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Recent advancements in artificial intelligence (Al) have revolutionized the field
of 3D molecule generation. However, the lack of effective evaluation methods
for 3D conformations limits further improvements. Current techniques, in
order to achieve the necessary speed for evaluating large number of Al-
generated molecules, often rely on empirical geometric metrics that do not
adequately capture various conformational anomalies, or on molecular
mechanics energy metrics that exhibit low accuracy and lack atomic or tor-
sional details. To address this gap, we propose a two-stage approach that
achieves both high speed and quantum mechanical level accuracy. The first
stage, termed the validity test, employs an Al-derived force field to identify
atoms with elevated energy resulting from implausible neighboring environ-
ments. The second stage, known as the rationality test, utilizes a deep learning
network trained on data with density functional theory accuracy to detect
rotatable bonds with high torsional energies. To demonstrate the functionality
of our evaluation system, we applied our approach to five recently reported 3D
molecule generation Al models across 102 targets in Directory of Useful
Decoys-Enhanced dataset. To facilitate accessibility for the academic com-
munity, our method is available as an open-source package.

Recent advances in deep learning generative models have begun to
demonstrate the ability to generate small molecules with 3D con-
formations based on a given protein pocket’. Both auto-regressive
models and diffusion models have shown this capability>”’. However,
these Al models continue to face challenges in generating physically
implausible 3D conformations. A number of studies have reported the
production of abnormal conformations, characterized by steric cla-
shes, twisted structures, and the misplacement of hydrogen atoms**®,

To quantify the issues of abnormal conformation and thereby
guide Al model training, two types of evaluation methods are fre-
quently adopted: (1) geometry-based and (2) energy-based con-
formation assessment. Geometric approaches typically examine bond
lengths, bond angles, the overlap of Van der Waals radii of two
atoms'®", or the redocking root-mean-squared deviation (RMSD)%.
However, these geometric metrics are intrinsically limited by the lack
of an energy criterion, which can lead to misleading results. For
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instance, two conformations with a small RMSD may have substantially
different energies. Additionally, geometric approaches may use
Kullback-Leibler or Jensen-Shannon divergence to evaluate Al-
generated conformations against reference molecules by analyzing
geometric features like bond lengths and angles*. The reliability of
such measurement heavily relies on the representativeness of the
reference set. A reference set with limited chemical space coverage can
introduce bias, causing misleading results when evaluating molecules
that are far from the chemical space covered by the reference set.
Energy-based metrics often strive to achieve a balance between accu-
racy and time efficiency. High-precision calculations, such as density
functional theory (DFT)" techniques, can be quite time-consuming. On
the contrary, time-efficient alternatives such as semi-empirical® and
molecular mechanics (MM) methods*" often have relatively low
accuracy'™". More importantly, most current energy-based methods
provide only global energies at the molecular level, lacking detailed
atom-level or torsion-level energy assessments. This limitation pre-
sents a significant challenge for Al algorithm designers, who require
detailed insights into the positioning of individual atoms.

In addition to the challenges related to evaluation tactics, the
debate over evaluation strategies for Al-generated conformations
further complicates the situation. Some studies advocate for pre-
refinement evaluation, which involves the direct assessment of Al-
generated conformations without MM refinement**, while others
propose post-refinement evaluation, which involves a preliminary MM
optimization with the protein pocket fixed prior to assessment®’. Both
of the pre-refinement and post-refinement evaluations have their pros
and cons. Pre-refinement evaluations can reveal model deficiencies
that may be concealed by force field optimization; however, they often
lack the sensitivity needed for detailed analysis, especially when
quantum mechanics (QM) computations are involved. For example,
when applying DFT to assess torsion energies in molecular con-
formations that exhibit abnormal bond lengths, the results are pri-
marily influenced by these irregular bond lengths instead of torsion
angles. This situation underscores the necessity of correcting sig-
nificant anomalies through MM refinement prior to conducting com-
prehensive assessments. Additionally, a model’s performance in pre-
refinement evaluations doesn’t necessarily reflect its overall utility, as
medicinal chemists might prefer a model that, despite initial short-
comings, provides more rational conformations after cost-effective
force field-based refinement. This emphasizes the complexity of
model evaluation in practical applications.

Given the pros and cons of these evaluation strategies and the
limitations of existing tactics, there is an urgent need to develop a
systematic framework for evaluating Al-generated conformations.

To overcome the limitations in current evaluation methodologies,
we propose a two-stage procedure consisting of validity and rationality
tests for Al-generated conformations before and after force-field
refinement, respectively. For pre-refinement conformations, we
determine whether they are valid by detecting abnormal conforma-
tions at the atomic level with energy-based metrics. The tool devel-
oped for this purpose, named HEAD (high-energy atom detector),
utilizes the network of machine learning force fields (MLFFs) to com-
pute the atomic energies corresponding to each atom’s local envir-
onment. HEAD shows higher efficiency in detecting abnormal
conformations compared to the widely used benchmark method
PoseBusters®, which mainly rely on geometry-based metrics. However,
a force-field valid conformation may still be irrational because of high
torsion energy. To this end, we propose a rationality test designed to
quantify the disparity between post-refinement conformations and
low-torsional energy conformations. The tool developed for this pur-
pose, named TED (torsional energy descriptor), is mainly composed by
a deep learning-based torsion energy prediction model (referred to as
the TED-Model henceforth). To train the TED-Model, we developed
two data sets, including a pretraining set containing semi-empirical

torsion energy data for six million torsion fragments and a training set
containing double-hybrid DFT data for 100,000 torsion fragments.
TED demonstrates superior accuracy compared to GFN2-xTB when
evaluated on a data set of 5000 torsional fragments without infor-
mation leakage. To illustrate the application of our evaluation system,
we evaluated five recently reported 3D molecule generative models
including Lingo3DMolv2?, Pocket2Mol’, PocketFlow?, TargetDiff°, and
PMDM*. Each model generated around 1000 molecules per target
across 102 targets from Directory of Useful Decoys-Enhanced (DUD-E)
dataset® and underwent both validity and rationality tests. To facil-
itate the use of our evaluation system, we have made the HEAD and
TED models  accessible via  link  https:/github.com/
stonewiseAlDrugDesign/HEAD TED. (The code is also included in
Code Ocean capsule?.)

Results

In this section, we first describe the construction of our HEAD and TED
modules (Fig. 1a, b), outlining the fundamental logic behind their
design and presenting testing results that demonstrate their reliability.
We then report an evaluation test in which HEAD and TED were applied
to five recently reported 3D molecule generation models: Lingo3D-
Molv2, TargetDiff, Pocket2Mol, PocketFlow, and PMDM.

Development of HEAD

The HEAD module is designed to assess the quality of Al-generated 3D
molecular conformations without MM optimization. It directly takes
an Al-generated conformation as input and quantitatively identifies
atoms responsible for the anomalies of the conformation. This module
is developed through three steps, as illustrated in Fig. 1a. The first step
involves computing atomic energies using MLFFs. The MLFFs used in
this study is ANI-2x*2. The second step focuses on establishing
thresholds to classify energy values that are significantly higher than
normal. This is accomplished by applying the MLFF method to mole-
cules from classical databases to obtain energy distributions for each
elemental type. Based on these distributions, thresholds for each ele-
ment are established. The third step involves comparing the atomic
energies in a given molecule with the thresholds of the corresponding
elements, resulting in a binary label indicating whether the molecular
conformation is abnormal. Detailed information regarding the three
steps is provided in the Methods section (HEAD Development).

To evaluate the performance of HEAD, we use PoseBusters® as a
benchmark. PoseBusters is a recently released test suite enabling
implausible conformation identification. It utilizes the RDKit* toolset
to evaluate input molecular conformations by analyzing geometry
metrics such as bond lengths, bond angles, aromatic ring planarity,
double bond planarity, and internal steric clashes. It also employs an
energy metric that determines whether the input molecule’s MM-level
energy exceeds 100 times the average energy of 50 force field-
optimized conformations.

We assessed the performance of HEAD and PoseBusters from
three perspectives: (1) recall rate of valid conformations, (2) dis-
criminative ability to distinguish valid from invalid conformations, and
(3) speed.

To test the recall rate of valid conformations, we utilized two
distinct databases. First, LigBoundConf dataset*, was used as a
benchmark for valid conformations of ligand binding with a protein.
This dataset includes 8,145 drug-like molecules that are sourced from
the Protein Data Bank (PDB)* and optimized with the OPLS3e force
field®® in the presence of binding proteins. Second, the Cambridge
Structural Dataset (CSD)”, was used as a benchmark for valid con-
formations of ligand without protein binding (i.e., apo state). This
dataset is comprised of high-quality experimentally determined small
molecule crystal structures. Due to the presence of elements not
supported by ANI-2x in some molecules from these two datasets, we
applied a screening criterion that limits inclusion to molecules
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Fig. 1| Schematic diagram of the high-energy atom detector (HEAD) and tor-
sional energy descriptor (TED) modules for 3D conformation evaluation.

a Overview of the HEAD module. It assesses conformation validity by calculating
atomic energies (step 1), establishing thresholds for anomaly detection (step 2),
and classifying conformations based on energy comparisons against the threshold
(step 3). The threshold is denoted as E.. b Overview of the TED module. It evaluates

conformation rationality by decomposing the structure into torsion fragments
(step 1), predicting torsion energies for the target rotatable bond within each
fragment (step 2), and assigning a binary label based on an energy threshold of
2 kcal/mol (step 3). Details of the torsion energy prediction neural network are
provided in Methods.

composed of commonly occurring elements: hydrogen (H), carbon
(C), nitrogen (N), oxygen (0), fluorine (F), sulfur (S), and chlorine (Cl).
After applying this criterion, we retained 214,188 molecules from the
CSD and 6209 from LigBoundConf.

We considered all conformations in both the CSD and Lig-
BoundConf datasets as valid (positive samples), and assessed the

positive recall rate of the testing methods. A low positive recall rate
indicates that the method incorrectly classifies valid conformations as
invalid. Given the inherent energy differences between bound and apo
conformations, we also examined whether the testing methods exhibit
different recall rates for bound (LigBoundConf) versus apo (CSD)
states. As shown in Fig. 2a, both HEAD and PoseBusters achieve valid
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ratios exceeding 95% on both datasets, with no notable differences
between the LigBoundConf and CSD datasets. This suggests that the
criteria applied in both methods for identifying valid conformations
are not overly stringent, allowing for effective recognition of experi-
mentally determined conformations in both apo and bound states as
valid. In addition, it is noteworthy that, although HEAD and PoseBus-
ters show similar performance, HEAD is around 30 times faster than

=

o

£

w® 501

[$]

X

=

>

> 251

[J]

T

: INERE

é 0 |:||:| =—0 oo = |=I_|:||:||:||=|I:||:II:II:I_l:":l ='|:|EIEI|:|-=EI|:|EI--EIEIEI_EIEI‘='|:I

[*]

<
TAMIONONO—NNTOONODOT—NNITOONODO T ANMITLOONODNOT—ANNILOONODO—
OZO000000OTT I I I I I AN NANNNANNNMOMOMOMOOMOOOISIIIISIIITISTO0

OOO00VOOVVVOVVZOZOOZIIITIITITIITIIIITIIIIIIIIITIT

PoseBusters. This makes the HEAD approach more suitable for high-
throughput screening tasks. A detailed speed comparison can be
found in Supplementary Table 1.

Next, we evaluated the discriminative ability of HEAD to distin-
guish valid from invalid conformations. To do this, we introduced a
database, GM-5K, consisting of randomly selected Al-generated
molecules from Lingo3DMolv2, TargetDiff, Pocket2Mol, PocketFlow,
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Fig. 2 | Comparison of high-energy atom detector (HEAD) and PoseBusters® in
assessing ligand conformation validity. a Valid conformation recall rates of HEAD
and PoseBusters tested using Cambridge Structural Database (CSD) and Lig-
BoundConf. Molecular conformations in CSD and LigBoundConf are all considered
as valid, representing valid conformations without and with protein binding,
respectively. All bar chart values are obtained from a single deterministic proces-
sing of the dataset; repeated runs yield identical results. b Histogram distribution of
molecules in GM-5K dataset across AE with the bin size of 20 kcal/mol, where
AE=Epi" — Eort . The red dashed line indicates the threshold value used to classify
molecular conformations as valid or invalid. Molecules with AE values below the
threshold are labeled as valid, while those above the threshold are labeled as
invalid. The dynamic adjustment of the threshold value leads to corresponding
changes in valid and invalid labels. ¢ Weighted F1 scores of HEAD and PoseBusters
across varying labeling thresholds based on AE in the GM-5K dataset. The threshold

was systematically varied from O to 1000 kcal/mol in increments of 1kcal/mol,
resulting in a series of weighted F1 scores. The weighted F1 score is computed by
first evaluating the F1 scores for both valid and invalid classes. Subsequently, these
F1scores are averaged considering the number of samples in each class as weights.
Panels (d-g) showcase four representative abnormal geometries with their atomic
energies, including steric clash (d), twisted ring structure (e), misplacement of a
hydrogen atom (f), and valence violation (g). In panel (d), the steric clash between
the chlorine atom and a methylene group is circled in red. In each panel, the
molecular 3D conformation is shown as sticks, accompanied by a bar chart dis-
playing atomic energies. Atom names are shown on the horizontal axis and energy
values on the vertical axis. Atoms exhibiting abnormally high atomic energies are
indicated by red arrows in the stick representation and highlighted by red bars in
the corresponding bar charts.

and PMDM. Because GM-5K dataset contains conformations of varying
quality, we employed some calculations to label the conformation
quality. Specifically, we employed MMFF94 force field” for ligand
geometry optimization with protein pocket fixed and conducted QM-
level (revDSD-PBEP86-D3(B))/def2-TZVPP)**=° single point energy
computations for the conformations before and after optimization.
The energy difference between original and optimized conformations,
i.e, AE=EQRT — EXYT, was used as the quality indicator of the original
conformation before optimization. GM-5K dataset supported the test
of HEAD’s ability to distinguish abnormal conformations from
valid ones.

We checked the weighted F1 scores of the HEAD and PoseBusters
models on the GM-5K dataset to evaluate their ability to discriminate
between valid and invalid 3D molecular conformations. GM-5K con-
tains molecules with AE varying from O kcal/mol to 1000 kcal/mol,
shown as the histogram distribution displayed in Fig. 2b. To compare
the discrimination powers of HEAD and PoseBusters, we need to assign
a valid-invalid binary label to every molecule in GM-5K based on its AE
value. Specifically, molecules with AE values over a specified threshold
should be classified as invalid, while those with values below the
threshold should be classified as valid. Since there is no universal
threshold for classifying conformation validity, we systematically var-
ied the threshold from O to 1000 in increments of 1kcal/mol. As we
adjusted the labeling threshold, as illustrated in Fig. 2b, the corre-
sponding valid and invalid labels were updated accordingly. This
process resulted in a set of F1 scores that correspond to the variations
of labeling thresholds. The results, plotted in Fig. 2c, shows that HEAD
notably outperforms PoseBusters in identifying abnormal conforma-
tions with AE values between 200 kcal/mol and 600 kcal/mol. For the
conformations with AE values outside this region, the two methods
exhibited comparable performance. Some example cases that can be
detected by HEAD but not PoseBusters are shown in Fig. 2d-g. The
examples include steric clashes, twisted rings, misplacement of
hydrogens, and valence violation. The reason HEAD outperforms
PoseBusters in detecting anomalous conformations may be related to
the missing definitions of geometric anomalies in PoseBusters. Speci-
fically, anomaly detection is more effective in energy space than in real
space. It is highly difficult to enumerate all geometric anomalies in real
space. In contrast, all abnormal situations correspond to high-energy
responses.

It is also notable that for conformations with relatively small
anomalies, indicated by low AE values, both PoseBusters and HEAD
experience a sharp drop in weighted Fl-score (Fig. 2¢). This trend
indicates the limitations of these methods for detecting anomalies
within this range. The potential causes of these limitations will be
discussed in the Discussion section.

Subsequently, we sought to assess the capability of the HEAD
framework in identifying the quality of ligand-protein pocket inter-
actions. The underlying mechanism relies on using HEAD to calculate
atomic-level energy changes for both the ligand and the pocket upon

binding. A significant increase in energy during binding indicates the
presence of unfavorable interactions between the ligand and the
protein pocket. Further methodological details are provided in
Methods section (Evaluation of Ligand-Protein Interaction Validity).
To quantify HEAD’s performance in this context, we need a ground
truth label to indicate the quality of ligand-protein interactions. In
this study, we used the binding free energy value for each molecule
in the GM-5K dataset to reflect the quality of its interaction with the
corresponding binding pocket. The binding free energy values were
computed using the molecular mechanics-generalized Born surface
area (MM/GBSA) method®*?, as described in the Methods section
(GM-5K).

In terms of benchmark technologies, we used two types of
methods. First, PoseBusters was used as the representative of the
geometric criteria-based method. It assesses ligand-pocket interac-
tions by analyzing atomic-level geometric distances and van der Waals
radius overlaps. Second, we noticed that there are several recent
studies®** using docking software to describe the interactions
between ligand and pocket and thereby support the evaluation of Al
molecular generation models. We used the work of Cieplifiski et al.
(2023)* as a representative of this type of method. It offers a weighted
scoring system (Vinardo score) to evaluate ligand-protein interactions
based on SMINA®,

To benchmark against PoseBusters, which provides binary labels
for clashes between the ligand and the pocket, we consider a positive
MM/GBSA binding free energy for the ligand in the pocket as an
indicator of unfavorable interactions. In other words, MM/GBSA
binding free energy serves as a quantitative measure of the severity of
steric incompatibilities between the ligand and the pocket. As shown in
the histogram presented in Fig. 3a, 83% of the Al-generated molecules
within GM-5K exhibited positive binding free energies, suggesting a
prevalence of unfavorable interactions with their respective binding
pockets. To evaluate HEAD’s ligand-protein clash detection cap-
abilities in GM-5K, we compared its performance to that of PoseBusters
by calculating weighted F1 scores across various binding free energy
thresholds for valid (clashes) and invalid (non-clashes) labeling. The
results, illustrated in Fig. 3b, indicate that HEAD outperforms
PoseBusters in identifying severe clashes (e.g., binding free energy >
100 kcal/mol), while both methods demonstrate comparable perfor-
mance in detecting mild clashes. To further elucidate the mechanistic
basis underlying HEAD’s superiority to PoseBusters, we conducted
case analyses of clashes identified by HEAD that were not detected by
PoseBusters (Fig. 3¢, d). Representative examples in Fig. 3¢ highlight
hydrogen-hydrogen clashes, a category that PoseBusters overlooks
due to its reliance on geometric heuristics that consider only heavy-
atom distances. In contrast, HEAD’s energy-based framework accounts
for both steric and electrostatic contributions from heavy and hydro-
gen atoms. For example, Fig. 3d illustrates a case in which HEAD
detected a lone pair-mediated clash between the ligand O4 atom and
the backbone carbonyl oxygen of pocket E377, which was missed by
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PoseBusters, highlighting HEAD’s enhanced sensitivity to subtle elec-
tronic interactions.

To benchmark our method against the work of Ciepliniski et al.
(2023)*, we first note that their approach employs the Vinardo score
to assess the quality of ligand-pocket interactions. The Vinardo score,
as implemented in the SMINA software package, represents a weighted
sum of ligand-protein steric interactions, hydrophobic contacts, and

101
MM/GBSA binding free energy (kcal/mol)

10 103 10° 107

non-directional hydrogen bonds. Unlike the binary classification label
provided by PoseBusters, the Vinardo score is continuous, making the
use of F1 scores for performance evaluation inapplicable. Therefore,
we employed correlation analysis on the GM-5K dataset by comparing
the Pearson correlation between Ciepliniski’s Vinardo scores and MM/
GBSA binding free energies with that between the binding energy
estimates from our HEAD approach (Ey;,q and MM/GBSA reference
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Fig. 3 | Comparison of high-energy atom detector (HEAD) and PoseBusters® in
assessing ligand-protein interactions. Panels (a-d) focus on the comparison
between HEAD and PoseBusters using F1 scores, while Panels (e) and (f) compare
HEAD with Cieplifiski et al. (2023) using Pearson correlations. a Histogram showing
the distribution of Molecular Mechanics-Generalized Born Surface Area (MM/
GBSA**) binding free energies for Al-generated molecules in the GM-5K dataset.
The red dashed line indicates the threshold value used to label ligand-protein
complexes as either “valid” or “invalid”. Molecules with MM/GBSA binding free
energy values below this threshold are labeled as “valid,” while those above the
threshold are classified as “invalid”. The dynamic adjustment of the threshold value
results in corresponding changes to the valid and invalid labels. b Weighted

F1 scores of HEAD and PoseBusters across varying labeling thresholds based on
MM/GBSA binding free energy of molecules in the GM-5K dataset. The threshold
was systematically varied from O to 2000 kcal/mol in increments of 1kcal/mol,
yielding a series of weighted F1 scores. Panels (c) and (d) showcase two repre-
sentative cases which were detected by HEAD but missed by PoseBusters, including

a representative example of ligand-protein clashes involving hydrogens (c), and a
case involving lone pair electron clash between two carbonyl groups (d), specifi-
cally the ligand O4 atom and the backbone carbonyl oxygen of pocket E377.In each
panel, the ligand-protein complex is shown as sticks, accompanied by a bar chart
displaying atomic energy difference for ligand upon binding with proteins
(AE=Epound — Epoted) Atom names are shown on the horizontal axis and atomic
energy differences on the vertical axis. Atoms exhibiting high energies upon
binding are highlighted by red bars in the bar charts and indicated by red arrows in
the structures, signifying ligand-protein clashes (circled in red). The details of
identifying these invalid atoms can be found in Methods section (Evaluation of
Ligand-Protein Interaction Validity). e Scatter plot of MM/GBSA binding free
energies (log scale) versus Cieplifiski’s Vinardo docking scores® on GM-5K
dataset.f Scatter plot of MM/GBSA binding free energies (log scale) versus HEAD’s
Ebina Values on GM-5K dataset. Eppq = Do, — (Ejpoted 1 pisolted) pCC stands for
Pearson Correlation Coefficient.

values. Here, Eying = Eoomaiex — (Eirong + Epoaeet)- As shown in Fig. 3e, f,
the results demonstrate a notable advantage for HEAD, with Eping
exhibiting a Pearson correlation of 0.55 with the MM/GBSA reference
values, compared to only 0.14 for Ciepliniski’s Vinardo score. This dif-
ference indicates that HEAD provides a more reliable and accurate
evaluation of ligand-pocket interactions, capturing the nuances of
binding energetics more effectively than the Vinardo score.

Next, we conducted a more granular analysis, dividing the GM-5K
dataset into drug-like and non-drug-like subsets. Drug-like molecules
were defined as those exhibiting a Quantitative Estimate of Drug-
likeness (QED) score®*>0.3 and a Synthetic Accessibility Score
(SAS)* <5, accounting for 63% of GM-5K molecules. We then com-
pared HEAD and benchmark technologies on both subsets, focusing
on ligand conformation and ligand-protein interaction evaluations.
The results (Supplementary Information Sec. 2.1) demonstrate that
HEAD consistently outperforms benchmarks in both categories for
both drug-like and non-drug-like molecules.

Development of TED

The TED module is developed to evaluate the quality of Al-generated
3D molecular conformations after MM-based optimization. It accepts
a MM-refined conformation as input, quantitatively predicts the
torsion energies for each rotatable bond that excludes hydrogens,
and subsequently outputs a binary label indicating whether the input
3D conformation is abnormal. This module works in three steps, as
illustrated in Fig. 1b. The first step involves decomposing a given
conformation into a series of torsion fragments, each containing a
target rotatable bond and its necessary local chemical environment.
The second step predicts the torsion energy curve for the target
rotatable bond in the torsion fragment using a deep learning model
(i.e., TED-Model) that employs an attention mechanism. TED-Model
was trained using 6 million torsion fragments with semi-empirical
level energy data and fine-tuned using 100,000 torsion fragments
with DFT level energy data. The third step assigns a rational-irrational
binary label to the conformation by checking whether any of its
rotatable bonds have a torsion energy exceeding 2kcal/mol, a
threshold employed in a previous study®. Comprehensive details
regarding the development of the TED module, including TED-Model
training and dataset construction, are provided in the Methods sec-
tion (TED Development).

To evaluate the performance of our TED-Model, we compared its
predictions with those obtained using the semiempirical GFN2-xTB
method®. This assessment used the DFT-5K dataset, which contains
5000 unique torsion fragments not included in the training set of our
model to mitigate information leakage. Each torsion fragment in DFT-
5K has 24 conformers generated by torsion angle enumeration and
labeled with DFT-level energies using approaches described in the
Methods section (Torsion Energy Label Preparation).

To assess the alignment of our TED-Model’s predictions with DFT
values relative to GFN2-xTB, we computed Pearson correlations on a
per-torsion-fragment basis using the DFT-5K dataset. For each torsion
fragment, 24 conformers were generated by torsion angle enumera-
tion. We analyzed the correlations between the energies predicted by
our model across these 24 conformers and the corresponding DFT
energies, as well as the correlations between GFN2-xTB predictions
and DFT values. The distribution of these Pearson correlations is pre-
sented in Fig. 4a. Our model exhibits a stronger agreement with DFT
values, with a per-torsion-fragment average Pearson correlation of
0.84, compared to 0.63 for GFN2-xTB. This superior performance can
be attributed to our model’s finetuning using DFT data, which enables
it to effectively address scenarios where GFN2-xTB encounters chal-
lenges. Specifically, GFN2-xTB exhibits limitations in accurately char-
acterizing anisotropy in electrostatic potential and polarization
effects. For instance, the torsion fragment shown in Fig. 4b demon-
strates that GFN2-xTB overestimates the torsion energy at +180°, pri-
marily due to its inadequate treatment of sigma-hole interactions
between sulfur and the oxygen of the carbonyl group. Additionally,
Fig. 4c demonstrates GFN2-xTB’s tendency to overestimate lone-pair
repulsion, leading to an increase in torsion energy at +180°.

Evaluation of molecule generative models

In this section, we demonstrated the application of the HEAD&TED
system in evaluating Al-generated molecules. Five recently reported Al
generative models were included in this assessment. Specifically, Lin-
go3DMolv2, Pocket2Mol, and PocketFlow were selected to represent
autoregressive models, while PMDM and TargetDiff were chosen as
representatives of diffusion models. The evaluation was conducted
using all 102 protein targets (PDB IDs) from the DUD-E dataset. For
each target, models were configured to generate 1000 unique mole-
cules. The binding pocket for each of these 102 PDB IDs was defined by
utilizing the co-crystallized ligand and selecting protein residues
within a model-specific radius around this ligand. No additional
information regarding active compounds or decoys documented in
DUD-E was input in the models under evaluation. Some models were
unable to generate 1000 unique molecules for some of the 102 targets
within reasonable resource consumption; further details can be found
in the Supplementary Information Sections 2.2 and 2.3. All the Al-
generated molecules were submitted to HEAD for pocket-ligand
interaction and conformation validity test. They were then refined
using force field OPLS3e* with protein pockets fixed and then sub-
mitted to TED for conformation rationality test.

Prior to evaluating the conformational quality of the generated
molecules, we need to emphasize the necessity of eliminating those
exhibiting low level of drug-likeness or poor synthetic accessibility.
This approach is supported by below observations. Even though the
molecules displayed in Supplementary Fig. 1 and Supplementary
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Fig. 4 | Evaluation of torsional energy descriptor (TED) in torsion energy pre-
dictions. a Histogram distribution of torsion fragments in the DFT-5K dataset
across Pearson correlation coefficients between density functional theory (DFT)
level energy values and predictions from our TED-Model and GFN2-xTB". For each
torsion fragment in the DFT-5K dataset, torsion energies were computed for 24
conformations derived by enumerating torsion angles with increments of 15°.
Pearson correlation coefficients between both methods and DFT were calculated
per torsion fragment. b Case illustration of our model’s superior performance to

90

180

GFN2-xTB'’s in the scenario of sigma-hole interactions. There is a sigma-hole asso-
ciated interaction between the sulfur of the thiazole group and the oxygen of the
carbonyl group when the dihedral angle of S-C-C-N is +180°. ¢ Case illustration of
our model’s superior performance to GFN2-xTB's in the scenario of lone-pair
repulsion. There is a lone-pair repulsion between the nitrogen of the thienopyridine
group and the oxygen of the carboxy group when the dihedral angle of C-O-C-C is
+180°. For panels (b) and (c), the atoms defining the dihedral angle are high-
lighted in red.

Table 2 successfully met the criteria set by PoseBusters, HEAD, and
TED tests, they were not considered drug candidates due to their low
level of drug-likeness. This was reflected in their low Quantitative
Estimate of Drug-likeness (QED) scores®® and poor synthetic accessi-
bility, as indicated by high Synthetic Accessibility Scores (SAS)*. Fur-
thermore, we examined the distribution of HEAD and TED passing
rates against QED and SAS for molecules produced by the Al models
under test (Supplementary Fig. 2). To establish the drug-like region, we
defined criteria of a QED score of 0.3 or higher and a SAS score of 5 or
lower, which collectively account for over 75% of the molecules listed
in DrugBank™®. As shown in Supplementary Fig. 2, all the Al models
under test have generated molecules which are not drug-like but show
high passing rate of HEAD or TED. This observation further emphasizes
the necessity of eliminating molecules outside drug-like region before

conformation quality evaluation. Otherwise, the evaluation results
would be contaminated.

Building on the elimination of molecules with QED lower than
0.3 and SAS higher than 5, we conducted conformation quality eva-
luation using HEAD&TED. The conformation quality was analyzed on
a per-target basis and defined as the percentage of molecules passing
the specific test (Fig. 5). Figure 5a displays histograms of target
counts versus HEAD ligand-protein interaction evaluation passing
rates for each Al model. TargetDiff, Lingo3DMolv2 and PocketFlow
demonstrated superior performance, as evidenced by distributions
heavily skewed toward high passing rates, with mean values of 86%,
75%, and 77%, respectively. In contrast, other models, including
Pocket2Mol and PMDM, exhibited mean passing rates of 40% and
21%, respectively. Regarding the HEAD ligand conformation validity
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test (Fig. 5b), Lingo3DMolv2 and Pocket2Mol outperformed other
models. The TED test indicated that PocketFlow excelled in ration-
ality test compared to other models (Fig. 5c). To further elucidate
these findings, we examined the property distribution of molecules
generated by different models (Supplementary Fig. 3). The favorable
performance of PocketFlow in the TED rationality test may be
attributed to its generation of molecules having fewer rotatable
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(ligand conformation evaluation)
Passing Rate (%)
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bonds, lower molecular weights, and fewer chiral centers compared
to other models.

The HEAD powered ligand-protein interaction and ligand con-
formation test reveals the limitations of the Al model, which causes the
gap between Al-generated conformations and those refined by force
field. However, due to the low cost and high speed of force field-based
optimization, this gap can be mitigated by performing such
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Fig. 5 | Evaluation of conformation quality for Al generated models. Molecule
generative models including Lingo3DMolv2®, Pocket2Mol®, PocketFlow?,
TargetDiff°, and PMDM* are involved in this evaluation. a-c Distributions of target
counts based on the passing rates of high-energy atom detector (HEAD) for ligand-
protein interaction evaluation, HEAD for ligand conformation evaluation, and tor-
sional energy descriptor (TED) for torsion energy evaluation, with histograms
presented in panels a-c, respectively. Mean values are indicated with red dashed
lines. d Scatter plot of HEAD and TED passing rates on a per-target basis, with points

colored according to the Al models. Passing HEAD indicates that both the pocket-
ligand interaction and conformation validity tests were successfully passed.

e Bubble chart providing a comprehensive evaluation of Al models, where the
position of each bubble centroid corresponds to the per-target average of HEAD
and TED passing rates. Bubble size encodes the fraction of generated molecules
satisfying the drug-likeness thresholds (QED > 0.3; SAS < 5), with the corresponding
percentage shown in parentheses. QED stands for Quantitative Estimate of Drug-
likeness, and SAS stands for Synthetic Accessibility Score.
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Fig. 6 | Unified Screening Pipeline for Al-Generated 3D Molecules Powered by
HEAD-TED. HEAD strands for a high-energy atom detector. TED stands for tor-
sional energy descriptor. Molecule generative models including Lingo3DMolv2®,
Pocket2Mol®, PocketFlow?, TargetDiff°, and PMDM* are involved in this evaluation.
a Schematic overview of the sequential screening pipeline for evaluating Al-
generated molecules. The pipeline integrates four filters: drug-likeness assessment
with passing criteria defined as QED > 0.3 and SAS <5, pocket-ligand interaction
and ligand conformation validity test using HEAD, and conformational rationality
test using TED. QED stands for Quantitative Estimate of Drug-likeness. SAS stands
for Synthetic Accessibility Score. b Performance comparison of five Al-driven
molecular generative models. The average passing rates for molecules generated
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on DUD-E targets are shown for each model at every screening step. DUD-E stands
for the Directory of Useful Decoys-Enhanced dataset?’. ¢ Comparison of the final
passing rates of different Al models across various target types. Bars represent the
average final passing rate of each model for each target class. DUD-E dataset
includes the following target types (with the number of targets in parentheses):
GPCR (5), Kinase (26), Protease (15), Other Enzymes (36), Nuclear Receptor (11),
Cytochrome P450 (2), Miscellaneous (5), and lon Channel (2). All values are
obtained from a single deterministic processing of the dataset; repeated runs yield
identical results. Source data including target name, target type, passing rate at
each stage of the screening pipeline can be found in supplementary materials.

optimization for all Al-generated molecules with pocket fixed. Given
the fact that drug designers often aim to design molecules with low
torsion strain®’, the critical question then becomes whether the force
field-refined conformations truly align with the low-torsion energy
criteria that drug designers consider acceptable, which is reflected in
the TED-powered rationality test. To compile a comprehensive view of
these Al molecule generation models, we plotted their HEAD passing
rates (valid pocket-ligand interaction and ligand conformation) and
TED passing rates on a per-target basis (Fig. 5d). We then considered
points from the same Al model as a cluster and used the centroid of
each cluster to represent it. These centroids were then transformed
into bubbles, with their sizes reflecting the percentage of drug-like
molecules, specifically those with a QED no less than 0.3 and an SAS no
greater than 5. A larger bubble positioned in the upper right corner of
Fig. Se indicates better overall performance of the model. As observed,
no single model outperformed all others comprehensively. However,
PocketFlow and Lingo3DMolv2 have the potential to achieve superior

performance by improving their validity and rationality, respectively.
To further evaluate model performance across different target types,
we stratified the results by DUD-E target classes (Supplementary
Information Sec. 2.4). PocketFlow, Lingo3DMolv2, and TargetDiff
exhibited relatively consistent performance across target classes in
both HEAD and TED assessments, whereas PMDM and Pocket2Mol
showed variable results.

In addition to its role as an evaluation tool, HEAD-TED can also be
employed to establish a unified protocol for screening deep-learning-
generated 3D molecules. To this end, we have proposed a multi-stage
screening pipeline for Al-generated molecules. This pipeline evaluates
molecular candidates based on drug-likeness using QED and SAS
metrics, pocket-ligand interaction and ligand conformation validity
using HEAD, and conformational rationality using TED, as illustrated in
Fig. 6a. We applied this pipeline to the aforementioned molecules
generated by five Al molecule models on 102 DUD-E targets. As shown
in Fig. 6b, approximately 20% of molecules generated by PocketFlow
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and Lingo3DMolv2 successfully passed all filters, whereas other mod-
els exhibited substantially lower final passing rates.

Further stratification by DUD-E target classes (Fig. 6¢) revealed
distinct performance trends. PocketFlow demonstrated the most
consistent success rates across target classes, whereas PMDM showed
considerable variability. The Al models’ performance was most diver-
gent on GPCR targets and most stable on Cytochrome P450 targets.

To evaluate the computational efficiency of HEAD and TED, we
performed speed tests on a workstation equipped with a 48-core
Intel(R) Xeon(R) Gold 6248 R processor and an NVIDIA V100S GPU.
Due to the computational cost of these tests, particularly with repe-
ated runs, we performed the test using the GM-5K dataset. Considering
QED/SAS, HEAD, and TED as modules composing a screening pipeline,
we performed two types of speed tests: independent module tests and
integrated pipeline tests. In independent module tests, each module
(QED/SAS, HEAD, and TED) independently processed all the molecules
in the GM-5K dataset. Integrated pipeline tests, on the other hand,
simulate a realistic screening scenario by running the GM-5K dataset
through the complete pipeline, with each module processing only the
molecules that pass the preceding filters. Our results demonstrate that
HEAD processes molecules at a rate of 6 and 28 molecules per second
for ligand-protein interaction and ligand conformation evaluation,
respectively (Supplementary Table 3); TED achieves a rate of 8 mole-
cules per second. Furthermore, in the integrated screening pipeline,
HEAD and TED accounts for 77% and 22% of the total processing time,
respectively (Supplementary Table 4). The integrated pipeline takes
720 seconds to finished screening 5000 molecules.

Discussion

In this work, we divided the evaluation of Al-generated 3D molecular
conformations into two stages: validity and rationality tests. The
validity test measures how closely Al-generated conformations align
with force-field-refined conformations, while the rationality test
assesses how closely a force-field-refined Al-generated conformation
approaches a low-torsional-energy conformation. To support these
evaluations, we introduced two tools: HEAD, powered by an Al-driven
force field, and TED, which utilizes an Al torsion energy prediction
network. Unlike traditional methods that primarily rely on geometric
measures or molecular-level energy metrics, HEAD provides enhanced
granularity through atomic-level energy metrics, and TED improves
interpretability by identifying rotatable bonds with high torsion
energy. Given the critical role that evaluation frameworks play in
guiding the iterative development of Al models, we hope that our
methodology can facilitate the continuous improvement of Al-based
3D molecular generation models, steering them toward the generation
of more valid and rational conformations.

Regarding the limitations of our HEAD & TED approach, we have
several points to discuss. First, the HEAD approach demonstrates the
ability to distinguish anomalies that deviate significantly from force-
field-refined conformations. However, as the degree of anomaly
decreases, the discriminative power drops. This reduction may stem
from the energy partitioning process during the training of ANI-2x.
Specifically, ANI-2x predicts the energy of each atom in a molecular
conformation and combines these predictions to obtain the molecu-
le's total energy via simple algebraic summation. All parameters are
trained to minimize the difference between the predicted total energy
and the ground truth total energy. However, this process does not
adequately train the energy distribution process, which poses a
potential risk for our HEAD approach. Specifically, if an atom actually
has high energy but that energy is distributed among its neighboring
atoms, it may go undetected by the HEAD system. The risk of unde-
tected high-energy atoms arising from this issue is relatively high when
the molecule’s total energy is low. This is consistent with the obser-
vation in Fig. 2¢ that the discriminative power of HEAD decreases along
with the decrease of AE.

To address this limitation, we introduced the concept of infor-
mation entropy as a metric for assessing the level of energy distribu-
tion among an atom and its spatial neighbors (details in Methods
section: Information Entropy). By identifying conformations with high
entropy and considering these conformations as invalid, we can detect
previously missed abnormal conformations, as demonstrated in
Fig. 7a-d. From the perspective of weighted F1 scores (Fig. 7e), we
observed an improvement in HEAD’s discriminative power for con-
formations with small differences from force field refined ones (i.e.,
low AE). However, this improvement is achieved at the cost of reduced
weighted F1 scores for high AE conformations, as shown in Fig. 7e. The
trade-off associated with this entropy-based method highlights the
importance of developing solutions from a more fundamental level,
such as integrating learnable parameters into the atomic energy
summation component of the ANI-2x architecture. This represents a
promising direction for future improvements of HEAD approach.

Another limitation of our current implementation of HEAD is its
reliance on ANI-2x, restricting its applicability to molecules containing
onlyH, C,N, O, F, S, and Cl. To quantify this restriction, we performed a
statistical analysis of the GOSTAR™ database, a comprehensive
resource documenting small molecules found in drug development-
related patents since 1960. This analysis revealed that the seven atom
types supported by ANI-2x collectively account for approximately
93.6% of the molecules in GOSTAR™ database. This suggests that our
current implementation of HEAD already covers a substantial portion
of the relevant chemical space in medicinal chemistry, ensuring broad
applicability in drug discovery. However, we acknowledge that
expanding the range of supported atom types is crucial to the meth-
od's long-term utility. To that end, we emphasize that HEAD is
designed as a flexible framework applicable to any MLFF that employs
atomic energy partitioning scheme, not just the ANI-2x model used in
this study. For instance, HEAD can be adapted to other MLFFs, such as
the MACE-OFF model*. MACE-OFF is a deep-learning-based organic
force field designed for fast and accurate interatomic potential pre-
dictions, utilizing an equivariant message passing architecture. It was
trained on the SPICE dataset*’ and able to support 10 atom types,
includingH, C, N, O, F, P, S, Cl, Br, and I. By using MACE-OFF, our HEAD
implementation can cover 98.9% of the molecules in the GOSTARTM
database. More importantly, we demonstrated that the transition from
ANI-2x to MACE-OFF did not notably compromise performance in
terms of ligand-protein interaction evaluation and ligand conforma-
tion evaluation (Supplementary Fig. 4a, b). This underscores HEAD’s
modular framework and its compatibility with evolving force-field
technologies.

Regarding the limitations of TED, it is designed for torsion ener-
gies prediction but not for overall strain energy estimation. Specifi-
cally, it is important to note that the overall strain energy of a
conformation differs from torsion energy, because some relatively
long-range intramolecular interactions can offset the energy penalties
associated with unfavorable torsion angles and thereby reduce the
overall strain energy of the conformation. For instance, Supplemen-
tary Fig. 5a presents such an example from the LigBoundConf
dataset®. Although this molecule adopts a conformation with high
torsion energy, the corresponding torsion angles facilitate the for-
mation of an intramolecular hydrogen bond, which stabilizes the
conformation. To test TED’s limitation in distinguishing irrational
conformations arising from ligand conformational strain energy
issues, we employed the LigBoundConf dataset. This dataset contains
bound conformations and corresponding strain energy values for
8145 small molecules extracted from the PDB. The bound ligand con-
formations were optimized within ligand-protein complexes using
Schrodinger’s PrepWizard* with the OPLS3e force field®. Ligand
conformations with heavy-atom RMSD greater than 0.5 A after mini-
mization were excluded to reduce the underestimation of ligand strain
energy caused by the refinement process. Strain energies were
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Fig. 7 | The impact of incorporating information entropy into the high-energy
atom detector (HEAD) approach for identifying abnormal molecular con-
formations. a-d Examples of conformations identified as having high information
entropy. In each panel, the molecular 3D conformation is shown as sticks, with the
information entropy denoted by H, and accompanied by a bar chart of atomic
energies (atom names on the horizontal axis and energy values on the vertical axis).
Atoms with relatively high energies that contribute to elevated information entropy

are highlighted by red bars and indicated by red arrows. Details of the identification
procedure are described in the Methods section (Information Entropy). e Weighted
F1 scores demonstrating the performance trade-off of introducing entropy-based
metric. While the discriminative power of HEAD improves for conformations with
low AE, there is a corresponding decrease in weighted F1 scores for conformations
with high AE. The performance of PoseBusters® is provided for reference.
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calculated at DFT level as the energy difference between these bound
conformations and their respective global minimum energy con-
formations without protein binding. We measured TED's weighted
F1 scores on the LigBoundConf dataset to assess its effectiveness at
identifying high-strain-energy conformations. The weighted F1 scores
were calculated using varying thresholds for rational and irrational
labeling (Supplementary Fig. 5b), consistent with our methodology for
testing HEAD and PoseBusters on GM-5K, as described in the Results
section (Development of HEAD). The results are illustrated in Supple-
mentary Fig. 5c. TED demonstrates a relatively stable but mild dis-
criminative power, having a weighted F1 scores around 0.6. Such
limited discriminative power aligns with TED’s focus on assessing
torsion quality without accounting for intramolecular interactions.
These considerations serve as a reminder to users of TED: when a
molecular conformation is deemed irrational by TED, it indicates only
that the conformation has high torsion energy. Users should further
examine intramolecular interactions for a comprehensive evaluation
of strain energy.

Because TED is designed for local torsion energy estimation, not
overall strain energy, it does not sample the entire molecule for its
global minimum energy conformation. This further contributes to
TED’s limitations in classifying high-strain energy conformations.
Therefore, we sought alternative tools designed for overall strain
energy estimation to complement TED. To this end, we investigated
StrainRelief**, a method that quantifies strain energy as the energetic
difference between a given conformation and the approximation of its
global minimum obtained by force field-based sampling. This method
classifies conformations with an estimated strain energy exceeding
16.1 kcal/mol as high-strain. However, our evaluation revealed that the
default implementation of StrainRelief lacked the necessary sensitivity
to effectively classify high-strain energy conformations in the Lig-
BoundConf dataset. As depicted in Supplementary Fig. 5c, StrainRelief
demonstrated a high weighted F1 score (approaching 1) at elevated
strain energy thresholds, which then sharply declined towards zero as
the threshold decreased. This trend suggests limited discriminative
power. Further analysis demonstrated that over 94% of the con-
formations in the LigBoundConf dataset were classified as low-strain
by StrainRelief under its default parameters. To improve its perfor-
mance, we optimized StrainRelief by systematically varying its high-
strain classification threshold. Optimal performance was achieved at a
threshold of 5.0 kcal/mol. Nevertheless, even with this optimized
configuration, StrainRelief’'s performance remained comparable to
that of TED (Supplementary Fig. 5c), a method not explicitly designed
for comprehensive strain energy estimation. This outcome under-
scores the critical need for future research focused on developing
accurate and efficient methods for calculating overall strain energy.

Another potential direction for improving TED is the data aug-
mentation of the torsion energy prediction model (i.e., TED-Model).
Specifically, the input conformers used during training and inference
are prepared using the procedure indicated by the red arrows in
Supplementary Fig. 6a. This procedure involves an initial sampling to
obtain no more than 20 initial conformations driven by ConfGenX*,
followed by a systematic enumeration of torsion angles through the
rotation of the target rotatable bond for each initial conformation.
During model training, this enumeration is then followed by a mini-
mum pooling operation that reduced a set of 20 x 24 conformations to
a series of 24 conformations. This pooling process ensures a one-to-
one correspondence between the 24 conformations and the corre-
sponding series of 24 torsion energy values, as outlined by the green
arrows in Supplementary Fig. 6a. The same sampling and minimum
pooling procedures are applied to a specific torsion fragment during
model inference. Notably, the minimum pooling operation can be
omitted during the preparation of the training data. This omission
would result in multiple series of 24 conformations being linked to a
single series of 24 torsion energy values. This process is, in fact, a data

augmentation that has the potential to accelerate the inference pro-
cess by eliminating the need for multiple initial conformations of the
input torsion fragment. We tested this approach and observed that the
data-augmented version of the torsion prediction model is five times
faster than the model without data augmentation (Supplementary
Information Sec. 2.5). It also achieved a Pearson correlation of 0.82 on
DFT-5K, which is only slightly lower than the 0.84 correlation of the
non-augmented version.

It’s also important to note that torsion energies can be influenced
by the electrostatic potential or dielectric constant of the
environment*’. For instance, high torsion energy resulting from lone
pair electron repulsion may be mitigated by a nearby positive charge"’.
However, no mature technology currently exists to precisely quantify
this influence, posing a challenge for the accurate estimation of ligand
torsion energy in the binding pocket. Since the electrostatic potential
on the surface of a pocket can be calculated*® or observed through
experimental electron density*’, an ideal ligand torsion energy pre-
diction model would incorporate such information. Our TED Model,
trained with implicit water as a solvent, complements Rai’s vacuum-
based torsion energy predictions® in terms of the environmental
dielectric constant, and together they provide a foundation for the
future development of torsion energy prediction models sensitive to
the dielectric constants or electrostatic potentials of binding pockets.

Regarding the evaluation of Al molecule generative models, our
HEAD-TED method specifically quantifies the physical plausibility of
ligand conformations within protein binding pockets, providing a cri-
tical metric for conformational integrity. While this approach addres-
ses one essential dimension of evaluation, complementary
methodologies enhance the comprehensiveness of such analyses. For
instance, DrugPose* evaluates binding mode similarity between gen-
erated molecules and experimentally determined co-crystallized
reference ligands. Although binding mode similarity exhibits limited
correlation with physical plausibility metrics (Supplementary Fig. 7a-f),
this parameter aligns with the holistic evaluation strategy proposed in
our prior work®. Specifically, we advocate that robust molecular
generative models should achieve dual objectives: (1) recapitulating
known bioactive compounds in both structural topology and binding
mode, and (2) producing novel molecular entities with high con-
formational plausibility. Building upon the insights from HEAD-TED
and DrugPose, future research should prioritize developing integrated
evaluation platforms that combine diverse metrics for a more com-
prehensive and predictive assessment of Al-generated molecules.

Methods

Our conformation evaluation system is comprised of two key com-
ponents: (1) atomic energy-based validity assessment by HEAD and (2)
a torsion energy-based rationality assessment supported by TED. In
this section, HEAD is described by introducing MLFF architecture and
element-wise energy thresholds statistically established from a variety
of reference datasets. TED is described from the perspectives of
training data preparation and torsion energy prediction model
development.

HEAD Development

Preliminary: machine learning force fields. The overview of HEAD is
shown in Fig. 1a. Before diving into HEAD method, we briefly introduce
MLFFs as the preliminaries. More comprehensive introductions can be
found in these review papers*~>%. MLFFs aim to predict the total energy
EP™d for a given molecule conformation {(R;, S;)}i-y », . With N atoms,
where R;=(x,y, z)iT represents ith atomic positions, and S; represents
the scalar feature of ith atom, e.g., atomic number. The models are
trained on a large scale of conformations to fit model outputs with
total energies obtained from DFT calculations in a supervised manner
by minimizing a loss function that typically measures the distance
between the predicted energies and DFT energies also with other
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quantities, such as atomic forces, incorporated”**>¢, The nearsight-
edness principle is often assumed for MLFFs, where for ith atom, a
receptive field of its neighboring atoms within a cutoff radius is only
considered to construct ith atomic environment feature either by pre-
designed symmetry-invariant functions>° or symmetry-equivariant
message-passing neural networks*® with learnable features. Later,
MLFFs output a set of atomic energies (also called site energies in some
literature®) corresponding to each atomic environment feature and
the total energy can be obtained by a summation over all atomic
energies, as shown in Eq. (1).

N
Epred — Z Epred (1)
; L

Such locality property establishes a mapping of each atomic
environment feature to its corresponding atomic energy, which
enables a liner scaling in system size of different molecules.

Atomic energy extraction. HEAD is built upon MLFFs with one key
difference: instead of extracting the total predicted energy EP™ of a
given molecular conformation, it outputs the local atomic energies
{EP%i_1 ... for all atoms.

It is important to note that when projecting real space into energy
space, all types of unrealistic geometries (e.g., steric clashes, uncom-
mon molecular fragments, twisted structures, misplacement of
hydrogen atoms, and excited states) can be reflected as high-energy
signals in energy space compared to their realistic counterparts. This
offers a comprehensive and rapid assessment, regardless of the
unrealistic scenarios present in real space.

In this work, we utilize the ANI-2x model*’, which is a variation of
the prominent Behler-Parrinello neural network potentials, with
modified symmetry functions. ANI-2x is designed for accurate and fast
prediction of molecules composed of C, H, O, N, S, F, and Cl, covering a
large set of small molecule drugs. Notably, the HEAD approach can, in
principle, be applied to other MLFFs.

Statistic element-wise energy thresholds. To distinguish high
atomic energies resulting from unrealistic conformations from those
of realistic conformations, we establish element-wise energy thresh-
olds. These thresholds are derived from element-wise distributions in
energy space, generated by applying MLFFs and extracting atomic
energies of molecules in various molecular datasets.

Specifically, we first applied the ANI-2x model to three high-
quality datasets: QMugs, OrbNet, and QM9%***, The QMugs dataset
contains approximately 2 million optimized molecular conformations
that are biologically and pharmacologically relevant, generated using
the semi-empirical GFN2-xTB method. We used 1.1 million molecules
composed of C, H, O, N, S, F, and CI from OrbNet dataset. The QM9
dataset is a widely used benchmark for MLFFs and includes
134,000 stable organic molecules made up of C, H, O, N, and F.

We then grouped the atomic energies by element type, and the
element-wise distributions are presented in Supplementary Informa-
tion Sec. 2.6. The energy thresholds are initialized based on the com-
puted elbow points derived from the element-wise atomic energies.
These thresholds are subsequently refined using a grid search to
maximize the average weighted F1 score on the GM-1K dataset. The
details of GM-1K dataset are described in Methods section (GM-IK).

HES: high-energy score. A high-energy score (HES) is given to quan-
titatively measure the level of invalidity. For a given conformation, its
HES is defined using Eq. (2),

if VE;<E,

o,
HES= 2
{z;vmax(f,. - EZ[,O>, if 3£, >E; @

where Z; is atomic number for ith atom, E;, is the atomic energy
threshold for that element, N is the number of atoms in the con-
formation. Consequently, HES is zero for valid conformation and is
larger if the given conformation is more deviated from its valid
counterpart. Moreover, HES can alleviate corner-case issue existed in
typical threshold-based method.

Information entropy. We established an undirected graph for a con-
former, with vertexes representing all atoms with individual atomic
energy (i.e. E;) larger than a pre-defined value E. (E. =10 kcal/mol in this
work). Two vertexes are linked by an edge if the distance of the two
atoms is less than 2 A. For each component which contains at least two
linked vertexes, its sub-region energy is calculated by summing all the
atomic energies of the vertexes in it. The component with the highest
sub-region energy undergoes an information entropy calculation, as
described in Egs. (3) and (4), and its information entropy is then used
to represent the information entropy of the entire conformer.

_ Sp(x)loglp(x))]
HX)= = =q0en €
()= —Lizfe 4
ST @

Here, H(X) represents the normalized information entropy for
component X which is composed of atoms x; satisfying E;>E.. N
denotes the total number of atoms that satisfy this condition in
component X.

Classification criteria for ligand conformation validity. For a given
conformation, it is considered invalid if it meets any of the following
two criteria. First, it contains any atom with HES larger than O (i.e., the
atomic energy larger than the atom’s element-wise energy threshold).
Second, for the conformation passing the first criteria, if its informa-
tion entropy is larger than 0.8, it is considered as invalid (Supple-
mentary Algorithm 1).

Evaluation of ligand-protein interaction validity. HEAD can also
evaluate the validity of ligand-protein binding interactions. For a given
ligand-protein complex, the protein pocket is defined as all residues
with atoms within a 20 A radius of the ligand. This radius is chosen to
enable the evaluation of multiple ligands binding to the same protein
pocket efficiently. Specifically, defining a large pocket region (20 A)
allows a single pocket definition to be reused across different ligands,
thereby reducing the computational overhead associated with repe-
ated pocket extraction and energy calculation for pocket atoms. In
contrast, using a smaller radius (e.g., 4 A) would require redefining the
pocket for each ligand individually, increasing processing time. The
HEAD model then independently predicts atomic energies for the
ligand and pocket in both their isolated state and their bound state.
Ligand-protein interactions are deemed invalid under two conditions:
(1) local instability, where the number of invalid atoms (as defined in
above section) increases in either the ligand or the pocket upon
binding, or (2) global energy increase, where the total energy of the
bound complex (EZoun.,) exceeds the sum of the energy of the isolated
ligand (E2R®d) and the isolated pocket (ES°2d) by a threshold of

ligand pocket
20 kcal/mol.

TED development

Torsion energy label preparation. Data preparation commenced with
the fragmentation of molecules. This process isolates fragments con-
taining the rotatable bond of interest, while preserving a minimal yet
suitable chemical environment around it. The fragmentation process
was conducted following the methodology established by Rai (2019)°.
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It began with identifying a quartet of adjacent atoms that define the
dihedral angle for the rotatable bond. This initial quartet was then
expanded to include any atoms directly bonded to it. If these addi-
tional atoms belonged to predefined structural groups—such as rings
or amides—the entire group was included to maintain structural
integrity. For cyclic structures, substituents at the ortho position of the
quartet were preserved due to their potential interactions that could
influence torsion energy. Terminal carbons with unfulfilled valence
electrons were capped with hydrogen atoms, while terminal heteroa-
toms were capped with methyl groups. The segmentation process,
illustrated in Supplementary Fig. 8a-c, decomposes a molecule into a
set of smaller molecules (hereafter referred to as torsion fragments),
each representing a fragment of the original structure containing one
rotatable bond of interest (hereafter referred to as the target rotatable
bond) and its local chemical environment. This method was applied to
our in-house molecular database, which contains over 2 billion mole-
cules. After decomposition, we identified more than 100 million tor-
sion fragments, which were then sorted by their frequency of
occurrence. From this sorted list, the top 100,000 torsion fragments
were selected for torsion energy surface calculations of its target
rotatable bond.

To characterize the torsion energy surface associated with the
target rotatable bond in a torsion fragment, it is essential to identify
the lowest energy among the conformers that share the same dihedral
angle. This ensures that the surface accurately reflects the influence of
torsion angles on energy, without being affected by high-energy con-
formations of other groups in the torsion fragment. This objective was
achieved through a three-step sampling approach, as illustrated by the
green arrows in Supplementary Fig. 6a. Initially, no more than 20 initial
conformations were randomly generated for each torsion fragment
using ConfGenX*, providing a diverse set of initial conformations to
minimize the risk of trapping in local minima during subsequent steps.
The target rotatable bond in each initial conformation was then
repeatedly rotated in increments of 15 degrees, resulting in 24 con-
formations per initial conformation. However, this procedure treats
the moving parts of the molecule as rigid, which may lead to steric
clashes. To address this issue, the conformations underwent MMFF94
force field optimization with the target torsion angle fixed. Subse-
quently, to ensure that high torsion energy was influenced solely by
the improper torsion angle and not by the high-energy conformations
of other groups within the same torsion fragment, molecular dynamics
simulations were conducted with the target torsion angle held con-
stant. These simulations, powered by GFN-FF*® at 400K and con-
ducted using XTB®” program, generated up to 100 conformers per
input. As a result, we accumulated no more than 48,000 conforma-
tions per torsion fragment (i.e., 20 x 24 x 100). The conformers were
subsequently grouped into 24 categories based on the dihedral angle
values of the target rotatable bond. For each group, GFN1-XTB opti-
mizations were performed, and the optimized conformations with the
lowest GFN2-xTB single-point energy was selected as the representa-
tive conformation for that dihedral angle. Further refinement of these
representative conformers was conducted using B3LYP-D3(BJ)/def2-
SVP optimizations using ORCA®®, with the dihedral angles maintained
as fixed. This was followed by single-point energy calculations per-
formed at the revDSD-PBEP86-D3(BJ)/def2-TZVPP level. All calcula-
tions utilized the SMD water solvent model. The resulting double
hybrid DFT level single-point energies were used to plot the torsion
energy surface for the rotatable bond.

In addition to the aforementioned procedure of torsion energy
surface calculation, we also developed a streamlined version to pro-
duce a large amount of data for model pretraining. It retained the key
elements of the original approach but excluded the molecular
dynamics and DFT components, providing GFN2-xTB level torsion
energy surfaces. We applied the streamlined method for 6 million
molecules of our 100 million torsion fragments library. These GFN2-

xTB level data were used as complementary of the DFT-level data
during model training.

We have presented two approaches for calculating the torsion
energy of a target rotatable bond in a torsion fragment. From a model-
training perspective, both approaches generate labels.

Torsion fragment feature extraction. For torsion fragment con-
formational feature extraction, our methodology involves character-
izing the target atom quartet and the local chemical environment
surrounding the target rotatable bond.

We used five key features to characterize a quartet of atoms. For
an atom quartet represented as abcd, where a, b, ¢, and d denote
individual atoms and bc denotes the rotatable bond of interest, the
features are defined as follows: (1) the dihedral angle between plane
abc and bcd; (2) the distance between atoms a and d; (3) the distance
between atoms b and c; (4) the product of the atomic numbers of
atoms a and d; (5) the product of the atomic numbers of atoms b and c.
This results in a 5-dimensional feature for atom quartets.

To extract features of the local chemical environment of a rota-
table bond, we adapted atomic environment vectors (AEVs)***¢, which
are designed to encode the local chemical environment of a target
atom. Given our focus on rotatable bonds, we modified the AEV
approach by incorporating distance, angular, and dihedral symmetry
functions (SFs) to encode the local chemical environment of
rotatable bonds.

Distance symmetry function encodes the distance between the
center of bond with any other atoms of the conformer. The formula for
distance feature extraction is Eq. (5).

05 [cos(™i) +1] forR?<R
SR = [ ( Re ) ] j="Te )
0.0 for R; >R,

Here, we denote the center of the rotatable bond of interest as
point i and any arbitrary atom in the conformer as point j. R. is a
threshold that takes values from the set {1.5, 2.0, 2.5, 3.0, 4.0, 6.0, 10.0}.
R denotes the distance between atoms i and j, with the superscript a
indicating the atom types: H, C, N, O, F, S, Cl, along with two formal
charges, resulting in a total of nine element types. The distance sym-
metry function G for each type is computed using Eq. (6).

N . 5
G¥=2,2.3 e "RiRYY, (Rj}) 6)
j=1

Here, Z, and Z_ represent the atomic numbers of the atoms at both
ends of the bond of interest, while  and R, are set to 10* and O,
respectively. This results in a 63-dimension distance feature (9 element
types x 7 R, values).

The angular symmetry function, as shown in Eq. (7), encodes the
angles formed by the center of the rotatable bond and any two other
atoms in the conformer.

G¥=2"07,2,3"% (1 +1.cos ((p,.jk) ) S en(Ry+ R +R3) £, (Ry) So(Ry) -fe (Rjk)
J o k#
7)

Here, Z, and Zg represent the atomic numbers of the atoms at
both ends of the bond of interest. The subscript i represents the center
point of the bond in the dihedral angle, whilej and k are any two atoms
in the conformation. Ry, Ry Ry represent the distances between sub-
script specified atoms, and ¢ denotes the angle formed by the edges
R; and Ry. The parameters 6, A, i are set to 0.5, 0.5, and 10*, respec-
tively, with R. valued at 4.0. Given nine types of elements, there are a
total of 45 combinations of atom pairs (CC, CN, CO,..., CS, CH),
resulting in a 45-dimension angle feature (1 R; value x 45 combinations
of atom pairs = 45).
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The dihedral symmetry function, as shown in Eq. (8), encodes the
torsion angles of the rotatable bond of interest involving any two other
atoms in the conformer.

GZ,/’ =2"%7,7, M(Z’;;j ,2,,: (1 +A-cos ((Pikjl) ) 697”(R’2* *Ri +R’;’)fc (Ri) -fe (Rjz) fe(Ry)
(8)

Here, we denote atoms k and j as the two terminal atoms of the
bond on interest. For any other two atoms, i and [, atoms i, &, j, and [
form quadruplets, with Ry, Rj Ry represent the distances between
subscript specified atoms, and ¢;; representing the dihedral angle of
planes ikj and kjl. R. takes values from the set {2.5, 3.5, 5.0, 10.0}. The
parameters 8, A, n are set to 0.5, 0.5, and 10, respectively. Given nine
types of elements, there are a total of 45 combinations of atom pairs.
This results in a 180-dimension dihedral angle feature (4 R. values x 45
combinations of atom pairs = 180).

The hyperparameters R, 6, A, and  were configured in accordance
with the parameters established in previous AEV studies®*.

The 63-dimensional distance, 45-dimensional angle, and
180-dimensional dihedral angle features for rotatable bonds
and 5-dimensional feature for atom quartets are concatenated to
yield a 293-dimensional feature, which is used as input for
the model.

Torsion energy prediction model training. Our torsion energy pre-
diction model (i.e. TED-Model) is designed to predict energy values
for an input series of 24 conformations with target torsion angles at
intervals of 15°. The input conformations should be obtained using
inexpensive methods, such as MMFF94 force field, while the output
torsion energy must exhibit a high level of accuracy, ideally at DFT
level. Otherwise, the model would be unnecessary, as an inexpen-
sive torsion energy surface can be generated simultaneously with
the generation of input conformations. The schematic flow indi-
cated with red and green arrows in Supplementary Fig. 6a sum-
marizes the feature extraction and torsion energy labeling process,
respectively. This process results in a series of 24 conformations
with torsion angle at 15° intervals and a series of 24 energy values as
labels.

The data supporting model training consists of two datasets. The
first dataset is a double hybrid DFT-level torsion energy dataset
involving 100,000 torsion fragments, while the second dataset is a
GFN2-xTB level torsion energy dataset involving 6 million torsion
fragments.

The training process was divided into two phases: pretraining
and fine-tuning. The complete set of GFN2-xTB level data, along with
10% of the double hybrid DFT data, was utilized for pretraining,
while the remaining 90% of the double hybrid DFT data was reserved
for the fine-tuning phase. In each phase, the data was split into
training and test sets using an 8:2 ratio. To prevent information
leakage, no molecules in the test set shared more than 0.5 Tanimoto
similarity with any molecules in the training set, based on ECFP4
fingerprints®.

The input for the model consists of a series of 24 conformations,
with each conformation represented as a 293-dimension vector. This
represents the input as a two-dimensional matrix of size 24 x 293. To
effectively capture the relationships among the input conformations,
we employ a self-attention framework. The output of self-attention
module is then flattened and input into a linear-layer module which
generate predictions for each conformation, resulting in a final output
of size 24 x 1. The model architecture is shown in Supplemen-
tary Fig. 6b.

The input matrix M is of size 24 x 293, where each row represents
a conformation, and the rows are sequenced in ascending order
according to dihedral angle values of specified atom quartet. M

undergoes an attention’® transformation using Eq. (9).

.
Attention(Q, K, V) = softmax <%> 4 9)

Vg
This process generates a new matrix representation of size 24 x
293 that encapsulates the internal relationships among the 24 con-
formations. Thereafter, we apply a flatten operation to compress this
matrix into a 7032-dimension vector. Then the 7032-dimension vector
is put into linear layers module which consists of seven layers with
number of neurons arranged as follows: 3516, 1758, 879, 293, 146, 73,
and 24. Each linear layer uses ReLU as active function and employs
batch normalization strategy, with a dropout rate of 10% applied
during training. The output of the linear layers is a 24-dimension
vector. The model’s loss function is defined as the Mean Absolute Error
(MAE) of the energy values, expressed as Eq. (10).

N
loss = %Z log(cosh(®; — ;) (10)
i=1
Here, J; and y; denote the predicted energy value and energy
value label for conformer i, respectively.
Adam was used as optimizer with initial learning rate set as 0.001.
Early stop strategy was used to avoid overfitting.

Classification criteria for conformation rationality. This process is
illustrated in Supplementary Fig. 6¢c. For a given conformation, it is first
decomposed into several torsion fragments using the approach
described in Methods (Torsion Energy Label Preparation). Subse-
quently, for each torsion fragment, a series of 24 torsion energy values
corresponding to 24 torsion angles at 15° intervals is predicted (Sup-
plementary Algorithm 2). The torsion energy surface is then generated
by smoothing the 24 discrete points using linear interpolation in SciPy
package’. This method ensures that the interpolated values remain
within a reasonable range. It helps avoid the extreme values or oscil-
lations that can arise from cubic interpolation, which may lead to
unrealistic dips below zero or spikes in energy. The torsion energy for
each fragment is determined by checking the corresponding energy
value for the torsion angle adopted in that fragment against the torsion
energy surface. If any of the torsion fragments derived from the given
conformation has a torsion energy exceeding 2 kcal/mol, the con-
formation is classified as irrational (Supplementary Algorithm 3). This
threshold of 2 kcal/mol is based on findings reported in a previous
study®.

Datasets

GM-5K. The GM-5K dataset contains 5000 molecules randomly
selected from Al-generated molecules produced by five models: Lin-
go3DMolv2, Pocket2Mol, PocketFlow, TargetDiff, and PMDM. Each
model was set to generate 1000 molecules for each of the 102 targets
in the DUD-E dataset. We randomly select 1000 molecules from each
model, resulting in the final GM-5K dataset of 5000 molecules.

For each conformation in the GM-5K dataset, geometry optimi-
zation using the MMFF94 force field was performed. This is followed
by QM-level single-point energy calculations (revDSD-PBEP86-D3(B))/
def2-TZVPP) for both the pre-optimized and post-optimized con-
formations. The energy differences, calculated as AE = Eo™" - Eop™,
serve as indicators of conformation quality.

For each ligand-protein complex in GM-5K, the binding free
energy of the ligand was calculated using MM/GBSA®*?, where the
Amber ff14SB force field”> was used for protein and the General Amber
Force Field 2 (GAFF2)” for organic molecules. Specifically, the MM part
describes the bonded (including bond, angle and dihedral), electro-
static, and van der Waals interactions, while the solvation free energies
and the non-polar term are approximated by using the generalized
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Born model (the GB part) and a linear relation to the solvent accessible
surface area (SA part), respectively.

GM-1K. The GM-IK dataset is created using the same methodology as
GM-3K, but it includes only 1000 molecules that do not share similar
counterparts with GM-5K. Similarity is determined using Tanimoto
similarity for ECFP4 fingerprints; molecules are considered similar if
they have a Tanimoto similarity greater than 0.5.

DFT-5K. The approach described in Methods section (Torsion Energy
Label Preparation) and illustrated in Supplementary Fig. 8 was initially
applied to our in-house molecular database, which contains over 2
billion molecules, resulting in the identification of more than 100
million torsion fragments. These fragments were then sorted by their
frequency of occurrence. From this sorted list, the most frequently
occurred 100,000 torsion fragments were selected for torsion energy
surface calculations at the DFT level and used for TED-Model training.
The DFT-5K dataset consists of 5000 unique torsion fragments selec-
ted from the previously mentioned 100-million torsion fragment
library, ensuring that no DFT-5K torsion fragment has its
Bemis-Murcko scaffolds appearing in the DFT level training set for
TED-Model.

Molecule generative models undertest

Five recently reported Al generative models were evaluated in this
study. Lingo3DMolv2, Pocket2Mol, and PocketFlow were selected as
representatives of autoregressive models, whereas PMDM and Tar-
getDiff were chosen as representatives of diffusion-based models.
Lingo3DMolv2 represents an evolution of the original Lingo3DMol,
incorporating several key modifications. Firstly, the binding pocket
representation has been redesigned in Lingo3DMolv2 to integrate
residue-specific information, providing a more comprehensive
description of the binding site environment. Secondly, the training
paradigm of Lingo3DMolv2 has been adapted to accommodate diverse
modeling scenarios, including those with and without NCI (Non-
Covalent Interaction) data. Finally, the number of atomic token types
in Lingo3DMolv2 has been expanded from 76 to 256 by improving the
structural representation of fused ring systems.

Data availability

The GM-5K, GM-1K, and DFT-5K datasets generated in this study have
been deposited in the Figshare database’ under accession link https://
doi.org/10.6084/m9.figshare.27826488.v6. Source data for figures are
provided with this paper. Source data are provided with this paper.

Code availability

Our source code for the HEAD and TED models is publicly available on
our GitHub repository at https://github.com/stonewiseAlDrugDesign/
HEAD TED. (The code is also included in the Code Ocean capsule?).
The code is distributed under MIT license. We obtained the models for
Pocket2Mol, TargetDiff, PocketFlow, and PMDM from their official
GitHub repositories and used them for molecule generation. For Lin-
go3DMolv2, we utilized the online service available at https://sw3dmg,.
stonewise.cn to generate molecules. The service is freely accessible to
academic users, and an academic email address is required to receive
the generated results.
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