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Generation of 3D molecules in pockets via  
a language model

Wei Feng    1,3, Lvwei Wang1,3, Zaiyun Lin1,3, Yanhao Zhu1,3, Han Wang    1, 
Jianqiang Dong    1, Rong Bai1, Huting Wang1, Jielong Zhou1, Wei Peng2, 
Bo Huang    1  & Wenbiao Zhou    1 

Generative models for molecules based on sequential line notation 
(for example, the simplified molecular-input line-entry system) or 
graph representation have attracted an increasing interest in the field 
of structure-based drug design, but they struggle to capture important 
three-dimensional (3D) spatial interactions and often produce undesirable 
molecular structures. To address these challenges, we introduce 
Lingo3DMol, a pocket-based 3D molecule generation method that combines 
language models and geometric deep learning technology. A new molecular 
representation, the fragment-based simplified molecular-input line-entry 
system with local and global coordinates, was developed to assist the model 
in learning molecular topologies and atomic spatial positions. Additionally, 
we trained a separate non-covalent interaction predictor to provide 
essential binding pattern information for the generative model. Lingo3DMol 
can efficiently traverse drug-like chemical spaces, preventing the formation 
of unusual structures. The Directory of Useful Decoys-Enhanced dataset was 
used for evaluation. Lingo3DMol outperformed state-of-the-art methods 
in terms of drug likeness, synthetic accessibility, pocket binding mode and 
molecule generation speed.

Structure-based drug design, which involves designing molecules 
that can specifically bind to a desired target protein, is a fundamental 
and challenging drug discovery task1. De novo molecule generation 
using artificial intelligence has recently gained attention as a tool 
for drug discovery. Earlier molecular generative models relied on 
either molecular string representations2–5 or graph representations6–9.  
However, both representations disregard three-dimensional (3D) 
spatial interactions, rendering them suboptimal for target-aware 
molecule generation. The increase of 3D protein–ligand complex 
structures data10 and advances in geometric deep learning have paved 
the way for artificial intelligence algorithms to directly design mol-
ecules with 3D binding poses11,12. For example, methods using 3D 
convolutional neural networks13 are used to capture 3D inductive 
bias, but they still struggle to convert atomic density grids into dis-
crete molecules.

Some studies14–17 proposed to represent pocket and molecule 
as 3D graphs and used graph neural networks (GNNs) for encoding 
and decoding. These GNN models use an autoregressive generation 
process that linearizes a molecule graph into a sequence of sampling 
decisions. Although these methods can generate molecules with 3D 
conformations, they share some common drawbacks: (1) the generated 
molecules often contain problematic, non-drug-like or not syntheti-
cally available substructures such as very large rings (rings containing 
seven or more atoms) and honeycomb-like arrays of parallel, juxta-
posed rings; (2) problematic topology: the generated molecules often 
contain an excessive number of rings or none at all. An autoregressive 
sampling method has its inherent limitations. It can easily get stuck in 
local optima during the initial stages of molecule generation and may 
accumulate errors introduced at each step of the sampling process. For 
example, as mentioned by ref. 18, although the model can accurately 

Received: 14 June 2023

Accepted: 27 November 2023

Published online: 15 January 2024

 Check for updates

1Beijing StoneWise Technology Co Ltd, Beijing, China. 2Innovation Center for Pathogen Research, Guangzhou Laboratory, Guangzhou, China. 3These 
authors contributed equally: Wei Feng, Lvwei Wang, Zaiyun Lin,Yanhao Zhu.  e-mail: huangbo@stonewise.cn; zhouwenbiao@stonewise.cn

http://www.nature.com/natmachintell
https://doi.org/10.1038/s42256-023-00775-6
http://orcid.org/0009-0007-1220-1458
http://orcid.org/0000-0001-9282-2105
http://orcid.org/0009-0004-8509-2385
http://orcid.org/0000-0003-3822-9110
http://orcid.org/0000-0002-7168-3676
http://crossmark.crossref.org/dialog/?doi=10.1038/s42256-023-00775-6&domain=pdf
mailto:huangbo@stonewise.cn
mailto:zhouwenbiao@stonewise.cn


Nature Machine Intelligence | Volume 6 | January 2024 | 62–73 63

Article https://doi.org/10.1038/s42256-023-00775-6

do not fall into the categories of five- or six-membered rings, as well as 
fused five- or six-membered rings were considered to be complex rings.

The fine-tuning dataset was sourced from PDBbind (general set, 
v.2020)29, using the DUD-E dataset31 as homology filters. Specifically, 
we excluded proteins from the training set that exhibited more than 
30% similarity to any target in DUD-E, as determined using MMseqs2 
(ref. 32). This process resulted in the selection of 9,024 Protein Data 
Bank (PDB) IDs, which represented approximately 46% of the pro-
tein–ligand PDB IDs in the PDBbind database. Within these selected 
PDB IDs, non-crystallographic symmetry related protein–ligand com-
plex molecules within an asymmetric unit were considered individual 
samples. Additionally, samples were excluded from training if no NCIs 
were recognized between the ligand and the pocket by the Open Drug 
Discovery Toolkit (ODDT)33. As a result, we obtained a total of 11,800 
samples, which encompassed 8,201 PDB IDs (that is, 42% of protein–
ligand PDB IDs in PDBbind), in the fine-tuning dataset.

The NCI training dataset had the same samples as the fine-tuning 
dataset. The NCIs of the hydrogen bond, halogen bond, salt bridge and 
pi–pi stacking in the PDBbind were labelled using ODDT. The anchors 
were marked as the atoms in the pocket that are less than 4 Å away from 
any atom in the ligand. These labelled samples were used for the NCI/
anchor prediction model, averaging 4.1 NCI atoms and 32.1 anchor 
atoms per pocket sample.

Regarding test dataset, the models were evaluated mainly using 
the DUD-E dataset, which includes more than 100 targets and an aver-
age of more than 200 active ligands per target. This dataset spans 
diverse protein categories such as Kinase, Protease, GPCRs and ion 
channels. More importantly, the experimentally measured affinity has 
been reported for the active compounds in DUD-E. Hence, it allows us 
to compare generated molecules with active ligands for various pro-
tein targets. The target with the PDB ID 2H7L in the DUD-E dataset was 
excluded as it is listed as an obsolete entry in the PDB.

For baselines in this study, two SOTA models, Pocket2Mol (ref. 16) 
and TargetDiff18, were used. Pocket2Mol is an autoregressive genera-
tive GNN model, and TargetDiff is a diffusion-based model. These two 
models were, respectively, obtained from their official GitHub reposi-
tory. As mentioned in their original research papers, these two models 
were trained using the CrossDocked2020 dataset10.

Model evaluation
The overall architecture and pretraining strategies are illustrated in  
Fig. 1a–c. A comprehensive description of the model development 
process is provided in Methods. In our evaluation, we conducted a com-
parative analysis of Lingo3DMol with baseline methods. We propose 
to evaluate the generated molecules from mainly three perspectives: 
molecular geometry, molecular property distribution and the binding 
mode within the pocket.

Molecular geometry. The bond length distribution of the generated 
molecules was assessed using a methodology similar to the one used 
in the TargetDiff study. Specifically, around 10,000 molecules were 
generated for each of the three models tested in the study. These mol-
ecules were generated for 100 targets in the CrossDocked2020 dataset. 
Then we compared the bond length distribution of the generated 
molecules with that of reference molecules, consisting of 100 ligands 
selected from the CrossDocked2020 dataset, as used in the TargetDiff 
study. Both our model and benchmark models exhibited favourable 
performance, as indicated by similar mean bond lengths compared 
to the reference molecules (Extended Data Table 1).

To assess the dissimilarity between the atom–atom distance distri-
butions of the reference molecules and the model-generated molecules, 
we used the Jensen–Shannon divergence metric, which was also used 
in the TargetDiff study. Notably, Lingo3DMol demonstrated the lowest 
Jensen–Shannon divergence score for all atom distances and ranked 
second for carbon–carbon bond distances (Extended Data Fig. 1).

position the nth atom to create a benzene ring when the preceding n − 1 
carbon atoms are already in the same plane16, accurate placement of 
the initial atoms is often problematic because of insufficient context 
information, resulting in unrealistic fragments.

In addition, some methods based on other technical routes have 
been proposed for 3D molecule generation, such as those based on 
diffusion models18–20. The representative method is TargetDiff18, which 
uses a graph-based diffusion model for non-autoregressive molecule 
generation. Despite its efforts to avoid an autoregressive method, it still 
generates a notable proportion of undesirable structures. This problem 
is possibly caused by the model’s relatively weak perception of molecu-
lar topology, which is associated with its weak ability to directly encode 
or predict bonds. Consequently, although TargetDiff achieved improved 
performance compared to earlier models, it still has room for improve-
ment in metrics such as quantitative estimate of drug likeness (QED)21 
and synthetic accessibility score (SAS)22, highlighting the urgency of 
confining the generated molecules to a drug-like chemical space23.

While graph-based 3D molecular generation methods have 
shown great potential recently, they still face difficulties in reproduc-
ing reference molecules on a given pocket without any information 
leakage, which is an important benchmark for evaluation. To address 
the abovementioned problems, we propose Lingo3DMol. First, we 
introduced a new sequence encoding method for molecules, called 
the fragment-based simplified molecular-input line-entry system24 
(FSMILES). FSMILES encodes the size of the ring in all ring tokens, 
providing additional contextual information for the autoregressive 
method and adopts ring-first traversal to achieve improved perfor-
mance. Furthermore, we integrated local spherical12 and global Euclid-
ean coordinate systems into our model. Because bond lengths and 
bond angles in the ligand are essentially rigid25, directly predicting them 
is an easier task than predicting the Euclidean coordinates of the atoms. 
Combining of these two types of coordinate enables the model to 
consider a larger spatial context while maintaining accurate substruc-
tures. Moreover, non-covalent interactions (NCIs)26 and ligand–protein 
binding patterns were also considered during molecule generation by 
incorporating a separately trained NCI/anchor predictor. We also used 
3D molecule denoising pretraining strategies similar to BART27 and 
Chemformer28 to improve the generalization ability of the model. Our 
model was fine-tuned with data from PDBbind2020 (ref. 29). Finally, 
we evaluated Lingo3DMol on the Directory of Useful Decoys-Enhanced 
(DUD-E) dataset and compared it with state-of-the-art (SOTA) methods. 
Lingo3DMol outperformed existing methods on various metrics.

Our main contributions can be summarized as follows:

•	 A new FSMILES molecule representation that incorporates both 
local and global coordinates is introduced, enabling the gener-
ation of 3D molecules with reasonable 3D conformations and 
two-dimensional (2D) topology.

•	 A 3D molecule denoising pretraining method and an independent 
NCI/anchor model are developed to help overcome the problem 
of limited data and identify potential NCI binding sites.

•	 The proposed method outperforms SOTA methods in terms of 
various metrics, including drug likeness, synthetic accessibility 
and pocket binding mode.

Results and discussion
Datasets and baselines
The pretraining dataset was derived from an in-house virtual compound 
library containing structures of more than 20 million commercially 
accessible compounds that are typically used for the virtual screen-
ing of drug hit candidates. Low-energy conformers were generated 
for each molecule using ConfGen30. To exclude molecules with low 
drug likeness, we applied a filtering process that removed complex 
rings and retained molecules with less than three consecutive flexible 
bonds, resulting in 12 million molecules. In this study, any rings that 
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Furthermore, we conducted an analysis of ring size, considering that 
molecules with large rings tend to be challenging to synthesize and may 
possess poor drug likeness. Our findings, as presented in Extended Data 
Table 2, revealed that our model exhibited a reduced tendency to generate 

molecules with a ring size of more than seven compared to the TargetDiff 
and Pocket2Mol models. This observation suggests that our model shows 
promise in avoiding the generation of molecules with unfavourable ring 
size, further enhancing its potential for drug development applications.
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Fig. 1 | Overview of Lingo3DMol model development. a, Lingo3DMol architec-
ture. Three separate models are included: the pretraining model, the fine-tuning 
model and the NCI/anchor prediction model. These models share the same 
architecture with slightly different inputs and outputs. b, Illustration of FSMILES 
construction. The same colour corresponds to the same fragment. c, Illustration 
of pretraining perturbation strategy. Step 1, original molecular state; step 2, 

removal of edge information during pretraining; step 3, perturbation of the 
molecular structure by randomly deleting 25% of the atoms; step 4, perturbation 
of the coordinates using a uniform distribution within the range (−0.5 Å, 0.5 Å) 
and step 5, perturbation of 25% of the carbon element types. These perturbations 
are applied in no particular order, and the pretraining task aims to restore the 
molecular structure from step 5 to step 1.
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Molecular property and binding mode. We proposed to test our 
model and baseline models using targets from DUD-E, because 
a notable number of experimentally measured active compounds 
were documented in this dataset. Specifically, there are over 20,000 
active compounds and their affinities against more than 100 targets, 
an average of over 200 ligands per target. This allows us to analysis the 
similarity between generated molecules and known active compounds.

Regarding tools for binding pose evaluation, we propose to use 
Glide34 because it demonstrates superior ability in enriching active 
compounds and its use is reported as a baseline in research studies 
investigating scoring functions35,36.

Regarding evaluation metrics for binding pose assessment, three 
options are available: min-in-place GlideSP score, in-place GlideSP 
score and GlideSP redocking score. The min-in-place GlideSP score is 
obtained by using the ‘mininplace’ docking method, where the ligand 
structure undergoes force-field-based energy minimization within 
the receptor’s field before scoring. It requires accurate initial place-
ment of the ligand with respect to the receptor. The in-place GlideSP 
score is generated using the ‘in-place’ docking method, which directly 
uses the input ligand coordinates for scoring without any docking or 
energy minimization. The GlideSP redocking score involves docking 
the generated molecules into the pocket, including the exploration of 
ligand binding conformations and initial placement.

Among the three docking-related metrics for binding pose  
evaluation, we advocate using the min-in-place GlideSP score for  
the following reasons. The in-place GlideSP score is excessively  
sensitive to atomic distances between the ligand and pocket,  
making it unsuitable for evaluating the quality of generated poses.  
In Extended Data Table 3, most molecules generated by all three  
methods (Lingo3DMol, Pocket2Mol and TargetDiff) exhibit positive 
scores, indicating steric clashes between the pockets and ligands. 
However, such clashes do not necessarily denote a poor molecule 
unless they cannot be rectified by force-field-based minimiza-
tion. On the other hand, the min-in-place GlideSP score respects 
the initial binding pose generated by the model and optimizes it 
through force-field-based adjustments to achieve a robust score. 
The use of only the GlideSP redocking score, without considering 
the min-in-place GlideSP score, would contradict the objective of 
3D generation as it disregards the original pose. In this study, we rec-
ommend considering the min-in-place GlideSP score as the primary 
metric for binding pose evaluation, while also providing GlideSP 
redocking scores for contextual information.

Before conducting the binding mode evaluation, we empha-
size the importance of examining molecular property distributions. 
Extended Data Fig. 2 shows three molecules that exhibit notably good 
docking scores (min-in-place GlideSP scores). However, despite their 
favourable scores, none of these molecules can be considered as poten-
tial drug candidates. Their exclusion stems from their poor drug like-
ness, as evidenced by low QED values, and low synthetic accessibility, 
reflected by high SAS values. This intriguing finding underscores the 
possibility that a superior performance on the binding pose evaluation 
metric may result from the presence of non-ideal molecules. Conse-
quently, it becomes crucial to eliminate molecules with inadequate 
drug likeness or limited synthetic accessibility before calculating 
GlideSP scores. To further investigate the importance of this filtering 
criterion on a larger scale, we conducted an in-depth analysis of the 
distributions of various key properties of the generated molecules 
using heatmaps (Fig. 2a–e).

It is important to notice that, as shown in the Fig. 2c, the molecules  
that possess good min-in-place Glide scores (lower scores) are  
mostly found outside the drug-like region indicated by the red box for 
Pocket2mol and TargetDiff. To define the drug-like region, we consi-
dered a QED value of 0.3 or higher and a SAS value of 5 or lower, which 
encompass more than 80% of the molecules in DrugBank37. Unlike 
benchmark models, Lingo3DMol demonstrates a different pattern. 

Specifically, Lingo3DMol tends to generate drug-like molecules with 
relatively good min-in-place GlideSP scores.

For binding mode evaluation, building on the above analysis, we 
conducted a DUD-E-based evaluation of our model and the baseline 
models and the results are presented in Table 1. Although the average 
QED and SAS values do not notably differentiate our model from the 
baselines, the percentage of drug-like molecules determined by com-
bining QED and SAS indicates the superiority of our model.

Furthermore, in addition to generating drug-like molecules, an 
effective molecule generative model should be capable of generating 
active compounds. Since it is impractical to synthesize all generated 
molecules for real-world testing, an alternative approach is to evaluate 
whether the model can reproduce known active compounds or gener-
ate molecules that are highly similar to known active compounds. To 
assess this, we introduced the metric ‘ECFP_TS > 0.5’, representing 
the percentage of targets with generated compounds that demon-
strate more than 0.5 Tanimoto similarity in terms of ECFP to active 
compounds. Among the drug-like molecules generated by the three 
models, our model yields similar-to-active compounds for 33% of the 
targets, surpassing Pocket2Mol’s 8% and TargetDiff’s 3%.

Additionally, for a 3D molecule generative model, it is crucial to 
generate molecules with favourable bindings in the target pockets. 
This assessment can be approached from two perspectives: binding 
mode with the pocket (interactions with the pocket) and the ligand’s 
strain energy, both of which are typically associated with good bind-
ing affinity38–40. We used the min-in-place GlideSP score to evaluate 
pocket interactions and root-mean-square deviation (r.m.s.d.) versus 
low-energy conformers to reflect ligand strain energy. Although the 
r.m.s.d. versus low-energy conformers metric does not directly quan-
tify strain energy in the unit of kcal mol−1, it provides valuable informa-
tion on how closely the generated conformers resemble the low-energy 
conformers in terms of their overall geometry. This metric serves as a 
proxy for evaluating the ligand’s strain energy. The generated confor-
mations were compared against the top 20 lowest-energy conformers 
from ConfGen30. Lingo3DMol outperforms the baselines in terms of the 
min-in-place GlideSP score and r.m.s.d. versus low-energy conformers, 
indicating the high quality of our generated conformations relative to 
the baselines. Moreover, our molecular generation speed is faster than 
benchmark methods (Extended Data Table 4).

While our model exhibited slightly lower diversity in generating 
drug-like molecules compared to the baselines, it is important to note 
that the baselines’ higher diversity does not translate into a satisfactory 
ability to generate similar-to-active compounds. This observation sug-
gests that the baselines may explore the chemical space in a direction 
that deviates from the region where known active compounds are 
typically found.

Last, we used Dice score to access the 3D shape similarity between 
the reference compound observed in the crystal structure and the 
generated 3D molecules. By voxelizing the molecules and comparing 
their intersected and union points, we quantified the ‘intersection over 
union’ ratio as a Dice score that ranges from 0 to 1, with 0 indicating no 
similarity. Although all the models demonstrated similar performance 
according to this metric (Table 1), the Dice score contributed in improv-
ing our model throughout the model development process (further 
details are provided in the ‘Ablation analysis’ section).

Another important point to consider is the issue of information 
leakage in the baselines during above DUD-E test. It is essential to 
note that Pocket2Mol was trained on the CrossDocked2020 dataset, 
which did not exclude targets with high homology to DUD-E targets. 
As a result, the performance of Pocket2Mol in this test may be overes-
timated due to the information leakage problem. On the other hand, 
our model was trained on a low-homology (less than 30% sequency 
identity) dataset to mitigate this issue.

To ensure fair comparisons, we categorized DUD-E targets 
into three groups on the basis of their sequency identity with the 
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Fig. 2 | Distributions of molecules generated by Lingo3DMol, Pocket2Mol and 
TargetDiff on DUD-E targets (n = 101). The drug-like region with QED ≥ 0.3 and 
SAS ≤ 5 is indicated with red boxes. a–e, Heatmaps show the distribution of key 

properties for generated molecules, including count (a), molecular weight (b), 
minimum in-place GlideSP score (c), GlideSP redocking score (d) and r.m.s.d. versus 
low-energy conformer (e). These distributions are depicted along SAS and QED.
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Pocket2Mol training targets: severe (more than 90%), moderate 
(30–90%) and limited (less than 30%) information leakage. Across 
all categories, Lingo3DMol consistently outperformed Pocket2Mol, 
particularly in terms of the min-in-place GlideSP score, Glide redock-
ing score and r.m.s.d. versus low-energy conformers (Extended Data 
Fig. 3). It is intriguing to observe that the performance gap between 
the two models widens as the impact of information leakage on the 
baselines becomes negligible.

Case analysis
For the case study, we selected the generated molecules from two 
perspectives: ECFP fingerprint similarity with known active com-
pounds and the docking score. In particular, a high similarity of ECFP 

fingerprints with known active compounds indicated the model’s capa-
bility of generating similar substructures or topology features with 
positive molecules, and a good docking score indicated a stronger fit 
with the pocket.

As shown in Fig. 3a,b, the molecules in ‘high similarity, good dock-
ing score’ group resembled positive molecules in terms of structure and 
binding mode, demonstrating the ability of our model to reproduce 
active compounds. However, this is insufficient for this study, because 
drug design researchers in the real world are more interested in retriev-
ing the following two types of molecule: (1) active compounds that the 
docking program or other virtual screen tools fail to detect, and (2) mole-
cules with new scaffolds and good pocket binding affinity. The first issue, 
‘active compounds missed by the docking program’, is often caused by 
insufficient sampling of the binding pose, which is closely related to the 
docking score. Our 3D molecule generation model provides a potential 
solution to this issue. As shown in Fig. 3c,d, the generated molecules in 
the ‘high similarity, poor docking score’ group are highly similar to the 
positive molecules but had poor docking scores (that is, −6.5 and −6.4, 
respectively) when the docking program was used for binding pose 
sampling (that is, Glide redocking). Conversely, when a binding pose 
generated by our model was evaluated using the Glide scorer without 
conformation sampling, we obtained good scores of −8.7 and −8.8 (that 
is, min-in-place Glide score), respectively, for the two compounds. This 
demonstrates the effectiveness of our generated 3D conformation for 
retrieving good molecules with poor docking scores. For the second 
issue of obtaining molecules with a new scaffold and good binding 
mode, we present two cases, shown in Fig. 3e,f, to demonstrate that our 
model can potentially generate molecules with these characteristics.

Ablation analysis
Effective pretraining and fine-tuning analysis. Specifically, for DUD-E 
targets, the molecules generated by the models with and without 
pretraining were respectively compared with the molecules in the 
pretraining set. We demonstrated that the molecules generated by the 
pretraining model exhibited a higher degree of similarity to the mol-
ecules in the pretraining set compared to those generated by the model 
without pretraining. This indicates that the model retained the effect 
of pretraining after the fine-tuning. The comparison of these methods 
is described in Supplementary Information Part 1. As shown in Table 2, 
pretraining notably improves the percentage of drug-like molecules, 
mean QED, the percentage of ECFP_TS > 0.5, mean min-in-place GlideSP 
score and diversity. We attribute this improvement to the effectiveness 
of pretraining, especially in scenarios with limited fine-tuning data. In 
deep learning models, pretraining plays a crucial role in capturing rel-
evant chemical patterns and features, allowing the model to generalize 
and generate molecules that align with desired properties even when 
fine-tuning data is limited.

NCI prediction model ablation studies. During this ablation study, 
we compared Lingo3DMol using randomly selected NCI sites to the 
standard Lingo3DMol that uses a well-trained NCI site predictor. It 
is important to note that both approaches share the same molecule 
generation model. As shown in Table 2, standard Lingo3DMol dem-
onstrated superior performance in most of the metrics, especially 
in drug likeness and ECFP_TS > 0.5. This can be attributed to several 
factors. One factor is that randomly selected NCI sites may result in 
the selection of solvent-exposed regions of the pocket where polar 
groups are more likely to be located. This may offer more accessible 
space compared to the cavity where the reference molecule is located. 
Additionally, the random selection of NCI sites tends to result in NCIs 
that are spaced farther apart from each other. The combination of these 
factors, including the preference for solvent-exposed regions and the 
spacing of selected NCIs, may contribute to the generation of larger 
molecules and subsequently affect the QED score and the percentage 
of drug-like molecules.

Table 1 | Comparison of generated drug-like molecules on 
DUD-E targets (n = 101)

Random 
test

Pocket2Mol TargetDiff Lingo3DMol 
(ours)

Number of molecules 
generated

100,195 98,332 92,727 100,428

Mean QED (↑) 0.69 0.46 0.50 0.53

Mean SAS (↓) 2.6 4.0 4.9 3.3

Number of drug-like 
molecules

98,432 59,936 45,210 82,637

Drug-like molecules  
as % of total generated  
molecules (↑)

98% 61% 49% 82%

The comparison below involves only drug-like molecules

  Mean molecular 
weight

370 386 299 348

 ECFP_TS > 0.5 (↑) 17% 8% 3% 33%

  Mean min-in-place 
GlideSP score (↓)

N/A −6.7 −6.2 −6.8

  Mean GlideSP 
redocking score (↓)

−6.4 −7.5 −7.0 −7.8

 Mean QED (↑) 0.70 0.56 0.60 0.59

 Mean SAS (↓) 2.6 3.5 4.0 3.1

 Diversity (↑) 0.85 0.84 0.88 0.82

 Dice (↑) 0.21 0.24 0.28 0.25

  Mean r.m.s.d. versus 
low-energy conformer 
(Å,↓)

4.0 1.1 1.1 0.9

Note that for each method, we generated approximately 1,000 molecules per target. To 
determine the drug likeness and inclusion in the comparison, we considered molecules 
with a QED score greater than or equal to 0.3 and a SAS less than or equal to 5. The metric 
‘ECFP_TS > 0.5’ represents the percentage of targets with generated compounds that are 
similar to active compounds on the basis of the Tanimoto similarity of ECFP4 (ref. 51). The 
min-in-place GlideSP score and GlideSP redocking score were calculated using the Glide 
software. The r.m.s.d. value indicates the differences between the generated conformers and 
the low-energy conformers generated using ConfGen30. As for the random set, we randomly 
selected 1,000 molecules from our in-house commercial library for each target. As there are 
no ‘generated conformers’ for the random test molecules, the r.m.s.d. in this case represents 
the differences between the docked conformer and the low-energy conformer. More details 
of molecular weight distribution can be found in Extended Data Fig. 6. Diversity reflects the 
average pair-wise Tanimoto similarity of molecules generated for the same target. Dice score 
was defined as the ratio of ‘intersection over union’ between the voxelized representations 
of the reference compounds observed in the crystal structure (that is, the PDB ID) and the 
generated molecules. To calculate Dice score, we created a grid with points at 0.5 Å intervals 
to cover both molecules. Each grid point was evaluated to determine whether it fell within  
1.2 times of the covalent radius (referred as testing radius) of any atom in either molecule. 
Grid points within the testing radius of atoms in both molecules were considered as 
intersected points, while grid points within the testing radius of any atom in either molecule 
were considered as union points. The Dice score, calculated as the ratio of intersected points 
over union points, ranges from 0 to 1, with a value of 0 indicating no similarity or overlap 
between the molecules. Bold face indicates the best performance.
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Last, it is worth noting that for over 95% of DUD-E targets, both our 
training set (PDBbind, general set, v.2020) and the benchmark models’ 
training set (CrossDocked2020) include at least one molecule with Tani-
moto similarity greater than 0.5 to the DUD-E actives in terms of ECFP4 
fingerprints. However, the notable improvement in ECFP_TS > 0.5 for 
standard Lingo3DMol compared to Lingo3DMol with random NCI 
and baseline models suggests that this improvement cannot be solely 
attributed to the model reproducing what it has seen during training.

Conclusion
In this study, we proposed a new molecule representation called 
FSMILES and developed Lingo3DMol, a model based on language 
modelling and geometric deep learning techniques. Compared with 
baselines, our model exhibited superior performance in generating 
drug-like 3D molecules with better binding mode. This indicates the 
potential of our model for further exploration in drug discovery 
and design.

Nevertheless, challenges remain. Capturing all NCIs within a single 
molecule is not straightforward due to the autoregressive generation 
process, and we plan to investigate this issue further. Representing 

molecules and intermolecular interactions with electron densities 
perhaps offers a promising direction, and some related researches 
may serve as a good starting point26,41,42. Moreover, the equivariance 
property is a critical aspect of 3D molecule generation19,20,43. There are 
many studies on rotational and translational equivariant models, such 
as GVP44 and Vector Neurons45. Currently, we use rotation and transla-
tion augmentation to enhance the model, and we use SE(3) invariant 
features such as distance matrices and local coordinates46 to alleviate 
the problem. Last, we have assessed drug-like properties through case 
analysis and used cheminformatics tools such as QED21 and SAS22 from 
RDKit47. However, a comprehensive and systematic evaluation of these 
properties is an essential next step for further research.

Methods
In this section, we present an overview of the Lingo3DMol architecture 
and its key attributes. The methodology comprises two models: the 
generation model, which is the central component, and the NCI/anchor 
prediction model, an essential auxiliary module. These models share 
the same transformer-based architecture. In the following text, unless 
specifically mentioned, model refers to the generation model.

PDB ID 3G0E 
BM Sim 1.0 
min-in-place –10.3
Redocking –10.3

PDB ID 2QD9 
BM Sim 0.5
min-in-place –8.7
Redocking –6.5

PDB ID 3D4Q 
BM Sim 0.4
min-in-place –8.9
Redocking –9.2

PDB ID 2ETR 
BM Sim 0.4
min-in-place –8.3
Redocking –8.8

High similarity, poor docking score

Low similarity, good docking score

RedockingMin-in-place

Reference ligand
(crystal structure)

Similar active
compound

Lingo3DMol molecules (GlideSP scores)

PDB ID 3BZ3 
BM Sim 1.0 
min-in-place –9.6
Redocking –9.6

PDB ID 3BZ3 
BM Sim 0.6
min-in-place –8.8
Redocking –6.4

High similarity, good docking score
a

b

c

d

e

f

Fig. 3 | Case study of generated molecules involving 3D binding mode and 
2D similarity with active compounds. Six cases are selected based on the 
docking scores of generated molecules and their similarities to reference active 
compounds. a,b, Cases with high similarity and good docking scores. c,d, Cases 
with high similarity but poor docking scores. e,f, Cases with low similarity 
but good docking scores. The reference binding mode is based on the crystal 
structure from the PDB. The Lingo3DMol conformation represents the generated 
conformation, while the GlideSP redocking conformation was obtained by 

docking the generated compound into the pocket using Glide with specific 
parameters (that is, docking_method:confgen and precision:sp). The most 
similar known active compound to the generated molecule is also displayed, 
noting that it may not necessarily be the reference compound observed in the 
crystal structure. The information provided includes the PDB ID for the reference 
binding mode, the Tanimoto similarity between the Bemis–Murcko scaffolds 
of generated molecule and its most similar active compound, and the GlideSP 
redocking score.
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Definitions and notations
The Lingo3DMol learns M ≅ P(M∣Pocket; μ), where μ is the parameter 
of the model, Pocket = (p1, p2…pn) is the set of atoms in the pocket and 
pi = (typei, main/sidei, residuei, coordsi, hbd/hbai, NCI/anchori) indi-
cates the information of the ith atom in the pocket, where ‘type’ denotes 
the element type of the atom, ‘main/side’ denotes an atom on the main 
or the side chain, ‘residue’ denotes the residue type of the atom, ‘coords’ 
is the coordinates of the atom, ‘hbd/hba’ denotes whether an element 
is a hydrogen bond donor or acceptor and ‘NCI/anchor’ records 
whether it is a possible NCI site or anchor point where a potential ligand 
atom exists within a 4 Å range. Further details are provided in the  
section ‘NCI/anchor prediction model’ below. M = (FSMILES, {(ri)}

K
i=1)   

is the representation of the ligand, ri is the coordinates of the ith atom 
of the ligand and K is the number of atoms in the ligand.

FSMILES is a modified representation of SMILES24 that reorganizes 
the molecule into fragments, using the normal SMILES syntax for each 
fragment. The entire molecule is then constructed by combining these 
fragments using a specific syntax in a fragment-first then depth-first 
manner, as illustrated in Extended Data Fig. 4. This approach offers two 
key advantages: enhanced 2D pattern learning through the use of sym-
bols to represent fragments and local structures, and the prioritization 
of ring closure, enabling the generation of molecules with accurate ring 
structures and bond angles. In FSMILES, the size of a ring is indicated 
from the first atom of the ring. For example, ‘C_6’ represents a carbon 
atom in a six-membered ring. By providing both the atom type and 
the ring size in advance, the model can more accurately predict the 
correct bond angles.

The molecule fragment cutting process in FSMILES involves select-
ing individual bonds that meet specific criteria, such as not being part 
of a ring, not connecting hydrogen atoms and having at least one end 
attached to a ring. This cutting process helps divide the ligand into 

fragments. The FSMILES construction process occurs in two steps  
(Fig. 1b). First, the ligand is divided into fragments according to the 
cutting rule. Second, ring information is embedded in each FSMILES 
token, with the number following the element type’s underscore indi-
cating the ring size. The symbol ‘*’ denotes the connection points of a 
fragment, while the preceding atom indicates the connection position. 
In the depth-first growth model, each subsequent fragment connects to 
the preceding asterisk. To facilitate this, asterisks are stored in a stack 
and when encountering a new fragment the topmost asterisk is used 
to establish a connection.

Pretraining and fine-tuning
Pretraining strategy. In the pretraining phase, as illustrated in Fig. 1c,  
we introduced perturbations into the 3D molecular structure and  
fed the perturbed molecule into the encoder. This model, which uses  
an autoregressive approach, aims to reconstruct the perturbed  
molecule back to its original state in both 2D and 3D representations.

Fine-tuning. For the fine-tuning phase, we used the pretrained  
model and further fine-tuned it on the protein–ligand complex  
data. The primary task during this phase continued to be auto-
regressive molecule generation. To circumvent overfitting of the 
fine-tuning dataset, the initial three encoder layers were fixed during 
fine-tuning.

The pseudocode of the above training process is shown in  
Supplementary Algorithm 1.

Model architecture
The generation model and NCI/anchor prediction model were built 
on the transformer-based structure with additional graph structural 
information encoded into the model similar to the previous study48. 
The generation model was trained by pretraining and fine-tuning. The 
NCI/anchor prediction model was trained on the basis of the genera-
tion model’s pretrained parameters and fine-tuned additionally by its 
specific prediction task. The overall architecture is shown in Fig. 1a. 
In the following sections, we first discuss the encoder and decoder 
components of the generation model, followed by an introduction to 
the NCI/anchor prediction model.

Encoder. During the pretraining stage, the input of the encoder is a 
perturbed 3D molecule, which includes the element type and Euclidean 
coordinates. We can define the molecule as Menc = (menc

1 ,menc
2 …menc

n ), 
mi = (typei, coordsi), where coordsi = (xi, yi, zi) and n is the number of 
atoms. Input feature fpre can then be defined as follows:

fcoords,i = MLP ([Ecoords(xi), Ecoords( yi), Ecoords(zi)]) , (1)

fpre,i = Etype(typei) + fcoords,i, (2)

where

Etype (typei) ∈ ℝH, fcoords,i ∈ ℝH

Ecoords(xi) ∈ ℝH, Ecoords( yi) ∈ ℝH, Ecoords(zi) ∈ ℝH,

where Etype and Ecoords represent the embedding functions for the 
element type, and the corresponding coordinates, respectively. H 
is the size of the embedded vectors. The symbol ‘+’ represents the 
element-wise addition operator and the symbol '[ ]' represents the 
concatenation operator.

During the fine-tuning stage, the input is changed from per-
turbed molecules to pockets. The input feature Efine can be defined as  
follows:

ffine,i = Etype (typei) + Emain/side(main/sidei) + Eresidue(residuei)

+ fcoords,i + Ehbd/hba(hbd/hbai) + ENCI/Anchor(NCI/Anchori)
(3)

Table 2 | Comparison of generated drug-like molecules 
involved in ablation studies

Lingo3DMol 
(standard)

Lingo3DMol 
(with random 
NCI)

Lingo3DMol 
(without 
pretraining)

Number of molecules 
generated

100,428 99,170 23,982

Mean QED (↑) 0.53 0.35 0.46

Mean SAS (↓) 3.3 3.5 3.4

Number of drug-like molecules 82,637 46,502 16,966

Drug-like molecules as % of 
total generated molecules (↑)

82% 47% 71%

The comparison below involves only drug-like molecules

 Mean molecular weight 348 424 345

 ECFP_TS > 0.5 (↑) 33% 6% 3%

  Mean min-in-place GlideSP 
score (↓)

−6.8 −5.8 −4.9

  Mean GlideSP redocking 
score (↓)

−7.8 −7.2 −6.9

 Mean QED (↑) 0.59 0.51 0.56

 Mean SAS (↓) 3.1 3.3 3.1

 Diversity (↑) 0.82 0.83 0.70

 Dice (↑) 0.25 0.15 0.13

  Mean r.m.s.d. versus 
low-energy conformer (Å,↓)

0.9 1.3 1.0

Note that for Lingo3DMol standard and Lingo3DMol with random NCI, we generated 
approximately 1,000 molecules per target; for Lingo3DMol without pretraining, with the 
same computational resources and time constraints, molecules can only be generated on  
73 pockets. Bold face indicates the best performance.
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where

Emain/side(main/sidei) ∈ ℝH, Eresidue(residuei) ∈ ℝH,

Ehbd/hba(hbd/hbai) ∈ ℝH, ENCI/Anchor(NCI/Anchori) ∈ ℝH

where Emain/side, Eresidue, Ehbd/hba and ENCI/Anchor represent the embedding 
functions for the main or side chain, residue type, hydrogen bond 
donor or acceptor and NCI/anchor point, respectively.

Decoder. The molecule generation process is implemented by two 
decoders: one 2D topology decoder (D2D) generates FSMILES tokens 
and local coordinates, and the other decoder generates 3D global 
coordinates (D3D). First, the next token is predicted using D2D, then 
the latest 2D token is input to D3D. The 3D global coordinates decoder 
predicts the global coordinates of the new fragment in the molecule. 
Both decoders simultaneously predict the local coordinates r, θ  
and ϕ, particularly the radial distance (r), bond angle (θ) and dihedral 
angle (ϕ) of the molecule. The local coordinates prediction by D3D  
only serves as an auxiliary training task.

The input of the decoder network for a molecule can be defined 
as Mdec = (mdec

1 ,mdec
2 …mdec

n ) , mi = (tokeni, global_coordsi) and Mbias =  
(D, J), where D is a distance matrix of size n × n and J is an edge vector 
matrix of size n × n, where n is the length of the sequence. Mdec is  
transformed into embeddings using the same process as equation (2). 
These embeddings are then fed into the 2D topology decoder and  
global coordinates decoder, respectively. For non-atom tokens,  
we assigned the same coordinates as those of the most recently  
generated atom.

The bias terms BD and BJ are derived from the distance and edge 
vector matrices D and J, respectively. Modified attention scores were 
calculated by incorporating the following bias terms:

Abiased = softmax (QK
⊤

√dk
+ BD + BJ)V. (4)

For FSMILES, we used a multilayer perceptron projection head 
to predict the next token on the basis of D2D’s output. To predict the  
local coordinates, we established a local coordinates system with  
three atomic reference points: root1 is current position’s parent  
atom, root1’s parent atom is root2 and root2’s parent atom is root3.  
The parent atom is the atom that connects to the child atom.

To predict the radial distance r, we used features of root1 (hroot1) 
extracted from the D2D’s hidden representation, the current FSMILES 
token (Etype(cur)) and the molecule’s hidden representation (Htopo) 
from D2D, Htopo = (h1, h2…hi), where each h represents a FSMILES token’s 
hidden representation and i represents the number of the generated 
tokens. For the polar angle θ, we concatenated the hidden representa-
tions hroot1 and hroot2. To predict the dihedral angle ϕ, we concatenated 
the representations of all three roots.

We used multilayer perceptrons as projection heads to predict the 
local coordinates (r, θ, ϕ). The mathematical representations of these 
processes are as follows:

distance prediction r:

r = argmax (softmax (MLP1 ([Etype(cur),Htopo,hroot1]))) , (5)

angle prediction θ:

θ = argmax (softmax (MLP2 ([Etype(cur),Htopo,hroot1,hroot2]))) , (6)

dihedral angle prediction ϕ:

ϕ = argmax (softmax (MLP3 ([Etype(cur),Htopo,hroot1,hroot2,hroot3]))) .
(7)

The predicted local coordinates (r, θ, ϕ) are obtained by taking  
the argmax operator of the corresponding softmax output.

When predicting global coordinates, as illustrated in Fig. 1a,  
D3D receives the hidden representation of D2D, and concatenate  
the predicted FSMILES token, and then predicts the global coordi-
nate (x, y, z).

For pretraining and fine-tuning loss, in our model, the loss func-
tion is a combination of multiple components that evaluates different 
aspects of the predicted molecule. The overall loss function is defined 
as follows:

L = LFSMILES + Labs_coord + Lr + Lθ + Lϕ + Lr_aux + Lθ_aux + Lϕ_aux, (8)

where:

•	 LFSMILES measures the discrepancy between the predicted and 
ground-truth molecular topology.

•	 Labs_coord evaluates the difference between the predicted and 
ground-truth atomic coordinates.

•	 Lr and Lr_aux measure the error between the predicted and 
ground-truth radial distances.

•	 Lθ and Lθ_aux assess the discrepancy between the predicted and 
ground-truth bond angles.

•	 Lϕ and Lϕ_aux evaluate the difference between the predicted and 
ground-truth dihedral angles.

All the prediction tasks are treated as classification tasks. 
Therefore, the cross entropy loss is used for each individual loss  
component. Auxiliary prediction tasks r_aux, θ_aux and ϕ_aux are 
used only during training. They are not used during the actual infer-
ence process. For further details, please refer to the ‘Generation 
process’ section.

NCI/anchor prediction model. In this work, we aimed to enhance the 
generation model by integrating NCI and anchor point information 
during the fine-tuning and inference stage. To achieve this, we used an 
NCI/anchor prediction model, which mirrors the generation model’s 
architecture. This prediction model was initialized using the generation 
model’s pretrained parameters. Equipped with a specialized output 
head, the encoder can predict whether a pocket atom will form an NCI 
with the ligand or act as an anchor point.

This approach allowed us to enhance the generation model 
in two ways. First, we enriched the model’s input by incorporating  
the predicted NCI and anchor point data as distinct features of the 
pocket atoms. Second, we started the molecule generation process 
by predicting the first atom of the molecule near a chosen NCI site. 
Specifically, we sampled an NCI site within a pocket and generated the 
first small-molecule atom within a 4.5 Å radius of this site.

There are three main implications of our approach: (1) We can 
enhance the perception of NCI and pocket shape, which is critical for 
generating 3D molecules that can effectively interact with the target 
protein. (2) By positioning the first atom near the atoms within the 
NCI pocket, we can increase the likelihood of obtaining a correct NCI 
pair with a high degree of certainty. Although our model is designed 
to generate molecules that are prone to forming NCI pairs, it cannot 
ensure the exact positioning of the generated molecule in relation to 
the NCI pocket atoms. This is because the model does not explicitly 
enforce the coverage of all predicted NCI pocket positions, thereby 
allowing for some degree of variability in the positioning of the gener-
ated molecule. (3) Obtaining a good starting position: the autoregres-
sive generation can be seen as a sequential decision-making problem. If  
the initial step is not chosen appropriately, it can affect every sub-
sequent step. Our empirical study suggests that the NCI position as 
a starting point is a better choice than a random sample from the 
predicted 3D coordinates distribution or by selecting the coordinates 
with highest possibility.
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For NCI/anchor prediction loss, we defined two loss functions: The 
NCI loss measures the difference between the predicted NCI sites and 
the ground-truth NCI sites, and the anchor loss measures the difference 
between the predicted anchor points and the ground-truth anchor 
points. Both loss functions use binary cross entropy.

The total loss for the model is the sum of the NCI loss, anchor loss 
and all other auxiliary losses from the original 3D generation task.

Ltotal = LNCI + LAnchor + Lgen, (9)

where LNCI and LAnchor represent the NCI and anchor losses, respectively. 
Lgen corresponds to the losses from the original 3D generation task that 
served as only an auxiliary training objective.

Generation process
Here we present the process of generating the final 3D molecule, as 
shown in Extended Data Fig. 5.

Atom generation. First, the NCI/anchor prediction model predicts 
the NCI sites and anchor atoms. We then sampled one NCI site from 
these predictions, and generated the first ligand atom. This atom was 
positioned at the global coordinates (x, y, z) with the highest predicted 
joint probability, provided it lies within a 4.5 Å radius of the sampled 
NCI site. The subsequent atomic positions were generated iteratively. 
For each step i, D2D predicts the (i + 1)th FSMILES token and local coordi-
nates (r, θ, ϕ). On the basis of the (i + 1)th FSMILES token, we identified 
the indices of the root1, root2 and root3 atoms. The 3D global coordi-
nates decoder D3D was used to predict the probability distribution of 
the (i + 1)th 3D coordinates (x, y, z) by incorporating information from 
the (i + 1)th FSMILES token and the local coordinates.

Within a molecule, bond lengths and angles are largely fixed, and 
FSMILES fragments are consistently rigid and replicable. As a result, 
the prediction of local spatial positions will get easier by using local 
coordinates, which include bond length, bond angle and dihedral angle. 
By contrast, the global coordinates offer a robust global 3D perception, 
which is essential for assessing the overall structural context.

We proposed a fusion method that combines the local and global 
coordinates. Particularly, this method defines a flexible search space 
around the predicted local coordinates, then selects the global coordi-
nates with the highest probability. The search space is defined as follows:

•	 r ± 0.1 Å (angstrom) for distance.
•	 θ ± 2° for the angle.
•	 ϕ ± 2° for the dihedral angle.

Within this search space, we determined the position with the high-
est joint probability in the predicted global coordinate distributions. 
The generation process was repeated to extend the molecular structure 
progressively. The pseudocode is shown in Supplementary Algorithm 2.

Sampling strategy. We used State(t) = (pocket, ligand(t)) to character-
ize the generative status at step t, where ligand(t) represents the ligand 
state after step t is completed. The Action(t) consists of fragments 
generated by the encoder or decoder model on the basis of State(t). 
Thus, within the framework of this sampling strategy, the encoder or 
decoder model functions as an action generator under the context of 
State(t). When the system adopts a certain Action(t) under the condi-
tion State(t) = (pocket, ligand(t)), it moves to the next state State(t + 1) =  
(pocket, ligand([t + 1)) with a probability of 1, as P(State(t + 1)∣State(t), 
Action(t)) = 1. It is particularly noted that State(0) = (pocket,  ).

The Reward(t) is defined to evaluate State(t) by using two metrics: 
the model’s predictive confidence and the degree of anchor fulfilment. 
The computation of the model’s predictive confidence involves averag-
ing the conditional probabilities of each token involved in Action(t). 
The degree of anchor fulfilment was measured by calculating the  
proportion of anchors that are within 4 Å of a ligand atom.

To sample at step t, the encoder or decoder model uses an inde-
pendent and identically distributed approach based on State(t) to 
generate N instances of Action(t). Then, instances containing atoms 
with less than 2.5 Å distance from non-hydrogen pocket atoms were dis-
carded to avoid potential clashes. From the remaining set of Action(t), 
we individually summed the normalized model’s confidence and the 
degree of anchor fulfilment to calculate their respective Rewards. We 
then retained the top 0.2 × N instances of Action(t) with the highest 
Rewards.

The entire sampling process is executed through a depth-first 
search methodology, ensuring a coherent and systematic progression 
throughout the entire sampling procedure. The pseudocode is shown 
in Supplementary Algorithm 3.

Data availability
The evaluation dataset CrossDocked2020 are from the previous study 
TargetDiff18 and is available at their GitHub https://github.com/guanjq/
targetdiff, and the DUD-E31 dataset is a publicly available dataset and is 
available on our GitHub https://github.com/stonewiseAIDrugDesign/
Lingo3DMol. The PDBbind29 dataset is publicly available at http://pdb-
bind.org.cn/. The NCI training dataset’s NCI label are labelled using 
an open-source tool, ODDT33. The protein–ligand complex structures 
used for model fine-tuning, the generated molecules used for evalua-
tion, and a part of the molecules used for pretraining are accessible via 
figshare repository49. The full pretraining dataset is a private in-house 
dataset including molecules sourced from both commercial databases 
and publicly available databases. Due to contractual obligations with 
the commercial database vendors, we are unable to share the full pre-
training dataset publicly. Nonetheless, we are pleased to offer partial 
data, specifically 1.4 million molecules, which were obtained from 
publicly available databases. To request access to additional data, we 
kindly ask interested researchers to contact the corresponding authors 
with a proposal outlining their non-commercial research intentions. 
On receipt of a research proposal, we will review it on a case-by-case 
basis and work towards finding a suitable solution that adheres to the 
contractual obligations while promoting scientific progress.

Code availability
The source code for inference and model architecture is publicly availa-
ble on GitHub. The pretraining, fine-tuning and NCI model checkpoints 
are also available on our GitHub https://github.com/stonewiseAID-
rugDesign/Lingo3DMol and figshare repository50. The model is also 
available as an online service at https://sw3dmg.stonewise.cn.
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Extended Data Table 1 | Comparison of bond lengths between the reference molecules and the generated molecules

Bond Reference Pocket2Mol TargetDiff Lingo3DMol

Mean Std Mean Std Mean Std Mean Std

C-C 1.52 0.05 1.45 0.11 1.48 0.08 1.51 0.10

C=C 1.39 0.07 1.37 0.10 1.39 0.07 1.40 0.12

C:C 1.41 0.04 1.39 0.09 1.39 0.03 1.40 0.07

C-N 1.42 0.07 1.39 0.10 1.41 0.07 1.46 0.23

C=N 1.34 0.05 1.34 0.11 1.35 0.06 1.38 0.23

C:N 1.36 0.03 1.35 0.10 1.36 0.04 1.36 0.07

C-O 1.41 0.05 1.38 0.09 1.40 0.07 1.40 0.07

C=O 1.24 0.04 1.26 0.09 1.28 0.05 1.23 0.07

C:O 1.45 0.02 1.39 0.11 1.41 0.05 1.38 0.04
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Extended Data Table 2 | Percentage of molecules containing rings with different size

Ring Size Reference Pocket2Mol TargetDiff Lingo3DMol

3 1.62% 0.12% 0.00% 0.18%

4 0.00% 0.02% 2.70% 1.28%

5 29.55% 16.26% 29.71% 34.71%

6 65.99% 79.83% 48.96% 63.45%

7 0.81% 2.59% 11.70% 0.23%

8 0.00% 0.34% 2.59% 0.11%

9 0.00% 0.12% 0.85% 0.02%

10+ 2.02% 0.72% 3.48% 0.01%

Comparison of the ring size distribution in molecules generated by different methods.
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Extended Data Table 3 | In-place GlideSP score analysis for DUD-E targets (N=101)

Lingo3DMol Pocket2Mol TargetDiff

# of molecules generated 100,428 98,332 92,727

% of molecules with positive in-place GlideSP score 84% 87% 60%

Mean in-place GlideSP score (All molecules) 8,450 8,744 6,127

Mean in-place GlideSP score (Molecules with positive in-place GlideSP score) 9,967 9,980 9,884

Mean in-place GlideSP score (Molecules with Negative in-place GlideSP score) -4.9 -5.1 -5.2

http://www.nature.com/natmachintell
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Extended Data Table 4 | Inference time for Lingo3DMol, Pocket2Mol and Target- Diff

Lingo3DMol Pocket2Mol TargetDiff

Running time (s, ↓) 874 ± 401 962 ± 622 1327 ± 405

Note: We randomly selected 10 targets from DUD-E and recorded the time taken to generate 100 valid molecules for each target using an NVIDIA Tesla V100.
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Extended Data Fig. 1 | Comparison of atom-atom distance distributions in reference and generated molecules. (a) All atom pairs are considered in the analysis. 
(b) Only carbon-carbon atom pairs are considered.
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Extended Data Fig. 2 | Cases of generated molecules with good min-in-place GlideSP scores but not suitable as drug molecules. Three generated compounds, 
namely Cpd. A, Cpd. B and Cpd. C, are showcased. These compounds exhibit good min-in-place GlideSP scores but have relatively poor QED or SAS. The generated 
binding poses used for min-in-place GlideSP scoring are also provided.
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Extended Data Fig. 3 | Comparison between Lingo3DMol and Pocket2Mol 
on the DUD-E dataset under varying degrees of information leakage. 
Lingo3DMol has limited information leakage by excluding proteins that have 
more than 30% sequence identity with DUD-E targets from their training set. The 
assessment of information leakage is done from the perspective of Pocket2Mol. 
Specifically, DUD-E targets were categorized into three groups based on their 

sequency identity with Pocket2Mol training targets: severe (>90%, N = 74), 
moderate (30-90%, N = 19), and limited (<30%, N = 8) information leakage. 
The comparisons on average min-in-place GlideSP scores, GlideSP redocking 
scores, and RMSD vs. low energy conformers are listed in panel (a), (b), and (c), 
respectively.
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Extended Data Fig. 4 | FSMILES based molecule growing process. Nine steps are listed to illustrate the fragment-by-fragment process of generating a molecule 
within a pocket.
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Extended Data Fig. 5 | Intuitive visualization of the 3D molecule generation 
process. In Step 1, based on the precomputed pocket NCI information, we select 
an NCI as the starting position. Within a radius r, we select the position with the 

highest global coordinate probability. In each subsequent step, we predict the 
local coordinates r, θ, and φ, and combine them with the global coordinates to 
determine the final position.
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Extended Data Fig. 6 | Distribution of molecular weight for molecules generated by different methods. This figure is provided as supplementary information  
for Table 1.
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