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Abstract 
Motivation: The increasing prevalence of antibiotic-resistant bacteria has intensified the demand for novel antimicrobial 
agents. Antimicrobial peptides (AMPs) have emerged as promising alternatives, yet their identification or classification 
remains challenging due to the lack of multi-perspective information, insufficient feature representation learning, and 
monocular data modalities.

Results: In this paper, we propose a dual diffusion model-based representation learning framework for classifying AMPs, 
which effectively integrates both peptide sequence and structure information to address existing issues for the task. 
Specifically, our approach utilizes a multi-view feature construction module, which encodes peptide sequences and struc
tures from distinctive perspectives, deriving initial feature representations with enriched biological semantics. To enhance 
representation learning, the proposed framework leverages both diffusion models for sequence and structure information 
respectively to effectively capture complex semantics from dual modalities. In addition, both single-modal and dual- 
modal contrastive learning are used to further advance the representation learning. Results of comprehensive experi
ments demonstrate that our model outperforms existing methods for the task of AMPs classification, providing a feasible 
solution to accelerating the discovery of novel antimicrobial agents.

Availability of implementation: The data and source codes are available in GitHub at https://github.com/kww567upup/DDM.

1 Introduction
Antimicrobial resistance (AMR) to antibiotics has rapidly evolved, 
posing major challenges to medicine and public health (Salam 
et al. 2023). Antimicrobial peptides (AMPs), naturally occurring 
short peptides, exhibit strong biofilm disruption, lower resistance 
development, and broad-spectrum antimicrobial activity, making 
AMPs prediction crucial for novel antimicrobial therapy develop
ment (Yan et al. 2022). However, complex sequence-structure- 
function relationships hinder rapid screening from large datasets, 
and the lack of sufficient biological information in modeling pep
tides complicates the therapeutic development.

Deep learning (DL), with its powerful pattern recognition and 
feature extraction capabilities, can more efficiently perform vari
ous prediction tasks from large datasets. Consequently, research
ers have applied DL to AMPs recognition and classification, to 
accelerate the development of drugs to combat antibiotic resis
tance (Al-Omari et al. 2024). Existing AMPs recognition methods 
can be broadly categorized into three types: sequence-based 

methods, structure-based methods, and hybrid methods that in
tegrate both types of information. First, sequence-based methods 
typically analyze amino acid composition, physicochemical prop
erties, k-mer features, or substitution matrices (e.g. BLOSUM, 
PAM, PC6) to derive similarity scores for AMPs prediction 
(Henikoff and Henikoff 1992, Mount 2008). In recent years, in addi
tion to analyzing the biological characteristics of amino acid 
sequences for sequence modeling, researchers have started to 
use knowledge from the field of natural language processing 
(NLP) to design protein language models capable of uncovering 
latent patterns in AMPs sequences, such as ProtBERT (Brandes 
et al. 2022) and ESM series (Lin et al. 2022). However, existing 
sequence-based models primarily utilize sequence information 
from relatively singular perspectives, resulting in suboptimal 
quality of obtained representations. Conversely, structure-based 
methods focus on the critical determinant of functional activity, i. 
e. peptide structure, to derive more meaningful representations. 
These methods analyze spatial structure information using graph 
representation networks. For example, in SGAC, residue-level Cα 
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distance graph is constructed for structural embedding, and re
lated atom-bond graph is modeled to represent peptides through 
molecular connectivity (Wang et al. 2026). In AMPs-Net, sequen
ces are converted into atom-bond graphs with physicochemical 
atom and bond attributes for classification (Ruiz Puentes et al. 
2022). PepMNet introduces hierarchical aggregation from atoms 
to residues to better accommodate non-canonical chemical fea
tures (Garzon Otero et al. 2025). Nevertheless, these methods rely 
on the single structure-derived graph as a deterministic scaffold, 
which limits robustness to structure prediction errors and confor
mational variability. Thereafter, some hybrid methods are pro
posed by combining both sequence and structure information to 
improve representation learning, such as sAMPpred-GAT (Yan 
et al. 2023) and deepAMPNet (Zhao et al. 2024). These methods 
typically utilize predicted structural contacts to define a fixed 
graph adjacency matrix, and use sequence-derived features as 
node attributes for graph representation learning.

Generally speaking, despite significant progress in accurate 
classification of AMPs, two critical challenges remain unre
solved. First, current approaches lack comprehensive integra
tion of heterogeneous data from multiple perspectives. This 
limitation results in insufficient utilization of multi-source het
erogeneous data, failing to fully exploit their complementary 
advantages (Alizadehsani et al. 2024). Second, feature extraction 
in representation learning modules remains inadequate. The 
key to improving AMPs identification accuracy lies in developing 
more effective methods for learning discriminative features 
from both sequence and structure modalities. Although existing 
DL models can automatically extract features, the complex se
mantics between both sequence and structure information of 
AMPs are still not fully exploited for representation learning.

To address these issues, this study proposes a dual diffusion 
model-based framework for AMPs identification, in which vari
ous physicochemical properties of AMPs are made full use by 
two types of contrastive learning strategies. Specifically, the 
peptide sequence features are derived from six methods, cap
turing multi-perspective sequential patterns. Simultaneously, 
amino acid pair interactions are introduced for structure model
ing, providing a more enriched representation of the peptides’ 
functional properties. Moreover, we design a dual diffusion pro
cess, which further refines the initial sequence and structure 
representations to obtain more discriminative features. For the 
sequence modality, we apply a Transformer-based denoising 
strategy, leveraging the attention mechanism to capture long- 
range dependencies within peptide sequences. The Transformer 
excels at denoising noisy or incomplete sequences, making it 
ideal for capturing complex relationships between amino acids 
in AMPs (Cao et al. 2023). As for the structure modality, we use a 
Graph Attention Network (GAT) for denoising. Given the graph- 
like nature of protein structures, where amino acids interact 
non-linearly, GATs effectively capture both local and global de
pendencies by focusing on the most relevant amino acids during 
graph representation learning (Chen et al. 2024b), which enhan
ces the structural representations. Subsequently, we use single- 
modal contrastive learning to enhance the model’s ability to 
distinguish between AMPs and non-AMPs, while the dual-modal 
contrastive learning strategy aligns the sequence and structure 
representations. Finally, these processed features are fused via 
a cross-attention mechanism and fed into a MLP classifier for 

predicting AMPs activity. In summary, the main contributions of 
this paper are listed as follows:

· A multi-head attention mechanism is introduced, which effec
tively integrates local biological features with global protein lan
guage model (ESM2) embeddings for sequence data, establishing 
a complementary relationship. 

· We propose a dual diffusion model-based representation 
learning framework that captures deeper biological semantics 
from initial features, addressing the issue of insufficient repre
sentation learning for AMPs classification. 

· We also introduce two contrastive learning strategies to optimize 
feature representations and achieve cross-modality alignment. 

· Comprehensive experimental results demonstrate the effec
tiveness of our approach, establishing it as a feasible solution 
to AMPs identification. 

2 Materials and methods
This section presents the details of the proposed framework, 
which introduces a dual diffusion representation learning for 
binary-label classification of AMPs. Specifically, the proposed 
framework consists of three modules including the multi-view 
feature construction module, the Dual-modality representation 
learning module, and the classification module. The overall 
flowchart of the model is shown in Fig. 1. The detailed descrip
tion of each module is presented as follows.

2.1 Multi-view feature construction
In this module, we process peptide sequences and structures 
through a comprehensive feature extraction pipeline. First, 
FASTA-formatted peptide sequences are encoded using six dis
tinct feature extraction/representation methods to generate ini
tial sequence representations. Concurrently, for peptides with 
available PDB-formatted tertiary structures, we extract atomic- 
level node features and edge information to construct initial 
graph representations. These processed sequence and structure 
features serve as optimized inputs for the subsequent dual- 
modality representation learning module.

2.1.1 Sequence-based initial feature construction
Peptide sequences are composed of amino acids, each of which 
is represented by a single letter. Since AMPs are generally short 
peptides, the maximum sequence length is set to 100. Sequences 
shorter than 100 residues are padded with zeros to maintain di
mensional consistency across all samples. This standardization 
ensures uniform processing in subsequent feature extraction and 
model training phases. Then, six methods are used to model pep
tide sequence information from various perspectives, including 
the BLOSUM62 matrix (Henikoff and Henikoff, 1992), PAM120 ma
trix (Mount 2008), hydrophobicity index (Chen et al. 2007), helical 
tendency (Huang et al. 2010), AAindex (Kawashima et al. 2008), 
and the protein language model ESM2 (Lin et al. 2022). Detailed 
descriptions of these methods are provided in Section 2, available 
as supplementary data at Bioinformatics online of Supplementary 
Material. Finally, the features obtained by these six methods are 
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classified into two distinct categories: (i) Bio_feature ½100×106�
combining the first five biologically interpretable features and 
(ii) ESM_feature ½100×2560� comprising data-driven embeddings 
with richer hidden semantics.

To effectively integrate these two heterogeneous features, we 
implement a three-step fusion method. First, both types of fea
tures are independently projected to an aligned 100×384 space 
via separate linear layers to normalize their distributions. 
Second, a multi-head cross-attention mechanism is applied to 

capture fine-grained dependencies across the two types of fea
tures, effectively bridging the semantic gap and mitigating fea
ture heterogeneity. Finally, the two refined features are 
concatenated along the feature dimension, deriving the final 
100×768 sequence representation X<F> . The above prepro
cessing procedure for sequence features aims to capture both 
local physicochemical properties and global sequence patterns, 
establishing a robust foundation for the subsequent representa
tion learning.

Figure 1 The schematic representation of the proposed framework. The framework consists of three modules. (i) Multi-View Feature Construction: 
Peptide sequences from FASTA files are encoded using multiple feature descriptors to obtain sequence features X<F> , while peptide structures from 
PDB files are represented as graphs X<P> ¼ ðV;EÞ. (ii) Dual-Modality Representation Learning: The sequence diffusion model (SeqDiff) and structure 
diffusion model (StrDiff) are used to learn latent representations H<F> and H<P> from sequence and structure modalities, respectively. Single-Modal 
Contrastive Learning (SMCL) and Dual-Modal Contrastive Learning (DMCL) are incorporated to enhance intra-modal and inter-modal representation 
consistency. Subsequently, Multi-Head Cross-Attention is applied to fuse the dual-modality representations into a unified representation Hfused. (iii) 
Classification: A Multi-Layer Perceptron (MLP) takes the fused representation as input to predict the final label by , distinguishing AMPs from non-AMPs.
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2.1.2 Structure-based initial feature construction
In this study, the structure data in PDB format are used for deriv
ing structure-based features. The PDB file adheres to a strict for
mat and contains information such as atomic coordinates, 
chemical bonds, and crystallographic data. Building on this, the 
structure of the AMP is represented as a graph denoted as 
X<P> ¼ ðV;EÞ, where V represents the set of nodes and E repre
sents the set of edges. The process of constructing the graph 
with node and edge information is outlined below.

Construction of node features. In our implementation, amino 
acid residues of peptides are selected as nodes. The features of 
each node include the amino acid type, spatial coordinates of 
four main atoms (i.e. Cα, C, N, O), the helical propensity of the 
amino acid, and 45 commonly used physicochemical properties 
from the AAindex database. Note that these 45 AAindex features 
are identical to those used for sequence information, which are 
used as fundamental physicochemical descriptors. In the proc
essing procedure for structure information, the AAindex features 
are further integrated/aggregated with topological information 
via GAT-based message passing strategy to derive more mean
ingful structure-based representations. Thereafter, the node fea
ture matrix h 2 RN×78 is constructed. These features encompass 
residue type, spatial position, and biochemical properties, which 
are essential for understanding the functional and structure 
characteristics of peptides. Moreover, these features allow the 
model to capture the complex relationships between nodes.

Construction of edge features. First, a residue contact map of 
each peptide is constructed based on the coordinates of the Cα 
atoms. There are two conditions for establishing an edge: (i) the 
Euclidean distance between the Cα atoms of any two residues is 
less than a predefined threshold of 5 Å and (ii) the sequence dis
tance between the pair of amino acids is less than or equal to 1. 
If either of these conditions is satisfied, the pair of two residues 
is considered to be in close proximity, and an edge is con
structed between these two amino acids.

Then, the edge features incorporate multiple biologically rele
vant descriptors which are divided into three categories: 
(i) Basic geometric information including Cα-Cα distances (1D) 
and relative orientation vectors (3D), (ii) Residue interaction 
potentials comprising Distance-dependent Pairwise Statistical 
(DPSP) (Zhao and Xu 2012) potential (1D) and statistical pairwise 
interaction potentials (8D), and (iii) Sequence-derived features 
(2D) capturing both sequential adjacency and relative sequence 
positions to preserve primary structure information. These mul
tidimensional edge attributes are collectively represented as a 
feature matrix Eattr 2 RE×15, integrating spatial, sequential, and 
physicochemical prior knowledge.

This multi-granular graph representation encodes three dis
tinct levels of structure information, i.e. atomic-level (geometric 
coordinates), residue-level (interaction potentials), and domain- 
level (physicochemical patterns), and the final representation is 
denoted as X<P> .

2.2 Dual-modality representation learning
In this module, more meaningful representations are derived 
based on the initial representations of peptide sequences and 
structures. Specifically, the sequence diffusion model is utilized to 
generate embedding information X<F> for the peptide sequences, 

while the structure diffusion model is used to obtain the 3D spatial 
embeddings X<P> for the peptide structure. Moreover, to ensure 
semantic alignment between the peptide sequence and structure 
data, two contrastive learning approaches, i.e. Single-Modal 
Contrastive Learning (SMCL) and Dual-Modal Contrastive Learning 
(DMCL), are used to further refine the embedding representations. 
The final embeddings for the sequence and structure are obtained, 
which are denoted as H<F> and H<P> , respectively.

2.2.1 Sequence feature representation optimization
We use a Transformer-based diffusion model to further perform 
representation learning on the peptide sequences. Due to the 
limit of space, the implementation process of the model is illus
trated in the Fig. S1, available as supplementary data at 
Bioinformatics online.

Forward noise-adding process. Diffusion model’s core capabil
ity is the restoration of the true data distribution from noise. In 
this study, this concept is utilized to optimize the feature learn
ing. Through leveraging the diffusion model’s ability to recover 
data at different noise levels, we aim to optimize feature repre
sentations by removing redundant information, mitigating inter
ference, and learning the distribution of the initial features 
X<F> . Gaussian noise is added to the input features, and noisy 
features are generated through the forward diffusion process: 

X< F >
t ¼

ffiffiffiffiffi
�αt
p

X< F >
0 þ

ffiffiffiffiffiffiffiffiffiffiffiffi
1 − �αt
p

ɛ (1) 

where X<F>
0 denotes the initial concatenated features, t 

denotes the time step which controls the noise intensity, ɛ rep
resents Gaussian noise, and �αt ¼

Qt
i¼1ð1 − βiÞ with fβtg

T
t¼1 

denoting the noise schedule. In this study, a linear noise sched
ule is adopted, where βt increases linearly from 0.0001 to 0.02 
over T ¼ 1000 steps. The values of �αt are precomputed and used 
during training to sample noisy features at arbitrary time steps.

Transformer-based sequence feature denoising. In the reverse 
process of diffusion model, the Transformer framework is used 
to capture the global dependencies within the sequence, by 
which the optimized representations H<F> are obtained by grad
ually predicting the noise ɛ step by step.

First, noisy feature embeddings are enhanced with sinusoidal 
positional encoding, enabling explicit preservation of sequence 
ordering relationships. Second, learnable temporal embeddings 
are introduced to encode noise-level information, allowing dy
namic feature adaptation across different denoising steps. The 
main architecture consists of N stacked Transformer blocks (N = 6 
in our implementation), each of which includes multi-head self- 
attention (8 heads used in this study), residual connection with 
layer normalization (Add & Norm), position-wise feed-forward net
work (FFN), and additional Add & Norm operation. Specifically, the 
8-head self-attention operates on the 768D token representa
tions, where each head attends to a 96D subspace to capture 
intra-sequence dependencies. The process is guided by the 
denoising loss as Equation 2 to refine the feature representations. 

L< F >
denoise ¼ ɛ − ɛθðX< F >

t ; tÞ
�
�

�
�2

2 (2) 

Sequence modality contrastive learning. Due to the significant 
difference in sequence data between AMPs and non-AMPs, 
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Single-Modal Contrastive Learning (SMCL) is used to enhance 
the representation learning from the perspective of sequence 
modality. Furthermore, this approach is able to effectively miti
gate the overfitting issue induced by limited training data, and 
to enhance the model’s generalization capability as well.

Specifically, for each mini batch, each peptide i is treated as 
an anchor sample. Given peptide i, peptides having the same la
bel as peptide i are regarded as positive samples, while other 
peptides with the opposite class are treated as negative sam
ples. By maximizing the similarity of positive sample pairs and 
minimizing the similarity of negative sample pairs (Zheng et al. 
2021), the model learns more discriminative representations for 
AMP identification. The loss function for the sequence modality 
contrastive learning is computed as follows: 

L< F >
SMCL ¼ −

1
N

XN

i¼1

XN

j¼1; j6¼i

1yi¼yj �

log
exp

�
cos ðH< F >

i ;H< F >
j Þ=τ

�

PN
k¼1; k6¼i exp

�
cos ðH< F >

i ;H< F>
k Þ=τ

�

(3) 

where H<F>
i is the representation of the ith sample, yi denotes 

the label of peptide i. The indicator function 1yi¼yj takes the 
value 1 when peptides i and j belong to the same class, and 0 
otherwise. The function cosð�; �Þ represents the cosine similarity, 
τ is a temperature coefficient, and N is the size of mini batch.

Finally, the obtained features are extracted for a global repre
sentation through average pooling, followed by the application 
of sequence modality contrastive learning to assist in optimizing 
the feature representation. The obtained optimized representa
tion is denoted by H<F> for the sequence modality.

2.2.2 Structure feature representation optimization
Building upon the graph-based representation of peptide struc
ture features, the diffusion model is used to optimize the struc
ture features of peptides, in which Graph Attention Network 
(GAT) is introduced as fundamental blocks. Through a process 
of structure noise perturbation and recovery, complex seman
tics among nodes (i.e. residues) are captured, and the represen
tations for structure modality are improved accordingly. Due 
to the limit of space, the model architecture is shown in the Fig. S2, 
available as supplementary data at Bioinformatics online.

Forward noise-adding process. The structure diffusion model 
also includes two processes: forward noise-adding and reverse 
denoising. In the forward process, Gaussian noise is progres
sively added to the features according to the time steps, which 
is calculated as follows: 

X < P>
t ¼

ffiffiffiffiffi
�αt
p

X< P>
0 þ

ffiffiffiffiffiffiffiffiffiffiffiffi
1 − �αt
p

ɛ (4) 

Multi-scale feature encoder. To address the heterogeneous 
characteristics of node features, which are derived from sequen
ces, spatial structures, and physicochemical properties, we intro
duce a multi-scale feature encoder that hierarchically extracts 
local, intermediate, and global contexts, thereby enhancing fea
ture discriminability. By processing features at different scales, 
the encoder allows the diffusion model to consider the structural 
prior knowledge in the denoising process. This hierarchical 

approach preserves fine-grained features and simultaneously 
captures the broader context, thereby improving the model’s 
ability to distinguish important structural motifs from noise.

Given input node features h 2 RN×78, we first project them 
into a latent space h0 2 RN×D via a linear transformation to en
rich the representational capacity. Then, the projected node fea
tures are processed through encoders at different scales, by using 
linear transformations to sequentially capture local, intermediate, 
and global semantics. Finally, the node features obtained from 
different scales are concatenated, resulting in a multi-scale fused 
node feature representation, which is denoted by ht.

GAT-based structure feature denoising. To account for the 
interdependencies among residues in peptide structures, we 
use a GAT-based framework for structure feature denoising. The 
GAT leverages a multi-head attention mechanism to dynamically 
weight and aggregate features from neighboring nodes, enhanc
ing contextual representations and yielding refined node 
embeddings (Chen et al. 2024b). Specifically, the initial hidden 
dimension is 256. For each GAT layer, eight attention heads are 
used, each of which derives a 32D hidden representation. And 
the eight 32D vectors are concatenated to recover a 256D node 
representation. Edge features are incorporated during attention 
computation to strengthen structural encoding. A residual con
nection is applied to combine the aggregated multi-head fea
tures with the original noisy input, mitigating gradient issues 
and preserving feature information. Finally, a global attention 
layer is used to capture long-range dependencies. The model is 
trained with a denoising objective formulated as follows: 

L< P>
denoise ¼ jɛ − ɛθðX< P>

t ; tÞj22 (5) 

Structure modality contrastive learning. Similar to the se
quence modality, Single-Modal Contrastive Learning (SMCL) is 
also used to characterize the significant differences between 
AMPs and non-AMPs for structure data. The process of structure 
modality SMCL follows the same principle as the sequence mo
dality. Specifically, the contrastive learning loss function for the 
structure modality is defined as follows: 

L< P>
SMCL ¼ −

1
N

XN

i¼1

XN

j¼1; j6¼i

1yi¼yj �

log
exp

�
cos ðH< P>

i ;H< P>
j Þ=τ

�

PN
k¼1; k6¼i exp

�
cos ðH< P>

i ;H< P>
k Þ=τ

�

(6) 

Finally, we obtain the optimal graph-level feature representa
tion, which is denoted by H<P> .

2.2.3 Dual-modal contrastive learning
While SMCL focuses on learning class-discriminative representa
tions within each modality, Dual-Modal Contrastive Learning 
(DMCL) is used to explicitly align the sequence and structure 
representations in a shared semantic space, aiming to bridge 
the modality gap. Through maximizing cross-modal agreement 
via an InfoNCE objective function, the DMCL is able to jointly op
timize sequence and structure representations. Due to the space 
limit, the schematic illustration is shown in Fig. S3, available as 
supplementary data at Bioinformatics online.
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Specifically, the sequence (or structure) of a peptide is used 
as the anchor, with its corresponding structure (or sequence) as 
the positive sample, while the structures (or sequences) of other 
peptides are used as negative samples. The objective is that the 
mutual information (MI) between the anchor and positive sam
ples is maximized, while the MI between the anchor and nega
tive samples is minimized. In this study, the InfoNCE loss (Wang 
et al. 2024) is used to compute the contrastive learning loss be
tween modalities, which is formally defined as follows: 

LDMCL ¼ −
1

2N

XN

i¼1

"

log
exp

�
cos ðH< F >

i ;H< P>
i Þ=τ

�

PN
j¼1 exp

�
cos ðH< F >

i ;H< P>
j Þ=τ

�

þ log
exp

�
cos ðH< P>

i ;H< F >
i Þ=τ

�

PN
j¼1 exp

�
cos ðH< P>

i ;H< F >
j Þ=τ

�

#

:

(7) 

where H<F>
i and H<P>

i denote the sequence and structure rep
resentations of the ith peptide, respectively. The two parts in the 
square bracket of right hand of Equation (7) correspond to 
sequence-to-structure and structure-to-sequence contrastive objec
tives, and the factor 1=2 averages the loss over the two directions.

2.2.4 Training objective
Overall, the loss function for training the module of Dual- 
Modality Representation Learning is defined as follows: 

LDMRL ¼ λ3

�
λ1L

< F >
denoiseþð1 − λ1ÞL

< F>
SMCL

�

þ λ4

�
λ2L

< P>
denoiseþð1 − λ2ÞL

< P>
SMCL

�
þ λ5LDMCL

(8) 

By using the training process, we obtain the representations 
for sequence and structure through iterative updates, and the 
representations are denoted as H<F> and H<P> , respectively.

Moreover, we use a cross-attention mechanism and a gating 
mechanism to effectively integrate the sequence and structure 
features. Firstly, the representation H<F> and H<P> are pro
jected into a shared space and fused via 8-head cross-attention 
mechanism to capture modality interactions. Specifically, the fi
nal representation is a 512D vector, i.e. for each attention head, 
a 64D representation is derived. Subsequently, a gating mecha
nism dynamically adjusts the contribution of each modality. 
Finally, H<F> and H<P> are weighted by learnable parameters 
and concatenated to form the fused representation Hfused, which 
is used for the downstream classification task.

2.3 Classification module
In this study, a Multi-Layer Perceptron (MLP) is used as the clas
sifier for AMPs classification. Specifically, the representations 
obtained from the dual-modality feature learning module are 
utilized as input, and the output of the classification represents 
whether the input peptide exhibits antimicrobial activity or not.

2.3.1 MLP model architecture
In the three-layer MLP, two fully connected layers with ReLU ac
tivation and Dropout are used to learn enriched representations. 
The final output layer performs linear transformation followed 

by a sigmoid activation function to derive the probability of be
ing AMP, completing the binary classification task accordingly.

2.3.2 Loss function
The cross-entropy loss function is used to evaluate the discrep
ancy between the predicted outputs and the true labels. The for
mula for the loss function is defined as follows: 

L ¼ −
1
N

XN

i¼1
½yi logðbyiÞþ ð1 − yiÞ logð1 −byiÞ� (9) 

where yi represents the true label of the ith sample, and byi is the 
model’s predicted label for the ith sample.

In this study, the AdamW optimizer is used to minimize the 
loss function, resulting in an optimized framework for AMPs 
classification.

3 Experimental setup
3.1 Dataset
In experiments, the positive samples or AMPs are collected from 
several AMP databases, including CAMP, DBAASP, DRAMP, APD3, 
and SATPDB (Wang, 2023). After applying a preprocessing proce
dure (including removing duplicates, excluding peptides con
taining non-standard amino acids, and filtering out sequences 
longer than 100 residues), we obtain a dataset of 10 057 AMPs. 
This dataset is split into training, validation, and testing subsets 
in the ratio of 8:1:1. For negative samples, we collect the equal 
number of non-AMPs from the UniProt database to pair with the 
AMPs dataset for contrastive learning. It is worth noting that for 
about 67.4% of AMPs sequences without available validated 
structures, we utilize ESMfold (Lin et al. 2022) to predict their 
corresponding structure information to complete the struc
tural modality.

3.2 Hyperparameter settings
In experiments, the proposed model is implemented based on 
PyTorch (https://pytorch.org/). Generally, the number of epochs 
and batch size are set as 100 and 32, respectively. The AdamW 
optimizer is used to train the whole model with early stopping 
(patience = 10). Note that AdamW is particularly effective for 
training multi-stage framework where stable convergence and 
generalization are prioritized. This obtained architecture configu
ration balances model complexity, computational efficiency, and 
generalization capability while effectively capturing sequence- 
structure feature representation in AMPs.

Note that the whole model contains many hyperparameters, and 
due to space limit, detailed setting of hyperparameters is placed in 
Section 3, available as supplementary data at Bioinformatics online 
of Supplementary Material. For all hyperparameters, three methods 
are used to obtain the settings. Firstly, some of them are set as the 
default values in PyTorch library, including weight decay and drop
out rate. Secondly, some of them are set by following settings in 
previous studies, including number of layers, number of attention 
heads, hidden dimension, layer dimension, optimizer, batch size 
and learning rate. For two framework-level hyperparameters, 
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i.e. the number of timesteps and the noise schedule for diffusion 
model, the experiment of hyperparameter sensitivity analysis is 
conducted to derive the final setting. The results of hyperpara
meter analysis are presented in Section 9, available as supplemen
tary data at Bioinformatics online of Supplementary Material.

3.3 Baselines and evaluation metrics
In order to evaluate the proposed model, we select nine represen
tative methods as baselines, including iAMP-Attenpred (Xing et al. 
2023), AI4AMP (Lin et al. 2021), AMP-BERT (Lee et al. 2023), 
sAMPpred-GAT (Yan et al. 2023), amPEPpy (Lawrence et al. 2021), 
Ampir (Fingerhut et al. 2020), iAMP-DL (Nguyen et al. 2024), 
deepAMPNet (Zhao et al. 2024), and TP-LMMSG (Chen et al. 2024a). 
The brief introduction of these baselines is presented in Section 4, 
available as supplementary data at Bioinformatics online of 
Supplementary Material.

In experiments, we evaluate the proposed method against 
these baselines according to five widely adopted metrics: accu
racy (ACC), F1 score, sensitivity (Sn), specificity (Sp), and the 
area under the ROC curve (AUC).

To ensure a fair and reproducible comparison, the same data 
splits are used for all models. Additionally, baseline models are 
run with the hyperparameters tuned according to the original 
papers. Due to the randomness in data splitting and model ini
tialization, the results of the baseline methods may slightly dif
fer from those reported in the original papers.

4 Results and analysis
4.1 Overall comparison
We first compare the overall performance of our model with se
lected baselines according to various evaluation metrics, and 
the experimental results are summarized in Table S2, available 
as supplementary data at Bioinformatics online.

From results in Table S2, available as supplementary data at 
Bioinformatics online, we can find that the proposed method con
sistently achieves superior performance across all metrics com
pared with the baseline methods. In addition, DL-based baselines 
(iAMP-Attenpred, AI4AMP, AMP-BERT, and sAMPpred-GAT) generally 
perform better than traditional machine learning-based methods 
(amPEPpy and Ampir), indicating the superior capability of DL 
for deriving more significant features. Due to space limit, the 
more detailed results and analysis are provided in Section 4.2, 
available as supplementary data at Bioinformatics online of the 
Supplementary Material.

4.2 Ablation study
To validate the contribution of main components in our model to 
the performance improvement, we compare our model with its 
seven different variants. Specifically, the main components include 
single-modal contrastive learning, dual-modal contrastive learning, 
whole contrastive learning, multi-scale encoder, sequence diffusion 
model, structure diffusion model, and ESMfold for deriving pre
dicted structures. In addition, we also evaluate the impact of pre
dicted structures. The experimental results are presented in the 
Table S3, available as supplementary data at Bioinformatics online.

Generally, the results indicate that seven components are all 
essential for improving the prediction performance on AMPs. 
Moreover, both sequence diffusion model and structure diffu
sion model make more contributions than other components, 
suggesting that both components are really important for deriving 
more significant representations. Owing to space limit, the detailed 
results and analysis are provided in Section 6, available as supple
mentary data at Bioinformatics online of Supplementary Material.

4.3 Evaluation of sequence diffusion 
representation learning
To further investigate the effectiveness of the sequence diffusion 
representation learning model for optimizing sequence features, 
we qualitatively compare the distribution of obtained representa
tions for AMPs and non-AMPs, the results of which are shown in 
the Fig. S4, available as supplementary data at Bioinformatics on
line. Additionally, three representative features are selected for 
quantitative comparison and statistical significance analysis.

Figure S4, available as supplementary data at Bioinformatics 
online illustrates the feature distributions of AMPs and non-AMPs, 
providing critical insights into the class-specific feature patterns. 
From Fig. S4, available as supplementary data at Bioinformatics on
line, we can find that the sequence diffusion representation learn
ing model really derives the discriminative features, which are able 
to basically characterize the difference between AMPs and non- 
AMPs. Specifically, the mean difference is about 1.1 across all fea
tures, indicating the significant difference between different classes 
(i.e. AMPs and non-AMPs). Moreover, the statistical test results ex
hibit P-value < .001 and Cohen’s d> 1.5, suggesting the signifi
cance of the comparison results. Therefore, the sequence diffusion 
representation learning module can effectively capture discrimina
tive semantics which is critical for AMPs classification.

To further elucidate the effectiveness of sequence diffusion 
representation learning, kernel density estimation (Parzen 1962) 
is applied to the features with the top three largest mean differ
ence, and violin plots are used to visualize the distributions of 
three features (shown in the Fig. S5, available as supplementary 
data at Bioinformatics online). As shown in Fig. S5, available as 
supplementary data at Bioinformatics online, the feature F341 
exhibits almost no overlap in the distributions of two classes 
(mean difference = 3.13, P-value = 2×10 − 10, and Cohen’s d = 4.41), 
indicating the significant difference on feature F341 between AMPs 
and non-AMPs. The similar patterns can be observed for feature 
F229 (mean difference = 3.09, P-value = 5×10 − 10, Cohen’s d = 4.15) 
and feature F34 (mean difference = 3.01, P-value = 8×10− 10, 
Cohen’s d = 4.27). These findings demonstrate that the features 
obtained by the sequence diffusion representation learning mod
ule can effectively discriminate the AMPs and non-AMPs, improving 
the performance of AMPs classification accordingly.

4.4 Evaluation of structure diffusion 
representation learning
To further evaluate the effectiveness of the structure diffusion 
representation learning model, we also compare the distribu
tions of average features derived by this model for AMPs and 
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non-AMPs, which are shown in Fig. S6, available as supplemen
tary data at Bioinformatics online.

Figure S6, available as supplementary data at Bioinformatics 
online illustrates that the structure diffusion representation 
learning model can derive discriminative features that distinctly 
characterize both AMPs and non-AMPs. Specifically, the average 
feature difference is approximately 1.63, which is greater than 
that obtained by sequence diffusion model (with mean differ
ence about 1.1). Moreover, the statistical analysis confirms the 
significance of this distinction, with the P-value < .001 and the 
mean Cohen’s d value> 1.5. These results demonstrate that the 
structure diffusion representation learning model can effectively 
capture the potential semantics between AMPs and non-AMPs, 
which are essential for accurate AMP classification.

4.5 Visualization of 
representation learning
To gain a deeper understanding of the role of each component 
in the dual-modality feature learning module, we utilize t-SNE to 
visualize obtained features at different stages, which can intui
tively demonstrate the changes of feature distribution across 
different stages. The results are shown in Fig. 2. Note that visual
ization highlights the difference of obtained features between 
AMPs and non-AMPs throughout the training process.

For sequence features, the representations before and after se
quence diffusion model are shown in Fig. 2a and b, respectively. 
While the sequence diffusion model provides some improvement, 
there is still certain overlap between AMPs and non-AMPs repre
sentations. For structure features, the representations before and 

after structure diffusion model are shown in Fig. 2c and d. It is evi
dent that the structure diffusion module effectively separates 
AMPs and non-AMPs samples, with post-training feature repre
sentations demonstrating a more concentrated and distinct dis
tribution. This indicates that the structure diffusion module 
effectively captures complex patterns, enhancing the discrimina
tive capabilities of the features. Note that this observation is con
sistent with the results in Sections 4.3 and 4.4, i.e. the mean 
feature difference derived by sequence diffusion model between 
AMPs and non-AMPs is about 1.1 while the counterpart derived by 
structure diffusion model is 1.63. Figure 2e illustrates the fused 
representation of sequence and structure information. From the 
t-SNE visualization, it is clear that the separation between AMPs 
and non-AMPs samples is further improved, indicating that the ef
fective fusion of sequence and structure representations provides 
a more discriminative feature space for AMPs classification tasks. 
Figure 2f shows the feature representations after passing through 
the classification model. Compared to Fig. 2e, the classification 
model further enhances the separability of the features, achieving 
a more distinct partitioning of AMPs and non-AMPs samples in 
the 2D space. This demonstrates that, after classification model 
training, the features not only become more semantically precise 
but also allow the model to map these features into decision 
spaces more effectively.

In summary, the distribution of features for AMPs and non- 
AMPs becomes progressively clearer as the model training pro
ceeds. This process intuitively illustrates how the initial noisy 
representations evolve into well-defined classification bound
aries, showcasing the effectiveness of the model for deriving 
more meaningful features.

Figure 2 Visualization of learned representations at different stages. (a) Before sequence diffusion representation learning. (b) After sequence diffusion 
representation learning. (c) Before structure diffusion representation learning. (d) After structure diffusion representation learning. (e) After dual-modality 
fusion feature learning. (f) After MLP layers.
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5 Discussion
Accurate identification of AMPs is the critical first step in devel
oping novel antimicrobial therapies. However, existing AMPs 
prediction methods struggle with limitations in the depth of fea
ture extraction and the ability to effectively fuse multi-modal in
formation. In this study, we propose a dual diffusion model- 
based representation learning framework, which has the follow
ing key advantages. (i) Sequences and structures of peptides are 
used from multiple perspectives, providing high-quality initial 
representations. For sequence information, multiple feature 
descriptors are leveraged to effectively integrate local and 
global semantics. For structure information, three hierarchical 
levels of structural semantics are extensively characterized. 
(ii) The dual diffusion model architecture is utilized to learn 
more discriminative representations from both sequence and 
structure perspectives. (iii) Two contrastive learning strategies 
are introduced as well to optimize further the representations of 
peptides, improving the performance of AMPs identification 
accordingly.

Generally speaking, the proposed framework in this study 
holds the potential for developing alternative antimicrobial 
agents. The high predictive power of our framework can signifi
cantly shorten the cycle for screening potential AMPs from vast 
peptide libraries, helping to reduce early-stage failure rates in 
drug discovery and accelerate the identification of lead com
pounds. Furthermore, the proposed framework can be readily 
adapted to other functional peptide prediction tasks (e.g. anti
fungal peptides, cell-penetrating peptides), demonstrating 
broad potential for biomedical applications.

Despite the positive results achieved in this study, the pro
posed framework still has the following limitations. (i) The fea
ture generation within the dual diffusion process remains a 
black box, limiting the understanding of feature evolution in 
representation learning. Our future work will try to address this 
issue through introducing explainable AI techniques. (ii) The in
troduction of the dual diffusion model and contrastive learning 
strategies increases model complexity, leading to higher 
demands on training time and computational resources. (iii) In 
our study, the non-AMPs samples are collected from UniProt 
and may include peptides with unannotated antimicrobial activ
ity, introducing label noise. Furthermore, the limited training 
data may not fully cover the vast heterogeneity of AMPs. Future 
efforts will focus on expanding datasets and incorporating more 
diverse peptide sequences and structures to enhance model 
generalizability.

6 Conclusions
In this study, we have proposed a dual diffusion model-based 
representation learning framework for AMPs classification. Our 
method leverages both sequence and structure information of 
peptides to address the limitations of existing AMPs prediction 
methods. First, the multi-view feature construction module is 
utilized to characterize peptide sequences and structures from 
multiple perspectives, resulting in enriched biological embed
dings. Second, the dual diffusion representation learning mod
ule is used to further optimize sequence-based features and 

structure-based features. Third, the contrastive learning strategy 
is used to effectively enhance the model’s ability to differentiate 
between AMPs and non-AMPs while aligning sequence and 
structure information. Finally, comprehensive experimental 
results demonstrate that our model outperforms existing meth
ods for AMPs classification. Generally, the proposed dual diffu
sion model framework holds significant advantages in deep 
feature mining and multi-modal information fusion, which can
not only improve predictive performance but also lay a technical 
foundation for accelerating antimicrobial drug discovery.
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