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Abstract

Antibody-antigen binding specificity underlies im-
mune protection, vaccine efficacy, and therapeutic
antibody development, yet remains difficult to pre-
dict. Existing approaches either rely on structure
prediction methods ill-suited to antibody-antigen
complexes, or sequence-based protein-protein in-
teraction models that require inter-protein coevo-
lution signals absent in antibody-antigen systems.
To address this, we develop Agate, a discrimi-
native protein language model trained on over
one million human antibody-antigen pairs cu-
rated from public datasets, the largest dataset
to date. Agate jointly encodes antibody-antigen
pairs and is trained using both experimentally val-
idated binders and biologically grounded nega-
tive, non-binder examples. To rigorously assess
generalization, we implement stringent sequence-
based train-test partitioning, including evaluation
on completely unseen antigens. Agate achieves
state-of-the-art performance for antibody-antigen
binding prediction while substantially improving
specificity, scalability, and prospective generaliza-
tion relative to existing methods. Together, these
results establish a scalable framework for mod-
eling of antibody recognition with applications
in pandemic preparedness, vaccine design, and
precision immunotherapy.

1. Introduction
The adaptive immune system protects against diverse
pathogens through a vast repertoire of antibodies generated
through DNA recombination of germline immunoglobulin
variable (V), diversity (D), and joining (J) gene segments.
Antigen-specific antibody responses result from the activa-
tion of naı̈ve B cells with germline-encoded antibodies that
recognize an antigen epitope via their six complementarity

1Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.

Submitted to the 2026 Workshop on Generative and Agentic AI
for Biology (ICML 2026). Do not distribute.

determining regions (CDRs), followed by affinity matura-
tion and somatic hypermutation to refine binding. Differ-
ences in germline immunoglobulin genes across individuals
contribute to variation in immune recognition, susceptibility
to infectious diseases, and vaccine responsiveness (Collins
et al., 2020a; Yuan et al., 2023; deCamp et al., 2024; Sanges-
land et al., 2022). Convergent antibody responses against
shared “public” epitopes further suggest that antibody recog-
nition is constrained by underlying sequence and structural
features encoded within the germline repertoire (Shrock
et al., 2023).

Despite the central role of germline antibodies in shaping
immune responses, predicting antibody-antigen recognition
remains a major challenge. Experimental approaches for
characterizing germline-encoded antibody responses are dif-
ficult to scale and are labor and resource-intensive, requiring
B cell isolation, repertoire sequencing, or antigen-specific
screening (Shrock et al., 2023). Meanwhile, genetic as-
sociations approaches such as Genome-Wide Association
Studies (GWAS) have been limited by the complexity of
the immunoglobulin loci (Collins et al., 2020b). As a result,
the determinants governing which epitopes are intrinsically
recognizable by human antibody repertoires remain poorly
understood.

While recent advancements in computational approaches
have transformed structural biology, accurate antibody-
antigen binding specificity remains an unsolved problem
(Hitawala & Gray, 2024; Li et al., 2026). Structure-based
methods such as AlphaFold for protein-protein interaction
prediction (Jumper et al., 2021) face a number of limita-
tions, including: inter-protein coevolution that is largely ab-
sent in antibody-antigen binding, limited multiple sequence
alignment (MSA) utility for antibodies, hyper-flexible CDR
loops, binding through difficult-to-model polar or water-
mediated interactions, and residue usage patterns distinct
from other heterodimers (McCoy et al., 2024; Li et al., 2026).
Alternatively, approaches for antibody design (e.g., IgBert)
often encode only the antibody (often even unpaired an-
tibody chains) without antigen-specific information (Ken-
lay et al., 2024; Olsen et al., 2022b; 2024b; Hepler et al.,
2025). As result the dominant approaches in the field are ori-
ented toward designing or ranking likely binders rather than
identifying binding specificity (Evans et al., 2021; Tadiello
et al., 2026), are generative rather than discriminative (Mille-
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Fig 1. Dataset and model architecture
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# clusters 1,503 281 95

# pairs 112,388 2,658 1,176
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Figure 1. Overview of Agate. Dataset curation, negative generation, train/test split and model architecture. Ab: Antibody; BCR: B cell
receptor; CLS: classification token; G*: Glycine linker; EOS: End of sentence token; MLM: Masked language modeling; BCE: Binary
cross entropy; len.: length.

Fragoso et al., 2025; Wasdin et al., 2025; Bennett et al.,
2026), and have largely focused on only the most well-
studied antigens (Wang et al., 2024; 2022; Bennett et al.,
2026). Moreover, structure- or diffusion-based approaches
remains computationally impractical for repertoire-scale
screening (often > 106 sequences) or therapeutic library
evaluation (Sang et al., 2026).

Sequence-based protein language models (PLMs) provide
a scalable alternative and have demonstrated strong per-
formance for general protein-protein interaction predic-
tion (Green et al., 2021; Akiyama et al., 2025; Liu et al.,
2024; Ullanat et al., 2025). Yet existing antibody-antigen
PLMs frequently encode antibodies and antigens indepen-
dently using frozen embeddings which limits their ability
to learn interaction-specific compatibility features. In addi-
tion, many current benchmarks contain substantial sequence
overlap between training and evaluation sets, complicating
assessment of generalization to unseen antigens (Liu et al.,
2024).

To address these limitations, we developed Agate, a discrimi-
native protein language model for antibody-antigen binding

prediction trained on over two million human antibody-
antigen pairs (Fig. 1). Unlike prior approaches, Agate is
jointly trained on antibody-antigen sequence pairs, enabling
the model to learn interaction-specific features governing
molecular compatibility rather than relying on indepen-
dently derived representations. Our curated training dataset
is the largest collected paired human antibody-antigen bind-
ing dataset, with ∼200k more antigen-specific antibodies
than structure-based models use from the PDB and sev-
eral times more positives than used when training other
sequence-based antibody-antigen PPI models like MAGE
and AntiBinder (Wasdin et al., 2025; Zhang et al., 2024a).
To improve binding specificity prediction, we also include
biologically grounded negative, non-binder examples de-
rived from B-cell repertoires. We further implement strin-
gent train-test partitioning, including evaluation on com-
pletely unseen antigens, to assess model generalization un-
der realistic settings relevant to emerging pathogens and
pandemic preparedness.

We show that Agate achieves state-of-the-art performance
for antibody-antigen binding prediction while substantially
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improving specificity and scalability relative to existing
approaches. By learning transferable features governing
antibody recognition, Agate enables prediction of epitopes
intrinsically recognizable by germline-encoded antibodies
and provides a framework for prospective modeling of im-
mune recognition at repertoire scale. These capabilities
establish a foundation for applications in vaccine design,
therapeutic antibody discovery, immune surveillance, and
pandemic preparedness.

2. Methods
2.1. Dataset curation of antigen-specific antibodies

To enable scalable antibody-antigen specificity modeling,
we assembled a large paired antibody-antigen sequence
dataset from multiple public resources, including SAbDab,
IEDB, and the Antibody Specificity Antigen Database
(ASD) (Fig. 1) (Dunbar et al., 2014; Vita et al., 2025; Ray-
bould et al., 2021; Wang et al., 2024; Czerwiński et al.,
2026; Wasdin et al., 2025). Compared to structure-based
approaches restricted to experimentally resolved complexes,
sequence-based modeling permits training on orders of mag-
nitude more antibody-antigen interactions spanning substan-
tially broader antigen diversity.

We restricted the dataset to paired human antibodies con-
taining both the heavy- and light-chain variable domains
(VH/VL), excluding non-human antibodies, unpaired chains,
and non-protein antigens. In addition to avoid over-
representation of a small number of highly sampled anti-
gens (e.g., human HER2-associated antibodies represented
∼500,000 pairs in ASD), these were downsampled in the
dataset. While the majority of antibodies originated from are
human repertoires, the dataset also includes some therapeu-
tically engineered antibodies. Antibodies germline genes
were annotated using ANARCI (Dunbar & Deane, 2016).
To maximize antigen coverage while remaining compatible
with transformer-based architectures, we allowed combined
antibody-antigen sequence lengths up to 2,000 residues, ex-
ceeding the limits used in previous protein language model
interaction frameworks (PLM-interact which uses 1603 and
ESM-2 which uses 1024).

Despite integrating multiple datasets, antigen representation
remained substantially skewed toward a limited number of
intensively studied pathogens and therapeutic targets (e.g.,
SARS-CoV-2 Spike glycoprotein, Influenza hemagglutinin,
and the human cancer target VEGF), reflecting biases in-
herent to publicly available antibody datasets. To mitigate
overfitting and improve generalization, all antigens were
clustered at 30% sequence identity and 40% sequence cov-
erage using MMseqs easy-search, resulting in 1,879 clusters
(Steinegger & Söding, 2017). Antigen clusters were then
divided into training (80%, 1,503 clusters), validation (5%,

95 clusters), and test (15%, 281 clusters) splits to prevent
homologous antigens from appearing across partitions and
to reduce sequence leakage that can inflate performance
estimates in protein interaction prediction benchmarks (Liu
et al., 2024; Neumann et al., 2022; Hummer et al., 2025).
Moreover, despite significant diversity, there also remains
bias in antibody germlines known to impact antibody lan-
guage model training (Olsen et al., 2024b).

2.2. Curation of negative binding set

A further challenge in antibody-antigen specificity predic-
tion is the construction of biologically meaningful negative,
non-binder examples. Rather than generating negatives
through random shuffling of non-cognate antibody-antigen
pairs, which can introduce unrealistic or trivial examples,
we generated negatives using two complementary strate-
gies designed to better approximate biologically plausible
non-binders.

First, for each antigen in the positive set, we obtain a neg-
ative example by sampling naı̈ve and memory BCRs from
the Observed Antibody Space (OAS) database (Olsen et al.,
2022a) whose germline genes differ from all antibodies
known to bind that antigen. Since germline V gene usage
is predictive of antigen-binding specificity, given structural
motifs that drive recurrent recognition of particular epitopes,
differing germlines are less likely to share binding partners
(Shrock et al., 2023). We sample 10 negative examples for
every positive binding pair.

The second negative set was derived by pairing human mem-
ory B cell receptors (from healthy donors in the OAS) with
high-confidence human surface proteins (from the Cell Sur-
face Protein Atlas) (Bausch-Fluck et al., 2015). These pairs
were treated as putative non-binders based on immune toler-
ance mechanisms that eliminate or suppress strongly self-
reactive B cells during development. Consequently, B cell
receptors recognizing endogenous human surface proteins
are unlikely to persist in healthy donor repertoires (Nemazee,
2017).

Before pairing with different antigens for negatives, OAS an-
tibodies were split into train (80%), validation (5%), or test
(15%) sets to prevent the same antibody from appearing as
negatives in multiple sets. In total, we train on 222,345 pos-
itive and 1,969,807 negative antibody-antigen pairs, across
1,503 antigen clusters. Agate’s positive set is 12 times larger
than for MAGE and almost four times larger for AntiBinder.

Information on training, validation and test splits including
VH/VL pairings, V gene germline identity of heavy and
light chains, and antigen taxonomies are summarized in
Figure S1.

3



165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219

Large-scale sequence modeling of antibody-antigen binding specificity

2.3. Model framework and training

Agate jointly encodes antibody-antigen sequence pairs by
concatenating their sequences as input to the encoder-
only PLM, ESM-2, which we fine-tune end-to-end (Fig
1). Following PLM-interact (Liu et al., 2024), the train-
ing objective combines continued masked language mod-
elling with a binary classification loss in a 1:10 ratio.
The original ESM tokenizer jointly encodes sequences
concatenated as [CLS][Antibody VH][GGGGG][Antibody
VL][EOS][Antigen][EOS], using a flexible glycine linker
to separate the antibody chains rather than an additional
EOS token. Classification is applied via a linear head on
the classification [CLS] ESM-2 output embeddings, pre-
dicting whether each pair interacts. To prevent bias from
antigen overrepresentation, we use a custom batch sampler
that samples each antigen cluster with uniform probability
and groups sequences by length to reduce padding. The
model was trained for 18 epochs (where one epoch is 50
samples per antigen) on 1 L40S GPU over approximately
42 hours, using the 35M FAESM (Fred Zhangzhi Peng &
contributors, 2024) for efficiency.

2.4. Training on Spike-excluded set and epitope
determination

To determine how Agate would perform at predicting
binders for the SARS-CoV-2 Spike glycoprotein, a version
of Agate was trained completely excluding any Spike glyco-
protein sequence from any strain of severe acute respiratory
syndrome coronavirus. In total, 40,888 antibody-antigen
pairs were excluded, resulting in 99,853 positive sequences
for training and 2,163 in validation (Fig 3). Including nega-
tives in the same way outlined above, there were a total of
1,679,673 training sequences. The model was trained for 18
epochs on 1 GPU for approximately 42 hours.

In addition, we wanted to see if Agate had some signal
for predicting binding contacts from sequence information
alone. To do so, we computed per-residue attention scores
from the CLS token to antigen residues. Attention was aver-
aged across the final transformer layers and then projected
onto a canonical SARS-CoV-2 receptor binding domain
(RBD) reference sequence via local alignment. Cluster-level
consensus signal was computed by taking the mean attention
across all antigen sequences within the same cluster. The
final per-complex score combined the per-complex attention
signal with this cluster-level consensus signal. Ground-truth
epitopes were defined from antibody-antigen heavy-atom
contacts in PDB structures. Epitope prediction performance
was evaluated using per-complex AUROC against structure-
derived epitope labels and compared against ESM2 (35M),
Agate trained without Spike, and Agate trained with Spike
using splits outlined above.

3. Results
We benchmarked Agate against four existing protein in-
teraction models: PLM-Interact (Liu et al., 2024), MINT
(Ullanat et al., 2025), MAGE (Wasdin et al., 2025), and
Boltz-2 (Passaro et al., 2025). Similar to Agate, MINT,
PLM-Interact, and MAGE are fine-tuned protein language
models (PLMs). MINT and PLM-Interact both extend ESM-
2 (Lin et al., 2023), whereas MAGE fine-tunes ProGen2 (Ni-
jkamp et al., 2023). MINT incorporates cross-chain atten-
tion and is trained on approximately 96 million experimen-
tally derived and predicted protein-protein interactions from
STRING-DB. PLM-Interact jointly encodes protein pairs
and is fine-tuned on multiple interaction datasets, including
virus-host interactions from the Host-Pathogen Interaction
Database and human protein interactions from STRING-DB,
using both cognate binding pairs and shuffled non-cognate
negatives. In contrast, MAGE is specifically trained for
antibody-antigen prediction using only positive examples,
with 18,507 curated paired antibody-antigen sequences. We
additionally evaluated Boltz-2, an AlphaFold-like structure-
based model trained using PDB structures, molecular dy-
namics ensembles, and approximately five million affinity
measurements.

Binding scores for MINT were calculated using the provided
code and downstream model checkpoint for Binary PPI
classification on their GitHub repository. Because MAGE
is a generative model, we estimate the likelihood of an
antibody conditioned on a query antigen by computing the
perplexity over antibody tokens, given the antigen as a prefix.
For Boltz-2, the ipTM score was used as the binding score.

3.1. Agate outperforms existing antibody-antigen
prediction models

We first evaluated each model on its ability to distinguish
cognate antibody-antigen interactions from non-binding
pairs in the held-out test set (n = 72,479). Agate substan-
tially outperformed all baseline models, achieving an AUC
of 0.97, compared to 0.58 for Boltz-2, 0.54 for both MAGE
and PLM-Interact, and 0.45 for MINT (Fig. 2A). The perfor-
mance advantage of Agate persisted when evaluated using
precision-recall analysis, indicating robust discrimination
despite substantial class imbalance within the evaluation
dataset (Fig. 2B).

To determine whether Agate’s improved performance was
driven by a small number of overrepresented antigens, we
next evaluated model performance independently across
antigen groups. For each antigen, we quantified the separa-
tion between positive and negative interaction scores using
the point-biserial correlation coefficient. Agate consistently
outperformed all comparator models across nearly all anti-
gens in the test set, demonstrating that performance gains
were broadly distributed rather than dominated by a subset
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Fig 2. Main results of first split
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Figure 2. Agate performance summary. (A) ROC relative to the benchmark models MINT, PLM-Interact, MAGE, and Boltz-2.
PLM-interact VH, V11, V12 represent the three model checkpoints trained on human PPIs, virus-human PPIs, and leakage-free human
PPIs, respectively (Liu et al., 2024). (B) PR relative to the benchmark models MINT, PLM-Interact, MAGE, and Boltz-2. The baseline
classifier represents the fraction of positives. (C) Per-antigen model performance, filtered on any unique antigen with more than ten
known antibody binders, compared to benchmark models. (D) Confusion matrix subset to assess Agate performance on antibodies that
have a low and high germline identity.

of highly represented targets (Fig. 2C).

Because germline-encoded antibody features play an impor-
tant role in antigen recognition, we next examined model
performance as a function of antibody divergence from
germline sequence (Fig 2D). Agate maintained strong per-
formance across all levels of somatic hypermutation, but
achieved its highest sensitivity for antibodies with lower
germline similarity. For antibodies with ≤ 80% sequence
identity to germline, Agate achieved a true positive rate of
95.3 and 91.6 % for heavy versus light V genes respectively,
while maintaining a true negative rate above 99.2 and 98.8%.
In contrast, performance decreased for highly germline-like
antibodies (≥ 95% germline identity), where the true posi-

tive rate declined to 75.4 (heavy) and 72.6% (light) despite
maintaining high specificity (true negative rate > 99.4%).

This reduction in sensitivity for germline-like antibodies
likely reflects properties of the negative sampling strategy
used during training, where naı̈ve B-cell receptors were
incorporated as putative non-binders with a ration of 10
non-binders for every one true binder. This strategy or
high ratio of negatives may bias the model toward classi-
fying highly germline-proximal antibodies as non-binding,
and may artificially inflate the performance of Agate rela-
tive to benchmarked methods not trained with this assump-
tion. Future work incorporating experimentally validated
naı̈ve antibody interactions or alternative negative genera-

5



275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329

Large-scale sequence modeling of antibody-antigen binding specificity

tion strategies may further improve sensitivity in this regime
Nevertheless, Agate substantially outperformed all existing
approaches across both germline-diverged and germline-like
antibodies.

3.2. Agate identifies SARS-CoV-2 Spike binding
contacts

We next investigated whether Agate could identify not only
whether an antibody and antigen interact, but also which
residues are likely to mediate binding. We focused this
analysis on the SARS-CoV-2 Spike protein because of the
large number of experimentally resolved antibody-Spike
complexes available for evaluation.

To rigorously assess model generalization and avoid data
leakage, we trained a new version of Agate using the same
architecture and training procedure as the primary model,
but with all coronavirus Spike glycoprotein sequences re-
moved from the training set (Fig 3A). Despite never observ-
ing Spike during training, this Spike-excluded Agate model
achieved strong binding prediction performance on held-out
Spike antibody-antigen pairs (AUROC = 0.79), outperform-
ing MAGE (AUROC = 0.71), which was trained on a dataset
with a majority ofantibodies binding to SARS-CoV-related
proteins (Fig 3B) (Wasdin et al., 2025).

Drawing inspiration from previous work demonstrating that
PLMs can code for residue-residue dependencies correlat-
ing to structural contacts, we asked whether Agate learned
residue-level interaction features associated with physical
antibody-antigen contacts (Zhang et al., 2024b). Because
Agate was trained to identify binders using the CLS to-
ken, we hypothesized that CLS attention magnitudes would
reflect key sequence residues for epitope binding. To iden-
tify putative binding residues, we computed per-residue
attention scores from the CLS token to antigen residues
and quantified whether they corresponded to experimentally
observed interface contacts from solved structures. Spike-
excluded Agate substantially outperformed the base ESM-2
model in recovering true Spike residues contacting antibod-
ies (AUC = 0.743 versus 0.674), indicating that fine-tuning
on antibody-antigen interaction data enables the model to
learn interaction-specific structural compatibility signals be-
yond those captured by general protein language modeling
alone (Fig 3D-F).

Including Spike glycoprotein sequences during Agate train-
ing further improved contact prediction performance (AUC
= 0.784), suggesting that the model benefits both from trans-
ferable interaction priors learned across antibody-antigen
systems and from antigen-specific examples when available.
Together, these results demonstrate that Agate captures bio-
logically meaningful residue-level interaction information
despite being trained only on sequence-level binding super-
vision.

4. Conclusions and future directions
In this work, we aimed to develop a model of antibody-
antigen binding capable of prediction at repertoire scale. To
achieve this, we trained a PLM that jointly encodes antibody-
antigen pairs on both experimentally validated binders bi-
ologically grounded negative examples. Agate achieves
state-of-the-art performance for antibody-antigen prediction
across several benchmarks and preliminary results indicate
CLS attention magnitudes correspond to epitope binding
residues.

There are several directions we plan to pursue for future
work, one of which is further developing the model frame-
work. To make training more efficient we plan to sample
CDR residues in the antibody sequence more frequently for
masking. We also plan to explore different weightings for
both the MLM and classification loss during the training.
In addition, we are interested in including structure infor-
mation as additional features to the model. Another avenue
of future work is enhancing the datasets we use for train-
ing and validation. In particular, we are interested in using
stronger sources of negatives, such as experimentally deter-
mined negative binders in LIBRA-seq datasets (Abu-Shmais
et al., 2024). We are also interested in benchmarking our
model with traditional methods of antibody negatives via
shuffling of antibodies positives for alternate antigens, to
avoid inflating our own model performance by training and
validating on the same negative distribution. In addition,
we would like to interrogate the germline bias present in
our model, and incorporate appropriate changes as neces-
sary (Olsen et al., 2024a). At this stage, Agate more often
incorrectly assigns antibodies with higher germline identi-
fies as negative, which is likely a function of more frequent
germline-like antibodies present as negative examples in the
training set (Fig. S1A). Finally, we would like to evaluate
several recent and relevant models as baselines — namely
Origin-1 and Protenix, which have demonstrated improve-
ments in antibody–antigen structure prediction, particularly
through extensive sampling(Levine et al., 2026; Zhang et al.,
2026) as well as other metrics like ipSAE — and assess the
extent to which these gains transfer to binding specificity
prediction.
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Fig . Spike-only subset

Excluding spike from training

VH VL Antigen

30% ID
40% Coverage
1,879 Clusters

SARS-CoV 
spike clusters

Train Test Val
# clusters 1,779 7 93

# pairs 99,853 40,888 2,163

A

D

F

E

B     C

Figure 3. Results from Spike-excluded trained Agate model and RBD epitope determination (A) Dataset curation and splits so
all SARS-CoV Spike glycoprotein antigens and their respective antibodies were exclusively in the test set. (B) ROC curve comparing
Spike-excluded Agate to MAGE, a generative antigen-specific paired antibody PLM with significant training on CoV-specific antibodies.
(C) Precision-recall curve comparing Spike-excluded Agate to MAGE. (D) Spike epitope AUROC of ESM2 compared to both versions
of Agate. (E) Representative complex of a human antibody bound to SARS-CoV-2 RBD (RCSB id: 7QF0) and their contacts. (F)
Residue-level contact map grouped by Spike RBD residue (numbering within RBD alone) and IMGT residues, colored by true contacts,
predicted contacts that overlap with true residues, and highlighted top-ranked antigen residues across the sequence.
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A. Supplemental Figures

SI -  Train/test dataset specifics

VH/VL pairings in training dataset

n = 2,192,057

A V gene germline identity distributions in training dataset Antigen taxonomies in training dataset

B VH/VL pairings in test dataset

C VH/VL pairings in validation dataset

n = 72,476

V gene germline identity distributions in test dataset Antigen taxonomies in test dataset

n = 30,019

V gene germline identity distributions in validation dataset Antigen taxonomies in validation dataset

Figure S1. Composition of Agate dataset splits VH/VL pairing, germline identity relative to closest mapped human V gene from IMGT,
and antigen taxonomies for (A) train, (B) test, and (C) validation.

11


