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Abstract

Cell-penetrating peptides (CPPs) offer a promis-
ing route for intracellular delivery, yet their design
remains constrained by scarce, heterogeneous,
and weakly standardized experimental data. Ex-
isting computational work has largely focused
on supervised modeling, while the more chal-
lenging problem of generating functional, cell
line—specific CPPs under limited supervision re-
mains underexplored. Here, we introduce a con-
ditional generative framework for cell line—aware
CPP design by fine-tuning a pretrained protein
language model (pLM) using parameter-efficient
adaptation strategies. To support reliable post-
generation selection, we developed independent
predictive model for CPP activity, including a
calibrated classifier achieving F1 = 0.847 and pre-
cision = 0.952. We further enforced strict dataset
separation and active sampling to mitigate infor-
mation leakage and improve robustness in low-
data regimes. Among the evaluated conditioning
strategies, soft-prompt tuning provided the best
balance between functional enrichment, diversity,
and sequence-level novelty, while maintaining
favorable diversity and similarity constraints. Fur-
thermore, external validation with PMIPred was
conducted, which showed strong enrichment to-
ward membrane-active peptides. Overall, our re-
sults demonstrate that conditional generation of
CPPs is feasible even under stringent data limita-
tions, and provide a scalable blueprint for moving
beyond predictive peptide modeling toward con-
trollable, function-oriented molecular design.

1. Introduction

Cell-penetrating peptides (CPPs) are short amino acid se-
quences, typically 5-30 residues in length, capable of
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traversing the cell membrane and delivering diverse thera-
peutic cargoes, including nucleic acids, proteins, and small
molecules (Martin & Rice, 2007; Ruseska & Zimmer, 2020;
Guo et al., 2016; Du et al., 2025). They have attracted
considerable interest in oncology, gene therapy, and over-
coming the blood-brain barrier (Bottens & Yamada, 2022;
Borrelli et al., 2018; Stalmans et al., 2015; Ghorai et al.,
2023; Du et al., 2025). Traditional CPP discovery relies
on high-throughput screening or rational design based on
physicochemical rules (Carney et al., 2017; Oikawa et al.,
2018; Marks et al., 2011; Numata et al., 2018; Schwaar
etal., 2019; Liu et al., 2024), but experimental approaches
are costly and labor-intensive, while rational design remains
unreliable due to the complex, nonlinear nature of mem-
brane penetration (Borrelli et al., 2018).

Computational methods offer a scalable alternative, yet re-
main constrained by limited experimental data (Shi et al.,
2024). Existing discriminative models (Holton et al., 2013;
Gautam et al., 2013; 2015; Manavalan et al., 2018; Man-
avalan & Patra, 2022; Preto et al., 2024) enable screening
of candidate sequences but cannot generate novel designs.
Recent generative approaches (Tran et al., 2021; Fukunaga
et al., 2024) address this gap by learning sequence distribu-
tions, yet none account for cell line specificity—a critical
factor, as CPP uptake efficiency varies substantially across
cell types due to differences in membrane composition and
receptor profiles (Mueller et al., 2008; Patel et al., 2019;
Numata et al., 2018; Tyagi et al., 2001; Milletti, 2012).

We present a conditional generative framework that incor-
porates cell line identity as an explicit control variable,
enabling targeted CPP design under data-constrained set-
tings. The approach combines parameter-efficient fine-
tuning (PEFT) of the pretrained protein language model
ProtGPT?2 with independent classifier-based filtering to en-
rich for functional candidates (Figure 3). Our key con-
tributions include: (1) a conditional generation strategy
achieving substantial CPP enrichment while maintaining
sequence diversity, (2) development and rigorous validation
of predictive models under strict dataset separation, and (3)
demonstration of cell line—specific sequence distributions
with strong membrane-binding enrichment via external vali-
dation using PMlIpred (van Hilten et al., 2024).
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2. Methods

2.1. Data processing

For generative purposes, a comprehensive dataset of ex-
perimentally validated CPPs and confirmed non-CPPs was
collected. The primary data source was the POSEIDON
database (Preto et al., 2024). We additionally retrieved data
from published ML studies on CPP prediction: CellPPD
(Gautam et al., 2013; 2015), AiCPP (Park et al., 2023),
KELM-CPPpred (Pandey et al., 2018), TargetCPP (Arif
etal., 2020), an SVM-based predictive model (Sanders et al.,
2011), and a predictive model for phosphorodiamidate mor-
pholino oligomer (PMO)-peptide conjugates (Wolfe et al.,
2018). Part of the sequences was manually curated from re-
view articles (Bechara & Sagan, 2013; Milletti, 2012; Heitz
et al., 2009; Jarver & Langel, 2006; Hansen et al., 2008;
Gori et al., 2023) and experimental studies (Hillbrink et al.,
2005; Numata et al., 2018; Oikawa et al., 2018; Lee et al.,
2012; Karagiannis et al., 2013; Gautam et al., 2015). After
initial aggregation, the combined dataset comprised 5,211
CPP entries and 3,793 non-CPP entries prior to deduplica-
tion and quality control procedures.

To prepare sequences for ML model training, we imple-
mented a standardization pipeline to extract chemical mod-
ification information, validate AA composition, and gen-
erate canonical sequence representations. Raw peptide se-
quences were classified into 13 distinct categories using
regular expression pattern matching. Categories encom-
passed standard L-amino acid sequences, stereoisomeric
variants containing D-amino acids, sequences with chemical
modifications (N-terminal acetylation or acylation, biotiny-
lation, C-terminal amidation, cyclization, phosphorylation),
affinity-tagged peptides (hexahistidine), and sequences with
complex or non-standard notation. For each sequence, mod-
ification flags were extracted through rule-based pattern
matching against the raw sequence strings. Eight modifica-
tion features were encoded into the binary vector. Addition-
ally, D-amino acid positions were recorded for sequences
using lowercase notation to indicate D-stereochemistry.

Upon detection of modification patterns, the corresponding
notation symbols (prefixes, suffixes, parenthetical annota-
tions) were removed from the raw sequence string to yield
the underlying peptide backbone sequence. This cleaning
step enabled downstream feature extraction from canonical
AA representations while preserving modification informa-
tion as separate binary features. Cleaned sequences were
validated to contain only the 20 standard proteinogenic AAs.
Sequences containing non-canonical residues, ambiguous
position codes, or residual non-alphabetic characters after
cleaning failed validation. Sequences failing validation were
flagged and excluded from feature extraction. This standard-
ization process yielded two complementary outputs for each
valid sequence: (1) a canonical AA string, and (2) a set

of binary modification flags preserving information about
chemical derivatization.

Finally, deduplication was performed separately for CPP
and non-CPP datasets using a sequence-centric approach.
After removing exact duplicates based on sequence identity,
1,782 unique CPP and 1,321 unique non-CPP sequences
remained. Case-sensitive sequence variants (e.g., "RKKR-
RQRRR” vs. “rkkrrqrrr”), representing L- and D-amino
acid forms modifications, were retained as distinct entities.
Sequence-based comparison revealed 180 sequences anno-
tated as CPP in some sources and non-CPP in others. To
handle these ambiguous cases, we implemented a three-class
labeling system for downstream analysis: sequences consis-
tently classified as CPP (yes”, n=1,601), consistently classi-
fied as non-CPP ("no”, n=1,141), and conflicting sequences
("both”, n=180). For binary classification and generation
tasks requiring unambiguous labels, the “both” category
was assigned to non-CPP.

2.2. Feature engineering

Five complementary feature sets spanning two distinct ab-
straction levels were engineered: (1) chemical structure-
based representations emphasizing molecular topology and
physicochemical properties, and (2) sequence-based repre-
sentations leveraging evolutionary and biochemical infor-
mation encoded in AA order.

2.2.1. CHEMICAL STRUCTURE-BASED
REPRESENTATIONS

All standardized peptide sequences were converted to
canonical Simplified Molecular Input Line Entry System
(SMILES) notation (Weininger, 1988). Standard unmod-
ified sequences were processed using RDKit’s (Landrum
et al., 2024) MolFromSequence function. Sequences con-
taining chemical modifications or D-amino acids were han-
dled through a custom conversion pipeline: chemical mod-
ification notations (e.g., Ac-, (biotin)-, Stearyl-) were sub-
stituted with corresponding SMILES fragments, both L-
amino acids (uppercase) and D-amino acids (lowercase)
were mapped to stereochemically correct representations.
The resulting SMILES strings were canonicalized using the
RDKit CanonSmiles function with chirality preservation.
Of 2,922 sequences, 2,915 were successfully converted to
valid SMILES. The seven failed conversions were assigned
zero-valued fingerprint vectors to maintain consistent di-
mensionality across the dataset.

Morgan fingerprints These are equivalent to Extended
Connectivity Fingerprints (Rogers & Hahn, 2010) and en-
code molecular structure through iterative identification of
circular atom neighborhoods. Fingerprints were generated
using RDKit’s GetMorganFingerprintAsBitVect function
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with the following parameters: radius - 2 bonds, vector
length - 1024 bits, standard atom-type hashing, enabled
stereochemistry.

Interpretable Feature Subset Interpretable feature sub-
set was constructed as a minimal feature set (19 features)
comprising sequence length, extracted during sequence stan-
dardization binary modification flags and BioPython global
descriptors. We used features characterizing the properties
considered to influence the efficiency of peptide penetration
into cells: the balance between cationicity (total positive
charge), hydrophobicity, and helicity of peptides. (Jiang
et al., 2008; Epand et al., 2003; Béven et al., 2003; Song
et al., 2005).

2.2.2. SEQUENCE-BASED REPRESENTATIONS

ProtBERT Embeddings We used the ProtBERT-BFD
model (Elnaggar et al., 2021) . The sequences prepro-
cessed according to ProtBERT input requirements were
tokenized and passed through the frozen ProtBERT model.
The final hidden states from the last transformer layer were
extracted and aggregated via mean pooling across all AA
positions (excluding padding tokens) to produce a single
1024-dimensional vector per sequence.

BLOMAP Each AA residue was encoded as an 11-
dimensional numerical vector. The first five components
were derived from multidimensional scaling of the BLO-
SUMBG62 substitution matrix (Maetschke et al., 2005). The
remaining six components captured explicit physicochemi-
cal properties, including molecular weight, isoelectric point,
normalized hydrophobicity, polarity and other properties.
Sequences were padded to the length of the longest sequence
in the dataset using a special padding token “X”, encoded
as a zero vector. The resulting per-residue vectors were
then concatenated to produce a single flat feature vector.
Ambiguous AA codes (B, Z, J) were mapped to averaged
properties of their constituent possibilities. Selenocysteine
(U) and pyrrolysine (O) were mapped to zero vectors.

2.3. Classification task
2.3.1. CLASSIFIER BASELINE

To distinguish between CPPs and non-CPPs, we employed a
set of supervised learning algorithms. The models selected
were Logistic Regression (LR), Support Vector Machines
(SVM), Decision Trees (DT), Random Forest (RF), and Gra-
dient Boosting (CatBoost). Implementation was performed
using scikit-learn (ver. 1.7.0) (Pedregosa et al., 2011) and
CatBoost (ver. 1.2.8) (Prokhorenkova et al., 2019). Model
performance was evaluated using standard binary classifica-
tion metrics (Accuracy, Precision, Recall, F1-score).

Classifier baseline’s train datasets All five algorithms
were trained on an Interpretable Feature Subset. CatBoost
classifiers were additionally trained on Morgan Fingerprints,
BLOMAP embeddings and ProtBERT embeddings. For LR
and SVM models, features were standardized using z-score
normalization. Tree-based models (DT, RF, CatBoost) were
trained on raw feature values.

The dataset exhibited approximate class balance (55:45 ra-
tio), excluding the need for resampling strategies. The
dataset was partitioned into training (80%) and test (20%)
sets using stratified random sampling to preserve class pro-
portions (seed = 42). For the precision-optimized Random
Forest, an additional 20% validation split was reserved from
the training data for threshold calibration.

Hyperparameter optimization of classifier Hyperparam-
eter optimization was performed using Optuna (50 trials,
TPE sampler) with 5-fold stratified cross-validation, maxi-
mizing average precision score. The search space included:
number of estimators (200-2000), maximum depth (2-50),
minimum samples per split (2-20), minimum samples per
leaf (1-20), maximum features (sqrt, log2, none), boot-
strap sampling, and class weight balancing strategies. The
optimal model was subsequently calibrated using isotonic
regression with 5-fold cross-validation to improve proba-
bility estimates. A classification threshold was selected on
a held-out validation set to achieve the target precision of
>0.90, and final performance was evaluated on the test set
at this fixed threshold.

2.3.2. ACTIVE LEARNING-BASED CLASSIFICATION

Since the main aim of the trained model is unbiased evalu-
ation of generated sequences, we trained a classifier and a
generator on non-overlapping datasets. To achieve this we
employed active sampling with a minimal informative sub-
set for the classifier while preserving the majority of data for
the generator. The architecture of the classifier is based on
the Random Forest model that was selected and optimized in
the previous step. The initial dataset of 1,601 CPP and 1,321
non-CPP sequences was randomly split into training pool
(60%), validation (20%), and test (20%) sets using strati-
fied sampling (random seed = 42). The validation set was
used for threshold calibration, and the test set was reserved
for final evaluation. Next, we implemented a hybrid ac-
tive sampling strategy with three components: (1) Core-set
sampling (70%): K-means clustering (k = 10) was applied
separately to CPP and non-CPP sequences using standard-
ized feature space. For each cluster, the sample closest to the
centroid was selected as a prototype, ensuring coverage of
the feature space. (2) Hard negative sampling (20%): Nega-
tive samples (non-CPP) with the highest out-of-fold (OOF)
predicted probabilities were prioritized. These represent
samples near the decision boundary that the model tends to
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misclassify as positive. OOF probabilities were obtained
via 5-fold stratified cross-validation using a Random Forest
classifier (n_estimators = 400). (3) Margin sampling (10%):
Samples with predicted probabilities closest to 0.5 were se-
lected to refine the decision boundary. Within each sampling
category, final selection was performed using farthest-first
traversal (k-center greedy algorithm) to maximize diversity.
Distances were calculated as Euclidean distances between
StandardScaler-normalized features. Budget sizes ranging
from 100 to 1,000 were evaluated. For each one, the classi-
fication threshold was selected to maximize F1-score while
maintaining precision > 0.90 on the validation set.

2.4. CPP generation
2.4.1. BASE MODEL

The ProtGPT2 model (Ferruz et al., 2022) was used as the
foundational model for CPP generation. Model weights
were initialized from the pre-trained ProtGPT2 checkpoint
available on HuggingFace.

2.4.2. CONDITIONAL GENERATION AND TRAINING
OBJECTIVE

Three post-training strategies were evaluated: full fine-
tuning, soft-prompt tuning, and prefix tuning. The first
served as an unconditional baseline, while the others incor-
porated conditional generation to enable cell-line-specific
peptide design.

For conditional generation, a 13-dimensional binary con-
dition vector ¢ was constructed for each training example.
The first element indicates CPP class membership (1 for
CPP, 0 for non-CPP), and the remaining 12 elements encode
the target cell line using one-hot encoding. For instance,
a CPP active against the third cell line is represented as
[1,0,0,1,0,...,0]. During training, only CPP-positive
examples were used, so the first element was set to 1 for all
samples. This condition vector was passed as input to a mul-
tilayer perceptron (MLP) that projected it into the model’s
representation space; the architecture of this MLP differed
between soft-prompt and prefix tuning (see sections 2.4.4
and 2.4.5).

For both PEFT methods, the pre-trained ProtGPT2 parame-
ters ¢ were frozen, and only the MLP generator parameters
6 were updated to minimize the negative log-likelihood.
The loss functions for Prefix Tuning (PT) and Soft-Prompt
Tuning (SPT) are defined in Eq.(1) and Eq.(2), respectively:
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where D is the number of training sequences,ny, is the length
of the k-th sequence in tokens, w} is the i-th token, w¥,

denotes all preceding tokens, ¢y, is the condition vector, Py

is the soft-prompt generator, and K Va(l’L)

prefix generator across all L layers.

is the key-value

2.4.3. FINE-TUNING

As an unconditional baseline, the entire set of model parame-
ters ¢ was updated without the condition vector. Fine-tuning
was performed using the run_clm.py script from the Hug-
gingFace Transformers library (Wolf et al., 2020), following
the procedure described on the ProtGPT2 HuggingFace

page.
2.4.4. SOFT-PROMPT TUNING

For soft-prompt tuning (Lester et al., 2021), a prompt genera-
tor MLP was trained while the base model weights remained
frozen. The MLP takes the 13-dimensional condition vector
as input and produces 20 continuous embedding vectors,
each of dimension 1,280, matching the hidden dimensional-
ity of ProtGPT2. These embeddings are prepended to the
input token embeddings, so the frozen model processes the
combined sequence as if the prompt vectors were part of
the input. The MLP consists of a single hidden layer with
512 neurons, ReL.U activation, and dropout (p = 0.1), fol-
lowed by Layer Normalization on the output embeddings.
The generator was trained for 3 epochs using the AdamW
optimizer with a learning rate of 5 x 10~ and a batch size
of 8. The maximum sequence length was set to 256 tokens.
No validation split was used; PEFT variants were selected
using post-generation distributional diagnostics rather than
validation loss.

2.4.5. PREFIX TUNING

For prefix tuning (Li & Liang, 2021), a key-value (KV) pre-
fix generator MLP was trained while the base model weights
remained frozen. The MLP takes the 13-dimensional con-
dition vector as input and produces key-value prefix pairs
that are prepended to the attention key and value matrices
at every transformer layer. The MLP output is reshaped
into prefixes of length 8 for each of the 20 attention heads
across all 36 layers. The MLP consists of a single hidden
layer with 1,024 neurons and ReL.U activation. Unlike the
original prefix tuning method, no reparameterization was
applied, as the primary objective was to compare tuning
strategies rather than to optimize computational efficiency.
The generator was trained for 3 epochs using the AdamW
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optimizer with a learning rate of 5 x 10~ and a batch size
of 4. The maximum sequence length was set to 256 tokens.
No validation split was used; PEFT variants were selected
using post-generation distributional diagnostics rather than
validation loss.

2.4.6. SEQUENCE GENERATION

Sequences were generated using top-k sampling (k = 50)
with a temperature value of 1.0. Repetition penalty values
ranging from 1.0 to 2.0 were tested to mitigate amino acid
repetition in generated sequences. The maximum number
of generated tokens was set to 50.

All models were trained and evaluated on an NVIDIA RTX
A6000 GPU using PyTorch 2.6.0 and HuggingFace Trans-
formers 4.52.0.devO0.

2.4.7. SEQUENCE VALIDATION

To evaluate the performance of the proposed framework,
the generated peptide sequences were validated using the
PMIPred web server (van Hilten et al., 2024). PMIPred
was employed as a proxy model to assess the membrane-
binding propensity of the generated sequences. The valida-
tion pipeline consisted of the following steps: (i) peptide
sequence generation; (ii) length-based filtering to satisfy
PMIPred input constraints (minimum and maximum se-
quence lengths of 7 and 24 residues, respectively); and (iii)
preliminary filtering using a classifier. This procedure was
iteratively repeated until a total of 1,200 sequences passed
the minimum selection criteria. All retained sequences were
subsequently evaluated using the PMIPred web server. The
predicted membrane-binding free energy for a vesicle of
50 nm radius (AF,,, (R = 50)) was used as the primary
criterion for classification, following the thresholds defined
by the PMIPred authors. Sequences classified by PMIPred
as binders were operationally defined as CPP candidates,
under the assumption that stable membrane association is
a necessary (though not sufficient) condition for cellular
penetration. All remaining sequences were classified as
non-CPPs. In addition to binders and non-binders, PMIPred
defines an intermediate class of sensor peptides, character-
ized by moderate membrane-binding free energies. These
peptides are predicted to sense membrane curvature without
forming stable membrane-bound states and were therefore
not considered CPP candidates in our analysis.

3. Results
3.1. Cell-line specific CPP generator

Due to the limited available data and the need to train an
independent classifier, the existing dataset was divided into
non-overlapping parts (see Section 2.3.2). After preparation,
559 CPP sequences remained for generator fine-tuning (see

Table 1). The pretrained ProtGPT2 model was adapted
using this data, incorporating cell line information as a
binary conditional vector (see Section 2.4.2). Cell lines
represented by fewer than ten sequences were grouped into
an “others” category. To address class imbalance, random
oversampling was applied to match the largest class (Others,
165 peptides), resulting in 12 cell line classes.

For each tuning variant, a total 500 sequences were gener-
ated (temperature = 1; top_k = 50).

Table 1. Comparative analysis of tuning strategies.

Model Mean o olex.  Similar. MMD
loss cpp
Base 5824 37346 1990 0393 3.42
Fine-tune 5769 35623 1981 0402 222
Soft-prompt 6333 10640  13.18  0.193 37.54
Prefix 3700  723.05 1639  0.124  35.68

The obtained results did not allow us to identify a more
suitable strategy, necessitating a detailed analysis. For this
purpose, the following metrics were used: the percentage
of uniqueness, AA composition, median internal pairwise
Levenshtein distance, normalized Shannon entropy for AA
composition, Jensen-Shannon divergence by length (relative
to real CPPs), Jensen-Shannon divergence by AA (relative
to real CPPs), coverage < 0.2 (relative to real CPPs), and
median Levenshtein distance to the nearest neighbor from
the set of real CPPs. Coverage is the proportion of sequences
that are at a normalized Levenshtein distance < 0.2 from
the nearest natural sequence. All listed metrics for the tested
hyperparameter configurations are summarized in Figure 4
and Table 3 in the supplementary materials. Following
hyperparameter optimization, the best configurations were:
Soft-prompt: temperature = 1, repetition penalty = 1.1;
Prefix: temperature = 1, repetition penalty = 1.2

Based on the distributional analysis of the generated se-
quences we selected Soft-prompt as the final model (see
details in Section 4.1).

3.2. CPP generation framework

The developed model, despite promising metrics, still gener-
ates a relatively low percentage of CPPs. This complicates
its direct use. To mitigate this, we used an independent clas-
sifier as an initial filter. It was trained on a non-overlapping
data subset obtained using active sampling (see Section
2.3.2).

A systematic screening across five classification algorithms
paired with multiple molecular representations (see Section
2.3.1) was performed, the top-10 configurations are listed in
Table 2 (complete screening results are provided in Table 4
in the supplementary materials).
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Table 2. Comparison of classifier performance.

Model Feature set Acc. Prec. Recall Fl1
Morgan

CatBoost fingerprints 0.836 0.847 0.852 0.850

Random Interpretable

Forest Feature Subset  0.840 0.839 0.854 0.846
Interpretable

CatBoost Feature Subset  0.835 0.817 0.875 0.845

CatBoost Blomap 0.842 0.863 0.813 0.837

Random

Forest Blomap 0.840 0.884 0.783 0.830

SVM ProtBERT 0.824 0.808 0.849 0.828
Morgan

SVM fingerprints 0.809 0.814 0.840 0.827

Random Morgan

Forest fingerprints 0.812 0.831 0.821 0.826

CatBoost ProtBERT 0.811 0.805 0.820 0.812

Logistic Morgan

Regression fingerprints 0.788 0.798 0.818 0.807

Since the classifier serves as a filter for generated candidates
prior to experimental testing, minimizing false positives is
of critical importance. Accordingly, the best-performing
Random Forest model was further optimized to prioritize
precision without substantial degradation of overall discrim-
inative performance. Isotonic probability calibration was
applied and the decision threshold was adjusted to 0.825,
yielding a test-set precision of 0.952 with recall reduced
to 0.636 (F1 = 0.762). This trade-off was considered ac-
ceptable given the disproportionate cost of false positives.
Full details of the selected hyperparameter configuration
and calibration procedure are provided in Table 5.

3.3. External validation

Following internal validation, generated sequences were
further evaluated using PMIPred (see Section 2.4.7), which
is a physics-based predictive model for estimating peptide-
membrane binding free energies.

During validation, 191 of 1,200 sequences (15.9%) could
not be evaluated due to repeated HTTP 502 server errors
and were excluded. Reported class proportions are based
solely on successfully evaluated sequences.

Among these, 51.8% were classified as binders (CPP candi-
dates), 20.1% as sensor peptides, and 28.1% as non-binders.
In addition to the aggregated analysis on all cell lines, cell
line—specific analyzes were performed, results are shown in
Figure 1.

4. Discussion

4.1. CPP generator metrics

Both PEFT approaches dramatically improved CPP gener-
ation capacity (see Table 1). Soft-prompt tuning increased
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Figure 1. Cell line—specific analysis of generated sequences.

CPP content to 37.54%, accompanied by substantially re-
duced similarity to training sequences (13.18%) and im-
proved MMD (0.193), indicating effective generation of
novel CPP-like sequences. Prefix tuning achieved compara-
ble CPP yield (35.68%) with the lowest training loss (3.70),
but exhibited higher similarity to training data (16.39%) and
superior MMD (0.124), suggesting closer adherence to the
learned CPP distribution at the cost of reduced exploration.
To determine the optimal strategy, we conducted a distri-
butional analysis of the generated sequences (see Section
3.1). Length and AA distributions were compared with
real CPPs (Figures 2a and 2c¢). Prefix tuning demonstrated
closer alignment with the native CPP distribution across
multiple metrics (Figures 2b and 2d). The model achieved
lower divergence in amino acid composition (v JSD =0.164
vs. 0.243 for Soft-prompt), but higher divergence in length
distribution (v/JSD = 0.411 vs. 0.258). This was further re-
flected in superior MMD scores (0.134 vs. 0.247) and tighter
coverage of the real CPP space (17.65% sequences with cov-
erage < 0.2 vs. 4.33%). The median minimal Levenshtein
distance to nearest real CPPs was lower for Prefix-generated
sequences (0.38 vs. 0.50), indicating closer resemblance to
training data.

In contrast, Soft-prompt excelled in generating diverse and
novel sequences. The model produced 99.86% unique se-
quences compared to 67.03% from Prefix tuning. Soft-
prompt also exhibited greater internal diversity, achiev-
ing a higher median pairwise Levenshtein distance (0.895
vs. 0.824). Critically, Soft-prompt demonstrated substan-
tially higher novelty relative to the training set (99.93%
vs. 93.91%), suggesting greater capacity for generating
unexplored chemical space while maintaining CPP charac-
teristics.

Both models exhibited enrichment in cationic residues (Ly-
sine and Arginine) relative to real CPPs (normalized Shan-
non entropy: 0.841 for Soft-prompt vs. 0.839 for Pre-
fix), consistent with preferential learning of the dominant
cationic CPP subtype. This bias likely reflects the composi-
tional skew in training data, potentially underrepresenting
amphipathic or hydrophobic CPP variants.
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Figure 2. Distributional analysis results. A, B, C - comparison of
the length, minimal distance to the nearest neighbour among real
CPPs, and AA ratio respectively between generated subsamples, D
- multi-metric evaluation of generated sequence sets relative to real
CPPs, comprising CPP yield, diversity, distributional similarity,
and novelty indicators.

Despite Prefix tuning’s closer adherence to real CPP distri-
butions, we selected Soft-prompt as the final model based on
its diversity, novelty, and generation stability, which are crit-
ical for exploring beyond known CPP space in subsequent
peptide design applications.

4.2. Classifier based filtering

As part of the CPP design framework the classifier was
needed to filter generated sequences. To ensure unbiased
estimation, the classifier and generator training sets should
not overlap. At the same time, it was important to pre-
serve the maximum amount of data for generator tuning and
achieve optimal classifier performance under limited data
constraints. For this purpose we employed a two stage strat-
egy: a classifier was first trained on the full labeled dataset
to establish an upper performance bound, after which a hy-
brid active sampling procedure was applied to identify a
minimal yet representative training subset that approaches
this bound. The first stage involved screening various mod-
els and descriptor sets, as well as tuning the optimal variant
to minimize false positive results (see Section 2.3.1). This
determined the upper bound on the model’s possible perfor-
mance given the full data.

With the upper bound established, a hybrid active sampling
strategy was employed to identify the smallest training sub-

set that preserves classification quality. Single-criterion
sampling approaches (e.g., diversity-only or uncertainty-
only) risk either underrepresenting the decision boundary
or inadequately covering the feature space (Settles, 2009);
a composite strategy combining complementary selection
principles was therefore adopted. The sampling budget was
allocated as follows: 70% to core-set (centroid-based) sam-
pling for broad, representative coverage of the feature space;
20% to hard negative mining to reinforce the decision bound-
ary in the most error-prone region; and 10% to margin-based
sampling for additional boundary refinement (see Section
2.3.2). This allocation reflects the design priority of ensur-
ing representative coverage as the foundation, supplemented
by targeted refinement near ambiguous regions.

A budget of 500 samples (204 CPP and 296 non-CPP se-
quences) achieved a precision of 0.946 (F1 of 0.651, recall
of 0.496). A comparison of the metrics with the baseline
model is shown in Figure 5b. This classifier was adopted
as the validation oracle for evaluating generated peptide
sequences in the CPP design framework.

To quantify the separation between the two training subsets
(classifier vs generator), we analyzed their inter-set Lev-
enshtein distances. Internal sequence diversity, measured
by median pairwise normalized Levenshtein distance, was
slightly lower in the classifier set (0.85 vs. 0.88 for genera-
tor). A minimum normalized distance of 0.0278 confirmed
the absence of identical sequences, though it also indicates
the presence of highly similar pairs differing by as little as
a single amino acid. We quantified this boundary region
and found that 24.9% of sequences in the generator set and
26.6% in the classifier set had a close neighbor (normalized
Levenshtein distance < 0.2) in the opposing set.

However, the majority of sequences were well-separated:
the mean minimal Levenshtein distance from generator to
classifier was 0.403, with the reverse direction yielding
0.423. Ceritically, the 5th percentile of cross-dataset dis-
tances was 0.667, demonstrating that > 95% of sequences
differ by more than two-thirds of their length between
datasets.

Normalized Shannon entropy, computed over per-sequence
amino acid frequency distributions, was comparable be-
tween datasets (0.904 for classifier vs. 0.918 for generator),
indicating equivalent sequence-level compositional com-
plexity. Global amino acid profiles were largely concordant
between training sets Figure 5e). The generator set exhibited
slight enrichment in cationic residues (Lysine and Arginine)
relative to the classifier set, consistent with preservation
of canonical CPP characteristics. No major compositional
shifts were observed that would compromise the representa-
tiveness of either dataset.

Analysis of physicochemical properties from the inter-
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pretable feature subset revealed statistically significant but
practically negligible differences: while several features
showed p < 0.001, all effect sizes were minimal (e < 0.01),
confirming distributional similarity in biologically relevant
characteristics.

4.3. CPP generation framework results

After developing the generator and classifier, we evaluated
the CPP design framework using PMIPred (Figure 1). Over-
all, the framework produced a substantial fraction of CPP
candidates, while notable variation in binder fraction was
observed across cell lines. The proportion of sequences
classified as binders ranged from 25% (U87 cells) to 74%
(CHO-K1 cells), with most cell lines falling between 40%
and 70%.

A x? test of independence confirmed that these differ-
ences are unlikely to arise from sampling variability alone
(p << 0.001), indicating a statistically significant associ-
ation between cell line and binder classification. Because
PMIPred operates independently of cellular context and
relies solely on physicochemical properties, this heterogene-
ity reflects differences in the distributions of generated se-
quences conditioned on each cell line.

Analysis of average net charge across cell lines revealed
substantial variation; however, no clear monotonic relation-
ship between charge and binder fraction was observed. For
example, some cell lines with relatively low average charge
exhibited moderate binder fraction (e.g. MDA-MB-231
cells), whereas others with higher charge did not consis-
tently yield more binders (e.g. HaCaT cells). This suggests
that membrane-binding propensity cannot be explained by
charge alone, but instead emerges from a combination of
sequence-level properties.

To quantify this effect, we fitted a logistic regression model
using five physicochemical descriptors (length, net charge,
GRAVY index, aromatic fraction, and aliphatic index). The
model achieved a pseudo-R? of approximately 0.56, in-
dicating that these features explain the majority of vari-
ance in PMIPred classification. Net charge, hydrophobicity
(GRAVY), aromatic fraction, and aliphatic index were all
positively associated with binding probability, while peptide
length showed a negative association.

Extending the model to include cell line as an additional
predictor resulted in only marginal improvement (pseudo-
R? =~ (0.57), with most cell line coefficients not statistically
significant. This indicates that the observed differences in
binder fraction across cell lines can largely be explained by
shifts in physicochemical feature distributions, rather than
by additional cell line—specific effects.

Taken together, these results suggest that conditional gen-
eration produces distinct regions of sequence space charac-

terized by different physicochemical profiles. These shifts,
in turn, largely determine membrane-binding propensity
as estimated by PMIPred. The findings therefore support
the interpretation that the generative framework success-
fully controls global sequence properties, while remaining
grounded in physically interpretable determinants of CPP
activity.

5. Conclusion

In this study, we present a generative framework for the
design of CPPs conditioned on specific cell lines. By com-
bining PEFT of a pretrained language model with active
sampling strategy, we successfully trained a generator in
a low-data regime, preserving both sequence diversity and
key physicochemical characteristics of known CPPs. An
independent classification predictive model was integrated
into the pipeline to evaluate generated sequences, ensuring
high precision and biologically interpretable predictions.

Our analysis demonstrates that soft-prompt tuning provides
an optimal balance between CPP content, diversity, and sim-
ilarity to training sequences, while the generator produces
peptides that largely recapitulate the length distributions and
AA composition of real CPPs, particularly the enrichment
in positively charged residues characteristic of membrane-
active peptides. Importantly, conditional generation resulted
in distinct physicochemical distributions across target cell
lines, with statistically significant differences in predicted
membrane-binding propensity, as assessed by PMIPred.

Taken together, these findings establish that the proposed
framework can generate diverse, functional CPPs tailored
to individual cellular contexts. The approach provides a
practical and interpretable tool for rational peptide design,
demonstrating the potential of combining generative model-
ing with active learning and predictive filtering to explore
sequence-function relationships in peptide therapeutics.

Software and Data

https://anonymous.4open.science/t/CPPGeneration/

Impact Statement

This work aims to advance data-driven approaches for pep-
tide design, with a particular focus on generating CPPs.
Potential positive impacts include accelerating the develop-
ment of peptide-based delivery systems and enabling more
efficient exploration of sequence space in drug discovery.

At the same time, the generative nature of the proposed
framework raises general considerations common to com-
putational design of bioactive molecules. In particular,
membrane-active peptides could, in principle, be misused
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in unintended contexts, for example as carriers for unde-
sired molecular cargo. However, the present study operates
entirely in silico and relies on predictive models that do
not capture full biological complexity, including toxicity,
specificity, and in vivo behavior.

Importantly, the results should not be interpreted as evi-
dence of true cell line specificity at the biological level, but
rather as differences in physicochemical properties of gener-
ated sequences. Experimental validation would be required
before any practical application.

Overall, we believe the primary impact of this work is
methodological, contributing to the development of inter-
pretable and controllable generative models for peptide de-
sign, while remaining subject to standard limitations and
considerations of computational biology approaches.
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Table 3. Results of hyperparameter optimization for Prefix and Soft-prompt tuning.

RP Valid CPP/val Yield Set Med Uniq. Entr. /JSD +/JSD Cov Med min Novel Loss MMD
AA (%) AA (%) (%) Size dyorm (%) (AA) len AA < 0.2 dyorm (%)

Prefix tuning

1.0 88.71 47.09 41.77 824 0.815 56.36 0.797 0.320 0.239 0.21 0.31 91.26 2.38 0.138
1.1 8543 50.13  42.83 909 0.828 60.64 0.816 0.374 0.220 0.21 0.35 92.08 2.75 0.123
1.15 7934 4937 39.17 884 0.829 64.48 0.831 0.404 0.181 0.20 0.37 93.10 3.13 0.115
1.2 69.14 49.63 3431 805 0.824 67.03 0.839 0411 0.164 0.18 0.38 9391 3.66 0.134
1.25 59.80 49.26 29.46 685 0.828 66.44 0.848 0.470 0.147 0.17 0.43 94.31 4.26 0.151
1.3 48.46 46.82 22.69 533 0.833 67.13 0.859 0.515 0.144 0.15 0.46 92.50 4.98 0.179
1.4 3203 47.73 1529 368 0.839 68.79 0.869 0.616 0.128 0.10 0.57 94.84 6.18 0.242
1.5 1980 49.64 9.83 254 0.842 73.84 0.874 0.721 0.121 0.07 0.69 95.67 7.11 0.296
1.6 11.31 61.11 691 216 0.824 89.26 0.869 0.847 0.127 0.08 0.74 95.37 7.84 0.336
1.7 8.49 70.03 594 200 0.811 96.15 0.864 0937 0.129 0.04 0.75 97.50 8.10 0.353
1.8 6.66 77.68 5.17 171 0.812 9448 0.875 0.980 0.123 0.01 0.76 98.83 8.20 0.364
1.9 6.09 82.16 5.00 172 0.810 98.29 0.868 0.988 0.127 0.01 0.76 99.42 830 0.364
2.0 6.29 83.18 523 183 0.813 100.00 0.875 0.988 0.120 0.01 0.76 99.45 8.31 0.368
Soft-prompt tuning

1.0 88.89 48.22 4286 1485 0917 99.00 0.854 0.254 0.232 0.05 0.47 99.87 5.74 0.241
1.1 80.34 5245 42.14 1473 0.895 99.86 0.841 0.258 0.243 0.04 0.50 99.93 5.63 0.247
1.15 7091 53.67 38.06 1330 0.895 99.85 0.851 0.302 0.250 0.03 0.50 99.92 5.51 0.266
1.2 60.09 5440 32.69 1142 0.901 99.83 0.850 0.362 0.274 0.02 0.53 99.91 5.42 0.297
1.25 49.37 53.70 26.51 927 0913 99.89 0.850 0.423 0.286 0.02 0.57 99.89 5.33 0.331
1.3 39.69 53.56  21.26 744 0.917 100.00 0.847 0.488 0.308 0.02 0.59 99.87 5.27 0.365
14 2694 57.69 15.54 544 0.913 100.00 0.852 0.620 0.315 0.00 0.68  100.00 5.21 0.417
1.5 2049 61.65 12.63 442 0.908 100.00 0.865 0.732 0.311 0.00 0.74  100.00 5.19 0.448
1.6 1723 64.01 11.03 386 0.892 100.00 0.865 0.821 0.310 0.00 0.76  100.00 5.19 0.470
1.7  15.11 6597 997 349 0.872 100.00 0.866 0.907 0.308 0.00 0.78  100.00 5.18 0.481
1.8 14.26 67.13  9.57 335 0.863 100.00 0.865 0.954 0.309 0.00 0.79  100.00 5.18 0.485
1.9 14.00 67.35 9.43 330 0.859 100.00 0.865 0.975 0.309 0.00 0.79  100.00 5.18 0.487
20 13.83 67.77 937 328 0.857 100.00 0.865 0.982 0.310 0.00 0.79  100.00 5.18 0.488
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Table 4. Comparison of classifier performance.

Model Feature set Accuracy Precision Recall F1-Score
Morgan fingerprints 0.836 0.847 0.852 0.850
CatBoost Interpretable Feature Subset 0.835 0.817 0.875 0.845
Blomap 0.842 0.863 0.813 0.837
ProtBERT 0.811 0.805 0.820 0.812
Interpretable Feature Subset 0.840 0.839 0.854 0.846
Random Forest Blomap 0.840 0.884 0.783 0.830
Morgan fingerprints 0.812 0.831 0.821 0.826
ProtBERT 0.798 0.793 0.805 0.799
ProtBERT 0.824 0.808 0.849 0.828
SVM Morgan fingerprints 0.809 0.814 0.840 0.827
Interpretable Feature Subset 0.789 0.785 0.811 0.798
Blomap 0.785 0.814 0.739 0.775
Morgan fingerprints 0.788 0.798 0.818 0.807
Logistic Reeression Blomap 0.785 0.778 0.798 0.788
& & ProtBERT 0.776 0776 0776  0.776
Interpretable Feature Subset 0.759 0.758 0.782 0.770
Morgan fingerprints 0.762 0.775 0.792 0.784
Decision Tree Interpretable Feature Subset 0.748 0.747 0.771 0.759
ProtBERT 0.711 0.714 0.706 0.710
Blomap 0.706 0.701 0.717 0.709
Final model — Interpretable Feature Subset 0.796 0.952 0.636 0.762

Tuned Random Forest

Table 5. Hyperparameter configuration of the precision-optimized Random Forest classifier.

Parameter

Search range

Selected value

Number of estimators
Maximum depth

Min. samples per split
Min. samples per leaf
Maximum features
Bootstrap

Class weights
Probability calibration
Decision threshold

200-2 000

2-50

2-20

1-20

sqrt / log2 / None
True / False

None / balanced / balanced_subsample

1200
30

6

2
log2
False

balanced_subsample

Isotonic regression (5-fold CV)

0.825
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