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Navigating structure-based drug
discovery with emerging innovations in
physics- and knowledge-based
approaches
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Structure-based drug design is rapidly evolving, driven by advances in both physics-based and
knowledge-based methods. These computational approaches are increasingly integrated across all
stages of drug discovery. Despite remarkable progress, challenges remain in achieving accuracy,
generalizability, computational efficiency, and chemical synthesizability. In this review, we provide a
critical overview of advances, strengths, and limitations of recentmethods.We also discuss synergies
between the two concepts that hold promises for future advancements towards their practical
applicability.

Computational approaches have become increasingly involved in all the
steps of drug discovery, from target identification to chemical library design
and hit discovery and optimization1–7. Structure-based virtual screening
(SBVS) grounded in physical principles has long been an essential part of
drug discovery8–10. Recently, major breakthroughs have been achieved in
scale andpractical utility11–13. Inparallel, the accumulationof liganddata and
the advances inmachine learning approaches have improved predictions of
compound properties, including synthesizability3, physicochemical14,15 and
pharmacokinetics16, and in some cases, target binding and activity, showing
utilities in lead optimizations2, drug repurposing17, and discovery of new
hits. Pure ligand-based approaches, however, require extensive target/
domain-specific bioactivity data, available only for targets with already
thoroughly studied pharmacology18–21. Because drugs act by specifically
binding to their biological targets, a detailed structural understanding of
these interactions will therefore benefit ligand-target activity prediction and
generalization across chemotypes and target classes22,23. Computational
structure-based drug discovery, in general, uses atomistic high-resolution
structural information on the target, whether derived experimentally from
crystallographic and cryo-EM data24, or from modeled structures25,26, to
predict ligand binding poses and affinities (Table 1), and prioritize chemical
compounds for synthesis and experimental testing. At the initial hit dis-
covery stage, computational methods are employed to screen for a set of
likely binders from vast diversity libraries or chemical spaces too large to be
handled experimentally. The hits found at this stage are expected to have
activities in the sub-micromolar to high-micromolar range. At the hit-to-
lead optimization stage, goals then shift to the development of quantitative

structure-activity relationship (QSAR) models, balancing potency and
pharmacological properties, with compounds refined by structure anddata-
guided medicinal chemistry approaches27.

Computational methods in structure-based drug discovery can be
broadly divided into physics-based and knowledge-based approaches.
Physics-based methods aim to accurately estimate the binding free energy
(BFE) via simulations with electrostatic, Van derWaals, and other physical
terms parameterized in closed forms using higher-level ab initio (e.g.,
quantummechanics) data. However, in practice, particularly for molecular
docking approaches, empirical terms like hydrogen bonding, pi-pi, and
hydrophobic interactions are often introduced to approximate true quan-
tum and entropic effects28. The scoring functions are also composed of
physical forms fitted against benchmark data, often referring to experi-
mental binding affinity data. Active research in physics-based methods
continues, with improved force fields29–33, scoring functions28,34, and appli-
cations of free energy perturbation theories35–37. On the other hand, the
rapidly growing collection of structural and bioactivity datasets are opening
opportunities to develop sophisticated knowledge-based models capable of
handling diverse targets and ligand chemotypes24,38,39. Knowledge-based
models may be interpreted as statistical potentials40, with parameterized
putative energy terms approximating the log likelihood of the inputs, solely
derived from datamade of empirical or experimental sources (e.g. observed
binding geometry, binding affinities, et cetera). The output of a knowledge-
based scoring function then represents the significance of a binding inter-
action on the observed distribution. However, as demonstrated by several
recent assessments, knowledge-based methods are doped with specific
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challenges41–43. First, these potentials are prone to deviations in ligand
geometry, stereochemistry and steric clashes, which physics-based poten-
tials explicitly guard against. Secondly, unlike linearly regressed physics-
based potentials and scoring functions that have a very limited number of
parameters fitted, these knowledge-based methods can invoke neural net-
works withmillions of parameters. The overfitting issue, unfortunately, was
masked by contaminations among data splits in common benchmarking
datasets41,44–48, which often leads to inflated apparent generalizability of the
methods. Therefore, efforts in software and algorithmic development
should be balanced with a better understanding of the underlying physical
phenomena and of the strengths and weaknesses of datasets.

In all regards, while computational structure-based drug discovery has
gainedmainstream interest in bothpharma andacademia, it is undergoing a
major change of paradigm. We argue that the merits of computational
methods can be dissected into four criteria of success, namely Accuracy,
Scalability, Synthesizability, and Generalizability (Fig. 1). Ideally, the best
methods should predict highly potent, synthesizable drug-like compounds
within reasonable time andmemory requirements, considering the costs of
computing; they should also be able to generalize across unencountered
scenarios absent in the training data. This review will focus on some recent
progress in physics-based and knowledge-based approaches, striving
towards these goals. In the following sections, we will first discuss the scope
of data available, then move on to contextualize aspects affecting the
accuracy, scalability, and synthesizability of methods. Finally, we will also
touch on several emerging solutions to combine physics- and knowledge-
based methodologies in a synergistic manner.

Data and Benchmarks
Sources of data are primarily structural and bioactivity data, either compiled
and integrated from literature and patents, or generated on scale through
systematic efforts49 (Table 2). In physics-based methods, these datasets are
mostly reserved for benchmarking and validation, with exceptions in
molecular docking approaches,while in knowledge-basedmethods, they are
the sole foundational resources for model training. Benchmarking of
methods on these data can be retrospective, blind, or prospective. In this
section, wewill introduce some of these data sources and discuss steps taken
by the community to expand their diversity and to reduce their intrinsic
biases. We will also discuss the evolving formats of retrospective and pro-
spective benchmarks in recent years.

Structural data
The largest volume of publicly available structural data is curated by the
Protein Data Bank (PDB)24, though many companies also maintain their
own structural biology programs, keeping most results private. The PDB
atomic coordinates are interpretations from experimental data, mostly

produced by crystallography or cryogenic electron microscopy (cryo-EM).
Quality metrics, such as resolution, are explicitly declared in PDB entries.
However, other relevant information, such as protonation50, charges51,
alternative sidechain conformations52,53, and unassigned densities usually
will require additional interpretation54. For instance, cryo-EM maps
determined at near-atomic (1.9–2.5 Å) global resolution may contain parts
resolved with much lower local quality due to the intrinsic flexibility or
radiation damage55–57. Practically, the reliability of physics-basedmethods is
highly contingent on the accuracy of binding pocket modeling. As a result,
significant effort is typically devoted to assessing the quality of modeled
pockets at the outset of any drug discovery campaign58. Several indicators,
such as the temperature factor andmore recently LIVQ score55,57 and DAQ

Table 1 | Glossary of common terms

Glossary Explanatory Remarks

Apo A protein in its unbound form, lacking a ligand in the pocket targeted by drug discovery.

Holo A protein with a ligand in the pocket targeted by drug discovery.

Pocket A specific region on the target protein, usually a cavity, where a ligands can specifically and selectively bind through non-covalent or covalent
interactions and modulate biological activity.

Ligand Amolecule that binds specifically to a protein target through non-covalent or covalent interactions. Ligands can be endogenous or synthetic
compounds (e.g., drugs or probes) designed to interact with a target to modulate its function or activity.

Hit discovery The initial phase in the drug discovery to identity active compounds in high-throughput screening, fragment-based screening or virtual
screening.

Hit-to-lead optimization Chemical modification of the identified hits to improve their binding and functional activity, selectivity, pharmacokinetic profile, and reduce
off-target effects.

Retrospective Benchmark An assessment of methods using historical data with known outcomes, useful in ongoing optimization and validation of prediction methods.

Blind Benchmark An assessment where the ground truth is known only to the organizers but withheld from participants.

Prospective Benchmark An assessment, where experimental results are generated after computational prediction, imitating the real drug discovery process.

3D pharmacophore A spatial arrangement of most important steric and electronic features representing a molecule or a series of molecule.

Fig. 1 | The criteria for success in the development of structure-based drug
discovery software, namely Accuracy, Scalability, Synthesizability and General-
izability, are depicted as four axes. Two hypothetical computational methods (red
and blue triangles) are depicted. The method in red produces potent virtual che-
micals with high scalability, but the predicted virtual chemicals are not synthesizable.
The method in blue is more resource-demanding and thus less scalable, but its
outputs are relatively accurate and highly synthesizable. While the method in red is
slightly higher in accuracy within its domain of training data, it suffers in general-
izability when being applied to an unencountered scenario.
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score59 may reflect on these local qualities. These indicators play a critical
role in decidingwhether a givenprotein structure is suitable for downstream
modeling and can influence both the initiation of a structure-based project
and the inclusion or exclusion of particular datapoints from training sets or
virtual screening campaigns. Besides, individual structures in PDB provide
only one snapshot of an otherwise quite dynamic molecular system; a col-
lection of structures for the same or similar proteins in different complexes
and functional statesmayalso give insights into ligandbinding siteflexibility
and induced fit effects60. (See below section “Molecular induced-fit and
co-folding”).

Bioactivity data
Ligandbinding or bioactivity data are compiled from literature, patents, and
donated datasets in several public databases, including PubChem61,
ChEMBL39 andBindingDB62.As of its latest 2025 release,ChEMBLcontains
over 24.2 million bioactivity records for 2.8 million unique compounds,
making it the largest publicly available repository of bioactivity38,63. It
includes quantitative bioactivity data for ligands and their corresponding
targets, such as Ki, Kd, IC50, or EC50 values, manually extracted from lit-
erature, andpresented in the ‘pChEMBL’ column in a standardizednegative
logarithmic scale. Additional compounds can be found in patent databases,
such as SureChEMBL64 and BindingDB62, although patents often omit
activity data for ligands and conflate active and inactive compounds.When
workingwith suchdatasets, caution should be applied in integrating activity
data from different assays, laboratories, conditions, modes of action, et
cetera, which are subjected to variation and noise, e.g., for ChEMBL, it is
advised to use only entrieswith highConfidence Scores, focusing onKi data,
or implement additional custom filters65,66. Despite these caveats, these
databases provide invaluable sources of ligand activity data for different
proteins. Within companies, the public datasets are further complemented
by proprietary in-house data. Notably, federated learning approaches have
recently enabled training on these confidential datasets without necessi-
tating data disclosure among houses67. At the same time, recognition of
scarcity and limited quality of ligand binding data has led recently to several
commercial andpublic initiatives to generate ligand binding data for diverse
targets systematically and at scale, e.g., Target 203568.

Overlaps between structural and bioactivity data
Currently, about 24,000 structural data in the PDB are associated with
activity data for ligands in ChEMBL69. This count naturally excludes certain
entities, such asmetabolites, ions, solvents, andwater, that ubiquitously exist
in PDB but are not considered specific or drug-like ligands. Structural and
bioactivity data are integrated in specialized databases, such as PDBbind70,
where the overlapping data are systematically categorized by quality and
diversity filters. For instance, in PDBbind 2020, a “Refine Set” (~5500

complexes) was selected from the ‘General Set’ ( ~ 23,000 complexes) by
applying quality filters on structural and bioactivity records; the “Core Set”
complexes (~300 complexes) are representatives from sequence similarity
clusters71,72 of the “Refined Set”. The “Core Set” has been employed as the
primary test set in the CASF benchmark for evaluating various scoring
functions48. Additionally, patent records on BindingDB are also juxtaposed
with ~10,000 structures available in the PDB. Notably, many structures are
not resolvedwithprotein sequences exactlymatching the bioactivity records
due to mutations or orthologs. In ~5000 such cases, BindingDB provides
structures with sequence identity greater than 85% to the proteins used in
assays, although this may introduce some additional errors, e.g., due to
mutations affecting ligand activity.

Cross-validation practices
Ligand activities are correlated among targets sharing similar structures. As
a result, a realistic benchmark, intended to assess generalization on truly
unencountered targets, should have similar targets grouped and completely
segregated between training and test sets. This data stratification practice
and the ambiguous measure of similarity may be derived from metadata,
such as sequence similarity clusters71,72 curated on the PDB. As expected,
and broadly discussed by the community, the absence of proper data stra-
tification between training and test sets can adversely overstate performance
and generalization capacity inmachine learning. For instance, it was shown
in Kramer et al.44 that while a method trained on the “Refined Set” of
PDBbind achieves a Pearson correlation of 0.77 when tested on the “Core
Set”, its performance can drop to 0.46 when proteins with 90% BLAST
sequence similarities were excluded from the training set. The nested
similarity between “Core Set” and “Refined Set” is obvious, as the “Core Set”
was selected from representatives of the “Refined Set”, therefore, simple and
commonly used index-splitting practices (e.g., excluding exactly over-
lapping entries from the “Core Set”) allowmajor information leakage from
training to test sets. Indeed, recognizing this issue, the PDBbind authors
have conducted a thorough investigation and provided a standardized
training/test split considering pocket similarity73. Recently, some of these
aspects were re-examined in the context of cross-fold validations. For
instance, in CrossDocked 2020, clustered cross-validation folds referencing
Kramer et al.44 were adopted by grouping targets with over 40% sequence
identity into distinct clusters, which were then randomly assigned to folds
for 3-fold cross-validation. Similar practices can be found in earlier
research44,47,74. This assures that targets with sequence similarity (i.e., a high
fraction of identical residues after multiple sequence alignment) are not
shared across training/testing sets, assuming that pocket similarity is par-
tially covered by sequence identity. However, as ligand-target interaction
can occur at the interface of segment(s) of biopolymer(s), data stratification
by constructing, pruning and clustering similarity graphs of binding site/

Table 2 | Examples of databases relevant to structure-based drug discovery

Database (Year
Updated)

Data Content Estimated Number of Relevant Data Entries Reference

PDB (2025) Experimental structural data with
systematic validation

~30 thousand ligand-target complexes 24

ChEMBL (2025) Experimental activity data from
literature and donated datasets

~24 million records for ~2.8 million compounds 38,39,63,64

BindingDB (2024) Experimental activity data from
literatures and patents

~2.9 million records for ~1.3 million compounds, where ~1.4 million records are
distinguished from ChEMBL

62

PDBBind (2020) PDB structural data and ChEMBL
activity data

~24 thousand, ~5500, ~300 ligand-target complexes in the ‘General Set’, ‘Refined
Set’ and ‘Core Set’ respectively.

70,73,94

CrossDocked (2020) Structural data provided by cross-
docking

~22.5 million poses, positive and negative examples, generated from ~14
thousands ligand and~3000pockets. The cross-validation foldswereproducedon
clusters of target sharing >40% sequence similarity.

45

PoseBusters (2024) Selected PDB structural data 308 unique protein–ligand complexes from PDB, each containing a unique ligand,
stratified by various levels of sequence similarity

41

PLINDER (2024) PDB structural data with extensive
annotations

~449 thousand protein-ligand interaction entries, including cofactors, lipids, and
sugars, stratified by various levels of sequence similarity

42
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sequence(s) can be a very involved, but worthwhile, exercise44,45,60,73,75.
Recently, the PLINDER-PL50 dataset42 has been announced to contain
extensively annotated PDB structural data comprising approximately
449,000 protein-ligand interaction systems, including common cofactors
and sugars (e.g., ATP and NAG). These additional data can be useful for
model training, but caution should be exercised, as ligands that arenot drug-
like are abundant in the dataset. The PLINDER database also provides
correspondence among holo, apo and predicted structures, facilitating
analysis of induced-fit inference scenarios. The PLINDER-PL50 dataset42 is
constructedby stratifying onpocket similarity clusters, accounting sequence
similarity for residues within the holo pocket after multiple sequence
alignment with MMSeqs272 or Foldseek76, whichever is higher. Most
recently, in Runs N’ Poses77, a subset of PLINDER, stratified by a combined
ligand-pocket similarity metric, was introduced as a test set, showing that a
strong dependence of prediction success on similarity to known ligand-
receptor pairs persists even for state-of-the-art co-folding methods like
AlphaFold3 and Boltz. These developments are positive steps towards a
debiased assessment of methodologies, with the recognition that further
major community efforts are needed to achieve robust benchmarking of
binding pose and affinity predictions43.

Negative data
Most applications are tasked, first and foremost, with separating bin-
ders from non-binders. However, negative data, i.e., data on com-
pounds that do not bind to or exhibit activity against a target, often go
undocumented and thus remain scarce in records. Apparently, non-
binders are not resolved in high-resolution experimental structures of
the receptor pocket either. This absence of negative data creates a sig-
nificant label imbalance, posing challenges for the training and eva-
luation of structure-based computational models. For benchmarking
applications aimed at virtual ligand screening, especially screening
ultra-large and giga-scale libraries11,13,78, negative examples must be
curated. A common strategy for augmenting negative data, pioneered
by the Directory of Useful Decoys (DUD) family of datasets79–81

involves selecting decoys for each target randomly from a large che-
mical pool of compounds that have physicochemical properties similar
but topologically dissimilar to the positive examples. For instance,
DUD-E contains 22,886 active compounds targeting 102 proteins from
ChEMBL, each paired with 50 property-matched decoys drawn from
ZINC82. The criteria for decoy selection were designed to counteract
biases in scoring functions for physicochemical properties, such as
molecular weight, solubility, net charge, number of rotatable bonds,
and hydrogen bond donors/acceptors. Recently, DUD-Z addressed
additional biases, such as those related to scaffold diversity80. These
datasets were widely used for benchmarking target models in compu-
tational programs83–85, and more recently, several knowledge-based
approaches86,87. DUD also explores the cross-docking hypothesis88,
which postulates on the scarce specificity of ligands to only a few tar-
gets, even when binding pockets share similarities. This idea was later
pursued in the CrossDocked2020 dataset45 where supposedly active
ligands sourced from PDBbind were cross-docked against their non-
cognate targets using Smina89. The dataset comprises ~22.5 million
poses, almost evenly split between cross-docked examples and defective
binding poses. This presents efforts to relieve the scarcity of negative
structural data with a computational surrogate. Notably, the cross-
docking hypothesis can also be harnessed in reverse screening or target
fishing scenarios48,90,91, which evaluates a scoring function on their
ability to retrieve known binding targets from a background of largely
unrelated proteins, using the ligand as the query. This helps to guard
against confirmation bias, or colloquially the “yes-man” problem,
where a model consistently favors expected outcomes without genuine
discriminative power. Such reverse screening can be useful in drug
repurposing and in explaining ligand selectivity and poly-
pharmacology. A more detailed comparison of methods for reverse
screening power was discussed in the reference48.

Retrospective, blind, and prospective benchmarks
Efforts in developing better benchmarks, including retrospective, blind, and
prospective assessments, are essential in efforts to further improve com-
putational practices. Retrospective benchmarks discussed above, e.g.,
PDBBind, BindingDB, and PLINDER, are based on previously published
experimental data, where all information is released to developers to enable
fast ongoing evaluation/optimization of model performance. Blind bench-
marks are organized assessments where ground truths are known to orga-
nizers but withheld from participants. Examples include Drug Design Data
Resource Grand Challenge (D3R)92, Comparative Assessment of Scoring
Functions (CASF)48,93,94 GPCR Dock95 (GPCRD). Finally, prospective
benchmarks are assessments on targets and ligands for which no experi-
mental results exist at the time of prediction. An example of truly pro-
spective assessments is Critical Assessment of Computational Hit-finding
Experiments (CACHE)4. Performances of computational methods are
usually assessed in terms of their (1) “docking power” (ability tomatchwith
experimental binding pose), (2) “scoring power” (ability to correlate linearly
with experimental binding affinity), (3) “ranking power” (ability to repro-
duce relative ranking of ligands according to their experimental binding
affinities) and (4) “screening power” (ability to discriminate true binders
from random molecules), with standard metrics and statistical
tests48,93,94,96,97. Challenges inmastering these powers are well-pronounced in
community-wide assessments. For instance, in the latest D3R Grand
Challenge 4 concluded in 2020, participants were asked tomake predictions
on 154 ligands targeting beta-secretase 1 (BACE1)92. BACE1 is well known
for its vast array of structural ( > 300 co-crystals at the time of assessment)
and activity data; the given ligands were also known—but undisclosed—to
vary in activities ranging fromnM to µM.Despite so, results aremixed, with
the best methods achieving docking power within 0.5 angstrom in root-
mean-square deviation (RMSD) but much less impressive ranking and
scoring power with Kendall’s τ less than 0.4 and root-mean-square error
(RMSE) exceeding 1.3 kcal/mol. The recently introduced CACHE
assessments4,98 play a pivotal role in benchmarking computationalmethods,
as they closely mimic the pipeline of modern drug discovery for given
targets. CACHEaims at assessingmethods for the prospective identification
of new hits and follow-up compounds from vast commercially accessible
chemical libraries, such as Enamine REAL and ZINC20, containing billions
of compounds. The predicted compounds, 100 from each participating
group, are synthesized and tested in vitro, and the best validated hits can be
optimized in a roundofhit expansion. So far, resultsof thefirst fourCACHE
assessments have been published targeting the WD40 repeat domain of
LRRK2 (#1), RNA binding site (#2) and macrodomain (#3) of the NSP13
helicase of SARS-CoV-2, and epigenetic target SETDB1 (#4), with experi-
mental part of CACHE #5-6 ongoing, and CACHE #7 announced. The hit
rates in the first four assessments were low, even for the most successful
methods, and the best compounds were found in micromolar or even >
10 µM range, reflecting challenging targets selected for CACHE to explore
frontier problems. In particular, hit rates for the bestmethods inCACHE#1
and #2 are still rather low at 3.7% and 9% respectively. Interestingly, results
across D3R, CASF, and CACHE all indicated that hybrid workflows,
incorporating knowledge-based andphysics-basedapproaches, consistently
achieve the most successful outcomes5,48,86, as will be discussed later.

Accuracy
Physics-based approaches are grounded in the concept of BFE (BFE, ΔG),
reflecting the “strength” of binding as a statistical average in some idealized
conditions99. The value of ΔG can be related to the experimental mea-
surement of binding affinity (dissociation constant Kd) in that ΔG=RT
ln(Kd) equates in a two-state system (bound/unbound) at a defined tem-
perature T, where ΔG=ΔH – TΔS is made of enthalpy H and entropy S.
Notably, experimental affinities that differ by several thousand folds (e.g.,
nM versus µM) would imply substantial differences in the BFE, with each
ten-fold change corresponding to 1.36 kcal/mol inΔGat room temperature.
Fundamentally, the distributive nature of these terms would require some
forms of energy evaluation and stochastic sampling, where convergence is
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hard to achieve, so it is often approached by some rough approximations.
For instance,molecular docking scoring functions,which comprise physics-
based interaction terms, such as electrostatics, van der Waals, bond defor-
mation, and torsional strain, often have their weights fitted against experi-
mental binding affinities. However, it is well known that the sum
decomposition of free energies into interaction terms is at best a first-order
approximation100,101. As a result, while these scoresmaybe useful for ranking
compounds, any accuracy claims that equate docking outputswith rigorous
free energy computations shouldbe treatedwith caution.On theotherhand,
knowledge-based methods or scoring functions can be defined completely
independently of physical context or functional forms, solely relying on
distributions learned from the data. For instance, they may use structure-
affinity datasets or, more commonly, binding poses alone to estimate the
fitness of a given pose in specified pocket coordinates. In recent years,
knowledge-basedmethods have also enabled the sampling of binding poses
based on a trained knowledge-based function. This may help to soften
limitations in the closed-formphysics-based scoring function for effects that
areunknownordifficult tomodel. This sectionwill focuson factors affecting
the accuracy of physics-based scoring methods and some recent develop-
ments in knowledge-based methods.

Evaluation of energy
The gold standards for energy evaluation are quantummechanical (QM)
methods utilizing coupled cluster (CC) theory, arguably followed by
Møller–Plesset perturbation theory (MP) and density functional theory
(DFT)102,103. While the high cost of these methods has limited their
applicability to systems with fewer than 100 atoms, c.f. a typical pocket
with 400–600 atoms, QMmethods remain indispensable “ground truths”
for development of force fields. (n.b., highly simplified QM methods are
not necessarily more accurate than force fields104.) The motivation for
developing these closed-form functions akin to classical interpretation is
the reduction of computational cost from staggering O(N7) to O(N2) or
even O(N) as in methods for electrostatics calculations105,106. Most major
force fields, for example,MMFF9430, OPLS329, GAFF107 andCHARMM108

were fitted against MP data, OPLS3e109 was fitted against DFT data. Many
of these molecular mechanics (MM) force fields were also tested against
CC level data. For instance, OPLS3 was compared on the Genentech
torsion benchmark110, achieving RMSE of 1.02 kcal/mol111. Beyond dis-
tinction in qualities of the QM data, there are certain aspects in force field
construction that are subjected to artisanship112,113, concerning atom-
typing, torsion-typing, partial charge modeling, virtual site assignment,
and treatment of polarizability31,109,112–114. Some quantum effects are
essential in modeling noncovalent interactions observed in medicinal
chemistry, such as sigma-holes, edge-to-face and aromatic stacking115–117.
Besides, torsional barriers can exhibit correlations across neighboring
groups118 and are influenced by long-range electronic effects119–121, in
particular by attractive dispersion in Van derWaals interactions, making
it challenging to capture accurate torsion profiles using a simple Fourier
expansion of a predefined torsion type. To address these limitations,
empirical corrections were introduced in grid-based spline fitting meth-
ods, such as the CMAP correction in CHARMM118, or ICMFF
approaches31,122,123 to refine torsional potentials. However, these methods
would generally require case-by-case, conformation-by-conformation
QMdata, and in some cases experimental data, such asNMRcoupling, for
refitting each specific system. These approaches, though, are primarily
applicable to highly repetitive and debatably well-behaved polymers, such
as peptides, where consistent torsional behavior can be systematically
parameterized.

Recently, the rapid rise in computing resources and growing avail-
ability of ab initio data have led to the development of neural network
potentials (NNPs), such as ANI124 andMACE125, which aim to enhance the
approximation of energies and forces withmore explicit physical functional
forms parametrized using non-linearly activated neural networks rather
than linear weights. Beyond the difference in parametrizationmethods and
possibly applications of variational fitting approaches or other machine

learning techniques126–128, the NNPs also differ from traditional force fields
in that the in-situ geometry, chemical elements, and net charges are used as
the functional input to derive parameters in an end-to-end differentiable
manner to replace the pre-determined atom-typing/torsion-typing exercise.
This differs from the traditional force field in that the parameters in tradi-
tional force fields are invariant to geometry after training or post-hoc
decisions. Different NNPs also vary in the representation of atomic envir-
onments to describe in situ geometry129. For instance, ANI124 and
AIMNET127,130 leverage the Behler-Parrinello atom-centered symmetry
function131 to encode local structural information, characterizing intera-
tomic distances and three-body angles within a neighborhood of 4.6A and
3.1 A; respectively. In MACE15,125, tensor products and contractions in real
spherical harmonics are directly used to describe body-order features up to a
user-defined degree to assimilate many-body features, serving similar roles
to the use of torsion angles in traditional force fields. A key advantage of the
atomic cluster expansion132 (ACE) framework used in MACE is that its
inference cost scales linearly with the number of neighboring atoms, in
contrast to the combinatorial scaling of an unrefined multipole expansion.
Moreover, ACE is systematically improvable in the limit of body-order and
polynomial basis expansion, offering a highly expressive representation of
atomic interactions132. Both of these methods have reached milestones of
sub-kcal/mol accuracy, reportedly surpassing forcefields, suchasGAFFand
OPLS29,107,109, and have been successfully applied in tasks, such as strain
energy calculations andmolecular dynamics simulations.Notably, concepts
in multiscale computation133, such as QM/MM134, which apply high-
accuracy QMmethods to chemically critical regions (e.g., the ligand) while
treating surrounding environments with lower-cost MM methods, have
been extended in several variants, with additional modeling techniques,
such as delta-learning, that replace the MM contribution (as in QM/MM-
NN135 and HDNNP136) and/or the QM contribution (as in ANI/EFP119 and
ML/MM137) with NN potentials. These advancements aim to generalize
energy calculations for chemically diverse or previously uncharacterized
systems while maintaining computational efficiency. However, the sensi-
tivity of QM/MM methods to hyperparameters, such as charge models at
the QM/MM boundary and numerical quadrature settings in DFT inte-
gration, must be carefully assessed to enhance reliability and
standardization138.

Evaluation of binding free energy
The estimation of the BFE ΔG can be performed by applying the free
energy perturbation (FEP) formula of Zwanzig139,140 or separately by
applying the thermodynamic integration (TI) formula of Kirkwood141

and possibly many other methods, such as MM/PBSA142–144. In these
approaches, the fundamental idea is to exploit the fact that the free
energy is a state function, allowing one to compute the BFE between two
end states via some intermediate states, without numerically con-
fronting the partition functions145,146. As a result, most FEP and TI
exercises require design of thermodynamic cycles (i.e. design of inter-
mediate states with a goal to empirically facilitate convergence) and
running a series of molecular dynamics (MD) or monte-carlo (MC)
simulations to estimate differences in potential energies145. The two end
states are typically the bound state (ligand staying in the pocket) and the
unbound state (ligand in the bulk solvent). The intermediate states can
be non-physical, for instance, implemented by gradually morphing
(perturbing) force-field parameters and interaction energies to convert
between the two end states. These intermediates form a network, which
also refers to as the FEP map. Practical FEP calculations can be broadly
categorized into computation of absolute BFE (ABFE) and relative BFE
(RBFE). While ABFE compares the raw BFE (i.e., ΔG) between bound
and unbound states for each ligand on the same target (and may
potentially extend to comparison on different targets), the RBFE
focuses on the relative differences in BFE (i.e., ΔΔG) among pairs of
ligands. In ABFE, the thermodynamic cycle is designed to cover mul-
tiple gradual changes in interaction parameters for a single ligand in
bulk solvent and pocket, with additional steps to account for spatial
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restraints (see Fig. 2 from reference147). This can involve a huge per-
turbing step when the electrostatic and Van der Waals interactions
involving the whole ligand in bulk solvent and in the pocket are turned
off. In contrast, the RBFE is not computed by subtracting individual
ABFEs, but by redesigning a thermodynamic cycle that involves two
ligands (see Fig. 1 from reference148) such that the perturbation steps
only concern switching between the mutating part of the ligands
instead of swapping entire ligands to enhance convergence. Hence, in
RBFE, the FEP map is commonly chosen within a chemically similar
congeneric series for the purpose of hit optimization. Current FEP
usage is often restricted to FEP maps of several hundred congeneric
compounds due to the costly simulations with explicit solvents and
membrane. Additionally, for ABFE, the sampling effort is also sub-
stantiated by the differences between the end states, assuming nomajor
induced fit from ligand binding149. Therefore, the majority of FEP
applications are focused on RBFE usage. Besides, it is also worth noting
that ABFE and RBFE require accurate knowledge of the end states and
the assumption that the binding location and pose, commonly obtained
from experiments or molecular docking, are largely preserved among
ligands6,150. Previously, Schindler et al. reported retrospective and
prospective RBFE data using the FEP+ pipeline151 on 19 in-house
targets, where 13 of them show acceptable scoring power
(RMSE < 1.5 kcal/mol or Kendall’s τ > 0.5)6. They also identified sub-
tleties in force-field specifications as a major determinant in accuracy
and anticipated that improvement in these dependencies will further
benefit accuracy. More recently, Ross et al.35 re-examined the maxi-
mally attainable accuracy in RBFE predictions by comparing FEP+
performance against the reproducibility of experimental assays across a
broad chemical and biological landscape. Unlike earlier efforts, which
excluded rare or narrow-ranged congeneric series (e.g. macrocycles,
charge-altering modifications, and buried water displacement events)
to minimize statistical noise, they deliberately retained such data to
maximize chemical diversity and alchemical transformation coverage.
This inclusive strategy allowed them to evaluate FEP+ on previously
underrepresented benchmarks. To evaluate the best accuracy of FEP+
achievable in a perfect setup, a large variety of protomeric, tautomeric,
rotameric, and ambiguous binding states were explicitly included in the
FEP map. This study concluded that the FEP+ can deliver predictive
accuracy approaching the empirical limits of experimental reproduci-
bility (discussed in refs. 65,66), typically around 1 kcal/mol, when best
practices in structure preparation and model setup are rigorously fol-
lowed. To conclude, FEP offers a powerful, theoretical framework for
estimating binding free energies in structure-based drug discovery.
With carefully constructed thermodynamic cycles and optimized
simulation protocols, especially within RBFE framework, these meth-
ods can approach the predictive accuracy of experimental assays.
However, limitations on force-field accuracy, sampling convergence,
and the reliability of binding pose assumptions still pose major

bottlenecks. Addressing these challenges will further extend the utility
and reliability of FEP-based methods. However, high computational
cost limits FEP applications to tens or hundreds of molecules and relies
on known binding poses of ligands.

Molecular docking with physics-based approaches
In practice, computational hit discovery tasks have been predominantly
driven by molecular docking approaches, which are based on sampling
ligand conformations to optimize scoring functions approximating ligand-
target interactions. Classical scoring functions are physics-based8–10,
meaning that the scoring function subsumes physical functional forms e.g.,
electrostatic and Van der Waals energies, although they can be reweighed
empirically and refitted to experimental data to achieve specific goals. In
general, a molecular docking protocol begins with interpretation of the
target and ligand structures, followed by minimization or Monte-Carlo
sampling of ligand conformations on a trained scoring function. The out-
comes are binding poses associated with scores. While these scores maybe
trained on experimental binding affinity data, they are, in general, very
rough proxies to the actual ΔG, at best a first-order approximation100, with
many empirical corrections, e.g., hydrogen-bonding terms28, to soften
imperfections in target structure or sampling procedures. In many algo-
rithms, such as DOCK152, GOLD153, and Glide154, target-ligand conforma-
tional sampling is limited to translational and rotational degrees of freedom
(DOFs) of the ligand, using a set of low-energy ligand conformers pre-
calculated separately. Other methods implemented e.g., in Molsoft ICM155,
AutoDock156 and RosettaLigand157 perform explicit sampling of torsional
variables in flexible ligands, formulating the problem as a global optimiza-
tion challenge. In some cases, the entropic contributions due to flexibility in
target/ligand conformation and solvent interactions are accounted only
implicitly by solvent screening and desolvation terms, e.g., through the
generalized Born/surface area model (GB/SA)158,159. The efficiency in sam-
pling is maintained through parallelization and implementations of meta-
heuristic optimization techniques160, including simulated annealing156,
biased probability Monte Carlo161, iterative local search28,154,155 and genetic
algorithms153. In programs, such as VirtualFlow12, a series of docking
algorithms can be applied with a stepwise increase of computational
intensity at different stages of the VS to progressively filter for more pro-
mising compounds.Many of these technologies are successfully deployed in
retrospective benchmarks and prospective screening campaigns. However,
as illustrated by results from the CACHE initiative, prospective hit rates
remain modest, highlighting the ongoing challenges in bridging docking
predictions with experimental success.

Rescoring with knowledge-based approaches
Recently, knowledge-based innovations were introduced to existing and
new molecular docking protocols86,162–164. For instance, in GNINA86,164,
candidate flexible ligand poses are first identified through AutoDock Vina
with an iterativeMonteCarlo search and are then re-ranked by knowledge-

Fig. 2 | Four hypothetical scenarios with
synthetic traps. Synthetic traps are indicated by “X”.
Synthetically accessible products are indicated by
“S”. Shades indicate products predicted to be syn-
thesizable with general reaction rules or synthesiz-
ability restraints. a Symmetric attachment points
with symmetric vocabulary of functional groups.
b Symmetric attachment points with asymmetric
vocabulary of functional groups. c Asymmetric
attachment points with symmetric vocabulary of
functional groups. dAsymmetric attachment points
with symmetric vocabulary of functional groups.

R1 R2 R3 R4

L1 X S X S

L2 X S X X

L3 S S S X

L4 X X X S

R1 R2 R3 R4

R1 X S X S

R2 X S X X

R3 S S S X

R4 X X X S

R1 R2 R3 R4

R1 X X S S

R2 X S X X

R3 S X S X

R4 S X X S

(c)

(a) R1 R2 R3 R4

L1 X S X S

L2 X S X X

L3 S S S X

L4 X X X S

(d)

(b)
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based scores deduced through an ensemble of convolutional neural net-
works (CNNs). The inputs to the CNNs are atomic coordinates of the
complex encoded as Gaussian-like densities on a 3D grid. These CNNs are
trained to classify binding poses based on their deviation from co-crystal
structures (e.g., above or below a 2 Å threshold), and to predict binding
affinities using data from PDBbind. GNINA is ranked among the top-
performing methods in the CACHE challenge #1165. One limitation of
GNINA’s voxel-based CNN approach is that rotating the binding pocket
can lead to different discretization (‘gridding’) and hence different predic-
tions. To address this, the training of GNINA is augmented with random
rotations164, which mitigates but does not fully resolve the issue. This lim-
itation can be overcome by including only rotationally invariant features
(e.g., radial distribution of atoms, distances and angles)166 or by carefully
incorporating tensorial interactions and produce rotationally equivariant
outputs (e.g., through implementations, such as equivariant graph neural
network167). In the latter approach, it also allows prediction of vectors in
addition to scalars.

Molecular docking with knowledge-based approaches
The sampling of ligand conformation, as presented in the molecular
docking paradigm, may be accomplished by a multitude of simulation
methods runningona trainedscoring function,where theobjective is tofind
several localminima. Recent developments in diffusionmodels have led to a
plethora of new molecular docking methods based on knowledge-based
scoring functions. The working principle of a diffusion model is to train a
neural network to learn the gradient of the distribution through a denoising
mechanism. In inference, this learned gradient is used to guide particle
sampling dynamics, replacing the costly explicit gradient evaluations from
physical potential as done in other metaheuristic alternatives. In
DiffDock162, a diffusionmodel trained to infer actions (rotation, translation,
and torsion), through the use of an equivariant graph neural network167, to
reproduce ligand poses starting from a random pose and, separately, a
‘confidence model’ is trained to discriminate poses with RMSD criteria,
similar to GNINA. The guided sampling is conditioned on a coarse-grained
protein structure and chemical identities. This differs from regression-based
predecessors, such as EquiBind168, which did not employ sampling and
produced a singular binding pose. However, as shown in the PoseBusters
study41, knowledge-based potentials can often produce unphysical binding
poses. While applying a physics-based force-field minimization step may
partially correct such artifacts, inconsistencies often persist, reflecting a
mismatch between learned statistical potential and physical energy land-
scapes. This underscores the challenge of using knowledge-based potentials
to approximate the richmultimodal physical space of binding poses. In later
works, such as SurfDock169, the input conditions are further enriched with
pretrained embeddings, such as sequence embeddings (via ESM-2) and
physicochemical features (e.g., electrostatics, hydropathy, shape index,
curvature) on the target surface enabled by MaSIF170. This multimodal
fusion enables more informed sampling over ligand placement within
pockets. In a prospective screening campaign targeting ALDH1B1, Surf-
Dock successfully identified seven novel scaffolds with sub-micromolar to
low-micromolar affinities, demonstrating its promise as a knowledge-based
docking platform with real-world translational capacity.

Molecular docking on modeled target structures
With the advent of predictive modeling methods, such as AlphaFold2
(AF2)25,171, RoseTTAFold172 and ESMFold173, apo structures for most pro-
teins are now readily available. This naturally raises the question of whether
any of the SBVS methods, physics- or knowledge-based, can be applied to
these computational models. Mixed success has been observed so far. In
Karelina et al.174, several physics-basedmethods, such asGlide SP,Glide XP,
andRosetta docking,were applied toAF2models concerning 18GPCRs (17
class A, one class B). They found that while apo AF2 models captured the
binding pocket structure more accurately than apo homology models, the
accuracy of the docked ligand poses was not significantly higher than that of
the homology model, and is much lower than when they are docked to

experimentally determined holo structures of the same ligand. At the same
time, Lyu et al.175 found that, for two high-confidence AF2 models (σ2
receptor and 5-HT2A receptor), prospective docking using DOCK was as
effective as using experimental structures, leading to similar hit rate and
ligand quality, although the compounds discovered with AF2 models had
mixed functional activities. These results suggest possibilities for using
modeled target structures in SDBB, although their practical performance for
lower-confidence targets lacking experimental structural characterization
remains to be explored.

Molecular induced-fit and co-folding
Ultimately, structure-based modeling strives to accurately predict optimal
conformations of target–ligand complexes, taking into account full con-
formationalflexibility of the target.Most drugdiscovery campaigns useholo
structures derived from complexes with endogenous ligands or apo struc-
tures that feature well-defined and relatively static pockets, typically limited
to minimal sidechain rearrangements and “breathing motions”176–179.
However, in many other pharmacologically relevant cases, the pocket
conformation is unknown, induced by the ligand or formed at
protein–protein interfaces. These cryptic, dynamic, and often transient
pockets pose special challenges for structure-based drug discovery and are
often considered undruggable in general. Simulating such pockets remains
difficult due to their intrinsically long timescales and rare-event nature.
Enhanced sampling strategies likemetadynamics and relaxation-basedMD
protocols179–184 can be applied in an attempt to discover hidden pockets,
however, their potential for predicting ligand binding to such targets is
limited.

Recent advances in knowledge-based structure prediction opened a
possibility of directly modeling protein–ligand complexes from sequence
and ligand information, allowing the pocket conformation to deviate from
known structural templates. For instance, AlphaFold 3 presents a unified
diffusion-based architecture that models complexes involving ligands and
biopolymers, eliminating reliance on predefined torsion parametrizations
or explicit stereochemical corrections26. Building on this direction, models,
such as NeuralPLexer and Umol adopt generative or dual-mode prediction
frameworks to infer atomic complexes from protein sequences and ligand
graphs, with orwithout pocket annotations185,186. In a recent preprint, Boltz-
2187 extends this diffusion paradigm further by introducing thermodynamic
steering. This technique imposes empirical restraints, such as distance and
local geometry priors, by injecting flat-bottom potentials and several soft
energy terms into the diffusion process, thereby biasing the sampled
structures toward physically realistic configurations. While useful for cor-
recting clashes and restoring valid stereochemistry, the core idea of incor-
porating energy-like terms into the sampling distribution is conceptually
well-established in docking methods. In all, the distinguishing feature of
these methods lies in their learned co-folding capability and the integration
of structure and affinity prediction. Recent assessments, however, show that
current co-folding algorithms largely rely on memorizing poses found for
similar ligands in similar targets, fail when ligand-target pairs lack such
similarity77, and produce physically unrealistic predictions in adversarial
examples where the pocket residues are all mutated to glycines or
phenylalanines188. These shortcomings remain to be addressed in future
versions of co-folding algorithms, and may require much more experi-
mental data to achieve broad generalizability68.

Scalability
Computational tools should be balanced with the practical needs of hit
discovery. In a typical SBVS campaign, millions and billions of chemical
compounds are sorted through to select tens to hundreds of potential hit
candidates. Until recently, the screening libraries were limited to a few
million in-stock compound libraries189, from vendors like ChemBridge,
ChemDiv, Enamine, Molport, or public databases like ZINC82,190–192. This
has recently changed with the introduction of on-demand synthesis and
relevant algorithms, which rapidly expand the accessible chemical space to
billions and trillions of compounds. (See under the section Synthesizability
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for details) While substantial speed up can be achieved by brute-force
hardware acceleration, such as computing on threads, clouds193,194, and
graphic processing units (GPU)195,196, true scalability requires iterative
approaches that prioritize likely binders for computational resources. In this
section, we begin by exploring several filtering approaches that serve tra-
ditionally as the first-pass filters to reduce the chemical search space, then
move on to active learning approaches that adaptively refine prioritization
models based on feedback from previous docking results, and, finally,
hierarchical approaches that explore divide-and-conquer-combine
approaches to compound selection.

Filtering approaches
Filtering approaches are methods that eliminate unlikely hits based on
molecular shape and pharmacophore complementarity197 before more
extensive evaluation. These methods are incorporated into programs, such
as FTMap198–200 and Pharmit201,202. In these programs, spatially arranged
pharmacophores derived from ligands are aligned with landmarks
(“druggable hotspots”) modeled in the vacuum of a holo/apo target pocket
to compute their volumetric correlation. The pharmacophores and land-
marks are designed to share the same property fields, such as accounts of
hydrophobic, aromatic, hydrogen-bonding, and charged interaction fea-
tures. For instance, Pharmit leverages fragment docking to construct
landmarks and the ligand candidates with matching pharmacophore fea-
tures are then retrievedwith specializeddata structures.However, due to the
reliance on volumetric overlaps, conformers of the ligand have to be sub-
stantially enumerated to cover bioactive conformations which may not be
located at the relatively few unstrained minima7,203. Besides, feature engi-
neering for landmarks/pharmacophore and fragment libraries can be
complicated and highly target-dependent204. Recently, some progress has
been made along these ideas. For instance, shape complementarity con-
straints were enforced in Kuzminynkh’s variational autoencoder among
other generative models205–208. The idea is to voxelate and blur the coordi-
nates of atoms/pharmacophores/landmarks such that newmolecules can be
generated by interpreting the decoded voxels located in the proximity of the
original coordinates. In Equivariant Scalar Field (ESF)163, the scalar property
fields are parametrized as several multi-channel equivariant graph neural
networks167, eliminating the reliance on handcrafted features.

Active learning approaches
Active learning approaches accelerate SBVS by iteratively selecting com-
pounds for docking based on models trained on previously docked subsets.
This process unfolds in successive rounds, aiming to bias future sampling
toward high-affinity binders. For instance, Deep Docking5,209 uses an initi-
ally random batch of docked ligands to iteratively generate training data for
a ligand-based QSARmodel. This CNNmodel then predicts docking score
as “rewards” for the remaining compounds, prioritizing some of them for
the next round of docking. In the CACHEChallenge #1, the DeepDocking
approach screened 4.1 billion compounds from the Enamine REAL data-
base against the LRRK2WDR domain, yielding five validated hits (8.5% hit
rate). In Molecular Pool-based Active Learning210 (MolPAL), simple
Bayesian optimization techniques, including Thompson Sampling (TS),
were applied to guide the iterative selection of compounds via ligand-based
ML/DLmodels. In TS, the expected reward of a compound is computed by
sampling parameters on the posterior distribution (‘belief’), which can be
updated with new training data in a numerical closed form via conjugate
distributions of the likelihood. Compounds are then prioritized by max-
imizing the expected reward. These strategies exemplify how simple inte-
gration of statistical inference techniques with traditional docking
approaches can streamline the virtual screening process, expediting the
identification of potential drug candidates.

Hierarchical approaches
In hierarchical approaches, molecular fragments are independently docked
into a target and progressively elaborated into lead-like ligands for further
evaluations only if the fragments demonstrate strong docking scores. This

strategy is rooted in experimental and theoretical observations that the
entropic loss in fragmental hit binding is compensated by enthalpically
favorable interactions and that the binding modes of these fragmental
substructures are frequently conserved in their corresponding lead-like
compounds211–213. As a result, it helps to identify optimal substructures,
which can be linked/grown/merged to form high-quality lead-like ligands.
For instance, AutoGrow214–216 is a genetic algorithm that iteratively elabo-
rates a population of fragments with a symmetric vocabulary of functional
groups, where conventional growing and merging mechanisms from
fragment-based drug discovery campaigns213,217 were integrated into its
mutation and crossover operators, respectively. The objective of AutoGrow
is to enhancedocking scores across chemical species inmultiple generations.
Recently, generative methods, both ligand-based218,219, and structure-based,
such as PQR220, have incorporated similar hierarchical strategies. Their
general idea is to factorize the generative decision (e.g., for selection of the
extending functional group and attachment points) as a product of condi-
tional probability informed by ligand topology, target sequence, pocket
conformation, and other features. Non-generative approaches, such as
DeepFrag221 andFRAME222 have also gained traction. Thesemethods aim to
construct ligands in protein-ligand complexes, starting from fragments or
hit-like ligands. In benchmarks involving PDB ligands with intentionally
masked substructures, DeepFrag identified the correct extending functional
group from a set of over 6500 options approximately 58% of the time; even
when the exact lead-like ligandwasnot reproduced, the toppredictionswere
often chemically similar, underscoring their potential as valid substitutions.

In another hierarchical modular approach, V-SYNTHES11, a minimal
fragment library (MEL) is prepared by enumerating synthons with corre-
sponding reactions andcappinggroups.Upondocking into the receptor, the
best MEL fragments are selected based on their docking scores and pocket
volume available for enumeration at the capped attachment points. These
other attachment points are then iteratively enumerated into a compre-
hensive product by selecting the best intermediates based ondocking scores.
As a result, the enumeration ( ~ 1 million compounds) is enriched with the
best fragments, yielding high-scoring candidate hits. In the case of the
cannabinoid CB2 receptor, the enrichment factor can yield about 250 and
450 against the random baseline for 2- and 3-component compounds,
respectively. In aprospective screening study, using11billion compoundsof
EnamineREALSpace,V-SYNTHESachieveda33%hit rate for theCB2and
a 28.5% hit rate for ROCK1 kinase, including many sub-micromolar hits.
Theperformance forCB2wasmuchbetter thana standardnon-hierarchical
approach tested in parallel, which required nearly 100 times more com-
putational resources. Notably, focused SAR-by-catalog of the best hits
yielded compounds with nanomolar activity and high CB2/CB1 selectivity
(200-fold), suggesting the utility of the method in the discovery of quality
hits and lead series.

Synthesizability
Synthesizability is of utmost importance for any SBVS method to yield
practical utility, because it determines whether the proposed molecules can
be made and tested in the laboratory223. This concern is particularly pro-
nounced in methods that generate molecules from scratch, rather than
sampling from a pre-defined chemical library.Without restrictions on rules
to produce these chemicals, these methods would lead to molecules that
optimize computational qualities but are difficult or impossible to synthe-
size. (See Fig. 2) In practice, the synthesizability of predicted compounds is
rarely confirmed through systematic experiments due to cost and scalability
limitations. Instead, it is commonly assessed through expert opinion and
retrosynthetic engines, which decide upon known tractable synthetic routes
and the availability of building blocks.While synthesizability estimates may
always have uncertainties arising from challenges in optimization of reac-
tion conditions, or high cost of building blocks, they are pragmatic in
selecting more feasible virtual hits. In this section, we will introduce the
concept of synthesizability, several retrosynthetic engines, synthesizability
proxies, and advances in incorporating considerations of synthesizability
into computational programs.
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Generative molecules and synthetic traps
Intuitively, chemical compounds can be generated one or several atoms at a
time. However, while these algorithmically produced molecules may be
chemically valid, hereby referred to as generative molecules, their chemical
stability and synthetic feasibility are far from guaranteed, resulting in
“synthetic traps”. Several factorsmay contribute to this dilemma. First of all,
the synthesis of real molecules, as complicated as those generative ones, is
almost never performed linearly, but rather through multistep, convergent
reactions.Hence, the “gap ofmaking” between a generativemolecule and its
constituent synthons is rarely linear; molecules must be analyzed backward
with simplifying transforms tomitigate synthetic difficulties. Secondly, even
when large vendor-supplied building block libraries are available, these
fragments are not uniformly interchangeable for arbitrary coupling reac-
tions. Individual building blocks often differ in their chemical activation,
stereoelectronic compatibility, and positional reactivity. A given attachment
point on a synthon may be readily functionalized in the presence of one
coupling partner yet remain inert or incompatible with others. This “mix-
and-mismatch” in chemical behavior can easily render promisingmolecules
synthetically inaccessible. Due to these asymmetries in reactivity, coupling
synthons must often be divided into distinct, and sometimes mutually
exclusive, sets of compatible synthons, each suited to specific reaction
contexts (see asymmetric vocabulary, Fig. 2). For instance, manymolecules
generated by AutoGrow and other early hierarchical approaches224–226 were
not synthesizable. To address this, rule-based reaction restraints can be
incorporated using a SMARTS-based reaction. SMARTS is a language for
substructure pattern matching that enables the identification of reactive
functional groups and reactive motifs among molecules. For example,
AutoGrow3 and AutoGrow4 improved their mutation operators by
incorporating 36 click-chemistry reactions from AutoClickChem227 and 58
additional reaction templates from Hartenfeller et al.228, thereby enforcing
substructure-driven restraints (see shaded regions in Fig. 2b and d). While
this improves synthesizability, SMARTS patterns may still overlook sub-
tleties in reagent activation unless exhaustively defined, allowing hard-to-
synthesize products to pass through. These limitations persist even in
modern structure-based generative models that design ligands within
bindingpockets20,229,230. Inmanyof thesemodels, synthesizability is enforced
by restraints, typically a numerical score or probability incorporated as a
part of the loss function or sampling process. For instance, Synthetic
Accessibility Score (SAScore)231 is awidely adopted proxy to penalize counts
of rare substructures from PubChem and synthetically complex molecular
features, e.g., stereocenters, spiros, bridge heads and macrocycles. Other
such proxies include SCScore and SMILES string length231–233. While such
restraints can help steer optimization away from implausible molecules,
they do not provide formal guarantees that the generated compounds are
supported retrosynthetically when reassessed using a fully validated
computer-aided synthesis planning (CASP) tool234,235. Moreover, they may
fail to generalize as novel building blocks and synthetic methodologies
evolve. Indeed, recent analyses of patented compounds in BindingDB reveal
a statistical mode in SAScore distributions around a value of 3, with a long
tail extending beyond 5, suggesting that many highly synthesizable ligands
would not be even attempted if chemists rely on such rigid schemes as
SAScore.

Computational tools to predict synthesizability
In principle, CASP tools can support the training and evaluation of
generative molecules by providing on-the-fly assessments. These
tools, such as Reaxys and Molecule. One, harness curated reaction
rules and up-to-date inventories of purchasable precursors to assess
synthesizability. However, they are generally impractical for real-time
evaluation during training cycles due to their reliance on expert-
defined rules, exhaustive substructure matching, and lack of accel-
eration. Recently, new tools have been developed to provide ground
truths for proxy training or to act as post-generation validators236–238.
For instance, AiZynthFinder237 is an open-source tool based onMonte
Carlo Tree Search (MCTS) guided by a neural network trained on

reaction datasets, such as USPTO and Reaxys. The tool recursively
decomposes target molecules into simpler precursors by applying
reaction templates prioritized by a policy network, and optionally
prunes implausible disconnections using a separate filter network.
While AiZynthFinder achieves relatively fast retrosynthetic analysis
(often within 10–60 s), its use ofMCTS andmultiple neural inferences
per route still renders it computationally expensive for real-time
model training. Another program ASKCOS238, also uses template-
based retrosynthesis models trained on large-scale reaction databases.
However, in addition, it also integrates reaction condition recom-
mendation, regioselectivity estimation, impurity prediction, and yield
prediction. This delivers a chemically contextualized ecosystem
encompassing both reverse (retrosynthetic) and forward (reaction
outcome and condition) prediction. Recent work has sought to bypass
the high computational cost of full retrosynthetic planning through
such surrogates. For instance, RetroGNN239 is a message-passing
neural network trained to regress against the outputs of AiZynth-
Finder and Molecule.one. It achieves more than a 105-fold speedup
while maintaining high fidelity (AUC > 0.99) in classifying hard-to-
synthesize molecules, demonstrating the feasibility of integrating
CASP-informed constraints directly into the training cycles of
molecular generative models.

Constrained Generation In On-demand Chemical Spaces
Recent advances in parallel synthesis technologies and multicomponent
reactions have enabled the design of ultra-large, on-demand chemical
spaces, most prominently Enamine REAL240 andWuXiGalaXi241 (see Table
3 for other spaces). In contrast to traditional virtual screening libraries,
which typically list available on-shelf molecules, the on-demand spaces are
modularly constructed from a set of highly optimized reactions and com-
binatorial assemblies of validated synthons, which can be mapped to real-
world building blocks that are filtered for reactivity, compatibility, and
availability. The asymmetry in reactivity is conserved by grouping synthons
in pre-compiled tables curated by experts or verified fromCASP tools. This
allows on-demand spaces to explore billions and trillions of compounds,
with >80% success rates in synthesis, competitive prices, and delivery in 4-5
weeks, underscoring their utility in real-world drug discovery
campaigns5,11,242.Multiple structure-based and ligand-basedworkflowshave
begun to explore these on-demand spaces using hierarchical enumeration
or guided sampling. For example, platforms, such as V-SYNTHES11 and
Chemical Space Docking243 () have demonstrated practical utility in pro-
spective screening campaigns, leading to identification of new ligands
chemotypes with nanomolar activities. Moreover, the Enamine REAL
space13 was adopted by CACHE organizers and participants to ensure that
all proposed hits could be synthesized and tested experimentally. Other
methods for chemical space exploration include TS (TS, see section Active
Learning), e.g., in Klarich et al.244, TS model evaluates each reagent in each
reaction of the Enamine REAL space for likelihood of docking score asso-
ciated with their enumerated product. This enabled the retrieval of 57–62 of
the top 100 scoring molecules from a library of 335 million products by

Table 3 | Examples of On-demand Ultra-large
Chemical Spaces

Ultra-large
Chemical Library

Year of
Report

Number of
Molecules

Availability Reference

GSK XXL 2022 1*1026 In-house 267

Pfizer GVL 2012 1.3*1018 In-house 268

WuXi GalaXi 2022 8 * 109 Purchasable 241,269

Otava CHEMyria 2022 1.2* 1010 Purchasable 269,270

Enamine REAL 2024 6.5*1010 Purchasable 240,269

Enamine xREAL 2024 2.4*1012 Purchasable 269,271

Freedom Space 2025 1.4*1011 Purchasable 242
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sampling only 1% of the space, achieving a 100-fold speedup over brute-
force docking.

Retrosynthesis-aware generative molecules
Back-testing with retrosynthesis is essential when generating novel com-
pounds. Besides, in more advanced settings of SBVS, maintaining diversity
across generative hits is critical. The sampling for awider chemical spacewill
fundamentally allow steering rooms for clinical properties and provide
robust fallbacks against scoring biases. However, conventional generative
models trained on limited, mostly unimodal datasets tend to converge on a
small set of similar high-scoring compounds245. Even when synthetic
accessibility heuristics are included, they lack strict enforcement, unlike the
rigid constraints enforced by asymmetric vocabularies or retrosynthetic
engines, leading to the generation of synthetically impractical molecules.
Recently, these challenges have been tackled in SynFlowNet246 by framing
molecular generation as a generative flow network247, sampling molecules
proportionally to their reward and capturing multi-modal solutions in a
reinforcement-learning setting. Its forward policy buildsmolecules stepwise
using chemically validated reaction templates and purchasable building
blocks. The backward policy in SynFlowNet does not directly evaluate
synthetic feasibility but is instead trained to reconstruct valid backward
trajectories that terminate at the initial building block state, enforcing ret-
rosynthetic consistency within the directed acyclic graph of traversal.While
not equivalent to explicit retrosynthesis engines, this procedure mirrors the
logic of retrosynthetic analysis by ensuring that generated molecules can be
decomposed into accessible precursors via valid reaction templates. The
action space may also incorporate asymmetric vocabulary constraints to
further restrict building-block choices, though the masking process can
become verbose when reaction coverage is large. Bymodeling both forward
and backward flows, SynFlowNet enforces that the stationary sampling
distribution aligns with the reward function, which can include docking
scores, synthetic-accessibilitymeasures, ormulti-parameter properties. This
flow-based framework is particularly valuable for navigating multi-modal
reward landscapes and adapting dynamically to changing synthesis con-
straints, such as evolving building-block availability due to supply shifts or
new synthetic methods.

Summary and future directions
Recentdevelopments in computational structure-baseddrugdiscoveryhave
increasingly emphasized robust data management and standardized
metadata to support machine learning applications for hit and lead dis-
covery. Centralized, well-annotated databases and public–private partner-
ships have enhanced cross-lab reproducibility and facilitated data-driven
model development49. Moreover, the scalability of ML-based methods has
been significantly advanced through the use of knowledge-based filtering
and hierarchical enumeration strategies, including the use of modular
building blocks and ultra-large synthetically accessible spaces. Several
machine-learning guided SBVS pipelines have now demonstrated experi-
mental success, rivaling expensive high-throughput screening experimental
workflows248. Unlike conventional high-throughput screening campaigns,
constrained by physical stock availability, computational pipelines
increasingly leverage on-demand synthesis of compound libraries, enabling
vastly broader chemical exploration. Despite considerable progress in
docking algorithms, scoring functions, and free energy estimationmethods,
the overall hit rates, as well as the quality and novelty of the hits in most
prospective computational drug discovery campaigns, remain modest.
While retrospective benchmarks often report favorable metrics, such as
enrichment factors or RMSE values, these may not always translate to
prospective screening outcomes. In virtual screening, specifically, the vast
excess of non-binders over binders in random chemical libraries (often
exceeding 10000:1) means that an enrichment factor at 1% (EF1%) well
above 100 is required merely to achieve a probability of at least one true
binder among 100 experimentally tested molecules. By contrast, most
benchmarking studies report EF1% values in the modest 20-40 range,
revealing a substantial shortfall between the theoretical performanceneeded

for realistic hit discovery. The success of computational pipelines inpractical
settings is still constrained by the limited accuracy of scoring functions and
affinity estimates, resulting in the dominance of false positives, as well as
challenges related to protein flexibility. Moreover, even high-confidence in
silico predictions canmisfire in the real-life discovery cycle due to neglected
factors, such as the target conformational/functional states, synthetic
tractability, or even assay artifacts. As a result, the true utility of the com-
putational programs depends not only on algorithmic sophistication but
also on rigorous system setup, careful interpretation of model outputs, and
close integration with medicinal chemistry and biology workflows.

At the same time, synergistic integration of physics-based and
knowledge-based methods still remains underdeveloped. Physics-based
approaches are principled and grounded in physical laws. They encode
symmetry, conservation principles, and functional forms that reflect dec-
ades of validated theoretical insight across physics, chemistry, and chemical
physics. However, these methods are often computationally expensive due
to their reliance on explicit sampling (e.g., molecular dynamics, free energy
perturbation). They frequently require well-informed initial guesses or
ansatzes to accelerate convergence. This presents a natural opportunity for
knowledge-based methods, which excel at generating educated guesses and
priors. Their strength lies in speed and statistical bounds on uncertainty
when properly calibrated. More fundamentally, we envision three prin-
cipled forms of synergism between physics and machine learning.

First, the incorporation of physical inductive biases into machine
learning models, as demonstrated in the framework of physics-informed
neuralnetworks (PINNs)249. The essenceof this approach is to incorporate the
analytical structure of physical laws, typically expressed as differential equa-
tions or closed-form interactions, into equations of the machine learning
models. This family of methods can include NNPs that build upon founda-
tional frameworks like the ACE, which mirrors the multipole expansion of
many-body interactions. Thesemodels benefit fromanalytically tractable and
interpretable formsandcanoftenoutperformblack-boxdeep learningmodels
whendata are sparseorwhenextrapolation isneeded.Notably, hybridmodels
on electronic structures have also emerged where missing pieces of theory,
such as the exchange-correlation (XC) functional in DFT, are approximated
using machine learning, leaving other parts of theory unaltered250,251. Semi-
empirical methods104,252–254, such as extended tight-binding255,256 based on
dencoupled clustersity functional tight-binding theory257 are also rapidly
changing the landscape of accurate energy predictions.

Second, computed physical quantities (from physics-based theories
unaltered) can be directly injected as features. These features, beyond simple
atomic coordinate geometries, such as electronic density projections129,258,
electrostatic potential surface descriptors170 and QM topological
descriptors259 are capturing feasible short- and long-range interaction pat-
terns akin to qualitative/empirical pharmacophore descriptors. A promi-
nent example is the use of Quantum Theory of Atoms in Molecules
(QTAIM), where critical points in the electron density distribution are
extracted. These features systematically characterize atomic and bond-level
properties, such as electron density, Laplacian, ellipticity, and localization
functions, all of which have been shown to correlate with interaction
strength and binding affinity in various QSAR studies260–262. They can serve
as features to inform machine learning models meaningfully.

Third, aligning sampling strategies inmachine learningwith enhanced
sampling techniques from physics is becoming increasingly pivotal263.
Knowledge-based methods, such as generative models, excel at proposing
educated guesses, which are crucial for targeting relevant physical basins
within the high-dimensional conformational landscape. By initializing
simulations near these basins, the overall sampling can become more effi-
cient, accelerating convergence toward thermodynamically significant
regions. Examples presented in RAVE264,265 and BioEmu266 are efficiently
uncovering rare events (conformation transition states, ligand dissociation)
through proposals of low-dimensional latent coordinates, principled on
variational bounds. This exemplifies how ML-derived priors can guide
physics-based sampling, yielding near-optimal exploration of potential
energy surfaces.
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Looking ahead, major challenges remain in scaling machine-learned
models outside their training regimes and integrating them seamlessly into
laboratory processes, such as synthesis design and binding validation.
However, the principled combination of statistical inference and physical
theory, augmented by expert chemical knowledge, offers a promising path
forward. Realizing this integration will require interdisciplinary collabora-
tion to bridge algorithmic advances with experimental realities.

Data availability
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