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Abstract

Antibodies play crucial roles in immune defense and serve as key therapeutic
agents for numerous diseases. The structural and sequence diversity of their anti-
gen recognition loops, coupled with the scarcity of high-quality data, pose signif-
icant challenges in the development of generalizable predictive models. Here, we
present a sequence specific fine-tuning strategy for antibodies that partially by-
pass the need for generalization. We evaluated this approach in three biologically
relevant tasks: antibody structure prediction, zero-shot prediction of beneficial
mutation in antibody-antigen complexes and binding affinity prediction. In all
three tasks, we observed substantial improvements over pLM baselines without
fine-tuning, while using only a fraction of the computational and time resources
required for fully fine-tuning antibody-specific pLMs.

We further extended our method to layer-wise selective fine-tuning, with the aim
of investigating how model size, fine-tuning duration, and fine-tuning depth col-
lectively influence downstream performance. Fine-tuning 50— 75% of LoRA lay-
ers was found to be optimal for small- to medium-sized pLMs, with the initial
perplexity of each sequence providing some guidance for determining the best
fine-tuning duration. Building on these insights, our approach achieves state-of-
the-art performance in predicting beneficial mutations and binding affinity. These
results establish our layer-wise selective, sequence specific fine-tuning strategy as
an efficient and practical strategy for antibody-related prediction tasks, providing
a useful protocol for future applications in immunology.

1 Introduction

Antibodies are essential components of our immune system. They recognize and bind specific
antigens to, for example, neutralize pathogens. Structurally, antibodies are Y-shaped molecules
composed of two identical heavy and light chains. At the tips of each antibody arm are the
Complementarity-Determining Regions (CDRs), which mediate antigen recognition. These con-
tains 6 loops - three on the heavy chains and three on the light chains. The diversity of the CDRs in
terms of both length and sequence underlies the adaptability of antibodies, allowing them to recog-
nize a vast array of antigens. Among these, the third heavy-chain CDR loop (CDR H3) shows the
largest sequence variability and structural diversity, and often contributes the majority of contacts
with the target epitope [Zhao et al., 2011].

This diversity in the CDR regions, combined with lack of evolutionary data for these loops, makes
it very challenging to develop generalizable computational prediction methods. For example, ac-
curately predicting the structures of antibodies and their complexes remains challenging. Although
AlphaFold3 [Abramson et al., 2024] has improved predictions through its Pairformer architecture,
successful predictions still require extensive sampling and accurately ranking of high quality models
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remains challenging. Therefore, integrative modeling approaches based on docking or simulations
are still highly valuable for these complexes [Xu et al., 2025, Giulini et al., 2024]. More challenges
arise in predicting the binding affinity of antibody—antigen complexes or changes in binding affinity
upon mutation. Recent studies indicate that currently available experimental datasets are largely
insufficient for robustly predicting AAG and that improving accuracy will require much larger and
more reliable datasets with greater diversity [Hummer et al., 2025].

Protein language models (pLMs) are inspired by the success of transformer architectures [Vaswani
et al., 2017] in natural language processing (NLP). pLMs [Lin et al., 2023, Nijkamp et al., 2023,
Hayes et al., 2025] are trained on huge protein sequence datasets with masked language modelling
objectives (MLM). The growing availability of curated antibody sequence datasets, such as the Ob-
served Antibody Space (OAS) [Olsen et al., 2022a], has driven the development of antibody-specific
language models. Trained from scratch on the OAS dataset, early models, including AbLang [Olsen
et al.,, 2022b] and AntiBERTy [Ruffolo et al., 2021] performed well on sequence recovery and
paratope prediction. More recent pLMs [Kenlay et al., 2024] leverage paired heavy and light chain
sequences to capture cross-chain dependencies. Such fine-tuning has been shown to be almost al-
ways beneficial [Schmirler et al., 2024].However, fine-tuning any antibody-specific pLM requires
substantial computational resources and is usually very data-hungry, even with parameter-efficient
fine-tuning (PEFT) techniques [Hu et al., 2021, Liu et al., 2024].

Considering the unique nature of antibodies, we propose a sequence-specific, layer-wise selective
fine-tuning strategy that allows general-purpose pLMs to be efficiently fine-tuned for optimal rep-
resentations for each input antibody at test time. We hypothesize that this fine-tuning improves
generalization ability of pLMs on downstream tasks, which is particularly valuable for antibodies.
To demonstrate its potential, we applied the method to three biologically relevant antibody applica-
tions: structure prediction, mutation effect prediction, and binding affinity prediction, highlighting
its utility for computational immunology.

2 Result

2.1 Antibody Structure Prediction

We first assessed the performance of ESMFold [Lin et al., 2023] on the task of antibody structure
prediction using a benchmark of antibody structures (See Appendix D.1 for detail). Overall, ESM-
Fold shows poor performance on untrained antibody structures(Figure 1a) with significantly higher
RMSD values compared to the reported results for AlphaFold2 [Xu et al., 2025], and AlphaFold3
[Hitawala and Gray, 2025]. Consistent with prior findings, the H3 loop remains the most challenging
region to predict accurately.
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Figure 1: a) Calculated average RMSDs with standard deviations for antibody framework regions
and the six hypervariable (CDR) loops across five methods in our benchmark. ESMFold refers to
the baseline ESMFold (v1) model without fine-tuning. The labels ‘XX%_LoRA’ indicate ESMFold
models fine-tuned with LoRA, where ‘XX%’ denotes the proportion of LORA layers fine-tuned.
RMSD values are reported from the best fine-tuning step within the 20 steps. b) Changes of H3
RMSD, CDR pLDDT, and sequence perplexity while fine-tuning 50% of LoRA layers. The x-axis
represents the fine-tuning steps, and the three various y-axes correspond to H3 RMSD, CDR pLDDT,
and sequence perplexity, averaged across all sequences with re-scaled stds for better visualization.
c)



Next, we investigated whether fine-tuning could improve structure prediction. As shown in Figure
1a., fine-tuning consistently improved antibody structure predictions, regardless of the fine-tuned
percentage of LoRA layers. In particular, we observed substantial RMSD improvements across
multiple structural regions, including a notable 18.4% improvement in the H3 loop when fine-tuning
the first 50% of LoRA layers. Interestingly, fine-tuning all layers results shows worse performance
than partial fine-tuning. This has also been described by Bikias et al. [Bikias et al., 2025]

The best prediction accuracy is achieved by fine-tuning only the first 50% of layers, which is partic-
ularly encouraging since restricting fine-tuning to fewer layers not only improves accuracy but also
reduces computing.

During our analysis, unlike the strong correlation between TM-Score and pLDDT reported for gen-
eral proteins [Bushuiev et al., 2024], we observed that antibody structures with the lowest CDR
RMSD did not always correspond to those with the highest CDR pLDDT or the lowest perplexity.
Similar to AlphaFold [Abramson et al., 2024, Baek et al., 2021], ESMFold uses pLDDT as a confi-
dence metric for structure prediction. As a recent benchmark evaluation of AlphaFold on antibodies
[Fromm et al., 2025] pointed out, confidence metrics, while useful, are not always reliable predic-
tors for ranking structural accuracy. With respect to perplexity, Pugh et al.[Pugh et al., 2025] have
shown that its relationship with biological fitness is not straightforward, as it is shaped by training
data biases and the phylogenetic relationships among sequences.

To investigate the discrepancies between RMSD, pLDDT, and perplexity, we zoomed onto RMSDs
and pLDDTs of the CDRs loops because of their high structural variability and biological impor-
tance. We tracked CDR RMSD, CDR pLDDT, and perplexity at each training step for every se-
quence in our dataset, and report the average values in Figure 1b. Across 20 fine-tuning steps,
distinct trends emerged: perplexity decreased steadily, pLDDT improved until step 16 before declin-
ing, and RMSD showed improvement only during the first 8 steps. Beyond step 8, neither pLDDT
nor perplexity reflects structural quality anymore. We also noticed that, while fine-tuning improves
structural predictions, the step at which each sequence reaches its optimal performance varies a lot.

We conclude that for sequences with low starting perplexity, there is a limited window during which
fine-tuning is beneficial. Beyond this window, overfitting occurs even though perplexity continues
to decrease. Therefore, when the starting perplexity is low, short fine-tuning steps are sufficient to
gain performance, whereas prolonged fine-tuning can be detrimental.

2.2 Zero-shot prediction of beneficial mutations of antibody-antigen complexes

Identifying point mutations that enhance antibody-antigen binding remains a very challenging task
due to the complexity of molecular interactions and the limited experimental data. As shown
in [Janusz et al., 2025], three state-of-the-art structure-based predictors struggle to generalize to
antibody-antigen complexes outside their training distributions. Moreover, stratification by muta-
tion type revealed significant dataset and model biases, e.g. tyrosine is the most frequently mutated
residue in experiments, and alanine the most common substitution because of alanine scanning pro-
tocols. [Janusz et al., 2025].

We formulated this task as a binary classification problem: given a point mutation in a mutated
antibody-antigen complex, the goal is to predict whether the mutation is beneficial or non-beneficial
(neutral or detrimental). We start by evaluating the performance of purely sequence-based models
by leveraging the probability output from four ESM models of varying sizes on three datasets:
SKEMPIV2 [Jankauskaité et al., 2019, SKE], AB-Bind [Sirin et al., 2016], and AbDesign [Janusz
et al., 2025]. We report four standard classification metrics: Accuracy, Precision, Recall, and F1
score. As shown in Appendix Figure 1a, the AbDesign and AB-Bind datasets are noticeably more
difficult to predict than SKEMPIv2 for all models. We also observed that the performance of ESM
models scales poorly with model size, a phenomenon previously reported in several studies [Vieira
et al.,, 2025, Li et al., 2024].

Next, we fine-tuned all four ESM models on concatenated antibody—antigen sequences, varying
the proportion of LoRA layers. Across all models and datasets, fine-tuning consistently improved
the performance significantly, as shown in Appendix Figure 1la. Notably, as already observed
in structure prediction tasks, fine-tuning 100% of LoRA layers rarely produced the best results.
Instead, optimal performance was typically achieved by fine-tuning only a subset of layers: 75% for
medium-sized models and 50% for larger models. Across all four fine-tuning settings, we observed



an average improvement of 23.7% in recall (Appendix Figure 1a), highlighting that fine-tuning is
not simply a memorization process of the wild-type sequence.

Table 1: Performance of sequence- and structure-based models on beneficial mutation prediction.

Model Accuracy Precision Recall F1

RDE-PPI 0.625 0.440 0.353 0413
AbLang?2 0.551 0.167 0.215 0.281
AntiBERTYy 0.491 0.355 0419 0.369
ESM-C 0.483 0.442 0.527 0.462
MSA-transformer 0.526 0.413 0.577 0.482
MSA -pairformer 0.516 0.285 0.365 0.376
t12_35M_URS50D 0.570 0.416 0.359 0.347
t12_.35M_URS0D-75% (ours) 0.76 0.615 0.583 0.616

To benchmark current methods for this task, we evaluated six other predictors: one structure-based
predictor (RDE-PPI [Luo et al., 2024], two antibody-specific pPLMs (AbLang?2 [Olsen et al., 2024],
AntiBERTy [Ruffolo et al., 2021], one recent member of the ESM family [ESM Team, 2024], and
two MSA-based pLM (MSA-Transformer [Rao et al., 2021], MSA Pairformer [Akiyama et al.,
2025]. RDE-PPI, which was trained on labelled AAG data and performs well on the SKEMPIv2
dataset is unable to generalize to the AB-Bind and AbDesign datasets (Janusz et al., 2025; Hummer
et al., 2025). Since both AbLang2 and AntiBERTy are antibody-specific pLMs, predictions from
these models are made without considering the antigen. We argue that they are potentially capturing
the effects of mutations on antibody stability or folding rather than binding. ESM-C, promoted
as superior to ESM-2, indeed shows improved performance on this task. MSA-based pLMs have
showed some advantages over single-sequence pLMs in various tasks (Akiyama et al., 2025; Rao
et al., 2021). In our experiment we observed such benefits primarily for MSA-Transformer (Rao et
al., 2021), but not for the recent MSA Pairformer (Akiyama et al., 2025). Out of all the external
predictors we tested, no single method clearly outperformed the others. The best predictions were
generated by one of our fine-tuning pipeline: t/12_35M_UR50D-75% with the best performance on
this task across all metrics.

To investigate whether biases in the existing dataset influence model predictions, for each amino
acid mutation (i.e., any residue mutated to a specific target amino acid), we calculated the percentage
of predictions in which each model classified the mutation as beneficial for binding. In Appendix
Figure 1b , the fine-tuned model showed a higher tendency of predicting any mutations as beneficial
comparing to the baseline. AbLang2 and AntiBERTYy showed similar amino acid preferences, with
serine (S) and glycine (G) frequently predicted as beneficial. Tyrosine (Y), the most favorable
mutation for RDE-PPI, was also commonly predicted by sequence-based models. This is consistent
with reported statistics showing a remarkable enrichment of tyrosine in antibodies [Peng et al.,
2014].

Finally, we explored whether sequence-specific properties could inform fine-tuning strategies. We
observed a moderate correlation (r = 0.493, Appendix Figure 2 between the initial perplexity of
the sequence and the number of fine-tuning steps required to achieve optimal performance. Our
observations support previous evidence that predictions from pLMs suffer when the perplexity of
the wild-type sequence under the model is too high or too low [Gordon et al., 2024, Hou et al.,
2025].

2.3 Antibody Binding affinity prediction

Predicting antibody binding affinity is vital for understanding immune responses and guiding ther-
apeutic design. To solve this challenge, we designed and trained an architecture we called Bind-
Former (details in the Methods section in Appendix) using 5-fold cross-validation. We formulated
the problem as a binary classification task, where, given the sequences of the heavy and light chains
of the antibody, we predict whether the antibody is likely to be a binder or not.

Our baseline model, which was trained directly on averaged ESM-2 embeddings without fine-tuning
(BindFormer-esm) already outperforms the current state-of-the-art method, AntiFormer [Wang et al.,
2024], on all metrics except precision. To further improve the performance, we adopted a par-
tial fine-tuning strategy targeting sequences with the highest perplexity, based on the hypothesis



that these sequences are least well represented by ESM-2. We began by fine-tuning only the top
0.1% of sequences (BindFormer-v1), which already results in consistent improvements across all
metrics compared to the baseline (Table 2). Expanding fine-tuning to the top 1% of sequences
(BindFormer-v3) led to the best overall performance compared to four other predictors: AntiFormer
[Wang et al., 2024], AntiBERTy [Ruffolo et al., 2021], AntiBERTa [Leem et al., 2022] and the most
recent one LlamaAffinity [Hossain et al., 2025]. Fine-tuning a randomly selected 1% of sequences
(BindFormer-v2) also improved performance, though not to the same extent as targeting the top 1%
ranked by perplexity.

Table 2: Performance comparison of BindFormer and existing predictors for antibody binding affin-
ity. The table reports performance for four BindFormer variants (BindFormer-esm: ESM embedding
as features without fine-tuning; BindFormer-v1: Top perplexity 0.1% fine-tuned; BindFormer-v2:
Random 1% fine-tuned; BindFormer-v3: Top perplexity 1% fine-tuned) and threee other predictors:
AntiFormer, AntiBERTy and LlamaAffinity.

Model Accuracy F1 Precision Recall AUC
AntiFormer 0.918 0.882 0.963 0.925  0.966
AntiBERTy 0.832 0.851 0.911 0.891 0.940
LlamaAffinity 0.964 0.964 0.970 0.959  0.994

BindFormer-esm 0.942 0.943 0.945 0.942 0.98

BindFormer-v1 0.956 0.951 0.957 0.956 0.990
BindFormer-v2 0.973 0.973 0.973 0973 0.995
BindFormer-v3 0.977 0.976 0.977 0977 0.996

3 Discussion

In this work, we introduce a fast and flexible fine-tuning strategy for antibodies or any protein
domains that are underrepresented in sequence databases. Building on an existing LoRA-based
pipeline [Bushuiev et al., 2024], the method fine-tunes foundation pLMs in sequence specific,
layer-wise selective manner at test time. Our strategy consistently showed improved performance
across three biologically relevant tasks: antibody structure prediction, predicting binding affinity-
increasing mutations and binding affinity prediction, while requiring only a fraction of cost and time
needed for any fully fine-tuned antibody-specific pLMs.

Systematic investigation of fine-tuning depth showed that fine-tuning 50%-75% of LoRA layers
achieves optimal performance, in contrast to most prior studies that fine-tune all layers. We also
observe that the optimal fine-tuning duration is highly sequence dependent and moderately corre-
lates with the initial perplexity. Interesting future directions could involve moving beyond single-
sequence fine-tuning to explore mini-batch approaches. Strategies for grouping sequences into mini-
batches, such as by CDR similarity, could allow sequences to be fine-tuned jointly, capturing shared
structural and biophysical features more effectively.
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Figure 1: a) Performance of sequence-based models on beneficial mutation prediction across three
datasets: AbDesign, SKEMPIV2, and AB-Bind. The figure shows Accuracy, Precision, Recall, and
F1 score for four ESM models of varying sizes, both before and after single-sequence fine-tuning
with LoRA. The XX%-LoRA label for each model denotes the percentage of layers fine-tuned to
achieve optimal performance. For each sequence, we report the performance metrics from the best
step during fine-tuning. b) Distribution of predicted beneficial mutations (increasing the binding
affinity) across amino acid types. The x-axis represents the 20 standard amino acids types, and the
y-axis shows the percentage of predictions in which a mutation to that amino acid was classified as
beneficial for binding (predicted label = 1) by each model.
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Figure 2: The moderate correlation (Pearson correlation = 0.493) between initial perplexity and the
best performing step with our best performing model t12_35M_UR50D_75%-LoRA.

B Appendix Figure 2

C Methods

C.1 ESM Models

ESM (Evolutionary Scale Modeling) [Lin et al., 2023] is a family of transformer-based protein
language models (pLMs) that leverage self-attention to capture interaction patterns between amino
acid residues within a protein sequence. Given an input sequence, the model generates embeddings
by iteratively updating token representations across multiple transformer layers.

ESMFold is built on ESM-2 embeddings to predict protein structures. The final sequence embed-
dings from ESM-2 (¢36_3B_UR50D) are first processed by a Folding Trunk Module, which integrates
contextual information along the sequence. These representations are then passed to the Structure
Module, which converts them into 3D atomic coordinates of the protein.

In this work, we studied five ESM model variants with parameter sizes ranging from 8 mil-
lion to 3 billion: t6-8M_UR50, t12_35M_UR50D, t30_150M_UR50D, esmc-600m-2024-12, and
t33_650M_UR50D.

C.2 Sequence specific LoRA fine-tuning

We extended the single sequence fine-tuning approach originally proposed by [Bushuiev et al.,
2024]. Given a sequence input, the protein language model (pLM) is fine-tuned using a masked
language modeling (MLM) objective, in which random tokens are masked and predicted. Formally,
the MLM loss is defined as:
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where = denotes the input sequence tokens, M the set of masked positions, and 6 the model param-
eters. Optimization is carried out with stochastic gradient descent (SGD) using zero momentum and
weight decay.

To implement this adaptation efficiently on large pLMs, we use Low-Rank Adaptation (LoRA) [Hu
et al., 2021], fine-tuning only the weights of the Linear layers within the Multi-Head Attention
modules. Specifically, the weight matrix update is:

W' =W + AW, AW = BA

where W are frozen pre-trained weights, and A € R™*¢ B € R*" are trainable low-rank matrices
with rank » = 4 and scaling factor o = 32.

Following prior work [Bikias et al., 2025], we also explored selective layer-wise fine-tuning by fine-
tuning only a proportion of LoRA layers. Denoting the full parameter set as O, selective tuning can
be expressed as:

Gtrain g )

where O,y corresponds to the subset of layers chosen (25%, 50%, 75%, or 100%).

All fine-tuning work was implemented using a custom codebase. The fine-tuning pipeline is avail-
able at https://github.com/haddocking/Finetune-Ab. The speed of fine-tuning is very fast, but it
varies depends on factors such as the sequence length, the size of the ESM model, the percentage
of LoRA layers fine-tuned, and the number of training epochs. For example, on our local cluster
equipped with NVIDIA RTX A6000 Ada GPUs, fine-tuning a sequence of 113 residues with the
esm2_t33_650M_UR50D model for 10 epochs took 1.14 seconds.

C.3 Perplexity Calculation

Perplexity in protein language models provides a measure of how well the model understands the
amino acid sequence. It ranges from 1 to infinity, with lower values indicating better understanding,
and reflects the model’s average ability to predict residues at each position in a sequence. We have
adopted the definition of perplexity from [Bushuiev et al., 2024]:

Ed
, 1
Perplexity(x) = exp <x| Z —logp(w; | x\i)) (D
i=1

where || is the length of the protein sequence, and p(x; | ;) is the probability that the model
correctly predicts the residue z; at position ¢ when it is masked.

D Application 1: Antibody structure prediction

D.1 Dataset: SAbDab structure dataset

Antibody structure prediction remains a challenging problem in computational biology, especially
for CDR regions. This task aims to evaluate whether the proposed fine-tuning scheme can produce
improved embeddings that better capture structural signals and lead to better structure predictions.
To construct the dataset for our antibody structure prediction task, we downloaded the full SAbDab
database [Dunbar et al., 2014](April 2025 release). We then applied the following filters: (1) X-ray
crystal structure with resolution better than 3.5A, (2) all CDR loops should contain more than two
residues, (3) 100% similarity filtering on the CDR sequence, such that when multiple antibodies
have identical CDR sequences, only one structure is kept, (4) The structures should have been re-
leased after May 2020. After applying these filters, the final benchmark set consists of 729 antibody
structures.
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D.1.1 Method: Fine-tuning ESMFold for improved structure prediction

We used a local version of ESMFold (ESMFold_v1) to predict the antibody 3D structures and com-
puted the RMSD between the predicted and experimentally conformations, focusing on the frame-
work regions and the six CDR loops.

In the fine-tuning pipeline, we first extracted the antibody sequences from our benchmark dataset.
For each antibody, the heavy and light chain sequences were concatenated using a 25-residue polyg-
lycine linker, following the strategy employed by ESMFold for predicting complexes. The resulting
full-length sequences were then used as inputs for fine-tuning. We focused our fine-tuning efforts
on the protein language model esm2_t36_3B_UR50D, which serves as the backbone language model
of ESMFold (v1). Unlike the fine-tuning strategy that focuses on the Folding Trunk [Zhang et al.,
2025], we fine-tuned only the linear layers within the Multi-Head Attention modules of ESM-2,
while keeping all weights in the Folding Trunk Module completely frozen. We evaluated four fine-
tuning scenarios: 25%, 50%, 75%, and 100% of the Multi-Head Attention layers, respectively. Each
sequence in our dataset was fine-tuned for 20 steps, saving the updated embeddings and the corre-
sponding antibody structure predicted by ESMFold after each step. The linker was then removed,
and RMSD values for each region were calculated. In the final results, we report the best RMSD
observed over the 20 fine-tuning steps.

E Application 2: Zero-shot prediction of beneficial mutations

E.1 Dataset: Antibody Point Mutation Dataset

Our dataset consists of 47 antibody—antigen complexes drawn from three sources: SKEMPIV2
[Jankauskaité et al., 2019, Moal and Fernandez-Recio, 2012], AB-Bind[Sirin et al., 2016], and
AbDesign [Janusz et al., 2025]. Our final dataset contains a total of 1303 point mutations with
experimentally measured AAG values, including 49.4% affnity-improving mutations and 50.5%
neutral or detrimental mutations.

The AAG values are reported in two formats: either directly as the change in binding free energy
(AAG) after mutation, or as the ratio of ELISA affinity between the wild-type and mutant. A
positive or zero AAG, or a ratio greater than or equal to 1, indicates weaker binding, and such
mutations were labeled 0 in our dataset. We treated the prediction task as binary: mutations predicted
to improve binding were labeled 1 (beneficial), and all others were labeled O (non-beneficial).

E.2 Method: Fine-tune ESM Logits for Improved Prediction of beneficial mutations

For both the baseline and fine-tuned ESM models, we use logits as predictors of amino acid prob-
abilities to assess the impact of mutations. Given a protein sequence with a mutation at position ¢,
the residue at that position is masked and passed through the model. The resulting logits are then
normalized into a probability distribution using the softmax function:

exp(l;)
Pi = =20
Zj:l exp(;)

P($i=a|x\i):2€0Xp(A

o2 exp(l;[b])

where /;[a] denotes the logit corresponding to amino acid a at position 4, and \; represents the
sequence with position ¢+ masked. From this distribution, we extract the probabilities corresponding
to the wild-type (Pwr) and mutant (Pyur) residues. If Pyt < PyuT, the mutation is considered
beneficial for binding and labeled as 1; otherwise, it is labeled as 0.

We fine-tuned four ESM model variants: t6_8M_UR50, t12_35M_UR50D, t30_150M_UR50D, and
t33_650M_UR50D. Each model was fine-tuned using LoRA at four different layer percentages:
25%, 50%, 75%, and 100%, resulting in 16 fine-tuning configurations. For each wild-type anti-
body—antigen complex in the benchmark, the antibody heavy chain, light chain, and antigen se-
quences were concatenated into a single joint sequence as input.
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For every antibody-antigen complex, mutation effects were first predicted using the pre-trained base-
line models (ESM models without fine-tuning) and evaluated using accuracy, precision, recall, and
F1 score. The results were then averaged across all complexes. All ESM models were then fine-
tuned for 50 steps on every wild-type sequences, and predictions were re-evaluated with the same
metrics. The best-performing LoRA layer percentage for each ESM model is reported in Appendix
Figure 1.

For comparison with external methods, three single-sequence protein language models (pLMs)
were evaluated using the procedure described above. For AbLang2 and AntiBERTy, the input se-
quences consist of combined heavy and light chains of the antibody, without the antigen. For MSA-
based transformers, paired MSAs for the antibody—antigen complex were generated using MMseqs2
[Steinegger and Soding, 2017], following the approach described in MSA Pairformer [Akiyama
et al., 2025]. The masked MSAs were then processed in the same manner as single-sequence inputs
for prediction. We ran RDE-PPI [Luo et al., 2024] with default settings and used the pdbs_aligned
structures prepared by Janusz et al. [Janusz et al., 2025] as inputs for wild-type protein structures.

F Application 3: Binding Affinity Prediction

F.1 Dataset: Observed Antibody Space (OAS) dataset

The OAS database contains annotated large-scale immune repertoires, encompassing over one bil-
lion sequences across diverse immune states in both human and mouse subjects [Olsen et al., 2022a].
To estimate the binding affinity, we use sequence redundancy as a proxy as in previous works [Wang
et al., 2024, Hossain et al., 2025]. Antibodies that bind strongly to their targets are preferentially
selected and clonally expanded, resulting in their sequences being observed more frequently in the
repertoire.

To train and evaluate our binding affinity predictors, we downloaded and processed all paired se-
quences following the detailed protocol described in AntiFormer [Wang et al., 2024]. Our final
dataset comprised 1,476,057 paired antibody heavy and light sequences, each assigned a label of 1
or 0, with 15.7% labelled as 1 (high-affinity) and 84.3% labelled as 0 (low-affinity). The dataset was
randomly partitioned into five subsets for 5-fold cross-validation.

F.2 Method: Fine-tuned Embeddings for Improved Prediction of Binding Affinity

We used ESM-2 embeddings from the model esm2_t33_650M_UR50 as features for each antibody
pair (heavy and light chains). Sequence-level representations were obtained by averaging across the
embedding dimension. This model was chosen as it provides a practical balance between computa-
tional efficiency and performance. The averaged embeddings were then padded to the length of the
longest chain in the dataset.

We developed BindFormer, a lightweight dual-chain classifier for binding affinity prediction. Each
chain was independently encoded using a rotary multi-head self-attention (RoPE-MHA) module [Su
etal., 2023], which captures contextual dependencies while encoding relative positional information.
The representations were reduced to fixed-length embeddings via attention pooling. The heavy- and
light-chain embeddings were then concatenated and passed through a MLP classification head to
generate the final prediction. The model architecture and training details are described below.

As a baseline, each fold was trained for 75 epochs using embeddings directly from ESM-2 without
any additional fine-tuning. Final performance metrics were averaged across the five folds as in
AntiFormer [Wang et al., 2024].

Given the computational cost of full fine-tuning, we adopted a partial fine-tuning strategy. Se-
quences were ranked by perplexity, and only the top-ranked sequences were fine-tuned. Because
sequences in this dataset generally have higher starting perplexity, fine-tuning was extended to 50
steps. Based on prior experience with larger ESM models, 50% of the LoRA layers were fine-tuned,
which was previously found to yield optimal performance. The model was then retrained using
the fine-tuned embeddings. Fine-tuning was performed on the top 0.1% and 1% of sequences to
evaluate performance gains as well as a random 1% subset. Performances of other related methods
(AntiFormer, AntiBERTy, LlamaAffinity) were taken from previous publications [Wang et al., 2024,
Hossain et al., 2025].
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F.3 Training and model details of BindFormer

Our BindFormer architecture models antibody heavy and light chain sequences using a dual-chain
transformer-based encoder. Each chain is first embedded with ESM-2 (with default or fine-tuned
weights) and then projected to a higher-dimensional space (dqttn, = 128) via a linear layer. Se-
quential signals within each chain are captured using Rotary Multi-Head Attention (RoPE) with 4
attention heads. The attention outputs are then refined through a two-layer SiLU MLP with residual
connections. A learned attention pooling module aggregates per-residue representations into a sin-
gle vector for each chain. Finally, embeddings from the heavy and light chains are concatenated and
passed through a three-layer fully connected classifier with ReLU activations, Batch Normalization,
and dropout (dropout = 0.2) for final classification output.

All models were trained for 75 epochs on a single NVIDIA RTX A6000 Ada GPU. We used the
AdamW optimizer with a learning rate of 1 x 10~*, weight decay of 1 x 10~%, and a batch size of
128, along with a Cosine Annealing learning rate scheduler and cross-entropy loss.
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