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Abstract

The development of antimicrobial peptides (AMPs) presents a promising approach to addressing antibiotic-resistant pathogens.
Computational methods, such as Feedback Generative Adversarial Networks (FBGANs), have demonstrated strong performance in
optimizing AMP design. FBGAN operates as a classifier-guided Generative Adversarial Network (GAN), refining training data by replacing
them with the classifier's most accurate predictions based on a predefined threshold. However, this method may introduce bias and
constrain the diversity and quality of the generated peptides. To address these limitations, we propose a novel classifier-driven GAN
(cdGAN) framework that seamlessly integrates classifier predictions into the generative model’s loss function. This enables an adaptive,
end-to-end learning process that enhances AMP generation without requiring explicit data modifications. By embedding classifier
guidance within the loss computation, cdGAN dynamically optimizes both peptide diversity and functionality. Comparative studies
indicate that cdGAN outperforms conventional guided-GAN architectures, such as Conditional GANs and Auxiliary Classifier GANSs,
while achieving performance comparable to or exceeding established AMP design methods. Additionally, cdGAN’s flexible architecture
allows for the simultaneous optimization of multiple peptide attributes. To demonstrate this capability, we introduce a multi-task
classifier based on the Evolutionary Scale Modeling 2 (ESM2) model, enabling cdGAN to assess both antimicrobial activity and peptide
structural properties in parallel. This enhancement improves the likelihood of generating viable therapeutic candidates with enhanced
antimicrobial effectiveness and reduced toxicity.
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Introduction

Antimicrobial peptides (AMPs) are a promising alternative to tra-
ditional antibiotics due to their broad-spectrum activity and abil-
ity to target bacterial membranes, which reduces the likelihood
of resistance development [1]. One of the key factors in AMP func-
tionality is the presence of «-helical structures, which enhance
their amphiphilic nature that allows interaction with both
hydrophobic and hydrophilic regions of bacterial membranes,
leading to effective membrane disruption (2, 3]. However, thera-
peutic peptides must also exhibit minimal toxicity to human cells,
particularly avoiding hemolysis, as excessive hemolytic activity
can cause red blood cell destruction and severe side effects [4].
Many potent AMPs fail in clinical applications due to unintended
cytotoxicity, limiting their therapeutic viability. These consider-
ations highlight the importance of designing AMPs that balance
antimicrobial potency, structural optimization, and safety [4].

To accelerate AMP discovery, deep learning approaches have
been widely adopted, with Generative Adversarial Networks
(GANSs) emerging as a particularly promising tool [5-8]. GAN-
based frameworks, such as Feedback GAN (FBGAN) [5], have

demonstrated their ability to generate peptide sequences that
closely mimic natural AMPs. The FBGAN model employs an
additional classifier to guide the generator toward producing
more AMP-like sequences based on a predefined threshold
score. More recently, FBGAN-ESM2 [8] incorporated a pre-
trained Evolutionary Scale Modeling 2 (ESM2) classifier [9] to
enhance peptide selection, improving the antimicrobial efficacy
of generated peptides.

Although effective, the general FBGAN framework relies on
selecting sequences based on predefined AMP score thresholds,
which can introduce bias and limit peptide diversity. By prioritiz-
ing high-scoring sequences, this model risks overfitting to known
patterns, thereby reducing its ability to identify novel AMPs with
unique properties. Furthermore, because classifier predictions are
not always accurate, misclassified sequences may be included in
training, resulting in incorrect or misleading data. These chal-
lenges emphasize the need for a more adaptive and unbiased
generative approach.

To address these issues, this work presents a classifier-driven
GAN (cdGAN) framework that incorporates classifier predictions
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Figure 1. Architecture of the classifier-driven GAN (cdGAN) framework for AMP generation. The cdGAN framework integrates a generator (G),
discriminator (D), and a multi-task classifier (C) to generate DNA-encoded antimicrobial peptide (AMP) sequences with biologically meaningful
properties. In the preprocessing step, amino acid sequences are translated into DNA sequences using fixed-length encoding, including a start codon
(ATG), a stop codon (TAG, TAA, or TGA), and a padding character p, which is constrained to appear only at the end of the sequence. The generator takes
a noise vector z as input and produces synthetic DNA sequences. These sequences are evaluated by a discriminator, which attempts to distinguish
between real and generated DNA sequences, providing feedback to improve the generator. Simultaneously, the DNA sequences are translated into
protein sequences and passed through a classifier that predicts sequence-level properties relevant to antimicrobial peptide (AMP) functionality. The
generator is trained using feedback from both the discriminator and the classifier, optimizing for both realistic sequence generation and the desired
biological properties. Finally, evaluation metrics are applied to assess the quality of the generated sequences.

directly into the GAN loss function as provided in Fig. 1. Unlike tra-
ditional GANs, which rely on explicit selection of generated pep-
tides, cdGAN allows for adaptive and continuous learning without
data manipulation. This end-to-end approach reduces selection
bias and improves model generalization, ultimately enhancing
the diversity and novelty of generated AMPs. Moreover, by dynam-
ically incorporating classifier feedback into the training process,
cdGAN mitigates the risk of overfitting to predefined high-scoring
peptides.

Beyond single-task antimicrobial design, cdGAN is extended to
amulti-task framework that simultaneously optimizes antimicro-
bial activity and structural properties. Given the crucial role of
a-helical structures in AMP function, we develop a novel multi-
task classifier based on ESM2 that evaluates both antimicrobial
potential and structural characteristics. This multi-task learning
strategy enhances peptide design by ensuring that generated
AMPs possess not only potent antimicrobial properties but also
optimal structural features for membrane interaction [2, 3].

Finally, to ensure the safety of generated peptides, we imple-
ment a rigorous post-generation screening step using ToxinPred
3.0 [10] and HemoPI [11] to filter out toxic and hemolytic candi-
dates. This additional screening step significantly enhances the
therapeutic viability of generated AMPs by prioritizing sequences
that are both effective and safe for clinical applications.

Materials and methods
Datasets and preprocessing

This study compares our proposed model with various guided-
GAN variants and state-of-the-art approaches for AMP design. To
train both the proposed cdGAN and baseline guided-GAN models,
we constructed a dataset of 5,200 protein sequences ranging from
10 to 50 residues, including 2600 AMPs from APD3 [12] and 2600
non-AMPs from reviewed UniProt entries [13]. Non-AMPs were
clustered using MMseqs?2 [14] with a 50 percent sequence identity
threshold, and one representative per cluster was selected to
ensure diversity. Pairwise Needleman-Wunsch alignments [15]

showed an average sequence similarity of 0.2 between the AMP
and non-AMP sets, limiting the usefulness of sequence alignment
and encouraging the model to capture additional features. The
diversity and physicochemical analyses (Tables 3, 5, and Fig. 6)
support that the model learns biologically meaningful patterns
beyond sequence similarity.

To enable multi-task classification, structural annotations
were added using Porter 5 [16], which labels each sequence by
secondary structure elements: helix (H), strand (E), and coil (C),
while preserving the sequence length. Sequences with more than
10 consecutive helix (H) elements are classified as likely a-helical
structures [5]. This structural information is combined with AMP
annotations, forming a multi-task classification dataset capturing
both antimicrobial activity and potential structural features of the
peptides.

To standardize sequence encoding and introduce biological
diversity, each amino acid sequence was converted to a comple-
mentary DNA (cDNA) sequence by assigning codons based on
known genetic coding. For amino acids with multiple codons,
one codon was randomly selected to introduce natural variability,
following the approach in [5]. The process of translating the amino
acid sequence into DNA through random codon assignments is
reversible and does not affect the final protein’s function [17, 18].
Finally, shorter sequences were padded with the character ‘P’ at
the end to a uniform length of 156 nucleotides, ensuring input
compatibility during training. An example is provided in Fig. 1.

Guided generative adversarial networks

In this work, we refer to the FBGAN-ESM2 model, as well as Condi-
tional GANs (cGANs) and Auxiliary Classifier GANs (ACGANSs), as
guided-GANS, since they incorporate task-specific labels to steer
generation toward desired outcomes.

For the implementation, we adopt the Wasserstein GAN with
Gradient Penalty (WGAN-GP) framework [19], known for its stabil-
ity during training and its ability to produce high-quality samples.
The core of the WGAN-GP approach involves minimizing the
Wasserstein distance [20] between the real data distribution P,
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and the distribution of generated samples P, that is expressed as
follows:

W(Pyr,Pg) = sup Ex-p, [D(X)] - Ex~p, D],
IDIL<1

where ||D||. denotes the Lipschitz constraint on the discriminator
D. Here, Ey-p, [D(x)] and Ex~p, [D(X)] represent the expected discrim-
inator outputs on real and generated data, respectively.

To ensure the stability of the training process and uphold
the Lipschitz constraint, a gradient penalty term is introduced,
improving the quality of generated samples and promoting
smoother training dynamics [19].

Conditional generative adversarial networks
Conditional GANs (cGANs) [21] extend the GAN framework by
conditioning the generation process on auxiliary information,
such as class labels or desired attributes. In cGANs, both the
generator and the discriminator receive this conditional input,
which guides the generation of samples in a targeted manner.
The objective function for the discriminator in a Wasserstein
cGAN with gradient penalty can be written as:

Lp = Ex-p, [DIY)] — Exep, [DxIY)]

+ ABxp, [(IV:D&IYI2 — D?],

where Py is the distribution of the interpolated samples between
the real and generated data, and A is the gradient penalty coeffi-
cient. The generator’s objective function is:

Lg = —Eyup, [DG G Y)].

Here, y represents the conditioning variable, and the generator
aims to produce outputs consistent with this input.

Auxiliary classifier generative adversarial networks
Auxiliary Classifier GANs (ACGANSs) [22] further enhance the con-
ditional generation process by incorporating an auxiliary classi-
fier within the discriminator architecture. This classifier is tasked
with predicting the class labels associated with the generated
samples, providing an additional layer of feedback during training.
The loss function for the discriminator in an Wasserstein
ACGAN with gradient penalty comprises three components: the
Wasserstein loss, the gradient penalty, and the classification loss:

Lp = Ex~p, [DX[Y)] = Ex~p, [D(X[y)]

+ ABxep, [(IVxD&IPII2 — 1?]

+ Ex~p, [1l0g(QxIy))] + Ez~p, [log(QGzIY) IY))],

where Q is the auxiliary classifier predicting the label y. The
generator’s objective function is:

Lo = —Ezup, 0 [D(GZINY)] — Ez~p, [log(Q(G(zIY)IY))].

This dual-loss structure encourages the generator to create sam-
ples that closely resemble real data while also meeting specific
label characteristics.

Classifier-driven generative adversarial networks

This study introduces a novel classifier-driven Generative Adver-
sarial Network (cdGAN) framework, designed to generate protein
sequences with multiple desired properties. The cdGAN architec-
ture extends the WGAN-GP model by incorporating a multi-task
classifier that provides targeted feedback to guide the generative
process.

The cdGAN consists of three core components: a generator G,
a discriminator D, and a classifier C. The generator synthesizes
protein sequences from latent noise vectors, while the discrim-
inator evaluates these sequences to distinguish between real
and generated data. The classifier predicts the likelihood that
the generated sequences exhibit specific target properties, and
this feedback is integrated into the generator’s training, allowing
it to produce sequences that meet defined biological criteria.
To optimize multiple tasks simultaneously, the classifier output
probabilities are multiplied, with a product closer to 1 indicating
greater simultaneous satisfaction of all target properties. This
product operator serves as a soft analogue to the logical AND
operator, where all properties must be activated (i.e. set to ON)
to have an effect. A logarithmic transformation is subsequently
applied to enhance numerical stability and ensure the values
are appropriately scaled within the overall loss function. The
objective function of the cdGAN is expressed as:

mén max (]EXNPY [D(x)] — Ez~p,[D(G(2))]

+ 2By, [(IV<D®) 12 — 1)?]

N

= >0 Erep, [l0g C:G)))

t=1

where A controls the strength of the gradient penalty, P; denotes
the interpolated distribution between real and generated distribu-
tions, and Ci(G(z)) = P(C; = 1|G(2)) represents the probability that
the generated sample G(z) belongs to the target class for task t, as
assessed by the classifier C. Each classification task t = 1,...,N
is assigned a weight a;, adjusting the influence of each task’s
feedback on the generator’s objective.

At the core of this framework is the multi-task classifier, which
is developed using transfer learning to evaluate multiple char-
acteristics of protein sequences. To achieve this, we chose the
ESM2 model [9], which has demonstrated strong performance in
antimicrobial peptide classification, with the ESM2-t12 variant
selected specifically for its computational efficiency and effective
balance of representational power [23]. The classifier is trained
using a combined loss function to simultaneously optimize mul-
tiple tasks:

N
Lot = D MLy,
t=1

where t = 1,...,N is the number of tasks, £; is the loss for each
task, and A; is a hyperparameter that determines the weight of
each task’s loss, and it must satisfies A, > 0. In addition, the sum
of all task-specific weights A is constrained to >, A; = 1, ensuring
a balanced contribution of each task to the total loss. By adjusting
the values of A+, the model can prioritize certain tasks, allowing for
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Figure 2. Overview of the proposed transfer learning-based architecture utilizing the ESM2 protein language model and a Multilayer Perceptron (MLP)

classifier.

flexible optimization and achieving balanced performance across
all tasks.

Results

In this section, we present the computational performance of
each model. Technical details on model parameters, experimental
settings, and hardware specifications are provided in the
supplementary material.

Classifier performance analysis

The classification of AMPs is important in drug design and the
development of targeted therapies [5, 8, 24]. AMPs often adopt
a-helical structures, which are particularly advantageous due to
their ability to disrupt cellular protective layers. Consequently,
detecting the structural fold of an AMP provides valuable insights
into its functional mechanisms.

Numerous classifiers have been designed to identify AMP prop-
erties [25-28], while others focus on classifying structural folds
[16, 29-31]. A recent study proposed a multi-task learning frame-
work leveraging Transformer networks and k-mers technique to
classify both AMP properties and a-helical structure [32] simul-
taneously. The k-mers method is applied on DNA sequences to
provide meaningful representations, however, it requires careful
optimization of k to achieve a balance between sequence detail
and computational efficiency.

To eliminate the need for manual sequence preprocessing and
to work directly at the protein level, we propose a novel multi-
task classifier, illustrated in Fig. 2. Our model utilizes embeddings
derived from the pre-trained ESM2 protein language model, which
processes amino acid sequences directly, and feeds them into a
lightweight Multilayer Perceptron (MLP) for efficient and scalable
classification. The joint loss function for the two prediction tasks
is defined as follows:

Lot =AML+ 2Ly Ag=1—21, 21,4220

Table 1 compares the single-task classification performance of
our proposed MLP-ESM2 classifier against the k-mers Transformer
model for both AMP (Task 1) and e«-helical folding prediction
(Task 2) independently. As demonstrated, the MLP-ESM2 classifier
achieves significantly better performance compared to the k-
mers-based model for both tasks as evaluated by three different
metrics: the accuracy (ACC), the area under the curve (AUC),
and the Fl-score. The results indicate that the proposed MLP-
ESM2 classifier provides a robust and computationally efficient
approach to protein property prediction, achieving high accuracy,
AUC, and F1 scores across both tasks. This suggests that lever-
aging transfer learning with ESM2 embeddings can significantly
enhance classification performance in bioinformatics tasks while

Table 1. Single-task classification results for AMP (Task 1) and
a-helical folding prediction (Task 2) using the proposed
MLP-ESM2 classifier and a k-mers Transformer model. Standard
deviations are reported in parentheses

Task 1 (1 =1) Task 2 (A = 1)

MLP- k-mers MLP- k-mers
ESM2 Transformer ESM2 Transformer
ACC 91.6 (1.0)  81.1(1.4) 92.8(0.8) 747 (1.2)
AUC 97.1 (0.3) 88.2 (0.6) 98.1 (0.3) 80.7 (1.3)
F1 91.7 (1.0)  80.9 (1.7) 92.8(0.8)  80.2 (1.1)

Table 2. Performance comparison of the optimal k-mers
Transformer (1, = 0.7) and MLP-ESM2 (A, = 0.4) multi-task
classifiers in AMP (Task 1) and «-helical folding prediction
(Task 2)

k-mers Transformer MLP-ESM2

Task 1 Task 2 Task 1 Task 2
ACC 79.9 (2.1) 75.9 (0.4) 91.3 (0.7) 92.6 (0.8)
AUC 88.3(0.8) 82.0 (1.7) 96.9 (0.5) 97.9 (0.2)
F1 79.0 (3.5) 82.0 (0.5) 91.4 (0.8) 93.3(0.8)

mitigating the complexity associated with training larger net-
works.

The performance of the proposed multi-task MLP-ESM2
classifier across various A; and A, values is presented in the
Supplementary Table 1. The optimal values were selected based
on the Pareto front shown in Supplementary Figure 1. This figure
illustrates that variations in A, have minimal impact on overall
classification performance, enabling robust classification despite
shifts in task prioritization. Table 2 highlights the performance
of the multi-task classifiers, demonstrating that our proposed
model significantly outperforms the k-mers Transformer on both
tasks.

Comparison of cdGAN with other guided-GANs

In this section, we analyse the proposed cdGAN model against
baseline guided-GAN architectures, including cGANs, ACGANS,
and FBGAN-ESM2. We generated 5000 sequences per model using
the final trained generator, with random noise as input and, for
conditional models, the appropriate AMP class label. These gener-
ated sequences were then used for all subsequent comparisons
against real AMP sequences from reference databases. In par-
ticular, we evaluated their diversity and predicted antimicrobial
potency. High diversity is crucial to ensure the generative model
is not simply reproducing known sequences. For antimicrobial
potency, we employed predictive models to estimate the biological
activity of the generated sequences. This evaluation ensures that
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Figure 3. Normalized within group edit distance distribution for real and generated data, highlighting the fidelity and diversity of different models.

the generated peptides are not only diverse but also functionally
relevant, aligning to discover new antimicrobial peptides.

The generated data were compared to real AMPs sourced
from six widely recognized datasets: XUAMP [33], CAMP [34],
dbAMP [35], DRAMP [36], LAMP [37], and YADAMP [38]. Duplicate
sequences were removed, and only peptides with lengths between
10 to 50 amino acids were selected for analysis.

Diversity of generated peptides

The edit distance analysis, shown in Fig. 3, provides insights into
the diversity of the generated sequences. The normalized edit
distance measures the difference between real and generated
sequences by counting the minimum number of insertions, dele-
tions, or substitutions required to transform one sequence into
another, offering a way to assess how closely models capture
the distribution of real peptides. As provided, the distribution of
the generated data for cdGAN, FBGAN-ESM?2, and cGAN aligns
closely with the distribution of real data. In contrast, ACGAN
shows the weakest alignment, with its generated distributions
deviating significantly from the real data, highlighting challenges
in capturing diversity.

Table 3 shows both training data similarity and in-between
sequence similarity for each model. To highlight the classifier's
role in the GAN framework, we include a plain GAN, which follows
the cdGAN architecture but is trained only on AMP sequences
without classifier guidance. More details on the architectures can
be found in the supplementary material.

For in-between sequence similarity, ACGAN shows the highest
redundancy (40.3%), meaning its generated peptides are highly

Table 3. Percentage of sequence similarity and diversity within
the generated data for each model, and novelty relative to the
training data

In-between Diversity Novelty

Sequence Similarity
Real data 22.9% 100% 100%
cGAN 28.2% 100% 100%
ACGAN 40.3% 100% 100%
FBGAN-ESM?2 27.6% 100% 100%
cdGAN (This 27.4% 100% 100%
work)

similar to each other. In contrast, cdGAN achieves the lowest
in-between similarity (27.4%), followed closely by FBGAN-ESM2
(27.6%) and the plain GAN (27.6%), highlighting their ability
to generate a more diverse set of peptides. Finally, all models
exhibited 100% novelty, confirming that none of the generated
sequences overlapped with the training set.

Antimicrobial property prediction

While the previous metrics provide valuable insights into the
fidelity and diversity of generated sequences, they do not capture
functional relevance. To address this, we evaluated the gener-
ated sequences using the CAMPg4 platform [34], which predicts
AMP activity through external classifiers such as Support Vector
Machine (SVM), Random Forest (RF), and Artificial Neural Network
(ANN). The classification accuracy for RF is 86.5%, 84.1% for SVM,
and 82.2% for ANN. This step is essential for assessing how well
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Table 4. Percentage of predicted AMPs with CAMPg, platform
equipped with Support Vector Machine (SVM), Random Forest
(RF), and Artificial Neural Network (ANN) models for AMP
prediction. The best performance per classifier is highlighted in
bold, and the standard deviation is reported in parentheses

CAMPg, predictions

RF SVM ANN Average (std)
GAN 58.0% 51.5% 52.8% 54.1% (2.8)
cGAN 59.2% 56.1% 57.2% 57.5% (1.2)
ACGAN 77.6% 72.2% 65.6% 71.8% (4.9)
FBGAN-ESM2 59.1% 55.5% 58.9% 57.8% (1.6)
cdGAN (This work) 75.8% 68.6% 70.5% 71.6% (3.0)

the generated sequences generalize to unseen data and whether
they retain key functional characteristics. By leveraging external
classifiers trained on diverse datasets, we minimize biases intro-
duced by our specific training data, ensuring a more objective and
robust evaluation of the generated peptides’ applicability in real-
world contexts.

The results summarized in Table 4, indicate that the RF
classifier consistently identifies a higher proportion of sequences
as AMPs across all models. Overall, ACGAN and cdGAN achieve
the strongest performance; however, the high performance of
ACGAN is likely attributed to the high sequence similarity of its
generated peptides, which as shown in Table 3, is 40.3%. This
increased similarity allows the generated sequences to align
closely with patterns recognized by the classifiers, reflecting
a trade-off between reduced diversity and enhanced classifier-
predicted functionality. Moreover, the performance of ACGAN is
not consistent across all classifiers, with the ANN-based classifier
achieving approximately 10% lower accuracy since it relies on
learned features, unlike RF and SVM, which benefit from direct
sequence similarity. In contrast, cdGAN performs better with ANN
classifiers, and given the flexibility of neural networks, there is
significant potential for further improvements, which is not as
easily achievable with RF and SVM. Overall, cdGAN demonstrates
amore balanced performance across classifiers, maintaining high
diversity while generating sequences with sufficient similarity
to real AMPs. Lastly, GAN, cGAN, and FBGAN-ESM2 exhibit
comparable performance, though they underperform compared
to cdGAN and ACGAN.

Figure 4 illustrates the number of sequences predicted as AMPs
by all three classifiers, categorized by the thresholds P(AMP)
> 0.5 and P(AMP) > 0.8. At the lower threshold, ACGAN and
cdGAN emerge as top performers, generating the largest number

Table 5. Percentage of diversity and sequence similarity per
model

In-between Diversity
Sequence Similarity
Real data 22.9% 100%
AMPGAN 26.8% 100%
HydrAMP 21.7% 98.9%
RLGen 36.9% 100%
cdGAN (This work) 27.4% 100%

of predicted AMPs, followed by FBGAN-ESM2, cGAN, and GAN.
When considering the stricter threshold, cdGAN retains strong
performance, while the rest of the models experience notable
declines. Overall, these results demonstrate that cdGAN achieves
the best trade-off between diversity, sequence similarity, and
classifier-predicted functionality, making it an effective model
for AMP design.

Comparison with state-of-the-art AMP design
models

To further assess the potential of the proposed cdGAN model we
compare it against state-of-the-art AMP design models, namely,
AMPGAN [39], HydrAMP [6], and RLGen [7]. AMPGAN uses bidi-
rectional conditional GANs [40], conditioning on diverse AMP
attributes, such as pathogen specificity, mechanisms of action,
and minimum inhibitory concentration (MIC), to tailor generated
peptides. RLGen is a reinforcement learning-guided generative
adversarial network (GAN) framework that leverages a thermody-
namic diffusion process to better simulate AMP conformations,
while HydrAMP leverages conditional variational auto-encoders
[41] to generate peptides based on properties like antimicrobial
activity and MIC.

The sequence similarity metric presented in Table 5 reveals
that HydrAMP achieves the lowest similarity (21.7%), outperform-
ing even the real data (22.9%) and indicating its superior ability to
generate highly diverse sequences. AMPGAN (26.8%) and cdGAN
(27.4%) exhibit moderate levels of similarity, whereas RLGen per-
forms the worst (36.9%), indicating reduced diversity in its gener-
ated sequences. In terms of the percentage of unique sequences,
all models besides HydrAMP achieve no duplicated outputs.

The CAMPg4 predictive results provided in Table 6 show that
cdGAN consistently outperforms all other models across all clas-
sifiers (RF, SVM, and ANN) highlighting the model’s ability to gen-
erate sequences that are both diverse and biologically relevant.
Figure 5 demonstrates the number of sequences predicted as
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Figure 5. Fraction of generated peptides classified as positive by every classifier of CAMPr4 (RF, SVM, and ANN) with probabilities P(AMP)>0.5 (right) and

P(AMP)>0.8 (left), respectively.

Table 6. Percentage of predicted AMPs with CAMPg, platform
equipped with Support Vector Machine (SVM), Random Forest
(RF), and Artificial Neural Network (ANN) models for AMP
prediction. The best performance per classifier is highlighted in
bold, and the standard deviation is reported in parentheses

CAMPg, predictions

RF SVM ANN Average (std)
AMPGAN 64.6% 53.8% 56.6% 58.3% (4.5)
HydrAMP 58.8% 52.6% 32.9% 48.1% (11.0)
RLGen 34.7% 21.1% 21.7% 25.8% (6.2)
cdGAN (This work) ~ 75.8%  68.6%  70.5%  71.6% (3.0)

AMPs by all three classifiers, categorized by the thresholds P(AMP)
> 0.5 and P(AMP) > 0.8. At both thresholds, cdGAN outperforms
the other models by generating the highest number of predicted
AMPs. However, under the stricter threshold, AMPGAN closely
follows in performance.

This analysis highlights that cdGAN and AMPGAN are
the leading models in generating predicted AMPs with high
confidence. cdGAN demonstrates an advantage in generating
sequences under broader confidence criteria, while AMPGAN
remains competitive at stricter thresholds. HydrAMP and
RLGen, in contrast, face challenges in producing sequences that
consistently meet high-confidence criteria.

Physicochemical properties and amino acid composition

To evaluate the quality and functional relevance of the generated
peptides, we analysed four physicochemical properties [42] of
AMP sequences with P(AMP) > 0.8 across all classifiers, for each
model. Particularly, we evaluate the distribution of charge, isoelec-
tric point (pl), aromaticity, and hydrophobicity ratio. The charge
of AMPs plays a crucial role in their interaction with microbial
membranes, and the distribution of charge among the generated
sequences provides important insights into how well the models
replicate this fundamental characteristic. The isoelectric point
(pl) distribution, at physiological pH, for the real data has a wide
distribution of pl values, with a median around 10, reflecting the
prevalence of cationic peptides among AMPs, a key feature for
membrane-targeting functionality. Aromaticity is also a crucial
feature in AMPs as it can influence their interaction with micro-
bial membranes and overall efficacy. Finally, hydrophobicity is
a key factor in shaping the functional properties of AMPs, as it
affects their interaction with microbial membranes.

The violin plots in Fig. 6 present the distribution of these
four physicochemical properties for AMP sequences with a

predicted confidence of P(AMP) > 0.8. The properties of sequences
generated by the cdGAN model are compared against real
data, random data, AMPGAN, HydrAMP, and RLGen. Statistical
significance was evaluated using the two-sided Mann-Whitney—
Wilcoxon test [43], a non-parametric method suitable for
comparing independent samples without assuming normality.
No multiple testing corrections were applied, as the number of
statistical comparisons was limited.

As presented, the distribution of physicochemical features
reveals that cdGAN-generated sequences most closely resemble
real AMPs. For charge and pl, cdGAN produces distributions
that, while statistically different from real data (p < 0.05 and
p < 0.001, respectively), are more balanced compared to other
models.

In terms of aromaticity, cdGAN-generated peptides show a
significant but moderate deviation from real data (p < 0.01), while
AMPGAN'’s and RLGen’s results are not significantly different (ns),
suggesting better alignment in this specific feature.

For hydrophobicity, cdGAN again demonstrates moderate devi-
ations (p < 0.01), whereas HydrAMP shows no significant dif-
ference from real data, and models like AMPGAN and RLGen
exhibit more pronounced differences (p < 0.0001), indicating less
biologically relevant outputs.

Overall, while AMPGAN and HydrAMP demonstrate partial
success in replicating specific physicochemical properties, cdGAN
offers more balanced results across all features.

Multi-task cdGAN performance

To demonstrate the effectiveness of the proposed cdGAN model in
multi-task design, we present a case study focused on the design
of AMPs with specific a-helical structure. The ability to generate
AMPs with desired structural properties is crucial for enhancing
their efficacy and stability, contributing to the development of
new therapeutic agents.

Table 7 provides the percentage of predicted AMPs with CAMPg4
platform, as well as the percentage of the helical structures
predicted with the proposed classifier. The results show that both
the single-task and multi-task cdGAN models yield relatively high
AMP scores across all classifiers from the CAMPg4 platform. In
particular, the multi-task cdGAN model consistently produces
AMP sequences with an average score of 71.1%, with a standard
deviation of 1.7%.

Moreover, the multi-task cdGAN outperforms the single-task
cdGAN, achieving 27.0% helical content compared to 21.1% for
the single-task version. This suggests that multi-task learning,
by optimizing for both AMP activity and helical structure, leads
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Figure 6. Distribution of physicochemical features such as charge, isoelectric point, aromaticity, and hydrophobicity, of real, random, and generated data
per model. Statistical significance was evaluated using the two-sided Mann-Whitney-Wilcoxon test, with p-values denoted as: ns for non-significant
values (p > 0.05), *(p < 0.05) indicating a modest level of significance, **(p < 0.01) indicating stronger significance, ***(p < 0.001) indicating very strong

significance, and ***(p < 0.0001) indicating the highest level of significance.

Table 7. Percentage of predicted AMPs and «-helical structure.
The standard deviation is reported in parentheses

CAMPg4 predictions Helical
structure
RF SVM ANN Average  prediction

cdGAN (single-task) 75.8% 68.6% 70.5%
cdGAN (multi-task) 73.4% 69.3% 70.6%

71.6% (3.0) 21.1%
71.1% (1.7) 27.0%

to better generation of helical peptides. These results support
the notion that multi-task models can better capture complex
relationships between multiple properties.

To evaluate the dual-objective capability of each generative
model considering a more realistic peptide design scenario, we
first selected sequences classified as AMPs with a probability
greater than 95% across all three classifiers of CAMPg4. These
sequences were subsequently evaluated for a-helical content
using our proprietary helix prediction classifier, retaining only
those with a helix probability exceeding 95% as well. This strin-
gent threshold ensures that only the most reliable and biologically
meaningful candidates are selected for analysis, aligning with the
ultimate goal of designing effective therapeutic agents.

The reason we rely on our helix prediction classifier, rather
than other methods, is its higher accuracy compared to other
related works that classify the structure of AMP sequences [32].
Other existing generic classifiers for secondary structures lack
the precision required for AMP validation and achieve lower per-
formance, in general, [16, 29-31]. By employing our classifier, we
ensure that the validation of generated sequences aligns with the
specialized requirements of AMP research, offering a robust and
accurate assessment of their a-helical content. The liability of our
classifier is also validated with AlphaFold 3 [44] server with the
results depicted in Fig. 8.

Table 8 offers insights into each model’s capability to generate
sequences that are both AMP and possess a helical structure
with high confidence (P(AMP>0.95) and P(helix>0.95)). As shown,
AMPGAN demonstrates the highest count of sequences meet-
ing both objectives. This notable performance likely stems from
the fact that AMPGAN incorporates more biological knowledge
into its design, enabling it to generate sequences that are not
only likely to be AMPs but also possess the necessary struc-
tural characteristics, such as a-helical content. In contrast, other
models, including cGAN, ACGAN, FBGAN-ESM2, and HydrAMP,
show a remarkably lower number of dual-objective sequences,
with HydrAMP failing to generate any qualifying sequences. This
underperformance could be attributed to differences in training
objectives or architectural limitations that prevent these mod-
els from effectively capturing both AMP activity and «-helical
structural features. RLGen performs slightly better, as its training
on thermodynamic principles inherently considers the interde-
pendence between amino acids, which indirectly incorporates
structural information, but still falls short of expectations. The
relatively limited performance of these models highlights the
inherent challenges in designing generative frameworks capable
of optimizing multiple complex properties simultaneously.

Considering the proposed cdGAN model, in its multi-task con-
figuration, generates 21 sequences meeting the dual objectives,
doubling the count achieved by its single-task counterpart that
produces 10 sequences.

The toxicity of these top-scored sequences is also evaluated
with ToxinPred 3.0 [10] to assess their potential for therapeutic
applications. Ideally, AMPs that are effective at fighting infections
should also exhibit low toxicity to human cells, making them
more suitable for development into safe and effective treatments
[45]. The results, presented in Fig. 7, demonstrate that 95.2% of
the sequences generated by the cdGAN model are non-toxic,
compared to 80.7% for AMPGAN, indicating a significant
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Figure 7.. Performance of AMPGAN and cdGAN (multi-task) models based on the percentage of generated AMPs with P(AMP) > 0.95 and P(helix) > 0.95,

which are non-toxic, non-hemolytic, and satisfy both the previous conditions.

Table 8. Number of sequences generated by each model that
meet dual objectives of high AMP probability (P(AMP)> 0.95) and
high a-helical content probability (P(helix)> 0.95)

Number of sequences
with P(AMP)>0.95 and
P(helix)>0.95

GAN 1
cGAN 1
ACGAN 1
FBGAN-ESM2 2
AMPGAN 57
HydrAMP 0
RLGen 6
cdGAN (single-task) 10
cdGAN (multi-task) 21

improvement in safety. Similarly, the hemolytic potential of these
sequences is assessed using the HemoPI tool [11]. Hemolytic AMPs
are less desirable for therapeutic use as they can damage red
blood cells, posing a risk of hemolysis. The results show that 23.8%
of the cdGAN-generated sequences are non-hemolytic, nearly
twice as many as the 12.2% achieved by AMPGAN. Furthermore,
19.0% of the cdGAN sequences meet both criteria of being non-
toxic and non-hemolytic, a marked improvement over the 8.7%
achieved by AMPGAN. These results highlight the ability of
cdGAN'’s multi-task learning framework in generating sequences
with lower predicted toxicity and hemolysis, making them better
suited for therapeutic applications.

Figure 8 presents AlphaFold3 [44] structural predictions for
cdGAN-generated AMPs with high predicted antimicrobial activity
(P(AMP) > 0.95) and strong a-helical likelihood (P(helix) > 0.95).
The per-residue local distance difference test (pLDDT) scores are
exceptionally high across all cases (ranging from 80 to 95), demon-
strating a high degree of confidence in the overall structural
quality. The predicted Template Modeling (pTM) scores for the
peptides range from 0.27 to 0.39. Although these are below the
0.5 threshold typically associated with high-confidence global
folds, this is expected in de novo design, where the sequences
are novel and not derived from known structural templates [46].
These moderate scores suggest the peptides may adopt coherent,
protein-like structures despite lacking homology to known pro-
teins. However, the low pTM scores also reflect limited confidence

in the predicted global folds, and these structural predictions
should therefore be interpreted with caution.

Discussion

The findings of this study highlight the multifaceted nature of
AMP generation, emphasizing the balance between productiv-
ity, functional relevance, and physicochemical fidelity. Among
the evaluated models, cdGAN emerges as a robust performer,
excelling across multiple dimensions and achieving a balance
that other models struggle to replicate.

The analysis of physicochemical properties further empha-
sizes cdGAN's strengths. Its ability to replicate the charge and
pl distributions of real AMPs, while maintaining hydrophobic-
ity levels consistent with natural variability, reflects a nuanced
understanding of AMP characteristics. This is statistically sup-
ported by the results of the Mann-Whitney-Wilcoxon test, where
cdGAN-generated peptides demonstrated significant similarity
to real data in terms of charge (p < 0.05) and hydrophobicity
(p < 0.01). In contrast, AMPGAN and HydrAMP generate peptides
with elevated charge profiles, suggesting a potential bias toward
membrane-targeting functionality, which, while useful for spe-
cific applications, may limit the overall diversity. Similarly, RLGen
showed statistically significant deviations (p < 0.0001) from real
AMPs, exhibiting overly broad, misaligned property ranges. These
findings underscore the importance of balancing functional opti-
mization with fidelity to real AMP profiles, a challenge that cdGAN
addresses effectively.

The multi-task learning framework employed by cdGAN
demonstrates a clear advantage in optimizing for multiple
objectives simultaneously. In its multi-task configuration, cdGAN
produces a higher proportion of sequences exhibiting both AMP
activity and «-helical structure, outperforming its single-task
counterpart doubling the count of sequences meeting these dual
objectives.

The toxicity and hemolytic analysis further underscores the
therapeutic potential of multi-task cdGAN-generated peptides.
Among high-confidence AMP sequences (P(AMP) > 0.8), 95.2%
of the sequences generated by cdGAN are classified as non-
toxic, compared to 80.7% for the competitive AMPGAN model.
This represents a significant improvement in toxicity reduction,
highlighting cdGAN’s superior ability to generate therapeutically
viable peptides. Similarly, in the hemolysis analysis conducted
with the HemoPI tool, nearly double of the cdGAN sequences
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Figure 8. AlphaFold3 structural prediction of peptides generated by the cdGAN model, with probabilities P(AMP)>0.95 and P(helix)>0.95. The predicted
Template Modeling (pTM) and per-residue local distance difference test (pLDDT) scores are also provided.

were classified as non-hemolytic, compared to AMPGAN’s
and more the double satisfied both criteria (non-toxic and
non-hemolytic). These findings showcase cdGAN’s ability to
balance structural functionality, therapeutic safety, and biological
relevance.

The structural predictions utilizing AlphaFold3 further
emphasize the capabilities of the multi-task cdGAN model
in generating de novo AMPs. Specifically, the exceptionally
high per-residue local distance difference test (pLDDT) scores
(> 90) indicate a high degree of confidence in the structural
predictions. Additionally, the predicted Template Modeling (pTM)
scores, ranging from 0.27 to 0.39, are consistent with the
expectations for de novo design, where the sequences are not
based on existing structural templates. These results validate
the model’s ability to generate peptides with «-helical structure,
which is essential for membrane disruption and antimicrobial
efficacy.

In summary, while models like AMPGAN, HydrAMP, and RLGen
demonstrate strengths in specific aspects, they fail to replicate the
comprehensive balance achieved by cdGAN. The ability of cdGAN
to simultaneously optimize for antimicrobial activity, structural
relevance, physicochemical fidelity, toxicity, and hemolytic poten-
tial underscores its versatility and effectiveness as a design tool
for therapeutic peptide discovery.

Key Points

e A classifier-driven GAN framework (cdGAN), which inte-
grates classifier predictions directly into the loss func-
tion, allowing for dynamic and adaptive AMP generation.

e Extension of cdGAN to a multi-task setting, incorporat-
ing both antimicrobial activity and structural optimiza-
tion using a novel ESM2-based multi-task classifier.

e Enhance peptide safety by performing post-generation
toxicity and hemolysis screening, ensuring that gener-
ated peptides are both effective and viable for therapeu-
tic applications.
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online.
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