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Abstract 
Designing high-affinity molecules for protein targets (especially novel protein families) is a crucial yet challenging task in drug 
discovery. Recently, there has been tremendous progress in structure-based 3D molecular generative models that incorporate structural 
information of protein pockets. However, the capacity for molecular representation learning and the generalization for capturing 
interaction patterns need substantial further developments. Here, we propose AMG, a framework that leverages deep reinforcement 
learning as a pocket–ligand interaction agent (IA) to gradually steer fragment-based 3D molecular generation targeting protein pockets. 
AMG is trained using a two-stage strategy to capture interaction features and explicitly optimize the IA. The framework also introduces 
a pair of separate encoders for pockets and ligands, coupled with a dedicated pre-training strategy. This enables AMG to enhance its 
generalization ability by leveraging a vast repository of undocked pockets and molecules, thus mitigating the constraints posed by the
limited quantity and quality of available datasets. Extensive evaluations demonstrate that AMG significantly outperforms five state-of-
the-art baselines in affinity performance while maintaining proper drug-likeness properties. Furthermore, visual analysis confirms the
superiority of AMG at capturing 3D molecular geometrical features and interaction patterns within pocket–ligand complexes, indicating
its considerable promise for various structure-based downstream tasks.

Keywords: structure-based drug design; molecular generation; deep r einforcement learning; interaction modeling

Introduction 
Numerous diseases across the globe continue to elude effective 
treatment. Traditional methodologies employed in drug discovery, 
such as high-throughput screening, are often beset by drawbacks, 
including lengthy t ime frames, substantial financial costs, and
notably high rates of failure [1, 2]. In response, structure-based 
virtual screening (SBVS), a computer-aided drug design method, 
computationally screens large compound libraries to identify 
molecules complementary to target proteins and experimentally
validates those predicted to bind well [3–5], thereby facilitating 
the discovery of new ligands for specific targets. However, the 
molecular libraries available for screening r epresent but a small
fraction of the chemical space [6], with many contained molecules 
exhibiting undesirable physicochemical properties and lo w affin-
ity [7]. This constraint often leads to a form of blind screening, 
where the full potential of the chemical space remains untapped.

In light of the recent strides made in developing deep genera-
tive models [8–12] boasting formidable capabilities in molecular 
generation, there is a promising avenue for establishing depend-
able molecular libraries through this approach. Most molecular 

generativ e models could be classified into ligand-based molecular
generative (LBMG) models [12–16] and structure-based molecular 
generative (SBMG) models [17–23]. Based on the principle that 
molecules with similar structures tend to exhibit similar proper-
ties, LBMG models take a set of molecules with the same targets to 
fine-tune a m odel pre-trained on a large-scale dataset, enabling
the molecular generation against specific targets [24, 25]. Despite 
their efficacy for well-characterized proteins, the applicability 
of LBMG models is still limited for n ew targets or those with
few known ligands [26, 27]. In contrast, SBMG models excel at 
generating high-affinity molecules for unseen targets by l earning
the 3D structures of protein–ligand complexes [28–30], offering a 
promising avenue for de n ovo drug design.

Current state-of-the-art SBMG models, such as atom-based
generation [19–21], have attracted growing interest; however, effi-
cient utilization of chemical rules and empirical knowledge for 
extensive sampling and gener ation of realistic sub-structures
needs further improvement. DecompDiff [22]  and  FLAG [23] adopt 
a fragment-based generation that incorporates chemical priors, 
significantly mitigates the generation of unrealistic substruc-
tures, and enhances the sampling efficiency; however, the sole
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consideration of fragment-level interactions and lack of explicit 
interaction modeling led to poor generalization in generating 
high-affinity molecules. Moreover, reliance on a single pocket– 
ligand complex encoder restricts the potential for pre-training 
(PT) using the extensive chemical space a vailable, thus limiting
the models’ ability to leverage vast datasets for enhancement of
generalization ability and performance. Typically, these models
[19–23] are trained on datasets such as the CrossDocked dataset
[31], which features 22.5 million poses of ligands cross-docked into 
multiple similar binding pockets sourced from the Protein Data
Bank (PDB) [32]. Despite its size, the CrossDocked dataset includes 
only 2,922 pockets and 13,839 ligands. This relatively narrow 
dataset scope severely limits the models’ generalization capabili-
ties, presenting a challenge for the deve lopment of SBMG models
that can generate high-affinity molecules across a broader spec-
trum of protein targets.

To address these limitations, we propose AMG, a framework 
that leverages deep reinforcement learning (DRL) as a pocket– 
ligand interaction Agent to gradually steer fragment-based 3D 
Molecular Generation targeting protein pockets. Specifically, AMG 
incorporates a two-stage training strategy to capture interaction
features explicitly and optimize the molecular generation process.
In the first stage (Fig. 1A), the model is trained on the Cross-
Docked dataset to generate high-affinity molecules for pockets. 
AMG employs a Physics-Informed Interaction Modeling (PIIM) 
module to predict and embed atom-level interaction energies.
Thereafter, in the second stage (Fig. 1B), a DRL-based interaction 
agent (IA) is integrated with the trained model, taking interaction 
energies as actions to steer the generation process at the feature
level. The generation process (Fig. 1C) proceeds in a fragment-by-
fragment manner, leveraging substructures with prior knowledge 
to avoid generating unrealistic substructures. Moreover, a novel PT 
strategy based on contrastive learning and molecular reconstruc-
tion is introduced to enhance the generalization ability of AMG
(Fig. 1D). Extensive experiments conducted on the CrossDocked 
dataset and real-world therapeutic targets demonstrate that AMG 
significantly outperforms representative state-of-the-art base-
lines in affinity performance and surpasses another fragment-
based method in terms of drug-likeness properties. Additionally, 
visual analysis reveals that AMG performs excellently in captur-
ing the 3D molecular geometric features and interaction patterns
of pocket–ligand complexes.

Materials and methods
Dataset usa ge
To pre-train the ligand encoder and decoder, the Collection of 
Open Natural Products (COCONUT) dataset [33] was introduced. 
This dataset was sourced from 53 different data sources and 
included additional molecules collected from literature sets. It 
comprises 406 076 unique molecules (without stereochemistry). 
After filtering out molecules that could not be transformed and 
sanitized using RDKit, 404 397 molecules with 3D structures 
were saved in SDF files. The natural products in the COCONUT 
dataset, having undergone a long process of natural selection, 
often possess unique bioactivities. Their structural diversity and
complexity far surpass many synthetic small molecules, enabling
them to interact with a variety of biomolecules, thus making
them a significant resource in drug discovery. For PT the pocket
encoder, 211 377 proteins with 3D structures were downloaded
from the PDB database [32]. Possible protein binding pockets were 
identified and extracted using Fpocket [34], then filtered based 
on pocket score, druggability, and volume. Finally, all pockets 
with 3D structures were saved in PDB format, resulting in the 

Pocket3D dataset with 277 530 pockets. The CrossDocked dataset
[31], containing 22.5 million pocket–ligand complexes, was used 
for fine-tuning. Following FLAG [23], molecules with a binding 
pose RMSD greater than 1Å or those that RDKit could not sanitize
were excluded. Then, mmseqs2 [35] was used to cluster the data 
at 30% sequence identity. Finally, 100 000 pocket–ligand pairs 
were randomly selected for tr aining, and the test set included 100
pockets from the remaining clusters.

Problem formula tion
In contrast to previous methods [19–21, 23] that use a single 
pocket–ligand complex encoder, we design two separate encoders 
to independently capture the features of pockets and ligands. The 
3D geometries of both pockets and ligands ar e represented by 3D
graphs. A protein pocket is represented asP = {(ai, bi, si)}m 

i =0, where  
m is the number of atoms in the pocket, ai is  the  type  of  atom  
represented by a one-hot vector, bi is the bonding re lationship,
and si ∈ R 3 represents the 3D Cartesian coordinates. Similarly, a 
ligand is represented as L = {(ui, vi, ri)}n 

i= 0. Atom-level interactions, 
defined a s I, are described in detail in Section 2.3.2.  We  formulate  
the generative process for 3D molecular generation as an auto-
regressive model conditioned on 3D protein pock ets and atom-
level interactions. The generative model, denoted as φ, learns the 
conditional probability distribution p(L|P , I). The 3D molecular 
graphs are generated in a fragment-by-fragment manner. A frag-
ment is defined as Fi = (U i,V i,R i), where U i is the set of atoms, V i 
is the set of covalent bonds, and Ri is the set of atom coordinates. 
The generation process is defined as follows:

(Ut,Vt,Rt) = φ(Ut−1,Vt−1,Rt−1,P , I), t > 1 (1)

(U1,V1,R1) = φ(P , I), t = 1. (2)

when t = 1, φ generates fragment F1 = (U1,V1,R 1) conditioned 
on poc ket P and interaction I;  wh  en t > 1, φ generates fra gment
Ft = (Ut,Vt,R t) conditioned o n P , I, and the currently partiall y
generated molecule Ft−1 = (Ut−1,Vt−1,Rt− 1). 

AMG arc hitecture
Separate pocket and ligand encoders
The global positional relationship of complexes can be effectively 
captured using a single pocket–ligand complex encoder, which 
facilitates the placement of generated molecules in appropriate 
locations within pockets. However, the limited quantity and qual-
ity of available data can hinder training, resulting in generated 
molecules with undesirable properties. Therefore, two separate 
encoders, one for pockets and one for ligands, are introduced to
enable PT with extensive and diverse molecules. The first layer in
the pocket and ligand encoders is a linear layer that encodes the
atomic attributes of each atom i in pockets and each atom j in 
ligands into initial embeddings P(0) 

i and L(0) 
j , respectively. The edge 

embedding eij is calculated by encoding pairwise distances using
Gaussian functions [36]. A 3D graph transformer composed of L 
transformer layers [37] serves as the backbone. The scaled dot-
product attention mec hanism in the multi-head self-attention of
the lth layer (1 ≤ l ≤ L) is formulated as follows: 

headm 
Pi 

=
∑

u∈N (i) 

Softmax

(
(WQP(l) 

i )� · WKr(l) 
iu√

d

)
W Vr(l)

iu (3)

headm 
Lj 

=
∑

u∈N (j) 

Softmax 

⎛ 

⎝ (WQL(l) 
j )� · WKr(l) 

ju√
d 

⎞ 

⎠ WVr(l)
ju (4)

where headm 
P i and headm 

L j denote the mth attention h ead, N (i) and 

N (j) are neighbor sets of atoms i and j, P(l) 
i and L(l) 

j are atom
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Figure 1. Overview of the AMG framework. (A) The first training stage of AMG. A pocket–ligand complex is disassembled into individual structures 
to obtain features. These features are fed into the PIIM module to predict atom-atom pair interaction energies. The inter action energies are encoded 
and fused with pocket and ligand features for molecular reconstruction. (B) The second training stage of AMG. A partially generated molecule st is 
processed by encoders with frozen parameters to generate embedding features. An RL-based IA takes these features to perform actions aimed at 
maximizing the reward, with optimization achieved through the PPO strategy. The pocket feature (when t = 1) or molecular feature (when t > 1)  is  
fused with the interaction feature and fed into the decoder to generate the next molecular state st+1. During inference, the RL trainer is not used, and 
the IA’s parameters are frozen. (C) An illustration of one generation step of the fragment-based decoder. (D) The PT strategy for the ligand encoder and 
fragment-based decoder. Slight noise perturbations ar e added to atomic coordinates to create original and augmented views, facilitating ligand encoder 
PT. T he decoder is pre-trained by reconstructing masked molecules.

embeddings. For the r elational information, r(l) 
iu = Concat(P(l) 

i , e (l)iu )

and r(l) 
ju = Concat(L(l) 

j , e (l)ju ). WQ , WK, WV are learnable transfor-
mation matrices and d is the dimension size of embeddings. All 
attention heads are concatenated and further transformed to
obtain the final output.

PIIM module 
Current SBMG models primarily generate molecules by feeding 
encoded complex features into a decoder, neglecting the essential 
interaction information between pockets and ligands. Such
neglect typically leads to the generated molecules that only
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approximate the spatial structure of binding pockets without 
establishing stable interactions. I nspired by docking score
functions [38, 39]  and  PIGNet [40], we conceptualize binding 
affinity as the summation of three interaction types: van der
Waals interaction (EvdW), hydrogen bond interactions (EHB), and 
hydrophobic interaction (EHP). In contrast to PIGNet, which is 
limited to 1D protein and molecule sequence inputs, our proposed 
PIIM module predicts atom-level energy components within a 3D 
structural level, thereby informing the 3D molecule generation 
process. This module is trained by minimizing an auxiliary mean
squared error (MSE) loss, as detailed in Section 2.4. 

Specifically, the vdW interaction term is defined as the sum 
of all potential atom-atom pairwise vdW ener gy contributions
and calculated using the 12-6 Lennard-Jones potential. The vdW
energy EvdW is formulated as follows: 

EvdW =
∑

i,j 

MLPvdW(C)i,j 

⎡ 

⎣
(

d′
i,j 

di,j

)12 

− 2

(
d′

i,j 

d i,j

)6
⎤
⎦ (5)

where C denotes a complex feature formed by concatenating 
encoded pocket and ligand information. The function MLPvdW(·) 
takes C as input and predicts the minimum vdW interaction 
energy, thereby aligning eac h estimated energy component with
its actual counterpart.

The calculations for hydrogen bond interactions EHB and 
hydrophobic interaction EHP follow a same formula: 

ei,j = 

⎧⎪⎪⎪⎨ 

⎪⎪⎪⎩ 

C if di,j − d′
i,j < a1, 

C
(

di,j−d
′
i,j−a2 

a1−a2

)
if a1 < di,j − d

′
i,j < a2, 

0 i  f di,j − d
′
i,j > a2

(6)

where ei,j represents the corresponding atom-atom pairwise 
energy contribution coefficients. The coefficients a1 and a2 are 
predefined, set as 0.7 and 0.0 for hydrogen bond interactions 
and 0.5 and 1.5 for hydrophobic interaction. EHB and EHP are 
calculated as the sum of ei,j. Subsequently, an auxiliary MLP 
serves as the interaction encoder , extracting high-dimensional
interaction features I: 

I = MLPinter(EvdW, EHB, EHP) (7) 

Finally, a feature fusion function, denoted as F ,  is  utilized  to  
derive the ultimate hidden representation Z of a complex: 

Z = F(P, L, I) (8) 

where the poc ket feature P, ligand featur e L, and interaction 
feature I are integrated to form a hidden representation.

DRL-based IA 
To mitigate the generation of unrealistic substructures, we adopt 
a fragment-based generation approach. This approach features a 
decoder that performs the following steps: focal fragment selec-
tion, next fragment prediction, fragment attachments prediction,
and rotation angle prediction (Fig. 1C). Detailed descriptions of 
the decoder are provided in Supplementary Materials. Addition-
ally, this generation approach focuses on fragment-level inter-
actions, which complements the atom-level interaction energies 
mentioned above, thereby improving the affinity of the generated 
molecules. Specifically, we propose a pocket–ligand IA based on 

DRL, tr eating these interaction energies as an action. This enables
AMG to explore optimal affinity and drug-likeness properties in a
step-wise manner, ultimately achieving global optimization.

We formulate a Markov Decision Process (MDP) through the 
application of sequential fr agment-based generation and utilize
the actor-critic [41, 42] pipeline in RL for molecule design. The 
actor network takes the current state st (1 ≤ t ≤ T) of the system 
as input and executes the corresponding action at to maximize 
the reward. The critic network ev aluates the actor’s performance
by considering at, st, and the subsequent state (st+1) from taking 
that action. The action at integrates three interaction ener gy
components: EvdW, EHB,  a  nd EHP, with integer values ranging from
-10 to 0 indicating the intensity of eac h energy component. The
observation state st represents an intermediate state at step t: 

st = D(F(P, Lt−1, MLPinter(at−1))) (9) 

wher e P denotes the pocket featur e, Lt−1 denotes the feature of 
partially generated molecule at step t − 1, at−1 is the action taken 
by the agent at step t − 1. MLPinter takes at−1 as input and outputs 
a high-dimensional interaction feature. D signifies the fragment-
based decoder that transforms a hidden r epresentation into a
molecule.

To achieve multi-objective molecular property optimization, 
we construct a reward function R, which incorporates the Vina 
Score, Quantitative Estimate of Drug-likeness (QED), SA, and Lip-
inski. The re ward function is defined as follows:

R(st) = α · rv(st) + β · rq(st) + γ · rs(st) + δ · rl(st) (10)

where rv, rq, rs, rl represent the normalized scores corresponding 
to each property, weighted by their respective coefficients α, β, 
γ ,  and δ. These weights are predetermined as 1, 0.9, 0.9, and 0.9, 
respectively, to balance their contribution to the overall reward. 
Since intermediate molecules may not be valid, the reward for all
intermediate states st,  whe  re t < T is set to 0 [43]. 

Training pr otocol
PT strateg y
The SBMG models, functioning as conditional generative models, 
are tasked with learning features of both ligands and proteins. 
Their generation process presents challenges in training due to 
its intricate design. T o address this, we propose a Pre-training
strategy based on contrastive learning [44–46] and molecular 
reconstruction. Inspired by the fact that 3D geometric information 
or atomic coordinates affect the position and affinity betw een the
generated molecules and the pockets [44], we consider geomet-
rical perturbations that add slight noise to atomic coordinates, 
enhancing the model’s learning ability for atomic coordinates. 
Specifically, two views, the original geometry and the augmented
geometry, are constructed, and an energy-based model with noise
contrastive estimation (EBM-NCE) [45] is employed to align the 
two views above, facilitating PT of the pocket and ligand encoder. 
For the PT of the decoder, we utilize a molecular reconstruc-
tion task. Similar to FLAG [23], we first extract fragments from 
molecules, then randomly mask some fragments and train the 
model to recover the masked ones. Th e losses for the PT of the
ligand encoder and fragment-based decoder are as follows:

Lligand = Lebmnce + Lfrag + Lfocal + Lattach + Lα (11)
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where Lebmnce represents the alignment loss of the two views via 
EBM-NCE and also serves as the PT loss for the pocket encoder.
Lfrag denotes the cross-entropy loss for fra gment type prediction.
Lfocal is the binary cross-entropy loss for predicting focal atom-
/fragment.Lattach represents the loss for fragment attachment pre-
diction, which aims to maximize the log-likelihood of accurately 
predicting the molecular graph. Lα is the torsion angle prediction 
loss, fitting angles with the von Mises distribution [47]. 

The first training stage of AMG
To capture atom-level interaction information and generate 
molecules with high affinity, we trained our model on the Cross-
Docked dataset. The loss consists of the total interaction energy 
prediction loss, multi-type interaction energy reconstruction loss
and molecular reconstruction loss, formulated as follows:

L = LE + LIR + Lfrag + Lfocal + Lattach + Ld + Lα (12) 

Etotal = 
EvdW + EHB + EHP 

T rotor
(13)

where LE denotes the MSE loss for the prediction of total inter-
action energy, with Etotal defined in Equation (13)  a  nd Trotor repre-
senting the rotor penalty. LIR is an auxiliary loss for reconstructing 
the predicted multi-type interaction energies, which guides the 
training of the interaction encoder. T he molecular reconstruction
loss, similar to the task during the PT phase, is composed of Lfrag, 
Lfocal, Lattach, Ld, Lα . Here  Ld is the loss associated with the prediction 
of distances between atom pairs, contributing to more precise
coordinate predictions.

The second training stage of AMG
The proposed IA is built on the actor-critic architecture. As one of 
the most prominent architectures within reinforcement learning, 
it excels at searching optimal strategies through low-variance
gradient estimates, rendering it highly applicable in various real-
world scenarios [48]. However, in molecular generation tasks, our 
aim extends beyond the mere exploration of new chemical spaces; 
crucially, we seek to generate molecules that are realistically 
meaningful. In essence, while we encourage the model to explore 
new structures, we also expect it to retain, to a degree, the prior
knowledge acquired via self-supervised training. To achieve this,
we employ the Proximal Policy Optimization (PPO) [49] algorithm 
for implementation, which is specifically designed to update poli-
cies in a manner that enhances learning stability and efficiency. 
PPO introduces an objective function that constrains the disparity 
between new and old policies, thereby preventing excessive alter-
ations during polic y updates. This approach mitigates training
instability, facilitates smoother policy updates, and consequently
improves learning outcomes in complex environments.

Consequently, the second stage of training aims to determine 
the optimal policy within the specified MDP using PPO . Initially,
the generator model is parameterized by θ and represented as 
the policy Gθ (st+1|st, at), which controls the transition from the 
current state-action pair (st, at) to the next state st+1. The updates 
to the parameters are guided by the advantag e function, defined
as follows:

AG (s, a) = QG (s, a) − V G(s) (14)

where QG(s, a) is the action-value function that evaluates the 
expected return of taking a certain action a in a given state s. 

VG(s) denotes the state value function that estimates the expected 
return of being in state s. 

PPO proceeds to update the parameters within a trust region 
to prevent drastic policy changes during training, a s given by the
objective function:

J(θ) = EGθc

[
min

(
Gθ (a|s) 
Gθc (a|s) A

Gθc , g(ε, AGθ c )

)]
(15)

g(ε, A) = 

⎧⎨ 

⎩(1 + ε)A  A ≥ 0 
( 1 − ε)A A < 0

(16)

where θc represents the current policy parameters, and ε is a 
hyperparameter that controls the size of the trust region. The
function g(ε, A) ensures that the policy updates are kept within 
a specified range relative to the old policy, effectively r egular-
izing the parameter updates and maintaining stable learning
progress [50]. 

Evaluation metrics 
The evaluation of the generated molecules encompasses various 
aspects including their binding affinity, drug-likeness properties, 
structural properties, and the efficiency of the sampling pro-
cess. Affinity metrics: V ina Score measures the binding affin-
ity between generated molecules and protein targets, calculated
using Qvina [51, 52], with lower scores indicating stronger pre-
dicted binding. High Affinity (HA) represents the percentage of 
generated molecules that exhibit higher affinity compared to 
reference molecules in the test set. Mean Percentage Binding Gap
(MPBG) [53] measures the average performance of the model in 
terms of binding affinity. A smaller MPBG indicates a higher aver-
a ge binding affinity. Drug-likeness properties: QED calculated
by RDKit [54] represents the likelihood of a molecule being a 
viable drug candidate. Synthetic Accessibility (SA) score measures 
the complexity of synthesizing a drug, with values normalized 
between 0 a nd 1. Higher values suggest easier synthesis. Lipinski
(Lip.) counts the number of Lipinski’s Rule of Five [55] criteria met 
by a molecule, which are guidelines for drug-likeness. Structur al
properties: Finger.sim. is the Tanimoto similarity [56], measuring 
how closely the molecular fingerprints of generated molecules 
match those in the tr aining set. Frag.sim. is computed by MOSES
[10], this denotes the cosine similarity between the distributions 
of BRICS fragments [57] of the generated molecules and those in 
the training set. Diversity (Div.) quantifies the structural diversity 
of generated molecules for a given binding pocket, calculated
as 1 − average pairwise Tanimoto similarities. root-mean-square 
deviation (r.m.s.d.) is used to quantify the structural quality of
generated conformations [20]. Sampling efficiency: time mea-
sures the duration required to generate 100 v alid molecules for
a specific binding pocket.

Results 
To rigorously verify the efficacy of the proposed molecular gener-
ative model, we conduct extensive experiments across five critical 
aspects. These experiments are designed to thoroughly examine 
the merits and capabilities of AMG in generative viable molecular 
candidates for therapeutic applications. The evaluation strategies 
are as follows: (1) Properties evaluation of generated molecules. (2) 
Quality analysis of molecular structure. (3) Structural similarity
and diversity analysis. (4) Ablation study. (5) Interaction patterns
analysis on real-world therapeutic targets.

D
ow

nloaded from
 https://academ

ic.oup.com
/bib/article/26/4/bbae531/8222510 by guest on 18 August 2025



6 | Zhang et al.

Table 1. The top 1/3/5/10 molecules (sorted by Vina Score) mean binding energies and drug-likeness properties on the test set. The 
fragment-by-fragment methods a re denoted with 
. The best and suboptimal results ar e labeled with bold and underlined

Vina Score (↓) HA (↑) MPBG (↓) QED (↑) SA (↑) Lipinski (↑) 
Top 1 

Testset −6.986 – – 0.468 0.707 3.908 
Pocket2mol −8.785 88.0% −0.95% 0.517 0.778 4.950 
TargetDiff −9.278 94.0% −1.22% 0.426 0.476 4.420 
DecompDiff −8.485 95.0% −0.99% 0.552 0.656 4.510 
ResGen −8.693 91.0% −0.96% 0.567 0.796 4.940 
FLAG 
 −9.837 96.0% −1.45% 0.436 0.397 4.280 
AMG 
 −10.201 98.0% −1.52% 0.524 0.514 4.820 

Top 3 
Testset −6.986 – – 0.468 0.707 3.908 
Pocket2mol −8.525 82.7% −0.86% 0.525 0.777 4.947 
TargetDiff −8.892 92.3% −1.12% 0.457 0.502 4.453 
DecompDiff −8.116 92.0% −0.78% 0.544 0.660 4.517 
ResGen −8.429 88.3% −0.89% 0.566 0.804 4.913 
FLAG 
 −9.414 93.0% −1.34% 0.458 0.406 4.377 
AMG 
 −9.765 97.3% −1.43% 0.538 0.514 4.893 

Top 5 
Testset −6.986 – – 0.468 0.707 3.908 
Pocket2mol −8.395 80.4% −0.81% 0.528 0.781 4.946 
TargetDiff −8.686 90.8% −1.07% 0.453 0.511 4.446 
DecompDiff −7.946 90.6% −0.72% 0.541 0.662 4.492 
ResGen −8.292 85.6% −0.85% 0.571 0.802 4.912 
FLAG 
 −9.159 90.8% −1.29% 0.468 0.406 4.432 
AMG 
 −9.508 95.8% −1.37% 0.553 0.512 4.910 

Top 1 0
Testset −6.986 – – 0.468 0.707 3.908 
Pocket2mol −8.190 77.1% −0.76% 0.530 0.780 4.941 
TargetDiff −8.370 88.5% −0.10% 0.466 0.523 4.519 
DecompDiff −7.715 86.4% −0.65% 0.539 0.666 4.435 
ResGen −8.083 82.4% −0.80% 0.579 0.800 4.908 
FLAG 
 −8.756 87.3% −1.19% 0.476 0.415 4.493 
AMG 
 −9.102 92.8% −1.27% 0.560 0.515 4.932 

Properties evaluation of gener ated molecules
The primary task of SBMG models is to generate molecules with 
high affinity and proper drug-likeness properties. We first evalu-
ated the performance of AMG and other competitive methods on 
the test set. The results of the top 1/3/5/10 generated molecules
(ranked by Vina Score) are shown in Table 1. Unless specified 
otherwise, the top molecules throughout this paper are ranked 
based on the Vina Score. The Vina Scores of molecules generated 
by AMG surpass the second-ranked FLAG in the top 1/3/5/10 by 
3.7%, 4.49%, 3.81%, and 3.95%, respectively. For a fair comparison, 
the 3D graph transformer was used as the encoder architecture 
for FLAG, which is its latest official implementation and is con-
sistent with AMG. Furthermore, the molecules generated by AMG 
show the best HA and MPBG scores, indicating superior mean 
performance. Despite FLAG achie ving high Vina Scores, it fails
to generate drug-likeness molecules. We speculate that this may
be the result of limited learning capability for intricate fragment
features. AMG, in contrast, benefits from the pre-trained ligand
encoders and the IA, resulting in a significant improvement in
molecular properties, as presented in Fig. 2A. Drug candidate 
screening is a multifaceted process that involves evaluating not 
only their affinity but also their properties. Accordingly, we ranked 
candidates based on their QED and SA scores. The results are pre-
sented in Supplementary Tables S1 and S2, respectively. Table S1 
indicates that AMG is nearly optimal regarding QED and affinity-
related metrics, which suggests a higher likelihood of AMG gen-
erating high-affinity, drug-likeness molecules. We speculate that 

PT with the natural product compounds enhances the ability of 
AMG to generate bioactive molecules. Table S2 results, filtered 
by SA, indicate that Pocket2Mol tends to generate molecules 
easier to synthesize due to its atom-based generation method 
that favors fewer atoms. In this setting, DecompDiff performed 
best on the affinity metric. As fragment-by-fragment generation 
methods, AMG and FLAG occasionally generate molecules com-
posed of a single or very few fragments. Although these molecules 
exhibit high SA, their simple structures often lead to low er affinity.
Notably, when filtered by SA from the top 1 to top 10, we observe
that as SA decreases, affinity-related metrics increase. We believe
that easier-to-synthesize molecules, likely having simpler struc-
tures, may struggle to interact effectively with protein targets.
Therefore, we suggest that future research focus on developing
models that can balance affinity and synthetic accessibility while
exercising caution in generating molecules with overly simplistic
structures.

In addition to the quantitative evaluation of the generated 
molecules, we further visualized the interaction patterns. Two 
distinct pockets within the test set were focused on the following: 
4aaw, where the reference molecule demonstrated a high Vina 
Score, and 1fmc, with a low Vina Score. Our selection criteria for 
molecules generated b y each method were based on identifying
those with the lowest Vina Scores, indicative of higher binding
affinity. To further assess these molecules, we employed CB-Dock2
[58] for re-docking and subsequent visualization. As depicted in
Fig. 2B and 2C, the molecules generated by AMG exhibit lower
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Figure 2. Evaluation of generated molecules. (A) Comparison of QED and SA among the top 1/3/5/10 molecules ranked by Vina Scores generated by 
AMG and FLAG. (B) Interaction patterns and molecular properties of the top 1 molecules generated for 4aaw in the test set. (C) Interaction patterns 
and molecular properties of the top 1 molecules generated for 1fmc in the test set. (D) Comparison of r.m.s.d. between generated geometry and 20 
ETKDG-predicted conformations. (E) Distributions of OCC bond angle between the test set and generated molecules. (F) Distributions of COCC dihedral
angle between the test set and generated molecules.

Vina Scores while maintaining proper molecular properties. An 
intriguing observation from our study is that the molecular struc-
tures generated by AMG closely mimic the shape of the reference 
molecules. This fidelity in replicating the reference molecules’ 
shape underscores AMG’s capability to generate molecular candi-
dates that are not only potent in terms of binding affinity but also 
exhibit structures conducive to effective binding. This outcome
may be attributed to the fragment-based decoder that utilizes
substructures with prior knowledge to explore molecules, thereby
avoiding the generation of unrealistic substructures.

Quality analysis of molecular structure
The generated molecules are expected to possess desired proper-
ties and exhibit high-quality structures at both global and sub-
structure levels. For global-level structure evaluation, we ana-
lyzed the quality of generated molecular conformations. The
ETKDG (classical conformation generation algorithm) [59]  and  the  
UFF force field [60] were employed to optimize the molecules 

generated by each method on the test set. We followed Res-
Gen [20], which generated 20 conformations for each molecule 
using the aforementioned methods, and then calculated their 
r.m.s.d. with the original conformations generated directly from
the generative models. Figure 2D presents the r.m.s.d. distribution 
of each method, with smaller values indicating a higher quality 
of the generated conformation. According to the results, AMG 
can achieve a significant advancement over previous methods. In 
addition to high-quality conformations, the generated molecules 
are expected to be rational at the substructure level. We computed 
the Jensen–Shannon divergence (JSD) of bond and dihedral angles
between the distributions of generated molecules and the test set.
A lower JSD value indicates a better similarity between two distri-
butions. As consolidated in Table 2, AMG performs first or second 
across all angle categories, and FLAG is closel y following. We
visualized the JSD distributions of OCC (Fig. 2E) and COCC (Fig. 2F) 
of the generated molecules. An obvious observation is that AMG 
and FLAG show superior capability in accurately reproducing
the distribution of reference molecules, which demonstrates that
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Table 2. Jensen–Shannon divergence of bond angles (upper part) and dihedral angles (lower part) between the test set and generated
molecules

Pocket2Mol TargetDiff DecompDiff ResGen FLAG
 AMG


CCC 0.308 0.322 0.203 0.299 0.316 0.212 
OCO 0.521 0.486 0.483 0.437 0.361 0.290 
CCO 0.464 0.375 0.260 0.430 0.146 0.237 
OC=O 0.577 0.552 0.456 0.525 0.408 0.304 
CCCC 0.450 0.335 0.300 0.348 0.240 0.278 
cccc 0.575 0.477 0.366 0.536 0.235 0.158 
COCC 0.610 0.580 0.593 0.605 0.598 0.546 
CC=CC 0.468 0.489 0.524 0.398 0.387 0.374 

Table 3. Molecular similarity and diversity analysis on the 
tr aining set

Frag.sim. (↓) Finger.sim. (↓) Diversity (↑) 

Pocket2Mol 0.506 0.278 0.812 
TargetDiff 0.846 0.304 0.846 
DecompDiff 0.916 0.304 0.798 
ResGen 0.711 0.286 0.792 
FLAG
 0.388 0.308 0.857 
AMG
 0.340 0.287 0.859 

fragment-based models can better capture the distribution of 
sub-structures. For the more complex dihedral angle COCC, AMG 
exhibited superior performance compared to FLAG. This may be 
attributed to the advantages derived from enhanced molecular
representation learning capabilities through our PT strategy.

Structural similarity and div ersity analysis
The lower similarity between the training set and generated 
molecules typically indicates that molecular generative models 
have not merely memorized the features and distribution of 
the training set. Instead, they possess the capability to generate 
more innovative and diverse molecules. In our evaluation, we
calculated similarity at both the fragment and molecular levels
using fragment similarity (Frag.smi.) and molecular fingerprint
similarity (Finger.sim.), as detailed in Table 3. As expected, 
the Frag.smi. of AMG-generated molecules is 0.340, notably 
superior to other methods. FLAG ranks second, surpassing 
other methods, indicating that fragment-level generation could 
effectively avoid generating redundant fragments. Due to its 
reliance on chemical priors, fragment-based generation tends to 
yield slightly higher molecular-level similarities than atom-based 
methods. Furthermore, the Finger.sim. of AMG is 0.287, ranking
third and demonstrating superior performance to FLAG. We credit
this to AMG’s utilization of a more diverse library of fragments
constructed from the PT dataset.

In addition to showcasing superior structural similarity, 
AMG also exhibits higher internal d iversity among generated
molecules, as illustrated in Table 3.  It  is  equally  crucial  for  a  
model to generate a diverse range of positive molecules [61]. 
Therefore, we next analyzed whether the models can navigate 
a broad chemical space to generate molecules that possess both 
high affinity and diversity. Specifically, we selected the gener ated
molecules with higher affinity than the reference molecules in
the test set and visualized their distribution using TMAP [62], a 
method that clusters molecules with similar chemical structur es
together. As shown in Fig. 3A, the structural distribution of 
molecules generated by AMG covers the test set and spreads far 

beyond it, illustrating the ability to explore the vast chemical 
space. In contrast, the structural distributions of molecules
generated by TargetDiff, DecompDiff, and ResGen show limited
variability across the reference molecules (Fig. 3B). FLAG also 
excels in exploring the chemical space, albeit prioritizing high 
diversity at the cost of affinity. Conversely, AMG achieves an 
optimal balance, securing the highest levels of both diversity and
affinity (Fig. 3C). We speculate that this is the result of global-level 
optimization by the IA, which explore s molecules with higher
affinity without sacrificing diversity.

Ablation stud y
Existing SBMG models [17–23] typically capture pocket–ligand 
complex features by a single complex encoder, enabling learning 
of the global positional relationship to some extent. However, this 
manner is limited in capturing the local features of pockets and 
ligands, thereby affecting the generation process and ultimately 
compromising the properties of generated molecules. To interpret
the contribution of our pre-trained separate pocket and ligand
encoders, we employed t-SNE [63] to reduce the dimensionality 
of two encoded pocket–ligand complexes in the test set. The pre-
trained separate encoders excel in extracting local features of 
poc kets and ligands, evident from the distinct clustering of com-
plex features into two classes (Fig. 3D). Conversely, the separate 
encoders trained exclusively on the CrossDocked dataset without 
PT (w/o PT), as well as those trained solely on the PT dataset 
without subsequent fine-tuning (w/o FT), were ineffective at dis-
tinguishing these features. Equipped with o nly a single complex
encoder (w/ single encoder), it is difficult to distinguish between
pocket and ligand features, leading to poor drug-likeness of the
generated molecules.

The impact of different encoder architectures on model perfor-
mance is also worth exploring. We used SchNet [64]  and  EG  NN
[65] as the backbone of encoders and visualized the features the y
extracted, as shown in Fig. 3E and 3F. Similar to AMG, the features 
extracted by the pre-trained encoders exhibited distinct cluster-
ing. EGNN efficiently captures geometric symmetries, resulting 
in an orderly clustered distribution in the embedding space. The 
message passing mechanism of SchNet focuses on local features. 
It can effectively distinguish different local structural features of 
proteins and ligands, forming multiple independent clusters. In 
contrast, AMG, taking 3D graph transformer as backbone, relies 
on its self-attention mechanism to capture global dependencies, 
leading to the formation of two distinct clusters. Table S5 shows
the quantitative comparison results of the models constructed
with different encoders. An observation is that AMG excels in
high affinity, while EGNN exhibits a significant advantage in drug-
likeness properties. Since our primary contribution does not lie
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Figure 3. Cluster analysis for generated molecules. (A) TMAP distributions of the test set and AMG-generated molecules with lower Vina Scores than 
reference molecules. Each point represents a molecule, with closer positions indicating greater structural similarity between the molecules. (B) TMAP 
distributions of the test set and molecules generated by FLAG, ResGen, DecompDiff, and TargetDiff. (C) Comparison of diversity and high affinity of 
generated molecules (the closer to the top right, the better the effect). High Affinity is the percentage of generated molecules with Vina Scores lower 
than the reference molecules in the test set. Diversity is calculated after filtering out low-affinity molecules. (D) Visualization of t-SNE dimensionality 
reduction for two pocket–ligand features encoded by AMG using 3D graph transformer encoders. (E) Visualization of t-SNE dimensionality reduction for 
two pocket–ligand features encoded by AMG using EGNN encoders. (F) Visualization of t-SNE dimensionality reduction for two pocket–ligand features
encoded by AMG using SchNet encoders.

in the design of the encoder architecture, we selected the 3D 
Graph Transformer as our backbone, prioritizing high affinity 
and ensuring fairness through consistency with FLAG’s backbone. 
Future research could explore the integration of more advanced 
graph-based encoders, all of which can be seamlessly incorpo-
rated into our framework. Furthermore, Table S5 reveals that
without encoder PT, performance in molecular properties declines
significantly, underscoring the critical role of PT strategy across
different encoder architectures.

To evaluate the impact of IA and PT strategy on model perfor-
mance, we performed a quantitative analysis under different set-
tings. Specifically, we compared the model performance without 
the IA (w/o IA) and without both the PT and IA (w/o PT & IA) to
determine the role of these components. The performance of the
top 5 generated molecules is presented in Table 4, with additional 
results available in Supplementary Table S3. As shown in Table 4, 

the removal of both PT and IA leads to a signif icant decrease
in the Vina Score to −9.196 and the HA to 93.9%, highlighting 
the critical role of these components in enhancing molecular 
affinity. When only the IA module is excluded, the Vina Score
drops from −9.508 to −9.323, the HA decreases from 95.8% to 
94.4%, and the drug-likeness properties also diminish, underscor-
ing the importance of the IA module in improving model perfor-
mance. In contrast, when both modules are retained (AMG), the 
model achie ves optimal performance across all metrics, confirm-
ing the synergistic effect of IA and PT in enhancing overall model
performance.

Furthermore, we investigated the impact of various PT strate-
gies on model performance, specifically examining the effects of 
not PT the ligand encoder (w/o ligand PT), pocket encoder (w/o 
pocket PT), and decoder (w/o decoder PT), as well as the absence
of any PT (w/o PT). The performance of the top 5 generated
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Table 4. Ablation studies of the IA module

Vina Score (↓) HA (↑) MPBG (↓) QED (↑) SA (↑) Lipinski (↑) 

w/o PT & IA −9.196 93.9% −1.28% 0.480 0.437 4.412 
w/o IA −9.323 94.4% −1.33% 0.544 0.501 4.824 
AMG −9.508 95.8% −1.37% 0.553 0.512 4.910 

Table 5. Ablation studies of the PT stra tegy

Vina Score (↓) HA (↑) MPBG (↓) QED (↑) SA (↑) Lipinski (↑) 

w/o ligand PT −8.835 90.2% −1.26% 0.489 0.453 4.650 
w/o pocket PT −9.218 92.6% −1.31% 0.584 0.507 4.912 
w/o decoder PT −9.356 91.0% −1.38% 0.380 0.312 4.230 
w/o PT −9.156 92.4% −1.32% 0.517 0.482 4.798 
AMG −9.508 95.8% −1.37% 0.553 0.512 4.910 

molecules is presented in Table 5, with additional results available 
in Supplementary Table S4. As shown in Table 5, the Vina Score of 
w/o ligand PT is −8.835, the lowest among all strategies, while the 
property metrics QED, SA, and Lipinski show a significant decline 
compared to AMG. This highlights the crucial role of ligand PT 
in improving the Vina Score and drug-likeness properties. The
Vina Scores for w/o pocket PT and w/o decoder PT are −9.218 
and −9.356, respectively, indicating a decline in performance 
compared to AMG, suggesting that PT of the pocket encoder and 
decoder also positively contributes to enhancing molecular affin-
ity. Interestingly, the w/o pocket PT strategy yielded the highest 
QED score at 0.584, slightly surpassing AMG’s score of 0.553,
indicating that omitting pocket PT may enhance the drug-likeness
of molecules. QED is typically used for rough screening, while
a decrease of 1 kcal mol−1 in energy is believed to increase the 
activity of the binding molecule by approximately fivefold [20]. 
Consequently, we prioritize better affinity performance, even if it 
comes at the expense of a slight reduction in QED performance. 
Notably, the drug-likeness properties of w/o decoder PT strategy 
are the poorest, even lower than that of w/o PT strategy. We spec-
ulate that different components of the model collaborate during 
training, and the removal of the decoder PT alone could disrupt 
the alignment between separate encoders and the decoder. Conse-
quently, the latent representations generated by the encoders may 
not be effectively utilized by the decoder, resulting in a decline in 
performance. Conversely, although the w/o PT strategy generally 
performed poorly, the absence of any PT interference might allow
better coordination among the various modules, resulting in some
cases where the w/o PT strategy outperforms the w/o decoder PT
strategy. In conclusion, we maximized the overall performance of
the model through targeted PT strategies, enabling AMG to gen-
erate molecules with high affinity while maintaining favorable
drug-like properties.

Interaction patterns analysis on real-w orld
therapeutic targets
The efficacy of an SBMG model extends beyond merely gener-
ating appropriate molecules for a test set; its true value lies 
in ensuring robust performance in real-world scenarios. Here, 
each model was utilized to generate molecules for real-world 
therapeutic targets and evaluated through quantitative and visual 
analyses. We selected two real-world therapeutic targets, AMPA
(6njl) and AGTR1 (4yay), from the PDB [32], and compared the 
top 5 molecules generated by each method (Fig. 4A). Similar to the 

observations on the CrossDocked dataset, AMG remains optimal, 
while other methods notably decline. By appropriately modeling 
interaction patterns, AMG can authentically capture interaction 
information. Furthermore, through exploration by the IA for high-
affinity molecules, AMG demonstrates outstanding generaliza-
tion capabilities even when dealing with real-world therapeutic
targets. Candidate drugs that adhere to Lipinski’s rule of five often
exhibit lower attrition rates during clinical trials [66], we hence 
compared the average Lipinski scores of the top 5 molecules. 
The Lipinski scores of molecules generated by AMG are notably
higher compared to other methods (Fig. 4B). Pocket2Mol, as an 
atom-based generation method, generates molecules with fewer 
atoms, resulting in higher Lipinski scores and lower affinity. Other 
methods suffer from a relative decrease of Lipinski on real-world 
therapeutic targets due to the absence of pre-trained molecular 
representation learning and optimization in the generation pro-
cess. In addition to molecular property metrics, sampling effi-
ciency is also crucial for generative models. This determines 
whether the model can generate a substantial number of candi-
date molecules within a given timeframe. Therefore, we measured
the time of generating 100 molecules for each target, and the
results indicate that AMG exhibits significantly superior sampling
efficiency (Fig. 4C). Fragment-based generation can circumvent 
the inefficient sampling resulting from individually generating 
atoms, and the generation process optimized through the IA 
can enhance the success rate of generation, thereby improving
sampling efficiency.

The critical step in virtual screening involves visualizing the 
docked pocket–ligand structures and excluding molecules with
undesirable interaction patterns [5]. Therefore, we visualized the 
interaction patterns between real-world therapeutic targets and 
generated molecules to assess their rationality. Specifically, the 
generated molecules with the lowest Vina Score against 6njl

and 4yay were selected for visualization using PLIP [67]  (Fig. 4D). 
Molecules generated by AMG show lower Vina Scores and form 
stable hydrogen bonds (blue solid lines), hydrophobic interactions 
(gray dashed lines), halogen bonds (green solid lines), and salt 
bridges (yellow dashed lines). In comparison, molecules generated 
by other methods have higher Vina Scores and form relativel y
simplistic interaction patterns. We then offered a more intuitive
comparison of the interaction patterns between AMG-generated
molecules and reference molecules (Fig. 4E). It can be observed 
that AMG essentially reproduces the interactions with residues 
involved in the reference molecular interactions (orange) while
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Figure 4. Visualization of generated molecules for real-world therapeutic targets. (A) Comparison of Vina Score for the top 5 molecules generated by 
each method for real-world therapeutic targets 6njl and 4yay. (B) Comparison of Lipinski for the top 5 molecules for 6njl and 4yay. (C) Comparison 
of sampling efficiency (runtime of generating 100 molecules) for 6njl and 4yay. (D) Visualization of interaction patterns for generated molecules 
against real-world therapeutic targets 6njl and 4yay. The gray area represents the protein pocket, molecules predominantly in light blue represent the 
generated molecules, pink denotes residues that can interact with the generated molecules, and the short lines of various colors represent different 
types of interactions that are consistent with PLIP. (E) Analysis of protein–ligand interaction between reference molecules (purple) and AMG-generated 
molecules (light blue) for 6njl and 4yay. The molecules generated b y AMG partially reproduce the residues interacting with reference molecules
(orange) and interact with some new residues (green).

also interacting with some new residues (green). Both quantitative 
and visual analyses demonstrated the excellent generalization of 
AMG in generating high-affinity molecules. For additional exam-
ples of other therapeutic targets, please refer to Supplementary
Materials.

Discussion 
The development of effective 3D molecular generative models 
conditioned on protein pockets represents a critical step forward 
in drug discovery. Here, we have proposed and implemented a DRL 
framework, termed AMG, for 3D molecular generation targeting 
protein pockets. Specifically, we designed a two-stage training 
strategy to achieve this. In the first stage, the model was trained 
in a supervised manner to reconstruct molecules and employed 

a PIIM module to predict and embed atom-level interaction 
energies. In the second stage, a DRL-based IA was integrated 
with the trained model, taking interaction energ ies as actions to
steer the generation process at the feature level. Furthermore, we
incorporated separate encoders for protein pockets and ligands,
along with a robust PT strategy. This dual-encoder architecture
enables AMG to leverage the extensive prior knowledge available
in the pharmaceutical domain.

Given the existence of similar SBDD methods, we briefly 
discuss the novelty of AMG. Currently, the generation of 3D 
molecules can be broadly classified into two categories: atom-
based generation and fragment-based generation. Methods such
as Pocket2Mol [19], TargetDiff [21], and ResGen [20] generate 
molecules at the atomic level, while DecompDiff [22]  and  
FLA G [23] implement at the fragment level. We adopted the
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fragment-based generation approach because pre-constructed 
fragments inherently possess chemical priors, helping to avoid 
generating structures that lack practical significance. Solely 
using supervised learning might result in unreasonable fragment 
combinations, leading to poor drug properties. For instance, 
although molecules generated by FLAG exhibit good affinity, they 
score lo wer on metrics such as QED, SA, and Lipinski. Therefore,
we introduced a PT strategy and RL method to steer the model in
optimizing specific properties of the molecules.

Our experiments have demonstrated that AMG outperforms 
current state-of-the-art SBDD methods. Furthermore, molecules 
generated by AMG exhibit superior drug-likeness properties com-
pared to those generated by FLAG, addressing common short-
comings in fragment-based approaches. Balancing high affin-
ity with drug-likeness properties is crucial for producing viable 
drug candidates. The framework’s capability to generate realistic 
molecular structures further underscores its potential practical 
application in drug discovery. The structural quality of AMG-
generated molecules is reflected in their lower r.m.s.d. values 
and better Jensen-Shannon divergence scores for bond angles 
and dihedrals, confirming that AMG can generate realistic and 
stable molecular structures. Additionally, our method’s ability to 
maintain high diversity while preserving high affinity is vital for 
discovering new therapeutic candidates. The capability of AMG to 
generate high-affinity molecules with stable interaction patterns 
on real-world therapeutic targets highlights its generalizability. 
Visual analysis of interaction patterns confirms that AMG can
replicate and enhance key interactions observed in reference
molecules, making it a reliable tool in practical applications. The
superior Lipinski scores and efficient sampling time of AMG fur-
ther validate its effectiveness in drug discovery. Our ablation study
reveals the significant contribution of the pre-trained separate
encoder and IA to the overall performance of AMG. The ability
of these components to extract and optimize local features of
pockets and ligands enhances the affinity and properties of the
generated molecules.

There are some limitations of the current study. Firstly, the 
PIIM module models the local interactions at the atomic level 
and then steers fragment-based molecular generation with the 
extracted atomic-level interaction features. This approach inte-
grates both local atomic-level and global fragment-level inter-
actions to some extent, resulting in molecules with high affin-
ity. However, the curre nt framework lacks explicit modeling of
fragment-level interactions, which may lead to the inability of
PIIM to adequately simulate certain non-local contributions of
aromatic ring interactions to intermolecular interactions, such as
π − π interactions between aromatic ring systems [68]. In future 
work, researchers could consider more sophisticated and physi-
cally meaningful joint modeling of interactions at both the atomic 
and fragment levels to guide molecular generation/optimization. 
Secondly, as a fragment-based generation method, AMG contin-
ues to face unresolved inherent limitations. For example, when 
generating molecules for pockets with small cavities, AMG tends 
to select just a single fragment from the library to complete the 
generation. This leads to the phenomenon observed in Table S2, 
where the molecules generated by AMG are highly synthesizable 
but exhibit lower affinity due to their simplistic structure. Futur e
research could investigate strategies to circumvent this limitation,
possibly by integrating atom-based and fragment-based meth-
ods for broader applicability. Thirdly, substantial research oppor-
tunities remain in optimizing fragment-based molecular gener-
ation models through reinforcement learning. Currently, while
some studies employing reinforcement learning target SBMGs
[69–71], few focus specifically on fragment-based approaches. 

Although this study presents optimization via an interaction-
based agent approach, opportunities for enhancement remain, 
notably in conducting m ulti-objective optimization to substan-
tially improve affinity and drug-likeness properties.

In summary, drawing inspiration from generative pre-trained 
models and physics-informed pocket–ligand interaction mod-
eling, we propose a robust framework that integrates DRL 
in fragment-based generation to address key challenges in 
structure-based drug design. Its superior performance in affinity 
and drug-likeness, along with high-quality structural generation 
and effective chemical space exploration, positions AMG as 
a promising tool for generating viable drug candidates. The 
inventive use of separate encoders, PT strategies, and an IA 
within the framework ensures its generalization across diverse
protein targets, underscoring its potential for various downstream
applications in drug discovery. Future research could refine
AMG further and broaden its applicability to a wider range of
pharmaceutical areas, thereby amplifying its impact in the field.

Key P oints

• We introduce a reinforcement learning-based interac-
tion agent to progressively steer fragment-based 3D 
molecular generation targeting protein poc kets.

• A dedicated two-stage training strategy is proposed to 
explicitly capture interaction features and optimize the 
inter action agent.

• Two datasets are constructed, including 277 530 3D 
structures of protein pockets and 404 397 3D structur es 
of natural products, for pr e-training our model.

• Evaluations on extensive datasets show the superior per-
formance of our work over other baselines in affinity and 
drug-likeness, confirming its effectiveness in capturing 
3D molecular geometry and inter action patterns.
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