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Abstract

Background: Hypertension is a major modifi able risk factor for cardiovascular disease 
(CVD), and angiotensin-converting enzyme (ACE) remains a principal target within the renin-
angiotensin-aldosterone system (RAAS). Food-derived ACE inhibitory peptides (ACEiPs) are 
attractive because of their specifi city and generally favorable safety profi le, but conventional 
discovery through protein hydrolysis, fractionation, purifi cation, and repeated activity assays 
is labor-intensive and samples only a small fraction of the possible sequence space. Scope 
and approach: Unlike reviews that consider databases, predictive models, generative methods, 
or structural validation as separate topics, this review organizes these components into an 
integrated closed-loop workfl ow. It connects curated ACEiP data, sequence and chemical 
encodings, machine-learning and deep-learning predictors, de novo generation, structure 
prediction, docking, molecular dynamics, free-energy estimation, experimental validation, and 
feedback-guided model refi nement. Key fi ndings and conclusions: The analysis shows that 
database heterogeneity, inconsistent IC50 assay conditions, class imbalance, and sequence 
redundancy can limit model generalization. For short food-derived peptides, simple composition 
and physicochemical descriptors remain competitive baselines; protein language models 
(PLMs) can add contextual information but may be affected by protein-to-peptide domain shift, 
whereas SMILES and self-referencing embedded strings (SELFIES) are most useful when atom-
level connectivity, stereochemistry, or non-canonical residues must be represented. A practical 
post-screening stage should jointly assess potency, ACE-domain binding, gastrointestinal 
stability, permeability, solubility, toxicity, allergenicity, and manufacturability. Progress toward 
translation therefore depends on a closed loop in which experimentally measured activity and 
developability data update the training set and guide subsequent design cycles.

Introduction
Hypertension is a major modiϐiable risk factor for 

cardiovascular disease, heart failure, stroke, dementia, chronic 
kidney disease, and premature mortality [1]. ACE contributes 
to blood-pressure regulation by converting angiotensin I 
to angiotensin II within the RAAS, which makes the enzyme 
an established therapeutic target [2]. Small-molecule ACE 
inhibitors such as captopril and enalapril are clinically 
effective, but cough, renal-function constraints, and other 
tolerability concerns motivate complementary strategies[2,3]. 
Food-derived ACEiPs are therefore of interest as functional-

food ingredients and potential therapeutic leads, although 
their efϐicacy depends on potency, stability, absorption, and 
exposure at the relevant biological site.

Conventional ACEiP discovery commonly begins 
with enzymatic hydrolysis of food proteins, followed by 
fractionation, puriϐication, mass-spectrometric identiϐication, 
and repeated in vitro ACE-inhibition assays [4–8]. These steps 
are experimentally demanding, consume substantial sample 
and time, and explore only a limited subset of the sequence 
space released by a chosen substrate and protease. Activity 
values obtained across studies are also difϐicult to combine 
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because assay substrates, ACE sources, pH, incubation time, 
and reporting units differ. These limitations establish the 
need for computational prioritization, but they also mean that 
model outputs must ultimately be tested under standardized 
experimental conditions.

Artiϐicial intelligence (AI)-assisted drug design can 
prioritize candidates from large sequence libraries, integrate 
sequence, chemical, and structural information, and support 
multi-objective optimization before wet-lab testing [9,10]. 
Predictive models reduce the number of peptides advanced 
to experiments, whereas generative models can propose 
sequences beyond known food-protein fragments. Structure 
predictors, docking, and molecular dynamics add mechanistic 
hypotheses, but none of these modules alone establishes 
ACE inhibition, oral exposure, or clinical efϐicacy. Their 
value is greatest when they are connected to experimental 
measurements rather than treated as a one-way virtual-
screening pipeline.

This review therefore contributes an integrated, closed-
loop perspective on AI-enabled ACEiP discovery. It links 
database curation, representation choice, predictive 
and generative modeling, ACE-speciϐic structural and 
developability ϐilters, experimental validation, and feedback-
based reϐinement in a single workϐlow (Figure 1). This 
organization distinguishes the review from module-centered 
summaries of peptide databases, individual predictors, or 
general therapeutic-peptide generation [11,12]. Particular 
attention is given to data bias, benchmark comparability, the 
suitability of PLMs and chemical string encodings for short 
food-derived peptides, and the requirements for oral and 
clinical translation.

ACE biology & peptide pharmacology relevance

ACE (often termed ACE1) and ACE2 are distinct homologous 
enzymes with different physiological roles; ACE is the 
primary therapeutic target discussed in this review because 
it converts angiotensin I to angiotensin II [13]. Somatic ACE 
contains homologous N- and C-domains, and many clinically 
used inhibitors bind both domains. The C-domain contributes 

strongly to angiotensin I conversion, whereas the N-domain 
has additional peptide substrates; domain selectivity may 
therefore inϐluence efϐicacy and adverse-effect proϐiles [14–
16]. Within the ACE active site, the S1, S1’, and S2’ subsites 
favor hydrophobic and aromatic C-terminal residues in many 
inhibitory peptides [16,17]. Crystal structures of inhibitor-
bound ACE illustrate zinc coordination and subsite occupancy, 
providing mechanistic constraints for peptide docking and 
design [18,19] (Figure 2).

Databases and curated datasets

In deep learning-based design of ACEiPs, high-quality, 
well-structured databases constitute the cornerstone of 
model training [20]. In recent years, advances in the enzymatic 
hydrolysis of food proteins and high-throughput screening 
technologies have markedly accelerated the discovery of 
ACEiPs[21]. The present review summarizes several publicly 
available ACEiP-related databases (Table 1). Among them, 
BIOPEP-UWM collects a wide range of bioactive peptides, 
including ACEiPs, and provides extensive information on 
sequences, origins, and activities. Owing to its broad coverage 
of food-derived peptides and the incorporation of enzymatic 
cleavage site prediction tools, this database can be used 
to predict ACEiPs that may be released from food proteins 
during digestion [22]. In contrast to BIOPEP-UWM, which 
requires stringent data ϐiltering and cleaning for modeling 
purposes, AHTPDB is a database speciϐically dedicated to 
antihypertensive peptides, the vast majority of which are 
ACE inhibitory peptides. It provides experimentally validated 
(in vitro) sequences, their sources, and standardized IC₅₀ 
values, making it well suited to serve as a benchmark dataset 
for building models of sequence–activity relationships[23]. 
Using these two databases in combination not only offers 
“conϐirmed activity data” but also allows simultaneous 
assessment of the feasibility of obtaining the peptides from 
real food raw materials, which is particularly valuable for the 
design and optimization of ACEiPs starting from food-based 
sources. FeptideDB supports three-dimensional structure 
prediction and small-scale docking workϐlows, offering a 
unique advantage for rapidly converting peptide sequence 
information into structural hypotheses and performing 
in silico virtual screening [24]. MBPDB focuses on milk-
derived peptides and includes clearly annotated sources and 

Figure 1: Closed-loop AI workfl ow for ACE inhibitory peptide discovery. ACE 
biology & peptide pharmacology relevance.

Figure 2: ACE binding modes of captopril (a) and Val-Pro-Pro (VPP) (b) 
Databases and curated datasets.
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functional classiϐications, making it suitable for studying the 
origins and activity validation of classic ACEiPs (such as VPP 
and IPP) in dairy products [25].

Dataset construction requires more than pooling all 
available entries. Identical peptides can have different 
reported IC50 values because studies use different ACE sources, 
substrates, pH values, incubation times, and units [26]. 
Positive examples are usually more completely reported than 
experimentally inactive peptides, producing class imbalance 
and uncertain negatives; duplication across databases can 
further inϐlate random-split performance. Before modeling, 
IC50 units and assay metadata should be harmonized, exact 
and near-duplicate sequences should be removed across 
training and test sets, and class balance should be reported.

Database selection should follow the task. AHTPDB is 
appropriate when experimentally validated antihypertensive 
activity and assay annotations are required; BIOPEP-UWM 
is useful for linking candidate peptides to food-protein 
precursors and simulated proteolysis; MBPDB supports dairy-
speciϐic questions; and ACEIP-DB is useful when sequence, 
chemical, and structural representations are needed. Broader 
food-peptide or antimicrobial-peptide repositories should 
be used only with explicit ACE-speciϐic ϐiltering [9,26–28]. 
Legacy resources should be treated as archival sources and 
cross-checked against the original publications.

Sequence representation and encoding strategies

When constructing deep learning–based predictive 
models for peptides or proteins, effective sequence encoding 
is the critical starting point of the entire pipeline. Different 
embedding strategies largely determine which aspects of 
information the model can capture and inϐluence its ultimate 
predictive performance. For short peptides, studies commonly 
adopt molecular representations, such as SMILES or SELFIES; 
these encodings preserve chemical bond connectivity, side-
chain structure, and topological features and are therefore 
well-suited as inputs to graph neural networks or molecular 
Transformer models [29–31]. In contrast, longer peptide 
chains or protein sequences are more frequently encoded 
using substitution matrices, such as BLOSUM62 or PAM, 
which reϐlect amino acid replacement probabilities and 
evolutionary relationships and thus remain highly practical 
in convolutional neural networks (CNNs) or recurrent models 
(RNNs/LSTMs) [32].

Pretrained PLMs, including Evolutionary Scale Modeling 
(ESM), Protein Bidirectional Encoder Representations from 
Transformers (ProtBERT), and Protein T5 (ProtT5), provide 
contextual residue embeddings learned from large protein 
corpora [33–35]. Their transfer-learning value should not be 
assumed to be uniform for ACEiPs: very short food-derived 
peptides differ markedly from the full-length proteins that 

Table 1: Summary of Databases of ACEiPs

Database Sequence 
Coverage

Structural 
Information

Organism 
/ Source

Mechanistic 
Data

Activity 
Information

Hemolysis 
Data

Cytotoxicity 
Data Accessibility* Website

AHTPDB
1694 unique 

peptides (5978 
total entries)

Limited 
predicted 
structural 
features

Food 
proteins, 

dairy, 
plant, 

animal

Partial 
(competitive 

/ non-
competitive)

IC50, pIC50, 
experimental 

conditions
Limited Limited Accessible https://webs.iiitd.edu.in/raghava/

ahtpdb/

BIOPEP-
UWM

1270  ACE-
related peptides None

Food-
derived 
proteins

None Qualitative/
literature IC50

None None Accessible https://uwm.edu.pl/biochemia/
biopep/

MBPDB

all known 
bioactive 

peptides derived 
from milk 

proteins from 
any species

None
Casein, 
whey 

proteins
None Partial IC50 Limited Limited Accessible https://mbpdb.nws.oregonstate.edu/

peptiline/ 

FeptideDB ~2000 peptides
3D models 
+ docking 
available

Food-
derived 
proteins

Docking-
based 

binding 
mode

Limited IC50 None None Unaccessible http://www.fptdb.com/

PepBank >19,000 peptides None Multiple 
organisms None Sparse ACE activity None None Unaccessible http://pepbank.mgh.harvard.edu/

ACEpepDB
~1400 ACE 
inhibitory 
peptides

None/limited
Food, 

microbial, 
synthetic

Partial IC50 + activity 
classes None None Unaccessible https://github.com/baojunpei/

ACEpepDB

APD (ACE 
subset)

3379 natural  
antimicrobial 

peptide (AMPs)
Partial Multiple 

organisms None Partial activity data Partial Partial Accessible https://aps.unmc.edu/

MilkAMP 
(ACE subset) ~100 peptides Partial Dairy 

proteins None Partial IC50 None None Unaccessible http://milkampdb.org/

ACEIP-DB
1,193  ACE 
inhibitory 
peptides

3D structures, 
SMILES 
notation

milk, ϐish, 
cereals, 

plants, and 
synthetic 

constructs

None Partial IC50 None None Accessible http://aceipdb.cpu-bioinfor.org/

*Accessibility was checked on 22 July 2026.
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dominate pretraining, terminal motifs can be diluted by 
global pooling, and ϐine-tuning small datasets can overϐit. 
PLM embeddings should therefore be benchmarked against 
transparent composition and physicochemical baselines and 
evaluated with sequence-clustered, source-aware test splits 
(Figure 3, Table 2).

For short, unmodiϐied food-derived peptides, amino-acid 
composition, dipeptide composition, position-aware one-hot 
encoding, and physicochemical descriptors remain strong and 
interpretable baselines. SMILES and SELFIES become more 
informative when a task must retain atom-level connectivity, 
stereochemistry, non-canonical residues, cyclization, or other 

Figure 3: Representative encodings for the ACE inhibitory tripeptide Val-Pro-Pro (VPP).

Table 2: Sequence and chemical encoding strategies for ACE inhibitory peptide prediction.
Method Principle Dim. Advantages Limitations Reference

A. Sequence-level (discrete)

One-hot encoding

Encodes each residue as a 20-dim binary vector with a 
single active position out of the 20 standard amino acids; 
the peptide becomes an L × 20 binary matrix that fully 
preserves sequence order. The most common input 
format for CNN/RNN/Transformer baselines on peptide 
tasks, including ACE inhibitor classiϐiers.

L × 20 (binary)

• Lossless sequence encoding
• Universal input for CNN / 

RNN / Transformer
• Simple and interpretable

• Sparse (95% zeros)
• No biochemical or 

evolutionary information
• Length-dependent 

(padding required)

[36]

k-mer encoding

Represents a peptide by the frequency vector of its 
overlapping subsequences of length k. For peptides, 
k typically ranges from 2 to 4; captures local motif 
preferences and short-range order without requiring 
alignment.

20ᵏ (e.g. 400 for 
k = 2;

8,000 for k = 3)

• Captures local motifs
• Computationally efϐicient
• Suitable for classical ML 

(SVM, XGBoost)

• Loses long-range 
dependencies

• Exponential 
dimensionality growth 
with k

• Very sparse for short 
peptides

[37]

B. Composition-based

AAC
(amino acid composition)

20-dim normalised frequency vector of the 20 standard 
amino acids — the simplest length-invariant descriptor. 
Widely used as a baseline input for ACE inhibitor 
predictors built on classical ML.

Fixed 20
• Length-invariant
• Low dimensional, fast
• Interpretable

• Loses all positional 
information

• VPP and PVP have 
identical AAC

• No physicochemical 
context

[38]

DPC
(dipeptide composition)

Frequencies of all 400 adjacent amino-acid pairs. Retains 
short-range sequence order while remaining length-
invariant, hence preferable to AAC for short bioactive 
peptides where local motifs matter.

Fixed 400

• Captures local sequence 
order

• Still length-invariant
• Strong baseline for short 

peptides

• Cannot model long-range 
interactions

• 20× higher dimension 
than AAC

• Sparse for short peptides

[38]

PAAC
(pseudo amino acid

composition)

Extends AAC with additional terms that encode sequence-
order correlations of physicochemical properties 
(hydrophobicity, hydrophilicity, mass). Combines global 
composition with biologically grounded local order 
signals via λ correlation factors.

20 + λ 
(typically 50)

• Combines composition with 
local order

• Biologically meaningful
• Widely used in bioactive 

peptide prediction

• Relies on handcrafted 
descriptors

• λ must be chosen by the 
user

• No learned contextual 
representation

[39]
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C. Evolutionary

BLOSUM62

Encodes each residue by its row in the BLOSUM62 
substitution matrix, producing an L × 20 real-valued 
matrix that captures pairwise evolutionary substitution 
probabilities at the 62%-identity threshold.

L × 20 (real-
valued)

• Captures evolutionary 
similarity

• Richer than one-hot
• Standardised, parameter-

free

• Position-independent
• No sequence context
• Choice of matrix (45 / 62 / 

80) affects results

[40]

D. Physicochemical descriptors

Physicochemical
descriptors

Hand-crafted numerical features encoding biochemistry: 
hydrophobicity (Kyte-Doolittle / GRAVY), net charge at 
pH 7, isoelectric point (pI), molecular weight, secondary-
structure propensities, and Z-scales (Wold et al. 1998). 
Aggregated as a peptide-level vector or per-residue when 
retained position-wise.

Variable
(typically 
10–500)

• Interpretable, biology-
grounded

• Low-dim and fast
• Standard input for many 

ACE inhibitor predictors 
(iAHTP, mAHTPred)

• Manual feature 
engineering

• Highly correlated features
• Misses non-linear context

[41,42]

E. Chemical (atom-level)

SMILES

Linear string representation of the peptide as a chemical 
molecule, encoding atoms, bonds, branches and 
stereochemistry. Allows treating peptides like small 
molecules and re-using cheminformatics / NLP pipelines.

Variable string
length

• Atomic-level detail
• NLP / Transformer 

compatible
• Bridge to small-molecule 

drug-design tools

• Multiple valid SMILES 
strings may represent 
the same peptide

• Peptide sequence 
order is represented 
indirectly through atom 
connectivity

• Canonicalization and 
tokenization can affect 
small-data models

[29]

SELFIES

Self-referencing embedded string designed so every 
syntactically valid SELFIES decodes to a chemically valid 
molecule. An attractive SMILES alternative for generative 
models that require 100% valid samples.

Variable string
length

• 100% chemically valid 
generation

• Robust to mutation 
operations

• Well-suited to generative AI

• Does not guarantee 
biological activity or 
synthetic feasibility

• Usually longer than the 
corresponding SMILES 
string

• Limited ACEiP-speciϐic 
benchmarking

[43]

F. Pre-trained protein language models (PLMs)

ESM-2

Transformer-based PLM trained by masked-language 
modelling on ∼250 M UniRef sequences; provides 
context-aware residue embeddings without requiring 
alignments. Available at multiple scales (8 M to 15 B 
parameters; d = 320 to 5120).

L × d 
(d = 1280 for 

650M)

• State-of-the-art contextual 
embeddings

• Strong transfer-learning 
behaviour

• No MSA needed
• Captures structural and 

evolutionary signal

• Protein-to-short-peptide 
domain shift

• Pooling may dilute 
terminal motifs 
important for ACE 
inhibition

• Higher compute cost and 
lower interpretability

[44]

ProtBERT

BERT-based bidirectional encoder pre-trained on 
UniRef100 (217 M sequences) with masked-language 
modelling. Produces residue-level contextual 
embeddings.

L × 1024

• Contextual embeddings 
without alignments

• Strong transfer learning
• Well-supported in 

HuggingFace ecosystem

• Protein-to-short-peptide 
domain shift

• Computationally expensive 
relative to descriptor 
baselines

• Requires careful pooling 
and ϐine-tuning

[45]

ProtT5

T5 encoder-decoder pre-trained on BFD / UniRef50. The 
encoder-only variant (ProtT5-XL-U50) is the most-used; 
embeddings are highly transferable across downstream 
peptide tasks.

L × 1024

• Highly transferable 
embeddings

• Strong downstream 
performance

• Encoder-decoder enables 
generation

• Large model and expensive 
inference

• Protein-to-short-peptide 
domain shift

• Limited interpretability 
and small-data 
overϐitting risk

[45]

and independent validation [53]. Reported performance 
should be interpreted together with dataset redundancy, class 
balance, and split strategy rather than ranked from a single 
headline metric.

The successful application of tools, such as Deep-AVPrd , 
has conϐirmed the effectiveness of transfer learning in 
peptide activity prediction tasks [54]. This method improves 
prediction performance by transferring general sequence 
knowledge through pretrained models, and its core advantage 
lies in the ability to overcome the data limitations of speciϐic 
biological tasks by leveraging the pretreatment results of 
large-scale data.

In particular, transfer learning can efϐiciently construct 

chemical modiϐications; for ordinary short peptides, their 
longer token sequences and representation choices can add 
complexity without guaranteed predictive gain [30,31,43,46]. 
Representation selection should therefore be justiϐied by the 
intended endpoint rather than by model novelty alone.

Traditional machine-learning and deep-learning 
predictors differ in both representation and model hierarchy 
[47–50]. Feature-engineered models remain useful as 
transparent baselines, PLM-based models transfer contextual 
information from large protein corpora, and stacked or multi-
view ensembles combine complementary feature families 
[28,41,51,52]. Models trained for other peptide bioactivities 
cannot be treated as ACE-speciϐic evidence without retraining 
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high-performance prediction models by adapting pretrained 
backbone models to large-scale datasets for speciϐic biological 
tasks[55]. This advantage is fully demonstrated in ACE 
inhibitory peptide prediction tasks, where pretrained models, 
such as ProtBERT and ESM, can acquire general semantic 
knowledge from massive protein sequences, thereby 
demonstrating excellent transferability [56,57].

In protein engineering research, the problem of data 
scarcity is particularly prominent. Therefore, in recent years, 
researchers have combined transfer learning with semi-
supervised strategies to provide a feasible solution to this 
problem [44]. The speciϐic combination process of the two can 
be based on the model mentioned earlier: using pre-trained 
models, such as ProtBERT or ESM, as the basis, ϐine-tuning 
speciϐic peptide data, and then constructing high-precision 
models for predicting such peptide segments.

For model development, sequence-clustered or source-
aware splits are preferable to unconstrained random splits, 
because close homologues distributed across training and 
test sets can inϐlate apparent generalization. Performance 
should be reported on an untouched independent set 
using at least balanced accuracy or accuracy (BACC/ACC), 
Matthews correlation coefϐicient (MCC), and area under the 
receiver-operating-characteristic curve (AUC), together with 
sensitivity, speciϐicity, class ratio, and conϐidence intervals 
where available (Table 3).

Generative models for de novo design

De novo peptide design represents a paradigm shift from 
traditional predictive modeling to the generative exploration 
of the peptide chemical space. Predictive deep learning 
aims to estimate the possibility of ACE inhibition based on 
the given sequence, whereas generative models primarily 
generate new peptide sequences with optimized biochemical 
and pharmacological properties. This shift is particularly 
valuable in ACEiPs discovery because of the limited number of 
experimentally validated sequences, high redundancy among 

natural food-derived peptides, and the need for multi-objective 
optimization beyond inhibitory potency alone. The high-
dimensional latent representations of deep generative models 
can capture the sequence semantics, structural patterns, and 
biochemical constraints of peptides, encoding the sequences 
into a continuous latent space for controlled exploration of 
functional peptide variants [60–62]. For ACEiPs, this strategy 
enables efϐicient exploration of the peptide chemical space, 
integration of physicochemical and biological constraints, 
discovery of potent peptides outside natural protein sources, 
and rational prioritization of candidates before experimental 
validation [63]. In combination with pretrained protein 
language models, generative frameworks greatly expand 
the accessible peptide landscape and support the design of 
bioactive peptides with tailored inhibitory proϐiles [64].

Deep generative models integrate multiple biochemical and 
functional constraints—such as ACE inhibition, peptide length, 
solubility, hydrophobicity, charge, toxicity, allergenicity, and 
digestive stability—via conditional generative architectures, 
latent-space steering, or multi-objective optimization 
frameworks that jointly model activity and developability [65]. 
In peptide design, physicochemical and structural ϐilters help 
guide the generation toward favorable bioavailability, low 
toxicity, and desired enzyme interactions [31]. Moreover, 
deep learning–based predictors for solubility, toxicity, 
and protease resistance can be embedded into generative 
pipelines to enforce constraints during sequence sampling or 
reinforcement learning–based optimization.

Structural validation should proceed as a staged triage 
rather than as a single docking calculation. First, AlphaFold or 
ESMFold can generate peptide and ACE structural hypotheses, 
with explicit attention to conϐidence and the ϐlexibility of 
short peptides [44,66]. Second, ensemble docking can test 
whether a candidate can occupy the catalytic channel and 
contact the zinc-coordinating and S1/S1’/S2’ regions. Third, 
molecular dynamics (MD) simulations assess pose stability, 
contact persistence, solvent exposure, and conformational 

Table 3: Hierarchy and reported independent-test performance of representative ACEiP predictors.
Predictor Model hierarchy Year Core Methodology Independent-test metrics* Reference

AHTpin Feature-engineered 
classical ML 2015 Support vector machine (SVM) using amino-acid 

composition (AAC) or atomic composition (ATC) ACC 0.771 (AAC) / 0.756 (ATC); MCC NR; AUC NR [26]

mAHTPred Feature-engineered meta-
ensemble 2019 Six machine-learning families combined with optimized 

sequence and physicochemical features ACC 0.883; MCC 0.767; AUC 0.951 [41]

PeptiTox Auxiliary safety ϐilter 2025 ESM-2 embeddings with a geometric graph neural 
network (GNN)

ACE-activity metrics N/A; toxicity classiϐication is used 
after activity prediction [58]

iAHTP-LH Feature-engineered 
random forest 2019 Random forest using low- and high-order sequence 

correlations
ACC/MCC/AUC NR at a directly comparable 

independent-test level [59]

Deepstack-ACE Deep stacking ensemble 2025 Word2vec embeddings with LSTM, CNN, MLP, GRU, and 
RNN base classiϐiers BACC 0.916; MCC 0.826; AUC NR [51]

pLM4ACE PLM transfer learning 2024 ESM-2 embeddings with logistic regression, SVM, and 
multilayer perceptron classiϐiers BACC 0.883; MCC 0.770; AUC NR [52]

AI4ACEIP Hybrid multi-view 
ensemble 2024 Two-layer stacked ensemble combining sequence, PLM, 

and molecular representations

Exact comparable values NR in abstract; MCC 
improvement 8.47-20.65% (source set) and 5.49-

14.42% (clean set)
[28]

*Values are those reported by the cited studies on their speciϐied independent sets. They are not directly rank-comparable because dataset composition, redundancy control, negative-
sample construction, and validation protocols differ. ACC, accuracy; AUC, area under the receiver-operating-characteristic curve; BACC, balanced accuracy; CNN, convolutional neural 
network; GRU, gated recurrent unit; LSTM, long short-term memory; MCC, Matthews correlation coefϐicient; MLP, multilayer perceptron; N/A, not applicable; NR, not reported; RNN, 
recurrent neural network.
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changes under deϐined conditions. Finally, molecular 
mechanics/Poisson-Boltzmann surface area (MM/PBSA), 
molecular mechanics/generalized Born surface area (MM/
GBSA), or more rigorous free-energy methods can be used 
to compare a limited set of candidates. These calculations 
prioritize experiments; they do not replace standardized IC50 
measurement.

Currently, a variety of generative models have played 
an important role because of their unique advantages. The 
following are the core applications and characteristics of 
variational autoencoders, generative adversarial networks, 
diffusion models, reinforcement learning, and hybrid 
frameworks.

VAEs map peptide sequences into a continuous latent 
distribution and reconstruct them through a decoder [67]. 
Key beneϐits include latent space optimization toward ACE 
inhibition and other biological objectives, facilitated by the 
smoothness and differentiability of the VAE latent space [62]. 
In peptide engineering, VAEs have demonstrated effectiveness 
in generating functional and structurally plausible sequences 
while enabling length-controlled decoding through 
conditional architectures [68]. Moreover, conditional VAEs 
support tailored generation guided by constraints such as 
IC₅₀ thresholds, hydrophobicity levels, net charge, or the 
inclusion of speciϐic structural or inhibitory motifs relevant 
to ACE binding interactions. GANs generate realistic peptide 
sequences by training a generator–discriminator pair[69]. 
For ACEiPs design, GAN frameworks provide high sequence 
diversity and can be adapted with ACE-speciϐic discriminators 
trained on curated inhibitory peptide datasets [70]. In peptide 
engineering, GAN-based approaches have demonstrated 
superior distributional learning of bioactive patterns and 
improved modeling of local structural or functional motifs 
relevant to protein–ligand interactions [71]. Furthermore, 
advanced peptide- or protein-focused GAN architectures 
enable the generation of novel sequences that maintain key 
biochemical features associated with inhibitory potency and 
binding to enzymatic pockets, such as those in ACE [72]. 
Diffusion models iteratively transform random noise into 
high-quality peptides through a sequence of denoising steps 
[73]. Compared with GANs, they offer more stable training 
dynamics and generate samples that better match realistic 
biochemical and structural distributions [74]. Their ability to 
capture long-range dependencies is particularly beneϐicial for 
peptide design, where sequence-level interactions and residue 
co-evolution inϐluence activity and folding [75]. Moreover, 
recent advances in conditional diffusion architectures enable 
controllable generation guided by functional, structural, or 
physicochemical constraints, making them well-suited for 
bioactive peptide discovery and design [75].

Reinforcement learning (RL) can convert peptide 
generation into goal-directed optimization by updating a 
sequence policy against a multi-objective reward [76,77]. 

For ACEiPs, the reward should not be dominated by a 
single predicted IC50 or docking score. A practical reward 
and post-screening cascade should combine predicted 
potency, C-domain binding geometry, novelty relative to the 
training set, gastrointestinal protease stability, solubility, 
aggregation propensity, intestinal permeability, hemolysis, 
cytotoxicity, allergenicity, off-target risk, and synthetic 
accessibility [12,31,58,78,79]. Uncertainty penalties and 
diversity constraints are needed to limit reward hacking and 
collapse toward a narrow motif family. Candidates should 
advance only when they satisfy predeϐined thresholds and 
remain chemically feasible, after which standardized wet-lab 
measurements can be returned as new rewards or active-
learning labels.

Hybrid frameworks combine generative models, PLMs, 
docking, MD simulations, and graph neural networks to connect 
sequence-level design with structural and developability 
assessment [80–83]. PLMs such as ESM and ProGen provide 
contextual sequence representations, whereas graph models 
describe residue-residue and peptide-ACE interactions. The 
principal advantage is not simply model complexity, but the 
ability to reject candidates that are predicted to be potent 
yet unstable, toxic, poorly soluble, or structurally implausible 
before synthesis (Figure 4, Table 4).

End-to-end AI pipelines and structural validation

An end-to-end ACEiP workϐlow begins with versioned data 
curation and assay harmonization, followed by representation 
selection, leakage-controlled model training, and uncertainty-
aware prediction or generation. Candidates are then ϐiltered 
against ACEiP-speciϐic criteria before structural analysis. 
Structure prediction supplies conformational hypotheses; 
ensemble docking evaluates catalytic-site compatibility; MD 
examines the persistence of key contacts; and free-energy 
calculations reϐine the ranking of a small candidate set. Only 
candidates that also satisfy stability, safety, solubility, and 
manufacturability thresholds should proceed to synthesis and 
standardized ACE-inhibition assays [5–8,44,66].

The workϐlow becomes closed-loop when experimental 
results are stored with complete assay metadata and used to 
update the next model cycle. Measured IC50 values, inactive 
results, solubility, digestive stability, permeability, toxicity, 
and failed syntheses are informative labels rather than 
discarded outcomes. Active learning can prioritize candidates 
whose measurement is expected to reduce uncertainty, while 
multi-omics information can connect peptide precursors, 
processing conditions, biological exposure, and response 
pathways [97–102]. This feedback design converts model 
reϐinement from a one-time retraining step into an auditable 
sequence of design-build-test-learn cycles.

Current platforms such as PepGAN, ProtGPT2, ProGen, 
PRO-LDM, and AlphaDesign illustrate complementary parts 
of this workϐlow (Table 5) [64,90,103–105]. Most were not 
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Figure 4: Generative paradigms for de novo ACE inhibitory peptide design and experimental feedback.

Table 4: Representative generative and optimisation paradigms for de novo ACE inhibitory peptide design.

Generative design 
approach Core principle

Key algorithms 
/ representative 

models
Advantages Limitations Refs.

Variational Autoencoder
(VAE)

An encoder maps peptide sequences into a 
continuous low-dimensional latent space modelled 

as a Gaussian, and a decoder reconstructs 
sequences by sampling from the latent. Training 

maximises a variational lower bound that balances 
reconstruction accuracy and latent regularisation. 

Conditional VAEs (cVAE) accept additional 
inputs such as target IC₅₀ or net charge to direct 
generation toward desired biological properties.

• Vanilla VAE; β-VAE
• Conditional VAE 

(cVAE)
• Adversarial 

Autoencoder (AAE)
• Wasserstein 

Autoencoder (WAE)
• Vector-Quantised VAE 

(VQ-VAE)

• Smooth continuous latent 
space supports interpolation 

between peptides
• Native support for 

conditioning on activity, length 
or charge

• Stable training with well-
understood theory

• Compact latent 
representation enables 

downstream optimisation

• Reconstructions tend to 
be averaged or “blurred”
• Posterior collapse with 

strong decoders
• Lower sequence diversity 

than GAN or diffusion 
approaches

[67,84]

Generative Adversarial 
Network (GAN)

A generator network synthesises candidate 
peptide sequences from latent noise while a 
discriminator network learns to distinguish 

real peptides from generated ones. Adversarial 
training drives the generator toward sequences 
indistinguishable from the training distribution. 

Conditional GANs add label inputs (e.g., 
bioactivity class) and Feedback-GAN architectures 
incorporate an external activity predictor to steer 

generation toward bioactive candidates.

• SeqGAN
• Wasserstein GAN 
(WGAN, WGAN-GP)

• ProteoGAN
• Conditional GAN 

(cGAN)
• Feedback GAN 

(FBGAN)

• High sequence diversity and 
sharp samples

• Flexible conditioning on 
biological properties

• Mature framework with 
many established variants
• Feedback-GAN supports 
activity-guided reϐinement 

loops

• Training instability and 
mode collapse are common

• No explicit likelihood, 
complicating sample 

evaluation
• Highly sensitive to 

hyperparameter choices
• Difϐicult to control ϐine-
grained physicochemical 

properties

[69]

Sequence Diffusion 
Models

A forward diffusion process gradually corrupts 
peptide sequences (one-hot or learned 

embeddings) into Gaussian noise; a learned 
reverse process generates new peptides by 

progressively denoising. Classiϐier or classiϐier-
free guidance steers generation toward target 

properties such as predicted IC₅₀ or motif 
presence. Discrete-diffusion variants operate 

directly in the amino-acid token space.

• Denoising Diffusion 
Probabilistic Models 

(DDPM)
• Score-Based 

Generative Models 
(SGM)

• Score SDE
• Discrete sequence 

diffusion (D3PM, 
EvoDiff)

• Score Distillation 
Sampling (SDS / VSD)

• Supports ϐlexible conditional 
control

• Stable training, no mode 
collapse

• Handles ambiguity and 
sparsity in sequence data

• Compatible with pretrained 
priors for few-shot transfer

• Slow sampling (many 
denoising steps)

• Limited interpretability of 
intermediate states
• Computationally 

expensive at training and 
inference

[75,85,86]
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Equivariant 3D Diffusion

Diffusion models operating directly in 3D 
Cartesian space generate or reϐine peptide–target 
binding poses while preserving SE(3) symmetry 

(rotation- and translation-equivariance). 
Equivariant graph neural networks (EGNN) and 
geometric attention ensure predictions remain 

consistent under reference-frame changes, 
enabling structure-aware peptide design directly 

against a protein target such as ACE.

• RFdiffusion / 
RFdiffusion-AA (all-

atom)
• PepMimic

• AlphaFold 3-style 3D 
diffusion

• EGNN-based score 
networks

• Geometric Attention
• Conditional 3D 

Diffusion

• Generates physically 
plausible 3D peptide–target 

conformations
• Preserves rotation/

translation symmetry by 
construction

• Strong spatial reasoning; 
models ϐlexible peptide 

backbones
• Directly applicable to target-
conditioned design (e.g., ACE 

C-domain)
• Can explore multiple binding 

modes simultaneously

• Requires large high-
quality structural datasets 

(PDB)
• Sampling slow and 
memory-intensive

• Long-range molecular 
interactions still difϐicult 

to model
• Generated structures 

often need physics-based 
reϐinement (MD)

[75,87,88]

Autoregressive Protein 
Language Models

A causal Transformer decoder generates peptide 
sequences token-by-token, maximising the 

conditional probability of each amino acid given 
the preceding residues. Pretraining on large 
protein corpora (UniRef, UniProt) followed 

by ϐine-tuning on bioactive peptides enables 
prompt-based zero-shot or few-shot design. 

Reinforcement-learning ϐine-tuning (PPO, 
REINFORCE) further steers generation toward 

goal-directed objectives.

• ProtGPT2
• ProGen / ProGen2

• RITA
• PepGPT

• RL ϐine-tuned variants 
(PPO, REINFORCE)

• Prompt-conditioned 
generation

• Leverages massive 
pretrained protein corpora via 

transfer learning
• Strong long-range 

dependency modelling
• Supports prompt- and motif-

conditioned generation
• Naturally combines with 

reward models for goal-
directed design

• Token-by-token 
generation is slow at 

inference
• Limited extrapolation 

beyond the training 
distribution

• Sequence-only view; lacks 
direct structural awareness

• Output coherence is 
sensitive to tokenisation 

choices

[64,89–92]

Normalizing ϐlows

Normalizing ϐlows learn an invertible mapping 
between a simple base distribution and a 

complex data distribution through bijective 
transformations. They provide exact or tractable 

likelihoods and a continuous latent space, but 
ACEiP-speciϐic applications remain limited.

• NICE
• RealNVP
• Masked 

autoregressive ϐlow 
(MAF)

• Inverse 
autoregressive ϐlow

• Neural spline ϐlows
• Continuous 

normalizing ϐlows
• FFJORD

• Tractable likelihood-based 
evaluation

• Invertible sampling and 
inference

• Continuous latent-space 
interpolation

• Stable optimization relative 
to adversarial training

• Invertibility constrains 
architecture

• Jacobian calculations can 
be expensive

• Limited peptide-speciϐic 
evidence

• Sequence discretization 
requires care

• Sample quality may lag 
diffusion models

[93–96]

Abbreviations: AAE, adversarial autoencoder; cGAN, conditional generative adversarial network; cVAE, conditional variational autoencoder; DDPM, denoising diffusion probabilistic 
model; EGNN, equivariant graph neural network; FFJORD, free-form Jacobian of reversible dynamics; GAN, generative adversarial network; MAF, masked autoregressive ϐlow; NICE, 
non-linear independent components estimation; PLM, protein language model; RealNVP, real-valued non-volume preserving; RL, reinforcement learning; SE(3), three-dimensional 
special Euclidean group; VAE, variational autoencoder; WAE, Wasserstein autoencoder.

Table 5: Peptide design platforms.

Name Year Architecture Training Data Scale Open Source ACE-Speci ic 
Validation Remark Reference

PepGAN 2020 GAN

Approx. thousands of 
known antimicrobial 

peptide (AMP) 
sequences

https://github.com/tsudalab/PepGAN

No
(Mainly targets broad-

spectrum AMPs, not 
optimized for ACE)

Active-directed 
antimicrobial 

peptides
[103]

ProtGPT2 2022 AR Transformer
UniRef50

(Approx. 45 million 
protein sequences)

https://huggingface.co/nferruz/ProtGPT2

No
(Universal protein/
peptide generation, 

millisecond-level rapid 
inference)

Autoregressive 
millisecond 
generation

[90]

ProGen 2023 AR Transformer 280 Million (280M)
protein sequences https://github.com/salesforce/progen

No
(Cross-family universal 
large model, guided via 

conditional control)

Cross-family large 
model [64]

PRO-LDM 2025 Diffusion

Approx. millions of 
high-resolution protein 

structure/sequence 
pairs

https://github.com/AzusaXuan/PRO-LDM

Can be combined with 
speciϐic Prompts

(Utilizes conditional 
guidance to generate 

potential targeted 
peptides)

Precise Design for 
Subtle Diffusion [104]

AlphaDesign 2025 Diffusion
Based on AlphaFold DB 
and tens of millions of 

curated sequences
https://github.com/mjendrusch/salad

Yes / Supported
(Can input ACE crystal 

structure as a target for 
backbone hallucination 

design)

Illusion Diffusion 
All-Purpose Design [105]

ProT-VAE 2025 VAE
Approx. millions of 

unaligned sequences 
(MSA-free)

https://github.com/NVIDIA/BioNeMo

No
(Currently focuses on 

MSA-free universal 
functionally targeted 
peptide generation)

MSA-free, 
function-targeted 
generative protein 

design platform.

[84]
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developed speciϐically for ACEiPs, so their outputs require 
ACE-speciϐic retraining or conditioning and the post-screening 
criteria described above. Their use should be reported with 
model version, training-data provenance, generation settings, 
and the experimental basis for candidate selection.

Challenges and future perspectives

Translation of ACEiPs requires coordinated progress in 
four areas: algorithm optimization, peptide delivery, multi-
omics integration, and clinical translation. Across all four, 
the central principle is experimental feedback: standardized 
measurements should reϐine both the candidate-selection 
rules and the models used in the next design cycle [12].

Algorithm optimization

Algorithm development should prioritize data quality 
and prospective generalization over increasingly complex 
architectures. Assay conditions and units should be 
harmonized; duplicate and highly similar peptides should 
be separated across splits; class imbalance and uncertain 
negatives should be handled explicitly; and calibration 
and uncertainty should be reported with discrimination 
metrics. Structure-activity and mechanism evidence should 
constrain the model rather than be inferred from sequence 
correlations alone [106–108]. Multi-objective predictors 
should jointly model ACE inhibition, digestive stability, 
solubility, permeability, toxicity, and manufacturability. 
Closed-loop active learning can then select experiments that 
either test high-value candidates or resolve regions of model 
uncertainty, with failed candidates retained as informative 
negative evidence [28,51,52,76,77].

Peptide delivery

Oral bioavailability remains a principal translational 
constraint. ACEiPs may be degraded by gastric and intestinal 
proteases, altered by food processing and storage, poorly 
transported across the intestinal epithelium, or cleared 
before achieving sufϐicient systemic or local exposure 
[12,79,109–111]. Proline-rich short peptides such as Val-Pro-
Pro and Ile-Pro-Pro can show greater digestive stability, but 
this property cannot be generalized to all plant- or marine-
derived sequences [111–114]. In vitro potency should 
therefore be interpreted together with simulated digestion, 
epithelial transport, plasma stability, and pharmacokinetic 
measurements.

Delivery strategies include sequence modiϐication, food-
matrix design, microencapsulation, liposomes, polysaccharide 
carriers, and controlled-release systems [115–117]. Chitosan-
coated nanoliposomes and alginate-chitosan composites can 
protect activity during digestion, but gains in encapsulation 
must be balanced against release kinetics, carrier safety, 
manufacturing reproducibility, sensory effects, and regulatory 
acceptability. Model-based formulation design could help 

rank carrier-peptide combinations, but comparative in vivo 
exposure and efϐicacy remain necessary before claims of 
improved bioavailability are justiϐied.

Multi-omics integration

Proteomics, peptidomics, metabolomics, and microbiome 
measurements can connect food-protein precursors, 
processing-dependent peptide release, intestinal 
transformation, systemic exposure, and downstream 
vascular responses [7,97–100,118–120]. Their main value 
is mechanistic triangulation: omics-derived candidates can 
enter the design pipeline, while post-intervention proϐiles 
can reveal whether predicted ACE-centered effects are 
accompanied by antioxidant, anti-inϐlammatory, endothelial, 
or microbiome-mediated responses. Integration should use 
matched samples, explicit batch correction, and external 
validation to avoid adding high-dimensional noise without 
biological resolution.

Clinical translation

Clinical translation requires standardized peptide identity, 
purity, dose, matrix, ACE-assay methods, and safety reporting, 
followed by adequately powered randomized trials with 
pharmacokinetic and blood-pressure endpoints [79,121–
124]. Population differences, concomitant antihypertensive 
therapy, renal function, and diet should be incorporated into 
eligibility and subgroup analyses. Manufacturing controls 
and regulatory classiϐication must be considered early 
because a peptide positioned as a functional-food ingredient 
faces different evidence and quality requirements from a 
therapeutic product.

A clinically oriented closed loop should return human 
tolerability, exposure, and response data to the design 
framework without allowing small or uncontrolled studies 
to dominate the reward signal. Prospective registration, 
external validation, and post-market surveillance are needed 
to determine whether computationally prioritized ACEiPs 
provide reproducible beneϐit beyond established dietary and 
pharmacological approaches.

Conclusion
This review frames AI-enabled ACEiP discovery as a 

closed-loop process rather than a sequence of isolated 
computational modules. Reliable progress depends on 
curated and assay-aware datasets, representation choices 
matched to short food-derived peptides, leakage-controlled 
benchmarks, multi-objective prediction and generation, 
staged structural validation, and experimentally deϐined 
post-screening thresholds. Oral stability, intestinal exposure, 
delivery, and clinical evidence remain limiting factors that 
cannot be inferred from docking or predicted IC50 alone. The 
most productive path is therefore iterative: design candidates, 
test activity and developability under standardized conditions, 
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retain both successful and failed outcomes, and use those 
measurements to reϐine the next model cycle. This design-
build-test-learn framework provides a more rigorous basis 
for translating ACEiPs from computational hypotheses to 
validated functional-food or therapeutic candidates.
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