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Summary 37 

Computational epitope prediction remains an unmet need for therapeutic antibody 38 
development. We present three complementary approaches for predicting epitope 39 
relationships from antibody amino acid sequences. First, we analyze ~18 million 40 
antibody pairs targeting ~250 protein families and establish that a threshold of >70% 41 
CDRH3 sequence identity among antibodies sharing both heavy and light chain V-42 
genes reliably predicts overlapping-epitope antibody pairs. Next, we develop a 43 
supervised contrastive fine-tuning framework for antibody large language models which 44 
results in embeddings that better correlate with epitope information than those from pre-45 
trained models. Applying this contrastive learning approach to SARS-CoV-2 receptor 46 
binding domain antibodies, we achieve 82.7% balanced accuracy in distinguishing 47 
same-epitope versus different-epitope antibody pairs and demonstrate the ability to 48 
predict relative levels of structural overlap from learning on functional epitope bins 49 
(Spearman ρ = 0.25). Finally, we create AbLang-PDB, a generalized model for 50 
predicting overlapping-epitope antibodies for a broad range of protein families. AbLang-51 
PDB achieves five-fold improvement in average precision for predicting overlapping-52 
epitope antibody pairs compared to sequence-based methods, and effectively predicts 53 
the amount of epitope overlap among overlapping-epitope pairs (ρ = 0.81). In an 54 
antibody discovery campaign searching for overlapping-epitope antibodies to the HIV-1 55 
broadly neutralizing antibody 8ANC195, 70% of computationally selected candidates 56 
demonstrated HIV-1 specificity, with 50% showing competitive binding with 8ANC195. 57 
Together, the computational models presented here provide powerful tools for epitope-58 
targeted antibody discovery, while demonstrating the efficacy of contrastive learning for 59 
improving epitope-representation.  60 

 61 

 62 

Introduction 63 

Monoclonal antibody therapeutics have revolutionized modern medicine since their first 64 
FDA approval in 1986, with blockbuster treatments for cancers, autoimmune diseases, 65 
and infectious diseases generating billions in annual revenue1. Beyond therapeutics, 66 
antibodies serve as fundamental research tools and provide crucial insights into 67 
immune responses to vaccines and pathogens. Despite their clinical success, 68 
developing therapeutic antibodies remains resource-intensive, with epitope 69 
characterization—identifying the specific region on an antigen where an antibody 70 
binds—posing a significant bottleneck2. For example, in the development of broadly 71 
neutralizing antibodies against HIV-1, epitope mapping is critical to ensuring efficacy 72 
across diverse viral strains3. 73 
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Epitope characterization typically proceeds through three complementary approaches: 74 
(1) structural mapping to define physical contact points between antibody and antigen, 75 
(2) functional mapping to identify binding-critical residues through mutation, and (3) 76 
competition binding experiments to group antibodies that interfere with each other's 77 
binding. Each approach helps guide therapeutic development, whether identifying sites 78 
of vulnerability on pathogens or developing complementary antibody combinations 4–6.   79 

Understanding the similarities and differences (or the level of overlap) between the 80 
epitopes of different antibody candidates provides critical information that can be utilized 81 
when developing antibody therapeutics. For example, in pandemic response efforts 82 
against a newly emerging virus, the selection of two or more non-competing antibodies 83 
which synergize to form a more effective drug than either individual antibody can be 84 
critical for counteracting potential virus escape. In other cases, identifying multiple 85 
antibodies against the same functionally important epitope can provide a larger set of 86 
candidates for further evaluation, down-selection, and development. 87 

While experimental approaches for antibody epitope characterization are undoubtedly 88 
effective, computational approaches can present an efficient and cost-effective 89 
alternative. Generally, computational approaches can interrogate the relationship 90 
between antibody sequence features and epitope similarity, in order to predict the level 91 
of epitope overlap between antibody candidates (Fig. 1). These approaches range from 92 
direct comparisons of the full amino acid sequence or just the complementarity 93 
determining region 3 (CDR3) amino acid sequence within gene groups, to comparing 94 
predicted structures or predicted antigen-binding residues5,7–16. While the direct 95 
sequence-based methods have shown success in clustering functionally-related 96 
antibodies, the antibody sequence similarity thresholds utilized by these approaches 97 
have been rigorously validated for only a few antigens and epitopes 5,8–10,17. The indirect 98 
approaches allow for searching a broader antibody sequence-space, but accuracies are 99 
low and are unable to detect overlapping epitope antibodies using distinct structural 100 
mechanisms, such as targeting the same site from different angles—an aspect that can 101 
significantly influence Fc effector functions and binding breadth 16,18–20. This limitation is 102 
particularly problematic when searching for therapeutic candidates, where expanding 103 
the candidate pool beyond highly similar structures could be necessary to overcome 104 
challenges like low yields or suboptimal binding properties 21. 105 

The emergence of antibody-specific language models, particularly AbLang, has opened 106 
new possibilities for computational antibody analysis 22. AbLang was trained on millions 107 
of naturally occurring antibodies through masked language modeling, where it learned 108 
to predict hidden amino acids based on surrounding sequence context 23. This training 109 
approach enabled the model to capture both evolutionary relationships and structural 110 
constraints within antibody sequences. However, like other current antibody language 111 
models, AbLang faces a critical limitation: its embeddings naturally cluster by sequence 112 
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identity and germline gene usage, making it more adept at finding similar sequences 113 
than functionally similar antibodies with divergent sequences 24,25.  114 

Recent advances in machine learning, particularly contrastive learning approaches, 115 
offer promising solutions to these limitations. Contrastive learning provides a framework 116 
for teaching models to recognize when two examples should be considered similar or 117 
different, even when observers see no clear patterns in their features. A useful analogy 118 
is image classification of flowers: while images of flowers from the same species may 119 
display distinct color, shape, and size differences, contrastive learning enables a model 120 
to recognize their fundamental similarities and distinguish them from similar species. By 121 
applying this approach to antibody analysis, we can explicitly train models to recognize 122 
structural or functional epitope similarity even when sequence similarity is low. Using 123 
carefully curated training data from structural databases and high-throughput epitope 124 
mapping experiments, we demonstrate how this approach can enrich antibody language 125 
model embeddings with epitope-specificity information while maintaining their broad 126 
understanding of antibody sequence space. 127 

In this work, we address three key challenges in antibody epitope prediction. First, we 128 
establish reliable sequence-based thresholds for identifying overlapping-epitope 129 
antibodies, providing a simple yet powerful tool for repertoire analysis. Second, we 130 
develop and validate a model using the well-characterized SARS-CoV-2 receptor 131 
binding domain (RBD), where extensive epitope mapping data enables us to 132 
demonstrate how targeted training can overcome the germline bias of current language 133 
models. Finally, we present a generalized model capable of predicting epitope 134 
relationships across diverse protein families, which we validate through the successful 135 
identification of antibodies targeting overlapping epitopes with the HIV-1 broadly 136 
neutralizing antibody 8ANC195, a therapeutic candidate that targets a unique epitope 137 
on the HIV-1 envelope protein. These advances provide a comprehensive framework for 138 
computational epitope analysis, offering new possibilities for therapeutic antibody 139 
discovery and optimization.  140 

 141 

 142 

Results 143 

Sequence determinants for overlapping-epitope antibodies 144 

To identify sequence features that reliably predict when antibodies target overlapping 145 
epitopes, we initially interrogated antibody sequence identity as a potential determinant. 146 
To that end, we focused on two key features of antibody recognition: variable (V) gene 147 
usage and CDR3 sequence similarity. We analyzed 1,909 non-redundant human 148 
antibodies from the Structural Antibody Database (SAbDab), generating approximately 149 
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1.8 million pairwise comparisons 26,27. These pairs were categorized based on both their 150 
V-gene sharing patterns and binding properties, specifically examining: (1) pairs binding 151 
overlapping epitopes, (2) pairs binding non-overlapping epitopes within the same 152 
protein family (Pfam), and (3) pairs binding different protein families (Fig. 2, S1A-B) 28. 153 

Our analysis revealed a hierarchical relationship between sequence features and 154 
epitope overlap. For antibody pairs sharing both heavy and light chain V-genes, we 155 
identified a heavy chain CDR3 (CDRH3) amino acid identity threshold of 70% that 156 
serves as a virtually perfect predictor - all pairs exceeding this threshold invariably 157 
bound overlapping epitopes within the same protein family (Fig. 2, top row). This 158 
predictive power persisted when antibodies shared only one V-gene, though with an 159 
important caveat (Fig. 2, rows 2 and 3): while pairs exceeding the CDRH3 threshold and 160 
targeting the same protein family consistently bound overlapping epitopes, 17 of 190 161 
antibody pairs that exceeded this threshold bound antigens from entirely different 162 
protein families. This distinction suggests that when both the heavy and light chain 163 
germline V genes are shared, this provides additional constraints on antigen specificity 164 
beyond epitope recognition patterns. 165 

While these sequence-based rules provide a clear framework for predicting epitope 166 
overlap, they also have two major limitations. First, the most predictive rule applies only 167 
to the small subset of antibody pairs sharing both V-genes. Second, even within this 168 
subset, the threshold fails to identify 82% of antibody pairs that do bind overlapping 169 
epitopes, resulting in a high false-negative rate. These limitations suggest that while 170 
sequence identity can provide absolute confidence in some cases, more sophisticated 171 
computational approaches may be needed for broader applicability in therapeutic 172 
antibody discovery.  173 

To address these limitations, we next explored the ability of antibody large language 174 
models to learn the rules of epitope specificity. We focused on two domains: learning 175 
discrete epitope bins within one antigen and learning continuous epitope information 176 
across diverse protein families. These approaches, detailed in the following sections, 177 
demonstrate how modern computational methods can overcome the constraints of 178 
simple sequence-based rules 34. 179 

 180 

Contrastive Learning Enables Epitope-Specific Encoding of SARS-CoV-2 RBD 181 
Antibodies  182 

While sequence-based thresholds provide reliable predictions in specific cases, their 183 
limited applicability motivated us to develop more sophisticated approaches for 184 
predicting epitope relationships. We leveraged the extensive epitope mapping data 185 
available for SARS-CoV-2 receptor binding domain (RBD) antibodies to develop and 186 
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validate a contrastive learning framework that could encode epitope-specificity 187 
information directly into antibody sequence embeddings (Fig. 3) 29–31. 188 

Our model, AbLang-RBD, builds upon the established AbLang heavy and light chain 189 
language models through targeted fine-tuning using a supervised contrastive learning 190 
framework 22,32,33. The architecture processes paired antibody sequences through a 191 
dual-stream transformer network - 12 separate transformer blocks per chain - followed 192 
by a six-layer multi-layer perceptron that generates unified sequence embeddings. We 193 
optimized these embeddings using a modified normalized temperature-scaled cross-194 
entropy (NT-Xent) loss that simultaneously processes multiple positive examples, 195 
allowing the model to learn from groups of antibodies targeting the same epitope rather 196 
than individual pairs (Fig. 3). This approach differs from standard contrastive learning by 197 
concurrently attracting all antibodies sharing an epitope within a training batch while 198 
repelling those binding distinct epitopes, creating a more nuanced embedding space 199 
that captures epitope relationships 33–35. Critically, by training on same-epitope 200 
antibodies that fall outside our previously established V-gene and CDRH3 identity 201 
thresholds, the model learns new antibody sequence patterns indicative of shared 202 
epitope binding that are missed by our outlined V gene and CDRH3 thresholds. 203 

We trained the model using a previously characterized set of 3,041 SARS-CoV-2 RBD 204 
antibodies binned into 12 epitopes based on deep mutational scanning results 30,31. 205 
Notably, no antibody pairs in the training and test sets shared a heavy V gene and 206 
CDRH3 identity above 65%. Despite this, visualizing the cosine similarity distributions 207 
reveals that our contrastive learning approach effectively distinguishes epitope-bin 208 
information (Fig. 4A). The pretrained AbLang model showed poor separation between 209 
same-epitope and different-epitope pairs (56.0% balanced accuracy), whereas AbLang-210 
RBD improved this distinction, achieving 74.4% balanced accuracy on test set 211 
comparisons and 82.7% when comparing test antibodies to the training set. 212 

The effectiveness of our epitope-specific encoding is further demonstrated through 213 
dimensionality reduction analysis. T-distributed stochastic neighbor embedding (t-SNE) 214 
visualization reveals that while the pretrained model's embeddings show minimal 215 
epitope-based clustering (31.2% k-means accuracy), AbLang-RBD achieves near-216 
perfect clustering of training data (99.6%) and substantially improved clustering of test 217 
data (54.6%) (Fig. 4B) 36,37. Notably, when test antibodies were misclassified, 43% of 218 
errors still placed them within the correct RBD epitope class (out of 4 generally 219 
accepted classes), suggesting the model captures meaningful spatial relationships 220 
between epitopes despite this information not being provided in training 38. 221 

To validate that our model learned genuine epitope-specificity information rather than 222 
arbitrary clustering, we evaluated its performance against two continuous data sources. 223 
First, we examined correlation with the underlying deep mutational scanning data by 224 
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mapping escape scores onto the RBD structure to generate weighted average 225 
coordinates for each epitope (Fig. 4C, S1C). AbLang-RBD improved correlation with 226 
these spatial coordinates (Spearman's ρ = -0.39, p < 5e-300) compared to the 227 
pretrained model (ρ = -0.08, p < 5e-300) for the training set as well as for the test set 228 
antibodies (ρ = -0.21, p = 5.2e-149). Second, we assessed performance on an 229 
independent set of 237 RBD-specific antibodies with structural epitope information from 230 
the PDB (Fig. 4D, S1A). AbLang-RBD demonstrated superior correlation with buried 231 
surface area overlap (ρ = 0.25, p < 5e-300) compared to both CDRH3 sequence identity 232 
(ρ = 0.09, p = 2e-47) and the pretrained model (ρ = 0.1, p = 8e-65). 233 

These results demonstrate that supervised contrastive learning can effectively encode 234 
epitope-specificity information into antibody embeddings, establishing a powerful new 235 
framework for computational antibody analysis. While the model shows some limitation 236 
in distinguishing relative distances between non-overlapping epitopes, as evidenced by 237 
the presence of discrete bands in cosine similarity distributions rather than a continuous 238 
gradient (Fig. 4C), its ability to accurately identify antibodies targeting shared epitopes 239 
represents a significant advance over existing sequence-based methods. This 240 
capability, validated against both deep mutational scanning and structural data, provides 241 
a valuable new tool for therapeutic antibody discovery, particularly in cases where 242 
traditional sequence similarity metrics fail to identify functionally related antibodies. Most 243 
importantly, this framework establishes a foundation for developing even more 244 
sophisticated models that can capture the continuous nature of epitope relationships 245 
across diverse antigen families.    246 

 247 

Developing a Generalized Model for Continuous Epitope Overlap Prediction 248 

To extend beyond predictions for a single antigen, we developed AbLang-PDB, a model 249 
capable of predicting the degree of epitope overlap for antibodies targeting antigens 250 
from diverse protein families represented in the Protein Data Bank (PDB) 39–41. Unlike 251 
AbLang-RBD's discrete epitope binning approach, AbLang-PDB employs a regression 252 
framework to predict relative degrees of epitope overlap. We maintained the same dual-253 
stream transformer architecture but modified the training objective to a mean squared 254 
error loss function to optimize for accurate comparisons between unseen antibodies and 255 
those in our curated training set. 256 

The training data encompassed approximately 2,000 antibodies spanning 250 protein 257 
families, with relationships between antibody pairs encoded on a continuous scale. 258 
Antibodies targeting different protein families received a label of -1, while those binding 259 
non-overlapping epitopes within the same protein family were assigned 0.2. For 260 
antibodies exhibiting epitope overlap, we assigned continuous labels from 0.5 to 1.0 261 
based on their relative degree of structural overlap (Fig S1A-B). This nuanced labeling 262 
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strategy enabled the model to learn the spectrum of possible epitope relationships 263 
rather than enforcing binary classifications. 264 

The impact of this training approach is evident in the distribution of cosine similarities 265 
across different antibody pair categories (Fig. 5A). While the pretrained AbLang model 266 
showed minimal separation between the three categories (39.1% balanced accuracy), 267 
AbLang-PDB achieved clear differentiation (62.5% balanced accuracy), with 268 
overlapping-epitope pairs predominantly exhibiting cosine similarities above 0.75. More 269 
importantly, the model demonstrated strong correlation with ground truth labels (ρ = 270 
0.304 out of a possible 0.525 due to ties) across all comparisons, suggesting it learned 271 
meaningful relationships between sequence features and epitope overlap (Fig. 5B). 272 

Notably, the model performs exceptionally well on high-confidence predictions among 273 
overlapping-epitope pairs. When considering only these pairs with model-predicted 274 
cosine similarities above 0.5, the correlation with actual epitope overlap increases 275 
dramatically to ρ = 0.811 (p < 5e-300) (Fig. 5C). This indicates that while the model may 276 
not perfectly separate all antibody pairs, it can be used within this application for highly 277 
reliable predictions on the extent of epitope overlap. 278 

Comprehensive evaluation through receiver operating characteristic and precision-recall 279 
analyses revealed substantial improvements over existing methods (Fig. 5D-F). For 280 
overlapping-epitope classification, AbLang-PDB achieved an ROC-AUC of 0.809, an 281 
average precision of 0.542 and an F1-score of 0.52, significantly outperforming both the 282 
pretrained model (0.632, 0.077, 0.124) and sequence-identity-based predictions (0.610, 283 
0.094, and 0.087). Similar improvements were observed for Pfam prediction, with 1.32x, 284 
3.36x, and 2.14x enhancements over the best alternative classifier in the respective 285 
categories (Fig. 5D-F).  286 

These results demonstrate that our continuous learning approach successfully captures 287 
epitope relationships across diverse protein families while maintaining high precision for 288 
overlapping-epitope predictions. The model's ability to provide reliable confidence 289 
scores through cosine similarities makes it particularly valuable for therapeutic antibody 290 
discovery, where false positives can be costly. In the following section, we validate this 291 
capability through the successful identification of novel antibodies targeting a 292 
therapeutically relevant HIV-1 epitope. 293 

 294 

Experimental validation of AbLang-PDB through epitope-targeted HIV-1 antibody 295 
discovery 296 

To validate AbLang-PDB's practical utility, we applied it to identify antibodies sharing 297 
epitope overlap with the HIV-1 broadly neutralizing antibody 8ANC195 42–44. This 298 
antibody represents an ideal test case due to its unique binding site at the gp120-gp41 299 
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interface and its therapeutic potential, despite having somewhat limited neutralization 300 
breadth compared to other broadly neutralizing antibodies 45. We analyzed a dataset of 301 
7,056 class-switched antibodies from persons living with HIV-1, computing cosine 302 
similarities between each antibody and 8ANC195's embedding (Fig. 6A-B) 46,47. These 303 
antibodies were identified through LIBRA-seq (linking B cell receptor to antigen 304 
specificity through sequencing), a high-throughput technology that enables 305 
simultaneous identification of antigen specificity and BCR sequences at single-cell 306 
resolution. In this approach, B cells are exposed to oligonucleotide-barcoded antigens, 307 
allowing quantitative assessment of antigen binding through unique molecular identifiers 308 
during subsequent single-cell sequencing. The dataset comprised 21 LIBRA-seq 309 
experiments where antigen-specific B cells were isolated from peripheral blood 310 
mononuclear cells (PBMCs) using fluorescence-activated cell sorting (FACS). To ensure 311 
specificity, each B cell's antigen-binding profile was determined using both target 312 
antigens and control antigens (both positive and negative) conjugated to the same 313 
fluorophore. While this experimental design enriched for HIV-1 specific antibodies in the 314 
dataset, the majority of sequences are not expected to be HIV-1 specific. From this 315 
analysis, we identified 20 candidates with the highest cosine similarities (range: 0.567-316 
0.655). After eliminating eight antibodies with high sequence identity to other selected 317 
candidates and two showing potential reactivity to respiratory syncytial virus or hepatitis 318 
C virus in their LIBRA-seq profiles, we prioritized 10 antibodies for experimental 319 
characterization. Notably, the intermediate cosine similarity scores suggested partial 320 
rather than complete epitope overlap, consistent with 8ANC195's unique epitope 321 
characteristics (Fig. 6A). 322 

We first assessed HIV-1 specificity through ELISA against three diverse HIV-1 envelope 323 
SOSIP.664 constructs: BG505 (Clade A), CZA97 (Clade C), and ZM106.9 (Clade C), 324 
using human parainfluenza virus 3 fusion (HPIV3 F) protein as a negative control (Fig. 325 
6C, S2A-B 46). Seven of the ten selected antibodies (70%) demonstrated HIV-1 326 
envelope specificity, with six (60%) showing cross-clade binding. Out of our unbiased 327 
selection, two had previously been characterized—2723-3055 and 3602-870—both of 328 
which had been shown to potently neutralize a broad panel of tier 2 HIV-1 viruses 329 
(12/12 and 11/14 viruses tested) 46. 330 

To assess epitope overlap, we performed competition ELISAs against BG505 331 
SOSIP.664 using a panel of well-characterized HIV-1 antibodies targeting distinct 332 
epitopes: 8ANC195 (gp120-gp41 interface), VRC01 (CD4 binding site), and PG9 (V1-333 
V2 region) (Fig. 6D-F, S2C) 48,49. Five antibodies (50%) showed competition with 334 
8ANC195, defined as >30% reduction in binding, with four of those displaying strong 335 
competition (>70% reduction). These same antibodies also competed with VRC01 at a 336 
slightly weaker level but not with PG9, consistent with the structural overlap between 337 
the 8ANC195 and VRC01 epitopes. 338 
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The success rate of our computational predictions - 50% for identifying 8ANC195-339 
competing antibodies and 70% for HIV-1 Env specificity - highlights AbLang-PDB's 340 
potential to streamline therapeutic antibody discovery by accurately identifying 341 
functionally relevant candidates that conventional sequence similarity metrics can miss. 342 
This is particularly noteworthy given that the model identified two previously validated 343 
broadly neutralizing antibodies without any prior knowledge of their functional 344 
properties. These results support AbLang-PDB's utility for therapeutic antibody 345 
discovery, especially in cases where conventional sequence similarity metrics would fail 346 
to identify functionally related candidates. 347 

 348 

 349 

Discussion 350 

The identification of antibodies targeting overlapping epitopes remains a critical 351 
challenge in therapeutic antibody development. Current approaches typically rely on 352 
experimental screening or database searches for sequence-similar antibodies, both of 353 
which have significant limitations 7,50. Our work establishes three complementary 354 
computational strategies that address this challenge at different levels of complexity and 355 
applicability. 356 

First, we provide rigorously validated sequence identity-based thresholds for predicting 357 
epitope overlap. When antibody pairs share both heavy and light chain V-genes and 358 
have CDRH3 amino acid identity exceeding 70%, they not only consistently bind 359 
overlapping epitopes but are also guaranteed to target the same protein family. This 360 
constraint relaxes slightly when only one V-gene is shared - while the 70% CDRH3 361 
identity threshold still perfectly predicts overlapping epitopes when antibodies target the 362 
same protein family, some pairs meeting this criterion may bind antigens from different 363 
protein families altogether. While these findings appear straightforward, they represent 364 
the first systematic validation of such thresholds across more than 200 antigen 365 
specificities. These simple yet powerful criteria provide immunologists with reliable tools 366 
for initial repertoire analysis, particularly valuable when analyzing vaccine responses or 367 
comparing antibody lineages across individuals. 368 

Second, through AbLang-RBD, we demonstrate how supervised contrastive learning 369 
can enhance language model embeddings with epitope-specificity information. Using 370 
the well-characterized SARS-CoV-2 RBD as a model antigen, we showed that this 371 
approach achieved 74.4% accuracy in predicting epitope relationships between 372 
previously unseen antibodies. The model's ability to generalize beyond its training data 373 
is evidenced by its improved correlation with both deep mutational scanning data and 374 
structural epitope measurements compared to sequence-based metrics or the 375 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 3, 2025. ; https://doi.org/10.1101/2025.02.25.640114doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.25.640114
http://creativecommons.org/licenses/by-nc-nd/4.0/


pretrained model. This indicates that our contrastive learning framework indeed 376 
captures genuine epitope-specificity information rather than merely clustering similar 377 
sequences. 378 

Third, we developed AbLang-PDB, which extends epitope prediction capabilities across 379 
diverse protein families while capturing continuous relationships between epitopes. This 380 
model demonstrates substantial improvements over existing methods, achieving a five-381 
fold increase in average precision for overlapping-epitope prediction while 382 
simultaneously improving antigen protein family average precision 3.4-fold. Particularly 383 
noteworthy is AbLang-PDB’s ability to provide reliable confidence scores through cosine 384 
similarities for overlapping epitope antibodies, with high-confidence predictions (cosine 385 
similarity > 0.5) showing strong correlation (ρ = 0.811) with actual epitope overlap. 386 

The practical utility of these approaches is demonstrated by our successful identification 387 
of HIV-specific antibodies sharing epitope overlap with 8ANC195. Among our 388 
computationally selected candidates, 70% showed HIV specificity and 50% competed 389 
with 8ANC195 for binding. Additionally, despite this dataset containing only two 390 
previously characterized broadly neutralizing antibodies, both antibodies were among 391 
the model’s top 10 cosine similarity scores validating the model's ability to mine 392 
datasets for therapeutically relevant antibodies without requiring the complex 393 
experimental screening methods typically needed for identifying such candidates. 394 

We also note, however, that our approaches have important limitations. The sequence 395 
identity-based thresholds, while providing perfect precision for predicting overlapping 396 
epitopes, exhibit low recall - failing to identify 82% of antibody pairs that do share 397 
epitope overlap. AbLang-RBD demonstrates high performance on SARS-CoV-2 index 398 
strain RBD epitope prediction but faces two key constraints: it is not clear that it will 399 
generalize to RBD-specific antibodies incapable of binding the index strain, and its 400 
training approach using deep mutational scanning data has not been validated for the 401 
more commonly available antibody-antibody competition binding data. AbLang-PDB’s 402 
training paradigm is optimized for comparing novel antibodies against those in its 403 
training set rather than directly comparing two previously unseen antibodies, making it 404 
more suitable for analyses that leverage known reference antibodies to assess similarity 405 
and epitope overlap. While we validated the model using HIV-1 envelope as a test case, 406 
this antigen is well-represented in our training data, though notably, our validation 407 
epitope (8ANC195’s epitope) had minimal representation. 408 

Despite these limitations, our work provides a comprehensive framework for 409 
computational epitope analysis that will be of significance for the field of therapeutic 410 
antibody discovery. The combination of simple sequence rules and sophisticated 411 
machine learning models offers researchers a tiered approach to identifying 412 
overlapping-epitope antibodies, from rapid initial screening to detailed prediction of 413 
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epitope relationships. Looking forward, these methods can be further enhanced through 414 
integration with emerging structural prediction tools and expanded training datasets, 415 
potentially enabling even more accurate prediction of antibody-antigen interactions.  416 

 417 

 418 

Figure Captions 419 

Figure 1: Motivating Question for this Work. Can antibody sequence features predict 420 
epitope overlap? If possible, then two antibodies (blue and gray) which have sequence 421 
feature similarities above a given similarity threshold are always known to target 422 
overlapping epitopes (top right). If their feature similarities are below this threshold they 423 
would be known to always target non-overlapping epitopes (bottom right). This study 424 
interrogates whether simple sequence features or more complicated features extracted 425 
from antibody amino acid sequences via machine learning are able to reliably 426 
distinguish overlapping epitope and non-overlapping epitope antibody pairs. 427 

Figure 2. V-gene Usage and CDRH3 Sequence Identity Define Reliable Thresholds 428 
for Predicting Overlapping Epitopes. A comprehensive analysis of antibody 429 
sequence features predictive of epitope overlap within the Structural Antibody Database 430 
(SAbDab). Scatter plots show complementarity determining region 3 (CDR3) sequence 431 
identity relationships between antibody pairs (n = 1,909 antibodies, ~1.8 million pairs) 432 
categorized by epitope relationship (columns) and V-gene sharing status (rows). The 433 
columns represent: overlapping epitopes (left), non-overlapping epitopes on the same 434 
protein family (middle), and different protein families (right). Rows indicate V-gene 435 
sharing patterns: both heavy and light V-genes shared (top), only heavy V-gene shared 436 
(second), only light V-gene shared (third), or neither V-gene shared (bottom). X-axis 437 
shows CDRH3 amino acid sequence identity; Y-axis shows CDRL3 amino acid 438 
sequence identity. Data density is represented by hexagonal binning with color scaling 439 
from minimum (dark red) through yellow to maximum density (dark blue). Dashed 440 
vertical lines indicate the 70% CDRH3 identity threshold. Numbers in bottom corners 441 
indicate pair counts within the half desigated by the line. When antibodies share at least 442 
one V-gene and target the same protein family, pairs exceeding 70% CDRH3 identity 443 
consistently bind overlapping epitopes (0 pairs in central columns). This relationship 444 
breaks down when no V-genes are shared (29 pairs in central column). 445 

Figure 3. Contrastive Learning Framework for Encoding Epitope-Specificity 446 
Information in Antibody Sequence Embeddings. Schematic representation of the 447 
contrastive learning approach for training antibody language models to predict epitope 448 
overlap. Monoclonal antibody (mAb) amino acid sequences are processed through a 449 
large language model (LLM) encoder to generate sequence embeddings. During 450 
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training, embeddings of antibodies binding overlapping epitopes (two blue antibodies) 451 
are pulled together (green arrows, "Attract"), while embeddings of antibodies binding 452 
non-overlapping epitopes (pink compared to blue) are pushed apart (red arrows, 453 
"Repel"). This framework enables the model to learn sequence features predictive of 454 
epitope overlap beyond simple sequence similarity metrics. 455 

Figure 4. AbLang-RBD Learns to Predict Epitope Relationships from Binned Deep 456 
Mutational Scanning Data Fine-tuning performance of AbLang-RBD on SARS-457 
CoV-2 RBD antibody epitope prediction. (A) Distribution of cosine similarities 458 
between antibody pairs binding same (blue) or different (red) epitopes. Left: Pretrained 459 
AbLang model shows poor separation (56.0% balanced accuracy). Middle: AbLang-460 
RBD comparing training to test antibodies achieves 82.7% balanced accuracy. Right: 461 
AbLang-RBD comparing test antibodies achieves 74.4% balanced accuracy. Optimal 462 
decision thresholds (dashed lines) were determined using validation data. (B) t-SNE 463 
visualization of antibody embeddings colored by epitope class. Pretrained AbLang 464 
shows poor epitope clustering (31.2% k-means accuracy, left), while AbLang-RBD 465 
achieves near-perfect clustering on training data (99.6%, middle) and improved 466 
clustering on test data (54.6%, right). (C) Model performance assessed against deep 467 
mutational scanning (DMS) data. Scatter plots show relationship between antibody pair 468 
cosine similarities (y-axis) and weighted average spatial coordinates derived from DMS 469 
escape maps (x-axis). Hexagonal bins colored by pair density from minimum (dark red) 470 
to maximum (dark blue). Spearman's (ρ) and Pearson's (r) correlation coefficients 471 
shown. (D) Validation using structural data from PDB. Scatter plots compare CDRH3 472 
sequence identity (left), pretrained AbLang (middle), and AbLang-RBD (right) against 473 
buried surface area (BSA) overlap between antibody pairs. AbLang-RBD shows 474 
improved correlation with structural epitope overlap (ρ = 0.25, p < 5e-300) compared to 475 
CDRH3 identity (ρ = 0.09, p = 2e-47) or pretrained AbLang (ρ = 0.1, p = 8e-65). 476 

Figure 5. AbLang-PDB Enables Accurate Prediction of Epitope Relationships 477 
Across Diverse Protein Families. Evaluation of AbLang-PDB's performance on the 478 
Structural Antibody Database (SAbDab). (A) Distribution of cosine similarities between 479 
antibody pairs categorized as overlapping epitopes (blue), non-overlapping epitopes on 480 
the same protein family (yellow), or different protein families (red). Left: Pretrained 481 
AbLang shows poor separation (balanced accuracy 39.1%, total accuracy 58.4%). 482 
Right: AbLang-PDB achieves improved separation (balanced accuracy 62.5%, total 483 
accuracy 82.3%). Optimal classification thresholds for balanced accuracy on the 484 
validation set shown as dashed lines. (B) Relationship between model-predicted cosine 485 
similarities and ground truth labels. Hexagonal bins colored by pair density (white to 486 
dark blue). Black bars indicate mean ± 95% confidence intervals. Spearman 487 
correlations (ρ) and maximum possible correlations (ρmax) shown. (C) Detailed view of 488 
high-confidence predictions (cosine similarity and label ≥ 0.5) showing strong correlation 489 
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for overlapping-epitope pairs (ρ = 0.811, p < 5e-300). (D) Receiver operating 490 
characteristic curves comparing classification performance of AbLang-PDB (blue) 491 
against pretrained AbLang (orange), full-sequence identity (green), CDRH3 identity 492 
(red), and random prediction (gray) for overlapping epitopes (left) and shared protein 493 
family (right). (E) Corresponding precision-recall curves demonstrating AbLang-PDB’s 494 
several fold improvement relative to other prediction methods. (F) Summary metrics 495 
including area under ROC curve (ROC AUC), average precision (Avg Prec), and F1 496 
scores for epitope and protein family predictions across methods. 497 

Figure 6. AbLang-PDB Successfully Identifies HIV Antibodies which compete for 498 
binding with 8ANC195. Experimental validation of AbLang-PDB predictions using HIV 499 
broadly neutralizing antibody 8ANC195. (A) Sequence characteristics of top candidate 500 
antibodies selected by cosine similarity to 8ANC195. Table shows model predictions, 501 
sequence identity metrics, gene usage, and CDR information for each antibody. 502 
Reference antibodies 8ANC195 and VRC01 included for comparison. (B) Distribution of 503 
cosine similarities across the complete LIBRA-seq dataset (n = 7,056 antibodies), with 504 
dashed line indicating recommended threshold (0.5) for mining overlapping-epitope 505 
candidates. (C) ELISA binding profiles against HIV-1 envelope SOSIP.664 constructs 506 
(BG505, CZA97, ZM106.9) and HPIV3 F control protein. Binding strength indicated by 507 
area under the curve (white to blue). 3X1 antibody included as HPIV3-specific control. 508 
(D) Structural representation of HIV-1 BG505 envelope showing competitor antibody 509 
epitopes: 8ANC195 (green, gp120-gp41 interface), VRC01 (pink, CD4-binding site), and 510 
PG9 (tan, V1-V2 region) from PDB IDs 5VJ6 and 8VGW. Envelope surface shown with 511 
gp120 (light gray) and gp41 (black). (E) Competition ELISA curves showing percent 512 
reduction in binding of biotinylated 8ANC195 (10 μg/mL) to BG505 SOSIP.664 in 513 
presence of increasing concentrations of blocking antibodies. Filled symbols indicate 514 
mAbs displaying competition with 8ANC195. (F) Competition matrix showing percent 515 
reduction in binding at fixed concentrations (blocking: 100 μg/mL; detection: 8ANC195 516 
10 μg/mL, VRC01 and PG9 1 μg/mL). Values range from no competition (white) to 517 
complete competition (black). 518 

 519 

Supplemental Figure Captions 520 

Figure S1. Quantitative Framework for Defining Epitope Relationships and 521 
Dataset Characteristics. (A) Systematic approach for determining epitope overlap and 522 
machine learning labels for antibody pairs targeting antigens within the same Pfam 523 
family. Two complementary metrics are employed: (1) SASA-based residue-level 524 
epitope overlap, calculated as the overlapping solvent-accessible surface area buried 525 
by the antibodies (threshold >20 Å²), and (2) distance-based atom-level epitope overlap, 526 
defined by antigen atoms within 4.5 Å of each antibody (threshold >5 Å²). Pairs 527 
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exceeding both thresholds receive a machine learning label of MAX(1, 0.5 + 528 
Average(RELATIVE_BSA_OVERLAP, RELATIVE_ATOM_OVERLAP)0.75) otherwise, 529 
they are assigned a non-overlapping label of 0.2. (B) Relationship between machine 530 
learning labels and buried surface area (BSA) overlap visualized through hexagonal 531 
binning density plot (r = 0.89, YFit = 4.07e-4*x + 0.584 for pairs with labels ≥ 0.5). Color 532 
intensity indicates pair density from minimum (red) to maximum (blue). (C) Three-533 
dimensional visualization of deep mutational scanning (DMS) weighted average 534 
coordinates, with points colored by epitope classification. Coordinate calculation 535 
methodology detailed in Methods. Data demonstrates points maintain clear spatial 536 
segregation of epitope classes. 537 

Figure S2: ELISA data for 8ANC195-targeted antibody discovery campaign. (A-B) 538 
ELISA curves pertaining to Figure 6C AUC values. Binding to trimeric HIV-1 539 
envelope (BG505, CZA97, ZM106.9) or to a negative control antigen, human 540 
parainfluenza virus 3 fusion protein. (B) ELISA curves for antibody 3602-870, 541 
reproduced from data collected from 3602-870’s initial publication. Antigens listed 542 
without underscores refer to the use of 3602-870 as the primary antibody whereas 543 
antibodies after underscores are positive controls for that antigen. H1 NC99 stands for 544 
the Influenza A hemagglutinin from the strain A/New Caledonia/20/99 (H1). (C) 545 
Competition ELISA curves showing detection of biotinylated antibody binding to BG505 546 
SOSIP.664 with the biotinylated antibody as the title (8ANC195, VRC01, or PG9). 547 
Absorbance at 450 nm shown in presence of increasing concentrations of competitor 548 
antibodies. Filled symbols indicate mAbs displaying competition with 8ANC195.  549 

 550 

 551 

Resource availability 552 

Lead Contact 553 

Further information and requests for resources and reagents should be directed to and 554 
will be fulfilled by the lead contact, Ivelin S. Georgiev (ivelin.georgiev@vanderbilt.edu). 555 

Materials availability 556 

Materials will be made available upon request under a completed material transfer 557 
agreement (MTA). 558 

Data and code availability 559 

Sequences for antibodies identified and characterized in this study will be deposited to 560 
GenBank following journal acceptance and prior to publication. 561 
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Associated code for AbLang-RBD and AbLang-PDB will be made available at 562 
https://github.com/IGlab-VUMC/AbLangRBD1 and https://github.com/IGlab-563 
VUMC/AbLangPDB1 and the links for downloading model weights will also be made 564 
available there prior to peer-reviewed publication. 565 

Any additional data or code reported in this paper will be shared by the lead contact 566 
upon request. 567 
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 578 

Methods 579 

Data curation. 580 

We curated a comprehensive dataset from the Structural Antibody Database (SAbDab, 581 
February 19, 2024 cutoff date) for training and validating the AbLang-PDB model 26,27. 582 
Starting with 16,105 antibody-antigen complexes, we applied the following filtering 583 
criteria: resolution ≤ 4.5 Å, human antibodies with both chains present, and ≥5 amino 584 
acid differences between antibodies. This yielded 1,909 non-redundant complexes, of 585 
which 184 had no same-Pfam pairs and 485 had no overlapping-epitope pairs. 586 

Antigen classification utilized pfam_scan software to group antigens by domain 587 
architecture using hidden Markov models 28,51. Multiple Pfam assignments were 588 
consolidated such that any shared Pfam between antigens classified their respective 589 
antibodies as targeting the "same Pfam” and thus a machine learning label of 0.2. When 590 
no overlap was present these pairs were assigned a machine learning label of -1. For 591 
quantifying epitope overlap, we employed two complementary approaches. First, we 592 
calculated buried surface area (BSA) per residue using DSSP by comparing the amount 593 
of surface area at each residue for the antigen either in complex with the antibody or 594 
without the antibody 52. We did this after aligning antigen sequences using the 595 
BLOSUM62 matrix and Needleman-Wunsch algorithm 53,54. Per-residue BSA overlap 596 
was calculated as MIN(BSAres1, complex1, BSAres1, complex2). Antibody pairs with total BSA 597 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 3, 2025. ; https://doi.org/10.1101/2025.02.25.640114doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.25.640114
http://creativecommons.org/licenses/by-nc-nd/4.0/


overlap summed over all residues ≤ 20 Å² were labeled as non-overlapping (Fig S1A, 598 
label = 0.2). Second, we defined epitopes as antigen heavy atoms within 4.5 Å of 599 
antibody atoms and calculated overlap volume using PyMOL's overlap function, with 600 
pairs showing overlap ≤ 5 Å³ labeled as non-overlapping (label = 0.2) 55. 601 

For overlapping epitopes, final labels were assigned on a continuous scale from 0.5 to 602 
1.0 using the formula: Label = max(1, 0.5 + (rBSA_OVERLAP + 603 
rATOM_OVERLAP)×0.75), where rBSA_OVERLAP and rATOM_OVERLAP represent 604 
overlap relative to the smaller of the two self-overlap values seen for each epitope pair. 605 
For partitioning antibodies between datasets, antibodies sharing both heavy and light V-606 
genes and CDRH3 amino acid identity >65% were assigned to the same clone group. 607 
These groups were then distributed across training (80%), validation (10%), and test 608 
(10%) sets, ensuring no clone group appeared split between multiple sets. Additionally, 609 
pairs with >92.5% sequence identity in either chain were excluded to maintain diversity. 610 

For AbLang-RBD, we utilized published deep mutational scanning data comprising 611 
3,195 antibodies from 2 papers, of which only the 3,093 which demonstrated binding to 612 
SARS-CoV-2 index strain were kept 30,31. These antibodies were clustered based on 613 
heavy chain V-gene usage and CDRH3 amino acid identity >70%, with clusters 614 
distributed across training (80%), validation (10%), and test (10%) sets such that no 615 
antibodies in the same cluster existed in the training and test sets. A separate test set 616 
was curated from the PDB by selecting RBD-specific antibodies from CoV-AbDab that 617 
demonstrated index strain binding, and were unique from those in the deep mutational 618 
scanning dataset 29. This left 237 antibodies and 27,345. 619 

Model Architecture. 620 

Our approach built upon the pretrained AbLang framework, which comprises separate 621 
heavy and light chain transformer models for antibody sequence analysis. We utilized 622 
the published AbLang model weights from Huggingface (qilowoq/AbLang_heavy and 623 
qilowoq/AbLang_light) accessed through the transformers library (AutoModel, 624 
AutoTokenizer) 22,56. The base architecture follows RoBERTa with modifications for 625 
antibody sequence processing: each chain is processed through 12 transformer blocks 626 
containing 12 attention heads, with hidden dimension 768 and intermediate dimension 627 
3072. A learned positional embedding layer handles sequences up to length 160 57. 628 

For sequence processing, antibody amino acid sequences were first tokenized using 629 
the transformers module. Heavy and light chain sequences were processed 630 
independently through their respective models to generate chain-specific embeddings. 631 
For each chain, the final hidden layer outputs (768-dimensional vectors) from all non-632 
masked positions were mean-pooled. While for the pretrained AbLang model we simply 633 
concatenated these chain embeddings, the architecture for AbLang-RBD and AbLang-634 
PDB introduces additional processing layers to enable cross-chain information flow. 635 
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Specifically, the concatenated 1536-dimensional vector (768 dimensions per chain) is 636 
processed through a 6-layer multi-layer perceptron with ReLU activation between 637 
layers, except for the final layer. The normalized output of this network serves as the 638 
unified antibody embedding. 639 

To enable efficient fine-tuning while preserving pretrained weights, we employed 640 
QLORA (Quantized Low-Rank Adaptation) with rank R=16, alpha=32, and dropout=0.3 641 
32. This dual-stream architecture - with 12 transformer blocks per chain followed by the 642 
cross-chain mixing network - allows the model to capture both chain-specific features 643 
and relationships between heavy and light chain sequences. 644 

AbLang-RBD training.  645 

The AbLang-RBD model was trained using a supervised contrastive learning approach 646 
with a modified NT-Xent (InfoNCE) loss function 33,35. During training, we froze all 647 
pretrained weights except for the QLORA adaptation parameters and the six "mixing" 648 
layers that enable cross-talk between heavy and light chain embeddings. Optimization 649 
was performed using the AdamW optimizer with a learning rate of 1e-5 and batch size 650 
of 256. 651 

Specifically, the loss function is a multi-positive variant of the NT-Xent (InfoNCE) loss, 652 
where each sample 𝑧௜, may have multiple positive samples {𝑧௝} sharing the same label 653 
and sim stands for cosine similarity 33,58,59 . For each positive pair, we take 654 

−𝑙𝑜𝑔(
exp (

𝑠𝑖𝑚൫exp (𝑠𝑖𝑚(𝑧௜,𝑧௝൯
𝜏

)

∑ exp (𝑠𝑖𝑚(𝑧௜,𝑧௞)/𝜏௞ஷ௜
 655 

and then average the resulting losses over all positive pairs in the batch using a 656 
temperature 𝜏 = 0.5 and a batch size of 256.  657 

Training proceeded for 400 epochs on a single NVIDIA A6000 GPU, requiring 658 
approximately 5 hours including inter-epoch evaluations. Model selection was based on 659 
ROC-AUC performance on the validation set (weighted by epitope class size), with the 660 
epoch 280 checkpoint achieving optimal performance. 661 

Histogram generation and pairwise accuracy or F1 calculation 662 

Distributions of antibody pair relationships were visualized and analyzed using 663 
histograms implemented in Python 3.8.18 with seaborn 0.13.1. All histograms were 664 
generated using probability density normalization with 30 uniform-width bins. 665 
Classification thresholds were determined differently for AbLang-RBD and AbLang-PDB 666 
versus the pretrained model. For AbLang-RBD and AbLang-PDB, thresholds were 667 
optimized to maximize balanced accuracy on the validation dataset. The pretrained 668 
model threshold in Figure 5A was similarly optimized using train versus validation 669 
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parameterization, while in Figure 4A it was optimized for maximal balanced accuracy 670 
across the complete dataset (note: this approach overestimates model performance). 671 

For three-category classification, optimal decision boundaries were determined via grid 672 
search across 90,000 threshold combinations (300 x 300 cosine similarity values). The 673 
threshold pair yielding maximum balanced accuracy across all three categories 674 
(overlapping epitopes, non-overlapping epitopes within the same Pfam, and different 675 
Pfams) was selected. Balanced accuracy was calculated as the mean of individual 676 
category accuracies, in contrast to total accuracy which can be biased by class 677 
imbalance.  678 

Calculation of a representative deep mutational scanning coordinate 679 

Deep mutational scanning (DMS) escape data were obtained for 1,375 SARS-CoV-2 680 
RBD antibodies from the publicly available Bloom laboratory database 30,31,60,61. For 681 
each antibody, a representative three-dimensional coordinate was calculated using 682 
position-specific escape scores as weights. Specifically, escape scores were first 683 
aggregated by residue position, with the weighted average coordinate (𝑥̅) calculated as: 684 

 𝑥̅ =  
∑ ௪೔௫೔೔

∑ ௪೔೔
  685 

where 𝑤௜ is the sum of the escape scores for all mutations at residue i, and 𝑥௜ is the 3D 686 
coordinates of the alpha carbon for residue i coming from the SARS-CoV-2 RBD 687 
structure (PDB ID 8SGU)62. Pairwise distances between antibody coordinates were 688 
calculated using Euclidean distance metrics. To validate this coordinate representation 689 
scheme, we visualized the three-dimensional distribution of antibody positions colored 690 
by epitope class, confirming minimal distortion of known epitope relationships (Fig. 691 
S1C). 692 

Regression analysis 693 

Statistical analyses were performed using SciPy (version 1.10.1) for correlation 694 
calculations and significance testing 63. Spearman's rank correlation (spearmanr) and 695 
Pearson correlation (pearsonr) coefficients were calculated for various pairwise 696 
comparisons. In Figure S1B, the relationship between buried surface area (BSA) and 697 
training labels was fit using linear regression (scipy.stats.linregress), excluding pairs 698 
with labels below 0.5. For correlation analyses in Figures 4D and 5B-C, Spearman 699 
correlations were calculated with associated p-values; p-values below the numerical 700 
precision limit of 64-bit floating point numbers are reported as p < 5e-300. 701 

For Figure 5B, we calculated the maximum achievable Spearman correlation (ρmax) by 702 
considering the optimal ranking scenario where: (1) all antibody pairs with label -1 rank 703 
below those with label 0.2, (2) all pairs with label 0.2 rank below those with labels ≥ 0.5, 704 
and (3) pairs with labels between 0.5 and 1.0 are perfectly rank-ordered. Mean values 705 
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with 95% confidence intervals were calculated for discrete label categories (-1 and 0.2) 706 
and for the continuous range of labels ≥ 0.5 (plotted at x = 0.75). For Figure 5C, 707 
analysis was restricted to pairs with both predicted cosine similarities and ground truth 708 
labels between 0.5 and 1.0 to assess performance on high-confidence predictions. 709 

T-SNE analysis and K-means accuracy calculation 710 

Dimensionality reduction and clustering analyses were performed using scikit-learn 711 
(version 1.3.2). For t-SNE visualization, 1536-dimensional antibody embeddings were 712 
reduced to two dimensions using the following parameters: PCA initialization, automatic 713 
learning rate determination, perplexity of 30, and maximum 1000 iterations with a 714 
learning rate of 1000. For AbLang analysis, the complete dataset was visualized in 715 
aggregate. For AbLang-RBD, while dimensionality reduction was performed on the 716 
complete dataset, training and test sets were subsequently visualized separately to 717 
assess generalization performance. 718 

Clustering analysis was performed using k-means with cosine similarity as the distance 719 
metric. The algorithm was initialized with 12 clusters using the k-means++ strategy for 720 
greedy centroid initialization and allowed to run for a maximum of 300 iterations. 721 
Clustering accuracy was assessed by assigning the most highly represented epitope 722 
class within each cluster as the cluster’s representative epitope. Antibodies within each 723 
cluster were considered accurately clustered if they matched this epitope and incorrectly 724 
clustered otherwise. This approach, while disadvantaging underrepresented epitopes 725 
due to class imbalance, provides a conservative estimate of clustering performance. 726 

For visualization clarity, we cycled through three marker shapes (circles, squares, and 727 
triangles) as well as ten distinct colors.  728 

AbLang-PDB training.  729 

The AbLang-PDB model was trained using the architecture described in the Model 730 
Architecture section, utilizing the curated structural antibody dataset. During training, we 731 
maintained the pretrained weights of the base model, modifying only the QLORA 732 
adaptation parameters and the six "mixing" layers responsible for cross-chain 733 
information integration. Training employed the AdamW optimizer with a learning rate of 734 
1e-5 and mean squared error loss function, using a batch size of 16. 735 

To address class imbalance in the training data, we implemented a balanced sampling 736 
strategy where each epoch processed 15,270 antibody pairs, evenly distributed across 737 
three categories: overlapping epitopes, non-overlapping epitopes within the same 738 
protein family, and pairs targeting different protein families. While this approach ensured 739 
equal representation of each category during training, it resulted in more unique pairs 740 
from the non-overlapping epitope classes being trained on. 741 
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Training proceeded for 500 epochs on an NVIDIA A6000 GPU, requiring approximately 742 
36 hours including inter-epoch evaluations. Model selection was based on ROC-AUC 743 
performance comparing training and test sets, with the epoch 240 checkpoint achieving 744 
optimal performance. 745 

Receiver Operating Characteristic, Precision-Recall, and F1 Score calculation 746 

Model performance was evaluated using multiple complementary metrics implemented 747 
through scikit-learn. For receiver operating characteristic (ROC) analysis, we calculated 748 
true positive and false positive rates across 2,001 equally spaced thresholds spanning 749 
the range of possible prediction values (cosine similarity from -1 to 1 for model 750 
predictions; 0 to 1 for sequence identity comparisons). The area under the ROC curve 751 
was computed using scikit-learn's trapezoidal rule implementation. For AbLang-RBD, 752 
ROC-AUC values were calculated separately for each of the 12 epitope classes and 753 
combined using a weighted average based on class size. For AbLang-PDB, the 754 
calculation used a binary classification scheme where overlapping epitope pairs 755 
constituted the positive class and non-overlapping pairs the negative class. 756 

Precision-recall characteristics were assessed using scikit-learn's 757 
precision_recall_curve and average_precision_score functions. For F1-score 758 
calculations, we utilized the previously determined optimal threshold that maximized 759 
balanced accuracy. In the case of Pfam classification, F1-scores were calculated 760 
considering all antibody pairs targeting the same protein family as positives, regardless 761 
of their specific epitope overlap status. 762 

LIBRA-seq dataset curation 763 

LIBRA-seq dataset curation was performed on 7,056 class-switched antibody 764 
sequences compiled from previous LIBRA-seq experiments using PBMCs from persons 765 
living with HIV-1. Analysis included only functional, single-cell records from 10X 766 
Genomics VDJ sequencing where cells had undergone fluorescence-activated cell 767 
sorting using PE-labeled antigens, including at least one HIV envelope protein and one 768 
unrelated control antigen. Each antibody was assigned a unique identifier containing a 769 
4-digit sequencing run prefix, with most run prefixes corresponding to unique donors 770 
except for runs 2723 and 3514, which both originated from Donor 45 (source of VRC01) 771 
46,64. Nucleotide sequences were processed through IMGT HighV-Quest to determine 772 
amino acid sequences, germline gene assignments, CDR3 sequences, and percent 773 
identity to germline 65–68. The resulting amino acid sequences were embedded using the 774 
AbLang-PDB model, and cosine similarities were calculated between each antibody and 775 
8ANC195. Selection of the top 20 candidates was performed blind to all functional 776 
annotations and specificity data, including suspected antigen-specificity towards positive 777 
control and negative control antigens, enabling unbiased identification of antibodies with 778 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 3, 2025. ; https://doi.org/10.1101/2025.02.25.640114doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.25.640114
http://creativecommons.org/licenses/by-nc-nd/4.0/


potential epitope overlap based solely on sequence features learned by the AbLang-779 
PDB model. 780 

Antibody production. 781 

Antibody heavy and light chains were synthesized as cDNA by Twist Bioscience or 782 
Genscript. Variable genes were inserted into either bicistronic plasmids encoding the 783 
constant regions of the H chain and either the kappa or lambda light chain or into 784 
separate heavy and light chain plasmids. mAbs made in house were transiently 785 
expressed using the Expifectamine transfection reagent (Thermo Fischer Scientific) in 786 
Expi293F cells in FreeStyle F17 media supplemented with 0.1% Poloxamer 188 and 787 
20% 4mM L-glutamine (Thermo Fisher). Transfected cultures were incubated shaking 788 
for 5 days at 37°C with 8% CO2 saturation. After five days, cultures were harvested and 789 
centrifuged at a minimum of 4000 rpm for 20 minutes. Supernatant was then filtered 790 
with Nalgene Rapid Flow Disposable Filter Units with PES membrane (0.45 or 0.22 μm). 791 
Filtrate was run over PBS equilibrated columns containing protein A resin. Columns 792 
were then washed with PBS, and purified antibodies were eluted using 10mls of 100mM 793 
glycine HCL at pH 2.7 into 1 mL of 1M Tris-HCl, pH 8. These were then buffer 794 
exchanged into PBS. Remaining mAbs were synthesized by Genscript in their 10mL 795 
TurboCHO High Throughput Antibody Expression system. 796 

 797 

Antigen production. 798 

HPIV3 prefusion stabilized F ectodomain (Protein Data Bank [PDB] accession no. 799 
6MJZ) was expressed in Expi293F cells through transient transfection using 800 
Expifectamine transfection reagents (Thermo Fisher Scientific) in Freestyle F17 801 
expression media (Thermo Fisher) with the addition of 0.1% pluronic acid F-68 and 20% 802 
4 mM l-glutamine 69.  803 

Upon transfection, cultures were grown at 37 °C and 8% CO2 saturation levels. Six days 804 
after transfection, cultures were centrifuged at 4000 xg for 20 minutes and filtered with 805 
Nalgene Rapid-Flow Disposable Filter Units with PES membrane (0.45 or 0.22  µM). 806 
Protein was purified through nickel affinity chromatography using an equilibrated, 1mL, 807 
prepacked HisTrap HP Column (GE Healthcare, Chicago, IL). The column was 808 
equilibriated with 15mL binding buffer (20mM sodium phosphate, 0.5M NaCl, 0.3 M 809 
imidazole, pH 7.4). Purified protein was eluted from the column with 15mL binding buffer 810 
supplemented with 0.5 M imidazole. Concentrated protein was buffer exchanged into 811 
PBS. The HisTrap purified protein was further purified by size exclusion on Superose 6 812 
Increase 10/300 GL on the AKTA fast protein liquid chromatography (FPLC) system. 813 
Fractions containing pure trimeric HPIV3 were identified through SDS-PAGE and the 814 
molecular mass. Antigenicity was confirmed with binding to 3X1. Protein concentration 815 
was quantified using UV/visible spectroscopy and frozen at -80°C until use.  816 
 817 
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HIV-1 envelope proteins (BG505, CZA97, and ZM106.9) were designed using the 818 
SOSIP platform to yield soluble Env proteins stabilized in the pre-fusion conformation. 819 
These SOSIP constructs incorporated several stabilizing mutations: an intermolecular 820 
disulfide bond between gp120 and gp41 (A501C and T605C), a trimer-stabilizing 821 
mutation (I559P), a truncated gp41 transmembrane region at position 664, and an 822 
I201C/A433C mutation to inhibit CD4-induced movement of Env. Additionally, a flexible 823 
serine-glycine linker was inserted between gp120 and gp41 (positions 507 and 512) to 824 
create single-chain constructs 70. 825 

HIV-1 envelope proteins were expressed in a highly similar fashion but with the 826 
following caveats. Post-culture and centrifugation, the filtered supernatant was applied 827 
to an affinity column of agarose-bound Galanthus nivalis lectin (Vector Laboratories) at 828 
4°C. After washing with PBS, proteins were eluted with 30 mL of 1 M methyl-α-D-829 
mannopyranoside. The eluate was buffer-exchanged three times into PBS and 830 
concentrated using either 30 kDa or 100 kDa Amicon Ultra centrifugal filter units. 831 

Final purification was achieved by size-exclusion chromatography using either a 832 
Superose 6 Increase 10/300 GL or Superdex 200 Increase 10/300 GL column on an 833 
AKTA FPLC system. Fractions corresponding to correctly folded trimeric Env proteins 834 
were collected and validated by SDS-PAGE for molecular weight determination and by 835 
ELISA for antigenicity using Env-specific monoclonal antibodies. 836 

 837 

Indirect ELISA.  838 

In a 96-well plate, 100 μL of antigen was coated at 2 ug/mL overnight at 4°C. The plates 839 
were then washed three times with PBS supplemented with 0.05% Tween20 (PBS-T) 840 
and blocked using 5% bovine serum albumin in PBS. Plates were incubated for one 841 
hour at room temperature and then washed three times using PBS-T. Primary 842 
antibodies were diluted in 1% BSA in PBS-T starting at 10 μg/mL with a 1:5 dilution. 843 
After incubating at room temperature for one hour and washing with PBS-T, 100 μL of 844 
goat anti-human IgG conjugated to peroxidase was added at a 1:10,000 dilution in 1% 845 
BSA in PBS-T. These were incubated for one hour at room temperature, washed three 846 
times with PBS-T, then developed using TMB substrate. Plates developed for ten 847 
minutes at room temperature and were then stopped using 1 N sulfuric acid. Then, 848 
absorbance was then measured at 450 nm. 849 

Competition ELISA.  850 

Wells of a 96-well plate were coated with 100 μL of 2 μg/mL purified BG505 N332T 851 
SOSIP and were left at 4 °C overnight. Plates were then washed three times using 852 
PBS-T and each well was blocked using 100ul of 5% BSA in PBS for 1 hour. After 853 
washing three times using PBS-T, primary antibodies were diluted 10-fold starting at 854 
100 μg/mL using 1% BSA in PBS-T and 75 μL was added each well. After incubating for 855 
one hour at room temperature, without washing, 25 μL of biotinylated antibody was 856 
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added to each well to the final concentrations of 1 μg/mL and 0.1 μg/mL. This was 857 
incubated at room temperature for one hour and was washed three times using PBS-T. 858 
Then, 100 μL of streptavidin-HRP at a dilution of 1:10,000 in 1% BSA in PBST was 859 
added to each well and was incubated for one hour at room temperature. These plates 860 
were then washed three times and bound antibodies were detected using TMB 861 
substrate and sulfuric acid. Competition ELISAs were repeated at least 2 times. Data is 862 
displayed as the percentage change in binding relative to the binding of an antibody 863 
when no competitor is present. 864 

Structural representation of HIV reference antibodies G 865 

A composite image of VRC01, 8ANC195, and PG9 binding BG505 Envelope was 866 
generated by first loading PDB ID 5VJ6 into open-source PyMOL™ © Schrodinger, LLC 867 
Version 2.4.0 49,55. The antibody-antigen complex was represented as a surface, and 868 
PG9 was colored wheat, 8ANC195 in light green, gp120 in light gray, and gp41 in dark 869 
gray. PDB ID 8VGW was then loaded into PyMOL and the gp120 structures from one 870 
protomer were aligned to that of one gp120 protomer in 5VJ6. VRC01 was then colored 871 
pink and shown as a surface without visualization of the Envelope protein present in its 872 
native complex. Finally, ray tracing was performed with default parameters. 873 
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