It Takes Two to Tango: Directly Optimizing for Constrained Synthesizability in
Generative Molecular Design

Anonymous Authors'

Abstract

Constrained synthesizability is an unaddressed
challenge in generative molecular design. In
particular, designing molecules satisfying multi-
parameter optimization objectives, while simul-
taneously being synthesizable and enforcing the
presence of specific building blocks in the syn-
thesis. This is practically important for molecule
re-purposing, sustainability, and efficiency. In this
work, we propose a novel reward function called
TANimoto Group Overlap (TANGO), which
uses chemistry principles to transform a sparse
reward function into a dense reward function —
crucial for reinforcement learning (RL). TANGO
can augment molecular generative models to di-
rectly optimize for constrained synthesizability
while simultaneously optimizing for other proper-
ties relevant to drug discovery. Our framework is
general and addresses starting-material, interme-
diate, and divergent synthesis constraints. Con-
trary to many existing works in the field, we show
that incentivizing a general-purpose model with
RL is a productive approach to navigating chal-
lenging synthesizability optimization scenarios.
We demonstrate this by showing that the trained
models explicitly learn a desirable distribution.
Our framework is the first generative approach to
successfully address constrained synthesizability.
The code is provided at https://figshare.
com/s/0aalbb23734ee16d4331.

1. Introduction

Synthesizable generative molecular design is becoming in-
creasingly prevalent (Gao & Coley, 2020; Stanley & Segler,
2023), paralleling the rise in the number of experimentally
validated generative design case studies (Du et al., 2024).
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Controlling how generated molecules can be synthesized
offers great potential for the push towards closed-loop dis-
covery (Coley et al., 2020a;b) as molecules that can be
made from specific reagents or reactions are naturally more
amenable to robotic synthesis automation, which can be
specialized for certain chemistries (Tom et al., 2024; Strieth-
Kalthoff et al., 2024; Sin et al., 2024). Moving beyond meth-
ods that optimize for synthesizability heuristics (Stanley &
Segler, 2023; Neeser et al., 2023), approaches that explic-
itly assess synthesizability can be broadly categorized into
forward- or retro-synthesis which builds molecules from
simple building blocks, or recursively decomposes a target
molecule into constituent building blocks, respectively. An
example of forward-synthesis in the context of molecular
design is synthesizability-constrained molecular generation.
These methods anchor molecular generation in viable chem-
ical transformation rules, thus promoting synthesizability
(Gao et al., 2022; 2024). On the other hand, retrosynthesis
planning (Liu et al., 2017; Segler & Waller, 2017; Coley
et al., 2017; Segler et al., 2018) proposes viable synthetic
routes to a target molecule, and these models are often used
as stand-alone tools to assess synthesizability. Such models
have become increasingly adopted and are now routinely
used to filter generated molecules (Shields et al., 2024). Re-
cent work has shown that generative models can directly
generate molecules deemed synthesizable by retrosynthesis
models by treating them as another oracle (computational
prediction) to optimize for (Guo & Schwaller, 2024c). Sub-
sequently, constrained synthesis planning has become a
research focus, whereby proposed synthetic routes incorpo-
rate enforced building blocks. This is especially relevant
for sustainability and efficiency and examples include semi-
synthesis (Vollmann et al., 2022) (start from reagents iso-
lated from natural sources) and divergent-synthesis (Li et al.,
2018) (pass through common intermediates). More exam-
ples include starting-material constrained synthesis (Granda
et al., 2018; Wotos et al., 2020), which can also re-purpose
waste to valuable molecules (Wotos et al., 2022; Zadlo-
Dobrowolska et al., 2024). More recently, constrained ret-
rosynthesis algorithms have been proposed (Johnson et al.,
1992; Yu et al., 2022; 2024). However, to date, there are
no molecular generative models that can enforce specific
building blocks in the proposed routes.
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platform (Molecule.one), and IBM RXN (Schwaller et al.,
2020). In the context of generative molecular design, ret-
rosynthesis models are usually used for post-hoc Itering
due to their inference cost, but recent work has shown that
with a sample-ef cient model, they can be incorporated
directly as an optimization objective (Guo & Schwaller,
2024c).

Figure 1.TANGO guides the generation of molecules directly op- Synthesizability-constrained Molecular Generation.
timized for constrained synthesizability witnforced bU|Id|ng Br|dg|ng Concepts from retrosynthesiS, Synthesizabi”ty_
blockswhile simultaneously opt_imizing ther_ properti_es. Our constrained models anchor molecular generation by en-
method generall_zes across starting-material, intermediate, and qbrcing a set of valid chemical transformations (Vinkers
vergent synthesis constraints. et al., 2003; Hartenfeller et al., 2012; Ghiandoni et al., 2022;
2024; Bradshaw et al., 2019; 2020; Korovina et al., 2020;
Gao et al., 2022; Seo et al., 2023; Koziarski et al., 2024;
In this work, we show that @eneral-purposemolecu-  Gao et al., 2024; Cretu et al., 2024; Luo et al., 2024; Got-
lar generative model, without any constraints, carirbe tipati et al., 2020; Horwood & Noutahi, 2020; Fialkova
centivizedto generate synthesizable molecules that satt al., 2021; Jocys et al., 2024; Seo et al., 2024). To date,
isfy multi-parameter optimization (MPO) objectives while there are no molecular generative models that can enforce
jointly enforcinga set of building blocks. Our contribu- the presence of speci ¢ building blocks in the synthesis
tion is as follows:(1) We leverage chemistry principles and graph and the closest works are SynNet (Gao et al., 2022)
propose th&ANimoto Group Overlap (TANGO) reward  and the very recent SynFormer (Gao et al., 2024) mod-
function to generate molecules deemed synthesizable ks which can condition on a target molecule to propose
retrosynthesis models with the presencemfiorced build-  a synthetic route. Current synthesizability-constrained ap-
ing blocksusing reinforcement learning (RL(2) We show  proaches cannot reliably (or are sample-inef cient) satisfy
that generated molecules satisfy MPO objectives, and byPO objectives which is a necessary requirement for prac-
design, enable the constructiongyithesis networkshere  tical applications. In this work, we show that a general-
common intermediatesranch towards diverse, high-reward purpose model, can generate synthesizable molecules that
molecules(3) We show that letting general purposenodel  satisfy MPO objectives whilenforcingthe presence of a
freely learn(using incentives), can be a productive approachsmall set of building blocks either at the start of the synthe-

to optimizing challenging synthesizability objectives. sis (starting-material constrained), as a common intermedi-
ate (intermediate-constrained), or non-commercial building
2. Related Work blocks that diverge to diverse, favorable generated molecules

(divergent synthesis) (Fig. 1). To our knowledge, there are
Retrosynthesis Models Retrosynthesis planning aims to only several works (Johnson et al., 1992; Yu et al., 2022;
nd a set of commercial building blocks and viable chem-2024; Szymka et al., 2016; Grzybowski et al., 2018) that
ical transformations that can be combined to synthesize @nable some notion of building block-constrained synthesis
target molecule. Existing works encode chemically plauplanning. In particular, the very recent DESP (Yu et al.,
sible transformations either as reaction templates (codegn24) retrosynthesis search algorithm proposes a bidirec-
patterns) (Chen & Jung, 2021; Xie et al., 2023) or templatetional search that can constrain on a starting-material. Our
free approaches (learn from data) operating on SMILESvork differs in that we are not proposing a search algorithm,
strings (Liu et al., 2017; Segler & Waller, 2017; Schwaller but rather the rstgenerativeapproach thgpintly tackles
etal., 2020; Thakkar et al., 2023; Han et al., 2024) or graphgonstrained synthesizability and MPO. Moreover, our frame-
(Sachaetal., 2021; Zhong et al., 2023). Subsequently, multivork can consider the constraint mianybuilding blocks
step retrosynthesis planning is tackled by coupling a searchimultaneously.
algorithm such as Monte Carlo tree search (Segler et al.,
2018), Retro* (Chen et al., 2020), Planning with Dual Value3 Methods
Networks (PDVN) (Liu et al., 2023), or the recent Double- "

Ended Synthesis Planning (DESP) (Yu et al., 2024). Within this section, we describe the problem formulation, the
retrosynthesis planning being a ubiquitous task in molecgenerative model, th#ANGO reward function, and the
ular discovery, many platform solutions exist, including experimental setup.

SYNTHIA (Szymktt et al., 2016; Grzybowski et al., 2018),

AizynthFinder (Genheden et al., 2020; Saigiridharan et al. constrained Synthesizability Problem Formulation.In
2024), ASKCOS (Coley et al., 2019; Tu et al., 2025), Eli synthesis planning, the goal is to propose a valid synthetic

Lilly's LillyMol (Watson et al., 2019), Molecule.one's M1 route to a target molecule using (commercially) available
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sidereddivergentif at least one intermediate node, 2
G(M;R), satis es both of the following conditions: (1)
m = b2 Bens, and (2) allb 2 Bens are non-commercial.
The nuance ohon-commercials that they can be highly
speci ¢ building blocks and potentially much larger in size
than common commercial building blocks, which can enable
late-stage functionalization (Castellino et al., 2023):

9m 2 G(M;R) s.t.8b2 Beys ; bis non-commercialandm = b2 Beps

TANGO Reward Function. In the context of generative
molecular design, previous work has shown that retrosynthe-
Figure 2.TANGO reward function: the maximumimilarity be- SIS models can be treated as an oracle and directly optimized
tweeneverynon-root node (generated molecule) molecule and thefor (Guo & Schwaller, 2024c). The effect is that generated
set of enforced building blocks. Every synthesizable generate@nolecules are synthesizable, as deemed by retrosynthesis
molecule returns a non-zero reward. models (from here on, this will just be referred to as "syn-
thesizable", for brevity). In that work, the authors adopted
a brute-force approach tearning synthesizability, despite
the reward signal being binary, i.&, 2 f 0; 19, denoting
whether a molecule is synthesizable or not. This worked

an intermediate molecule, that need not necessarily be because there are enough molecules that are synthesizable
an available building blocky, and the edges represent reac- . are enoug y '
making the optimization landscape riob sparse. However,

tions,r 2 R. Thedepthof a node is the number of edges .

from the root node (the target molecule). A valid syntheticIn the constra_lned synthesis S?““”g’ Itis hl_ghly unlikely
. ._that a synthesizable molecule will also contain an enforced
route requires that all leaf nodes correspond to commerciall

available building blocksy 2 B. We further de neenforced éﬂ'::gg gil;Ck Iri]slt:r?a/dr;tr\]/\(/ar?ilc?hgirsaggr’n?gi?Lalrlgavl\irv]v%r;léhe
building blocks,B ent B. In practice jBen j << jBj, enf ’

and in this work, we considgBey j 2 f 10,1005, We applications (Granda et al., 2018; Wo os et al., 2020; 2022).
1 en ] .

address three cases of constrained synthesis in this Work:C_onsequently, th.'s IS a very sparse r_eward_ en}lnronm?nt:
without a way to inform the model if it is getting "closer

Case 1: Starting-material Constrained Synthesis.A  to achieving the goal, learning becomes extremely challeng-
synthesis graph is considerstrting-material constrained ing. Drawing inspiration from RL, quantifying the degree
if at least one leaf nodem 2 G(M; R), satis es both of  to which an arbitrary goal is achieved, while intending for
the following conditions: (Im = b 2 Benr, and (2)  another goal is sometimes referred tchawdsight(Rauber
depti{m) = max depth: et al., 2019). Intuitively, de ning a reward signal that is not
exactly the target objective butiisformativeto achieving
the target objective should guide learning (Andrychowicz
9m 2 G(M:R) s.t. deptim) = max depth andn = b2 Ben etal.,, 2017; Rauber et al., 2019), and can be done through
reward shapindNg et al., 1999; Silver et al., 2021).

building blocks B, and a set of reaction ruleR, We de ne
a synthesis graphG(M; R), where each node represents

A practical reason why one would want to enforce a startingtn this work, we propose th€ANimoto Group Overlap
material constraint is that they may be inexpensive reagentSTANGO) reward function that leverages chemistry induc-
As such, they can be obtained in larger quantities for us¢ive bias to transform theparsereward environment as-
in multi-step synthesis, which necessarily loses material asociated with constrained synthesis, tdemsereward en-
every synthetic step. vironment. Speci cally, for every synthesizable molecule,
TANGO provides a signal on whether the model is "closer”
to incorporatingBens . GivenG(M; R), this is achieved by
a notion ofsimilarity between every noden, andB s .
e draw inspiration from previous works that leverage Tan-
imoto similarity (sub-graph similarity) for retrosynthesis
(Coley et al., 2017; Zhang et al., 2024). However, Tanimoto
9m 2 G(M;R) s.t.m 2 Beps similarity alone is insuf cient as chemicaactivityis often
associated wittunctional groupsand their neighborhoods
Case 3: Divergent SynthesisA synthesis graph is con- which dictate incompatibilities (Molga et al., 2019). Cor-

Case 2: Intermediate Constrained SynthesisA synthesis
graph is considereititermediate constraineheneral case
of starting-material constrained) if at least one intermediat
nodem 2 G(M; R), belongs tBes :
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respondingly, we augment Tanimoto similarity with Func-trade-off. In the original work, the authors found tlaat-
tional Group (FG) Overlap (does a given molecule havegressivelocal sampling in chemical space improves sam-
similar functional groups t8¢,; ?) and Fuzzy Matching ple ef ciency across various drug discovery case studies.
Substructure (FMS) (what is the maximum substructureBy contrast, we show that the constrained synthesizabil-
overlap by atom count tBn; ?). We note that FMS, if en- ity setting necessitates a more exploratory behavior. We
forcing exact atom hybridization, atom type, chirality, and pre-train Saturn on PubChem (Kim et al., 2023) after data
whether the atom is part of a ring, alsoplicitly considers  pre-processing (see Appendix A for details).

functional group overlap. In Appendix E, we systematically
evaluated various TANGO formulations and their ability to
distinguish "goodness" and conclude that equal weightin
(0.5) of Tanimoto similarity (TS) and FMS vyields the best
learnable signal:

Retrosynthesis Model. In this work, we integrate Syn-
theseus (Maziarz et al., 2023), which is a wrapper around
arious retrosynthesis models and search algorithms, into
Saturn. Through Syntheseus, we use MEGAN (graph-edits
based) (Sacha et al., 2021) as the single-step retrosynthesis
model coupled with the Retro* (Chen et al., 2020) search
algorithm with default hyperparameters. MEGAN was cho-
sen due to its fast inference speed but we emphasize that our

framework is retrosynthesis model-agnostic.
We note that since the maximum value of Tanimoto similar-

ity and FMS is 1, TANGO is by design already normalized Cqmmercial I?uilding BIPCkS' ‘In this. wgrk, B is com-
2 [0, 1]. The TANGO reward is the maximum value be- prised of the "Fragment™ and "Reactive” subsets of ZINC

tween all non-root nodesn 2 G(M;R) (Algorithm 1). (Sterling & Irwin, 2015) (17,721,980) which are part of the

It follows that thetypeof constrained synthesizability can commercial building block s_to_c_k used in the AiZynthFinder
be controlled by a simple toggle of whether only nodes a{Genheden et al., 2020; Saigiridharan et al., 2024) retrosyn-

max depth gtarting-materia) be considered or any node theS||s mc:jdfal. we note that tr?e §|zet)%t_;ﬁs muchlarger(tjhan K
(intermediate or divergeit employed in previous synthesizability-constrained works

(Gaoetal.,2022; Luo et al., 2024; Gao et al., 2024; Seo et al.,

TANGO (M;Benr ) = TS(M;Bent) 0:5+ FMS(M;Benr) 052 [0;1] (1)

Algorithm 1 TANGO Reward Calculation 2024) (which commonly use Enamine REAL (Grygorenko
T et al., 2020) US Stock: 223,244 molecules and recently
gi::':R ) ~ SynthesisQFEﬁ'gofégggeuﬁ‘;g'tf;lg'ceé“'e Enamine Comprehensive Catalogue: 1,193,871 molecules).
max depth . Graph depth of terminal leaf nodes T herefore, an additional result in this paper is showing that
enforce start . Boolean ag for starting-material constraint

our framework can navigate amormoussynthesizable
space. We also want to highlight that it is straightforward

Output: reward

reward 0 . . .
/I Traverse all non-root nodes in the synthesis graph to further increase the size Bf, and does not require re-
foreachnodem 2 G(M;R ) anddept{m) > 0do t P fth t d | N ﬁ B .
/_/ Starting-material constrained or not ralnlng o) e ge.nera ve mO- el. ) e - enf IS ran-
if enforce starthen domly sampled with the following criteria: 150 < molecular
if deptf{m) 6 max depttthen . X R X
o), continue weight < 200, no aliphatic carbon chains longer than 3, ex-
end clude charged molecules, if rings are present, enforce size
o revard max (reward: TANGONodeRewardm: B en )) 2 {5, 6}, and molecules must contain at least one nitrogen,
Function TANGONodeReward(node; B ent ) : oxygen, or sulfur atom. We believe this criteria is a rea-
node_reward 0 7 H ildi H
I Loop thiough all enforced buiding blocks sonable representation of simple building blocks applicable
foreachbent 2 Benr do to drug design (see Appendix B for more details) We con-
/I Compute current block's reward . . . |
TanSim ComputeTanimotoSimilarignode; b gnf ) SlderJBenf J 2 10 10@ and denote thesBenf 10 and
FMS  ComputeFM$node;b enr ) Bent 100, respectively.
block_reward  TanSim 0:50+ FMS 0:50
node_reward max (node_rewardblock reward Drug DiSCOVGry Case StUdyThe MPO Optimization task
From node. reward is to generate molecules with optimized QuickVina2-GPU-
retum TANGO_reward 2.1 (Trott & Olson, 2010; Alhossary et al., 2015; Tang et al.,

2023) docking scores against ATP-dependent Clp protease
Molecular Generative Model. Here, we build on Saturn  proteolytic subunit (ClpP) (Mabanglo et al., 2023) (impli-
(Guo & Schwaller, 2024b) which is a general-purpose aucated in cancer), high QED (Bickerton et al., 2012), and are
toregressive language-based model operating on SMILESynthesizable with either thetarting-materia) intermediate
strings (Weininger, 1988). Saturn uses the Mamba (Gu &r divergent synthesisonstraints.
Dao, 2023) architecture and performs goal-directed genera- i i
tion using RL. The key mechanism is combining SMILES Exper|mental Deta|ls.. For method development (see Ap-
augmentation (Bjerrum, 2017) with experience replay (Lin,PENdix E for all experimental results), we ran every exper-
1992) which directly controls the exploration-exploitation IMeNt across 5 seeds (0-4 inclusive) with varying oracle
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