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Machine learning-assisted retrosynthesis planning aims to utilize machine learning (ML) algorithms to
find synthetic pathways for target compounds. In recent years, with the development of artificial in-
telligence (Al), especially ML, researchers’ interest in ML-assisted retrosynthesis planning has rapidly
increased, bringing development and opportunities to the field. In this review, we aim to provide a
comprehensive understanding of ML-assisted retrosynthesis planning. We first discuss the formal
definition and the objective of retrosynthesis planning, and organize a modular framework which in-
cludes four modules: data preparation, data preprocessing, pathway generation and evaluation, and
pathway verification. Then, we sequentially review the current status of the first three modules (except
pathway verification) in the ML-assisted retrosynthesis planning framework, including ideas, methods,
and latest progress. Following that, we specifically discuss large language models in retrosynthesis
planning. Finally, we summarize the extant challenges that are faced by current ML-assisted retrosyn-
thesis planning research and offer a perspective on future research directions and development.

© 2024 The Chemical Industry and Engineering Society of China, and Chemical Industry Press Co., Ltd.

This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/

by-nc-nd/4.0/).

1. Introduction

Over the past few decades, scientists have been working on
exploring ways to artificially synthesize organics with specific
functions (e.g., drugs), which is a high-investment, high-risk, and
long-cycle process [1—3]. In order to reduce the cost of trial and
error and improve efficiency, machine learning (ML) has been
introduced in various parts of the organic synthesis planning pro-
cess [1,3,4], including de novo design of compounds [5—7], retro-
synthesis planning [8,9], and prediction of ligand—protein
interactions [10], etc. Despite the significant advances, retrosyn-
thesis planning remains an important focus in the field of chem-
istry and functional chemical discovery [11].

Retrosynthesis planning (also referred to as retrosynthesis
analysis), which was first proposed by Corey in the 1960s [12,13],
refers to the generation of a series of candidate synthetic pathways
that reach the predetermined target compound. The original
objective of the research on retrosynthesis planning is to devise
optimal synthetic pathways from the target compound back to
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readily available starting materials both efficiently and effectively.
More specifically, retrosynthesis planning first defines the target
compound as the end of the pathway, iteratively predicts the re-
actants of the current product against the direction of real re-
actions, and progressively converts the target compound into more
easily synthesized precursors until the reactants meet the termi-
nation conditions, e.g., chemically stable, easily available, etc
[14,15]. Fig. 1 is an example of retrosynthesis planning, which finds
synthetic pathways for 2-amino-5-nitroterephthalic acid.

As a fundamental component of synthetic pathways, retrosyn-
thesis planning involves two types of reactions, which can be
categorized as enzymatic versus non-enzymatic (synthetic) ac-
cording to the use of enzymes as catalysts or not [17]. Enzymatic
and synthetic reactions have their own advantages, their syner-
gistic combination can be seen in some reports of actual compound
synthesis [18—20]. Compared with synthetic reactions, enzymatic
reactions have good selectivity and mild reaction conditions, but
require more careful reaction evaluation, including activity pre-
diction [21] and safety assessment [22]. Co-use of enzymatic and
synthetic reactions can extend the search space of retrosynthesis
planning for more efficient and creative synthetic pathways. It is
noteworthy that, from the perspectives of catalytic science and data
science, enzymatic reactions and synthetic reactions are essentially
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Fig. 1. An example of retrosynthesis planning. The target compound 2-amino-5-nitroterephthalic acid is in blue, the intermediate that cannot be purchased directly [16] are in
black, and the reactant (starting material) that can be purchased directly and used as pathway starters are in green. The direction of the retrosynthesis arrow is opposite to the

direction of the real reaction.

similar in logic, differing only in their catalysts, and are generally
not distinguished separately during pathway generation. The most
significant difference lies in the vastly dissimilar dataset sizes,
which poses a challenge to the integration and equilibrium of
enzymatic and synthetic reactions within the pathway.

Chemists have been exploring ways to use computers to help
them with retrosynthesis planning for the past 60 years. The
introduction of computers and ML has made retrosynthesis plan-
ning no longer an entirely manual and intuitive process [3,17,23].
With the introduction of advanced ML algorithms (including deep
learning algorithms) in 2010s, chemists have begun to deeply
integrate ML into retrosynthesis planning research. By leveraging
ML algorithms, chemists have been able to construct data-driven
models that assist in predicting chemical reactions and gener-
ating synthetic pathways [24—27], a process now referred to as ML-
assisted retrosynthesis planning. Fig. 2 shows the development of
ML and retrosynthesis planning during the past 60 years. The year
2017 is a pivotal moment in retrosynthesis planning, as it witnessed
the beginning of the rise of data-driven models with the proposal of
the first deep-learning based method [28].

Existing sophisticated ML algorithms (e.g. artificial neural net-
works (ANNs) [29], deep neural networks (DNNs) [30,31], and
graph neural networks (GNNs) [32]) not only learn from reactions
with enhanced efficiency but also adeptly navigate the substantial
datasets. To imitate the process by which chemists acquire chem-
ical knowledge and conduct retrosynthesis planning, the current
ML-assisted retrosynthesis planning divides this task into four
modules, jointly forming its mature, modular framework, as shown
in Fig. 3. The data preparation module is tasked with provisioning
an ample reservoir of data (chemical knowledge) for the ML-
assisted retrosynthesis planning, laying the foundation for subse-
quent learning and training. To enable ML models to understand
the reaction and compound data, the data preprocessing module
represents the information supplied by the data preparation
module in a format that is amenable to the model’s input, with
potential annotations. The pathway generation and evaluation
module is the most pivotal component within the framework.
Pathway generation part imitates the manner in which humans
acquire chemical knowledge, learning the transformation of func-
tional groups in actual reactions through the training of ML models.
Grounded in this acquired chemical knowledge, the computer is
capable of executing reaction prediction (single-step pathway
extension) and pathway provision (multi-step pathway planning).
Furthermore, in order to enhance the efficiency and feasibility of
ML-assisted retrosynthesis planning and to circumvent issues of
combinatorial explosion, pathway evaluation part imitates a
human’s assessment of synthetic pathways to refine the decision-

making processes within the pathway generation module. The ef-
ficacy of this module determines the extent to which an ML-
assisted retrosynthesis planning tool (a computer expert) can
substitute for a chemist. Finally, all candidate pathways are subject
to the scrutiny of a pathway verification module to affirm their
feasibility, thereby corroborating the aptitude of ML-assisted ret-
rosynthesis planning tools in designing viable synthetic pathways.
We believe, a sophisticated ML-assisted retrosynthesis planning
tool should serve as a chemist’s invaluable aide, capable of swiftly
and comprehensively utilizing extant reactions to compose viable
synthetic pathways, while also possessing the ingenuity to unearth
novel reactions and pathways that have yet to be reported.

It is noteworthy that we describe the framework of ML-assisted
retrosynthesis planning as a modular structure because the
methods and models to realize each module can be freely com-
bined, imparting flexibility to this field. Regrettably, extant research
on ML-assisted retrosynthesis planning is predominantly focused
on individual modules rather than the entirety of retrosynthesis
planning. This leads to a significant discrepancy between the ob-
jectives of ML models and the primary goal of retrosynthesis
planning. In this review, we aim to provide a comprehensive
overview of the current state of ML-assisted retrosynthesis plan-
ning research, thereby assisting scholars in chemical engineering,
chemistry, and computer science to better understand this domain.
We sequentially and thoroughly delineate the prevailing ideas,
methods, algorithms utilized, and the current state of progress for
each module within ML-assisted retrosynthesis planning frame-
work. Concurrently, we place an emphasis on discussing the chal-
lenges and limitations faced by current ML-assisted retrosynthesis
planning research and identify potential directions for future
developments, with the aspiration of stimulating subsequent
research.

2. Data Preparation

Over the past 60 years, chemists have explored and accumulated
a large amount of reaction data (including reaction condition) as
well as experimental or computational data on compounds that
provide the data base for ML-assisted retrosynthesis planning [33].
Reaction data refers to the information of a series of existing and
verified reactions, which is considered the ground truth of the
synthetic pathway. Reaction data generally includes a reaction in-
dex, the indices of compounds in the reaction, and the catalyst and
condition of the reaction if available. In recent years, many mature
and complete data resources have emerged, and the huge amount
of rich chemical information and the application of big data tech-
nology have provided great convenience for chemists. Table 1
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Fig. 2. Development of machine learning and retrosynthesis planning.

shows the databases and datasets that are popular in retrosynthesis
planning. Compared to reaction and compound databases, utilizing
enzyme and non-enzyme catalyst data in the generation of path-
ways is more challenging. On one hand, the necessity for catalyst
data to be tied to specific reactions in order for it to be useful in
reaction prediction, which limited its availability to some extent in
the field of retrosynthesis planning. On the other hand, predicting
the catalytic activity of a catalyst for any arbitrary reaction remains
a formidable task. These two factors limit the current usage of
catalyst data in retrosynthesis planning, resulting in a predominant
focus on the transformation of compounds before and after the
reaction in pathway generation, while neglecting the attention
towards reaction catalysts and conditions.

Among all the database in Table 1, USPTO is the most widely
used dataset in current retrosynthesis planning research, and the
original dataset (USPTO-FULL) covers more than 1 million reactions
extracted from US patents published between 1976 and September
2016 with low data quality [34]. On this basis, USPTO-50K [47] and
USPTO-480K [35] (also called USPTO-MIT) were created. USPTO-
50K was obtained by Nadine Schneider et al. [47] after a random
extraction with data preprocessing on the full dataset, containing
about 50000 reactions of 10 types with atom-atom mapping
(AAM). USPTO-480K, on the other hand, was compiled by Jin et al.
[35] at MIT after removing duplicates and incorrect reactions from
the full dataset, which contains about 480000 reactions. As re-
searchers have widely used the USPTO datasets in retrosynthesis
planning, later researchers have also chosen from them for easier
comparisons with previous studies.

3. Data Preprocessing

Data preprocessing employs cheminformatics tools to
convert the data provided by the data preparation into input
form for the ML models [48]. Data preprocessing consists of two
levels: (1) representation of reaction and compound data into a
computer-recognizable uniform format, which generally in-
cludes strings, molecular graphs, and descriptors (Section 3.1,
3.2); (2) identification of structural changes embedded in the
origin reaction data, which typically refers to AAM (Section 3.3).
The efficiency and accuracy of models in ML-assisted retrosyn-
thesis planning are generally closely related to compound and
reaction data preprocessing [49]. Fig. 4 shows a schematic dia-
gram of the compound and reaction representation, with ex-
amples of AAM.

3.1. Compound representation

Different compound representations can extract features from
different perspectives and levels of the molecule. In this section, we
use the concept of molecular descriptors [50] to unify different
types of compound representations commonly used in ML-assisted
retrosynthesis planning. The calculation of compound representa-
tions and molecular descriptors is generally derived from some
chemoinformatics tools or pre-trained models, such as RDKit [51]
and some quantitative structure-activity relationship (QSAR)
models [52]. Specifically, molecular representations commonly
used for retrosynthesis planning include: (1) linear molecular de-
scriptors, (2) graphic molecular descriptors, and (3) molecular fin-
gerprints [53]. Linear descriptors are the most straightforward,
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whereas graphical descriptors retain a greater abundance of mo-
lecular structural information.

Linear molecular descriptors, i.e., the use of a one-dimensional
string to represent a molecular structure. Prior to the 1970s, the
Wiswesser Line Notation (WLN) [54] was the most commonly
used symbolic format to accurately represent complex molecules.
However, with the proposal of simplified molecular input line
entry system (SMILES) [55] in the 1980s, the flexibility, readability,
non-uniqueness (potential for data augmentation [49]), and
interpretability of SMILES made it quickly become the most
commonly used molecular representation up to now. SMILES
specifies a rule for encoding the connection relationship of atoms
within a molecule, making it possible to express two-dimensional
molecular structures with one-dimensional strings, which greatly
reduces the storage cost of complex molecular structures. To
further represent the structural patterns of molecules, including
atom environments and stereoisomerism, Daylight developed
SMiles ARbitrary Target Specification (SMARTS) [56] based on
SMILES, which uses more complex symbols to specify these mo-
lecular features. Based on SMILES, chemists have also developed
DeepSMILES [57] and SELFIES [58] to address the errors that tend
to occur when deals with rings and branched chains, and to
improve the robustness.

Graphic molecular descriptors describe molecular structures
using molecular graphs or matrices generated based on atomic
connectivity, thereby offering better representation of topological

information and capturing the atomic environment within a
molecule [59]. Using mathematical language, a molecular graph
can be represented as G = (V,E), where V = {v;} is the set of nodes
of the graph and E = {e;;} is the set of edges of the graph. Each node
represents an atom within the molecule, and each edge represents
a bond between two atoms in the molecule. Compared to linear
descriptors, graphic descriptors (1) offer a more lucid presentation
of topological information, facilitating a better understanding and
manipulation of chemical reactions; (2) enhance the concept of
“bonds”, enabling GNNs to transmit information between nodes
and bonds; (3) exhibit superior stability, ensuring chemically stable
moieties within molecules remain undisturbed.

A molecular fingerprint is a fixed-length (e.g. 1024, 2048) vector
that represents the structure of a molecule. Molecular fingerprints
can be categorized into two types based on whether they depend
on predefined substructures, represented by molecular ACCess
system (MACCS) fingerprints and extended-connectivity finger
prints [60] (ECFP), respectively. The former uses each element in
the vector to indicate whether a certain predefined substructure
exists within the molecule, while the latter considers the molecule
localized at different radii, uses a hash algorithm to obtains a binary
vector of fixed length. MACCS fingerprint is highly interpretable
and flexible, which are often used in compound structure analysis
and physical property prediction [61]. ECFP is often used in the
calculation of compound similarity and pathway evaluation [29,62]
because of its ease of computation.
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Table 1

Popular databases and datasets in retrosynthesis planning.

Name Source Availability Introduction

Reaction

USPTO [34,35] USPTO Free The USPTO family are open-source organic reaction datasets commonly used in ML, derived from patents
granted by the US patent and trademark office (USPTO).

Reaxy [16] Elsevier Commercial Reaxy contains data about the structure, physical and chemical properties, and biological activity of the
compounds. Three sets of key information are provided for the compounds: (1) synthetic routes that can reach
the target molecule; (2) information of reaction conditions in the synthetic pathways; and (3) literature
or patents from which the reactions originated.

Pistachio NextMove Commercial Pistachio is a document-centered, continuously updated subscription database with a larger volume of data
and higher quality of information than USPTO.

ChEMU [36] ChEMU lab Free ChEMU is a high-quality dataset containing 1500 manually annotated organic reaction texts from patents.

Rhea [37] SIB Free Rhea records information in a tabular form containing more than 13000 individual enzymatic reactions,
12900 compounds with over 8000 enzymes. For each reaction, Rhea provides information of the enzyme
and source of the reaction, as well as the compounds involved in the reaction.

ORD [38,39] ORD group Free ORD is an initiative aimed at addressing the issues of dispersed, inaccessible, and non-standardized chemical
reaction data in synthetic organic chemistry by supporting machine learning and related work through
standardized data formats and open-access data repositories. Currently, ORD has grown to include more
than 2 M reactions.

Compound

PubChem [40] NCBI Free PubChem is the largest open-source chemical database containing structure and bioactivity data for
compounds. PubChem provides access to data in standardized text, as well as supply and procurement
information for compounds.

KEGG [41] ICR Free KEGG is a database generated by genome sequencing and other high-throughput experimental technologies.
KEGG also provides the well-established network of biometabolic reactions.

ChEBI [42] EMBL-EBI Free ChEBI is a database and ontology of chemical entities of biological interest containing a wide range of
manually curated data items. ChEBI is widely used as a source of stable unique identifiers for chemicals in
annotations in a wide range of bioinformatics databases, including Rhea and UniProt.

NIST Chemistry NIST Free The NIST chemistry WebBook focuses on thermodynamics provides data compiled and distributed by NIST,

WebBook including thermodynamic data for more than 7000 organic small molecules, thermodynamic data for over
8000 organic reactions, and a series of compound spectroscopy data.

Enzyme

BRENDA [43] Leibniz Institute DSMZ Free BRENDA is a database which focuses on enzyme and enzyme-ligand information.

UniProt [44] EMBL-EBI, SIB and PIR  Free UniProt is a knowledgebase which provides users with a comprehensive, high-quality and freely accessible
set of protein sequences annotated with functional information.

Catalyst

Materials LBNL and MIT Free The materials project represents a collaborative, international initiative aimed at calculating the properties

Project [45] of all inorganic substances. It strives to furnish comprehensive data and the corresponding analytical
algorithms to the global materials research community.

Catalysis- SUNCAT center, Free Catalysis-hub.org is a web-platform for sharing data and software for computational catalysis research. It

Hub.org [46] Stanford University offers extensive data on catalysts and catalytic reactions, aiming to facilitate collaboration and information

sharing in catalyst research.
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3.2. Reaction representation

The preprocessing of reaction data contains two levels: reaction
representation (Fig. 4(b)), focusing on the changes in compounds
before and after the reaction, and the calculation of AAM (Fig. 4(c)),
which delves deeper by examining the correspondence of atoms
before and after the reaction, thereby providing insight into the
reaction’s nature. In this section, we will briefly introduce reaction
representation and delve into a more detailed discussion on AAM,
which is more commonly used in retrosynthetic planning, in the
following section. Considering that reaction representation focuses
only on conversions between compounds, the compound repre-
sentation methods introduced in Section 3.1 can be effectively
transferred. Both SMILES and molecular graphs are common
methods of reaction representation in ML-assisted retrosynthetic
planning. SMILES utilizes “>>" to space reactants and products and
indicate the direction of a reaction, and uses “.” to space multiple
reactants or multiple products in the reaction. Molecular graphs
achieve reaction representation through directly combining the
graphical depictions of reactants and products. To facilitate the
message passing between compounds in GNNs, a commonly
employed strategy involves augmenting additional hypernodes or
pseudo-nodes in disconnected graphs [63]. The hypernode is linked
to all substances relevant to the reaction to ensure the overall
connectivity of the reaction molecular graph. Compared to
employing SMILES, the use of molecular graph to represent reac-
tion is more intuitive and expressive. Both methods for reaction

representation are currently being utilized in retrosynthesis plan-
ning research, leading to the development of sequence-based and
graph-based approaches, respectively.

3.3. Atom-atom mapping

For chemical reactions, the understanding of the group changes
in a reaction facilitates the understanding of the essence of the re-
action. AAM is the task of identifying the position of each atom in
molecules before and after a chemical reaction based on reaction
representation. AAM contains more information than simple reac-
tion representation and is more commonly used as input to ML
models [64—66]. Unfortunately, except for a few reaction datasets
(e.g., USPTO-50K), most reaction data do not contain AAM [34,35,37],
and thus require separate calculation for AAM based on reaction
representation. Furthermore, many reaction data record only the
major reactants and products, which leads to difficulties to AAM [67].

Current methods for calculating AAM of chemical reactions
generally include two categories: (1) methods based on structural
changes [68—70] and (2) methods based on data-driven models
[71,72].

Methods based on structural changes are essentially the iden-
tification of atoms and bonds that have changed in a reaction,
which includes the approach based on maximum common sub-
structure (MCS) and the approach based on optimization. MCS-
based approaches associate the atoms from reactants and prod-
ucts by determining the MCS from their subgraphs and processing
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Fig. 4. An illustration of compound representation, reaction representation, and atom-atom mapping.

the remaining portions. Optimization-based approaches, on the
other hand, capture structural changes in reactions by minimizing
predefined functions (used to measure the number of dynamical
changes in a reaction) through methods such as mixed-integer
linear programming (MILP). The typical MCS-based approaches
include RDT [73] by Rahman and ICMAP [74] by Kraut, while
optimization-based approach is represented by DREAM [75] and
MWED [69]. Fooshee et al. [76] combined the two approaches and
proposed ReactionMap, which first finds the maximal map based
on the substructure and then deals with the remaining atom
through an optimization strategy, obtaining an AAM result that
outperform all the previous models, while taking only 2 s per re-
action on average.

Methods based on data-driven models expects computers to
directly learn the AAM through ML models, especially deep
learning models. The Transformer-based RXNMapper developed by
Schwaller et al. [71] is the most typical unsupervised AAM tool,
which has a significant accuracy advantage for the criteria of un-
balanced reactions. From the perspective of graphs, Nikitin et al.
[63] considered the complete reaction as an unconnected graph
and proposed a disconnected graph neural network (DRACON),
which can annotate AAM for reaction centers but fails to solve
the AAM for the complete molecule. Considering that manual
labeling of AAM is intensely time-consuming, Chen et al. [77]
recently proposed an AAM model based on active learning named
LocalMapper. LocalMapper achieves state-of-the-art AAM predic-
tion accuracy by only labeling 2% of the reactions, and outputs
entirely correct AAM for more than 97% reactions in the USPTO-50K
dataset.

Compared with methods based on data-driven models, methods
based on structural changes are more intuitive, interpretable and
easier to check, but are also more challenging because such a
subgraph isomorphism problem has been known to be an NP-hard
problem [78,79].

AAM helps computers to understand and learn reactions. Many
researchers [1,49,77] have found by comparison that AAM can
significantly affect the feasibility and efficiency of the output

pathway of retrosynthesis planning, which is one of the reasons
why USPTO-50K with good AAM is widely used in this field.
Fortunately, existing open-source tools such as Indigo [80] and
RXNMapper [71] can provide relatively accurate results for simple,
balanced, and reaction-center-unique reactions, so that the retro-
synthesis planning method will not be completely ineffective in
datasets missing AAM.

4. Pathway Generation and Evaluation

Pathway generation, through the employment of pre-processed
reaction data, trains ML models to realize the output of synthetic
pathways, and can be divided into two parts: single-step pathway
extension and multi-step pathway planning. Pathway evaluation,
on the other hand, guides the decisions during pathway generation
based on the ranks of candidate synthetic pathways or reactions.
Currently, research on single-step, multi-step, and pathway evalu-
ation is relatively independent. This neglect of coordination leads to
the fact that current ML-assisted retrosynthesis planning still facing
challenges in presenting novel and practically advantageous syn-
thetic pathways.

4.1. Single-step pathway extension

Single-step pathway extension refers to the prediction of re-
actants (or precursors) that could be transformed into the target
compound through chemical reactions, thus extending the syn-
thetic pathway. With the development of ML, researchers have
introduced a series of data-driven single-step pathway extension
methods, which can be divided into three categories: templated-
based methods, semi-template-based methods and template-free
methods. Fig. 5 shows the workflows of three types of single-step
pathway extension methods and their respective representative
models, with colors indicating the reported Top-1 accuracy of each
method on the USPTO-50K dataset (for an introduction to Top-1 or
Top-k accuracy, see Section 4.1.4).
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4.1.1. Template-based method

Template-based single-step pathway extension methods
encompass two steps: (1) the extraction of a series of reaction
templates from a collection of real chemical reactions; (2) the
prediction of reactants through the execution of the extracted re-
action templates. The former relies on the AAM and the identifi-
cation of reactive centers, while the latter depends upon
substructure matching. In particular, a reaction template refers to
the group transformation occurring at the reaction center during a
chemical reaction [28,81,82]. Given the diversity of reaction tem-
plates, and considering that the product molecules involved in
retrosynthesis planning often contain multiple reactive functional
groups, a target molecule can typically match multiple reaction
templates, resulting in various potential reactants. Fig. 6 presents
an example wherein various functional groups of the target product
may match with distinct templates, consequently generating an
array of diverse precursor candidates.

Template-based methods are intuitive, interpretable, and can
provide reaction conditions. The extraction of reaction templates is
the cornerstone of template-based methods. The accuracy and
comprehensiveness of the reaction templates directly determine
the upper limit of the quality of candidate pathways generated by
template-based approaches. Template-based methods leverage ML
to automatically and efficiently extract reaction templates, addres-
sing the issues of low efficiency, error-proneness, and non-uniform
formatting associated with manual extraction [17,66,74,81—85].
There are mainly two approaches to extracting reaction templates
based on ML models, each relying on different representations of
reactions. The first method uses SMILES or SMARTS to represent
reactions, employing sequence-based methods to identify reaction
centers and extract templates. The second approach represents re-
actions as graphs, utilizing GNNs to classify atoms within molecules,
thereby achieving both the identification of reaction centers and
reaction template acquisition simultaneously. Upon extracting re-
action templates, template-based methods require only the sub-
structure matching of the products to these templates and the

execution of the group transformations indicated by the template to
achieve the prediction of reactants and the expansion of the
pathway.

The open-source tool RDChiral introduced by Coley et al. [8] can
achieve rapid reaction template extraction on reactions that have
well-annotated AAMs. Additionally, it possesses the capability to
process stereochemical information, which is vital for accurately
reaction prediction and designing synthetic pathways. RDChiral
enables researchers to process large-scale reaction data to extract a
comprehensive set of reaction templates.

Concerning the poor generalization of template-based methods,
Levin et al. [17] combined reaction templates from enzymatic re-
actions with those from synthetic reactions and found that the
resulting pathways had advantages in terms of pathway length,
selectivity, and efficiency. This demonstrates the impact of the scale
and diversity of reaction templates on the outcomes of reaction
pathways, which also indicates that using only the USPTO dataset is
insufficient to encompass the practical demands such as synthe-
sizing natural products.

Focusing on the efficiency of computationally expensive sub-
structure matching [86], scientists have attempted to convert the
simple enumeration into a strategy for template selection. Segler
et al. [28] pioneered the use of ML models for the selection of re-
action templates with Neuralsym, introduced in 2017, which em-
ploys the highway network to predict the most probable template
based on the molecular fingerprint (ECFP4) of the product. It is
noteworthy that Neuralsym currently stands as the most frequently
utilized single-step model within the research of multi-step
pathway planning. Coley et al. [87] proposed Retrosim, which
frames the selection of reaction templates as a similarity problem,
positing that structurally similar molecules can be synthesized
using similar reactions. Based on the GNN, Dai et al. [88] have also
proposed the conditional Graph Logic Network (GLN) to assess the
compatibility of compounds with reaction templates, quickly
providing template recommendations while ensuring the feasi-
bility of the reactions.
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Fig. 6. An illustration of substructure matching between a target product and reaction templates. C[ar] signifies an aromatic carbon with undefined bonds, while C[al] represents an

aliphatic carbon with undefined bonds.

Considering that reactions are essentially local structural
changes in molecules, Chen et al. [89] developed LocalRetro,
which outputs locally applicable reaction templates for all po-
tential reaction centers, based only on local features, thereby
enabling reaction prediction. RetroComposer, introduced by Yan
et al. [90], transforms the template selection stereotype into
template composition. It employs ML models and a subgraph
dictionary to compose several candidate templates that are most
suitable for the current product. RetroComposer is the best-
performing template-based model on the USPTO-50K dataset,
with the Top-1 accuracy of 54.5% and 65.9% on without and with
reaction types, respectively.

It is noteworthy that template-based methods typically pre-
sume that the molecular structure outside the reaction center re-
mains chemically inert and irrelevant to the reaction. However,
under certain circumstances, the stereochemistry beyond the re-
action center might influence the binding between the catalyst and
the reaction site. Presently, research on this disadvantage remains
scant, and we believe that a more robust experimental verification
and counterexample data are imperative to leverage the complete
structure of the product for a more precise prediction of the
template-product compatibility.

4.1.2. Semi-template-based method

Considering the difficulties faced by template-based methods
in computational efficiency and generalization, scientists have
begun to ponder the use of ML to identify the transformation of
atoms and chemical bonds during chemical reactions. Under this
line of thought, the semi-template-based method divides the

extension of a single-step pathway into two stages: (1) identi-
fying the reaction center and breaking the bonds at the reaction
center to obtain synthons (from product to synthons, P2S), and
(2) synthon completion (from synthons to reactants, S2R)
[91,92]. Specifically, P2S is similar to the extraction of reaction
templates in template-based methods, which is also the reason
why this type of two-step approach is named as semi-template-
based. The reason intermediate molecules are called synthons is
that the synthons are generally incomplete local molecular
structures, which may have chemical bonds with missing atoms
and are not stable, viable independent chemical structures.
Both Seq2Seq models (especially Transformer) and GNNs can
both be used to construct P2S and S2R models, depending on
the type of reaction representation. Theoretically, models for P2S
and S2R can be combined in any manner, although the advanced
semi-template-based approaches typically address both tasks
simultaneously.

Following the naming convention of Seq2Seq, Shi et al. [93]
proposed the first semi-template-based model based on graph
convolutional neural networks in 2020, which they named Graph
to Graphs (G2Gs). G2Gs first use a GNN to identify the most prob-
able reaction centers in the product, breaking the chemical bonds
between the atom pairs to generate synthons. Then, each synthon
is translated into reactants using a Markov decision process, thus
completing the prediction of reactants.

RetroPrime proposed by Wang et al. [91] utilizes two Trans-
formers for P2S and S2R, respectively. They used a “mix and match”
strategy to improve the diversity of the model, and a “label and
align” strategy to reduce the proportion of chemically implausible
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prediction results. It's worth mentioning that the introduction of
this alignment strategy predates Root-aligned SMILES [49].

Considering that chemical reactions are essentially local group
transfers within molecules, Liu et al. [94] proposed MARS which
viewed S2R as the connection of attachment atoms with motifs.
They first obtained a motif vocabulary of size 210 from the USPTO-
50K dataset through molecular fragmentation, and then trained a
model to predict the attachment atoms for the current synthon as
well as the motifs added, autoregressively achieved synthon
completion. MARS is the state-of-the-art semi-templated based
model with the best prediction performance on the USPTO-50K
dataset.

Semi-template-based methods combine the advantages of both
the aforementioned template-based and the subsequent template-
free methods. On one hand, semi-template-based methods
describe a single-step pathway into two steps, better complying
with how chemical reactions are understood, and offer a certain
level of interpretability for the predicted reaction centers and
derived reactants. On the other hand, semi-template-based
methods can leverage powerful graph representation learning
paradigms and attention mechanisms to better capture molecular
structural features, thereby ensuring the accuracy of the model and
the ability to predict new reactions.

4.1.3. Template-free method

Template-based methods are unable to handle novel or unseen
reactions outside of the dataset, while semi-template-based
methods train two independent models to complete the reaction
prediction, ignoring the connection between P2S and S2R.
Considering the aforementioned limitations and the development
of ML, scientists have begun to use end-to-end data-driven models
to directly predict reactions, without the need to individually
extract and store reaction templates or reaction centers. Template-
free methods include two approaches: sequence-based methods
and graph-based methods [63,95,96].

e Sequence-based methods

The concept of sequence-based methods is quite intuitive, as the
process of predicting the SMILES of possible reactants from the
product’s SMILES can be naturally likened to a translation task
between two strings, which allows for the transfer of a series of
Seq2Seq models [91,97,98]. However, due to the fact that a single
product may correspond to multiple reactants, this one-to-many
mapping relationship makes retrosynthesis planning based on
the translation very challenging.

Liu et al. [9] proposed the first LSTM-based template-free model
in 2017, which has comparable predictive capabilities for simple
reactions that do not involve ring formation to the template-based
models available at the time. With the subsequent introduction of
the Transformer and attention mechanisms [99,100], sequence-
based methods have almost entirely adopted this new structure,
which can better extract global and local features of the input
sequence.

Although sequence-based methods are conceptually intuitive,
they still possess pronounced drawbacks. (1) Sequence-based
models treat SMILES as sentences, yet their training often lacks
prior knowledge of SMILES syntax, frequently resulting in the output
of invalid SMILES. (2) Sequence-based models focus on only one-
dimensional character and fail to utilize the rich structural infor-
mation contained in the two-dimensional structure of molecules.

To address these disadvantages, Zheng et al. [101] designed a
self-correcting module to correct grammatical errors in the SMILES
output by Transformer framework, reducing the probability of the
model outputting unfeasible SMILES. Zhong et al. [49] proposed a

reaction representation method called Root-aligned SMILES (R-
SMILES), which aligned the same atoms in reactants and products
based on AAM, and demonstrated through comparison that
reducing the edit distance between the SMILES of reactants and
products can effectively improve the reaction prediction perfor-
mance of Transformer-based models. R-SMILES stands as one of the
most advanced template-free models when reaction type is un-
known, achieving a Top-1 accuracy of 56.3%.

Recently, Yao et al. [102] proposed a new template-free model
called NAG2G that employs the Transformer encoder-decoder
framework and utilizes molecular 1D, 2D, and 3D structural infor-
mation. NAG2G achieves alignment between product and reactant
SMILES through molecular graphs and AAM, requiring the model to
prioritize outputting atoms that are present in both reactants and
products in sequence, and finally predicting atoms that are only in
the reactants. This strategy effectively avoids the output of unfea-
sible SMILES. NAG2G achieved the best performance on the USPTO-
50K dataset when given reaction type, reaching a Top-1 accuracy of
67.2%.

e Graph-based methods

Graph-based methods employ a series of GNNs for single-step
pathway extension and take two-dimensional molecular graphs
as input. Any subgraph within a molecular graph carries structural
significance, representing the molecular local environment, an
aspect that linear symbol sequences, such as SMILES, fail to capture.
Specifically, graph-based methods view chemical reactions as
combinations of a series of predefined graph edits (including all
possible bond and atom changes), implementing reactant predic-
tion with an autoregressive strategy [96]. Semi-template-based
models like G?Retro [92] in 2023 and MARS [94] in 2022 also use
an autoregressive strategy during the S2R process.

MEGAN [96] is the first graph-based template-free model pro-
posed in 2021 and the pioneer and baseline of the autoregressive
molecule edit framework. MEGAN utilized Graph Attention Net-
works [103] (GATs) to extract features from molecular graphs,
defining five types of graph actions at the atomic level (EditAtom,
EditBond, AddAtom, AddBenzene and Stop). These actions allow
MEGAN to modify molecular structures step-by-step in a contro-
lled manner. Based on this baseline, Zhong et al. [95] proposed an
end-to-end graph generative architecture termed Graph2Edits.
Graph2Edits employed directed message passing neural network
(D-MPNN) [104] to encode both local and global features of mole-
cules, and modified the bond generation action to the addition of
leaving groups with the consideration of stereochemistry. These
designs can significantly reduce the length of graph edits and
enhance predictive performance.

Graph-based methods can predict edits of arbitrary length in
multi-step generation, which enable them to more effectively
explore the potential space of reasonable reactions and enhance the
diversity of the predictions [105]. However, current methods of this
type heavily rely on AAM. The absence or errors in AAM can lead to
misleading edit sequences, thereby affecting the accuracy of
pathway extension.

e Other methods

Aside from the aforementioned two typical approaches, scien-
tists have also conducted some other interesting template-free
ideas.

On the basis of sequence-based methods, Tu and Coley [106]
introduced a novel Graph2SMILES model, which changes the
model’s input to a molecular graph. The permutation invariance of
D-MPNN and the graph-aware positional embeddings in
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Graph2SMILES eliminates the need for any SMILES augmentation,
while achieving 8% improvements in Top-1 accuracy over the
Transformer baseline [107].

Yan et al. [108] innovatively shifted the prediction target from
reactants to byproducts, realizing the prediction of reactants based
on both the byproducts and target product with Transformer. Their
RPBP first constructed a byproduct library containing 217 types of
byproducts by comparing the atomic differences between reactants
and products in the real reaction set based on R-SMILES [49], and
then used a GNN to build a classification model for predicting
byproducts.

Template-free methods are efficient, demonstrate strong
learning capabilities with reaction data, and possess a degree of
generalization. However, they still face limitation with poor inter-
pretability and the inability to provide reaction conditions and
catalyst information. The improvement the reliability and feasi-
bility of the output pathways of template-free methods remains a
challenge.

4.1.4. Evaluation for single-step pathway extension

Pathway evaluation is used to quantitatively evaluates a single-
step model’s performance and facilitate rigorous comparisons be-
tween models with several appropriate evaluation metrics. A deep
understanding of these evaluation metrics helps to more accurately
comprehend model’s performance.

e Top-k accuracy

Top-k accuracy refers to the percentage of test target products
for which the ground-truth precursor is included among the top k
recommendations given by a single-step pathway extension model.
Common values for k include 1, 3, 5, 10, 50, etc. In order to compare
with previous work, Top-k accuracy is currently the most
commonly used and sometimes the only evaluation metric used in
various single-step models.

Intuitively, scientists believe that a higher Top-k accuracy in-
dicates a better single-step model. However, researchers have
gradually become aware of the limitations of Top-k accuracy
[109,110]. Top-k accuracy pursues a match between the predicted
results and the actual reactions recorded in the dataset, neglecting
the value of diversity in model outputs. Since current reaction data
rarely contain infeasible counterexamples, it is difficult to accu-
rately assess the feasibility of new, unseen reactions. This leads
scientists to arbitrarily hope that a model capable of predicting
reactions within a dataset is also capable of predicting feasible re-
actions outside the dataset. However, it is challenging to determine
whether an increase in Top-k accuracy is due to the model’s
improved learning of reaction behavior or simply due to overfitting.
It is undoubtedly valuable to provide multiple options for each step
in finding the globally optimal solution for multi-step pathway
planning. Therefore, in addition to focusing on the Top-1 accuracy,
we should also pay attention to Top-10 and Top-50 accuracy to
obtain a more comprehensive evaluation.

e Maximal fragment accuracy

Inspired by classical retrosynthesis planning, the maximal
fragment (MaxFrag) accuracy [31] is an extension of Top-k accuracy
proposed by Tetko. MaxFrag degrades the prediction target from all
reactants to the mean (largest) reactant, aligning more closely with
the way chemists manually conduct retrosynthesis planning. With
the largest reactant determined, there may be different ways to
achieve the transformation, and the reactions within the dataset
may not necessarily represent the optimal among these candidate
options.

The MaxFrag accuracy is higher compared to traditional Top-k
accuracy. Since its proposal, some models have started to consider
using MaxFrag as an evaluation metric [27,49]. However, due to the
fact that most baseline models still only report Top-k accuracy,
MaxFrag has not received as much attention.

e Round-trip accuracy

Round-trip accuracy [111] quantifies the effective percentage of
model suggestions by forward reaction predictions for candidate
reactants. A higher round-trip accuracy implies that the model can
offer a greater number of valid suggestions. In other words, the
reactions predicted by the model are more likely to be feasible in
practice [112,113]. It's worth mentioning that round-trip accuracy is
highly related to the size of the beam in each single-step pathway
extension. A larger beam means recommending more candidate
reactions during each pathway extension, which may lead to a
decrease in quality.

e Diversity

Diversity measures the number of reaction categories covered
by the single-step predictions. Generally, a prediction of reactants
with higher diversity is considered capable of covering a larger
search space, which is more advantageous in finding the optimal
synthetic pathway in further multi-step pathway planning [111].

o Inference efficiency

Inference efficiency generally refers to the time it takes for the
model to output recommended reactions. Since the single-step
pathway extension model will be continuously invoked during
subsequent pathway planning, its efficiency is crucial for finding a
sufficiently good synthetic pathway within an acceptable time-
frame. Unfortunately, most current single-step pathway extension
models do not report their efficiency, possibly because model ef-
ficiency is highly related to the hardware performance of the
computer. Zhong et al. [25] discovered through experiments con-
ducted under identical hardware conditions that NeuralSym is the
single-step model with the highest inference efficiency. This is
attributed to its exceptionally simple network architecture, which
may be the reason NeuralSym is favored as the preferred single-
step model in multi-step pathway planning.

In addition to the aforementioned metrics, single-step evalua-
tion also utilizes metrics such as coverage [111], Jensen-Shannon
divergence [111], etc. Currently, these metrics are generally used
independently to evaluate a model, which may be vulnerable to
adversarial strategies. How to reasonably integrate these metrics is
an issue for pathway evaluation that needs consideration. Methods
such as the analytic hierarchy process(AHP) [114] might be very
useful in this context.

4.2. Multi-step pathway planning

Chemical synthesis is a complex process involving multiple
steps of consecutive reactions. The generation of multi-step syn-
thetic pathways with practical significance is not a simple iteration
of single-step pathway extensions, which requires the design of
specialized planning methods with the guide of evaluation. On one
hand, any unfeasible reaction within a multi-step pathway directly
compromises the feasibility of the entire pathway. On the other
hand, regardless of the single-step pathway extension method
used, each extension typically yields multiple possible reactant
outcomes. If one chooses to extend the pathway for all reactants at
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each iteration, the pathway size would explode rapidly due to the
vast chemical search space.

Multi-step pathway planning aims to ensure both the efficiency
of the output synthetic pathway and the feasibility of the pathway.
Under this idea, multi-step pathway planning utilizes various
search algorithms to start from the target product and gradually
extend the pathway to more molecules until obtain until reason-
able synthetic pathways are obtained, employing the single-step
pathway extension methods previously introduced. Fig. 7 shows
the three parts of multi-step pathway planning we divided:
pathway structure, evaluation score calculation, and search
algorithm.

4.2.1. Pathway structure

Pathway structure refers to the type of structure used to
represent reaction pathways during the planning and expansion
process, which includes two main categories: simple directed tree
and AND-OR tree, as shown in Fig. 8. The former contains only
molecule nodes, while the latter includes both reaction nodes and
molecule nodes.

In simple directed trees, directed edges between nodes are used
to guide the reaction direction (generally point from reactants to
product). A simple directed tree is natural and intuitive, allowing
for easy evaluation of each molecule node. However, this type of
pathway structure may lead to misunderstandings of the reaction
process. For example, in the simple reaction process shown in Fig. 8,
it might be misunderstood that C can be obtained from either A or
B, rather than requiring both A and B simultaneously. This

Simple Directed Tree AND-OR Tree

©
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Fig. 8. Two different tree structures used in multi-step pathway planning.

ambiguity means that unless all reactions are “one-to-one”, addi-
tional information is needed to accurately reconstruct the reactions
and correctly evaluate the pathways [115].

The AND-OR tree can effectively avoid this ambiguity by intro-
duce a new type of nodes in the graph, which is more suitable for
expressing pathways. The AND-OR tree is a type of bipartite graph
that includes reaction nodes and molecule nodes, where nodes of
the same type do not directly connect to each other in the graph. In
an AND-OR tree, molecule nodes (OR nodes) and reaction nodes
(AND nodes) alternate, with product nodes and reactant nodes
connected to their corresponding reaction nodes, respectively. The
AND-OR tree preserves all the causal relationships between re-
actants and products, making it easy to reconstruct the entire re-
action process.

For both pathway structures mentioned above, there is a
contradiction in how to handle the repeated appearance of mole-
cule nodes in the graph. If such repetition is allowed, it may reduce
the efficiency of the search. Conversely, if all identical nodes in the
graph are merged directly, directed cycles may appear in the graph,
which means the synthetic distance between two compound nodes
may not be unique. This is also not conducive to the search for the
optimal pathway. To address the issue of repeated molecule nodes
and cycles in pathway graphs, scientists have experimented with
using directed acyclic graphs (DAGs) and hypergraphs to represent
reaction pathways [84,115]. A hypergraph is an extension of a
simple directed tree that allows each molecule node to contain
multiple compounds. Each expansion takes into account all sub-
strates and other reactants required in this pathway and includes
them in the current leaf node. However, because these structures
require more careful handling during expansion and scoring, they
have not yet been widely adopted.

4.2.2. Evaluation score calculation

The calculation of evaluation scores is part of pathway evalu-
ation, and is central to pathway planning, guiding search algo-
rithms to find search direction. Regardless of the pathway
structure used, assessing which molecule node in the current
pathway graph is more likely to lead to a viable synthetic pathway
is crucial for both search efficiency and the feasibility of the final
pathway obtained.
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Based on whether the scores are dependent on the current state
of the graph, the evaluation scores for molecule nodes can be
categorized into two types: (1) predefined scores and (2) dynamic
scores.

e Predefined scores

Predefined scores refer to the scores of molecule nodes calcu-
lated directly based on predefined formulas or pre-trained models.
Common predefined scores include two categories: (1) quantified
molecular properties [116] and (2) the synthetic accessibility (SA) of
molecules [29].

Predefined scores based on molecular properties are calculated
directly from existing molecular property data (such as compound
cost, toxicity, etc.). Considering that the cost of a molecule is the
easiest to obtain, it is frequently employed directly to score nodes,
subsequently informing the prioritization of the nodes.

SA quantifies the difficulty of synthesizing a particular molecule.
Ertl et al. [62] first proposed a representative SAscore ranged from 1
to 10, by analyzing the frequency of molecular structure fragments
in the PubChem database. SAscore considers that the difficulty of
synthesizing a molecule is determined by the groups it contains,
and it statistically analyzes the frequency of molecular sub-
structures. The higher the SAscore, the more difficult the molecule
is to synthesize. Based on the similar idea, Vorsildk et al. [117]
proposed the synthetic Bayesian accessibility (SYBA) of molecules
by performing Bayesian analysis on the frequency of ECFP8 frag-
ments [60] of molecules. The SYBA score of a molecule is the sum of
the contributions of all its fragments, and the SYBA score of each
fragment represents the odds of its posterior probabilities of
belonging to the easy-to-synthesize and hard-to-synthesize cate-
gories. Compared with SAscore, SYBA used Nonpher [118] to
generate some molecules that are currently impossible to synthe-
size during training, which improved the generalization of the
model.

Coley et al. [29] believed that molecules requiring more steps to
reach are more difficult to synthesize, and they trained a neural
network to calculate the synthetic complexity score (SCScore),
based on real reactant-product pairs in Reaxys. They believe that
the synthetic pathway should start from the molecule with the
lowest synthetic complexity and gradually transform into the
target product with the highest synthetic complexity.

In order to consider the global environment of the molecule and
the interaction between different functional groups, Yu et al. [119]
proposed a molecular SA evaluation model, GASA, based on graph
attention mechanism. Utilizing GNNs, GASA automatically captures
important structural features related to molecular SA. Compared
with SAscore and SCScore, GASA can better distinguish structurally
similar molecules.

The aforementioned models can quickly provide the SA of
molecules, but since they are all trained on datasets of limited size,
they may encounter difficulties when facing new molecules. Based
on SMILES, SMALLER [12,115] is a simple and universal method for
calculating molecular synthetic accessibility. It directly uses the
length of the molecular SMILES to calculate the score. SMELLER =
> sunstrates SMILES_LEN;". n is a hyperparameter that represents the
preference for the size of the molecule. The preference of central
disconnections and the preference of multicomponent reactions
increases with increasing exponent n. SMALLER has the advantages
of simplicity and excellent generalization.

Sometimes, scientists have preferences for the substances in a
pathway, such as a tendency to avoid toxic compounds. By penal-
izing toxic compounds [120] with predefined scores (for example, a
large negative value), we can effectively bias the pathway toward
our preferences (i.e., avoiding toxic intermediates) in subsequent

search processes [116]. This flexibility allows to freely incorporate
knowledge into the ideal choice of pathway search through the
design of scores.

e Dynamic scores

Dynamic scores are combined with the search process, and are
based on both the evaluation of the molecule node (such as pre-
defined scores) and the current state of the graph. Based on the
source of dynamism involved in the score, dynamic scores can also
be divided into two categories: (1) depend on the visit counts
[84,116,121] and (2) depend on the “distance” of a node from the
starting node (target product) [115,122].

The general calculation formulas for the 2 categories of dynamic
scores on a molecule node m; are shown in Egs. (1) and (2),
respectively.

N famy) o VIn(N) 1
Score(mi) = gingmyy ™) X Gngmy) W
Score(m;) = f(m;) + h(m;) (2)

Dynamic scores that depend on visit counts are the sum of two
components. f(m;) represents the static estimation score of the
node, such as the predicted cost or SA. n(m;) is the visit count for
node m;, sometimes it is used as the denominator of the first term,
that is, g[n(m;)] = n(m;) or g[n(m;)] = 1. The second component is
dynamic, where N is the total visit count for the current state of the
graph. Notably, the coefficient C(m;) could be a constant or a value
related to the current node, such as the likelihood of the associated
reaction [84]. Since the initial visit count for each node is 0, directly
using it in the scoring could result in all unvisited leaf nodes being
indistinguishable. Therefore, a function G is sometimes used to
ensure the denominator of the dynamic term is not zero, for
example, G[n(m;)] = n(m;) + 1. This type of dynamic score is highly
flexible, allowing for the embedded functions or hyperparameters
to be changed at any time to accommodate various retrosynthesis
planning tasks.

Dynamic scores that depend on “distance” are also the sum of
two terms, but their form is simpler. The first term f(m;) represents
the estimated cost of the node, typically calculated using a pre-
trained model. The second term h(m;) is the “distance” from the
current node to the root node, which, for retrosynthesis planning
tasks, is the sum of the costs of all reactions from the target product
to the current node [122]. The cost of a reaction can be calculated
based on the scores of its reactants and product. Since the scores
involves calculations for both nodes and reactions, this type of
dynamic score is generally applied only to AND-OR trees.

Dynamic scores, by considering the state of the current pathway
graph, allow for a more reasonable evaluation of nodes. Specifically,
in addition to utilizing a heuristic function unrelated to the search
process as the static term, one may also refine a value network
which is more apt to delineate the search space corresponding to
the current target product by introducing a reinforcement learning
strategy [121,123]. Theoretically, by iteratively alternating between
planning and updating, the value network can be incrementally
optimized, thereby steering the algorithm towards a more favor-
able trajectory.

4.2.3. Search algorithms and representative methods

During the process of pathway extension, due to the “combi-
natorial explosion” problem, the time complexity of expanding all
nodes is unacceptable [115]. On one hand, scientists hope to pri-
oritize the expansion and exploration of the currently most
promising nodes (search direction), and on the other hand, they
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also wish to consider to some currently suboptimal but unexplored
nodes, because these seemingly “disadvantaged” nodes could
potentially lead to globally optimal synthetic pathways.

To obtain synthetic pathways with foresight, a series of
advanced heuristic search algorithms have been applied to multi-
step pathway planning [122,124]. The search algorithms encom-
pass two key processes: (1) determining the nodes in the current
graph that will be expanded, and (2) updating the scores of nodes in
the graph after each expansion. In fact, search algorithms act like a
framework, while the aforementioned pathway structures and
calculation methods of the score are flexible components within
this framework. The same search algorithm can be paired with
different pathway structures and scoring calculation methods. In
this section, we will introduce three typical search algorithms, and
present representative multi-step pathway planning models.

e Monte Carlo Tree Search

Monte Carlo Tree Search (MCTS) [125] is a search algorithm that
iteratively learns the value of child nodes to find the optimal de-
cision and guide the extension towards a specific search direction.
MCTS is well-suited for tasks like synthetic pathway planning,
which have a huge search space, as it can find the currently rela-
tively optimal single-step pathway extension choices with less
computational cost. Each iteration of MCTS includes four steps:
selection, expansion, rollout (fast reasoning), and backpropagation.
In multi-step pathway planning, the most important is the rollout
step, which quickly obtains a synthetic pathway under the current
leaf node through a certain sampling method. This rollout strategy
can effectively improve the computational efficiency of MCTS
iterations.

MCTS can be applied to both simple directed tree or AND-OR
tree, but generally uses dynamic scores that rely on visit counts,
thereby balancing exploration and exploitation. Segler et al. [84]
combined three neural networks with MCTS to form 3N-MCTS.
Based on the original MCTS, the three neural networks are used for
template-based single-step pathway extension, the score calcula-
tion and selection of the nodes, and sampling in the rollout,
respectively. The introduction of neural networks improves the
speed and quality of the model.

e Proof-Number Search

Proof-Number Search (PNS) [126] is a search algorithm that can
only be applied to AND-OR trees. During the search process, it
maintains the proof number and disproof number for each node in
the tree. The proof number and disproof number of a new leaf node
is both set to 1, or estimated using a heuristic function. For retro-
synthesis planning, the proof number represents the number of
expansion steps required to prove that a node can be synthesized,
while the disproof number represents the number of expansion
steps indicating that a node cannot be synthesized. The goal of PNS
is to determine whether a node can be proven (whether it can be
synthesized) with the fewest number of expansions, that is, how to
quickly ascertain the true state of a node.

Although PNS can be directly applied to retrosynthesis planning,
there is a significant imbalance in the search space when using PNS
and an AND-OR tree. A molecule may be synthesized through
multiple candidate reactions, but most reactions only involve one
or two reactants. This means that the branching factor (i.e., the
number of children each node can produce) of OR nodes is usually
much greater than that of AND nodes [25,127]. To address this issue,
Kishimoto et al. [127] proposed a depth-first proof-number search
algorithm (DFPN-E), which uses a heuristic method to initialize the
estimation of the cost of edges from OR nodes to AND nodes.

Compared with MCTS and traditional PNS, DFPN-E can provide
almost the same number of pathway solutions while significantly
reducing the number of node expansions, thereby increasing the
efficiency of the search.

e A* Search

A* search [128] is a search algorithm that is commonly paired
with AND-OR trees, using a heuristic dynamic score based on
“distance” to measure the synthetic cost of each node. Similar to
PNS, A* search also includes three steps: selection, expansion, and
backup. After expansion, the score of each node between the new
leaf node and the root node is updated bottom-up. The score of
each AND node is calculated as the sum of the scores of all its child
OR nodes. Conversely, the score of each OR node is determined by
taking the maximum score of its child AND nodes. Since the heu-
ristic function estimates the expected cost of nodes after expansion,
the node score estimation in A* search is much faster than the
rollout step in MCTS. Considering that the score includes the
informed cost (edge cost function) related to the root node, A*
search is expected to efficiently find better synthetic pathways.

Retro* proposed by Chen et al. [122] combines A* search with
AND-OR trees, using a heuristic pre-trained model to calculate the
expected cost of nodes, guiding the search towards more likely
directions. To further improve the efficiency of node score calcu-
lation, Chematica [115,129] uses two predefined formulas, chem-
icals’ scoring function (CSF) and reaction scoring function (RSF), to
directly calculate the expected cost and informed cost of nodes
[130], respectively, based on their sum (CSF + RSF) to perform node
selection.

The three search algorithms mentioned are essentially best-first
searches, which may tend toward depth-first or breadth-first, so
scientists sometimes artificially balance the two. One typical
method is the beam search strategy, which expands the best k
nodes at the same time and updates the scores of nodes in the
graph based on the results of the expansion [115]. This strategy
brings a forced breadth balance to the search. Another method is to
alternate the use of score functions with different tendencies. For
example, Chematica [115] uses scoring functions with n values of
1.5 and 3 in SMALLER. During expansion, it alternates between two
queues to select nodes for expansion, ensuring a balance between
the breadth and depth of the search.

Although existing multi-step pathway planning algorithms can
provide some meaningful pathway results, they often fail in com-
plex scenarios and tend to overlook reagents and chemical reaction
conditions during the search process [122]. The ultimate goal of
multi-step pathway planning is to hope that the model can function
like human scientists by: (1) having the ability to plan with fore-
sight (discarding the node that currently seems the best), exploring
the most promising options in depth while also broadly exploring
many different synthetic options; (2) exchanging and learning from
the experience of different search strategies [115].

4.2.4. Evaluation for multi-step pathway planning

For multi-step pathway planning, scientists are concerned with
their efficiency of generating multi-step synthetic pathways, as
well as the quality of these pathways. Therefore, pathway evalua-
tion utilizes a series of model-centric and pathway-centric metrics
to evaluate multi-step pathway planning models and multi-step
pathways, respectively. Given the unclear definition of a ‘good
synthetic pathway’ and the limited research focus on multi-step
pathway planning, there is currently no widely accepted metric
for evaluating multi-step pathways. In this section, we will intro-
duce several metrics that can be used to evaluate intuitively. The
first three metrics are oriented towards evaluating a multi-step
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model, while the last is designed to evaluate a multi-step synthetic
pathway. The efficacy of multi-step pathway planning approaches
depends not only on search algorithms and scoring functions, but
also on single-step methods employed.

e Search efficiency

Due to the vast chemical search space, the efficiency of multi-
step pathway planning models is crucial. The search efficiency
can be measured in two ways [127,131]: (1) the number of times a
single-step pathway extension model is called within the same
time limit, i.e., the number of extensions in the search; (2) the total
search time when calling the single-step pathway extension model
the same number of times. As we previously emphasized, multi-
step models and single-step models can be freely combined,
meaning that we should choose the same single-step model (e.g.,
Neuralsym [28]) for different multi-step models to accurately
compare their search efficiency [25].

e Success rate

Success rate [122,124] refers to the percentage of target mole-
cules for which a synthetic pathway starting from building block
molecules can be found by the multi-step pathway planning model
within a limited time or number of expansions. Success rate pro-
vides an intuitive comparison of the ability of multi-step models to
discover pathways. Without considering the quality and diversity,
scientists hope that multi-step models should at least provide one
pathway for each target molecule.

e Top-n accuracy

Similar to Top-k accuracy for single-step models, Top-n accuracy
[131] is a metric to show how well a search model is in recovering the
reference pathways. Compared to Top-k, multi-step models generally
take a larger value for n in Top-n. This arises from the existing evalu-
ation of multi-step pathways being somewhat indiscriminate, mean-
ing that the top few pathways provided may not prove be of significant
utility. For the top n optimal pathways by the multi-step model, a tree
editdistance (TED) [132] method or deep learning models [133] can be
used to quickly determine if they contain the reference pathway. In
order to better evaluate different multi-step models, one should select
the same set of target compounds and corresponding reference
pathways for each target compound. Genheden et al. [131] extracted
two sets of 10000 pathways with maximum diversity (maximum
inter-pathway distance) through sampling from reaction subnetworks
in the USPTO patents and calculated the Top-n accuracy of different
multi-step models on these two datasets.

e Pathway diversity

Pathway diversity [131] refers to the variety of different syn-
thetic pathways identified by a multi-step model for synthesizing a
target molecule. It is worth mentioning that because different
search algorithms may find varying numbers and types of pathways
for the same target, pathway diversity typically needs to be used in
conjunction with other metrics to evaluate multi-step pathway
planning models. Genheden et al. [131] proposed the PaRoutes
framework, which utilizes the optimal number of clusters of
pathways with the Silhouette method [134] to calculate pathway
diversity. The diversity of the pathways found by a multi-step
model indeed suggests a greater number of choices and opportu-
nities for optimization, which can be particularly useful when
facing practical constraints such as reagent availability, cost, or the
need for specific reaction conditions.

In addition to the aforementioned metrics, scientists also use
some other metrics (pathway length [122,124], average chemical
complexity [107,135,136]) to evaluate synthetic pathways. Although
the double-blind validation by Segler et al. [84] and the experi-
mental validation by Klucznik et al. [129], which introduce human
judgment, are very intuitive and practical, they are too time-
consuming and costly to be extended to large-scale data.

In fact, to date, there is still no consensus on how to combine the
metrics and what a good multi-step pathway planning model
should look like. Some researchers believe that search speed is not
as important as quality. Some researchers may believe that the
algorithm should not find as many as possible pathways, as many
pathways may not be reliable. As a pioneering, PaRoutes provides
researchers with an open and fair framework for evaluating multi-
step pathway planning models, including a set of reference path-
ways and a trained single-step pathway extension model.

5. Tools and Platforms

Compared to manual operations, computers possess powerful
computational capabilities and can work continuously. Utilizing
computers to automate the prediction of synthetic pathways can
greatly facilitate the work of chemists. Although most data-driven
models established by researchers using ML are targeted at spe-
cific problems, there are already some mature, readily useable
retrosynthesis planning platforms that can address both single-
step pathway extension and multi-step pathway planning,
thereby achieving the generation of complete pathways. Table 2
organizes some tools/platforms related to retrosynthesis plan-
ning. These tools/platforms come in both open-source and com-
mercial varieties, with commercial platforms generally able to offer
better pathway recommendations with higher feasibility. Two
major factors contribute to this difference. Firstly, open-source
platforms primarily rely on reaction data from patents (such as
USPTO datasets), whereas commercial platforms utilize reaction
data from both literature and patents. Furthermore, these reaction
data used by commercial platforms are typically subjected to
meticulous manual refinement, resulting in better quantity and
quality. Secondly, reaction data utilized by commercial platforms
can contain additional information such as reaction conditions. This
implies that commercial platforms are better equipped to evaluate
the theoretical feasibility of pathways. Inevitably, although current
platforms can perform the fundamental function of providing
pathways, neither open-source nor commercial tools provides
sufficiently precise and interpretable pathway evaluation and
ranking. Consequently, they have difficulty in ensuring the practical
feasibility of the outputted pathways.

6. Large Language Model in Retrosynthesis Planning

With the advancement of Al and the emergence of large models,
ML models have gained the ability to process information in more
complex modal. Large language models (LLMs), as the most typical
and widely used category of large models, are capable of processing
and analyzing vast amounts of data and have the ability to directly
handle tasks for which they have not been explicitly trained [143].
LLMs can integrate knowledge from different domains and provide
explanations in natural language, which, once encoded, can be
applied to more specific domains, such as retrosynthesis planning.
Although current LLMs are more general-purpose, and are less
focused on performance in specific scientific domains, scientists
have also begun to use some LLMs in retrosynthesis planning for
tasks such as data preparation and preprocessing, as well as single-
step pathway extension.
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Typical tools/platforms related to retrosynthesis planning.

Name Developer Data sources Approaches Availability ~ Characteristics

Pathway planning tools/platforms

Chematica/SYNTHIA™ Merck UnKnown Template-based + A* Commercial  Provide synthetic pathway planning

[24,115] and experimental validation for natural products.

ASKCOS [110] MIT USPTO, Pistachio Template-based + MCTS Free with Provide various services related

registration  to synthetic pathway.
RXN/RoboRXN for IBM USPTO, Pistachio Template-free + tree search Free with Integrate ML, process automation,
chemistry [111] registration  and cloud computing.
Reaxys Predictive Elsevier Reaxys, ZINC Template-based + MCTS Commercial  Directly utilize the continuously
Retrosynthesis [84] updated, high-quality experimental
reaction data in Reaxys.

SciFinder” (Chemplanner) CAS Scifinder Template-based + MCTS Commercial  Utilize the CAS dataset for synthetic
pathway planning.

Retro* Le Song USPTO, eMolecules Template-based + A* Free Propose a novel learning-based retrosynthesis
planning algorithm to learn from previous
planning experience and construct
synthesis pathways.

RetroSynX [137] Lei Zhang Available literature in Template-based Free Establish group contribution-based thermodynamic
March’s advanced + breadth-first search models to ensure the thermodynamic feasibility of
organic chemistry proposed pathways.

RetroPath [116,138] Jean-Loup Rhea, MetaNetX Template-based + MCTS Free Provide a full-service workflow for

Faulon biosynthetic pathway planning.
XTMS [120] Jean-Loup MetaCyc, KEGG Template-free Free Focus on bio-retrosynthesis planning, with the
Faulon consideration pathway theoretical yield, node

toxicity, and enzyme efficiency.

ATLAS [139] EPFL KEGG Template-based Free with Focus on bio-retrosynthesis planning, with over

registration 130000 virtual reactions which were generated
using reaction templates.

Transform-Miner [140] EMBL-EBI KEGG Template-based Free for Only use enzyme-catalyzed reactions to compose

academics the synthetic pathway.

AiZynthFinder [141,142]  AstraZeneca USPTO Template-based Free Integrate various single-step and multi-step

+ template-free + MCTS planning models for retrosynthesis planning,
while supporting extension.

Visualization tools

Networkx Networkx / / Open-source Implement the drawing of various types

group of network diagrams.

Code bases and toolkits
RDKit

Indigo

Greg Landrum
etal

EPAM

/

Unique algorithms
developed by EPAM
+ standard algorithms

Open-source

Open-source

A widely used open-source toolkit for
chemoinformatics with functions include
molecular descriptor generation and molecular
operations. It is continuously updated

and maintained by the community.

A universal molecular toolkit [80] that can be
used for molecular tasks including molecular
fingerprinting, substructure search, AAM, and

molecular visualization.

Before large models like ChatGPT received adequate attention,
scientists had already started to use deep learning models to
quickly, automatically, and accurately extract relevant information
about chemical reactions from the literature. They utilized data-
driven models to identify details provided in reaction informa-
tion, such as reactants, solvents, reaction types, catalysts, and re-
action temperatures [144]. However, these models faced challenges
due to the unstructured format and diverse writing styles of
chemical literature, as well as the scarcity of annotated reactions.
With the introduction of LLMs, scientists have decomposed the task
of reaction extraction and identification into multiple sub-tasks,
with each task being handled by a different LLM, and allowing for
information exchange between these models. Under this frame-
work, Al can build a comprehensive, standardized format chemical
reaction database through automated data collection, organization,
and annotation, facilitating data preparation and preprocessing for
retrosynthesis planning. Of course, prompt engineering can also be
introduced to enhance the performance of LLMs within the
framework.

LLMs primarily focus on the textual aspect of reaction infor-
mation processing and extraction, considering less the chemical
behavior corresponding to the reactions. For single-step pathway

extension in retrosynthesis planning, Liu et al. [145] recently pro-
posed T-Rex, a text-assisted approach that incorporates chemical
information provided by a LLM (ChatGPT) as part of the model input
to assist in the prediction of reactants. T-Rex is semi-template-
based, with the LLM being used in both P2S and S2R processes. In
P2S, T-Rex integrates textual information from the LLM with
graphical information from the molecular graph as input to a GNN,
jointly identifying potential reaction centers. In S2R, T-Rex uses
replies from the LLM to rank potential reaction centers and ach-
ieves synthon completion based on GNNs, thus reaches reaction
prediction. Although T-Rex has not achieved Top-k accuracy close to
state-of-the-art single-step models, this method of integrating
textual embeddings from LLMs into the input of GNNs provides
insights into the deep integration of large models with retrosyn-
thesis planning.

The integration of retrosynthesis planning and large models is
in its nascent stage. Considering the impressive capabilities and
the challenge of relatively low operational efficiency associated
with large models, we believe that in the future, large models
could act as coordinators. They would be capable of grasping the
overall extension strategy of the synthetic pathway, and orches-
trating the models responsible for each module, thereby
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achieving
molecules.

superior performance in synthesis of complex

7. Challenges and Opportunities

Retrosynthesis planning has become one of the most important
tasks for the design and synthesis of functional molecules. With the
rapid development of Al technology in recent years, the cross-
integration of ML techniques and big data algorithms has brought
new changes and opportunities to retrosynthesis planning. ML-
assisted retrosynthesis planning dedicates to using computer
learning of chemical knowledge to automate and efficiently assist
chemists in designing more rational and effective synthetic path-
ways. Despite the significant progress made in the scale of reaction
data that can be processed, the efficiency, quantity, and quality of
pathways generated by ML-assisted retrosynthesis planning, there
are still many challenges to be addressed.

7.1. The scale and quality of reaction data

Reaction data in data preparation module, as the fundamental
part of the entire framework, is the basis of retrosynthesis planning
and directly determines the quality of the candidate pathways
output by retrosynthesis planning models [109].

Undoubtedly, the public datasets currently used in retrosyn-
thesis planning research are far from sufficient for planning syn-
thetic pathways for compounds across the entire chemical space.
The most widely used USPTO series datasets contain only millions
of reactions, while molecular databases contain over a billion an-
notated molecules. Although commercial datasets include more
scale of carefully annotated reaction data, their requirement for
subscription or purchase limits their widespread use in scientific
research. In addition to insufficient quantity, the reaction datasets
represented by USPTO also suffer from some quality issues,
including insufficient diversity, lack of negative reaction data, un-
recorded reaction conditions, and risks of data leakage. Ucak et al.
[146] analyzed the atomic environments (AEs) covered by different
datasets and found that the USPTO datasets encompass less than 3%
of AE types found in the chemical space. This suggests that relying
only on the USPTO datasets could hinder the training of a general
retrosynthesis planning model, as many reaction space trans-
formations are not represented in these datasets. Additionally,
since failed reactions are almost never reported in literature or
patents, the datasets rarely record reactions that could serve as
negatives, which is not conducive to accurate assessment of reac-
tion feasibility [119,147]. Finally, an interesting contradiction is that
having AAM is generally considered an advantage of USPTO-50K,
yet Wang et al. [148] found that USPTO-50K has risks of data
leakage because the reaction centers tend to have a lower AAM
number, leading to potential “cheating” by single-step pathway
extension models, especially those that are semi-template-based.
These deficiencies imply that future retrosynthesis planning
needs to collect more reaction data with better diversity and ensure
data availability, which requires a concerted effort by researchers in
the community.

7.2. The development of evaluation system

Compared to the progress made by ML-assisted retrosynthesis
planningin replicating references within datasets, there is still less
attention paid to the evaluation system for retrosynthesis planning.
In our view, a comprehensive, automated evaluation system is
equally important for retrosynthesis planning, and there is
currently a lack of a reasonable, universal, and practical
application-oriented evaluation system. It should be emphasized

that an automated evaluation system can quickly provide us with
rankings of pathways and reactions, but the final confirmation of
feasibility still depends on experiments in actual laboratories.

A well-developed evaluation system includes two parts: (1) the
selection of reasonable and comprehensive evaluation metrics, and
(2) the sensible integration of these evaluation metrics. Those
currently widely-used model-centric metrics are not sufficient to
fully assess the feasibility of the reactions and pathways output by
models. Pathway length, reaction cost [149,150] (not just the simple
sum of reactant costs, but also considering the influence of various
factors such as reaction kinetics and conditions), compatibility of
reactions within the pathway, yield, product distribution, novelty
and other metrics [149,151] based on the attributes of the pathway
itself should all be considered in pathway evaluation. After deter-
mining metrics for evaluation, it is necessary to integrate these
evaluation metrics sensibly, including the identification and
handling of correlations between different metrics (some metrics
may be highly correlated), quantitative processing (converting
qualitative metrics into quantitative values), and normalization
(fixing all indicators within the same range), as well as the calcu-
lation of weights and weighted summation for different metrics.
Hyperparameters in some evaluation metrics [115,151], as well as
the calculation of weights in the integration of metrics, bring
flexibility to the evaluation system, allowing us to manually
introduce different preferences for reactions or pathways.

Another interesting discussion is about the fairness of the
evaluation for single-step models. In fact, although all works have
chosen the same data set division ratio (i.e., training/validation/test
set as 80%/10%/10%), the division for most models is random. This
means that comparisons between different models might not be
simply achieved by the reported Top-k accuracy, and using a
consistent experimental environment to evaluate all models is
more repeatable and unbiased [25]. At the same time, due to the
potential scaffold evaluation bias [152], we should avoid having
molecules that are highly similar in both the test set and the
training set. Some researchers have already noticed challenges
brought by dataset division and data leakage. Zhong et al. [25]
evaluated some models under the same dataset division and
hardware environment, fairly comparing the performance of these
typical models. To avoid data leakage, Wang et al. [148] used the
Tanimoto similarity splitting method and shuffled the mapping
numbers.

Of course, a more practical idea is to hope that ML-assisted
retrosynthesis planning tools can think and judge like humans,
but a fixed, well-developed evaluation system might weaken the
foresight planning ability that retrosynthesis planning models
possess. Future work should, on one hand, involve the collective
efforts of all researchers to establish and maintain a well-developed
evaluation system, with the PaRoutes framework being a pioneer in
this aspect. On the other hand, there should be attempts to endow
machines with a certain level of “intelligence”, perhaps the intro-
duction of large models would be very intriguing.

7.3. The interpretability of models

Interpretability is a key dimension in evaluating ML models,
explaining how models make reaction predictions and pathway
planning, and is the basis for chemists to understand the synthetic
pathways output by the model, helping to inspire chemists.
Currently, almost all ML-assisted retrosynthesis planning research
aims to replicate real synthetic pathways and lacks focus on model
interpretability. Because the templates used are extracted from real
reactions, template-based single-step models are generally
considered to have a certain degree of interpretability. In addition
to the interpretability problems posed by the complexity of the
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model itself, the lack of interpretability in retrosynthesis planning
models mainly stems from three aspects: (1) the inability to predict
reaction conditions (catalysts, solvents, reaction temperature, etc.)
while providing reaction predictions [1,84,148]; (2) the provision of
unbalanced, incorrect, or incomplete reactions due to unbalanced
reaction training data; (3) the lack of a reasonable and effective
mature evaluation system [1,119,153]. The first two aspects are
interrelated, as different reaction corrections or completions
generally determine different reaction conditions. For complete
reactions, scientists have already made some attempts to predict
reaction conditions [154]. Regarding the third aspect, beyond SA of
molecules, scientists are actively exploring the use of quantum
chemistry and transition state theory, augmented by ML models, to
predict the activation energy of reactions [65,155,156]. Decision-
making is informed by reaction kinetics models, which not only
enhance the kinetic performance of the pathways but also provide
interpretability [157]. Recently, Wang et al. [ 148] proposed a single-
step pathway planning model for molecular assembly guided by
energy scores. The presence of energy scores provides interpret-
ability to the single-step pathway planning decisions.

Improving the interpretability of retrosynthesis planning
models remains a pressing issue. Employing clearer molecular
representations, more transparent model architectures, and more
comprehensive pathway evaluations are potential viable directions.

7.4. The computational complexity of models

Computational complexity, which includes both time com-
plexity and space complexity, is generally related to the design and
architecture of ML models and is an unavoidable issue for ML
models beyond performance. Currently, ML-assisted retrosynthesis
planning may encounter computational difficulties in certain situ-
ations, such as traversing data in large search spaces, running
templates based on subgraph matching in single-step pathway
extension, and iteration in multi-step pathway planning. It is worth
mentioning that compared to the performance of the model, the
speed (time complexity) advantage of the model may not be as
important, because even if the model takes some time to output
results, its efficiency is higher than manual pathway design. This
may also be the reason why most models do not focus on and report
computational efficiency. At the same time, although deep learning
algorithms can better learn reaction behavior than simple ML al-
gorithms, they have already encountered space complexity issues
(insufficient memory) on large-scale reaction datasets [25]. The
immense scale of the chemical search space brings great potential
for development to retrosynthesis planning, but it also means that
careful study of data-driven models is still needed to avoid exces-
sive computational complexity.

7.5. Practical verification of pathway feasibility

Undoubtedly, with the development of ML, ML-assisted retro-
synthesis planning has made significant progress in the past few
years. However, current research focuses on only the first three
modules of the framework, pursuing how to use data-driven
models to efficiently output intuitively better synthetic pathways,
while neglecting the experimental verification of these pathways.
The number of novel pathways proposed entirely by ML and suc-
cessfully synthesized in the laboratory remains limited, failing to
meet the demands of chemists. Although the experimental verifi-
cation of pathways is a costly and time-consuming process, it is
indispensable for retrosynthesis planning. In the future, it is
necessary to establish high-throughput automatic evaluation de-
vices to verify the feasibility of pathways. The results of the
experimental verification of pathways will also be used for model

correction, thereby achieving continuous iteration and optimiza-
tion of the entire ML-assisted retrosynthesis planning framework.
Ultimately, ML-assisted retrosynthesis planning tools aim to pro-
vide truly experimentally feasible new synthetic pathways for
target compounds, with advantages in cost, yield, and other as-
pects, thereby becoming useful assistants for chemists. Of course,
there is still a long way to go to achieve this goal. It requires the
close cooperation of chemists and computer scientists. The emer-
gence of automated experimental robots makes this goal no longer
completely out of reach [158—160].

8. Conclusions

ML has brought rapid development and numerous opportu-
nities to the field of retrosynthesis planning. In this review, we have
organized the framework from the perspective of the ML-assisted
retrosynthesis planning task, reviewed the current status of each
module in the framework, and analyzed the pros and cons of
different methods within each module. Furthermore, we address
current challenges in ML-assisted retrosynthesis planning and
propose potential research directions to enhance future efforts in
this field.

Currently, research in the field of ML-assisted retrosynthesis
planning is in an early stage of rapid development. We believe that
in the future, with the efforts, communication, and cooperation of
chemists, computer scientists, and all researchers, ML-assisted
retrosynthesis planning will achieve the goals of being commu-
nity-based, automated, and generalized. The framework of retro-
synthesis planning is a very flexible and modular structure, the
methods and ML models responsible for different modules can be
freely combined. We look forward to advancing the discovery of
superior pathways by focusing on improved coordination between
modules, thereby fulfilling the original goal envisioned by chemists
for retrosynthesis planning. Considering the tremendous potential
of large models, large models will integrate more closely with
retrosynthesis planning, just like current ML models, to promote
the intelligent evolution of retrosynthesis planning.
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