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GRAPHICAL ABSTRACT

PUBLIC SUMMARY
■   Retrosynthetic planning breaks complex molecules into simpler, purchasable starting materials.

■   Advances in AI, especially LLMs, are rapidly transforming retrosynthesis.

■   This review summarizes single-step tasks, including reactant, condition, and yield prediction.

■   It also outlines multi-step planning methods, along with the relevant datasets and platforms.

■   We highlight the growing role of LLMs in retrosynthesis and discuss key challenges and future directions.
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Retrosynthetic planning has long been recognized as a central challenge in
organic  synthesis,  and  in  recent  years  it  has  increasingly  become  a  key
domain for the integration of artificial intelligence (AI) methodologies. This
review provides a systematic overview of recent advances across retrosyn-
thesis planning, including models, datasets, evaluation metrics, and practical
platforms and tools that have shaped the field. Beyond the classical single-
step  retrosynthesis  prediction  (reactants  recommendation),  the  work
particularly  emphasizes  on  two  emerging  aspects:  (i)  the  prediction  of
reaction  conditions  and  yields,  which  is  critical  for  bridging  theoretical
retrosynthesis with experimental feasibility, and (ii) the application of large
language  models  (LLMs)  to  retrosynthetic  prediction,  a  rapidly  growing
direction  which  emphasizes  interactive  problem  solving  and  the  breaking
down of  disciplinary  boundaries.  Moreover,  the  survey  highlights  both  the
current achievements and the persistent challenges of intelligent retrosyn-
thesis. Finally, it outlines future opportunities that may drive the next wave
of innovation in AI-assisted synthesis planning.

 INTRODUCTION
The prediction of reactants and the design of retrosynthetic routes consti-

tute a central challenge within the domain of chemical synthesis.1 Retrosyn-
thetic analysis aims to develop methods that,  given a target molecule,  iden-
tify  suitable  starting  materials  and  feasible  synthetic  pathways.2 Such
approaches provide chemists with systematic guidance in synthesis design,
making the construction of complex molecules more tractable. Traditionally,
experienced chemists relied on their knowledge of organic reactions to devise
synthetic routes. However, due to the vastness of the possible reaction space
and  the  incomplete  understanding  of  reaction  mechanisms,  retrosynthetic
planning remains an extremely challenging task.1 To solve these problem, as
early  as  1969,  Corey  and  Wipke  pioneered  the  use  of  computer-assisted
organic  synthesis  planning  with  the  OCSS  (Organic  Chemical  Simulation  of
Synthesis) system, introducing a new paradigm for retrosynthesis design.3 In
recent  years,  with  the  parallel  development  of  computer-assisted  synthesis
planning  (CASP)  and  artificial  intelligence  (AI)  technologies,  the  design  of
synthetic routes has been significantly accelerated.4

Interestingly, researchers have observed that  retrosynthesis shares struc-
tural  similarities  with  many  AI  tasks,  making  it  particularly  amenable  to  AI-
based  solutions.5 Retrosynthetic  analysis  can  be  broadly  divided  into  two
levels: single-step retrosynthesis and multi-step retrosynthesis.6

The  single-step  retrosynthesis  task  aims  to  design  a  synthetic  route  that
can produce  the  target  molecule  in  one  reaction,  whereas  multi-step meth-
ods recursively apply single-step predictions to trace back from the target to
purchasable starting materials.7 This task formulation has inspired analogies
with  natural  language  processing  (NLP)  and  graph  learning.8 For  instance,
drawing  on  the  analogy  to  language  translation,  Transformer  models  have
been  developed  to “translate” a  product  molecule’s  SMILES  string  into
SMILES  strings  of  potential  reactants.9 Similarly, molecules  can  be  repre-
sented as graphs (with atoms as nodes and bonds as edges), enabling graph
neural  networks  (GNNs)  to  predict  bond  disconnections  required  for
retrosynthesis.10 In  multi-step  retrosynthesis,  the  need  to  navigate  through
large solution spaces aligns naturally with search algorithms in AI. Represen-
tative  methods  include  the  A*  search-based  Retro*  algorithm  and  Monte

Carlo Tree Search (MCTS)-based strategies such as MEEA.11

The recent emergence of large language models (LLMs) has injected fresh
momentum  into  retrosynthetic  research.  Their  interactive  capabilities  allow
researchers  to  pose  retrosynthetic  queries  in  natural  language  and  receive
synthesis  suggestions  in  a  conversational  manner,  thereby  lowering  the
barrier for non-specialists. Moreover, LLMs learn extensive chemical seman-
tics and patterns during pretraining, enabling them to capture latent relation-
ships  between  molecular  structures  and  reaction  pathways  even  in  the
absence of explicit rules.12 This human-like reasoning ability allows LLMs to
generate diverse  synthesis  strategies  from  a  holistic  perspective  and  itera-
tively  refine  them  based  on  user  feedback.  Importantly,  LLMs  can  also  be
integrated  with  GNN-based models  and  search  algorithms,  offering  end-to-
end, interactive support for multi-step retrosynthesis. These advances under-
score their potential to function as “intelligent synthesis assistants.” Thus, the
introduction  of  LLMs  not  only  broadens  the  methodological  scope  of
retrosynthesis but also lays the foundation for its real-world application.8

It  is  worth  emphasizing  that  retrosynthetic  planning  involves  more  than
simply  identifying  potential  precursors.  A  viable  and  executable  synthetic
route must also account for reaction conditions and reaction yields (Figure 1).
Reaction conditions—including solvent, temperature, pressure, catalysts, and
additives—directly influence reaction feasibility and selectivity; in many cases,
even  minor  changes  in  conditions  can  result  in  entirely  different  products.13

Therefore, condition prediction is not merely supplementary information but a
decisive  factor  in  assessing  the  practicality  of  a  proposed  route.  Likewise,
reaction  yield  is  arguably  the  most  critical  quantitative  metric  in  synthetic
chemistry, determining both laboratory feasibility and industrial scalability.14 A
candidate pathway with prohibitively low expected yield, though theoretically
valid, is unlikely to be adopted in practice. For this reason, yield prediction is
an indispensable component of modern retrosynthetic analysis.

In this review, we define the single-step retrosynthesis module as an inte-
grated  system  comprising  three  tightly  coupled  components—reactant
recommendation  (the  traditional  single-step  retrosynthesis  task),  reaction
condition prediction,  and yield  estimation.  These modules collectively  deter-
mine  the  quality,  diversity,  and  reliability  of  each  synthetic  transformation,
thereby setting the upper limit for multi-step retrosynthetic planning. A multi-
step search algorithm, regardless of its sophistication (e.g.,  MCTS, A search,
or  reinforcement  learning),  can  only  be  as  effective  as  the  accuracy  and
generalization  capacity  of  its  underlying  single-step  predictors.15 Thus,  the
interplay  between  single-step  modules  and  multi-step  route  exploration  is
both  hierarchical  and  synergistic:  accurate  and  diverse  single-step predic-
tions  expand  the  search  space  with  chemically  meaningful  options,  while
multi-step  algorithms  provide  contextual  constraints  that  guide  single-step
refinements  through  iterative  feedback.16 Building  on  this  perspective,  the
present  review  not  only  provides  a  systematic  overview  of  single-step
retrosynthesis  and  multi-step  retrosynthesis  methods  but  also  highlights
recent  progress  in  condition  and  yield  prediction,  aiming  to  offer  a  more
comprehensive and pragmatic evaluation of retrosynthetic feasibility.

In summary,  retrosynthetic  planning  has  evolved  into  both  a  core  chal-
lenge in  organic  synthesis  and a  prominent  application  area  for  AI  method-
ologies. To systematically capture recent progress and emerging trends, this
review is organized as follows: Section 2 focuses on single-step retrosynthe-
sis module,  covering reactants recommendation (template-based, template-
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free, and semi-template methods), as well as advances in condition and yield
prediction,  with  reference  to  available  datasets  and  evaluation  metrics.
Section  3  discusses  multi-step  retrosynthesis,  including  commonly  used
search  algorithms,  the  development  of  multi-step  planning  frameworks,
associated datasets, and starting material library. Section 4 summarizes and
compares existing retrosynthesis platforms and tools, highlighting their value
in practice.  Section 5 examines the role of large language models (LLMs) in
retrosynthetic prediction, which has emerged as a research hotspot in recent
years. Section 6 discusses data cleaning and standardization, and Section 7
introduces  the  evaluation  metrics.  Finally,  Section  8  discusses  the  current
challenges and  future  prospects  of  intelligent  retrosynthesis,  offering  valu-
able insights into potential directions for future research.

 SINGLE-STEP RETROSYNTHESIS  MODULE  (REACTANTS  RECOMMEN-
DATION, REACTION CONDITIONS AND YIELDS PREDICTION)

The single-step retrosynthesis module aims to predict one-step reactions
for a given target molecule,  including reactants recommendation (traditional
single-step  retrosynthetic  prediction),  reaction  conditions  prediction,  and
expected  yields  prediction.  It  forms  the  foundational  layer  of  multi-step
retrosynthetic  planning.  A  critical  shortcoming  is  that  most  existing  single-
step  retrosynthesis  methods  primarily  focus  on  the  structural  mapping
between products and reactants, while overlooking the prediction of reaction
conditions  and  yields.17 This  omission  directly  constrains  the  feasibility  and
practical  value  of  proposed  synthetic  routes.  Accordingly,  in  addition  to
reviewing recent advances for reactants recommendation, this section places
particular emphasis on the current progress in condition prediction and yield
prediction.  More  specifically,  this  section  reviews  recent  methodological

advances,  the datasets employed,  and the evaluation metrics used for  each
task (Figure 2).

 Prediction method
 Reactants  recommendation  (Traditional  single-step  retrosynthetic

prediction). In  recent  years,  both  the  accumulation  of  chemical  synthesis
data  and  the  growth  of  deep  learning  methods  have  accelerated  the  rapid
development  of  computer-assisted synthesis  processes  (CASPs)  for  reac-
tants recommendation.17 Recent advances in this area can be broadly cate-
gorized  into  three  methodological  paradigms:  template-based  methods,
which  rely  on  historical  reaction  templates  for  matching  and  prediction;
template-free  methods,  which  use  sequence  models  or  graph  neural
networks  to  directly  generate  reactants;  and  semi-template  approaches,
which  mimic  the  chemists  by  decomposing  reactants  recommendation
processes  into  reaction-center  identification  and  leaving-group  recognition.
Each  of  these  strategies  offers  unique  advantages  in  terms  of  accuracy,
diversity, and interpretability.10 This section provides a summary based on the
three scenarios discussed above.

Template-based methods infer the single-step retrosynthesis process of a
newly  given  molecule  by  finding  appropriate  reaction  templates.18 These
techniques can be categorized into similarity-based, classification-based, and
embedding-based  approaches.  Similarity-based approaches  directly  lever-
age similarity metrics to match the target molecule to pre-collected reaction
templates.19 For  example,  Coley  et  al.20 utilized  the  Tanimoto  similarity  on
Morgan  molecular  fingerprints  to  search  for  suitable  retrosynthesis
templates.  Dai  et  al.21 proposed  a  conditional  graphical  model  constructed
upon  graph  learning  networks  (GLNs)  and  performed  subgraph  pattern
matching  to  acquire  candidate  templates.  Classification-based  approaches,
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Figure 1.  Schematic diagram of the retrosynthesis pipeline The upper panel depicts the overall retrosynthesis workflow, illustrating the interconnections among different tasks
in the pipeline. The four modules in the lower panel further detail the key tasks: (A) Reactants Recommendation, which takes a target molecule as input and outputs candidate
reactants. (B) Reaction Condition Prediction, which maps a specific reaction to suitable experimental conditions such as reagents, catalysts, solvents, or temperature. (C) Reac-
tion Yield Prediction, which estimates the product yield based on the reactants and predicted conditions; and (D) Multi-step Retrosynthesis Prediction, which recursively decom-
poses the target molecule into purchasable precursors,  thereby generating complete retrosynthetic routes. Together,  these tasks provide a systematic framework for efficient
and reliable retrosynthetic planning.
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which treat templates as class labels and target molecules as samples, train
multiclass  classifiers  to  determine  candidate  templates  for  a  given  target
molecule.  For  example,  Segler  et  al.22 trained  a  multiclass  deep  neural
network with extended-connectivity  fingerprints (ECFP4) to infer  appropriate
templates.  After  organizing  templates  into  reaction  type-specific  groups,
Baylon et al.23 trained a set of reaction type-specific deep highway networks
with  Morgan  fingerprints  to  match  the  correct  templates  in  each  template
group.  Embedding-based  approaches  map  both  target  molecules  and
templates into a common embedding space, where a good match is declared

if a template is near a target molecule. For instance, Chen et al.24 designed an
MPNN variant (LocalRetro) to encode templates and target molecules.  Seidl
et  al.25 proposed a  modern  Hopfield  network  (MHN)  to  measure  the  rele-
vance  between  templates  and  the  target  molecule  (initialized  by  ECFPs).
However,  template-based methods cannot predict the retrosynthesis results
of target molecules with novel synthesis patterns that are outside the synthe-
sis rules contained in the utilized template library. In addition, it is tedious to
update  template  libraries  when  new  synthesis  knowledge  is  discovered.26

Recent efforts have attempted to alleviate these limitations by generating or

 

Figure 2.  Schematic  illustration  of  the  research  content  in  the  single-step  retrosynthesis  module The  figure  highlights  three  core  tasks:  the  upper  panel  shows  Reactants
Recommendation, where a target molecule is decomposed into potential reactants; the middle panel illustrates Reaction Condition Prediction, mapping reactions to appropriate
experimental conditions; and the lower panel presents Reaction Yield Prediction, which estimates the success and efficiency of reactions. Each task is supported by correspond-
ing methods, datasets, and evaluation metrics.
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dynamically  expanding  templates.  For  instance,  Nguyen  et  al.27 introduced
TempRe,  which  formulates  template  generation  as  a  sequence  prediction
task,  enabling  the  automatic  expansion  of  template  libraries  and  extending
applicability  to  novel  reaction  patterns.  In  contrast,  both  template-free  and
semi template-based methods can predict single-step retrosynthesis results
without a prebuilt template library.

Template-free  methods  are  inspired  by  machine  translation  and  directly
convert  the  input  target  molecule  into  its  reactants  in  the  form  of  strings.28

The simplified molecular input line entry system (SMILES) is a string notation
strategy for representing molecules and reactions. It is a true chemical nota-
tion  language  with  a  simple  vocabulary,  including  atom  symbols,  bond
symbols,  branches,  cyclic  structures,  disconnected  structures,  and  no
space.29 Each  unit  in  the  SMILES  can  be  regarded  as  a  word  in  a  machine
translation model. This paradigm has boosted the development of template-
free methods. In earlier years, Liu et al. proposed an attention-enhanced long
short-term  memory  (LSTM)  model18 to  convert  the  target  molecule  into  its
reactants under a sequence-to-sequence encoder-decoder architecture.30 As
new  superstars  in  the  natural  language  processing  domain,  transformers31

have been directly applied to retrosynthesis prediction in recent years since a
SMILES  string  is  equivalent  to  a  chemical  notation  sentence.32,33 However,
these methods have led to new issues in which the generated reactants are
probably  invalid  in  terms  of  chemistry.  More  efforts  have  been  made  to
address this issue. Zheng et al.34 designed an extra syntax postchecker based
on  a  transformer  to  satisfy  the  chemical  validity  requirements  of  generated
reactants. Ucak et al.35 treated molecular substructures (capturing their local
atomic environments) as words in a transformer to guarantee the validity of
the generated reactants. Similarly, Fang et al.36 defined a vocabulary of atom-
localized  substructures  to  convert  a  SMILES  string  into  a  word  sequence
under  the  transformer  architecture.  However,  these  methods  using  SMILES
representations  cannot  effectively  capture  the  rich  information  hidden  in
molecular  chemical  structures  (e.g.,  atomic  properties,  bond  features,  and
adjacent  structure  matrices).37 The subsequently  developed  methods  inte-
grate structural information into transformer-based retrosynthesis prediction
frameworks.  Mao  et  al.38 proposed  a  graph  attention  network  (GAT)  to
encode  atoms  on  molecular  graphs,  enhancing  the  atom  embeddings  in
transformers. Lin et al.39 enhanced a self-attention module via node central-
ity and node positions encodings derived from bipartite molecular graphs. Tu
et  al.40 utilized  a  directed  message  passing  neural  network  (D-MPNN)  on  a
molecular graph to encode atoms and directly used the decoder of a trans-
former to  generate  reactants.  To  further  improve  both  validity  and  perfor-
mance,  Deng  et  al.41 proposed  RSGPT,  a  large-scale  generative  pretraining
framework that adapts transformer architectures with reinforcement learning
to retrosynthesis prediction, achieving substantial gains in Top-1 accuracy on
benchmark  datasets.  In  addition,  recent  works  have  started  to  integrate  3D
molecular  conformer  information  into  template-free  models,  demonstrating
improved handling of stereochemically sensitive molecules and complex ring
systems  (2025).  Furthermore,  graph–sequence  hybrid  architectures  have
been  developed  to  combine  the  structure-awareness  of  GNNs  with  the
sequence-generation capability  of  transformers,  leading to improved validity
and diversity of the generated reactants (2025).42 However, since the process
of  generating  SMILES  strings  in  template-free  approaches  sequentially
outputs  individual  symbols,  the  interpretability  of  the  resulting predictions is
limited.43

Semi  template-based methods  are  inspired  by  the  retrosynthesis  infer-
ence  process  employed  by  chemists,  performing  two-phase  retrosynthesis
prediction tasks,  including reaction centre  prediction and leaving group (LG)
prediction. The former subtask finds the reaction centre (i.e., a bond consist-
ing  of  two  reaction  sites)  where  the  molecule  of  interest  is  split  into  two
synthons  (i.e.,  incomplete  reactants).44 The latter  infers  appropriate  func-
tional groups (i.e., LGs) that attach to two synthons to form reactants. Analo-
gous  to  template-free  methods,  some  semi  template-based  methods  still
adopt translation models to perform two-phase retrosynthesis prediction. For
example,  Wang  et  al.45 formulated  the  reaction  centre  prediction  and  LG
prediction  tasks  as  two  sequence-to-sequence  problems  (i.e.,  target
molecules to synthons and synthons to reactants,  respectively),  which were
solved by two independent transformers respectively. To characterize the rich
information  possessed by  molecular  structures,  some methods treat  bonds

as samples and utilize graph neural  networks to achieve an improved reac-
tion  centre  identification  effect  via  bond  classification.  For  instance,  Shi  et
al.46 utilized  relational  graph  convolutional  networks  (R-GCNs)  to  recognize
reaction centres and converted completed synthons into reactants via a vari-
ational graph translation model.  Yan et al.47 applied a GAT variant to predict
reaction centres and a sequence-based transformer to convert synthons into
reactants. To obtain improved reaction centre predictions with richer chemi-
cal meanings,  graph  editing  operations  (e.g.,  node/edge  additions  and  dele-
tions) were leveraged in the follow-up methods. Somnath et al.48 constructed
MPNNs  to  encode  atoms/bonds  into  embedding  spaces,  where  predefined
graph  editing  operations  implemented  on  atoms/bonds  were  discriminated
to determine the reaction centre, and candidate LGs autoregressively picked
from a discrete LG vocabulary were subsequently utilized for determining the
corresponding  synthons.  Similarly,  Chen  et  al.49 designed  a  graph  message
passing  network  (GMPN)  to  predict  graph  editing  operations  on  product
molecular  graphs  to  obtain  synthons.  Furthermore,  they  found  appropriate
LGs  from  a  predefined  LG  list  in  an  autoregressive  manner.  Moreover,
considering  the  connection  between  reaction  centre  prediction  and  LG
prediction, some methods have integrated these tasks into a unified autore-
gressive reasoning process under graph editing operations.  For example,  by
adopting  the  encoder-decoder  architecture  in  a  transformer,31 Sacha  et  al.50

iteratively started multiple graph editing operations from the target molecule
until  a  STOP  operation  was  encountered  (i.e.,  until  its  reactants  were
reached).  Zhong  et  al.43 adopted  a  similar  architecture  but  employed  more
detailed graph editing operations. Building on this paradigm, Ye et al.51 intro-
duced  State2Edits,  an  end-to-end  semi-template  framework  that  directly
applies serialized graph-editing operations to transform target molecules into
reactants, thus simplifying the two-phase pipeline and improving both accu-
racy and interpretability. Additionally, Tadanki et al.52 conducted a systematic
error analysis of semi-template methods, highlighting common failure modes
and  proposing  evaluation  protocols  that  inform  model  refinement  in  graph-
editing based retrosynthesis. To jointly learn the correlation between reaction
center  recognition  and  leaving  group  recognition,  Zhao  et  al.10 achieved  the
association through a multi-task learning strategy.

In  summary,  the  study  of  reactants  recommendation  (traditional  single-
step  retrosynthesis  prediction)  has  become  a  highly  active  research  area,
bringing new momentum to the advancement of this field. Table 1 presents a
summary  of  the  performance  of  major  algorithms  on  the  USPTO-50K
dataset.

 Reaction  condition  prediction  methods. Reaction  condition  prediction
constitutes a crucial component of the single-step retrosynthesis module, yet
it  is  often  overlooked  by  researchers  in  the  field,  despite  being  an  essential
bridge  between  reactants  and  products.63 Over  the  past  years,  numerous
approaches have  been  developed  for  predicting  reaction  conditions,  includ-
ing machine learning-based13 and deep learning-based models.64

Early studies often relied on handcrafted features and shallow models. For
example,  Gao  et  al.63 developed  FPRCR,  a  multi-task classification  frame-
work  using  molecular  fingerprints  and  fully  connected  neural  networks  to
predict  catalysts,  solvents,  and  additives.  Afonina  et  al.65 employed  neural
networks to rank candidate condition sets, addressing the challenge posed by
the vast reaction condition space.

Subsequently,  Maser  et  al.66 introduced a multi-label classification frame-
work  based  on  graph  convolutional  neural  networks  (GCNNs),  modeling
condition prediction as a multi-label learning task over a fixed candidate pool.
Their  results  on the USPTO_500MT dataset  demonstrated the advantage of
GNNs  in  capturing  complex  relationships  between  reaction  structures  and
conditions. Wang et al.67 proposed the ReaCon model, which combines graph
neural  networks  with  reaction  templates,  achieving  a  top-3  accuracy  of
63.48%  on  a  cleaned  USPTO  dataset,  while  significantly  improving  both  the
diversity  and  practicality  of  candidate  conditions.  Kwon  et  al.68 adopted  a
graph-enhanced variational autoencoder (VAE)69 to generate multiple plausi-
ble condition combinations, addressing the inherent multiplicity of valid solu-
tions.  Schwaller  et  al.70 used  a  Transformer-based  generative  model  to
predict  both  products  and  conditions  simultaneously,  and  Walker  et  al.71

leveraged  clustering  strategies  based  on  historically  similar  reactions  to
recommend  solvents,  exemplifying  the  integration  of  diverse  information
sources. The latest progress includes large-scale pretraining approaches. For
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instance,  Wang  et  al.72 developed  the  Parrot  model  using  a  Transformer
architecture,  achieving  improvements  of  2.64%  and  13.44%  in  top-3 accu-
racy over Gao et al.’s method on the USPTO-Condition and Reaxys-TotalSyn-
Condition datasets, respectively.

Despite these advances, reaction condition prediction remains a challeng-
ing  task  due  to  the  intrinsic  heterogeneity  and  imbalance  of  available
datasets.63 Public  datasets  such  as  USPTO  (1976-Sep2016)73 and  Reaxys74

exhibit substantial bias toward well-optimized or high-yield reactions, leading
to  severe  underrepresentation  of  low-yield,  failed,  or  exploratory
experiments.75 This data skew limits the model’s ability to generalize to real-
world  laboratory  settings,  where  suboptimal  or  partial  conversions  are
common. Furthermore, reaction conditions in the literature are often recorded
inconsistently,  temperature,  time,  and  catalyst  loading  may  be  reported  in

different  units  or  omitted  entirely,17 making  it  difficult  to  establish  a  unified
definition or evaluation criterion. Such inconsistencies complicate supervised
learning and can introduce systematic noise during training.

In  addition,  the  combinatorial  nature  of  the  condition  space  (e.g.,
solvent–catalyst–base  combinations)  poses  significant  computational  and
modeling challenges.63 While multi-label and generative frameworks alleviate
this  to  some  extent,66 they often  struggle  with  capturing  conditional  depen-
dencies  between  reagents,  or  with  predicting  rare  condition  sets  unseen
during  training.75 Moreover,  most  current  benchmarks  focus  on  discrete
condition classification rather than continuous parameter optimization (such
as  temperature  or  concentration),76 which  further  constrains  the  predictive
realism of existing models. Addressing these challenges will require not only
more balanced  and  standardized  datasets  but  also  hybrid  modeling  frame-

 

Table 1.  Single-step retrosynthesis methods and performance.

Methods

Top-k Accuracy (%)

Reaction Type Unknown Reaction Type Known

1 3 5 1 3 5

Template-Based

MHN25 51.8 74.6 81.2 − − −

LocalRetro24 53.4 77.6 85.9 63.9 86.8 92.4

GLN21 52.5 69.0 75.6 64.2 79.1 85.2

NeuralSym22 44.4 65.3 72.4 55.3 76.0 81.4

RetroComposer19 54.5 77.2 83.2 65.9 85.8 89.5

RetroSim53 37.3 54.7 63.3 52.9 73.8 81.2

Template-Free

G2GT39 54.1 69.9 74.5 − − −

Graph2SMILES40 52.9 66.5 70.0 − − −

RetroTRAE35 58.3 − − − − −

Retroformer37 53.2 71.7 76.6 64.0 82.5 86.7

R-SMILES54 56.3 79.2 86.2 − − −

AutoSynRoute55 43.1 64.6 71.8 − − −

Tied Transformer56 47.1 67.1 73.1 − − −

DualTF57 53.6 70.7 74.6 65.7 81.9 84.7

MEGAN50 55.2 74.6 80.5 67.7 84.8 88.9

SCROP34 43.7 60.0 65.2 59.0 74.8 78.1

NAG2G58 55.1 76.9 83.4 67.2 86.4 90.5

RSGPT41 63.4 84.2 89.2 72.8 87.7 91.7

Seq2Seq18 37.4 52.4 57.0 − − −

Semi template-Based

EditRetro59 60.8 80.6 86.0 − − −

Retro-MTGR10 54.3 76.7 90.1 72.2 88.2 92.8

G2Retro49 53.9 74.6 80.7 63.1 84.2 88.5

Graph2Edits43 55.1 77.3 83.4 − − −

RetroPrime45 51.4 70.8 74.0 64.8 81.6 85.0

G2Gs46 48.9 67.6 72.5 61.0 81.3 86.0

GraphRetro Prediction48 53.7 68.3 72.2 63.9 81.5 85.2

RetroExplainer60 57.7 79.2 84.8 66.8 88.0 92.5

RetroCaptioner61 54.3 76.3 82.6 67.2 86.0 90.3

GTA62 51.1 67.6 74.8 − − −

GET38 44.9 58.5 62.4 57.4 71.3 74.8

RetroXpert47 50.4 61.1 62.3 62.1 75.8 78.5
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works  capable  of  incorporating  physical  chemistry  priors  and  experimental
feedback.

Collectively, these studies have expanded the methodological landscape of
reaction  condition  prediction,  progressing  from classification  and ranking  to
generative  and  pretraining  strategies,  providing  data-driven  solutions  and
standardized benchmarks for the rational selection of catalysts, solvents, and
additives. A summary of these methods is presented in Table 2.

 Reaction yield  prediction methods. Reaction yield prediction determines
whether  a  given  reaction  pathway  should  be  adopted,  and  thus  it  warrants
careful  consideration  in  the  retrosynthesis  domain.77 Over  the  past  decade,
yield  prediction  has  emerged  as  a  frontier  in  AI-assisted  organic  synthesis,
with researchers developing a diverse array of approaches, including descrip-
tor-based  classical  machine  learning  models  (e.g.,  random forest),78 as  well
as deep learning methods such as graph neural networks,70 sequence-based
Transformer  architectures,28 and  multi-view  pretraining  frameworks.79 For
example,  in  a  pioneering  2018  study,  Ahneman  et  al.78 combined  electronic
and molecular descriptors with a random forest model to predict the yields of
C–N  coupling  reactions  in  high-throughput experimentation  (HTE),  demon-
strating  the  potential  of  machine  learning  to  navigate  complex  reaction
condition spaces.

Following this, deep learning methods have seen wide adoption. Schwaller
et  al.28 introduced  the  Molecular  Transformer,  which  represents  chemical
reactions as a “chemical language” and achieves both product prediction and
yield  uncertainty  estimation  on  large-scale  patent  datasets,  establishing  a
foundation for applying sequence models to yield prediction. Simultaneously,
graph neural networks have shown particular strength in capturing structural
features  of  reactions.  For  instance,  Kwon  et  al.68 developed  an  uncertainty-
aware GNN framework,  which  reliably  predicts  reaction  yields  across  multi-
ple public datasets and provides chemists with confidence estimates.

With the growing availability of large and heterogeneous reaction datasets,
pretraining  strategies  have  also  been  applied  to  yield  prediction.  Shi  et  al.79

proposed  the  ReaMVP  framework,  which  employs  multi-view  pretraining  to
substantially  improve  the  model’s  generalization  performance  on “out-of-
domain” reactions.  Additionally,  recent  graph-Transformer  hybrid  models,
such as those developed by Sato et al.80 have further advanced performance
in low-data regimes while enhancing interpretability.

However, despite  these  advances,  several  key  challenges  persist  in  reac-
tion yield prediction. A primary limitation arises from the scarcity and imbal-
ance  of  yield  data:  public  datasets  such  as  USPTO  and  Reaxys  are  heavily

biased  toward  successful,  high-yield  reactions,  whereas  low-yield  or  failed
reactions are often underreported or missing altogether.77 This leads to distri-
butional  bias  during  model  training,  causing  overestimation  of  predicted
yields  and  hindering  the  model’s  ability  to  capture  reaction  failure  modes.
Moreover, in many datasets, yield annotations are derived from text-mined or
heterogeneous  experimental  sources,  resulting  in  inconsistent  definitions,
some  reports  reflect  isolated  yield,  others  conversion  yield,  and  in  certain
cases,  estimated yield  ranges rather  than precise  numerical  values.81 These
discrepancies introduce label noise and reduce reproducibility across bench-
mark studies.

Another  emerging  issue  concerns  data  domain  shift:  yield  data  collected
from high-throughput experimentation (HTE) are often quantitatively rich but
chemically narrow, whereas patent and literature data are chemically diverse
but noisy and incomplete.82 Integrating these sources for robust yield model-
ing thus requires advanced domain adaptation or transfer learning strategies.
Furthermore, the lack of standardized experimental condition metadata (e.g.,
concentration, pressure,  temperature  profiles)  complicates  the  disentangle-
ment of kinetic and thermodynamic influences on yield outcomes, limiting the
interpretability of even well-performing models.83

Collectively,  these  studies  indicate  that  reaction  yield  prediction  has
evolved  from  traditional  descriptor-based  methods  to  deep  learning  and
pretraining  frameworks,  forming  a  multi-tiered  landscape.  Moving  forward,
addressing data scarcity, bias correction, and standardized yield representa-
tion  will  be  pivotal  for  improving  the  robustness  and  fairness  of  predictive
models.  Progress  continues  to  be  made  in  model  reliability,  cross-domain
generalization, and practical applicability. A summary of these approaches is
provided in Table 3.

 Datasets
Datasets serve as the foundation for model development and operation, as

the  scale,  quality,  and  diversity  of  datasets  directly  determine  the  upper
bound of model performance and generalizability.86 High-quality datasets not
only enable fair benchmarking across different methods but also drive inno-
vation by uncovering new research directions.17 In this subsection, we provide
a systematic  summary  of  the  datasets  available  for  reactant  recommenda-
tion,  reaction  condition  prediction,  and  reaction  yield  prediction,  with  a
detailed overview presented in Table 4.

 Datasets for  reactants recommendation. Public benchmark datasets for
reactants recommendation are primarily derived from patent databases. The
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Table 2.  Summary of reaction condition prediction methods.

Methods Datasets
Exact Matches (%)

Top-1 Top-3 Top-10

Gao et al.63 Reaxys63 − 50.1 57.3

Wang et al.67 USPTO67 44.5 63.5 78.6

Wang et al.72
USPTO-Condition72 26.9 40.4 49.1

Reaxys-TotalSyn-Condition72 37.8 56.9 69.5

Afonina et al.65
Reaxys (Prospective test set)65 48.0 69.0 82.0

Reaxys (Retrospective test set)65 61.0 77.0 88.0

Maser et al.66

Suzuki66 77.0 91.3 −

C–N66 63.6 86.5 −

Negishi66 78.0 92.0 −

PKR66 82.0 93.5 −

Walker et al.71

Friedel–Crafts 71 79.0 92.8 −

Aldol addition71 78.0 92.8 −

Claisen condensation71 80.1 94.5 −

Diels–Alder71 79.9 98.0 −

Wittig71 68.8 93.9 −
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most used datasets are USPTO-50K (approximately 50,000 labeled reactions)
and large-scale datasets such as USPTO-MIT/USPTO-full (480 K/960 K) and
PaRoutes-1M (nearly one million reactions).28,53,87 These datasets are curated
from publicly  available patents,  covering a wide range of  reaction types and
providing standardized benchmarks for model evaluation.

In  addition,  larger  commercial  reaction  databases  are  available,  such  as
Elsevier’s Reaxys, which encompasses hundreds of thousands to millions of
chemical  reactions  extracted  from  patents  and  the  scientific  literature.74

Based on this, AstraZeneca integrated Reaxys, Pistachio, and internal experi-
mental  records  to  construct  the  AZ-18M  dataset,  containing  approximately
18.7 million cleaned reactions.88 Although these commercial datasets are not
publicly accessible, they offer broad reaction coverage and are often used to
augment training data or serve as internal benchmarks. With the rise of open
science,  emerging  open  reaction  databases  (ORDs)  have  begun  providing
limited publicly available reactions, which can supplement training.

Overall, USPTO datasets remain the primary public benchmarks for single-
step  retrosynthesis  due  to  their  accessibility  and  high  standardization,
whereas commercial databases provide support for scaling and diversity.

 Datasets for reaction condition prediction. In recent years, several public
datasets  have  been  developed  specifically  for  reaction  condition  prediction,
covering  catalysts,  solvents,  additives,  and  other  parameters.  For  example,
Wang  et  al.  curated  two  large  condition  datasets  from  USPTO  patents  and
the  Reaxys  database:  USPTO-Condition  (approximately  680,741  reactions,
without  temperature  information)  and  Reaxys-TotalSyn-Condition  (approxi-
mately  180,129  reactions,  including  temperature).72 Each  reaction  in  these
datasets  is  annotated  with  multiple  conditions,  including  catalyst,  solvent,
additive, etc., with cases where a condition is not required treated as a “Null”
class.72 Due  to  its  large  size  and  public  availability,  USPTO-Condition  has
become  a  common  benchmark  for  condition  prediction.  Reaxys-TotalSyn-
Condition, although smaller, provides additional details such as temperature.
These datasets are characterized by diverse reaction types and comprehen-
sive condition annotations, making them suitable for multi-task learning (e.g.,

predicting  catalysts,  solvents,  and  additives  simultaneously).  It  should  be
noted  that  most  condition  datasets  are  derived  from  patents  or  literature
compilations, and their quality depends on text extraction and manual verifi-
cation. As a result,  researchers often perform additional  cleaning or  balanc-
ing before model training.

 Datasets for  reaction yield prediction. Reaction yield prediction typically
relies  on  high-throughput  experimentation  (HTE)  data  and  reaction  records
extracted from patents or literature. Representative HTE datasets include the
Buchwald–Hartwig  C–N  cross-coupling  dataset  (provided  by  Ahneman  et
al.78),  which  employed 1536-well plate  experiments  combining  15  halo-
genated arenes, 4 ligands, 3 bases, and 23 isoxazole additives, yielding 3,955
experimental  combinations;  and  the  Suzuki–Miyaura  C–C  cross-coupling
dataset  (provided  by  Perera  et  al.89),  comprising  15  halogenated  arenes,  12
ligands,  8  bases,  and  4  solvents,  totaling  5,760  experimental  combinations.
These HTE datasets are high-quality and controllable, making them standard
benchmarks for yield prediction modeling.

Large-scale  literature-based reaction collections have also  been reported,
such  as  Chemical.  AI’s  CJHIF  dataset,  which  contains  approximately  3.2
million  reactions  extracted  from  publicly  available  high-impact  chemistry
journals,  annotated  with  reactants,  products,  and  yields,79 and  millions  of
reactions  automatically  extracted  from  USPTO  patents  with  yield
information.73 Additionally,  pharmaceutical  companies  such  as  AstraZeneca
have released reaction yield data derived from real electronic laboratory note-
books (ELNs), although the scale has not been publicly detailed.77

Overall,  HTE datasets are commonly used due to their  moderate size and
rigorous  experimental  design,  while  patent- or  literature-derived  datasets
provide  much  larger  volumes  (up  to  tens  of  millions  of  reactions)  but  are
noisier and require careful preprocessing.90

 MULTI-STEP RETROSYNTHESIS
Multi-step  retrosynthesis  is  the  process  of  recursively  decomposing  a

target molecule into purchasable starting materials.91 Owing to the exponen-

 

Table 3.  Summary of reaction yield prediction methods.

Datasets Methods R2 RMSE MAE

Buchwald-Hartwig84

Shi et al.79 0.97 4.63 3.11

Kwon et al.68 0.97 4.51 3.01

Sato et al.80 0.97 − −

Ahneman et al.78 0.92 7.80 −

Suzuki-Miyaura85

Shi et al.79 0.86 10.37 6.59

Kwon et al.68 0.89 9.52 6.23

Sato et al.80 0.88 − −

 

Table 4.  Summary of datasets for the single-step retrosynthesis module (reactants recommendation, reaction conditions prediction and reaction yield prediction).

Dataset Task Type Source Records

USPTO-50K Retrosynthesis prediction Public patents ~50,000

USPTO-full / PaRoutes-1M Retrosynthesis prediction Public patents ~480K–1M

Pistachio Retrosynthesis prediction Commercial (NextMove) ~15M

Reaxys Retrosynthesis prediction Commercial (Elsevier) Tens of millions

AZ-18M Retrosynthesis prediction Internal (AstraZeneca) ~18.7M

USPTO-Condition Reaction condition prediction Public patents 680,741

Reaxys-TotalSyn-Condition Reaction condition prediction Literature + patents 180,129

Buchwald–Hartwig HTE Reaction yield prediction High-throughput (public) 3,955

Suzuki–Miyaura HTE Reaction yield prediction High-throughput (public) 5,760

CJHIF Reaction yield prediction Literature (public) ~3.2M

USPTO-Yield Reaction yield prediction Public patents ~500,000
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tial  growth  of  the  combinatorial  search  space,  this  task  typically  requires
coupling  highly  accurate  single-step  retrosynthesis  module  with  efficient
search and planning algorithms to identify chemically feasible and economi-
cally  reasonable  synthetic  routes  within  an  acceptable  computational
budget.92 In  this  framework,  the  performance  of  multi-step  retrosynthesis
planning  is  largely  dependent  on  the  reliability  of  single-step  retrosynthesis
module, which  serve  as  the  fundamental  building  blocks  of  route  construc-
tion.93 This  module  generally  include  reactant  recommendation,  which
proposes candidate precursors for a given product; reaction condition predic-
tion, which ensures the feasibility  and selectivity of  each proposed transfor-
mation;  and  reaction  yield  estimation,  which  evaluates  the  practical  viability
and  prioritizes  higher-probability  reaction  paths.  Together,  these  modules
provide the local  chemical reasoning required for each single-step retrosyn-
thetic,  while  the  multi-step  planner  orchestrates  them  globally  through
heuristic,  graph-based,  or  reinforcement  learning–based  search  strategies.
However, current research mainly focuses on the coordination between reac-
tant recommendation and search algorithms.94

In  recent  years,  leveraging  the  availability  of  large-scale  data,  multi-step
retrosynthesis has made significant progress, driven by single-step retrosyn-
thesis  modules  and  AI-assisted  search  algorithms.16 In  this  section,  we
summarize  the  current  state  of  multi-step  retrosynthesis  research  from
several  perspectives,  including  methodological,  datasets,  Starting  Material
Libraries, and evaluation metrics (Figure 3). Methodologically, a diverse array
of search strategies has been developed, including Depth-First Proof-Number
(DFPN) search,95 beam search,16 neural-guided A/Retro*,96 Monte Carlo Tree
Search  (MCTS),22 nested  Monte  Carlo  search,55 graph-based  search,21 and
reinforcement  learning  approaches.97 Each  method  presents  trade-offs
between exploration and exploitation as well  as computational cost.98 At the
data  level,  the  field  exhibits  a “public  small-scale  +  commercial  large-scale”
pattern.  Public  datasets  such  as  USPTO,  PaRoutes,  and  Open  Reaction
Databases  (ORD)  coexist  with  commercial  collections  like  Pistachio  and
Reaxys.  However,  these  datasets  often  suffer  from  noise,  atom-mapping
errors,  missing  reaction  conditions  or  yields,  and  publication  bias.17 In addi-
tion,  beyond  the  datasets  used  to  train  models,  multi-step  retrosynthesis
requires careful consideration of the availability of Starting Material Libraries,
which determine the feasible endpoints of reactions.99 Specifically, during the
recursive process of multi-step retrosynthesis prediction, the program should
continuously assess whether to terminate based on the accessibility of start-
ing materials. The choice of Starting Material Library directly affects the prac-
tical feasibility  of  predicted  synthetic  routes.  Yet,  these  libraries  face  chal-
lenges  such  as  unstable  availability,  inclusion  of  virtual  or  hypothetical
compounds,  and  fragmented  access  across  platforms.100 Finally,  evaluation

metrics  serve  as  indicators  of  the  performance  of  multi-step  retrosynthesis
algorithms developed by researchers. However, current evaluation standards
remain inconsistent,  and  multidimensional  criteria  are  largely  lacking.  Exist-
ing  metrics  tend  to  emphasize  success  rate  or  the  number  of  steps,  often
overlooking factors such as cost, chemical plausibility, and process feasibility.87

 Available search algorithms and current research status
Search  algorithms  play  a  crucial  role  in  multi-step  retrosynthesis  design

because  they  can  assemble  single-step  retrosynthesis  module  outputs
(“candidate reactions”) into complete synthetic routes. By selectively expand-
ing, pruning, and evaluating nodes in a vast solution space, these algorithms
can produce executable pathways that lead to purchasable precursors, effec-
tively turning single-step predictions into practical multi-step synthetic plans.
Commonly  used  algorithms  include  Depth-First  Proof-Number  (DFPN)
search,  beam  search,  neural-guided  A/Retro*,  Monte  Carlo  Tree  Search
(MCTS),  nested  Monte  Carlo,  graph-based search,  and  reinforcement  learn-
ing approaches. Below, we summarize these strategies in detail:

 Depth-first  proof-number  search  (DFPN). DFPN  represents  the  multi-
step  retrosynthesis  problem  as  an  AND–OR  tree.  Each  node  maintains  a
proof  number  (pn)  and  disproof  number  (dn),  and  expansion  follows  the
“most-proving” path that minimizes the root pn/dn. Nodes are pruned based
on thresholds,  enabling efficient  determination of  whether a target  molecule
is  synthesizable  with  minimal  memory  usage.  By  selectively  expanding  the
most “provable” branches, DFPN can quickly identify feasible synthetic routes
or efficiently refute infeasible ones, reducing unnecessary single-step module
calls. Its depth-first nature allows low memory overhead and easy incorpora-
tion  of  stock  availability  or  chemical  constraints  at  leaf  nodes,  making  it
particularly suitable for retrosynthesis scenarios that require provability under
limited memory.95

 Beam  search. Beam  search  starts  from  an  initial  sequence  or  root
molecule. At each step, the model generates all possible candidate reactions,
retaining  the  top  B  candidates  as  the  current  beam.  Each  beam  is  then
expanded  to  produce  B  ×  V  new  candidates,  from  which  the  top  B  are
selected based on scoring. This process repeats until  a maximum step limit
is reached or all beams terminate. Beam search effectively controls the expo-
nential  growth  of  branches  by  retaining  only  the  top-k  candidates  at  each
step, quickly generating a limited set of high-confidence multi-step routes. It
is  computationally  efficient,  easy  to  implement,  and  can  be  combined  with
neural scoring functions, stock filtering, or cost heuristics. However, its short-
sighted nature may overlook optimal routes requiring multi-step foresight, so
subsequent  refinement  (e.g.,  DFPN,  MCTS,  or  branch-and-bound)  is  often
needed to ensure chemical feasibility and completeness.28

in
fo

rm
at

ic
s  

Figure 3.  Overview of the content in multi-step retrosynthesis The figure summarizes the major components of multi-step retrosynthesis research. It includes schematic illus-
trations of representative methods, commonly used datasets, starting material libraries that provide purchasable precursors, and evaluation metrics employed to assess plan-
ning performance. Together, these elements form the foundation for developing and benchmarking multi-step retrosynthetic strategies.
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 Best-first  search. This  approach  treats  multi-step  retrosynthesis  as  a
heuristic-driven  best-first  search.  Given  a  target  molecule,  single-step
module, purchasable precursor library, and scoring function, the root node is
added to a priority queue. Candidate reactions are generated using the model
or  policy  network,  and  child  nodes  are  evaluated  with  cumulative  cost  and
value estimates before being enqueued. The process continues until  a solu-
tion  is  found  or  the  computational  budget  is  exhausted.101 For  example,
Neural-guided  A*  prioritizes  promising  reactions  using  learned  heuristics
(policy/value  networks),  significantly  reducing  ineffective  expansions  and
single-step calls while increasing the likelihood of finding short-step or low-
cost  routes.  Its  performance  depends  heavily  on  the  quality  of  heuristics;  if
inadmissible, global optimality cannot be guaranteed, but it typically produces
high-quality, interpretable, and practical candidates within limited budgets.96

 Monte  carlo  tree  search  (MCTS). MCTS operates by iteratively  perform-
ing  selection–expansion–simulation–backpropagation.  From  the  root  node,
children are selected using UCT or other strategies until an unexpanded node
is reached. This node is expanded, and one or more candidate reactions are
simulated to a terminal state (e.g.,  reaching purchasable precursors),  gener-
ating a reward (e.g., feasibility, cost). Rewards are backpropagated to update
node  visit  counts  and  average  values.  MCTS  balances  exploitation  of  high-
confidence  paths  and  exploration  of  novel  routes,  progressively  converging
toward  promising  synthetic  strategies  in  large,  highly  branched  search
spaces.  Single-step  model  predictions  guide  expansion  and  simulation,  and
backpropagation  dynamically  adjusts  priorities  across  alternative  paths.
MCTS  is  well-suited  for  tasks  with  large  search  spaces  and  complex  path-
quality evaluation.11

 Nested  monte  carlo. Nested  Monte  Carlo  (NMC)  treats  multi-step
retrosynthesis  as  a  decision  sequence.  At  the  lowest  level  (level  0),  fast
random  or  greedy  rollouts  sample  decisions  to  termination  (e.g.,  reaching
purchasable starting materials) to evaluate complete route scores. At higher
levels (level ≥1), candidate reactions are evaluated by invoking the next lower
level recursively; the best-performing action is fixed, and construction contin-
ues  iteratively.  NMC  excels  in  handling  high-branching  factors  and  noisy
single-step predictions, effectively capturing long-range dependencies in non-
obvious routes. It naturally supports embedding single-step candidate gener-
ators, heuristic  scoring,  or  learned  policy/value  networks  to  improve  effi-
ciency, and enables diverse, highly parallelizable route generation. Its compu-
tational  cost  increases  rapidly  with  nesting  depth  and  rollout  number,  so
practical  implementations often use shallow levels and strategy-biased roll-
outs.102

 Graph  search  and  reuse. Graph-based  approaches  represent  multi-step
retrosynthesis  as  a  directed  graph  rather  than  an  expanded  search  tree.
Nodes  represent  intermediates  or  sub-goals  (standardized  or  hashed  to
remove duplicates),  and  edges  correspond to  possible  decomposition  reac-
tions or templates. When different paths lead to the same intermediate, they
are  merged,  allowing  memoization  of  previously  computed  sub-solutions.
Graph  search  facilitates  cost  propagation,  heuristic  pruning,  Pareto-optimal
multi-objective  solutions,  and  parallelization.  Advantages  include  reduced
redundant  expansions,  improved  scalability,  natural  intermediate  reuse
(enabling  shared  starting  materials  or  modular  synthesis),  and  support  for
global optimization and multi-objective evaluation.103

 Reinforcement  learning  (RL). In  RL-based  multi-step  retrosynthesis,  the
decomposition process from the target molecule is formulated as a Markov
Decision Process. States represent current unresolved sub-goals (or a single
molecule,  optionally  including  step  history  and  accessible  stock).  Actions
correspond  to  single-step  decompositions  (reaction  templates,  candidate
reactions, or  selecting  an  intermediate  as  terminal).  Transitions  are  deter-
mined by the single-step model or chemical  rules.  Rewards are assigned at
termination (e.g., positive reward for reaching purchasable starting materials)
and may incorporate  intermediate  shaping for  step count,  cost,  yield,  repro-
ducibility,  or  patent risk.  A policy network outputs probabilities for candidate
actions, and a value network estimates expected cumulative rewards. Train-
ing  typically  uses  Monte  Carlo-based  rollouts  or  gradient-based  actor-critic
methods (PPO,  A2C)  to  reduce  variance  and  improve  stability.  Trained  poli-
cies can generate high-quality decompositions directly or serve as heuristics
in  A*,  MCTS,  or  graph-based  searches.  Value  networks  guide  pruning  and
evaluation.  RL  can  learn  long-range  dependencies  and  multi-objective

“chemical  intuition,” reducing  unproductive  branches  and  improving  the
probability  of  identifying  low-cost,  short-step,  and  feasible  routes.  Its  main
limitations  are  sensitivity  to  simulator  fidelity  and  reward  design,  as  well  as
low sample efficiency.6

 Research status of multi-step retrosynthesis
Over  the  past  decade,  three  main  lines  of  development  have  emerged  in

multi-step  retrosynthesis  planning:  template-based  approaches,  template-
free generative approaches, and neuro-symbolic or hybrid expert systems. In
parallel,  the establishment  of  standardized benchmarks such as PaRoutes87

and  the  introduction  of  quantitative  evaluation  metrics,  including  SCScore
(synthetic  complexity  score),  coverage,  diversity,  and  route  quality  scoring,
have  enabled  a  more  systematic  assessment  of  multi-step  retrosynthesis
performance  and  the  integration  quality  between  single-step  models  and
global planning algorithms.104

 Template-based. Template-based  methods  use  manually  curated  or
automatically extracted  reaction  templates  to  guide  molecular  disconnec-
tions. These methods initially demonstrated robustness in reactants recom-
mendation: for example, while Segler et al.16 combined deep policy networks
and reaction filter networks within a Monte Carlo Tree Search (MCTS) frame-
work (3N-MCTS),  significantly improving both solvable molecule counts and
search  efficiency.  Genheden  et  al.105 further  open-sourced  AiZynthFinder,
which integrated MCTS with a template library and introduced the PaRoutes
benchmark; systematic  comparisons indicated that  MCTS generally  outper-
forms  several  alternative  algorithms  in  terms  of  route  quality  and  diversity.
More recent improvements have focused on automated template extraction
and  filtering,  few-shot template  prediction,  and  reframing  template  genera-
tion as a sequence generation problem to enhance generalizability.106

However,  template-based strategies  inherently  depend  on  the  complete-
ness and quality of the reaction template library, which can limit their ability to
generalize  to  novel  chemistry  or  underrepresented  reaction  types.107 While
they excel  in  interpretability  and can readily  integrate  human chemical  intu-
ition  into  route  planning,  their  coverage  is  often  constrained  by  the  curated
datasets used for template extraction.107 Moreover, template-matching oper-
ations  may  become  computationally  expensive  when  the  template  pool
grows  large,  leading  to  efficiency–accuracy  trade-offs  in  large-scale
searches.107 Consequently, template-based systems are particularly effective
for  well-studied  domains  such  as  medicinal  or  synthetic  organic  chemistry
but  may  underperform  in  emerging  or  unconventional  reaction  spaces.  In
contrast, subsequent template-free and generative methods (discussed later)
aim to overcome these structural limitations by learning reaction transforma-
tions directly from molecular representations, though often at the expense of
interpretability.19 Thus,  template-based  retrosynthesis  can  be  viewed  as  a
reliable  yet  domain-constrained foundation  upon which  more  flexible  hybrid
or neuro-symbolic approaches have been developed.

 Template-free. In parallel, template-free (or generative) methods leverage
deep  generative  models  to  directly  predict  reactants,  thereby  avoiding
reliance on fixed template libraries. Such methods typically cast retrosynthe-
sis  as  either  a  sequence-to-sequence  or  graph-to-sequence  translation
problem.  Recent  research  has  also  split  the  single-step task  into  comple-
mentary  subtasks  executed  in  a  loop  to  improve  coverage,  or  exploited
chemical-invariant substructure information via graph neural networks46 and
unsupervised alignment techniques (e.g., UAlign)108 to further enhance accu-
racy  and  chemical  plausibility.  Moreover,  direct  route-level  generation  has
been explored. For instance,  DirectMultiStep encodes entire synthetic routes
as  single  sequences,  thereby  reducing  search  complexity  and  achieving
notable  benchmark  improvements.109 Compared  to  template-based frame-
works, template-free generative methods exhibit superior flexibility and scal-
ability, as they can capture a broader reaction space and generalize to unseen
transformations without explicit human encoding. Their ability to learn chem-
ical transformations end-to-end from data makes them particularly advanta-
geous  in  domains  with  incomplete  reaction  knowledge  or  novel  compound
classes. However,  these methods often sacrifice interpretability and control-
lability—generated  reactions  may  violate  chemical  constraints  or  yield
unphysical  intermediates,  necessitating  post-hoc  validation  and  filtering.
Furthermore, SMILES-based models can be sensitive to syntactic variations,
while  graph-based  approaches,  though  more  chemically  grounded,  typically
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demand higher computational cost and complex model training pipelines.
Recently, research has focused on embedding single-step models into effi-

cient search strategies to balance computational cost and route quality. Clas-
sical and more recent methods include the integration of policy networks with
MCTS,16 the neural-guided A* search algorithm Retro*,96 improved depth-first
proof-number  search  DFPN-E,95 and  the  value-network–driven  planner
PDVN,6 which iteratively updates search strategies through online learning of
“synthetic  feasibility” and “cost” value networks.  These  integrated  frame-
works  significantly  enhance  multi-step  planning  performance  by  improving
route  optimality  and  reducing  redundant  single-step evaluations.  Neverthe-
less,  they  remain  sensitive  to  the  predictive  bias  of  underlying  single-step
models,  if  the  base  model  misjudges  reaction  feasibility,  even  sophisticated
search algorithms may propagate errors through the route tree. This interde-
pendence highlights  the  importance of  jointly  optimizing  single-step predic-
tion accuracy and global search efficiency. Experience-guided methods such
as EG-MCTS,10 further enhanced efficiency and route quality by dynamically
adjusting scoring functions during search, leveraging historical knowledge to
avoid  unproductive  pathways.  Schreck  et  al.111 proposed  a  template-based
retrosynthesis  framework  that  formulates  synthesis  planning  as  a  single-
player  game,  where  a  reinforcement  learning  model—guided  by  a  neural
network  estimating  synthesis  cost—selects  optimal,  minimal-step  synthetic
routes based on a defined cost function, outperforming heuristic methods but
requiring high computational resources for exploration. Such adaptive search
paradigms represent  a  promising  direction,  yet  their  dependence  on  exten-
sive  prior  data  and  heuristic  tuning  can  pose  challenges  for  generalization
across  different  chemical  domains.  Overall,  while  template-free  and  neural
search–integrated  methods  mark  a  major  leap  toward  autonomous
retrosynthetic  reasoning,  achieving  a  stable  trade-off  between  generality,
interpretability,  and  data  efficiency  remains  a  central  challenge  for  future
research.

 Neuro-symbolic and hybrid expert systems. Neuro-symbolic and hybrid
expert  systems  aim  to  balance  the  generalization  capability  of  data-driven
models with  the  interpretability  and  reliability  of  symbolic  chemical  knowl-
edge.22 Early expert systems such as Chematica/Synthia incorporated exten-
sive  expert  rules  and  heuristics  to  propose  feasible  synthetic  pathways.112

These systems demonstrated unparalleled interpretability and high chemical
reliability, as each proposed step could be traced to explicit mechanistic rules
or  curated  reaction  templates.113 However,  their  dependency  on  human-
coded  rules  limited  scalability  and  adaptability  to  new  reaction  domains,
making continuous knowledge expansion costly and time-consuming.70

More  recently,  hybrid  systems  like  ASKCOS  (developed  by  Coley’s  group)
have integrated multiple single-step models, MCTS, feasibility evaluation, and
pathway  scoring  into  end-to-end  tools  now  widely  used  in  drug  discovery
and  synthetic  chemistry.114 Such  frameworks  represent  a  significant  step
toward  practical  deployment,  combining  the  predictive  power  of  neural
models with the logical reasoning of symbolic systems.115 Their major advan-
tage lies in modular flexibility and experimental integration, allowing the entire
synthesis planning process—from route generation to lab validation—to oper-
ate in a closed loop.115 Nonetheless,  hybrid pipelines remain highly sensitive
to  the  consistency  of  their  internal  modules;  mismatches  between  neural
predictions  and  symbolic  constraints  can  lead  to  route  discontinuities  or
inconsistent feasibility assessments.

Inspired  by  neuro-symbolic  programming,  frameworks  such  as  wake–
abstraction–dreaming (influenced by DreamCoder116) abstract common multi-
step patterns from experience, recycle them as templates, and improve plan-
ning efficiency and pathway simplicity through retraining and replay, illustrat-

ing  the  potential  complementarity  of  symbolic  abstraction  and  neural
networks.117 Former et al.118 developed SPARROW, a unified decision-making
framework that prioritizes candidate molecules and their synthetic routes by
jointly  minimizing  synthetic  cost  and  maximizing  utility  through
reward–penalty  objective  functions.  This  emerging  paradigm  highlights  the
potential  for  continual  learning  and  hierarchical  reasoning,  neural  models
extract abstract patterns from data (“wake”), symbolic reasoning generalizes
these into reusable knowledge (“abstraction”),  and iterative retraining refines
them  into  efficient  strategies  (“dreaming”).119 However,  the  main  challenge
remains how to ensure chemical  validity  and interpretability  during abstrac-
tion,  since  automatically  learned  rules  may  not  always  align  with  human-
understandable chemistry. Moreover, the computational overhead of iterative
retraining and replay mechanisms can constrain  scalability  in  large reaction
spaces. Overall, neuro-symbolic and hybrid expert systems exhibit the highest
potential  for  real-world  application  among  current  multi-step  retrosynthesis
frameworks, offering a pragmatic balance between accuracy, interpretability,
and adaptability. Their success underscores a broader trend toward system-
level  integration,  where  learning-based  prediction,  symbolic  reasoning,  and
experimental feedback  are  seamlessly  coupled  in  a  unified  decision  frame-
work.113

In  summary,  existing  multi-step retrosynthesis  methods  remain  funda-
mentally limited by the accuracy of single-step modules, making it difficult to
fully integrate these independent components. Many published studies have
overlooked  the  intrinsic  relationship  between  single-step  and  multi-step
methods,  thereby  providing  an  incomplete  picture  for  building  robust
retrosynthetic  analysis  systems.93 In  particular,  while  neuro-symbolic
systems demonstrate  promising  integrative  capacity,  their  overall  perfor-
mance still depends on the precision and generalization of underlying single-
step  predictors.  Since  single-step retrosynthesis  module  ultimately  under-
pins  the  multi-step  process,  future  research  in  multi-step  planning  should
introduce new evaluation metrics that also guide single-step model develop-
ment.93 Thus, single-step and multi-step approaches should be regarded not
as  isolated  domains  but  as  tightly  interwoven  and  mutually  reinforcing
components  of  retrosynthesis.  All  multi-step  retrosynthesis  methods  are
summarized in Table 5.

 Datasets of multi-step retrosynthesis
Currently,  datasets  for  multi-step  retrosynthetic  planning  exhibit  a “public

small-scale  +  commercial  large-scale” pattern.  Academic  research  typically
relies  on  publicly  available  USPTO  collections  (e.g.,  USPTO-50K,  USPTO-
MIT/USPTO-full, containing  hundreds  of  thousands  of  reactions)  for  repro-
ducible  benchmarking.93 Industrial  and  larger-scale  training  often  utilizes
commercial  patent  and  literature  databases  such  as  Pistachio  (NextMove)
and Reaxys (Elsevier), reaching millions to tens of millions of reaction entries.
These  datasets  are  frequently  combined  with  commercial  starting  material
libraries (e.g., eMolecules) to validate purchasability.

While patent and literature sources provide large sample sizes and authen-
tic  experimental  records,  they  contain  noise  (extraction/mapping  errors),
duplicates,  missing  or  non-standard  reagent/condition  information,  and
publication  biases  (favoring  patentable  or  publishable  reactions).120 These
issues directly affect the accuracy of single-step models and are amplified in
multi-step planning. Overall,  these datasets are sufficient to support training
of  strong  single-step  models,  but  challenges  remain  in  noise  (extraction/
mapping errors), missing information (conditions, yields, failed reactions), and
representativeness (publication/patent bias).77 Therefore, practical workflows
typically require systematic cleaning, atom mapping correction, deduplication,

in
fo

rm
at

ic
s  

Table 5.  Summary of research methods for multi-step retrosynthesis.

Category Core Idea / Approach Representative Work / Year

Template-based Use handcrafted or automatically extracted reaction
templates; rank candidates

Segler et al.16 (3N-MCTS, 2018); Genheden / AiZynthFinder (2020) 105

Template-free /
Generative

Deep generative models (Transformer, GNN→seq)
predict reactants directly

Schwaller et al.28 (Molecular Transformer, 2020); Yu109

(DirectMultiStep, 2025); Chen96 (Retro*, 2020); Kishimoto95 (DFPN-E,
2019); Liu66(PDVN, 2023); Hong110(EG-MCTS, 2023); Schreck et al.111

Neural-symbolic /
Hybrid

Combine symbolic chemical knowledge with data-
driven models for interpretability & generalization

Chematica / Synthia112(classic) ASKCOS (Tu et al.114); Former et al.118
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and integration of purchasable starting material libraries (e.g., eMolecules) for
terminal state determination or cost estimation.

 USPTO. The USPTO reaction dataset was initially extracted and published
by Daniel M. Lowe33 from full-text US patents (covering 1976–2016), becom-
ing  a  foundational  data  source  for  single-step  reaction  modeling  and
retrosynthesis  research.  Lowe’s  original  extraction  has  been  cleaned  and
transformed into multiple standardized subsets:
● USPTO-50K (~50,016 reactions) curated by Schneider et al.121 annotated

with 10 reaction classes for classification/benchmark tasks.
● USPTO-480k cleaned variants (~480k high-quality reactions) widely used

for multi-step retrosynthesis evaluation.122

● The  original  USPTO  extraction  contains  ~1.7 –1.9M  reactions;
industry/commercial vendors have even larger extractions (e.g., Pistachio).

USPTO is fundamentally a collection of single-step reaction records (reac-
tion  equations  or  SMILES),  not  multi-step  pathways,  multi-step  routes  are
constructed  by  retrosynthesis  algorithms  via  backtracking  and  search.
Advantages:  large  scale,  coverage  of  real  patented  reactions.  Limitations:
extraction/atom  mapping  errors,  missing/misplaced  reagents/solvents/
conditions, duplicates and publication/patent bias, sparse yields/failure data.
Modern  practices  use  high-quality  atom  mapping  tools  (RXNMapper,
LocalMapper, GraphormerMapper) combined with rigorous cleaning, dedupli-
cation, and temporal splitting to improve usability and reproducibility.

 Pistachio. Pistachio,  provided  commercially  by  NextMove  Software,  is  a
patent  reaction  database  extracted  from  US,  EP,  and  WIPO  patent  texts.
Reactions can be exported in SMILES/JSON format with a searchable inter-
face.  Reported  scales  vary  (~8.3M  to  ~21M  entries),  with  the  number  of
unique reactions lower than total entries. Advantages: broad patent coverage,
inclusion  of  experimental  steps/conditions,  valuable  for  training  large-scale
models.  Limitations:  extraction  noise,  duplicates/redundancy,  reagent/
solvent/catalyst  misclassification,  atom  mapping  errors,  and  licensing
restrictions. Researchers typically apply deduplication,  remapping,  and filter-
ing before use, or combine it with public datasets for high-coverage augmen-
tation.

 Reaxys. Reaxys (Elsevier) is a curated chemistry knowledge base integrat-
ing  traditional  manually  indexed  resources  (Beilstein/Gmelin)  with  modern
literature/patent  extraction.  It  covers  tens  of  millions  of  reactions  and
hundreds of  millions  of  substances,  with  historical  records  extending  to  the
18th  century.  Single-step  reactions  are  the  basic  unit,  but  Reaxys  provides
richer experimental conditions, yields, step descriptions, and literature/patent
metadata,  enabling  reconstruction  of  multi-step  pathways.  Advantages:
expert  curation,  comprehensive  experimental  details,  mature  search  tools.
Limitations: commercial access, publication bias, extraction noise, and limited
support for large-scale machine learning export.13

 Open  Reaction  Database  (ORD). ORD  is  an  open  chemistry  reaction
database  initiated  by  MIT,  Google  Research,  and  various  pharmaceutical/
academic partners. It uses Protocol Buffers (protobuf) to store reaction infor-
mation,  including SMILES,  temperature,  solvent,  reagents,  time,  optimization
experiments,  and  yields.  As  of  2025,  ORD  contains  ~65,000–70,000 stan-
dardized reactions from published literature,  patent subsets,  and contributor
data.  Basic  units  are  single-step  reactions,  though  some  represent  multi-
condition experimental clusters. Advantages: fully open, standardized format,
richer condition information than USPTO, community-extensible. Limitations:
smaller  scale  than  commercial  databases  and  limited  pathway  coverage,
requiring combination with larger datasets for multi-step retrosynthesis.123

 PaRoutes. Dataset Proposed by Genheden et al.87 as a unified benchmark
for multi-step retrosynthesis. Paths are automatically extracted from USPTO
reactions  using  algorithms  like  Retro*,  yielding  ~100,000  feasible  synthetic
pathways  of  3–8  steps.  PaRoutes  provides  full  reference  routes,  including
standardized  route  trees  and  starting  materials,  making  it  suitable  for  fair
algorithm  comparison.  Limitation:  still  derived  from  USPTO,  biased  toward
academic/patent-type  synthesis;  more  suitable  as  a  benchmark  than  for
direct industrial application.87

 KEGG. Maintained  by  Kanehisa  Laboratory  (Kyoto  University),  KEGG  has
~18,000 pathways across 7,000+ species. Path lengths typically 3–20 steps.
Strength: comprehensive, standardized, foundational for bioinformatics. Limi-
tation:  limited  reaction  rule  formalization;  less  suitable  for  ML-driven
retrosynthesis modeling.124

 RetroRules. EPFL team derived this reaction rule set  from MetaNetX and
BRENDA,  containing  >100,000  rules  for  computer-aided  retrosynthesis.
Supports multi-step pathway generation (1–20+ steps) and is used in MCTS
or deep learning models. Strength: structured rules facilitate algorithmic calls.
Limitation:  coverage  limited;  less  suitable  for  complex  pharmaceutical
syntheses compared to commercial databases.125

 Starting material libraries
In  multi-step  retrosynthesis,  starting  material  libraries  determine  whether

the generated synthetic routes can be practically executed and provide terminal
nodes for the retrosynthesis search. The goal of retrosynthesis is to decom-
pose the target molecule into purchasable starting materials. Without a start-
ing  material  library,  models  may  produce  theoretically  valid  routes  that
cannot  be  realized  in  practice,  reducing  the  utility  of  planning.  High-quality
starting material  libraries  can  significantly  improve  search  accuracy,  effi-
ciency, and industrial applicability, ensuring that retrosynthesis results can be
closely integrated with experimental procurement and drug discovery.

 eMolecules. A  commercial  database  integrating  catalogs  from  over  200
global  suppliers,  offering more than 50 million purchasable compounds and
expandable  to  2.8  trillion  virtual  molecules  in  chemical  space.  It  includes
building  blocks,  screening  compounds,  etc.,  with  monthly  updates  ensuring
scale  and  timeliness.  eMolecules  provides  a  free  simplified  version  (basic
structure data) and a paid full version (ePLUS), which includes price, supplier,
and delivery information.126

 ZINC. A public database aimed at virtual screening and drug design. Latest
versions  (ZINC20/ZINC22)  include  over  700  million  commercially
purchasable molecules and hundreds of billions of virtual compounds gener-
ated via combinatorial  expansion.  Provides free structure data,  supplier  info,
and  download  interfaces,  with  filters  for  purchasable  molecules,  drug-like-
ness,  natural  product-likeness,  etc.  Advantages:  open  access,  large  scale,
closely linked to suppliers; useful both for virtual screening and as a starting
material  library  in  multi-step  retrosynthesis  to  determine  practical
purchasability of intermediates.127

 ChEMBL. Maintained by EMBL-EBI, ChEMBL is a fully open-access bioac-
tive  compound  database.  The  latest  version,  ChEMBL  33  (2024),  contains
~2.4  million  compounds  with  over  2  million  activity  data  points  across
~17,000  targets,  curated  from  literature,  patents,  and  clinical  trials.  Unlike
ZINC  or  eMolecules,  ChEMBL  emphasizes  molecular  structure,  bioactivity,
mechanism, and ADME properties, rather than purchasability. In retrosynthe-
sis  research,  it  serves  as  a  source  for  target  molecules  or  lead  compounds
but is not typically used to define terminal purchasable intermediates.128

 Tokyo  Chemical  Industry  (TCI). A  Japanese  chemical  supplier  with
hundreds  of  thousands  of  commercial  chemicals,  mainly  covering  organic
synthesis  reagents,  pharmaceutical  intermediates,  and  specialty  chemicals.
Database access is limited; full structural and stock information requires offi-
cial  channels or commercial agreements. Used in retrosynthesis for starting
material  libraries,  especially  for  the  Asian  market  or  specific  chemicals.
(Website: https://www.tcichemicals.com/OP/en/.).

 MolPort. A global aggregator of supplier databases, containing ~7 million
purchasable compounds from 200+ suppliers.  Provides SDF/SMILES down-
loads;  advanced  fields  (price,  stock,  procurement  info)  require
registration/payment.  Advantages:  multi-supplier  coverage;  limitation:
restricted  access to  full  details.  (Website: https://pubchem.ncbi.nlm.nih.gov/
source/MolPort).

 Mcule. A  commercial  platform  with  0.5–0.7  million  purchasable
molecules,  including  building  blocks,  screening  compounds,  and  drug-like
molecules. Partial free access with registration; full database, price, and stock
info  require  payment.  Strengths:  real-time  supplier  info,  reliable  molecules;
limitations:  relatively  smaller  scale,  paid  features  restrict  full  access.
(Website:https://mcule.com/).

 AiZynthFinder  Stock. The  default  stock  used by  the  open-source AiZyn-
thFinder retrosynthesis tool, integrating multiple supplier compounds such as
eMolecules and ZINC subsets. Contains millions of molecules, customizable
to  include  new  suppliers.  Open  access,  suitable  for  academic  research  and
algorithm  development;  used  to  determine  purchasable  terminal  nodes  and
can be extended to match specific lab or commercial stocks.105

 PaRoutes Stock. A starting material set paired with the PaRoutes bench-
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mark, used for multi-step algorithm evaluation and training. Based on USPTO
reactions  and  purchasable  building  blocks,  containing  tens  of  thousands  of
entries. Open-access and suitable for benchmarking, though smaller and less
diverse than commercial starting material libraries.87

 Synthia Stock. Provided by Chematica/Synthia (acquired by Merck & Co.),
a  commercial  stock  database  for  retrosynthesis  planning  and  feasibility
assessment. Contains millions of commercially available compounds, cover-
ing common building blocks and synthetic intermediates. Closed-source and
requires paid access.  Strengths:  standardized and purchasable  compounds;
limitation: proprietary access, not fully open (Website: https://www.investing.
com/equities/syntheia).

 RETROSYNTHESIS PLATFORMS AND TOOLS
Retrosynthesis platforms  and  tools  structure  and  encode  literature,  reac-

tion databases, and experimental knowledge to automatically generate, eval-
uate,  and  rank  executable  synthetic  routes  and  operational  steps.  They
enable  researchers  without  deep  synthetic  chemistry  expertise  to  rapidly
design, compare, and implement synthesis plans, reducing the learning curve,
improving  reproducibility,  and  accelerating  the  process  from  concept  to
experimental  validation.  Future  directions  include  stronger  multi-step plan-
ning based on large language models and graph neural networks, potentially
achieving  closed-loop  integration  with  automated  synthesis  platforms.  This
section highlights the diverse ecosystem of commercial, academic, and open-
source  retrosynthesis  tools,  spanning  template-based,  AI-driven,  and  hybrid
approaches,  and  indicates  trade-offs  between  openness,  coverage,  and
industrial readiness.

 Commercial
 Molecule.one. Developed  by  the  Polish  startup  Molecule.one,  this  is  an

end-to-end commercial platform emphasizing route feasibility scoring, large-
scale  parallel  search,  and  enterprise  integration  (e.g.,  with  inventory  and
supplier data).

Pros: High-quality executable routes; scalable enterprise integration.
Cons:  Closed-source;  limited extrapolation to rare or  novel  reactions;  high

cost and integration overhead.
Website: https://molecule.one/
 Reaxys  Predictive  Retrosynthesis. A  module  within  Elsevier’s  Reaxys,

integrated with Iktos AI. Leverages Reaxys literature and reaction databases.
Pros:  Combines  published  routes  with  AI-predicted  ones  for  traceability

and feasibility; API/enterprise integration.
Cons: Subscription required; AI predictions biased by training data; rare or

divergent reactions may be missed.
Website: https://www.elsevier.com/products/reaxys/predictive-retrosyn-

thesis
 SciFinder CAS SciFinder. SciFinderⁿ includes ChemPlanner for predictive

retrosynthesis.  Relies  on  CAS’s  human-curated  literature  and  patent
database.

Pros: High traceability; useful for compliance and patent risk assessment.
Cons: Closed-source; algorithmic details hidden; limited discovery of novel

reactions.
Website: https://www.cas.org/solutions/cas-scifinder-discovery-platform
 Chematica. Developed by Bartosz A. Grzybowski’s team (Chematica) and

commercialized  by  Merck  (Synthia).  Uses  expert  rules  and  heuristic  search,
suitable for complex natural product and process routes.

Pros: Performs well on complex synthesis; combines rules and heuristics.
Cons:  Rule/template-based;  coverage  depends  on  manual  curation;

commercial access limits reproducibility.
Website: https://www.synthiaonline.com/
 ICSYNTH. Commercial computer-assisted synthesis planning (CASP) tool.

Template/rule-driven  interface,  focusing  on  idea  generation  and  alternative
routes

Pros: Useful for route brainstorming.
Cons:  Template  dependence  limits  generalization;  closed-source;

academic reproducibility restricted.
Website: https://demo.icsynth.infochem.eu/app/login/auth
 Spaya. Developed  by  Iktos.  Commercial  AI  retrosynthesis  tool  with  real-

time route scoring and integration with building block libraries.

Pros: Fast search; easy engineering integration (API).
Cons:  Closed-source;  performance  drops  on  novel  reactions  or  unlisted

starting materials.
Website: https://iktos.ai/solution/spaya
 ChemAIRS. Commercial  platform  by  Chemical.AI,  emphasizes  enterprise

synthesis design, impurity prediction, and process optimization.
Pros:  Industrial  workflow-oriented;  integrates  route  diversity  and  impurity

considerations.
Cons: Closed-source; model/data details unavailable; dependent on vendor

support.
Website: https://www.chemical.ai/chemairs
 RXN  /  RoboRXN  for  Chemistry. Developed  by  IBM  Research.  Based  on

Molecular  Transformer  and  sequence-to-sequence  approaches,  some
versions integrate with automated synthesis (RoboRXN).

Pros:  Strong  academic/industrial  foundation;  free  educational/demo
access; API available.

Cons: Public model performance limited by open data; experimental feasi-
bility requires manual verification.

Website: https://rxn.res.ibm.com/rxn/robo-rxn/welcome
 PostEra. Cambridge-based  AI  pharma  company;  develops  Manifold

(chemical search/synthesis  design)  and  Proton  (medicinal  chemistry  plat-
form).

Pros: Focus on drug-design synthesis loop; strong integration with synthe-
sis labs.

Cons:  Some  tools  closed-source  or  paid;  generalization  outside  pharma
chemistry unverified.

Website: https://postera.ai/

 Open-source
 ASKCOS. Developed  at  MIT.17 Open-source/hosted  modular  synthesis

planning suite integrating multiple one-step models, condition prediction, and
search strategies.

Pros: Open, modular, reproducible; extensible to custom stock libraries.
Cons: Large-scale workflow optimization may require additional engineer-

ing.
Website: https://askcos.mit.edu
 AiZynthFinder. Open-source tool from MolecularAI/academic teams. Uses

Monte-Carlo Tree Search + reaction templates/neural strategies.
Pros: Open, customizable, fast (seconds to tens of seconds); actively main-

tained.
Cons: Performance depends on training templates and “buyable” libraries;

commercial integration requires engineering.
Website: https://github.com/MolecularAI/aizynthfinder
 LillyMol. Internal/open-source chemical informatics library (C++). Used for

molecule operations, reaction enumeration, and retrieval.
Pros: Industrial-grade; efficient substructure search and reaction enumera-

tion.
Cons:  Low-level  library;  upper-layer retrosynthesis  needs  additional  strat-

egy/model; installation barrier high.
Website: https://github.com/EliLillyCo/LillyMol
 RDChiral. Open-source Python package by Connor W. Coley et al. Focuses

on stereochemistry and template application consistency.
Pros:  Widely  used  in  CASP/template  workflows;  ensures  stereochemical

correctness.
Cons: Only  template  application  layer;  highly  sensitive  to  template  cover-

age/quality.
Website: https://github.com/connorcoley/rdchiral
 RetroPath2.0. Developed  by  Jean-Loup  Faulon  et  al.  Focused  on

metabolic  engineering  and  bioretrosynthesis,  using  rule-driven  network
search and pathway extraction.

Pros: Strong  for  chassis  → target  biodesign;  supports  pathway  network
extraction.

Website: https://pubmed.ncbi.nlm.nih.gov/29233745/
 Rxnutils/Reaction_utils. Python toolkit by MolecularAI for reaction dataset

processing, template extraction, and dataset construction.
Pros: Standardizes large reaction datasets (USPTO, ORD); facilitates repro-

ducible pipelines.
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Cons:  Primarily  for  data  preprocessing;  not  a  search/planning  engine;
needs integration with models/search algorithms.

Website: https://github.com/MolecularAI/reaction_utils

 LLM-ASSISTED RETROSYNTHESIS PREDICTION
In recent years, Large Language Models (LLMs) have begun to reshape the

research landscape for  retrosynthesis  planning and related predictive  tasks.
LLMs  are  generative  models  based  on  the  Transformer  architecture,
pretrained on massive corpora and fine-tuned with instruction-based meth-
ods.  They  excel  in  natural  language  understanding,  cross-task  transfer,
contextual  reasoning,  and  multi-turn  interaction.  Unlike  conventional  deep
learning  models  used  in  retrosynthesis—which  typically  rely  on  reaction
templates, graph structures, or molecular fingerprints for single-step predic-
tion—LLMs  can  flexibly  interpret  complex  constraints  in  natural  language,
invoke  external  tools  or  knowledge  bases,  and  propose  synthetic  routes
closer  to  practical  laboratory  implementation.  By  understanding  chemistry
tasks in a natural language interface and integrating tool use and knowledge
retrieval,  LLMs  extend  retrosynthesis  from  a “reaction  pathway  prediction”
problem into an interactive synthesis assistant capable of proposing reaction
conditions, estimating  yields,  and  even  interfacing  with  automated  experi-
mental platforms to achieve closed-loop optimization (Figure 4).8,129,130

The  core  advantages  of  LLMs  stem  from  large-scale  pretraining  and
strong language  comprehension.  Pretraining  on  extensive  patent  and  litera-
ture  datasets  equips  LLMs  with  rich  chemical  knowledge,  enabling  them  to
generalize  to  long-tail  chemical  spaces.  Their  ability  to  interpret  complex
instructions  allows  them  to  incorporate  experimental  constraints  and  user
preferences into synthetic recommendations. Additionally, LLMs can interact
with  external  tools  and  databases  to  validate  reaction  feasibility  and  filter
candidate routes,  effectively implementing a “generate-and-verify” loop.129,131

Nevertheless, a critical limitation remains: most current LLMs still rely on two-
dimensional  molecular  representations  such  as  SMILES  or  reaction  graphs,
which fail to capture three-dimensional conformational effects, stereochem-
istry,  and spatial  electronic interactions.132 These 3D structural  features play
essential  roles  in  determining reaction  selectivity,  catalyst  compatibility,  and
transition-state  energetics—factors  directly  influencing  retrosynthetic  route
feasibility.133 Addressing this gap has become a central objective for the next
generation of  chemistry-oriented LLMs.  Based on these capabilities,  several
LLM-centered retrosynthesis systems and methodologies have emerged.

 Agent-based
These systems use a general LLM as the reasoning engine and interface it

with  chemistry-specific tools  (e.g.,  reaction  prediction,  name  ↔ SMILES

conversion, literature search, safety verification, lab interface), enabling chain-
of-thought reasoning  and  action  execution.  For  example,  ChemCrow  inte-
grates GPT-4 with ~18 specialized tools to iteratively plan reactions, retrieve
supporting  evidence,  and  issue  experimental  instructions,  demonstrating  a
closed-loop workflow from design to experiment.129 Similar systems, such as
SynAsk  (based  on  Qwen-1.5  with  LangChain  orchestration),  convert  LLM
outputs into tool-executable  forms.134 In  a  ChEMBL test  set  of  11,549 small
molecules,  SynAsk  produced  retrosynthetic  routes  for  6,358  compounds
(~55%),  compared  to  ~27%  for  AiZynthFinder,105 demonstrating the  advan-
tage of tool-augmented LLMs in complex molecule planning.134

 LLMs specialized or fine-tuned for chemical retrosynthesis
These models are pretrained and fine-tuned on large-scale chemical data

to enhance chemical semantic understanding and reaction pattern represen-
tation.  BatGPT-Chem135 unifies natural  language  and  SMILES  representa-
tions  and  is  trained  on  >100  million  instruction-style  chemical  records,
achieving superior  zero-shot  reasoning and multi-task prediction on bench-
marks  like  Suzuki–Miyaura  and  Buchwald–Hartwig  reactions.  RSGPT,41

based  on  LLaMA2,  pretrains  on  large  template-based  synthetic  reaction
datasets  and incorporates reinforcement  learning from AI  feedback (RLAIF),
achieving 63.4% Top-1 accuracy on USPTO-50k in zero-template generation
tasks.  Chemma,136 fine-tuned  on  LLaMA-2-7B  with  >1.28  million  reaction
Q&A  pairs,  provides  multi-task  capabilities  including  forward  prediction,
retrosynthesis,  condition  and  yield  estimation,  and  supports  active  learning
with  experimental  feedback.  In  open  reaction  space  experiments,  Chemma
successfully  recommended  high-efficiency  ligands  and  solvents  within  15
experimental cycles,  yielding  67%,  demonstrating  LLM  potential  for  experi-
mental optimization.

 Multimodal and structured editing methods
These  integrate  text,  molecular  graphs,  and  3D  information  to  improve

multi-step  planning  accuracy  and  controllability.  RetroInText137 incorporates
path-level  text  context  into  multi-step  decisions,  encoding  ChatGPT-gener-
ated  textual  descriptions  alongside  product  3D  conformations  using  MolT5
and 3DInfomax, with attention mechanisms fusing text and molecular repre-
sentations.  This  improves  Top-1  accuracy  by  1.8–5%  for  long-path  tasks.
Llamole  enables  switching  between  text  and  molecular  graph  modalities,
coupling  graph  generation  (Graph  DiT)  with  GNN-based  single-step predic-
tion  and  LLM-guided  A*  heuristics,  raising  retrosynthesis  success  from
~5.5% to ~35%.138 ReactSeq explicitly represents atomic-bond-level edits as
Molecular Editing Operations (MEO) tokens, allowing a single Transformer to
perform  end-to-end  reaction  center  identification  and  synthon-to-reactant

 

Figure 4.  Retrosynthesis  assisted  by  large  language  models The  figure  illustrates  the  interaction  between  a  user  and  a  large  language  model  for  retrosynthesis.  The  upper
panel  represents  examples  of  user  queries,  showing  how  target  molecules  or  retrosynthetic  tasks  are  formulated.  The  lower  panel  depicts  the  model’s  responses,  including
recommended reactants, predicted reaction conditions, reaction yield and potential retrosynthetic routes. This interaction highlights the role of large language models in guiding
and supporting retrosynthetic planning.
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completion  while  providing  atom  mappings  and  interpretable  edit  steps.139

This achieves state-of-the-art top-k accuracy on USPTO-50k with improved
interpretability. Recent  studies  have  also  started  to  embed  3D  conforma-
tional information directly into the LLM architecture. For instance, models like
Llamole and Mol3D-GPT adopt multimodal encoders that jointly learn molec-
ular  text,  2D  graph,  and  3D  coordinate  embeddings,  allowing  the  model  to
reason  about  steric  effects  and  geometric  constraints  in  retrosynthetic
steps.140 Similarly, structured editing frameworks such as ReactSeq demon-
strate  how  representing  bond-breaking  and  forming  events  at  the  atomic
level can provide mechanistic interpretability akin to manual reaction mecha-
nism diagrams.139 These advances  mark  a  shift  from purely  symbolic  reac-
tion  reasoning  toward  spatially  and  energetically  grounded  retrosynthesis
modeling, bridging the gap between digital synthesis planning and real chem-
ical reactivity.

Other studies focus on whole-route optimization and synthetically feasible
molecule  design.  Systems  like  LLM-Syn-Planner/LLM-Syn-Designer141 seri-
alize  synthesis  routes  and  use  population/mutation-based  evolutionary
search, combined with RAG retrieval and SC-score reward, to optimize entire
routes.  On  benchmarks  (USPTO,  Pistachio),  this  approach  significantly
increases  solve  rates  compared  with  LLMs  used  solely  for  single-step
prediction plus MCTS/Retro*, achieving ~91% success on USPTO-Easy.

In  summary,  emerging  LLMs  are  evolving  beyond  text-based  chemistry
reasoning  toward  multimodal,  3D-aware,  and  mechanistically  interpretable
paradigms.  The  integration  of  spatial  molecular  representations  not  only
improves  the  chemical  accuracy  of  predicted  transformations  but  also
enhances  the  interpretability  of  retrosynthetic  reasoning,  enabling  human
chemists  to  trace  the  logic  behind  each  proposed  transformation.  These
developments are expected to play a pivotal role in bridging the gap between
data-driven  retrosynthesis  and  physical  chemistry–grounded  synthesis
design.  Despite  notable  progress  in  coverage,  top-k accuracy,  and  experi-
mental validation, challenges remain, including model bias and reproducibility,
dataset standardization, output interpretability and safety, and reliable indus-
trial deployment,  which  are  critical  directions  for  future  research  and  engi-
neering. Table 6 provides an overview of the strengths and specialized func-
tions of these models in retrosynthesis tasks.

 DATA CLEANING AND STANDARDIZATION
In retrosynthetic route prediction and reaction modeling tasks, data quality

is  the  key  factor  determining  the  upper  bound  of  model  performance.142

Unlike computer vision or NLP, where large and relatively clean datasets are
available,  chemical  reaction  data  are  primarily  sourced  from  patent
databases  (e.g.,  USPTO),  commercial  repositories  (e.g.,  Reaxys),  and  private
laboratory  collections.  Because  data  extraction  involves  multiple  complex
steps,  such  as  text  parsing,  SMILES  conversion,  role  classification,  yield
extraction,  and  atom  mapping,  errors  in  any  stage  can  introduce  noise  and
lead to dirty data.143 In retrosynthesis prediction, such noise not only reduces
model  accuracy  but  may  also  generate  chemically  implausible  synthetic
routes, thereby undermining the model’s reliability in practical synthesis plan-
ning.

Existing studies have revealed three major  categories  of  noise commonly

found in reaction databases:
(1) Parsing and structural errors,  such as invalid SMILES or missing bond

information  caused  by  OCR  or  regex-based  extraction  errors.  Schwaller  et
al.144 reported that 5–10% of the USPTO dataset contains structural inconsis-
tencies or unparseable SMILES.

(2)  Reactant/reagent  mislabeling,  where  reagents  and  solvents  are
confused with reactants, distorting the identification of the reaction core. The
Coley group developed the RDChiral tool, which corrects such errors through
template mining and rule-based heuristics.145

(3)  Success-biased  data,  where  patents  predominantly  report  successful
reactions,  resulting  in  the  absence  of  failed  or  low-yield  cases—a
phenomenon often referred to as positive publication bias.146

Earlier data-cleaning pipelines mainly relied on manual rules and algorith-
mic  standardization,  using  RDKit  for  aromaticity  and  stereochemistry
normalization,144 or removing trivial by-products such as NaCl and H2O. Coley
et  al.  employed  template  extraction  and  heuristic  separation  of  reactants
from  reagents  to  minimize  noise  introduced  during  template  learning.145

Recently, Chen and Li147 proposed the AutoTemplate framework, which auto-
mates reaction data cleaning and template extraction, substantially reducing
atom-mapping errors  that  often  compromise  template  learning.  AutoTem-
plate standardizes  reaction  SMILES,  filters  abnormal  reactions,  and  gener-
ates high-quality templates without human intervention, yielding cleaner data
representations  and  improving  the  reliability  of  data-driven  retrosynthesis
models.  Schwaller  et  al.144 also  introduced  RXNMapper,  which  leverages
attention  mechanisms  to  automatically  infer  atom  mappings  and  eliminate
traditional graph-matching errors.

More  recently,  research  focus  has  shifted  from  merely  cleaning  data  to
designing models that can recognize and mitigate noise. One representative
approach is multi-view or multimodal learning, which models chemical reac-
tions  from  multiple  complementary  perspectives,  for  example,  encoding
SMILES  strings  as  text  inputs  to  a  Transformer,  molecular  structures  as
graphs  for  a  GNN,  and  reaction  conditions  or  experimental  descriptions  as
language embeddings.148 Through consistency learning, representations from
different  modalities  are  aligned,  allowing  the  model  to  capture  robust  and
generalizable  reaction  patterns.  Even  when  one  modality  contains  errors  or
bias, other modalities can provide corrective signals. This multimodal fusion
strategy  greatly  reduces  the  impact  of  noisy  single-view  data  on  prediction
accuracy.

Another  important  line  of  research  involves  uncertainty-aware  modeling,
exemplified by the Molecular Transformer.28 Unlike conventional  determinis-
tic models, these approaches output not only a prediction but also its confi-
dence  or  uncertainty  distribution,  enabling  researchers  to  identify  regions
where the model is less certain，often corresponding to noisy or ambiguous
reactions. In pharmaceutical applications, this mechanism has been used to
filter out low-confidence predictions, thereby reducing experimental trial-and-
error  and saving both time and resources.  Uncertainty-aware models effec-
tively shift retrosynthesis prediction from “providing an answer” to “providing
an  answer  with  a  reason,” significantly  improving  trustworthiness  in  real-
world settings.

In  addition,  curriculum  learning  and  self-training  strategies  have  been
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Table 6.  Summary of functionalities of large language models for retrosynthesis.

Reactants Recommendation Multi-Step Retrosynthesis Reaction Yield Prediction Reaction Conditions Prediction

SynAsk134 √ √ √ √

BatGPT-Chem135 √ √ × √

RSGPT41 √ √ × ×

Chemma136 √ √ √ ×

RetroInText137 √ √ × ×

Llamole138 √ √ × ×

ChemCrow129 √ √ × √

LLM-Syn-Planner141 × √ × ×

ReactSeq139 √ √ × ×
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introduced  to  enhance  robustness  and  generalization  in  retrosynthesis
modeling. Following a “from easy to hard” principle, the model is first trained
on high-quality or high-confidence data before gradually incorporating more
complex or noisy reactions.149 This progressive approach allows the model to
build  a  stable  foundation  of  reaction  knowledge  and  has  been  empirically
shown  to  improve  Top-1  accuracy.  Through  curriculum  learning,  the  model
evolves  from  passively  consuming  noisy  data  to  actively  identifying  and
leveraging it,  thereby improving both learning efficiency and predictive  relia-
bility.

Beyond noise correction, a systematic success bias remains a critical data
quality issue.150 Public datasets such as USPTO and Reaxys overwhelmingly
contain successful reactions, while failed or low-yield experiments are rarely
reported. As a result, models lack the ability to learn “what not to do.” Recent
studies  have  demonstrated  that  including  failed-reaction  data  substantially
enhances a model’s ability to judge reaction feasibility and optimality.151 With
the  release  of  the  Open  Reaction  Database  (ORD,  2021),  which  includes
negative and failed experimental  outcomes, and initiatives from major phar-
maceutical  companies  such  as  AstraZeneca  to  share  internal  failure  data,
models can now learn the differences between success and failure. This shift
from  learning  only “optimal  routes” to  learning “feasible  routes” marks  a
crucial  step  toward  making  retrosynthesis  systems  viable  for  real-world
industrial applications.

 EVALUATION METRICS
In this section, we present a comparative overview of the commonly used

evaluation metrics in both single-step and multi-step retrosynthesis, followed
by a  critical  analysis  of  their  limitations  in  guiding  practical  synthesis  deci-
sions. Specifically, in single-step retrosynthesis, reactant prediction methods
are primarily evaluated using the top-k accuracy metric, which measures the
proportion of  cases where the correct  reactant  set  appears within the top-k
ranked predictions.107 For reaction condition  prediction,  performance is  typi-
cally  assessed  through  metrics  such  as  precision,  recall,  and  F1-score,
reflecting the  accuracy  and  completeness  of  the  predicted  reagents,  cata-
lysts,  or  solvents.152 In  reaction  yield  prediction,  the  model’s  performance  is
commonly evaluated using regression-based indicators such as mean abso-
lute error (MAE), root mean squared error (RMSE), or the coefficient of deter-
mination  (R2), which  quantify  the  deviation  between  predicted  and  experi-
mental yields.68

For multi-step retrosynthesis, the evaluation focuses on route-level perfor-
mance,  encompassing  indicators  such  as  route  success  rate,  path  length,
starting material  availability,  chemical  plausibility,  route  diversity,  computa-
tional  efficiency,  composite  scoring  metrics,  and  scalability.  These  metrics
collectively assess not only whether a complete and executable route can be
generated,  but  also  its  practicality,  diversity,  and  generalizability  in  realistic
synthesis scenarios.153

 Evaluation metrics for single-step retrosynthesis
 Metrics for reactants recommendation. The most commonly used metric

for  single-step  retrosynthesis  models  is  Top-k  accuracy,  which  is  widely
adopted  to  evaluate  whether  a  model  can  correctly  predict  the  true  set  of
reactants given a target molecule.10,58 Top-k accuracy is defined as follows: if
any of the top k predicted reactant sets exactly matches the true reactant set
for  a  given  target,  the  prediction  is  considered  correct.  The  overall  Top-k
accuracy is then calculated as the ratio of correctly predicted samples to the
total number of target molecules.58 For instance, in the evaluation of the Retro-
MTGR model,  the target reactants appeared in the Top-1, Top-3, and Top-5
predictions at rates of 54.3%, 76.7%, and 90.1%, respectively.10

 Metrics for reaction condition prediction. Reaction condition prediction is
typically  treated  as  a  multi-label  classification  problem.  Evaluation  metrics
include  Top-k  accuracy  for  each  condition  (assessing  whether  catalysts,
solvents, additives, etc., are included in the top k predictions) and the F1 score
to measure overall performance across all condition labels.152 When predict-
ing  numerical  parameters  such  as  temperature,  metrics  like  mean  squared
error  (MSE)  or  mean  absolute  error  (MAE)  are  used  to  quantify  prediction
accuracy.152 For  example,  Chen  et  al.152 reported  that  their  model  achieved
over  50% Top-1 accuracy for  catalyst/solvent/additive  combinations,  with  a
probability  of  about  73% that  at  least  one correct  condition  appears  among

the  top  10  recommendations;  temperature  predictions  achieved  an  MAE  of
approximately 8.7°C.

 Metrics  for  reaction  yield  prediction. Reaction  yield  prediction  is  a
regression  task,  commonly  evaluated  using  MSE,  root  mean  square  error
(RMSE),  and  MAE to  measure  the  average  deviation  between predicted  and
actual yields. The coefficient of determination (R²) is also used to assess the
correlation between predictions and true values.154 Additionally,  scatter  plots
of  predicted  versus  actual  yields  are  frequently  used  to  visualize  model
performance. Recent studies have also considered uncertainty estimation, for
instance  by  calculating  the  Spearman  rank  correlation  coefficient  between
prediction errors  and  model  uncertainty  estimates  to  quantify  the  relation-
ship between confidence and accuracy.68

 Evaluation metrics for multi-step retrosynthesis
 Route success / Completion rate. Proposed by Segler et al.16 in 2018.
Definition: For  each target  molecule,  the algorithm is  run,  and the propor-

tion of cases generating at least one complete route to purchasable starting
materials is calculated.

Significance:  Directly  measures  whether  an  algorithm  can  find  feasible
routes; easy to compare across methods.

Limitation:  Does  not  account  for  route  quality  or  chemical  plausibility,  so
“successful” routes may still be low-quality.

 Path length / Number of steps. Proposed by Coley et al.17 in 2017.
Definition: Counts the number of reaction steps in the generated route.
Significance:  Simple  to  understand;  shorter  routes  are  usually  easier  to

synthesize.
Limitation: Shorter paths are not always optimal; ignores reaction difficulty

and chemical feasibility.
 Starting  material  availability  /  Terminal  feasibility. Proposed  by  Segler

et al.16 in 2018.
Definition: Checks whether the terminal nodes of a route are included in a

specified purchasable starting material library.
Significance: Ensures the route is executable in practice,  directly connect-

ing to experimental work.
Limitation:  Highly  dependent  on  the  coverage  and  quality  of  the  stock

database, limiting exploration of new chemical space.
 Chemical plausibility / Feasibility. Proposed by Segler et al.16 in 2018.
Definition: Uses rules or predictive models to evaluate the chemical sound-

ness of each reaction step (e.g., functional group compatibility).
Significance:  Ensures  routes  conform  to  chemical  knowledge,  reducing

infeasible paths.
Limitation: Depends  on  the  accuracy  of  rules  or  models;  high  computa-

tional cost; may not cover unknown reaction types comprehensively.
 Route diversity / Coverage. Proposed by Genheden et al.105 in 2020.
Definition: Measures the number or variability of different routes generated

for the same target molecule.
Significance: Evaluates the algorithm’s exploration capability and provides

multiple alternative routes.
Limitation:  High  diversity  does  not  guarantee  high-quality  routes;  some

may be less feasible.
 Search  efficiency  /  Computational  cost. Proposed  by  Segler  et  al.16 in

2018.
Definition:  Records  time,  search  tree  size,  or  computational  resources

consumed to generate complete routes.
Significance: Measures  practical  usability  and  guides  algorithm  optimiza-

tion.
Limitation: Does not assess route quality or chemical plausibility.
 Score / Reward metrics. Proposed by Segler et al.16 in 2018.
Definition: Combines factors such as path length, building block availability,

and reaction feasibility into a single numerical score.
Significance: Enables simultaneous optimization of multiple objectives and

improves search efficiency.
Limitation:  Depends  on  empirical  design;  weighting  choices  influence

results and may bias certain metrics.
 Scalability / Generalizability. Proposed by Segler et al.16 in 2018.
Definition:  Tests  algorithm  performance  on  different  target  molecules  or

within larger chemical spaces.
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Significance:  Measures  applicability  range  and  transferability  of  the
method.

Limitation:  High  experimental  cost;  difficult  to  quantify  precisely;  affected
by dataset bias.

 Limitations of current evaluation metrics
Although  single-step  and  multi-step  metrics  provide  necessary  baselines

for  method  comparison,  they  are  generally  biased  toward “agreement  with
literature/annotations” or “existence of a theoretically closed path”,  and they
fail  to  fully  capture  the  multi-objective  decision  criteria  that  practicing
chemists care about.113 Specific issues include:

Top-k/high match rates  tend to  favor  high-frequency,  well-reported reac-
tions,  potentially  suppressing  recognition  of  novel  but  practically  superior
routes.  This  means  models  optimized  for  Top-k  may  reproduce  common
literature pathways while  missing more economical,  safer,  or  scalable  alter-
natives.113

Route Success (or Route Solvability) only indicates that a closed sequence
of  transformations  exists,  but  it  does  not  distinguish  economically  viable
pathways  from  those  that  are  theoretically  possible  yet  impractical  due  to
reagent  or  intermediate  cost,  hazardous/toxic  reagents,  extreme  conditions,
or  poor scalability.  In practice,  a route that  is  synthetically  feasible on paper
may  be  unacceptable  for  scale-up  or  in  a  regulated  production
environment.153

Environmental  and  sustainability  aspects—such  as  atom  economy,  E-
factor,  solvent  toxicity,  and  overall  process  mass  intensity—are rarely  inte-
grated  into  standard  retrosynthesis  benchmarks,  despite  being  central  to
“green-by-design” decision  making  in  industry.  Metrics  focusing  solely  on
step count or matching with literature miss these important trade-offs.155

Intellectual  property  (IP)  and  patent  risk  are  almost  never  considered  in
current  automated  evaluations,  yet  IP  constraints  materially  affect  route
selection  in  industrial  contexts.  A  high-scoring  route  by  Top-k  or  Route
Success may nevertheless be blocked by patent encumbrances, reducing its
real-world  usefulness.  Incorporating simple patent-risk  proxies (e.g.,  overlap
with known  patent  claim  coverage)  can  materially  improve  practical  rele-
vance.144

Metric  heterogeneity  and  dataset  source  inconsistencies  (e.g.,  different
purchasable-starting-material libraries, time-dependent price lists, and differ-
ing  yield  definitions)  produce  poor  comparability  across  studies.  Without
standardized  normalization  and  clear  reporting  of  dataset  versions  and
supply/pricing  assumptions,  cross-paper  comparisons  are  of  limited
value.87,93

To  bridge  this  gap,  future  frameworks  should  incorporate  multi-objective,
practice-oriented metrics that  complement traditional  baselines.  These may
include:

Cost  and  scalability  proxies  estimating  reagent  prices  and  process
complexity;

Safety and sustainability indices integrating green chemistry principles; and
Novelty/IP awareness scores assessing patent  overlap and route unique-

ness.
By combining  these  computable  proxies  through  transparent  normaliza-

tion  and  reporting,  retrosynthesis  evaluation  can  move  closer  to  the  real
objectives  of  chemists—efficiency,  safety,  environmental  responsibility,  and
innovation—rather than mere dataset agreement.

 CHALLENGES AND  FUTURE  DIRECTIONS  IN  INTELLIGENT  RETROSYN-
THESIS

In  recent  years,  artificial  intelligence–driven  retrosynthetic  planning  has
made remarkable progress, yet several fundamental challenges remain unre-
solved. One major limitation is the insufficient consideration of side reactions,
which often occur in parallel with the desired transformation and can signifi-
cantly  reduce  yield  or  even  prevent  the  main  reaction  from  proceeding.156

Current  models  generally  assume  idealized  reaction  conditions  and  neglect
these competing pathways, thereby overestimating the feasibility of predicted
routes.  Another  critical  issue  lies  in  the  low  quality  of  reaction  datasets.
Widely  used  sources  such  as  USPTO,  Reaxys,  or  Pistachio  are  known  to
contain noisy  entries,  including  incorrect  atom mappings,  missing  or  incon-
sistent reaction conditions, and publication bias toward successful reactions.

These deficiencies directly hinder the generalization ability of machine learn-
ing  models  and  compromise  their  reliability  when  applied  to  real-world
synthesis.

Moreover,  current  retrosynthetic  design  methods  predominantly  optimize
for  synthetic  accessibility,  i.e.,  whether  a  route  can  be  traced  back  to
commercially available  starting  materials.  However,  they  often  fail  to  inte-
grate reaction yield and experimental conditions into the optimization frame-
work.  This  omission  leads  to  routes  that  may  be  theoretically  valid  but
impractical in  the  laboratory,  where  yield,  solvent  choice,  temperature,  cata-
lyst,  and  reagent  compatibility  critically  determine  success.78 On the  repre-
sentational  side,  most  state-of-the-art  models  rely  on  two-dimensional
molecular graphs or linear string notations such as SMILES.28 While effective
for  capturing connectivity,  these representations overlook three-dimensional
structural  features,  such  as  stereochemistry  and  conformational  effects,
which play a decisive role in regioselectivity and enantioselectivity. The lack of
3D awareness often causes prediction errors in complex synthetic scenarios.

Looking forward,  advancing retrosynthetic  prediction requires the integra-
tion of side reaction prediction modules, capable of recognizing and quantify-
ing  competing  pathways  to  better  approximate  experimental  reality.  At  the
same  time,  the  community  must  prioritize  the  development  of  high-quality,
standardized,  and  richly  annotated  datasets,  ensuring  that  atom  mapping,
conditions,  and  reaction  outcomes  are  consistently  recorded.  Furthermore,
retrosynthesis should evolve from single-objective optimization toward multi-
objective frameworks, simultaneously balancing accessibility, yield, cost, and
operational  feasibility.  Finally,  progress  in  molecular  representations  that
incorporate  3D  information—potentially  through  graph  neural  networks
augmented  with  geometric  encoders  or  multimodal  learning  strategies—will
be essential for capturing stereo electronic effects and improving both accu-
racy  and  interpretability.  Together,  these  advances  are  expected  to  push
retrosynthetic  prediction  toward  greater  robustness,  practical  utility,  and
seamless integration into automated chemical synthesis platforms.
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