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The effects of ligand binding on protein structures and their in vivo
functions carry numerous implications for modern biomedical research
and biotechnology development efforts such as drug discovery. Although
several deep learning (DL) methods and benchmarks designed for
protein-ligand docking have recently beenintroduced, so far no previous
works have systematically studied the behaviour of the latest docking

and structure prediction methods within the broadly applicable context
of: (1) using predicted (apo) protein structures for docking (for example,
for applicability to new proteins); (2) binding multiple (cofactor) ligands
concurrently to agiven target protein (for example, for enzyme design);
and (3) having no previous knowledge of binding pockets (for example, for
generalization to unknown pockets). To enable a deeper understanding

of the real-world utility of docking methods, we introduce PoseBench, a
comprehensive benchmark for broadly applicable protein-ligand docking.
PoseBench enables researchers to rigorously and systematically evaluate
DL methods for apo-to-holo protein-ligand docking and protein-ligand
structure prediction using both primary ligand and multiligand benchmark
datasets, the latter of which we introduce to the DL community. Empirically,
using PoseBench, we find that: (1) DL cofolding methods generally
outperform comparable conventional and DL docking baseline algorithms,
but popular methods such as AlphaFold 3 are still challenged by prediction
targets with new protein-ligand binding poses; (2) certain DL cofolding
methods are highly sensitive to their input multiple sequence alignments,
whereas others are not; and (3) DL methods struggle to strike a balance
between structural accuracy and chemical specificity when predicting new
or multiligand protein targets.

Thefield of drug discovery has long been challenged withacritical task:
determining the structure of ligand molecules in complex with proteins
and other key biomolecules. As accurately identifying such complex
structures (in particular multiligand structures) can yield advanced
insightsinto the binding dynamics and functional characteristics (and
thereby, the medicinal potential) of numerous protein complexes
invivo,inrecentyears, substantial resources have been spent develop-
ing new experimental and computational techniques for protein-ligand

structure determination’. Over the last decade, machine learning (ML)
methods for structure prediction have become indispensable compo-
nents of modern structure determination at scale, with AlphaFold 2 for
protein structure prediction being a hallmark example®*.

As the field has gradually begun to investigate whether proteins
in complex with other types of molecules can faithfully be modelled
with ML (and particularly deep learning (DL)) techniques®”, several
new worksin this direction have suggested the promising potential of
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Fig.1| The PoseBench benchmark. Overview of PoseBench, our comprehensive
benchmark for broadly applicable DL modelling of primary and multiligand
protein complex structures. Baseline algorithms within the benchmark include
arange of the latest DL docking and cofolding methods, both open-source

and commercially restrictive, as well as conventional algorithms for docking.
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Key observations derived using PoseBench include the discontinuity between
structure and interaction modelling performance for new or uncommon
prediction targets and the heavy reliance of key DL cofolding methods on MSA-
based input features to achieve high structural accuracy.

suchapproaches to protein-ligand structure determination® . None-
theless, it remains to be shown the extent to which the latest of such
(docking and cofolding-based) DL methods can adequately generalize
to the context of binding new or uncommon protein-ligand interac-
tion (PLI) pockets and multiple interacting ligand molecules (which,
for example, can alter the chemical functions of various enzymes) as
wellas whether such methods can faithfully model amino acid-specific
types of PLIs natively found in crystallized biomolecular structures.

Tobridge this knowledge gap, we introduce a unified benchmark
for protein-ligand docking and structure prediction that evaluates the
performance of several recent DL-based baseline methods (DiffDock-L,
DynamicBind, NeuralPLexer, RoseTTAFold-All-Atom, Chai-1, Boltz-1and
AlphaFold 3) as well as conventional algorithms (P2Rank + AutoDock
Vina) for primary and multiligand docking, which suggests that DL
cofolding methods generally outperform conventional algorithms but
remain challenged by new or uncommon prediction targets.

In contrast with several recent works using crystal protein struc-
tures for protein-ligand docking'>", the docking benchmark results
that we present in this work are all within the context of standardized
input multiple sequence alignments (MSAs) and high accuracy apo-like
(that is, AlphaFold 3-predicted) protein structures (Supplementary
Appendix D) without specifying known binding pockets, which notably
enhances the broad applicability of this study’s findings.

Our newly proposed benchmark, PoseBench, enables specific
insights into necessary areas of future work for accurate and general-
izable biomolecular structure prediction, including that DL methods
struggle to balance faithful modelling of native PLIfingerprints (PLIFs)
with structural accuracy during pose prediction and that some DL
cofolding methods (AlphaFold 3) are more dependent than others
(Boltz-1and Chai-1) on the availability of input MSAs.

Ourbenchmark results also highlight the importance of including
challenging (out-of-distribution) datasets when evaluating future DL
methods and measuringtheir ability torecapitulate amino acid-specific
PLIFs with an appropriate new metric that we introduce in this work.

Related work

Structure prediction of PLI complexes

The field of DL-driven protein-ligand structure determination was
largely sparked with the development of geometric DL methods such
as EquiBind" and TANKBind" for direct (that is, regression-based)
prediction of bound ligand structures in protein complexes. Notably,
these predictive methods could estimate localized ligand structures

incomplex with multiple protein chains as well as the associated com-
plexes’ binding affinities. However, in addition to their limited pre-
dictive accuracy, they have more recently been found to frequently
producessteric clashes between protein and ligand atoms, notably hin-
dering their widespread adoptionin modern drug discovery pipelines.

Protein-ligand structure prediction and docking

Shortly following the first wave of predictive methods for protein-
ligand structure determination, DL methods such as DiffDock® dem-
onstrated the utility of a new approach to this problem by reframing
protein-ligand docking as a generative modelling task, whereby mul-
tiple ligand conformations can be generated for a particular protein
target and rank-ordered using a predicted confidence score’®. This
approach has inspired many follow-up works offering alternative for-
mulations of this generative approach to the problem” >33 with
some of such follow-up works also being capable of accurately mod-
elling protein flexibility upon ligand binding or predicting binding
affinities to a high degree of accuracy.

Benchmarking efforts for protein-ligand complexes
Inresponse to the large number of new methods that have been devel-
oped for protein-ligand structure prediction, recent works have intro-
duced several new datasets and metrics with which to evaluate newly
developed methods*, with some of such benchmarking efforts focus-
ing on modelling single-ligand protein interactions'>***° and others
specializing in the assessment of multiligand protein interactions®.
One of the motivations for introducing PoseBench in this work is to
bridge this gap by systematically assessing a selection of the latest
(pocket-blind) structure prediction methods within both interaction
regimes, using unbound (apo) protein structures with docking methods
and challenging DL cofolding methods to predict full bioassemblies
from primary sequences. Our benchmarking results in the following
section demonstrate the relevance and utility of this comprehensive
new evaluation suite for the future of protein-ligand modelling.

Results and discussion

In this section, we present PoseBench’s results for primary and mul-
tiligand protein-ligand docking and structure prediction and dis-
cuss their implications for future work, as succinctly illustrated in
Fig. 1. Note that, across all experiments, for generative methods, we
report their performance metrics in terms of the mean and stand-
ard deviation across threeindependent runs of each method to gain

Nature Machine Intelligence | Volume 8 | January 2026 | 32-41

33


http://www.nature.com/natmachintell

Article

https://doi.org/10.1038/s42256-025-01160-1

100.0100.0
100% -
90.5 90.5

ke,
\

86.9 86.9

-3
&
©

7718 71\8 7.4

80% -

g
_x
o

2.6

_
o
o

57.5 57.5

60%

a
o
)

7

Percentage of predictions
]
3

40.9/42:1
40% o | |

% :

\ ‘ 39.3

38.1 40. 5\

W
=
©

20%

N
©
©

24.6 24.6

N
o

N
_

6.0 4.8

0%

94.0 94.0

With relaxation Protein-ligand interactions
(no postprocessing)

N PLIF-WM

No postprocessing

= cr.msd. <TA
rm.s.d. <2 A
r.m.s.d. <2 A and PB-Valid

=9 crms.d. < 1A
rm.s.d. <2 A
r.m.s.d. <2 A and PB-Valid

95.6 95.6

929 929

Fﬂﬂﬁﬂsm
3.3 83.382.8 NN N
| \\ % 7.8 7.8 17515;80 -(1515;80
‘ &\ by | &\ SN N

%

7

7
%

7.0 71.0

NS 54.8 54.8

7
%

53.2 53.2

7
2

;/////;/////7////7///7///
7 &

20000
///%%%//%%%%%

DiffDock-L
Conventional blind

P2Rank-Vina DynamicBind NeuralPLexer RFAA

Chai-1-Single-Seq
DL-based blind

Chai- Boltz-

»
m

Boltz-1-Single- AF3-Single-Seq

Fig.2| Astex Diverse results. Astex Diverse primary ligand docking success rates (n = 85 protein-ligand complexes). Data are presented as mean values + s.d. over

three independent predictions for each complex.

insights into their interrun stability and consistency. Key metrics
include amethod’s percentage of structurally accurate ligand pose
predictions witha (heavy atom centroid) root mean square deviation
(r.m.s.d.)lessthan2 (1) A (thatis, (c.)r.m.s.d. < 2(1) A); its percentage
of structurally accurate pose predictions that are also chemically valid
according to the PoseBusters software suite (that is, rrm.s.d. <2 A
and PB-Valid), which can be affected by the posthoc application of
structural relaxation driven by computationally expensive molecular
dynamics (MD) simulations* (that is, with relaxation); and our newly
proposed Wasserstein matching (WM) score of its amino acid-specific
predicted PLIFs (PLIF-WM). We formally define these metrics in ‘Met-
rics’. Forinterested readers, in Supplementary Appendix C, we report
the average runtime and memory usage of each baseline method
to determine which methods are the most efficient for real-world
structure-based applications, and in Supplementary Appendix G we
present Supplementary Results.

Astex Diverse results

Containing PLI structures deposited in the RCSB Protein Data Bank
(PDB)** up until 2007, most of the well-known Astex Diverse dataset’s
structures** are present in the training data of each baseline method,
but benchmarking results for this dataset (n = 85 protein-ligand com-
plexes), shown in Fig. 2, indicate that only DL cofolding methods
achieve higher structural and chemical accuracy rates (r.m.s.d. <2 A
and PB-Valid) than the conventional docking baseline AutoDock Vina
combined with P2Rank for PLI binding site prediction to facilitate
blind molecular docking. Interestingly, nearly all baseline methods
identify the correct PLIbinding pocket approximately 90% of the time,
but only the DL cofolding methods Chai-1°°, Boltz-1* and AlphaFold 3
(AF3)"achieve areasonable balance between their rates of structural
and chemical accuracy and chemical specificity (PLIF-WM), with the
single-sequence (that is, MSA-ablated) version of AF3 being anotable
exception. These results suggest that DL cofolding methods have
learned the most comprehensive representations of this dataset’s
input sequences, but only the DL cofolding method Chai-1 main-
tains strong performance without the availability of diverse input
MSAs. One likely explanation for this phenomenon is that Chai-1's
training relied upon the availability of amino acid sequence embed-
dings generated by the protein language model ESM2* in addition
to features derived from input MSAs, which may have imbued the
model with rich MSA-independent representations for biomolecular
structure prediction.

DockGen-E results

As visualized in Fig. 3, results with our new DockGen-E dataset of bio-
logically relevant PLIcomplexes depositedin the PDB up t0 2019 (n =122
protein-ligand complexes) demonstrate that only the latest DL cofold-
ing methods can locate a sizable fraction of structurally accurate PLI
binding poses represented in this dataset. As such methods may have
previously seen these PLIstructuresin their respective training data, it
issurprising that even the latest AF3 model fails to identify a structur-
ally and chemically accurate pose for more than 75% of the dataset’s
complexes. Further, for Chai-1, Boltz-1and AF3, their single-sequence
variants achieve higher chemical specificity than their MSA-based
versions, which may indicate that, for these methods, MSA features
obfuscate primary sequence knowledge infavour of evolution-averaged
(thatis, amino acid-generic) representations. The overall lower range
of PLIF-WM values achieved by each method for this dataset further
suggests the increased chemical modelling difficulty of this dataset’s
complexes compared with those presented by the Astex Diverse data-
set. A potential source of these difficulties is that each of this dataset’s
complexes represents a functionally distinct PLI binding pocket (as
codified by ECOD domains*’; see ref. 47 for more details) compared
with data deposited in the PDB before 2019. As such, it is likely that
Chai-1, Boltz-1and AF3 are ‘overfitted’ to the most common types of
PLIstructures in the PDB and may overlook several uncommon types
of PLIbinding pockets present in nature.

PoseBusters Benchmark results

With approximately half of its PLI structures deposited in the PDB
after AF3 and Boltz-1's maximum-possible training data cutoff of
30 September, 2021 (n =308 total protein-ligand complexes, filtered
ton=130for subsequent analyses), the PoseBusters Benchmark data-
set’sresults, presented in Fig. 4, indicate once again that DL cofolding
methods achieve top performance compared with conventional and
DL-docking baseline methods. Nonetheless, we observed an interest-
ing phenomenon whereby Chai-1 strikes a balance of structural and
chemical accuracy and chemical specificity comparable with that of
the best-performing AF3, even without input MSAs, potentially sug-
gesting that Chai-1achieves stronger binding pose generalization for
this dataset than AF3. Moreover, with the single-sequence version of
AF3, we again observed substantial degradations in its overall per-
formance, whereas running Chai-1 with input MSAs achieved higher
chemical specificity at the cost of marginal structural accuracy com-
pared with running it in single-sequence mode. These observations
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highlight theimportancein future work of carefully studying why and
how the training of biomolecular structure generative models can be
influenced to varying degrees by the availability and composition of
diverse input MSAs.

CASP15 results

As anew dataset of new and challenging PLI complexes on which no
method has been trained, the CASP15 dataset’s multiligand results
(n=13 protein-ligand complexes), illustrated in Fig. 5, indicate that
most methods fail to adequately generalize to multiligand predic-
tion targets. However, AF3 stands outin this regard (only) when pro-
vided withinput MSAs. As many of these CASP15 multiligand targets
represent large, highly symmetrical protein complexes, it is likely
that additional evolutionary information in the form of MSAs has
improved AF3’s ability to predict higher-order protein-proteininter-
actions for these targets. However, interestingly, itsimproved rate of
structuralaccuracy comes at the cost of its protein-ligand chemical
specificity (in comparison with its single-sequence results). For the

CASP15dataset’s single-ligand (that s, primary ligand) results (n = 6
protein-ligand complexes) presented in Extended Data Fig. 1, this
trend is subverted in that conventional docking and open-source DL
cofolding methods suchas AutoDock Vina, NeuralPLexer and Boltz-1
outperformall other recent DL cofolding methods in modelling crys-
tallized PLIFs while achieving comparable rates of structural accuracy.
Given the smallsize of the CASP15 dataset, it is reasonable to conclude
that DL methods, in particular some of the latest cofolding methods,
may be challenged to predict protein-ligand complexes containing
new PLIs. In ‘Exploratory analyses of results’, we explore this latter
pointin greater detail by analysing the protein-ligand binding simi-
larities between common PDB training data and this benchmark’s
evaluation datasets.

Exploratory analyses of results

We explore arange of questions to study the common ‘failure’ modes
of the baseline methods included in this work, to outline new direc-
tions for future research and development efforts in drug discovery.
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Research question 1. What are the most common types of protein-
ligand complexes that all baseline methods fail to predict?

To address this query, we first collected all ligand pose pre-
dictions that no method could predict with structural and chemi-
cal accuracy (according to the metric r.m.s.d. <2 A and PB-Valid).
For each of these ‘failed’ ligand poses, we retrieved the PDB’s func-
tional annotation of the protein in complex with this ligand and
constructed a histogram to visualize the frequency of these (failed
complex) annotations. The results of this analysis are presented in
Extended DataFig. 2, in which we see that metal transport proteins,
flavoproteins, biosynthetic proteins, RNA binding proteins, immune
system proteins and oxidoreductases are commonly mispredicted
by all baseline methods such as Chai-1 and RoseTTAFold-All-Atom
(RFAA), suggesting that these classes of proteins may be largely
unaddressed by the most recent DL methods for PLIstructure predic-
tion. To illuminate potential future research directions, in the next
analysis, we investigate whether this pattern persists specifically
for AF3, the most accurate DL cofolding method according to our
benchmarking results.

Research question 2. What are the most common types of protein-
ligand complexes that highly-accurate DL cofolding methods such as
AF3fail to predict?

For this follow-up question, we linked all of AF3’s failed ligand pre-
dictions with corresponding protein function annotations availablein
the PDB to understand which types of PLIcomplexes AF3 finds the most
difficult to predict (to understandits predictive coverage ofimportant
molecular functions). Similarly to the answer to our first research
question, Extended Data Fig. 3 shows that, in order of difficulty, AF3
is most challenged to produce ligand poses of high structural and
chemical accuracy for ligand-bound RNA binding proteins, immune
system proteins, metal transport proteins, biosynthetic proteins,
flavoproteins, lyases and oxidoreductases. As several of these classes
of proteins have not been well represented in the PDB over the last 50
years (for example, immune system and biosynthetic proteins), in
future work, it willbeimportantto ensure that either the performance
of new DL methods for PLIstructure predictionis expanded to support
accurate modelling of these uncommontypes of ligand-bound proteins
or a broadly applicable fine-tuning method for uncommon types of
interactionsis proposed.

Research question 3. Is lack of protein-ligand binding pose homol-
ogy to PDB training data (inversely) correlated with the prediction
accuracy of each method?

Tounderstand theimpact of protein-ligand binding pose similar-
ity on the performance of each baseline method, we used the PLINDER
data resource® to identify (n = 41/130 protein-ligand complexes)
cluster representatives of the PoseBusters Benchmark dataset based
onthe product of each complex’sligand (structure and feature-based)
combined overlap score (SuCOS)*¢ and its protein binding pocket’s
(structure and sequence-based) similarity®*, as none of this subset’s
prediction targets are contained in any method’s training dataset.
For these cluster representatives, with SciPy 1.15.1* we then calcu-
lated the Pearson and Spearman correlations (and Pvalues) between
each method’s complex prediction accuracy (that is, ligand pose
r.m.s.d.) and the complex’s maximum SuCOS-binding pocket-based
similarity to any complex deposited in the PDB before AF3’s training
dataset cutoff of 30 September, 2021. Extended Data Fig. 4 reveals
that the performance of all DL methods is correlated with a complex’s
similarity to common PDB training data, with (MSA-based) Boltz-1,
AF3 and Chai-1 exhibiting the strongest and most statistically sig-
nificant (P < 0.05) correlations. Like concurrent work assessing the
performance of cofolding methods in new prediction settings®*, our
findings suggest that although the current generation of DL models
(both docking and cofolding methods) for protein-ligand docking
and structure prediction can occasionally make accurate predic-
tions for truly new (SuCOS-pocket similarity < 30) protein-ligand
complexes, such methods rely (at least in large part) on recapitulat-
ing protein-ligand binding patterns seen during training to make
accurate predictions for unseen complexes (note that, interestingly,
for conventional docking methods such as P2Rank-Vina, this trend
is not observed). We conclude our quantitative analyses with an
illustration of the different failure modes of each baseline method,
as depicted in Extended Data Fig. 5. In this figure, we illustrate that
DL methods such as RFAA and AF3 commonly struggle to accurately
predict the structure of ligand-binding biosynthetic and immune
system proteins, suggesting that these (uncommon) types of PLIs are
not well addressed by the current generation of DL-based structure
prediction methods, which proposes future research opportunities
for interaction-specific modelling (for example, through the use of
fine tuning or preference optimization).
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Table 1| PoseBench evaluation datasets of protein-
(multi)ligand structures

Astex DockGen-E PoseBusters CASP15
Diverse Benchmark
Ligand type Primary  Primary Primary Multi
Source Ref. 44 Ref. 12
Size (total 85 122 130/308 102 (across 19
number of complexes) - 6 (13)
ligands) single (multi)ligand
complexes
Trainingdata  High Moderate Low Low
homology
Top-ranked AF3 AF3 AF3 AF3
method
(with MSAs)
Top-ranked Chai-1 Chai-1 Chai-1 NeuralPLexer
method
(without
MSAs)
Conclusions

Inthis Article, we have introduced PoseBench, a unified, broadly appli-
cablebenchmark and toolkit for studying the performance of methods
for protein-ligand docking and structure prediction. Benchmark-
ing results with PoseBench, summarized in Table 1, suggest that DL
cofolding methods generally outperform conventional and DL dock-
ing baselines but remain challenged to predict complexes containing
new protein-ligand binding poses, with AF3 performing best overall
when deep MSAs are available for a target protein (Chai-1 otherwise),
regardless of the availability of homologous proteins. Further, we
find that several DL methods face difficulties balancing the structural
accuracy of their predicted poses with the chemical specificity of
their induced protein-ligand interactions, highlighting that future
methods may benefit from the introduction of physicochemical loss
functions or sampling techniques to bridge this performance gap.
Lastly, we observe that some (but not all) DL cofolding methods are
highly dependent on the availability of diverse input MSAs to achieve
highstructural prediction accuracy (for example, AF3 but not Chai-1or
Boltz-1), underscoring the need in future work to elucidate the impact
oftheavailability of MSAs and protein language model embeddings on
the training dynamics of biomolecular structure prediction methods.
Asapublicly available resource, PoseBenchis flexible to accommodate
new datasets, methods and analyses for protein-ligand docking and
structure prediction.

Methods

PoseBench

The overall goal of PoseBench, our newly designed benchmark for
protein-ligand docking and structure prediction, is to provide the
research community with a centralized resource with which one can
systematically measure, in a variety of macromolecular contexts, the
methodological advancements of new conventional and DL methods
proposed for thisdomain. In the following sections, we describe Pose-
Bench’s design and composition (as portrayed in Fig.1) and how we have
used PoseBench to evaluate several recent DL-docking and cofolding
methods (as well as a strong conventional baseline algorithm) for
protein-ligand structure modelling.

Benchmark datasets

Asshownin Table1, PoseBench provides users with broadly applicable,
preprocessed versions of four datasets with which to evaluate existing
ornew protein-ligand structure prediction methods: Astex Diverse*,
PoseBusters Benchmark®, and the new DockGen-E and CASP15 PLI
datasets that we have manually curated in this work.

Astex Diverse dataset. The Astex Diverse datasetis a collection of 85
PLI complexes composed of various drug-like molecules and cofac-
tors known to be of pharmaceutical or agrochemical interest, where
aprimary (representative) ligand is annotated for each complex. This
dataset canbe considered an easy benchmarking dataset for methods
trained on recent data contained in the PDB in that most of its com-
plexes (deposited in the PDB up to 2007) are known to overlap with
the commonly used PDBBind 2020 (time-split) training dataset'**°
containing complexes deposited in the PDB before 2019. As such,
including this dataset for benchmarking allows one to estimate the
breadth of amethod’s structure prediction capabilities forimportant
primary ligand-protein complexes represented in the PDB.

To perform unbound (apo) protein-ligand docking with this
dataset, we used AF3 to predict the structure of each of its protein
complexes, with all ligands and cofactors excluded. We then opti-
mally aligned these predicted protein structures to the corresponding
crystal (holo) PLIcomplex structures using a PLIbinding site-focused
structural alignment performed using PyMOL®', where each binding
siteis defined as allamino acid residues containing crystallized heavy
atoms that are within 10 A of any crystallized ligand heavy atom. To
enable the broad availability of PoseBench’s benchmark datasets in
both commercial and academic settings, we also provide unbound
(apo) protein structures predicted using the MIT-licensed ESMFold
model®, although in ‘Results and discussion’ we report results using
AF3's predicted structures as the default data source. We further note
that, on average, across all benchmark datasets and methods, AF3’s
predicted structures improve the structural accuracy rates of baseline
docking methods by 5-10%.

PoseBusters Benchmark dataset. Version 2 of the popular Pose-
Busters Benchmark dataset'?, which we adopt in this work, contains
308 recent primary ligand-protein complexes deposited in the PDB
from 2019 onwards. Accordingly, in contrast with Astex Diverse, this
dataset can be considered a moderately difficult benchmark dataset
for baseline methods, because many of its complexes do not directly
overlap with the most commonly used PDB-based training data. It is
important to note that, among all baseline methods, AF3 and Boltz-1
used the most recent PDB training data cutoff of 30 September, 2021,
which motivated us to report the results in ‘PoseBusters Benchmark
results’ for only the subset of PoseBusters Benchmark complexes
(n=130 protein-ligand complexes) deposited in the PDB after this
date. Like Astex Diverse, for the PoseBusters Benchmark dataset, we
used AF3 (and ESMFold) to predict the apo protein structures of each
of its complexes and then performed our PyMOL-based structural
binding site alignments.

DockGen-E dataset. The original DockGen dataset’ contains 189
diverse primary ligand protein complexes, each representing a func-
tionally distinct type of PLIbinding pocket according to ECOD domain
partitioning*®*’. Consequently, this dataset can be considered Pose-
Bench’s most difficult primary ligand dataset to model because its PLI
bindingsites are distinctly uncommon compared with those frequently
found in the training datasets of all baseline methods, although it is
important tonote that these original DockGen complexes were depos-
itedinthe PDB from 2019 onward, making this benchmarking dataset
partially overlap with the training datasets of baseline DL cofolding
methods such as Chai-1, Boltz-1and AF3. Nonetheless, in line with our
initial hypotheses, the benchmarking resultsin ‘Results and discussion”
demonstrate that no baseline method can adequately predict the PLI
bindingsites and ligand poses represented by this bespoke subset of the
PDB, suggesting that all baseline DL methods have yet to learn broadly
applicable representations of protein-ligand binding.
Unfortunately, the original DockGen dataset contains only the
primary protein chains representing each new binding pocket after fil-
tering out all non-interacting chains and cofactorsin agivenbiological
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assembly (bioassembly), which considerably reduces the biophysical
context provided to baseline methods to make reasonable predic-
tions. As such, we argue for the need to construct a new dataset that
challenges baseline methods (in particular, DL cofolding methods) to
predict full bioassemblies containing new PLIbinding pockets, which
we address with our enhanced version of DockGen called DockGen-E.

To construct DockGen-E, we collected the original DockGen
dataset’s PLI binding pocket annotations for each complex. We then
retrieved the corresponding first bioassembly listed in the PDB to
obtain each PDB entry’s biologically relevant complex, filtering out
DockGen complexes for which the first bioassembly could not be
mappedtoitsoriginal PLIbinding pocket annotation (whichindicates
that these original DockGen PLI binding pockets were initially not
derived from the PDB’s corresponding first bioassembly). This proce-
dureleft122 biologically relevant assemblies remaining for benchmark-
ing. Like Astex Diverse and PoseBusters Benchmark, for DockGen-E,
we thenused AF3 (and ESMFold) to predict the unbound (apo) protein
structures of each complexinthe dataset and structurally aligned the
predicted protein structures to their corresponding crystallized PLI
binding sites using PyMOL.

CASP15 dataset. To assess the multiprimary ligand (that is, multili-
gand) modelling capabilities of recent methods for protein-ligand
docking and structure prediction, with PoseBench, we introduced a
preprocessed, DL-ready version of the CASP15 PLI dataset debuted as
afirst-of-its-kind prediction category in the 15th Critical Assessment
of Techniques for Structure Prediction (CASP) competition held in
2022*. The CASP15PLI dataset originally comprised 23 protein-ligand
complexes released in the PDB from 2022 onwards, where we subse-
quently filtered out four complexes based on: (1) whether the CASP
organizers ultimately assessed predictions for the complex; and (2)
whether they are nucleic acid-ligand complexes with no interacting
protein chains. The 19 remaining PLI complexes, which contain a total
of102 (fragment) ligands, consist of avariety of ligand typesincluding
single-atom (metal) ions and large drug-sized molecules with up to 92
atomsineach (fragment) ligand. As such, this datasetis appropriate for
assessing how well structure prediction methods can model interac-
tions between different (fragment) ligands in the same complex, which
canyieldinsightsinto theinterligand steric clash rates of each method.
As with all other benchmark datasets, we used AF3 (and ESMFold) to
predict the unbound (apo) structure of each protein complex in the
dataset and then performed a PyMOL-based structural alignment of
the corresponding PLIbinding sites.

PLI similarity analysis between datasets. For an investigation of
the similarity of PLIs represented in each dataset, in Supplementary
Appendix E, we analyse the different types and frequencies of com-
mon, ProLIF-annotated protein-ligand binding pocket interactions™
natively found within the common PDBBind 2020 training dataset and
the Astex Diverse, PoseBusters Benchmark, DockGen-E and CASP15
datasets, respectively, to quantify the diversity of the (predicted)
interactions that each dataset can be used to evaluate. In short, we
find that the DockGen-E and CASP15benchmark datasets are the most
dissimilar compared with the common PDBBind 2020 training dataset,
further illustrating the unique PLI modelling challenges offered by
these evaluation datasets.

Formulated tasks

In this work, we developed PoseBench to focus our analysis on the
behaviour of different conventionaland DL methods for protein-ligand
structure prediction in a variety of macromolecular contexts (for
example, with or without inorganic cofactors present). With this goal
in mind, below we formalize the structure prediction tasks currently
available with PoseBench, with its source code flexibly designed to
accommodate new tasks in future work.

Primary ligand blind docking. For primary ligand blind docking, each
baseline method is provided with a complex’s (multichain) protein
sequence and an optional predicted (apo) protein structure as input
along with its corresponding (fragment) ligand simplified molecu-
lar input line entry system (SMILES) strings, where fragment ligands
include the primary binding ligand to be scored as well as all cofac-
tors present in the corresponding crystal structure. In particular, no
knowledge of the complex’s PLIbinding pocket is provided to evaluate
how well each method can: (1) identify the correct PLI binding pockets;
and (2) correctligand poses within each pocket; (3) with high chemical
validity; and (4) with specificity for the pockets’ amino acid residues.
After all fragment ligands are predicted, PoseBench extracts each
method’s prediction of the primary binding ligand and reports evalu-
ationresults for these primary predictions.

Multiligand blind docking. For multiligand blind docking, each base-
line method s provided withacomplex’s (multichain) protein sequence
and an optional predicted (apo) protein structure asinput along with
its corresponding (fragment) ligand (SMILES) strings. As in primary
ligand blind docking, no knowledge of the PLI binding pockets is pro-
vided, which offers the opportunity to evaluate not only PLI binding
pocket and conformation prediction accuracy but, in the context of
multibinding ligands, also interligand steric clash rates.

Metrics

Traditional metrics. For PoseBench, we reference two key metrics in
the field of structural bioinformatics: the r.m.s.d. and local distance
difference test (IDDT)*’. The r.m.s.d. between a predicted three-
dimensional conformation (with atomic positions x; for each of the
molecule’s n heavy atoms) and the ground-truth (crystal structure)
conformation (x;) is defined as

I,
rms.d. = Ez I % = x; 1. o
i=1

The IDDT score, which is commonly used to compare predicted
and ground-truth protein three-dimensional structures, is defined as

1
N 4
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N
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where Nis the total number of heavy atomsin the ground-truth struc-
ture; v;is the set of neighbouring atoms of atomiwithin theinclusion
radius R, =15 A in the ground-truth structure, excluding atoms from
the same residue; d; (d;) is the distance between atoms i and j in the
predicted (ground-truth) structure; A, are the distance tolerance
thresholds (thatis, 0.5A,1A,2 Aand 4 A); O(x) is a step function that
equalslifxistrue,and O otherwise; and |v;| is the number of neighbour-
ingatoms for atom . As originally proposed inref. 41, in this study, we
adopted the PLI-specific variant of IDDT for scoring multiligand com-
plexes, which calculates IDDT scores to compare predicted and
ground-truth protein—-(multi)ligand complex structures following
optimal (chain-wise and residue-wise) structural alignment of the
predicted and ground-truth PLI binding pockets.

Lastly, we also measure the molecule validity rates of each pre-
dicted PLIcomplex pose using the PoseBusters software suite (that s,
PB-Valid)"™. This suite runs several important chemical and structural
sanity checks for each predicted pose, including energy ratio inspec-
tionand geometric (for example, flat aliphatic ring) assertions, which
provide a secondary filter of accurate poses that are also chemically
and structurally meaningful.

New metrics. The r.m.s.d., IDDT and PB-Valid metrics of a protein-
ligand binding structure provide useful characterizations of how accu-
rate and reasonable a predicted pose is. However, a key limitation of
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these metrics is that they do not measure how well a predicted pose
resembles a native pose when comparing theirinduced PLIFs. Recently,
in ref. 37, a complementary benchmarking metric, PLIF-valid, was
introduced which assesses DL methods’ recovery rates of known PLIs.
However, this metric only reports a strict recall rate of each method’s
interaction types rather than a continuous measure of how well each
method’s interactions match the distribution of crystallized PLIs.
Moreover, in drug discovery, a primary concern when designing new
drug candidates is ensuring that they produce amino acid-specific
types of interactions (and not others); hence, we desire each base-
line method to recall the correct types of PLIs for each pose and to
avoid predicting (that is, hallucinating) types of interactions that are
not natively present. Consequently, we argue that an ideal PLI-aware
benchmarking metric is a single continuous metric that assesses the
recall and precision of a method’s predicted distribution of amino
acid-specific PLIFs. To this end, we propose two new benchmarking
metrics, PLIF-EMD and PLIF-WM.

For each PLI complex, PLIF-EMD measures the earth mover’s dis-
tance (EMD)** between a method’s predicted histogram of PLI type
counts u (specific to each type of interaction) and the corresponding
native histogram v, where each histogram of interaction type counts
is represented as a one-dimensional discrete distribution. Formally,
this equates to computing the Wasserstein distance between these
two one-dimensional distributionsuand v as

PLIF-EMD := [j(u,v) = inf

x = yldTi(x, ), 3
nel(u,v) RXR

wherell(u, v) denotes the set of distributions on R x Rwhose marginals,
uandv, areonthefirstand second factors, respectively. To penalize a
baseline method for producing non-native interaction types, we unify
the bins in each histogram before converting them into
one-dimensional discrete representations. Namely, to perform this
calculation, each PLI is first represented as a fingerprint tuple of <
ligand type, amino acid type, interaction type > as determined by the
software tool ProLIF*? and then grouped to count each type of tuple to
form a histogram. As such, a lower PLIF-EMD value implies a better
continuous agreement between predicted and native interaction his-
tograms. PLIF-WM, derived from PLIF-EMD, assesses the WM score of
a pair of PLIF histograms. Specifically, to obtain a more
benchmarking-friendly score ranging from O to 1 (higher is better), we
define PLIF-WM as

PLIF-EMD — PLIF-EMD,;,

PLIF-WM "~ PLIF-EMD 5 — PLIF-EMD

=1 “4)

where PLIF-EMD,;, and PLIF-EMD,,,, denote the minimum (best) and
maximum (worst) values of PLIF-EMD, respectively. As a metric nor-
malized relative to each collection of the latest baseline methods,
PLIF-WM allows one to quickly identify which of the latest methods
has the greatest capacity to produce realistic distributions of PLIs. As
a practical note, we use SciPy 1.15.1* to provide users of PoseBench
with an optimized implementation of PLIF-EMD and thereby PLIF-WM.

Baseline methods and experimental set-up

Overview. We designed PoseBench to answer specific modelling ques-
tions for PLIcomplexes such as: (1) which types of methods (if any) can
predict bothcommon and uncommon PLI complexes with high struc-
tural and chemical accuracy; and (2) which most accurately predict
multiligand structures without steric clashes? Inthe following sections,
we discuss which types of methods we evaluate in our benchmark and
how we evaluate each method’s predictions for PLI complex targets.

Method categories. As illustrated in Fig. 1, to explore a range of the
most well-known or recent methods to date, we divide PoseBench'’s
baseline methods into one of three categories: (1) conventional algo-
rithms; (2) DL docking algorithms; and (3) DL cofolding algorithms.

As a representative algorithm for conventional protein-ligand
docking, we pair AutoDock Vina (v.1.2.5)> for molecular docking with
P2Rank for protein-ligand binding site prediction® to form a strong
conventional (blind) docking baseline (P2Rank-Vina) for compari-
son with DL methods. To represent DL docking methods, we include
DiffDock-L" for docking with static protein structures and Dynam-
icBind’ for flexible docking. Lastly, to represent some of the latest DL
cofolding methods, we include NeuralPLexer', RFAA’, Chai-1°°, Boltz-1*!
(versus Boltz-2* for the sake of time-split benchmarking validity) and
AF3". For interested readers, each method’s input and output data
formats are described in Supplementary AppendixF.

Prediction and evaluation procedures. The PLI complex structures
that each method predicts are subsequently evaluated using differ-
ent structural and chemical accuracy and molecule validity metrics
depending on whether the targets are primary or multiligand com-
plexes. In‘Metrics’, we provide formal definitions of PoseBench’s evalu-
ation metrics. Note that if a method’s prediction raises any errors in
subsequent scoring stages (for example, due to missing entities or
formatting violations), the predictionis excluded from the evaluation.

Primary ligand evaluation. For primary ligand targets, we report
each method’s percentage of (top-1) ligand conformations within 2 A
of the corresponding crystal ligand structure (r.m.s.d. <2 A), using
1A toinstead assess whether the predicted ligand’s heavy atom cen-
troid (that is, binding pocket) was correct (c.r.m.s.d. <1A), as well as
the percentage of such ‘correct’ ligand conformations that are also
considered to be chemically and structurally valid according to the
PoseBusters software suite’ (r.m.s.d. <2 A and PB-Valid). Importantly,
as described in ‘Metrics’, we also report each method’s new PLIF-WM
scores to study the relationship between its structural accuracy and
chemical specificity.

Mutltiligand evaluation. Similarly to the protein-ligand scoring pro-
cedure employed in the CASP15 competition*, for multiligand tar-
gets, wereport each method’s (top-1) percentage of ‘correct’ (binding
site-superimposed) ligand conformations (r.m.s.d. <2 A) as well as
violin plots of the r.m.s.d. and PLI-specific IDDT scores of its protein—
ligand conformations across all (fragment) ligands within the bench-
mark’s multiligand complexes (see Supplementary Appendix G for
these plots). Notably, this latter metric, referred to as IDDT-PLI, allows
oneto evaluate specifically how well each method can model protein-
ligand structural interfaces. In addition, we report each method’s
PB-Valid rates (calculated once for each multiligand complex) and
PLIF-WM scores.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The PoseBench datasets and benchmark results are available via
Zenodo at https://doi.org/10.5281/zenodo.17536252 (ref. 57) under a
Creative Commons Attribution 4.0 International Public License, with
further licensing discussed in Supplementary Appendix A and detailed
dataset documentation (for example, of AF3’s predicted protein struc-
ture accuracy) provided in Supplementary Appendix D.

Code availability

The PoseBench codebase, documentation and tutorial notebooks are
available via GitHub at https://github.com/BioinfoMachineLearning/
PoseBenchand viaZenodo at https://doi.org/10.5281/zenodo.17536423
(ref. 58) under a permissive MIT license, with further licensing and
broader impacts discussed in Supplementary Appendices Aand B. In
particular, the code makes use of the Python packages hydra-core1.3.2,
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biopandas 0.5.1.dev0, biopython 1.79, meeko 0.6.0a3, numpy 1.26.4,
pandas1.5.0, posebusters 0.4.5, posecheck 1.1, prolif 2.0.3, pypdb 2.3,
rdkit 2025.3.5, scikit-learn 1.1.2, seaborn 0.12.2 and spyrmsd 0.5.2.
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Extended Data Fig. 1| CASP15 Single-Ligand Results. CASP15 single-ligand docking success rates (n=6 protein-ligand complexes). Data are presented as mean values
+/- standard deviations over three independent predictions for each complex.
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Extended Data Fig. 5| Failure Modes Analysis. Examples of baseline methods’ three failure modes (a: biosynthetics, b: immune proteins, c: novel proteins) discussed
inthis work.
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