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Computer-aided synthesis planning aims to identify viable synthetic routes from a target compound to

readily available building blocks by iteratively decomposing molecules into smaller precursors. Self-play

search algorithms, trained with simulated experience, reach state-of-the-art performance. However,

these methods typically plan in the molecular rather than the reaction space, leading to redundant or

near-duplicate reaction outcomes in the search tree. In this work, we introduce a reaction-centric

planning approach that measures the novelty of proposed reactions to analyze the synthesis planning

search problem, constraining the search problem to genuinely unexplored disconnection ideas, ie.,

unique ways of decomposing molecules using reactions. Our results show that the overall synthesis

planning search space is much smaller than expected due to the absence of diverse disconnection ideas

within the underlying template-based retrosynthesis model. Surprisingly, we also find that, under

a reasonable time budget of less than an hour, online search algorithms outperform state-of-the-art
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self-play methods and are more robust to environmental changes, such as minor modifications to the

available purchasable building blocks. Finally, we show that the diversity of the synthesis route solution
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1 Introduction

Artificial intelligence is considerably changing the traditional
Design-Make-Test-Analyze cycle of drug discovery. In the
“Make” phase, computer-aided synthesis planning (CASP) can
suggest potential synthetic routes by repeatedly deconstructing
a target molecule into smaller precursors until a set of
commercially available molecules, also called building blocks,
is found.** The ability to find these synthesis routes is a key task
in modern chemistry as it allows chemists to plan the creation
of molecules,® provides a general measure of synthesizability*
and can be integrated as an objective into de novo drug design
pipelines to ensure that generated compounds are
synthesizable.®

Modern CASP systems®® consist of two core components:*
first, a single-step model that encapsulates the backward reac-
tion logic of how to disconnect a molecule into potential reac-
tants with a neural network in a supervised learning task (e.g.
ref. 9-11). Second, a search algorithm whose objective is to find
a synthesis route to building blocks within the possible search
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space saturates when combining the results of different search algorithms, highlighting the importance
of the single-step model in providing novel and chemically valid disconnections.

space provided by the single-step model. Inevitably, these
search algorithms must balance exploration and exploitation of
the potential state space, as the space is too big for an exhaus-
tive search, given that real-world synthesis routes can involve
multiple steps and that many possible disconnection alterna-
tives can be added to the search tree for each molecule. There
are currently three major research branches that explore the
challenge of estimating the expected reward of finding
a synthesis route in a search tree for a molecule or for a reaction:

The pioneering approaches in the field rely on online value
estimation in the search tree, mirroring the initialization phase
of earlier AlphaGo approaches that were pre-trained with
human expert games,” for example with Monte-Carlo Tree
Search (MCTS) using policy guidance, Depth-First Proof-
Number Search," holistic hyper-graph exploration strategy,"
or A*type bestfirst search of Retro*-0." However, these
approaches generally underperform in comparison to methods
that use offline supervised learning heuristics, which learn to
estimate the expected rewards from historical synthesis data, or
self-play methods, which approximate the expected rewards
through simulated experiences (originating from AlphaGo
variants'>'®). Prominent examples that rely on historical
synthesis routes to learn a guiding policy include Retro** or
RetroGraph."” Self-play, achieving state-of-the-art performances
in the field, is applied by using simulated experience to train
a value network, experience-guided MCTS to learn the success
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[lustration of the synthesis planning single-step model expansion process for an example molecule (ChEMBL-ID: CHEMBL3934150) in

a CASP tree search algorithm. The expansion begins with a selected leaf molecule (blue-star) in the tree search. A single-step retrosynthesis
model proposes potential precursors, which are then integrated into a state-based search tree. Each reaction is assigned a probability derived
from single-step reaction likelihoods p*, the rewards Q(s, a) for reaching building blocks, and the newly introduced Reaction Novelty N(a) that
measures the uniqueness of each disconnection. The figure also highlights how reaction clustering can be used for reaction-centric planning
when the Reaction Novelty N(a) of suggested disconnections is low. A full example of a single-step model call is provided in the S| (see Fig. S3).

of using reactions® or experience-guided Retro* to learn the
success of decomposing a molecule.” Moreover, self-play
methods are used to apply an actor-critic approach,* re-rank
single-step model predictions® or adjust the underlying reac-
tion templates of the single-step model.*

This divide between well-performing self-play methods and
less-effective online value estimation methods is a serious
problem for the field of CASP because, unlike Chess or Go, CASP
is not a stationary environment, making learned reward esti-
mations less transferable and often requiring constant
retraining:

e The underlying building blocks that constitute the winning
states of the game can change dramatically depending on the
application. For example, modern CASP tasks may rely on
a specific small building block set,* search for specific inter-
mediate molecules®* or optimize multiple route characteris-
tics simultaneously.>®

e The reaction suggestions of the single-step model, which
are used as the basis of the search tree, can change drastically
depending on the model architecture®” or based on the reaction
data that is used.****

e The historical reactions or simulated experiences used to
train the tree policy models are generated by “playing” the game
of retrosynthesis against a set of predefined molecules taken
from a specific chemical space. However, as real-world reaction
and molecule modalities are continually changing,*® this
learned chemical space may not cover the target molecule for
which synthesis planning is conducted.

To address these problems, we use reaction diversity as
a guiding principle in online synthesis planning algorithms (see
Fig. 1), prioritizing the exploration of novel reaction discon-
nection ideas inspired by prior approaches that use reaction
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diversity in a greedy, best-first tree search.*** Here, similiar
reactions are pruned to reduce the search space, guiding the
tree search by minimizing the distance to a provided external
reaction database of literature synthesis routes,*" or expand the
diversity of disconnection ideas before filtering for validity.® Our
work, beyond improving diversity in candidate synthesis route
solution spaces, enables an in-depth analysis of the synthesis
planning search problem. With this:

e We show that the synthesis planning search problem is
computationally much more straightforward than previously
assumed when using template-based single-step models as the
diversity of suggested reaction disconnections is limited,
leading to an effective branching factor of roughly 3 after
clustering.

e We demonstrate that online value estimation in synthesis
planning can outperform or match self-play methods when
sufficient single-step model calls are provided within a reason-
able time budget, thus allowing adaptation to non-stationary
environments (where we show self-play methods underper-
form to adapt).

e We highlight that our reaction diversity search yields
a diverse set of synthesis routes, allowing a chemist to choose
from a manageable solution set by avoiding redundant analog
building blocks, and provide general guidelines for successful
synthesis planning.

2 Methods

2.1 Computer-aided synthesis planning

The synthesis planning problem is the task of identifying
a synthesis route s, for a target molecule me M by recursively
breaking down m into precursor reactants r;€ R until either all

© 2026 The Author(s). Published by the Royal Society of Chemistry
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reactants belong to a (commercially) available building block
set $ or the search budget (e.g. time, iterations) is exhausted.
The state space S for this search is defined as the power set P of

M:
S =PM) = {slsc M},

where M is the space of all possible molecules and each state s
€ S represents a set of molecules:

s={my,my,...,m}, meM.

The synthesis route s, is then formally defined as a mapping:

S0 M— A*

Sr(m) = ([1], azy .nny ak)

with each retrosynthetic action a;e A transforming a molecule
m; into its precursor set r;:

afm;) — r;

Here, a synthesis route s, maps a molecule m to a finite ordered
sequence A* of retrosynthetic actions (a,, a, ..., ai), where each
action @; transforms an intermediate molecule m; into its
precursor set r;. s, is considered solved if, after applying all
actions (a4, a,, ..., az) in order, the resulting set of molecules s is
in the available building block set (s = $). A single-step retro-
synthesis model, denoted by ssm, provides candidate precursor
sets for a given molecule:

ssm: M— (R x[0,1])

where M is the space of molecules, R is the space of possible
reactant sets, and (R x [0,1]) represents reactant sets paired
with a likelihood score. Given m, the model outputs:

ssm (m) = {((r)", p1), s ()", P}

where each (r;)*e R is a set of reactants forming m, and p* € [0,
1] is the corresponding reaction disconnection probability.
Whenever more than one candidate set of reactants is returned
for a given molecule, the primary task of synthesis planning is
to pick the disconnection that will most likely lead to a solved
synthesis route. From a reinforcement learning perspective, the
core challenge of the search algorithm is to learn or estimate the
expected reward Q(s, a) given a search tree state s and a possible
reaction alternative a in state-based tree representation,
encapsulating the entire search problem of a possible synthesis
route with all its molecules in a state s:*

O(s,a) = E[R]s, ]
or the expected reward of expanding a specific molecule in an
AND-OR search tree V(m), representing alternative reactions as

OR-nodes and all reaction precursor molecules m as AND-
nodes:*

V(m) = E[R|m]

© 2026 The Author(s). Published by the Royal Society of Chemistry
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In this setting, the reward R is defined based on the set of leaf
molecules L(s) that are readily available ($) in the current search
tree state s:

|{¢e L(s): te $}|

RO = ")

Synthesis planning approaches can estimate Q(s, a) or V(m)
“online” while running a search algorithm (e.g. ref. 1), learn
a “heuristic” via supervised learning based on historical
synthesis routes (e.g. ref. 15), or use “simulated experience” by
repeatedly running synthesis planning against a predefined set
of molecules, recording the successful synthesis pathways, and
iteratively refining either Q(s, a)** or V(m).>?

2.2 Reaction importance

A key question in a tree search is which follow-up actions (in our
case, reactions a;) are actually relevant for solving a search
problem. In synthesis planning, the single-step model ssm
provides a data-driven reaction likelihood p* derived from the
reactions of historical synthesis pathways (based on previously
targeted compounds, used reactions and building blocks).
However, this likelihood p* is not necessarily equal to the ex-
pected reward of finding a full synthesis route in the search tree,
that is, p* # Q(s, a). Despite this, many online search
approaches initialize Q(s, a) with p* because it is a reasonable
way to prioritize historically probable reactions (e.g. ref. 6).
Alternative approaches learn a re-ranking of p* via simulated
experience,” but consequently fix the search environment to
a set of targets, reactions and building blocks used to generate
the simulated experience. However, if one does not wish to fix
the search environment because the set of target molecules,
single-step models, reactions and building blocks shifts over
time (or are not fixed), we must ask what constitutes a “good”
ranking to approximate Q(s, a) online using p*, given that the
true tree policy *Q(s, @) (or *V(m)) remains unknown. Impor-
tantly, the single-step model ssm (m) often produces sets of very
similar reactions a;, with minor variations of the resulting
reactants r; (e.g. ref. 31). Consequently, not all suggested alter-
natives a; are equally valuable to explore, as CASP systems are
known to produce many similar (analog) reactions for the same
target.

To address this, we propose quantifying the novelty N(a) of
each reaction, measuring how much it differs from other
candidate reactions instead of filtering them (e.g. ref. 31). We
then incorporate N(a) into the classical exploration-exploitation
trade-off in two distinct ways:

2.2.1 Novelty-weighted exploration in MCTS. In standard
MCTS with UCT,' the selection rule balances exploitation (Q(s,
a)) and exploration (U(s, a)). We extend this rule to also weight
the exploration term with the novelty factor N(a). Concretely,

a, = argmvéle()%(Q(Ac,a) + U(s,a)-N(a))

We define N(a) as the minimal distance between the current
reaction a; and all previously explored reactions a;:

Digital Discovery
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N(a) = mind (a;, a;)
i<j

where d(a;, a;) is the Jaccard/Tanimoto distance between the
reaction fingerprints of a; and a; Here, we employ well-
established ECFP-based® reaction fingerprints (256 Dbits,
radius 2), which encode the effective chemical change from
reactants to the product in each reaction.® This fingerprint was
selected for its successful implementation in synthesis route
clustering® and its fast calculation times and memory effi-
ciency, which are critical requirements for our online tree
search setting. The fingerprint radius indicates how much of
the reaction site's surrounding area is included. Larger radii
enforce different reaction sites, while smaller radii (e.g. 0) focus
on different reactions within a potential reaction site. We set the
fingerprint size to 256 to limit the memory consumption of the
search tree, as in our experiments, the fingerprint size is less
important since we are only encoding relative reaction changes.

2.2.2 Ensuring disconnection diversity via clustering. As
a second approach, we cluster the reaction set a; suggested by
ssm (m) using affinity propagation clustering®*** on their reac-
tion fingerprints (size 256, radius 2) instead of filtering reac-
tions based on a fixed diversity threshold.** Here, the number of
clusters is based on strong, similar reaction pruning settings
(compare SI Table S2), and we treat only cases where all reac-
tions are equidistant as one cluster. From each cluster, we keep
only the reaction with the highest likelihood:

U argmaxp”(a)

SSM¢jystered (111) =
clustered ( ) CeC(m) acC

where C(m) is the set of resulting clusters. We incorporate
SSMejusterea(?72) into both the often-used best-first search algo-
rithm Retro*-0,"* without neural guiding policy, and into
MCTS.!

2.2.3 Difference between both approaches. Notably, these
two approaches reduce the branching factor and the search
space of the search tree to different degrees. Novelty-weighted
MCTS imposes a soft limit on exploring similar reactions by
penalizing them unless they have a high reaction probability.
However, it never reduces the exploration to zero except for
direct duplicates and, therefore, conducts planning in the
common molecular search space. In contrast, clustering strictly
reduces the width of the search tree by keeping only one
representative per cluster, thereby completely discarding close
analog-molecule-producing reactions and enabling planning in
the reaction disconnection space.

2.3 Experimental setup

We closely follow the evaluation protocols established by Dual
Value Networks® and Syntheseus®® for the synthesis planning
search problem to establish comparability between different
approaches. Specifically, we use the same single-step, template-
based retrosynthesis model as Retro*® and Dual Value
Networks,** which provides up to 50 candidate retrosynthetic
disconnections (reaction suggestions) per molecule, and inte-
grate it into AiZynthfinder® through the Models Matter single-
step model adapter.” Following Dual Value Networks, we set
the number of search algorithm iterations to 500 but do not
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restrict the number of single-step model calls within an algo-
rithm iteration. We deviate from this restriction because online
estimation of Q(s, @) should require multiple calls for a fair
algorithm comparison, especially when self-play approaches
train a model using simulated experiences but exclude those
training calls from the single-step inference count. Although
Dual Value Networks do not enforce a strict search-depth limit
(but do restrict depth in the experience-generation phase), we
choose a maximum synthesis route depth of 30 to limit our
search to a reasonable maximum route length. We evaluate our
approach on three datasets on their provided test splits:*
USPTO-190, a widely adopted benchmark with a solved rate
above 90%, which is still considered standard; ChEMBL-1000,
which is highly relevant for pharmaceutical applications; and
GDB17-1000, an enumerated set of molecules that presents
a challenging benchmark of unexplored molecules. Notably,
ChEMBL-1000 and GDB17-1000 are processed versions of
subsamples from ChEMBL and GDB17, where known building
blocks are removed, and molecules have at least a molecular
weight, Bertz coefficient, log P, and TPSA larger than the mean
of the respective values in USPTO-190. Unless otherwise noted,
we use the eMolecules stock® (22,876,046 molecules), consis-
tent with prior works."”* Any deviations from these default
settings are explicitly stated throughout this work. We run all
experiments embarrassingly parallel on an HPC cluster using
only CPUs. The only exceptions are experiments regarding Dual
Value Networks,** which we train and run inference on multiple
Nvidia H100 GPUs.

3 Results

3.1 Initial experiment

The results of evaluating Distance-MCTS, Cluster-Retro*-0 and
Cluster-MCTS are presented in Table 1. Distance-MCTS
outperforms both Dual Value Networks* and RetroGraph' in
terms of synthesis planning success on the pharmaceutically
relevant ChEMBL-1000 dataset while being only slightly worse
on the unknown enumerated chemical space of GDB17-1000
and the patent-based chemical space of USPTO-190. This
result is surprising given that our approach is considerably
more straightforward than the prior methods, which rely on
complex reaction network modeling’” or pre-training with
simulated experiences.”” Furthermore, both Cluster-Retro*-
0 and Cluster-MCTS reduce the overall performance by 5-10%,
compared to the non-clustered variants of Retro*-0 and
Distance-MCTS, but they are still surprisingly effective. This
success is unexpected, as we did not anticipate that achieving
this strong synthesis planning performance with an online
search algorithm would be easily attainable. These results raise
several questions: (1) which factors drive the success of
synthesis planning, (2) how robust are different algorithms to
changing environments (given the initial assumption that
online approaches would underperform self-play), and (3) how
large a solution space can be explored via online search (given
that the search performance seems to be comparable). We
answer these questions in the following sections to clarify the

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Table 1 Percentage of solved target molecules on ChEMBL-1000, GDB17-1000, and USPTO-190 datasets under 500 algorithm iterations. The
tree search policy is highlighted, indicating whether the traversal of the search tree depends on online reward estimations ("Online”), an offline
supervised learning heuristic ("Heuristic”), or repeated generation of simulated experiences ("Self-play”)

ChEMBL-1000 GDB17-1000 USPTO-190

Source Search structure Tree policy Algorithm (%) (%) (%)

15 Search tree Online Retro*-0 75.10 7.50 79.47
15 Search tree Heuristic Retro* 76.20 9.50 85.79
20 Search tree Self-play Retro* + -0 81.10 15.00 96.32
20 Search tree Self-play Retro*+ 81.80 15.40 90.53
22 Search tree Self-play PDVN + Retro*-0 83.50 26.90 98.95
Our Search tree Online Cluster-Retro*-0 70.70 7.30 71.58
Our Search tree Online Cluster-MCTS 76.60 12.30 75.26
Our Search tree Online Distance-MCTS 85.30 25.90 95.26
17 Reaction network Heuristic RetroGraph 85.20 21.50 99.47
22 Reaction network Self-play PDVN + RetroGraph 86.00 37.10 99.47

strengths and limitations of online synthesis planning
methods.

3.2 The success of synthesis planning

Given that Distance-MCTS achieves state-of-the-art perfor-
mance on ChEMBL-1000 while remaining competitive on the
other datasets, we performed an ablation study to investigate
the more important question of why this happens beyond
setting a new state-of-the-art. In particular, we examined how
the number of single-step calls affects the overall success rate,
motivated by the fact that the main difference between
Distance-MCTS and the other approaches is that multiple ssm
calls can be performed within a single Monte Carlo rollout
iteration while a best-first search algorithm always picks the
highly ranked frontier molecule for expansion. In addition to
the previous experiment, we included the default implementa-
tions of MCTS" and Retro*-0** as baselines, but increased the
number of iterations to 25 000 for all Retro* variants (default &
cluster) to match the single-step model calls used by the MCTS-

based methods. We then compared these results against the
self-play performance of Dual Value Networks.>?

Fig. 2 shows how varying the number of single-step model
calls affects the synthesis planning success rate for different
search algorithms. There is a clear relationship between more
single-step model calls and a better solved rate for all three
datasets and all online search algorithms. These results indi-
cate that self-play variants (e.g. ref. 22) learn to find a synthesis
route faster but do not perform better, unlike their motivating
AlphaGo variants'*® that outperform online search algorithms.
Furthermore, the search times for online search algorithms are
surprisingly short, even when using cheap CPU inference (see
Fig. S1). Finally, the search space for each dataset seems to have
a natural performance limit that all well-performing algorithms
converge upon over time. When looking at the different algo-
rithms, the difference between MCTS and Distance-MCTS is
relatively small, even though Distance-MCTS performs slightly
better. Both algorithms outperform self-play on ChEMBL-1000
and reach comparable performance on USPTO-190 and
GDB17-1000. Clustering the ssm reactions decreases the

USPTO-190 ChEMBL-1000 GDB17-1000
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0.95 g 0951 0.251 -
@ 0.90 e e 0.90 1 0.20 1
&
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g
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Fig. 2 Synthesis planning success in relation to single-step model calls across different online search algorithms on the USPTO-190, ChEMBL-
1000, and GDB17-1000 datasets. The dotted line indicates the commonly used single-step model inference limit, while the golden line

represents state-of-the-art self-play performance.
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performance for all algorithms by ~20% in total, compared to
the non-clustered variant, yet it retains a surprisingly high
performance given that the effective search space is drastically
reduced in the reaction space, from an average of 25.37 alter-
natives added per expansion call to 3.02 for ChEMBL-1000 and
MCTS (Retro* on ChEMBL-1000: 22.54 — 2.80). This relatively
low drop in performance on a much smaller clustered search
space shows that the average search space for a synthesis
planning problem is, in principle, much smaller than previ-
ously expected, as the diversity in suggested distinct reaction
ideas is lacking, and the search space mainly consists of reac-
tions with slightly varying reactant outcomes. Note that the
width usually never reaches the ideal 50 alternatives, as direct
duplicates and erroneous reactions are removed from the
predictions. Finally, picking the single-step model ssm sug-
gested alternative in a best-first search is surprisingly effective
for Retro*-0 on the USPTO-190 benchmark dataset. Here, the
95% solved rate is reached within 6000 single-step model calls,
and it matches previously reported state-of-the-art performance
at the 20000 mark. These results raise the question of how
reliable the evaluation dataset is—and, consequently, the re-
ported performance of search algorithms on it—if picking the
best alternative suggested by the ssm can achieve these
performance levels as quickly as our results indicate. Our
results further indicate that USPTO-190 may be very much in-
domain of the ssm as it is created from USPTO patent data
and thus requires little search effort. These results are sup-
ported by the Retro*-0 performance on the GDB17-1000 dataset,
where picking the best-first alternative does not work well
because the enumerated molecular space is not as well known
to the single-step model. In this setting, the search success rate
increases only linearly after initially solving the more familiar
molecules. To summarize, the computational search problem of
synthesis planning is more straightforward than expected as
a best-first search with enough single-step model calls is very
competitive to self-play algorithms, and the effective search

space after clustering is much smaller than the expected 50°°.1

3.3 The robustness of synthesis planning

In the last section, we showed that search algorithms’ success is
primarily based on the number of single-step model calls and
that online search algorithms can reach the performance of self-
play approaches if given enough single-step calls. However,
search algorithms, both online and self-play, must be able to
adapt to new pharmaceutical targets, reactions, and building
blocks, which can differ substantially from the original ssm
training distributions or self-play environments. Since we
cannot publicly share new targets or reaction data, we change
the overall synthesis planning search environment by modi-
fying the available building blocks in eMolecules (winning
states) to simulate the non-stationary nature of building block
availability. For example, building block availability can vary
because the desired building blocks might be out of stock or
beyond the budget for a synthesis campaign. For this purpose,
we remove all building blocks from our stock dataset that
appear in synthesis routes found by the bestfirst search
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algorithm Retro*-0 within 500 iterations in USPTO-190,
ChEMBL-1000 and GDB17-1000. We pick Retro*-0 specifically
because an ideal search algorithm should be able to find
synthesis routes beyond the most apparent, best-first solutions
that are explored by following the ssm reactions with the
highest probability within the initial search space. We remove 2
874 building blocks (0.0126%) from our initial stock dataset of
22 876 046, leaving 22 873 172 building blocks. As this amounts
to only 0.0126% of the building blocks, the challenge of the
search becomes to substitute these specific best-first building
blocks within a large space of possible alternatives. This task
could be challenging if building blocks without suitable analogs
are removed or alternative reaction pathways that use entirely
different building blocks must be found. We then repeat the
prior experiment to measure the relationship between synthesis
planning success and single-step model calls with this new
building block set on USPTO-190, ChEMBL-1000 and GDB17-
1000. Furthermore, we evaluate Dual Value Networks® on this
reduced set without retraining, meaning the algorithm remains
pre-trained on the full eMolecules dataset, as this approach
allows us to assess how well self-play methods generalize.
Surprisingly, removing 0.0126% of the best-first synthesis
route building blocks leads to a large drop in synthesis planning
performance for all datasets (see Fig. 3). Performance on
USPTO-190 and GDB17-1000 decreases across all algorithms to
less than half the initial best performance, while the drop in
ChEMBL-1000 is considerably lower. In terms of algorithms,
using a best-first algorithm with Retro*-0 outperforms self-play
and all MCTS variants. The generalizability of self-play might be
worse than expected, as these small changes in the search
environment result in considerable performance drops, and the
best-first search algorithm outperforms self-play in earlier iter-
ations compared to the complete building block set. Given that
we removed the building blocks of the best-first route, the task
here is to find analog molecules that substitute the missing
building blocks—a task that a best-first search can handle most
effectively, as analogs should be highly ranked on the best-first
exploration frontier. MCTS variants, however, tend to
discourage the entire reaction pathway because the negative
reward of the best-first route is backpropagated through the
search tree and discourages the search for analogs once the
original best-first route returns a negative reward. Conse-
quently, the difference between Distance-MCTS and normal
MCTS is rather small, whereas the default implementation of
MCTS seems to perform slightly better as it has access to direct
reaction analogs that might be discouraged by Distance-MCTS.
All clustering variants that operate in reaction disconnection
search space require that the newly found synthesis route
differs from the best-first route; that is, the new route would
need to use at least one reaction idea within the synthesis route
that is not part of the best-first route, implying structurally
different pathways for synthesizing the molecule beyond the
best-first approach. Noteworthy, such a structurally different
pathway that leads to different building blocks could be as
simple as switching the order of molecule decompositions in
a synthesis route or further decomposing missing building
blocks (see SI Fig. S4 for an example). This usage of different

© 2026 The Author(s). Published by the Royal Society of Chemistry


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5dd00280j

Open Access Article. Published on 25 February 2026. Downloaded on 4/20/2026 12:30:24 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

View Article Online

Paper Digital Discovery
USPTO-190 ChEMBL-1000 GDB17-1000
0 s e e 1.0 - 0.30 -
081 I 0.25 A
1] 0.20 A
gO.G—
§ 0.15 A
S 0.4 A
%) 0.10
021 0.05 -
I e
0.0 /- 0.0 H—F——r—"->F—-"—-"T———— D
Q QO O O O O O O O L Q QS O O O O O O O L Q Q O O O O O O &
S O Q" & O L O L O O L O L O L O L O O O O & O O Q" O
L MM I I I ) D QA DO NN MR R N I M N2
VAT A Y VGNP A VAT R DA A
Single-Step Model Calls Single-Step Model Calls Single-Step Model Calls
— MCTS Distance-MCTS ~ —— Cluster-MCTS = —— Retro*-0 = —— Cluster-Retro*-0

Iteration Limit ~ ---+-

Original Stock Self-Play

—— No Best-First Stock Self-Play

Fig. 3 Synthesis planning success in relation to single-step model calls across different online search algorithms on the USPTO-190, ChEMBL-
1000, and GDB17-1000 datasets when the building blocks of the best-first synthesis route are unavailable. The dotted line indicates the
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reaction ideas appears not to be possible, as the synthesis route
found rates decrease drastically compared to the complete
building block set for USPTO-190 (Cluster-Retro*-0: 81.58% —
8.95%, Cluster-MCTS: 75.26% — 7.37%) and GDB17-1000
(Cluster-Retro*-0: 14.60% — 1.00%, Cluster-MCTS: 12.30% —
1.10%), where it seems that a specific best-first reaction route
must be found. For ChEMBL-1000, however, finding alternative
synthesis routes is possible (Cluster-Retro*-0: 77.60% —
39.10%, Cluster-MCTS: 76.60% — 35.00%), indicating that, in
principle, there are structurally different ways of synthesizing
these molecules. Notably, these algorithms are not just solving
molecules that lie beyond the 500-iteration boundary for Retro*-
0, as the solved rate is substantially higher than the increase in
solved routes beyond 500 iterations in the first experiment
(compare Fig. 2). To summarize, the ability to adapt to changes
in the search environment is surprisingly limited. While a best-
first search algorithm should, in principle, find solutions faster
than MCTS and be more robust than a self-play algorithm, all
algorithms struggle to find “meaningful” reaction alternatives
when the ssm does not provide sufficiently diverse reaction
disconnections, as no reaction pathway can be found that is not
suggested by the ssm.

3.4 The diversity of synthesis planning

Our initial motivation for Distance-MCTS was not to develop an
online search algorithm that outperforms a self-play algorithm,
but to suggest more structurally distinct synthesis routes to our
chemists. For this purpose, we repeat our first experiment but
return all synthesis routes discovered within a 2-hour time
budget to explore the possible synthesis route space. Specifi-
cally, we use 500 iterations for the MCTS variants and 25 000
single-step model calls for the Retro* variants. We sample 100
molecules from the ChEMBL-1000 dataset as an evaluation
dataset from the set of molecules for which all online search
algorithms found a synthesis route in our first experiment. We
focus exclusively on solved molecules here because we are

© 2026 The Author(s). Published by the Royal Society of Chemistry

interested in how the solution space changes once a valid
solution can be found, rather than whether an algorithm can
solve a molecule in the first place—hence, we exclude unsolved
cases from this analysis. We first evaluate the average number
of found synthesis routes across evaluated molecules during the
search to measure the size of the overall solution space. Addi-
tionally, we examine the average shortest route found by each
algorithm. While a high number of discovered synthesis routes
may indicate broad exploration of the search space, many of
these routes can be close variants differing by minor modifi-
cations through the use of analog building blocks instead of
genuinely different reaction pathways. Thus, the total route
count alone could be misleading. Therefore, we compute the
average pair-wise distance® between the top-100 returned
routes across all molecules, measuring the necessary steps to
transform one synthesis route into another. A higher average
distance implies that the found set of routes is more diverse,
aligning with our goal of offering chemists more than one
principal route rather than minor variations of essentially the
same route. We do not cluster the entire route space due to
computational constraints and because each algorithm should
ideally return a diverse set of alternatives within a manageable
top-n.

All molecules remain solvable across all tested algorithms
(see Fig. 4 and SI Table S3). Among these algorithms, the MCTS
variants (default and distance-based) return the highest
number of routes, averaging between 2700 and 2400. Retro*-
0 and Cluster-Retro*-0 follow with around 1700 routes. The only
outlier is Cluster-MCTS, which returns an average of roughly
260 routes. Nevertheless, every algorithm provides numerous
routes to choose from in its respective solution space.
Regarding the shortest route found per target, most algorithms
produce routes that average three to four reactions. However,
novelty-based algorithms tend to produce slightly longer
synthesis routes, where especially Cluster-Retro*-0 returns
routes that are on average more than one reaction longer.
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Fig. 4 Analysis of the synthesis planning solution space. Overview of the total number of solved routes, the shortest route identified, and the
average distance among the shortest 100 synthesis routes across a subsample of 100 ChEMBL molecules for which all search algorithms

successfully find a solution.

Looking more closely at the diversity of these routes, we observe
that non-novelty-based algorithms tend to produce only minor
variations, reflected in low distances within the top-100
returned routes and consequently suggesting a less diverse set
of solutions. In contrast, Distance-MCTS produces slightly more
distinct alternatives in the top-100. Finally, algorithms that rely
on clustering to search in the reaction space (Cluster-Retro*-
0 and Cluster-MCTS) return the most structurally distinct
synthesis routes, substantially increasing the mean route
distance.

In a second step, we analyze the building blocks that the
respective algorithms use as end-points for their synthesis
routes, as these define the possible fragmentations of the target
molecules. For this purpose, we compare the set of unique
building blocks found for each molecule by each algorithm
against the molecule results of all other algorithms (see Fig. 5

Il BB Coverage EEl Solvable Routes

and SI Table S4). We first assess the Building Block Coverage,
defined as the percentage of a single algorithm's unique
building blocks for a given molecule relative to the total set of
unique building blocks found by all algorithms for that same
molecule. Here, non-clustering MCTS-based methods cover the
most building block space, with an average coverage of around
55%. In contrast, best-first search strategies perform worse on
average (31% to 39%), and Cluster-MCTS performs the worst
with roughly only 18%. These results align with the route
analysis, supporting the observation that clustering methods
actively remove analog building blocks from the search space.
We also measured the contribution of Unique Building Blocks,
which are specific to a single algorithm. Generally, most algo-
rithms only contribute a small fraction of unique building
blocks, averaging around 10% to 13%. The cluster-based
methods yield the fewest unique building blocks with roughly
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Fig. 5 Comparison of building block discovery and route finding feasibility across different search algorithms for 100 ChEMBL molecules. Box
plots show distributions of per-molecule metrics for each search algorithm. For each molecule, the following metrics are calculated: BB
coverage (blue): percentage of unique building blocks (BBs) discovered by any algorithm for this molecule that this specific algorithm also found;
unique BBs (orange): percentage of this molecule's unique BBs found exclusively by this algorithm; unavailable BBs (red): percentage of unique
BBs discovered by this algorithm for this molecule that are not available in the filtered eMolecules stock of Experiment 2 (BBs from best-first
routes removed); solvable routes (green): percentage of synthesis routes found by this algorithm where all required BBs are available in the
filtered stock. Horizontal lines overlaid on the solvable routes boxes show algorithm-level success rates across all molecules: solvable molecules
(forest green dashed): percentage of molecules with at least one solvable route, using post-search best-first building block filtering; solvable
molecules Exp. 2 (magenta dotted): molecule search result from Experiment 2, using best-first filtered building blocks directly in the search.
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2% for Cluster-MCTS and 9% for Cluster-Retro*. We can also
compare the building block space to the search setting in
Experiment 2, where the “best-first” building blocks were
removed. For each algorithm, around 36% to 40% of all unique
building blocks for each molecule became unavailable, thereby
reducing the average percentage of previously solved routes per
molecule to below 2% for all algorithms. This decrease
demonstrates that the majority of the routes identified in the
standard-setting rely heavily on these “best-first” building
blocks. At the molecular level, this filtering results in a vast
decrease in the number of solved molecules. Solved rates drop
from initially finding a synthesis route for all molecules to
solving roughly 50% of the molecules for non-clustered algo-
rithms, and only around 15% for the clustered algorithms. This
disparity strongly highlights the importance of analog building
blocks for successful synthesis planning in this setting, as these
are precisely what the clustering methods are designed to
prune. Finally, we compare the rate of molecules for which
a synthesis route is found under two conditions: (1) post-run
filtering of routes based on the reduced building block data-
set and (2) rerunning the entire search algorithm on the
reduced building block set from the start (100 ChEMBL mole-
cule results from Experiment 2). This comparison highlights the
importance of algorithm robustness to changes in the search
environment. Across all search algorithms, rerunning the
search on the changed environment improves the success rate
by 20% to 50% in total. This improvement underscores the
importance of online search algorithms in synthesis planning,
which can adapt to the available building block space rather
than relying on a static set of building blocks.

Following this analysis, we investigate which combinations
of algorithms cover the largest unique building block space
when aggregated across all molecules (see Fig. 6) using an UpSet
plot.*® For our 100 ChEMBL molecules, the total unique
building block space is 28260. The general trend shows
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a logarithmic relationship: combining more algorithms
increases total coverage of the building block space, but with
diminishing returns for each additional algorithm when
selecting the best-performing ones, which aligns with their
previously discussed per-molecule coverage and uniqueness
rates of different algorithms. Individually, the highest coverage
is provided by the Distance and standard MCTS algorithms,
each covering roughly 57% of all unique building blocks. In
contrast, the clustered methods cover a much smaller portion of
the space. Combining any two search algorithms, with the
exception of Cluster-MCTS, greatly increases unique building
block coverage to approximately 70% to 77%. A combination of
three such algorithms (excluding Cluster-MCTS) already
accounts for 83% to 90% of the total building block space.
Finally, complete coverage of the 28260 building blocks is
achieved only when combining results from nearly all algo-
rithms. This finding is consistent with our earlier observation
that, while most algorithms overlap, many still contribute
a small percentage of unique building blocks.

As an additional case study, we applied our diversity search
methodology to two products (A and B) previously used to
evaluate guidance by an external literature database.** Notably,
we conducted this evaluation without relying on a proprietary
route database or closed-source single-step retrosynthesis
model, as these are publicly unavailable. Consistent with the
ChEMBL100 pattern, the maximum unique building block
space discovered generally follows a logarithmic scale, reaching
saturation when different algorithms are combined (see SI
Fig. S6 and S7). Quantitatively, we found between 500 and 1300
routes with unique building blocks for each algorithm for
Product A. In contrast, Product B proved more challenging, as
Distance-MCTS yielded 14 routes with unique building blocks,
while Cluster-Retro* failed to find any route (see SI Table S5).
Qualitatively, we conceptually reproduced the reported route for
Product A using Distance-MCTS (see Fig. SI S5). However, our
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Fig. 6 Building block set intersection analysis visualizing the overlap between the unique building blocks discovered by each search algorithm
across 100 ChEMBL molecules. The matrix of connected dots shows the algorithms contributing to each combination, while the horizontal bars
on the left quantify the total number of unique building blocks contributed by each algorithm. The vertical bars at the top display the union
coverage rate for each combination: the percentage of all 28 260 unique building blocks (from all algorithms combined) covered by the union of

selected algorithms.
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route is one step shorter, having eliminated a protection step by
identifying better building blocks in our synthesis space
exploration, a result that previously required literature guid-
ance.”* While our approach identifies the same conceptual
reaction steps, it utilizes different building blocks. For Product
B, the route we identified corresponds conceptually to the
slightly longer, non-literature-guided synthesis route, albeit
with a premature deprotection step. Here, none of our synthesis
routes utilize a [3 + 2] cycloaddition ring-forming reaction
identified by literature guidance.** This is surprising given that
the building blocks required for the cycloaddition route are
present in our building block set. Considering that online
search algorithms achieved success rates comparable to self-
play methods in solvable cases (see Fig. 2) and that coverage
of the unique solution building block space generally saturates
after combining different algorithms (see Fig. 6), our inability to
find a route utilizing the cycloaddition is unexpected. This
strongly suggests that the template-based single-step model
failed to predict the specific disconnection required, high-
lighting the importance of valid reaction predictions from the
single-step model as the limiting factor, rather than the search
algorithm's coverage of the synthesis route solution space.

In summary, all algorithms return numerous potential
synthesis routes, where the building block solution space can be
improved when combining different algorithm results. Never-
theless, cluster-based approaches find a more manageable
solution space at the cost of potentially missing a shorter route,
as not all analog building blocks are available during the search.
The breadth of synthesis route solutions, potentially combining
results from different algorithms, enables subsequent route
optimization based on desired objectives (e.g. cost, availability,
safety), ensuring that chemists can choose the optimal route
that meets their specific project requirements from among
many route alternatives.

4 Conclusion

Using different search algorithms, we investigated the success,
robustness, and route diversity of synthesis planning. We
focused on increasing diversity in the search by (i) encouraging
the exploration of otherwise underexplored reactions (Distance-
MCTS) and (ii) reducing the search space by planning in reac-
tion disconnection space through reaction clustering of the
single-step model (Cluster-Retro-0*, Cluster-MCTS).

Our results show that the synthesis planning search problem
of successfully finding a synthesis route may be computation-
ally more straightforward than previously expected, as the
template-based single-step model tends to suggest only
a limited number of distinct reaction disconnection ideas and
consequently reducing the search space greatly from the
assumed 507°P™M1 to roughly 37°4P™" when clustering, or
25eedePth when not clustering. We also demonstrated that the
main driver for success in synthesis planning is the number of
single-step model calls an algorithm can use. Specifically, we
observed a logarithmic relationship between increasing the
number of single-step calls and the fraction of molecules for
which a valid route is found. Beyond a certain threshold of
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single-step calls, the choice of search algorithm becomes less
critical, as most methods eventually discover a possible
synthesis route, indicating a natural performance plateau that
all search algorithms reach over time. To our surprise, online
estimation of Q(s, @) and V(m) performed competitively with
state-of-the-art self-play variants.”* Those self-play methods
mainly gain faster inference (in terms of single-step calls) but do
not achieve better synthesis planning performance. This
finding deviates from what is observed in the game of Go, which
inspired most self-play variants in synthesis planning, where
self-play dramatically boosts performance compared to an
online search algorithm.'® Unlike Go, synthesis planning is not
a stationary environment with fixed rules and unchanging
winning states. We show that self-play implicitly assumes
a stationary environment to function well in synthesis planning.

Nevertheless, our findings do not render self-play variants
entirely ineffective. Self-play can be advantageous if the envi-
ronment is effectively fixed, for example, when using a never-
changing set of public reactions like USPTO* or a small set of
fixed in-house building blocks.* It might also be required when
a fast synthesis planning result is necessary, such as when
synthesis planning is used as an objective in de novo drug
design.*® However, the substantial GPU resources required by
self-play raise questions about its practicality for more general
applications. From a purely practical standpoint, there is little
difference between finding a solution in 500 or 25 000 iterations
using only CPU infrastructure as long as the total inference time
is under an hour. Furthermore, fixing the environment offers
fewer benefits when applying synthesis planning to novel
targets, reactions, or building blocks.

We also observe that benchmarking synthesis planning
experiments exclusively on the USPTO-190 dataset can be
problematic. Because USPTO-190 is in-domain for the publicly
available USPTO-based single-step model, it requires no
substantial search effort beyond a best-first search. In contrast,
we show that planning performance on more “unknown”
enumerated spaces (e.g. GDB17-1000) can be surprisingly poor,
raising concerns about out-of-distribution performance for
truly novel targets. We want to highlight this divergence
between well-known chemical spaces (e.g. USPTO-190,
ChEMBL-1000) and more unexplored ones (e.g. GDB17-1000),
where current methods perform remarkably worse.

Regarding the robustness of synthesis planning, it is notable
how strongly synthesis planning depends on the availability of
key building blocks. We observe remarkable declines in route
planning success when few key building blocks are missing,
even though millions of alternative building blocks are still
available. Furthermore, no alternative disconnection reaction
can be found if the disconnection idea in the best-first route is
unavailable. This lack of alternative reactions is problematic
because a perfect synthesis planning algorithm would provide
chemists with a structurally diverse set of synthesis routes,
allowing them to choose the appropriate ones based on project
requirements. Here, the main advantage of our clustering and
diversity-oriented search approaches (Cluster-Retro*-0, Cluster-
MCTS, Distance-MCTS) is that they decrease the synthesis
planning solution space by directly operating in reaction

© 2026 The Author(s). Published by the Royal Society of Chemistry
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disconnection space and potentially exploring a wider range of
reaction ideas. Such algorithms can reduce the overall solution
space by providing diverse synthesis routes for chemists to
choose from, rather than slight variations of the same core
building blocks when returning all found synthesis routes.

Based on our insights, we recommend (i) a best-first search
with a large number of iterations (e.g. 25 000) for well-known
chemical spaces (e.g. USPTO-190, ChEMBL-1000) and (ii) an
MCTS variant in other cases as synthesis planning search
settings. In both cases, an hour of search time should suffice,
provided single-step model inference is fast enough. For
maximum coverage of the synthesis route solution space, we
recommend combining the results of multiple search algo-
rithms on the molecule-specific search problem defined by the
project's available building blocks, rather than relying on a fixed
general search environment with post-run route filtering.

Naturally, our work has certain limitations. First, we
emphasize that we used the default search algorithm bench-
mark with a fixed, template-based single-step model. Different
single-step models*”* could yield different reaction distribu-
tions, potentially altering the results, by using either a template-
free*>** or an ensemble of different single-step models.** Here,
especially Transformer-based methods could increase the
diversity of the effective branching factor of the single-step
model (e.g. ref. 31), which are typically limited by their beam
size of 10 to 20 alternatives candidate reactions.** Second, we
only evaluate synthesis planning search algorithms on their
route-finding ability, but do not evaluate follow-up questions
regarding the quality of the produced routes. Instead, we mainly
focus on the search success problem, as it is a requirement for
further route optimization. We treat the single-step model as
a benchmark-defined black-box to allow comparability with
other search approaches under the same evaluation environ-
ment. However, it might be interesting to change the evaluation
environment by altering the single-step model to return only
reactions that satisfy the round-trip prediction by ensuring the
correct product is predicted given the retrosynthesis reactants
(e.g. ref. 8 and 31) or to evaluate the found routes for different
algorithms with a chemist to verify their overall validity as
algorithmically found synthesis routes must ultimately work in
real-world laboratory. Third, our reaction clustering remains an
approximation of reaction diversity as we rely on heuristic
reaction fingerprints instead of using the underlying reaction
mechanisms. Future work could improve reaction representa-
tions by testing alternative reaction fingerprints**** or clus-
tering methods and their parameterization to enhance our
approach further. Our results suggest that key advances in the
synthesis planning field will originate from improving the
single-step model, particularly in generating a more diverse set
of reaction disconnections. Such diversity would expand the
overall reaction search space and enable more innovative
synthesis route solutions.
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