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Abstract

Designing molecules with desired properties, aka the oRi-
ented molEcule Design (RED), is a fundamental task in
chemistry and materials science. While graph diffusion mod-
els (GDMs) and reinforcement learning techniques (RL)
show promise in molecule structure generation and property
optimization stages individually, their integration in the uni-
fied RED task often suffers from poor compatibility. The
large variance among candidate molecular structures gener-
ated by GDMs can be amplified in the iterative optimization
process of RL, leading to slow and unstable convergence. In
this work, motivated by the adaptive and divide-and-conquer
characteristics of Mixture of Experts (MoE) architecture, we
propose a novel framework called MoE-Guided Graph Diffu-
sion Model (MEGD) that incorporates the MoE architecture
to guide the orchestration of GDM and RL, promoting faster
and more stable convergence in the design process. MEGD is
evaluated on benchmark datasets optimizing the physical and
chemical properties of AI-generated molecular structures. On
all three datasets, our method outperforms the best of 9 al-
ternative models by 7.73% on the target structural properties,
while not penalizing other important application-level quality
metrics of the generated molecules. A real-world case study
on an emerging class of material, i.e., metal-organic frame-
work, is also conducted, which further demonstrates the ef-
fectiveness of our method in accomplishing the RED task.

Introduction
Designing novel molecules with desired properties, aka the
oRiented molEcule Design (RED) problem, is an emerging
challenge in chemistry and materials science, with impor-
tant applications for drug discovery, energy storage, and ad-
vanced material production (Pang et al. 2025). For exam-
ple, synthesizing metal-organic frameworks (MOFs) with
large specific surface area (SSA) can dramatically increase
the capability of capturing CO2 for greenhouse gas reduc-
tion (Khan et al. 2024). Traditional trial-and-error methods
for molecular design are often time-consuming or even in-
tractable, primarily due to the vastness of their design space,
which is estimated to include up to 1060 feasible molecules
(Virshup et al. 2013). Recently, artificial intelligence (AI)
methods, such as deep generative models (Jing et al. 2024;
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Du et al. 2024), have gained increasing attention as they are
more efficient in exploring the huge design space and accel-
erating the molecule discovery process.

In this work, we focus on designing the graph-based
molecule structure (see Preliminaries for formal definition),
as they largely determine the physical and chemical prop-
erties of their top-level material/chemistry class. In the
AI4Science community, diffusion models have long been
borrowed from the computer vision field (Cao et al. 2024)
to generate graph and topology structure mimicking their
real-world counterpart in natural science, which is gener-
ally called graph diffusion models (GDM). Meanwhile, to
attain the desired property of a molecule, such as the SSA
of a MOF, the default GDM should be extended to sup-
port property-oriented graph structure design. Among var-
ious alternatives, reinforcement learning techniques (RL)
have shown promising records in optimizing specific objec-
tive function of learning-based systems, which is a straight-
forward method to extend GDM.

The main problem we solve in this paper is that GDM
and RL have poor compatibility when combined. GDM ex-
hibits large variance in sampling candidate graph structures
along the diffusion process (Yang et al. 2023). This vari-
ance is further amplified by the RL policy estimation step
(Romoff et al. 2018), which finally leads to slow or even
failed convergence in the closed-loop oriented molecule de-
sign process. In this work, we are motivated by the ex-
cellent performance achieved when introducing the Mix-
ture of Experts (MoE) architecture to state-of-the-art LLMs
(Dai et al. 2024). Analogously, we propose a new GDM
framework called MoE-Guided Graph Diffusion Models
(MEGD), which integrates the MoE layers into both GDM
architecture and RL mechanism for solving the RED prob-
lem. The divide-and-conquer strategy of MoE greatly re-
duces the variance of individual gradient estimates, while
the new adaptive gating network dynamically routes RL re-
ward to the most relevant expert for policy gradient update,
leading to faster and more stable convergence in molecule
structure optimization. In more detail, the MEGD frame-
work consists of two stages, first pretraining an optimized
GDM with MoE to preserve generic molecule structure gen-
eration capability, and then finetuning the model with RL for
maximizing the desired molecule graph property, ultimately
accomplishing the oriented molecule design task.



The main contribution of this work can be summarized as:

• Efficient generative model for oriented molecule de-
sign: the proposed framework incorporates an MoE ar-
chitecture to resolve the compatibility problem when
combining GDMs and RL techniques, and achieves ac-
celerated convergence in the closed-loop design process;

• Optimized MoE mechanism for graph diffusion mod-
els: by introducing gated routing and expert network
structure, we assign molecule graphs of different time
steps and substructures to separate and most relevant ex-
perts for processing, making the structure generation pro-
cess more stable and effective;

• Demonstrated application to real-world chemical and
material design: we apply the proposed framework to
the actual design of MOF polymers and achieve promis-
ing results on benchmark tests.

Experiments on three datasets of varied molecule classes
demonstrate the effectiveness of our approach. The MEGD
framework outperforms the best of 9 alternative models by
6.6%, 8.6%, and 8% respectively, on the target molecule
property of HOMO, Gap, and µ on average.

Related Work
Graph diffusion models for molecule generation
Early graph generation solutions mainly rely on auto-
regressive models (You et al. 2018b; Popova et al. 2019),
variational autoencoders (Liu et al. 2018; Jin, Barzilay, and
Jaakkola 2018), normalizing flows (Madhawa et al. 2019;
Luo, Yan, and Ji 2021), and generative adversarial networks
(De Cao and Kipf 2018; Maziarka et al. 2020). While ef-
fective for specific graph classes, they struggle with gen-
eral graph generation due to the challenge of capturing
permutation-invariant properties.

Graph diffusion models address the limitation of previ-
ous methods by offering a more flexible and symmetry-
aware framework for graph generation. Among many pro-
posals, EDP-GNN (Niu et al. 2020) was one of the first
to apply diffusion processes to graph generation, followed
by well-known models such as GDSS (Jo, Lee, and Hwang
2022), GraphGDP (Huang et al. 2022), DiGress (Vignac
et al. 2022), and GCDM (Morehead and Cheng 2024). These
models enhance the flexibility, validity, and permutation-
invariance of the graph generation process.

Meanwhile, the adaptation of graph diffusion models to
the molecule graph structure generation task brings addi-
tional challenges. The generated molecule graphs should
preserve chemical fidelity, including validity and stability,
in addition to satisfying generic graph structure constraints
such as permutation and E(3) invariance. To address these
specific challenges, recent studies have customized graph
diffusion models for molecule generation from various as-
pects. GeoDiff (Xu et al. 2022) employs a Graph Field Net-
work (GFN) to model each atom as a particle, enabling the
generation of stable molecule conformations. MolDiff (Peng
et al. 2023) introduces an E(3)-equivariant framework that
jointly diffuses atoms and bonds to resolve their inconsis-
tencies. PMDM (Huang et al. 2024) incorporates a dual-

equivariant diffusion mechanism into the 3D molecule mod-
eling framework, therefore overcomes the inherent limita-
tion of auto-regressive methods.

Existing studies on GDM-based molecule graph gener-
ation pioneer the transition from general graph generation
to chemically valid molecule design. However, on the RED
task with coinciding graph generation and property opti-
mization, mainstream diffusion models mostly remain in-
competent and symbolic method adapting to dynamic goals
or interactive feedback is currently scarce.

MoE for Graph and Molecule Modeling
MoE has been most successful in language models, where
conditional routing significantly improves computational ef-
ficiency and model capacity. Recent studies, however, show
it is also effective for graph learning, where heterogeneity in
topology and scale naturally benefits from expert specializa-
tion. GraphDIVE (Hu et al. 2021) and CAME (Zhou et al.
2022) use MoE to mitigate long-tailed label distributions,
while DA-MoE (Yao et al. 2024) route nodes to experts
specializing in different structural patterns or receptive-field
ranges. These results suggest that MoE is a suitable mecha-
nism for handling structural diversity in graph tasks.

Reinforcement learning guided optimization
RL has long been applied to molecule generation when ex-
plicit supervision is absent and exploration is needed to
discover desired properties. Early sequence-based methods
such as ReLeaSE (Popova, Isayev, and Tropsha 2018) use
joint training of a policy network and property predictor with
the reinforce algorithm (Williams 1992) to bias SMILES
generation toward targets (e.g., melting point, bioactivity),
while REINVENT (Olivecrona et al. 2017) adds reward
shaping to preserve chemical validity and distributional con-
sistency.

The integration of graph neural networks with RL ad-
vanced graph-based generation: GCPN (You et al. 2018a)
and MolDQN (Zhou et al. 2019) build molecule graphs in a
goal-directed, multi-objective manner emphasizing validity.
Most recently, the integration of RL with graph diffusion
models has emerged as a promising frontier. Methods in-
cluding DDPO (Black et al. 2023), DPOK (Fan et al. 2023),
AlignProp (Prabhudesai et al. 2023), and DRaFT (Clark
et al. 2023) model the denoising process as a multi-step
Markov decision process, enabling direct policy optimiza-
tion via reward signals by human feedback or downstream
outcome. ELEGANT (Uehara et al. 2024a) and SEIKO (Ue-
hara et al. 2024b) introduce entropy-regularized and low-
feedback RL techniques to improve distributional fidelity
and sample efficiency. GDPO (Liu et al. 2024) further im-
proves the reinforce-based algorithm to enhance molecule
generation performance indicated by target property.

Although RL-based molecule generation methods have
been flourishing, most of these approaches rely on static
rewards and fixed training objectives, leading to unstable
model training and high output variance. In comparison,
the method proposed in this work mitigates these issues by
leveraging the MoE architecture to dynamically route opti-
mization across expert policies, thereby enhancing training



Figure 1: The MEGD pipeline is composed of two stages: the first stage (left) utilizes real-life molecule structure datasets to
pre-train the GDM, ensuring its general structure generation capability; the second stage (right) applies RL to fine-tune the
pre-trained model to obtain the desired structure property through iterative optimization. Our main innovation lies in the new
MoE module (middle), which guides the standard graph transformer layer of GDM and receives policy gradient update from
the RL stage.

stability and convergence efficiency in resolving the RED
task.

Preliminaries
The task of oriented molecule design can be broadly divided
into two key components: structural generation and property
optimization. In this section, we provide the necessary pre-
liminaries for both aspects.

Graph-based chemical structure design
The inherent graph structure of molecules captures the con-
nectivity and spatial relationships between atoms, which are
crucial for determining their chemical and physical proper-
ties (Katritzky et al. 2010). Molecules can be naturally rep-
resented as graphs. Denote the graph as G = (X,E) with
node set X and edge set E. Since the type of molecules is
discrete, the feature vectors of nodes and edges are defined
as one-hot vectors as X ∈ Rn×a and E ∈ Rn×n×b, which
represent the atoms and chemical bonds, where n is the num-
ber of nodes, a and b are the number of types of nodes and
edges (Vignac et al. 2022). The forward diffusion process
gradually perturbs the original graph by randomly replac-
ing node and edge types with other valid types, according
to predefined transition probabilities. At each timestep t,
the transition probabilities for nodes and edges are denoted
by matrices Qt

X and Qt
E . These matrices govern the dis-

crete corruption process over time, transforming the original
molecule graph G into a progressively noisier version Gt.

The state transition probability can be expressed as
[Qt

X ]ij = q(xt = j|xt−1 = i) and [Qt
E ]ij = q(et =

j|et−1 = i). Therefore, for time step t, the joint probabil-
ity of diffusion from the original graph G to the graph Gt

can be defined by:

q(Gt|G) =

n∏
i=1

q(xt
i|xi, Q̄X)

∏
1≤j<k≤n

q(etjk|ejk, Q̄E) (1)

The goal of the model is to train a denoising network ϕθ

parametrized by θ. The inference process uses pθ(Gt−1|Gt)

to sample a discrete Gt−1 given the input graph Gt. And the
objective of the model is to predict the node and the edge as
accurately as possible. The training loss can be divided into
p̂G = (p̂X , p̂E) and can be defined as:

L(p̂G, G) =
∑

1≤i≤n CE(xi, p̂
X
i ) + λ

∑
1≤i,j≤n CE(eij , p̂Eij), (2)

where CE is cross-entropy loss. When the denoising net-
work training is completed, the original graph can be itera-
tively generated from the noise graph. And the type distribu-
tion of nodes and edges in the generated molecule graph will
be close to the distribution in the original training dataset.

Structural properties optimization via RL
To optimize the desired molecule property, the pretrained
GDM is treated as a probabilistic policy πθ(G0), parameter-
ized by θ, which generates complete molecule graphs G0.
The training objective is defined as (Williams 1992):

J(θ) = EG0∼πθ
[R(G0)] (3)

Here, R(G0) is a scalar value representing the performance
of molecule G0 on the target properties. RL can solve this
problem very well, thus J(θ) can be optimized by policy
gradient. As for the RL algorithm (Grondman et al. 2012),
∇θJ(θ) is given by:

∇θJ(θ) ≈
1

N

N∑
i=1

R(G
(i)
0 )∇θ log πθ(G

(i)
0 ) (4)

where N is the number of sampled molecules, and G
(i)
0

is the i-th molecule sampled from the current policy πθ.
The term∇θ log πθ(G

(i)
0 ) represents the gradient of the log-

probability of generating molecule G
(i)
0 under the current

policy, which in a diffusion model involves the sum of log-
probabilities of reverse diffusion steps:

log πθ(G
(i)
0 ) =

T∑
t=1

log pθ(G
(i)
t−1|G

(i)
t ) (5)



Figure 2: The MoE architecture embedded in GDMs.

By treating GDM as a probabilistic strategy and molecule
property evaluation as a reward, RL algorithm enables the
model to learn complex objectives such as molecule physic-
ochemical properties and efficiently explore chemical space
in a performance-driven manner. The method of dividing
the diffusion process trajectory into different equivalence
classes for optimization according to the difference of G0

is called the eager policy gradient method (Liu et al. 2024),
and the objective is defined as:

∇θJRL ≈ 1
K

∑K
k=1

T
|Tk|

∑
t∈Tk

r(G
(k)
0 )∇θ log pθ(G

(k)
0 |G

(k)
t ), (6)

where Tk are random subsets of timesteps that can acceler-
ate the estimation. Finally, the process of using this policy
gradient to finetune the parameters of pretrained GDM with
the learning rate η can be defined as:

θ ← θ + η · ∇θJRL (7)

MoE-Guided Graph Diffusion
Standard GDM architectures without MoE rely on a shared
parameter set θ to cover the entire input distribution. This
leads to high gradient variance, as the model reconciles
conflicting updates from heterogeneous inputs. Such inter-
ference slows convergence and increases instability during
finetuning, especially under sparse rewards. To solve this
problem, we introduce our method MEGD as for Fig.2,
which integrates the MoE architecture into the pretraining
and finetuning of GDM.

MoE in Graph Diffusion Model Pretraining
The MoE-Guided design enables the model to dynamically
route input molecule graphs to a subset of specialized ex-
perts based on graph-specific features. This selective acti-
vation increases representational capacity and learning ef-
ficiency for diverse molecule structures, particularly those
relevant to material design, without a linear increase in com-
putation (Calanzone, D’Oro, and Bacon 2025).

The core idea of incorporating MoE into the GDM pre-
training is to replace or augment standard layers within the
denoising network with MoE layers. Each MoE layer con-
sists of multiple independent expert networks and a gating
network.

In our MoE-Guided GDM, the denoising function ϵθ is
parameterized by a series of layers, some of which are MoE
layers. For a MoE layer l, given an input feature represen-
tation h(l−1) which contains the node and edge features, the
output h(l) is computed as a weighted sum of the outputs
from top K expert networks. First, the gating network can be
defined as:

g(l) = Softmax
(
Wgh

(l−1)
t,s + bg

)
∈ RK , (8)

where the output g(l) can represent the weight of each expert
and the Wg , bg are trainable weights and biases of the gat-
ing network. It is worth mentioning that the input of gating
network is ht,s, which contains diffusion timestep t and the
sub-structure vector s.

Then, each expert processes the part with the input G(l−1)

assigned to it and gets the output El,k(G
(l−1)). The output

is then weighted and summed by the weights calculated by
the gating network to obtain G(l), which can be defined as
follows:

G(l) =

K∑
k=1

g
(l)
k · El,k(G

(l−1)) (9)

A significant problem with the MoE architecture is how to
balance the load between experts (Chen et al. 2022). In order
to ensure that all experts can make some contributions to
the structure instead of concentrating on a certain expert, we
introduced MoE-balance-loss into the pretraining of GDM
to balance the load between experts, which is defined as:

pload =
1

M

M∑
m=1

pm, (10)

Lbalance = (StdDev (pload ·K))
2
, (11)

where M represents the number of MoE layers, and the
purpose of reducing the balance loss is to ensure that each
expert can be activated during forward propagation. Accord-
ing to Eq. 2, the MEGD Loss is:

LMEGD = L(p̂G, G) + λbalance · Lbalance (12)

We used functions from the RDKit to calculate general
molecule properties, such as the quantitative evaluation of
drug-likeness (QED) and synthetic accessibility (SA). QED
quantifies the drug-likeness of a molecule on the basis of its
physicochemical properties, while SA assesses its feasibil-
ity for chemical synthesis. These two metrics generally rep-
resent relatively common chemical properties and are quick
to calculate. We calculated these metrics for the molecules
to ensure the quality of the results generated during the pre-
training process.

MoE in Reinforcement Learning Finetuning
Following the MoE-Guided pretraining of GDM, we pro-
ceed to finetune it by using RL. The pretrained MEGD
serves as our policy network. We formally analyze the gra-
dient updates received by both the gating network and the
experts. Let θ = {θ1, . . . , θn} be the parameters of n ex-
perts and ϕ be the parameters of the gating network gϕ. The



overall RL objective JRL decomposes into expert-specific
gradients and gating gradients as follows:

∇θJexperti =
∑n

i=1 EG0∼pϕ

[
gϕi (Gt) · r(G0) · ∇θi log pθi(G0|Gt)

]
(13)

∇ϕJgate =
∑n

i=1 EG0∼pϕ

[
∇ϕg

ϕ
i (Gt) · r(G0) · log pθi(G0|Gt)

]
(14)

These two gradient components reflect the core learning
dynamics of the MoE-Guided policy network. The expert
gradient ∇θiJexperti shows that each expert is updated in
proportion to its routing probability gϕi (Gt) and the associ-
ated reward signal r(G0), ensuring that only a relevant sub-
set of experts is optimized per training instance. The gating
gradient ∇ϕJgate, on the other hand, updates the router to
assign future inputs to experts that are more likely to yield
high rewards. This separation of responsibilities enables tar-
geted learning and reduces parameter interference.

As a result, the MoE-Guided architecture effectively par-
titions the input space and facilitates localized learning.
Each expert network θi specializes in a narrower subregion
of the state-action domain, learning smoother and less com-
plex mappings. This reduces the variance of individual gra-
dient estimates and improves training stability. At the same
time, the gating network dynamically adapts to reward feed-
back, assigning more informative samples to the most rele-
vant experts and promoting efficient policy refinement.

As for Fig.3, we show the convergence curves of differ-
ent indicators of GDM and MEGD in the RL process. We
can observe that thanks to the MoE architecture, MEGD can
converge faster and achieve better results.

Implementation Details
In this section, we introduce some specific implementation
details of our method that were not mentioned previously.

For the gating network in the MoE, we don’t use the entire
graph as input because doing so would be computationally
expensive (Wu et al. 2020). Before training, we extract local
sub-structures from the dataset and classify them into several
categories. In the MoE layer, we first perform sub-structures
extraction on the input, converting it into a feature vector
representing each type of sub-structure before inputting it
into the gating network. This effectively characterizes struc-
tural features without significantly increasing computational
overhead.

For performance evaluation, we focus on chemically
meaningful and structure-sensitive properties such as
HOMO, gap, and dipole moment—as they are critical to
specific applications. These properties require precise struc-
tural information and are evaluated using a sophisticated
neural performance predictor based on the SchNet frame-
work (Schütt et al. 2017). SMILES strings, generated by
our RL-based molecule generator, are first converted into 3D
molecule structures using the ETKDGv2 algorithm (Riniker
and Landrum 2015). Each molecule undergoes hydrogen ad-
dition followed by geometry optimization with the MMFF94
force field (Halgren 1999) to refine its 3D atomic coor-
dinates. Molecules that fail due to invalid SMILES, non-
convergent optimization, or other structural inconsistencies
(approximately 5% of inputs) are filtered out to ensure

Figure 3: The comparison of three target property conver-
gence processes between the original GDM and MEGD.

robustness. The optimized 3D geometries are then con-
verted into ASE Atoms objects (Larsen et al. 2017) and
fed into the SchNet-based predictor. This efficiency is sig-
nificantly higher than traditional density functional theory
(DFT) methods, which may require hours for similar com-
putations. By leveraging this advanced neural network, our
pipeline provides accurate and differentiable property pre-
dictions, enabling the RL model to optimize molecules for
specific performance criteria while maintaining computa-
tional tractability.

Experiment
We used two common datasets, QM9 and ZINC250k, and
a MOF dataset to evaluate our method. We first introduce
the comparison of our method with other methods on these
datasets, and then we introduce some hyperparameter tuning
and ablation experiments to analyze our method.

Dataset
• QM9 comprises over 130,000 stable small organic

molecules. Each molecule is composed of up to nine
heavy atoms among (C, H, O, N, F).

• ZINC250k is a widely used benchmark for molecule
generation tasks. The dataset consists of 250,000 drug-
like molecules with constraints on molecular weight,
logP, and synthetic accessibility to ensure realistic and
synthesizable compounds.

• QMOF is a publicly available dataset containing quan-
tum chemical properties of over 20,000 MOFs. We used
the MOF Building Unit Developer (Halder, Prerna, and
Singh 2021) to extract BUs from the dataset (Chung et al.
2019) and mixed them with the QMOF dataset as an ex-
tended dataset for our method.

Result
We compared our method with several other molecule gen-
eration methods, including MolRL-MGPT (Hu et al. 2023),
GDSS (Jo, Lee, and Hwang 2022), MOOD (Lee, Jo, and
Hwang 2023), DiGress (Vignac et al. 2022), DDPO (Black
et al. 2023), and GDPO (Liu et al. 2024). MolRL-MGPT
is a SMILES-based method, while the other methods are
based on Graph Diffusion. We conducted a comprehensive



Table 1: Performance comparison on QM9, ZINC250k, and QMOF datasets. Results are reported as mean± standard deviation.
The full-sample section reports the result when sampling all molecules from the model output, while the top-sample section
only reports the top 25% molecules by target property. In the DiffLinker row, their performance on the QM9 dataset is not
reported due to incompatibility.

Method QM9 ZINC250k QMOF
HOMO Gap µ HOMO Gap µ HOMO Gap µ

Full-sample
DiffLinker — — — -9.839±2.42 7.156±2.32 8.690±4.70 -7.747±2.34 4.353±1.79 4.559±2.76

MolRL-MGPT w/o RL -6.355±1.14 6.966±1.42 2.577±1.51 -9.471±2.77 6.097±2.50 7.368±4.36 -9.485±2.78 3.163±2.59 6.579±4.53

MolRL-MGPT -6.170±1.26 8.057±1.93 3.801±1.79 -7.595±1.49 6.414±2.42 7.723±4.73 -9.119±4.97 5.457±2.41 7.009±3.85

GDSS -6.402±0.73 7.470±1.69 2.464±1.29 -7.162±3.60 7.452±3.99 7.076±3.85 -7.202±1.73 4.462±2.79 4.132±3.45

MOOD -6.346±0.72 7.633±1.95 2.580±1.49 -6.872±3.54 7.373±4.01 7.161±4.80 -7.172±1.48 4.482±3.25 4.047±3.30

DiGress -6.442±0.62 6.744±1.29 2.855±1.47 -8.556±2.37 4.833±4.40 7.818±4.99 -7.667±1.63 4.476±2.92 4.273±2.56

DDPO -6.396±0.58 8.890±0.89 4.224±1.78 -7.578±2.33 6.586±2.57 8.097±4.88 -7.010±2.00 5.373±2.23 5.462±4.58

GDPO -6.302±0.54 8.110±1.17 4.011±1.86 -7.200±1.52 7.136±1.83 8.511±3.70 -6.349±1.26 4.859±2.42 5.176±3.53

MEGD w/o RL -6.522±0.54 7.107±1.29 2.954±1.53 -8.475±2.18 5.465±3.38 8.314±3.66 -7.658±1.39 4.566±2.58 4.228±2.62

MEGD -6.179±0.44 9.110±0.67 4.473±1.97 -5.962±1.17 7.859±1.89 9.139±3.65 -6.292±1.17 5.620±2.22 5.831±3.04

Top-sample
DiffLinker — — — -5.130±0.84 10.918 ±0.88 18.898±2.44 -4.810±0.47 8.642±1.64 12.968±1.20

MolRL-MGPT w/o RL -5.234±1.75 8.967±0.52 4.447±0.99 -3.433±2.58 10.187±0.89 16.422±2.21 -5.405±2.36 8.128±1.47 12.787±3.46

MolRL-MGPT -5.046±1.94 9.837±0.66 6.688±1.34 -6.653±0.52 10.976±0.81 18.628±1.90 -6.568±1.14 8.790±1.51 12.240±3.60

GDSS -5.444±0.41 10.021±1.51 6.052±0.83 -2.455±2.29 10.937±1.67 19.092±4.16 -5.562±1.38 7.267±1.43 10.781±3.08

MOOD -5.457±0.61 9.963±2.18 6.222±0.97 -2.022±2.58 11.361±2.69 18.019±4.03 -4.999±0.97 8.438±0.80 12.303±3.46

DiGress -5.160±0.42 9.138±0.52 5.773±0.57 -4.641±1.76 9.776±1.52 18.164±4.22 -5.319±1.08 8.084±0.89 9.004±3.09

DDPO -4.954±0.36 10.706±0.37 8.134±1.12 -2.654±0.99 10.808±0.85 19.078±3.77 -4.299±0.84 8.796±2.15 11.286±2.78

GDPO -4.814±0.52 10.356±0.34 8.092±1.06 -2.256±1.92 11.149±1.09 18.909±2.48 -4.030±0.69 8.862±2.44 11.992±3.57

MEGD w/o RL -5.300±0.28 9.336±0.26 6.230±1.44 -4.351±1.09 10.248±1.24 18.197±4.71 -5.202±1.12 8.055±0.75 9.955±1.82

MEGD -5.050±0.35 10.854±0.25 8.433±1.10 -1.967±1.76 11.296±1.16 19.430±1.68 -4.041±0.14 9.055±1.19 13.065±2.42

Table 2: Comparison of generation quality between GDM and MEGD across three datasets. Performance is measured by QED,
SA, Validity, Uniqueness, and Novelty. All methods are compared on their pretraining capability without applying RL.

Dataset Method QED SA Validity Uniqueness Novelty

QM9
GDM 0.487 ± 0.07 6.661 ± 0.64 99.498 ± 0.30 % 99.961 ± 0.12 % 32.198 ± 2.58 %

MEGD 0.487 ± 0.06 6.661 ± 0.55 99.220 ± 0.30 % 99.961 ± 0.12 % 31.654 ± 2.53 %
Difference (MEGD - GDM) 0.000 0.000 -0.278 % 0.000 % -0.544 %

ZINC250k
GDM 0.749 ± 0.11 5.574 ± 0.78 76.231 ± 3.45 % 100.000 ± 0.00 % 99.953 ± 0.14 %

MEGD 0.755 ± 0.10 5.628 ± 0.63 78.320 ± 2.03 % 100.000 ± 0.00 % 100.000 ± 0.00 %
Difference (MEGD - GDM) 0.006 0.000 2.089 % 0.000 % 0.047 %

QMOF
GDM 0.450 ± 0.24 5.365 ± 1.89 63.669 ± 2.38 % 72.758 ± 1.98 % 98.076 ± 0.65 %

MEGD 0.457 ± 0.21 5.426 ± 1.96 72.315 ± 1.52 % 76.347 ± 2.17 % 99.033 ± 0.47 %
Difference (MEGD - GDM) 0.007 0.061 8.646 % 3.589 % 0.957 %

performance evaluation of these methods on three datasets
and three performance metrics, and reported the results for
all generated molecules and higher-performing molecules.
Table 1 shows that our method achieved top-2 results in
10 cases, with average performance improvements of 6.6%,
8.6%, and 8% on the three datasets, respectively. We also
compared our results with other results using t-test. The re-
sults on the QM9 and ZINC250k datasets show statistical
significance (p<0.0001 for each property) between MEGD
and other methods. These results demonstrate the superior-
ity of our method.

To evaluate the impact of integrating the MoE architecture
into the GDM, we assess the generation quality across three
datasets. The results in Table 2 demonstrate that MEGD
maintains comparable performance to the original GDM
in terms of general generation metrics such as QED and

SA. Across all datasets, the changes in QED and SA are
marginal and fall within the range of standard deviation,
indicating that the introduction of MoE does not compro-
mise the base model’s generation capability. Notably, on
the MOF dataset—which features more complex molecule
structures—the MEGD exhibits a significant improvement
in validity, increasing from 63.67% to 72.32%, supporting
the robustness and generalizability of the MoE-Guided gen-
eration process.

We further explored the impact of changing important pa-
rameters in our method on the experimental results. We con-
ducted experiments on the number of experts used for selec-
tion, the total number of experts, and the balance parame-
ter of the MoE loss. Table 3 shows that in MEGD, optimal
performance is achieved when choosing the right number of
experts and the load balancing. Overall, compared to select-



Table 3: Experiment result on hyperparameter tuning.

#Selected Experts #All Experts λbalance

0.01 0.05 0.1 0.5

1 4 8.642 8.985 9.068 8.897
1 6 9.069 9.064 9.375 9.073
1 8 9.061 8.658 9.407 9.372
2 4 9.111 9.316 9.409 9.234
2 6 9.926 9.473 9.230 9.181
2 8 9.080 9.103 8.969 8.357

Figure 4: The ablation study result on MEGD modules.

ing only a single expert, all other conditions being equal,
using two experts for weighted aggregation improves model
performance, thanks to the model aggregating the outputs
of the two best experts. A moderate total number of ex-
perts (e.g., 6) can effectively improve model performance. A
low total number of experts may not achieve the desired re-
sults, while a high number may increase routing complexity
and lead to performance degradation. Similarly, a moderate
λbalance value (e.g., 0.05 or 0.1) can improve performance
while maintaining load balance among experts; however, ex-
cessively small or large λbalance values may lead to per-
formance degradation or uneven load. These results demon-
strate that multi-expert collaboration, under appropriate bal-
ance constraints, can more effectively unleash the expressive
power of the model.

We further conducted ablation experiments to evaluate the
contribution of each component to our method. We com-
pared the improvement achieved with RL finetuning across
three evaluation metrics, using MEGD as the baseline. The
comparison cases included: the method excluding the ‘time’
component, the ‘sub-structure’ component, and both com-
ponents. The results in Fig. 4 show that removing the time
component results in a 17.8% performance drop, removing
the sub-structure component results in a 26.1% performance
drop, and removing both results in a 41.4% performance
drop. These results highlight the complementary contribu-
tions of the time and sub-structure components, demonstrat-
ing that both timestep and sub-structure guidance are essen-
tial for the effectiveness of MEGD.

Case Study
As shown in Fig. 5, we visualize the molecules generated
by our method using Py3Dmol (Rego and Koes 2015). The
results demonstrate that our MEGD model can flexibly gen-

Figure 5: Visualization of molecule structures generated by
MEGD on the MOFs dataset.

erate molecules with diverse band gaps and effectively tar-
get those with high gaps by dynamically adjusting expert
weights based on target properties under a reinforcement
learning framework. This approach is particularly valuable
for the design of MOFs, which consist of nodes, topologies,
and linkers. Among these components, linkers provide a vast
and diverse chemical space, making them especially suit-
able for generative modeling (Pang et al. 2025). Previous
studies have shown that tuning linker properties can signifi-
cantly impact MOF performance and stability (Raptopoulou
2021). A design paradigm that first generates linkers and
then assembles them with predefined nodes and topologies
has proven highly effective (Park et al. 2024). Following
this paradigm, our MEGD model efficiently produces high-
performance linkers and assembles them into MOFs, signif-
icantly improving molecule design efficiency and opening
new avenues for the development of MOFs with enhanced
stability and specialized functionalities.

Conclusion

State-of-the-art molecule structure generation paradigm de-
pends on the cutting-edge deep learning techniques of GDM
and RL, which inherently suffer from poor compatibility due
to the large variance by GDM-based structure generation
and the follow-up slow convergence by RL-based iterative
property optimization. We propose MEGD, a new integrated
molecule structure generation model that embeds the MoE
architecture seamlessly into the graph diffusion process and
the closed-loop of reinforcement learning for solving the
oriented molecule design task. MEGD is proven to be ef-
fective through quantitative experiments comparing with al-
ternative approaches on molecule structure generation. The
inferred properties as the design objective surpass the best
existing approach by 7.73% on average, without sacrificing
important application-level quality metrics of the resulting
molecule. Real-world design cases on the popular material
class of MOF polymers also show excellent performance of
MEGD in inventing chemical and material molecule with
desired properties.
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