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generate and back

Morgan Thomas, *a Raul Astudillo,b Yasir S. Raouf,c Carles Navarro,d Gianni De
Fabritiisdef and Andreas Bender*aghi

A key challenge in drug discovery is the efficient search of chemical space to identify small molecules with

desirable biological activity and developability. Computational approaches address this challenge by

applying in silico evaluators to prioritise compounds for experimental validation. Traditionally, this has

been achieved through brute-force virtual screening of large, predefined compound libraries. More

recently, advances in generative molecular design (GMD) have enabled models that directly propose

molecules optimised for specific objectives. GMD offers favourable computational cost but often at the

expense of progressability, evaluability, and synthetic feasibility. In this review, we analyse molecular

search strategies across a spectrum ranging from brute-force search to de novo generative design,

focusing on how chemical space is specified and explored. We emphasise three practical axes—

computational cost, progressability, and evaluability—and discuss how different paradigms trade off

these properties. In particular, we highlight Generative Virtual Screening (GVS) as a hybrid approach in

which generative optimisation is constrained to a fixed, explicit compound library. GVS combines the

computational efficiency of generative methods with the progressability and retrospective evaluability of

library-based search. This enables scalable exploration of chemical space while providing ground-truth

reference points for algorithmic assessment. We argue that GVS offers both immediate practical benefits

for hit discovery and a controlled framework for developing and benchmarking generative search

algorithms, facilitating their principled extension to broader and less constrained chemical spaces.
1 Introduction

The search for new biologically active small molecules (oen
referred to as “hits”) is a critical step in drug discovery, forming
the foundation for identifying new therapeutic candidates. This
process is frequently described as a “needle in a haystack”
problem:1 an astronomically large virtual chemical space must
be explored to identify a small number of molecules with
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suitable bioactivity, selectivity, and drug-like properties for
a given context.2 Because only a minute fraction of virtual
compounds are ever synthesized or experimentally tested, the
central challenge lies in efficiently prioritising which molecules
to pursue. In practice, prioritisation depends on three compo-
nents: the chemical space considered, the search method used,
and the accuracy of computational evaluators. The latter
determines how well experimental outcomes can be predicted.

In early-stage computational drug discovery, in silico evalu-
ators used for the third component—the computational
prediction of experimental success—primarily estimate the
biological activity of a molecule, for example via quantitative
structure–activity/property relationship (QSAR/QSPR) models or
molecular docking simulations. In practice, however, the
criteria dening a promising drug candidate are numerous and
oen involve trade-offs. Consequently, the computational
methods used to approximate these criteria will inuence which
molecules are ultimately prioritised in a given discovery context.
In this review, we remain deliberately agnostic to the specic
evaluator(s) used to identify favourable molecules, as these have
been extensively discussed elsewhere.3–5 Instead, we focus on
the rst two components: how chemical space is dened and
how it is searched.
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Fig. 1 High-level illustration of the trade-off between computational
scalability and progressability in chemical space search. Approaches
that operate over explicit compound libraries tend to offer high pro-
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A fundamental limitation in searching virtual chemical
spaces is their enormous size. Estimates of the theoretical size
of “drug-like” chemical space range from approximately 1033

molecules6 to as many as 1060.7 The lower estimate does not
account for beyond-Rule-of-5 compounds. These made up
nearly 40% of FDA-approved oral drugs between 2013 and
2019,8 suggesting that substantially larger estimates are plau-
sible. Even storing 1033 molecules would be computationally
infeasible. Extrapolating from GDB-17, this would require more
than 1021 TB of compressed disk space†. As a result, practical
virtual libraries necessarily represent only small subsets of
chemical space. These include vendor libraries of commercially
available compounds (deliverable within days to weeks), make-
on-demand libraries built from validated synthetic routes
(delivered within weeks to months),10 and proprietary in-house
collections. As summarised by Warr et al.,11 such libraries range
in size from approximately 106 to reported values as large as
1026; despite representing only a vanishingly small fraction of
the theoretical chemical space, searching these catalogues on
reasonable timescales remains a substantial challenge.

The simplest approach to searching chemical space is brute-
force search over pre-specied virtual libraries, which has been
a cornerstone of computational hit discovery for decades.2,12

When this exhaustive evaluation is applied specically to esti-
mating biological activity—most commonly using molecular
docking evaluators13—it is referred to as Virtual Screening (VS).
Advances in computational power and in silico evaluators (also
termed oracles or scoring functions) have enabled VS
campaigns to scale to billions of compounds.14 In contrast,
Generative Molecular Design (GMD)15,16 introduces a different
paradigm: rather than ltering a xed library, generative
models construct molecules de novo by sampling from pro-
grammed or learned representations of chemical space. Meth-
odologically, brute-force search is a calculate-and-rank
procedure over an explicit, nite space. In contrast, GMD
samples from an implicit distribution with the potential to
explore much larger theoretical chemical spaces.17 Determining
which of these paradigms—or which combination of them—

provides the most effective strategy for identifying virtual hit
molecules remains an open question.

In this review, we compare and contrast approaches to
molecular search in computational drug discovery, spanning
brute-force search, generative molecular design, and a spec-
trum of approximate and compute-optimised methods in
between. The review is organised around dominant search
paradigms in the literature, each corresponding to a distinct
regime dened by how chemical space is specied and
explored. Although these paradigms are oen treated sepa-
rately, their underlying algorithmic principles are not mutually
exclusive. Our focus is on practical considerations, including
the progressability of chemical matter, the computational effi-
ciency and scalability of different search strategies, and how
search performance can be evaluated. In particular, we examine
† Assuming linear scaling from GDB-17, which requires approximately 400 GB of
gzipped storage.9 In practice, storage requirements would be considerably higher
due to larger molecular representations beyond 17 heavy atoms.
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Generative Virtual Screening (GVS) as a hybrid approach that
balances progressability with computational scalability (illus-
trated in Fig. 1). Rather than providing exhaustive coverage of
individual algorithms or model architectures, we highlight
unifying principles, shared challenges, and points of divergence
across paradigms, as illustrated in Section 2 and summarised in
Table 1. In doing so, we seek to clarify the current strengths and
limitations of each approach and their implications for the
future of computational search in small-molecule discovery
(Fig. 2).
2 Brute-force search

Brute-force search consists of computing properties for all
molecules in a virtual library and subsequently ranking them.
In drug discovery, these properties range from fast-to-evaluate
descriptors, such as physicochemical properties or topological
similarity to a query compound, to substantially slower simu-
lations of molecule–protein binding via molecular docking.
Virtual Screening (VS) typically targets the latter, focusing on the
estimation of biological activity. It is these slow evaluations that
constitute the principal computational bottleneck in VS: even
a 1 s calculation applied to 1 billion molecules amounts to
approximately 31.7 CPU years. Docking simulations commonly
require 15–60 s per molecule. Assuming an average docking
time of 30 s, screening 1 billion molecules with 1000 CPUs
would still require approximately 1.1 years. Although such
campaigns are increasingly tractable with large-scale compute
resources and optimised implementations, current commercial
libraries are already an order of magnitude larger,10 and
continue to grow.
2.1 Computational cost

The approximate computational cost for brute-force search is
Ctotal z Ncf, where cf is the per-molecule evaluation cost,
reecting linear scaling with virtual library size N. While linear
scaling is generally favourable in algorithmic terms, the
gressability but scale poorly with increasing library size, whereas
methods that sample from implicit chemical spaces achieve favour-
able scaling at the cost of reduced progressability. Hybrid strategies
aim to balance these competing objectives by combining elements of
both regimes.

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



Table 1 Comparative overview of major paradigms for molecular search and generation in virtual chemical space. Approaches are compared
qualitatively in terms of progressability, computational cost, and evaluability, reflecting practical considerations in early-stage hit discovery.
Molecular properties of interest (e.g., binding affinity) are approximated using an evaluator f(m), which may be replaced or approximated by
a surrogate model s(m) in model-guided or generative settings. Qualitative indicators (+ to +++) denote relative performance within each
category

Approach Brute-force search Model-guided search
Generative virtual
screening (GVS) Synthesis-aware GMD

Generative molecular
design (GMD)

Progressability +++ +++ +++ ++ +
Scalability + ++ +++ +++ +++
Evaluability +++ +++ +++ + +
Description Brute-force calculation

and ranking of molecular
properties for a full
virtual library

Fast approximation of
slower calculations of
molecular properties, to
screen subsets of
a virtual library

Generative design
constrained to
compound presence
within an existing vendor
library (or enumerated
vendor library)

Generative design
constrained to a set of
synthetic rules, or guided
by accurate measures of
synthetic feasibility

Generative design
according to molecular
representation and
generative algorithm

Progressability Screening pre-specied
libraries means
compounds are
accessible in days/weeks

Identical to brute-force Identical to brute-force Compounds still need to
undergo synthesis,
requiring weeks to
months and many
resources

Many compounds are
commercially novel, and
oen not stable or
synthesizable

Computational
cost

Ncf kNcs + Scf + Ctrain(S) n(cg + cf) + Cupdate(n) n(cg + cf) + Cupdate(n) n(cg + cf) + Cupdate(n)
Evaluator cost (cf) scales
with size of library (N),
where N T 109

Surrogate cost (cs) scales
with kN, where kNcs �
Ncf

Identical to GMD Identical to GMD Sampling (cg) and
evaluation cost (cf) scales
with molecules sampled
n, where n ∼ 102−3

Retrospective
evaluation

Accuracy/ranking
enrichment achieved by
f(m) with respect to
experimental values

Recall achieved by using
s(m) to approximate f(m)

Oen evaluated the same
as GMD, but can be
evaluated identical to
model-guided search

Identical to GMD Assuming that f(m) is
100% accurate, by how
much and how fast f(m)
has been improved
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combination of ultra-large library sizes (typically N > 109) and
computationally expensive evaluators f(m) renders brute-force
search prohibitively costly in practice. As a result, ultra-large
VS campaigns require extensive parallelisation across many
CPUs or GPUs and are typically executed on high-performance
Fig. 2 Illustrative comparison of molecular search paradigms arranged
force search operates over an explicitly enumerated library of known si
retains this fixed library but improves efficiency by prioritising subsets for
applies generative optimisation within a fixed, explicitly defined reference
library membership and retrospective evaluability. Synthesis-aware gen
restricting generation through synthetic rules or feasibility models, expa
unconstrained generation. Finally, generative molecular design (GMD) sa
offering lower computational cost at the expense of reduced progressa

© 2026 The Author(s). Published by the Royal Society of Chemistry
computing (HPC) systems or cloud computing platforms.
Access to shared HPC resources must be coordinated with other
users, oen limiting throughput. Cloud-based screening can
also be costly: for example, screening 12.7 million molecules on
commercial cloud infrastructure was reported to cost $20 300,18
from left to right by decreasing explicitness of chemical space. Brute-
ze N by exhaustively evaluating all compounds. Model-guided search
evaluation using surrogate models. Generative virtual screening (GVS)
library, enabling efficient traversal of chemical space while preserving

erative molecular design further relaxes explicit library constraints by
nding the reachable space while improving progressability relative to
mples molecules from an implicit chemical space of unknown size N ,
bility and retrospective evaluability.

Digital Discovery
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not accounting for potentially low hit rates due to evaluator
inaccuracy. Beyond raw compute, operational constraints
further compound these challenges:19 storing 1.56 billion
molecules in compressed SMILES format requires approxi-
mately 89 GB of disk space, while conversion to 3D represen-
tations and preparation for molecular docking expanded this
requirement to 10.3 TB of compressed data.20 Consequently,
brute-force search of ultra-large virtual libraries presents
substantial computational and logistical barriers, particularly
for academic groups and small organisations.

2.2 Progressability

Searching an existing virtual library represents the most prac-
tically progressable computational hit-nding strategy, as
selected molecules are either already available in proprietary
collections or can be ordered directly from commercial vendors.
Nevertheless, practical limitations remain: some compounds
may be out of stock, and make-on-demand libraries do not
always deliver successfully (with large catalogues such as
Enamine REAL reporting synthesis success rates of approxi-
mately 80% (ref. 10)). In addition, freedom-to-operate consid-
erations from an intellectual property (IP) perspective can
inuence the downstream value of identied hits. Compounds
sourced from widely accessible commercial libraries may be
more difficult to patent or less suitable for IP-protected
discovery campaigns.

2.3 Evaluability

From a retrospective evaluation perspective, brute-force search
is a search-complete method over the virtual library, as all
molecules are explicitly evaluated by the same evaluator f(m).
Consequently, methodological assessment only reduces to
validating how accurately the evaluator reects the experimen-
tally measurable endpoint of interest.

2.4 Further discussion

In Table 2, we summarise examples of ultra-large (N > 109)
brute-force VS campaigns for which sufficient details on
computational time and resources have been reported. These
studies illustrate that, depending on the complexity of the
evaluator f(m), ultra-large VS can require enormous computa-
tional resources, oen beyond the reach of typical academic or
Table 2 Representative examples of ultra-large brute-force virtual scre
multiple targets (e.g., different query ligands or protein receptors), rep
possible, together with any non-negligible molecule preparation costs.
capacity was reported, rather than actual resource utilisation

References
Library size
(N) Evaluator (f(m)) Co

Grebner et al.18 (2019) 12.7B 3D similarity (FastROCS22) ∼2
Liu et al.14 (2025) 1.7B Docking (DOCK3.8 (ref. 23)) ∼2
Sivula et al.20 (2023) 1.56B Docking (Glide-HTVS24) ∼1
Acharya et al.21 (2020) 1.4B Docking (AutoDock-GPU25) <1
Gorgulla et al.26 (2020) 1.3B Docking (QuickVina 2 (ref. 27)) ∼6
Michino et al.28 (2023) 1.12B 3D similarity (GPU shape29) 15
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industrial settings. To reduce wall time to one or two days, some
campaigns have relied on specialised supercomputers, utilising
up to 20 000 CPUs18 or 27 600 GPUs.21 In contrast, more
modest—though still high-performance—compute clusters
typically require weeks to months to complete docking-based
brute-force VS. Beyond evaluation itself, molecular prepara-
tion constitutes a non-negligible overhead: for example,
preparing 1.56 billion molecules for docking was reported to
take up to 30 days using 640 CPUs.20 Although such preparation
is performed only once, continued library growth exacerbates
downstream storage requirements for 3D-ready formats.
Importantly, VS exhibits a strong scale dependence: larger
libraries yield more high-scoring compounds according to f(m),
leading to higher hit rates and stronger binding affinities.14 This
“bigger is better” dynamic further motivates the search of ever-
larger virtual chemical spaces, amplifying the computational
burden already inherent to brute-force approaches.

2.4.1 Compute-optimised search. Owing to the computa-
tional demands of brute-force search, substantial effort has
been devoted to developing compute-optimised strategies
tailored to specic evaluators. These approaches aim to reduce
the effective cost of exhaustive search by exploiting structure in
either the evaluator or the virtual library itself, rather than by
altering the underlying search paradigm.

The most common examples target molecular similarity to
a query compound, using ngerprint-based similarity or
substructure search.30–35 The importance of this use case is such
that specialised GPU implementations have been developed to
accelerate similarity calculations, achieving throughputs of up
to approximately 45 billion pairwise comparisons per second on
modern hardware.36 Other approaches exploit the combinato-
rial structure of vendor libraries by comparing molecules at the
level of building blocks or fragments prior to full enumera-
tion,35 thereby drastically reducing the number of required
comparisons.

Related strategies have also been applied to more compu-
tationally expensive docking workows by iteratively assem-
bling molecules from building blocks according to vendor-
specic reaction rules, while enforcing compatibility with
a protein binding site.37,38 By avoiding enumeration of pocket-
incompatible chemistry, these methods substantially reduce
computational waste and and therefore depart pure brute-force
search. Finally, machine-learning-based indexing approaches
ening (VS) campaigns reported in the literature. For studies involving
orted compute time and resource usage are given per target where
The symbol ‘%3c’ indicates cases in which only the available compute

mpute cost Resources used Wall time

00K CPU hours & ∼200 GPU hours 29K CPUs & 200 GPUs ∼2.4 days
43.7 CPU years 3K CPUs ∼30 days
73.4 CPU years 640 CPUs ∼99 days
12.3 GPU years <27.6K GPUs ∼1 day
15.4 CPU years ∼8K CPUs ∼28 days
6 GPU hours 216 GPUs ∼45 min

© 2026 The Author(s). Published by the Royal Society of Chemistry
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embed molecules into vector spaces trained on “ground-truth”
similarity measures, enabling approximate nearest-neighbour
retrieval at scale.39 Collectively, these techniques can reduce
search times for specic evaluators—most commonly molec-
ular similarity—to seconds or less, even for multi-billion-
compound libraries. However, a key limitation is that such
acceleration is highly bespoke: each approach is tightly coupled
to a particular evaluator f(m) and does not provide a general-
purpose speed-up applicable across different properties or
search objectives.
3 Model-guided search

Model-guided search is a general strategy for allocating evalu-
ations of f(m) with high compute cost cf to a learned or heuristic
surrogate model s(m) with low cost cs. The surrogate is used to
prioritise which molecules should be evaluated by the high-cost
evaluator, thereby improving search efficiency under a limited
evaluation budget. Importantly, this principle is agnostic to how
candidate molecules are generated. Model-guided search can be
applied to explicitly enumerated libraries, combinatorial
reagent spaces, or implicitly dened generative spaces, sup-
porting both selection-based and generation-based procedures.
In molecular discovery, this framework is closely related to
active search and active learning methodologies.40–42

In this section, we focus on model-guided search applied to
a xed, nite virtual library. This setting enables direct
comparison with brute-force virtual screening, as the under-
lying chemical space is identical and search performance can be
evaluated retrospectively against a well-dened reference
ranking. Although the same model-guided principles also
underpin many generative molecular design and generative
virtual screening workows—where surrogates guide candidate
construction or generator updates43,44—those settings are
considered under Section 4.

In the xed-library setting, model-guided search ranks
compounds using the surrogate model s(m). This ranking is
then used to select subsets for evaluation by the true oracle f(m).
This prioritisation can be achieved using similarity-based
heuristics or classier models,40,45 or via regression-based
surrogate models that directly approximate the true oracle
score.20,42,46,47
3.1 Computational cost

Model-guided search fundamentally reduces the computational
cost relative to brute-force search.Whereas brute-force evaluation
requires computing the evaluator for all N compounds in
a library, model-guided search replaces this with a combination
of low cost surrogate inference across the library and a much
smaller number of high cost evaluations. The approximate
computational cost is Ctotal z kNcs + Scf + Ctrain(S), where k is the
number of surrogate inference cycles, cs is the per-molecule
surrogate inference cost, cf is the per-molecule oracle evalua-
tion cost, S� N is the number of oracle evaluations, and Ctrain(S)
is the surrogate training cost. In practice, S oen corresponds to
only 0.1–1% of the library, yielding orders-of-magnitude
© 2026 The Author(s). Published by the Royal Society of Chemistry
reductions in wall time and overall compute requirements.
However, surrogate modelling itself introduces non-negligible
overhead due to its iterative nature. Although this cost is
frequently overlooked relative to the savings in oracle evalua-
tions, it can be substantial. For example, Sivula et al.20 reported
that surrogate model training and inference alone required 203–
335 GPU hours. As virtual libraries continue to expand, the
computational burden associated with surrogate inference and
retraining is therefore likely to become increasingly signicant.

3.2 Progressability

A key advantage of model-guided search is that it preserves the
progressability of brute-force search over specied virtual
libraries. In this setting, model-guided methods alter only the
computational strategy used to prioritise molecules, while
leaving downstream experimental workows unchanged and
avoiding any additional synthesis requirements.

3.3 Evaluability

Because model-guided search performs an approximate search
of a xed virtual library with respect to the true oracle f(m),
performance is assessed retrospectively using f(m) values as
ground truth, typically obtained from a brute-force baseline.
Evaluation focuses on how effectively the method recovers the
highest-ranking molecules and how large a subset S is required
relative to the full library size N. Commonmetrics include recall
of the top-k molecules ranked by f(m), enrichment relative to
brute-force screening, the subset size S needed to achieve
a target recall, and the false-negative rate. Minimising false
negatives is particularly important, as any high-quality
compound incorrectly excluded early by a surrogate model
cannot be recovered in later stages of the workow.

3.4 Further discussion

Model-guided search encompasses a spectrum of strategies that
differ in both surrogate model formulation and selection
strategy (oen referred to as the acquisition strategy), as sum-
marised in Table 3. Early large-scale applications employed
binary classication surrogates to rapidly exclude regions of
chemical space unlikely to contain promising molecules.
Screening approximately 1% of a library over multiple itera-
tions, these methods achieved up to 2500-fold enrichment of
the top 100 compounds relative to random selection.48 More
recently, Luttens et al.47 demonstrated that a one-shot
surrogate-based selection of 5 million compounds (0.17% of
the initial library) was sufficient to identify experimentally
conrmed single-digit mM hits. Regression-based surrogate
models instead approximate the evaluator's continuous scoring
landscape, enabling ner-grained prioritisation of candidate
molecules. Lightweight iterative frameworks such as
HASTEN49,50 have shown that simple greedy selection strategies
can recover up to 90% of the top 1000 molecules while evalu-
ating only 1% of a billion-scale library.

More sophisticated surrogate models additionally estimate
predictive uncertainty, enabling more informed selection
strategies grounded in Bayesian decision theory,51 such as
Digital Discovery
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Bayesian optimisation, or more generally within active learning
(AL) frameworks (Table 3). These uncertainty-aware strategies
explicitly balance exploration and exploitation during search.
For example, Graff et al.46 evaluated multiple acquisition func-
tions including upper condence bound, Thompson sampling,
expected improvement, and probability of improvement to
incorporate uncertainty into candidate selection. Although
simple greedy acquisition performed best in their study,
recovering 90% of the top 50 000 molecules aer evaluating 2%
of the library, uncertainty-aware approaches offer important
practical advantages. In particular, they help mitigate chal-
lenges arising from noisy evaluators (e.g., docking scores), bias
introduced by early training data, and over-emphasis on narrow
chemotypes.49 These benets are reected in later work by Graff
et al.,52 who used an upper condence bound strategy to recover
68% of the top 10 000 molecules aer evaluating only 1.2% of
the library. Importantly, prediction uncertainty was also lever-
aged to enable library pruning—iteratively removing
compounds condently predicted to be inactive—thereby
reducing surrogate inference overhead by approximately half.

Overall, model-guided search has demonstrated substantial
computational efficiency gains over brute-force search,
enabling multi-billion-compound screening campaigns to be
completed within days. This while retaining strong recovery of
top-ranking candidates with respect to the true oracle of
interest.50,53

4 Generative molecular design

Recent advances in machine learning and generative articial
intelligence have led to a rapid expansion of research in GMD.
Broadly, GMD algorithms construct molecules de novo—atom-
wise, fragment-wise, or via explicit synthetic pathways (di-
scussed in Section 5).57 In this review, GMD is an umbrella term
encompassing heuristic approaches based on explicit chemical
rules (e.g., genetic algorithms58) and machine-learning-based
models that learn discrete or continuous molecular distribu-
tions (e.g., chemical language models59 and autoencoders60).
When paired with goal-directed GMD optimisation frameworks
(such as Bayesian optimisation,44,60,61 reinforcement learning,62

or particle swarm optimisation63) these models generate mole-
cules optimised for evaluator-dened objectives.

GMD can also be viewed as a form of chemical space search,
with the key distinction that the full space being explored is
typically not explicitly dened. As a result, GMD operates over
implicit, open chemical spaces that are oen substantially
larger17 than explicitly specied libraries that can be indexed
and searched via brute-force or model-guided approaches.
Although these implicit spaces may possess theoretical or
empirical bounds—for example, the search space induced by
a graph-based genetic algorithm could in principle be fully
enumerated given xed seed molecules and chemical opera-
tions, or the probability distribution of a chemical language
model could be sampled until near exhaustion64—such bounds
are rarely characterised in practice. Consequently, GMD
explores chemical space by constructing focused sets of candi-
date molecules without access to a well-dened ground-truth
© 2026 The Author(s). Published by the Royal Society of Chemistry
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search space in the traditional sense, with the additional
advantage that such exploration may circumvent human and
chemical biases embedded in explicitly specied virtual
libraries.
4.1 Computational cost

In contrast to brute-force search, GMD scales with the number
of molecules sampled from the model, n, rather than the size of
an explicitly enumerated library. The approximate computa-
tional cost is Ctotal z n(cg + cf) + Cupdate(n), where cg is the per-
molecule generation cost, cf is the evaluation cost, and
Cupdate(n) captures any model update steps. In practice, n is
typically orders of magnitude smaller than the size of specied
virtual libraries N, while the implicit chemical space explored by
GMD is of unknown size, denoted N . Here, n scales with the
number of virtual hits desired (h) dependent on the probability
that a sampled molecule is a hit (p) i.e., n z h/p.‡ Although h
can be xed in advance, variability in computational efficiency
is largely governed by p, which reects how effectively the model
optimises the evaluator objective. For example, Renz et al.74

report that strong methods can generate approximately 100–
1000 high-scoring molecules per 10 000 evaluated samples,
corresponding to 0.01 # p # 0.1 depending on the task and
evaluator. This average behaviour, however, masks important
dynamics. First, p is typically low early in optimisation and may
increase with training. Second, mode collapse can reduce
effective yield by repeatedly sampling similar molecules. Third,
chemically implausible or non-drug-like structures should not
be counted as hits,75,76 further reducing p. Finally, some GMD
approaches incur substantial up-front pre-training costs,
ranging from hours to days for large foundation models.77

However, this cost is usually paid once and amortised across
downstream optimisation runs.
4.2 Progressability

The principal challenge facing GMD algorithms lies in their
exploration of large, implicitly dened chemical spaces. In
practice, more than 90% of molecules sampled from GMD
models are not present in the training data78,79 and, although
rarely reported, are typically not found in commercial cata-
logues, rendering them non-orderable (approximately 80%
commercially novel in one reported case80). This introduces
a major practical bottleneck: synthesis. To progress GMD-
proposed molecules, they must be synthesised and experi-
mentally tested; however, many models struggle to generate
compounds that are synthetically accessible.81 As a result, many
industrial and academic discovery efforts are reluctant to allo-
cate substantial resources to de novo synthesis without extensive
prior validation of both the GMD algorithm and the evaluator,
particularly at early, high-attrition stages of hit nding. At the
same time, this novelty can be advantageous: de novo
compounds are more likely to occupy unencumbered
‡ Note that for brute-force search p can be interpreted as xed. Whereas for
model-guided search, the surrogate model learns an estimator p̂(x) to
approximate the true probability p.

© 2026 The Author(s). Published by the Royal Society of Chemistry
intellectual property space, affording greater freedom to operate
in downstream development.
4.3 Evaluability

Despite the proliferation of benchmarks for generative molec-
ular design, retrospective evaluation of GMD performance
remains fundamentally challenging. Because the underlying
chemical space being searched is not explicitly dened,
proposed molecules lack a ground-truth reference and cannot
be unambiguously classied as optimal or suboptimal in
retrospect.82 In practice, GMD methods are therefore typically
evaluated either by the degree to which a chosen property is
maximised,78,83 or by the number and chemical diversity of
generated solutions exceeding a predened threshold.74,75

However, such criteria are vulnerable to Goodhart's Law:84 when
a metric becomes the optimisation target, it may cease to reect
the intended objective. Indeed, GMD models can exploit
weaknesses in evaluators.85,86 For example, some methods
overt to artefacts such as the random seed of an ML-based
evaluator,85 while others generate disproportionately large and
lipophilic molecules to inate docking scores, which oen
reect additive interaction terms.87 While counting the number
of diverse high-scoring solutions partially captures search
behaviour, it enables only relative comparisons between opti-
misation strategies and provides no absolute measure of search
optimality. Recent work such as MolExp88 denes a nite
objective with a known number of optimal solutions. This has
highlighted that many GMD methods perform poorly in multi-
solution settings, indicating that exploration efficiency in
implicit chemical spaces remains a major open challenge.
4.4 Further discussion

GMD is now well established in the literature, with hundreds of
methods and case studies reported in peer-reviewed work,16,89

and an increasing number of prospectively validated
campaigns. For example, several studies from the Chemistry42
platform90 have demonstrated successful application of GMD in
real discovery settings, including the identication of a TNIK
inhibitor that has progressed to Phase II clinical trials.91 Mun-
son et al.92 reported biological activity for 19 of 32 experimen-
tally tested molecules aer sampling n = 1 638 300 compounds
from a variational autoencoder model designed to optimise
polypharmacology. In related work, three novel nanomolar
adenosine A2A receptor ligands (8 experimental hits from 9
tested compounds) were identied by sampling n = 12 800
molecules per search campaign. The authors used a chemical
language model coupled to a docking evaluator;80 each
campaign required approximately 6 hours using around 30
CPUs and one GPU. Similarly, Korablyov et al.93 experimentally
validated 24 of 35 GMD-proposed compounds, all close
analogues, exhibiting micromolar activity against soluble
epoxide hydrolase. This campaign sampled n = 100 000 mole-
cules over 1.6 days using 672 CPUs, with optimised evaluator
inner and outer loops, and operated within a fragment-based
GMD framework. In this case, with a known theoretical
Digital Discovery



On human biases when searching chemical space

Drug hunters are rarely neutral explorers of chemical space.
Although drug discovery is oen framed as a rational and data-driven discipline, human judgement plays a decisive role in determining which molecules are
prioritised for experimental validation.65 In practice, this manifests as implicit and explicit biases about what constitutes an acceptable or “drug-like”molecule.
These biases are shaped by decades of historical data on in vivo safety, synthetic tractability, and clinical success. Analyses of such data have given rise to average-
driven heuristics that are widely reinforced through canonical guidelines, including Lipinski's rule-of-ve,5 pan-assay interference substructures (PAINS),66

structural alerts, and composite measures of chemical desirability.67

Beyond formal guidelines, additional biases are embedded through inuential discovery campaigns and widely cited literature that implicitly dene acceptable
chemical space. These paradigms—oen successful in retrospect—become codied and transmitted across generations of medicinal chemists, shaping how
molecules are judged long before biological or clinical evidence is available. Individual scientists further contribute their own experiential biases, oen
favouring chemical familiarity based on prior successes. Notably, such preferences are sufficiently systematic that machine learning models can oen predict
which chemist designed a given molecule.68

However, real-world drugs frequently defy these learned expectations.69 Many clinically and commercially successful therapeutics violate long-standing
assumptions about drug-likeness and would likely be deprioritised—or rejected outright—if assessed solely using contemporary structural heuristics.

Fig. 3: Examples of clinically successful drugs that challenge conventional medicinal chemistry heuristics for oral drug-likeness.
Ibrutinib (Imbruvica®), a rst-in-class covalent Bruton's tyrosine kinase inhibitor, illustrates this tension. From a design perspective, its reactive warhead and
known kinase promiscuity would likely trigger concern or exclusion in many modern screening workows.70 Nevertheless, ibrutinib transformed the BTK
inhibitor landscape, achieved regulatory approval across multiple indications, and has generated more than $20 billion USD in cumulative revenue.
Venetoclax (Venclexta®), a selective BCL-2 inhibitor, presents an even more striking example. In addition to its large molecular weight (868.44 g mol−1), v-
enetoclax contains several features oen agged as structural liabilities, including an aromatic nitro group, a cyclic alkene, and a terminal tetrahydropyran ring.
Despite this, venetoclax received regulatory approval in 2016 and has become amulti-billion-dollar therapeutic that fundamentally altered treatment paradigms
for haematological malignancies.71

Baxdrostat represents the opposite extreme in terms of molecular complexity. With a modest molecular weight (363.45 g mol−1) and a scaffold resembling
a fragment commonly found in screening libraries, it could easily be overlooked in conventional campaigns. Yet baxdrostat demonstrated compelling in vivo

efficacy in treatment-resistant hypertension, prompting AstraZeneca's $1.8 billion acquisition of CinCor Pharma in 2023.72

Together, these examples (Fig. 3) highlight a central tension in medicinal chemistry: neither structural complexity, heuristic drug-likeness, nor perceived
chemical “appeal” reliably predict clinical or commercial success.73 Ultimately, patients do not benet from molecular elegance; they benet from efficacy,
safety, and access. Search strategies that overly constrain chemical space—whether by human judgement or algorithmic bias—risk excluding precisely the kinds
of molecules that go on to make the greatest impact.
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chemical space of 1015 molecules, corresponding to exploration
of approximately 10−8% of that space.

Despite the prospective success of some GMD algorithms,
assessing their overall search capability remains difficult, if not
impossible. The size of the implicit chemical space explored by
a given model is rarely known, and even more rarely is it
accompanied by evaluator values f(m) that could serve as
a ground-truth reference baseline. Moreover, many studies do
not report the computational resources or wall time, further
limiting even high-level comparison across different molecular
search paradigms.

4.4.1 Substructure constrained generative methods.
Substructure-constrained GMD enables targeted design tasks
such as xed-scaffold decoration and fragment linking. A range
of approaches have been proposed: some require specialised
model architectures, molecular grammars, or training
datasets,94–96 whereas other models support both de novo and
Digital Discovery
substructure-constrained generation within a single frame-
work,97 or can be used as plug-ins to steer existing de novo GMD
models toward user-specied constraints.98 In general,
substructure constraints tend to improve progressability
because user-dened scaffolds can correspond to synthetically
accessible intermediates, enabling focused exploration of local
structure–activity relationships (SAR), which is particularly
useful in hit-to-lead and lead optimisation. These workows
can also be combined with reaction rules to encourage scaffold
decoration through specic, chemically plausible
transformations.94,98
5 Synthesis-aware generative
molecular design

Incorporating synthetic awareness into generative molecular
design (GMD) primarily aims to improve the progressability of
© 2026 The Author(s). Published by the Royal Society of Chemistry
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generated molecules by increasing the likelihood that proposed
structures can be synthesised and experimentally validated.
Synthetic awareness can be introduced into GMD in multiple
ways;81 however, each strategy entails distinct limitations and
trade-offs that affect computational cost, search efficiency, and
evaluability.

Broadly, existing approaches fall into three categories: (1)
synthesizability-biased pre-training,81 in which models are
trained on datasets such as ZINC79 or ChEMBL;99 (2) synthe-
sizability evaluators, used either as post-hoc lters or as opti-
misation objectives via computer-aided synthesis planning
(CASP) tools or faster surrogate metrics such as SAScore100 or
RAScore;101 and (3) synthesis-constrained generation, which
restricts the generative process to predened reaction rules and
building blocks.

5.1 Computational cost

As a subset of GMD, synthesis-aware approaches share the
approximate computational cost Ctotal z n(cg + cf) + Cupdate(n)
characteristic of the broader GMD paradigm. However, intro-
ducing synthetic constraints can substantially inuence both p
and the per-sample computational cost cg or cf. In particular,
CASP-based evaluators impose signicant overhead in cf, with
runtimes typically ranging from 30 seconds to several minutes
per molecule.102 As a result, synthesis-aware workows oen
rely on surrogate synthesizability metrics to remain computa-
tionally tractable.

5.2 Progressability

The central motivation for synthesis-aware GMD is to mitigate
the synthesizability bottleneck inherent to unconstrained
generation and to increase the likelihood that proposed mole-
cules can be acted upon experimentally. The extent to which
this goal is achieved, however, varies substantially across
approaches. Synthesizability-biased pre-training implicitly bi-
ases generation toward previously synthesised chemistry.
However because most ML-based GMD models still generate
predominantly novel molecules,79 progressability is far from
guaranteed without additional evaluation. Synthesizability
evaluators provide a stronger signal by estimating synthetic
feasibility and, in the case of CASP tools, proposing candidate
synthesis routes. However, their high computational cost oen
necessitates the use of faster surrogate scores, which do not
provide explicit routes and therefore only increase the likeli-
hood of synthesizability rather than guaranteeing actionability.
In contrast, synthesis-constrained GMD constructs molecules
according to validated reaction rules and available building
blocks, inherently providing actionable synthetic pathways.
Approaches in this category are best positioned to propose
routes that are robust, cost-effective, and compatible with
available starting materials, offering a direct path from virtual
hits to experimental validation.

5.3 Evaluability

From an evaluation perspective, synthesis-aware GMD inherits
the same fundamental limitations as unconstrained GMD:
© 2026 The Author(s). Published by the Royal Society of Chemistry
search performance is assessed using optimisation-based
metrics rather than against a ground-truth reference space.
While improved synthesizability makes prospective validation
more feasible, it does not resolve the challenge of retrospec-
tively assessing search completeness or efficiency. A key trade-
off—particularly for synthesis-constrained GMD—is a reduced
effective chemical space, which can lead to fewer discoverable
hits103 and may partially explain why such methods oen
perform worse on standard GMD benchmarks.83 In some cases,
this reduced performance is not accompanied by a corre-
sponding increase in predicted synthesizability.104 Although
this limitation is largely irrelevant in practice—non-
synthesizable hits are not actionable—it complicates algo-
rithmic comparison across GMD approaches, as differences in
building blocks and reaction sets dene non-standardised and
incomparable search spaces.105 This lack of a shared reference
space remains a major obstacle to evaluating the search capa-
bility of synthesis-aware GMD methods in isolation.
5.4 Further discussion

The approaches discussed below illustrate the principal mech-
anisms by which synthetic awareness has been incorporated
into generative molecular design. Synthesizability biased pre-
training datasets is already commonplace for many ML-based
GMD algorithms78,79,83 by pre-training models on molecules
that have already been made (e.g., ChEMBL99) or molecules that
are makeable (e.g., ZINC106). However, as many ML-based GMD
models produce mostly novel molecules, the aim is to learn the
underlying chemical distributions that lead to synthesizable
compounds. However, Gao and Coley81 demonstrated that the
use of ZINC and ChEMBL pre-training datasets lead to different
predicted synthesizability of de novo compounds, as measured
by CASP-evaluators. This despite the fact that both pre-training
datasets contain synthesizable molecules. The predicted syn-
thesizability ranged from 61–68% for these datasets, hence this
is not an exact solution to synthetic-awareness.

Synthesizability evaluators can be used as post-hoc lters to
remove molecules with poor predicted synthesizability, or as
secondary objectives to maximise during model optimisation.81

However, this remains an approximate GMD solution as GMD
can still propose molecules that do not satisfy CASP-based
evaluators. This contributes to search inefficiency as it
reduces the probability of a molecule being a “hit” p. For
example, Guo et al.107 leveraged a highly efficient GMD setup
that still resulted in approximately 30% to 44% of molecules not
adhering to CASP synthesizability objectives. In a similar vein,
GMD can be guided to “in-house” synthesis capability by
coupling the CASP evaluator to a tailored stock of inventory-
specic building blocks and reactions.108 In this case, approxi-
mately 60% of generated molecules were not predicted to be
synthesizable; however, the approach did facilitate experi-
mental verication of three molecules (1/3 with <10 mM MGLL
affinity, the primary objective).

Synthesis-constrained GMD approaches restrict the search
space of the GMD model by limiting it to a set of predened
reaction rules and building blocks. Thus, the practical benets
Digital Discovery
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of being able to follow proposed validated synthetic routes
provide a huge advantage for follow-up synthesis and experi-
mental validation. Implementations can include Monte Carlo
Tree Search,109 autoregressive models,110–112 reinforcement
learning,113 and ow networks.114 In the latter case, Cretu et al.114

demonstrated that their ow network implementation could
scale to chemical space sizes of ∼1016 based on 221 181
building blocks and 105 reactions with trajectory lengths of 4.
Subsequently this enabled the nding of better virtual hits with
higher predicted binding affinity than brute-force VS of much
smaller explicit libraries aer n = 400 000 molecules (requiring
1000 GPU hours due to more computationally expensive eval-
uators).115 For a recent review on different synthesis-aware
approaches see Papidocha et al.105.
6 Generative virtual screening

Recently, a growing class of generative molecular design
approaches has emerged109,116–118 that combine generative opti-
misation with explicit constraints on chemical space, such that
only molecules belonging to a specied reference library can be
proposed. This paradigm is referred to as Generative Virtual
Screening (GVS).107 GVS differs from synthesis-aware GMD,
which aims to propose molecules alongside feasible synthetic
routes but does not necessarily guarantee membership in
a predened compound catalogue. However, when synthesis-
aware GMD is restricted to the same building blocks and reac-
tion rules used by enumerated vendor libraries, such as
Enamine REAL,10 it effectively becomes a form of GVS. More
generally, GVS can be realised by any approach that constrains
generative design to an explicitly dened, xed chemical space.
As such, GVS constitutes a hybrid search paradigm that applies
generative optimisationmethods over known libraries, bridging
brute-force and model-guided search with de novo generative
design.

At rst glance, GVS may appear counter-intuitive given that
model-guided approaches can already be used to efficiently
search specied virtual libraries. However, GVS inherits
complementary advantages from multiple paradigms: the
favourable computational cost of GMD, the progressability of
explicit library-based search, and the retrospective evaluability
of model-guided search over xed chemical spaces, all applied
within a generative optimisation framework. These combined
characteristics are discussed in more detail below.
6.1 Computational cost

GVS inherits the favourable cost behaviour of GMD, with
computational cost governed by the number of molecules
sampled, n, rather than the size of the full reference libraryN. As
in GMD, the approximate computational cost is Ctotal z n(cg +
cf) + Cupdate(n), with n determined by h/p i.e., the probability of
sampling a virtual hit largely affecting scaling. Crucially, when
GVS strictly enforces membership in a reference library, p is
typically higher than in unconstrained GMD, as sampled
molecules are guaranteed to be orderable or experimentally
testable. This removes the dependence of p on the chemical
Digital Discovery
validity or availability of generated structures and shis opti-
misation efficiency to the ability of the generative algorithm to
identify high-scoring regions within the xed library.

6.2 Progressability

GVS retains the same prospective practicality as brute-force or
model-guided search over specied virtual libraries. Proposed
molecules can be ordered directly from in-stock catalogues,
procured through established make-on-demand workows
used in ultra-large screening campaigns, or progressed directly
to experimental validation when constrained to proprietary in-
house libraries. As with other library-based approaches,
freedom-to-operate and intellectual property considerations
remain relevant when relying on commercial vendor catalogues.

6.3 Evaluability

Unlike unconstrained GMD, GVS is retrospectively evaluable in
the same manner as model-guided search over a xed chemical
space. Because ground-truth evaluator values can be computed
for the entire reference library—or a large, representative
subset—GVS methods can be assessed using standard retrieval-
style metrics: recall of the top-k molecules or enrichment at
xed sampling budgets n. This enables isolation and analysis of
the search behaviour of generative algorithms without con-
founding effects arising from the unknown size and composi-
tion of implicit chemical spaces. As a result, GVS allows direct,
like-for-like comparison of search efficiency with brute-force
and model-guided approaches and provides an absolute refer-
ence point for assessing search completeness. Notably, despite
this advantage, many existing GVS studies do not yet exploit
retrospective evaluation and instead adopt GMD-style metrics,
such as reporting the best-scoring molecules found as a func-
tion of the number of evaluator calls f(m).

6.4 Further discussion

In practice, existing GVS methods can be broadly categorised
into two classes. The rst comprises approaches that strictly
guarantee membership in a reference library, most commonly
by employing synthesis-constrained GMD aligned with the
building blocks and reaction rules of an enumerable vendor
catalogue. The second consists of approximate GVS methods,
which guide unconstrained GMD toward reference library
membership or map unconstrained proposals back into the
reference catalogue via projection-based strategies. A summary
of representative approaches from both categories is provided
in Table 4.

The most common approach to GVS with guaranteed library
membership relies on synthesis-constrained GMD imple-
mented using the same building blocks and reaction rules as
ultra-large enumerable vendor libraries, such as Enamine
REAL.10 A representative example is SyntheMol109 and its
reinforcement-learning variant, SyntheMol-RL,117 which
combine Enamine REAL and WuXi GalaXi enumeration rules
with Monte Carlo tree search or reinforcement learning. In the
reinforcement-learning implementation, evaluating only n= 10
000 molecules (2 × 10−7% of the 46-billion-compound library)
© 2026 The Author(s). Published by the Royal Society of Chemistry



Table 4 Representative examples of GVS approaches reported in the literature. For each study, the size of the reference library defining the
search space (N) and the number of molecules sampled or evaluated by the method (n) are reported where available. Additional columns
summarise library membership guarantees, evaluator types, and evaluation metrics. Unreported or indeterminable values are denoted by ‘—’

References
Library
size (N)

Molecules
sampled (n)

Library
membership Evaluator (f(m))

Top-k
recall

Compute
cost

Resources
used

Wall
time

P de Oliveira et al.116

(2024)
3T 1.8M

(6 × 10−7%)
63–95% Docking surrogate

(MLP)
— 90 CPU/GPU

hours
1 GPU —

Guo et al.107

(2025)
142B 15K

(1 × 10−7%)
42% Docking

(QuickVina2-
GPU119);
CASP (MEGAN120)

— — 1 GPU —

Swanson et al.117

(2025)
46B 10K

(2 × 10−7%)
65% QSAR (MPNN; MLP) — — 8 CPUs &

1 GPU
0.5–7 days

Swanson et al.109

(2024)
30B 24K

(8 × 10−5%)
46% QSAR (MPNN; RF) — — — 8.5 hours

Klarich et al.118

(2024)
334.8M 3.35M (1%) 100% Docking (FRED55) 58%

(k = 100)
16 K CPU
hours

— —
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found 11 of 38 tested compounds as hits (29% hit rate),
including six novel molecules sharing a conserved 4-chloro-2,3-
dihydroxybenzamide motif. Notably, although library
membership is theoretically guaranteed through alignment
with vendor enumeration rules, only 65% of generated
compounds were reported to be orderable, likely reecting
additional, undocumented ltering applied by library
providers. In contrast, P de Oliveira et al.116 adopted an encoder–
decoder approach trained with normalizing ows, in which the
decoder selects from available building blocks and reaction
rules to map latent molecular representations to viable prod-
ucts. This enabled the largest reported GVS campaign to date,
implicitly spanning approximately 3 trillion Enamine unREAL
compounds. Evaluating 1.8 million molecules using a single
GPU, the method yielded purchasable hits later experimentally
validated at a hit rate of 12% (15/123). Finally, Klarich et al.118

proposed a more foundational strategy based on Thompson
sampling over library building blocks and a restricted reaction
set to enable efficient approximate search of large reference
libraries. Crucially, this approach was evaluated against known
ground-truth labels for the fully enumerated library, recovering
58% of the top-100 compounds as ranked by the evaluator while
Table 5 Examples of publicly available datasets that define explicit, fixed
source tools, and which can therefore serve as reference benchmarks fo

Ref.

Lyu et al.121

Hall et al.122

Garćıa-Ortegón et al.87
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sampling n = 3.35 million molecules (1% of the library),
approaching the efficiency gains observed in model-guided
search (Table 3). To our knowledge, this remains the only GVS
study that reports top-k recall relative to an available ground-
truth baseline.

Approximate GVS has also been demonstrated by Guo
et al.,107 who guided unconstrained GMD toward membership
in reference libraries by formulating library inclusion as an
optimisation objective. In this framework, molecules are
rewarded if they are predicted to belong to a target library, as
assessed using tailored CASP evaluators. Despite the absence of
strict constraints on generation, this approach achieved
approximately 42% library membership when optimising for
synthesizability within the Freedom Space 4.0 building block
inventory. Alternatively, approximate GVS can be implemented
by projecting unconstrained generative proposals onto a refer-
ence library via nearest-neighbour retrieval, for example using
ngerprint-, embedding-, or shape-based similarity. However,
even when employing highly compute-optimised similarity
search methods (subsubsection 2.1.1), this projection step
introduces additional computational overhead to map gener-
ated structures to purchasable analogues. As a result, the
chemical spaces with associated evaluator labels calculated with open-
r retrospective evaluation of GVS methods

Description

A dataset of 99 million compounds docked against AmpC and 138
million compounds docked against D4 receptor using DOCK3.7.23

Baseline used by Graff et al.46 and can be found at https://doi.org/
10.6084/m9.gshare.7359626 and https://doi.org/10.6084/
m9.gshare.7359401
A database of molecules docked against 11 different targets with
DOCK3.7/3.8 (ref. 23) totalling 6.3 billion molecules. Library and
associated labels can be found at https://lsd.docking.org/targets
A smaller dataset of 260 155 molecules docked against 58 DUD-E protein
targets using Autodock Vina123 viaDOCKSTRING. Library and associated
labels can be found at https://doi.org/10.6084/m9.gshare.16511577

Digital Discovery

https://doi.org/10.6084/m9.figshare.7359626
https://doi.org/10.6084/m9.figshare.7359626
https://doi.org/10.6084/m9.figshare.7359401
https://doi.org/10.6084/m9.figshare.7359401
https://lsd.docking.org/targets
https://doi.org/10.6084/m9.figshare.16511577


Digital Discovery Review
theoretical scaling advantages of GVS are diminished. More
importantly, this approach creates a mismatch: evaluator values
used to update the generative model correspond to the origi-
nally generated molecules, not their projected library
analogues. This discrepancy complicates optimisation and
reduces learning efficiency.

7 Conclusion

Across this review, we have described foundational paradigms
for searching chemical space that trade off computational effi-
ciency, evaluability, and progressability. At one extreme, clas-
sical brute-force search over a specied virtual library provides
a well-dened, reproducible, progressable, and search-complete
framework, but suffers from unfavourable scaling as library
sizes continue to grow. At the other extreme, generative
molecular design (GMD) offers substantial gains in computa-
tional efficiency by sampling molecules directly—oen from
learned distributions—with cost scaling primarily with the
number of desired virtual hits rather than the size of chemical
space. However, this efficiency comes at the expense of pro-
gressability and evaluability: without a xed reference space, it
becomes difficult both to advance proposed molecules experi-
mentally and to quantify how effectively an optimisation algo-
rithm explores toward all optimal solutions. Generative virtual
screening (GVS) therefore emerges as a natural middle ground,
retaining the favourable scaling properties of GMD while
remaining anchored to an explicit, nite library. By operating
within such a reference space, GVS enables scalable chemical
space exploration without sacricing immediate progressability
or retrospective evaluability.

In the near term, GVS offers a practical advantage: it iden-
ties progressable solutions with sampling budgets on the
order of n = 10 000—far fewer than the subsets exceeding S >
106 typically required in model-guided search—while enabling
direct acquisition and experimental testing from vendor or in-
house libraries. From an algorithmic perspective, however, the
more signicant contribution of GVS lies in the availability of
ground-truth evaluator labels over a xed chemical space, which
provides a concrete reference baseline unavailable in uncon-
strained GMD. This enables precise assessment of how many of
the best compounds in a reference library are recovered, for
example via top-k recall, in direct analogy to model-guided
search. Such baselines allow algorithm developers to explicitly
analyse the balance between exploitation and exploration,
a central challenge in generative optimisation. This is particu-
larly important given the strong tendency of many GMD
methods to over-exploit local optima at the expense of broader
coverage of chemical space. At present, this opportunity
remains largely underexploited, as only a single GVS study has
reported top-k recall against a ground-truth baseline.118 We
therefore encourage future work to adopt reference libraries
with available ground-truth labels, such as those listed in Table
5, to enable rigorous and comparable evaluation of GVS. More
broadly, the lack of consistent reporting of computational
resources and wall times across GMD studies further hampers
like-for-like comparison between search paradigms, obscuring
Digital Discovery
our understanding of current progress in chemical space
search.

Finally, GVS should not be viewed as an endpoint, but rather
as a methodological scaffold for improving the measurability
and understanding of implicit chemical space search methods,
while retaining immediate progressability benets. The
constraints imposed by xed reference libraries are methodo-
logical rather than philosophical: as discussed in the boxout,
such libraries inevitably encode historical biases about what
constitutes acceptable chemistry. However, by operating under
controlled and evaluable conditions, GVS enables optimisation
algorithms to be developed and stress-tested with well-dened
ground truth, allowing their search behaviour to be robustly
and quantitatively characterised. Once such behaviour is
established, these algorithms can be applied with greater
condence to progressively less constrained—or fully uncon-
strained—generative settings. This supports principled explo-
ration of broader chemical space beyond the limits of existing
libraries.
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71 L. M. Juárez-Salcedo, V. Desai and S. Dalia, Drugs Context,
2019, 8, 212574.

72 J. M. Flack, M. Azizi, J. M. Brown, J. P. Dwyer, J. Fronczek,
E. S. Jones, D. S. Olsson, S. Perl, H. Shibata, J.-G. Wang,
et al., N. Engl. J. Med., 2025, 393, 1363–1374.

73 D. A. DeGoey, H.-J. Chen, P. B. Cox andM. D. Wendt, J. Med.
Chem., 2017, 61, 2636–2651.

74 P. Renz, S. Luukkonen and G. Klambauer, J. Chem. Inf.
Model., 2024, 64, 5756–5761.

75 M. Thomas, N. M. O'Boyle, A. Bender and C. De Graaf, arXiv,
2022, preprint, arXiv:2212.01385, DOI: 10.48550/
arXiv.2212.01385.
Digital Discovery
76 A. Bou, M. Thomas, S. Dittert, C. Navarro, M. Majewski,
Y. Wang, S. Patel, G. Tresadern, M. Ahmad, V. Moens,
et al., J. Chem. Inf. Model., 2024, 64, 5900–5911.

77 F. Cai, K. Zacour, T. Zhu, T.-R. Tzeng, Y. Duan, L. Liu,
S. Pilla, G. Li and F. Luo, arXiv, 2022, preprint,
arXiv:2410.21422, DOI: 10.48550/arXiv.2410.21422.

78 N. Brown, M. Fiscato, M. H. Segler and A. C. Vaucher, J.
Chem. Inf. Model., 2019, 59, 1096–1108.

79 D. Polykovskiy, A. Zhebrak, B. Sanchez-Lengeling,
S. Golovanov, O. Tatanov, S. Belyaev, R. Kurbanov,
A. Artamonov, V. Aladinskiy, M. Veselov, et al., Front.
Pharmacol., 2020, 11, 565644.

80 M. Thomas, P. G. Matricon, R. J. Gillespie,
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P. Schwaller, arXiv, 2025, preprint, arXiv:2505.08774, DOI:
10.48550/arXiv.2505.08774.
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