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Early-stage drug discovery has been limited by initial hit identification and lead optimization and their associated costs (1).
Ultra-large virtual screens (ULVSs), which involve the virtual evaluation of massive numbers of molecules to engage a macromolec-
ular target, have the ability to significantly alleviate these problems, as was recently demonstrated in multiple studies (2–7). Despite
their potential, ULVSs have so far only explored a tiny fraction of the chemical space and of available docking programs. Here, we
present VirtualFlow 2.0, the next generation of the first open-source drug discovery platform dedicated to ultra-large virtual screen-
ings. VirtualFlow 2.0 provides the REAL Space from Enamine containing 69 billion drug-like molecules in a "ready-to-dock" format,
the largest library of its kind available to date. We provide an 18-dimensional matrix for intuitive exploration of the library through
a web interface, where each dimension corresponds to a molecular property of the ligands. Additionally, VirtualFlow 2.0 supports
multiple techniques that dramatically reduce computational costs, including a new method called Adaptive Target-Guided Virtual
Screening (ATG-VS). By sampling a representative sparse version of the library, ATG-VS identifies the sections of the ultra-large
chemical space that harbors the highest potential to engage the target site, leading to substantially reduced computational costs by
up to a factor of 1000. In addition, VirtualFlow 2.0 supports the latest deep learning- and GPU-based docking methods, allowing
further speed-ups by up to two orders of magnitude. VirtualFlow 2.0 supports 1500 unique docking methods providing target-specific
and consensus docking options to increase accuracy and has the ability to screen new types of ligands (such as peptides) and target
receptors (including RNA and DNA). Moreover, VirtualFlow 2.0 has many advanced new features, such as enhanced AI and cloud
support. We demonstrate a perfectly linear scaling behavior up to 5.6 million CPUs in the AWS Cloud, a new global record for
parallel cloud computing. Due to its open-source nature and versatility, we expect that VirtualFlow 2.0 will play a key role in the
future of early-stage drug discovery.

Introduction
One of the major challenges in early-stage drug discovery is the identification and optimization of initial hit and lead compounds
that target biological macromolecules. Traditionally, experimental high-throughput screens have been the primary method
for discovering initial hit compounds (8). However, this traditional approach has several disadvantages, including high cost,
considerable time requirements, and the need for a robust assay. The chemical space of small molecules suitable for drug
discovery is estimated to contain over 1060 molecules (9). Experimental screens often only sample a minuscule fraction
(typically hundreds of thousands of molecules) of the possible chemical space which is not conducive to challenging target
sites such as protein-protein interactions or allosteric sites, which often have a rather flat binding surface. Ultra-large virtual
screenings (ULVSs) have the potential to address many of the challenges faced in early-stage drug discovery. Indeed, these
virtual screenings evaluate over 100 million ligands, enabling the sampling of a substantially larger portion of the chemical
space of compounds suitable for drug discovery. ULVSs can be significantly more efficient in terms of cost and time compared
to experimental high-throughput screens, enabling the discovery of highly potent hits and providing mechanistic insights into
how the molecules interact with biological targets. Additionally, ULVSs also allow for the targeting of challenging target sites
(e.g. flat surfaces often found in protein-protein interfaces) due to their ability to find exceptionally tight-fitting molecules.

In the past few years, several studies have demonstrated the extraordinary power of ULVSs in identifying potent hits for
diverse sets of target proteins, including enzymatic active sites, orthosteric sites of GPCRs, and protein-protein interactions.
In 2019, Lyu and colleagues (2) targeted the D4 dopamine receptor and AmpC using ULVSs and obtained picomolar binders
directly from the screen. In 2020, the melatonin receptor MT1 was successfully targeted with ULVS, resulting in compounds
with sub-nanomolar potency (4). In the same year, ULVSs were used for the first time to target protein–protein interactions. That
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Fig. 1. Overview of VirtualFlow 2.0 (gold) and comparison to the original VirtualFlow (violet). Most features of the original VirtualFlow version are still supported by VirtualFlow
2.0, and thus VirtualFlow can be seen as a major extension of the original VirtualFlow. Among the new features of VirtualFlow 2.0 are: i) a new much larger ligand library (the
REAL Space of Enamine containing 69 billion molecules), ii) a much larger number of docking methods (approximately 1500), allowing to target new receptor types (such
as RNA and DNA), iii) supporting new hardware (e.g. ARM CPUs), iv) hardware acceleration via GPUs, v) providing more advanced ligand preparation capabilities (e.g.
stereoisomer enumeration and calculation of 28 molecular properties), vi) features to support machine learning and deep learning approaches (e.g. support of SELFIES and
deep learning-based docking methods), and vii) VirtualFlow 2.0 has a new module, VirtualFlow Unity, that allows the preparation and dock of ligands in a single workflow.
Importantly, VirtualFlow 2.0 allows for a new screening paradigm called Adaptive Target-Guided Virtual Screens (ATG-VSs), which allows effective sampling of ultra-large
ligand libraries, in a target-focused manner, for a small fraction of the cost compared to standard ULVSs.

study performed the first screen of one billion compounds to target the KEAP1-NRF2 interaction, leading to the identification
of inhibitors in the sub-micromolar range (3). In 2021, the σ2 receptor was targeted by ULVSs, leading to low-nanomolar
ligands (5). Notably, in 2020, the first open-source, fully automated platform dedicated to ULVSs called VirtualFlow was
published (3, 10). This platform allows users to routinely perform ULVS with a library of approximately 1.4 billion compounds
in a "ready-to-dock format". In 2020, there were approximately 2 billion on-demand molecules available, but with the recent
advances in manufacturing and computational technologies, this number has increased significantly (11), with estimates as high
as 90 billion on-demand molecules available from multiple compound vendors.

Here, we present VirtualFlow 2.0, a next-generation in silico platform for ULVSs that can intelligently and efficiently
sample the most recent ultra-large libraries. VirtualFlow 2.0 has vastly extended features spanning the ligand preparation mod-
ule (VFLP - VirtualFlow for Ligand Preparation), the virtual screening module (VFVS - VirtualFlow for Virtual Screening), and
VF Unity, a new module that unifies both VFLP and VFVS, aimed at providing a streamlined workflow for the computational
drug discovery, computational biology, and the machine learning communities. These expanded capabilities of the platform
were directly applied to curating the world’s largest commercially available ligand library (Enamine REAL Space (12)) in a
"ready-to-dock" format, consisting of 69 billion compounds, utilizing the linear scaling behavior of the platform and simulta-
neously employing 5.6 million vCPUs. This next-generation platform also contains a novel module, Adaptive Target-Guided
Virtual Screens (ATG-VSs), which performs a pilot screen of representative molecules from diverse subsections of the 69 bil-
lion library to narrow down promising regions of the chemical space efficiently for a given target receptor. One can then expand
on these target-specific regions of the chemical space in a final ultra-large screen. We observed that the ATG-VS approach can
reduce computational costs by a factor of up to 1000 as compared to exhaustive screening.

VirtualFlow 2.0
Ultra-large virtual screens involve billions of molecules and files that need to be prepared, processed, and handled efficiently
using high-performance computing infrastructure. For the preparation and docking of single ligands, a large number of tools
and methods exist. In the context of ultra-large virtual screens, these tools need to work in concert and in parallel on different
types of HPC systems (e.g. computer clusters and the cloud) and be aware of platform-based error checks and restrictions.
This calls for a single unified software platform that runs on diverse HPC systems and brings together all the available tools,
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allowing them to work together in a highly parallelized way. We have created the VirtualFlow open-source platform to support
the above-mentioned demands.

VirtualFlow 2.0 is the next generation of virtual screening platforms, more powerful than the original version (Virtu-
alFlow 1.0, for a detailed comparison see Extended Data Table 1). The new features (Figure 1) can be classified into three
categories: platform-wide improvements (affecting all or multiple modules of VirtualFlow), module-specific new features, and
new modules related to the ligand libraries that we provide. One of the major improvements in VirtualFlow 2.0 is its native
cloud support, which allows for more efficient use of computational resources on AWS and improves its scaling abilities. We
have demonstrated that VirtualFlow 2.0 scales linearly up to an unprecedented number of CPUs (5.6 million). Additionally,
VirtualFlow 2.0 includes several new features that use machine learning and deep learning approaches for docking, which can
be considerably faster than traditional docking methods and more accurate in some modalities such as blind docking (13, 14).

The ligand preparation module in VirtualFlow 2.0, called VirtualFlow for Ligand Preparation (VFLP 2.0), has several
new features. In addition to ligand preparation for docking, VFLP 2.0 enables the enumeration of stereoisomers, tautomers,
and the calculation of 28 molecular properties (for a complete list, see Extended Data Table 3). Notably, VFLP 2.0 also offers
enhanced open-source support and the ability to partition newly created libraries into multidimensional grids, with up to 28
dimensions. This allows the user to subselect a portion of the ultra-large library with desired molecular properties. More
information about these features can be found in the Methods section.

The virtual screening module in VirtualFlow 2.0, called VirtualFlow for Virtual Screening (VFVS 2.0), has been signif-
icantly enhanced. Specifically, VFVS now supports approximately 1500 docking methods, as listed in Table 1. These methods
are provided by over 40 individual docking programs, which are listed in Extended Data Table 5, as well as by scoring functions
(Extended Data Table 6) and pose prediction methods (Extended Data Table 7) that are assembled by VFVS 2.0 into complete
docking methods. VFVS 2.0 supports the latest deep learning-based docking and pose-prediction methods and can handle new
types of receptors (such as DNA and RNA) and peptide ligands. A detailed description of these and other features of VFVS 2.0
can be found in the "Methods" section.

In addition to the updates to VFLP 2.0 and VFVS 2.0, we engineered a new module called VirtualFlow Unity (VFU).
VFU seamlessly combines many features of VFLP and VFVS, allowing users to prepare molecules and dock them in a single,
automated workflow. Details about VFU can be found in the "Methods" section.

REAL Space

Virtual screens with larger libraries of molecules tend to produce substantially better-quality results compared to small-scale
virtual screens. Research has shown that both the potency and hit rate (i.e., the number of experimentally confirmed hits divided
by the number of tested compounds) improve significantly with the number of compounds screened (2, 3, 5, 10). Currently, the
largest ready-to-dock libraries are the REAL Database (2018 version) (3) and the ZINC20 library (15), both of which contain
approximately 1.5 billion ready-to-dock molecules. To allow for screening substantially larger ligand libraries, here we have
prepared the REAL Space of Enamine into a ready-to-dock format, containing 69 billion commercially available molecules, by
far the largest library for structure-based virtual screens.

The current version of the Enamine REAL Space (2022q1-2, accessed November 15, 2022,
https://enamine.net/compound-collections/real-compounds) as provided by Enamine has 31,507,987,117 enumerated
molecules. The molecules are derivatives of 137,000 qualified building blocks assembled via 167 in-house validated one-pot
synthetic protocols (16–25). The above combination of the validated features supports the high synthetic feasibility of the
REAL molecules with a success rate of 82 percent across 386,000 experiments set in 2021. The REAL Space is drug-like, and
99 percent of the molecules meet Lipinski’s Rule of Five (26). The space is represented by 1,098,811,629 Murcko scaffolds.
The scaffold diversity in the REAL Space is similar to the in-stock compound collection, 3,024,947 compounds are based on
1,110,956 Murcko scaffolds (27).

After ligand preparation with VFLP 2.0, the number of ready-to-dock molecules increased to 68.7 billion. This prepa-
ration process included several steps, such as enumerating stereoisomers and relevant tautomers for each molecule, desalting,
neutralizing, calculating protonation states, generating 3D conformers, and converting the molecules to the desired target for-
mats. Using the VFLP 2.0 workflow we calculated 28 different molecular properties of each compound (see Extended Data
Table 3 for a complete list). Based on 18 of these molecular properties, the REAL Space library, in a ready-to-dock format
was partitioned into an 18-dimensional matrix. Each dimension corresponds to one of the following molecular properties:
molecular weight, logP, hydrogen bond donor count, hydrogen bond acceptor count, rotatable bond count, topological polar
surface area (TPSA), logS, aromatic ring count, molecular refractivity (MR), formal charge, positive charge count, negative
charge count, fsp3, chiral center count, halogen atom count, sulfur atom count, and stereoisomer count. Each dimension was
subsequently partitioned into multiple intervals, resulting in a matrix-like structure (see also Figure 2). This method of par-
titioning results in 24.4 billion tranches (matrix elements). The molecules from the REAL Space populate approximately 12
million tranches of the 18-dimensional matrix. The 18 properties and intervals were selected based on their expected impor-
tance for selecting subsets of the library in the context of drug discovery (a significantly higher number would have resulted in
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Fig. 2. VirtualFlow version of the Enamine REAL Space. The initial REAL Space from Enamine (version 2022q1-2) contained 31 billion SMILES in an unprepared form
(e.g. not all stereo-isomers were enumerated). The VFLP module of VirtualFlow was used to prepare the REAL Space into a ready-to-dock format. The preparation steps
included stereo-isomer enumeration, tautomerization state calculation, protonation state prediction, 3D-format conversion, and target format conversion. In addition, for each
molecule, 28 properties were computed that are relevant for drug discovery. 18 of these properties were used to partition the library into an 18-dimensional grid, where each
dimension is partitioned into multiple intervals. In the figure, this 18-dimensional grid is represented schematically as a 3-dimensional grid, with each of the three chosen
dimensions partitioned into 6-10 subsets/intervals. This leads to 8 · 6 · 6 = 288 tranches. Each tranche is shown as a small box, and within each tranche, all the ligands are
contained that have the molecular properties associated with that tranche. This partitioning allows for a flexible selection of subsets of the library and enables adaptive virtual
screens.

an unfavorable tranche-to-ligand ratio for efficient workflows). An overview of the partitions of the 18 dimensions/properties
and their occupancy is illustrated in Extended Data Figure 3 as well as in Extended Data Table 4.

The REAL Space is an extensive library of drug-like molecules that is rich in chemical diversity and offers a number
of non-flat and stereocenter-containing molecules (15, 28). With over 50.5 billion molecules (74% of the library), the library
contains at least one chiral center, rendering these molecules nonflat. Nonflatness has emerged as a favorable characteristic of
druglike molecules (29, 30). Specific binding of ligand to its receptor involves leveraging the unique aspects of the receptor’s
shape as well as the molecular and atomic properties of the binding site. In this case, in a Goldilocks manner, if a compound has
multiple stereoisomers, the various stereoisomers should have different docking scores due to the different three-dimensional
properties to specifically engage the target. The difference in docking scores among the stereoisomers can be considered a trait
of specific binding and should aid in the selection of hits. The REAL Space includes a significant number of halogen-containing
compounds (20.2 billion molecules), of which 17.4 billion harbor fluorine atoms. These molecules can be used in 19F-NMR
experiments to validate binding without the need for isotopically labeled proteins. Despite the diversity of the REAL Space,
vast areas of the 18-dimensional matrix are empty, allowing chemical providers to explore and discover new molecules that
may selectively engage specific proteins in the proteome.

We have designed two interactive interfaces for the exploration of the REAL Space library (Extended Data Figures 5 and
6), that use different implementation techniques and thus can differ in their performance dependent on the device/browser used.
This web interface allows users to select specific subsets of the library for virtual screens using VFVS. The interface displays
the library as a two-dimensional table, which is a projection of the other 16 dimensions of the complete 18-dimensional matrix.
Users can choose which property or dimension to display on each of the two axes and use interactive sliders to select a specific
range for each property or dimension. We make the REAL Space available in PDB, PDBQT, MOL2, and SDF ready-to-dock
formats, which are compatible with the docking format requirements of almost all docking programs that use small molecules
as ligands. In addition, the library is available in the SMILES, SELFIES, and Parquet formats, which can be useful for tasks
complementary to virtual screens (e.g. generative models). The entire library or user-defined sub-sections of the library can
be accessed through the VirtualFlow project homepage (https://virtual-flow.org/) or via a dataset on AWS Open
Data, where the library can be directly used for virtual screenings in the cloud without the need to locally download it.

Adaptive Ultra-Large Virtual Screenings
Screening ultra-large ligand libraries containing billions of molecules is computationally intensive, especially when using
traditional docking programs. As the number of compounds in the library increases into the tens of billions, the cost of
screening the library becomes prohibitively expensive.

Virtual screening is a process of searching a vast chemical space for the best candidate that matches the structural and
biophysical properties of the target site in a given receptor. However, the fraction of compounds in an ultra-large screen that will
optimally engage a specific site in the receptor is often very small and share specific molecular characteristics. To be cost- and
time-effective, it is desirable to focus the screen on the optimal chemical space that is likely to contain hits for a given target.
To rapidly narrow the search space for a given target, we introduce the Adaptive Target-Guided Virtual Screening (ATG-VS)
technique. This approach consists of the following steps:

1. Library Decomposition. Each tranche in the current library has approximately 5600 molecules, and for each tranche
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Fig. 3. Adaptive Target-Guided Virtual Screens (ATG-VSs). The REAL Space, divided into an 18-dimensional grid, populates over 12 million individual tranches (cells)
represented in the figure schematically as a 3-dimensional matrix and each of these tranch has on average 5600 molecules. During the first step of ATG-VSs, the VFVS
module of VirtualFlow selects a few (1-10) representative molecules in each tranche and docks these molecules to the target receptor. This screening mode (and stage) is
referred to as a prescreen and allows VirtualFlow to detect the tranches of the library that contain molecules of high potential binding affinity to the given target receptor/binding
site. VirtualFlow then selects these tranches and screens them fully against the target receptor.

up to ten representative ligands are selected for a pilot screen. The number of representatives per tranche (1-10) can
be selected by the user. Since there are approximately 12 million tranches (that the molecules from the REAL Space
populate), if one representative per tranche is selected, the total number of molecules screened in the pilot screen would
be approximately 12 million for the entire library. If more than one representative molecule, per tranche, is chosen by the
user then these additional molecules are automatically selected to be diverse from each other within the given tranche.

2. Screening Representative Molecules (ATG Prescreen). Instead of screening the entire library, a prescreen of only the
representative ligands is performed. After the pre-screen, the cells (tranches) of the ligand library that have the best
docking scores among the representative ligands are selected for the next screening stage.

3. Selection of Active Tranches. VirtualFlow 2.0 automatically selects the most promising tranches based on docking
scores of the ATG Prescreen, and the user can select the weight of each of the two criteria. The total number of ligands
to be screened in the next stage can be specified by the user.

4. Active Cell Screening (ATG Primary Screen). In the next stage, the tranches that were selected after the prescreen are
fully screened (e.g. in Figure 3, the three tranches that contain the best ligands are marked purple).

ATG-VSs significantly reduce the dimension of the chemical space to be screened, thereby reducing the required com-
putation time. VFLP 2.0 can also prepare new and/or proprietary ligand libraries with ATG-VS support, which requires that
the prepared ligand libraries are structured into a multidimensional tranche matrix with pre-assigned representative molecules
for each tranche. An optional third-stage screen can be performed to rescore the best hits with higher accuracy, such as by
including receptor flexibility. VirtualFlow can carry out all three stages in a fully automated workflow.

To investigate the effectiveness of the various parameters including the number of representative molecules from each
tranche, and the docking exhaustiveness (which is a measure of how the ligands’ conformational space is sampled), we carried
out multiple ATG prescreens on an array of targets. We examined the following scenarios, i) one representative molecule per
tranche and exhaustiveness of 1, ii) 10 representative molecules and exhaustiveness of 1, and iii) 1 representative molecule with
exhaustiveness of 10. The higher the exhaustiveness parameter the more thoroughly the confirmational space is searched, but
also the more computation time is needed. The results of these trials can be seen in Extended Data Figure 8. As shown in the
figure, the results (based on the distribution of the top docking scores, and the ranking of the tranches within each property
category) are relatively similar for all three scenarios. Therefore, ATG prescreens with exhaustiveness 1 and one representative
molecule per tranche are expected to be sufficient for many applications. In this case, an ATG prescreen involves docking 12
million molecules to explore all parts of the 69 billion compound library, which is over 5000 times less computational effort
than screening all molecules of the library.

To investigate the performance of ATG-VSs in comparison to standard ultra-large virtual screens, we screened 10 dif-
ferent target proteins of various types: including kinases, phosphatases, GPCRs, and protein-protein interfaces (cf. Extended
Data Figure 4). We investigated the advantages of an ATG screen using two different pilot studies on an array of different
protein targets. i) We compared the docking scores of the top 50 hits from a screen of either 100 million random molecules
using standard ULVSs with 100 million molecules chosen by the ATG prescreen, the ligands chosen after the ATG prescreen
consistently performed substantially better, and in most cases resulted in hits with the predicted binding constant approximately
five-fold better than those obtained with the random selection (see Extended Data Figure 9). ii) We investigated if the ATG
screen can be used to effectively and efficiently sample vast regions of the chemical space. Here we show that the ATG primary
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screen, consisting of only ten thousand to one million compounds, often yields top-scoring compounds with similar docking
scores as when screening 100 million random compounds in standard ultra-large virtual screens (ULVSs), representing a re-
duction of 100-10,000 in the number of compounds screened (see Figure 4). Compared to CB1 where we see 10,000-fold time
saving, we observe a 100-fold reduction for NTR1. The performance of the ATG screen depends on the target and the nature
of the library screened. Some of the target surfaces are rich in molecular features, harboring a combination of hydrophobic
and electrostatic surfaces and the docking area is large in size. In such instances, the ATG will identify a rather diffused area
in the 18-dimensional tranch. It should also be noted that the molecules of the REAL Space have a molecular weight below
450 Da, and if the library would contain larger ligands (e.g. 450-700 Da) ATG-VSs might be even more effective for certain
targets. These results demonstrate the effectiveness of ATG-VSs in comparison to standard ULVSs for identifying high-quality
compounds for various target proteins.

Fig. 4. Benchmarks Involving Adaptive Target-Guided (ATG) Primary Virtual Screens and Standard ULVSs. Violin plots of the docking scores (the more negative the
better) of the top 50 virtual screening hits obtained by standard ULVS using 100 million random compounds (blue) and by considerably smaller ATG primary screens (rose).
Stripplots of the data points are overlayed, and the numbers above the violin plots are the mean docking scores of the top 50 hits. For most target proteins, ATG primary
screens in which 100,000 molecules were screened after the ATG prescreen performed similarly well as standard ULVSs in which 100 million random compounds were
screened, resulting in a reduction of 100-10,000x regarding the number of compounds screened in the primary virtual screening stage.

Machine Learning and Cloud Support
AI Support. VirtualFlow 2.0 has significantly enhanced support for artificial intelligence (AI) and machine learning (ML)
approaches in the fields of molecular biology and drug discovery. In addition to leveraging ML-based docking programs such
as EquiBind (31), DiffDock(14), and TANKBind (13), VirtualFlow 2.0 has features designed to support ML workflows. For ex-
ample, VFLP supports the calculation of properties such as the Quantitative Estimate of Druglikeness (QED) (32), and octanol
solubility (logP) (33), both properties have been heavily used in ML communities for optimization of small molecules. Another
new feature of VFLP 2.0 is its support for the SELFIES molecular representation (34, 35). Due to their robustness, SELFIES
are often used in generative models to create new molecules (36). The new module VirtualFlow Unity allows for easier training
data generation, and seamless integration of docking programs to be utilized as objective functions (37) when creating new
machine-learning models. VFU makes molecular docking also more accessible to drug discovery communities since it fully
automates ligand preparation and molecular docking within a single and simple unified command-line interface able to access
approximately 1500 docking methods, eliminating the need for users to learn how to use these methods individually. VFVS 2.0
provides many new docking methods by assembling existing deep learning-based scoring functions and sampling algorithms
into full docking programs. Overall, VirtualFlow 2.0 can serve as a hub for developing new ML methods for drug discovery
and make existing ML-based structure-based drug discovery methods, such as docking methods, more accessible to the drug
discovery community.

Cloud Support. VirtualFlow 2.0 is designed to run efficiently in the cloud. VirtualFlow runs on top of batch systems such as
Slurm (38) and AWS Batch (39). Slurm is supported by many cloud providers such as Google Cloud and Microsoft Azure, and
AWS Batch is tailored to AWS cloud. In this study, we demonstrate the use of VirtualFlow 2.0 with over 5.6 million vCPUs in
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AWS, setting a new global record for the number of vCPUs used in parallel in the cloud. This impressive scalability in terms of
the number of CPUs allows for the completion of ultra-large-scale virtual screenings (ULVSs) involving billions of molecules
in a matter of hours, which would take weeks to months to complete on shared university computer clusters.

Discussion
The size of the chemical space available for drug discovery is rapidly expanding, with the number of on-demand molecules
increasing from around 2 billion in 2020 to around 90 billion in 2022, and is expected to reach trillions in the near future.
However, even this vast chemical space is still a minuscule fraction of the potential space of drug-like molecules. To access
a significant portion of the expanding chemical space for drug discovery, we have created the largest ready-to-dock ligand
library available to date, the REAL Space from Enamine, with a total of 69 billion molecules. This library allows researchers
to perform virtual screens on a vast number of molecules, increasing the chances of discovering potent hits and optimizing lead
compounds. Notably, the scale of the screen improves the docking scores of the best virtual screening hits, which can lead to
higher potency and higher true-hit rates (2, 3, 5, 10, 40). By using a larger library, researchers can increase their chances of
finding potent and reliable hits, making the screening process more efficient and effective.

The rapid increase in accessible chemical space requires an efficient and flexible platform for efficient access and nav-
igation in the context of ULVSs. While we have access to unprecedented computational power through cloud-based service
providers, the cost of screening billions of molecules is often prohibitive for academic researchers. To address this challenge,
VirtualFlow 2.0 introduces a new adaptive target-based virtual screening (ATG-VS) technique, which allows researchers to
efficiently explore the largest ligand libraries available to date. For the Enamine REAL Space, an ATG prescreen of 12-120
million compounds can dramatically narrow the search space in a target-dependent manner, providing a speed-up (and cost
reduction) of up to 1000. In addition, VirtualFlow 2.0 offers fast deep learning- and GPU-based docking methods that can
speed up screens by up to two orders of magnitude when compared to traditional docking programs and CPUs, respectively.

VirtualFlow 2.0 is a platform that brings together a wide range of diverse docking methods, deep learning-based scoring
functions, and pose-prediction methods in a single unified framework in which these methods can be used in concert and
complement each other synergistically. Individual scoring functions, pose prediction methods, and full docking programs are
assembled into new complete docking methods, leading to a large number of possible choices for the user. Additional methods
can be easily added in the future as new methods become available. Closely related, we posit that generative models will soon
be able to generate large libraries of molecules with the potential to act as therapeutics (41). To train and evaluate these models,
VirtualFlow 2.0 offers a streamlined software backend that can be easily utilized by the machine-learning communities.

In conclusion, VirtualFlow 2.0 is a platform that offers a comprehensive and flexible approach to virtual screening,
with the ability to access the largest ready-to-dock library of drug-like molecules currently available. The platform employs
techniques to reduce computational costs, making it an effective tool for hit identification and lead optimization in drug dis-
covery. Its open-source nature and impressive scaling capabilities make it a valuable resource for researchers. Despite the
significant progress made in the field of ultra-large virtual screenings in recent years, there is still much room for improvement
and development in the coming years.

Online Content. Any methods, additional references, Nature Research reporting summaries, source data, statements of data availability, and
associated accession codes are available online at https://doi.org
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Methods
VirtualFlow 2.0. VirtualFlow is an in silico platform consisting of three modules (VFLP, VFVS, and VFU) and ready-made
ligand libraries for virtual screens. In this section, general platform-wide features have been described that span multiple
modules.

Python Code-base. VirtualFlow 2.0 has been entirely rewritten in Python, a programming language that enables the imple-
mentation of more sophisticated and advanced code while reducing maintenance work. This rewrite has also made it easier for
scientists and programmers to join the open-source project and/or extend VirtualFlow 2.0 independently, as Python is the most
widely used programming language in scientific communities. In contrast, the previous version of VirtualFlow was written in
Bash.

Parallelism. In addition to being rewritten in Python, a key goal for VirtualFlow 2.0 was to improve parallelism in order
to decrease the overall time required for screening. VirtualFlow 2.0 has increased the levels of parallelism compared to the
previous version. To help manage this increased parallelism, it maintains the use of collections, that group around 1,000
ligands together, reducing the overhead of scheduling individual ligands for processing.

VirtualFlow 2.0 also introduces the concept of subjobs, which are atomic units of computational work that include
one or more collections for processing. These subjobs are automatically generated by VirtualFlow 2.0 to match the runtime
requirements specified in the job configuration. Subjobs are then combined into larger groups called workunits, which are
designed to allow schedulers to efficiently process the high levels of parallelism generated by VirtualFlow 2.0. These work
units are sent as job arrays to the end schedulers for processing. By optimizing for parallelism, the team was able to achieve
5.6 million concurrent vCPUs running VirtualFlow 2.0.

Native Cloud Support. The VFLP and VFVS modules of VirtualFlow can run on computer clusters as well as on the cloud
by using a batch system. Currently, two batch systems are supported, Slurm (38) and AWS Batch (39). Slurm is able to run
on many cloud infrastructures, including Google Cloud, Microsoft Azure, as well as AWS. Within AWS, VirtualFlow 2.0 uses
AWS Batch and S3 object storage. CloudFormation is used to set up VirtualFlow and all necessary components. The AWS-
native architecture allows VirtualFlow 2.0 to utilize millions of virtual CPUs (vCPUs) in parallel, while the previous version
was only demonstrated to scale up to 160,000 vCPUs.

VirtualFlow 2.0 is able to utilize various features from AWS in addition to supporting traditional clusters, making it
easier to use and increasing the scale of computations available to researchers. Some of these features include:

• Scheduling and Orchestration: AWS Batch is a cloud-native scheduler and orchestrator for containerized jobs. As part
of running a job, VirtualFlow can make use of AWS Batch to automatically scale cloud infrastructure up and down as
needed and run all of the individual subjobs. VirtualFlow can also automatically generate the Docker container used for
processing, eliminating the need to understand containerization or other infrastructure.

• Object Storage (Amazon S3): In addition to the usage of standard cluster filesystems, VirtualFlow 2.0 also supports the
usage of object storage for both ingesting of datasets and the output of the resulting data from the processing.

• Spot Capacity Awareness and Spot Resilience: Spot capacity is unused computing capacity that cloud providers make
available at significantly discounted prices compared to normal on-demand access. In exchange for a lower price, a
workload running on a spot instance may be reclaimed (stopped) with a short warning. VirtualFlow 2.0 is designed to
take advantage of this capacity model by using shorter running subjobs (approximately 30 minutes) and automatically
re-running jobs that have prematurely exited through integration with AWS Batch. Additionally, through integration with
AWS Batch, VirtualFlow is able to select instances that are less likely to be interrupted through the "spot capacity aware"
scheduling method.

The architecture of VirtualFlow 2.0 when deployed on AWS is shown in Extended Data Figure 1. The architecture makes
use of multiple Compute Environments, each of which may contain thousands of instances (compute nodes). The instances are
automatically allocated and deallocated when the job starts and ends, respectively. Individual subjobs are allocated to the
instances by AWS Batch until all subjobs have been completed. These subjobs run as Docker containers on the instances.

ARM. VirtualFlow is also able to run on the compute ARM architecture when using ARM-compatible choices in the settings.
VFLP is fully ARM compatible, and VFVS is ARM compatible when docking programs are used that either make the source
code available or provide binaries for ARM. ARM-based computing infrastructure can be more cost-efficient than traditional
x86-based architectures.

Enamine REAL Space. The REAL Space of Enamine (version 2022q1-2) was prepared using VFLP 2.0. JChem Suite
was used for neutralizing the molecules, stereoisomer enumeration, tautomer generation, protonation state prediction, 3D
coordinate calculation, and the calculation of multiple molecular properties, JChem Suite 18.20.0, ChemAxon (https:
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//www.chemaxon.com). Open Babel (version 2.3.2) was used as backup program for protonation state prediction, 3D
coordinate calculation (42), and target format conversion (all formats except SELFIES). The pip-installable SELFIES pack-
age (https://github.com/aspuru-guzik-group/selfies) was used for the conversion of molecules between
SMILES and SELFIES. An overview of the processing steps and preparation methods used is shown in Extended Data Table 2.

Multiple Formats. VirtualFlow provides the REAL Space library in ready-to-dock 3D formats including PDB, PDBQT,
MOL2, and SDF. These formats are compatible with a wide range of docking programs for small molecules. The total size of
the ready-to-dock library is approximately 50TB in compressed form for each of these formats, totaling around 200 terabytes
in compressed form (uncompressed, the library is around 2 petabytes). In addition to these ready-to-dock formats, the REAL
Space library is also provided in the SELFIES (34), SMILES (43), and Parquet formats. These formats are useful for postpro-
cessing the results of virtual screening (e.g., for easy representation of each molecule), and they can also be used as standalone
libraries for other purposes such as in the AI/ML community, where SMILES and SELFIES are the standard molecular input
file formats. The Parquet format of the REAL Space only stores the properties of the molecules, which can be useful for fast
library-wide queries.

VirtualFlow for Ligand Preparation (VFLP). VFLP 2.0 is the module of VirtualFlow 2.0 dedicated to the preparation of
ligand libraries into a ready-to-dock format and can handle libraries of any size, including ultra-large libraries. VFLP requires
a batch system and supports SLURM as well as AWS Batch as batch systems. VFLP is configured via a configuration file
(an example configuration file is shown in Supplementary Listing G). Details on the workflow are available in Supplementary
Information Section B. The new version of VFLP has the following features.

Preparation into Ready-To-Dock Format. The primary task of VFLP 2.0 is to prepare ligands into a ready-to-dock format. To
accomplish this, VFLP 2.0 desalts the original ligands (in case they are salts), neutralizes them, generates stereoisomers and
tautomers, predicts the protonation states, computes the minimum-potential energy conformation of the ligand (3D coordinates),
and converts them into the desired target formats. In total over 100 output formats are supported. A detailed overview of the
processing steps can be seen in Extended Data Figure 7. The support input formats are SMILES, SELFIES, as well as amino
acid sequences. VFLP 2.0 uses external tools such as ChemAxon’s JChem, Open Babel, and RDKit (44), to carry out the
preparation steps. For many of the preparation steps, the user can choose which external tool should be used. Details on which
tools are available for each processing step can be found in Extended Data Table 3.

Molecular Properties Calculation. VFLP 2.0 enables researchers to calculate a variety of physicochemical properties for the
molecules in the input ligand library, in addition to its primary task of preparing them for molecular docking. By calculating
properties such as QED (Quantitative Estimate of Druglikeness), logP, molecular weight, and others (a full list of supported
properties can be found in Extended Data Table 2), researchers can more effectively select and prioritize ligands, which can
help reduce costs and the time required for screens using VFVS. VFLP 2.0 uses mostly external tools to calculate the molecular
properties, such as ChemAxon’s JChem (https://chemaxon.com/calculators-and-predictors, Open Babel
(42), and RDKit (for details see Extended Data Table 3). By combining the results of VFLP with those of VFVS, researchers
can gain valuable insights into the structural and chemical characteristics of their ligands relative to specific target proteins,
which can help them design and optimize new molecules with improved affinity and specificity.

Automatic Tranche Assignments. In VirtualFlow, ligand libraries are organized into tranches. Each tranche corresponds to
a property of the ligands and is divided into multiple intervals or categories. For example, the molecular weight of the ligands
can be used as a tranche type, and can then be partitioned into several categories or intervals such as 0-200, 200-300, 300-400,
400-500, and 500-∞ daltons. Multiple tranches allow for the partitioning of a ligand library into a multidimensional grid or
table, with one dimension corresponding to each tranche type (ligand property).

While the previous version of VirtualFlow required that the input ligand collection was already organized and structured
in the tranche format, VirtualFlow 2.0 can automatically reorganize the input ligand library into a new tranche output format
based on the computation of specific molecular properties of the ligands (see the corresponding paragraph above). This feature
is useful because most ligand libraries (e.g., from chemical compound vendors) are initially in the SMILES format and not in
the tranche format. VFLP can then be used to prepare the entire library in the multidimensional grid/tranche format for VFVS.

Support of SELFIES. SELF-referencing Embedded Strings (SELFIES) (34, 35) has become one of the most popular line
notation formats for small molecules within machine-learning communities. The primary reason is that SELFIES are fully
robust, meaning that every SELFIES string corresponds to a valid molecule, which is not the case for SMILES. Thus generative
ML models cannot create invalid molecules when using SELFIES. VFLP now supports SELFIES as an input format for the
molecules in addition to SMILES. Additionally, the entire REAL Space is free to be downloaded in the SELFIES format,
enabling the creation of powerful datasets.

Stereoisomer Enumeration. One of the main tasks of VFLP is to prepare ligand libraries from unprepared formats (e.g.,
SMILES) into ready-to-dock formats. The new version of VFLP enables the enumeration of stereoisomers for the ligands,
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which was not possible in the previous version. Accurate stereochemistry is essential for virtual screenings using structure-
based molecular docking, but many ligand libraries in unprepared formats (e.g., from chemical compound vendors) do not
contain stereochemical information. The ability to enumerate stereoisomers allows VFLP to include this information in the
prepared ligand library, ensuring that the virtual screening results are accurate.

Extended Open Source Support. The previous version of VFLP required external tools (from ChemAxon) that are not open
source for some of the steps when preparing ligands in a ready-to-dock format. The new version provides the option to choose
open-source alternatives for each of the steps to prepare molecules into a ready-to-dock format. In particular, Open Babel and
RDKit are supported by VirtualFlow 2.0 as open-source alternatives.

Enhanced Speed. VFLP 2.0 has been improved in terms of speed compared to the original version. Firstly, this has been
achieved by VFLP 2.0 using its own Java code to call the necessary functions of ChemAxon’s JChem package via Nailgun,
which reduces the number of calls to Nailgun significantly. Additionally, timeout parameters that can be adjusted by users have
been added to the control file, allowing VFLP to skip ligands that require unusually long processing times during preparation.
These improvements make VFLP more efficient and able to handle larger ligand libraries.

Enhanced Quality Checks. VFLP checks the validity of each ligand that it prepares in the ready-to-dock format by calculating
the potential energy of the ligand in 3D format using Open Babel. This allows VFLP to automatically remove ligands that have
an excessively high potential energy, which can be an indication that the compound was damaged or corrupted during the
preparation process. This helps to ensure the integrity and accuracy of the prepared ligand library.

Application. VFLP was used to prepare the REAL Space (version 2022q1-2). It was run on AWS using over 5.6 million Intel
vCPUs in parallel. Spot instances were used, and the used capacity was sustained without significant preemption. In total less
than 0.1 percent of the used CPU hours were interrupted due to preemption. The scaling behavior of VFLP 2.0 was found to be
perfectly linear (as shown in Extended Data Figure 2). This demonstrates the efficiency and effectiveness of VFLP in preparing
large ligand libraries in a ready-to-dock format.

VirtualFlow for Virtual Screening (VFVS). VFVS is the module of VirtualFlow dedicated to ultra-large virtual screens but
can also screen libraries of smaller sizes. It requires a batch system and supports SLURM as well as AWS Batch as batch
systems. VFVS is configured via a configuration file (an example configuration file is shown in Supplementary Listing H).
VFVS and VFU share many virtual screening features, which are described in a later section. VFLP 2.0 and VFVS 2.0 share
the same parallelization mechanisms when using Slurm or AWS Batch, and therefore the scaling behavior of VFVS 2.0 is
expected to be the same as for VFLP, which was shown to be perfectly linear up to 5.6 million CPUs (see also Extended Data
Figure 2).

Parquet Output Format. VFVS has the ability to store output data in the Apache Parquet format, an open-source column-
oriented data storage format. When using this format, VFVS can take advantage of any database and query system that can
read this format, including Amazon Athena, a serverless service that allows users to efficiently query output score files stored
in Amazon S3 (object storage) on AWS. Additionally, VFVS has a feature for automatic postprocessing ATG Prescreens using
Amazon Athena, enabling researchers to efficiently prepare the input data for the ATG primary screens. Tools are provided
with VFVS to facilitate common queries, but researchers can also create their own queries using the open-source format of the
dataset.

ATG-VSs and Benchmarks After an ATG Prescreen is completed, the tranches to be selected for the ATG Primary Screen
can be selected in multiple ways. Either the tranches of the REAL Space can be selected individually, allowing for arbitrary
selection patterns within the multidimensional grid. Alternatively, the shape of the selected tranches in the multidimensional
tranche matrix can be restricted to hyperrectangles, which corresponds to selecting the best intervals/tranches of each dimen-
sion/property separately, and then multiplying/combining the selected tranches of each dimension to obtain the hyperrectangular
selection. The total number of molecules to be selected for the ATG Primary Screen can be chosen by the user.

The ATG-VS benchmarks shown in Figure 4, and Extended Data Figures 8 and 9 were run using the target proteins
shown in Extended Data Table 4. The docking program used was QuickVina 2. The benchmarks were run in AWS using Spot
instances using Intel CPUs, and up to 400,000 CPUs were used in parallel. After the ATG Prescreen, the tranches for the ATG
Primary Screen were selected using the hyperrectangle method.

VirtualFlow Unity. VirtualFlow Unity is the all-in-one version of VirtualFlow, combining both ligand preparation and virtual
screening into a single streamlined workflow. It is the third module besides VFLP and VFVS. This new module adds many
conveniences for workflows where both ligand preparation and virtual screenings have to be carried out in tandem. Notably,
VFU is designed to be run as a package, supporting approximately 1500 docking methods that can be run independently of
job schedulers (see Supplementary Data Table 1). A conceptual overview of the workflow of VFU can be found in Extended
Data Figure 10, and a detailed UML workflow diagram is shown in Supplementary Figure 10. Specifically, as input, a user
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specifies the molecule to be docked (as a SMILES, SELFIES, or amino-acid sequence), the protein file, the docking site, and
the docking program to be run. Based on the user’s choices, error checks in the form of missing docking-choice-specific files
are performed, and calculations are run. As a result of a successful calculation, the docking score and pose are returned. VFU
can be run in standalone mode, where it is run via the command line and specifies the options via a configuration file (an
example configuration file is shown in Supplementary Data Figure I). This mode is for example useful for scientists in the drug
discovery communities who want to carry out molecular dockings in the most convenient and simple way, without requiring
computational expertise, while having a large number of docking methods available. In addition, VFU can be run in API mode
to directly interface with other programs and code, which can for instance be useful for the machine learning communities that
develop new methods for drug discovery.

Platform-wide Virtual Screening Features (VFU and VFVS). The VFU and VFVS modules support the same docking
methods and therefore share all docking-specific features.

Supported Docking Methods. The initial version of VirtualFlow supported 7 different docking programs: AutoDock Vina,
Vina Carb, VinaXB, QuickVina 02, QuickVina W, Smina, and ADFR. Shortly after, support for GWO Vina and PLANTS was
added (45, 46)). In VirtualFlow 2.0, this has been extended to approximately 40 docking methods, listed in Tables 5, 6, 7. These
include software that performs both pose prediction and scoring (Table 5), solely pose prediction (Table 7) and only scoring
(Table 6). Notably, within VirtualFlow 2.0, the scoring functions can be combined with pose prediction methods, giving rise to
approximately 1500 methods (listed in Table 1). We note that many of the newly supported docking software possess special
features such as protein-protein/RNA docking, explicit parameterization of solvents/metals, and covalent docking. In Tables
5,6,7, we describe these as "Special features". Additionally, a key consideration for ULVS is the timing required for carrying
out a single calculation. As such, in Figure 11, we provide timing estimates for running a single calculation, averaging over 25
independent runs for all docking programs.

Special Types of Ligands. In addition to traditional small molecule ligands, VirtualFlow 2.0 now supports the use of peptides,
protein ligands, and covalently-bonded ligands in VFVS. Peptides are of increasing interest as therapeutics, and several docking
programs already support their use. For protein-protein/RNA docking, specialized programs require two protein/RNA targets
in order to generate co-complexes. Covalent docking involves reduced flexibility for certain parts of the input molecule during
pose sampling, and a few specialized docking programs support this ligand type (see Extended Data Table 5). These new ligand
types expand the scope of VirtualFlow and allow for even more diverse virtual screenings.

Enhanced Performance. The QuickVina 2 molecular docking tool is used to accelerate AutoDock Vina with no loss of ac-
curacy (47). QuickVina 2 execution was profiled in an effort to improve performance even further. To establish baseline
performance, the open-source GitHub repository was cloned and the qvina_1buffer branch was compiled using the GNU C++
compiler (version 9.4), the Boost C++ libraries (version 1.79, available from https://www.boost.org), and the default
parameters (see https://qvina.github.io/compilingQvina2.html for the build instructions). A single docking
experiment of Avanafil binding to unsolvated 5FNQ was run through the Intel VTune Profiler to look for performance bottle-
necks. Unfortunately, the execution profile was flat. The most time-consuming function accounted for less than 20% of the
total run-time. Tuning the source code would give rapidly diminishing returns at the risk of affecting accuracy, so compiler-
level optimization was the best option to improve performance. QuickVina 2 was rebuilt using the Intel oneAPI DPC++/C++
Compiler (version 2022.2.0.20220730) and aggressive optimization: automatic vectorization, interprocedural optimization, and
relaxed floating-point constraints. Profile-guided optimization was also tried, but it did not improve performance. The final
executable was 18% faster than the default builds with no loss of accuracy. The new binaries are provided on the QuickVina
and VF homepages.

GPU Support. Several of the docking programs support graphics processing units (GPUs), which can strongly reduce compu-
tation time and cost. For pose prediction, these include softwares: AutoDock-GPU (48), QVina2-GPU (49), QVina2-W-GPU
(49), Vina-GPU (49). Additionally, deep-learning methods such as TANKBind (13), DiffDock (50), EquiBind (51) use GPU-
compatible neural networks for direct pose prediction of several ligands in parallel. Additionally, Gnina (52), NNScore 2.0 (53),
DeepAffinity (54) and DeepBindRG (55) use GPU-compatible deep learning models for scoring protein-ligand complexes. Vir-
tualFlow 2.0 supports GPU compatibility of all these software. The relative speedups of these methods for single calculations
can be compared within Figure 11.

Molecular Dynamics-Based Methods. Molecular docking is a computationally fast way to predict binding poses and binding-
free energies, but it has sometimes trouble to distinguish between compounds with similar binding affinities. Molecular docking
algorithms often prioritize speed over accuracy by using fast pose generation and approximate scoring functions to save time,
especially when screening extensive collections of compounds against a protein target. This trade-off reduces the effectiveness
of the algorithms. More precise algorithms based on molecular dynamics simulations are sometimes used downstream of
docking in drug discovery processes to improve the number of accurate predictions. The combination of molecular docking
and molecular dynamics can yield results near experimentally determined crystal structures (56, 57). VFVS 2.0 includes
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methods for selecting and scoring poses based on molecular dynamics simulations, such as MM/PBSA and MM/GBSA, for
evaluating docking poses and predicting binding affinities (58). MM/PBSA and MM/GBSA are popular for binding free energy
prediction because they are more accurate than molecular docking and less computationally intensive than alchemical methods.
VirtualFlow 2.0 also supports Binding Pose Metadynamics (BPMD), which uses a stability score based on the resistance of the
ligand to perturbation away from the initial pose to rerank predicted binding poses from docking (56, 59). The OpenBPMD
algorithm can accurately predict binding poses within 2 Å RMSD of the crystallographic complex structure for many systems
and efficiently rerank docked poses. The MM/PBSA, MM/GBSA, and BPMD methods can be used within VirtualFlow as
rescoring and pose refinement methods.

Enhanced Quality Checks. The docking pose of each ligand is checked for corruption by evaluating the coordinates and com-
puting the potential energy of the docked compound with Open Babel. Any corrupted compounds are automatically removed.

Code Availability. The source of VirtualFlow 2.0 is released under the GNU GPL v2.0, a free and open-source license. The code can be accessed via GitHub.
The VirtualFlow GitHub Organization can be found at https://github.com/VirtualFlow, which contains multiple repositories. The VFLP 2.0 and
the VFVS 2.0 modules of VirtualFlow 2.0 can be found in the branches "python-develop2" of the VFLP and the VFVS GitHub repositories, respectively. The
module VirtualFlow Unity can be found in the GitHub repo named VF-Unity.]

Data Availability. The ready-to-dock REAL Space from Enamine can be accessed online via an interactive web interface available on the VirtualFlow home-
page http://virtual-flow.org/, or via AWS Open Data (https://aws.amazon.com/opendata.

Supplementary Information. Supplementary information is available in the online version of the paper.
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Extended Data

Feature VirtualFlow 1.0 VirtualFlow 2.0
General Features

Codebase Bash Python
Native cloud support not available available (AWS)

Linear scaling behavior demonstrated up to 160,000 CPUs demonstrated up to 5.6 million CPUs
VirtualFlow Ligand Libraries

Total size of ligand library 1.4 billion 68.7 billion
Additional predicted ligand properties 0 28

PDB format not available available
PDBQT format available available

SDF format not available available
MOL2 format not available available

SMILES format not available available
SELFIES format not available available
Parquet format not available available

Sparse version (for ATG-VSs) not available available
Interactive web interface yes (6 dimensions) yes (18 dimensions)

Accessability VirtualFlow website VirtualFlow website and AWS Open Data
VirtualFlow For Ligand Preparation (VFLP) Module

Stereoisomer enumeration not supported supported
External open-source tools for ligand preparation limited support extended support

SMILES as input format supported supported
SELFIES as input format not supported supported

Amino acid sequences as input format not supported supported
SELFIES as output format not supported supported

Prediction of physical molecular properties not supported supported (27 properties)
Automatic multidimensional matrix generation not supported extended support

Quality control limited support extended support
Enhanced speed limited support extended support

VirtualFlow For Virtual Screening (VFVS) Module
Adaptive target-guided virtual screens not supported supported

Docking methods 10 1500
Deep learning-based scoring functions not supported supported

Deep learning-based pose prediction methods not supported supported
Molecular dynamics-based methods not supported supported

Protein as target supported supported
RNA as target not supported supported
DNA as target not supported supported

Covalent docking limited support extended support
Protein ligands (protein-receptor docking) not supported supported

Peptide ligands not supported supported
Parquet output format not supported supported

Docking quality control not supported supported
ARM supported not supported supported

Enhanced x86 performance not available available (for several docking methods)
GPU support not supported supported

VirtualFlow Unity (VFU) Module
Standalone mode not available available

API mode not available available

Extended Data Table 1. Comparision of Features Supported by VirtualFlow 1.0 and VirtualFlow 2.0. Features are grouped by the VirtualFlow module: General, VFLP,
VFVS, and VF Unity. VirtualFlow 2.0 has significantly more features than the original version.
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Extended Data Fig. 1. Compute Stack deployed by VirtualFlow in AWS. The login node is used by the user to control the workflow in AWS via the workload manager AWS
Batch. AWS Batch has multiple Job Queues to which jobs are submitted by VirtualFlow, and each job queue deploys multiple Compute Environments that can spin up and use
a large number of virtual machines (instances) of specific types. On each instance, one or more subjobs are run, and each subjobs deploys a docker container that carries
out the computations of VirtualFlow by executing VirtualFlow Runner (a core python component of VirtualFlow). Each subjob typically processes a few ligand collections,
where each ligand collection contains multiple ligands (e.g. 1000).
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Extended Data Fig. 2. Scaling behavior of VFLP of on AWS. The scaling behavior is perfectly linear even when using extremely large numbers of CPUs. Up to 5.6 million
vCPUs were used in parallel across multiple AWS regions. As can be seen in the plot, the scaling behavior is perfectly linear, implying there is no slowdown even when using
extremely large numbers of vCPUs.

Christoph Gorgulla • VirtualFlow 2.0 17

.CC-BY-NC 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 26, 2023. ; https://doi.org/10.1101/2023.04.25.537981doi: bioRxiv preprint 

https://doi.org/10.1101/2023.04.25.537981
http://creativecommons.org/licenses/by-nc/4.0/


Index Property VirtualFlow Parameter Preparation Method Used for 18-Dimensional Matrix
1 molecular weight mw_file Input library yes
2 logP logp_jchem JChem yes
3 hydrogen bond acceptor count hba_jchem JChem yes
4 hydrogen bond donor count hbd_jchem JChem yes
5 rotatable bond count rotb_jchem JChem yes
6 topological polar surface area tpsa_jchem JChem yes
7 molecular refractivity mr_jchem JChem yes
8 solubility [molar] logs JChem yes
9 number of bonds bondcount_jchem JChem no

10 aromatic proportion ap JChem yes
11 ring count ringcount JChem no
12 aromatic ring count aromaticringcount JChem no
13 logD logd JChem no
14 formal charge formalcharge VirtualFlow yes
15 positive charge count positivechargecount VirtualFlow yes
16 negative charge count negativechargecount VirtualFlow yes
17 fraction of sp3 carbon atoms fsp3_file Input library yes
18 total atom count atomcount_jchem JChem no
19 heavy atom count heavyatomcount_file Input library no
20 chiral center count chiralcentercount JChem yes
21 doublebond stereoisomer count doublebondstereoisomercount JChem yes
22 halogen atom count halogencount JChem yes
23 sulfur atom count sulfurcount JChem yes
24 nitrogen and oxygen atom count NOcount JChem no
25 electronegative atom coun electronegativeatomcount JChem no
26 Enamine compound class enamine_compound_class Input library yes
27 quantitative estimate of druglikeness (QED) qed_rdkit RDKit no
28 Murcko scaffold scaffold_rdkit RDKit no

Extended Data Table 2. Calculated Properties of Ligands in REAL Space. All properties of the ligands that were determined/calculated during the preparation of the
REAL Space (version 2022q1-2) with VFLP 2.0. A few properties (molecular weight, fsp3, heavy atom count, Enamine compound class) were available in the input library
and thus could be directly used without any calculations.
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Extended Data Fig. 3. Overview of 18-dimensional tranche table. Molecular properties associated with each tranche, the partitions that are used for each tranche
property, and the number of compounds per partition interval for each property (colored as a heat map).
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Extended Data Fig. 4. Overview of the distribution of the molecular properties of REAL Space library. Each subplot shows the distribution of the molecular property
associated with each dimension of the 18-dimensional grid into which the REAL Space was partitioned.
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Extended Data Fig. 5. Webinterface (version 1) of the REAL Space. Shown is an interactive web interface that is made available on the VirtualFlow homepage
(https://virtual-flow.org/) that allows selecting subsets of the REAL Space partitioned into an 18-dimensional matrix. Each dimension corresponds to a molecular
property and has a slider that can be adjusted to select the desired property ranges. The number of selected molecules is updated automatically in the web interface.
Effectively, the sliders allow the selection of multidimensional rectangles within the 18-dimensional matrix.

Christoph Gorgulla • VirtualFlow 2.0 21

.CC-BY-NC 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 26, 2023. ; https://doi.org/10.1101/2023.04.25.537981doi: bioRxiv preprint 

https://virtual-flow.org/
https://doi.org/10.1101/2023.04.25.537981
http://creativecommons.org/licenses/by-nc/4.0/


Extended Data Fig. 6. Webinterface (version 2) of the REAL Space. Shown is an interactive web interface that is made available on the VirtualFlow homepage
(https://virtual-flow.org/) that allows selecting subsets of the REAL Space partitioned into an 18-dimensional matrix. Each dimension corresponds to a molecular
property and has a slider that can be adjusted to select the desired property ranges. The number of selected molecules is updated automatically in the web interface.
Effectively, the sliders allow the selection of multidimensional rectangles within the 18-dimensional matrix.
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Extended Data Fig. 7. VFLP - Overview of the Ligand Preparation Procedure. Ligands are initially in a format in line notation (e.g. SMILES, SELFIES, or amino
acid sequences). The preparation steps include desalting, neutralization, stereoisomer enumeration, tautomer enumeration, protonation state prediction, 3D coordinate
generation, and target format generation. Stereoisomer and tautomer generation can result in multiple chemical species. Highlighted in purple are the steps of a molecule
from the beginning to the end of the preparation procedure. Colored in white are the intermediate molecules/tautomers whose subsequent preparation steps are not shown
in the diagram.
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Property Available Calculation Methods
Preparation of Ligands into Ready-To-Dock Format

Desalting VFLP (internal)
Neutralization JChem, Open Babel

Stereoisomer Generation JChem, RDKit
Tautomer Generation JChem, Open Babel

Protonation State Calculation JChem, Open Babel
3D Coordinate Conversion JChem, Open Babel
Target Format Conversion Open Babel (for all formats but SELFIES)

and SELFIES Python Package (only for SELFIES)
Calculation of Additional Molecular Properties

Molecular weight JChem, Open Babel, Input Library
logP JChem, Open Babel, Input Library

HBA count JChem, Open Babel, Input Library
HBD count JChem, Open Babel, Input Library

Rotatable bond count JChem, Open Babel, Input Library
TPSA JChem, Open Babel, Input Library

Molecular refractivity JChem, Open Babel, Input Library
Solubility [molar] JChem, Open Babel, Input Library

Bond count JChem, Input Library
Aromatic proportion JChem, Input Library

Ring count JChem, Input Library
Aromatic ring count JChem, Input Library

logD JChem, Input Library
Formal charge VFLP (internal)

Positive charge count VFLP (internal)
Negative charge count VFLP (internal)

Fraction of sp3 carbon atoms (fsp3) JChem, Input Library
Total atom count JChem, Open Babel

Heavy atom count Input Library
Chiral center count JChem, Input Library

Doublebond stereoisomer count JChem
Halogen atom count JChem, Input Library
Sulfur atom count JChem, Input Library

NO atom count JChem, Input Library
Electronegative atom count JChem, Input Library
Enamine compound class Input Library

Quantitative Estimate of Druglikeness (QED) RDKit
Murcko scaffold RDKit

Extended Data Table 3. Supported Processing Steps of VFLP 2.0 VFLP 2.0 can prepare molecules into a ready-to-dock format, and calculate additional properties of
each molecule. For many of these calculations, external tools (JChem from ChemAxon, RDKit, and Open Babel) are used, while for a few VFLP 2.0 calculates them internally.
Many properties can also be used directly from the input library if available, avoiding the need to calculate them during the runtime.
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Extended Data Fig. 8. Adaptive Target-Guided Prescreening Benchmarks. Results of several prescreens for a test system within the Adaptive Target-Guided Virtual
Screening (ATG-VS) approach, where different settings were used. In the first run (left), one representative per tranche was used with docking exhaustiveness 1. In the
second run (middle), 10 representatives per tranche are used with exhaustiveness 1. In the third run (right), one representative per tranche was used with exhaustiveness 10.
The average docking scores were computed for each tranche of each property (averaging over all other properties/dimensions). For each property, the tranches have been
ranked within their property realm based on the average docking scores for the tranches. As can be seen, the patterns and rankings are very similar to each other, indicating
that one representative with exhaustiveness 1 can be sufficient for the prescreenings.
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Target Protein Structure ID Structure Source Target Site Target Site Type
KRASG12V 4TQ9 Protein Data Bank (RCSB) Active site Enzymatic site

CB1 6KPG Protein Data Bank (RCSB) Primary ligand pocket Orthosteric site
PTPRB 2H04 Protein Data Bank (RCSB) Active site Enzymatic site
JNK3 7S1N Protein Data Bank (RCSB) Active site Enzymatic site
TLR8 6ZJZ Protein Data Bank (RCSB) Dimerization site Protein-protein interaction

PIK3CG 2CHZ Protein Data Bank (RCSB) Active site Enzymatic site
NTR1 4GRV Protein Data Bank (RCSB) Primary ligand pocket Orthosteric site

MED15-KIX 2GUT Protein Data Bank (RCSB) SREBP interaction site Protein-protein interaction
KEAP1 5FNQ Protein Data Bank (RCSB) NRF2 interaction site Protein-protein interaction
Raptor AFQ8N122_F1 AlphaFold Structure Database TOS motif Protein-protein interaction

Extended Data Table 4. ATG-VS Benchmark Systems. The target proteins and binding sites used in the benchmark studies comparing ATG-VSs with standard ULVSs.
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Extended Data Fig. 9. Comparison of Adaptive Target-Guided (ATG) Primary Virtual Screens and standard ULVS. 100 million compounds were screened with standard
ULVS of randomly selected compounds, as well as with ATGs where the 100 million compounds to be screened were selected based on the ATG prescreen. Violin plots of
the docking scores of the top 50 virtual screening hits obtained by standard ULVSs (blue) and ATG-VS (rose). Stripplots of the data points are overlayed. The docking scores
of the top 50 compounds of the adaptive screens are considerably better for all target proteins than for the standard ULVSs.
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Docking program License model Special features DL-based Hardware support Reference
AutoDock-GPU Open Source GPU-accelerated version of AutoDock4 ✗ GPU (48)

AutoDock4 Open Source Improved modelling of waters and macrocycles ✗ CPU (60)
AutoDockZN Open Source Special support for zinc-coordinating ligands ✗ CPU (61)

AutoDock Vina 1.2.0 Open Source Python support; macromolecule support ✗ CPU (62)
AutoDock Vina 1.1.2 Open Source Improved optimization, scoring and multithreading ✗ CPU (63)
AutoDockFR (ADFR) Open Source Improved receptor side-chain flexibility modelling ✗ CPU (64)

AutoDock Koto Open Source Improved sampling ✗ CPU (65)
ATPdock Open Source ATP-specific protein-ligand docking ✗ CPU (66)
CovDock Licence Required Covalent docking ✗ CPU (67)

DOCK 6.0 Free for academics RNA-ligand, DNA-ligand, protein-protein docking. ✗ CPU (68)
FlexX Licence Required Covalent docking. Ensemble docking ✗ CPU (69)

FitDock Academic Licence Incorporation of template fitting for docking ✗ CPU (70)
GalaxyDock3 Licence Required Incorporation of side chain flexibility ✗ CPU (71)
Glide (HTVS) Paid Academic Licencing Less exhaustive sampling and scoring ✗ CPU (72)

Glide (SP) Paid Academic Licencing More exhaustive sampling and scoring (compared to Glide HTVS) & different levels of accuracy ✗ CPU (72)
Glide (XP) Paid Academic Licencing Most accurate sampling and scoring for Glide & different levels of accuracy ✗ CPU (72)

Gnina Open Source Deep learning scoring of complex ✓ GPU/CPU scoring (52)
GOLD Licence Required Genetic algorithm based docking; Covalent docking ✗ CPU (73)

GWOVina Open Source Grey wolf optimization ✗ CPU (74)
HDOCK Academic Licence Protein–RNA/DNA docking ✗ CPU (75)

HSYMDOCK Academic Licence Protein–protein/rna docking with Cn and Dn symmetry ✗ CPU (76)
idock Open Source AutoDock Vina derivative with improved speed ✗ CPU (77)

iGEMDOCK Open Source - ✗ CPU (78)
LeDock Freeware for academic use Excellent Sampling power (comparable to GOLD) ✗ CPU (79)

LigandFit Open Source Identification of active site regions for docking ✗ CPU (80)
LightDock Open Source Protein-protein docking ✗ CPU (81)

MDock Licence Required Ensemble docking for multiple protein conformations ✗ CPU (82)
MCDock Open Source Use of Monte Carlo simulation technique ✗ CPU (83)
Molegro Licence Required - ✗ CPU (84)

MpsDockzn Licence Required Zinc metalloprotein-specific scoring function ✗ CPU (85)
PSOVina Open Source Improved pose sampling and speed ✗ CPU (86)
PLANTS Open Source Use of ant colony optimization ✗ CPU (87)
PI-LZerD Open Source Protein-protein docking ✗ CPU (88)

PIPER Open Source Use of pairwise interaction potentials for protein-protein docking ✗ CPU (89)
QuickVina 2 Open Source Extremely fast ✗ CPU (90)

QuickVina-W Open Source Improved speed for blind docking ✗ CPU (91)
QVina2-GPU Open Source GPU-accelerated version of QVina2 ✗ GPU (49)

QVina2-W-GPU Open Source GPU-accelerated version of QVina2-W ✗ GPU (49)
rDock Open Source Support for RNA targets ✗ CPU (92)

Rosetta Ligand Licence Required - ✗ CPU (93)
RLDOCK Open Source RNA-ligand docking ✗ CPU (94)

SEED Open Source Fragment-based docking ✗ CPU (95)
SMINA Open Source User specific scoring functions ✗ CPU (96)

TANKBind Open Source Fast neural network based complex prediction ✓ CPU/GPU (13)
VinaCarb Open Source Improved glycosidic modelling ✗ CPU (97)
VinaXB16 Open Source Improved halogen bonding scoring function ✗ CPU (98)
Vina-GPU Open Source GPU-accelerated version of Vina ✗ GPU (49)

Vina-GPU-2.0 Open Source GPU-accelerated version of Vina-2.0 ✗ GPU (49)

Extended Data Table 5. Supported docking programs. The collection of docking programs supported within VFVS and VF Unity that perform both pose prediction and
scoring.
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Docking program License model Special features DL-based Hardware support Reference
AD4 Scoring Open Source Improved over AutoDock 3 forcefield ✗ CPU (99)
ASP Scoring Licence required Atom-atom distance potential ✗ CPU (73)

Bump Filter Scoring Free for academics Consideration of molecule overlap with receptor atoms ✗ CPU (68)
ChemScore Licence required Improved speed compared to GoldScore ✗ CPU (73)

Contact Scoring Free for academics Incorporates the scoring performed with the DISTMAP program ✗ CPU (68)
Continuous Scoring Free for academics No grid calculations ✗ CPU (68)

ChemPLP Licence required Slightly faster than ChemScore and up to four times faster than GoldScore ✗ CPU (73)
DOCK3.5 Scoring Free for academics Incorporation of solvation effects ✗ CPU (68)

DeepAffinity Open Source Use of convolutional neural networks ✓ CPU/GPU (54)
DeepBindRG Open Source Use of recurrent and convolutional neural networks ✓ CPU/GPU (55)

Footprint Scoring Free for academics Calculates intermolecular hydrogen bonds and footprint comparisons, in addition to standard interactions ✗ CPU (68)
Gnina Scoring Open Source Convolutional neural network scoring ✓ CPU/GPU (52)
GOLD Scoring Licence required Use of the chemscore function ✗ CPU (73)

GoldScore Licence required Original scoring function provided with GOLD ✗ CPU (73)
Grid-Based Scoring Free for academics Based on the non-bonded terms of the molecular mechanic force field ✗ CPU (68)

Hawkins GB/SA Scoring Free for academics Use of pairwise GB solvation model ✗ CPU (100)
NNScore 2.0 Open Source Use of a fully-connected neural networks ✓ CPU/GPU (53)
MM/PBSA Open Source Calculation of end-state free energies of molecules in solution ✗ CPU (58)
MM/GBSA Open source Improved scoring accuracy ✗ CPU (58)

MultiGrid FPS Scoring Free for academics Pair-wise interaction energies are computed over multiple grids rather than in Cartesian space ✗ CPU (68)
OpenBPMD Open Source Improved scoring accuracy ✗ CPU (56)
PLP Scoring Open source Pairwise additive scoring function ✗ CPU (87)

PLP95 Scoring Open source Origin of PLP ✗ CPU (87)
PB/SA Scoring Free for academics Application of the ZAP electrostatics toolkit from OpenEye ✗ CPU (68)

Pharmacophore Matching Similarity Scoring Free for academics Calculates the level of pharmacophore overlap between a reference molecule and a candidate molecule ✗ CPU (68)
Rosetta Scoring Open Source Improved scoring for side-chain flexibility ✗ CPU (93)
RF-Score-VS Open Source Random Forest-based scoring function ✗ CPU (101)
SASA Scoring Free for academics Calculates the percent exposure of a ligand ✗ CPU (102)
SEED Scoring Open Source Continuum dielectric approximation of electrostatic contribution ✗ CPU (95)

SMINA Scoring Open Source Improved AutoDock Vina scoring ✗ CPU (96)
Vinardo Scoring Open Source Improved Vina scoring ✗ CPU (103)

Vina Scoring Open Source Improved scoring compared to AD4 ✗ CPU (63)
Zou GB/SA Scoring Free for academics Fast algorithm, pairwise free energy model, for ligand binding affinity calculations ✗ CPU (102)

Extended Data Table 6. Supported Protein-Ligand Scoring Functions. The collection of docking programs supported within VFVS and VF Unity that perform both pose
prediction and scoring.
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Docking program License model Special features DL-based Hardware support Reference
DiffDock Open Source Blind docking pose prediction ✓ GPU/CPU (50)
EquiBind Open Source Blind docking pose prediction ✓ GPU/CPU (51)
EnzyDock Licence Required Identifies probable binding modes of multiple ligand states in an enzyme active site ✗ CPU (104)

FRED Academic Licence Improved pose sampling ✗ CPU (105)

Extended Data Table 7. Supported pose prediction methods. The collection of docking programs supported within VFVS and VF Unity that perform both pose prediction
and scoring.
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Extended Data Fig. 10. Conceptual Overview of VirtualFlow Unity. VF Unity takes as input a user-specified string representation of a molecule and processes the
provided molecule by desalting, neutralizing, and generating stereoisomer (with RDKit (44)). Subsequently, based on the docking program choice, all ligands are converted
into 3D conformers (with OpenBabel(42)) using a default protonation state of 7.4. Finally, built-in error checks are performed depending on a user’s docking program choice,
returning the docking pose and scoring function value. Steps in which the parameters of the user are involved are colored in white.
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Extended Data Fig. 11. Docking time estimates. Timing estimates for running a single calculation averaged over 25 independent runs for all docking programs. The
calculations were run using VFU.
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