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Abstract

Macrocyclic peptides represent a promising therapeutic modality for challenging targets, such as 
protein–protein interactions. However, their clinical utility is often limited by inadequate 
membrane permeability, which restricts both intracellular target access and oral bioavailability. 
Existing structure-based generative methods for cyclic peptide design prioritize structural validity 
and binding affinity, yet lack mechanisms to co-optimize membrane permeability. Here we present 
CycDiff-DPO, a preference-aligned diffusion framework for designing target-specific macrocyclic 
peptide binders with optimized membrane permeability. By ranking sampled candidates with a 
Caco-2 permeability predictor and constructing preference pairs, CycDiff-DPO aligns the 
generative distribution toward permeability-favorable chemical space while preserving target 
binding competence. We benchmarked CycDiff-DPO across 56 protein targets, finding higher 
predicted Caco-2 and PAMPA permeability across multiple independent predictors, alongside 
superior binding energetics and comparable stereochemical quality relative to baseline methods. 
Case studies on Keap1–Nrf2 and SPSB2–iNOS confirm that top designs recapitulate hot-spot 
interactions and maintain stable bound poses in molecular dynamics simulations. CycDiff-DPO 
provides a framework for permeability-enhanced macrocyclic peptide design with broad 
therapeutic applications.

Introduction

Macrocyclic peptides have emerged as a promising therapeutic modality that occupies an 
intermediate space between small-molecule drugs and large biologics 1–3. While biologics can 
achieve high affinity and selectivity, their size and polarity generally limit them to extracellular 
targets 4. Small molecules, in contrast, can access intracellular targets but are often ill-suited for 
modulating protein–protein interactions (PPIs), which typically involve large, shallow interfaces 
that lack the deep hydrophobic pockets required for high-affinity binding 5,6. By bridging these 
two regimes, macrocyclic peptides offer sufficient molecular size to engage such challenging 
interfaces while benefiting from conformational constraint 7. Their rigidity can enhance binding 
specificity and improve proteolytic stability relative to linear counterparts 1,8,9. The translational 
impact of cyclic peptides is evident from their presence among approved drugs across oncology 
and autoimmune disease 10–12. 

Traditionally, protein-binding macrocyclic peptides have been discovered either from natural 
products or through display-based screening of large randomized libraries 2,3. Although natural 
products can yield potent starting points, their synthetic complexity and limited amenability to 
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systematic diversification often hinder analogue generation and lead optimization 13. Display 
technologies can explore broad sequence space, yet iterative selection and downstream 
characterization are labor-intensive and still undersample the chemical and topological diversity 
accessible to macrocyclic scaffolds. As a result, it is difficult to optimize binding and 
developability in parallel, especially membrane permeability, since this multiparameter profile 
depends on precise control of ring architecture and physicochemical properties that is hard to 
maintain during library design and selection 14.

More broadly, computational methods have been applied to quantitatively model PPI interface 
energetics; for example, Wang et al. combined persistent-homology descriptors of 3D complex 
structures with a CNN and gradient-boosting ensemble to predict mutation-induced binding 
affinity changes 15. Building on such structure-based modeling foundations, recent advances in 
structure-based deep learning have enabled the de novo design of cyclic peptide binders with 
defined target specificity. Representative strategies include diffusion-based target-conditioned 
macrocycle generation, such as RFpeptides 16 and CP-Composer 17; AlphaFold-guided sequence 
optimization like EvoBind2 18; and reinforcement-learning-based methods, including 
CYC_BUILDER 19 and HighPlay 20. Despite this progress, most models focus on optimizing 
binding and structural validity while neglecting membrane permeability, which is a key 
determinant of oral bioavailability and intracellular target access 21–23. Incorporating permeability 
into structure-guided design is therefore an important open challenge, yet the choice of strategy is 
constrained by data availability. Conditioning the generator directly on permeability requires 
paired structure–permeability data, which remain scarce for cyclic peptides. Preference-based 
alignment offers an alternative by steering a pretrained model with ranked feedback. Among such 
approaches, direct preference optimization (DPO) is particularly suited to this setting 24, as it learns 
directly from winner–loser pairs without requiring a separate reward model, and such pairs can be 
constructed from predictor-based rankings when experimental data are limited. DPO has recently 
been extended to diffusion-model alignment in molecular and antibody design 25–27.

Here we present CycDiff-DPO (Fig. 1), a preference-aligned diffusion framework that 
generates target-binding macrocyclic peptides while co-optimizing membrane permeability. 
Starting from a pretrained diffusion model, CycDiff-DPO first constructs target-specific winner–
loser pairs by sampling macrocycles and ranking them with a Caco-2 permeability predictor. It 
then applies diffusion-based DPO to shift the generative distribution toward more permeable 
candidates while preserving binding competence. We benchmarked CycDiff-DPO on 56 unseen 
protein targets and observed consistent enrichment of permeability-favorable chemical space, 
including higher predicted Caco-2 permeability, increased lipophilicity, and reduced exposed 
polarity, while maintaining stereochemical plausibility and structural diversity. These 
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improvements generalized across multiple external predictors and extended to PAMPA, an 
orthogonal passive-diffusion assay. Importantly, binding-related metrics, including Rosetta 
interface energies and interaction patterns, remained stable. Case studies on intracellular targets 
Keap1–Nrf2 and SPSB2–iNOS further showed that CycDiff-DPO produced permeability-enriched 
candidates that retained key hot-spot contacts and stable bound poses. CycDiff-DPO thus provides 
a general framework for designing permeability-enhanced macrocyclic binders, and may further 
facilitate the development of orally bioavailable cyclic peptide therapeutics.

Results

Overview of CycDiff-DPO

CycDiff-DPO presents a direct permeability-guided preference optimization method for 
designing cell-permeable cyclic peptides with target specificity (Fig. 1a). It drives a controlled 
distributional shift by preferentially increasing the generation likelihood of highly permeable 
candidates while suppressing poorly permeable ones within the same target pocket. The method 
consists of three modules: candidate sampling, permeability evaluation, and preference-based 
alignment (Fig. 1b). Starting from a pretrained generator 17, we sample a pool of cyclic peptides 
for each target context. Each design is then scored using an in-house Caco-2 permeability predictor, 
and candidates are ranked within target to construct winner–loser preference pairs by matching 
higher-scoring peptides (winners) to lower-scoring peptides (losers). Using these target-specific 
preference pairs, we align the diffusion generator via diffusion-based DPO, optimizing the current 
model (θ) to increase the relative likelihood of winners over losers with respect to a frozen 
reference model (𝜃𝑟𝑒𝑓) initialized from the same pretrained checkpoint. To stabilize optimization 
and preserve sequence–structure fidelity, we additionally apply an SFT-style reconstruction 
regularizer on winner samples. Together, this preference-driven alignment enables an efficient 
shift toward permeability-favorable binders without compromising geometric validity or binding-
competent conformations.
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Fig. 1. Overview of the CycDiff-DPO framework. (a) CycDiff-DPO performs permeability-guided 
preference alignment for target-conditioned cyclic-peptide design, shifting the generated 
distribution toward cell-permeable and target-specific binders. (b) Cyclic-peptide candidates are 
sampled from a pretrained diffusion generator and scored by an in-house Caco-2 permeability 
predictor. Within each target context, candidates are ranked by predicted permeability to form 
winner–loser preference pairs. The active diffusion policy (𝑝𝜃) is then aligned by diffusion-based 
direct preference optimization (𝐿𝐷𝑃𝑂) by comparing its denoising predictions against a frozen 
reference model. An SFT-style reconstruction regularizer preserves sequence–structure fidelity.

Performance on target- conditioned cyclic peptide design

To systematically evaluate the stereochemical validity, physicochemical properties, and 
diversity of cyclic peptides generated by CycDiff-DPO, we benchmarked the model on a non-
redundant dataset of 56 curated protein–peptide complexes collected from the literature 28. The 
reference peptide lengths ranged from 5 to 16 residues. Because CycDiff-DPO was tailored to 
target-conditioned macrocyclic peptide design, we restricted our comparisons to representative 
structure-based methods for macrocycle generation that can be run uniformly across the full 56-
target benchmark. Specifically, we compared against RFpeptides 16 for cyclic backbone design 
coupled with ProteinMPNN 29 for sequence design, as well as sequence–structure co-design 
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models CP-Composer 17, PepFlow 30, and PepGLAD 31. Official pipelines and released weights 
were used for RFpeptides and CP-Composer, while fine-tuned PepFlow and PepGLAD models 
trained on 71,867 cyclic peptide complexes were adopted from a benchmarking study 28. All 
generated peptides were evaluated using Ramachandran acceptance and favored rates, logP, polar 
SASA ratio, and structural diversity (see Methods for details). 

As summarized in Table 1, CycDiff-DPO ranks third in stereochemical quality, achieving 
Ramachandran acceptance and favored rates of 72.5% and 42.2%, respectively—comparable to 
CP-Composer (72.2%/40.0%) and PepGLAD (71.9%/40.5%). This indicates that our preference-
guided optimization does not compromise structure plausibility relative to other co-design models. 
In terms of physicochemical profiles, logP is a widely used proxy for the balance between 
hydrophobicity and desolvation cost relevant to passive membrane partitioning 32. CycDiff-DPO 
produces the highest logP (−1.84) and the lowest polar SASA ratio (0.20) among all models, 
indicating reduced solvent-accessible polar surface exposure—an attribute often associated with 
permeable macrocycles 33. Importantly, these improvements are not achieved at the expense of 
molecular diversity. CycDiff-DPO attained a structural diversity score of 0.72, comparable to those 
of the baseline methods, demonstrating that the incorporation of DPO enhanced permeability-
related properties while preserving broad coverage of the accessible conformational space.

Table 1. Performance of cyclic peptide generation models

Model Ramachandran 

accepted

Ramachandran

favored

logP Polar SASA ratio Diversity

CycDiff-DPO 72.5% 42.2% -1.84±3.09 0.20±0.04 0.72

CP-Composer 72.2% 40.0% -5.55±3.52 0.23±0.03 0.71

RFpeptides 95.8% 83.4% -6.72±3.37 0.26±0.06 0.73

PepFlow (cyc) 82.5% 58.9% -5.88±3.01 0.24±0.04 0.74

PepGLAD (cyc) 71.9% 40.5% -5.08±2.47 0.23±0.04 0.72

Next, we examined the amino acid composition of cyclic peptides generated by different 
models and compared it with the reference distribution from the test set (Fig. 2a). CycDiff-DPO 
showed a relatively low Kullback–Leibler (KL) divergence of 0.30. This value was substantially 
lower than those of RFpeptides (0.66) and PepFlow (1.25), and moderately higher than those of 
PepGLAD (0.11) and CP-Composer (0.14). We observed modest enrichments of leucine and 
alanine, consistent with the highest logP and lowest polar SASA ratio among all models (Table 1). 
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Meanwhile, charged (E, K, R) and polar (T, Q) residues remain present at appreciable frequencies, 
reflecting their essential roles in forming hydrogen bonds and salt bridges at the peptide–receptor 
interface. These residue types are generally unfavorable for passive membrane permeability owing 
to desolvation penalties and increased polar surface exposure. However, the impact of the retained 
charged residues on membrane transit is likely mitigated by pKa shifts in the low-dielectric 
membrane interior, which can drive ionizable side chains toward neutralization at physiological 
pH, with reported shifts of +2 to +5 units for Glu 34 and −4 to −5 units for Lys 35. The remaining 
polar residues (T, Q) are uncharged and therefore impose a much smaller barrier to membrane 
crossing than ionizable residues, as their membrane transfer free energies are only ~3–5 kcal/mol 
compared to >14 kcal/mol for formally charged side chains 36. Importantly, we found no evidence 
of amino-acid–level mode collapse, a common failure mode in property-optimized generative 
models where the sequence space collapses to a narrow set of residue choices.

To further assess the realism of local side-chain geometries, we analyzed the distributions of 
side-chain dihedral angles (χ₁–χ₄) for cyclic peptides generated by CycDiff-DPO and compared 
them with those in experimentally determined structures from the test set (Fig. 2b). Across all 
torsional degrees of freedom, the dihedral angle distributions closely matched the reference 
distributions. The agreement was strongest for χ₁ and χ₂. Higher-order torsions (χ₃ and χ₄) were 
more variable, but they still followed the same overall trends as the reference. Together, these 
results indicated that the designed cyclic peptides retained natural-like sequence statistics and 
locally realistic structural features.
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Fig. 2. Sequence and conformational profiles of designed cyclic peptides. (a) Amino-acid 
frequency distributions for peptides generated by different models compared with the reference 
dataset. (b) Side-chain dihedral angle distributions (χ₁–χ₄) for the reference structures (top) and 
CycDiff-DPO designs (bottom).

Binding patterns of designed cyclic peptides

To assess whether permeability-guided preference alignment preserves target engagement, we 
compared binding energetics and interfacial quality for cyclic peptides generated by CycDiff-DPO 
and the baseline methods. For each target, peptide–receptor complexes were refined using a single 
round of Rosetta FastRelax and the best-scoring design per method was selected according to the 
Rosetta interface energy (ΔG) 37. Across all peptide-length categories, CycDiff-DPO produced 
consistently more favorable interface energies than competing approaches (Fig. 3a). For most 
models, longer peptides generally exhibit lower interface energies, consistent with their ability to 
form larger binding interfaces and more extensive contacts with the target protein. We further 
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examined binding quality as a function of the number of generated candidates per target. As shown 
in Fig. 3c, CycDiff-DPO maintained a clear advantage over baseline models across all sampling 
depths, with its average ΔG decreasing and gradually converging as the candidate pool expands. 
This convergence behavior indicated that the performance gains of CycDiff-DPO were not driven 
by isolated outliers, but instead reflect a systematic enrichment of high-affinity binders within the 
generated set. In line with the interface trends, the Rosetta total energies of the generated 
complexes were also shifted towards more favorable values for CycDiff-DPO (Fig. 3b), supporting 
that improved binding free energy was compatible with globally stable bound poses.

Beyond energetic metrics, we characterized intermolecular contacts to obtain a chemically 
interpretable view of the binding modes. Using PLIP 38, we quantified hydrophobic contacts, 
hydrogen bonds, and salt bridges for the generated complexes. CycDiff-DPO designs exhibited 
the highest average number of hydrophobic contacts (Fig. 3d), consistent with tighter nonpolar 
packing and improved shape complementarity at the interface. Hydrogen-bond counts were 
modestly reduced relative to CP-Composer, whereas salt-bridge counts remained comparable. This 
is expected under permeability-driven optimization, which enriches hydrophobic residues and 
reduces exposed polarity. Overall, CycDiff-DPO appears to preserve affinity primarily through 
tighter nonpolar packing at the interface.

Fig. 3. Binding characteristics of designed cyclic peptide binders. (a) Distributions of Rosetta 
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interface energy (ΔG) grouped by peptide length. (b) Distributions of Rosetta total energy for 
generated complexes. (c) Interface energy as a function of sampling depth (mean ± s.e.m.). (d) 
Average numbers of hydrophobic contacts, hydrogen bonds, and salt bridges (mean ± s.e.m.). 

Results on permeability optimization

Preference optimization in this work was guided by Caco-2 permeability, a widely adopted 
and practically actionable metric in lead optimization that serves as a cell-based proxy for intestinal 
absorption. Compared with physicochemical descriptors (e.g., lipophilicity) and with PAMPA 
which primarily reflects passive diffusion, Caco-2 permeability provides a more integrated 
measure of membrane transport and can additionally reflect transporter-related liabilities such as 
efflux 39,40. This makes Caco-2 permeability a pragmatic optimization target for improving the 
developability of macrocyclic peptides. To ensure that our in-house Caco-2 predictor provides a 
reliable signal for constructing preference pairs, we benchmarked it on the CycPeptMPDB dataset 
21 using five-fold cross-validation, and compared it against two recent state-of-the-art deep 
learning models for cyclic peptide Caco-2 prediction (CPMP 41 and PharmPapp 42). As shown in 
Fig. 4a, our model achieved R² = 0.747, MSE = 0.159, and Spearman’s ρ = 0.856, outperforming 
CPMP and PharmPapp. Per-fold metrics across the five splits are shown in Table S1.

Due to limited experimental throughput, we assessed membrane permeability of the 
designed cyclic peptides using machine-learning predictors. We evaluated each peptide set with 
multiple independent predictors and report results averaged across models to reduce dependence 
on any single evaluator, with per-predictor results provided in the Table S2 and S3. Since 
preference construction was guided by a Caco-2 signal, we additionally assessed PAMPA to test 
whether the observed gains extend to an assay that mainly reports passive transmembrane diffusion. 
For Caco-2 permeability, we used CPMP and PharmPapp as external predictors. For PAMPA 
permeability, we used DMPNN and AttentiveFP as the top-performing predictors reported in the 
most recent benchmarking study 43, together with CPMP. As shown in Fig. 4b, CycDiff-DPO 
yields the highest predicted Caco-2 permeability and the distribution is shifted towards higher 
values relative to all baselines. This advantage remains when each predictor is examined 
individually, indicating that the improvement is not driven by a single evaluation model. The same 
trend is observed for PAMPA (Fig. 4c), where CycDiff-DPO again attains the most favorable 
predictions across predictors despite PAMPA not being used to construct the preference signal. 
Therefore, permeability improvements generalized across predictors and assay modalities. To 
investigate whether the observed permeability gains are attributable to intramolecular hydrogen-
bond (IMHB) shielding, we quantified IMHB counts for the generated peptides and compared 
them with experimentally characterized macrocycles. Across all five generative models, CycDiff-
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DPO did not increase the mean IMHB count relative to the baselines (Fig. S3). Consistently, 
analysis of CycPeptMPDB indicates that high-permeability cyclic peptides are not enriched in 
IMHBs; instead, the high-permeability subset shows a modestly reduced IMHB count for both 
Caco-2 and PAMPA measurements (Fig. S4). These observations suggest that IMHB shielding is 
unlikely to be the primary driver in our setting and are consistent with a permeability enhancement 
mechanism dominated by reduced global polarity. To account for solvent-dependent 
conformational reorganization, we performed CREST conformational searches under ALPB 
chloroform as a membrane-mimicking environment 44,45 for representative subsets of 
experimentally characterized cyclic peptides from CycPeptMPDB dataset covering peptide 
lengths from 3 to 15 residues. Boltzmann-weighted IMHB counts showed no positive association 
with experimental permeability: in the Caco-2 dataset, a weak but statistically significant negative 
correlation was observed (Spearman 𝑟 =  ― 0.24, 𝑝 =  0.042), although the difference 
between high- and low-permeability groups did not reach significance in a group comparison 
(Mann-Whitney 𝑝 =  0.177). In the PAMPA dataset, neither correlation nor group comparison 
reached significance (Spearman 𝑟 =  ― 0.16, 𝑝 =  0.19; Mann-Whitney 𝑝 =  0.391; Fig. S5 
and Table S4). In both assays, high-permeability peptides showed numerically lower mean IMHB 
counts, and no positive association was detected. These findings indicate that IMHB-mediated 
shielding does not emerge as a driver of permeability in this chemical space, consistent with a 
global depolarization mechanism.
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Fig. 4. Permeability benchmarking at predictor and peptide levels. (a) Five-fold cross-validation 
performance of Caco-2 permeability predictors, reported as 𝑅2, MSE, and Spearman’s 𝜌. (b) 
Mean predicted Caco-2 permeability for the same peptide sets, averaged across independent 
predictors. (c) Mean predicted PAMPA permeability for cyclic peptides generated by different 
design models, averaged across independent predictors.

Case studies

We further applied CycDiff-DPO to two clinically relevant intracellular PPI targets to test 
whether permeability-guided preference optimization can enrich cell-permeable cyclic peptide 
inhibitors without compromising target engagement. We selected Keap1–Nrf2, a central 
regulatory node in the cellular antioxidant response, because pharmacological modulation of the 
Keap1–Nrf2 axis is widely pursued for oxidative-stress–driven pathologies (e.g., chronic 
inflammation and degenerative disorders) 46. We also selected SPSB2–iNOS, an intracellular 
interaction in which SPSB2 recruits ubiquitin machinery to control iNOS lifetime and thereby 
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tunes nitric oxide output in inflammation and host defence; disrupting this interaction has been 
proposed as a route to prolong iNOS activity and enhance antimicrobial responses 47. For Keap1–
Nrf2, we used a reported Keap1-bound cyclic peptide complex as the structural reference (PDB 
ID: 7K2S); for SPSB2–iNOS, we used a cyclic peptide bound to SPSB2 as the reference (PDB ID: 
5XN3). In both systems, the receptor design region was defined as residues whose Cβ atoms lie 
within 10 Å of the ligand in the reference complex. CycDiff-DPO then generated 1,000 cyclic 
peptides matching the reference ligand length, followed by a single round of Rosetta FastRelax 
refinement. We discarded candidates with positive Rosetta interface ΔG and prioritized the 
remaining designs by interface ΔG together with the total number of intermolecular interactions 
identified by PLIP.

Keap1-Nrf2

For Keap1–Nrf2, the top-ranked cyclic peptide is shown in Fig. 5a. The designed peptide 
overlays closely with the reference macrocycle and recapitulates hot-spot recognition within the 
Keap1 pocket. In the refined complex, the generated peptide forms hydrogen bonds with the hot-
spot residues Arg415, Arg483, and Tyr525, whereas the reference peptide engages Arg380 and 
Arg483 (Fig. 5a). The refined complex achieves a Rosetta interface ΔG of −43.7 REU and a 
DMPNN-predicted PAMPA score of −5.93, compared to −33.7 REU and −11.00 for the reference 
macrocycle. Evaluation across five independent predictors and two assay modalities showed that 
four predictors consistently indicate improved permeability for the top design over the reference, 
though PharmPapp showed minimal differentiation (Table S5). To assess bound-state stability 
beyond static scoring, we carried out explicit-solvent MD simulations for both the designed 
complex and the reference (Fig. 5c). The designed peptide remained stably bound over the 
trajectory and exhibited a lower peptide heavy-atom RMSD than the reference (1.09 Å versus 1.17 
Å). 

Across the design set, contact recovery analysis further showed frequent engagement of 
experimentally validated Keap1 hot-spot residues (Fig. 5e) 48, with high recovery for Tyr572, 
Tyr334, Arg415, and Tyr525, and additional hot spots such as Arg380 and Arg483 also recovered 
across designs. Consistent with these recovery profiles, individual designs typically formed 
contacts with 3–5 hot-spot residues (Fig. S1a), indicating that the improved permeability 
predictions are achieved while retaining multi-residue hot-spot engagement. The binding–
permeability landscape (Fig. 5f) provides a complementary view of the design set. Relative to the 
reference macrocycle (star), all generated samples achieve higher predicted permeability, and 18.8% 
of candidates improve both predicted permeability and interface ΔG.

SPSB2–iNOS
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A similar pattern is observed for SPSB2–iNOS. The representative design shown in Fig. 5b 
closely overlaps with the reference binding geometry and remains well accommodated in the 
SPSB2 pocket. The refined design shows both a slightly more favorable interface ΔG (−31.23 vs 
−30.34 REU) and improved predicted PAMPA (−6.82 vs −8.10) relative to the reference. This 
improvement was consistent across all five predictors, despite PharmPapp again showing minimal 
differentiation (Table S5). In the refined complex, the generated peptide forms hydrogen bonds 
with the hot-spot residues Thr102 and Tyr120, consistent with the reference interaction pattern 
(Fig. 5b). MD simulations further support the stability of the bound pose (Fig5d). The designed 
peptide remained associated with SPSB2 and exhibited a slightly lower mean peptide heavy-atom 
RMSD than the reference (1.82 Å versus 1.91 Å). Hot-spot recovery analysis indicates frequent 
engagement of hot-spot residues on SPSB2 47, particularly Tyr120 and Trp207, with additional 
contributions from Thr102 and Val206 (Fig. 5g). In line with these recovery rates, individual 
designs typically contacted 2–3 hot-spot residues (Fig. S1b), consistent with a compact hot-spot–
centered interaction footprint across the design set. In the binding–permeability landscape (Fig. 
5h), 84.7% of generated samples achieve higher predicted permeability than the reference; among 
these, 78.7% also show more favorable interface ΔG than the reference.  

Both case study top designs contain charged residues, which may raise concerns about 
membrane permeability. However, ionizable side chains undergo substantial pKa shifts in low-
dielectric membrane environments. The Keap1–Nrf2 design c[LLLVVVK] contains a single 
charged residue (Lys). In aqueous solution Lys is cationic (pKa ≈ 10.4), but in the low-dielectric 
membrane interior its pKa shifts downward by −4 to −5 units to approximately 5.6–6.5, as 
demonstrated by constant-pH MD 34 and solid-state NMR in DOPC bilayers 35. At physiological 
pH, membrane-embedded Lys would be predominantly deprotonated and neutral. The remaining 
six residues are all strongly hydrophobic, yielding a highly lipophilic overall composition that 
favors membrane partitioning. The SPSB2–iNOS design c[KVLDIHLL] contains two charged 
residues: one Lys and one Asp. The Lys is expected to undergo the same downward pKa shift 
toward neutralization. The Asp (aqueous pKa ≈ 4.0) shifts upward by +2 to +5 units in membrane 
environments, reaching values of 5.8–9.4 34,49 , at which it would be predominantly protonated and 
neutral at pH 7.4. Consequently, both designs are expected to carry substantially less charge during 
membrane crossing than their aqueous ionization states would suggest. To provide a property-level 
assessment independent of ML predictors, we computed the physicochemical profiles of the top 
designs and reference peptides (Table S6). Across three key permeability-related descriptors—
HBD, TPSA, and logP—the top designs show substantial improvements over the reference 
peptides, with particularly large gains in logP and TPSA. MW increased modestly due to the 
incorporation of additional hydrophobic residues, but remained within the range reported for orally 
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bioavailable macrocycles 50.

Collectively, these two intracellular case studies indicate that CycDiff-DPO can generate 
cyclic peptide inhibitors that preserve target-like binding modes, stable bound-state behavior, and 
hot-spot engagement, while enriching candidates with improved predicted membrane permeability.

Fig. 5. Case studies of CycDiff-DPO-designed cyclic peptide inhibitors targeting Keap1-Nrf2 and 
SPSB2-iNOS. (a,b) Designed peptide–protein complex structures overlaid with reference peptides 
(purple; PDB IDs: 7K2S and 5XN3, respectively); dashed lines denote hydrogen bonds involving 
hot-spot residues. (c,d) Peptide heavy-atom RMSD from MD simulations for the Keap1–Nrf2 and 
SPSB2–iNOS complexes, respectively. (e,g) Interaction recovery rates with hot-spot residues on 
Keap1 (e) and SPSB2 (g). (f,h) Binding–permeability landscapes for the Keap1-Nrf2 and SPSB2-
iNOS design sets, respectively, with the reference peptide marked by a star.

Ablation analyses

To quantify how preference optimization and the inverse-temperature parameter β modulate 
the permeability–affinity trade-off, we compared the base generator (no DPO), SFT, and DPO 
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across a range of β values (Table 2, S7, and S8). Relative to the base model, SFT provides only 
marginal improvements in permeability (Caco-2: −5.72 vs −5.73; PAMPA: −8.17 vs −8.31). In 
contrast, DPO improves performance in both assays, with the highest mean permeability observed 
at an intermediate β (Caco-2: −5.66; PAMPA: −7.89). Notably, the effect of β is non-monotonic: 
although β acts as an inverse temperature that rescales the preference signal, performance 
deteriorates at both low and high extremes (e.g., Caco-2: −5.69 and −5.71; PAMPA: −8.03 and 
−8.10). This pattern is consistent with prior observations that the optimal β depends on the signal-
to-noise ratio and information content of the preference pairs. Importantly, Rosetta interface 
energies remain essentially unchanged across conditions (−36.13 to −37.78), indicating that the 
permeability gains are achieved without detectable loss of binding energetics.

Table 2. Effect of training strategy and DPO inverse temperature (β) on mean predicted 
permeability and interface energy.

DPO setting Caco-2 
permeability

PAMPA 
permeability

Rosetta ΔG

SFT -5.72 -8.17 -36.90
Without DPO -5.73 -8.31 -36.13

𝛽 = 0.1 -5.69 -8.03 -37.01
𝛽 = 0.5 -5.66 -7.89 -37.78

𝛽 = 5 -5.69 -7.97 -37.75
𝛽 = 50 -5.71 -8.10 -36.60

Conclusions

CycDiff-DPO introduces a preference-aligned diffusion framework that shifts a pretrained 
generator toward cyclic peptides with improved membrane permeability while preserving target-
binding competence. Existing generative models for cyclic peptides have focused primarily on 
binding affinity and structural validity, without incorporating permeability during design. 
Conversely, methods that optimize for permeability have not addressed target-specific binding. By 
adapting direct preference optimization to the continuous, E(3)-equivariant latent space of a 
geometric diffusion model through a denoising-error surrogate, CycDiff-DPO integrates both 
objectives directly into the generative process, enabling exploration of chemical space that is 
simultaneously binding-competent and membrane-permeable, which is a critical requirement for 
intracellular targets.

Across 56 non-redundant test targets, CycDiff-DPO achieves a systematic distribution-level 
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shift toward permeability-favorable physicochemical space, including elevated lipophilicity, 
reduced polar surface exposure, and improved predicted Caco-2 and PAMPA permeability that 
generalizes across independent external predictors. These gains are accompanied by the most 
favorable Rosetta interface energies among all methods tested across peptide-length categories and 
sampling depths, together with stereochemical quality and structural diversity comparable to 
baseline approaches. Case studies on two clinically relevant intracellular PPI targets, Keap1–Nrf2 
and SPSB2–iNOS, further confirm that the designed peptides retain hot-spot engagement and 
exhibit stable bound poses in explicit-solvent MD simulations.

The intermolecular interaction profiles offer a physicochemically coherent account of how the 
model balances binding and permeability. CycDiff-DPO designs exhibit an increased number of 
hydrophobic contacts at the peptide–receptor interface, coupled with a modest reduction in 
hydrogen bonds relative to some baselines (Fig. 3d). This shift toward hydrophobically driven 
binding is consistent with reduced polarity and improved membrane partitioning. The enrichment 
of leucine and alanine in the generated sequences supports this global depolarization strategy (Fig. 
2a), in line with experimental evidence that reducing overall polarity and polar surface area is 
critical for improving membrane permeability in macrocycles 23. IMHB analysis provides further 
evidence for this mechanism: generated peptides show no enrichment of IMHBs relative to 
baselines, and experimentally characterized compounds in CycPeptMPDB reveal a significantly 
negative association between IMHB count and permeability (Figs. S3, S4). This conclusion is 
further supported by membrane-mimicking conformational ensemble analysis, which shows no 
positive association between IMHB counts and permeability even when conformational changes 
in the membrane environment were taken into account (Fig. S5 and Table S4). These observations 
suggest that IMHB shielding is not the dominant permeation mechanism in the chemical space 
explored here, and that the permeability gains of CycDiff-DPO are more consistent with a global 
depolarization strategy. Importantly, binding metrics remain stable despite the absence of binding-
related supervision in the preference signal. This robustness likely arises from the SFT-style 
reconstruction regularizer and from the fact that hydrophobic residues enriched by permeability 
optimization also contribute to tighter nonpolar packing at the binding interface.

More broadly, CycDiff-DPO bridges target-specific binding design and membrane 
permeability optimization within a single generative framework, unifying two objectives that were 
previously pursued independently. This establishes distributional preference alignment as a 
practical paradigm for designing cell-permeable cyclic peptide binders against intracellular targets. 
Nonetheless, several limitations should be noted. First, the design space is currently restricted to 
the 20 canonical amino acids, whereas non-natural modifications such as N-methylation, D-amino 
acids, and backbone alterations are established tools for improving membrane permeability and 
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metabolic stability. Incorporating such building blocks into the generative model is a key direction 
for future work. Second, permeability assessment in this work relies entirely on computational 
predictors. We have mitigated this limitation through multiple orthogonal lines of evidence—
multi-predictor consensus across independent models and assay modalities, residue-specific pKa 
analysis under membrane-mimicking conditions, and physicochemical profiling against reported 
property spaces for orally bioavailable macrocycles—all of which consistently support the 
predicted permeability gains. Nevertheless, experimental validation of membrane permeability for 
top-ranked designs remains a necessary next step to confirm the computational predictions and to 
establish the translational relevance of the framework.

Methods

Dataset

The preference-alignment data for DPO were derived from PepBench, a curated benchmark 
of protein–peptide complexes introduced by Kong et al. 31. The PepBench training split contains 
4,157 complexes, with receptor proteins longer than 30 residues and peptide ligands of 4–25 
residues. From this split, we randomly selected 500 receptor targets for preference-pair generation. 
From this split, we randomly selected 500 receptor targets for preference-pair generation. After 
running CP-Composer to generate initial cyclic peptide structures, 9 targets were excluded because 
generation failed, leaving 491 unique targets. We then partitioned these targets at the receptor level 
into training and validation sets in a 9:1 ratio (441 targets for training and 50 for validation).

To evaluate generalization across unseen targets, we started from the large non-redundant 
(LNR) dataset curated in prior work 51 and further selected a cyclic-peptide–compatible subset 
following the ligand-length and pocket-topology criteria in CPSea 28. Complexes were first filtered 
by ligand length, retaining only those with peptide ligands of 5–16 residues—a length regime that 
typically supports head-to-tail macrocyclization without excessive ring strain or major backbone 
rearrangements upon closure. Complexes were further excluded if introducing a cyclic topology 
would be expected to cause substantial steric clashes with the receptor or destabilize the bound 
conformation (Fig. S2). The remaining receptors were clustered using MMseqs2 to reduce 
redundancy 52. To prevent overlap with the cyclic-peptide fine-tuning data used for PepFlow and 
PepGLAD, we excluded any receptor showing >40% sequence identity to targets in the fine-tuning 
data 28. After these procedures, 56 non-redundant targets were retained as the final test set.

Base model architecture
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We adopt CP-Composer as our base model for target-conditioned cyclic peptide generation 
17. CP-Composer represents the binding site and peptide as a fully-connected geometric graph 
𝐺 = (𝑉,𝐸), where each node corresponds to a residue with features (ℎ𝑖,𝑋𝑖), including the amino-
acid type encoding ℎ𝑖 and the coordinates 𝑋𝑖 of associated atoms. The model is a latent 
geometric diffusion framework with a variational autoencoder that maps peptide graphs to residue-

level latent variables 𝐺𝑧 = (𝑧𝑖,𝑧𝑖)
𝑁
𝑖=1 via an encoder 𝐸𝜙, and reconstructs sequence and 

structure via a decoder 𝐷𝜉. Here 𝑧𝑖 is an E(3)-invariant scalar latent variable and 𝑧𝑖 is an E(3)-

invariant vector latent variable. A diffusion denoiser 𝜖𝜃(𝐺(𝑡)
𝑧 ,𝑡) parameterized by an equivariant 

GNN is trained in this compact latent space. During sampling, latents are initialized from the prior 
and progressively denoised for T steps using a DDPM sampler, then decoded back to the data space 
using 𝐷𝜉.

Permeability scoring model

We trained a machine-learning permeability predictor to assign each macrocyclic peptide 
candidate a scalar permeability score, 𝑠𝑝𝑒𝑟𝑚, which is subsequently used to construct preference 
pairs for preference optimization. We used Caco-2 measurements because they provide a higher-
level proxy for cellular membrane permeation that reflects integrated transport phenomena (e.g., 
uptake and efflux) beyond purely passive diffusion, in contrast to artificial-membrane assays such 
as PAMPA. 

The predictor was trained on the Caco-2 permeability subset of the CycPeptMPDB database 
21. After deduplication, the dataset comprises 1,273 unique cyclic peptides with experimentally 
measured log 𝑃𝑒𝑥𝑝 values. Each peptide was represented by an extended feature vector that 
concatenates Morgan fingerprints (ECFP; radius = 6; 2048 bits) together with 35 two-dimensional 
physicochemical descriptors (Table S9). All features were standardized using a StandardScaler 
prior to model training. The predictor is an ensemble of 10 XGBoost regressors, each instantiated 
with a distinct hyperparameter configuration to promote diversity in model capacity and 
regularization strength. The 10 configurations span tree counts of 150–300, maximum depths of 
5–9, learning rates of 0.05–0.10, row subsampling ratios of 0.72–0.78, and L1/L2 regularization 
weights of 0.01–0.20 and 1.0–2.0, respectively (Table S10). This deliberate variation in inductive 
biases—ranging from shallow, heavily regularized models to deeper, faster-learning ones—
reduces ensemble variance and improves robustness when scoring generated peptides that may lie 
outside the training distribution. The final permeability score is obtained by averaging the 
predictions of the 10 base models. The predictor was evaluated using five-fold cross-validation, 
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with each fold using an approximately 80/20 train–test split (~1,048/262 samples) and each peptide 
assigned to exactly one test fold to prevent data leakage. The final production model used for 
scoring during preference-pair construction was retrained on the full deduplicated dataset to 
maximize data utilization.

Preference pair construction

To improve permeability without confounding target-dependent effects, we construct 
preference pairs independently within each receptor target. For each target, we generate 𝐾 = 200 
macrocyclic peptide candidates using the base model CP-Composer, resulting in a target-

conditioned candidate pool 𝑚𝑐,𝑖
𝐾

𝑖=1 for each target 𝑐. Each valid cyclic peptide candidate is 

converted to SMILES representation and assigned a permeability score 𝑠𝑝𝑒𝑟𝑚(𝑚𝑐,𝑖) using our 
permeability predictor.

Preference pairs are constructed within each target to avoid confounding from cross-target 
differences. For a given target 𝑐, we sort candidates by predicted score in descending order and 
pair high-scoring samples with low-scoring samples using a symmetric rank-matching strategy: 
the 𝑖-th highest-scoring candidate is paired against the 𝑖-th lowest-scoring candidate. This yields 
up to [𝑁𝑐/2] raw pairs per target, where 𝑁𝑐 is the number of scored candidates. To ensure 
informative supervision, we retain a pair (𝑚+,𝑚―) only if the score margin satisfies

𝑠𝑝𝑒𝑟𝑚(𝑚+) ― 𝑠𝑝𝑒𝑟𝑚(𝑚―) ≥ 𝛿,

within 𝛿 = 0.1. The final preference dataset thus consists of tuples

𝐷𝑝𝑟𝑒𝑓 = {(𝑐,𝑚𝑤,𝑚𝑙)},

where 𝑚+ denotes the preferred (“winner”) candidate with higher predicted permeability and 
𝑚― denotes the dispreferred (“loser”) candidate. These target-conditioned preference pairs 
provide the supervision signal for DPO training.

Preference alignment with DPO 

Given target-conditioned preference tuples (𝑐𝑖,𝑚+
𝑖 ,𝑚―

𝑖 ) constructed above, where 
𝑚 = (𝐻,𝑋) denotes a cyclic peptide design with sequence 𝐻 and structure 𝑋 under target 
context c, we align the pretrained generator toward higher permeability using DPO strategy. Let 
𝑝𝜃 be the current diffusion model and 𝑝𝑟𝑒𝑓 be a frozen reference initialized from the same 
pretrained checkpoint. DPO increases the relative likelihood of the preferred design over the 
dispreferred one while regularizing against the reference model. Formally, we optimize
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𝐿𝐷𝑃𝑂 = 𝔼(𝑐,𝑚+,𝑚―) log 𝜎 𝛽 log
𝑝𝜃 𝑚+│𝑐

𝑝𝑟𝑒𝑓 𝑚+│𝑐
― log

𝑝𝜃 𝑚―│𝑐
𝑝𝑟𝑒𝑓 𝑚―│𝑐

,

where 𝜎(.) is the sigmoid function, 𝛽 is an inverse temperature parameter that controls 
alignment strength.

Direct evaluation of log 𝑝𝜃(𝑚|𝑐) is intractable for diffusion generators because it requires 
marginalizing over the full denoising trajectory. We therefore replace the log-likelihood terms in 
𝛥𝜃 with a tractable proxy derived from the diffusion score-matching objective, so that preference 
comparisons can be computed using denoising errors (MSE) rather than exact log 𝑝 values 53. 
Concretely, in the latent diffusion space z produced by the autoencoder, we sample a diffusion 
timestep t and noise 𝜖, form the noised latent 𝑧𝑡 via the forward process, and compute a model-
vs-reference denoising-error gap for a design m:

𝑔𝜃(𝑚) =∥ 𝜖𝜃 (𝑧𝑡,𝑐,𝑡) ― 𝜖∥2 ―∥ 𝜖𝑟𝑒𝑓 (𝑧𝑡,𝑐,𝑡) ― 𝜖∥2.

Intuitively, if the current model explains 𝑚 better than the reference, its denoising error is smaller 
and 𝑔𝜃(𝑚) decreases, corresponding to a higher proxy likelihood under 𝑝𝜃 relative to 𝑝𝑟𝑒𝑓. We 
instantiate the preference logit using denoising-gap contrasts:

𝛥(𝑐,𝑚+,𝑚―) ≈ ― 𝑔𝜃(𝑚+) + 𝑔𝜃(𝑚―),

which preserves the logistic DPO form while avoiding exact likelihood computation. In practice, 
we reuse the same sampled (𝑡,𝜖) when evaluating 𝑚+ and 𝑚― to reduce variance and ensure 
a fair comparison. In order to stabilize preference optimization and preserve the base generator’s 
sequence–structure fidelity, we use an SFT-style reconstruction regularization term computed on 
the winner samples. The overall objective is

𝐿 = 𝜆1𝐿𝐷𝑃𝑂 + 𝐿𝑆𝐹𝑇(𝑚+),

where the SFT regularizer is defined as

𝐿𝑆𝐹𝑇(𝑚+) = 𝜆2𝐿𝐻,𝑟𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡(𝐻+) + 𝜆3𝐿𝑋,𝑟𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡(𝑋+).

Here 𝐿𝐻,𝑟𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡 and 𝐿𝑋,𝑟𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡 denote the sequence and coordinate reconstruction losses, 
respectively.

Training and implementation details

CycDiff-DPO is trained on a single RTX 3090 GPU (24 GB) using AdamW. The model is 
initialized from the pretrained CP-Composer checkpoint 17, and the autoencoder parameters are 
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kept frozen throughout training. Preference alignment is performed using the DPO objective 
described above, with 𝛽 = 0.5 and the loss weights set to 𝜆1 = 1, 𝜆2 = 1, and 𝜆3 = 1. We train 
for up to 50 epochs and select checkpoints based on validation performance. The initial learning 
rate is 1 × 10―5 with weight decay 0.05, and is reduced by a factor of 0.6 if the validation loss 
does not improve for three consecutive epochs. Early stopping is applied with a patience of 10 
epochs. We retain the top 10 checkpoints according to validation performance for downstream 
analysis, and report results using the best-performing checkpoint.

Evaluation metrics

We evaluated the backbone stereochemical quality using Ramachandran statistics of ϕ/ψ 
dihedrals, and structures were deemed acceptable when ≥95% of residues fell in allowed regions 
and ≥90% in favored regions 28. To characterize surface polarity, we computed the polar solvent-
accessible surface area (SASA) ratio,

𝑟polar =
SASApolar

SASAtotal
,

where 𝑆𝐴𝑆𝐴𝑝𝑜𝑙𝑎𝑟 denotes the SASA contributed by polar atoms and 𝑆𝐴𝑆𝐴𝑡𝑜𝑡𝑎𝑙 is the total 
SASA. Lipophilicity was summarized by log 𝑃 (octanol–water partition coefficient), which 
serves as a compact descriptor relevant to permeability-related trade-offs. Structural diversity 
within a generated set was quantified as the mean pairwise dissimilarity 1 ― TM, where TM-score 
is computed after backbone structural alignment; for N peptides, we report 

𝐷 =
2

𝑁(𝑁 ― 1)
𝑖<𝑗

(1 ― 𝑇𝑀(𝑖,𝑗)) ,

so that larger D indicates greater diversity. For complex-level evaluation, peptide–receptor 
structures were refined with one cycle of Rosetta FastRelax prior to scoring, after which we 
computed the Rosetta interface energy (ΔG) using the REF2015 score function and additionally 
reported the Rosetta total energy of the relaxed complex as a proxy for overall bound-state stability. 
To provide interpretable interaction readouts beyond energies, we analyzed interfaces using PLIP 

38 and reported the numbers of hydrophobic contacts, hydrogen bonds, and salt bridges detected 
for each complex.

Molecular dynamics simulations

Protein–peptide complexes were protonated at pH 7 using PROPKA in PDB2PQR 54 . Systems 
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were solvated in a 10 Å truncated octahedral TIP3P water box 55 and neutralized with Na⁺/Cl⁻ to 
150 mM. Proteins and peptides were modeled with ff14SB 56. Simulations were performed in 
Amber22 using GPU-accelerated PME on RTX 3090 hardware 57. Each system was minimized for 
2,500 steepest-descent and 2,500 conjugate-gradient steps with restraints on solvent/ions, followed 
by an unrestrained minimization of identical length. Velocities were assigned from a Boltzmann 
distribution, then heated from 0 to 310 K over 500 ps in the NVT ensemble with a Langevin 
thermostat and 10.0 kcal·mol⁻¹·Å⁻² solute restraints. NPT equilibration (300 K, 1 bar) was run for 
2.5 ns while reducing solute restraints from 5.0 to 0.1 kcal·mol⁻¹·Å⁻² in four 0.5 ns stages. 
Production runs were conducted at 310 K and 1 bar without restraints using a Langevin thermostat 
and Berendsen barostat. Each production simulation was run for 100 ns, and three independent 
replicates with different random seeds were performed per system. A 4.0 fs timestep was enabled 
by hydrogen mass repartitioning 58, bonds to hydrogens were constrained with SHAKE 59, and 
nonbonded interactions used a 10 Å cutoff.
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The pretrained CycDiff-DPO model weights, the preprocessed input data, and the code for running the 
CycDiff-DPO algorithm are available on GitHub at https://github.com/sun-heqi/CycDiff-DPO. 
Supplementary information (SI) is available.
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