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ABSTRACT: Language models have been increasingly popular in therapeutic
peptide generation, but molecular diversity remains limited due to reliance on the
20 canonical amino acids. We propose a language model that generates
peptidomimetics incorporating noncanonical elements like noncanonical amino
acids and terminal modifications. To accomplish this, we created a vocabulary of
over 17,000 noncanonical elements by extracting them from chemical formulas
stored in the ChEMBL database. Our pretrained language model, GPepT, showed
improved diversity in molecular structures and chemical properties. To
demonstrate its real-world application, we fine-tuned the model for antimicrobial
peptides. Experimental validation revealed that one of the generated peptidomi-
metics exhibited effective antimicrobial activity, marking a successful case of AI-driven peptide development. GPepT is fully
accessible on HuggingFace: https://huggingface.co/Playingyoyo/GPepT.
KEYWORDS: Noncanonical Amino Acids, Amino Acids, Peptidomimetics, Protein, Peptide, Antimicrobial Peptides, RDKit, SMILES,
GPT, AI, Language Model

Peptides play a pivotal role in various biological functions,
including antimicrobial, anticancer, and anti-inflammatory

activities. Recent advancements in peptide engineering have
sparked interest in developing novel peptides as therapeutic
agents, with over 53 peptides�accounting for 10% of the 509
drugs approved by the FDA between 1999 and 2019�
emerging in clinical applications.1 To enable broader range of
functions and binding properties, a diverse library of
therapeutic peptides is crucially important.2 There are at
least three approaches to increasing diversity: 1) Collecting
peptide sequences from a large pool of organisms.3 2) De novo
sequence generation via machine learning.4−8 3) Incorporation
of noncanonical elements.9 In the first approach, Santos-Junior
et al. successfully predicted nearly 1 million antimicrobial
peptides from the global microbiome.3 In the second approach,
a variety of deep learning models have been developed. Earlier,
separate generative models have been developed for distinct
purposes. Examples include variational autoencoders,4,6,10

recurrent neural networks,5,8 generative adversarial networks7

and transformers.11 More recently, it has become more
customary to build a foundation model pretrained with
unlabeled data, which can then be fine-tuned to serve a
specific purpose, e.g., PeptideBERT11 and ProtGPT2.12 The
above-mentioned approaches create peptides only with 20
canonical amino acids; hence the chemical diversity of
generated peptides is intrinsically limited.
In the third approach, the chemical space is expanded by

introducing noncanonical elements. These elements, compris-

ing noncanonical amino acids (ncAAs) and terminal
modifications, give rise to ″peptidomimetics″�peptide-like
molecules that transcend the limitations of conventional amino
acid sequences.2 Murakami et al.9 extended their language
model with few ncAAs, but the impact on diversity was
insubstantial. Although subsets of common noncanonical
elements exist in the literature (see, e.g., Goettig et al.13),
there is no comprehensive collection of noncanonical
elements, let alone tokens representing them. This deficiency
of tokens presents a significant barrier to generating chemically
diverse amino acid sequences using contemporary language
models.14

Chemical compound databases, particularly ChEMBL,15

contain peptidomimetics with previously underutilized non-
canonical elements that may prove valuable in therapeutics
(Figure 1a). CHEMBL2407177, synthesized by Murugan et
al.,16 demonstrates the utility of a Histidine-derived ncAA in
creating antimicrobial therapeutics with enhanced proteolytic
stability and negligible hemolytic activity. Marine-derived
amino acid substituents, specifically brominated variant, are
featured in a synthetic antifungal peptidomimetic
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CHEMBL5270768.17 is reported to be a potent inhibitor of
SIRT1, a protein linked to type 2 diabetes and heart disease, as
well as SIRT2, which may be involved in glioma tumorigenesis
and Parkinson’s disease. CHEMBL3780549, a thyrotropin-
releasing hormone analogue, incorporates novel amino acids
proposed by Meena et al.18 Notably, these ncAAs remain
absent in major chemical databases including PubChem,19

limiting their accessibility to the broader scientific community.

In this paper, we construct a comprehensive vocabulary of
noncanonical elements by detecting them in a large number of
chemical formulas and use it to build a foundation model for
peptidomimetics. The vocabulary was created with a Python-
based software we named Monomerizer that decomposes
peptides/peptidomimetics represented as chemical formulas
into amino acids and tokenize noncanonical elements (Figure
1b). As a result of applying Monomerizer to ChEMBL-
registered molecules, noncanonical elements were obtained,

Figure 1. (a) Examples of uncommon amino acids found in ChEMBL database. (b) Function of Monomerizer: It decomposes peptides and
peptidomimetics, represented as chemical formulas, into canonical and noncanonical amino acids, and tokenizes the newly identified noncanonical
elements.
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and unique tokens were assigned to them. Next, the chemical
formulas were converted to sequences via the vocabulary and
used to pretrain a standard transformer language model.12 The
pretrained model is called Generative pretrained Peptidomi-
metics Transformer (GPepT). Using GPepT without any fine-
tuning, tens of thousands of peptidomimetics were generated.
The chemical diversity of generated sequences was found to be
greatly enhanced in terms of both structural features and
chemical properties (Figure S2).
To demonstrate the relevance of our study to real-world

peptide development, we conducted a case study on designing
antimicrobial peptides. Our model was fine-tuned with the
sequences that showed antimicrobial activity against Escher-
ichia coli. Among the generated sequences, five peptides
proceeded to synthesis after synthesizability assessment by
experts. One peptide, containing D-Tryptophan, exhibited
antimicrobial activity against E. coli, making it one of the first
successful cases of AI-generated peptidomimetics.
Monomerizer accepts a molecule in SMILES (Simplified

Molecular Input Line Entry System) format,20 a textual
representation of chemical structures that encodes atoms and
bonds as a string. Any molecule with fewer than two peptide
bonds are rejected. Then, canonical amino acids are removed
from the molecule by SMARTS (SMILES Arbitrary Target
Specification)-based template matching,21 which allows for
specifying substructural patterns to identify and manipulate
specific parts of a molecule. Each of the remaining parts are
classified into two categories: 1) ncAAs, 2) terminal
modifications, according to the presence or absence of a
backbone. Once all molecules are processed, identical
fragments are summarized and assigned unique tokens. Tokens
X1, . . .,Xn are assigned to all ncAAs, and tokens Z1, ..., Zn to all
terminal modifications. See Section S1 for algorithmic details.
By applying Monomerizer to all bioactivity-labeled

2,409,270 molecules on ChEMBL,22 we identified 11,243
ncAAs and 6465 terminal modifications. 7157 (63.7%) of the
ncAAs and 2811 (43.5%) of the terminal modifications were
not registered in ChEMBL or PubChem as individual
molecules. Using these tokens, 42,743 molecules were
successfully converted into sequences, 38,138 (89.2%) of
which were peptidomimetics containing at least one of the
noncanonical elements. This collection of sequences, which we

designate as Data set P, serves as the foundation for our
subsequent analyses.
We developed GPepT by adapting the GPT-2 large

transformer decoder from HuggingFace, consisting of 36
layers and a dimensionality of 1280, for sequence design of
peptidomimetics. To handle our elements, we reinitialized the
pretrained weights and built a custom tokenizer specifically
designed to tokenize each element�canonical or non-
canonical�rather than words or subwords as in traditional
natural language processing. We then used HuggingFace’s
run_clm.py script,23 which facilitates next-token prediction
training with a single command, to train GPepT on our Data
set P. Training adhered to standard configurations, including
cross-entropy loss for autoregressive generation, a base
learning rate of 1 × 10−5, and Adam optimization, a widely
used stochastic gradient descent method that adapts learning
rates for each parameter using estimates of first and second
moments of the gradients,24 with β1 = 0.9, β2 = 0.999. To
assess the influence of noncanonical elements, we trained two
versions of the model: GPepT, trained on the full data set, and
GPepT-canonical, trained only on sequences composed of
canonical amino acids.
After training, novel sequences were sampled with a

repetition penalty 1.5. Occasionally, invalid sequences were
generated where a terminal modification appeared in the
middle. Sampling continued until 10,000 valid sequences were
obtained. We converted the sequences back to a chemical
formula and represented them as Morgan fingerprints, fixed-
length binary vectors encoding molecular substructures used
widely for chemical similarity and machine learning tasks.
Using t-SNE (t-distributed Stochastic Neighbor Embed-
ding),25 we visualized the reduced high-dimensional data of
Morgan fingerprints in two dimensions for the generated
sequences by GPepT and GPepT-canonical (Figure 2a). The
sequences generated by GPepT are more dispersed than those
from GPepT-canonical, highlighting the superior chemical
diversity provided by noncanonical elements. Figure 2b shows
the individual and joint distributions of five physicochemical
properties: fraction of aromatic bonds, fraction of rotatable
bonds, fraction of hydrogen bond acceptors, fraction of
hydrogen bond donors, and the fraction of carbon atoms
that are SP3 hybridized. The increased diversity is evident in

Figure 2. Comparison of amino acid sequences generated by GPepT and GPepT-canonical. (a) t-SNE visualization of Morgan fingerprints. (b)
Distribution of physiochemical properties of the amino acid sequences.
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these properties as well. Figures S1 and S2 present similar
results for individual noncanonical elements and Data set P,
respectively.
Antimicrobial resistance attributed to 1.27 million deaths in

2019.26 Antimicrobial peptides (AMPs), key components of
innate immunity, have emerged as candidates in the fight
against resistant pathogens.27 While antimicrobial peptides
(AMPs) have emerged as promising candidates due to their
role in innate immunity, bacterial resistance to AMPs, though
rare, has been documented.28 Nature has addressed this
challenge through the incorporation of ncAAs in AMPs,
expanding their functional diversity and potentially reducing
resistance development.29 To demonstrate how our language
model could contribute to solving this real-world problem, we
present a case study developing antimicrobial peptides.
In Data set P, 205 sequences are labeled as antimicrobial

against E. coli. The weights pretrained on GPepT were fine-
tuned with the 205 sequences to generate antimicrobial
peptidomimetics. 500 sequences were generated using the fine-
tuned model. First, we ranked all noncanonical elements
according to the enrichment score, i.e., the fraction of
generated sequences including the element divided by the
fraction of sequences in Data set P including it. If the score is
high, it implies that the element is preferred more after fine-
tuning. Top five elements are shown in Figure 3. The top one’s
enrichment score is 33, suggesting that it is strongly related to
antimicrobial activity.

For experimental validation, we selected five sequences of
length 3−50 (Pep1−5; Table S1) based on the commercial
availability of the included noncanonical elements and
synthesizability. Pep1, 3, and 5 were successfully synthesized
and purified to a degree suitable for antimicrobial testing. No
unexpected or unusually high safety hazards were encountered.
As shown in Figure 4a, Pep1 demonstrated potent antibacterial
activity against E. coli with a minimum inhibitory concentration
(MIC) of 50 μg/mL, effectively outperforming its canonical
counterpart ″WWWWWKZ0″ (Z0 = Amide) (MIC > 100 μg/
mL) (Figure 4a). The circular dichroism (CD) spectrum of
Pep1, particularly the appearance of a distinct negative peak at
225 nm and a positive peak at approximately 235 nm, is
atypical for canonical secondary structures and may suggest

unique conformational features induced by the ncAA X556 (D-
tryptophan). These peaks may arise from π−π interactions
involving the D-Trp residue or exciton coupling effects, which
may contribute to increased local rigidity or to a functionally
relevant structural orientation of the peptide. Such CD
signatures in the 225−235 nm region have been associated
with intramolecular exciton interactions involving aromatic
side chains, as reported by Zsila.30 While detailed structural
elucidation would require further spectroscopic or computa-
tional studies, the observed features may indicate that ncAA
incorporation stabilizes local conformations in a functionally
relevant manner. Antimicrobial testing results for Pep3 and
Pep5 are presented in Figure S3.
Our work has revealed the untapped potential of non-

canonical elements in peptide drug discovery. The identi-
fication of 11,243 ncAAs represents a significant expansion of
the peptide building block repertoire. This comprehensive
tokenization of noncanonical elements addresses a critical gap
in the field, enabling the systematic exploration of expanded
peptide chemical space. Existing models such as Peptide-
BERT11 can be expanded using our tokens of noncanonical
elements.
We demonstrated a fine-tuning strategy to generate

peptidomimetics for specific purposes. Pep1 outperformed its
canonical counterpart in antimicrobial activity, but there is
room for improvement. In fact, nearly 80% of our ncAAs that
do not possess primary amine, making them incompatible with
peptidomimetics synthesis using standard methods. This
limitation underscores the gap between computational
predictions and practical synthesis in peptide engineering.
Nature enhances peptide diversity through post-translational
modifications, suggesting that synthetic approaches could
adopt similar strategies. For example, proline analogues have
shown promise in modifying peptide backbones,31 while in
vitro ribosomal translation systems could allow the integration
of D-, β-, or γ-amino acids, broadening access to our ncAA
discoveries. Developing new synthesis techniques will be key to
leveraging these computational findings in the real-world
peptide engineering.
In conclusion, our work bridges computational peptide

design with practical therapeutic development through the
systematic exploration of noncanonical elements. While
challenges in synthesis methods remain, our successful
demonstration of a biologically active, language model-
generated antimicrobial peptidomimetic validates this ap-
proach. As synthesis capabilities evolve, this expanded chemical

Figure 3. Top 5 enriched noncanonical elements. They correspond to
the following tokens: X4857, X10616, X8507, X9886, X8517. Their
enrichment scores are 33, 33, 30, 29, and 27. Only X4857 is found in
PubChem.

Figure 4. Experimental validation of GPepT-generated peptidomi-
metics Pep1. Canonical Pep1 refers to the peptide where non-
canonical elements in Pep1 are replaced with canonical ones. a)
Bacteria growth (OD600) after 24 h against peptide concentration. b)
Circular dichroism spectra.
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space promises to accelerate the development of peptide-based
therapeutics with improved drug-like properties, offering new
possibilities to address challenging therapeutic needs.
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