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Abstract

Designing synthetically accessible molecules and recommending analogs to unsyn-
thesizable molecules are important problems for accelerating molecular discovery.
We reconceptualize both problems using ideas from program synthesis. Drawing
inspiration from syntax-guided synthesis approaches, we decouple the syntactic
skeleton from the semantics of a synthetic tree to create a bilevel framework for
reasoning about the combinatorial space of synthesis pathways. Given a molecule
we aim to generate analogs for, we iteratively refine its skeletal characteristics
via Markov Chain Monte Carlo simulations over the space of syntactic skeletons.
Given a black-box oracle to optimize, we formulate a joint design space over syn-
tactic templates and molecular descriptors and introduce evolutionary algorithms
that optimize both syntactic and semantic dimensions synergistically. Our key
insight is that once the syntactic skeleton is set, we can amortize over the search
complexity of deriving the program’s semantics by training policies to fully utilize
the fixed horizon Markov Decision Process imposed by the syntactic template. We
demonstrate performance advantages of our bilevel framework for synthesizable
analog generation and synthesizable molecule design. Notably, our approach offers
the user explicit control over the resources required to perform synthesis and biases
the design space towards simpler solutions, making it particularly promising for
autonomous synthesis platforms.

1 Introduction

The discovery of new molecular entities is central to advancements in fields such as pharmaceuticals
[72, 140]], materials science [26} 31], and environmental engineering [73} 167]. Traditional make-
design-test workflows for molecular design typically rely on labor-intensive methods that involve a
high degree of trial and error [52]. Systematic and data-efficient approaches that minimize costly
experimental trials are the key to accelerating these processes [11, 112} 22]]. In recent years, a large
number of molecular generative models has been proposed [15} 141,155,168, 138511139132/ 1331125/ 159].
However, few of their outputs are feasible to make and proceed to experimental testing due to
their lack of consideration for synthesizability [20]. This has motivated methods that integrate
design and synthesis into a single workflow, aiming to optimize both processes simultaneously
[65L 27, 16 12, 3 21 160] which significantly closes the gap between the design and make steps,
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reducing cycle time significantly [36} 66, 43]]. These methods still face computational challenges,
particularly in navigating the combinatorial explosion of potential synthetic pathways [56].

Inspired by techniques in program synthesis, particularly Syntax-Guided Synthesis (SyGuS) [1]],
our method decouples the syntactical template of synthetic pathways (the skeleton) from their
chemical semantics (the substance). This bifurcation allows for a more granular optimization process,
wherein the syntactical and semantic aspects of reaction pathways can be optimized independently
yet synergistically. Our methodology employs a bilevel optimization strategy, wherein the upper
level optimizes the syntactic template of the synthetic pathway, and the lower level fine-tunes the
molecular descriptors within that given structural framework. This dual-layered approach is facilitated
by a surrogate policy, implemented via a graph neural network, that propagates embeddings top-
down following the topological order of the syntactical skeleton. This ensures that each step in the
synthetic pathway is optimized in context, respecting the overarching structural strategy while refining
the molecular details. We address the combinatorial explosion in the number of programs using
tailored strategies for fixed horizon Markov decision process (MDP) environments. This algorithm
amortizes the complexity of the search space through predictive modeling and simulation of Markov
Chain Monte Carlo (MCMC) processes [47, 28, [24], focusing on the generation and evaluation
of syntactical skeletons. By leveraging the inductive biases from retrosynthetic analysis without
resorting to retrosynthesis search, our approach combines accuracy and efficiency in “synthesizing"
synthetic pathways. In summary, the contributions of this work are:

* We reconceptualize molecule design and synthesis as a conditional program synthesis
problem, establishing common terminology for bridging the two fields.

* We propose a bilevel framework that decouples the syntactical skeleton of a synthetic tree
from the program semantics.

* We introduce amortized algorithms within the bilevel framework for the tasks of synthesiz-
able analog recommendation and synthesizable molecule design.

* We demonstrate improvements across multiple dimensions of performance for both tasks.

* We include in-depth visualizations and analyses for understanding the source of our method’s
efficacy as well as its limitations.

2 Related Works

2.1 Synthesis Planning

Prior works model synthetic pathways using a discrete data structure known as the synthetic tree.
The root node is the target molecule, leaf nodes are building blocks, and intermediate nodes can
be either reactions or intermediates. This task is to infer a synthesis tree that reconstructs a target
molecule M € M, where M is the space of all molecules (estimated to be 1039~190), Retrosynthetic
analysis is a branch of organic chemistry that centers around designing synthesis pathways for a
target molecule through backward reasoning steps [13]. Computer-assisted retrosynthetic analysis has
developed through the decades [[14] in tandem with computers, and is now known as retrosynthetic
planning due to its resemblance to more classical tests of Al based around planning. State-of-the-
art retrosynthesis planning algorithms today use neural networks to learn complex transformation
patterns over the vast space of molecular structures, and the field has gained attention in recent years
[9] as machine learning has begun to transform drug discovery and materials design.

2.2 Synthesizable Analog Generation

The problem of synthesizable analog generation aims to find molecules close to the target molecule
which are synthesizable. Note that the constraint of synthesizable delinates this problem from
conditional molecule generation, but works such as [50]] attempt to bridge these two. As retrosynthetic
planning is done by working backwards (top-down), partial success is not straightforward to define.
In other domains, procedural modeling is a bottom-up generation process that generates analogs
by design [45] 46| 48| 44]]. Thus, synthesizable analog generation has warranted more specialized
methods. Prior works such as [16] 37]] address this by starting from an existing retrosynthesis route,
and performing alteration of the route. This constrained approach limits the diversity of analogs
severely. Instead, we neither start from a search route nor constrain the search route, but instead
extract analogs via iterative refinement of the program’s syntactical skeleton with inner-loop decoding



of the program semantics in a bilevel setup. Our framework simultaneously handles analog generation
and, as a special case, synthesis planning. We implement the iterative refinement phase using a
MCMC sampler with a stationary distribution governed by similarity to the target being conditioned
on. This is a common technique used to search over procedural models of buildings, shapes, furniture
arrangements, etc., [46} 61} 69] and we showcase its efficacy for the new application domain of
molecules.

2.3 Synthesizable Molecule Design

The problem of synthesizable molecule design is to optimize for the synthetic pathway which
produces a molecule that maximizes some property oracle function. Note that unlike generic
molecular optimization approaches, the design space is reformulated to guarantee synthesizability
by construction. The early works to follow this formulation [65, 27, |6]] use machine learning
to assemble molecules by iteratively selecting building blocks and virtual reaction templates to
enumerate a library, with recent works such as [60] obtaining experimental validation. The key
computational challenge these methods must address is how to best navigate the combinatorial search
space of synthetic pathways. Prior works that do bottom-up generation of synthetic trees [2, 3]
probabilistically model a synthetic tree as a sequence of actions. These works adopt an encoder-
decoder approach to map to and from a latent space, e.g., using a VAE, assuming a smooth mapping
between continuous latent space to a complex and highly discontinuous combinatorial space. This
results in low reconstruction accuracy, hindering the method on the task of conditional generation.
SynNet [21]] instead formulates the problem as an infinite-horizon MDP and do amortized tree
generation conditioned on a Morgan fingerprint. This enables a common framework for solving
both tasks. However, we show improvements on both analog generation and synthesizable molecule
design in terms of reconstruction accuracy and diversity through our novel formulation.

2.4 Program Synthesis

Program synthesis is the problem of synthesizing a function f from a set of primitives and operators
to meet some correctness specification. A program synthesis problem entails: a background theory
T which is the vocabulary for constructing formulas, a correctness specification: a logical formula
involving the output of f and T, and a set of expressions L that f can take on described by a
context-free grammar G'z,. In molecular synthesis, we can formulate T as containing operators for
chemical reactions, constants for reagents, molecular graph isomorphism checking comparisons,
etc. The correctness specification for finding a synthesis route for M is simply f({B}) = M
(where {B} is a set of building blocks) and we seek to find an implementation f from L to meet the
specification. A related but coarser specification is to match the fingerprint X of some molecule:
FP(f({B})) = X, and as shown by [21]], this relaxed formulation enables both analog generation
and GA-based molecule optimization. Our key innovation takes inspiration from the line of work
surrounding syntax-guided synthesis [I} [53] (SyGuS). Syntax guidance explicitly constrains G,
which reduces the set of implementations f can take on [1l], enabling more accurate amortized
inference. Further discussion on the connections between program synthesis and molecular synthesis

is in App[C]

3 Methodology

3.1 Problem Definition

Synthesis Planning

This task is to infer the program as well as the inputs that reconstructs a target molecule. When the
outcome is binary (whether a certificate to exactly reconstruct the target is found), this problem is
known as synthesis planning. When the outcome can be between 0 and 1, e.g., similarity to target
molecule, this problem is known as synthesizable analog generation.

Synthesizable Molecule Design

This task is to optimize for synthesizable molecules that maximize a property oracle function. This is
a constrained optimization problem where the design space ensures synthesizability by construction.
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Figure 1: We introduce program synthesis terminology for modeling synthesis pathways.

J

3.2 Solution Overview

In our work, we use expert-defined reaction templates, a popular abstraction codifying deterministic
graph transformation patterns in the SMIRKS formal language. SMIRKS assumes the reactants
are ordered (for defining how atoms and bonds are transformed from reactants to products). Since
templates are designed to handle the most common and most robust chemical transformations, ours
are restricted to uni-molecular (e.g., isomerization, ring closure, or fragmentation reactions) or
bi-molecular (e.g., additions, substitutions, or coupling reactions) reactions. Denoting the set of
reactions as R and the set of building blocks as 13, we obtain a compact yet expressive design space
‘P: all non-trivial, attributed binary trees where each node corresponds to a reaction. The problem of
synthesis planning is to infer the program and appropriate inputs : M — P x 25 i.e., (P, [b; € B])
such that B can be assigned to the leaf nodes of P and running the reaction(s) in P in a bottom-up
manner (by recursively feeding the product of a node’s reaction to its parent) produces M which

minimizes dist(M , M). We call the space of P program space to motivate our solution by drawing a
parallel to program synthesis literature. Moving forwards, we define exec over the image of F as
the output of executing the program P on the inputs B. Equivalently, we use the functional notation
P(B). The basic terminology is summarized in Figure E} Our featurization of M is chosen to
be X the set of all Morgan fingerprints with a fixed radius and number of bits. This is a common
representation of molecules for both predictive tasks and design tasks. Our parameterized surrogate
procedure also takes & as its domain, i.e., Fg 0.0: X = P X 2B for both tasks.

3.3 Bilevel Syntax-Semantic Synthesizable Analog Generation

We propose a multi-step factorization to synthesize a program given a molecule M € M by first
choosing the syntactical skeleton of the solution, then filling in the specific operations and literals.
Following the terminology of Section 2.4} we aim to parameterize the derivation procedure of the
context-free grammar G'». We define the grammar G'p explicitly and discuss how our syntax-guided
approach constrains the grammar in App[D} In the following sections, we introduce the main ideas
for how we parameterize the derivation of the syntax-guided grammar when conditioned on an input
molecule M.

The first step Q: M — T, where T is the space of all non-trivial binary trees, is a policy to choose
which production rule to apply first. In other words, it recognizes the most likely syntax tree of P,
given an input M. We parameterize Qo : M — 7T}, with a standard MLP for classification. When
doing bilevel optimization, this first step is skipped as a sample 7T is given. The second step is to
use Gr: T x M — P to fill in the reactions. The final step, Gg: M x P — (P, B) produces
the final AST, where leaf nodes are literals (building blocks) and non-leaf nodes are operators
(reactions). When performing inner-loop only, F(M) = (Pa.qg, Ge(M, Pr.q)) where Py =
Gr(Q(M), M). However, Q(M) is not necessarily well-defined: there can be multiple skeletons
{T'(; M)} per molecule M (see App B|for further investigation). Instead of direct prediction, our
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Figure 2: (a) Our Markov Chain Process over the space of syntax trees 7. Our Metropolis-Hastings
algorithm in Section [3.3]iteratively refines the syntax tree skeleton towards the stationary distribution
which is proportional to the inverse distance to M, our target molecule. (b) Our genetic algorithm
over the joint design space X' x 7T in Section [3.4] combines the strategies of semantic evolution (—)
and syntactical mutation (—) to encourage both global improvement and local exploration.

outer loop enables systematic exploration over 7~ via invocation of the inner-loop in a bilevel setup. In
this setup, we decouple T from F, i.e., F(M,T) := (Pp,Gp(M, Ppr)) where Py = Gr(T, M).

3.3.1 Outer-Loop: Syntax Tree Structure Optimization

We simulate a Markov Process on 7T, the set of all binary trees for discovering tree structures that
maximize similarity between M and the program’s output. The details for how we bootstrap and apply
T is in App|Al We adopt the Metropolis-Hastings algorithm with proposal distribution J (77, T5) o
exp(—A - dist(T}, Tz)). The scoring function is 7(T") o exp(—p - dist(M, exec(F (M, T)))) where
A, B are parameters to tradeoff exploration with exploitation. In other words, we use the inner-loop to
score candidates in 7. The optional outer loop benefits from the amortized nature of the inner loop.
This highlights how our multi-step factorization decouples the syntactic and semantic components of
a complete solution. Next, we discuss our amortized learning strategy for each step.

3.3.2 Inner-loop: Inference of Tree Semantics

We formulate the conditional derivation of G after the syntax tree is fixed as a finite horizon Markov
decision process (MDP). To bridge 7 and P, we introduce an intermediate space of partial programs
T'. T’ consists of all possible partial programs that arise from the following modifications to a
TeT:

. Prepend a new root node as the parent of the root node of 7.

. For the root node, attribute it with any = € X.

. Attribute a subset of T" with reactions from R.

. For each leaf node of T', attach a left child, and optionally attach a right child.

. For the newly attached leaf nodes, attribute a subset of them with building blocks from 5.

DN W =



Intuitively, 7 is the space of all partially filled in trees in 7, with the caveats of adding a root node
attributed with a fingerprint describing a hypothetical molecule and adding leaf nodes representing
building blocks.

State Space: The state space S C T is the set of all partially filled in trees satisfying topological
order, i.e., S = {T € T' | nis filled = parent(n) is filled, for all n € T'}.

Action Space: The actions A; for a given state available are to fill in a frontier node, i.e., {n € T |
parent(n) is filled} with a reaction from R if n is a reaction and a building block from B otherwise.

Policy Network: We parameterize policy networks Gr.¢: 7' — R* and Gp.o: T’ — B* by
separate graph neural networks, both taking as input a partial program 7”. The network G g. predicts
reactions at the unfilled reaction nodes of 7", while G B;q predicts embeddings at the unfilled leaf
nodes. Since |B| > |R|, Gp.q instead predicts 256-dimensional continuous embeddings, from
which we retrieve the building block whose 256-dimensional Morgan fingerprint is closest.

Training: We train ®, () using supervised policy learning. The key to this approach is the dataset
used for training, Dpretrain. We construct Dprerain as follows:

For each (program P, building blocks B(*), molecule M (*)) in our synthetic dataset,

1. Construct 7"() by prepending a new root node attributed with the fingerprint of M () and
attaching leaf nodes L corresponding to B(*).

2. For each mask € {0, 117! such that mask[root(T"())] and mask[i] = mask|parent(s)]
for all i € 7" \ {root(T'™)},

1. Obtain the frontier nodes Fryagy < {n € T") | 'mask[n] N mask[parent(n)]}
2. Initialize (X ¥, y(?)) with all the node features and labels

3. Mask out y(i) where n ¢ Fryagx and mask out X (i) where Imask[n]

4~ Update Dpretrain — Dpretrain U {(T/(Z)y X(Z)y y(z))}

Additional details are in App[E}

Decoding: Our decoding algorithm is designed to align with the pretraining strategy, shown in Figure
Instead of performing search over an indefinite horizon, we restrict the set of horizon structures
to T, i.e., those present in Dprerain. At test time, we either: (a) use Qo to recognize 1" € T;, and
initialize the decoding process, or (b) use the algorithm described in Section [3.3.1] to simulate a

Markov Chain over 7T}, and refine the skeleton over time.
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Figure 3: Illustration of our decoding scheme F; (A ): (Left) The input is a syntax skeleton 7" and
Morgan fingerprint X; (Middle) Decode once for every topological ordering of the tree, tracking
all partial programs with a stack; (Right) Execute all decoded programs, then returning the closest
analog which minimizes distance to M.



3.4 Bilevel Syntax-Semantic Synthesizable Molecular Design

The task of synthesizable molecule design is to solve arg min p g)epyos f(P(B)) for a property
oracle f of interest. Given the learned parameters from synthetic planning ®, 2, we apply the
inner-loop procedure Fgp o(M,T): X x T — P x 25 as a surrogate, casting the problem as
arg min y ryexx 7, f(exec(Fpa(X,T))). This two-step factorization of the design space enables
joint optimization over both the semantics and syntax of a solution.

We approach this problem with a Genetic Algorithm (GA) over the joint design space X and 7.
The seed population is obtained by sampling random bit vectors and using Qo to obtain their
corresponding skeletons. To generate children (X, T") from two parents (X1, 77) and (X2, T3), we
combine semantic crossover with syntactical mutation, consistent with our bilevel approach for
analog generation:

Semantic Evolution: We generate X by combining bits from both X; and X» and possibly mutating
a small number of bits of the crossover result. We then set 7' = Qo (X).

Syntactic Mutation: We set X = X and apply edit(s) to T to obtain 7. We set T + select(T",T})
with the selection criteria determined by an exploration-exploitation annealing schedule.

Intuitively, Semantic Evolution optimizes for chemical semantics by combining existing ones from
the mating pool, while Syntactic Mutation explores syntactic analogs of specific individuals of
interest. Notably, our implementation borrows ideas from simulated annealing [34] to facilitate global
diversity during the early iterations of GA and local exploitation during the later iterations of GA.
Offspring are generated through a combination of both strategies. Each child is then decoded into
a SMILES string using the surrogate and given a fitness score under the property oracle. We then
reassign the children’s fingerprints after decoding, i.e., X < FP(exec(Fp (X, T)))) to reflect our
analog exploration strategy. The top scoring unique individuals between are retained into the next
generation (i.e., elitist selection). Further details and hyperparameters are given in App[F

4 Experiments

4.1 Experiment Setup
4.1.1 Data Generation

We use 91 reaction templates from [27, 6] representative of common synthetic reactions. They consist
primarily of ring formation and fusing reactions but also peripheral modifications. We use 147,505
purchaseable building blocks from Enamine Building Blocks. We follow the same steps as [21] to
generate 600,000 synthetic trees. After filtering by QED, we obtain 227,808 synthetic trees (136,684
for training, 45,563 for validation, and 45,561 for test). We then pre-process these trees into programs,

constructing our dataset Dyin, Dyaiig and Dyes. We bootstrap our set of syntactic templates, 7 based

on those observed in Dy, resulting in 1117 syntactic skeleton classes. Additional statistics on T
and insights on its coverage are given in App[A]

4.1.2 Baselines

We evaluate against all 25 molecular optimization methods benchmarked in the large-scale experimen-
tal study [22]. These methods are divided into three categories, based on the molecule representation:
string, graph, or synthetic trees. Synthesis methods restricts the design space to only products of
robust template-based reactions, so for fair comparison, so we also report intra-category rankings.
We also report the SA Score [18]] of the optimized molecules for all methods, both to cross-verify the
synthesizability of synthesis-based methods and to investigate the performance trade-off imposed by
constraining for template-compatible synthesizability.

4.1.3 Evaluation Metrics

Synthesizable Analog Generation: We evaluate the ability to generate a diverse set of structural
analogs to a given input molecule using Average Similarity (as measured by Tanimoto distance
to the input) and Internal Diversity (average pairwise Tanimoto distance). We also include the
Recovery Rate (RR), whether the most similar analog reconstructs the target, and SA Score [18] as a



Table 1: We generate 5 unique analog molecules conditioned on an input molecule M and sort them
by decreasing similarity to M. For SynNet, we follow their beam search strategy and produce analogs
using the top 5 beams. For Ours (Skeleton), we sample the top 5 syntactic templates from Qg. Then,
we evaluate how similar, diverse, and structurally simple the first £ molecules are. The best method is
bolded. For ChEMBL, the second best method is underlined.

Dataset Method RR 1 Avg. Sim. T SA Score | Diversity 1
k=1k=3k=5 k=1k=3k=5 k=3k=5

Test Set SynNet 46.3% 0.766, 0.622, 0.566 3.108, 3.057, 3.035 0.525, 0.584
Ours (Skeleton) 52.3%  0.799, 0.588, 0.548 3.075, 2.895, 2.856 0.609, 0.653

SynNet 49%  0.499, 0.436, 0.394  2.669, 2.685, 2.697 0.644, 0.693

ChEMBL  Ours (Skeleton)  7.6%  0.531, 0.443, 0.396 2.544, 2.510, 2460 0.675, 0.727
Ours (MCMC) 9.2%  0.532, 0.486, 0.432 2.364, 2.310, 2.263 0.765, 0.759

commonly-used heuristic for synthetic accessibility.

Synthesizable Molecule Design: We evaluate the ability to optimize against calls to 15
Oracle functions [29] relevant to real-world drug discovery. In addition to Top-k average score, we
particularly focus on sample efficiency (Top k AUC), as described in [22]]. We now describe the
different Oracle categories:

1. Bioactivity predictors (GSK338/JNK3/DRD?2): These estimate responses against targets related to
pathogenesis of various diseases such as Alzheimer’s disease [35] using the basis of experimental
data [58]], and whose inhibitors are the basis for many antipsychotics and have shown promise for
treating diseases like Parkinson’s schizophrenia and bipolar disorder [42].

2. Structural profiles (Median1/Median2/Rediscovery): These primarily focus on maximizing struc-
tural similarity to multiple molecules, useful for designing molecules fitting a more multifaceted
structural profile [4]]. The rediscovery oracle focuses on hit expansion around a specific drug.

3. Multi-property objectives (Osimertinib & 6 others): These use real drugs as a basis for optimizing
additional pharmacological properties, mimicking how real-world drug discovery works.

4. Docking Simulations (1P, DRD3): We also add two Docking simulation Oracles against MP™,
the main protease of SARS-Cov-2 and DRD3, which has its own leaderboard, with a particular
focus on sample efficiency.

4.2 Results
4.2.1 Synthesizable Analog Generation

In Table [T} we see our method outperforming SynNet across both dimensions of similarity (how
“analog” compounds are) and diversity (how different the compounds are). Additionally, our method
achieves lower SA Score, which is a proxy for synthetic accessibility that rewards simpler molecules.
Guided by a set of simple yet expressive syntactic templates, our model simultaneously produces
more diverse and structurally simple molecules without sacrificing one for the other. Additionally, our
policy network is well-suited to navigate these simple yet horizon structures, enabling a 6% higher
reconstruction accuracy after training on the same dataset. Combining these three dimensions, we
can conclude our method is the superior one for the task of synthesizable analog generation. To better
understand which design choices are responsible for the performance, we provided a comprehensive
analysis of the policy network in App[E] We begin in App [E.3|by elaborating on the main distinction
of our method vs existing works, highlight the novelty of our formulation, and motivate an auxiliary
training task that takes inspiration from cutting-edge ideas in inductive program synthesis. We
then perform several key ablations in App using concrete examples to highlight success and
failure cases. Lastly, we perform a step-by-step walkthrough of our decoding algorithm in App
visualizing the evolution of attention weights to showcase the full-horizon awareness of our
surrogate and the dynamic incorporation of new information. These analyses shed insights into why
our surrogate works, and points to future extensions to make it even better.



Table 2: We limit to 10000 Oracle calls, then compute Top k£ and Top k£ AUC following the settings
of [22]. We also include synthetic accessibility scores [18]. The best method per column is bolded,
and the best synthesis-based method is underlined. Each Oracle’s output is normalized to [0, 1]. We
compute the Average across all 13 Oracles here. See App. |Gl for the full results and experiment
details.

Average (13 properties)

Top 1 Top 10 Top 100

category Score SA AUC Score SA AUC Score SA AUC
synnet synthesis | 0.603 (913) 3.074 (714) 0.577 (712) 0.578 (913) 3.075 (614) 0.545 (712) 0.527 (1013)  3.094 (714) 0.48 (712)
pasithea string 0.418 (24110)  3.783 (15I7)  0.404 (2319) | 0.338 (24110)  3.66 (12I5) 0.326 (24110) | 0.249 (24110)  3.835(1316)  0.24 (24110)
dog_ae synthesis | 0.508 (1714)  2.845 (4I3) 0.501 (1414) | 0.46 (1814) 2.857 (313) 0.45 (1414) 0.353 (1914)  2.809 (313) 0.339 (1614)
smiles_vae_bo  string 0.486 (2119)  3.18 (8I2) 0.456 (2018) | 0.422(2119)  3.084 (712) 0.376 (2118) | 0.323(2018)  3.055 (411) 0.284 (2018)
jt_vae_bo graph 0.469 (2217)  3.571(1111) 0453 (2117) | 0.388(2318) 3.5 (10I1) 0.371 (2218) | 0.293 (2318)  3.559 (1011) ~ 0.278 (2318)
moldqn graph 0.238 (26110) 5.4 (25110) 0.209 (26110) | 0.213 (26110)  5.604 (25!10)  0.187 (26110) | 0.177 (26110)  5.69 (25!10)  0.151 (26110)
mars graph 0.539 (1515)  4.148 (2118) ~ 0.508 (1314) | 0.507 (14I5)  4.232(2118)  0.47 (1214) 0.463 (1415)  4.436(2219)  0.41 (1315)
selfies_Istm_hc  string 0.579 (1115) ~ 3.617 (12I5)  0.49 (16l6) 0.539 (1216) ~ 3.743 (1416) ~ 0.431 (1616) | 0.485 (1316)  3.82 (12I5) 0.351 (1516)
gp_bo graph 0.662 (712) 3.981 (18I15)  0.599 (512) 0.642 (612) 3.954 (1613)  0.57 (512) 0.617 (612) 4.054 (1714)  0.524 (612)
smiles_ga string 0.555 (1216) ~ 5.107 (2318) ~ 0.519 (1115) | 0.548 (1115)  5.422(2318)  0.503 (10I5) | 0.537 (915) 5.578 (2318)  0.479 (814)
mimosa graph 0.551 (1314)  4.17 (2219) 0.499 (1515) | 0.538 (1314) 4.3 (2219) 0.463 (1315) | 0.515(1214)  4.378 (2118)  0.417 (1214)
reinvent string 0.711 (2I1) 3.352 (913) 0.633 (211) 0.697 (2I1) 3.415 (913) 0.607 (211) 0.685 (111) 3.48 (913) 0.573 (111)

smiles_Istm_hc  string 0.695 (312) 3.016 (511) 0.599 (513) 0.667 (513) 3.036 (5I1) 0.544 (814) 0.622 (513) 3.055 (411) 0.462 (915)
selfies_vae_bo  string 0.502 (1817)  3.423(1014)  0.465(1717) | 0.428 (1918)  3.522(1114)  0.383 (1917) | 0.318(2219)  3.628 (1114)  0.281 (2219)

dog_gen synthesis | 0.663 (612) 2766 (32)  0.562(913) | 0.634(72)  2.793(22) 0511 (913) | 0591 (812)  2.803(212)  0.424(1113)
stoned string 0.613(814) 5364 (2419)  0.568 (814) | 0.609 (814)  5.55(2419)  0555(613) | 0599 (7H)  5.667 (2419)  0.529 (412)
gflownet graph 0495 (1916)  4.069 (1916)  0.461 (1916) | 0.461 (1716) ~ 4.05(1916) 0419 (1716) | 0.403 (1616)  4.17 (1916)  0.359 (14I6)

reinvent_selfies  string 0.693 (513) 3.73 (1316) 0.608 (412) 0.682 (312) 3.791 (1517)  0.578 (412) 0.654 (312) 3.856 (1517)  0.528 (513)
graph_mcts graph 0.37 (2519) 3.745(1412)  0.332(2519) | 0.317(2519)  3.732(1312)  0.28 (2519) 0.246 (2519)  3.849 (1412)  0.213 (2519)

dst graph 0.584(1013)  4.125(2017)  0.522(1013) | 0.555(1013)  4.146 (2017) 0479 (1113) | 0.52(1113) 429 (2017)  0.426 (1013)
selfies_ga string 0495 (1918)  5.693 (26110)  0.358 (24110) | 0.48 (1517)  5.709 (26110) 0337 (2319) | 0.455 (1517)  5.861 (26110)  0.306 (1917)
gflownet_al graph 0463 (2318)  3.829 (1613)  0.434 (2218) | 0417 (2217)  4.005 (18I5) 0387 (1817) | 0354 (1817)  4.153(1815)  0.32 (1817)
screening N/A 0.52(1612)  3.042(612) 0464 (1812) | 0426(2012) 3.097(82) 0377 (2012) | 0.322(2112)  3.064(611)  0.284 (2012)
mol_pal N/A 0.548 (1411)  2.64 (211) 0.517(121) | 0472(1611)  3.018 (4Il) 0444 (I511) | 0366 (1711)  3.105(812)  0.339 (16l1)
graph_ga graph 0716 (111)  3.835(174)  0.6313I1) | 0.701 (1)  3.982(1714)  0.601 31) | 0.676 (21)  4.018 (1613)  0.553 (3I1)
Ours synthesis ~ 0.694 (411)  2.601(11)  0.642(111)  0.67 (411) 2739 (1) 0.608 (1)  0.64 (411) 271311 0554 (21)

Table 3: (Left) AutoDock Vina scores against DRD3 and MPro, limited to 5000 Oracle calls. For
ZINC (Screening) we use numbers from TDC’s DRD3 Leaderboard. For SynNet, we report both
their paper’s numbers and our reproduced runs. (Right) We report the top 3 binders for MPro for the
real-world case study in App. E

Top 1 ‘ Top 10 ‘ Top 100
Method Target Oracle Calls | Score ~ SA AUC | Score  SA AUC | Score SA AUC Method (#Oracle calls)  1st ond  3rd
ZINC N/A s - ~ 1259 - ~ 1208 - -
Synnet DRD3 5000 108 2589 10092 | 103 2592 9547 | 9.197 2355 8374 SynNet (5000) 83 83 82
Synnet (paper) - 5000 123 2.801 . 1202 - - 11133 — B SynNet (Source: Paper) 10.5 9.3 93
Ours (top k) 5000 137 1908 12702 | 13.01 2128 11905 | 12126 2175 10862  Ours (5000) 99 97 97
Synnet P 5000 83 2821 8015 | 809 2267 7602 | 746 2249 6816 Ours (10000) 108 107 106
Ours (top k) o 5000 9.9 2267 9478 | 954 2595 9.009 | 9.024 2498 8.288

4.2.2 Synthesizable Molecule Design

In Table 2] we see our method outperforming all synthesis-based methods on average across the
13 TDC Oracles for all considered metrics — average score, SA score, and AUC. Surprisingly, our
method stays competitive with the SOTA string and graph methods in terms of Average Score (ranking
4th) but being considerably more sample-efficient at finding the top molecules (ranking 1st for Top
1/10 AUC). We see evidence that a synthesizability-constrained design space does not sacrifice end
performance when reaping benefits of enhanced synthetic accessibility and sample efficiency.

The AutoDock Vina scores reflect our method’s strength in real-world ligand design tasks. Our best
binders against M?™ in Table [3are significantly better than nearly all known inhibitors from virtual
screening or literature [23][70] ([70] reports a best score of -8.5). Our best binders against DRD3
also rank us 3rd on the[TDC Leaderboard|(as of Aug. 2024). We present additional analysis of the
best binders for our two Docking targets in App[H]

4.3 Ablation Studies

In this section, we analyze findings from 3 carefully designed ablation studies (numbered 1-3 in Table
M) to justify the key design decisions that differentiate our method from the predecessor SynNet as
well as other synthesis-based methods that have similar modules. We leave a closer investigation of
the structure-property relationship to App



Dataset Method RR 1 Avg. Sim. T SA Score | Diversity T Oracle Method k=1 k=10 k=100 Seeds All

k=1 k=3 k=5 k=1 k=3 k=5 k=3 k=5 -
Train Set  Ours-reverse (Skeleton)  79.30%  0.923  0.632  0.569 3.072 2.795 2716 0.615 0.657 QED SynNet 0.948 0.948 0.947 0.673 +0.289 0946+ 0.001
S -reverse (S 30% - 0.923 0.632 0. ¢ g 716 0. : SynNet+BO 0948 0944 0933 0.622+0.270 0.931 +0.007
Ours (Skeleton) 88.10% 0958 0.704 0.626 3.099 2928 2852 0532 0615 Ours (edits) 0.948 0.948 0.947 0.391+ 0252 0.947 + 0.000

TestSet  SynNet 4630% 0766 0.622 0566 3.108 3057 3035 0525 0.584 -
Ours-reverse (Skeleton)  40.80%  0.749  0.548 0487 297 2743 2.659 0.64 0685 GSK33 SynNet 094 0907 0815 0.050£0.051 0.803 +0.041
Ours (Skeleton) 52.30% 0799 0588 0548 3.075 2895 2856 0.609 0.653 SynNet+BO 085 0.684 0471 0.013£0.024  0.447 £ 0.090
Ours (edits) ~ 0.98 0967 0944  0.074+0.055 0.941 £ 0.012
Ist 2nd 3rd k=10 k=100 Diversity INK3 SynNet 080 0758 0719 0.032+£0.025 0.715=0.017
- SynNet+BO 0310 0241  0.143  0.006+0.012 0.134 +0.039
Ours (edits) 0.88 0.88 0.87 0.86 0.8 0.61 Ours (edits) 088  0.862  0.800 0.059+0.053 0.792 + 0.030
Ours (topk) 0.88 0.88 0.87 0.83 0.74 0.55 DRD2  SynNet 1000 1.000 0998  0.007+0.018 0.996 + 0.003
R SynNet+BO 0982 0963  0.722  0.005+0.018 0.672+0.147
Ours (flips)  0.87 0.87 0.86 0.84 0.77 0.49 Ours (edits) ~ 1.000  1.000  1.000  0.0240.056 1.000 - 0.000

Table 4: (Top left) Ablation 1: Top-down vs Bottom-up (Ours-reverse) Topological Order Decoding;
(Bottom left) Ablation 2: Sibling pool generation strategies (edits: mutate skeleton, top k: top k
skeletons predicted from Qg, flips: don’t consider skeleton, flip random bit in the fingerprint) on
JNK3 (Right) Ablation 3: SynNet with BO acquisition over sibling pool, generated via top k beams

4.3.1 Top-down vs Bottom-up Topological Order Decoding

Our syntax tree is decoded top-down once the syntactic skeleton is fixed, but it can be argued a
bottom-up decoding aligns better with reality and enables pruning, as done by all baselines that
serialize the construction of synthesis trees ([2} 13, [21]) and assume the intermediate product satisfies
the Markov property. We argue this formulation is ill-defined for early steps, e.g. the model has to
predict the first building block to use given only knowledge of the target molecule. This is extremely
difficult with orders of magnitude more building blocks than reactions (in our case, 147505 vs 91).
Our method resolves this by reformulating the (Markov) state as partial syntax trees, where holes
are reactions and building blocks left to predict. This state captures the horizon structure, so we
can learn tailored policies for the fixed horizon. We reintroduce the inductive bias of retrosynthetic
analysis to procedural synthesis. Conditioned on the syntax (skeleton), we argue a top-down filling
order outperforms bottom-up; it is easier to reason backwards from the specification (target molecule)
which reactions lead to the product. One may argue a pure bottom-up construction compensates by
pruning reactions that don’t match any current precursors. To weigh how much this compensates, we
perform an additional Ablation 1: instead of the MDP enforcing we fill in a skeleton top-down, we fill
the skeleton from the bottom-up (i.e. a node can only be filled if its children are filled already). We
retrain the model by pretraining on inverted masks, and decode by following every possible “reversed”
topological order (i.e. topological order of the skeleton with edges reversed). Ablation 1 results show
this cannot reconstruct the training data as well and cannot generalize. Conditioned on a syntactic
template, we can conclude top-down decoding constrains the search significantly more, even if not
able to prune on-the-fly.

4.3.2 Sibling Generation Strategy in Molecule Design

Our analog generation capability is demonstrated in[4.2.1] but it’s not clear how or why it translates
to better performance when used as an offspring generator within molecule optimization. Our
surrogate takes as input a fingerprint and outputs multiple synthesizable analogs. A good surrogate
should output offspring(s) that balance local neighborhood exploration (this Ablation) with global
exploitation (Ablation 3). SynNet does the former by mutating the fingerprint directly, whereas the
key insight of our syntax-guided method is to mutate the syntactic skeleton instead. Our method
achieves this via editing mutations, but it’s not clear whether this is superior to the top recognition
strategy employed for the analog generation task ((Skeleton) in Table[T). Table[4]suggests edit-based
mutations are superior to the top recognition strategy used for analog generation and the trivial
strategy of ignoring the skeleton and flipping individual bits to obtain siblings. This suggests the
sibling pool related by edits to the skeleton is a better way to preserve a locality bias within the GA.
The simultaneous increase to population diversity and average scores for £ = 10, 100 also suggests
the same symbiotic relationship between diversity and similarity in analog generation is also the key
enabler to better GA optimization.

4.3.3 Comparison against SynNet with Sibling Generation

Our GA benefits from an inner-loop sibling acquisition within the crossover operation, acquiring the
best sibling to expend an Oracle call on. It can be argued this extra mechanism is why our method
gets better results and makes for an unfair comparison with SynNet, or that this is a method-agnostic
hack to improve GA performance. However, we argue the performance gains of this mechanism is
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unlocked by our syntactic approach to generating a sibling pool. To prove this, we endow SynNet with
a similar mechanism in its crossover operation, where we allow it to generate an offspring pool using
the top beams then apply a BO acquisition step on top. However, the results not only didn’t improve,
but actually downgraded the performance. We hypothesize the reason is SynNet’s optimization
trajectory is not helped, but derailed by the additional variation to its sibling pool, reducing local
movements within the output space that a syntactic editing approach naturally preserves.

5 Discussion & Conclusion

We reconceptualize the design of synthesis pathways through the lens of program synthesis. Drawing
on ideas from syntax-guided synthesis, we introduce a bilevel framework that decouples the syntactical
skeleton of a synthetic tree from its chemical semantics. We propose learning algorithms that
amortizes over the search for the correct program semantics by fully utilizing the tree horizon
structure imposed by the syntactic template. Our results demonstrate this approach’s advantages
across the board on key evaluation metrics of conditional analog generation and showcase the
method’s capability on challenging synthesizable de novo design problems. Presented with an more
expressive design space 7 x X, our method makes the most of the unique opportunities by decoupling
the syntactic dimension to navigate a rich, joint design space. Our empirical results demonstrate our
algorithms are a step towards capturing the full modeling potential of this design space.

Our bilevel framework not only integrates design and synthesis into a single workflow, significantly
reducing the cycle time of traditional molecule discovery, but also invites experts into the loop. Our
framework offers a degree of control over the resources involved in the synthesis process. Notably,
syntactic templates give users a degree of control over the amount of resources required to execute
synthesis and biases the design space towards simpler solutions, making it particularly promising for
autonomous synthesis platforms. Combining our workflow with practical deployment, where resource
optimization is critical, is an exciting avenue of work [[10]. Our framework lays the foundation for an
exciting vision: an interactive system that elicits domain expertise in the form of syntactic templates to
expedite the procedural synthesis of new molecules. Similar to how syntax-guided program synthesis
are meant to involve a programmer in-the-loop, we want to enable the expert to play a role in guiding
the optimization towards better solutions.
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A Syntactic Templates

Syntactic templates form the essential ingredients for syntax-guided synthesis, as they significantly
reduce the number of possible programs. In practice, syntactical templates are provided by users who
operate with real-world constraints or experts who can help narrow the search space to desirable
templates. The exact criteria for selecting templates are problem-dependent. To prove our concept
in a more generalizable workflow, we bootstrap our set of syntactic templates 77 in a data-driven
way by obtalmng the syntactlc templates present in Dy,i,. We then simulate real-world constraints
by setting 77y, < {I” € 7 | T’ has at most k reactions} and optimize within the design space 7.
We tabulate summary statistics in [5|for the number of unique syntactic templates and the number
of topological orders. We see that the empirical distribution is biased towards simpler syntactic
templates, which reflects real-world constraints and is a key enabler of our amortized approach. We
train (©, ®, ), for k = 3,4, 5,6 on Dyprerain. For samples in Diprerain With more than k& > 6 reactions,
we snap it to the closest 77 € T according to the Tree Edit Distance. We find k£ = 3 using full
topological decoding (illustration in[2) is best for Synthesizable Analog Generation and k& = 4 with
random sampling of the decoding beams is a good compromise between accuracy and efficiency
for Synthesizable Molecule Design. We also note that the number of unique templates grows sub-
exponentially, and in fact the number of templates for a fixed number of reactions starts diminishing
for k > 6. To make sure this does not cause issues, we ensured there is still sufficient coverage
to formulate a Markov Chain on 77, which is crucial for our bilevel algorlthms For example,
visualizes the empirical proposal distribution J (71, T5),VT1,T> € Ty % T ’4. Importantly, key
hyperparameters like 8 and n.4;s enable control over exploration vs exploitation.

I;roposal Distribution over T 4 xT 4

[ o8
- 0.7
20
F 0.6
] 40 _
= - 0.5
E 04T
ny 60 o,
© o
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& .
80
0.2

0.0
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Figure 4: We adopt the Tree Edit Distance as the dist function. We see that 774 has sufficient
transition coverage for bootstrapping our space of syntactic templates.
B Syntax Tree Recognition

In this section, we answer key questions like: (1) How does the relationship change with the addition
of 7?7 (2) How strong is the correlation between X and 7? (3) How justified are the most confident
predictions made by Q¢ ? We investigate the relationship between M and 7. We seek to understand
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No. of Reactions No. Templates No. Topological Orders (Max, Mean, Std)

1 2 2,15,0.5
2 6 8,4.17,2.79
3 22 80, 19.59, 20.55
4 83 896, 152.02, 215.53
5 209 19200, 2506.25, 3705.77
(@)
No. of Reactions No. Templates
6 298
7 243
8 112
9 63
10 42
11 22
12 11
13 4
14 2
(b)
Figure 5: (a) Summary statistics of the number of syntactic templates and possible topological
decoding node orders for k = 1,2, ...,5; (b) Summary statistics for only the number of syntactic

templates since enumerating all topological sorts becomes intractable

the extent to which the @: M — T function is well-defined. The first part is quantitative analysis,
and the second part is a qualitative study.

B.1 t-SNE and MDS Plots

We use the t-distributed stochastic neighbor embedding (t-SNE) on the final layer hidden representa-
tions of our MLP Qg to visualize how our recognition model discriminates between molecules of
different syntax tree classes. From|[6] we see the MLP is able to discriminate amongst the top 3 or 4
most popular skeleton classes, visually partitioning the representation space. However, beyond that
the representations on the validation set begin to coalesce, i.e., the model begins overfitting.

Since gradient descent is stochastic, we also use multi-dimensional scaling (MDS) using the Morgan
Fingerprint Manhattan distance on a subset of our dataset to visualize the relative positioning between
molecules of different syntax tree classes (sorted based on popularity). From the plots in [8] we
observe some interesting trends:

* Similarly positioned points tend to have similar colors.

» The darker end of the spectrum corresponding to the most popular classes generally cluster
together in the middle.

* The classes do not form disjoint partitions in space. As the ranked popularity increases, the
points tend to disperse outwards. There are exception classes, e.g., the yellow set of points
in[7Bl that cluster in the center.

Based on these findings, it’s reasonable to conclude a recognition classifier by itself is overly naive.
However, the useful inductive bias that similar molecules are more likely to share the same syntactic
template indicates the localness property still holds. Our method is designed with this property in
mind: we encourage iterative refinement of the syntactic template when doing analog generation.

We also use MDS to investigate the structure-property relationship to understand the joint effect 7
and X has on different properties of interest. As shown in[8] we see overall, the functional landscape
varies significantly from property to property, but the general trend is that decoupling 7 from X’ does
not change the structure-property relationship much. Whereas analog generation requires a more
granular understanding of the synergy between X and 7, molecular optimization does not. Instead,
the evolutionary strategy should be kept fairly consistent between the original design space (X) and
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Figure 6: t-SNE on molecules in top (3,4,5,6) skeleton classes
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Figure 7: MDS on molecules in top (10,20,100) skeleton classes
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(X x T). However, the top row exhibits lower entropy, with the empirical distribution looking “less
Gaussian". To capture this nuance, the evolutionary algorithm should combine both global and local
optimization steps. We meet this observation with a bilevel optimization strategy that combines
Semantic Crossover with Syntactic Mutation.

B.2 Expert Case Study

In this section, we enter the perspective of the recognition model learning the mapping from
molecules to syntax tree skeletons. The core difference between this exercise and a common organic
chemistry exam question [19] is the option to abstract out the specific chemistry. Since the syntax
only determines the skeletal nature of the molecule, the specific low-level dynamics don’t matter. As
long as the model can pick up on skeletal similarities between molecules, it will be confident in its
prediction. We did the following exercise to understand if cases where the recognition model is most
confident on unseen molecules can be attributed to training examples. We took the following steps:

For each true skeleton class T’
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Figure 8: We visualize the structure-property relationship as a scatterplot of 2D structures vs property
values. (Top) Structure is 7 x X. We use MDS with the dissimilarity dist((71, X1), (T2, X2)) =
Tree-Edit-Distance (T}, T2) + Manhattan(X;, X5). (Bottom) Structure is only X

1. Inference the recognition model on 10 random validation set molecules belonging to 7.
2. Pick the top 2 molecules the model was most confident belongs to 7.
3. For each molecule M.

1. Find the 2 nearest neighbors to M belonging to 7" in the training set.

Shown in Figures[9]and [T0]is the output of these steps for a common skeleton class which requires
two reaction steps.

Figure 9: COclncnc(N2C(=0)c3cc([N+](=0)[O-])c(0)cc3N=C2C2NC(=0)OC23CCC3)c1C which
recognition model predicts is in its true class with 87.5% probability

(a) Query molecule (b) Nearest neighbor in training set

In Figure[9] we see that the query molecule’s nearest neighbor is an output from the same program
but different building blocks. Both feature the same core fused ring system involving a nitrogen.
Given that the model has seen[9b] (and other similar instances), it should associate this core feature
with a ring formation reaction step. Taking a step deeper, the respective precursors also share the
commonality of having an amide linkage in the middle. Amides are key structural elements that the
recognition model can identify. Both precursors underwent the same amide linkage formation step,
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Figure 10: COC(Cclceccel)CN(C1CCCOc2cccec21)S(=0)(=0)Cclcconl which recognition model
predicts is in its true class with 86.2% probability

(a) Query molecule (b) Nearest neighbor in training set (c) 2nd Nearest neighbor

despite the building blocks being different. Thus, the model’s high confidence on the query molecule
can be attributed directly to[9b]

In Figure [I0} there is more “depth" to the matter. We see a skeletal similarity across all three
molecules: a nitrogen in the center with three substituents. Although it’s noteworthy that the nitrogen
participates in a sulfonamide group in all three cases, using this fact to inform the syntax tree would
be a mistake. This is because in[I0a] and [I0b} the sulfonamide group is the result of an explicit
sulfonamide formation reaction, where a sulfonyl chloride reacts with an amine. However, in
the sulfonamide group is already present in a building block. Thus, we see where the recognition
model taking as input the circular fingerprint of this molecule could overfit. Nonetheless, the nitrogen
with three substituents necessitates at least one reaction is required. The necessity for a second
reaction can be attributed to the ether linkage present in both [T0a and The recognizer would
be able to justify an additional reaction after it has seen the bicyclic ring structure joined with the
sulfonamide group sufficiently many times before. In summary, the model will often be presented
multiple complex motifs, but only a subset of them may be responsible for reaction steps. The exact
number of reactions needed can only be determined via actually doing the search, but high-level
indicators (such as the nitrogen with three substituents) allow the recognition model to abstract out
the semantic details and construe a “first guess" of what the syntax tree is.

C Connection with Program Synthesis

Program synthesis is the problem of synthesizing a function f from a set of primitives and operators
to meet some correctness specification. For example, if we want to synthesize a program to find the
max of two numbers, the correctness specification ¢max = f(z,y) >z A f(z,y) >y A (f(z,y) =
xV f(z,y) = y). As our approach is inspired from ideas in program synthesis, we briefly cover
some basic background. A program synthesis problem entails three things:

1. Background theory T which is the vocabulary for constructing formulas, a typical example
being linear integer arithmetic: which has boolean and integer variables, boolean and
integer constants, connectives (A, V, -, —), operators (+), comparisons (<), conditional
(If-Then-Else)

2. Correctness specification: a logical formula involving the output of f and T

3. Set of expressions L that f can take on described by a context-free grammar G ..

Program synthesis is often formulated as deducing a constructive proof to the statement: for all inputs,
there exists an output such that ¢ holds. The constructive proof itself is then the program. At the
low-level, program synthesis methods repeatedly calls a SAT solver with the logical formula —¢. If
UNSAT is returned, this means f is valid. Syntax-guided synthesis [[I, 53] (SyGuS) is a framework
for meeting the correctness specification with a syntactic template. Syntactic templates explicitly
constrains G, significantly reducing the number of implementations f can take on. Sketching is an
example application where programmers can sketch the skeletal outline of a program for synthesizers
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to fill in the rest [57]. More directly related to our problem’s formulation is inductive synthesis,
which seeks to generate f to match input/output examples. The problem of synthesis planning for a
molecule M is a special case of the programming-by-example paradigm, where we seek to synthesize
a program consistent with a single input/output pair: ({ B}, M). Inductive synthesis search algorithms
have been developed to search through the combinatorial space of derivations of GG1,. In particular,
stochastic inductive synthesis use techniques like MCMC to tackle complex synthesis problems
where enumerative methods do not scale to. MCMC has been used to optimize for the opcodes in a
program [53] or for the Abstract Syntax Tree (AST) directly [[1]]. In our case, the space of possible
program semantics is so large that we decouple the syntax from the semantics, performing stochastic
synthesis over only the syntax trees. We also borrow ideas from functional program synthesis, where
top-down strategies are preferred over bottom-up ones to better leverage the connection between
a high-level specification and a concrete implementation [49]. Similar to how top-down synthesis
enables aggressive pruning of the search space via type checking, retrosynthesis algorithms leverages
the target molecule M to prune the search space via template compatability checks.

D Derivation of Grammar

We now define the grammar Gp describing the set of implementations our program can take on. A
context-free grammar is a tuple Gp := (N, 3, P, X) that contains a set N of non-terminal symbols,
a set X of terminal symbols, a starting node X', and a set of production rules which define how to
expand non-terminal symbols. Recall we are given a set of reaction templates R and building blocks
B. Templates are either uni-molecular (:= R1) or bi-molecular (:= R3), such that R = R U Rs. In
the original grammar, these take on the following:

1. Starting symbol: T’

2. Non-terminal symbols: R, Rs, B

3. Terminal symbols:
* {R € R1}: Uni-molecular templates
* {R € R2}: Bi-molecular templates
» { BB € B}: Building blocks

4. Production rules:
1. T — Ry

T — Ry

Ry — R(B) (VR € Ry)

Ry — R(R1) (VR c R1)

Ry — R(Rz) VR € R1)

V(X1,X2) € {“Ry”,“Ry”,“B”} x {“Ry”, “Ry”, “B”}

e Ry — R(X17X2) (VR € Ry)
7. B—~ BB (VBB € B)

Example expressions derived from this grammar are “R3(R3(B1,B2),R2(B3))" and “R4(R1(B2,B1))"
for the programs in Figure

Nk wn

Identifying a retrosynthetic pathway can be formulated as the problem of searching through the
derivations of this grammar conditioned on a target molecule. This unconstrained approach is
extremely costly, since the number of possible derivations can explode.

In our syntax-guided grammar, we are interested in a finite set of syntax trees. The syntax tree of a
program depicts how the resulting expression is derived by the grammar. These are either provided
by an expert who has to meet experimental constraints, or specified via heuristics (e.g., maximum of
x reactions, limiting the tree depth to ). For example, the syntax-guided grammar for the set of trees
with at most 2 reactions is specified as follows:

1. Starting symbol: T'

2. Non-terminal symbols: R, R, B

3. Terminal symbols:
* {R € R1}: Uni-molecular templates
* {R € R2}: Bi-molecular templates
» {BB € B}: Building blocks
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4. Production rules:

T — Ro2(B, B)

T — Rl( )

T — Rl( )

T — Ro( )
(
(R
(

—_—

\(B)

,R.(B

T — Ro(B, R»(B, B))
T — Ry(Ri(B), B)
T — Ry(R2(B, B), B)
Ri — R(VR € Ry)
Ry — R(VR € R»)
B — BB (VBB € B)

B
B
Ry

RO il

—_—

This significantly reduces the number of possible derivations, but two challenges remain:

* How can when pick the initial production rule when the number of syntax trees grow large?
We use an iterative refinement strategy, governed by a Markov Chain Process over the space
of syntax trees. The simulation is initialized at the structure predicted from our recognition

model

* How can we use the inductive bias of retrosynthetic analysis when applying rules 9, 10, 11?
We formulate a finite horizon MDP over the space of partial programs, where the actions are
restricted to decoding only frontier nodes. This topological order to decoding is consistent
with the top-down problem solving done in retrosynthetic analysis. Furthermore, our
pretraining and decoding algorithm enumerates all sequences consistent with topological
order.

These two questions are addressed by the design choices in[3.3]

E Policy Network

E.1 Featurization

Recall ®: T — RIT'1X91 and O: 77 — RIT'1X256 Our dataset Dhpretrain consists of instances

(M@, 7' X ) We adopt Morgan Fingerprints with radius 2 as our encoder (FP). Then, we
featurize each instance as:

XD = [FPy4s(M@); BB(n); RXN(n)],
yT(LZ) := one_hotg; (nRXNJD) if n is reaction else FP256(77/SMILES)~

BB(n) = FPaous(nsmiLgs) if n is attributed with a building block from B or 02048 otherwise and
RXN(n) = one_hotg; (nrxn_1p) if m is attributed with a reaction from R or 0g; otherwise. We
featurize each building block in B with their 256-dimension Morgan Fingerprint.

If N(T") and £(T") denote the node and edge set of 77 € T, then we define, for convenience:
RXN(T'):={r e N(T") | Je,p e N(T") s.t. (r,¢) € E(T") N (p,r) € E(T)} )]
BB(T") ={be N(T") | Bcs.t. (b,c) € E(T')}.} )

E.2 Loss Function

Each sample (7%, X 4@} € Derain. The loss can be specified as follows:

IDpn:lrain‘
1
LDperin(®) 1= 75— Y CE(Fa(T')n ),
|Dpretrain| i=1 neRXN(T'®)
IDrelrain‘
S SR 10y (0
L Dperain (1) = > MSE(Fo(T'),,y)).
|Dpretrain|

i=1 neBB(T'®)

CE and MSE denote the standard cross entropy loss and mean squared error loss, respectively.
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For evaluation, we define the following accuracy metrics:

| Dprelrain ‘

1 1 O (i)
RX Nyee(®) = Doreran] Z [RXN(T'0)| Z | 1farg max(Fo(T""),) == argmax(y,”)],
i=1 nERXN(T/D)
1 |Dprelmin‘ 1 )
NNy () > 1fargmindist(Fo(T'™),, FPys6(B)) == nswiLes]

T NI INN (TN
|Dpretram| i—1 |NN(T ( ))| nENN(T'() BeB

where we use the cosine distance.

E.3 Auxiliary Training Task

In[3.3.1} we defined the representation 7" to be the parse tree of a partial program. However, we
omitted an extra step that was used to preprocess 7" for training.

To motivate this step, we first note the distinction between our program synthesis formulation and
other formulations. Retrosynthesis is essentially already guided by the execution state at every
step. Each expansion in the search tree executes a deterministic reaction template to obtain the new
intermediate molecule. Planners based on single-step models [7], for example, assume the Markov
Property by training models to directly predict a template given only the intermediate [63}164]. In
program synthesis, meanwhile, the state space is a set of partial programs with actions corresponding
to growing the program. The execution of the program (or verification against the specification) does
not happen until a complete program is obtained. In recent years, neural program synthesis methods
found using auxiliary information in the form of the execution state of a program can help indirectly
inform the search [5} |8} [17] since it gives a sense on what the program can compute so far. This
insight does not apply to retrosynthesis, since retrosynthesis already executes on the fly. It also does
not apply for the methods introduced in [2.3[that construct a synthetic tree in a bottom-up manner, for
the same reason (the only difference is they use forward reaction templates, with a much smaller set
of robust reaction templates) to obtain the execution state each step. However, as described in|[3.3.1}
our approach combines the computational advantages of restricting to a small set of forward reaction
templates with the inductive bias of retrosynthetic analysis. Our policy is to predict forward reaction
templates in a fop-down manner. This formulation is common in top-down program synthesis, where
an action corresponds to selecting a hole in the program. Similarly, our execution of the program
does not happen until the tree is filled in. However, we leverage the insight that the execution state
helps in an innovative way. We add an additional step when preprocessing Dpretrain: For each T’ in
Dpretrain» Tor each node r corresponding to a reaction, we add a new node o, corresponding to the
intermediate outcome of the reaction. If RX N7 is the reaction nodes of T” as defined in[E.1] we
can construct 7" from 7" as follows:

N(T") + N(T") U RX Ny 3)
E(T") + E(T") U {(parent(r), 0.), (0,,7)Vr € RX N/} 4)

Lastly, we attribute each o, with the intermediate obtained from the original synthetic tree, i.e.
executing the output of the program rooted at r. We featurize {y, := FPa56(0smiLgs) } and add them
as additional prediction targets t0 Dprerain. Examples of T " are given in

E.4 Ablation Study

To understand whether the two key design choices for 7" are justified, we did two ablations:

1. We use the original description of 7 in[3.3.1] i.e. without the auxiliary task.
2. We use 7", but without attributing the intermediate nodes (so the set of targets is the same
as Ablation 1.)

As shown in[12d] using 7" (Ours) achieves higher NN accuracy. This shows the benefit of learning
the auxiliary training task. Meanwhile, ablating the auxiliary task (-aux) and ablating the intermediate
node (-interm) does not have meaningful difference, indicating our architecture is robust to graph edits
which are semantically equivalent. To understand the comparative advantage vs disadvantage of the
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Target Molecule

Filled Reactions

Filled Building Blocks
Unfilled BBs / Intermediates
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Frontier Reactions

Frontier BBs

Figure 11: Examples of 7" where prediction targets are the frontier reactions (yellow circles),
frontier building blocks (numbered yellow squares) and auxiliary intermediates (un-numbered yellow
squares).

(b) NN accuracy loss over (c) NN accuracy over bot- (d) NN accuracy over
(a) Examples from 7" top example[124] tom example [[24) Daiia

Figure 12: We compare the proposed ablations on the NN accuracy metric over the whole dataset as
well as on two specific syntactic classes.

auxiliary training task, consider the two examples in[12a] The first example is equivalent to learning
a single-step backward reaction prediction on forward templatesﬂ Our model clearly benefits from
the auxiliary training task, which provides additional examples for learning the backward reaction
steps. However, our model fares worse on predicting the first reactant of the top reaction. This may
be due to competing resources. Despite the task being the same (and the set of forward templates are
fixed), the model has to allocate sufficient capacity for the auxiliary task, whose output domain is
much higher dimensional than B. Ensuring positive transfer from learning the auxiliary task is an
interesting extension for future work.

E.5 Model Architecture

We opt for two Graph Neural Networks (for @, 2), each with 5 modules. Each module uses a
TransformerConv layer [54] (we use 8 attention heads), a ReLU activation, and a Dropout layer.
We adopt sinusoidal positional embeddings via numbering nodes using the postorder traversal (to
preserve the pairwise node relationships for all instances of the same skeleton). Then, we pretrain
(1)7 2 with Dpretrain~

"For some templates, the forward template is one-to-one. For others, applying the backward template results
in an ill-defined precursor, due to the many-to-one characteristic of these templates.
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E.6 Attention Visualization

We elucidate how our policy network leverages the full horizon of the MDP to dynamically adjust the
propagation of information throughout the decoding process. Since our decoding algorithm decodes
once for every topological order of the nodes, the actual attention dynamics can vary significantly.
Thus, we show a prototypical decoding order where:

1. All reactions are decoded before building blocks.

2. If decoding a reaction, the reaction node which Fp predicts with the highest probability is
decoded.

3. If decoding a building block, the node where the embedding from F, has minimal distance
to a building block is decoded.
O]

In [54]], each TransformerConv layer [ produces an attention weight for each edge, [aL i

> j agl; = 1. We average over all layers to obtain the mean attention weight for each directed edge,

i.e., we set the thickness of each edge (i, 7) in each subfigure of to be proportional ), alh.

2

| where

‘We make some generation observations:

* The information flow along child-parent edges indicate usage of the full horizon. This is the
main feature of our approach compared to traditional search methods like retrosynthesis.

* Our positional embeddings enables asymmetric modeling. SMIRKS templates specify the
order of reactants and is usually not arbitrary. We observe that more often than not, the
parent attends to its left child more than the right child. This may be a consequence of
template definition conventions, where the first reactant is the major precursor. The subtree
under the node more likely to be the major precursor is more important for predicting the
reaction.

Now, we do a detailed walkthrough the 7-step decoding process to understand the evolution of the
information flow. Each subfigure corresponds to the state of the MDP after a number of decoding
steps, with the candidates of decoding colored in yellow. The attention scores are computed during
the inference of ® or () and averaged.

1. In[I3b] we see that 8 attends significantly to the target, unsurprisingly. 8 also attends to both
its children, and attends more to its left child, which is a prior consistent with our general
observation.

2. In we see that after a specific reaction is instantiated at 8, the attention dynamics
somewhat change. The edge from 8 to its left child thickens, while the edge from the left
child to 8 thins. This is likely because now that the identity of 8 is known, it no longer needs
to attend to its left child. The reciprocal relationship now intensifies, as the first reactant of 8
now attends to 8.

3. In[I3d] after the reaction at 6 is decoded, we see the information propagate back up the tree
and to the other subtree to inform 2. We see the edge along the path from 6 — 8 thickens,
indicating the representation of 8 is informed with new information, and in turn propagates
it to 2.

4. In[I3¢] after the reaction at 2 is decoded, we see the same phenomenon happen, where
the information flow again propagates back up and to the other subtree. However, we see
this comes with a tradeoff, as 6 attends to its parent less, and instead reverts to its original
attention strength to its children. We hypothesize the identity of 2 has a strong effect on
the posterior of 6. This is an example where branching out to try more possible orders of
decoding would facilitate a more complete algorithm.

5. In[I31] we see how determining 5 causes 6 to attend more to 5 than it does to its parent.
Knowledge of 5 allows the explaining away of 4.

6. In[I3g| we note instances of a general phenomenon: the second reactant is decoded followed
by the first. Empirically, the distribution of the second reactant has lower entropy than the
first. 4 was inferred after 5 as the knowledge of its parent reaction and sibling reactant likely
constrains its posterior significantly.

7. In[I3h] we see a similar phenomenon where the representation of 2 attends slightly more to
1 after it is decoded.
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Figure 13: Case Study of Attention Flow

B Target Molecule
@® Filled Reactions
Filled Building Blocks
B Unfilled BBs / Intermediates
® Unfilled Reactions

Frontier Reactions
Frontier EBs

(a) Legend
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(c) Step 2, decoding candidates: 2, 6
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(e) Step 4, decoding candidates: 0, 1, 4, 5
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(g) Step 6, decoding candidates: 0, 1

(b) Step 1, decoding candidates: 8

4:7

(d) Step 3, decoding candidates: 2

(f) Step 5, decoding candidates: 0, 1, 4

0:7 1V 4:v

(h) Step 7, decoding candidates: 0
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In summary, the syntax structure of the full horizon is crucial during the decoding process. The atten-
tion scores allow us to visualize the dynamic propagation of information as nodes are decoded. Our
observations highlights the flexibility of this approach compared to an infinite horizon formulation.

Table 5: Hyperparameters of our GA.

Parameter Value
Max. generations 200
Population size 128
Offspring size 512
General Seed initialization random
Fingerprint size 2048
Early stopping warmup 30
Early stopping patience 10
Early stopping A 0.01

Parent selection prob. of i o (rank(:) + 10)
Num. crossover bits Meross N (1024, 205)
Num. mutate bits ng;p 12

Prob. mutate bits pgip 0.5

Semantic evolution

) - - 5
Syntactic mutation Parent selection prob. of i o (rank(¢) + 10)

Num. tree edits 7egic u{1,2,3}
Surrogate Max. topological orders 5
g Sampling strategy greedy

F Genetic Algorithm

Our genetic algorithm (GA) is designed to mimic SynNet’s [21]], and settings are given in Table 3]
We fix the same number of offspring fitness evaluations per generation to ensure a fair comparison,
strategically allocating the evaluations between offspring generated using Semantic Evolution and
those generated using Syntactic Mutation.

F.1 Semantic Evolution

Given two parents (X7, 77) and (X2, T5), semantic evolution samples a child (X, T') as follows. We
obtain X by combining n.ss random bits from X; and the other 2048 — n;oss bits from X5 and
then, with probability pgi,, flipping n4;, random bits of the crossover result. We set T = Qo (X)
using the recognition model.

F.2 Syntactic Mutation

Given an individual (X, T) from syntactic mutation mutates 7" to obtain a syntactic analog. We
perform n.q;; edits on 7' to obtain 7”. With equal probability, each edit either adds or removes a
random leaf. To do so, we enumerate all possible additions and removals, and ignore the ones that
produce a mutant tree with less than 2 nodes or more than 4 internal nodes. The edit is uniformly
sampled from all such choices, or no operation is performed if no viable choices exist. In the early
iterations of the GA, we set T' < 1" using the criteria that exec(Fg (X, T")) promotes a higher
Internal Diversity than exec(Fp o(X,T)). In the later iterations of the GA, we use the collected
experience of iterations prior to fit a surrogate Gaussian Process. We set T < T and accept
the mutant if exec(Fs (X, T")) has higher acquisition value than a counterpart obtained through
Semantic Evolution. We refer the reader to work on Particle Swarm Optimization with Gaussian
Processes [|62,71) 130] for the related literature.

F.3 Surrogate Checkpoint

The surrogate checkpoint was trained using Dpreqrain as described in Appendix@ To lower the runtime
of the GA, we only reconstruct using a random subset of the input skeleton’s possible topological
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orders. For each topological order, we follow a greedy decoding scheme where reactions are decoded
before building blocks, as described in Appendix [E-6

G Full Results on TDC Oracles

Table 6: Guacamol structural target-directed benchmarks: Median 1 & 2 (average similarity to
multiple molecules) and Celecoxib Rediscovery (hit expansion around Celecoxib).

Table 7: Bioactivity Oracles for GSK3B, JNK3, and DRD2

Table 8: Guacamol multi-objective Oracles for properties of known drugs: Osimertinib, Fexofenadine,
Ranolazine.

Table 9: Guacamol multi-objective Oracles for properties of known drugs: Perindopril, Amlodipine,
Sitagliptin, and Zaleplon.

Tables [6] [7} [§] and O] are comprehensive results against baselines taxonomized in [22]. We evaluate
the average score of the Top K molecules, their average synthetic accessibility [18] and top K AUC
(AUC of no. oracle calls vs score plot), for K=1,10,100. Like [22]], we limit to 10000 Oracle calls,
truncating and padding to 10000 if convergence occurs before 10000 calls. For each cell, numbers
are followed by rankings. X (R;|R2) means score X is ranked R;-best amongst all methods for
that column and R»-best amongst in-category methods. We visualize the rankings in Figure [T4]to
facilitate easier interpretation of the results.
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Figure 14: Ranking of our method against baselines on Top k& Average Scores (top), SA Scores
(middle) and AUC (bottom), for k£ = 1, 10, 100 (left, middle, right).

H Docking Case Study with AutoDock Vina

In this section, we structurally analyze the top molecules discovered by our method, visualized in

[5a

For our optimized binders against DRD3, the chlorine substituent and polycyclic aromatic structure
suggest good potential for binding through m — 7 interactions and halogen bonding. The bromine
and carboxyl groups can enhance binding affinity through halogen bonding and hydrogen bonding,
respectively. The polycyclic structure further supports m — 7 stacking interactions. In general, they
have a comparable binding capability than the baseline molecules, but with simpler structures, the
ease of synthesis for the predicted molecules are higher than the baseline molecules.

For our optimized binders against Mpro, the three predicted molecules contain multiple aromatic
rings in conjugation with halide groups. The conformation structures of the multiple aligned aromatic
rings play a significant role in docking and achieve ideal molecular pose and binding affinity to
Mpro, compared with the baseline molecules shown in[I5b} The predicted structures also indicate
stronger ™ — 7 interaction and halogen bonding compared with the baselines. In terms of ease of
synthesis, Bromination reactions are typically straightforward, but multiple fused aromatic rings can
take several steps to achieve. In general, the second and third can be easier to synthesize than Brclce(-
c2cc(-c3ceccdeccec34)nc3ceccc23)c2eccee2nl due to less aromatic rings performed. However,
the literature molecules appeared to be even harder to synthesize due to their high complexicity
structures. So the predicted molecules obtained a general higher ease of synthesis than the baseline
molecules. Compared with the other baseline molecules, e.g. Manidipine, Lercanidipine, Efonidipine
(Dihydropyridines), known for their calcium channel blocking activity, but not specifically protease
inhibitors, Azelastine, Cinnoxicam, Idarubicin vary widely in their primary activities, not specifically
designed for protease inhibition. Talampicillin and Lapatinib are also primarily designed for other
mechanisms of action. Boceprevir, Nelfinavir, Indinavir, on the other hand, are known protease
inhibitors with structures optimized for binding to protease active sites, SO can serve as strong
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(a) Top 3 molecules with lowest binding energy against DRD3 and MPro from Ours vs SynNet

(b) Top sample binders against MPro from literature, based on consensus docking scores [23]

benchmarks. Overall, the binding effectiveness of the predicted molecules are quite comparable to
the baseline molecules.
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