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diffusion model for controllable
generation of 3D drug-like molecules

Hao Lu, ab Zhiqiang Wei,ae Xiancong Hou,a Wenzheng Han,a Yang Zhang*bcd

and Hao Liu*a

Structure-based drug design has increasingly leveraged deep learning approaches, particularly diffusion

models. Nevertheless, their practical application is hindered by noise-induced deterioration of biological

relevance and binding affinity. We propose a dynamic, feature-aligned diffusion framework guided by

expert knowledge. The core innovation lies in a feature fusion mechanism that extracts molecular

features in real time through a pre-trained expert network and aligns them cross-modally with the latent

space of the diffusion trajectory. Additionally, we introduce a dynamic weight adjustment module, which

adaptively adjusts the strength of the feature alignment constraint based on the noise intensity, enabling

a progressive optimization from coarse- to fine-grained structures. Experimental results demonstrate

that our model achieves an average Vina docking score of −10.06, together with favorable binding free

energies. Moreover, it reduces structural clashes and improves drug-likeness with respect to bonding

and geometry. This work presents a new paradigm that synergistically integrates diffusion models with

autoregressive mechanisms and holds strong potential for advancing AI-driven drug discovery.
1 Introduction

Structure-based drug design (SBDD) has advanced signicantly
in recent years, substantially improving the potency and ratio-
nality in nding novel molecular structures.1–3 Given a dened
protein pocket, the primary objective is to produce drug-like
compounds that not only exhibit strong binding affinity but
also conform to the physicochemical and pharmacokinetic
properties typical of therapeutic agents. Traditional methods
rely heavily on physics-based simulations and experimental
trial-and-error, which are inherently limited by the size of
available molecular libraries and the accuracy of the force elds.
In contrast, deep learning offers the potential to transcend
these limitations by leveraging data-driven, implicit rule
learning.4–7 Deep learning-based generative models, such as
Generative Adversarial Networks (GANs),8 Variational Autoen-
coders (VAEs),9 and diffusion models,10 have been widely
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applied to molecular generation tasks, capable of learning
effective molecular representations in large chemical spaces
and generating molecular structures that comply with chemical
rules.11–16 Compared to GANs and VAEs, diffusion models have
the advantage of generating higher quality and more diverse
molecular samples, while maintaining chemical plausibility
and providing stronger modeling capabilities for optimizing
target binding affinity.

Despite the promising capabilities of diffusion models,
existing strategies can be broadly categorized into two para-
digms in SBDD: fragment-based optimization relying on known
pharmacophores, and de novo design exploring novel chemical
space. Recent successes like Delete17 demonstrate high-affinity
linker design using fragment-based strategies. However, these
methods rely on predened pharmacological fragments,
limiting their ability to explore novel and diverse molecular
structures. In contrast, de novo design aims to generate mole-
cules from scratch, but oen struggles to achieve strong
bioactivity.18,19 Furthermore, effectively controlling the impact
of noise and improving the rationality and feasibility of the
generated molecules during the complex training process
remain open issues that current methods have not fully
resolved.

In diffusion models, the molecular generation process
reconstructs structures progressively through a Markov
chain.10,20 However, the injection of Gaussian noise during the
forward process makes it difficult for the model to accurately
recover stable molecular structures. The intermediate feature
representations become increasingly unstable, and relying
Digital Discovery
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solely on stepwise denoising is oen insufficient for preserving
critical chemical information. While some methods integrate
chemical knowledge or impose bonding constraints,21–25 their
effectiveness in signicantly improving bioactivity remains
modest. Moreover, since noise levels vary across diffusion steps,
there are notable differences in the feature distribution at each
stage. This variation oen causes structural clashes between the
generated molecules and the residues of the protein pocket,
undermining binding compatibility and overall molecular
feasibility.

To address these challenges in de novomolecular generation,
we introduce a diffusion-based framework that integrates
expert-guided feature alignment to improve molecular genera-
tion under protein pocket constraints. The core idea is to
stabilize and steer the generative process by incorporating a pre-
trained expert network that can provide semantic feedback
during denoising. This expert-guided mechanism enables the
model to better retain binding-relevant information across the
noisy diffusion trajectory and enhances compatibility with
pharmacologically meaningful features. Furthermore, our
framework incorporates a noise-aware alignment strategy that
dynamically adapts to the varying uncertainty at different
diffusion steps, which is crucial for preserving structural val-
idity and target specicity. By embedding this expert knowledge
into the generative process, our method advances beyond
existing approaches in producing molecules with lower docking
scores, stronger binding free affinity, improved biological rele-
vance, and greater structural coherence. This study aims to
bridge the gap between generative modeling and real-world
applicability in de novo structure-based drug design, offering
a scalable and generalizable solution across diverse protein
targets.

2 Results

We propose an expert network-aligned diffusion model, termed
ExpDiff, for the generation of high-affinity, drug-like molecules
from scratch conditioned on protein binding pockets. This task
poses a signicant challenge due to the need for simultaneous
modeling of intricate intermolecular interactions and compli-
ance with pharmacological constraints. The overall framework
of ExpDiff can be seen in Fig. 1a. Both protein pockets and
ligands are represented as point clouds, with atomic identities
and coordinates subjected to noise perturbation. An equivariant
graph neural network (EGNN) is employed as the denoising
backbone, iteratively predicting and removing noise to recon-
struct valid molecular structures.

Our method introduces a dynamic feature alignment
mechanism guided by an expert network (see Section 4.2) to
maintain the stability of intermediate features. The expert
network provides feedback to the diffusion model, enhancing
its ability to generate molecules that better match the target
pharmacological properties and binding requirements. In
addition, we suggest diffusion step-aware alignment (see
Section 4.3), which allows our approach to maximize feature
alignment at various noise levels, lessen noise interference, and
enhance the quality of molecules produced, in contrast to
Digital Discovery
conventional ne-tuning techniques. To guide the generation
process toward high-affinity candidates, we train an affinity
predictor jointly with the expert network and use its gradients to
steer inference-time sampling (see Fig. 1b). In addition, the
nal point cloud is post-processed into chemically valid mole-
cules by reconstructing bonds based on interatomic distances
within a cutoff threshold (see Fig. 1c).

Together, these mechanisms empower ExpDiff to more
effectively explore the conditional chemical space and yield
ligands with enhanced protein–ligand interactions and physical
realism. Quantitative and qualitative evaluations conrm that
ExpDiff achieves enhanced docking scores and binding free
energy while maintaining drug-likeness and geometric plausi-
bility, representing a substantial advancement in SBDD (see
Sections 2.1–2.6) for detailed analysis.
2.1 Molecular generation based on protein pockets

SBDD requires generating molecules with robust predicted
binding affinity. To evaluate the binding potential of molecules
generated by ExpDiff, we employed molecular docking against
100 test targets from the CrossDocked2020 dataset, generating
100 molecules per target and comparing their docking results
with those of baseline models.

As can be seen from Table 1, the diffusion models consis-
tently outperform autoregressive approaches across all evalua-
tion metrics, highlighting their clear advantage in molecular
generation tasks. Among the diffusion-based methods, ExpDiff
achieves superior performance on nearly all metrics, particu-
larly excelling Vina-related evaluations. Notably, ExpDiff ach-
ieves the best results on three key metrics, namely, Vina score,
Vina minimize, and Vina dock(see Fig. 2a). Specically, ExpDiff
surpasses the second-best model by 1.1 in Vina score and 0.63
in Vina dock score. It is also worth noting that some baseline
models produce positive Vina scores, suggesting that the 3D
molecules they generate oen exhibit severe steric clashes
within the docking pocket residues. In contrast, ExpDiff
generates structurally coherent molecules with fewer geometric
violations, resulting in more favorable docking scores.

As shown in Fig. 2b, ExpDiff achieves the highest proportion
of molecules with Vina docking scores below −7 when
compared with baseline models, indicating a strong capacity to
generate candidates with favorable predicted binding potential.
Structural analysis further supports this nding: Fig. 2c and
d report the atom-normalized RMSD between the generated
poses and the docked poses, and between the generated poses
and the optimized poses, respectively. The RMSD relative to
docked poses is the lowest, whereas the RMSD relative to opti-
mized poses lies at an intermediate level. This observation
suggests that the conformations generated by ExpDiff more
closely approximate the docked conformations, highlighting its
ability to capture spatial interactions within protein binding
pockets. These results collectively demonstrate that ExpDiff not
only improves molecular quality but also enhances target
binding potential, making it a highly effective model for SBDD.

To further evaluate the docking-based binding potential of
ExpDiff to generate molecules at a single target, we compared
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 The overall framework of ExpDiff. (a) The overall noise addition and denoising process, with intermediate latent features used to align with
the expert networks. (b) An affinity predictor co-trained on the basis of molecules and noise, and gradient-guided during the sampling process.
(c) After denoising is complete, a complete molecule is generated based on the cutoff between the bonds of the atoms.
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the median docking scores of 10 000 sampled molecules
generated for each individual target against those of baseline
models. Targets were ranked based on the lowest docking
scores achieved by ExpDiff. As shown in Fig. 2e, ExpDiff ach-
ieved the best docking-based binding potential on 78% of the
100 targets, outperforming other models such as KGDiff (12%)
and Pocket2Mol (6%). These results underscore ExpDiff's
robust generalization and superior capability in generating
molecules with strong target binding across a wide range of
protein pockets. Collectively, these ndings demonstrate that
ExpDiff consistently outperforms both diffusion-based and
autoregressive baselines in producingmolecules with enhanced
predicted binding affinity and structural validity, making it
a top-performing model for SBDD.
© 2026 The Author(s). Published by the Royal Society of Chemistry
2.2 Molecular drug-like properties

To analyze the drug-like properties of the generated molecules
by ExpDiff, we tested several key physicochemical and phar-
macological criteria, including quantitative estimate of drug-
likeness (QED), synthetic accessibility score (SAS), logarithm
of the partition coefficient (Log P), topological polar surface area
(TPSA), molecular weight, and the number of rotatable bonds,
which have been widely used in drug discovery to assess the
drug-like potential of generated molecules.

As shown in Fig. 3a, DeepICL improves QED. However, this
gain is largely offset by compromises in other molecular prop-
erties, such as SAS. In contrast, molecules generated by ExpDiff
exhibit all six properties within the intermediate range of the
Digital Discovery
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Table 1 Comparison of 10 000 generated molecules sampled using ExpDiff on 100 test targets trained on the CrossDocked 2020 dataset with
those using the baseline models. The bold values indicate the best performance results in each category. The SA values here are normalized. The
bold values indicate the best performance results. The SA values here are normalized. [means the higher the better and Ymeans the lower the
better. Ave. indicates average. Med. indicates median. - indicates that the Vina result is greater than 0, indicating substantial clashes

Method

Vina score (Y) Vina minimize (Y) Vina dock (Y) High affinity ([) QED ([) SA ([)

Ave Med Ave Med Ave Med Ave Med Ave Med Ave Med

Reference −6.36 −6.46 −6.71 −6.49 −7.45 −7.26 — — 0.48 0.47 0.73 0.74
Auto-regressive
model

ResGen — — — −3.42 −6.14 −6.92 50.3% 55.9% 0.50 0.51 0.73 0.73
AR −5.75 −5.64 −6.18 −5.88 −6.75 −6.62 37.9% 31.0% 0.51 0.50 0.63 0.63
Pocket2Mol −5.14 −4.70 −6.42 −5.82 −7.15 −6.79 48.4% 51.0% 0.56 0.57 0.74 0.75
PocketFlow −3.02 −4.10 −5.49 −5.55 −7.18 −7.19 51.3% 53.1% 0.53 0.53 0.81 0.82

Diffusion
model

AUTODIFF −5.25 −5.33 −6.91 −7.06 −8.84 −8.94 73.0% 77.0% 0.57 0.58 0.76 0.77
TargetDiff −5.50 −6.32 −6.69 −6.86 −7.83 −7.92 59.2% 60.4% 0.49 0.49 0.59 0.58
TAGMol −7.02 −7.77 −7.95 −8.07 −8.59 −8.69 69.8% 76.4% 0.55 0.56 0.56 0.56
DeepICL −3.79 −4.12 −5.88 −5.78 −7.13 −7.29 53.7% 59.0% 0.61 0.62 0.33 0.30
PMDM — −3.48 −2.68 −5.86 −7.06 −7.66 56.6% 60.6% 0.56 0.57 0.62 0.62
KGDiff −8.04 −8.61 −8.78 −8.85 −9.43 −9.43 79.2% 87.0% 0.51 0.51 0.54 0.54
BINDDM −5.92 −6.81 −7.29 −7.34 −8.41 −8.37 64.8% 71.6% 0.51 0.52 0.58 0.58
DecompOpt −5.87 −6.81 −7.35 −7.72 −8.95 −9.01 73.5% 93.3% 0.48 0.45 0.65 0.65
DecompDiff −5.67 −6.04 −7.04 −7.09 −8.39 −8.43 64.4% 71.0% 0.45 0.43 0.61 0.60
IRDiff −6.03 −6.89 −7.27 −7.37 −8.42 −8.42 67.4% 72.7% 0.53 0.54 0.59 0.58
IPDiff −6.42 −7.01 −7.45 −7.48 −8.57 −8.51 69.5% 75.5% 0.52 0.53 0.61 0.69
FlexSBDD −6.64 −7.25 −8.27 −8.46 −9.12 −9.25 78.5% 84.2% 0.58 0.59 0.69 0.73
BokDiff −5.92 −5.89 −7.50 −7.17 −8.58 −8.41 — — 0.48 0.49 0.60 0.60
ALIDiff −7.07 −7.95 −8.09 −8.17 −8.90 −8.81 73.4% 81.4% 0.50 0.50 0.57 0.56
ExpDiff(ours) −9.14 −9.69 −9.65 −9.92 −10.06 −10.25 82.0% 93.2% 0.54 0.55 0.56 0.55
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baseline models, while simultaneously achieving enhanced
predicted docking potential. Compared with the training and
reference data, the generated molecules show a moderate
increase in synthetic difficulty, reecting a balance between
drug-likeness and chemical feasibility (see Fig. 3b). Fig. 3c
presents the QED values used to measure the drug-like prop-
erties of the molecules, which range from 0 to 1. Most of the
QED values of the data generated by ExpDiff are clustered in the
interval of 0.4 to 0.6, closely matching the training set. In
contrast, the reference set exhibits lower QED scores, indicating
that the generated data tend to be at a higher level of drug-like
properties. The wider QED distribution of the generated data
may imply the complexity and diversity of the generated mole-
cules. Fig. 3d exhibits the SAS values reecting the synthesiz-
ability of the molecules, with lower values indicating lower
synthetic difficulty. In this gure, the SAS values of the gener-
ated molecules are indeed higher than those of the training and
reference sets, suggesting that the generated compounds tend
to adopt more structurally complex chemotypes and therefore
lower synthesizability. However, when compared with existing
baseline generative models, ExpDiff does not exhibit
a substantial loss in synthetic accessibility. Across the eighteen
baseline methods evaluated, the average SA score is 0.62,
whereas ExpDiff achieves an average score of 0.56. Although our
method focuses on generating molecules with signicantly
improved predicted binding affinity, the resulting SA values
remain competitive and in some cases superior to those of prior
models. These results indicate that ExpDiff enhances docking
performance without imposing an undue increase in synthetic
Digital Discovery
difficulty. Fig. 3e depicts the hydrophobicity of the molecule.
Considering that the desirable log P values are usually between
1 and 3, such compounds are neither too hydrophobic nor too
hydrophilic, contributing to an efficient distribution in vivo and
in vitro. Relative to the training set and the reference molecules,
ExpDiff generates a more concentrated range of molecules and
greatly concentrates between 0 and 5, showing the ability to
strike a balance between hydrophilicity and cell membrane
penetration. Fig. 3f depicts the polar surface area of the mole-
cule, which is essential for the absorption and penetration of
biological membranes. The overall low TPSA values of the
generated data may affect the bioavailability of the molecules.
In contrast, the TPSA values of the training and reference sets
are clustered in a higher range, showing their advantages in
terms of biocompatibility.

To further evaluate the chemical properties of the molecules
generated by ExpDiff, we obtained the molecular ngerprints in
four different ways, reduced the dimensionality using the t-SNE
and UMAP, and then examined the distribution of the chemical
properties. The one-dimensional plots of the generated molec-
ular four molecular ngerprints are displayed in Fig. 3g. The
gure indicates that the features of the generated molecules are
distributed fairly uniformly, whereas the reference molecules
exhibit some variation. This can be because the reference
molecule only has 100 molecules, which is a minimal quantity
of data. Fig. 3h shows the two-dimensional plots of the four
molecular ngerprints of the generatedmolecules, and it can be
seen that the properties of the generated molecules and the
reference molecules have the same space. Overall, the ExpDiff-
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 Comparison of docking performance of the generated molecules. (a) Vina dock distribution of generated molecules by ExpDiff and
baseline models. (b) The percentage of molecules with Vina dock metric below −7 across different models. (c) and (d) The atom-normalized
RMSD between the generated poses and the generated poses, and between the optimized poses and the docked poses, respectively. (e) The
docking affinity comparison of the generated molecules in a single protein pocket. 100 molecules were sampled from each of the 100 protein
pockets in the test set, and the median scores obtained from docking were compared to those of the baseline model. The targets were then
ranked based on the lowest scores from ExpDiff. The percentage values indicate the proportion of targets for which a givenmethod achieved the
best docking affinity.
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generated molecules differ very little from the training set and
the molecular properties in the reference.

Our method demonstrates advantages in generating larger
ring systems compared to existing methods. Prior studies, such
© 2026 The Author(s). Published by the Royal Society of Chemistry
as those by Diao et al.,26 who focused on macrocyclic molecule
design, and Patrick et al.,27 who developed macrocyclic
peptides, have highlighted the therapeutic potential of macro-
cycles in drug discovery. As shown in Table 2, ExpDiffmarkedly
Digital Discovery
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Fig. 3 Comparison of generated molecular drug-like properties. (a) The comparison of multiple drug-like properties of molecules generated by
different models. (b) The comparison of drug-like properties between molecules generated by ExpDiff, the train data, and the test data. (c–f) The
QED, SAS, log P, and TPSA of the generated molecules, the train data, and reference data, respectively. (g) The 1D t-SNE plots of the generated
molecules and reference molecules using the four molecular fingerprints. (h) The 2D UMAP downscaling plots of the generated and reference
molecules using the four molecular fingerprints.
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outperforms previous methods in generating macrocyclic
structures (ring size bigger than 6), with higher proportions of 7-
membered rings (17.2%), 8-membered rings (4.7%) and 9-
membered rings (1.5%). These results suggest that our model
can capture the structural features needed to generate larger
andmore diverse ring systems. Our intention is not to claim any
inherent superiority of macrocycles, but rather to highlight the
Digital Discovery
model0s ability to explore broader chemical space. Although
macrocyclic structures may be synthetically challenging, they
represent an important class of molecules with distinctive
conformational properties. In this sense, ExpDiff's enhanced
capability to produce varied macrocyclic scaffolds underscores
its usefulness for exploratory molecular design.
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Table 2 Ring size distribution of generated molecules

Ring size Ref. liGAN AR Pocket2Mol TargetDiff ExpDiff (ours)

3 1.7% 28.1% 29.9% 0.1% 0.0% 0.0%
4 0.0% 15.7% 0.0% 0.0% 2.6% 1.3%
5 30.2% 29.8% 16.0% 16.4% 30.8% 21.7%
6 67.4% 22.7% 51.2% 80.4% 50.7% 53.7%
7 0.7% 2.6% 1.7% 2.6% 12.1% 17.2%
8 0.0% 0.8% 0.7% 0.3% 2.7% 4.7%
9 0.0% 0.3% 0.5% 0.1% 0.9% 1.5%
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2.3 Molecular geometry properties

Molecules are composed of various types of chemical bonds,
such as single, double, and aromatic bonds, and a model's
ability to accurately reproduce the distribution of these bond
types serves as a direct indicator of its capacity to learn under-
lying chemical principles and ensure molecular stability. To
assess the structural plausibility of generated molecules, we
compute the Jensen Shannon Divergence (JSD) between the
bond type distributions of generatedmolecules and those in the
real dataset. A lower JSD value indicates a higher similarity,
suggesting that the model generates molecules whose bond
structures are more consistent with those found in real-world
chemical compounds.

Table 3 shows that ExpDiff achieves the lowest JSD for all key
bond types, demonstrating its excellent ability to generate
molecular structures that closely match real-world distribu-
tions. In particular, ExpDiff outperforms all baseline models in
reproducing aromatic (C@C, JSD = 0.140) and conjugate bonds
(C]C, JSD = 0.198; C@N, JSD = 0.224), which are critical for
molecular stability and biological activity. Notably, ExpDiff
improved the generation of heteroatomic bonds such as C–N
(JSD= 0.258) and C]O (JSD= 0.340), reecting a better balance
between functional group diversity and chemical effectiveness.
Compared to state-of-the-art methods such as TargetDiff and
TAGMol, our model has a more rened understanding of
chemical patterns and can generate structurally realistic mole-
cules with improved delity. We further demonstrate the
advantages of ExpDiff in bond lengths, bond angles, and atomic
clashes of the generated molecules. More experimental proce-
dures can be found in Text S1 (SI).
Table 3 Bond comparison of ExpDiff and baseline model generated mol
and aromatic bonds, respectively. Smaller JSD values indicate better per

Bond liGAN Pocket2Mol TargetDiff

C–C 0.601 0.496 0.374
C]C 0.665 0.561 0.500
C@C 0.497 0.416 0.265
C–N 0.634 0.416 0.365
C]N 0.749 0.629 0.553
C@N 0.638 0.487 0.224
C–O 0.656 0.454 0.418
C]O 0.661 0.516 0.468

© 2026 The Author(s). Published by the Royal Society of Chemistry
2.4 Binding free energy

We rst compare the overall binding free energy DG predictions
of Reference, PMDM, PocketFlow, TargetDiff, and our proposed
ExpDiff. As shown in Fig. 4a, the Reference method yields the
most negative average DG (−36.8 kcal mol−1), whereas PMDM,
PocketFlow, and TargetDiff systematically underestimate
binding free affinity, producing values closer to zero. In
contrast, ExpDiff achieves an average DG of approximately
−36.0 kcal mol−1, closely matching Reference, indicating its
ability to recover Reference-level binding free affinities. Density
plots and violin plots (Fig. 4b and c) further demonstrate that
ExpDiff reproduces the overall distribution shape of Reference
while maintaining reduced tail deviations. The median and
interquartile range are more concentrated, suggesting consis-
tent and reliable predictions across diverse ligand–receptor
pairs without generating numerous extreme outliers.

Next, we examine the energy decomposition proles to
assess whether ExpDiff captures detailed physical contribu-
tions. Fig. 4d presents representative values for van der Waals,
electrostatic, polar solvation, and nonpolar solvation terms.
ExpDiff closely reproduces Reference values, particularly for van
der Waals and electrostatic contributions, with total energies at
roughly −36 kcal mol−1. Percentage decomposition (Fig. 4e)
conrms that ExpDiff accurately estimates the relative contri-
butions of different energy components, reducing systematic
biases in van der Waals and solvation partitioning. Individual-
case scatter plots (Fig. 4f) further highlight that ExpDiff (red
dots) tracks Reference trends (gray squares) while minimizing
large deviations across many systems. The bottom percentage
labels indicate that ExpDiff achieves approximately 37.36% of
ecules based on JSD. The symbols −, = and @ represent single, double
formance. The bold value indicates the best

KGDiff TAGMol ExpDiff (ours)

0.379 0.384 0.344
0.559 0.501 0.198
0.205 0.269 0.140
0.380 0.365 0.258
0.583 0.559 0.225
0.327 0.252 0.224
0.443 0.422 0.320
0.435 0.430 0.340
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Fig. 4 Comparative binding free energy analysis across different molecular generation methods. (a) The boxplots of predicted binding free
energies DGUni-GBSA for reference, PMDM, PocketFlow, TargetDiff, and our ExpDiff method. (b) The ridge plots showing the distribution of
binding free energies across different methods, with the color gradient indicating energy ranges. (c) The violin plots displaying the distribution,
median, and interquartile ranges of binding free energies for each method. (d) The decomposition of binding free energies into energy
components, including van der Waals, electrostatic, polar solvation, and non-polar solvation. (e) The percentage contribution of each energy
component for different methods, shown as stacked bar plots. (f) The ranked binding free energies of all ligands predicted by different methods,
with symbols marking each method and percentages indicating consistency with the reference.
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cases where the generated molecules exhibit superior binding
free energy, which is substantially higher than that of PMDM
and PocketFlow and approaches the reference level, reecting
robust generalization across diverse receptor spaces.

Collectively, these results demonstrate that ExpDiff produces
ligand structures that closely reproduce Reference binding free
energies and energy component distributions. This ability to
generate energetically favorable and physically consistent
molecules is critical for large-scale virtual screening and
rational molecular design. Owing to its superior performance in
recovering mean DG, distribution consistency, and energy
decomposition patterns, ExpDiff can serve as a high-condence
Digital Discovery
generator or be integrated as an auxiliary module in molecular
design pipelines, enhancing the likelihood of identifying potent
candidates while reducing the need for extensive experimental
or computational validation.
2.5 Application scope

The size (area and volume) of the protein pocket binding site
has a signicant impact on the molecular binding capacity. To
study the generalizability of ExpDiff, we analyzed different sizes
of binding sites with docking results. Fig. 5a shows the area as
well as the volume of different binding sites. Fig. 5b and c show
the linear relationship between Vina score and Vina dock with
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 5 ExpDiff compared to the baseline model for varying docking pocket areas and volumes. (a) Larger and smaller protein pockets. (b) The
relationship between the Vina score and Vina dock results and protein pocket area. (c) The relationship between the Vina score and Vina dock
results and protein pocket volume. (d and e) Generated molecular binding affinity using Expdiff and baseline models at small, medium, and large
protein pocket areas and volumes. The volumes and areas of the docking pockets were obtained from KVFinder.57

Paper Digital Discovery

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

5 
Fe

br
ua

ry
 2

02
6.

 D
ow

nl
oa

de
d 

on
 2

/2
6/

20
26

 3
:3

5:
27

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
the volume and area of the protein pocket. It can be seen that
the area of the protein pocket has a strong correlation (−0.629)
with Vina dock. Next, to exemplify the ability to generate
© 2026 The Author(s). Published by the Royal Society of Chemistry
molecules across various protein target areas and volumes, we
categorized the size of the protein pockets into small, median,
and large. The docking scores of ExpDiff and three baseline
Digital Discovery
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Fig. 6 Visualization of generated molecules and reference docking results. (a–c) The docking results of target PDB ID: 3DAF, 1A2G, and 5W2G
with molecules generated by ExpDiff and the interaction relationship with the target, respectively. 2D interaction diagrams of protein pockets
with molecules were obtained using LigPlot+.58
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models were compared across protein pockets of different sizes.
As can be seen from Fig. 5d and e, the molecules generated by
ExpDiff all reect the best docking results.

As an additional analysis, we tested four types of protein
pockets to test the generalizability of ExpDiff across different
target types, including nuclear receptor, protease, epigenetic
regulation, and transporter. Except for 1AQ7 and 1B0U, it was
found that for most targets, ExpDiff can generate molecules
with the best docking results (see SI Table S4).
2.6 Case study

To evaluate ligand–pocket interactions, we conducted case
studies by selecting representative generated molecules
Digital Discovery
together with the corresponding test data. In Fig. 6, we rst
show the structure of the protein where the docking target is
located, followed by visualization of the residues of the protein
pockets and their interaction with the generated molecules. All
three examples show good docking results with some of the
residues of the binding site, surpassing those observed in the
reference data. Non-covalent interactions such as hydrogen
bonds and salt bridges were formed between the generated
molecules and the binding site, thus enhancing the predicted
binding affinity. This demonstrates that ExpDiff effectively
learns the non-covalent relationships between protein pockets
and molecules, a capability that empowers the model to design
high-affinity drug candidates. In contrast to the binding
© 2026 The Author(s). Published by the Royal Society of Chemistry
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interactions depicted in Fig. 6a and b, the 5W2G target in Fig. 6c
exhibits the presence of a Mg2+ ion (represented by the red orb),
which plays a critical role in mediating the molecular interac-
tions. Remarkably, the molecules generated by ExpDiff main-
tain high binding affinity, underscoring the robustness of the
model and its capability to design high-affinity ligands even in
the presence of metal ion coordination.

3 Discussion

Diffusion models have shown promise in molecular generation;
however, they still suffer from limitations such as inaccurate
noise prediction, instability in feature distribution, and reduced
reliability in molecular structure formation. To address these
issues, the core objective of this study is to develop a dynami-
cally adaptive alignment strategy that responds to changes in
latent features across different diffusion steps, thereby
improving the quality and affinity of the generated molecules.
Molecular docking and binding free energy analyses demon-
strate that our method substantially improves both binding
affinity and biological relevance, achieving an average docking
score of −10.06 and a binding free energy of −36.0 kcal mol−1,
substantially outperforming existing molecular design models.
By introducing the feature alignment mechanism of the expert
network in multiple denoising steps, our method successfully
enhances the stability of the model under high noise conditions
and optimizes the pharmacological properties of the nal
generated molecules. The strategy enables ne-grained control
over feature distribution during the generation process,
resulting in generated molecules that exhibit superior perfor-
mance in terms of structural rationality, chemical feasibility,
and functional optimization.

Although ExpDiff facilitates the design of molecules with
stronger predicted interactions, the model still shares certain
limitations inherent to fully automated drug discovery. While
ExpDiff achieves competitive SA performance compared with
baseline generative models, some generated structures still
exhibit higher synthetic complexity than molecules in the
training and reference sets. This highlights the need for future
integration of synthesis-aware constraints or retrosynthetic
guidance into the generative process. We have noticed that
ExpDiff produces lower affinity molecules under a few protein
pockets, which is related to the complexity of the target. Addi-
tionally, the molecules need to meet multiple pharmacological
objectives. Future research can further extend the method in
two directions. First, the generalization ability of the method
can be veried in more complex drug design tasks, such as
optimizing ADMET properties or improving the multi-target
optimization ability of molecule generation, especially with
respect to synthetic accessibility. Next, deeper generative theo-
retical modeling can be explored, such as incorporating physi-
cally guided diffusion processes or adaptive alignment
strategies with strengthened learning control, to further
improve the search efficiency and reliability of diffusion models
in high-dimensional spaces.

Beyond small molecule design, the core principles of our
alignment strategy offer transformative potential for
© 2026 The Author(s). Published by the Royal Society of Chemistry
biomolecular engineering. Building on protein language
models (e.g., ESM28) and protein diffusion models (e.g., Alpha-
Fold3 (ref. 29) and RFdiffusion30), future work will aim to extend
the method proposed in this study to the protein domain by
exploring how to utilize diffusion models and expert network
alignment strategies for protein design and optimization.
Collectively, this study lays an important foundation for future
research on the controllability of generative modeling in the
eld of scientic computing and opens new avenues for further
expansion to other biomolecular domains.

In summary, the ExpDiff model facilitates SBDD and
demonstrates clear advantages in generating therapeutic
candidates with enhanced binding potential. Conceptually, the
expert alignment mechanism imposes external knowledge-
driven guidance on the diffusion process, improving the
controllability of molecular generation in high-dimensional
latent spaces, which constitutes a long-term challenge
inherent to traditional diffusion models. This represents
a meaningful advancement toward controllable and interpret-
able molecular generation. This work explores a novel paradigm
for SBDD through knowledge-guided diffusion modeling,
offering a promising direction to accelerate the drug discovery
pipeline, particularly in the generation of high-affinity thera-
peutic compounds.
4 Method

We begin by formally dening the structure-based molecular
design task. An atom in three-dimensional space is represented
as A= (x, z), where x˛R3 denotes the Euclidean coordinates and
z˛Rk denotes the k-dimensional atomic features (e.g., atom
type, charge, and hybridization). A protein pocket can subse-
quently be dened as P ¼ fAPi gNp

i¼1 for i = 1,.,Np, and a mole-
cule can be denoted as M ¼ fAMi gNm

i¼1 for i = 1,.,Nm, where Np

and Nm denote the number of atoms in the protein pocket and
molecule, respectively. The objective is to identify the molecule
Bind = argmaxf(M, P) that maximizes the binding score with the
given protein P, where M represents the set of all valid mole-
cules in chemical space and f is a scoring function indicating
the binding score between the molecule and the protein. In
essence, the goal is to nd the compound that optimizes the
binding score and crucial drug-like characteristics for a partic-
ular protein.
4.1 Diffusion model

4.1.1 Diffusion and denoising process. The diffusion
process is the process of increasing the noise in the data grad-
ually until the data become Gaussian noise. In our model, the
number of diffusion steps is set to T = 1000. Let M0 denote the
original molecular data, and Mt represent the latent molecular
state at diffusion step t. At each step, noise is added to the
previous state by

qðMtjMt�1Þ :¼ N
�
Mt;

ffiffiffiffiffiffiffiffiffiffiffiffiffi
1� bt

p
Mt�1; btI

�
(1)
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Fig. 7 Molecular latent feature alignment module between the expert
network and the diffusion model.
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where bt is the noise level at diffusion step t, N($) denotes the
Gaussian distribution, and Mt is the molecule aer t steps of
diffusion.

The denoising process, or reverse process, aims to recon-
struct the original data from the noisy sample Mt by iteratively
removing noise. This process is parameterized by a neural
network and is described by

pqðMt�1jMt;PÞ ¼ N

 
Mt�1;mqðMt; t;PÞ;

X
q

ðMt; tÞ
!

(2)

where mq(Mt, t, P) and
P
q

ðMt; tÞ are the denoising networks
parameterized by the neural network for the purpose of pre-
dicting the denoising parameters for each diffusion step.

Additionally, the model predicts the distribution of the
added noise, as specied in eqn (3), by comparing the predicted
noise beq with the actual noise eq introduced.

Ldiff ¼ EqðMt jMÞ
h
kbeqðMt; t;PÞ � eqk2

i
(3)

By minimizing the difference between the predicted and
actual noise, the model learns to effectively reverse the diffusion
process and generate valid molecular structures.

4.1.2 Noise prediction network. We employed the equiv-
ariant graph neural network for noise prediction. Atom infor-
mation is encoded to obtain the initial atom hidden embedding
h0, atoms are characterized using eqn (4), and their position is
updated using eqn (5).

hi
lþ1 ¼ hi

l þ
X

j˛V;isj

fh
�
dij

l ; hi
l ; hj

l ; eij
�

(4)

xi
lþ1 ¼ xi

l þ
X

j˛V;isj

�
xi

l � xj
l
�
fx
�
dij

l ; hi
lþ1; hj

lþ1; eij
�� Dmol (5)

where dij = ‖xi − xj‖ is the Euclidean distance between two
atoms i and j and eij is denotes the connection, which is an
additional feature between a protein atom, a ligand atom, or
a protein atom and ligand atom. Dmol is the ligand molecular
mask, which prevents updating the coordinates of the protein
atom.
4.2 Alignment of the expert network

We introduced an expert network called DrugClip31 to enhance
the quality of the molecular latent representation in the diffu-
sion model. The choice of DrugClip is motivated by the suit-
ability of its molecular encoder for our architecture, rather than
an attempt to conduct a comparative evaluation among
different encoders. Our goal is to guide molecular generation by
aligning the intermediate molecular features generated by the
diffusion model with the molecular output features of the
expert model. It is worth noting that the molecular latent
representation from the diffusion model is mixed with noise.

As shown in Fig. 7, the rst step in the alignment module
involves applying a linear transformation to the latent tensor of
the diffusion model ligand, mapping the input features to
a higher-dimensional space. Subsequently, a Sigmoid activation
function is applied to each element for non-linear
Digital Discovery
transformation. This process transforms the input feature set
into a new space, making it more suitable for computing
attention scores. The computation is described by eqn (6),
where zt represents the atomic latent features of the ligand aer
removing the noise at the tth step.

attention_score = Sigmoid(Linear(zt)) × Wattention (6)

To ensure that the attention scores form a valid probability
distribution, the Somax function is employed to normalize the
attention scores. This normalization step transforms the scores
into attention weights attention˛Rdim_ligand; which are positive
and sum to one, thereby dening a probability distribution over
the atomic features, as illustrated by

attention_weight = Softmax(attention_socre) (7)

The nal step involves computing the weighted sum of the
atomic features, where the input features are weighted using
the attention weights. The attention weights are element-wise
multiplied with the atomic features, followed by summation
over all atoms (eqn (8)). The result is a global feature repre-
sentation, which serves as the nal output of the module.

z
0 ¼

XNm

i¼1

�
zi � attention_weight½i�� (8)

We align the molecular representations obtained from the
expert network with those processed by the alignment module.
Given the denoised molecular latent features at step t from the
diffusion model and the output features, we aim to minimize
the discrepancy between the outputs of the diffusion model and
the expert model using cosine similarity, as shown in eqn (9).
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Lalign ¼ 1� z
0 � z

kz0 k kzk (9)
4.3 Feature alignment based on diffusion step awareness

As the diffusion model has different noise levels at each diffu-
sion step, we need to use different alignment strategies at each
step to adjust the impact of the expert network. In the early step
(close to t= 0), the alignment with the expert network should be
more stringent to ensure that the generated molecules are
moving towards the target features due to the weaker noise and
the molecules are more clearly characterized. While in the later
step (close to t = 1000), approaching Gaussian noise, the
alignment strategy of the expert model can be more relaxed at
this point.

We add a dynamic adjustment coefficient s(t), which func-
tions similarly to a Sigmoid function and regulates the align-
ment strength at each step, to allow for exible degree
modication. In particular, s(t) has the following denition:

sðtÞ ¼ a�
�

1

1þ e�0:01ðt�500Þ

�
þ b (10)

where a and b control the range of variation of the alignment
strength, and we set the values of these two hyperparameters to
0.4 and 0.8, respectively. As shown in Fig. 6a, in the early steps,
s(t) is close to 1.2, which indicates a stronger alignment, and in
the later steps, s(t) gradually decreases to close to 0.8, which
indicates a weaker alignment.

Ladjusted ¼ sðtÞ � Lalign (11)

During the training process, the adjusted alignment loss
function is shown in eqn (11). This loss function allows the
alignment strategy of the expert network to be dynamically
adjusted to changes in the noise level at different stages of
training, thus improving the quality of the generated molecules.
4.4 Optimization objectives

We introduced a module for predicting affinity and used the
predicted affinity values for guided molecule generation during
the inference process, a computational approach that is
consistent with the KGDiff32 model. In eqn (12), n represents the
affinity value and the fully connected layer is used to predict the
affinity value based on the atomic latent layer representation of
the ligand in the diffusion model. The Shied Soplus activa-
tion function is denoted as S. The total loss function is shown in
eqn (13), and the loss scaling factors g and d are set to 100 and 1,
respectively. 3 denoted as the alignment loss weight between the
expert network and the molecular vector of the diffusion model
latent features mixed with noise. By optimizing this objective
function, we can train the diffusion model so that the generated
molecules not only conform to the distribution of the target
data, but also align with the expert network in terms of atomic
features, thus improving the quality of the generated molecules.
© 2026 The Author(s). Published by the Royal Society of Chemistry
n = Sigmod(W2 × S(W1x + b1) + b2) (12)

L ¼ kx0 �cx0k
2

þ gKL
�
cðzt; z0Þkc

�
zt; bzs��þ dkn� bnk2

þ 3Ladjusted (13)
4.5 Experimental set-up

4.5.1 Dataset and preprocessing. We used the Cross-
Docked2020 dataset33 to train and evaluate our model. This
dataset is a typical 3D-targeted molecule generation dataset,
which is obtained from the PBDbind34 data, and only confor-
mations that have a root mean square deviation (RMSD) below 1
Å and have less than 30% sequence identity were selected. It was
ensured that they were geometrically similar to the reference
structure, while remaining sufficiently different in protein
sequence to allow exploration of additional binding modes. We
had 99 990 complexes for training and 100 additional
complexes as tests, and we used PyMol35 to draw protein as well
as molecular diagrams.

4.5.2 Baselines. We compared the ExpDiff model with 18
baseline models, including ResGen,36 AR,37 PocketFlow,38

Pocket2Mol,39 KGDiff, TAGMol40 AUTODIFF,41 TargetDiff,42

IRDiff21 DecompOpt,23 BINDDM,22 DecompDiff,43 IPDiff,44

FlexSBDD,45 BoKDiff,46 ALIDiff,47 DeepICL,48 and PMDM.25

Among them, AR and Pocket2Mol are GNN-based methods that
generate 3D molecules by sequentially placing atoms into
protein binding pockets. These two models, along with Pock-
etFlow and ResGen, represent autoregressive models. The
others are diffusion-based models, including KGDiff, TAGMol,
AUTODIFF, TargetDiff, IRDiff, DecompOpt, BINDDM, Decom-
pDiff, IPDiff, FlexSBDD, BoKDiff, ALIDiff, DeepICL, and PMDM.

4.5.3 Performance metrics. We divided the evaluation
metrics into two categories: affinity-related metrics and drug-
related properties of the generated molecules. The affinity-
related metrics were obtained from AutoDock Vina49 and Uni-
GBSA,50 while the drug-related molecular properties were
computed using RDKit.51

The Affinity-related metrics include:
1. Vina score refers to the binding score between the gener-

ated molecular conformation and the protein pockets.
2. Vina minimize means the binding score between the

optimized generated molecular conformation and the protein
pockets.

3. Vina dock means the binding score between the generated
molecules and the protein pockets aer docking.

4. High affinity means the percentage of generated mole-
cules with a vina score higher than or equal to that of the
reference compound.

The Molecular property metrics include:
1.QED (Quantitative Estimate of Drug-likeness)52 evaluates

molecular drug-likeness by reecting the typical distribution of
molecular properties in successful drug candidates.

2. SA (Synthetic Accessibility)53,54 evaluates the ease of
molecular synthesis.
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3. Log P55 evaluates the lipophilicity of the generated
molecules.

4. TPSA (Topological Polar Surface Area)56 evaluates the
topological polar surface area of generated molecules.

5. JSD (Jensen–Shannon divergences) assesses the molecular
structures in the empirical distributions of atomic and bond
distances by comparing those of the generated molecules to
those of the reference molecules.
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