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Abstract

Deep generative models for structure-based drug design (SBDD), where molecule
generation is conditioned on a 3D protein pocket, have received considerable inter-
est in recent years. These methods offer the promise of higher-quality molecule
generation by explicitly modelling the 3D interaction between a potential drug
and a protein receptor. However, previous work has primarily focused on the
quality of the generated molecules themselves, with limited evaluation of the 3D
poses that these methods produce, with most work simply discarding the generated
pose and only reporting a “corrected” pose after redocking with traditional meth-
ods. Little is known about whether generated molecules satisfy known physical
constraints for binding and the extent to which redocking alters the generated
interactions. We introduce POSECHECK, an extensive analysis of multiple state-
of-the-art methods and find that generated molecules have significantly more
physical violations and fewer key interactions compared to baselines, calling into
question the implicit assumption that providing rich 3D structure information im-
proves molecule complementarity. We make recommendations for future research
tackling identified failure modes and hope our benchmark will serve as a spring-
board for future SBDD generative modelling work to have a real-world impact.
Our evaluation suite is easy to use in future 3D SBDD work and is available at
www.github.com/cch1999/posecheck.

1 Introduction

Structure-based drug design (SBDD) leverages knowledge of the 3D structure of a target protein to
design highly potent and specific drug compounds [1, 2, 3]. Recent advancements in machine learning,
particularly deep generative models [4, 5] and geometric deep learning [6], have led to an explosion
of methods combining both to perform SBDD using 3D generative modelling [7, 8, 9, 10, 11].

Assessing the quality of molecules generated by these methodologies is not straightforward, with
most metrics focusing on the 2D graph of the generated molecule themselves (e.g. QED [12]) and
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Figure 1: Overview of the POSECHECK pipeline.

many works using high mean docking score to claim state-of-the-art performance. For effective
SBDD, we argue that it’s equally important to assess the quality of the generated binding poses and
their capacity to satisfy known biophysical prerequisites for binding. This perspective is essential
if these methods are to serve as practical alternatives to traditional virtual screening approaches in
SBDD. We hypothesise that multiple failure modes, undetected by currently applied metrics, are
pervasive within these methods.

We introduce POSECHECK, a set of new biophysical benchmarks for SBDD models. Utilizing
this new framework, we evaluate a selection of high-performing machine learning SBDD methods,
revealing two key findings: (1) generated molecules and poses often contain nonphysical features
such as steric clashes, hydrogen placement issues, and high strain energies, and (2) redocking masks
many of these failure modes. Based on these evaluations, we propose targeted recommendations to
rectify the identified shortcomings. Our work thus provides a roadmap for addressing critical issues
in SBDD generative modelling, informing future research efforts.

2 Methods
We propose a suite of benchmarks to evaluate the quality of generated poses from 3D SBDD models.

Interaction fingerprinting Interaction fingerprinting is a computational method utilized in SBDD to
represent and analyze the interactions between a ligand and its target protein. This approach encodes
specific molecular interactions, such as hydrogen bonding and hydrophobic contacts, in a compact
and easily comparable format – typically as a bit vector, known as a interaction fingerprint [13, 14],
allowing for easy comparaison between complexes.

Steric clashes A steric clash is when two atoms come into closer proximity than the sum of
their atomic radii [15], which is highly unfavourable [16]. Such a clash often points towards the
current conformation of the ligand within the protein being less than optimal, suggesting possible
inadequacies in the pose design or a fundamental incompatibility in the overall molecular topology.

Strain-energy Strain energy refers to the internal energy stored within a ligand as a result of
conformational changes upon binding. These changes can cause strain within the molecules, which
can affect the overall binding affinity and stability of the protein-ligand complex [17].

Docking Finally, we measure the level of agreement between docking software and the molecules
produced by the learned distribution in the generative model. Although this is the most coarse-grained
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Figure 2: Left: RSMD between the generated and SMINA minimized poses for CrossDocked and all
generative methods (note FLAG upper whister value is not shown to preserve a meaningful scale).
Right: Examples of large conformational rearrangements in the ligand upon redocking. None of the
methods is able to generate poses in as low energy a state as the training data
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Figure 3: Interactions between protein and ligands as seen in generated poses (orange) and re-docked
poses (green) for (a) hydrogen bond acceptors and (b) hydrogen bond donors.Generative models
have signi�cant dif�culty making hydrogen bond interactions compared to the CrossDocked
baseline(shaded boxes). (c-d) Example of CrossDocked pose and generated pose, respectively.

approach we employ, and docking programs come with their inherent limitations, they contain useful
proxies for comparison. We use SMINA [18] for all our experiments.

Experimental Setup In our study, we evaluate the quality of poses from seven recent methods:
LiGAN [ 19], 3DSBDD [20], Pocket2Mol [7], TargetDiff [9], DiffSBDD [8], DecompDiff [11] and
FLAG [10]. All models were trained on the CrossDocked2020 [21] dataset using the dataset splits
computed in Peng et al.[7]. Further details on the CrossDocked test set, benchmarking and models
implementation are given in Appendix B.

3 Results

3.1 Agreement with docking scoring functions

We �rst measure whether generated poses/binding modes from 3D SBDD models correspond to
low energy states by computing the Root Mean Squared Deviation (RMSD) between the generated
pose and the SMINA-minimized pose [18] in Figure 2. A larger RMSD would suggest that less
information about the binding mode is preserved on minimization and there is less agreement with
the scoring function. In short, we observe that none of the generative methods is able to generate
poses in as low energy a state as the training data.

We �rst consider CrossDocked as a baseline, which has a mean minimization RMSD of 0.59 Å.
Given that all the generative models were trained on these poses, we would expect to observe similar
performance. However, we �nd that all methods (except FLAG) have a mean score between 0.94
and 1.28 Å, suggesting that the generated binding poses are very far from low-energy states. We
observe little correlation between method types here except for the two similar AR models, 3DSBDD
and Pocket2Mol, which obtain mean RMSDs of 0.99 and 1.02 Å respectively. FLAG is the most
egregious example with on average 3.64 Å RMSD during minimization and a maximum value of
10.72 Å, an extreme value for local minimisation.

These �ndings raise concerns for several reasons. They expose the minimal concordance between
the binding models learned by these methods and the established SMINA methodology [22], despite
it being the source of training data. More critically, they underline the lack of accurate evaluations
of generative models' capability to produce realistic binding poses; instead, these models tend to
generate drug-like molecules with vague binding modes, later recti�ed through docking. Further
discussion is provided in Appendix C.1.

3.2 Protein-ligand interaction analysis

We investigated the capacity of 3D SBDD generative models to create molecules with hydrogen
bonding networking similar to those seen in the training datasets (Figure 3). Our �ndings reveal that
none of the tested methods meets or surpass the baseline. In the baseline dataset CrossDocked, the
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Figure 4:Left: number of steric clashes for the CrossDocked reference dataset as well as for the
molecules generated by each model, both before and after re-docking.Right: examples of a generated
pose (magenta) and the same pose after re-docking (green).Diffusion and auto-regressive models
exhibit more steric clashes compared to the baseline

most frequent number of hydrogen bonds (HBs) was 1 for both acceptors and donors. The average
numbers were 2.23 for acceptors and 1.66 for donors. In stark contrast, we found that for nearly
all generated molecular structures from all models (with the exception of LiGAN's HB acceptors),
the most common number of HB acceptors and donors was zero. We note that the creation of a HB
requires a very speci�c geometry [23, 24], indicating these methods struggle to learn meaningful
biophysics. Further details are elaborated in Appendix C.2.

3.3 Clash scores

Figure 4 presents the results of the steric clash analysis. In summary, the latest methods, particularly
those employing diffusion models and auto-regressive fragment placement, exhibit poor performance
in terms of steric clashes compared to the baseline, with a signi�cant number of outliers. Although
re-docking mitigates clashes to some extent, it does not always resolve the most severe cases,
suggesting signi�cant issues with the methods in terms of their ability to reason able protein-ligand
complementarity. Notably, 3DSBDD and LiGAN show low clash scores, with the former positioning
atoms within a prede�ned voxel grid [20] and the latter applying a clash loss [19]. DecompDiff also
applies a steric clash loss (but does not directly measure clashes in the corresponding publication)
[11] and performs best out of all the diffusion-based approaches. Further discussion is provided in
Appendix C.3.

Interestingly, DiffSBDD and TargetDiff, both diffusion-based approaches [9, 8], exhibit subpar
performance in their number of clashes. They aim to learn atom position distributions without explicit
constraints on �nal placements. While DiffSBDD starts with a performance de�cit, its enhanced clash
mitigation during redocking elevates its results to match the baseline, highlighting methodological
distinctions between it and TargetDiff. Notably, 3DSBDD and LiGAN show low clash scores, with
the former positioning atoms within a prede�ned voxel grid [20] and the latter applying a clash
loss [19]. DecompDiff also applies a steric clash loss (but does not directly measure clashes in
the corresponding publication) [11] and performs best out of all the diffusion-based approaches.
Generated molecules for FLAG were most egregious here; we speculate this is a result of �rst
choosing a fragment from a fragment vocabulary using a softmax function and then forcing the
placement of the fragment [10], regardless of whether it �ts sterically.

3.4 Strain energy

To conclude our study, we provide an analysis of the strain energy [17] of the generated poses. Force
�eld relaxation of the generated pose before docking is a common post-processing step of many
generative SBDD pipelines, masking potential issues with the precise geometries of the generated
molecules. Futhermore, high strain energy would be indicative that molecules are unlikely to bind.

In Figure 5a, we present the cumulative density function (CDF) of strain energy for all molecules
generated by various models, using the CrossDocked dataset as a comparative baseline. Note that the
x-axis is logarithmic. The data shows that most generative methods fall short of the CrossDocked's
median strain energy of 3.96 kcal/mol, with FLAG and Pocket2Mol being the signi�cant exceptions.
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