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Abstract 
In de novo drug design, deep learning-based approaches have become essential to efficiently navigate the vast chemical space of drug-like 
molecules. Recently, diffusion-based models have attracted significant attention in the generation of target-binding molecules. However, 
these models have difficulty in simultaneously optimizing the binding affinity and drug-like properties and require high computational costs 
because of the long and sequential denoising process. To address these limitations, we propose the Global and local integrated gradient-

based Diffusion Model (GlintDM). GlintDM introduces a significantly faster denoising process, namely skip transition, by leveraging global 
gradients and local gradients. Due to the fast denoising process, GlintDM can perform the following three phases during the molecule 
generation: position refinement, candidate evaluation, and ligand resampling. These phases allow GlintDM to identify optimal binding

positions to the target protein and generate molecules satisfying multi-objective molecular properties. As a result, GlintDM outperforms

other methods on both the CrossDocked and Binding MOAD datasets for Vina-related scores. Further validation through the PoseBusters

test and assessment of molecular properties, such as steric clash and geometric properties, confirm that GlintDM can generate stable and

high-quality molecules.
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• • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • •

Introduction 
In de novo drug discovery, artificial intelligence (AI)-based methods 
have become powerful tools. For instance, they enable the rapid 
exploration of vast chemical spaces, an otherwise infeasible task using

conventional approaches, thus facilitating the efficient identification

of novel scaffolds with desirable pharmacological properties [1, 2]. 
In de novo drug design, molecular representations are commonly 

categorized into three main approaches: string-based, 2D gr aph-based,

and 3D structure-based methodologies. The string-based approach

[3, 4] represents molecules using SMILES [5] and typically employs 
language models, such as recurrent neural networks [6]. While 
this method enables efficient data handling and large-scale dataset 
construction due to its simplicity, it lacks the ability to encode detailed 
geometric and spatial information crucial for molecular interactions.

In contrast, 2D graph-based methods [7, 8] represent atoms as nodes 
and bonds as edges, allowing the use of graph neural networks 

for molecular modeling. These models can capture structural and 
relational information that extends beyond the capabilities of SMILES, 
yet they still lack the ability to incorporate e xplicit 3D features.

Recently, in 3D structure-based drug design (SBDD), diffusion-based

generative models have demonstrated strong performance and have

been explored through a variety of methodological approaches [9–11]. 
Diffusion models can be broadly categorized into denoising 

diffusion probabilistic models (DDPMs) [12] and score matching with 
Langevin dynamics (SMLD) [13]. DDPM generates new samples by 
progressively removing noise from initial noisy samples. In contrast, 
SMLD assumes that clean data points reside in high-probability 
regions of the data distribution, whereas noisy data points are found 
in low probability areas. Using score matching to estimate the gradient 
of the data distribution, generative models based on SMLD can move

the point of the noisy data toward the high-probability density regions

and generate clean samples. Although some molecular generative

models [14, 15] adopt SMLD, the majority [9, 10, 16, 17] rely on DDPM
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due to the difficulty in directly defining gr adients in the molecular

data distribution.

Despite differences in methodology, both DDPM and SMLD aim 
to iteratively transit data points from T = t to t − 1, resulting in 
substantial computational overhead and inherently slow generation. 
To alleviate the slow diffusion process, denoising diffusion implicit

models (DDIMs) [18] and consistency models (CMs) [19] have been 
introduced. DDIMs accelerate the sampling process of diffusion mod-

els by removing the Markov assumption and introducing a determin-

istic generative path, and CMs leverage consistency regularization to 
enable one-step or a few-step sampling. Although these approaches

significantly reduce the number of diffusion transition steps, DDIMs

still require multiple steps, and CMs may suffer from maintaining

distribution accuracy.

Most diffusion-based molecular generative models utilize 3D 
molecular structures to represent molecules, employing SE(3)-

or E(3)-equivariant neural networks such as EGNNs and SE(3)-

Transformers [20, 21] to process these geometrically structured 
data. Early diffusion-based generative models include EDM [22]  for  
property-conditioned generation, TargetDiff [9] for target-specific 
molecule design, and DiffHopp [16] for scaffold hopping. Building 
upon DiffHopp, TurboHopp [11]  integrates  CMs [19] to accelerate the 
diffusion process and leverages reinforcement learning to improve 
target-related objective scores. However, it is restricted to scaffold

hopping and requires additional training to generate molecules

satisfying multi-objective properties.

Inspired by TargetDiff, several approaches have been proposed to 
enhance target-binding molecule generation, including UniGuide [23], 
BADGER [24], TAGMOL [25], and IPDIFF [26]. Specifically, BADGER, 
IPDIFF, and TAGMOL employ guidance networks to steer the gener-

ation process toward protein-binding ligands. In contrast, UniGuide 
adopts a unified self-guidance approach based solely on geometric

constraints, avoiding the need for additional networks to predict bind-

ing affinity. These models [24–26] have incorporated binding affinity 
information (e.g. gradient guidance or mean shift updates) into the 
latent distribution to approach the proper optimal point. However,

this information was only reflected in the atom coordination distri-

bution, not the atom type distribution.

Diffusion-based models have demonstrated remarkable perfor-

mance in generating ligands with higher binding affinity scores 
compared with string- or 2D graph-based generative models. Despite 
these advances, they exhibit two inherent limitations: (i) substantial 
computational cost and (ii) difficulty in simultaneously optimizing 
multiple objectives (e.g. high binding affinity and drug-likeness). 
Fundamentally, the diffusion process requires a large number

of incremental steps, rendering it computationally intensive and

inherently constrained in its ability to explore the chemical space

globally. Although refinements and resampling techniques have

improved stability and coherence in inpainting and generative tasks,

particularly for ligand–protein complexes [10, 23, 27–31], the necessity 
of numerous diffusion transitions remains a critical bottleneck.

To overcome these drawbacks, we propose a GlintDM—Global 
and local integrated gradient-based Diffusion Model. GlintDM lever-

ages both global and local gradients of atom positions and types 
to accelerate the denoising process, a strategy we refer to as skip 
transition. The introduction of skip transitions significantly reduces the

number of denoising steps, thereby enabling efficient application of

multiple refinements and resampling. In detail, GlintDM follows the

backbone of TargetDiff [9], which is built upon E(3)-equivariant gr aph

neural networks [20], and consists of three distinct phases: position 
refinement to identify optimal binding sites, candidate evaluation to 
discover promising regions of the data distribution, and ligand resam-

pling to generate stable ligands with desirable molecular properties

(Fig. 1). These three phases allow GlintDM to generate stable and multi-

objective molecules for target proteins.

On the CrossDocked and Binding MOAD datasets, GlintDM outper-

formed recently developed methods in Vina-related scoring. Pose-

Busters evaluations and analyses of various molecular properties 
further confirmed that GlintDM can generate stable and high-quality 
multi-objective molecules for target proteins. Moreover, on the Bind-

ing MOAD dataset, GlintDM achieved significantly faster generation

speeds—approximately four times faster than TargetDiff and eight

times faster than TAGMOL.

Methods 
Notations and pr oblem definition

A protein and a ligand are represented as the graph P =  {xp, hp}
and L =  {x , h}, respectively, where x ∈ RN ×3 and h ∈ RN ×F are the 
Cartesian coordinates and F-dimensional feature vectors, respectively. 
To be specific, the feature vector of proteins consists of the atom 
elements (6), amino acid types (20), and backbone indicators (1), and 
the ligand feature vector is the one-hot vector of atom types with 
aromaticity (13). In this work, we treat the protein as having a fixed 
conformation and focus only on protein pocket sites, where atoms 
are within 10 Å region around the reference ligand. Our goal is to 
generate ligands binding to the target protein pocket. In addition, we

translate the complex so that the center of mass (CoM) of the protein

atoms is located at the origin. This places the system in a CoM-free

coordinate frame. This normalization step is essential for establishing

an SE(3)-invariant initial density, ensuring that the diffusion process

is unaffected by global translations and depends only on the relative

geometry of the complex.

Molecular diffusion pr ocess

Given samples from a data distribution q(L0|P), a diffusion model is 
trained to approximate the model distribution pθ (L0|P) to match the 
data distribution q(L0|P). Following DDPM [12], the form of the latent 
variable model is

pθ (L0|P) =
∫

pθ (L0:T |P)dL1:T , (1  )

where L1, L2, ..., LT are latent variables that share the same sample

space as the data L0 ∼ q(L0| P). The diffusion model learns the for-

ward diffusion process, q(L1:T |L0, P), and reverse gener ative process,

pθ (L0:T−1|LT , P). These processes are defined as Markov chains:

q(L1:T |L0, P) = 
T∏

t=1 
q(Lt|Lt−1, P), 

pθ (L0:T−1|LT , P) = 
T∏

t=1 
pθ (Lt−1|L t , P). (2)

To sample the ligand graph L =  {x , h}, we use Gaussian distribu-

tions, N , and the Gumbel-Softmax trick [32], q(h), to model continuous 
atom coordinates x and atom type probabilities h, respectively. Here,
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Figure 1 Overview of GlintDM, illustrating (a) Position refinement: the multiple diffusion procedures are iteratively applied to identify the most probable 
binding site, (b) Candidate evaluation: promising ligand candidates are evaluated and stored in the buffer, (c) Ligand resampling: noisy candidate ligands 
are used as input to the diffusion model, and then new ligands are generated through the denoising process.

we define the ligand distribution as a product of N and q(h): 

q(ht|ht−1) := LogSoftMax(log((1 − βt) · exp(ht−1) + βt · exp(g))) (3) 

q(Lt|Lt−1, P) = N (xt;
√

1 − βtxt−1, βtI) · q( ht|ht−1), (4  )

where β1, ..., β T are fixed variance schedules, and g ∼ Gumbel(0, C).  In  
the Gumbel distribution, the constant C controls the scale of the noise; 
i.e. a larger C increases the likelihood of producing larger noise values, 
whereas a smaller C reduces this likelihood. Although atom positions 
and types are inherently dependent, we assume their distributions to
be independent for mathematical simplicity. Under this assumption,

we efficiently train the neural network to learn both forward and

reverse processes. However, in practice, the two distributions influ-

ence each other within the same network, effectively capturing their

underlying dependencies.

The noisy data distribution q(Lt|L0) of any time step in closed-form 
can be calculated b y the property of the diffusion process:

q(xt|x0) = N (xt;
√

ᾱtx0, (1 −  ̄αt)I), 

q(ht|h0) := LogSoftMax
(
log

(
ᾱt · exp(h0) + (1 −  ̄α t) · exp(g)

))
, (5)

where αt = 1 − βt , ᾱt = ∏t 
s=1 αs, and g ∼ Gumbel(0, 1). 

Using Bayes’ theorem, the normal posterior of atom coordinates and 
atom type probabilities can both be computed in closed-form:

q(xt−1|xt , x0) = N (xt−1; μ̃t(xt , x0), β̃tI) , (6)

where μ̃t(xt , x0) = 
√

ᾱt−1βt 
1−ᾱt 

x0 + 
√

αt(1−ᾱt−1) 
1−ᾱt

xt and β̃t = 1−ᾱt−1 
1−ᾱt

βt . 

q(ht−1|ht , h0) = 
q(ht|ht−1, h0)q(ht−1|h0)∑

ht−1 

q(ht|ht−1, h0)q(ht−1|h0) 

= 
q(ht|ht−1)q(ht−1|h0)∑

ht−1 

q(ht|ht−1)q(ht−1|h0) 
=: c̃t−1(h t , h0), (7  )

where q(ht−1|h0) := LogSoftMax(log(ᾱt−1 · exp(h0) + (1 −  ̄α t−1) ·
exp(g))). 

Algorithm 1 Training procedure of GlintDM 
Schematic overview. This algorithm trains GlintDM by teaching the 
model to reconstruct the original molecular structure from noisy 
samples. At each step, noisy ligand coordinates (xt) and type logits (ht) 
are generated, and the network predicts the denoised estimates (x̂0, 
ĥ0). Finally, the model parameters are updated using a combination of 
coordinate-reconstruction, KL divergence, and atom-type prediction 
losses. 
Require: Protein–ligand dataset {P ,L}, neural network φθ . 

1: for ep in Epoch do 
2: Sample diffusion time t ∈ U(0, ..., T) 
3: Move the complex to make CoM of protein atoms zero

4: Diffuse coordinates: xt = √
ᾱtx0 + (1 − ᾱt)ε

5: Diffuse atom types via Gumbel distribution

6: Predict [x̂0, ĥ0] = φθ ([xt , ht], t, P)

7: Compute posteriors for ĥt−1 and ht−1 according to Equation 6.

8: Compute loss: coordinate MSE + KL + NLL

9: Update θ

10: end for

Training objective 

The forward noising process is implemented by xt = √αtxt−1 + (1 −
αt)ε and ht = LogSoftMax(log(αt · exp(ht−1) + (1 − αt) · exp(g))). The 
reverse generative process is calculated by predicting L̂0 = [x̂0, ˆ h0]. 
Specifically, the neural network φθ (denoiser function) predicts

L̂0 = [x̂0, ĥ0] = φθ ([xt , ht], t, P), and then q(xt−1|xt , x̂0, P ) and 
q(ht−1|ht , ĥ0, P ) are calculated as the reverse process. In short, we can 
train the neural network by parameterizing μθ (xt , P) and cθ (ht , P), 
where three objective functions are used:

L(h) 
t−1 =

∑
k 

c̃t−1(ht , h0)k log 
c̃t−1(ht, h0)k 

c̃t−1(ht, ĥ0)k 
(8) 

L(h) 
NLL = −

∑
i 

hi 
0 log ĥi 

0 (9) 

L(x) 
t−1 = 

1 
2σ 2 

t

‖μ̃t(xt , x0) − μθ (xt , P)‖2 
2 + C 

= γt

∥∥x0 − x̂0
∥∥2

2 + C ≈ ∥∥x0 − x̂0
∥∥2

2 , (10)

where γt = ᾱt−1β2 
t 

2σ2 
t ( 1−ᾱt)2 and C is a constant.
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Algorithm 2 Sampling procedure based on local and global gradients 
Schematic overview. This algorithm samples ligand structures by 
combining global and local gradients: 
(1) a local gradient guiding the transition to the next timestep 
(2) a global gradient directing the estimated final state. 
By integrating these gradients, GlintDM iteratively refines both coor-

dinates and atom types while skipping several intermediate steps. 
Require: Binding-site P, pretrained model φθ 

1: Sample number of ligand atoms and initialize atom coordinates/-

types 
2: for t in T, T − n, .  .  . , 1  do 
3: Predicts denoised [x̂0, ĥ 0] = φθ ([xt , ht], t, P)

4: Sample ht−1 and xt−1 from posteriors according to Equations

6 and 7.

5: Compute local gradients (∇xl, ∇hl)

6: Compute global gradients (∇xg , ∇hg)

7: Intergrate gradients using λt = t/T

8: Update coordinates and types for step t − n

9: end for

Equation 8 is used to learn the probability distribution of ligand 
atom types during the denoising step from T = t to t − 1,  by  align-

ing the estimated probabilities with the reference posterior distri-

bution. Equation 9 captures the atom type probabilities throughout 
the denoising trajectory from T = t to 0. In this case, by minimiz-

ing the negative log-likelihood (NLL) loss, the network φ is trained 
to directly predict atom types of the final state (T = 0)  from  t  he

state (T = t). In summary, Equations 8 and 9, respectively. capture 
global and local transitions in the categorical atom type distribution.

Since xt−1 can be derived from xt and x̂0,  Equati  on 10 facilitates 
accurate reverse inference of the positional distribution. By min-

imizing the discrepancy between the predicted denoised position

x̂0 and the ground truth x0, it effectively captures both global and 
local transitions. Therefore, the final loss function is L = L(h) 

t−1 + 
L(h) 

NLL + L(x)

t−1, and the training details are provided in Algorithm 1

and S1.

Combining global and local gradients

Conventional diffusion models operate by iteratively transitioning 
data from a state at time t to t − 1. A principal limitation of this 
methodology is the requirement for a substantial number of denoising 
steps and inherently restricts an effective global search of the solution 
space. To facilitate a more comprehensive exploration of the vast 
chemical space, it is imperative to consider not only the orientation 
toward the next state but also the final state. Herein, we define these

two gradient vectors as the local gradient (t to t − 1) and the global 
gradient (t to 0), respectively .

Karras et al . [33] demonstrated that the score-based diffusion gen-

erative framework can be implemented via a denoiser function:

Ey∼pdata En∼N (0,σ2I)

∥∥D(y + ε; σ) − y
∥∥2 

2 , 

then ∇l log p(l; σ)  = 
D(l; σ) − l 

σ 2
= ŷ − l

σ 2
, (11)

where y and l are the ground true and noised samples, ε is noise, and

D is the denoiser function (i.e. φθ in GlintDM). 

From Equation 11, the global gradient, ∇lg , can be written as 

∇lt log p(lt; σt) ≈ l̂0 − lt =: ∇lg . (12) 

Using the closed-form posterior mean of DDPM:

μ̃t(lt , l0) = At l0 + Bt lt = lt−1 +
√

β̃
t
ε, ε ∼ N (0, I) (13) 

At :=
√

ᾱt−1βt 

1 −  ̄αt 
, Bt := 

√ 
αt(1 − ᾱt−1)

1 − ᾱt
, (14)

the local gradient, ∇ll, can be written as

E[∇ll | lt , l0] = E[lt−1 − lt | lt , l0] (15) 

=  ̃μt(lt , l0) − lt (16) 

= At(l0 − lt) + (At + Bt − 1) lt (17) 

= At(l0 − l t) + rt lt (18)

≈ lt−1 − lt =: ∇ll, (19)

where rt := At + Bt − 1.  Replaci  ng l0 by its denoised estimate l̂0 gives 

E[∇ll | lt , l̂0] = At(l̂0 − lt) + rt lt (20) 

= At ∇lg + rt lt −−→
t→0 

At ∇lg , (21) 

where, as t→0, βt →0 and thus rt →0, as illustrated in Fig. S1. 
Therefore, combining global and local gradients yields a re-scaled 

ascent along the same score field:

λt∇lg + (1 − λt)∇ll ≈
[
λt + (1 − λt)At

]∇lg (22) 

= ξt∇lg (23) 

≈ ξt∇lt log p(lt; σt), (24)

where λt = t /T and ξt := λt + (1 − λt)At . This combination of the 
two gradients enables the diffusion model not only to follow the local

stepwise transition but also to move globally beyond the immediate

next step.

In our molecular diffusion model, the distributions of atom position

and type, [xt , ht], are regarded as the points in the two distributions.

Given that [x̂0, ĥ0 ] and [xt−1, ht−1] are estimated by the network φθ 
from [xt , ht], we define global and local gradients by leveraging the

finite difference method for xt and reverse KL-divergence for ht: 

∇xl = xt−1 − xt , ∇xg = x̂0 − xt 

∇hl = −  
∂ 

∂ht 
DKL(ht‖ht−1) = − exp(ht)(1 + ht + ht−1) 

∇hg = −  
∂ 

∂ht 
DKL(ht‖ĥ 0) = − exp(ht)(1 + ht + ĥ 0), (25)

where ∇xl and ∇hl are local gradients, and ∇xg and ∇hg are global 
gradients. Specifically, the gradients of atom positions are derived 
from equations (12) and (19), which take a form similar to the finite 
difference method. For atom types, we compute gradients by dif-

ferentiating the reverse KL-divergence, which is more suitable for

categorical distributions. Lines 16 and 17 of Algorithm S2 correspond
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Algorithm 3 Molecule generation procedure of GlintDM 
Schematic overview. GlintDM generates ligands in three stages: 
(1) Position refinement: repeating coordinate-only refinement to obtain 
a plausible pose 
(2) Candidate evaluation: selecting the top-scoring candidate ligands 
(3) Ligand resampling: regenerating final ligands with similar proper-

ties as candidates 
Require: Binding site P, pretrained GlintDM 

1: Initialize skip interval n, top-N size, buffers 
2: ## Position refinement 
3: Initialize xT ∼ N (0, I) 
4: for each refinement step do 
5: Initialize hT using Gumbel sampling 
6: Perform coordinate refinement via GlintDM.Sampling 
7: Update xT ← x̂0 
8: end for 
9: ## Candidate evaluation

10: Extract top-N candidate ligands

11: ## Ligand resampling

12: for each candidate do
13: Apply resampling noise to ĥi

0
14: Generate final [x̂0, ĥ0] using GlintDM.Sampling

15: Append to NewLigands

16: end for
17: return NewLigands

to the combination of global and local gradients for atom positions

and types, respectively. In the atom-type gradient, the global gradient

is normalized to account for the large discrepancy between atoms at

T = t and T = 0. 

Skip tr ansition

In the standard denoising (reverse) process, a model performs step-by-

step transitions from time step t to t − 1, focusing solely on local noise

removal between states Xt and Xt−1. However, when both global and 
local gradients are available—with the global gradients guiding the 
direction toward the final state and the local ones toward the next 
state—some intermediate transitions can be skipped. This enables 
the model to b ypass redundant transitions, significantly reducing the

number of denoising steps. GlintDM adopts this strategy by combining

global and local gradients and adaptively adjusting the step size based

on the current time step t (Fig. 2 and Algorithm 2 and S2). We refer 
to this global- and local-gradient-based transition mechanism as skip
transition. The skip transition directly moves from time step t to t−n, 
and effectively skipping n − 1 intermediate steps. The value of n thus 
controls the acceleration of the denoising process.

GlintDM 

The skip transition mechanism significantly reduces the number of 
denoising steps, enabling efficient integration of multiple refinement 
and resampling procedures. To fully exploit these advantages,

GlintDM is structured into three sequential phases: position refinement,

candidate evaluation, and ligand resampling (Fig. 1 and Algorithm 3 
and S3). In the position refinement phase, the model identifies the 
most probable binding site on the target protein. The candidate 
evaluation phase selects promising ligand candidates that satisfy

multiple objectives. Finally, the ligand resampling phase generates

Figure 2 Global and local gradients-based denoising procedure, where 
only a few denoising transition steps a re used to reach the optimal point.

new ligands that are both structurally stable and chemically similar

to the selected candidates.

Position r efinement
The goal of the position refinement phase is to identify the optimal 
binding sites. During this phase, multiple denoising processes are 
performed iteratively, where the output position generated at each 
iteration is reused as the input for the subsequent iteration. Specif-

ically, in each iteration, the model uses only a few skip transitions 
for the fast denoising process (e.g. GlintDM performs 10 iterations 
with five skip transitions per iter ation). As a result, while the initial

iterations operate on highly noisy input positions, the inputs become

progressively refined over time. This iterative refinement gradually

shifts the model’s goal from denoising in the early stages to accurately

localizing binding sites in the later stages. Consequently, repeated

diffusion procedures allow the model to find increasingly stable and

precise binding sites.

Candidate evaluation 
Although position refinement identifies probable binding sites, the 
resulting molecular properties ultimately depend on the ligand 
itself. In essence, discovering ligands satisfying target properties 
corresponds to identifying promising regions in the data distribution. 
Therefore, it is crucial to evaluate the ligands generated in the previous

phase and select the most promising candidates. For that, we define

a scoring function that accounts for multiple desirable molecular

properties:

r(L|P) = vina(L|P) × Min(QED(L), QEDmax)× 

Min(SA(L),S Amax) (26)

where vina(L|P) is the Vina score computed by AutoDock Vina [39], 
and QED and SA represent the quantitative estimate of drug-likeness

[40] and synthetic accessibility [41], respectively. Inspired by the
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geometric mean, the properties are combined multiplicatively rather 
than additively to yield a balanced overall score. The scoring function

is used to select the most promising ligands as candidates.

Ligand r esampling
In the ligand resampling phase, GlintDM generates diverse ligands 
while preserving the key properties of the candidates. When the atom-

type probabilities and positions of the candidate ligands ([x̂0, ĥ0]) are 
used as input, noise is added only to ĥ0, w hile x̂0 remains unper-

turbed. This enables the sampling of ligands with high molecular 
property values at stable positions. Note that the scoring function is

not used during this phase to select ligands with higher scores.

Results 
Datasets 

We utilized two 3D protein–ligand datasets: CrossDocked [42] and 
Binding MOAD [43], following the preprocessing and data split proto-

cols described by Guan et al. [9] and Schneuing et al. [10], respectively .
The original CrossDocked dataset contains ∼22.5 million docked 

protein–ligand pairs with varying binding quality. Guan et al. [9] 
removed complexes whose binding pose RMSD exceeded 1 Å, and 
clustered protein sequences at 30% sequence identity. From the result-

ing subset, 100 000 protein–ligand pairs were randomly selected for

training, and 100 nonoverlapping proteins were reserved for testing

(Table S2). 
The Binding MOAD dataset [43] was curated following the 

procedure of Schneuing et al. [10], where ligands with QED > 0.3 
were retained, atom types were restricted to C, N, O, S, B, Br, Cl, P, I, F, 
and complexes containing nonstandard amino acids were removed. 
To mitigate redundancy, no more than 50 ligands were randomly 
sampled per chemical component identifier (three-letter-code). After 
excluding corrupted entries, the resulting dataset comprised 40 344 
training pairs, 246 validation pairs, and 130 testing pairs. In our

experiment, we removed validation and test complexes that appeared

in the CrossDocked and those with a Vina score <10. After this filtering,

144 pairs were retained as the final test set for the Binding MOAD

benchmark (Table S3). 
In both datasets, binding pockets were defined as the set of residues 

with at least one atom located within 10 Å of any ligand atom. The 
100 000 tr aining pairs from CrossDocked were used to train GlintDM,

while the test sets of CrossDocked and Binding MOAD were used for

its evaluation.

Evaluation 

We evaluate GlintDM and baseline methods (details in “Benchmark

models” of the supplementary material) for both binding affinity and 
following molecular properties: Vina Score, Vina Min, Vina Dock, 
and High Affinity (HA) for binding affinity evaluation and QED, SA,

and diversity for molecular properties (details in “Metrics” of the

supplementary material). Following Dorna et al. [25], we evaluate 
the trade-off between drug-likeness and binding affinity using the

following thresholds: QED ≥ 0.4, S A ≥ 0.5, and Vina docking score ≤ 
–8.18 kcal/mol. The proportion of valid molecules meeting all three 
criteria is reported as the Hit Rate (HR).

Intermolecular interactions between the protein and the ligand 
may induce the ligand to adopt a specific folded conformation, which 
in turn can lead to structural instability, such as abnormally short 

or long interatomic distances. While most folded conformations in

existing datasets are physically acceptable, 3D molecular generative

models often produce unstable molecules that deviate from such

conformations. To address this, most 3D generative models [9, 17, 
23, 25, 26] employ OpenBabel [44] to construct complete molecules 
from generated atom types and coordinates. Although OpenBabel 
can refine unstable structures to some extent, it remains critical for

generative models to directly generate structurally stable molecules

without excessive reliance on post-processing.

Following the definitions proposed by Satorras et al. [45], atom 
stability is defined as the percentage of atoms maintaining chemically 
valid distances with neighboring atoms, whereas molecule stability 
refers to the percentage of molecules composed entirely of such stable 
atoms. Additionally, we define the validity rate as the percentage 
of generated molecules that can be successfully processed by Vina

among all generated samples. This criterion is more stringent than

a simple validity check, because some molecules, which successfully

pass rdkit.Chem.SanitizeMol, may still fail to yield the Vina score.

A steric clash occurs when the distance between a protein atom and 
a ligand atom is shorter than the sum of their van der Waals radii,

indicating an energetically unfavorable and physically implausible

conformation. As reported by Harris et al. [46], diffusion-based genera-

tive models are prone to producing molecules with such steric clashes, 
although subsequent re-docking procedures can partially alleviate

these issues.

Buttenschoen et al . [47] introduced PoseBusters, a validation frame-

work designed to assess the physical plausibility of AI-generated pro-

tein–ligand docking poses. While primarily developed for docking 
evaluation, PoseBusters can also be applied to validate ligand struc-

tures generated for specific protein targets. The specific validation

criteria are summarized in Table S1. 
To assess geometric fidelity, we follow Guan et al. [9] and evaluate 

three key geometric properties against the reference dataset, Cross-

Docked: (i) the empirical distributions of all-atom and carbon–carbon

bond distances, (ii) the Jensen–Shannon divergence (JSD) [48] between 
bond distance distributions, and (iii) the empirical distributions of ring 
sizes.

GlintDM 

GlintDM requires just 70 denoising steps in total: 50 for position refine-

ment—organized into 10 iterations with five skip transitions each— 
and 20 for ligand resampling. This is a remarkably small number

compared with the baseline model, TargetDiff, which requires 1000

denoising steps.

We design two variants of GlintDM: GlintDM-Mono and GlintDM-

Multi. In the candidate evaluation phase, GlintDM-Mono uses only the

Vina Score as the scoring function, whereas GlintDM-Multi employs

Equation 26 for multi-objective optimization. The former focuses on 
generating ligands with high binding affinity, while the latter aims

to generate ligands that satisfy both high affinity and drug-likeness

properties.

Hyperparameters of the diffusion network are the same as Target-

Diff, and the additional hyperparameters are in Table S4.  We  trained  
GlintDM using a single NVIDIA GeForce RTX 3090 GPU without par-

allel processing. The experiments were conducted on a workstation 
equipped with dual Intel(R) Xeon(R) Gold 6230R CPUs (two sockets, 26

cores per socket, 104 threads in total) running at 2.10 GHz, and 502 GB

of system memory.
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Table 1 In CrossDocked, comparison of GlintDM with benchmark models across various metrics, where bold indicates the best performance, and HA and HR are high-affinity 
and hit rate, respectively. All benchmark results were reported as provided in the respective original papers, except for A R, Pocket2Mol, TargetDiff, and DecompDiff, whose 
results were obtained from [25]. “−” indicates no reported score in the original paper.
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Metrics Vina Scor e ↓ Vina Min ↓ Vina Dock ↓ QED ↑ SA ↑ Diversity ↑ HA (%) ↑ HR (%) ↑ 

Group name Mean Med. Mean Med. Mean Med. Mean Mean Mean Mean Rate 
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Test set CrossDocked −6.36 −6.46 −6.71 −6.49 −7.45 −7.26 0.48 0.73 – – 21 
Non-Diff. AR ([7]) −5.75 −5.64 −6.18 −5.88 −6.75 −6.62 0.51 0.65 0.70 37.9 12.9 

Pocket2Mol ([8]) −5.14 −4.70 −6.42 −5.82 −7.15 −6.77 0.56 0.74 0.69 48.4 24.3 
Diff. BindDM ([34]) −5.92 −6.87 −7.29 −7.34 −8.41 −8.37 0.51 0.58 0.68 64.8 − 

TargetDiff ( [9]) −5.47 −6.30 −6.64 −7.04 −7.91 −7.96 0.48 0.58 0.72 58.1 20.5 
DecompDiff ( [17]) −4.85 −6.03 −6.76 −7.09 −8.48 −8.50 0.44 0.59 0.63 64.4 24.9 
DECOMPOPT ([35]) −5.87 −6.81 −7.35 −7.72 −8.98 −9.01 0.48 0.65 0.60 73.5 – 
IPDiff ([26]) −6.42 −7.01 −7.45 −7.48 −8.57 −8.51 0.52 0.61 0.74 69.5 − 

Diff. + guidance TAGMOL ( [25]) −7.02 −7.77 −7.95 −8.07 −8.59 −8.69 0.55 0.56 0.69 – 27.7 
UniGuide ([23]) −5.07 – −6.62 – −7.91 – 0.57 0.64 – – – 
BADGER ( [24]) + TargetDiff −7.70 −8.53 −8.33 −8.44 −8.91 −8.84 0.46 0.50 0.78 70.2 – 

SDEs + RL DiffAC ([36]) −9.07 −9.04 – – – – – – – – – 
Flow matching FlexSBDD ( [37]) −6.64 −7.25 −8.27 −8.46 −9.12 −9.25 0.58 0.69 0.76 – – 
Bayesian + Flow Network MolGRAFT-large ([38]) −6.61 −8.14 −8.14 −8.42 −9.25 −9.20 0.46 0.62 0.61 – – 
Ours GlintDM-Mono −9.41 −9.52 −9.93 −9.98 −10.41 −10.47 0.48 0.48 0.60 92.0 21.2 

GlintDM-Multi −7.60 −7.84 −8.19 −8.24 −8.90 −9.03 0.60 0.60 0.68 75.4 47.4 
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Table 2 Comparison of GlintDM with baseline models on the Binding MOAD dataset across multiple metrics, where bold indicates the best performance. Metrics include validity rate, 
molecule stability (MS), atom stability (AS), high-affinity rate (HA), hit rate (HR), and time. All baseline results were reproduced using our implementation
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Metrics Validity ↑ MS ↑ AS ↑ Vina Scor e ↓ Vina Min ↓ QED ↑ SA ↑ Diversity ↑ HA (%) ↑ HR∗ (%) ↑ Time∗∗ (sec) ↓ 
Group name Rate Rate Rate Mean Med. Mean Med. Mean Mean Mean Mean Rate Mean 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Test set Binding MOAD – 0.446 0.943 −6.75 −6.67 −7.46 −7.43 0.53 0.69 – – 25.0 – 
Diff. TargetDiff [9] 0.905 0.446 0.944 −6.01 −6.45 −6.93 −6.95 0.56 0.62 0.77 43.1 22.7 1240 

DiffSBDD [17] 0.849 0.143 0.737 12.73 0.68 −1.14 −3.72 0.46 0.61 0.84 3.2 1.0 264 
Diff. + guidance TAGMOL [25] 0.864 0.352 0.932 −7.92 −8.17 −8.52 −8.37 0.61 0.59 0.72 56.8 32.3 2463 
Ours GlintDM-Mono 0.990 0.490 0.960 −7.75 −8.91 −9.09 −9.35 0.59 0.55 0.66 72.3 34.2 299 

GlintDM-Multi 0.993 0.540 0.961 −7.19 −8.16 −8.37 −8.56 0.65 0.61 0.71 66.3 47.5 299 
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
∗HR uses Vina min score instead of Vina docking score. ∗∗Time indicates the average time t o generate molecules per one target pocket.

CrossDocked and binding MOAD

For the CrossDocked benchmark (Table 1), both variants of GlintDM 
achieved high binding affinity (Vina-based metrics) and multi-

objective evaluation (hit rate) compared with other recently devel-

oped methods. Notably, GlintDM-Mono significantly outperforms 
existing benchmark methods across all Vina-based metrics. In 
particular, the hit rate of GlintDM-Multi reaches 47.4%, indicating

that nearly half of the generated molecules satisfy strict thresholds for

drug-likeness. This result highlights the effectiveness of GlintDM in

multi-objective molecular generation.

In the Binding MOAD benchmark (Table 2), GlintDM also achieved 
high both binding affinity and hit rate compared with other methods. 
Remarkably, only GlintDM attains a validity rate exceeding 0.990, 
while all other benchmark models fail to surpass 0.91. In particular, 
although TAGMOL achieved a similar performance with GlintDM-

Multi in Vina-related scores, it shows a relatively low validity rate 
(0.864), molecule stability (0.352), and atom stability (0.932). These 
results indicate that it failed to generate valid and stable molecules

in some challenging test cases. Considering that the high hit rate

reaches (47.5%), validity rate (0.993), molecule stability (0.540), and

atom stability (0.961) of GlintDM-Multi, it demonstrates the ability to

generate high-quality molecules even for challenging protein targets,

outperforming competing models.

To assess the generality of GlintDM across diverse protein families, 
we summarized the evaluation metrics according to the PDB protein 
classification. Due to the large number of fine-grained PDB categories, 

we grouped them into broader major protein classes (Tables S2 and 
S3). As shown in Tables S5 and S6, GlintDM successfully generated

appropriate molecules for all major classes except for the “Cell adhe-

sion/invasion” category in the Binding MOAD dataset. Among proteins

in the “Cell adhesion/invasion” category, PDB ID: 4F8L exhibits a

highly unfavorable binding environment, where the reference lig-

and achieves a Vina score of only −1.077. Consequently, the gener-

ated molecules for the “Cell adhesion/invasion − 4F8L” target exhibit 
an appropriate Vina score (–3.913). These results demonstrate that 
GlintDM exhibits strong generalizability and robustness across a wide

range of protein classes.

In addition, we compared the time required to generate molecules 
for a single target pocket across GlintDM and all benchmark methods. 
The batch size was set to 100 for all methods except TAGMOL, for

which a batch size of 35 was used due to GPU memory constraints. As

shown in Table 2, GlintDM generates molecules approximately four 
times faster than TargetDiff and eight times faster than T AGMOL.

Specifically, on average, both GlintDM-Mono and Multi required 59 (± 
16) seconds for the refinement phase, 215 (± 112) s for the candidate 
generation phase, and 25 (± 6) s for the candidate evaluation phase. 
These results indicate that although GlintDM itself is computationally 
efficient in generating molecules (84 s), the computation of Vina 
scores—highly dependent on the size and complexity of protein struc-

tures—remains the primary runtime bottleneck (215 s). In contrast,

QED and SA calculations add negligible computational cost, resulting

in nearly identical runtimes for GlintDM-Mono and GlintDM-Multi.
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Table 3 Comparison of GlintDM and baseline models in terms of their ability to stably generate high-quality ligands in the CrossDocked. Metrics include molecule stability, 
atom stability, validity rate, average steric clashes, novelty, and scaffold novelty. The best scores are highlighted in bold
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

AVG. molecule 
stability 

AVG. atom 
stability 

Validity rate AVG. Steric 
Clashes 

Novelty Scaffold no velty 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

CrossDocked 0.430 0.937 – 8.28 – – 
GlintDM-Multi 0.543 0.967 0.994 7.02 0.985 0.951 
GlintDM-Mono 0.457 0.966 0.965 9.56 0.992 0.977 
TargetDiff 0.439 0.949 0.923 12.89 0.940 0.838 
TAGMOL 0.354 0.936 0.92 9.73 0.968 0.915 
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

Overall, GlintDM demonstrates an ability to rapidly and effectively

explore regions of chemical space.

Ligand quality 

To evaluate the ability of GlintDM to generate chemically and struc-

turally stable ligands, we compared its performance with TargetDiff

[9], TAGMOL [25], and the CrossDocked test set. As shown in Table 3, 
GlintDM variants generate molecules with higher stability than even 
the reference dataset, in terms of both atomic and molecular stability. 
To assess the model’s distribution learning c apability and to ensure

that it does not merely memorize training examples, we evaluated

both Novelty and Scaffold Novelty (details in the “Novelty” of the

Supplementary file). Across both metrics, GlintDM achieves the highest 
degree of novelty among all compared methods. In addition, over 50% 
of the molecules generated by GlintDM-Multi are composed entirely of

stable atoms and show lower steric clash scores on average than the

reference dataset (Fig. S2). 
We also used the PoseBusters framework [47] and three geometric 

metrics (atom-wise distance, bond-type distribution, and ring-size dis-

tribution) to evaluate structural plausibility against the Cross-Docked

dataset. In the PoseBusters checklist (Table S7), GlintDM-Multi showed 
the most consistent scores with reference molecules. Moreover, across 
the three geometric properties, the GlintDM variants achieved the best

or second-best performance (Tables S8 and S9 and Fig. S3). These 
results indicate that GlintDM (especially Glint-Multi) is capable of 
generating ligands that not only satisfy multi-objective properties but

also exhibit high structural stability.

Ligand design for a human disease target

To assess the translational potential of GlintDM for the discovery 
of therapeutic ligands, we evaluated its performance on a clinically 
relevant target: the cystic fibrosis transmembrane conductance reg-

ulator (CFTR), whose genetic dysfunction underlies cystic fibrosis.

Structural complexes of CFTR bound to GLPG1837 and Ivacaftor (PDB

IDs: 6O1V and 6O2P, respectively), as reported by Liu, Fangyu, et al.

[49], served as reference models. Using the protein structures from 
6O1V and 6O2P, GlintDM generated two new compounds, referred to 
as New Drug A and New Drug B (details in “Ligand generation protocol

for a human disease target” of the supplementary material). When 
analyzed using PyMOL [50], these compounds have more hydrogen 
bonds than reference drugs, as depicted in Fig. S4. Specifically, New 
Drug A established three hydrogen bonds with CFTR (residues TYR304, 
PHE305, and SER308), compared with two by GLPG1837 (TYR304 and 
SER308). Likewise, New Drug B engaged TYR304, GLY930, and PHE931 
through three hydrogen bonds, whereas Ivacaftor formed a single

hydrogen bond. In addition, the GlintDM-generated ligands exhibited

favorable QED and SA scores, and lower Vina binding scores than

the reference drugs (Fig. S4). Taken together, these findings indicate 
that the GlintDM-generated compounds ma y serve as promising can-

didates for therapeutic development.

Ligand design in noncanonical conditions

Most existing drug generative models have primarily focused on 
predefined canonical ligand-binding pockets, which are orthosteric 
binding sites derived from holo protein structures. However, practical 
drug discovery often involves noncanonical conditions, such as targets 
with only an apo structure or with an allosteric pocket, which is a spa-

tially distinct regulatory site separate from the main binding pocket.

To evaluate the robustness of GlintDM under these non-canonical

conditions, we applied our model to two challenging cases: allosteric

pockets and apo protein structures.

Allosteric pock ets
The ASBench Core-diversity set [51] consists of 147 structurally diverse 
allosteric sites. Among these, only 75 complexes satisfied the input 
requirements of AutoDock Vina and exhibited valid binding scores

(Vina scores lower than 1000). Consequently, we used 75 allosteric

pockets for evaluation (Table S1 1), and GlintDM generated 100 ligands 
for each allosteric pocket.

In Table 4, the Vina scores of ASBench (mean: –1.21) were sig-

nificantly higher than those of the CrossDocked (–6.71) and Binding 
MOAD (–6.75) datasets, indicating that ASBench constitutes a substan-

tially harder benchmark. Due to this increased difficulty, both GlintDM 
variants and TargetDiff produced molecules with relatively lower 
molecular stability in ASBench compared with CrossDocked and Bind-

ing MOAD. Nevertheless, the GlintDM variants consistently achieved

lower Vina-related scores while maintaining reasonable QED and

SA values. Moreover, GlintDM variants outperformed TargetDiff in

terms of validity rate, high-affinity, and hit rate. Together, these results

demonstrate the robustness of GlintDM even in allosteric pockets.

Apo structur es
To evaluate the performance of GlintDM on apo protein structures, we

utilized the BindingDB dataset [52], which provides experimentally 
measured protein-ligand pairs with reported pIC50 values, even in the 
absence of holo structures. Following the categorization established by

Karimi et al. [53], proteins were grouped into four classes: ion channel, 
G-protein-coupled receptor (GPCR), nuclear estrogen receptor (ER),

and kinase.

Since these apo protein–ligand pairs lack binding site annotations, 
we first needed to predict putative pockets on the apo structures. To

this end, we constructed two experimental settings using DeepSurf
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Table 4 Comparison of GlintDM with TargetDiff on the ASBench dataset across multiple metrics including validity rate, molecule stability (MS), atom stability (AS), high-affinity 
rate (HA), QED, SA, diversity, high-affinity rate ( HA), and hit r ate (HR)
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

Metrics Validity ↑ MS ↑ AS ↑ Vina Scor e ↓ Vina Min ↓ QED ↑ SA ↑ Diversity ↑ HA (%) ↑ HR∗ (%) ↑ 

Cases Rate Mean Mean Mean Med. Mean Med. Mean Med. Mean Mean Rate 
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

Test set ASBench [51] – 0.416 0.937 −1.208 0.0 −2.267 0.0 0.45 0.68 – – 6.6 
Diff. TargetDiff 0.809 0.299 0.930 −4.93 −6.18 −6.18 −6.88 0.49 0.59 0.71 62.7 17.0 
Ours GlintDM-Mono 0.984 0.246 0.923 −7.89 −8.38 −9.07 −9.00 0.50 0.53 0.64 93.1 24.5 

GlintDM-Multi 0.991 0.280 0.921 −7.03 −7.63 −8.09 −8.20 0.59 0.60 0.69 89.3 38.4 
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  
∗HR uses Vina min score instead of Vina docking score.

Table 5 Performance comparison of GlintDM-Multi across four apo protein classes using two binding-site prediction methods, DeepSurf and AF3. The Channel, GPCR, and Kinase classes each contain ten 
reference l igand–protein complexes, whereas the ER class includes only a single complex
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

Metrics Vina Scor e ↓ Vina Min ↓ QED ↑ SA ↑ 
Prot 
Class 

Binding 
site 

Ref. ligands 
[Min, Avg, Max ] 

GlintDM-Multi 
[Min,  Avg,  M  ax] 

Ref. ligands 
[Min, Avg, Max ] 

GlintDM-Multi 
[Min, Avg, Max ] 

Ref. ligands 
[Min, Avg, Max ] 

GlintDM-Multi 
[Min, Avg, Max ] 

Ref. ligands 
[Min, Avg, Max ] 

GlintDM-Multi 
[Min, Avg, Max] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

Channel DeepSurf [−9.1, 1.5, 42.5] [−13.9, −4.24, 70.7] [−9.1, −7.1, −2.6] [−14.8, −6.5, 70.7] [0.45, 0.7, 0.91] [0.02, 0.57, 0.93] [0.58, 0.75, 0.86] [0.29, 0.57, 0.97] 
AF3 [−11.5, −5.8, 9.7] [−15.7, −8.4, −0.8] [−12.6, −7.0, 6.5] [−16.0, −8.7, −1.0] [0.1, 0.64, 0.92] [0.31, 0.61, 0.9] 

ER DeepSurf −9.4 [−11.5, −9.4, −7.1] −9.4 [−11.6, −9.9, −7.5] 0.52 [0.23, 0.71, 0.92] 0.91 [0.45, 0.61, 0.9] 
AF3 −8.6 [−12.7, −10.6, −8.3] −9.9 [−13.0, −11.0, −9.0] [0.49, 0.72, 0.90] [0.46, 0.59, 0.91] 

GPCR DeepSurf [−12.7, −6.9, 15.2] [−14.7, −8.1, −2.8] [−12.7, −7.2, 15.1] [−15.3, −8.5, −3.3] [0.23, 0.45, 0.72] [0.06, 0.53, 0.94] [0.51, 0.69, 0.82] [0.22, 0.57, 0.85] 
AF3 [−13.5, −6.9, 19.9] [−16.1, −9.02, −4.1] [−14.0, −10.2, −4.9] [−16.2, −9.4, −4.6] [0.09, 0.56, 0.92] [0.22, 0.56, 0.92] 

Kinase DeepSurf [−9.5, −6.7, 3.0] [−14.0, −7.6, −3.4] [−9.7, −7.6, −5.4] [−14.4, −8.0, −3.6] [0.24, 0.61, 0.88] [0.16, 0.63, 0.93] [0.51, 0.64, 0.76] [0.29, 0.57, 0.86] 
AF3 [−10.4, −5.5, −1.8] [−14.9, −1.7, 77.3] [−12.1, −7.2, −3.9] [−15.5, −4.0, 73.5] [0.1, 0.59, 0.94] [0.27, 0.6, 0.91] 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

[ 54] and AlphaFold3 (AF3) [55]: (i) apo structures with binding sites 
predicted by DeepSurf, and (ii) AF3-predicted holo structures. Specif-

ically, DeepSurf identifies candidate pockets directly on apo proteins, 
whereas AF3 generates putative holo conformations of protein-ligand

complexes. Accordingly, we applied GlintDM to both the apo structures

with predicted binding sites and the AF3-predicted holo structures.

From the available apo structures, we selected ten distinct proteins 
with the highest pIC50 values each for the ion channel, GPCR, and 
kinase classes, and included a single ER protein due to the limited

availability of apo structures in that category (Table S1 1). For each 
selected protein, we retrieved the top 25 protein–ligand pairs with 
the highest pIC50 values from BindingDB and computed their Vina 
binding scores for both the DeepSurf-predicted binding sites and the 
AF3-predicted holo conformations. Among the 25 candidate ligands, 
we then selected one ligand that exhibited low Vina scores in both

settings as the reference ligand for that protein. For evaluation, we

used the two pockets generated by DeepSurf and AF3 for each refer-

ence protein–ligand pair, yielding a total of 62 pockets (31 proteins × 2 
pocket types), and GlintDM generated 100 ligand candidates for each

pocket.

As summarized in Table 5, some protein–ligand complexes 
exhibited high Vina scores in both the reference structures and 
the molecules generated by GlintDM, indicating that the binding 
prediction models had selected incorrect pocket sites f or these cases.

Apart from these exceptions, GlintDM successfully generated ligands

with lower Vina scores while maintaining favorable QED and SA

scores across all protein classes.

Ablation study 
Skip transition 

To evaluate the capability of the skip transition to generate stable 
molecules with a limited number of denoising steps, we compared 
the outputs of GlintDM using 10, 20, and 50 skip transitions, without

applying the three phases. As shown in Table 6, GlintDM begins to 

produce chemically valid molecules when the number of skip tran-

sitions exceeds 20.

To assess whether a molecular diffusion model can benefit from the 
core components of GlintDM in the absence of the skip transition, we 
incorporated these components into TargetDiff under the following 
configurations: (i) TargetDiff using a few standard reverse (denoising) 
steps; (ii) TargetDiff with refinement; (iii) TargetDiff with candidate 
evaluation and resampling. In detail, TargetDiff w/ 10 pos-refine used 
a total of 50 reverse steps across 10 iterations for position refinement.

By contrast, TargetDiff w/ 1000 Rev. steps + Cand. Eval. + Resampl.

employed 1000 reverse steps to generate candidates, followed by

an additional 1000 reverse steps for resampling, resulting in 2000

reverse steps in total. As shown in Table 6, TargetDiff mostly fails to 
generate valid molecules and is unable to effectively utilize the core

components without the skip transition.

Additionally, we investigated whether TargetDiff could leverage 
the skip transition-based resampling (i.e. the resampling scheme of 
GlintDM). To this end, molecules generated by TargetDiff using 1000 
reverse steps were applied to the candidate evaluation and resampling 
phases of GlintDM. This variant differs from GlintDM-Multi only in 
using 1000 reverse steps instead of 10 position refinements. Unlike 
TargetDiff with candidate evaluation and resampling, this version

exhibited improved performance across all metrics except for diver-

sity. However, its metrics, except for the validity rate, were lower than

those of GlintDM-Multi. These results highlight the efficiency of the

position refinement and the skip transition of GlintDM.

Position r efinement
We hypothesize that repeating the denoising process increases the 
likelihood of discovering structurally stable and potentially favorable 
binding sites. To validate this hypothesis, we compared the results of 
the ligand generation without the position refinement phase (50 skip

transitions) and with five and 10 position refinements, while keeping

the total number of denoising steps fixed at 50. During the resampling

phase, we used 20 skip transitions in GlintDM variants. As shown
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Table 6 Ablation study on the components and configurations of GlintDM u sing Equation 26 in the CrossDocked dataset. “TargetDiff variants” refer to configurations where 
TargetDiff is applied to key modules of GlintDM. Metrics include validity rate, molecule stability (MS), atom stability (AS), Vina score, QED, SA, an d diversity. Abbreviations: 
Skip-Trans. = skip transition, Rev. = reverse, Cand. = candidate, Eval. = evaluation, Resampl. = resampling
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

Metrics Validity ↑ MS ↑ AS ↑ Vina Scor e ↓ Vina Min ↓ QED ↑ SA ↑ Diversity ↑ 
Cases Rate Mean Mean Mean Med. Mean Med. Mean Med. Mean 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

Using only Skip transition 10 Skip-Trans. 0.7237 0.001 0.306 −4.71 −5.42 −5.72 −5.73 0.38 0.60 0.76 
20 Skip-Trans. 0.9160 0.012 0.558 −6.02 −6.53 −6.81 −6.76 0.44 0.57 0.76 
50 Skip-Trans. 0.9596 0.246 0.898 −5.63 −6.41 −6.41 −6.81 0.50 0.57 0.74 

TargetDiff variants using 50 Rev. steps 0.1152 0.001 0.343 0.17 −2.40 −2.91 −3.32 0.25 0.39 0.84 
using 100 Rev. steps 0.1230 0.001 0.425 −1.18 −2.54 −3.09 −3.41 0.26 0.41 0.86 
w/ 10 pos-refine (50 Rev. steps) 0.5569 0.087 0.859 −4.16 −4.86 −5.22 −5.23 0.32 0.49 0.78 
w/ 1000 Rev. steps + Cand. Eval. + 
Resamp. (1000 Rev. steps)

0.8428 0.431 0.953 −6.01 −6.20 −6.71 −6.69 0.50 0.63 0.76 

w/ 1000 Rev. steps + Cand. Eval. + 
Resamp. of GlintDM (20 Skip-T rans.)

0.9968 0.4751 0.960 −7.54 −7.57 −8.03 −7.97 0.56 0.59 0.67 

GlintDM variants 10 pos-refine + Cand. Eval. + 
Resamp. (GlintDM-Multi) 

0.9949 0.544 0.968 −7.60 −7.84 −8.19 −8.24 0.60 0.60 0.68 

5  pos-refine + Cand. Eval. + Resamp. 0.9967 0.489 0.960 −7.68 −7.90 −8.31 −8.35 0.61 0.59 0.66 
1  pos-refine + Cand. Eval. + Resamp. 0.9958 0.395 0.943 −7.52 −7.64 −8.15 −8.13 0.59 0.58 0.67 
10 pos-refine + Resamp. 0.9483 0.505 0.962 −5.70 −6.68 −7.00 −7.17 0.52 0.59 0.73 
GlintDM-Multi w/o local gradient 0.9970 0.510 0.962 −7.45 −7.60 −8.05 −8.08 0.60 0.60 0.68 
GlintDM-Multi w/o global gradient 0.1268 0.003 0.183 22.45 11.96 3.52 −2.72 0.30 0.37 0.78 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

in Table 6, “10 pos-refine + Cond. Eval. + Resamp”. (GlintDM-Multi) 
produced the most stable ligands and achieved high overall molecular 
properties among the three cases. Despite all settings using the same

number of total denoising steps, distributing the process into multiple

shorter refinement phases resulted in better performance.

Fig. S5 visually illustrates the progression of atom stability and 
Vina scores across iterations. Ligands shown in light red were 
generated during the early iterations, with the color gradually 
darkening as iterations progressed. The yellow ligand represents 
the final output generated at the last iteration. As the number of

iterations increases, the atoms in the red ligands progressively move

toward their correct positions, eventually resembling the final yellow

ligand. Furthermore, as shown in Fig. S6, increasing the number 
of iterations results in structurally stable ligands with lower Vina 
scores. In addition, the centroid positions of the refined molecules

are closely aligned with those of the native ligands, as reported in

Table S1 2. 
As illustrated in Fig. S7, the t-SNE plots of the molecular embed-

dings generated by GlintDM clarify how the refinement process 
progressively improves the generated molecules across iterations. 
Molecules produced during the early stages cluster within a compact 
region of the embedding space, indicating that the dual ligand–pocket 
embeddings initially capture only coarse, non-specific structural 
patterns with low chemical validity and weak site complementarity.

As iterations progress, the embeddings gradually migrate toward

distinct regions associated with higher atom stability and improved

affinity scores. Notably, this directional movement reflects the

model’s increasing ability to yield chemically meaningful and pocket-

consistent structures as the refinement steps proceed.

Candidate evaluation 
While the position refinement phase aims to identify the optimal bind-

ing site, the candidate evaluation phase is designed to select ligand 
candidates satisfying the desired target properties. As anticipated, “10 
pos-refine + Resamp” tends to generate molecules with lower target

property scores compared with those generated with all three phases

(Table 6). 

Global and local gradients
To evaluate the contribution of global and local gradients, we com-

pared the full gradient setting with a variant using only global and 
local gradients. “GlintDM-Multi w/o local gradient” exhibited lower

molecular stability and reduced Vina-related scores. This indicates

the utility of local gradients in the skip transition, whereas T → 
0, the influence of global gradients decreases, and the local gradi-

ent becomes increasingly dominant, guiding a more cautious tran-

sition and generating more stable and reliable samples. In contrast, 
“GlintDM-Multi w/o global gradient” was unable to generate valid

molecules in a reliable manner, indicating that the skip transition

cannot operate without the global gradient.

Hyperparameter setting 
GlintDM would make different results according to the choices of 
hyperparameters. First, increasing the number of refinement itera-

tions or skip transitions generally improves structural stability; how-

ever, we found that 10 refinement iterations with a skip interval of 
5 provide a good balance between accuracy and efficiency. Second, 
using a smaller number of top-ranked candidate ligands during the 
candidate evaluation stage can increase target objective scores but 
may reduce molecular diversity. In contrast, generating a larger pool 
of initial samples during position refinement enhances both objective

scores and diversity, although this comes with a higher computational

cost, particularly due to Vina score calculations. Notably, the QED and

SA components of the scoring function can be adjusted flexibly, as their

computation is negligible. Finally, in the ligand resampling stage, the

skip interval has minimal influence on the final outputs. Nonetheless,

using more than or equal to 10 skip transitions is recommended to

ensure stable generation of new ligands.

Discussion 
Through evaluations on two benchmark datasets and comprehensive 
ablation studies, we demonstrate that GlintDM can rapidly generate 
ligands that satisfy multiple target-specific objectives. In particular,

the introduction of skip transitions enables the use of multiple short
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diffusion processes. Despite these strengths, GlintDM has certain lim-

itations. First, it relies on external evaluation tools, such as RDKit

[56] and AutoDock Vina [39], to guide the sampling process toward 
promising regions of the data distribution. Second, the model exhibits 
limited diversity in generated molecules. This is primarily due to the 
task’s focus on a specific target protein, as well as the resampling 
phase, which tends to gener ate molecules that are structurally and

chemically similar to the selected candidates. Third, similar to other

benchmark methods, our model also assumes protein pockets to be

stationary, which does not fully reflect the dynamic nature of protein–

ligand interactions.

Although DDIM [18] and CMs [19] also accelerate sampling 
through deterministic updates, they do not leverage probabilistic 
benefits such as stochastic robustness and expressive exploration. In 
contrast, GlintDM integrates the strengths of both deterministic and

probabilistic diffusion frameworks: global gradients are computed

deterministically from the predicted x0, while local gradients follow a 
probabilistic reverse process. This hybrid design substantially reduces 
the number of tr ansition steps while producing stable multi-objective

molecules as well as higher novelty and scaffold novelty.

Key Points 

• We develop the skip transition, a novel denoising procedure 
based on global and local gradients, which significantly reduces

intermediate denoising steps.

• We develop GlintDM, a skip transition-based drug generative 
framework consisting of three phases: position refinement, candi-

date evaluation, and ligand resampling.

• Our method is capable of generating stable and multi-objective 
molecules for target proteins using only 70 denoising steps.

• Our method outperformed other recently developed methods on 
the CrossDocked and Binding MOAD datasets f or Vina-related

scores.
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