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1. Supporting Information available

All code and data can be found at https://github.com/iktos/generation-under-synthetic-

constraint.

Spaya algorithm

The scheme in fig. S1 provides an overview of the retrosynthesis technology used in Spaya,

and hence in the computation of the RScore. The process can be split in 2 blocks : the

databases and the algorithm.

Databases

For this work, the chemical reaction database used was PISTACHIO,1 which is developed

by Next Move Software. This database provided approximately 85,000 chemical templates
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Figure S1: Overview of the retrosynthesis technology behind Spaya

and was used to train the single-step retrosynthesis model described below.

Spaya leverages starting materials from 17 different providers, which are detailed in

table S1. These building blocks are then used as starting materials of synthetic routes.

Table S1: List of building blocks providers used by Spaya.ai

Provider URL
1PlusChem https://www.1pchem.com/

Advanced ChemBlocks https://www.achemblock.com/
Appolo Scientific https://www.apolloscientific.co.uk/
ChembBridge https://chembridge.com/
Chem Div https://www.chemdiv.com/
Chem Space https://chem-space.com/
Chemtellect https://chemtellect.com/
eMolecules https://www.emolecules.com/

Key Organics https://www.keyorganics.net/
Liverpool ChiroChem https://www.liverpoolchirochem.com/

Life Chemical https://lifechemicals.com/
molport https://www.molport.com/
Mcule https://mcule.com/

Mcule Ultimate https://ultimate.mcule.com/
SpiroChem https://spirochem.com/

TCI chemicals https://www.tcichemicals.com/
Thermo Fisher https://www.thermofisher.com/
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Algorithm

The algorithm is comprised of three main components: a disconnection predictor, a search

strategy, and reaction feasibility models. Two main approaches exist for the disconnection

predictor: template-based or template-free models. In the template-based approach,2 a

model attempts to predict a reaction template before applying it to the input molecule. In

the template-free approach,3,4 the reactants are predicted directly from the input molecule.

Spaya uses a the template-based approach, and the model is a feed-forward neural network

that outputs a probability for each template. The training set consists of approximately 3

million reactions, with an associated retrosynthesis template that matches each reaction.

The search strategy used is a Monte-Carlo-Tree-Search (MCTS) algorithm.5 When ap-

plied to automatic retrosynthetic algorithms, a node of a tree represents a set of molecules,

and inheritance signifies that in the child node, one molecule was split into one or two

molecules after the application of a retrosynthesis template.6

To improve the quality of the predicted reactions, Spaya incorporates proprietary reac-

tion feasibility models. These models compare the predicted reactions to reference reactions

from the literature in order to penalize predicted reactions with regioselectivity and chemos-

electivity issues.

Impact of timeout on the RScore

To assess the impact of the timeout in the retrosynthesis process on the RScore, we run

SpayaAPI on 1000 molecules sampled randomly from ChEMBL 24,7 successively with 3

different timeouts: 1 minute, 3 minutes and 5 minutes.

The two boxplots on fig. S2a and fig. S2b show the positive gap when increasing the

timeout respectively from 1 to 3 minutes, and from 3 to 5 minutes. On average, increasing

the timeout from 1 minute to 3 minutes leads to an increase of 0.1 in the score. The first plot

shows that the impact is the greatest for molecules which are unsolved with the RScore1mn,

that in some cases obtain a high score with 3 minutes timeout. When increasing from 3
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minutes to 5 minutes the timeout, the average increase in RScore is much lower at 0.03.

There are still few unsolved molecules in 3 minutes that are solved with good a score in 5

minutes, but those data points can be considered as outliers. The two plots also show the

intrinsic stochasticity of the algorithm: sometimes increasing the timeout leads to a decrease

in the score, it corresponds to the box or dots that are below 0. The MCTS is a stochastic

algorithm, hence the final score assigned to a molecule is intrinsically stochastic.

Generated molecules and optimization graph
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(a) Gap between RScore3min and RScore1min. The y-axis represesents the distribution of
Rscore3min - RScore1min for a precise RScore1min.

(b) Gap between RScore5min and RScore3min. The y-axis represesents the distribution of
Rscore5min - RScore3min for a precise RScore3min

Figure S2: Impact of the timeout on the RScore, for 1000 molecules sampled from
ChEMBL24.
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(a) Molecules around Chembl dataset.

(b) Molecules around PI3K/mTOR dataset.

Figure S3: Example of molecules with a bad SA score (>3.5) but a good RScore (>0.4).
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Figure S4: Evolution of 4 scoring functions : PI3K, mTOR, similarity, QED among epochs
for 6 different generations around PI3K/mTOR dataset.
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Figure S5: Top 10 molecules from PI3K/mTOR generation without any synthetic constraint.

Figure S6: Top 10 molecules from PI3K/mTOR RA score constrained generation.

Figure S7: Top 10 molecules from PI3K/mTOR SC score constrained generation.
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Figure S8: Top 10 molecules from PI3K/mTOR SA score constrained generation.

Figure S9: Top 10 molecules from PI3K/mTOR RScore constrained generation.
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Figure S10: Top 10 molecules from PI3K/mTOR RSPred constrained generation.

Figure S11: Molecules generated during RScore constrained generation.
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