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Steering semi-flexible molecular diffusion model for 
structure-based drug design with 
reinforcement learning
Xudong Zhang1,2,3, Sanqing Qu3, Fan Lu3, Jianmin Wang4, Zhixin Tian5, Shangding Gu6,  
Yanping Zhang7*, Alois Knoll8, Shaorong Gao7, Guang Chen1,2,3,8*, Changjun Jiang3

Current structure-based molecular generation faces a fundamental dilemma: While static ligand modeling dominates 
computational approaches, real-world molecular interactions are inherently dynamic. Inspired by the conformational 
changes ligands undergo during semi-flexible docking, we propose a reinforcement learning (RL)–steered diffusion 
framework for semi-flexible molecular generation in protein pockets. By defining the denoising process as a Markov 
decision process, RL dynamically adjusts molecular structures through iterative exploration. Simultaneously, we 
incorporate multiple molecular properties as conditions to constrain the denoising policy to drug-like regions and 
perform self-supervised rigid training on both target-free and target-specific molecules. In addition, we propose a fast 
sampling strategy that accelerates sampling by 20 times, thereby improving the efficiency of training and sampling. 
Experiments demonstrate that our method outperforms state-of-the-art methods with a Vina score of −7.23 kcal/mol 
and an 11.53% success rate. Targeting unseen real-world proteins, the generated molecules preserve canonical inter-
action patterns while discovering previously unknown binding chemotypes.

INTRODUCTION
Structure-based drug discovery (SBDD) is reshaping modern drug 
development paradigms. Technological advances such as cryo–electron 
microscopy (cryo-EM) single-particle analysis (1, 2) and artificial 
intelligence (AI)–driven protein structure prediction methods such 
as AlphaFold (3) have made it possible to determine high-resolution 
three-dimensional (3D) structures of protein targets at scale. These 
breakthroughs enable rapid virtual screening of millions of compounds 
against target pockets (4–6). However, virtual screening remains 
confined to a predefined chemical space, limiting its capacity to 
discover previously unseen chemotypes, particularly for structurally 
complex or previously unseen binding pockets (7).

To overcome the limitations of fixed chemical libraries, deep 
learning–based generative models have emerged as a powerful alter-
native, enabling the design of diverse molecules directly conditioned 
on protein structures (8–10). Early explorations of molecular genera-
tion are primarily conducted in low-dimensional spaces, representing 
molecules as sequences or 2D graphs. Although these representations 
allow for rapid sampling through language models (11, 12) and graph 
neural networks (GNNs) (13–15), the dimensionality reduction comes 
with biophysical costs. Because of the lack of 3D spatial configuration, 

molecules generated through these models may not meet stability 
and activity requirements in practical applications. The advent of 3D 
geometric deep learning alleviates this dimensionality barrier, with 
architectures equivariant to special Euclidean group SE(3) (16, 17) 
enabling accurate modeling of molecules with 3D structural infor-
mation and the de novo generation of 3D molecular structures with 
high spatial fidelity.

Recent research in structure-based molecular generation (SBMG) 
has integrated protein-ligand complexes into 3D generative architec-
tures (18–20). Current SBMG models mainly adopt two paradigms: 
autoregressive and one-shot generation. Autoregressive methods gen-
erate molecular structures step-by-step, capturing the complexity 
and dependencies of molecular sequences. For instance, AR (21) 
uses the protein pocket as a 3D context to estimate the probability 
density of atoms in space and sequentially samples atoms from the 
learned distribution. Pocket2Mol (22) and ResGen (23) use equiv-
ariant GNNs to learn the chemical and geometric constraints im-
posed by protein pockets, considering atom and bond information, 
and generate molecules in an autoregressive manner. Because of in-
efficiencies and the risk of generating unrealistic structures when 
generating atom by atom, FLAG (24) learns the geometric structure 
of protein-ligand complexes through invariant GNNs and introduces 
fragment priors to conduct autoregressive sampling at the frag-
ment level. However, autoregressive methods suffer from error ac-
cumulation and limited structural validity due to their inherently 
sequential nature.

By contrast, one-shot generative models (25–28) offer improved 
training efficiency and the ability to model global structure holisti-
cally. These models simulate molecular transitions from disorder to 
in 3D space. Recent diffusion-based SBMG models such as TargetDiff 
(29), DecompDiff (30), and IPDIFF (31) learn the joint distribution 
of atom types and coordinates, and MolCRAFT (32) models them in 
a continuous parameter space. These methods generate molecules in 
continuous 3D space based on protein pockets and achieve invariant 
likelihood to global translation and rotation of pocket-ligand com-
plexes. Despite these advancements, most SBMG models assume 
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rigid ligand conformations. As a result, dynamic coupling effects are 
often ignored, limiting the ability of models to generate high-quality 
ligands for novel targets. Moreover, existing methods, constrained 
by the quality and quantity of receptor-ligand complex data, focus 
exclusively on generating high-affinity molecules, neglecting the co-
ordination required for multiple molecular property optimization. 
Consequently, the generated molecules often fail to exceed the quality 
boundaries of the training set.

To address these limitations, we introduce SeFMol, a Semi-Flexible 
Molecular diffusion model steered by reinforcement learning (RL). 
Inspired by semi-flexible docking paradigms (33, 34), SeFMol enables 
conformational adjustments during training to better accommodate 
binding sites. This process simulates the restricted degrees-of-freedom 
optimization commonly used in semi-flexible docking to explore 
low-energy poses for a fixed protein. Specifically, we formulate the 
denoising phase of diffusion as a Markov decision process (MDP), 
allowing RL to guide the structural evolution of molecules based on 
pocket geometry and property conditions. We condition generation 
on multiple molecular properties and leverage both target-free and 
target-specific training to enhance property controllability and target 
specificity. In addition, we introduce a variable fast sampling strategy 
that reduces sampling steps by 20 times (from 1000 to 50 steps), 
markedly improving both training and inference efficiency. We conduct 
comprehensive experiments to validate the generality and efficacy of 
SeFMol. Our evaluations span docking performance, drug-like prop-
erties, interaction patterns, conformational quality, novelty, and sam-
pling efficiency. Last, we demonstrate SeFMol’s generalization to 
real-world therapeutic targets, highlighting its potential as a robust 
framework for structure-based drug design.

RESULTS
SBMG with SeFMol
We provide an overview of the semi-flexible diffusion model SeFMol 
(Fig. 1), elucidating its structural mechanism and detailing the train-
ing and sampling processes. The training process of SeFMol consists 
of a rigid training phase, followed by a semi-flexible optimization 
phase (Fig. 1A). The rigid training phase uses static training data and 
a self-supervised learning strategy for molecular reconstruction, con-
centrating solely on static conformations, which could result in less 
optimal interaction patterns. The model trained in the rigid phase is 
further refined through semi-flexible optimization steered by RL 
(SFRL), which aims to optimize a reward to progressively explore 
chemically plausible interaction patterns.

The two-stage rigid training process of SeFMol (Fig. 1B) is 
founded on a conditional diffusion model. During the pretraining 
phase, 1 million molecules without protein targets were selected 
from the Molecule3D dataset (35), and eight molecular properties 
were computed using RDKit (36). These properties were input into 
a linear layer to obtain property embeddings y. Subsequently, during 
the diffusion process at time step t, small Gaussian noise and uni-
form noise were added to the atomic coordinates and types of 3D 
molecules according to a fixed variance schedule of a Markov chain. 
These noises were processed through two linear layers to obtain em-
bedded features xt and ht . The property features y were then inte-
grated with the coordinate and atomic type features, and the fused 
features were input into a denoiser constructed using an equivariant 
GNN to predict the original coordinates and atomic types, thereby 
imparting property bias to the denoising model. In the fine-tuning 

phase, 100,000 protein-ligand pairs and their corresponding molecular 
properties from the CrossDocked2020 dataset (18) were used to fine-
tune the pretrained diffusion model. In this stage, the geometric 
spatial and interaction information of the protein-ligand pairs were 
taken into account, and noise injection and removal for the mole-
cules were continued. This process ensures that the denoiser maintains 
property bias while generating target-aware 3D molecular structures. 
Hereafter, the term rigid model refers to the trained model obtained 
through this process.

Figure 1C illustrates the semi-flexible optimization of the rigid 
model steered by RL. In this phase, the denoising step is modeled 
as an MDP, and gradient descent is used to optimize the reward 
signal. At time step t, the current molecular state Mt serves as state 
st and is simultaneously input into the reference denoiser (with frozen 
parameters) and the policy denoiser (in a fine-tuning state). To 
prevent excessive deviation of the policy denoiser from the reference 
denoiser, a Kullback-Leibler (KL) constraint is applied to the predict-
ed positions by these two denoisers. In addition, the policy denoiser 
executes the current denoising action at , and the molecular result 
processed by at becomes the next molecular state Mt−1 . A molecule 
is reconstructed based on Mt−1 , and a reward is calculated using a 
reward function. This reward is then combined with the output of 
the value network to update the parameters of the policy denoiser. 
Intermediate molecular states during denoising lack practical sig-
nificance and cannot calculate affinity, resulting in sparse reward 
signals that affect exploration efficiency. To address this, we incor-
porate the original property biases of the rigid model, designating 
various molecular properties as conditional signals to enhance the 
controllability of properties and affinity. In addition, diffusion mod-
el sampling typically requires numerous steps, leading to excessive 
redundant intermediate states and sparse rewards. To mitigate this, 
we introduce a fast sampling strategy during optimization, reducing 
the sampling steps to 1/20 of the original, thereby improving the 
training and sampling efficiency of the molecular diffusion model.

During the sampling phase, SeFMol retains the carefully fine-
tuned molecular diffusion model, discarding auxiliary modules 
used during training. The desired molecular properties of the tar-
get molecule are set, and sampling begins from state  (0, I) to 
initialize the state. Subsequently, the transition probability for the 
given target protein is obtained by the denoiser of SeFMol. Next, 
pθ
(
Mt−1 ∣Mt , y,

)
 is used iteratively to generate the next state. Guided 

by the specified properties, the newly generated state exhibits lower 
entropy than the previous one. Last, molecule M0 is generated by 
iterative sampling of Mt−1 for T steps.

Common properties evaluation of generated molecules
We sampled 100 molecules for each protein pocket in the test set, 
followed by a comprehensive performance evaluation of SeFMol 
and baseline models, focusing on docking performance, drug-like 
properties, and diversity. As presented in Table 1, SeFMol surpasses 
other baselines in all affinity-related metrics. Regarding the Vina score, 
SeFMol generates molecules with an average high affinity for protein 
pockets (−7.23 kcal/mol), representing a 13.7% improvement com-
pared to reference molecules (−6.36 kcal/mol). Conversely, other 
methods face challenges in generating molecules with superior 
affinity relative to reference molecules.

The statistical test results at the pocket level are shown in table S1. 
SeFMol, Pocket2Mol, FLAG, TargetDiff, and MolCRAFT all achieved 
a hit pocket of 100, successfully generating molecules for 100 protein 
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pockets in the test set. Conversely, the other methods failed to gener-
ate molecules for some pockets. Regarding statistical significance, the 
one-sided paired Wilcoxon test ( pW ) of SeFMol is 1.16 × 10−9 , the 
lowest among methods, and is better than MolCRAFT ( 3.13 × 10−4 ) 
and IPDiff ( 4.35 × 10−6 ). For the probability of superiority relative 
to the reference ( PoSref ), SeFMol attains 0.665, the highest among all 
approaches. Consistent with these results, fig. S1 indicates that the 

distribution of SeFMol’s PoSref  is strongly right-skewed, with the 
highest proportion falling within the 0.8 to 1.0 range. Points of SeFMol 
lie predominantly in the upper-left quadrant and exhibit a monotonic 
relationship whereby more negative values correspond to a higher 
superiority probability. For effect magnitude, the mean paired difference 
(MPD) is −0.700 kcal/mol and Hodges-Lehmann estimator (HLE) 
is 0.981 kcal/mol (95% confidence interval, −1.316 to −0.603), both 
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Fig. 1. Overview of the SeFMol framework. (A) Illustration of the overall training objectives of SeFMol. The rigid training phase, using static data for molecular recon-
struction, focuses solely on static conformations. The semi-flexible phase uses RL to optimize a reward for exploring chemically plausible interaction patterns. (B) Two-
stage rigid training strategy of SeFMol. At time step t in the diffusion process, small Gaussian and uniform noise are added to atomic coordinates and atom types via a 
fixed variance schedule. After obtaining embeddings x

t
 and h

t
 (and protein embedding ⋆ during fine-tuning), they are fused with y and fed into the denoiser to recon-

struct the original coordinates and atom types. (C) The semi-flexible optimization training and inference stage. This stage performs a complete denoising process from M
T
 

to M
0
 . When using the semi-flexible optimization steered by RL (SFRL) strategy, this constitutes optimization training; otherwise, it is the inference phase.
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the most negative among methods. Notably, the HLE interval lies 
entirely below zero, indicating that under a robust location estimate, 
Vina scores of SeFMol-generated molecules are systematically lower 
than the reference molecules. Together, these results show that SeF-
Mol outperforms existing methods under statistical tests.

We compared all molecules generated by each model in terms of 
Vina score and Vina dock (Fig. 2A). Molecules generated by SeFMol 
tend to exhibit higher affinity. In addition, the Vina score and Vina 
dock for molecules generated by SeFMol are closely aligned, with a 
correlation coefficient of 0.95, indicating the ability of SeFMol to 
directly generate conformations with chemically plausible interac-
tion patterns. To explore the role of the SFRL strategy, we conducted 
an ablation experiment. Without the SFRL strategy, the correlation 
coefficient decreases by 4%, and the generated molecules are more 
concentrated in the low-affinity range. This comparison underscores 
the positive impact of the SFRL strategy in enhancing molecular 
docking performance. Figure 2B illustrates the rationality of inter-
action patterns for molecules generated by SeFMol. Higher ligand-
binding efficacy (LBE) indicates greater contributions from each 
atomic pair interaction. In this metric, the LBE of SeFMol is only 
lower than Pocket2Mol, ResGen, and AR. Further analysis in Fig. 2C 
reveals that molecules generated by Pocket2Mol, ResGen, and AR 
have lower molecular weight, while SeFMol-generated molecules 
maintain the same weight as reference molecules. This indicates that 
SeFMol has the potential to enhance Vina energies and improve LBE 
without altering molecular weight, showcasing its advantages.

SeFMol also demonstrates excellence in evaluations related to 
drug-like properties. For quantitative estimation of drug-likeness 
(QED), SeFMol outperforms all other methods. Similarly, in the 
context of Lipinski’s rule, SeFMol exhibits an advantage over other 
diffusion-based models. For synthetic accessibility (SA), SeFMol shows 
competitive performance among diffusion models. Notably, molecules 
generated by autoregressive methods tend to perform better, as they 
frequently generate molecules with fewer atoms and simpler struc-
tures. In addition, the diversity of generated molecules is critical for 
discovering potential candidates. The diversity of molecules generated 
by SeFMol is slightly lower than TargetDiff but higher than Pocket-
2Mol and DecompDiff. This result indicates that SeFMol effectively 

balances diversity with other performance metrics, meeting the 
requirements for molecular generation in the context of protein 
pockets. To further evaluate the rationality of the generated mol-
ecules, we selected two targets from the test set and visualized them 
together with the molecules achieving the highest Vina scores 
against them. As shown in Fig. 2 (D and E), the high-scoring mole-
cules generated by SeFMol exhibit favorable drug-like properties and 
reasonable geometries.

Sampling efficiency and chemical rationality analysis of 
generated molecules
In this section, we analyze the sampling efficiency of SeFMol and the 
molecular properties of the generated molecules. To evaluate the sam-
pling efficiency across different models, we conducted 100 molecular 
sampling operations per target in the test set, counted the total 
number of successfully reconstructed molecules, and calculated the 
average time required to generate each molecule. As shown in Fig. 3A, 
SeFMol outperforms the other methods, requiring, on average, 0.81 s 
per molecule with a generation rate of 98.3%, whereas MolCRAFT 
needs 1.41 s, and TargetDiff and DecompDiff require 34.28 and 
61.89 s, respectively. This remarkable sampling performance is 
primarily attributed to our carefully designed variable fast sampling 
strategy, which notably enhances sampling efficiency without com-
promising the completion rate.

To further assess the impact of the proposed fast sampling strategy 
on model performance, we varied the number of denoising steps dur-
ing both the SFRL training phase and the sampling phase. As shown in 
fig. S6, docking performance deteriorated as the number of steps 
increased. When the property guidance (PG) strategy was removed, 
Vina energies worsened across all time steps, indicating that exces-
sively long trajectories exacerbate the instability caused by reward 
sparsity, whereas PG helps mitigate the optimization instability in-
duced by sparse terminal rewards. For molecular properties, fig. S7 
presents the joint QED-SA distribution of generated molecules across 
timestep settings. At 50 steps, the distribution concentrates in the 
reasonable region with QED ≥ 0.5 and SA ≥ 0.5, similar to the result 
at 100 steps. Further increases to 500 and 1000 produce a modest 
shift of QED and SA toward higher values. Longer sampling allows 

Table 1. Performance comparison on various metrics. ↓ indicates that smaller values are better, whereas ↑ indicates that larger values are better. Best results 
are highlighted in bold. Avg., average value; Med., median value.

Method Vina score ( ↓) Vina min ( ↓) Vina dock ( ↓) High affinity ( ↑) QED ( ↑) SA ( ↑) Lipin-
ski ( ↑)

Diver-
sity ( ↑)

Avg. Med. Avg. Med. Avg. Med. Avg. Med. Avg. Med. Avg. Med. Avg.

 Reference −6.36 −6.46 −6.71 −6.49 −7.45 −7.26 – – 0.48 0.47 0.73 0.74 4.27 –

 AR −5.75 −5.64 −6.18 −5.88 −6.75 −6.62 37.9% 31.0% 0.51 0.50 0.64 0.63 4.75 0.690

 Pocket2Mol −5.14 −4.70 −6.42 −5.82 −7.15 −6.79 48.4% 51.0% 0.57 0.58 0.76 0.76 4.88 0.685

 ResGen 10.50 2.54 −2.94 −4.41 −6.59 −6.45 38.0% 25.0% 0.58 0.59 0.78 0.79 4.90 0.742

 FLAG 45.98 36.62 6.17 −2.91 −5.24 −5.71 22.7% 7.0% 0.61 0.62 0.63 0.62 4.98 0.766

TargetDiff −5.47 −6.30 −6.64 −6.83 −7.80 −7.91 58.1% 59.1% 0.48 0.48 0.58 0.58 4.51 0.708

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 4.31 0.660

 MolCRAFT −6.59 −7.04 −7.27 −7.26 −7.92 −8.01 59.1% 62.6% 0.50 0.51 0.69 0.68 4.46 0.718

IPDiff −6.66 −7.47 −7.64 −7.69 −8.49 −8.39 68.5% 72.2% 0.50 0.51 0.56 0.56 4.40 0.728

 SeFMol −7.23 −7.70 −8.03 −8.00 −8.72 −8.75 68.7% 76.3% 0.63 0.64 0.60 0.60 4.90 0.686
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Fig. 2. Evaluation of common properties for generated molecules. (A) Distribution and correlation analysis of the Vina score and Vina dock for generated molecules. 
(B) Analysis of the relationship between LBE and the proportion of generated molecules. (C) Analysis of the relationship between molecular weight (MW) and proportion 
of generated molecules. (D and E) Comparison of the geometric structure, Vina score, and drug-like properties of generated molecules for the two protein pockets in the 
test set. QED, quantitative estimation of drug-likeness; SA, synthetic accessibility.
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Fig. 3. Chemical rationality evaluation of generated molecules. (A) Sampling efficiency analysis including the time required to generate a molecule measured in sec-
onds per molecule and the completion rate of generated molecules. (B) Comparison of SR of molecules generated by different methods. (C) Comparison of structural 
distributions between successful (SR) and nonsuccessful (Non-SR) molecules generated by SeFMol. (D) Comparison of property distributions for molecules generated by 
different methods and the reference molecules in the test set, including LogP, TPSA, Fsp3, HBA, HBD, and ROTB. The blue dashed line denotes the properties prespecified 
by SeFMol. (E) Comparison of QED and SA for molecules generated by different settings of pretraining (PT) and PG. (F) Comparison of SR for molecules generated by dif-
ferent settings of PT and PG.
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PG to remain active in later stages and brings limited gains in prop-
erties, but the improvement is small. Overall, 50 steps already yield 
a QED-SA distribution comparable to that with 500 or 1000 steps 
while reducing inference cost by 20 times relative to 1000 steps.

Figure 3B displays the success rate (SR) of different methods for 
generating molecules in the test set. SR is a crucial metric for rigor-
ously evaluating the reasonableness of molecular properties and 
affinities, defined as the percentage of molecules that satisfy nine 
physicochemical property constraints, detailed in the “Evaluation” 
section. SeFMol achieved an SR of 11.53%, which is 8.09% higher 
than IPDIFF, demonstrating its superiority in generating molecules 
with reasonable chemical properties. Figure 3C presents a t-distributed 
stochastic neighbor embedding (t-SNE) visualization of the structural 
distribution of successful (SR) and nonsuccessful molecules. SR 
molecules exhibit a highly dispersed distribution, indicating rich 
diversity, whereas some failed samples cluster in the upper left area, 
suggesting shared intrinsic characteristics or similar structural 
defects. These observations imply that the PG strategy effectively 
directs generated molecules to regions with higher SRs. However, 
some molecules remain difficult to correct due to potential biases in 
the pretraining data.

In biology and chemistry, the functional behavior of molecules 
depends on a series of complex and highly refined mechanisms. 
Molecules need to achieve geometric complementarity with specific 
targets to establish efficient interaction patterns while also having 
specific drug-like properties necessary to trigger and execute their 
functions. Figure 3D illustrates the distribution of six key properties 
of molecules generated by SeFMol and baseline models in the test 
set, with dashed lines representing preset property conditions. The 
results demonstrate that molecules generated by SeFMol closely align 
with target values and exhibit low dispersion. This indicates that 
SeFMol achieves high accuracy in controlling molecular properties, 
generating molecules that meet the desired criteria. Other baseline 
methods, lacking property control mechanisms, sample molecules 
with uncontrollable and widely dispersed property distributions. In 
the critical physiological process of crossing the blood-brain barrier, 
this barrier serves as a protective shield for the central nervous sys-
tem using strict screening mechanisms for substances attempting to 
pass through. To penetrate the blood-brain barrier and act on recep-
tors within the central nervous system, the topological polar sur-
face area (TPSA) of a molecule typically needs to be less than 90 Å2 
(11, 37). Figure 3D shows that a substantial proportion of molecules 
generated by the baseline models have a TPSA greater than 90 Å2, 
indicating limitations in controlling this critical property for blood-
brain barrier penetration. In contrast, with an expected TPSA of 
50 Å2, SeFMol generates molecules with values almost entirely below 
90 Å2, concentrated around 50 Å2.

Figure 3E presents the performance of SeFMol and its three 
settings in terms of the QED and SA metrics: without pretraining 
(w/o PT), without PG (w/o PG), and without both PT and PG (w/o 
PT & PG). Overall, SeFMol exhibits the best performance on both 
metrics, whereas w/o PT & PG yields the lowest QED, indicating 
that simultaneously removing these two strategies substantially 
degrades model performance. The QED of w/o PG and w/o PT falls 
between SeFMol and w/o PG & PT, indicating that PT and PG inde-
pendently contribute to performance. However, w/o PT & PG 
performs better on SA than the models lacking only one of the two 
strategies, implying that PT and PG exhibit a synergistic effect. To 
further quantify this phenomenon, we conducted a statistical analysis 

of PG and PT (table S2). For SA, we obtained ΔPG = −0.0393 and 
ΔPT = −0.0323 , indicating that retaining either component alone 
reduces SA, whereas retaining both strategies together yields a positive 
gain ( Δboth = 0.0121 ). The resulting synergy magnitude is ψ = 0.0836 , 
consistent with a both-or-none effect pattern. For QED, ΔPG = 0.0607 
and ΔPT = 0.0343 show that retaining either component alone im-
proves the metric, while retaining both further amplifies the gain 
( Δboth = 0.1259 ). We speculate that the chemical priors learned during 
PT constrain the generative distribution to a more feasible region, 
after which PG performs fine-grained optimization around the target 
properties on top of this prior. Accordingly, for SA, the synthesis-
safety boundary provided by PT effectively prevents the overopti-
mization induced by PG. When PG or PT is used in isolation, one 
typically observes either boundary violations or insufficient optimi-
zation, leading to limited improvements in SA or even degradation. 
By contrast, QED is a weighted composite of multiple factors. PG 
and PT affect these factors in partly overlapping yet partly comple-
mentary ways. Consequently, using either strategy alone improves 
QED, while combining both yields the best performance. Figure 3F 
shows the SR of SeFMol under different settings. The SR of w/o PT 
and w/o PG are both lower than SeFMol but higher than w/o PG & 
PT, suggesting that PT and PG independently have a positive im-
pact on SR, and their combined effect is superior to using them 
individually. In summary, both PT and PG play crucial roles in im-
proving the performance of the model, and their combination yields 
better results.

We then visualized the distributions of common physicochemical 
properties in the pretraining dataset (Molecule3D) and fine-tuning 
dataset (CrossDocked2020). As shown in fig. S9, molecules in the 
pretraining dataset are generally smaller and contain fewer heavy 
atoms, and therefore often fail to fully occupy receptor pockets. By 
contrast, the fine-tuning dataset more frequently contains larger, 
more polar, and less drug-like molecules, resulting in a mismatch 
between the property prior learned during pretraining and the dis-
tribution encountered during finetuning. This mismatch causes the 
pretrained model, relative to the nonpretrained model, to slightly 
underestimate high-affinity ligands, thereby inducing a degree of 
negative transfer in terms of high-affinity metric (table S2). Never-
theless, the pretrained model still outperforms the nonpretrained 
model on the overall evaluation metrics, indicating that pretraining 
remains beneficial on balance.

Reliability and conformational analysis of 
generated molecules
In molecular generation, ideal molecules should have excellent drug-
like properties, stable conformations, reasonable structural distribu-
tion, and reliable interaction patterns. We evaluated the reliability of 
SeFMol by comparing root mean square deviation (RMSD) between 
the molecules generated by each method and their redocked confor-
mations using AutoDock Vina (38). As illustrated in Fig. 4A, the 
RMSD of SeFMol-generated molecules is closer to the reference 
molecules. Furthermore, Fig. 4B shows that SeFMol generates mole-
cules with fewer clashes during the docking process compared to other 
methods, achieving highly competitive results. The success of SeFMol 
in modeling 3D conformations is primarily attributed to its SFRL 
strategy, which constructs reasonable conformations by dynamically 
exploring the optimal spatial positions of molecules within the 
binding pocket, thereby laying the foundation for generating high-
quality molecules.
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Fig. 4. Structure and conformation evaluation of generated molecules. (A) Distribution of RMSD of generated molecules relative to reference molecules. (B) Distribu-
tion of molecule size (heavy-atom count) of generated molecules and reference molecules in the test set. (C) FCD of structural distribution between generated molecules 
and molecules in the training set. (D) Jensen-Shannon divergence (JSD) of interaction type distribution between generated molecules and molecules in the test set. 
(E) Comparison of ring count distributions for molecules generated by different methods. (F) Comparison of the distributions of atomic clash counts between generated 
molecules and protein pockets across different methods. (G) Structure visualization via dimensionality reduction using PCA for molecules generated by different methods 
and the reference molecules in the test set.
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To quantitatively assess the binding rationality of generated mol-
ecules, we compared the ring size and molecule size distributions of 
molecules in the test set with those of molecules generated by different 
methods. Regarding ring size distribution, Fig. 4C shows that mol-
ecules generated by SeFMol tend to form more five-atom and six-atom 
rings. These structures frequently form hydrogen bonds, making them 
crucial substructures in drug design. For larger rings, SeFMol gen-
erates fewer nine-atom and eight-atom rings compared to IPDIFF, 
but relatively more seven-atom rings due to their geometric similarity 
to six-atom rings, which the model struggles to distinguish. Overall, 
SeFMol produces a higher proportion of reasonable five-atom and 
six-atom rings, with fewer large rings. However, the PT and PG 
strategies introduce some less frequent ring structures from the 
training set. The molecule size distribution in Fig. 4D indicates that 
the sizes of the molecules generated by SeFMol closely match those 
in the training set, suggesting that their high affinity is not achieved 
by increasing molecular size but instead arises from a rational gen-
erative mechanism in the molecular design process.

In the SBDD task, it is crucial to preserve the interaction patterns 
between generated molecules and their protein targets (23). Accord-
ingly, we examined whether SeFMol can learn hidden microscopic 
interaction patterns from 3D conformations. Using PLIP (39, 40), we 
characterized seven types of interactions and computed the Jensen-
Shannon divergence (JSD) for each pocket to quantify differences in 
the interaction-type distributions between the generated molecules 
and the reference molecules (41). As shown in Fig. 4E, SeFMol and 
TargetDiff both achieve the best performance with a JSD value of 
0.1401. These results indicate that, although SeFMol optimizes 
binding affinity by adjusting molecular structures, the interaction 
types of its generated molecules remain closely matched to the refer-
ence molecules, thereby supporting the effectiveness of SeFMol in 
learning microscopic interaction patterns.

A common issue with distribution-based learning models is their 
exploration being limited to the training data distribution, resulting 
in generated molecules that resemble those in the training set (42). 
However, in practical applications, the design of lead compounds or 
scaffold molecules often requires structurally novel molecules to 
more effectively address key challenges in drug discovery, including 
enhancing drug activity, reducing side effects, and circumventing 
patented molecular scaffolds. As shown in Fig. 4F, SeFMol ranks 
second in Fréchet ChemNet distance (FCD), slightly behind IPDIFF. 
This result indicates that both SeFMol and IPDIFF effectively over-
come the limitations of the training data distribution and generate 
molecules whose structures extend beyond the original distribution. 
To obtain a more intuitive understanding of structural distributional 
differences, we applied dimensionality reduction and principal com-
ponents analysis (PCA) (43) to visualize the generated molecules. As 
shown in Fig. 4G, the molecules generated by SeFMol and IPDIFF 
exhibit distributions that differ markedly from the training set. Fur-
thermore, SeFMol surpasses IPDIFF in PCA scores. We speculate that 
this is primarily because both models incorporate interaction priors 
that bias them toward exploring high-affinity structures, thereby in-
ducing a shift in the structural distribution.

We further analyzed the relationship between the diversity and 
FCD of the generated molecules. As shown in fig. S3, removing the 
PT, PG, and SFRL strategies from the model increases molecular di-
versity, while novelty measured by FCD decreases at the same time. 
This indicates that when PG and SFRL are used to improve affinity 
and molecular properties, the generation policy tends to exploit a 

small neighborhood of high-scoring structures, thereby sacrificing 
exploration of a broader chemical space and directly reducing over-
all diversity. Meanwhile, this strategy helps the model overcome the 
distributional constraints of the training data and enhances the 
novelty of the generated molecules.

SeFMol customizes molecules for real-world 
therapeutic targets
We used SeFMol for molecular generation targeting real-world thera-
peutic proteins, assessing its capability to capture interaction patterns 
and effectively control the properties of the generated molecules. Two 
real-world therapeutic targets, cyclin-dependent kinase 2 (CDK2; 
PDB ID: 1H00) and rho-associated protein kinase 1 (ROCK1; PDB 
ID: 6E9W), were selected from the Protein Data Bank (PDB) (44). 
These proteins are pivotal in processes such as cell-cycle regulation, 
cytoskeletal remodeling, and tumorigenesis, making them highly 
relevant in drug development. We used PLIP to characterize the 
protein-ligand interactions between these targets and the generated 
molecules. Specifically, we used the original version of SeFMol (with 
its prespecified properties detailed in Materials and Methods), as well 
as versions with prespecified TPSA of 110 and Fsp3 of 1, to generate 
100 ligands for each target. These ligands were then screened on the 
basis of SR to identify qualified molecules.

As shown in Fig. 5 (A and B), the results demonstrate that the 
molecules generated by SeFMol exhibit an improvement in Vina 
score, indicating stronger binding to the targets and the potential to 
enhance drug efficacy. Notably, these generated molecules reproduce 
the interaction patterns of some experimentally active molecules, en-
suring consistency with known effective patterns while also explor-
ing entirely new interaction patterns. These novel interactions, such 
as halogen bonds with Ala215 and salt bridges with Asp216 in ROCK1, 
have not appeared in the active molecule but are rational. In terms 
of drug property evaluation, SeFMol performs remarkably well. 
The generated molecules have reasonable properties, effectively 
balancing key metrics of drug developability while enhancing mo-
lecular affinity for the target, achieving a balance between affinity 
and properties.

We then analyzed the ability of SeFMol to control the properties 
of generated molecules. Figure 5 (C to F) visually depicts the property 
distributions of molecules generated using different pre-specified Fsp3 
and TPSA values. The property distributions of SeFMol-generated 
molecules fluctuate around the specified values, exhibiting an ap-
proximately normal distribution trend. Last, we validated the effec-
tiveness of the SFRL strategy on real-world targets. From the affinity 
correlation analysis in Fig. 5 (G and H), it is clear that molecules 
generated using SFRL have a high-affinity correlation. These observa-
tions demonstrate that the SFRL strategy successfully learns interaction 
principles based on geometric structures, which is crucial for enhanc-
ing the affinity between generated molecules and targets. For more 
case studies on real-world targets, please refer to figs. S11 to S14.

In addition, we used SeFMol to generate molecules for protein 
structures predicted by AlphaFold (3). These structures differ from 
pockets derived from crystal structures in both conformational ac-
curacy and pocket geometry. Figure S10 presents the distribution of 
Vina scores obtained by SeFMol across multiple protein targets. The 
Vina score distribution of SeFMol is consistently shifted toward more 
negative values, with a more favorable central tendency, demonstrat-
ing the ability of SeFMol to generate well-performing ligands for the 
predicted protein structures.
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DISCUSSION
In structure-based drug design, understanding the dynamic interac-
tion patterns resulting from ligand conformational changes is cru-
cial for elucidating the nonstatic interactions between proteins and 
ligands. This understanding can lead to optimized affinity and selec-
tivity of molecules. In this study, we introduced SeFMol, a semi-
flexible molecular diffusion model designed to efficiently generate 
molecules for protein pockets. We conceptualized the denoising pro-
cess of the pretrained diffusion model as a Markov decision process 

using gradient descent to dynamically optimize molecular denois-
ing. Notably, at each step of the denoising process, guidance through 
property conditions mitigates the generation of unreasonable mol-
ecules due to sparse rewards. This ultimately results in molecules 
with both high affinity and desirable drug-like properties during 
the exploration phase. In addition, we implemented a fast sam-
pling strategy that notably reduces the number of time steps in the 
diffusion model, thereby enhancing the efficiency of both training 
and sampling.

A

Active SeFMol

Vina dock: -8.30
QED: 0.49
SA: 0.79
LogP: 3.54
MW: 415.4

TPSA: 82.5
HBA: 7
HBD: 3
Fsp3: 0.24
ROTB: 9

Vina dock: -10.76
QED: 0.72
SA: 0.65
LogP: 3.75
MW: 463.7

TPSA: 70.1
HBA: 5
HBD: 1
Fsp3: 0.50
ROTB: 4

CDK2

Vina dock: -9.70
QED: 0.41
SA: 0.62
LogP: 0.50
MW: 452.6

TPSA: 121.6
HBA: 6
HBD: 3
Fsp3: 0.60
ROTB: 7

SeFMol (target TPSA = 110) 

Vina dock: -10.25
QED: 0.65
SA: 0.64
LogP: 2.20
MW: 375.6

TPSA: 64.6
HBA: 4
HBD: 3
Fsp3: 0.86
ROTB: 2

SeFMol (target  Fsp3 = 1.0)

B

Active SeFMol

Vina dock: -10.67
QED: 0.79
SA: 0.88
LogP: 3.45
MW: 346.4

TPSA: 60.5
HBA: 4
HBD: 1
Fsp3: 0.14
ROTB: 4

Vina dock:  -11.19
QED: 0.67
SA: 0.62
LogP: 3.55
MW: 446.0

TPSA: 61.5
HBA: 6
HBD: 3
Fsp3: 0.52
ROTB: 3

ROCK1

Vina dock: -9.54
QED: 0.60
SA: 0.61
LogP: 2.07
MW: 422.5

TPSA: 117.6
HBA: 4
HBD: 4
Fsp3: 0.45
ROTB: 3

SeFMol (target TPSA = 110)

Vina dock: -8.76
QED: 0.75
SA: 0.60
LogP: 2.84
MW: 322.4

TPSA: 77.8
HBA: 4
HBD: 3
Fsp3: 0.84
ROTB: 3

SeFMol (target Fsp3 = 1.0)

C

D

E

G

F

H

Fig. 5. Evaluation of generated molecules targeting CDK2 and ROCK1. (A and B) Analysis of protein-ligand interactions and molecular properties for active molecules 
and SeFMol-generated molecules under different conditions targeting CDK2 and ROCK1. (C to F) Comparison of the Fsp3 and TPSA distributions of 100 SeFMol-generated 
molecules targeting CDK2 and ROCK1, with all other properties held constant and only Fsp3 or TPSA specified to vary. (G and H) Vina energy correlation analysis for 100 
molecules generated with and without the SFRL strategy targeting CDK2 and ROCK1.
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SeFMol outperforms baseline methods in generating molecules 
with high affinity, desirable drug-like properties, and structural novelty. 
It demonstrates excellent docking performance, achieving superior 
Vina scores through a RL-steered semi-flexible optimization strategy. 
SeFMol enhances binding energies without altering molecular size, 
ensuring that the molecular weight of generated molecules remains 
similar to reference molecules. SeFMol also samples molecules with 
excellent drug-like properties, achieving the highest QED, perform-
ing well in Lipinski, and maintaining competitive SA. With a rapid 
sampling strategy, the inference speed of SeFMol exceeds that of 
other methods, achieving a completion rate of 98.3% and ranking 
first. SeFMol effectively controls molecular properties, ensuring that 
generated molecules meet expected values. The conformations gen-
erated by SeFMol are stable, exhibiting reliable interaction patterns, 
superior RMSD performance, fewer atomic clashes, and the ability 
to form reasonable cyclic structures. SeFMol effectively learns micro-
interaction patterns, retaining interaction types while optimizing 
binding affinity. It is capable of exploring novel structures that deviate 
from training data, which is beneficial for developing lead molecules 
with enhanced activity and reduced side effects. In case studies target-
ing CDK2 and ROCK1, molecules generated by SeFMol demonstrated 
improved affinity and enhanced drug efficacy. SeFMol reproduced 
known interaction patterns and explored new interactions, confirming 
its ability to balance affinity and drug-likeness properties. Although 
the proposed strategies exhibit strong exploratory behavior, SeFMol 
trades some diversity for higher binding energies and improved 
physicochemical properties. This diversity loss stems largely from 
distributional shift and exploitation bias introduced by the PG, PT, 
and SFRL strategies. In the future, we aim to better balance the 
exploration-exploitation trade-off through multiobjective reward 
design and adaptive exploration.

In summary, as a novel molecular generation tool, SeFMol dem-
onstrates substantial advantages. It achieves notable improvements 
in affinity, drug-likeness properties, and stable conformations while 
effectively addressing challenges related to sampling efficiency and 
chemical rationality. Its capability to explore beyond training data 
and generate novel structures positions it as a highly promising tool 
in drug discovery and development.

MATERIALS AND METHODS
Dataset usage
We used the Molecule3D dataset (35) in the pretraining stage. This 
dataset was curated from ground-state 3D geometries in PubChemQC 
(45) and reformatted for deep-learning models. We sampled 1,000,000 
molecules with valid 3D conformations from Molecule3D and com-
puted eight molecular properties with RDKit for PG, including QED, 
SA, LogP, TPSA, HBA, HBD, Fsp3, and ROTB.

In the fine-tuning and optimization stages, we constructed the train-
ing and test sets using the CrossDocked2020 dataset (18). The same 
data preprocessing and splitting as (21) are used to refine 22.5 million 
docking complexes into high-quality docking poses (with RMSD < 1 Å 
between docking poses and ground truth) and diverse proteins (se-
quence identity < 30%). Ultimately, 100,000 protein-ligand pairs are 
employed for training and 100 proteins for testing.

Problem formulation
In the SBDD task, a protein pocket is typically represented as a set of 

N
P
 atoms, denoted as  =

{(
x
(i)

P
, h

(i)

P

)}NP

i=1
 , where x(i)

P
∈ ℝ

3 represents 

the atom position and h(i)
P
∈ ℝ

d denotes the atom type. Simi-
larly, a ligand molecule is represented as a set of N

M
 atoms,  = {(

x
(i)

M
, h

(i)

M

)}NM

i=1
 . The features h are invariant under group transforma-

tions. The positions x in 3D space are SE(3)-equivariant, meaning 
that if the molecule undergoes a rotation or translation, the output 
will transform correspondingly. For simplicity, we represent the li-
gand molecule as M =

[
x, h

]
 , where x ∈ ℝ

NM×3 and h ∈ ℝ
NM×d . The 

objective is to generate ligand molecules that can effectively bind 
to this protein. With the advancement of diffusion models in gen-
erative tasks, these models have also demonstrated strong performance 
in the SBDD task. In molecular diffusion models, the molecular atom 
types and coordinates are represented by Gaussian and discrete dis-
tributions, respectively. This models the molecule as a product of atom 
coordinate distribution and atom type distribution while maintain-
ing SE(3)-equivariance of the generation process.

SeFMol architechture
In this section, we will elaborate on our proposed model SeFMol: a 
semi-flexible molecular diffusion model. Unlike other diffusion-based 
methods in SBDD (29, 30, 46), our objective is to model p

(
M ∣ , y

)
 , 

treating the denoising process as an MDP. Within this framework, 
we incorporate RL to dynamically adjust molecular positions during 
the denoising process, guided by conditioning signals on molecular 
properties. Specifically, we first construct a molecular diffusion model 
conditioned on multiple molecular properties and pretrain it using 
a large dataset of undocked molecules. Subsequently, we introduce 
protein targets as conditions, resulting in a diffusion model condi-
tioned on both molecular properties and protein targets, and fine-tune 
it on a docked molecular dataset. Last, we use RL to simulate the 
protein-ligand interaction binding process, optimizing the denoising 
process of the trained diffusion model to generate molecules with 
both high affinity and desirable drug-like properties. The subse-
quent sections will detail the components, training strategies, and 
sampling process of SeFMol.

Property-guided molecular diffusion process
We select multiple physicochemical properties as conditions, including 
QED ( y1 ), SA ( y2 ), LogP ( y3 ), TPSA ( y4 ), HBA ( y5 ), HBD ( y6 ), Fsp3 
( y7 ), and ROTB ( y8 ). These properties relate to the intrinsic properties 
and binding affinity of molecules. For a detailed introduction to these 
properties, please refer to the “Evaluation” section. These properties are 
embedded by a multilayer perceptron (MLP), defined as follows

The default value of y is set as [1.0, 1.0, 1.0, 50.0, 3.0, 2.0, 0.5, 2.0].
At each time step t in the diffusion process of pretraining and 

fine-tuning phases, small Gaussian noise is added to the atom coor-
dinates and uniform noise to the atom types based on a Markov 
chain with a fixed variance sequence β1, … , β

T

where ⋆ represents proteins as optional input, which are not used 
during the pretraining phase and are incorporated during the fine-
tuning phase.

y =MLP
([
y1, y2, … , y8

])
(1)
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In the forward process, the noise is injected into the molecules 
without property information, thereby preserving their integrity. 
The posterior distribution incorporates the property embedding y, 
ensuring that the generated molecules align with the noise character-
istics while achieving the desired drug-like properties. The posterior 
is defined as follows

where μ̃
�
xM
t,i
, xM

0,i

�
=

√
αt−1βt

1−αt
xM
0,i
+
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αt(1−αt−1)
1−αt

xM
t,i

 , β̃t=
1−αt−1

1−αt
βt , αt =  
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∏t

i=1
αi , c̃
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�
=
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k

 , and c∗
(
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)
= 

[
αt
[
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]
⊙

[
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[
h0,i , y

]
+
(
1−αt−1

)
∕K

]
 . For brevity, 

let [⋅, ⋅ ] denote the concatenation operator, and this definition is also 
used subsequently.

Fast generation process
In diffusion models, the noise schedule is a predefined sequence that 
defines the rate at which information is destroyed and reconstruct-
ed, affecting the training and sampling performance of the model. 
Taking atom positions as an example, we follow previous molecular 
diffusion models (29, 30) and apply a sigmoid schedule to add noise 
to the coordinates. This provides smoother changes at the beginning 
and end of the process and steeper transitions in the middle, which 
is particularly useful for preserving important features in the early 
and late stages. In contrast, we use a variable beta sequence between 
the training and sampling processes to improve sampling efficiency. 
This is achieved by the SE(3)-equivariant GNNs, which effectively 
capture the symmetry and geometric features of 3D molecular 
structures, allowing the model to denoise effectively even with a 
small number of time steps. βt is defined as follows

where a is the starting point of the sigmoid function, and b defines 
its range. β1 and β

T∗ are the initial and final β values, respectively. T∗ 
represents the variable number of time steps. During the training 
process, T = 1000 allows noise to be smoothly added to the data, 
helping the model learn gradual changes in the data distribution. 
During sampling, setting T = 50 to reconstruct βt means each de-
noising step is more intense, avoiding potential detail loss or error 
accumulation with more steps. This increases sampling efficiency by 
20 times without compromising the quality of generated molecules. 
t denotes the current timestep, ranging from 0 to T∗ − 1.

In the reverse process, atom types are first embedded and then 
concatenated with the property embedding y to obtain molecular 
invariant features that contain property information. We then re-
cover the ground truth molecule M0 from the initial noise MT and y, 
approximating the distribution through a neural network

The molecular features and protein features are then input into a 
denoiser ϕθ to predict 

[
x0, a0

]
 , defined as follows

where ϕθ is a denoiser constructed with an SE(3)-equivariant GNN. 
During the pretraining phase, proteins are not used, allowing the 
denoiser to learn latent associations between molecules and 
properties. In the fine-tuning phase, proteins are included, en-
abling the denoiser to model interactions between ligand atoms 
and protein atoms.

Semi-flexible denoising steered by RL
We introduce RL to simulate the dynamic changes of ligands during 
the binding process and to optimize the denoising process of the 
rigid diffusion model, thereby generating molecules with both high 
affinity and favorable drug-like properties. Specifically, we formu-
late the denoising process as an MDP, in which the spatial position 
of ligand is progressively adjusted at each timestep of generation to 
better match plausible binding modes, while the diffusion model pa-
rameters are iteratively updated via policy gradients. Furthermore, 
by specifying target properties for generation, we impose an explicit 
bias on the generated intermediate molecules throughout the pro-
cess, thereby reducing invalid molecule generation and blind explo-
ration caused by sparse rewards. The overall optimization pipeline 
consists of PG, embedding modules, policy network (denoiser), 
value network, reward function, and a KL regularization term that 
constrains the magnitude of parameter updates.

The denoising process of the molecular diffusion model can be 
formulated as an MDP

where st represents the state, at is the action, ρ0 and ρ are the initial 
state distribution and the dynamics, 

[
εx , εh

]
 are the initial noise of atom 

positions and types, δ denotes the Dirac delta distribution, πθ is the 
parameterized policy network, and R

(
st , at

)
 is the reward function.

The state st is defined as the triplet 
(
MT−t , y,

)
 comprising the 

current molecular state, protein pocket  , and target property y. This 
design ensures that the parameterized policy network πθ can account 
simultaneously for binding modes and property requirements, gen-
erating molecules that fit binding pockets and satisfy drug-like 
property criteria. The representation is naturally compatible with 
the denoising logic of diffusion models. The denoising process of 
diffusion models is progressive in nature, and st corresponds pre-
cisely to an intermediate step in that process, perfectly aligning with 
the diffusion paradigm of progressively denoising from an initially 
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noisy state. The initial state s0 is sampled from atomic position noise 
and atomic type noise 

[
εx , εh

]
 , corresponding to the starting point of 

the diffusion model.
To align with the state design, we define the action at to coincide 

with a single denoising step. Given state st , the policy πθ outputs at , 
which directly yields the next molecular state along the denoising 
trajectory ( MT−t−1 ). The action is the direct output of a denoising 
step, enabling tight integration of RL with the diffusion framework 
without auxiliary adapter layers and allowing RL to optimize the 
denoising process directly. At the level of state distributions and 
transitions, since at explicitly specifies the next molecular state, the 
transition is strictly deterministic. Once at is produced, the next 
state st+1 is uniquely determined ( MT−t−1 becomes the new current 
molecular state). Consequently, ρ

(
st+1 ∣ st , at

)
 is characterized by a 

Dirac delta distribution δ . This property simplifies the complexity of 
the MDP and makes the solution process more tractable.

We adopt a standard terminal reward (47, 48) for R
(
st , at

)
 , com-

puting the reward only at the final denoising step ( t = T − 1 ) from 
the generated molecule M0 . For all intermediate steps ( t < T − 1 ), 
the reward is set to zero. However, this choice induces a sparse re-
ward problem, meaning the model receives little informative feed-
back at most steps. We therefore introduce additional molecular 
property priors through specifically designed pretraining condi-
tions to guide the policy network. This narrows the exploration 
space during generation and biases sampling toward high-affinity 
structures, thereby alleviating sparsity. In addition, we introduce a 
KL divergence to constrain the discrepancy between the optimized 
model and the pretrained model, which not only controls the mag-
nitude of policy updates but also helps prevent the model from over-
fitting to the reward and forgetting the knowledge acquired during 
pretraining (48, 49).

Building on the MDP defined above, we present a principled 
integration of diffusion models and RL. Given a specified protein 
pocket and properties, the system maximizes the reward associated 
with the generated molecules, thereby optimizing the molecular dif-
fusion model

where �p(y,) represents the expectation over the joint distribution 
of the desired properties and proteins, �pθ(Mt−1∣Mt ,y,) represents the 
expectation over the distribution of generated molecules under giv-
en conditions.

Training objective
The training objectives of SeFMol are divided into two parts: rigid 
training and SFRL optimization. In the rigid training stage, the 
model is expected to learn the mapping between molecular proper-
ties, proteins, and molecular structures. Thus, the training objective 
is to maximize the reconstruction of input molecules conditioned on 
molecular properties and proteins

where (x)

t−1
 is the atomic coordinates loss, c is a constant term, (h)

t−1
 is 

the reconstruction loss for the atomic types, and x̂0 and ĥ0 are pre-
dicted by the denoiser. The final molecular reconstruction loss is a 
weighted sum of two losses: rec = 

(x)

t−1
+ λ

(h)

t−1
.

The training objective of the SFRL stage is to maximize the re-
ward. We use a method similar to proximal policy optimization (50) 
for gradient clipping in policy gradient updates to constrain pθ and 
pθold . KL regularization is introduced to prevent overfitting the re-
ward and forgetting the pretrained knowledge. In addition, a value 
function is incorporated to reduce the variance of the gradient esti-
mation. The training loss in the SFRL stage is as follows

where γ and η are the weights of the reward term and the KL regu-
larization term, τt =

pθ(Mt−1∣Mt ,y,)
pθold (Mt−1∣Mt ,y,)

 represents the importance sam-

pling ratio, clip
(
τt , 1−ϵ, 1+ϵ

)
 constrains the range of the ratio to 

ensure stability, and ϵ is the clip hyperparameter.

Baselines
We compared our model with eight advanced SBMG models. AR (21), 
Pocket2Mol (22), ResGen (23), and FLAG (24) are autoregressive gen-
erative models, while TargetDiff (29), DecompDiff (30), MolCRAFT 
(32), and IPDiff (31) are one-shot generative models.

Evaluation
Binding affinity
The mean and median of binding affinity-related metrics are calcu-
lated using AutoDock Vina (38). Vina score directly estimates the 
binding affinity of the generated molecules with their respective 
proteins; Vina min estimates the binding affinity after local 
structure minimization; Vina dock reflects the best possible bind-
ing affinity through a redocking process. If the Vina score is close 
to Vina min and Vina dock, then the generated poses are highly fa-
vorable and effectively capture the 3D interactions. High affinity 
measures the ratio at which generated molecules exhibit better Vina 
dock than reference molecules for each test protein. LBE represents 
the contribution of individual atoms in a molecule to Vina dock, 
eliminating the influence of molecular size (23).
Molecular properties
We evaluate the molecular properties from multiple perspectives. QED 
is the quantitative estimation of drug-likeness; SA is the synthetic 
accessibility score; Lipinski measures how many rules the drug fol-
lows the Lipinski’s rule (51, 52); LogP represents the octanol-water 
partition coefficient, and the LogP values of drug candidates typi-
cally range from −0.4 to 5.6 (53); TPSA is the topological polar sur-
face area, and its value is typically less than 90 Å2 (11, 37). HBA and 
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RL = −γadv
⋅ clip + ηKL (14)
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HBD represent the number of hydrogen bond acceptors (no more 
than 10) and donors (no more than 5) (51). ROTB means the number 
of rotatable bonds (no more than 10). Fsp3 is the average saturation 
calculated as the number of sp3 hybridized carbons divided by the 
total number of carbons, and its value is typically greater than 0.47 
(54). Molecular weight: The sum of the atomic weights of all atoms in 
a molecule. To rigorously evaluate the reasonableness of the properties 
and affinities of generated molecules, we introduce the SR metric. This 
metric is defined as the proportion of molecules that meet the following 
nine conditions: Vina dock < −8.18, QED > 0.25, SA > 0.59, −0.4 ≤ 
LogP ≤ −5.6, TPSA ≤140, Fsp3  ≥  0.42, HBA  ≤  10, HBD  ≤  5, 
and ROTB ≤10.
Statistical test
We conduct statistical tests using five metrics to assess the genera-
tive capability. Hit pocket is the number of protein targets in the test 
set for which the model successfully generates molecules. The test 
set contains 100 protein pockets in total. One-sided paired Wilcox-
on signed-rank test ( pW ): A nonparametric test suitable for paired 
comparisons without normality assumptions (55). For each pocket, 
we compute the Vina score difference between generated and refer-
ence molecules and then test whether these differences are less than 
zero. Smaller values of ( pW ) indicate that the observed improvements 
are unlikely to have arisen by chance. In probability of superiority 
( PoSref ), analogous to the common language effect size (56), we 
compute, for each pocket, the proportion of generated molecules 
that achieve a lower Vina score than the reference molecule and 
then average this proportion over all pockets. The metric ranges 
from 0 to 1, and a value above 0.5 indicates that the generated mol-
ecules outperform the standard molecule on average. In MPD, fol-
lowing general principles of effect size analysis (57), we compute, for 
each pocket, the difference between the mean Vina score of the gener-
ated molecules and that of the reference molecule and then average 
these differences over all pockets to obtain the mean effect size (with 
more negative values indicating improvement). In HLE, we take the 
median of all paired differences across pockets, which provides a 
robust effect-size estimate that is less sensitive to outliers (58). For 
HLE, 95% confidence interval is obtained by bootstrapping to quantify 
estimation uncertainty.
Overall
The RMSD between the generated ligand atoms and the Vina redock-
ing conformations measures binding mode consistency, where con-
formations with an RMSD below 2 Å are generally considered to 
be chemically meaningful (59–61). FCD is the distance between 
the training set and the generated molecule set, calculated based on 
the penultimate layer activations of ChemNet, used to measure 
the structural differences between the generated molecules and the 
training set (42, 62).
Sample efficiency
The average sampling time and generation success are used to eval-
uate the sampling efficiency. Time refers to the average time taken to 
generate 100 molecules for each protein in the test set. Generation 
success is the ratio of valid and complete molecules to the prede-
termined sample number.

Supplementary Materials
This PDF file includes:
Sections S1 to S14
Tables S1 to S4
Figs. S1 to S14
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