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Results All models generated peptides with physicochemical profiles similar to natural
antimicrobial sequences. Auto-encoders performed best overall, with the Wasserstein
auto-encoder generating the most diverse and compositionally balanced peptides. In
contrast to an unregularized baseline model, embedding-space analyses confirmed
that the auto-encoders did not overfit. In addition, evaluating AMP predictors on data
biased toward specific peptide properties revealed strong, model-specific preferences.
Together, these results underscore the need to tailor models and evaluation metrics to
each design objective.

Conclusion The present study investigates the strengths and weaknesses of various
generative models for antimicrobial peptides. Practical recommendations for the
combination of model type and sampling strategy are provided for individual
applications.
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Introduction

It is indisputable that there is an urgent need for the development of novel antibiotic
agents and alternative treatment strategies to combat infectious diseases. Since the tra-
ditional development of antibiotics is associated with high costs in terms of time and
money, new strategies have to be developed [1]. Infections with drug-resistant patho-
gens remain a significant global health concern, impacting millions of lives annually.
Accurately determining the case and death numbers associated with these infections
presents a complex challenge due to variations in healthcare quality, reporting stan-
dards, and accessibility across different regions.

A recent study examined older forecasts of cases and deaths and incorporated histor-
ical trends and future predictions in its data. This study’s findings indicate that, from
2024 until 2050, the number of deaths attributable to AMR could exceed 39 million [2,
3]. Among the most concerning contributors to this crisis are the so-called ESKAPE
pathogens [4—6], a group of bacteria known to have a high capacity to develop resis-
tance to standard antibiotic therapies.

The term “ESKAPE” encompasses Enterococcus faecium, Staphylococcus aureus, Kleb-
siella pneumoniae, Acinetobacter baumannii, Pseudomonas aeruginosa and Enterobacter
species. Often Escherichia coli is also considered a member of this group. Due to their
multifaceted resistance mechanisms, these pathogens are prominent causes of nosoco-
mial infections. These include (i) the production of antibiotics-degrading enzymes, (ii)
the adaptation of efflux pumps that expel antibiotic substances from the bacterial cells,
and (iii) modifications in membrane composition [7-10]. Due to the high clinical rel-
evance of this group of pathogens, the present work focuses on these target organisms.

Antimicrobial peptides (AMPs) are a particularly promising class of new antibiotics.
These peptides are typically short, consisting of 10 to 50 amino acids, and are character-
ized by their ability to disrupt the membrane integrity of microbial cells, leading to cell
death [6, 9]. Furthermore, it is well known that bacteria are less prone to develop resis-
tance against antimicrobial peptides (AMPs) than classical antibiotics. This is mainly due
to the fact that AMPs can act on different hydrophobic and/or polyanionic targets [11-
13]. AMPs are found in almost all living organisms, from bacteria to humans, indicat-
ing their evolutionary importance as a first defense against pathogenic microorganisms
[14]. The mechanisms of action of antimicrobial peptides frequently involve targeting
and permeabilizing microbial membranes [15], yet they are also capable of interacting
with intracellular targets, disrupting vital processes within pathogens [16]. These multi-
faceted mechanisms of action render AMPs highly effective against a broad spectrum of
microorganisms, including bacteria, fungi, viruses, and parasites. Moreover, AMPs have
demonstrated efficacy against antibiotic-resistant strains, underscoring their potential as
alternative therapeutic agents in an era of increasing antibiotic resistance [9].

Generative deep learning offers significant advantages in developing novel AMPs as
antibiotics. It accelerates the discovery process by rapidly generating diverse peptide
sequences, which increases the likelihood of finding effective candidates [1]. Generative
deep learning helps design peptides less susceptible to resistance mechanisms by creat-
ing novel sequences.

Overall, this cost-effective and efficient approach offers a promising avenue for devel-
oping new antibiotics against drug-resistant pathogens. In recent years, there has
been great progress in computational biology, particularly in the development of deep
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generative models. Early efforts in this area relied on Recurrent neural networks (RNNs)
to capture sequential patterns and generate peptide-like sequences. Miiller et al. [17]
demonstrated the ability of RNN-based models to generate functional AMPs with
desired biological properties.

As generative models evolved, more complex architectures such as variational auto-
encoders (VAEs) and Generative adversarial networks (GANs) were introduced [18,
19]. While GANs can generate highly realistic sequences, they are often more challeng-
ing to train due to issues such as mode collapse and instability during training [18, 20].
In contrast, VAEs offer a more stable training framework. Advanced variants of VAEs,
including WAEs, have been shown to generate peptide sequences of higher quality, as
demonstrated in the research conducted by Das et al. [1].

The majority of studies in this domain currently focus on VAEs [21-26] or advanced
variants, such as WAEs [1, 27, 28]. In addition, the model proposed by Szymczak et al.
[29] introduces an innovative hybrid approach incorporating multi-objective optimiza-
tion techniques. This technique allows more precise control of peptide properties and
activity during training.

Recently, other generative approaches based on diffusion models, such as ProT-Diff
[30] and AMP-Diffusion [31], as well as flow-matching methods [32], have been devel-
oped, yielding promising results. The recent work of Menard et al. [33] and Pikalyova
et al. [28] demonstrated the considerable potential of auto-encoder-based models,
when employed in conjunction with advanced sampling strategies and latent space
optimization.

The advent of transformer-based models, as described in the seminal research paper
“Attention is All You Need” by Google DeepMind [34], has led to novel approaches in
the domain of sequence generation. These architectures leverage self-attention mecha-
nisms to capture long-range dependencies in sequences, enabling more sophisticated
peptide designs with enhanced functional properties.

In addition, there are greedy methodologies, as demonstrated by the work of Wan et
al. [35], where the authors mined the entire space of peptides of a specified length to
identify new antimicrobial peptides. Furthermore, the increasing availability of diverse
datasets from genomics and proteomics has resulted in the development of novel meth-
odologies for identifying AMPs.

To illustrate this point, Santos-Junior et al. [36] have developed a workflow that facili-
tates screening genomes and metagenomes with a specific focus on AMPs. King et al.
[37] searched the human microbiome for peptide-based antimicrobials.

Additionally, Maasch et al. [38] have successfully mined the proteomes of extinct ani-
mals to generate new antimicrobial peptides.

A comprehensive review of contemporary methodologies and the prevailing chal-
lenges in the identification of AMPs is provided in the review articles by Brizuela et al.
[39], and Szymczak et al. [40].

In a recent study, Zhuo et al. conducted a comprehensive review of contemporary
AMP databases [41, 42].

In this study, we develop and implement various deep-learning-based methods for
antimicrobial peptide generation. In addition, we propose suitable use cases for the
methods developed, accompanied by pragmatic recommendations for future projects in
this domain.
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Methods

Data collection and preprocessing

Training data

Active AMP sequences were collected from the following publicly available databases:
CAMPR4 [43], DBAASP [44], dbamp [45], PlantPepDB [46], APD3 [47], and LAMP
[48]. It should be noted, however, that the sequences from the LAMP database were not
directly obtained from the database but from the work of Bournez et al. [49], as the
LAMP web service was no longer available. The date of the last database state is pro-
vided in Supplementary Table 2.

The collected sequences were filtered according to the following criteria: They were
required to contain only canonical amino acids. The sequence length was required to be
between 3 and 36, enabling uncomplicated solid-state peptide synthesis. Furthermore,
their minimum inhibitory concentration (MIC) or inhibitory concentration (IC) was
required to be < 35 uM. Sequences exhibiting MIC values that differ by more than a fac-
tor of three for the same target organism were excluded from further analysis. Sequences
with MIC values for different target organisms were retained for cases where the median
MIC across all targets was < 35 uM.

In the case of the auto-encoder-based models, the training dataset was randomly split
by 90:10. The second part is used to assess the reconstruction capabilities of the auto-
encoders. This dataset is henceforth designated as the reconstruction dataset.

The RNN and the language model were trained on the entire dataset. The rationale
for this decision is that RNNs and Language models (LMs) cannot be used for template-
based sequence reconstruction, like auto-encoders. However, the reconstruction data-
set might contain homologous sequences, which will artificially inflate reconstruction
accuracy values and should therefore be regarded only as proxies. The reconstruction
accuracy is not included in the qualitative performance measures of the auto-encoders
used in this work.

Comparison data

Four datasets were created for comparison of the generated sequences. The first data-
set contains sequences from the UniProt [50] database, which are assumed to be non-
AMPs. The advanced search feature of the UniProt web interface was utilized to exclude
potential AMPs from the selection. The following keywords were used to exclude pep-
tides: Antimicrobial (0929), Fungicide (0295), Antibiotic (0044), Tumor Suppressor
(0043), and Antiviral Protein (0930). Additional restrictions were applied to search fields
“pharmaceutical or biotechnological use,” and the protein existence level was utilized to
exclude peptides with uncertain evidence. The range of sequence length was constrained
from 3 to 36. The UniProt dataset encompasses 6.385 sequences.

The second dataset comprises random sequences of equal length and amino acid dis-
tributions similar to those in the training dataset. Care was taken to ensure that the sec-
ond dataset and the training dataset were of equal size.

The third dataset was created by random sampling 40.000 sequences of lengths 3—-36
from an amino acid distribution with equal probabilities for all amino acids. Duplicate
samples were removed.

The fourth dataset consists of artificially generated amphipathic helices, characterized
by a high hydrophobic moment. This approach was adopted from Miiller et al. [17].
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The datasets referenced herein are primarily used to compare the prediction outcomes
outlined in Sect. 3.5.

Sequence encoding

The OneHot encoding scheme was used in all auto-encoder-based models. Prior to this,
all sequences were adjusted to a uniform length of 36. Hyphen characters of appropriate
length are used as prefixes to extend smaller sequences.

According to the model’s documentation on KerasHub [51], a specific padding char-
acter was employed in the context of language models. This character was denoted by
the token ” [PAD] ”. In addition to this, the token ” [BOS]” was inserted at the begin-
ning of each sequence to demarcate its starting character. For this purpose, the Star-
tEndPacker from the KerasHub library was used. In contrast to the other models, the
language model utilized a distinct encoding method. The TokenAndPositionEm—
bedding layer from KerasHub was used for a positional embedding. The training
sequences utilized by the RNN were processed following the methodology outlined by
Miiller et al. [17].

Evaluation metrics

In addition to employing a subset of peptide descriptors associated with AMP activity,
Supplementary metrics were utilized to quantify the novelty, diversity, and authentic-
ity of template-free-generated sequences. The metrics were calculated using the libraries
peptides.py [52] and seqme [53]. The diversity metric is defined as the normalized pair-
wise Levenshtein distance between the top k sequences; in this work, & = 10.

Novelty is defined as the fraction of sequences not occurring in a set of references.
Uniqueness is the fraction of unique sequences. The authenticity of a sequence is deter-
mined based on embeddings, defined as the ratio of sequences whose nearest neighbor
in the training set is more similar to another training sample than to the sequence itself.
Similarity between the distributions of peptide properties is quantified by the maximum
mean discrepancy (MMD). Embeddings based on the NEAR [54] model were computed
using the mininear Python library [55]. The aforementioned metrics are displayed in
Table 1.

Table 1 Summary presenting metrics for the evaluation of novelty, diversity, authenticity, and
difference between peptide property distributions for template-free generated sequences.
Subscripts indicate that this metric was calculated by comparing embeddings of training sequences

Dataset Uniqueness Diversity (10) Novelty, .in MMD,,., ATH i
UniProt 1.00 0.85 1.00 13.85 0.74
Helices 1.00 0.71 1.00 66.02 091
WAE 1.00 0.83 1.00 178 0.94
RNN 0.58 0.83 051 0.72 040
VAE-LIN 1.00 0.79 1.00 3.18 0.94
VAE-CYC 1.00 0.80 1.00 4.88 0.94
VAE-LOG 1.00 0.82 1.00 3.84 0.94
VAE-N 1.00 0.80 1.00 5.84 093
TOP-P 1.00 0.80 1.00 353 0.90
Top-K 1.00 0.80 1.00 237 092

Rand 1.00 0.82 1.00 1.82 0.90
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Generative models

Variational auto-encoders

VAEs, first described by Kingma et al. [56], are an extension of classical auto-encoders
based on variational inference. These models consist of an encoder g4 and a decoder py
, each represented by a neural network with parameter sets denoted by ¢, 0, respectively.
In a variational inference setting, the objective is to approximate the unknown distribu-
tion p(z) of the given dataset. The VAE achieves this by approximating p(z) with the
marginal likelihood py ().

For this purpose, the encoder maps each data point z into a continuous latent space
p(z), which is forced to be standard normally distributed. During training, the VAE aims
to maximize the evidence lower bound (ELBO) of the marginal likelihood pg(z), which
is equivalent to minimizing the Kullback-Leibler divergence (KL) between the posterior
approximated by the decoder g4(x | z) and the true posterior pg(z | x).

Lyar(0,¢) =Ky, . . [log pe(z | 2)] — Drr(qs(2 | ) || pe(2)) (1)

Wasserstein auto-encoder
WAEs are an extension of VAEs proposed by Tolstikhin et al. [20]. Instead of using vari-
ational inference as an objective, WAEs rely on optimal transport W.(Px, Ps) where Px
is the actual data distribution and Py is the approximation by the model. G(Z) denotes
a sample from the decoder. The distance between the input and the reconstructed data is
measured by a cost function ¢(Px, Pg) chosen as the mean squared error in this work.
Instead of computing a pointwise approximation to the latent prior Pz as is usually
done by VAEs, the WAE forces a continuous mixture Q7 : — [ Q(Z | X)dPx to match
Py [20]. Rather than using KL, the WAE is regularized with a MMD term Dz(Qz, Pz)
in Eq. 2 [20, 57]. Specifically, as proposed by Tolstikhin et al. [20], we used an inverse-
quadratic mean kernel to compute the MMD and introduced A as a scaling parameter.
This leads to the optimization problem given by Eq. 2.

D Px,Pg) = inf Ep, E X Z -D P
wak(Px, Pa) Q(Z1|I)1()eQ PxEozix)[e(X,G(Z)|+ A Dz(Qz, Pz) )

Recurrent neural network

As described by Miiller et al. [17], RNNs were initially used in natural language process-
ing and can capture medium-range dependencies in sequences. Later on, more advanced
variants such as Long-Short-Term-Memory (LSTM) cells [58] and Gated-Recurrent-
Units (GRUs) [59] were developed to overcome certain limitations of RNN, such as van-
ishing or exploding gradients [17, 58].

GRU units were developed to simplify LSTM cells. RNNs can also be used to gen-
erate new sequences. For this, one or more starting characters can be provided to the
model. Then, it recursively predicts the most probable characters based on the repre-
sentation learned during training. As an objective function, the RNN uses categorical

cross-entropy.

Language model
Language models (LMs) are a type of architecture based on the seminal paper “Atten-
tion is all you need” by Google DeepMind [34], which introduced the transformer
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architecture for natural language modeling. Various implementations designed for
protein sequence generation were published [60-62]. Inspired by the architecture of
ProtGPT-2 [62], a transformer-based decoder-only model, a small language model for
AMP sequence generation was also developed in this study.

Language models typically undergo extensive training on very large datasets, often
with prolonged pre-training periods requiring substantial resources. In contrast, the
present study uses a smaller dataset, leading to the decision to implement a compact lan-
guage model. This model has a single TransformerDecoder layer with two attention
heads, an embedding dimension of 32, an intermediate dimension of 32, and a dropout
rate of 0.1. The LM’s sampling procedures differ from those of the RNN, VAE, and WAE.
The LM uses its own sampling algorithms, provided by the KerasHub library.

Model architectures and implementations
The models introduced in Sect. 2.4 (a WAE, an RNN, and four VAEs with different regu-
larization schemes) were implemented alongside a small LM.

Figure 1 shows a visualization of the architecture of the RNN, as well as the encoder
and decoder used by the WAE and VAE. The layer names correspond to the Keras ver-
sion 2 documentation. Layers of the same type are color-coded. The RNN consists of two
interconnected LSTM layers, with 256 units each. These layers are followed by a dense
layer comprising 21 units and a softmax activation function. The encoder architecture
presented here is used by the WAE and VAE, with a minor difference explained below.
The encoder is composed of an input layer, two GRU layers with 128 units each, a batch
normalization layer, an attention layer that performs self-attention, three 1D convolu-
tion layers, followed by a Flatten layer to transform the output dimension to 1D. Next
two dense layers representing i and o for the latent distribution are used. The WAE uses
a single dense layer for the latent distribution rather than two.

The decoder utilized by VAE and WAE consists of an input layer followed by a Repeat-
Vector layer. The functionality of this layer is to ensure that the appropriate input dimen-
sion is provided to the subsequent two GRU layers, each comprising 128 units. A dense
layer with 21 units, followed by a softmax activation function, serves as the final output

layer.

Flatten &

Input | 2x GRU | Batchnorm | Attention

a) Encoder architecture

Input | RepeatVector | 2x GRU | Dense LSTM | LSTM | Dense

b) Decoder architecture ¢) RNN architecture

Fig. 1 Visualization of the architecture of RNN, encoder and decoder. The architectures used for the encoder and
decoder of the VAEs, WAE, and the RNN (left to right). (@) The encoder has an input layer, two GRU layers, and a
batch normalization layer. An attention layer performs self-attention. Three 1D convolution layers are used, fol-
lowed by a flatten layer, with additional dense layers representing the latent distribution. The WAE uses only one
dense layer instead of two for the latent distribution. (b) The decoder’s architecture comprises an input layer, a
RepeatVector layer to match the required input shape of the two consecutive GRU layers, and a dense layer. (c) The
RNN consists of two interconnected LSTM layers and a dense layer that functions as the output layer
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A summary of the used hyperparameters: batch size, number of epochs, learning rate,
and the size of the latent dimension can be found in Supplementary Tab. 3 and Supple-
mentary Fig. 11.

It is important to note that, during training, the learning rate of the WAE was reduced
with an ExponentialDecay schedule from the Keras library [63]. This approach was
also employed in the original work by Tolstikhin et al. [20].

Annealing schedules
A well-known problem encountered during VAE training is posterior collapse [64]. This
occurs when both terms on the right-hand side of the Eq. 1 differ in magnitudes. When
the reconstruction term is assigned a greater weight than the regularization term, the
decoder tends to neglect the latent variables and reconstructs the input directly. Con-
sequently, the KL divergence then approaches zero, thereby enabling the maximization
of the ELBO. However, models than fail to learn meaningful data representations. As a
result, the generated data exhibits high similarity to the input data and lacks diversity.
To avoid posterior collapse in VAE models, KL annealing was used. Specifically, a scal-
ing factor g is introduced to the KL term of the objective function in Eq. 1. The param-
eter /3 was iteratively modified during training as detailed by Eqgs. 3, 4 and 5. In addition,
a fixed 8 =1 (Eq. 6) was included for comparison to a non-regularized VAE. The KL-
regularization during training forces a VAE to assign greater weight to the reconstruc-
tion term from Eq. 1.

_Jf(r), <R . ~ mod(t —1,[T/MT)
/GCYCIIC = {1’ r>R with 7= T/]\/[ (3)
1
Blogistic = 1 T efs-(epochifepochmax) (4)
_ epoch;
Bhnear - epOChmax (5)
ﬁnormal =1 (6)

In Eq. 3, t denotes the current training iteration number, a.k.a. epoch, 7" is the number
of epochs, f is a monotonously increasing function, while M is the number of anneal-
ing cycles during training, and R is the proportion that is used to increase 3 within one
cycle. M and R were set to the default values as in [65] (M =4, R = 0.5). In Eq. 4, the
parameter s controls the steepness of the logistic curve, while epoch,,q. sets its infec-
tion point and epoch; denotes the current training iteration. The parameter s was set to
0.01, while epoch . was equal to 350.

Baseline model

To the best of our knowledge, the RNN from the work of Miiller et al. [17] was the
first model of this type used to generate antimicrobial peptides. The model and train-
ing data were made publicly available, enabling full reproducibility. Therefore, the RNN
has been selected as the baseline model for this investigation. Later, the VAE models
are referenced by their annealing schedules, as shown in the following example: Cyclic
(VAE-CYC), Linear (VAE-LIN), Logistic (VAE-LOG), and without annealing (VAE-N).
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Information about the hardware used to train the models is available in the Supplemen-
tary material.

Sampling strategies
Different methods were used to generate putative new AMP sequences depending on
the respective model.

Template-free sequence sampling

All models can generate peptide sequences without reliance on templates. In auto-
encoder-based models, this refers to drawing a random sample of dimension
sequences X length from the latent prior. The decoder maps the output to the space of
peptide representations and translates it to a sequence of amino acids.

Template-free sampling by the RNN is initiated by feeding in a random start amino
acid, to which further ones are added recursively until a padding character is emitted or
the maximum sequence length of 36 is reached. For all models, the number of sequences
generated by template-free sampling was fixed at 40.000.

Template-based sequence reconstruction

Template-based sequence reconstruction is a feature unique to the auto-encoder-based
models used in this work. Sequences from the reconstruction dataset served as tem-
plates for the reconstruction. After training of the VAEs and the WAEs, these sequences
are first OneHot encoded and then mapped to the latent space by the encoder. These
representations are then fed into the decoder and translated into amino acid sequences.
Using that scheme, sequences similar to the templates in terms of amino acid composi-
tion and peptide properties are generated, as will be discussed in Sect. 3.

Template-based multi sequence sampling

As mentioned, VAEs approximate the latent prior p(z) point-wise. Consequently, if the
local approximation is sufficiently precise, multiple samples of a single sequence can be
generated by repeating the reconstruction procedure, as visualized in Fig. 2. This sam-
pling strategy is particularly interesting if the template sequence is considered a lead
sequence, such as one with desired properties for which different analogs should be
generated.

The strategy is contingent upon the assumption that the local approximation of the
ELBO of the targeted peptide is sufficiently rich. In the absence of this condition, there
will be minimal difference in the resulting samples; alternatively, the samples will be
identical. For each sequence in the reconstruction dataset, a batch of 25 replicates was
mapped into the latent space by the encoder. As a result, all sequences were mapped to a
local distribution as indicated schematically by the red circlein Fig. 2. In the next step, a
batch of equal size was sampled from the latent representation, yielding a reconstruction
of the template sequence.

Language model samplers
The LM utilizes three distinct sampling algorithms to generate sequences. These algo-
rithms append the next amino acid with the highest probability, as calculated by the
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Fig. 2 Visual representation of template-based multi sequence sampling. The exemplary input sequence GILVFTL
was encoded and repeated 25 times, then mapped into the latent space by the encoder. Each input sequence is
mapped to different Gaussian distributions on the latent space, where each distribution is a point-wise approxima-
tion to the ELBO. After this, the decoder reconstructs 25 individual samples from the latent distribution, resulting
in different generated sequences called variants

sampler, to the sequence starting from the start token, and generate new sequences con-
tinuously. This process is then repeated. Three samplers from the KerasHub library were
used. The TopPSampler with p = 0.9, TopKSampler with £ = 10 and a temperature
of 1.2. Parameter optimization was performed using grid search. For the RandomSam-

pler, standard parameters were used.

Sequence selection and evaluation

Generated sequences were filtered according to the following criteria: a sequence length
between 3 and 36, the absence of padding characters, and no recurrence of individual
amino acids more than seven times. For all valid sequences, training, and comparison
datasets, the descriptors of hydrophobicity (Eisenberg scale), hydrophobic moment
(Eisenberg scale), charge at pH 7, the isoelectronic point, and length were calculated
using the peptides.py [52] library in Python.

These descriptors were selected based on their correspondence to the activity of
AMPs. Furthermore, they have been utilized in previous studies [1, 17]. As illustrated
in Fig. 3, the distribution of the hydrophobic moment is presented as it is considered the
most important descriptor. The figures for the distributions of the remaining data are in
the Supplementary section. At this moment, drawing parallels with other studies con-
cerning the peptide characteristics of generated sequences was not feasible. This was due
to an inconsistent data foundation, the non-disclosure of models and data, and a lack of
reproducibility.
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Fig. 3 Distributions of the hydrophobic moment. Distributions of the hydrophobic moment are shown as violin
plots, including median and interquartile distances. The distributions of all template-free-generated sequences, as
well as the training and comparison datasets, are shown. The gray dashed line marks the median of the training
datasets' distribution for easier visual comparison

To facilitate comparison of auto-encoder-based models’ ability to reconstruct
sequences, reconstruction accuracy per peptide position was calculated according to the
method described by Renaud et al. [27]. The reconstructed sequences were not filtered,
as otherwise it would no longer be possible to assess the reconstruction’s accuracy.

AMP activity prediction

To facilitate further identification of possible active AMPs in the generated datasets, four
publicly available tools for AMP prediction were used. The neural network-based Anti-
microbial Peptide Scanner v2 from the work of Veltri et al. [66], the recently published
tool AntiBP3 by Bajiya et al. [67], Macrel from Santos-Janior et al. [36] and AMPlify
from the work of Li et al. [68].

Prediction results for each tool and majority-voting are provided for template-free-
generated sequences, as well as for the training data and the comparison datasets
described in Sect. 2.1 The prediction results are shown in Tab. 4; more information is
provided in Supplementary Tab. 8. The tools mentioned above were chosen for AMP
activity prediction because all the data required to reproduce and test the model are
publicly available.

Visualization of peptide features via manifold learning

Peptide descriptors relevant to AMPs and general physicochemical properties were
computed for both model-generated and known AMPs from the training set (Supple-
mentary Tab. 5). Dimensionality reduction and visualization were conducted to reveal
global and local distribution patterns, enabling qualitative assessment of how generated
sequences align with or differ from the training manifold. Visualization of the reduced
feature space also enables investigation of potential model overfitting.

Two complementary nonlinear dimensionality reduction techniques were employed:
Uniform manifold approximation and projection (UMAP) [69] and t-distributed Sto-
chastic Neighbor Embedding (t-SNE) [70]. The umap-learn implementation [71] was
used for UMAP, and the opentsne library [72] was used for t-SNE. The resulting two-
dimensional embeddings were visualized with the Bokeh library [73]. To balance local
and global structure in the reduced space, specific parameters for UMAP and t-SNE
were adjusted. The exact parameter values are provided in Supplementary Tab. 6.
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Figure 4 presents a UMAP visualization of WAE-generated peptides, while a t-SNE
visualization of the same sequences is provided in Supplementary Fig. 9. Additional
t-SNE visualizations for the VAE-LIN model and the RNN are presented in Supplemen-
tary Figures. 12 and 13. Supplementary Tab. 5 contains the complete list of calculated
peptide properties. To minimize length-related biases, the molecular weight descriptor
was normalized by peptide length. All properties were computed using the peptides.py
library [52].

Results

Template-free sequence generation

In this section, template-free generated sequences are analyzed regarding amino acid
composition and peptide properties associated with AMP activity. Figure 5 shows
the amino acid composition for the WAE, RNN, VAE-CYC, and the LM with the
RandomSampler.

A summary of mean, maximum, and minimum values, and the most prominently devi-
ating amino acid, is shown in Supplementary Tab. 4. Regarding variations in amino acid
composition, the WAE demonstrates the least deviation among the auto-encoder-based
models. Compared to the other auto-encoders, this model shows reduced disparities in
the amino acid composition for less abundant amino acids. Among the VAE-based mod-
els, the VAE-CYC features the least deviations, except for the mean deviation. In this
case, the VAE-LOG model exhibits a smaller value but has higher maximum and mini-

mum deviations.

Componen2

Fig. 4 Visualization of the peptide property clustering performed by UMAP two-dimensional UMAP embedding
of feature vectors representing multiple physicochemical properties of generated AMPs. Cyan points correspond
to sequences generated by the Wasserstein Autoencoder post-filtering, while green points denote sequences
from the training dataset. The overlapping distributions reflect the WAE's ability to produce novel peptides that
span the chemical diversity of known AMPs. Local density variations indicate regions of shared functional or struc-
tural characteristics, while the absence of isolated clusters suggests effective coverage and generalization of the
model. This visualization supports that generated peptides inhabit a similar biochemical manifold to the training
data, underscoring the model’s potential for guiding de novo AMP design
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Fig. 5 Amino acids comparison between the training set and generated sequences. Each sub-figure shows the
relative frequency of individual amino acids within the training sets (blue) and the generated sequences (orange).
The results for the WAE (A), VAE with cyclic annealing (B), RNN (C), and RandomSampler (D) are presented from the
upper left to the lower right

The RandomSampler, compared with the other two samplers, shows a remarkably
lower degree of deviation in amino acid composition. The RNN, on the other hand,
shows an almost identical amino acid composition for generated and training sequences.
This is due to the modest size of the training dataset, and the absence of regularization
in this model. Supplementary Figures 4 and 5 present the plots for the additional mod-
els. Supplementary Table 7 provides the Wasserstein distances between the amino acid
distributions depicted in Fig. 5.

Figure 3 shows the hydrophobic moment distributions for the generated sequences,
the training set, and the UniProt comparison dataset, using violin plots. The median of
the training set is shown as a gray dashed line for comparison. As demonstrated in Fig. 3,
an upward shift of the mode positions of the hydrophobic moment distributions is evi-
dent for the VAE-LOG, VAE-N, and VAE-LIN models.

This phenomenon is partially attributable to the over-representation of the amino
acids K and L. It is noteworthy that cyclic annealing serves to mitigate this effect to a
certain extent. Both the WAE and the RNN achieve high accuracy in reproducing the
median of the peptide property distributions of the training data. In contrast, the LM
samplers exhibit a clear preference for the basic amino acid R, resulting in a lower
median of peptide properties compared to the training data. The median of the UniProt
reference dataset is lower than that of the AMPs used for training, likely because the fil-
ters described in Sect. 2.1 removed potential AMPs from the UniProt dataset.

Figure 6 shows the charge at pH 7 for the generated sequences, the training set, and
the UniProt comparison dataset. The median line of the training set is shown as before
in Fig. 4. The charge distributions of the generated sequences by the VAEs are all shifted
slightly upwards compared to the training dataset. This can partly be attributed to an
overrepresentation of the positively charged amino acid K.

The charge distribution of the sequences generated by the models RNN and WAE
closely matches that of the training dataset, with the RNN reproducing the distribu-
tion almost perfectly. In the case of the WAE, the median is up-shifted by approximately
one electron charge unit. As expected, the distribution of the UniProt dataset is shifted
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Fig. 6 Distributions of the charge at pH 7. Distributions of the charge at pH 7 are shown as violin plots, includ-
ing median and interquartile distances. The distributions of all template-free-generated sequences, as well as the
training and comparison datasets, are shown. The gray dashed line marks the median of the training datasets’
distribution for easier visual comparison

towards lower charge values because most peptides in this set are not expected to inter-
act strongly with bacterial membranes. The distributions of the sequences generated by
the different LM samplers are almost identical, with their medians slightly up-shifted
compared to the training dataset.

Violin plots for the peptide properties isoelectric point, hydrophobicity, and length,
together with the amino acid composition diagrams for VAE-L, VAE-N, VAE-LOG, and
the Top-K and Top-P LM samplers, can be found in Supplementary Figures 1-5 .

As shown in Tab. 1, the metrics used to evaluate the novelty, diversity, authenticity,
and property distribution disparities of generated peptides are outlined in compari-
son to the training data and reference datasets. Uniqueness was 1.00 across all datasets
except the RNN-generated sequences (0.58). Diversity ranged from 0.71 (Helices) to 0.85
(UniProt). Among generated sequences, those from the RandomSampler and the WAE
(Rand: 0.82, WAE: 0.83) exhibit the highest sequence diversity. As expected, the UniProt
sequences showed the highest degree of diversity, while helices exhibited the least diver-
sity. The remaining metrics for both datasets will not be addressed in this discussion.

Novelty was 1.00 across all datasets except for the RNN (0.51). The MMD,,
notable variations across the generative models, with VAE-N (5.84) showing the largest
deviation from the training distribution. WAE (1.78) and the RandomSampler (1.82)
had the lowest MMD,,,,, values, indicating physicochemical properties most similar
to the training data, while VAE-generated sequences showed slightly higher deviations
(VAE-LIN: 3.18, VAE-LOG: 3.84, VAE-CYC: 4.88). Language model samplers (Top-K:
2.37, Top-P: 3.53) produced intermediate MMD,,,, values. Authenticity was highest for
sequences generated by the WAE and VAE models (around 0.94). Top-P (0.90) and Ran-
domSampler (0.90) had slightly lower authenticity, while the RNN (0.40) performed
poorly.

displayed

Visualization of peptide feature space

Figure 4 presents a two-dimensional UMAP projection of feature vectors representing

peptides’ physicochemical properties. The sequences generated by the WAE after filter-

ing (Sect. 2.7 are represented in cyan, whereas the training dataset is shown in green.
The visualization reveals a continuous distribution of points, in contrast to the dis-

crete, well-separated clusters that are often observed. Without multiple distinct
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clusters, the sequences form a cohesive and interconnected cloud. Within this central
region, smaller subgroups or locally dense patches are evident, suggesting differences
in sequence property profiles. These local density variations are distributed throughout
the manifold without abrupt boundaries, indicating gradual transitions between peptide
characteristics.

There are no substantial regions occupied exclusively by either the training data or the
WAE-generated sequences. WAE-generated samples are consistently co-localized with
training instances across the entire projection. In most regions containing training data
points, WAE-generated samples appear in close spatial proximity. This suggests a close
relationship between the two distributions at the resolution achieved by UMAP. The
corresponding t-SNE visualization is provided in Supplementary Fig. 9.

Template-based multi-sequence sampling

The results of the VAE multi-sampling process are presented in the following section.
As mentioned in Sect. 2.6, 25 samples are generated for each template sequence. Here,
a comparison is made between the generated samples and their respective templates to
capture sequence similarity. Subsequently, the abundance of the generated variants is
analyzed. The respective findings are summarized in Table 2.

To facilitate a comparison of the sequence similarity, the mean normalized Damerau-
Levenshtein (LD) distance between each template sequence and its generated variants
was calculated using the polars-ds library [74]. The models VAE-LIN and VAE-CYC
achieve the highest distances, with 0.526 and 0.512, respectively. The mean number of
unique variants generated per template ranged from 13 to 14 for all VAEs. The applica-
tion of different annealing schedules has been shown to reduce the number of posterior
collapsed samples, as evidenced in Table 2.

Templates exhibiting posterior collapse are identified by producing only one particular
sample. When an annealing schedule is applied, the number of templates for which at
least 20 distinct variants can be generated increases. In this case, the VAE with the linear
annealing schedule performs best.

In order to compare the sequence properties of generated variants, the hydrophobic-
ity, hydrophobic moment, and the charge at pH 7 were calculated using the peptides.py
library and visualized in Fig. 7. For easier visualization, only templates with 20 or more
generated variants from the VAE-LIN model were used in Fig. 7. Similar plots for the
models VAE-N, VAE-LOG, and VAE-CYC are given in Supplementary Figures 6-8.

To illustrate the differences between the variants generated from template sequence
GSKKPVPIIYCNRRTKCQRM, an example is given in Supplementary Fig. 10. This
sequence was generated by the VAE model using the cyclic annealing schedule. In Sup-
plementary Fig. 10, a multiple sequence alignment done with ClustalO [75] and the
biotite python library [76] between the template sequence and the generated variants

Table 2 Summary presenting the mean normalized damerau-Levenshtein (LD) distance, the
mean number of generated variants per template, the mean number of templates without distinct
variants, and the number of templates with at least 20 variants

Auto-encoder Mean Levenshtein distance Mean # variants # Collapses >20
VAE-CYC 0.512 13 53 13
VAE-LIN 0526 14 34 26
VAE-LOG 0484 13 51 19
VAE-N 0428 13 68 6
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Fig. 7 Descriptors of templates and the resulting variants of the VAE-L model. The hydrophobic moment (A), hy-
drophobicity (B), and charge at pH 7 (C) of the template and its generated sequences of the VAE with linear anneal-
ing. The transparent grey dots represent the single descriptor values for each generated variant of the templates
1-26, which are numbered on the x-axis

Table 3 Mean reconstruction accuracy per peptide position and the number of fully reconstructed
sequences for the auto-encoders

Model Reconstruction accuracy 1:1 Reconstructions
WAE 69 % M1

VAE-CYC 60 % 25

VAE-LIN 57 % 20

VAE-LOG 56 % 10

VAE-N 51 % 5

is displayed. Peptide positions with varying amino acids are shown with a lighter back-

ground color.

Template-based sequence reconstruction
This section describes the results of the sequence reconstruction performed by the auto-
encoder-based models. With each auto-encoder-based model, a single reconstruction
sample was generated for all sequences from the reconstruction dataset. Table 3 pres-
ents the average reconstruction accuracy per peptide position and the number of fully
reconstructed sequences.

Figure 8 illustrates reconstruction accuracy across peptide positions per model. A Sav-
itzky-Golay filter from the scipy library [77] was used for smoothing. The WAE achieves
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Fig. 8 Sequence reconstruction accuracy smoothed by a Savitzky-Golay filter. Sequence reconstruction accuracy
at each position for the five models. The accuracy of all models decreases with increasing peptide position. The
WAE demonstrates high performance compared to the VAEs. Among the VAEs, VAE-CYC achieved the highest
reconstruction accuracy

Table 4 Predictions by AntiBP3, AMPScanner, Macrel, and AMPIify for all template-free generated
datasets and the comparison datasets. The percentage of positive predictions with probability score
>50 % and the majority vote of all tools are shown

Dataset % AMPScanner % AntiBP3 % Macrel % AMPlify % Majority
Train-AMPs 95.28 91.75 84.24 95.16 77.83
UniProt 36.56 5.98 5.84 11.1 0.79
Helices 95.46 91.56 98.18 91.95 85.04
RT 28.07 11.04 4.36 2544 1.06
RSL 79.04 79.88 51.03 79.19 39.25
WAE 89.82 904 73.56 91.02 66.61
RNN 90.54 84.26 69.94 8835 62.74
VAE-LIN 97.98 97.12 85.19 97.6 82.69
VAE-LOG 98.17 97.58 83.94 95.58 80.36
VAE-CYC 97.03 96.54 86.38 97.2 83.1
VAE-N 98.82 98.58 86.2 98.7 84.59
TOP-K 94.15 92.49 80.25 96.28 72.36
TOP-P 95.16 92.96 82.14 97.08 74.84
Rand 86.22 8549 66.63 89.39 55.89

the highest overall reconstruction accuracy compared to the VAEs, with a mean accu-
racy of 69 %. Furthermore, it produces the highest number of fully reconstructed
peptides, with 111 of 720 identified. The VAE-N model performs the worst of all auto-
encoders. The reconstruction accuracy achieved by the VAEs ranges from 51 % to 60 %,
with a notable dependency on the annealing schedule employed. The VAE-CYC model

exhibits the highest reconstruction accuracy, with a mean of 60 %.

AMP prediction

This section is dedicated to the analysis of predictions concerning the potential activity
of AMPs in template-free-generated sequences (see Table 4). The AMP prediction tools
outlined in Sect. 2.8 were employed for this purpose.
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Table 5 Selection of the found entries of the template free generated sequences in the DBAASP
database with a reported MIC value < 10 uM. The model, sequence, and a PubMed reference from
the DBAASP are displayed. None of these sequence was used for training

Model Sequence Pubmed reference
Rand RRWWWRWRW 33324358
RNN SRSELIVHQOR 22210491
RNN GLLSVLGSVAKHVLPHVVPVIAEKL 10601876
Top-K WWRWWRRRW 33324358
Top-P KKLLKLLKLLL 37227046
VAE-N GLLKKLLKKLLKKI 39141008

In addition, sequences from the training dataset, as well as the comparison datasets
described in Sect. 2.1, were incorporated into the analysis. Higher prediction rates are
expected for the training and helices datasets, while the UniProt and RT datasets are
expected to yield the lowest positive predictions.

In the context of the training dataset, all tools demonstrated high prediction accuracy.
AMPScanner (95.28 %) and AMPIlify (95.16 %) performed nearly identically, while Mac-
rel (84.24 %) exhibited the lowest sensitivity. The majority vote, which was predicted as
AMPs by all four tools, yielded a 77.83 % consensus.

When evaluated on the UniProt dataset containing presumed non-AMPs, AntiBP3
(5.98 %) and Macrel (5.84 %) demonstrated the lowest rate of false predictions, while
AMPScanner (36.56 %) exhibited a notably higher rate of misclassification. The majority
vote for false predictions was found to be minimal (0.79 %). For the Helices dataset, all
tools predicted AMP activity at rates comparable to the training data (Macrel: 98.18 %,
AMPScanner: 95.46 %), with a majority vote of 85.04 %.

On totally randomly generated sequences (RT dataset), prediction rates declined sub-
stantially, with only 1.06 % of sequences predicted as AMPs by all tools. In contrast, the
RSL dataset yielded high prediction rates along a higher majority vote compared to the
RT dataset (39.25%).

Among the auto-encoder-based models, the VAEs achieved the highest prediction
rates (97-98% for most tools), with VAE-N scoring the highest predictions. RNN-gener-
ated sequences demonstrated high prediction rates of approximately 84 % to 90 %, while
the WAE exhibited lower predictions compared to the VAEs.

The prediction outcomes vary among the LM samplers. Top-K sampling generated
sequences with high prediction rates (majority vote: 72.36 %). Similarly, Top-P sampling
yielded sequences with slightly higher prediction rates (majority vote: 74.84 %) com-
pared to Top-K. The RandomSampler, produced sequences with the lowest prediction
rates (majority vote: 55.89 %). Additional metrics for the prediction are provided in Sup-
plementary Tab. 8.

In addition to predicting active sequences from those generated using non-template-
based sampling methods, the DBAASP database [44] was searched for exact matches of
the generated sequences. It was ensured that the generated sequences were not present
in the training dataset and that only highly active AMPs annotated with a MIC value
< 10 uM were reported (Table 5).
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Discussion

In this work, we compared different generative models, namely RNNs, VAEs, WAEs, and
a tiny version of a language model, concerning their generative performance for anti-
microbial peptides. Generated sequences were evaluated at the sequence and peptide-
property levels.

Sequence generation

The models for generating AMPs presented in this work all exhibit different advantages
and disadvantages. For instance, VAEs facilitate the generation of multiple variants
based on a single template, enabling the user to generate sequences from a specific AMP
family of interest (Fig. 2). While the WAE can generate more diverse sequences using
template-free sampling than VAE-based models (see Sect. 3.1), it cannot perform tem-
plate-based multi-sequence sampling (see Sect. 2.6). Unlike VAE-based models, RNNs
can only generate template-free sequences.

The RNN demonstrated satisfactory generative performance even without regulariza-
tion (Figs. 5, 3, and 6). As shown by Miiller et al. and confirmed in this study, RNNs
can learn from relatively small datasets. Therefore, RNNs can be utilized in areas where
experimentally validated peptide activity data is scarce. However, this model exhibits
drawbacks in processing speed and tends to overfit when no proper regularization is
used.

The LM employed in this study demonstrates medium generative performance, a phe-
nomenon attributed to several factors. Usually, LM are trained on large-scale natural
language datasets in combination with substantial pre-training, necessitating high-per-
formance computing hardware and long training times [60]. In contrast, the present
study utilized a comparatively small language model with a limited dataset. For this rea-
son, the capacity to capture all relevant information in the training data might be limited.

Interestingly, the model and training dataset are sufficiently large to achieve genera-
tive performance comparable to the VAE and WAE models (Figs. 5, 3, 6, and Tab. 1).
The LM’s sampling strategies place considerable emphasis on amino acid frequencies. As
shown by the amino acid composition comparison in Fig. 5, there is a clear over-prefer-
ence for the amino acid arginine (R). Notably, this is one of the most frequently occur-
ring amino acids in the training dataset, limiting the capacity for generating diverse
sequences (see Table 1). This may be considered a potential drawback of this particular
sampling strategy.

Additionally, the WAE reproduced the median of all the peptide descriptor distribu-
tions with the highest accuracy of all models. This is in line with the observation by Das
et al. [1], stating that the reconstructed sequences by the WAE were more diverse than
those generated by a plain VAE. This observation should also hold for the template-free-
generated sequences. Since, in contrast to VAEs, WAEs force the continuous mixture
Qz = [ Q(Z | X)dPx to match the prior Pz as described in Sect. 2.4. As a results,
latent representations of different sequences can stay farther away from each other than
in the case of the VAE [20]. This allows the WAE to generate higher-quality samples for
both template-based and template-free generation.

As illustrated in Table 1, the high uniqueness and novelty scores (1.00) across the
majority of the models demonstrate their ability to produce diverse and non-redun-
dant sequences, except for the RNN, which generates many duplicate sequences
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(uniqueness =0.58, novelty=0.51). This suggests that recurrent architectures without
regularization may struggle to explore beyond training data distributions in AMP gen-
eration tasks. This observation is consistent with the established limitations in capturing
long-range dependencies.

With the exception of the RNN, the WAE and RandomSampler produced sequences
with physicochemical properties closest to the training data (WAE: 1.78, Rand: 1.82).
Among the VAE models, particularly VAE-N (5.84), demonstrated a slightly more prop-
erty diversity, potentially offering a middle ground for controlled exploration. The Top-K
and Top-P samplers achieved a balanced outcome, with Top-K generating more train-
ing-like sequences (2.37), while Top-P allowed slightly greater divergence (3.53), likely
due to its dynamic sampling strategy. The findings depicted in Figs. 3 and 6 provide addi-
tional support for this assertion.

The Authenticity metric underscores that WAE and VAE models excel at generating
highly plausible AMP-like sequences (approx. 0.94), whereas RNN sequences poorly
matched the training distribution (0.40). This discrepancy may be attributed to the
explicit modeling of latent distributions of AMPs by VAEs and WAEs.

The lower authenticity of sequences generated by the RandomSampler (0.90) com-
pared to the other samplers, suggests that unconstrained randomness might sacrifice
biological relevance. Among the generative models, WAE and the RandomSampler
maintained high diversity while preserving authenticity, whereas RNN-generated
sequences were both less unique and less diverse, highlighting limitations in their gen-
erative capacity. The VAEs generated slightly less diverse sequences (0.79-0.82) in com-
parison to the WAE and RandomSampler (Table 1).

It is conceivable that the set of template-free-generated sequences by the WAE might
contain new unknown AMPs because the predictions made in Sect. 2.8 were not as high
as the ones for the data generated by the VAEs. This hypothesis is further substantiated
by the observation that the WAE-generated sequences exhibited a more substantial
alignment with the distributions of peptide properties compared to those generated by
the VAEs (see Figs. 6, 3, and Table 1).

Additionally, the analysis of the amino acid compositions between the training and
generated sequences revealed a reduced disparity in the case of the WAE (see Fig. 5).

The VAEs also exhibited a pronounced prevalence for incorporating hydrophobic
amino acids into the generated sequences (see Fig. 5). This tendency can contribute to an
augmented hydrophobic moment and the preference for helical structures [78]. These
structural elements are likely to be more favorably predicted by the respective models,
given their enhanced similarity to the training data of the individual models or to strong
AMPs in general (see Tab. 4). A similar observation was reported by Miiller et al. [17].

However, additional research is required to validate the hypothesis that the WAE can
generate novel and previously unidentified AMPs. Validation could include sequence
analysis, motif enrichment, or evaluation of predictor blind spots and misclassification
patterns.

Insights from UMAP and t-SNE visualizations

Visualizing the generated samples or their properties can be helpful in the selection pro-
cess. For auto-encoder-based models, this can be accomplished by a visualization of the
latent representation by t-SNE or UMAP, as done previously by Renaud et al. [27] and
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Dean et al. [24, 25]. Alternatively, peptide properties can be used. In this study, feature
vectors, i.e., peptide properties, are used rather than the auto-encoder’s latent represen-
tations. This approach enables the selection process to be guided in a more reference-
based direction when template-free generation is employed.

In this case, known AMPs of interest serve as the comparison target. This is especially
useful when WAE-based models are used for peptide generation, because, as outlined
in Sect. 2.4, these models do not support template-based multi-sequence generation.
Nonetheless, WAE models outperform VAEs at retaining relevant properties of the
training data, as shown by Tolstikhin et al. [20]. This is consistent with our findings on
AMP properties (Figs. 3 and 6).

The absence of clear separation between the clustered instances in Fig. 4 and Supple-
mentary Figures 9 and 13 supports the previous observation that the generated peptides
exhibit high similarity in terms of peptide properties to the original training data. Addi-
tionally, the generated sequences show a high degree of diversity, as they can be found
in almost all regions of the two-dimensional maps where the training data can be found.

Furthermore, comparing the t-SNE visualizations from WAE and VAE-N (Supplemen-
tary Figures. 9 and 13) with those from the RNN (Supplementary Fig. 12) confirms the
expectation that the RNN is overfitting. In contrast, WAE and VAE-N exhibit a broader
spread around the training data points, with more comprehensive coverage of empty
regions. This suggests that these models are less prone to overfitting.

AMP prediction

In silico prediction of the generated peptides activity should not be used as a sole indi-
cator for candidate selection. Depending on the use case, a multi-level comparative
approach should include peptide properties or sequence similarity to a set of reference
peptides of interest. The results of the prediction task are indicative of both the strengths
and limitations of the AMP prediction tools used in this work.

All four tools performed well on the training dataset, demonstrating strong general-
ization to known AMPs. However, their performance varied on presumed non-AMP
sequences from the UniProt dataset. Notably, AMPScanner showed a higher number of
false discoveries, suggesting that it may over-predict AMPs when applied to diverse pep-
tide sequences.

In contrast, Macrel demonstrated the most conservative performance, exhibiting the
lowest false-positive rate (5.84 %) but concomitantly displaying reduced sensitivity on
certain datasets. These observations are in line with Santos-Janior et al. [36]. The major-
ity voting indicated that, while individual tools may over-predict, their combined predic-
tions can effectively filter out most non-AMPs.

A notable finding is the pronounced bias toward helical sequences, as all tools pre-
dicted the Helices dataset as AMPs at rates exceeding 90 %. Consequently, it can be
hypothesized that the employed predictors may exhibit a preference for helical struc-
tural motifs, potentially resulting in the exclusion of non-helical AMPs that could be
biologically active.

The RSL dataset, generated from the amino acid and length distributions of the
training data, yielded high prediction rates, confirming that the tools may rely heavily
on compositional features (e.g., charge and hydrophobicity) rather than on sequence
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novelty. This claim is further substantiated by the elevated prediction rates for VAE-gen-
erated sequences and their shifted peptide property distributions, as shown in Figs. 6
and 3.

The trade-off between predictability and diversity is critical for AMP discovery.
Although VAEs and the RNN generate sequences with high prediction scores, their sim-
ilarity to known AMPs may constrain the generation of novel sequences. In contrast, the
WAE and the LM samplers yield more diverse sequences (see Table 1), but with lower
prediction confidence. This underscores the importance of enhanced generative models
that strike a balance between semantic similarity to known AMPs and exploration of
novel sequence space.

The Top-K and Top-P samplers generated sequences with high prediction rates. This
finding suggests that they produce sequences closely aligned with known AMP motifs
by restricting sampling to high-probability tokens. This approach is useful for generating
reliable and predictable AMP candidates. However, this sampling approach may limit
the generation of novel candidates. Conversely, the RandomSampler introduced higher
sequence variability, resulting in lower prediction rates (see Table 1). This approach
may yield a greater potential for discovering novel AMP sequences that diverge from
established patterns. This suggests that modifying the sampling strategy can govern the
exploration-exploitation trade-off in AMP design: Top-K/Top-P for conservative optimi-
zation and random samplers for broader exploration of sequence space.

The majority vote was found to be an effective method for reducing false-positive
results, as evidenced by the UniProt and RT datasets. In these cases, consensus pre-
dictions decreased to less than 1 %. This finding suggests that implementing ensemble
approaches, which integrate multiple predictors, has the potential to enhance the reli-
ability of large-scale AMP screening methodologies.

AMP prediction was conducted for sequences generated by the VAEs using template-
based multi-sequence sampling, as outlined in Sect. 3.3. After deduplication, a Levensh-
tein distance threshold of five or less was applied between generated sequences and their
respective templates. At least 96 % of the sequences were predicted to be active by at
least 2 models, with a probability of 80 % or higher.

Summary and conclusion

The present study demonstrates that putative new antimicrobial peptides can be gen-
erated using various deep learning models, including variational and Wasserstein auto-
encoders [20], recurrent neural networks, and language models. As expected, the
effectiveness of the methods used for sequence generation is shown to be model-depen-
dent. Each model possesses distinct strengths and weaknesses.

For instance, the Wasserstein auto-encoder exhibited superior accuracy in recon-
structing known antimicrobial peptides (Table 3). However, it cannot generate multiple
samples from a single template sequence, a capability exhibited by the variational auto-
encoders employed in this study (see Sect. 2.6). Conversely, the recurrent neural net-
work demonstrated notable efficacy, as previously reported [17].

This architecture can operate with reduced data requirements compared to other deep
learning models but exhibits comparatively lower processing speeds. In addition, auto-
encoder-based models outperform the language model utilized in this study. VAEs and
WAESs aim to accurately reconstruct the input while matching the latent distribution to
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the prior distribution. However, the LM used in this work may not be as effective as
auto-encoders for generating short antimicrobial peptides to the same extent without
further modifications.

A critical consideration is the intended use case of the generative model in combi-
nation with an appropriate sampling method. Determining whether template-based
or template-free sequence generation is appropriate for the intended application is a
critical decision that requires careful consideration. Template-based sequence genera-
tion may be applied when an active peptide with desired properties is used to generate
sequences with properties similar to those of the template. On the other hand, template-
free sequence generation is suitable for cases lacking lead peptides.

Another point to consider is the choice of the in silico methods used to predict AMP
activity. A plethora of tools are available for the prediction of peptide activities [79]. The
models’ sensitivity and specificity depend on the datasets and peptide activity thresholds
used for training. Therefore, a model that fits the use case has to be selected.

Furthermore, the models utilized in this study demonstrated an ability to preserve
essential peptide properties (see Figs. 3 and 6) and amino acid sequence positions (see
Fig. 5) in the generated sequences. This finding strengthens the hypothesis that our
models cab generate putative sequences with characteristics similar to those of known
AMPs (see Figs. 3, 6, 4, and Supplementary Fig. 9). Using Manifold learning methods
such as UMAP, we could support our findings that WAE-based generative models can
generate sequences with a high degree of diversity and while maintaining relevant AMP
properties (Table 1 and Fig. 4).

Notably, all models employed in this study generated AMP sequences that were not
utilized for training purposes. Some of these sequences are present in the DBAASP
database. Among those we found AMPs with experimentally determined MIC values
reported as less than < 10 uM (Tab. 5), proving that our models can indeed generate
highly active AMP sequences.

Recommendations
This section contains a series of pragmatic suggestions for further research in this area,
which are derived from the results of the present study.

Generative model selection

The selection of generative models should be based on the specific objectives of their
AMP design task. Instead of presuming the existence of a universally optimal architec-
ture, it is more beneficial to assess each architecture’s strengths and limitations. WAE-
based and denoising diffusion models are particularly well-suited for projects that focus
on the generation of diverse sets of novel AMP candidates.

VAEs paired with template-based sampling are better suited for generating sequences
based on a known lead peptide. Recent work has demonstrated that integrated model
architectures, including transformers combined with variational or Wasserstein auto-
encoders, achieve strong performance, particularly when Bayesian optimization meth-
ods are applied to latent representations [28, 33, 80].
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Approaches for detecting overfitting

An overfitting model typically reproduces the training data and generates samples with
minimal or no variation. For template-free generated sequences, overfitting can be
assessed using metrics such as distribution discrepancies or embedding authenticity,
as presented in Table 1. Furthermore, visualizations of latent representations or feature
vectors using methods such as UMAP or t-SNE (Fig. 4 and Supplementary Figure 9, 12,
and 13) provide additional support for this evaluation.

In template-based multi-sequence sampling with auto-encoders, the Levenshtein dis-
tance and the number of distinct or identical samples per template (Table 2) help identify
overfitting. At the peptide property level, per-template visualization of these properties
(Fig. 7) offers further evidence.

Generated data analysis
Analysis of generated data should prioritize interpretability and explainability in addi-
tion to performance metrics. Techniques such as visual comparisons of generated pep-
tide property distributions with reference distributions and latent-space visualizations
help elucidate the model’s learning process. Moreover, it is imperative to evaluate pep-
tide properties that correspond to the intended use case.

Furthermore, some properties are aggregate proxies for AMP activity, e.g., hydropho-
bic moment, whereas others, such as molecular weight, are sensitive to peptide length
and therefore prone to introducing length biases.

Choice of the right prediction models

The selection of prediction tools should be informed by prioritizing objectives such as
estimating true antimicrobial activity, assessing overall “AMP-likeness,” or other down-
stream objectives.

To ascertain whether a prediction model is sensitive to selective sequence patterns or
properties, it is necessary to systematically test them against well-curated experimental
data and synthetic data featuring such patterns, e.g., in silico-designed amphipathic heli-
ces. Furthermore, combining various predictors and using majority voting for the result-
ing ensembles is known to increase overall prediction robustness.

Advanced sampling strategies

Recently, it has been shown that jointly structuring the latent space by training varia-
tional auto-encoders together with predictors for AMP activity or peptide proper-
ties increases the generative capabilities of these models. This approach can be further
enhanced by applying Bayesian optimization strategies directly to the latent space or
to reduced-dimensional versions thereof [28, 33]. The integration of these approaches
enables steering the generation towards peptides with desired properties, thereby reduc-
ing the number of wasted samples.

Practical applications

The generative models and evaluation metrics presented in this work provide integration
points for AMP discovery pipelines. In the context of early-stage candidate screening,
auto-encoder-based models (WAEs/VAEs) have demonstrated the ability to gener-
ate template-free candidates on a large scale. Quantitative sequence metrics (see Table
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1), such as diversity and authenticity, coupled with comparisons of peptide properties
against reference datasets, enable initial filtering of sequences with desired attributes.

In lead optimization, template-based, multi-sequence sampling with VAE-based
models facilitates the generation of targeted analogs. Metrics for sequence similar-
ity, including the Levenshtein distance, and discrepancy measures on peptide property
distributions, such as the MMD, guide the design of sequence variants while retaining
activity profiles.

Moreover, applying manifold learning methods, such as UMAP or t-SNE, enables the
visual pre-selection of candidates that meet desired physicochemical properties com-
pared to template sequences. Incorporating these methods at the upstream stage of
experimental workflows further narrows the search space for active peptides, thereby
prioritizing candidates with computationally validated physicochemical properties and
predicted activity.

This approach has been shown to expedite the transition from in silico design to wet-
lab testing [1], thereby mitigating bottlenecks in high-throughput screening. In this
context, experimental capacity frequently restricts the exploration of novel antimicrobial
scaffolds.

Limitations of this study

This study provides a comprehensive evaluation of generative models for AMP design.
However, it has several limitations that should be considered when interpreting the
results and planning future work.

First, the performance of the models depends on the quality and size of the training
dataset. Publicly available AMP sequence data used to train the models is certainly sub-
ject to biases related to sequence representation, experimental conditions, and annota-
tion accuracy. Additionally, these datasets do not fully capture the diversity of AMPs
present in nature, hampering the models’ ability to generate novel and diverse sequences
across the entire feature space.

Second, the evaluation of the generated sequences relied heavily on in silico predic-
tions of antimicrobial activity and physicochemical properties. While these predictions
offer valuable insights, they do not fully capture the complexity of AMP behavior in vivo.
For instance, the models do not explicitly consider factors such as post-translational
modifications, specific cellular targets, toxicity, solubility, or peptide stability.

The prediction of additional attributes, such as toxicity and hemolytic activity, can
facilitate early selection of promising candidates. However, these analyses were not
included in the present study due to the absence of an experimental validation com-
ponent and because existing toxicity prediction models, while reasonably effective at
classifying toxic versus non-toxic peptides, generally show lower performance when
predicting inhibitory concentrations [81-84].

In contrast, current models for antimicrobial peptide classification achieve higher reli-
ability and consistency. Substantial progress has been made in developing and bench-
marking toxicity prediction approaches, and ongoing methodological advancements are
expected to further improve their robustness and practical applicability.

As recently pointed out by Brizuela et al. [39], model complexity does not primarily
determine predictive performance. Instead, the quality of the experimental training data
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is the main limitation, since classical machine learning approaches perform comparably
to models using recent deep learning architectures [85].

AMP activity assays are highly dependent on experimental conditions, including pH
and ionic strength. However, many AMPs in publicly available databases lack these criti-
cal annotations. Consequently, direct comparison of measurements across different lab-
oratories is challenging.

Third, the study focused only on a limited set of generative models. While these
architectures are well established, other approaches, such as diffusion models and
flow-matching methods, have become increasingly popular in generative AMP design.
Nonetheless, variational auto-encoders were chosen for their well-known behavior,
computational efficiency, and interpretability through lower-dimensional latent-space
representations.
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