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Abstract
Text-guided molecule generation enables controlled molecular de-
sign from natural language descriptions and has broad applications
in areas such as drug discovery. While recent methods have demon-
strated promising capability in generating molecules that align
well with textual descriptions, they often overlook the structural
properties of the generated graphs. As a result, these approaches
struggle to simultaneously ensure consistency with the input text
and high structural quality of the generated molecules. In this
paper, we propose a text-guided molecular graph generation frame-
work that leverages the structural modeling power of graph dif-
fusion models to achieve both strong alignment with textual de-
scriptions and high-quality molecular structures. However, accom-
plishing this goal involves several key challenges: 1) how to align
graph diffusion models with natural language instructions in order
to generate molecular graphs with expected relational semantics
from text, 2) how to directly optimize the quality of the generated
molecular graphs without sacrificing fine-grained alignment with
text-specific details. To tackle these challenges, we introduce Text-
guided Conditional Discrete Graph Diffusion (TDGD), a discrete
diffusion-based framework for generating molecular graphs from
natural language descriptions. Our model incorporates a structure-
aware cross-attentionmechanism that aligns textual semantics with
molecular structures by capturing relational semantics between
textual descriptions and molecular structures. In addition, we pro-
pose a molecule structure consistency loss that explicitly enforces
structural coherence during generation, leading to higher-quality
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and more consistent molecular graphs. Extensive experiments on
ChEBI-20 and L+M-24 datasets demonstrate the effectiveness of
our proposed TDGD model.
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1 Introduction
Molecule generation plays a crucial role in many scientific and
industrial domains, particularly in drug discovery [10, 30], where
designing molecules with desired properties is a fundamental yet
challenging task. Traditional molecule generation approaches heav-
ily rely on domain expertise and experimental conditions. However,
the vast combinatorial space of potential molecule structures far
exceeds human capabilities for exhaustive exploration. With the
rapid advancements in computer science, researchers have increas-
ingly leveraged machine learning techniques, such as autoregres-
sive models [5, 14], variational autoencoders (VAEs) [4, 19], and
diffusion models [13, 27], to facilitate molecule generation, achiev-
ing remarkable success. More recently, there has been growing
interest in generating molecules that satisfy specific constraints,
particularly those aligned with textual descriptions. This capability
is highly valuable across multiple fields, as it enables the precise
design of molecule structures with desired properties by specifying
their characteristics in natural language.
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Molecules inherently exhibit non-Euclidean structural proper-
ties and can be naturally represented as graphs, where atoms and
chemical bonds form complex topological relationships. Such graph-
structured representations are essential for faithfully modeling
molecular structures and have motivated the widespread adoption
of graph neural networks (GNNs) in molecular tasks [1, 16, 17, 24,
32]. Recent studies [5, 22, 29, 34] have shown promising progress in
generating molecules conditioned on textual descriptions. However,
these methods primarily focus on semantic alignment between text
and generated molecules, while largely neglecting the intrinsic
structural properties of molecular graphs. As a result, they often
struggle to generate molecules that are both well aligned with tex-
tual descriptions and structurally valid, especially when the input
text involves complex or fine-grained constraints.

To address this limitation, we propose a text-guided molecular
graph generation framework that leverages the structural modeling
power of graph diffusion models to achieve both strong alignment
with textual descriptions and high-quality molecular structures.
However, accomplishing this goal involves several key challenges:

• How to align graph diffusion models to follow text descriptions
to generate molecular graphs with expected relational seman-
tics, where nodes are inter-dependent with edges in graphs.

• How to directly optimize the quality of generated molecular
graphs without sacrificing fine-grained alignment with text-
specific details, so as to accurately learn molecular graph distri-
butions conditioned on textual descriptions.

To address these challenges, we propose the Text-guided Con-
ditional Discrete Graph Diffusion model for Molecule Generation
(TDGD), which is able to generate graphs conditioned on text
descriptions. Specifically, we design a conditional discrete graph
diffusion model for molecule generation. We propose a structure-
aware cross-attention mechanism to guide the diffusion model to
follow the text description by inherently capturing the relational
semantics among texts and molecular structures. This mechanism
effectively captures relational semantics between text and molec-
ular structures, enabling structure-aware text-guided generation.
Additionally, we propose a molecule structure consistency loss as a
complement to the standard training objective of diffusion models,
improving the consistency of generated molecular structures with
the text descriptions. Extensive experiments on molecular datasets
demonstrate the effectiveness of our proposed method.

The contributions of this paper are summarized as follows:

• We propose a text-guided conditional discrete graph diffusion
framework for molecule generation, which directly models
molecular graph structures during the diffusion process to im-
prove structure-aware text-guided generation.

• We design the structure-aware cross-attention mechanism to
capture relational semantics among texts and structures.

• We design the molecule structure consistency loss to directly
optimize the quality of generated molecular graphs, improving
the consistency of generated molecular structures.

• Extensive experiments on molecular datasets demonstrate the
effectiveness of our proposed method. The detailed ablation
studies verify the effectiveness of each module.

2 Preliminaries
To facilitate the understanding of our proposed method, we first
present the problem formulation and review the background of
discrete graph diffusion models, which serve as the theoretical
foundation of our approach.

2.1 Problem Formulation
Given a dataset of paired text descriptions and molecular graphs
D = {(𝐺1, 𝐷1), . . . , (𝐺 |D | , 𝐷 |D | )}, where 𝐷𝑖 is the text description
of graph𝐺𝑖 . Our goal is to learn the conditional distribution 𝑝 (𝐺 |𝐷),
so that when given a text description 𝐷 of a molecular graph, the
model can generate the corresponding molecular graph 𝐺 . Specifi-
cally, we aim to generate the atoms in the molecular graph𝐺 and
the bonds between the atoms.

In addition to the atom types and bond types, formal charge is
also an important property of atoms in molecules, which is the
hypothetical charge assigned to an atom in a molecule, assuming
that electrons in all chemical bonds are shared equally between
atoms, regardless of relative electronegativity. However, existing
graph diffusion models, which learn the distribution of molecular
graphs and generate new molecular graphs, typically omit formal
charge information. This omission limits the model’s ability to
accurately capture the overall molecular structure and its associated
properties. To address this limitation, we explicitly incorporate
formal charge as part of the molecular graph representation used
in the diffusion model. We treat the formal charge as a categorical
attribute that can take values from a predefined set.

Formally, we use 𝑋 = {𝑥𝑖 } to denote the nodes of the molecular
graph, where 𝑥𝑖 denotes atom type of the 𝑖-th atom (𝑀𝑥 types in
total, e.g., 𝐶,𝐻,𝑂, 𝑁 ), 𝐶 = {𝑐𝑖 } to denote the formal charges of
atoms, where 𝑐𝑖 denotes the formal charge number of the 𝑖-th atom
(𝑀𝑐 options in total, e.g., −1, 0,+1,+2), and use 𝐸𝑘 = {𝑒𝑖, 𝑗 } to denote
the type of chemical bonds between atoms (𝑀𝑒 types in total, e.g.,
single bond, double bond). The absence of edges between nodes is
represented with a special edge type. In this paper, we represent
these categorical data as one-hot vectors, so we have 𝑥𝑖 ∈ R𝑀𝑥 ,
𝑐𝑖 ∈ R𝑀𝑐 , 𝑒𝑖 ∈ R𝑀𝑒 .

2.2 Discrete Graph Diffusion
Diffusion models as a class of generative models have recently
gained popularity for their excellent performance in computer vi-
sion. Since the presence or absence of edges in graphs is naturally
a binary and discretized property, and the kind of atoms and bonds
in molecular graphs is also discrete, discrete-state graph diffusion
models have grown popular for generating molecular graphs. We
provide a brief introduction to the discrete graph diffusion models
as follows.

The discrete graph diffusion model comprises a forward process
and a reverse process. Formally, let 𝐺 = (𝑋, 𝐸) denote a graph,
where 𝑋 = {𝑥𝑖 } are the node types and 𝐸 = {𝑒𝑖, 𝑗 } are the edge
types. The forward process follows a Markov chain, initiating from
the original graph 𝐺0 = (𝑋0, 𝐸0) = (𝑋, 𝐸). At each step, noise is
gradually introduced to both the node types 𝑋 and edge types 𝐸,
progressively corrupting the graph. This iterative process contin-
ues until the final state 𝐺𝑇 = (𝑋𝑇 , 𝐸𝑇 ), where the graph is fully
transformed into noise. Specifically, in each step, the node types 𝑋
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The molecule is a steroid ester that is methyl 

(17E)-pregna-4,17-dien-21-oate substituted 
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Figure 1: An overview of our method. (a) Upper-left: the conditional discrete graph diffusion model facilitates text-guided
molecular graph generation. (b) Lower-left: a pretrained text encoder and a MLP-based projection module are responsible for
extracting textual features, which are subsequently utilized by the denoising network. (c) Lower-right: the denoising network
employs structure-aware cross-attention to refine noisy molecular graphs, utilizing the extracted text features as conditional
information. (d) Upper-right: the molecule structure consistency loss quantifies the discrepancy between intermediate denoised
results and the ground-truth molecular graph, providing a loss signal to optimize the quality of generated molecules.

and edge types 𝐸 are modified according to predefined transition
matrices 𝑄𝑡

𝑋
and 𝑄𝑡

𝐸
. Each node type and edge type is transformed

independently, with a small probability of transforming into an-
other type. This process can be formally described as follows:

𝑞(𝑥𝑡 = 𝑗 | 𝑥𝑡−1 = 𝑖) =𝑄𝑡𝑋,𝑖 𝑗
𝑞(𝑒𝑡 = 𝑗 | 𝑒𝑡−1 = 𝑖) =𝑄𝑡𝐸,𝑖 𝑗

, (1)

where 𝑄𝑡
𝑋
and 𝑄𝑡

𝐸
are transition matrices for node types and edge

types respectively.
Given the initial state𝐺0, we can derive a closed-form expression

to directly sample 𝐺𝑇 , which facilitates efficient sampling of noisy
graphs for training. Specifically, by employing a one-hot encoding
representation for the initial node types 𝑋0 and edge types 𝐸0, the
evolution of the graph over time can be expressed as follows:

𝑞(𝑋𝑡 | 𝑋0) = 𝑋0𝑄
𝑡
𝑋 , 𝑄𝑡𝑋 =𝑄1

𝑋 . . . 𝑄
𝑡
𝑋 (2)

𝑞(𝐸𝑡 | 𝐸0) = 𝐸0𝑄
𝑡
𝐸 , 𝑄𝑡𝐸 =𝑄1

𝐸 . . . 𝑄
𝑡
𝐸 . (3)

The reverse process in a graph diffusion model is parameterized
by a denoising neural network 𝑝𝜃 (𝐺0 | 𝐺𝑡 ), which is designed to
remove noise from the noisy graph 𝐺𝑡 . Each step of the reverse
process is defined in terms of the transition probability 𝑝 (𝐺𝑡−1 | 𝐺𝑡 ),
which can be expressed as a marginalization over the predicted
clean graph:

𝑝 (𝐺𝑡−1 | 𝐺𝑡 ) =
∑︁
𝐺0

𝑝𝜃 (𝐺0 | 𝐺𝑡 )𝑞(𝐺𝑡−1 | 𝐺0,𝐺𝑡 ), (4)

where 𝑞(𝐺𝑡−1 | 𝐺0,𝐺𝑡 ) can be computed from the definition of
𝑞(𝐺𝑡 | 𝐺0). With 𝑝𝜃 defined as a factorized distribution over the
node types and edge types, Eq. (4) can be computed individually
per node or edge type efficiently. The reverse process reconstructs
the graph structures and generates novel graphs. The denoising
network is optimized using the following objective function:

L = E𝑡E𝐺0∼DE𝐺𝑡∼𝑞 (𝐺𝑡 |𝐺0 )

[𝜆𝑋CE(𝑋0, 𝑝𝜃 (𝑋0 | 𝐺𝑡 )) + 𝜆𝐸CE(𝐸0, 𝑝𝜃 (𝐸0 | 𝐺𝑡 ))] ,
(5)

where CE(·) is the cross-entropy loss, and 𝜆𝑋 and 𝜆𝐸 are hyperpa-
rameters controlling the weighting of terms.

3 Methodology
We formally define the research problem in Section 2.1. To address
this problem, we introduce the Text-guided Conditional Discrete
Graph Diffusion (TDGD) model, which learns the conditional dis-
tribution 𝑝𝜃 (𝐺 |𝐷) to generate a molecular graph 𝐺 from a given
textual description 𝐷 . Our approach leverages a discrete diffusion
process to model the complex structure of molecular graphs while
conditioning on text representations to ensure semantic consis-
tency.

The overall framework of our proposed method is depicted in
Figure 1. We develop a Conditional Discrete Graph Diffusion
Model designed to generate molecular graphs conditioned on a
given textual description. To incorporate the text information into
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Algorithm 1 Training TDGD

1: while not converged do
2: Sample 𝑡 ∼ Uniform(1, . . . ,𝑇 )
3: Sample (𝐺0, 𝐷) from the dataset
4: Sample 𝐺𝑡 using Eq. (6)
5: if rand() < unconditional training probability then
6: Compute 𝑝𝜃 (𝐺0 | 𝐺𝑡 , 𝐷 = ∅)
7: Optimize using Lmain in Eq. (8)
8: else
9: Compute 𝑝𝜃 (𝐺0 | 𝐺𝑡 , 𝐷)
10: Optimize using Lmain in Eq. (8)
11: end if
12: if using molecule structure consistency loss then
13: Sample 𝐺𝑇 from the initial distribution
14: for t’ = T to 1 do
15: Compute 𝑝𝜃 (𝐺0 | 𝐺𝑡 ′ , 𝐷)
16: Compute Lcon in Eq. (14)
17: Sample 𝐺𝑡 ′−1 from 𝑝 (𝐺𝑡 ′−1 | 𝐺𝑡 ′ , 𝐷) using Eq. (7)
18: end for
19: Optimize using sum of Lcon over 𝑡 ′
20: end if
21: end while

Algorithm 2 Sampling from TDGD following the text description
Input: Text description 𝐷

1: Sample 𝐺𝑇 from the initial distribution
2: for t = T to 1 do
3: Compute conditional predictions 𝑝𝜃 (𝐺0 | 𝐺𝑡 , 𝐷)
4: Compute unconditional predictions 𝑝𝜃 (𝐺0 | 𝐺𝑡 , 𝐷 = ∅)
5: Compute classifier-free guidance 𝑝cfg using Eq. (15)
6: Sample 𝐺𝑡−1 from 𝑝 (𝐺𝑡−1 | 𝐺𝑡 , 𝐷) using Eq. (7), using 𝑝cfg

in place of 𝑝𝜃
7: end for
8: return molecular graph 𝐺0

the model, we use a pretrained MolT5[5] encoder to extract the
text features, followed by a two-layer MLP projection module that
maps the text features into the desired dimensionality. The text
features are utilized by the denoising network, which is a graph
transformer [33] equipped with structure-aware cross-attention
designed in Section 3.2. It enables the model to capture both the
structural dependencies within the graph and the semantic align-
ment between the graph and the text. During the generation process,
we incorporate classifier-free guidance to enhance the correspon-
dence between the generated graph and the textual description,
improving both fidelity and diversity. The training and sampling
procedure for TDGD is presented in Algorithm 1 and 2 respectively.

3.1 Conditional Discrete Graph Diffusion Model
for Molecule Generation

In our method, we design a conditional discrete graph diffusion
model, which incorporates text features into the discrete graph
diffusion model to achieve text-guided molecular graph generation.

As outlined in Section 2.1, we aim to generate the atom types,
formal charges, and edge types of molecules. Therefore, we design
the forward process of the conditional discrete graph diffusion
model to operate on these components of molecules. Given the
initial graph state 𝐺0 = (𝑋0,𝐶0, 𝐸0), we can derive a closed-form
expression that directly samples𝐺𝑡 at time 𝑡 . The evolution of the
graph over time is modeled as follows:

𝑞(𝑋𝑡 | 𝑋0) = 𝑋0𝑄
𝑡
𝑋 , 𝑄𝑡𝑋 =𝑄1

𝑋 . . . 𝑄
𝑡
𝑋

𝑞(𝐶𝑡 | 𝐶0) =𝐶0𝑄
𝑡
𝐶 , 𝑄𝑡𝐶 =𝑄1

𝐶 . . . 𝑄
𝑡
𝐶

𝑞(𝐸𝑡 | 𝐸0) = 𝐸0𝑄
𝑡
𝐸 , 𝑄𝑡𝐸 =𝑄1

𝐸 . . . 𝑄
𝑡
𝐸 ,

(6)

where 𝑋 ∈ R𝑁×𝑀𝑋 represents the matrix of atom types, 𝐸 ∈
R𝑁×𝑁×𝑀𝐸 is the matrix of edge types, 𝐶 ∈ R𝑁×𝑀𝐶 denotes the
matrix of formal charge numbers of the atoms, 𝑄𝑋 , 𝑄𝐶 , 𝑄𝐸 are pre-
defined transition matrices, and 𝑡 indicates the time step of the
graph evolution.

To enable text-guided generation, we modify the denoising neu-
ral network 𝑝𝜃 (𝐺0 | 𝐺𝑡 ) in the discrete graph diffusion model
by introducing conditional information based on the text descrip-
tion, 𝑝𝜃 (𝐺0 | 𝐺𝑡 , 𝐷). This conditional network incorporates textual
information 𝐷 as an additional input using structure-aware cross-
attention (described in Section 3.2), enabling it to learn a mapping
that denoises 𝐺𝑡 while adhering to the semantic constraints im-
posed by 𝐷 . Then, the transition probability 𝑝 (𝐺𝑡−1 | 𝐺𝑡 , 𝐷) in
the reverse process can be expressed as a marginalization over
the original graph distribution following the text description 𝐷 of
molecule:

𝑝 (𝐺𝑡−1 | 𝐺𝑡 , 𝐷) =
∑︁
𝐺0

𝑝𝜃 (𝐺0 | 𝐺𝑡 , 𝐷)𝑞(𝐺𝑡−1 | 𝐺0,𝐺𝑡 ), (7)

which enables a gradual denoising procedure guided by 𝐷 to recon-
struct the underlying graph structure.

The conditional denoising network can be optimized using the
following objective function:

Lmain = E𝑡E𝐺0∼DE𝐺𝑡∼𝑞 (𝐺𝑡 |𝐺0 ) [𝜆𝑋CE(𝑋0, 𝑝𝜃 (𝑋0 | 𝐺𝑡 , 𝐷))
+𝜆𝐶CE(𝐶0, 𝑝𝜃 (𝐶0 | 𝐺𝑡 , 𝐷)) + 𝜆𝐸CE(𝐸0, 𝑝𝜃 (𝐸0 | 𝐺𝑡 , 𝐷))],

(8)

where CE(·) is the cross-entropy loss, and 𝜆𝑋 , 𝜆𝐶 and 𝜆𝐸 are hyper-
parameters controlling the weighting of terms.

3.2 Structure-aware Cross-attention Mechanism
To enable text-to-graph generation via diffusion models, it is es-
sential to incorporate text features into the conditional denoising
network. While standard approaches like affine conditioning and
cross-attention have been used in diffusion models, they are not
directly suited to graphs due to their unique structure. In particular,
edges in graphs represent node relationships, so effective condi-
tioning should ensure edge features are contextually dependent
on node representations. Moreover, computing edge-level condi-
tioning using cross-attention becomes inefficient, as the adjacency
matrix scales quadratically with the number of nodes.

To address these challenges, we propose a structure-aware cross-
attention mechanism that integrates sequential text features into
the denoising network by aligning them with graph structures
through structure-aware attention.
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Specifically, we use the structure-aware cross-attention mecha-
nism in the denoising network of the graph diffusion model, where
the results of node attention and edge attention are added into the
network using residual connections. Let 𝑋 and 𝐸 be the node and
edge features in some layer of the denoising network, and 𝐶 be the
sequence of text features. Structure-aware cross-attention first com-
putes the cross-attention between node features and text features
as follows, and use the attention results for node conditioning:

𝑄 = 𝑋𝑊𝑄 , 𝐾 =𝐶𝑊𝐾 , 𝑉 =𝐶𝑊𝑉 , (9)

𝐴 = softmax(𝑄𝐾
𝑇

√
𝑑

), 𝑋cond = 𝐴𝑉, (10)

where𝑄 ,𝐾 , and𝑉 are weight matrices for queries, keys, and values,
𝑑 is the dimensionality of keys, 𝐴 is the attention score for nodes,
and 𝑋cond is the node conditioning result.

Then, structure-aware cross-attention computes the attention
scores for edges based on the node attention results. For each edge
(𝑢, 𝑣), its attention score should be related to the attention scores
of node 𝑢 and 𝑣 . We compute two scalar values𝐺1,𝑢𝑣 using a gating
mechanism for each edge based on its features 𝐸𝑢𝑣 , which represents
the influence of two endpoints 𝑢 and 𝑣 in the edge:

𝐺1,𝑢𝑣 = 𝜎 (𝐸𝑇𝑢𝑣𝑊𝐺1),𝐺2,𝑢𝑣 = 1 −𝐺1,𝑢𝑣, (11)

where𝑊𝐺1 is trainable weights, and 𝜎 is the logistic sigmoid func-
tion. The attention score of edge (𝑢, 𝑣) is computed as a weighted
mixture of the attention scores for node 𝑢 and 𝑣 :

𝐴edge,𝑢𝑣 =𝐺1,𝑢𝑣𝐴𝑢 +𝐺2,𝑢𝑣𝐴𝑣, (12)

where 𝐴edge,𝑢𝑣 is the attention score for edge (𝑢, 𝑣), and 𝐴𝑢 and 𝐴𝑣
are attention scores for node 𝑢 and 𝑣 respectively.

Finally, the edge conditioning result is determined by mixing the
attention values according to the edge attention scores:

𝐸cond,𝑢𝑣 = 𝐴edge,𝑢𝑣𝑉 . (13)

In our method, we modify the graph transformer architecture of
the denoising network, adding a structure-aware cross-attention
module in each graph transformer layer.

By deriving the edge conditioning from the node conditioning,
structure-aware cross-attention can utilize the text features in the
conditional denoising network with relatively low computational
costs, and captures the relational semantics among texts and struc-
tures more efficiently.

3.3 Molecule Structure Consistency Loss
In discrete graph diffusion models, the denoising network is trained
to remove noise from corrupted graphs, but this objective does not
directly optimize the quality of generated samples. In text-guided
settings, where textual descriptions impose stricter structural con-
straints than unconditional generation, the standard loss fails to
accommodate this increased complexity. To address this, we propose
a novel loss function that explicitly enforces structural consistency
between generated graphs and their textual descriptions.

In this section, we introduce our proposed Molecule Structure
Consistency Loss. Specifically, given a dataset sample (𝐺,𝐷), where
𝐺 represents themolecular graph and𝐷 is the corresponding textual
description, we consider a diffusion sampling process 𝐺𝑇 , . . . ,𝐺0
conditioned on 𝐷 . Our objective is to ensure that the denoising

network consistently predicts𝐺0 to be close to𝐺 at each step of the
sampling process. Formally, we define the loss function as follows:

Lcon = E𝐺̂𝑇 ,...,𝐺̂0

𝑇∑︁
𝑡=1

(
𝜆𝑋CE(𝑋, 𝑝𝜃 (𝑋0 | 𝐺𝑡 , 𝐷))+

𝜆𝐶CE(𝐶, 𝑝𝜃 (𝐶0 | 𝐺𝑡 , 𝐷)) + 𝜆𝐸CE(𝐸, 𝑝𝜃 (𝐸0 | 𝐺𝑡 , 𝐷))
)
.

(14)

where 𝜆𝑋 , 𝜆𝐶 , and 𝜆𝐸 are weighting terms.
This loss function in Eq. (14) shares a similar formulation with

the main loss function in Eq. (8), as both aim to minimize the
discrepancy between the denoising network’s predictions and the
ground-truth molecular graph. However, the key distinction lies
in how the noisy data is obtained: instead of directly adding noise
to the real molecular graph, the Molecule Structure Consistency
Loss leverages trajectories from the sampling process to generate
perturbed inputs. This design ensures that the denoising network
learns to recover molecular structures under conditions that more
closely align with the actual sampling dynamics.

3.4 Classifier-free Diffusion Guidance
Classifier-free guidance [11] is a widely used technique for condi-
tional generation using diffusion models. It trains the denoising
network in diffusion models for both unconditional and conditional
inputs, and modifies the output of denoising network during sam-
pling by scaling up the difference between the unconditional and
conditional predictions.

For discrete graph diffusion models, since the denoising network
predicts a discrete probability distribution rather than the mean of
a Gaussian distribution as in continuous diffusion models, a novel
classifier-free guidance method needs to be designed. The specific
approach is outlined as follows:

𝑝cfg (𝐺0 | 𝐺𝑡 , 𝐷) =
1
𝑍
𝑝𝜃 (𝐺0 | 𝐺𝑡 , 𝐷)𝑘𝑝𝜃 (𝐺0 | 𝐺𝑡 , 𝐷 = ∅)1−𝑘 (15)

where 𝑘 is the guidance scale, and 𝑍 is a normalization coefficient
that ensures the sum of 𝑝cfg equals 1. 𝑝cfg can be computed by
linearly mixing the pre-softmax logits produced by the denoising
network according to 𝑘 and then taking softmax.

4 Experiment
To evaluate the effectiveness of our proposed method, we designed
comprehensive experiments on ChEBI-20 and L+M-24 datasets,
which are two major datasets for the task of text-guided graph gen-
eration. Then, we perform a detailed ablation study to analyze the
contributions of the key modules introduced in our framework. In
the first part, we benchmark our approach against multiple baseline
methods on the task of text-guided molecular graph generation
using the ChEBI-20 dataset, assessing both generation quality and
structural validity. In the second part, we extend this comparison
to the L+M-24 dataset, further validating the generalization ability
of our method across different molecular graph distributions. In
the third part, we perform a detailed ablation study to analyze the
contributions of the key modules introduced in our framework.
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4.1 Text-guided Molecular Graph Generation on
ChEBI-20 Dataset

Dataset. The ChEBI-20 [7] dataset consists of 33,010 pairs of
molecules and descriptions, each containing text descriptions of
more than 20 words. It was created by collecting ChEBI annotations
from PubChem, with a focus on reducing noise and improving in-
formativeness. The dataset is split into 80% training, 10% validation,
and 10% test sets.

Baselines. We compare with the following methods:
• MolT5 [5]: [leftmargin = 0.5cm] An encoder-decoder Trans-
former model initialized with a public checkpoint of T5, then
pretrained on the combined dataset of C4 and ZINC, finally
finetuned on the ChEBI-20 dataset. Divided into three models
based on the number of trainable parameters: MolT5-Small,
MolT5-Base and MolT5-Large.

• 3M-Diffusion [34]: A latent multi-modal diffusion model that
performs text-guided molecular graph generation in a shared
graph latent space. The baseline aligns text embeddings and
molecular graphs into a joint latent representation, and applies
a conditional diffusion process to map text inputs to latent
graph features, which are then decoded into molecular graphs.

• UTGDiff [29]: A unified text–graph diffusion framework that
models text-guided graph generation within a shared diffusion
process. The baseline uses a pretrained language-model-based
transformer with attention bias as the denoising network to
enable interactions between text tokens and graph components,
while keeping the overall architecture simple and unified.

• TGM-DLM [9]: A text diffusion model for text-guided molecule
generation, which iteratively refines SMILES token embeddings
through a two-phase diffusion process—first optimizing from
noise with text guidance and then correcting invalid molecular
structures to ensure valid representations.

Metrics. We use the following metrics to evaluate our method
and compare it with the baseline:
• Fingerprint-based molecule similarity metrics (MACCS FTS,
RDK FTS, Morgan FTS): We measure the fingerprint Tanimoto
similarity (FTS) between each generated molecule and the cor-
responding ground truth molecule. MACCS, RDK, and Morgan
represent the three different extraction methods for molecu-
lar fingerprints. We consider these to be the primary metrics
measuring the quality of generated graphs in our experiments.

• FCD: We measure the Fréchet ChemNet Distance (FCD) [23]
between the generated molecules and ground truth molecules.
It reflects the distance of chemical and biological information
between the two sets of molecules.

• Text2Mol[7]: Themetric evaluates the similarity betweenmolecules
and their textual descriptions by leveraging similarity between
embeddings, with a trainedmulti-layer perceptron (MLP) model
to rank molecule-description pairs.

• SMILES-based metrics (BLEU, Exact, Levenshtein): These met-
rics measure the similarity between the ground truth molecules
and generated molecules using their SMILES representation.
BLEU measures the n-gram overlap of the two strings, Exact
measures the proportion of exact string matches, and Leven-
shtein measures the text editing distance. Since our method

does not generate SMILES string directly, the metrics for our
method are computed by converting both the ground truth and
the generated molecules to their canonical SMILES representa-
tion.

• Validity: We report the validity of the generated molecules as
measured by RDKit sanitization.

Results and Analysis. From Table 1, we can observe that: (1)
Compared to MolT5, our approach consistently achieves superior
performance across molecular metrics, indicating that it captures
molecular structures more effectively than language-model-based
methods when generating molecular graphs from textual descrip-
tions. (2) When evaluated against diffusion-based methods, our
method reaches superior or comparable performance on all three
FTS metrics, which are highly correlated with molecular structure
and properties. This indicates that, compared to text-based diffu-
sion models, our method generates molecular graphs that more
accurately align with the structural information described in the
text. (3) By evaluating the generated molecular graphs in SMILES
representations, our approach demonstrates superior performance
on SMILES-based metrics.

4.2 Text-guided Molecular Graph Generation on
L+M-24 Dataset

Dataset. The L+M-24 [6] dataset consists of 200,615 molecule-
description pairs derived from four key categories: Biomedical,
Light and Electricity, Human Interaction and Organoleptics, and
Agriculture and Industry. It includes functional and compositional
properties, designed to test model performance on abstract, func-
tional, and compositional tasks.

Baselines. We compare with MolT5, 3M-Diffusion, UTGDiff, as
well as the following method.
• Lang2Mol-Diff [20]: An enhanced version of TGM-DLM [9]
tailored for the L+M-24 benchmark. This baseline follows the
diffusion-based text-guided molecule generation paradigm of
TGM-DLM, and introduces minor adaptations to the text con-
ditioning and training configuration to better handle the char-
acteristics of L+M-24, while preserving the original model ar-
chitecture and generation process.

Metrics. We use the following metrics to evaluate our method
and compare it with the baseline: MACCS FTS, RDK FTS, Morgan
FTS, FCD, BLEU, Exact, Levenshtein, Validity.

Results and Analysis. Compared to ChEBI-20, the L+M-24 dataset
is constructed from a broader range of sources and contains more
diverse textual descriptions of molecules, making molecular gen-
eration significantly more challenging. This increased difficulty
is reflected in the near-zero exact match scores across all meth-
ods. Nevertheless, our approach maintains strong performance on
L+M-24. As shown in Table 2, our experimental results indicate
that: (1) Compared to language model-based methods, our approach
consistently achieves superior performance on molecular evalua-
tion metrics. (2) Compared to diffusion-based methods, our method
outperforms them across all reported metrics, demonstrating its
enhanced capability in generating molecular graph structures from
complex textual descriptions.
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Table 1: The result of text-guided molecule generation on ChEBI-20 dataset. “MACCS FTS”, “RDK FTS”, and “Morgan FTS”
are fingerprint-based molecule similarity metrics, “FCD” and “Text2Mol” are embedding-based metrics, and “Rank” is the
average ranking among listed methods over molecular metrics. “BLEU”, “Exact”, and “Levenshtein” metrics computed using
SMILES strings, which are only listed for reference and do not reflect the performance of molecule generation. “Validity” is the
proportion of generated molecules that are chemically valid. ↑ indicates higher is better, ↓ indicates lower is better, and Bold
highlights the best score. ★ FCD values of baselines may differ from those listed in other works due to subtle differences in the
way the metric is computed. We try to ensure a consistent evaluation protocol across all baselines.

Model Molecular metrics SMILES-based metrics
MACCS FTS↑ RDK FTS↑ Morgan FTS↑ FCD↓ ★ Text2Mol↑ Rank↓ BLEU↑ Exact↑ Levenshtein↓ Validity↑

Ground Truth 1.000 1.000 1.000 0.0 0.609 — 1.000 1.000 0.0 1.0

MolT5-Small 0.703 0.568 0.517 2.49 0.482 7.2 0.755 0.079 25.988 0.721
MolT5-Base 0.721 0.588 0.529 2.18 0.496 6.0 0.769 0.081 24.458 0.772
MolT5-Large 0.834 0.746 0.684 1.20 0.554 4.6 0.854 0.311 16.071 0.905

3M-Diffusion 0.557 0.380 0.302 2.35 0.416 7.8 0.507 0.003 20.480 0.595
UTGDiff 0.885 0.795 0.724 1.34 0.587 2.4 0.773 0.374 14.671 0.893

TGM-DLM𝑤/𝑜 𝑐𝑜𝑟𝑟 0.874 0.771 0.722 0.89 0.589 2.4 0.828 0.242 16.897 0.789
TGM-DLM 0.854 0.739 0.688 0.77 0.581 3.6 0.826 0.242 17.003 0.871

Ours 0.892 0.794 0.757 1.08 0.584 2.0 0.738 0.460 13.755 1.000

Table 2: The result of text-guided molecule generation on L+M-24 dataset. “MACCS FTS”, “RDK FTS”, and “Morgan FTS” are
fingerprint-based molecule similarity metrics, “FCD” is an embedding-based metric, and “Rank” is the average ranking among
listed methods over molecular metrics. “BLEU”, “Exact”, and “Levenshtein” metrics computed using SMILES strings, which are
only listed for reference and do not reflect the performance of molecule generation. “Validity” is the proportion of generated
molecules that are chemically valid. ↑ indicates higher is better, ↓ indicates lower is better, and Bold highlights the best score.

Model Molecular metrics SMILES-based metrics
MACCS FTS↑ RDK FTS↑ Morgan FTS↑ FCD↓ Rank↓ BLEU↑ Exact↑ Levenshtein↓ Validity↑

Ground Truth 1.000 1.000 1.000 0.0 — 1.000 1.000 0.00 1.0

MolT5-Small 0.642 0.581 0.374 NaN 4.50 0.566 0.00 56.34 0.805
MolT5-Base 0.760 0.652 0.475 NaN 3.25 0.684 0.00 44.79 1.000
MolT5-Large 0.757 0.650 0.395 17.52 2.75 0.564 0.00 55.40 0.994

3M-Diffusion 0.215 0.120 0.073 22.91 6.25 0.093 0.00 71.63 0.408
UTGDiff 0.481 0.357 0.234 6.49 4.75 0.583 0.00 45.22 0.617

Lang2Mol-Diff 0.606 0.332 0.328 38.09 5.25 0.543 0.00 55.87 1.000

Ours 0.781 0.719 0.560 4.67 1.00 0.814 0.00 29.38 1.000

4.3 Ablation Study
We conducted ablation experiments to explore the effects of dif-
ferent settings. All ablation experiments are performed on the
ChEBI-20 dataset. Here, we focus on the molecule similarity metrics,
namely the FTS metrics as well as FCD.

4.3.1 Effect of Different Text Conditioning Methods. We compare
our structure-aware cross-attention mechanism with other text
conditioning methods for diffusion models.

Compared Methods. We compare the following methods:

• Affine: The features of the last token in the text description are
inserted into the denoising network using feature-wise affine
transformations, also known as feature-wise linear modulation
(FiLM).

Table 3: The result of different text conditioning methods on
ChEBI-20 dataset. “MACCS FTS”, “RDK FTS”, and “Morgan
FTS” are fingerprint-basedmolecule similaritymetrics, “FCD”
is embedding-based metric. ↑ indicates higher is better, ↓
indicates lower is better, and Bold highlights the best score.

Model MACCS FTS↑ RDK FTS↑ Morgan FTS↑ FCD↓
Affine 0.833 0.726 0.653 2.16

Cross-attention 0.856 0.747 0.701 1.64
Ours 0.892 0.794 0.757 1.08

• Cross-attention: The text features are inserted into the denois-
ing network using cross-attention between node features and
text features. The edge features are not modified directly.
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Table 4: Ablation study results of molecule structure consis-
tency loss on ChEBI-20 dataset.

Model MACCS FTS↑ RDK FTS↑ Morgan FTS↑ FCD↓
Not using loss 0.866 0.760 0.720 1.28
Using loss 0.892 0.794 0.757 1.08

Table 5: Ablation study results of generating formal charges
on ChEBI-20 dataset.

Model MACCS FTS↑ RDK FTS↑ Morgan FTS↑ FCD↓
No formal charge 0.871 0.793 0.706 1.44
With formal charge 0.892 0.794 0.757 1.08

• Ours: The text features are inserted into the denoising net-
work using our proposed structure-aware cross-attention mech-
anism.

Results and Analysis. The experimental results are shown in Ta-
ble 3. We can find that structure-aware cross-attention achieves the
best performance among compared methods in terms of molecular
similarity to the ground truth. This indicates that our proposed
method can better incorporate text features into graph diffusion
models.

4.3.2 Effect of Molecule Structure Consistency Loss. We conducted
experiments to verify the effectiveness of the molecule structure
consistency loss proposed in Section 3.3.

Compared methods. We compare the following methods:
• Not using loss: The model is optimized using only denoising
loss 𝐿𝑚𝑎𝑖𝑛 in Eq. (8).

• Using loss: The model is optimized using only denoising loss
𝐿𝑚𝑎𝑖𝑛 in Eq. (8) and molecule structure consistency loss 𝐿𝑐𝑜𝑛 in
Eq. (14).

Results and Analysis. The experimental results are shown in
Table 4. It can be observed that incorporating the proposed loss
consistently outperforms the variant without this loss across all
evaluation metrics. This improvement suggests that the molecule
structure consistency loss provides additional and effective training
signals beyond the standard denoising objective, encouraging the
model to preserve structural coherence throughout the diffusion
process. As a result, the denoising network is able to learn more
accurate and stable molecular graph structures that better align
with the underlying ground-truth molecules.

4.3.3 Effect of Atom’s Formal Charge. We conducted experiments
to verify the effectiveness of the atom’s formal charge added in
conditional discrete graph diffusion model in Section 3.1.

Compared Methods. We compare the following methods:
• No formal charge: The model only takes into account the atom
types and chemical bond types.

• With formal charge : The model takes into account the atom
types, chemical bond types and formal charge number of atoms.

Results and Analysis. The experimental results are reported in
Table 5. We observe that explicitly incorporating formal charge
information consistently improves model performance across all
evaluation metrics. This suggests that formal charge provides com-
plementary structural cues beyond atom and bond types, enabling
the model to better capture fine-grained molecular structure. As a
result, considering formal charge in the graph diffusion process con-
tributes to more accurate molecular graph generation and improved
alignment with the target molecular structures.

5 Related Work
In this section, we review related work on diffusion-based graph
generation and text-guided molecule generation.

5.1 Diffusion-based Graph Generation
Diffusion models have achieved great success in the field of com-
puter vision. Recently, some researchers[2, 12–14, 18, 27, 31] have
used diffusion models to solve graph generation tasks. For example,
EDP-GNN [21] is the first work using ScoreMatchingwith Langevin
Dynamics (SMLD) [25] diffusion model to generate graphs, which
learns the score function of the adjacency matrices distributions
of the graphs. GDSS [13] proposes a graph generation method us-
ing continuous-time diffusion models [26], which models the joint
distribution of the nodes and edges through stochastic differential
equations (SDEs). DiGress [27] uses a diffusion model over discrete
data space for graph generation, and additionally preserves the
marginal distribution of node and edge types and incorporates aux-
iliary graph-theoretic features. These methods have demonstrated
excellent performance on the task of graph generation.

In order to generate graphs that match specific requirements,
conditional graph generation[2, 18, 27] has received attention in
recent years. For example, DiGress [27] uses classifier guidance to
perform graph generation guided by several graph-level properties,
like the dipole moment and highest occupied molecular orbit of
molecular graphs.

5.2 Text-guided Molecule Generation
Molecules can be represented in both text and graph forms. Most
existing text-guided molecular generation methods[3, 5, 8, 9, 20,
22] primarily focus on generating molecular sequences such as
SMILES[28] and SELFIES[15]. These methods can generally be cat-
egorized into autoregressive language models and text-based dif-
fusion models. Approaches like MolT5[5], Text+ChemT5[3], and
BioT5[22] employ an encoder-decoder Transformer architecture
similar to the T5 model.

To address the adaptability limitations imposed by the fixed gen-
eration order in autoregressive models, recent methods, such as
TGM-DLM[9] and Lang2Mol-Diff[20], have introduced two-stage
text-based diffusion models for molecular generation. In these mod-
els, the first stage iteratively optimizes the latent embeddings from
random noise under textual guidance, while the second stage re-
fines invalid SMILES/SELFIES strings in an unsupervised manner
to produce valid molecular representations. Additionally, some
studies[34] have explored the use of diffusion models for latent
space sampling, followed by graph-based decoders to reconstruct
molecular graphs. More recently, a unified text–graph diffusion
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framework [29] integrates text conditioning and molecular graph
generation within a single diffusion process by employing a pre-
trained language-model-based transformer with attention bias, en-
abling joint modeling of text tokens and graph structures.

Although existing diffusion-based methods have shown strong
performance in text-guided molecular generation, many of them
incorporate molecular structures in an indirect manner, such as
through latent spaces or unified token representations. While re-
cent text–graph diffusion models begin to jointly model text and
molecular graphs, effectively capturing fine-grained structural de-
pendencies and directly enforcing structural consistency during
generation remain challenging. In this work, we investigate condi-
tional discrete graph diffusion models to more explicitly leverage
molecular structural information for text-guided molecular graph
generation.

6 Conclusion
In this paper, we introduced the Text-guided Conditional Discrete
Graph Diffusion (TDGD) model to leverage graph discrete diffusion
models for text-guided molecule generation. To address key chal-
lenges in aligning molecular structures with text descriptions, we
proposed a structure-aware cross-attention mechanism to enhance
the model’s ability to capture relational semantics and a molecule
structure consistency loss to improve generation quality. Extensive
experiments on the ChEBI-20 and L+M-24 datasets demonstrate
the effectiveness of our proposed TDGD in generating molecular
graphs that faithfully adhere to textual constraints. Our findings
demonstrate the potential of conditional discrete graph diffusion
models in advancing controlled molecule generation.

Limitations and Ethical Considerations
Our method relies on the quality and coverage of text–molecule
data pairs, which may limit generalization to out-of-distribution
descriptions. In addition, while the model captures overall semantic
alignment, achieving fine-grained control over detailed chemical
constraints from text remains challenging. The computational cost
of diffusion models is also relatively high compared to simpler
generative approaches. While our method is intended to support
beneficial applications such as drug discovery, it could potentially
be misused for generating harmful or unsafe chemical structures.
Therefore, generated molecules should not be directly used without
proper domain-specific validation, and practical deployment should
incorporate safety screening and expert oversight.
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A More Experiment Results
More Ablation Study. We provide additional ablation study in

Table 6 and Table 7.
From Table 6, it can be observed that the quality of generated

molecules is lower when the number of diffusion steps is reduced,
with the effect being more pronounced when the number of steps is
very small, matching the general phenomenon in diffusion models.

Table 6: Comparison of different diffusion steps

Steps MACCS FTS↑ RDK FTS↑ Morgan FTS↑

100 0.750 0.580 0.501
250 0.882 0.771 0.728
500 0.892 0.794 0.757

From Table 7, we investigate the effect of different CFG scale,
with cfg = 1.0 meaning no classifier-free guidance. Using classifier
guidance (cfg = 1.5) leads to improved performance over not using
it (cfg = 1.0), but a high CFG scale reduces the model performance.

Table 7: Comparison of different CFG scale

cfg MACCS FTS↑ RDK FTS↑ Morgan FTS↑

1.0 0.870 0.764 0.723
1.5 0.892 0.794 0.757
2.0 0.879 0.789 0.744

Visualization of Generated Molecules. In order to better illustrate
the quality of generated graphs of our method, we list in Table 8
some comparison results with MolT5. It can be seen from the table
that our method can generate diverse results while maintaining
the basic molecular structure, while the diversity and accuracy of
MolT5 is generally worse. This indicates that our method has more
potential in the application of text-to-molecule generation.

B Experimental Setting
Our code is based on DiGress, with modifications to allow text-
guided graph generation. The information of the dataset is shown
in Table 9. All experiments are performed with six NVIDIA RTX
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Table 8: Visualization of generated molecules by our method and MolT5.

Text description Ground truth Our method MolT5

The molecule is an
indolylmethylglucosinolate
that is the conjugate base of
4-methoxyglucobrassicin,
obtained by deprotonation of
the sulfo group. It is a
conjugate base of a
4-methoxyglucobrassicin.

The molecule is a member of
the class of naphthoates that
is 1-naphthoate substituted at
positions 3 and 5 by hydroxy
and methyl groups
respectively; major species at
pH 7.3. It has a role as a
bacterial metabolite. It is a
conjugate base of a 3-hydroxy-
5-methyl-1-naphthoic acid.

The molecule is a myricetin
O-glucuronide that is
myricetin with a
beta-D-glucosiduronic acid
residue attached at the
5-position. It has a role as a
metabolite. It is a myricetin
O-glucuronide, a
pentahydroxyflavone, a
member of flavonols and a
monosaccharide derivative.

4090 GPUs. Training our diffusion model takes about 2 days on
ChEBI-20 and 7 days on L+M-24 datasets.

Table 9: Dataset info

Dataset Total number Training set Validation set Test set

ChEBI-20 33,010 26,407 3,301 3,300
L+M-24 200,615 126,864 33,696 21,805

Hyperparameters. The model training parameters on the ChEBI-
20 dataset are shown in Table 10. The model training parameters
on the L+M-24 dataset are shown in Table 11. We determine the
number of layers and the dimension sizes, as well as 𝜆𝑋 and 𝜆𝐸 by
following DiGress. 𝜆𝐶 is set to the same as 𝜆𝑋 as they both denote
the weighting of node-level loss values. The batch size set to the
largest value that fits in VRAM for our GPU. The unconditional
training probability is set to 0.2, a common value in diffusionmodels
for images, and was not specifically tuned.
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Table 10: Hyperparameter setting on ChEBI-20 dataset

Hyperparameter Value

epoch 1000
batch size 76

learning rate 2e-4
unconditional probability 0.2

𝜆𝑋 1
𝜆𝐶 1
𝜆𝐸 5

num of layers 9
hidden mlp dims [X’: 256, ’E’: 128, ’y’: 256]
hidden dims [’dx’: 256, ’de’: 64, ’dy’: 128, ’n_head’: 8, ’dim_ffX’: 256, ’dim_ffE’: 128, ’dim_ffy’: 256]

text feature dims 256

Table 11: Hyperparameter setting on L+M-24 dataset

Hyperparameter Value

epoch 500
batch size 22

learning rate 2e-4
unconditional probability 0.2

𝜆𝑋 1
𝜆𝐶 1
𝜆𝐸 5

num of layers 9
hidden mlp dims [X’: 256, ’E’: 128, ’y’: 256]
hidden dims [’dx’: 256, ’de’: 64, ’dy’: 128, ’n_head’: 8, ’dim_ffX’: 256, ’dim_ffE’: 128, ’dim_ffy’: 256]

text feature dims 256

C Computational Costs
Compared to unconditional graph diffusion models, our method
only requires a small increase in training and inference time. For

inference, our method, with the addition of text feature extraction
and structure-aware cross-attention, only increased the inference
time by about 30%.
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