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Abstract

Personalized vaccines and T-cell immunother-
apies depend critically on identifying peptide-
MHC class I (pMHC-I) interactions capable of
eliciting potent immune responses. However, cur-
rent benchmarks and models inherit biases present
in mass-spectrometry and binding-assay datasets,
limiting discovery of novel peptide ligands. To ad-
dress this issue, we introduce a structure-guided
benchmark of pMHC-I peptides designed using
diffusion models conditioned on crystal struc-
ture interaction distances. Spanning twenty high-
priority HLA alleles, this benchmark is indepen-
dent of previously characterized peptides yet re-
produces canonical anchor residue preferences,
indicating structural generalization without ex-
perimental dataset bias. Using this resource, we
demonstrate that state-of-the-art sequence-based
predictors perform poorly at recognizing the bind-
ing potential of these structurally stable designs,
indicating allele-specific limitations invisible in
conventional evaluations. Our geometry-aware de-
sign pipeline yields peptides with high predicted
structural integrity and higher residue diversity
than existing datasets, representing a key resource
for unbiased model training and evaluation.

1. Introduction

Peptide-MHC class I (pMHC-I) interactions are central to
adaptive immunity, enabling cytotoxic T cells to recognize
and eliminate infected or cancerous cells (Chaplin, 2010).
Predictors of pMHC-I binding have become essential tools
for personalized T-cell immunotherapies and modern vac-
cine design (Saxena et al., 2025). Given the vast combi-
natorial diversity of ~ 100, 000 distinct peptides, and after
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accounting for polymorphisms, insertions, deletions, and
aberrant splicing, experimentally mapping all binding pep-
tides is infeasible (Yewdell et al., 2003). This necessitates
accurate in silico prediction methods to prioritize candi-
date peptides for immunotherapeutic design (Walz et al.,
2015). Despite substantial progress, current pMHC-I pre-
diction methods face important limitations. Most state-of-
the-art models are sequence-based and trained on a large
library of known binders from public databases, such as the
Immune-Epitope Database (IEDB) which contains a library
of > 10% pMHCs (Vita et al., 2025). These datasets predom-
inantly originate from mass-spectrometry (MS) immunopep-
tidomics (Sarkizova et al., 2020) and in vitro binding assays
and thus carry experimental biases. One well-documented
bias is the under-detection of cysteine-containing peptides in
standard MS workflows, which in turn causes such peptides
to be under-represented in databases and often missed by
trained predictors (Bruno et al., 2023). Furthermore, many
benchmarks rely on similar experimental data for evalua-
tion, potentially inflating performance by testing on peptide
sequences with distributions similar to model training sets.
This over-reliance on biased datasets and narrow test sets
raises concerns that reported accuracy overstates real-world
generalization capacity (Machaca et al., 2024).

To confront these challenges, we introduce a structure-
conditioned approach using diffusion models for pMHC-I
peptide generation. Our diffusion-based generative model
explicitly conditions on the three-dimensional structure of
the MHC-I binding groove. By leveraging this structural
context, it designs peptides that are inherently compatible
with a given MHC allele’s binding pocket, ensuring that
all generated sequences are structurally valid binders. This
approach enables exploration of peptide sequence space be-
yond the biases present in current databases, yielding novel,
previously out-of-distribution peptides guided by structural
binding preferences. By generating plausible yet unconven-
tional peptides, our structure-conditioned diffusion model
expands the landscape of potential immunotherapy targets
and provides new test cases for existing predictors.
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Figure 1. Overview of the structure-guided generative pipeline for designing high-affinity peptides for MHC class I molecules.

2. Data and Methods
2.1. Dataset

We selected 189 peptide-MHC Class I crystal structures
from the Protein Data Bank (PDB) (Berman et al., 2003),
with coverage of 20 human HLA alleles (accessed 23-04-
2025) with peptides of length 9-11 amino acids. Structures
were selected with resolution < 3.5A with the aim to cap-
ture hydrogen bonds and van der Waals interactions < 3.5A
(Wlodawer et al., 2018). We excluded any structures with
missing peptide residues, non-standard amino acids, or in-
complete annotations of the HLA.

2.2. Hot-spot identification

We generated a residue—residue contact map by computing
minimum Euclidean heavy-atom distances between peptide
(9-11 residues) and MHC heavy chain (150-300 residues)
residues, omitting hydrogens due to inconsistent resolution
at < 3.5A.

Distance cut-off. Across 189 crystal structures (20 HLA-I
alleles), 0.170 % of heavy-atom pairs fall within < 3.5A
(95 % CI 0.166-0.175), placing this threshold at the 99.8th
percentile of contact strength. Coverage rises to 6.9% at 5A.
Because the 2.2-3.2A window matches canonical hydrogen-
bond/salt-bridge geometries (> 4 kcal mol 1) (Gilli & Gilli,
2018; Kastritis & Bonvin, 2013), we label residues with
< 3.5A contacts as core hotspots and those with < 5A
contacts as high-contact positions, fixing both sets during
diffusion-based sequence design.

2.3. Generative Pipeline

The pipeline (Fig. 1) begins with the crystallized MHC-
peptide structure. Then, we mask the peptide sequence
in each PDB structure, preserving the MHC scaffold and

hot-spot interactions. RFdiffusion was ran with 50 time
steps and fixed structure of the MHC. RFdiffusion (Watson
et al., 2023) generates the sequence space over 50 iterations,
conditioned by hotspot residues to maintain high-affinity
contacts. We chose a window of a 9-11-residues, and no
imposed symmetry and sampling temperature of 0.5. Each
RFdiffusion-generated backbone is next threaded through
ProteinMPNN (Dauparas et al., 2022) to optimize side-chain
identities while keeping the MHC scaffold fixed. We iso-
late the peptide chain coordinates, supply the full complex
backbone to ProteinMPNN --complex mode, and sample
N = 64 sequences per backbone at a sampling tempera-
ture of 0.5. Sequences are ranked by their negative log-
likelihood (NLL); the top five NLL sequences are retained
for structural evaluation. The top ProteinMPNN sequences
are folded with AlphaFold2-Multimer (AF2) while the
original MHC a- and (-chains are kept intact. AF2 is run
with num_recycles = 6, model_preset = multimer
(Jumper et al., 2021). Peptides whose AlphaFold predictions
scored pLDDT > 0.8 were retained as ‘high-confidence’ de-
signs.

2.4. Models Evaluated

Binding affinities are predicted by MHC-Flurry (O’Donnell
et al, 2020), NetMHCSpan (Mclnnes et al., 2018),
HLApollo (Thrift et al., 2024), HLAthena (Sarkizova et al.,
2020), MixMHCpred (Bassani-Sternberg et al., 2017),
MHCNuggets (Shao et al., 2020), and ESMCBA, a fine-
tuned ESM-Cambrian model (ESM Team, 2024).

2.5. Additional Benchmarking Datasets

We employed three additional benchmarking datasets: 1.
IEDB database with peptides after 2020, eliminating data
leakage for most models training data. 2. A constructed
dataset with preservation of the anchoring residues follow-
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ing the same distribution of peptides observed in the public
dataset, and the randomly generated rest of the sequence.
3. A list of 9-11-mers auto-regressively generated with
ESM2 (ESM Team, 2024), starting from an initial random
token and sampling each residue from the model’s predictive
distributions. We ensured independence to the dataset by
removing any overlapping peptides between this generated
pipeline and the public databases.

3. Results

3.1. Allele-aware motif similarity.

To investigate peptide binding motif similarities across
HLA alleles, we constructed Position Weight Matrices
(PWMs) from allele-dependent peptides associated with
high-confidence PDB structures (pLDDT >0.8). Pairwise
Jensen-Shannon (JS) divergences were computed between
peptide profiles of structures within the same allele, reveal-
ing varying degrees of motif consistency. JS divergence
shows the similarities among structures and allele groups
(Supp. Fig. S1). The generated peptides follow similar
distributions according to the MHC allele, and show differ-
ences to super alleles (eg. HLA-A vs HLA-B structures).

3.2. Experimental Validation with orthogonal unbiased
data

EpiScan is a high-throughput, cell-based platform that
presents bar-coded peptide libraries on the surface of HLA-I
molecules and quantifies their relative display levels by deep
sequencing. Because it bypasses mass-spectrometry and in
vitro binding assays, EpiScan provides an unbiased mea-
surement of peptide presentation (Bruno et al., 2023). How-
ever, EpiScan’s study tested >100,000 peptides and found
<400 peptides that bound to HLA-A*02:01 and <1500 for
HLA-B*57:01. Although a high-throughput experimental
approach, it only probed a narrow slice of the sequence
space. Our structure-guided diffusion library complements
it by generating tens of thousands of anchor-compatible
peptides that explore under-sampled regions, covering the
gap in diversity and bias.

Position-wise conservation. We report per-position Pear-
son R between designed libraries and public peptides
(Fig. 2). Anchor positions (P2 and P{2) reach R > 0.4
and R > 0.8 for our library and EpiScan’s data respec-
tively, whereas solvent-exposed positions drop to R ~ 0.2,
corroborating the selective conservation of biophysically
constrained sites (Supp. Fig. S2).

Enrichment in HLA-A*02:01 and HLA-B*57:01 EpiS-
can enriches proline at P2 and P9, whereas our library re-
stores the expected hydrophobic peak at P2, P9 and P1, re-
capitulating the unbiased data enrichment in HLA-A*02:01
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Figure 2. Position-wise Pearson correlations of amino acid prefer-
ences between our generated peptides, public database motifs, and
unbiased EpiScan data.

(Supp. Fig. S3).

In HLA-B*57:01, we observe a similar trend where the
enrichment is recapitulated in both methods and exposing
the bias found in MS data (Supp. Fig. S6).

3.3. Full ROC curve performance across peptide classes

For each predictor, we constructed Receiver Operating Char-
acteristic (ROC) curves across four distinct peptide evalu-
ation classes and computed the Area Under the ROC (AU-
ROC) to assess discriminative performance (Fig. 3).

Performance on Experimentally Validated Binders

To establish a baseline, we evaluated each predictor’s ability
to distinguish experimentally validated binders from other
peptides. All methods performed moderately, achieving
AUROC:s from 0.66 (Apollo) to 0.81 (ESMCBA), with most
predictors clustering tightly around 0.74—0.81. These high
AUROCs demonstrate robust recognition of known canon-
ical binding motifs by current sequence-based methods,
aligning well with their training data.

Performance on Random-Sampled Peptides

To evaluate predictor specificity, we tested their ability to
discriminate randomly sampled peptides from experimen-
tally validated peptides with strong binding. Most predictors
indeed assigned high scores to random peptides, achieving
desirable AUROCS ranging from 0.86 (HLApollo) - 1.00
(NetMHCpan). These results confirm that predictors are
robustly specific, effectively distinguishing random peptides
from biologically plausible sequences.
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Figure 3. ROC curves and AUROC values for seven binding affinity predictors across four peptide evaluation classes: experimentally
validated binders, permutation-test controls, random-sampled negatives, and structure-guided diffusion designs.

Performance on Permutation-Test Peptides

To test predictors’ robustness to subtle sequence perturba-
tions, we next assessed performance on anchor-preserved
permutation-test peptides. Ideally, predictors should assign
these control sequences low binding scores (AUC signif-
icantly above 0.5), reflecting their non-physiological se-
quence context. However, we observed AUROCS ranging
from 0.71 (HLApollo) to 0.93 (HLAthena and NetMHC-
pan), indicating that predictors naively assigned these pep-
tides relatively high scores. This result reveals a troubling
sensitivity to subtle global sequence context perturbations
beyond anchor positions, highlighting a critical vulnerability
in current predictive approaches.

Performance on Structure-Guided Diffusion Designs

Finally, we evaluated model performance on peptides explic-
itly designed to structurally complement the MHC binding
pocket (structure-guided designs with pLDDT > 0.8). We
first evaluated them against the random generated peptides.
All methods’ AUROCSs show clear ability to distinguish the
diffusion peptides from random noise. However, all methods
achieved poor discriminative performance against validated

strong binders, with AUROCSs ranging from 0.06 (MHC
Nugget) to 0.22 (Apollo). This performance clearly exposes
a significant blind spot: current predictors are largely unable
to recognize structurally plausible peptides, highlighting
critical limitations in their generalization capabilities and
underscoring the need for structurally aware training data.

4. Discussion and limitations

Our study addresses critical limitations in pMHC-I bind-
ing prediction by leveraging diffusion models conditioned
on atomic-level interactions, effectively avoiding biases in-
herent in mass-spectrometry and binding assay data. The
structure-aware generative method introduced here chal-
lenges current models, highlighting their inability to rec-
ognize structurally valid, novel peptides that are out-of-
distribution for their experimental training datasets.

Our workflow and generated library of 10° peptides serves
both as a benchmark for future predictive models and as
a method to expose data biases. While validation of our
designed peptides primarily relied on the unbiased EpiS-
can dataset, which is limited to four alleles, our method is
generalizable to a broader range of HLA types. Addition-
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ally, incorporating TCR-binding predictions will extend our
methodology’s relevance to comprehensive immunotherapy
design. Future research should prioritize broader experimen-
tal work and integration of TCR interactions to fully capture
the complexity of immune responses.
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Figure S1.JS divergence matrix between 9-mer PWMs extracted from high-confidence (pLDDT > 0.8) peptides bound in each crystal
structure. Axes list PDB IDs; side-bars encode the restricting HLA class I allele.
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Figure S2. JS Divergence of the Structurally-aware peptides against the Publicly available peptides
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Figure S5. Comparison of EpiScan and this study’s results for peptide-MHC interactions for HLA-A*02:01.
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Figure S10. Sequence logo of the amino acids found for the structured-guided libraries
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Figure S11. Sequence logo of the amino acids found for the structured-guided libraries.
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Figure S12. Eucledian Distance to contrast similarity to Public Databases.
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Figure S13. UMAP of the embeddings of ESMCBA for HLA-A*02:01.
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