] In Table 9, columns with “1”, “3,” “5,”” and “10” indicate the “top-1,” “top-

3,7 “top-5” and “top-10” accuracies, respectively (in percentages). The best top-k

accuracy values among the methods of each type are emphasized in bold. Table 9 was

generated following the standard protocol in literature [4-7, 12, 17, 18, 21, 26, 27] (1)
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when the reaction type was given a priori for both model training and inference (i.e.,
“Reaction type known"); and (2) when the reaction type was always unknown (i.e.,
“Reaction type unknown"). When the reaction type was known, the G’Retro system
used a one-hot encoder as an additional feature for each atom in the product molecules
indicating the reaction type.

[0170]  The five template-based baseline methods [4, 17-20] first mine the reaction
templates from training data and apply only these templates to construct reactants from
the target molecule. Retrosim [17] selected the templates of reactions that produce
molecules most similar to the target molecule. Neuralsym [18] predicted suitable
templates using product fingerprints through a multi-layer perceptron. GLN [4]
predicted reactions using two energy functions, one for template scoring and the other
for reactant scoring conditioned on templates. MHNreact [19] learned the associations
between molecules and reaction templates using modern Hopfield networks, and
selected templates based on the associations. LocalRetro [20] selected templates against
each atom and each bond using classifiers.

[0171]  The ten templaGte-free baseline methods |6, 13-15, 21-23, 25, 27, 31] used
Transformer over SMILES string representations of products and/or reactants. SCROP
[13] mapped the SMILES strings of products to the SMILES strings of reactants using a
Transformer, and then corrected the syntax errors (e.g., mismatch of parentheses in
SMILES strings) to ensure valid reactant SMILES strings. LV-Trans [14] pre-trained a
vanilla Transformer using reactions generated from templates and then fine-tuned the
Transformer with a multinomial latent variable representing reaction types. GET [21]
trained standard Transformer encoders and decoders using the combined atom
representations learned from molecular graphs and from SMILES strings. Chemformer
[22] translated product SMILES strings into reactant SMILES strings using
Transformer, which is pre-trained on an independent dataset to recover masked
SMILES strings (i.e., with some atoms masked out) or to normalize augmented
SMILES strings (i.e., multiple, equivalent non-canonical SMILES strings for each
SMILES string). Graph2SMILES [23] encoded molecular graphs using graph neural

networks with attention mechanisms and decoded the reactant SMILES strings from the
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graph representations using a Transformer decoder. TiedTransformer [15] used two
Transformers with shared parameters to learn the transformation from products to
reactants and vice versa, respectively and selected the best reactions using the likelithood
values from these two Transformers. GTA [31] enhanced a Transformer with truncated
attention connections regulated by molecular graph structures. Dual [6] used an energy-
based model with two Transformers to learn the transformation from product SMILES
strings to reactants’ SMILES strings and vice versa and selected the best reactions using
the energy. Retroformer [25] integrated a reaction center detection module within a
Transformer and decoded reactants utilizing the predicted reaction centers. MEGAN
[27] transformed the product molecule graphs into the corresponding reactant graphs
using a sequence of graph edits (e.g., change atom charges, add a new bond) that are
learned from products and their reactants in the training set.

[0172]  The semi-template-based methods [S, 7, 12, 26] may use molecular graph
representations. Most of them explicitly predicted the reaction centers first. RetroPrime
[26] trained two Transformers independently to predict the transformation from the
product to its synthons and from the synthons to the reactants, respectively. RetroXpert
[12] predicted reaction centers on molecular graphs via a graph attention network and
transformed the resulting synthons to reactants using a Transformer. G2G [5] predicted
the reaction centers on molecular graphs via a graph neural network and completed
synthons into reactants through sequential additions of new atoms or bonds using the
latent variables sampled from the latent space of a variational graph autoencoder.
GraphRetro [7] predicted the reaction centers via a message passing neural network
over molecular graphs and completed synthons by selecting the subgraphs in a
vocabulary that realized the difference between the synthons and reactants.

[0173] Comparison with semi-template-based (semi-TB) methods

[0174]  When the reaction type is known, compared to other Semi-TB methods, the
G’Retro system was observed to achieve the best performance on top-3 (84.2%), top-5
(88.5%), and top-10 (91.7%) accuracies, corresponding to 3.2%, 2.9% and 3.4%
improvement over those from the best baselines (81.6% for RetroPrime on top-3,

86.0%, and 88.7% for G2G on top-5 and top-10) on these three metrics. For top-1
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accuracy, the G*Retro-B system achieved the third-best performance (63.6%) compared
to those of RetroPrime (64.8%) and GraphRetro (63.9%) on this metric. While the
G’Retro system may underperform on certain metrics, it was observed to be overall
significantly better than, e.g., RetroPrime, on all the other metrics: The G*Retro system
outperformed the system of RetroPrime on top-3 accuracy at 3.2%, on top-5 accuracy at
4.1%, and on top-10 accuracy at 5.6%.

[0175]  When the reaction type is unknown, a similar trend is observed: the G’Retro-
B system was observed to outperform all the Semi-TB baseline methods on all the top
accuracy metrics, with 0.7% improvement over the best baseline GraphRetro on top-1
accuracy, 225 4.7%, 9.7% and 13.9% improvement over the best baseline RetroPrime
on top-3, top-5 and top-10 accuracies. The G’Retro system had a performance similar to
that of G’Retro-B, with a better top-3 performance 74.6% that is 5.4% improvement
from that of RetroPrime.

[0176] While it is well known in synthetic chemistry that there are several well-
characterized reaction types (Table 10), these types often have distinct patterns in their
reactions and reaction centers. Table 10 presents the data statistics for the performance

of the different reaction types.
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Table 10
Type Name | Percentage Reaction type known Reaction type unknown
(%) 1 3 5 10 | 1 3 5 10
heteroatom 30.3 62.3 | 84.1 | 902 | 944 | 56.1 | 772 | 84.4 | 913
alkylation and
arylation
acylation and 23.8 76.1 | 939 (9677 | 976 | 670 | 873 | 923 | 954
related
processes
deprotections 16.5 583 | 872|915 (939 | 518|765 | 827|879
C-C bond 113 48.1 | 68.1 | 7577 | 824 | 372 | 56.6 | 67.9 | 757
formation
reductions 9.2 7251879 | 91.8 | 950 | 5277 | 69.8 | 78.1 | 84.6
functional 3.7 5051690 | 755 | 81.0 | 424 | 52,7 | 60.9 | 67.9
group
interconversion
heterocycle 1.8 - - - - - - - -
formation
oxidations 1.6 86.6 | 91.5 | 927 | 951 | 622 | 805 | 854 | 915
protections 1.4 853 | 89.7 | 89.7 | 89.7 | 485 | 67.6 | 853 | 86.8
functional 0.5 957 |1 957 | 957 | 957 | 783 | 82.6 | 87.0 | 87.0
group addition

[0177] For example, acylation reactions are very common approaches to creating
amide and sulfonamide linkages. They are known for their efficiency and high yields,
especially when they involve acyl/sulfonyl halides [32]. The improved performance
with known reaction types integrated into retrosynthesis model training demonstrates
that leveraging a priori reaction type information could benefit retrosynthesis prediction
in general. However, in real applications, reaction types are typically not available in

retrosynthesis when only the target molecule is presented. The superior performance of
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G’Retro and G*Retro-B in “reaction type unknown" condition demonstrates their great utility
in real applications.

[0178]  Comparison with strong baseline semi-template approaches: GraphRetro and
RetroPrime. GraphRetro has good top-1 accuracies but much worse results on other top
accuracy metrics. According to its authors [7], GraphRetro was observed to bias its
beam search to the most possible reaction center. Thus, it may prioritize the most
possible reactants from the most possible reaction center at the very top of its
predictions. However, if the most possible reaction centers are not the ground truth,
GraphRetro would miss the ground truth in its beam search, resulting in poor
performance on other top accuracy metrics.

[0179] RetroPrime achieved the best top-1 accuracy with reaction type known. It
used augmented SMILES strings (i.e., each product has multiple, equivalent, non-
canonical SMILES strings) in training the two sequence-to-sequence transformers. It is
likely that top results in RetroPrime correspond to the ground truth but in different,
augmented SMILES strings, and thus high top-1 accuracy but low and similar other top
accuracies.

[0180] Compared to these baselines, the G’Retro system was observed to achieve the
best performance on all the top accuracy metrics (except on top-1 accuracy when
reaction types are known). High top-k accuracies at all different k are desired as they
indicate the holistically high-ranking positions of the ground truth in the predicted
reactions, and thus the capability of models to recover knowledge from data. High top-k
accuracies with k > 1 may signify novel yet plausible reactions. This may be because
high top-k (k > 1) accuracy can imply that there might be a few reactions different from
the ground truth but are very possible and thus are ranked on top. Such reactions may
enable novel discoveries.

[0181] Comparison between G’Retro and G’Retro-B: The G*Retro-B system was
observed to perform slightly better than the G*Retro system when the reaction types are
unknown, but worse than G*Retro when the reaction types are known. The G*Retro-B
system integrated synthetically accessible fragments in atom embeddings (see, e.g.,

Equation 6). When the reaction types are unknown, the fragment information can
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provide additional local contexts to atoms, which could facilitate better decisions on
reaction center prediction and synthon completion. When the reaction types are known,
atom embeddings can directly integrate the reaction type information in the G*Retro
system, which may outweigh the contextual information provided by the fragments, and
thus the G*Retro-B system may not achieve additional performance improvement from
the G’Retro system.

[0182]  Comparison with template-fiee (TI') methods: The G’Retro system and the
G’Retro-B system was also observed to also demonstrate superior or competitive
performance compared to the TF methods on all the top accuracies. With reaction types
known, the G*Retro system was the best on top-3, top-5 top-10 accuracies compared to
all the template-free methods; with reaction types unknown, the G’Retro-B system was
observed to be the best on top-3, top-5 and top-10 accuracies, and was the second best
one on top-1 accuracy. For example, the G?Retro system has a 4.9% better score than
that of the best TF method on top-3 accuracy (i.e., Retroformer) with the reaction types
unknown. Most TF methods such as Dual and Chemformer have the competitive
performance on top-1 accuracy but relatively worse results on other top accuracy
metrics. This may be attributed to the limited diversity generated with such beam
search [33] via TF methods with SMILES representations, which may have led to the
limited variation in their predicted results, and thus low and similar top-3, top-5, and
top-10 accuracies. This lack of diversity and richness in the predictions, in addition to
the lack of interpretability during the chemical sequence transformation process, could
hinder the application of TF methods in retrosynthesis prediction. Compared to TF
methods, the G’Retro system best imitated the reversed logic of synthetic reactions with
two steps: reaction center identification and synthon completion, and overall, to achieve
better performance.

[0183] MEGAN was observed to have good top-10 accuracies, but consistently much
worse top-1 accuracies than all the other methods. MEGAN edited the product graph
into reactant graphs in a sequential manner. The poor performance on top-1 accuracy

indicates that MEGAN's sequential edits may not generalize well to test data; while
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MEGAN can still identify the ground-truth reactants, they are not predicted as the most
likely.

[0184]  Comparison with template-based (TB) methods. The G’Retro system and the
G?Retro-B system was observed to achieve competitive performance with those from
the TB methods. With reaction types known, the G’Retro system achieved either the
second or the third on all the top accuracies; with reaction types unknown, the G*Retro-
B system achieved the best performance on top-1 (54.1%), and either the second or the
third on all the other top accuracies. For example, with reaction-type unknown, the
G’Retro-B system was observed to provide the second best on top-3 accuracy, with
3.8% difference from the best performance of LocalRetro; the G*Retro-B system
slightly underperformed the second-best baseline MHNreact on top-10 (86.7%
compared to 87.9% from MHNreact) and outperformed MHNreact on all the other
metrics.

[0185] LocalRetro is a very strong TB method. It can extract 731 templates from the
benchmark training data, whereas other TB methods have much more templates (11,647
for GLN and 9,162 for MHNreact). Therefore, LocalRetro could achieve better template
selection over a small template set compared to others over much larger template sets.
However, LocalRetro may suffer from scalability issues on large datasets because it
may score all the reaction templates on all the potential reaction centers (i.e., all atoms
and all bonds) in the product molecules. In general, all TB methods may not generalize
well to novel reactions that are not covered by the templates [7]. Unlike LocalRetro, the
G’Retro system does not use reaction templates and only scores all the bonds and atoms
once for reaction center identification, and thus i1s much more scalable in inference. It
also can learn the patterns from training data and thus has a better chance to discover
new patterns from the training data that are not covered by templates.

[0186] Individual Module Performance Evaluation

[0187] Table 11 shows the performance of the two modules of the G*Retro system,

namely the reaction center identification and the synthon completion.
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[0188]  Comparison of reaction center identification. Among all the Semi-TB
methods, the definitions of reaction centers vary. In G2G, reaction centers are referred
to as the only one newly formed bond during the reaction, and reaction center
identification predicts whether there is such a new bond (and its location) or not in the
products as in a classification problem. This reaction center definition and classification
can cover 97.9% of the test data (the rest 2.1% correspond to multiple newly formed
bonds). GraphRetro defines the reaction center as the newly formed bond (e.g., BF-
center), the changed bond (e.g., BC-center), and the single atom with changed hydrogen
count (e.g., A-center), which in total covers 95.0% of the reactions in the test set.
RetroPrime aimed to identify all the atoms involved in the reactions as reaction centers,
which covers all the reactions in the test set. The G’Retro system extended and
improved the definition of the reaction center, e.g., in GraphRetro, to include induced
bond type change and atom charge changes to cover 97.5% of the test set.

[0189] Due to the data leakage issue as revealed by Yan et al. [12] (i.e., the reaction
center is given in both the training and test data), the reported G2G reaction center
identification performance, as cited in Table 11, may be overestimated [1]. GraphRetro
used two functions, one for bonds and one for atoms, to predict reaction centers. While
these functions were able to predict well when such bonds and atoms are truly reaction
centers (i.e., performance in parentheses in Table 11), GraphRetro's reaction center
definition covered the least (95%) of the test set compared to the other methods,
resulting in still low accuracies (i.e., performance outside parentheses) over the test set.
RetroPrime had a very generic definition of reaction centers — any atoms involved in the
reactions and used one unified model to predict these atoms. However, as these atoms
may experience different changes (e.g., connected to or disconnected from other atoms),
a unified model not customized to specific changes may not suffice, leading to overall
relatively low accuracies compared to other methods, particularly when reaction types
are unknown.

[0190] The G’Retro and G’Retro-B systems were observed to have the most
comprehensive definition of reaction centers (Section “Reaction Center Identification")

with high coverage (97.5%) on the test set. In addition, the G*Retro and G’Retro-B
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systems used a unique predictor for each of the reaction center types, which may
contribute to the best overall accuracy among the entire test set, as well as good
performance over the reactions covered by its reaction center definition.

[0191]  Comparison of synthon completion: To compare synthon completion, all the
reaction centers defined by different methods were given and used to start the
completion processes. G2G predicted only bond establishment in its reaction center
identification and thus had to deal with any associated changes, such as bond type
change in its synthon completion process, which can complicate the synthon completion
prediction. GraphRetro formulated the synthon completion as a classification problem
over all the subgraphs that can realize the difference between the synthons and
reactants. Its synthon completion may not guarantee to work for all possible products
(e.g., 99.7% coverage over the test set) if the needed subgraph is not included in the pre-
defined vocabulary. Among all the products that GraphRetro could handle, its synthon
completion performance appeared to be the best, e.g., due to that classification can be
much easier than a generation, as all the other methods do. However, since GraphRetro
does not do well in reaction center identification, overall, it did not outperform other
methods in retrosynthesis prediction, as Table 10 demonstrates.

[0192] RetroPrime transformed the synthons to reactants using a Transformer, but
similarly to G2G, it also needed to deal with additional predictions, such as bond type
change. RetroPrime's synthon completion performed reasonably well on top-1
accuracies. Together with its good top-1 accuracy on reaction center identification,
RetroPrime achieved the best top-1 accuracy with reaction type known as demonstrated
in Table 10. The G’Retro system does not use the BRICS fragments in synthon
completion because the fragment information is not available for the substructures that
will be attached to synthons.

[0193] Compared to GraphRetro, the G’Retro system leveraged a generative process
to add substructures to synthons in synthon completion, which is inherently more
difficult than classification as in GraphRetro. On average, the G*Retro system was
observed to outperform RetroPrime, particularly on top-3 and top-5 accuracies.

Combined with the strong performance on reaction center identification, the two
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modules together in the G’Retro system were observed to provide strong retrosynthesis
prediction performance, e.g., as shown in Table 10.

[0194]  Performance on Different Reaction Types: Table 9 shows the top-k accuracy
(k=1,3,5,10) of the reactions of different types. As shown in the table, The G’Retro
processes appear to predict certain reaction types more accurately than others. This may
be attributed to the relative structural diversity among potential reactants, particularly
for substrates that can all provide the same products. For example, in the case of
oxidations, only a very limited set of substrates can be utilized to generate a ketone,
most commonly the oxidation of an alcohol, although ketones can be accessed through
other types of reactions as well. This may lead to relatively higher accuracies of the
G’Retro system for the reactions of oxidations (e.g., 62.2% top-1 accuracy with reaction
type unknown). For reductions, however, numerous substrates may be utilized to
generate an amine, including reductions of amides, nitro groups, and nitriles, to name a
few. In addition, there are numerous methods to access the same amines through
various structurally unique deprotection reactions. The number of methods available to
access a specific functional group, therefore, may make it more difficult to accurately
predict which method has been used for a specific molecule, leading to the lower
accuracies on reactions of deprotections (e.g., 58.3% top-1 accuracy with reaction type
known). This may be the case in carbon-carbon bond-forming reactions as well, which
can be assembled in a number of ways from various substrates, potentially leading to a
somewhat lower prediction success rate (e.g., 37.2% top-1 accuracy with reaction type
unknown). In addition, in molecules containing more than one functional group, there
may often be multiple ways in which that molecule can be assembled by targeting each
individual functional group as the reaction center. Thus, multiple valid reaction
pathways are often considered by synthetic chemists in order to most efficiently construct a
molecule.

[0195] In the exemplary implementation of the G*Retro system, reactions involving a
single newly formed bond or a single atom can be predicted. It is contemplated that

reaction types involving multiple newly formed bonds, such as heterocycle formation
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reactions to construct new rings, can be included to augment the single bond or atom
prediction.

[0196] Case Studies: Figs. 3A-3F each shows example outputs of the G’Retro system
to illustrate the prediction of multiple reactions for each product due to multiple
predicted reaction centers. This variability could be useful for chemical synthesis in
order to consider all possible reaction strategies. In each of Figs. 3A-3F, the top-10
predicted reactions are shown and discussed for their applicability and accuracy. In the
example of Fig. 3A, the target product is NC(=0)CNC(=0)CI1CC12CCCCC2. In the
example of Fig. 3B, the target product is CCOC(=0)c1csc(-c2ccc(F)cc2)cl.

[0197]  Fig. 3A, plot “a” (product) shows a target product containing amide linkages
and was assembled (as described in the patent literature) by amide coupling reactions.
Fig. 3A, plot “b” (ground truth reactants) shows an example ground truth used in the
process.

[0198]  Fig. 3A, plot “c” (top 1) shows an example output of the G*Retro system,
which includes the ground truth of Fig. 3B, thus correctly predicting this coupling as a
top-1 reaction for the construction of this molecule. The other predicted reactions are
also instructive in informing the strengths of the G*Retro system.

[0199] InFig. 3A, plot “a” (product), it can be observed that the product has two amide
groups in the side chain of the molecule. It can be observed that the G*Retro system indeed
can identify both of these linkages as potential reaction centers (e.g., in Fig. 3A, plot “c”
(top-1) between N:5 and C:6; in Fig. 3A, plot “g” (top-5) between N:1 and C:2).
Typically, chemists would disconnect the molecule at the C:6 amide carbonyl rather
than C:2 so that a fully elaborated side chain can be introduced to complete the
molecule. This approach would generally be considered more efficient since its reaction
introduces more complexity into the molecule in a single step and would therefore be
predicted to limit the total number of steps necessary to construct the molecule. In
certain cases, however, it may be necessary to introduce the nitrogen at N:1 last (e.g.,
shown in Figs. 3A, plots “f” (top-4), “g” (top-5), and “h” (top-6)), so this should also be

considered a feasible reaction.
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[0200]  In addition to the typical amide coupling strategy, which takes place between
an amine and a carboxylic acid, the G*Retro system can also correctly identify the
reaction of the amine with an acid chloride to make the same bond (Fig. 3A, plot “d”
(top-2)). Although this was not the strategy utilized in the ground-truth study, the strategy is
expected to work in this case for the construction of this molecule. Other common reaction that
was predicted for this example was the nucleophilic addition of the N:5 (or N:1) amine into the
C:6 (or C:2) carbonyl of an ester (N:5-C:6 — Fig. 3B, plot “e” (top-3), “f” (top-4), “1” (top-7), “]”
(top-8), “k” (top-9), “1” (top-10), and N:1-C:2 — Fig. 3B, plots “t” (top-4) and “h” (top-6)). This
type of reaction, which is essentially a transamidation reaction, should also work to provide the
product.

[0201]  In addition, G*Retro also predicted several different esters as substrates for this
transformation (Fig. 3A, plots “c” (top-1), “e” (top-3), “1” (top-7), “J” (top-8), “k” (top-9), and
“” (top-10)). While these are different substrates, the variation of the ester side chain in these
cases would not typically be considered significantly different by a synthetic chemist unless
steric or electronic contributions affect the reactivity/electrophilicity of the ester carbonyl.

[0202]  Retrosynthesis of the product in Fig. 3B involves a C-C bond-forming reaction
between C:9 and C:10 (Fig. 3B, plot “a”). The disconnection of the carbon-carbon bond between
the two aromatic rings, a heteroaromatic thiophene, and a benzene ring in this example,
represents the most common disconnection in the molecule. In this example, the top-1 reaction
(Fig. 3B, plot “c”) predicted by G*Retro for this transformation is a Suzuki coupling [34], a
common metal-mediated coupling between a boronic acid reactant and a corresponding aryl
halide. This common transformation is the same reaction observed in the ground truth (Fig. 3B,
plot “b”).

[0203]  Inaddition, the G’Retro system also identified additional permutations of this Suzuki
reaction through the reversal of the reaction partners on the aromatic rings or changing the nature
of the aryl halide (Fig. 3B, plots “k” (top-9) and “1” (top-10)). Traditionally, aryl chlorides (Fig.
3B, plot “k” (top-9)) are less reactive than aryl bromides or iodides (Figs. 3B, plots “c” (top-1)
and “I” (top-10)) for coupling reactions and in the past were considered unreactive in these
reactions. Newer methods [35] using specially designed ligands, however, have made the use of

such chlorides possible. The other difference observed in the predicted Suzuki couplings 1s the
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use of a boronic ester (Fig. 3B, plot “g” (top-5)) versus a boronic acid (Fig. 3B, plot “c” (top-1)).
Both boronic acids and boronic esters are common reagents for these transformations, with many
being readily available from commercial sources.

[0204]  Fig. 3B, plot “d” (top-2) shows the G’Retro system also predicted that an
esterification reaction at the C:4 carboxylic acid would also work to produce the product
molecule. While it is potentially not as synthetically useful for building the molecule, it is a
reasonable transformation.

[0205]  In addition, the G*Retro system also predicted other coupling reactions [36] for the
biaryl coupling reaction. These other methods include an Ullmann-type coupling [37] (Fig. 3B,
plot “e” (top-3) and “1” (top-7)), a Stille coupling [38] (Fig. 3B, plot “f” (top-4)), and a Kumada
coupling [35,39] (Fig. 3B, plot | (top-8)).

[0206] In examples of Figs. 3C-3F, the target products are clinically relevant drug
molecules, Mitapivat, Tapinorf, Mavacamten, and Oteseconazole, respectively, in a
showing of the predictive power of the G’Retro system.

[0207]  Fig. 3C, plot “a” shows Mitapivat, a drug approved for hereditary hemolytic anemias
[75]. The reported synthetic route of Mitapivat in the patent document [76] utilizes an amide
coupling reaction to form the C:2-N:23 bond (Fig. 3C, plot “b” (ground-truth)). This is correctly
predicted by G*Retro as the top-1 reaction (Fig. 3C, plot “c”).

[0208]  Asindicated by the top-5 reaction (Fig. 3C, plot “g”), G*Retro also predicts that the
amide coupling reaction could be performed with the carboxylate salt of one of the reactants, a
useful reactant under the right pH conditions. G*Retro also predicts that the acyl chloride as the
substrate in this transformation would also react with the amine group and produce the desired
molecule (Fig. 3C, plot “|” (top-8)).

[0209]  Inaddition, G*Retro identifies the N:7-S:8 bond of sulfonamide linkage as the
reaction center (e.g., Fig. 3C, plots “d” (top-2), “e” (top-3), “f” (top-4), “k” (top-9), “I” (top-10)).
Most impressively, G*Retro predicts various S:8 sulfonyl groups reacting with the N:7 amine
group, such as sulfonyl chloride (Fig. 3C, plot “d” (top-2)), sulfonyl fluoride (Fig. 3C, plot “e”
(top-3)) and sulfonic acid (Fig. 3C, plot “f” (top-4)), which are theoretically feasible for the
formation of the N:7-S:8 bond. G’Retro also predicts that the N:26-C:27 bond could be the

reaction center and formed by the N:26 amine group reacting through a reductive amination with
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ketone in Fig. 3C, plot “h” (top-6) or through a nucleophilic substitution with the chloride in Fig.
3C, plot “1” (top-7).

[0210]  InFig 3D, plot “a” (product) shows Tapinarof, a drug approved for plaque psoriasis
and atopic dermatitis [79]. The reported synthesis in patent [80] constructs this drug by removing
the protecting groups on O:5 and 0:10 (Fig. 3D, plot “b” (ground-truth)). G*Retro correctly
predicts the deprotection of the methyl groups on O:5 (Fig. 3D, plot “c” (top-1)) or O:10 (Fig.
3D, plot “d” (top-2)), which would work to produce the desired molecule, although the ground
truth failed to be predicted due to the limitation of reaction centers. Similarly, G*Retro generates
possible reactants that contain different types of protected alcohols, as seen with the
methoxymethyl groups on O:5 and O:10 in Fig. 3D, plot “f” (top-4) and Fig. 3D, plot “i” (top-7)
and the benzyl-protected O:5 in Fig. 3D, plot “)” (top-8).

[0211]  Most impressively, G*Retro also identifies the alkene linkage between C:11 and C:12
(Fig. 3D, plots “e” (top-3) and “I” (top-10)) and the C-C bond between C:7 and C:11 (Fig. 3D,

(1) ]

plots “g” (top-5), “h” (top-6), “k” (top-9)) as reaction centers with various coupling reactions.
These coupling reactions include McMurry coupling [81] (Fig. 3D, plot “e” (top-3)), Wittig
coupling [82] (Fig. 3D, plot “I” (top-10)) and Suzuki coupling [34] (Fig. 3D, plots “g” (top-5)
and “h” (top-6)).

[0212]  InFig. 3E, plot “a” shows Mavacament, which was approved by FDA to treat
hypertrophic cardiomyopathy [73]. The patent literature [74] reports the utilization of a
nucleophilic aromatic substitution for the formation of the C:8-N:9 bond (Fig. 3E, plot “b”
(ground-truth)). G*Retro correctly predicts this coupling as the top-1 reaction (Fig. 3E, plot “c”),
and identifies its additional permutations by replacing the aryl chloride with the aryl bromide and
the aryl fluoride, respectively (Fig. 3E, plots “d” (top-2) and “g” (top-5)). Aryl fluorides in Fig.
3E, plot “g” are not as typical as aryl chlorides and bromides, and G’Retro ranks the substitution
reaction involving the aryl fluoride low.

[0213]  In addition to the amine coupling strategy with aryl halides, G*Retro also identifies
the reaction of the amine with trifluoro methyl sulfate to make the same bond (Fig. 3E, plot “h”
(top-6)), which would be expected to work as with aryl halides in Fig. 3E, plots “c” (top-1) and
“d” (top-2). However, the alcohol in Fig. 3E, plot “i” (top-7) is not a good enough leaving group

to make the bond (i.e., C:8-N:9). Interestingly, G’Retro also identifies other amine linkages (e.g.,
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in Fig. 3E, plot “e” (top-3) between C:2 and N:4; in Fig. 3E, plot “}” (top-8) between N:9 and
C:10) as potential reaction centers. However, the proposed synthesis in Fig. 3E, plot “¢” (top-3),
and plot “f” (top-4) would most likely lead to the formation of undesired products as these
reactant pairs would likely result in the alkylation of both N:4 and N:9. Therefore, the use of the
aryl halides in Fig. 3E, plot “c” and plot “d” would be the more efficient way of obtaining the
desired product.

[0214]  InFig. 3F, plot “a” shows Oteseconazole, a drug approved for recurrent vulvovaginal
candidiasis [77]. In the patent literature [78], this drug 1s constructed by the C-C bond forming
reaction between C:6 and C:7 and is assembled with Suzuki coupling [34] between an aryl
bromide group and a boronic ester (Fig. 3F, plot “b” (ground-truth)). G*Retro correctly predicts
this coupling as the top-1 with the boronic acid (Fig. 3F, plot “c”), the top-3, which is the same
as the patented reaction (Fig. 3F, plot “e”), and the top-9 reaction with a relatively uncommon
boronic ester (Fig. 3F, plot “k”).

[0215]  Boronic acids in Fig. 3F, plot “c” would typically be considered by synthetic chemists
as interchangeable with boronic esters, and thus should be considered a feasible reaction; while
Boronic ester in Fig. 3F, plot “k” (top-9) should react in the same way with the patented reaction
[78], and thus could deliver the desired compound. Interestingly, G*Retro also predicts the
Ullmann-type coupling [37] with different aryl halides to construct the C:6-C:7 bond in Fig. 3F,
plots “d” (top-2), “f” (top-4), and “g” (top-5), all of which would be expected as feasible
reactions. G*Retro also identifies another C-N coupling of various aryl halides with imidazoles
(C:15-N:16 - Fig. 3F, plots “h” (top-6) and “J” (top-8)), which hypothetically would also work as
expected. The results give confidence in the synthesizability of the G*Retro system in
determining reactions or reactants for candidate compounds as, for example, generated
via the MODOF system (e.g., 256).

[0216]  The versatility predicted in the top-10 reactions may be of synthetic value for
substrates if specific coupling methods fail or if the functionality necessary for one type of
coupling reaction is not able to be easily prepared.

[0217]  Diversity in predicted reactions: Diversity in predicted reactions is desired
because of the potential to enable diverse discoveries on synthesis paths. The G’Retro

system was observed to have the mechanisms to facilitate diverse predictions — that is,
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the beam search strategy in the G’Retro system appears to allow for multiple reaction
centers and multiple different attachments and, therefore, potentially different scaffolds
and structures in the predicted reactants. To analyze the diversity of G2Retro results, the
study identified a set of products such that their third or fifth predicted reactions are the
ground truth, referred to as having a hit at “3” or “5,” respectively. In this example, it
was likely that their top-3 or top-5 predicted reactions were also possible.

[0218] Fig. 4A shows the distributions of these products in terms of different reaction
centers among their top-3 and top-5 predicted reactions. Fig. 4A shows that more than
50% of the products with a hit at “3” have their top-3 reactions from two different
reaction centers; about 20% of the products have their top-3 reactions from three
different reaction centers. Fig. 4B shows that for products with a hit at 5, almost 40%
have two reaction centers, and another 40% have three reaction centers, among their
top-5 predicted reactions; more than 10% have four reaction centers. Thus, Figs. 4A and
4B clearly demonstrate the diversity in terms of different reaction centers in the G’Retro
system predictions.

[0219] Fig. 3G presents an example of the diverse reactions predicted by the G’Retro
system. For the product “CCOC(=0)Cnlccc(NC(=0)c2cec(Cl)s2)n” (Fig. 3G), the
G’Retro system predicted three reaction centers: an amide bond (between C:12 and
N:11), a nitrogen-carbon bond (between N:7 and C:6) and ester and amide linkages
(between C:6 and N:7). The patent (for this product molecule) reported that the target
molecule was synthesized from a carboxylic acid derivative and an amine using amide
coupling with a widely-used coupling reagent, EDC (Fig. 3G, plot “b” (ground-truth)).
[0220] The G’Retro system predicted an acyl chloride-amine reactant pair as the top-
1 result (Fig. 3G, plot “c” (top-1)), a potentially viable and even high-yielding synthetic
approach. It also predicted three reactant pairs from the other two reaction centers as
possible routes within the top 4 (Fig. 3G, plot “d” (top-2) and “f” (top-4), which
involves alkylation reactions to form the C:6-N:7 bond; Fig. 3G, plot “e” (top-3) at
which forms the ester linkage between O:3 and C:4).

[0221] To evaluate molecular similarities among the predicted reactants, the study

calculated reaction similarities. For two possible reactions that result in the same
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product M), for example, R;: M1 +M> — M, and R2: M3 +Ms+ — M), the similarity
between these two reactions may be determined per Equation 22:
sim(Rr;R2) =
max(simm(M1,M3) + simm(M2;My); simm(M1;,M4) + simm(M2;M3))
(Eq. 22)
[0222]  where simm() is a similarity function over molecules. The study used the
Tanimoto coefficient over 2,048-bit Morgan fingerprints as simn(). For each product,
the study calculated its all pairwise reaction similarities among all its top-10 reactions
and used the distribution of the reaction similarities to measure reaction diversity; that
is, lower reaction similarities indicate higher reaction diversity. The study clustered the
products according to their reaction similarity distributions using the K-means
clustering algorithm in Euclidean distances. Table 12 shows an exemplary algorithm
implementation of clustering products according to reaction similarity distributions.

Table 12

Algorithm AR fﬁ.?.imt.a»:ring products acenrding to reaction similariny distributions

7k >§\
7

Require: {4/ {R

P
b for eack M and {3’?;}; e do
o cadvulate patr-wise singtarities amony top- 10 predictions {Equation 1]

Vet 30 Hemto i NChusters

R for each pair of reactions {RY hf: with 2 5 7 do
5 \f‘t = sl f?f frz’f;

4 end for

o generate the reaction similariny distribution of product A

w0 BN s histopran{{s§ b
g end for
»oolister productx using N-Means acoording to then reaction similariny distributions
7oA et o NCustons 1\w-\[t<m\\4h”1 - NCustors)
s return {:jf}{},‘_:_‘i NOhasters

[0223] Fig. 4C shows the clustering results. As shown in Fig. 4C, the first four
clusters (402a-402d) have on average lower reaction similarities (on average 0.46
among the four clusters; 0.41, 0.45, 0.45, 0.49 in each of the clusters, respectively), and
thus are referred to as high-reaction-diversity clusters (HRD). The other six clusters

(404a-404f), referred to as low-reaction-diversity clusters (LRD), have relatively higher
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reaction similarities (on average 0.58 for among the six clusters; 0.52, 0.53, 0.58, 0.62,
0.67, 0.67 in each of the clusters, respectively).

[0224]  Fig. 4D shows the distributions of reaction centers of the two clusters from
Fig. 4C. Comparing Fig. 4D, plot “a” (406) and Figure 4D, plot “b” (408), HRD
clusters tend to have more reaction centers than those in LRD, and the number of
reaction centers correlates well with reaction diversity (-0.8486 between the average
similarities and the number of reaction centers). Particularly, the first cluster, which has
the highest reaction diversity (lowest reaction similarity), has, on average, 4.41 reaction
centers, compared to the average 3.92 reaction centers of those in LRD clusters. The
ninth and tenth clusters, which have the lowest reaction diversity, have on average 2.57
reaction centers. These results clearly show the diversity of the G*Retro system
predictions.

[0225] Discussion

[0226] Comparison fairness among existing methods. In the instant study of the
baseline methods, several issues were identified that appear to introduce biases in
method evaluation and impede a fair comparison among many existing methods. In
Table 10, the RetroXpert's results were from its updated GitHub [40], as the results
originally reported in the manuscript had a data leakage issue (all the reaction centers
were implicitly given) and thus were overestimated [12]. G2G may also suffer from the
data leakage issue, as discussed [41], but G2G's results were only available from its
original paper, though likely overestimated. All the methods except Neuralsym, LV-
Trans, Dual, and Retroformer published their code and datasets. Among these methods,
most template-free methods, including SCROP, GET, Chemformer, TiedTransformer,
GTA, and AT used the same data split, which is, however, different from the benchmark
data split used in the other methods. For example, the training set of these template-free
methods had 40,029 reactions, while the training set of the other methods, including the
G*Retro study, had 40,008 reactions. Even though all the methods adopted the same
ratio (i.e., 80%/10%/10% for training/validation/test set) to split the benchmark dataset,
their splits, particularly their test sets, were not identical, leading to a potential unfair

comparison among these methods. In the instant study, the study adopted the data split
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used by the previous semi-template-based methods; for the template-free methods with
different data splits, the study used the results reported by their authors.

[0227]  Comparison among template-based, template-free and semi-template-based
methods. Template-based methods were first developed for retrosynthesis prediction.
They match products into pre-defined templates that are extracted from training data or
hand-crafted based on knowledge. A notable advantage of templates is that they can
enable strong interpretability (e.g., each template may correspond to a certain reaction
type, a chemical scaffold, or a reactivity pattern) and thus result in reactions that
conform more to domain knowledge. They can also well fit the data if the templates are
extracted from the data. However, they suffer from a lack of strong learning capabilities
and a lack of generalizability if the templates do not cover and cannot automatically
discover novel reaction patterns. In general, template-based methods underperform
template-free and semi-template-based methods. Template-free methods largely
leverage the technological advancement in Natural Language Processing (NLP),
including large-scale language models such as Transtformer and BART, and also many
pre-training techniques. They formulate a reaction as a SMILES string translation
problem. Rather than enumerating pre-defined patterns (i.e., templates) as template-
based methods do, template-free methods are equipped with much stronger learning
capabilities from SMILES strings and can represent latent reaction transformation
patterns in an operable manner. Although with improved performance compared to that
of the template-based methods, unfortunately, template-free methods sacrifice their
interpretability as it is non-retrieval to decipher why an atom (analogous to a token in
NLP) 1s generated next along the SMILES strings or what chemical knowledge the
actions correspond to. In addition, as SMILES strings are a "flattened' representation of
molecular graphs according to the atom orderings from a graph traversal, template-free
methods over SMILES strings cannot fully leverage molecular structures, which
ultimately determine molecule synthesizability and reaction types.

[0228] Semi-template-based methods, typically over molecular graphs, represent the
most recent and also, in general, the best performing retrosynthesis prediction methods.

They utilize the most advanced graph representation learning paradigm to better capture
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molecule structures. They also take advantage of the graph (variational) auto-encoder
frameworks or sequential predictions to empower the models with generative ability.
More importantly, semi-template-based methods have the mechanism to enable
diversity among predicted reactions by allowing multiple samplings from the latent
space. Meanwhile, semi-template-based methods have two steps: (1) reaction center
identification and (2) synthon completion, better complying with how chemical
reactions are understood. G’Retro is a semi-template-based method and achieves
superior performance to other methods, demonstrating it as a state-of-the-art method for
retrosynthesis prediction.

[0229]  Invitro validation. The use of top-k accuracy as the evaluation metric has
been dominating in the current retrosynthesis prediction research. However, as we have
demonstrated in our case study, top-k accuracy has serious limitations and
underestimates model performance. It only compares the predicted reactions with those
in the benchmark data but does not consider novel predicted reactions that are not in the
benchmark data but are highly likely. Such novel predictions should be assessed using
existing data from very large reaction databases and evaluated from the perspective of a
synthetic chemist, so to determine the accuracy and likelihood that these predicted
approaches could be employed. Finally, the predicted reactions should be prioritized for
synthesis and executed in the laboratory to determine whether or not they proceed as
predicted. Such in vitro testing and validation are very much needed ultimately to truly
translate the computational approaches into real impacts. While no standard protocols
for large-scale reaction validation exist, a funnel-shaped filtering protocol could be
useful.

[0230]  First, high-throughput prioritization of the predicted reactions should be
conducted to identify a feasible set of reactions for further validation, as the
retrosynthesis prediction methods can easily produce many reactions, not feasible for
manual investigation or selection. Forward synthesis prediction methods [42, 43] (i.e.,
predict products given reactants) trained from an independent dataset can be leveraged
for quick prioritization. Such methods have been demonstrated to achieve good

performance. A literature search (e.g., via SciFinder [3] or Reaxys [2]) could follow to
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identify from the prioritized set those predicted reactions that match previously reported
patterns of reactivity. Domain expertise in the area of chemical synthesis will be critical
to selecting reactions based on the literature support and the commercial availability of
their starting materials for a small-scale in vitro validation. All of the above represent
challenging but interesting future research directions.

[0231]  Additional Discussion: Drug development is time-consuming and costly: it
takes approximately 10-15 years and $1 to $1.6 billion! to fully develop a new drug.
One of the key steps in drug development is the identification of drug-like small
molecules that display desired properties against a specific biomolecular target and then
the synthesis of such molecules if they do not exist. Retrosynthesis is a procedure where
such a desired molecule is transformed into potential reactants, and thus the synthesis
routes are identified. An extensive, diverse library of high-quality synthesis paths for a
given molecule can enable more feasible reaction solutions starting from commercially
available chemical building blocks and provide more options for operationally simple,
high-yielding transformations using widely accessible reagents. The success and
efficiency of retrosynthesis of drug-like small molecules immensely impact the entire
drug development process and affect its success rate, costs, and speed.

[0232]  Current retrosynthesis analysis is primarily conducted by synthetic and
medicinal chemists based on their knowledge and experience, which could be limited or
susceptible to human error. Consequently, the planned synthetic routes may not be
diverse enough to cover novel, economic or green reactions. There exist proprietary
synthesis reaction databases manually curated from the literature, including Reaxys [2]
and SciFinder [3]. Unfortunately, the high prices of these databases act to limit their
accessibility in some academic and small biotech settings. Even with the aid of these
databases, the development of new reactions and synthetic pathways for the preparation
of challenging molecules remains non-trivial. In addition, database searches can be
time-consuming with low throughput, particularly without extensive domain knowledge
to guide the process. Recent in silico retrosynthesis prediction methods using deep
learning [4-7] have enabled alternative computationally generative processes to

accelerate the conventional paradigm. These deep-learning methods learn from string-
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based representations (SMILES) or graph representations of given molecules and
generate possible reactant structures that can be used to synthesize these molecules,
leveraging the advancement of natural language processing [8], graph neural networks
[9], auto-encoders [10] and other techniques in deep learning. They have demonstrated
strong potential to significantly accelerate and advance retrosynthesis analysis. The
instant study focused on the one-step retrosynthesis prediction, which can predict the
possible direct reactants for the synthesis of the target molecules and act as the
foundation of multi-step retrosynthesis analysis [11].

[0233] Related work. Deep-learning-based retrosynthesis prediction methods are
typically categorized into three classes: template based (TB), template free (TF), and
semi-template based (Semi-TB).

[0234]  Template-based (TB) methods. Template-based methods formulate the
retrosynthesis problem as a selection problem over a set of reaction templates. These
templates can be either hand-crafted by experts [16] or automatically extracted from
known reactions in databases [4, 17-20]. Szymkuc et al. [16] provided a review on
using reaction templates coded by human experts for synthetic planning. However,
these rules may not cover a large set of reactions due to the limitation of human
annotation capacity. Recent template-based methods extract reaction templates
automatically from databases. With the reaction templates available, Coley et al. [17]
(Retrosim) selected the reaction templates that the corresponding reactions in the
database have the products most similar with the target molecules to synthesize the
target molecules. Dai et al. [4] learned the joint probabilities of templates matched in the
product molecules and all its possible reactants using two energy functions, one for
reaction template scoring and the other for reactant scoring conditioned on templates.
Seidl et al. [19] (MHNreact) learned to associate the target molecule with the relevant
reaction templates using a modern Hopfield network. Chen et al. [20] (LocalRetro)
scored the suitability of all the reaction templates at all the potential reaction centers
(atoms and bonds) in the target molecule. The use of templates provides interpretability
towards the reasoning behind the generated reactions. However, these templates also

limit the template-based methods to the reactions only covered by the templates.
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[0235]  Template-free (1F) methods. Template-free methods directly learn to
transform the product into the reactants without using the reaction templates [6, 13-15,
21-25]. Most template-free methods utilize the sequence representations of molecules
(SMILES) and formulate the transformation between the product and its corresponding
reactants as a sequence-to-sequence problem. Many SMILES-based methods use
Transformer [8], a language model with attention mechanisms to model the relationship
across tokens. Transformer follows the encoder-decoder architecture, which encodes the
product SMILES string into a latent vector and then decodes the vector into the reactant
SMILES strings. For example, Tetko et al. [24] (AT) learned to transform a product into
its reactants using a Transformer trained on a dataset augmented with various non-
canonical SMILES representations of each molecule. In AT, each target molecule was
tested multiple times using different SMILES string representations. Kim et al. [15]
(TiedTransformer) learned the transformation from a product to its reactants using two
coupled Transformers with shared parameters, one for the forward product prediction
(synthesis) and the other for the backward reactant prediction (retrosynthesis). During
the inference, they leveraged both the forward and backward models to find the best
reactions. Sun et al. [6] (Dual) transformed a product to its reactants using an energy-
based framework. They also leveraged the duality of the forward and backward models
by training them together and selecting the best reactions with the highest energy value
from the two models. Template-free methods are independent of reaction templates and
thus have better generalizability to unknown reactions. However, template-free methods
lack interpretability toward the reasoning behind their end-to-end predictions. SMILES-
based template-free methods also suffer from the validity issue that the generated
sequences may fail to follow the grammar of SMILES strings or violate chemical rules
[13].

[0236]  Semi-template-based methods. Semi-template-based methods [5, 7, 12, 26,
27] do not use reaction templates, or they do not directly transform a product into its
reactants. Instead, most semi-template-based methods follow a two-step workflow
utilizing atom-mappings: (1) identify the reaction centers and transform the product into

synthons (intermediate molecules) using the reaction centers; (2) complete the synthons
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into the reactants. Shi et al. [5] (G2G) first predicted reaction centers as bonds that can
be used to split the product into the synthons and then utilized a variational autoencoder
to complete synthons into reactants by sequentially adding new bonds or new atoms.
Somnath et al. [7] (GraphRetro) predicted the bonds with changed bond types or the
atoms with changed hydrogen count as the reaction centers and then completed the
synthons by selecting the pre-extracted subgraphs that realize the difference between
synthons and reactants. Wang et al. [26] (RetroPrime) formulated the reaction center
identification and synthon completion problems as two sequence-to-sequence problems
(i.e., product to synthon and synthon to reactant) and trained two Transformers for these
problems, respectively. The prediction of reaction centers first in the above methods
allows better interpretability of the reasoning behind the generation process. The two-
step workflow also empowers these methods to diversify their generated reactants by
allowing multiple different reaction center predictions forwarded into their synthon
completion step. Other semi-templated-based methods utilize the atom-mappings in a
different way. For example, Sacha et al. [27] (MEGAN) formulated retrosynthesis as a
graph editing process from a product to its reactants. These graph edits include the
change in the atom properties or the bond types or the addition of the new atoms or the
benzene rings into the synthons.

[0237] The G°Retro system also identifies the reaction centers and then completes
the synthons into the reactants in a sequential way, as G2G does. However, the G’Retro
system is fundamentally different from G2G as the G’Retro system can cover multiple
types of reaction centers while G2G takes only the newly formed bonds as the reaction
center, which leads to lower coverage of G2G on the dataset. During synthon
completion, the G*Retro system can attach substructures (e.g., rings and bonds) instead
of single atoms as in G2G into synthons to simplify the completion process. In addition,
the G’Retro system uses other synthons to complete a synthon, while G2G does not
consider other systems. MEGAN also applies an action to add the benzene rings in
synthon completion, but it cannot attach other complex ring substructures as performed
by the G’Retro system. In addition, MEGAN does not follow the two-step workflow,
and thus the G’Retro system is also fundamentally different from MEGAN.
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[0238]  Although example embodiments of the present disclosure are explained in
some instances in detail herein, it is to be understood that other embodiments are
contemplated. Accordingly, it is not intended that the present disclosure be limited in its
scope to the details of construction and arrangement of components set forth in the
following description or illustrated in the drawings. The present disclosure is capable of
other embodiments and of being practiced or carried out in various ways.

[0239] It must also be noted that, as used in the specification and the appended

27 44

claims, the singular forms “a,” “an,” and “the” include plural referents unless the
context clearly dictates otherwise. Ranges may be expressed herein as from “about” or
“approximately” one particular value and/or to “about” or “approximately” another
particular value. When such a range is expressed, other exemplary embodiments include
from the one particular value and/or the other particular value.

[0240] By “comprising” or “containing” or “including” is meant that at least the
name compound, element, particle, or method step is present in the composition or
article or method, but does not exclude the presence of other compounds, materials,
particles, method steps, even if the other such compounds, material, particles, method
steps have the same function as what is named.

[0241] In describing example embodiments, terminology will be resorted to for the
sake of clarity. It is intended that each term contemplates its broadest meaning as
understood by those skilled in the art and includes all technical equivalents that operate
in a similar manner to accomplish a similar purpose. It is also to be understood that the
mention of one or more steps of a method does not preclude the presence of additional
method steps or intervening method steps between those steps expressly identified.
Steps of a method may be performed in a different order than those described herein
without departing from the scope of the present disclosure. Similarly, it is also to be
understood that the mention of one or more components in a device or system does not
preclude the presence of additional components or intervening components between
those components expressly identified.

[0242] The term “about,” as used herein, means approximately, in the region of,

roughly, or around. When the term “about” is used in conjunction with a numerical
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range, it modifies that range by extending the boundaries above and below the
numerical values set forth. In general, the term “about” is used herein to modify a
numerical value above and below the stated value by a variance of 10%. In one aspect,
the term “about” means plus or minus 10% of the numerical value of the number with
which it is being used. Therefore, about 50% means in the range of 45%-55%.
Numerical ranges recited herein by endpoints include all numbers and fractions
subsumed within that range (e.g., 1 to S includes 1, 1.5, 2, 2.75, 3, 3.90, 4, 4.24, and 5).
[0243] Similarly, numerical ranges recited herein by endpoints include subranges
subsumed within that range (e.g., 1 to 5 includes 1-1.5, 1.5-2, 2-2.75, 2.75-3, 3-3.90,
3.90-4, 4-4.24, 4.24-5, 2-5, 3-5, 1-4, and 2-4). It is also to be understood that all
numbers and fractions thereof are presumed to be modified by the term “about.”

[0244] The following patents, applications, and publications, as listed below and
throughout this document, are hereby incorporated by reference in their entirety herein.
[1] Wouters, O. J., McKee, M. & Luyten, J. Estimated research and development investment
needed to bring a new medicine to market, 2009-2018. JAMA 323, 844 (2020).

[2] Reaxys. Reaxys is a registered trademark of relx intellectual properties as used under license.
HupsAwvwwy reaxyseom. Accessed: 2022-05-22.

[3] Society, A. C. Scifindern700 : A cas solution. Https://scifinder-n.cas.org. Accessed: 2022-05-
22,

[4] Dai, H, Li, C., Coley, C., Dai, B. & Song, L. Retrosynthesis prediction with conditional
graph logic network. In Wallach, H. et al. (eds.) Advances in Neural Information Processing
Systems, vol. 32, 8872—8882 (Curran Associates, Inc., 2019).

[5] Shi, C,, Xu, M., Guo, H., Zhang, M. & Tang, J. A graph to graphs framework for
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What is claimed is:
1. A method of performing retrosynthesis to predict output reactants molecules that can be
used in a synthetic molecule model for an input target molecule, the method comprising:
receiving, by a processor, an input molecule data structure represented as a graph data
object;
evaluating, by the processor, the one or more graph data objects of the input molecule
data structure, wherein includes a set of sequences to:

determine, by the processor, via one or more trained Al algorithm via a training
data set of molecule data structures, for one or more reaction center types, a likelihood value that
a given bond of a plurality of assessed bonds or a given atom of a plurality of assessed atoms of
each of one or more graph data objects is likely a reaction center for a subsequent synthesis,
wherein the one or more reaction center types include:

1) a first reaction center type associated with a new chemical bond formation that
is formed during a hypothetical reaction and exists in the input target molecule but not in the
output reactants molecules,

i1) a second reaction center type associated with an existing chemical bond in the
input molecule data structure being changed in type during a hypothetical reaction; and/or

ii1) a third reaction center type associated with an atom in the input molecule data
structure connected with fragments being removed during a hypothetical reaction without a new
chemical bond being formed or a type of the existing chemical bond being changed,

wherein the likelihood values of the plurality of assessed bonds of each of one or more
graph data objects are used in a selection of one or more reaction centers for the one or more
graph data objects to generate a plurality of intermediate molecular graph data objects each
having a modified chemical bond at the selected one or more reaction centers for the one or more
graph data objects, wherein one or more of the plurality of intermediate molecular graph data
objects with the modified chemical bond are attached to a chemical fragment at the modified
chemical bond to generate a completed reactant graph, wherein the completed reactant graph is

used to generate the synthetic molecule model.

2. The method of claim 1, wherein the one or more of the plurality of intermediate

molecular graph data objects with the modified chemical bond are generated by:
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determining, by the processor, a likelihood of a neighbor bond type change for a given

reaction center.

3. The method of claim 2, wherein the likelihood of the neighbor bond type change for the
given reaction center is determined using a second trained Al algorithm that learns for a given
bond structure and on a structure of the graph data objects of the training data set of molecule

data structures.

4. The method of claim 1 or 2, wherein the one or more of the plurality of intermediate
molecular graph data objects with the modified chemical bond are generated by:
determining, by the processor, a likelihood of an atom charge change for all the atoms

involved in a given reaction center and their associated neighboring bonds.

5. The method of claim 4, wherein the likelihood of the atom charge change is determined
using a third trained Al algorithm that learns, via training data set of molecule data structures, for
a given atom structure probabilities of accepting one electron, donating one electron, or no

electron change during a hypothetical reaction

0. The method of any one of claims 1-5, wherein the one or more of the plurality of
intermediate molecular graph data objects with the modified chemical bond are generated by:
iteratively attaching, by the processor, a chemical substructure to a given intermediate
molecular graph data object of the plurality of intermediate molecular graph data objects based
on a fourth trained Al algorithm that learns for a given atom structure and on a structure of the

graph data objects of the training data set of molecule data structures.

7. The method of claim 6, wherein the step of iteratively attaching the chemical substructure
includes:

determining, by the processor, likelihood values for inclusion of one or more types of
new substructure from a library of candidate substructures each comprising a bond or a ring

structure, wherein the likelihood values are determined using a fifth trained Al algorithm that
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learns for a given atom structure and on a structure of the graph data objects of the training data

set of molecule data structures.

8. The method of any one of claims 1-7, wherein the one or more graph data objects include

a molecular graph and a BRICS graph.

9. The method of any one of claims 1-8, wherein the one or more graph data objects include

a molecular graph and a junction tree.

10.  The method of any one of claims 1-9, wherein the selection of one or more reactions for
the one or more graph data objects includes:

generating, by the processor, a ranked list of candidate reactant graphs; and

selecting, by the processor, via a beam search, a pre-defined number of top reaction
centers as the one or more reaction centers for the one or more graph data objects to generate the

plurality of intermediate molecular graph data objects.

11.  The method of any one of claims 1-10, wherein the likelihood value that the given bond
of the plurality of assessed bonds of each of one or more graph data objects is likely the first
reaction center type is determined based on a sixth trained Al algorithm, wherein the sixth
trained Al algorithm operation is configured to learn, using the training data set of molecule data

structures, based on a given bond structure and on a structure of the graph data objects.

12, The method of any one of claims 1-10, wherein the likelihood value that the given bond
of the plurality of assessed bonds of each of one or more graph data objects is likely the second
reaction center type is determined based on a seventh trained Al algorithm, wherein the seventh
trained Al algorithm is configured to learn, using the training data set of molecule data

structures, based on a given bond structure and on a structure of the graph data objects.

13.  The method of any one of claims 1-10, wherein the likelihood value that the given atom
of the plurality of assessed atoms of each of one or more graph data objects is likely the third

reaction center type is determined based on an eighth trained Al algorithm, wherein the eighth
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trained Al algorithm is configured to learn, using the training data set of molecule data

structures, based on an atom and a structure of the graph data objects.

14, The method of any one of claims 1-13, wherein the input molecule data structure is

evaluated along with a plurality of input molecule data structures in a pipeline operation.

15.  The method of any one of claims 1-14, wherein the plurality of input molecule data

structures has an average molecule size between 20 — 500 atoms or rings.

16.  The method of any one of claims 1-15, wherein the input molecule data structure is of an

existing therapeutic molecule or a pharmaceutically active molecule.

17.  The method of any one of claims 6-16, wherein the chemical substructure is iteratively
attached in a ranked manner from the library of candidate substructures without any chemical

rules or templates imposed for the attachment.

18.  The method of any one of claims 1-17, wherein the input molecule data structure was

generated by molecule optimization evaluation for drug discovery analysis.

19. A system comprising;

a processor; and

a memory operatively connected to the processor, the memory having instructions stored
thereon, wherein execution by the processor causes the processor to perform any of the methods

of claims 1-18.

20. A non-transitory computer-readable medium having instructions stored thereon,
wherein execution by the processor, causes the processor to perform any of the methods of

claims 1-18.
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