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A generative artificial intelligence approach 
for the discovery of antimicrobial peptides 
against multidrug-resistant bacteria
 

Yihui Wang    1,5, Lanlan Zhao    1,5, Ziyun Li1, Yaxuan Xi1, Yingmiao Pan1, 
Guoping Zhao    1,2,3,4   & Lei Zhang    1,2 

The discovery of novel antimicrobial peptides (AMPs) against clinical 
superbugs is urgently needed to address the ongoing antibiotic resistance 
crisis. AMPs are promising candidates due to their broad-spectrum 
activity, rapid bactericidal mechanisms and reduced likelihood of inducing 
resistance compared with conventional antibiotics. Here, a pre-trained 
protein large language model (LLM), ProteoGPT, was established and 
further developed into multiple specialized subLLMs to assemble a 
sequential pipeline. This pipeline enables rapid screening across hundreds 
of millions of peptide sequences, ensuring potent antimicrobial activity 
and minimizing cytotoxic risks. Through transfer learning, we endowed the 
LLMs with different domain-specific knowledge to achieve high-throughput 
mining and generation of AMPs within a unified methodological framework. 
Notably, both mined and generated AMPs exhibited reduced susceptibility 
to resistance development in ICU-derived carbapenem-resistant 
Acinetobacter baumannii (CRAB) and methicillin-resistant Staphylococcus 
aureus (MRSA) in vitro. The AMPs also showed comparable or superior 
therapeutic efficacy in in vivo thigh infection mouse models compared 
with clinical antibiotics, without causing organ damage and disrupting gut 
microbiota. The mechanisms of action of these AMPs involve disruption 
of the cytoplasmic membrane and membrane depolarization. Overall, this 
study presents a generative artificial intelligence approach for the discovery 
of novel antimicrobials against multidrug-resistant bacteria, enabling 
efficient and extensive exploration of AMP space.

The World Health Organization has released a list of multidrug-resistant 
bacteria, collectively known as ESKAPE1, necessitating urgent 
advancements in antimicrobial drug development. Topping the list 
is carbapenem-resistant Acinetobacter baumannii (CRAB). Carbap-
enem antibiotics, a ‘last resort’ treatment when all other options fail, 
are remarkably vulnerable to the emergence and dissemination of 
antimicrobial resistance (AMR)2–4. In light of this pressing issue, there 
is growing interest in exploring antimicrobial peptides (AMPs) as a 

promising alternative to conventional antibiotics, given their com-
paratively slower AMR development5–7.

Large language models (LLMs) have emerged as a transformative 
power in enhancing natural language comprehension, representing 
an important step toward artificial general intelligence. Typically, 
LLMs refer to those built on Transformer-based architectures with 
hundreds of millions (or even billions) of trainable parameters, trained 
on extensive textual corpora8. However, these existing general LLMs 
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processes, AMPSorter can flexibly handle sequences with unnatural 
amino acids (UAAs), such as d-type (for example, r), unknown or arbi-
trary (X), non-canonical (for example, pyrrolysine, O; selenocysteine, 
U), as well as non-specific representations (for example, B, Z). The 
test set contains 194 sequences with UAAs, and AMPSorter achieved a 
precision of 96.43% on these sequences (Extended Data Fig. 1b,c and 
Supplementary Table 1), almost perfectly distinguishing between 
positive and negative samples.

To ensure the model’s generalizability and mitigate potential 
overfitting due to sequence similarity, we employed the CD-HIT 
clustering method to filter out sequences in the test set with >70% 
identity with those in the training and validation sets and sequences 
with UAAs, resulting in a more stringent benchmarking set (725 AMPs 
and 1,071 non-AMPs) for comparison with existing AMP classifica-
tion algorithms. After applying CD-HIT, we observed a marked reduc-
tion in overlap between the training, validation and benchmarking 
sets (Extended Data Fig. 1d,e). The Fréchet ChemNet Distance (FCD) 
increased from 7.92 to 28.16 (Extended Data Fig. 1f), indicating a sub-
stantial difference in distribution between the benchmarking set and 
the training/validation sets. This approach aimed to test the model’s 
ability to handle novel, unseen sequences with lower similarity, ensur-
ing that AMPSorter would be challenged to classify peptides that are 
more distantly related to the peptides it had been trained on, which 
is essential for real-world applications where novel AMPs may not 
perfectly match known sequences. In a comprehensive evaluation 
of AMP classification on the same benchmarking set, AMPSorter 
achieved an AUC of 0.97 and AUPRC of 0.96, outperforming all com-
peting models22–28, including AMPlifyimbal and Macrel (Fig. 2b,c). 
AMPSorter reached 90.67% precision, 88.89% F1 score and 81.66% 
Matthews correlation coefficient (MCC) (Extended Data Table 1). These 
results indicate that AMPSorter has excellent capacity for accurately 
distinguishing AMPs from non-AMPs. Moreover, compared with other 
models, AMPSorter maintained a high level of balance between speci-
ficity (93.93%) and sensitivity (87.17%), demonstrating that AMPSorter 
not only effectively captures potential AMP sequences during the initial 
screening phase but also substantially reduces false positives. In addi-
tion, AMPSorter achieved 93.99% prediction precision on an entirely 
independent external validation dataset (Supplementary Table 1).

BioToxiPept, a classifier designed to identify the cytotoxicity of 
peptides, shares a similar model architecture with AMPSorter (Fig. 2a). 
During the fine-tuning phase, BioToxiPept was retrained and fine-tuned 
using datasets comprising both toxic and non-toxic short peptides. Sim-
ilar to AMPSorter, BioToxiPept demonstrated excellent fit without signs 
of underfitting or overfitting (Extended Data Fig. 1g). BioToxiPept gen-
erally exhibited high classification performance comparable to those 
of ToxIBTL29 and ToxinPred2.0-RF30 within the same test set (Fig. 2d). 
Notably, the precision–recall (PR) curve indicated that BioToxiPept and 
ToxIBTL are more capable of recognizing genuinely toxic peptides, in 
contrast to their counterparts (Fig. 2e, AUPRC = 0.92). This capability 
substantially diminishes the rate of false negative, thereby considerably 
reducing the costs associated with experimental validation.

Without considering structure, short peptides can be regarded as 
permutations and combinations of 20 natural AAs (letters), forming 
functional domains (words) that convey specific functions (meanings). 
AMPGenix is an unconstrained sequence generator retrained on a 
dataset of AMPs based on ProteoGPT (Fig. 2a). During retraining, the 
weights of the underlying part of ProteoGPT were fine-tuned, result-
ing in the creation of the stable AMPGenix model with minimized loss, 
poised for generating potential AMPs (Extended Data Fig. 1h). AMPGe-
nix can unconstrainedly generate a specific number of peptides with a 
defined number of tokens and specific prefix information (the initial 
token). We conducted an analysis of the first AA’s frequency of the 
collected AMPs and found that glycine (G), lysine (K), phenylalanine 
(F), arginine (R), alanine (A), leucine (L), isoleucine (I), valine (V), serine 
(S) and tryptophan (W) emerged as the most frequent, each exceeding 

often struggle with scientific data, such as molecules, proteins and 
genes. To facilitate understanding of scientific languages, scientific 
LLMs have been devised, customized for various scientific domains 
and disciplines9–19.

In the present study, we achieved high-throughput mining and 
generation of AMPs by conducting multiple LLMs through transfer 
learning and validated the efficacy of these AMPs against clinical super-
bugs, specifically CRAB and methicillin-resistant Staphylococcus aureus 
(MRSA), from both in vitro and in vivo perspectives. Encouragingly, 
both the mined and generated AMPs demonstrated comparable or 
superior antimicrobial efficacy to clinical antibiotics, with additional 
anti-inflammatory effects and no detectable organ damage or disrup-
tion to intestinal homeostasis. Furthermore, they showed reduced 
susceptibility to AMR development of clinical superbugs, which is a 
critical aspect in the development of novel drugs. Taken together, our 
framework ensembled with LLMs can use data mining and text genera-
tion strategies to perform high-throughput discovery of efficient and 
safe AMPs as next-generation antibiotics against clinical superbugs.

Results
Development of ProteoGPT, a pre-trained LLM
A highly effective strategy in transfer learning involves pre-training 
models on extensive unlabelled data through meticulously designed 
self-supervised tasks. To tailor models specifically for mining and gen-
erating AMPs, we constructed a versatile pre-trained model named Pro-
teoGPT, an LLM comprising more than 124 million parameters, achieved 
through knowledge transfer on protein sequence space (Fig. 1a).

All 609,216 non-redundant canonical and isoform sequences 
were retrieved from the UniProtKB/Swiss-Prot database, with 96% of 
these sequences consisting of 1,000 amino acids (AAs) or fewer. In 
addition, there are 1,296 sequences exceeding 3,000 AAs in length 
(Fig. 1b). These proteins originate from various sources, including 
humans, animals, plants, microorganism and others (Fig. 1c). During 
the pre-training process, all protein sequences were initially partitioned 
into multiple data pieces and then fed into ProteoGPT to undergo 
processing by each functional component (Fig. 1a). Subsequently, we 
preserved the stabilized pre-trained model for future fine-tuning to 
accommodate more specific downstream tasks (Fig. 1d).

Compared to other Protein-LLMs20,21, a key distinguishing fea-
ture of ProteoGPT is its training foundation: the use of the Swiss-Prot 
database, a high-quality manually annotated collection representing 
a comprehensive array of protein sequences, rather than uncurated 
protein sequence data. This provides ProteoGPT with a more accurate 
and reliable data foundation, offering a pre-trained template that is 
biologically reasonable for downstream tasks involving functional 
peptides.

Development of transfer learning models
Following the pre-training of ProteoGPT, we proceeded with transfer 
learning to further refine its capabilities for text classification and 
generation tasks of AMPs. Three transfer subLLMs were developed by 
fine-tuning ProteoGPT on different datasets: AMPSorter, BioToxiPept 
and AMPGenix.

AMPSorter is a classifier designed for identifying AMPs by 
fine-tuning ProteoGPT with both AMP and non-AMP datasets (Fig. 2a). 
AMPSorter demonstrated robustness and offered an excellent fit 
without exhibiting signs of underfitting or overfitting throughout 
the training process, with loss and accuracy curves for both the 
training and validation sets consistently aligning across epochs 
(Extended Data Fig. 1a). On the test set, AMPSorter, while maintain-
ing overall classification performance (Extended Data Fig. 1b, area 
under the curve (AUC) = 0.99), was able to accurately identify all true 
AMPs, reducing missed detections and avoiding overlooking a large 
number of true positives (Extended Data Fig. 1c, area under the preci-
sion recall curve (AUPRC) = 0.99). In both the training and predicting 
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a count of 400 (Supplementary Table 2). These high-frequency AAs 
were incorporated as prefix information for text generation based on 
different temperatures (0.5, 1, 2, 3), which control the randomness and 
diversity of the generated content. With token lengths ranging from 8 
to 15, a set of 100 sequences for each prefix and token count was gener-
ated, totalling 8,000 sequences per temperature setting.

As the temperature increases, the randomness of the model output 
markedly rises (uniqueness increases from 0.81 to 1), leading to the 
generation of more unique sequences. For sequences containing only 
natural AAs, higher temperatures enhance the variety of generated 

sequences and increase the likelihood of producing distinct types 
(diversity increases from 0.97 to 0.99). Novelty remains relatively 
stable across the four temperature settings, suggesting that the nov-
elty of generated sequences has reached saturation. In addition, as 
temperature rises, the generated sequences increasingly align with 
the characteristic distribution of real AMPs (FCD decreases from 13.61 
to 9.26 and 9.56) (Extended Data Table 2). We then assessed these 
sequences using six high-performance AMP classification models, 
finding that AMPGenix-generated sequences consistently outper-
formed those from ProteoGPT across all temperature settings and 

Masked multi
self attention

Text & position embed

ProteoGPT

Transformer 

D
ata piece n

D
ata piece 4

D
ata piece 3

D
ata piece 2

D
ata piece 1

Layer norm

Layer norm

Feed forward

N pieces

Transformer 

Transformer 

Transfer
learning

Text
classification

Text
generation

UniProtKB/
Swiss-Prot

Protein(609,216)

Homo sapiens

Mus musculus

Arabidopsis thaliana

Escherichia coli
Staphyococcus aureus

Rattus norvegicus
Saccharomyces cerevisiae

Bos taurus
Caenorhabditis elegans

Drosophila melanogaster

7.0%

3.0%

1.7%

1.6%

1.3%
1.1%

1.0
%

0.8%

76.7%
Others

4.2%

1.6%

Length

C
ou

nt
s

50,000

100,000

150,000

200,000

[0, 2
00)

[200, 4
00)

[400, 6
00)

[600, 8
00)

[800, 1,
000)

[1,0
00, 1,

500)

≥3
,000

[1,5
00, 2

,000)

[2,000, 2
,500)

[2,500, 3
,000)

116,307

183,786

223,043

41,318
20,414

16,215
4,135 1,985 717 1,296

0

Lo
ss

Steps

2

4

6

8

0 100,000 150,00050,000 250,000200,000

b

c

d

Proteome

a

Fig. 1 | Construction of a pre-trained protein LLM based on the entire 
UniProtKB/Swiss-Prot database. a, Schematic of ProteoGPT. ProteoGPT 
comprises multiple Transformer blocks, stacked sequentially and categorized 
into three main modules: the input module, processing module and output 
module. The input module consists of embedding layers designed to map 
encoded sequence data into a continuous vector space, thereby facilitating 
the model’s comprehension. Positional encoding is also applied to introduce 
positional information. The processing module incorporates multihead self-
attention layers and feed forward neural network layers. Its primary role involves 
the nonlinear transformation of vectors from the input module. This enables the 

model to focus on various segments of the sequences and establish contextual 
understanding. Each processing module includes residual connection and layer 
normalization to ensure the stable propagation of gradients and model training. 
The output module primarily comprises linear layers responsible for generating 
the probability distribution for the next token. b, Length distribution for protein 
sequences used in a. c, Sources distribution for protein sequences used in a.  
d, Training process of ProteoGPT. The blue solid line represents the raw loss 
values, while the black solid line depicts the smoothed loss values. The schematic 
in a was created with BioRender.com.
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classification models, with a substantially higher proportion classified 
as AMPs (Fig. 2f). This highlights the effectiveness of domain-specific 
fine-tuning through transfer learning, enabling AMPGenix to demon-
strate an enhanced ability to capture the key characteristics of AMPs. 
With data alignment (including sequence prefix, quantity and length; 

Methods), we further compared the performance of AMPGenix with 
five external, unconstrained AMP generation models (HydrAMP31, 
Basic31, PepCVAE32, AMP-GAN33 and AMP-LM34). The results showed 
that AMPGenix-generated sequences achieved a higher AMP recog-
nition rate across six classification models (Fig. 2g), highlighting its 
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Fig. 2 | Development of transfer learning models for specific tasks of AMPs. 
a, Overview of transfer learning models derived from ProteoGPT. AMPSorter is 
employed to identify AMPs; BioToxiPept is applied for predicting the toxicity 
of peptides. Since ProteoGPT primarily functions as a generative model, an 
additional classification module was augmented to undertake the task of AMPs 
or toxicity recognition. The classification module consists of a classification head 
and an output layer. The classification head comprises a layer normalization, 
which takes the output representation from the final Transformer block of 
ProteoGPT, allowing for layer normalization before the model’s output. The 
output layer, in the form of a softmax layer, maps the output features from 
ProteoGPT to the final classification label space, thereby deriving probability 
scores for each category; AMPGenix is utilized for generating sequences of short 
peptides akin to AMPs. The main parameters involved in AMPGenix include 
temperature (which controls the randomness of the sequence generation), 

prefix (the initial token or AA that initiates the sequence), n_tokens (the number 
of tokens to be generated in the sequence) and n_samples (the number of 
sequences generated for a given prefix and n_tokens setting). b,c, AUCs (b) and 
AUPRCs (c) for different classification models used for AMP recognition on 
the benchmarking set. d,e, AUCs (d) and AUPRCs (e) for different classification 
models used for cytotoxicity recognition on the same test set. f, Comparison 
of the positive prediction rates for sequences generated by the pre-trained 
model (ProteoGPT) and the transfer submodel (AMPGenix) across different 
temperature parameter settings (0.5, 1, 2 and 3) using 6 high-performance 
AMP classification models. g, Comparison of the positive prediction rates for 
sequences generated by 5 external unconstrained AMP generation models and 
AMPGenix across different temperature parameter settings (0.5, 1, 2 and 3) using 
6 high-performance AMP classification models.
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precision in capturing AMP-specific characteristics. Furthermore, 
AMPGenix-generated sequences exhibited a lower FCD compared with 
all other models (Extended Data Table 2). This indicates that AMPGe-
nix successfully maintains diversity while producing sequences that 
more closely align with the distributional features of real AMP profiles. 
However, we observed that although the increased diversity at higher 
temperatures brings the sequences closer to the global characteristics 
of the real distribution, there is a slight decrease in classification posi-
tivity rate (Fig. 2g). This is due to the increased uniqueness and diversity 
of the sequences, which leads to deviations in some specific features. 
These changes make it more difficult for the classifier to accurately 
match the features of these sequences. This phenomenon highlights 
an inherent trade-off between diversity and effective classification in 
generative models.

Furthermore, AMPGenix generated a small number of short pep-
tides containing UAAs, with over 70% of these sequences identified 
as AMPs by AMPSorter (Extended Data Fig. 1i). This ability provides 
AMPGenix with greater flexibility and creative potential in AMP design.

High-throughput mining and generation of AMPs
Integrated with transfer submodels, we proposed a sequential pipe-
line ensembled by LLMs (SPEL), which combines AMPSorter, BioTox-
iPept and wet-lab validation (Fig. 3b). In this study, we devised two 
high-throughput strategies for the discovery of novel AMPs: (1) data 
mining (m_AMPs): identifying encrypted AMPs from the complete Uni-
ProtKB/Swiss-Prot database (Fig. 3a); and (2) text generation (g_AMPs): 
directly generating non-natural AMPs using AMPGenix (Fig. 3c).

Employing a sliding-window technique, we fragmented all 609,216 
non-redundant canonical and isoform sequences into short peptides 
ranging from 8 to 30 AAs in length (Fig. 3a). Ultimately, multiple 
non-redundant short-peptide datasets (NRSPDs) were assembled, 
ready for comprehensive data mining, totalling 410,192,277 peptides. 
Using SPEL, we identified a total of 121,405,811 peptide candidates 
(m_AMPs), of which 82,694,928 were recognized as non-cytotoxic 
(m_AMPs_nontox, Extended Data Table 3) and served as a candidate 
pool of data mining for further screening different types of AMP.

Using AMPGenix with the default temperature parameter set to  
1, 7,798 unique peptide sequences were generated to form the gene
rated non-redundant short-peptide datasets (GNRSPDs), with 76.1% of 
these sequences identified as AMPs (g_AMPs). After filtering with Bio-
ToxiPept, 4,736 (60.7%) sequences labelled as non-toxic formed the can-
didate pool of text generation (g_AMPs_nontox, Extended Data Table 4).

To independently evaluate the effectiveness of the language mod-
els, we selected 20 sequences (PT-series, PT-1–PT-20) with the highest 
AMPSorter prediction probabilities from the text generation-based 
candidate pool and conducted pilot test to evaluate their antimicrobial 
activity in vitro. The strains utilized for minimum inhibitory concentra-
tions (MICs) determination comprised antibiotic-susceptible bacteria 
(Escherichia coli ATCC25922 and Staphylococcus aureus ATCC25923), 
clinically isolated superbugs (CRAB and MRSA strains) and Candida 
albicans ATCC10231. The preliminary test results demonstrated that 
90% (18/20) exhibited inhibitory activity against at least one strain 
(MIC ≤ 512 μg ml−1), with 12 peptides achieving MIC values ≤ 256 μg ml−1 
(Extended Data Table 5). Notably, PT-1, PT-4, PT-12, PT-15, PT-18 and 
PT-20 demonstrated marked broad-spectrum antimicrobial efficacy 
against both antibiotic-sensitive and antibiotic-resistant bacterial 
strains, as well as the fungal pathogen, achieving MIC values as low as 
1 μg ml−1. Among these, PT-1, PT-4, PT-15, PT-18 and PT-20 demonstrated 
2~21.3 μg ml−1 MICs against three CRAB strains, PT-1 and PT-18 showed 
4~13.3 μg ml−1 MICs against two MRSA isolates, and five peptides 
(PT-1, PT-4, PT-12, PT-15 and PT-18) displayed 8~32 μg ml−1 antifungal 
potency against C. albicans ATCC10231. Strain-specific divergence also 
emerged, with PT-3 demonstrating potent activity against CRAB strains 
and PT-8 showing selective efficacy toward MRSA strains. Collectively, 
these findings underscore AMPSorter’s proficiency in identifying 

AMP sequences for experimental validation and validate AMPGenix’s 
capacity to produce a functional AMP candidate repository, specifically 
tailored to address clinically drug-resistant pathogens.

With the threshold of AMPSorter to 0.9, the numbers of m_AMPs 
and g_AMPs in the candidate pool were decreased to 26,322,225 (6.4%) 
and 3,069 (39.4%), respectively (Extended Data Tables 3 and 4). To 
establish a clear threshold and ensure consistent peptide types (cati-
onic AMPs) for comparison of the efficiency between two strategies, 
we introduced an algorithm for quantitative structure–activity rela-
tionship (QSAR) analysis of antimicrobial activity35,36. This approach 
functioned as a gatekeeper, ensuring that both strategies met the 
same criteria during the comparison process and facilitated the selec-
tion of an appropriate number of peptides for validation. With the 
threshold of relative score (RS) set to 0.88, 154 m_AMPs (8–12 AAs; 
Fig. 3d and Extended Data Table 3) and 42 g_AMPs (11–26 AAs; Fig. 3e 
and Extended Data Table 4) were selected for experimental validation. 
Compared with the m_AMPs, these g_AMPs exhibited significantly 
higher predicted antimicrobial activity (Fig. 3f,g) and lower predicted 
cytotoxicity compared with m_AMPs (Fig. 3h), which indirectly under-
scores AMPGenix’s aptitude in learning distinctive features of AMPs.

These 196 peptides selected had overrepresentation of F, 
I, L, R and W compared with known AMPs present in four public 
AMP datasets: APD3 (ref. 37), DBAASP38, DRAMP39 and CAMP40 
(Extended Data Fig. 2a). The results indicate that the FCD between g_
AMPs and AMPs is considerably higher than that between m_AMPs and 
AMPs (Extended Data Fig. 2b), suggesting that g_AMPs diverge more 
from known sequences than m_AMPs. In addition, uniform manifold 
approximation and projection (UMAP) visualization of the sequence 
space reveals that m_AMPs tend to form tighter clusters, with their 
distribution closely resembling that of AMPs, while g_AMPs exhibit a 
more dispersed distribution (Fig. 3i). One possible explanation is that 
this difference arises because m_AMPs and most AMPs are derived from 
natural sources, which typically follow conserved sequence patterns, 
leading to higher sequence similarity. EggNOG mapper revealed that 
the 154 m_AMPs are predominantly embedded within proteins involved 
in information storage and processing, cellular processes and signalling 
(Extended Data Fig. 2c). Consequently, these encrypted AMPs may be 
constrained by functional requirements, such as the need for conserved 
regions, ensuring their effective participation in antimicrobial pro-
cesses or immune regulation35,41. In contrast, g_AMPs, generated using 
previous knowledge of short peptides from AMPGenix, offer greater 
flexibility in sequence generation. This flexibility results in a broader 
distribution in the sequence space.

In vitro evaluation of functional AMPs
The entire workflow of the wet-lab experiments is depicted in 
Extended Data Fig. 3. A total of 154 m_AMPs and 42 g_AMPs underwent 
synthesis and in vitro characterization. The Kirby–Bauer disk diffu-
sion assay was used to examine the antibacterial activity against E. coli 
ATCC25922 and S. aureus ATCC25923 in the presence of 128 μg AMPs 
initially, revealing that 75.97% (117/154) of m_AMPs and 61.91% (26/42) 
of g_AMPs exhibited potential bacterial inhibitory properties (Fig. 4a). 
Subsequently, 53.89% (83/154) of m_AMPs and 40.48% (17/42) of g_AMPs 
were selected, demonstrating an inhibition zone diameter of ≥10 mm 
against at least one bacterium. Furthermore, the Kirby–Bauer disk 
diffusion assays conducted at 64 μg AMPs showed that 66.27% (55/83) 
of m_AMPs and 100% (17/17) of g_AMPs displayed potent antibacterial 
activity against E. coli, while 55.42% (46/83) of m_AMPs and 82.3% (14/17) 
of g_AMPs exhibited strong antibacterial activity against S. aureus. 
Finally, 44 m_AMPs and 14 g_AMPs with diameter of ≥10 mm against E. 
coli or S. aureus were selected for further assessment.

MICs were determined at 108 colony-forming units (c.f.u.s) ml−1, 
a high inoculum, revealing the activities of 11 and 17 m_AMPs 
against E. coli and S. aureus, respectively, with concentrations of 
≤160 μg ml−1 (Fig. 4b). Among the g_AMPs, 14 exhibited antimicrobial 
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activities of the output peptide sequences were validated by wet-lab 
experiments. c, Ensembles of GNRSPDs. The sequences generated by AMPGenix 
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d,e, Length distribution for 154 m_AMPs (d) and 42 g_AMPs (e). f–h, The 
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activities against E. coli and 12 against S. aureus with concentrations of 
≤160 μg ml−1, among which 8 reached ≤0.625 μg ml−1 against S. aureus. 
Combining these results with haemolysis ratios (<8%), we shortlisted 
the 10 most potent m_AMPs and 10 most potent g_AMPs to evaluate 

cytotoxicity against human embryonic kidney (HEK293) cells. The 
results showed that 19 AMPs had negligible cytotoxicity, with cell sur-
vival rate of ≥50% (Fig. 4c). Then we measured their MICs at standard 
inoculum (105 c.f.u.s ml−1) against drug-sensitive or resistant strains 
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(Fig. 4d,e). Five broad-spectrum AMPs (g_AMP14, g_AMP41, g_AMP42, 
m_AMP46 and m_AMP76) exhibited MIC values <32 μg ml−1 for all bac-
teria. Among these, m_AMP76 showed the strongest potency with a 
MIC value of 4 μg ml−1 against CRAB QLH-2022-637, while g_AMP41 
reached 8 μg ml−1 against MRSA QLH-2022-718. In addition, g_AMP33 
demonstrated a strong inhibitory effect with a specific preference 
for targeting Gram-negative bacteria such as E. coli and CRAB, while 
g_AMP35 displayed a more pronounced antibacterial activity against 
MRSA compared with its effect on CRAB. Interestingly, all these seven 
AMPs also exhibited strong inhibitory abilities against C. albicans 
(MIC = 16~64 μg ml−1), a typical pathogenic fungus. On the basis of 
these in vitro results, we selected these seven leading AMPs for further 
in vivo experiments.

Therapeutic efficacy evaluation in an in vivo mouse  
infection model
We established a mouse thigh infection model (Fig. 5a) to assess the 
efficacy of the seven peptides in treating CRAB QLH-2022-637 or MRSA 
QLH-2022-718 infections (Extended Data Fig. 4a). As shown in Fig. 5b, 
five AMP-treated groups exhibited significant reductions of ~70% 
in CRAB recovered from the thigh tissues compared with the sterile 
water-treated group (g_AMP14, g_AMP33, g_AMP42, m_AMP46 and 
m_AMP76). Notably, the elimination rates for g_AMP42 and m_AMP76 
reached 83% and 87%, respectively, while the polymyxin B group 
exhibited an elimination rate of 86%. Four AMPs eliminated ~70% of 
MRSA c.f.u.s in the thigh tissues (g_AMP14, g_AMP35, m_AMP46 and 
m_AMP76), and the elimination rate of g_AMP14 reached 85%, with an 
elimination rate of 89% for the vancomycin group (Fig. 5c). However, 
despite demonstrating strong in vitro activity against both CRAB and 
MRSA, g_AMP41 and g_AMP42 were unable to effectively eradicate the 
pathogens in vivo. To explore this difference, resistance to proteolytic 
degradation assay was assessed (Fig. 5d). The results indicated that 
the final concentrations of g_AMP41 and g_AMP42 were below 60%, 
whereas up to 80% of the initial concentrations of g_AMP14, g_AMP33, 
g_AMP35, m_AMP46 and m_AMP76 remained after 4 h of continuous 
exposure to serum proteases (Fig. 5e). Compared with water and 
antibiotic-treated groups, the composition of the intestinal bacterial 
community in the AMP-treated groups with significant therapeutic 
effects (Extended Data Fig. 4b) showed no obvious disturbances at 
the phylum, class and genus levels (Extended Data Fig. 4c–j). Mean-
while, the Firmicutes/Bacteroidetes (F/B) ratio (widely accepted to 
have an important influence in maintaining normal intestinal homeo-
stasis42) of AMP-treated groups was similar to that of the water and 
antibiotic-treated groups (Supplementary Table 3). In addition,  
g_AMP14, g_AMP33, g_AMP35, g_AMP42, m_AMP46 and m_AMP76 
showed anti-inflammatory effects comparable to those of clinical 
antibiotics commonly used, as evidenced by the absence of obvious 
inflammatory cell infiltration in colon tissue histology images. A small 
amount of venous stasis was observed in the kidney tissue histology 
images of the AMP-treated groups and polymyxin B group. However, in 
the vancomycin-treated group, the renal tubular epithelial cells of mice 
exhibited histopathological changes: cytoplasmic rarefaction and pale 
staining, suggesting protein loss and cellular dysfunction, and pyknosis 
of the nucleus, indicating apoptosis or necrosis (Extended Data Fig. 4k).

We further evaluated possible drug resistance by culturing CRAB 
QLH-2022-637 and MRSA QLH-2022-718 with 0.5-fold MIC level of AMPs, 
using the antibiotic polymyxin B and vancomycin for comparison, 
respectively. When cultured in the presence of AMPs for 20 passages, 
the MICs of g_AMP33, g_AMP42 and m_AMP46 were 8 μg ml−1 at the 
first and 20th passages against CRAB. There were 2-fold and 8-fold 
increases in the MIC of g_AMP14 (MIC of 16 μg ml−1 at the first passage 
and 32 μg ml−1 at the last passage) and m_AMP76 (MIC of 4 μg ml−1 at the 
first passage and 32 μg ml−1 at the last passage) against CRAB, respec-
tively, while exposure to polymyxin B resulted in a 32-fold increase in 
MIC after 20 passages (Fig. 5f). Serial passaging of MRSA in the presence 

of subinhibitory concentrations of AMPs did not select for isolates 
resistant to g_AMP14 (MIC of 16 μg ml−1 at the first and 20th passages), 
g_AMP35 (MIC of 16 μg ml−1 at the first passage and 32 μg ml−1 at the 
last passage) and m_AMP76 (MIC of 32 μg ml−1 at the first passage and 
64 μg ml−1 at the last passage). There was a 4-fold increase in the MIC 
of m_AMP46 against MRSA, rising from 32 μg ml−1 at the first passage to 
128 μg ml−1 at the last passage. Conversely, exposure to the vancomycin 
resulted in a rapid increase in MIC after 14 passages, with a ≥128-fold 
increased MIC after 18 passages (from 0.5 to ≥64 μg ml−1; Fig. 5g).

Functional characterization of identified AMPs
We then delved into elucidating the mechanisms of action (MoA) for the 
six optimal AMPs with significant therapeutic effects in vivo. Potential 
morphological changes in CRAB QLH-2022-637 and MRSA QLH-2022-
718 cells in the presence of AMPs were monitored using scanning elec-
tron microscopy (SEM), revealing wrinkling, deformation or perforation 
of treated cells (Fig. 6a and Extended Data Fig. 5a,b). AMPs were then 
investigated with fluorescent probes to determine how they affected 
the bacterial cytoplasmic membrane (Fig. 6b). After treating CRAB QLH-
2022-637 and MRSA QLH-2022-718 cells with AMPs for 2 h, the fluores-
cence intensity of the membrane-permeable probe propidium iodide 
(PI) was enhanced with increasing concentrations (1- and 5-fold MIC) 
compared with non-treated bacteria, indicating disruption of the cyto-
plasmic membrane (Fig. 6c,d). Next, 3,3’-dipropylthiadicarbocyanine 
iodide [DiSC3-(5)] was used to assess the depolarization state of the cyto-
plasmic membrane in CRAB QLH-2022-637 and MRSA QLH-2022-718. 
The results showed that all AMPs have a certain depolarization effect, 
with different action speeds. Polymyxin B, a peptide antibiotic with 
established membrane depolarization activity against A. baumannii35, 
was employed as the positive control for CRAB, while Triton X-100 
served as the positive control for MRSA due to its non-specific mem-
brane disruption capacity. Except for g_AMP42, other AMPs (g_AMP14, 
g_AMP33, m_AMP46 and m_AMP76) initially demonstrated relatively 
rapid depolarization kinetics against CRAB QLH-2022-637, with a rapid 
increase in fluorescence values after 10 min, among which m_AMP76 
showed stronger depolarization than polymyxin B (Fig. 6e). Similar 
to the results with CRAB QLH-2022-637, all AMPs (g_AMP14, g_AMP35, 
m_AMP46 and m_AMP76) show relatively rapid depolarization kinet-
ics against MRSA QLH-2022-718, with m_AMP76 having the strongest 
depolarization effect (Fig. 6f). These observations suggest that the 
MoA of AMPs involves the disruption of the cytoplasmic membrane 
and the depolarization of the membrane potential. On the basis of the 
observable deformation using SEM (Extended Data Fig. 5c), we further 
conducted transcriptomic analysis and found a significant difference 
in the expression pattern of E. coli ATCC25922 treated with m_AMP76 
(renamed Arkwillin, an encrypted peptide mined within the proteins 
of Clavispora lusitaniae; Supplementary Table 4) compared with 
the control (Extended Data Fig. 5d,e, P = 0.003). Arkwillin disrupted 
cell membrane integrity by downregulating the expression of slyB, 
bamD, bamB and pagP, which encode membrane-associated proteins. 
It suppressed the expression of protein-encoding genes involved in 
lipopolysaccharide (LPS) synthesis and transport, biofilm formation 
and flagellar assembly, while upregulating the expression of membrane 
protein-encoding genes linked to cell membrane permeability (Fig. 6g).

Discussion
We present a generative artificial intelligence approach for the discov-
ery of novel antimicrobials, enabling efficient and extensive explora-
tion of the antimicrobial peptide space. Logically, this study can be 
divided into two major parts: the first part involves the data mining 
and text generation of AMPs; the second part is a comparison of two 
development strategies.

Notably, this study underscores the pivotal role of LLMs in the 
realm of transfer learning: by undergoing pre-training across a broad 
array of textual data, LLMs demonstrate proficiency in transferring 
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Fig. 5 | Therapeutic efficiency in treating neutropenic thigh infections in  
vivo. a, Experimental modelling in vivo. b,c, Bacterial counting in thigh tissues of  
mice infected by CRAB QLH-2022-637 (b) and MRSA QLH-2022-718 (c). For CRAB  
infection: sterile water (n = 8), polymyxin B (n = 10), g_AMP14 (n = 7), g_AMP33  
(n = 9), g_AMP41 (n = 7), g_AMP42 (n = 7), m_AMP46 (n = 7), m_AMP76 (n = 8).  
For MRSA infection: sterile water (n = 7), vancomycin (n = 8), g_AMP14 (n = 7),  
g_AMP35 (n = 7), g_AMP41 (n = 7), g_AMP42 (n = 7), m_AMP46 (n = 7), m_AMP76  
(n = 6). The lines in each data group represent the first quartile, median and  
third quartile. Statistical analysis was conducted using two-sided Wilcoxon  
rank-sum test. Exact P values are provided in Source Data Fig. 5. d, Schematic of 

the resistance to enzymatic degradation experiment. e, AMPs were exposed for 
a total period of 4 h to fetal bovine serum that contains several active proteases. 
Aliquots of the resulting solution were analysed by liquid chromatography–
tandem mass spectrometry (LC–MS/MS). Experiments were performed in 2 
independent replicates. f,g, Resistance acquisition of CRAB QLH-2022-637 (f) 
and MRSA QLH-2022-718 (g) under 0.5-fold MIC concentrations of AMPs and 
antibiotics (n = 3 biologically independent replicates). ‘Water#’ represents 
DNase/RNase-free and sterile water. The schematics in a and d were created with 
BioRender.com.

http://www.nature.com/naturemicrobiology
http://BioRender.com


Nature Microbiology | Volume 10 | November 2025 | 2997–3012 3006

Article https://doi.org/10.1038/s41564-025-02114-4

knowledge across diverse datasets and tasks seamlessly. Specifically, 
ProteoGPT, through meticulous fine-tuning with various peptide 
datasets, has effectively nurtured transferable submodels capable of 
generating AMPs (AMPGenix), conducting classifications (AMPSorter) 
and detecting toxicity (BioToxiPept), harnessing the advantages of 

both the evolving capabilities of LLMs and domain-specific knowledge. 
This ‘one for all’ framework exemplifies the adaptability and scalability 
of LLMs in tackling a multitude of tasks (not only AMPs, but also other 
bioactive substances), ensuring high accuracy in scenarios with limited 
sample learning, especially in fields where data availability is restricted 
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Fig. 6 | Mechanistic studies of optimal AMPs. a, SEM images of CRAB QLH-2022-
637 and MRSA QLH-2022-718 treated with m_AMP76. The control groups were 
untreated corresponding strains. b, Schematic showing the behaviour of PI and 
DiSC3-(5), the fluorescent probes used to indicate disruption and depolarization 
of the cytoplasmic membrane caused by the AMPs, respectively. c,d, Changes in 
cell membrane permeability when CRAB QLH-2022-637 (c) or MRSA QLH-2022-
718 (d) were co-cultured with AMPs (at concentrations of 1- and 5-fold MIC, 
respectively). Experiments were performed in 3 independent replicates. PC 
group, positive control (high-temperature-treated bacteria, with PI). NC group, 
negative control (untreated bacteria, with PI). The vertical coordinate is the ratio 
of FSC-A− and PI-A+ after PI treatment. All AMP-treated groups and the PC group 

were compared to the NC group. Error bars are the s.d. of triplicate experiments. 
Statistical analysis was conducted using two-sided t-test. Exact P values are 
provided in Source Data Fig. 6. e,f, DiSC3-(5) assays show the effect of AMPs on 
the membrane depolarization of CRAB QLH-2022-637 (e) or MRSA QLH-2022-
718 (f). Relative fluorescence was calculated using as baseline the untreated 
control (buffer + bacteria + fluorescent dye). The graphs show the mean ± s.d. of 
3 independent experiments. g, Heat map of differential gene expression related 
to cell membrane or cell wall synthesis. The colours of the heat map squares 
represent the magnitude of the ratio, which is the FPKM value of a gene for each 
sample in the Arkwillin-treated group divided by the mean value of the control 
group for the same gene. The schematic in b was created with BioRender.com.

http://www.nature.com/naturemicrobiology
http://BioRender.com


Nature Microbiology | Volume 10 | November 2025 | 2997–3012 3007

Article https://doi.org/10.1038/s41564-025-02114-4

or expensive. In contrast to other overlay patterns involving differ-
ent models, this single-model framework not only simplifies model 
management and maintenance but also enhances overall processing 
efficiency and result consistency.

Compared to previous studies where AMP sequence generation31,43 
and data mining44–47 were conducted separately, we have fully leveraged 
the advantages of LLMs in the field of transfer learning to implement 
both development strategies within a unified framework. Furthermore, 
the previous knowledge obtained through transfer learning has made 
AMP sequence generation more efficient than data mining, a fact 
that has been thoroughly validated in real-world applications. When 
comparing g_AMPs and m_AMPs, we observed some intriguing trends: 
g_AMPs exhibited superior and broader-spectrum antibacterial effects 
compared with m_AMPs, consistent with the results of AMPSorter and 
QSAR predictions. G_AMPs were generated through the transfer model 
AMPGenix, which benefited from transfer learning to acquire knowl-
edge and experience from AMP sequences. This implies that the model 
could capture a wider range of antibacterial properties and structural 
features, thus better generating peptides with superior antibacterial 
effects. In contrast, m_AMPs were identified directly through data min-
ing of existing short peptide sequences, which may be limited by the 
quality and coverage of the dataset, resulting in limited antibacterial 
activity and spectrum of the identified AMPs. Notably, the PT-series 
generated by AMPGenix and selected exclusively through the transfer 
learning model, achieved notable antimicrobial efficacy, surpassing 
that of the g_AMPs and m_AMPs tested. These results further emphasize 
the potential of generative language models in AMP design.

The LLM models developed in this study, such as AMPSorter, 
function primarily as qualitative classification models for AMPs and 
are unable to provide quantitative predictions of antimicrobial activ-
ity. While the QSAR employed is a quantitative algorithm, it tends to 
favour cationic peptides with specific physicochemical properties, 
such as high charge and hydrophobicity, exhibiting an inherent bias 
that limits its ability to assess a broader spectrum of AMP types. Future 
research will focus on achieving unbiased quantitative predictions of 
AMP activity through sequence-based language models.

Methods
Data collection
For model construction, we collected, in total, five kinds of datasets 
in our study: a large-scale proteome, AMPs, non-AMPs, an external 
validation dataset, and a toxin and non-toxin dataset.

Proteome. Non-redundant canonical and isoform sequences (609,216) 
were retrieved from UniProt (http://www.uniprot.org/) (downloaded 
as of October 2022). The protein library composed of these sequences 
serves two main purposes: pre-training the ProteoGPT model and 
constructing different types of NRSPD.

	 (1)	Pre-training the ProteoGPT model 
Due to computational constraints and model requirements, all 
sequences were segmented into subsequences with a maximum 
length of 1,000 AAs to serve as a training corpus.

	 (2)	Constructing different types of NRSPD

A sliding window with a size of L was employed to scan all protein 
sequences for constructing multiple NRSPDs. To avoid windows with 
>50% sequence overlap, we set the sliding step size to L/2. In our study, 
L was set to 8–30. Five NRSPDs were constructed to be the subject for 
data mining of AMPs: 8–10 AAs, 11–15 AAs, 16–20 AAs, 21–25 AAs and 
26–30 AAs, totalling 410,192,277 non-redundant short peptides.

AMPs. AMP data were primarily sourced from four public AMP data-
sets: APD3 (ref. 37), DBAASP38, DRAMP39 and CAMP40, which cover most 
AMP sequences from various origins (downloaded as of November 
2022). AMPs exhibiting antibacterial, antiviral and antifungal activities, 

and having lengths under 50 AAs, were deduplicated and consolidated 
into an extensive dataset, resulting in 16,062 non-redundant AMPs used 
for subsequent analysis.

Non-AMPs. We compiled the non-AMP sequences from UniProt, apply-
ing the ‘subcellular location’ filter to cytoplasm. Any entries containing 
keywords such as antimicrobial, antibiotic, antiviral, antifungal, effec-
tor or excreted in their functional annotations were excluded (down-
loaded as of November 2022). We refined the dataset to include only 
sequences not exceeding 50 AAs in length and removed any duplicates. 
Concurrently, sequences identical to any known AMPs were eliminated 
from the non-AMP dataset, resulting in a final tally of 16,549 unique 
non-AMP sequences. The non-AMP sequence dataset we compiled 
encompasses a wide range of biological sources, including eukaryotes 
(for example, humans and other plants and animals), prokaryotes (for 
example, Escherichia coli and Salmonella enterica) and viruses (for 
example, HIV-1 and hepatitis B virus) (Supplementary Table 5).

External validation dataset. The AMP sequences in the external vali-
dation dataset are distinct from those used in the model construction. 
These sequences were collected from the APD3 (ref. 37), DBAASP38, 
DRAMP39, CAMPR4 (ref. 48), LAMP2 (ref. 49) and BaAMPs50 databases. 
The selection criteria included sequences no longer than 50 AAs and 
those with antifungal activity stronger than antibacterial activity. In 
addition, 370 non-AMP sequences (≤50 AAs, without overlap with 
non-AMPs) were derived from ref. 25. To ensure the independence of 
the external dataset, any sequences that were part of the model train-
ing, validation or testing sets were excluded.

Toxin and non-toxin dataset. We collected 1,932 toxic peptide 
sequences that were experimentally validated and 1,932 non-toxic 
peptide sequences with a range of 10–50 residues from ToxIBTL29 
(https://server.wei-group.net/ToxIBTL/) (downloaded as of April 2023).

In this study, we collected peptide sequence data generated by 
five unconstrained generation models (HydrAMP31, Basic31, PepCVAE32, 
AMP-GAN33, AMP-LM34) to compare their performance in AMP genera-
tion with AMPGenix. The following quality control and preprocessing 
steps were applied to all datasets collected from these models:

Prefix alignment. The first AA of each sequence was restricted to 
one of the 10 selected residues from the set G, K, F, R, A, L, I, V, S and W.

Quantity alignment. A maximum of 800 sequences per starting AA 
residue was retained, resulting in a total of 7,000–8,000 sequences 
for each model.

Length alignment. Sequence lengths were constrained to the range 
of 5–35 AAs to ensure consistency with the length range of sequences 
generated by AMPGenix.

After filtering, the final number of valid sequences for each 
model was as follows: HydrAMP, 8,000; Basic, 7,810; PepCVAE, 7,489; 
AMP-GAN, 7,906; and AMP-LM, 7,405.

Model building
We built, in total, one pre-trained and three transfer LLMs with differ-
ent functionalities.

Training dataset, validation dataset and test dataset. The datasets 
employed for the training of AMPSorter and BioToxiPept were ran-
domly partitioned into training, validation and testing sets at a 6:2:2 
ratio (Fig. 2a). These datasets were mutually exclusive. The training set 
was utilized for model development, the validation set for tuning hyper-
parameters, and the testing set for assessing the model’s performance. 
To ensure robust evaluation, a benchmarking set was constructed by 
applying CD-HIT (v.4.8.1) for sequence filtering. First, sequences with 
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over 90% similarity were removed from the training and validation 
sets. Then, CD-HIT-2D was used to exclude sequences from the test set 
that shared >70% identity with any sequence filtered in the first step. 
In addition, sequences containing UAAs were removed. This resulted 
in a stringent benchmarking set of 725 AMPs and 1,071 non-AMPs, 
providing a reliable basis for comparing model performance against 
existing AMP classification algorithms including AMPlify22, Macrel23, 
iAMP Pred24, AMP Scanner (v.2)25, Bert-Protein26, AMPir27 and AmPEP28.

Data encoding and decoding. All sequences were encoded and 
decoded using GPT-2 tokenizer. The tokenizer encoded sequences, 
converting them into the tokenizer form for model input, and decoded 
them, transforming model outputs back into AAs. Sequence begin-
nings/ends were marked with the ‘<|endoftext|>’ label. During the 
pre-training and fine-tuning of the model, the datasets were divided 
into multiple pieces to optimize memory usage and balance the train-
ing load. This approach is particularly useful when dealing with large 
datasets, as it helps improve training efficiency and prevent memory 
overflow.

Model structure. The most fundamental model is ProteoGPT based 
on GPT-2 architecture. The model structure of AMPGenix is identical 
to that of ProteoGPT. AMPSorter and BioToxiPept were created by 
adding an additional classification module at the end of ProteoGPT 
to reduce the dimension to 2. Comprehensive model structure details 
can be found in the Supplementary Text.

Model evaluation
A cross-entropy loss function was used to train AMPSorter and 
BioToxiPept.

L = −
N
∑
i=1

yi log ( p( yi|x)) (1)

where:
N is the number of samples;
yi is the true label of sample i;
p(yi|x) is the predicted probability of sample i by the model, given x.
Accuracy, specificity, sensitivity, precision, F1 score, and MCC, 

receiver operating characteristic (ROC) curve and PR curve were meas-
ured to assess the classification models as follows (TP, true positive; 
TN, true negative; FP, false positive; FN, false negative; FPR, false posi-
tive rate):

Accuracy = TP+TN
TP+FP+TN+FN

(2)

Precision = TP
TP+FP

(3)

Recall = TPR = TP
TP+FN

(4)

FPR = FP
TN+FP

(5)

Specificity = TP
TP+FN

(6)

Sensitivity = TN
TN+FP

(7)

F1score = 2×Precision×Recall
Precision+Recall

(8)

MCC = TP×TN−FP×FN
√(TP+FP)(TP+FN)(TN+FP)(TN+FN) (9)

The ‘auc’ function in the scikit-learn package (v.1.2.2) was used to 
compute the AUC and AUPRC values.

Uniqueness (proportion of unique generated sequences to the 
total number), diversity (average pairwise cosine distance between 
generated sequences), novelty (average cosine distance between gener-
ated sequences and known AMPs) and FCD (Fréchet distance measuring 
the distributional similarity between generated sequences and known 
AMPs) were used to evaluate the quality and diversity of sequences 
generated by generative models.

Uniqueness = Number of unique sequences
Total number of generated sequences

(10)

Diversity = 1
N(N−1)

∑
i≠j
cosinedistance(Xi,X j) (11)

where N is the total number of sequences, and Xi, Xj are the feature vec-
tors for sequences i and j.

Novelty = 1
N×M

N
∑
i=1

M
∑
j=1
cosinedistance(Xi,X j) (12)

where N is the total number of sequences, M is the number of known 
AMPs, and Xi, Xj are the feature vectors for the generated and known 
AMPs, respectively.

FCD = ||μ1 − μ2||
2 + Tr(Σ1 + Σ2 − 2√Σ1Σ2) (13)

where μ1 and Σ1 are the mean and covariance of the generated 
sequences, and μ2 and Σ2 are the mean and covariance of the known 
AMPs, respectively.

QSAR analysis
The introduction of the QSAR model has specific background and 
purpose. To compare data mining and text generation strategies under 
the same threshold, we incorporated the QSAR model, which offers 
several advantages:

	(1)	 Clear threshold setting: The QSAR model can provide a clear 
quantitative threshold, enabling the selection of an appropriate 
number of peptides for further validation.

	(2)	 Consistent peptide types: The QSAR model, through quantita-
tive structure–activity relationship predictions, predicts the 
antimicrobial activity of cationic AMPs and ensures that the 
two groups of peptides being compared are consistent in type, 
avoiding potential biases from differing peptide types. By 
introducing QSAR as a third-party tool, we can ensure the selec-
tion of consistent types of peptide from the candidate pools, 
thereby improving the comparability of both strategies in terms 
of development efficiency and antibacterial efficacy.

Each sequence was scored using the method described in refs. 
35,36, which uses peptide charged residues and hydrophobic residues 
to create a relative score for the propensity of the peptide to present 
antimicrobial activity:

Relative Score (RS) = CmHn

MaxScore (14)

where C represents the net charge, H represents the total hydrophobic-
ity, and MaxScore is the maximum value of Cm Hn that can be calculated 
with the given coefficients m = 0.9 and n = 1.1 as described35,36.

Gene function analysis
EggNOG mapper (http://eggnog-mapper.embl.de/) was applied to 
analyse protein-encoding genes with default parameter settings.

http://www.nature.com/naturemicrobiology
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Peptides and chemicals
Peptides with purity >95% were custom synthesized by Synthbio Tech-
nology. The powder of each peptide was individually dispensed into 
several tubes of 2 mg per tube and stored in a refrigerator at −80°C. The 
powder was prepared on the day of the start of each experiment and 
used at the appropriate concentration. Dimethylsulfoxide (DMSO), 
cyclophosphamide, DiSC3-(5) and vancomycin were purchased from 
Mcklin. HEPES, polymyxin B, MTT Cell Proliferation and Cytotoxic-
ity Assay kit were obtained from Solarbio, and PI was obtained from 
Yuanye. PBS was obtained from Cytiva. Triton X-100 was purchased 
from Sigma-Aldrich. DMEM/High glucose medium and penicillin–
streptomycin mixed solution (Dual antibody) were purchased from 
Shanghai Zhong Qiao Xin Zhou Biotechnology. d-glucopyranose and 
potassium chloride (KCl) were obtained from Hushi. Unless other-
wise stated, all chemicals were purchased from Solarbio or the China 
National Pharmaceutical. Details of the reagents are provided in 
Supplementary Table 6.

Strains and media
E. coli ATCC25922, S. aureus ATCC25923 and C. albicans ATCC10231 were 
purchased from the Beijing Microbiological Culture Collection Center 
(BJMCC). ICU- isolated CRAB QLH-2022-267, CRAB QLH-2022-636, 
CRAB QLH-2022-637, MRSA QLH-2022-266 and MRSA QLH-2022-718 
were provided by the Qilu Hospital Strain Bank, Shandong University. 
In this study, E. coli ATCC25922, S. aureus ATCC25923, CRAB strains and 
MRSA strains were cultured in Luria Bertani (LB) broth/agar medium. 
C. albicans ATCC10231 was cultured in yeast extract peptone dextrose 
(YPD) broth/agar medium. Mannitol salt agar (MSA), MacConkey agar 
(MCA), Mueller–Hinton broth (MHB), Mueller–Hinton agar (MHA) and 
tryptone soybean broth/agar (TSB/TSA) media were used in this study. 
All media were supplied by Hopebiol. Unless otherwise specified, all 
strains were incubated at 37 °C.

Mice
All animal experiments were performed according to the ‘Principles 
of laboratory animal care’ (NIH publication No. 86–23, revised 1985) 
and approved by the Animal Care and Use Committee of Shandong 
University (LL20240622). Male BALB/c mice (5-week-old) were pur-
chased from Beijing Vital River Laboratory Animal and kept under a 
12 h light/12 h dark cycle, humidity of 50% and temperature of 22 °C 
in standard specific-pathogen-free (SPF) individually vented cages.

Antimicrobial activity assays
To screen AMPs for better antimicrobial efficacy, a modified Kirby–
Bauer disk diffusion assay was used. E. coli ATCC25922 and S. aureus 
ATCC25923 were cultured to log phase. MHA plates were used as the 
base medium. A 0.75% agar solution was prepared, sterilized and cooled 
to ~55 °C. Then, 100 μl of the bacterial suspension was added to 7 ml of 
the molten agar, mixed thoroughly and poured onto the surface of the 
pre-solidified MHA base plate to form a double-layer agar plate. The 
plates were allowed to solidify at room temperature. Sterile filter paper 
discs (7 mm in diameter) were placed on the surface of the double-layer 
plates, and the test compound was added to the centre of each disk. All 
plates were incubated at 37 °C for 16 h. After incubation, the diameter 
of the inhibition zones was measured in millimetres and recorded to 
evaluate the antimicrobial activity of the compounds. All 196 pep-
tides were first selected at a content of 128 μg and further selected at 
a content of 64 μg (Extended Data Fig. 3). To determine MIC values, 58 
selected peptides were dissolved into MHB with an initial concentra-
tion of 2,560 μg ml−1, followed by 2-fold serial dilutions. Cells of E. coli 
ATCC25922 and S. aureus ATCC25923 were separately suspended in the 
assay medium at a density of 1 × 108 c.f.u.s ml−1. Then, 100 μl of each AMP 
solution was added to 100 μl of the bacterial suspension in a 96-well 
plate. Plates were incubated at 37 °C for 16 h. Finally, 20 candidate AMPs 
were selected using the broth microdilution technique46 in MHB. Next, 

these AMPs were dissolved into MHB with an initial concentration of 
1,024 μg ml−1, followed by 2-fold serial dilutions. E. coli ATCC25922, S. 
aureus ATCC25923, CRAB QLH-2022-267, CRAB QLH-2022-636, CRAB 
QLH-2022-637, MRSA QLH-2022-266 and MRSA QLH-2022-718 were cul-
tured in LB at 37 °C and 120 r.p.m. to log phase. C. albicans ATCC10231 
were cultured in YPD at 30 °C and 120 r.p.m. to log phase. Cells were 
separately suspended in the assay medium at a density of 105 c.f.u.s ml−1. 
Then, 100 μl of each AMP solution was added to 100 μl of the bacterial 
suspension in a 96-well plate. Plates were incubated at 37 °C for 16 h. The 
optical density (OD) values of 625 nm were measured using a TECAN 
Spark microplate reader following a previous report47.

Haemolysis effect of candidate AMPs
Freshly collected sheep red blood cells bought from Solarbio were first 
washed with PBS until the upper phase was clear after centrifugation 
(491 × g) and allocated onto 96-well flat-bottom plates. Each AMP was 
diluted and added to the well at a final concentration corresponding 
to its maximum MIC values against E. coli ATCC25922 and S. aureus 
ATCC25923 under high inoculum condition of 108 c.f.u.s ml−1. After 1 h 
at 37 °C, cells were centrifuged at 2,996 × g for 10 min. PBS and Triton 
X-100 were used as negative and positive controls, respectively. The 
supernatant was removed and OD450 was measured. All experiments 
were performed with three independent replicates. The haemolysis 
rate was calculated using the formula:

Haemolysis rate (%) = OD(AMP)–OD(PBS)
OD(TritonX − 100)–OD(PBS) × 100% (15)

Cytotoxicity against mammalian cells
Cytotoxicity of candidate AMPs was determined using the MTT Cell 
Proliferation and Cytotoxicity Assay kit46. HEK293 cells (FUNHENG BIOL-
OGY) were inoculated in 96-well flat-bottom plates at 5,000 cells per well 
in cell culture medium. After 24 h incubation at 37 °C with 5% CO2 in the 
atmosphere, the medium was replaced with fresh medium, and AMPs 
(final concentration: 100 μg ml−1) were added, followed by 48 h incuba-
tion. Cell viability was monitored by adding MTT solution and measuring 
OD490 after 4 h. Zero wells and control wells were set during this experi-
mental process. All experiments were performed with three independent 
replicates. Cell survival rate was calculated using the formula:

Cell survival rate (%) = OD(AMP)–OD(zero)
OD(control)–OD(zero) × 100% (16)

Modelling and treatment of neutropenic thigh infections in 
mice
Mice were injected intraperitoneally with cyclophosphamide 4 d and 
1 d before bacterial administration, at concentrations of 150 mg kg−1 
and 100 mg kg−1, respectively, to induce neutropenia35,47. MRSA QLH-
2022-718 and CRAB QLH-2022-637 were suspended separately in sterile 
PBS, adjusted to a concentration of ~106 c.f.u.s per infection site and 
injected into the right thighs of mice in the corresponding experimental 
groups. Then, AMPs (10-fold MIC, 100 μl; Nmice = 7 for most AMP groups; 
Nmice = 6 for m_AMP76 group with MRSA infection; Nmice = 9 for g_AMP33 
group with CRAB infection; Nmice = 8 for m_AMP76 group with CRAB 
infection), sterile water (Nmice = 8 with CRAB infection, Nmice = 7 with 
MRSA infection), polymyxin B (20,000–25,000 U kg−1 day−1, Nmice = 10) 
or vancomycin (40 mg kg−1, Nmice = 8) were given intraperitoneally at 
1, 3, 5 and 7 h after infection. At 24 h after infection, mice were eutha-
nized and thigh wound tissue was collected, weighed, homogenized 
and serially diluted in sterile PBS. C.f.u.s of MRSA QLH-2022-718 and 
CRAB QLH-2022-637 were calculated for each thigh wound tissue by 
diluting the thigh wound homogenate (0.25 g of thigh tissue in 10 ml 
sterile PBS), inoculating it on MSA plates and MCA plates, respectively, 
and counting the colonies.

http://www.nature.com/naturemicrobiology
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Histologic changes in the kidney and colon of mice
Tissue samples were fixed in 4% paraformaldehyde for at least 24 h, 
dehydrated in a graded ethanol series, cleared in xylene and embedded 
in paraffin. Sections (4 μm) were cut, mounted on glass slides and dried 
at 60 °C. Slides were dewaxed, rehydrated, stained with haematoxy-
lin (3–5 min), differentiated, blued, counterstained with eosin (15 s), 
dehydrated, cleared and mounted with neutral balsam. Images were 
acquired using a light microscope.

16S rRNA sequencing and analysis
The DNA of mouse caecum and colon contents were extracted using the 
EasyPure Stool Genomic DNA kit (EE301-01, TransGene) and sequenced 
on the Illumina Nova 6000 platform. Shannon index was calculated 
using QIIME2 (ref. 51). Euclidean distance matrix was computed with the 
‘dist’ function and plotted using the ‘hclust’ function (base R package). 
Principal coordinates analysis (PCoA) and permutational multivariate 
analysis of variance (PERMANOVA) were conducted using adonis2 
(vegan R package).

Resistance to proteolytic degradation assays
AMPs were incubated in fetal bovine serum (FBS) to evaluate resistance 
to enzymatic degradation45. Peptides were exposed to an aqueous 
solution of 25% FBS at a concentration of 2 mg ml−1 for 4 h at 37 °C. Ali-
quots were collected after 0, 0.5, 1, 2 and 4 h, and 200 μl of acetonitrile 
was added to each sample (100 μl) and incubated for 10 min at 4 °C. 
Samples were then processed in an AB SCIEX QTRAP 5500 system. 
The column used was an Agilent ZORBAX Eclipse XDB-C18 (3.5 μm, 
2.1 mm × 150 mm). The mobile phases used were A (100% water with 
0.1% v/v formic acid) and B (100% acetonitrile with 0.1% v/v formic 
acid), Fisher optima grades. Measurements were made by multiple 
reaction monitoring (MRM). The percentage of remaining undamaged 
peptide was calculated by integrating the AUC related to the peptide 
at timepoint zero. The time gradient for mobile phase composition is 
listed in Supplementary Table 7.

Bacterial resistance development assays
In wells of a 96-well polypropylene flat-bottom plate, 5 µl of the over-
night bacterial culture was added to 100 μl of AMPs/antibiotic solu-
tions in MHB at 105 c.f.u.s per well. Plates were incubated for 20–24 h 
at 37 °C. The MIC, the lowest concentration of peptide/antibiotic that 
caused no visible bacterial growth, was determined for each bacterial 
species. Thereafter, 5 µl of the growth at the 0.5-fold MIC suspension 
was added to a fresh medium containing AMPs/antibiotics at 105 c.f.u.s 
per well, and these mixtures were incubated as described above. This 
was repeated for 20 passages.

SEM measurement
Strains were grown to the exponential phase. The bacterial suspensions 
(108 c.f.u.s ml−1) were co-cultured with AMPs at final concentrations of 
100 µg ml−1 at 37 °C for 24 h, and untreated cells were used as control. 
The specimens were observed using the FE-SEM Regulus8100 (Hitachi) 
scanning electron microscope.

Detection of peptide-induced membrane permeability
Single colonies of strains were inoculated and cultured to the expo-
nential phase, followed by three washes with 10 mM PBS (pH 7.0) and 
adjustment of OD625 values to 0.08~0.13 with PBS. Subsequently, 150 μl 
of the bacterial suspension was incubated at 37 °C with 50 μl AMP (dis-
solved in PBS) for 2 h. PI was added at a final concentration of 50 μg ml−1, 
and the mixture was incubated in the dark at 37 °C for 30 min. There-
after, bacterial suspensions were centrifuged (4 °C 1,825 × g, 10 min) 
and washed with PBS twice. All experiments were performed with 
three independent replicates. The treated cells were examined by 
flow cytometry (ThermoFisher Attune NxT). Data were analysed using 
FlowJo (v.10.8.1).

DiSC3-(5) assay
CRAB QLH-2022-637 and MRSA QLH-2022-718 were grown at 37 °C 
with agitation until they reached mid-log phase. The cells were then 
centrifuged and washed twice with washing buffer (20 mmol l−1 glu-
cose, 5 mmol l−1 HEPES, pH 7.2) and resuspended to an OD600 of 0.05 in 
the same buffer containing 0.1 mol l−1 KCl. The cells (100 μl) were then 
incubated for 15 min with 20 nmol l−1 of DiSC3-(5) until the reduction 
of fluorescence stabilized, indicating the incorporation of the dye 
into the bacterial membrane. Membrane depolarization was then 
monitored by observing the change in the fluorescence emission inten-
sity of the membrane potential-sensitive dye, DiSC3-(5) (lex = 622 nm, 
lem = 670 nm), after the addition of the peptides (100 μl solution at MIC 
values). Relative fluorescence was calculated as:

Relative fluorescence (%) =
fluorescence (simple)–baseline

baseline × 100%
(17)

RNA sequencing and analysis
E. coli ATCC25922 was treated with AMP (1-fold MIC) for 2 h with six 
replicates, while PBS was used in the control group. RNA sequencing 
was conducted using the Illumina NovaSeq platform. HTSeq v.0.6.1 
was used to count the read numbers mapped to each gene, and then 
the fragments per kilobase of transcript per million fragments mapped 
(FPKM) of each gene was calculated. Differential expression analysis 
was performed using the DESeq R package. PCoA and PERMANOVA 
were conducted using adonis2 (vegan R package).

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
Our study contains publicly available proteome, AMP, non-AMP, 
Toxin and non-toxin, generated sequences, 16S rRNA gene sequenc-
ing and RNA-seq data. Protein sequences were retrieved from UniProt 
(http://www.uniprot.org/) (downloaded as of October 2022). AMP 
data were mainly collected from six public AMP datasets: APD3 
(https://aps.unmc.edu/AP/), DBAASP (https://www.dbaasp.org/
home), DRAMP (http://dramp.cpu-bioinfor.org/), CAMP (http://
www.camp3.bicnirrh.res.in/), LAMP (http://biotechlab.fudan.edu.
cn/database/lamp) and BaAMPs (http://www.baamps.it), which 
cover most of AMP sequences from various origins (downloaded 
as of November 2022). The non-AMP dataset was downloaded from 
UniProt (https://www.uniprot.org) by setting the ‘subcellular loca-
tion’ filter to cytoplasm and removing any entry that matches the 
following keywords: antimicrobial, antibiotic, antiviral, antifungal, 
effector or excreted in their functional annotations (downloaded 
as of November 2022). Toxin and non-toxin data were collected 
from https://server.wei-group.net/ToxIBTL/ (downloaded as of 
April 2023). The relevant data used for model construction, the 
constructed and generated short-peptide datasets, as well as the 
prediction results have been uploaded in Zenodo at https://doi.
org/10.5281/zenodo.16633186 (ref. 52). Sequence data generated by 
five unconstrained generation models were collected from https://
zenodo.org/records/7420189#.ZBCo4JHMKUk (downloaded as of 
October 2024). The 16S rRNA gene sequencing and RNA-seq data 
are available under The National Omics Data Encyclopedia (NODE) 
accession numbers OEP00006445 and OEP00005095. Source data 
are provided with this paper.

Code availability
The AMP generation and prediction codes can be found in GitHub at 
https://github.com/W1V1995/AMP_Project (ref. 53).
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Extended Data Table 1 | Comparison of performance between the classification models and other currently available 
prediction tools based on the benchmarking set or the test set

Model Type TP FP TN FN Precision (%) F1 Score 
(%)

MCC (%) Specificity (%) Sensitivity (%)

AMP Prediction

  AMPSorter Transformer 632 65 1,006 93 90.67 88.89 81.66 93.93 87.17

  AMPlifyimbal Neural Network 618 147 924 107 80.78 82.95 70.96 86.27 85.24

  Macrel Random Forest 379 16 1,055 346 95.95 67.68 60.15 98.51 52.28

  AMPlifybal Neural Network 523 155 916 202 77.14 74.55 58.36 85.53 72.14

  iAMP Pred Support Vector 
Machines

524 149 922 201 77.86 74.96 59.16 86.09 72.28

  AMP Scanner v2 Neural Network 538 212 859 187 71.73 72.95 54.13 80.21 74.21

  Bert-Protein Transformer 708 1,010 61 17 41.21 57.96 8.07 5.70 97.66

  AMPir Support Vector 
Machines

68 110 961 657 38.20 15.06 -1.46 89.73 9.38

  AmPEP Random Forest 357 738 333 368 32.60 39.23 -19.78 31.09 49.24

Toxin Prediction

  BioToxiPept Transformer 329 59 336 49 84.79 85.90 72.08 85.06 87.04

  ToxinBTL Neural Network 365 24 371 13 93.83 95.18 90.46 93.92 96.56

  ToxinpredRF Random Forest 369 247 148 9 59.90 74.25 43.60 37.47 97.62
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Extended Data Table 2 | Comparison of performance between AMPGenix and other currently available unconstrained 
generative models

Model Uniqueness Diversity Novelty FCD Diversity* Novelty* FCD*

AMPGenix-T0.5 0.81 0.97 0.99 13.61 0.90 0.98 14.41

AMPGenix-T1 0.97 0.98 0.99 10.21 0.94 0.98 14.98

AMPGenix-T2 0.99 0.98 0.99 9.26 / / /

AMPGenix-T3 1.00 0.99 0.99 9.57 0.93 0.98 16.87

ProteoGPT-T0.5 0.91 0.87 1.00 23.65

ProteoGPT-T1 0.90 0.97 1.00 14.87

ProteoGPT-T2 1.00 0.98 0.99 13.07

ProteoGPT-T3 1.00 0.98 0.99 13.01

HydrAMP 0.96 0.99 22.82

Basic 0.99 0.99 14.40

PepCVAE 0.99 0.99 13.45

AMP-GAN 0.98 0.99 11.54

AMP-LM 0.99 0.99 10.91

Note: Diversity, Novelty, and FCD were calculated using only the generated sequences containing standard AAs, compared with the known AMPs containing only natural AAs (n=15,463); 
Diversity*, Novelty*, and FCD* were calculated using the generated sequences containing unnatural AAs, compared with all known AMPs (n=16,062).
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Extended Data Table 3 | The quantity of potential AMPs identified among NRSPDs

NRSPDs Total m_AMPs0.5 m_AMPs0.5_nontox0.5 
(Candidate Pool)

m_AMPs0.5_
nontox0.5_
rs0.88

m_AMPs0.9 m_AMPs0.9_nontox0.5 m_AMPs0.9_
nontox0.5_
rs0.88

8-10 AAs 90,387,710 35,542,378 (39.3%) 23,854,081 (26.4%) 389 12,643,211 (3.1%) 8,486,665 (9.4%) 149

11-15 AAs 114,045,664 40,651,897 (35.6%) 27,794,568 (24.3%) 13 13,522,243 (3.3%) 9,241,008 (8.1%) 5

16-20 AAs 83,547,524 21,765,145 (26.1%) 14,686,277 (17.6%) 0 6,174,054 (1.5%) 4,164,267 (5.0%) 0

21-25 AAs 67,076,273 13,897,562 (20.7%) 9,585,442 (14.3%) 0 3,784,657 (0.9%) 2,611,351 (3.9%) 0

26-30 AAs 55,135,106 9,548,829 (17.3%) 6,774,560 (12.3%) 0 2,564,112 (0.6%) 8,486,665 (15.4%) 0

Total 410,192,277 121,405,811 (29.6%) 82,694,928 (20.2%) 402 38,688,277 (9.4%) 26,322,225 (6.4%) 154

Note: m_AMPs0.5: AMPSorter threshold of 0.5; m_AMPs0.5_nontox0.5: AMPSorter threshold of 0.5 and BioToxiPept threshold of 0.5; m_AMPs0.5_nontox0.5_rs0.88: AMPSorter threshold of 0.5, 
BioToxiPept threshold of 0.5, and QSAR threshold of 0.88; m_AMPs0.9: AMPSorter threshold of 0.9; m_AMPs0.9_nontox0.5: AMPSorter threshold of 0.9 and BioToxiPept threshold of 0.5; m_
AMPs0.9_nontox0.5_rs0.88: AMPSorter threshold of 0.9, BioToxiPept threshold of 0.5, and QSAR threshold of 0.88.
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Extended Data Table 4 | The quantity of potential AMPs identified among GNRSPDs

GNRSPDs Total g_AMPs0.5 g_AMPs0.5_nontox0.5 
(Candidate Pool)

g_AMPs0.5_
nontox0.5_rs0.88

g_AMPs0.9 g_AMPs0.9_nontox0.5 g_AMPs0.9_
nontox0.5_rs0.88

Prefix-A 771 449 (58.2%) 369 (47.9%) 0 229 (2.9%) 183 (23.7%) 0

Prefix-F 791 602 (76.1%) 531 (67.1%) 11 382 (4.9%) 342 (43.2%) 5

Prefix-G 790 675 (85.4%) 443 (56.1%) 2 489 (6.3%) 320 (40.5%) 2

Prefix-I 779 568 (72.9%) 526 (67.5%) 2 314 (4.0%) 289 (37.1%) 1

Prefix-K 787 678 (86.1%) 528 (67.1%) 3 514 (6.6%) 401 (51.0%) 2

Prefix-L 762 575 (75.5%) 514 (67.5%) 6 342 (4.4%) 295 (38.7%) 3

Prefix-R 760 631 (83.0%) 529 (69.6%) 10 458 (5.9%) 384 (50.5%) 7

Prefix-S 792 658 (83.1%) 367 (46.3%) 0 453 (5.8%) 258 (32.6%) 0

Prefix-V 790 457 (57.8%) 401 (50.8%) 3 210 (2.7%) 182 (23.4%) 2

Prefix-W 776 645 (83.1%) 528 (68.0%) 25 508 (6.5%) 415 (53.5%) 20

Total 7,798 5,938 (76.1%) 4,736 (60.7%) 62 3,899 (50.0%) 3,069 (39.4%) 42

Note: g_AMPs0.5: AMPSorter threshold of 0.5; g_AMPs0.5_nontox0.5: AMPSorter threshold of 0.5 and BioToxiPept threshold of 0.5; g_AMPs0.5_nontox0.5_rs0.88: AMPSorter threshold of 0.5, 
BioToxiPept threshold of 0.5, and QSAR threshold of 0.88; g_AMPs0.9: AMPSorter threshold of 0.9; g_AMPs0.9_nontox0.5: AMPSorter threshold of 0.9 and BioToxiPept threshold of 0.5; g_AMPs0.9_
nontox0.5_rs0.88: AMPSorter threshold of 0.9, BioToxiPept threshold of 0.5, and QSAR threshold of 0.88.
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Extended Data Table 5 | Antimicrobial activities of 20 peptides in pilot test

Peptides  
(μg ml−1)

E. coli ATCC25922 S. aureus 
ATCC25923

CRAB QLH-
2022-267

CRAB QLH-
2022-636

CRAB QLH-
2022-637

MRSA QLH-
2022-266

MRSA QLH-
2022-718

C. albicans 
ATCC10231

PT-1 2.0 3.3 5.3 2.7 5.3 13.3 8.0 21.3

PT-2 >512 >512 >512 >512 >512 >512 >512 >512

PT-3 256.0 64.0 64.0 64.0 512.0 >512 426.7 256.0

PT-4 4.0 4.0 4.0 4.0 8.0 128.0 85.3 32.0

PT-5 >512 >512 >512 512.0 >512 >512 >512 >512

PT-6 128.0 42.7 512.0 512.0 512.0 128.0 256.0 128.0

PT-7 >512 >512 >512 512.0 >512 >512 >512 >512

PT-8 512.0 42.7 >512 512.0 32.0 32.0 53.3 >512

PT-9 >512 >512 >512 >512 >512 >512 >512 512.0

PT-10 >512 >512 >512 512.0 >512 >512 >512 >512

PT-11 256.0 256.0 512.0 512.0 341.3 512.0 512.0 256.0

PT-12 21.3 16.0 53.3 64.0 32.0 128.0 256.0 32.0

PT-13 >512 256.0 256.0 426.7 >512 512.0 512.0 512.0

PT-14 >512 >512 >512 512.0 >512 >512 >512 >512

PT-15 2.0 1.0 2.7 2.0 8.0 213.3 85.3 16.0

PT-16 256.0 256.0 256.0 512.0 256.0 >512 >512 256.0

PT-17 >512 >512 >512 512.0 >512 >512 >512 >512

PT-18 4.0 2.0 2.7 2.0 2.0 8.0 4.0 8.0

PT-19 >512 >512 >512 >512 >512 >512 >512 >512

PT-20 3.3 4.0 4.0 3.3 21.3 341.3 64.0 32.0
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Extended Data Fig. 1 | The performance and evaluation of transfer models on 
the training, validation, and test set. a, Performance of the AMPSorter over 
training and validation datasets across epochs. b, c, AUC (b) and AUPRC (c) of 
AMPSorter on the test set. d, e, UMAP visualization of training set, validation 
set, test set (d) and benchmarking set (e) using k-mer encoding (k = 3). Each 
point represents a sequence, with the position determined by reducing the 
high-dimensional k-mer feature space into two dimensions. tr-AMP: AMPs in 
the training set; tr-Non-AMP: Non-AMPs in the training set; v-AMP: AMPs in 
the validation set; v-Non-AMP: Non-AMPs in the validation set; te-AMP: AMPs 
in the test set; te-Non-AMP: Non-AMPs in the test set; b-AMP: AMPs in the 

benchmarking set; b-Non-AMP: Non-AMPs in the benchmarking set.  
f, Comparison of FCD values between the AMP test set and the benchmarking 
set. The FCD values were calculated by comparing the test set and benchmarking 
set against known AMPs using k-mer encoding (k = 3). g, Performance of the 
BioToxiPept over training and validation datasets across epochs. h, Training 
process of AMPGenix. Blue solid line indicates the raw loss values, and black solid 
line depicts the loss values smoothed. i, The ratio of sequences containing UAAs 
generated by AMPGenix at different temperature parameters, predicted as AMP 
and Non-AMP by AMPSorter.
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Extended Data Fig. 2 | The comparison of sequence distributions between 
m_AMPs and g_AMPs. a, Amino acids composition of 154 m_AMPs and 42 g_AMPs 
compared with known AMPs collected. b, Comparison of FCD values between 
m_AMPs and g_AMPs. The FCD values were calculated by comparing m_AMPs 
and g_AMPs against known AMPs using k-mer encoding (k = 3). c, The function 

of genes coding for proteins containing the 154 m_AMPs. The genes exhibit 
different functional expressions, among which translation, ribosomal structure 
and biogenesis, signal transduction mechanisms, cell wall/membrane/envelope 
biogenesis, inorganic ion transport and metabolism and cytoskeleton were the 
most expressed.
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Extended Data Fig. 3 | Workflow of AMPs including in vitro evaluation, therapeutic efficiency in vivo, and antimicrobial mechanism. A total of 154 m_AMPs and 42 
g_AMPs were characterized in vitro, and selected for in vivo experiment and mechanism exploration. Figure was created with BioRender.com.
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Extended Data Fig. 4 | Therapeutic efficacy of mice with seven optimal AMPs. 
a, g_AMP14, g_AMP33, g_AMP41, g_AMP42, m_AMP46 and m_AMP76 were used 
for mice infected with CRAB QLH-2022-637, and g_AMP14, g_AMP35, g_AMP41, 
g_AMP42, m_AMP46 and m_AMP76 were used for mouse infected with MRSA 
QLH-2022-718. b, AMPs with significantly therapeutic effects in CRAB and 
MRSA-infected groups. CRAB 637: CRAB QLH-2022-637; MRSA 718: MRSA QLH-
2022-718. c, d, PCoA analysis based on weighted UniFrac distance matrix using 
asv table. e–j, Clustering analysis with weighted UniFrac distance matrix at the 
phylum, class, and genus level. k, H&E staining of mouse colon and kidney tissues 
sections (scale bar, 100 μm). Arrow colors represent different lesions, in colon 

tissue (black: shedding of intestinal epithelial cells; green: loose arrangement 
of intestinal glands; blue: karyopyknosis of intestinal epithelial cells; dark 
blue: focal aggregates of lymphocytes in the submucosa; red: focal erosion of 
intestinal tissue), and in kidney tissue (black: hydropic degeneration of renal 
tubular epithelial cells; blue: karyopyknosis of renal tubular epithelial cells; grey: 
eosinophilic material in renal tubules; orange: cytoplasmic rarefaction and pale 
staining of renal tubular epithelial cells; yellow: venous stasis; brown: necrosis 
of renal tubular epithelial cells). Experiments were performed in duplicates with 
similar results and one representative figure is shown.
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Extended Data Fig. 5 | Mechanistic studies of optimal AMPs. a–c, The 
SEM images of CRAB QLH-2022-637 (a), MRSA QLH-2022-718 (b) and E. coli 
ATCC25922 (c) treated with AMPs. SEM images of each treatment group are 
shown at two scale levels: 2 μm (left) and 500 μm (right). d, PCoA represents the 
Bray-Curtis distance between individuals in the grouping based on the FPKM 
value and displays the P value and F statistic. Statistical analysis was conducted 
using PERMANOVA. Corresponding interpreted percentages are indicated in 
parentheses for each principal axis (PCoA1 and PCoA2). n = 6 in each group.  
e, Differential gene expression analysis was shown on volcano plot to exhibition 

the comparison between Arkwillin-treated group and control. The x-axis 
represents the log2 fold change, and the y-axis shows the -log10 Padj value  
derived from a two-sided Wald test performed by DESeq2, with multiple  
testing correction using the Benjamini-Hochberg method. The vertical dashed 
line depicts the absolute log2foldchange > 0 threshold, and the horizontal 
dashed line marks the Padj ≤ 0.05 significance threshold. Genes exhibiting 
significant alterations are highlighted in red dot (up-regulated) or blue dot 
(down-regulated). Schematic in (a–c) was created with BioRender.com.
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