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Abstract—Prediction of neutralization antibodies is important
for the development of effective vaccines and antibody-based
therapeutics. Traditional methods rely on features based on first
principles derived from the binding interface. However, they are
burdened by arduous data preprocessing from a limited quantity
of protein structures. In comparison, deep learning allows auto-
matic substructure characterization and representation without
hand-crafted feature engineering. In particular, large language
models (LLMs) based method predicts neutralization using Fv
sequences of antibody and antigen. Despite LLM’s success,
incorporating full-length Fv sequences suffers from: 1) inaccurate
sequence-level labels in existing datasets, 2) inefficient modeling
due to noisy non-contributing motifs, and 3) ignorance of non-
bonded interactions that play a key role in facilitating epitope-
paratope pairing. In this paper, we propose a novel approach that
incorporates only the paratope and epitope for antibody-antigen
neutralization prediction while adopting a novel set modeling that
regards the paratope and epitope as bags of residues. Specifically,
we hand-crafted a dataset containing neutralizing paratope-
epitope pairs where epitopes are potentially generalizable to
future unseen variants of SARS-CoV-2. Training on such a
dataset enables deep learning models to predict neutralizing
antibodies for prospective mutated variants of SARS-CoV-2,
meanwhile addressing the problem of inaccurate sequence-level
labels. A higher modeling efficiency is also achieved by disre-
garding non-contributing motifs. Furthermore, we also propose
paratope-epitope set interaction (PESI), a set modeling model
inspired by first principles that learns intra-inter non-covalent
interactions through a global attention mechanism. To validate
PESI, we perform a 10-fold cross-validation on our dataset.
Experimental results show that PESI achieves a more balanced
overall performance and a significant improvement on MCC as
compared to existing architectures.

Index Terms—SARS-CoV-2, paratope-epitope interaction, set
modeling, deep learning, Transformer

I. INTRODUCTION

Antibodies are a class of proteins that the immune system
produces to fight invading pathogens [14], [17], [28]. The Fv
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region is the variable domain of antibody sequences. It accom-
modates paratope, the binding surface of the antibody, which
primarily comprises six variable loops called complementarity-
determining region (CDR). The CDR loops exhibit significant
diversity, enabling antibodies to bind a wide range of targets
effectively. Neutralizing antibodies could recognize and attach
to intrusive viruses, and effectively prevent viral infection
[7], [33], [34]. Compared to molecular drugs, antibody-based
therapy presents fewer adverse effects, thus they have been
used as the primary category of newly developed medications
in recent years [26]. As a result, the identification of antibody-
antigen neutralization is critical in the development of antibody
therapies. However, it remains to be a major challenge in
both immunology and antibody-based therapies [1]. To pre-
dict antibody-antigen neutralization, numerous non-covalent
interactions (NCI) such as hydrogen bonds, van der Waals’
forces, and electrostatic attractions between antigen and amino
acid residues present at the binding site [18], [42], remain the
fundamental factor. While van der Walls’ forces are short-
range, electrostatic interactions are long-range, which makes
it more complicated to model antibody-antigen interactions.

Traditional methods focus on the interface of the antibody-
antigen complex, and hand-made characteristics, such as
area-based features [30], [36], [48] and interaction-based
features [4], [8], [47] dependent on structural information,
are the main basis of decision-making. However, such first-
principle-induced methods are burdened by laborious data
pre-processing such as the extraction of amino acid physico-
chemical and polypeptide geometric properties from a limited
quantity of structural data. As such, a bottleneck is observed
due to the limited quality of structural data and the need
for hand-engineering specific structure-derived features at the
residue or atomic level, involving domain expertise. Besides,
the intricate features are mostly based on interactions between
paratope and epitope, i.e., the respective binding sites on
antibody and antigen that form antibody-antigen interface,
which further intensifies cumbersome pre-processing steps.

Consequently, deep learning methods are proposed to learn
protein substructures or representations from existing massive



Fv sequence data, without the need for hand-crafted feature
engineering. One prominent example would be large language
models (LLMs). As such, recent studies focus on pre-trained
antibody language models (PALMs) [45], because language
modeling in deep learning naturally aligns with modeling
protein sequences since amino acid representations of proteins
share the same symbols as natural language. This allows
unified methodologies in tokenization and representation in
language and protein modeling. Besides, scaling language
models with massive amino acid sequences also derives
structural knowledge based on merely sequence inputs [3],
[11], [39], which also demonstrates its capacity in modeling
protein sequences. For this reason, multiple PALMs [23], [32],
[45] have been proposed to model sequence-related antibody
tasks. As opposed to traditional methods, PALMs utilize
massive antibody sequences in existing databases to learn
residue imputation through masking and predicting a subpart
of the sequence. This context understanding allows PALMs
to capture the relations between residues and encode them
into embeddings for representations. The foundation model
trained on general and massive datasets is then transferred to
downstream tasks such as paratope prediction [23], [45].

However, the inaccurate sequence-level label in existing
datasets such as OAS [31] curtails the credibility of the
trained LLMs [45], because virus binding can only be at-
tributed to a small fraction of antibodies from SARS-CoV-
2 patients. Therefore, it is difficult to obtain trustworthy
machine learning (ML) models at sequence-level due to the
undependable individual-level labels with noise. In addition,
since only a small portion of residues (those on CDR) in
the Fv region is involved in binding interaction, the noisy
non-contributing residues may bring up spurious features and
impair the generalization capacity of predictive models. This
indicates that ML model trained on full-length Fv sequences
could make predictions based on non-contributing residues.
Although sometimes correct decisions can be achieved, the
correlations between labels and extracted features are not
causally related. Instead, the prediction should be ideally
driven by features of residues involved in paratope-epitope
binding (termed as contributing motifs). Furthermore, the
LLMs are also incapable of capturing antibody-antigen inter-
actions which is the key factor that directly determines bind-
ing. In [45], a sequence-level classifier to predict SARS-CoV-
2 antibody is trained based on noisy individual-level labels.
Highly-ranked sequences are compared with truly binding
sequences in Coronavirus Antibody Database (CoV-AbDab)
[37], where sequences above a pre-set identity threshold are
accepted as binding antibody. This solution suffers from: 1)
compositional similarity between sequences doesn’t guarantee
functional similarity, and 2) interactions between antibody
and antigen are ignored since this is the critical element for
antibody-antigen binding.

In this paper, we propose a new approach for the prediction
of antibody-antigen neutralization of SARS-CoV-2. Inspired
by recent advances in identifying SARS-CoV-2 epitopes which
can be potentially extended to predict epitopes of other viruses

[43], we propose to tackle the aforementioned problems by
introducing a new dataset and a novel model. Following
methodologies in [43], a dataset containing paratope-epitope
pairs that are potentially generalizable to unseen mutated
variants of SARS-CoV-2 is curated based on CoV-AbDab
dataset [37]. The handcrafted dataset provides accurate la-
bels as compared to noisy sequence-level labels in OAS
database [31]. We directly adopt paratope-epitope pairs as
input and thus eliminate noise of non-contributing motifs,
achieving higher modeling efficiency. Furthermore, we notice
the difference between predicting neutralization based on
antibody-antigen sequences and the paratope-epitope pairs,
and propose a set modeling approach with the paratope-epitope
set interaction (PESI). While traditional methods focus on
local regional features and sequential/positional information
as extracted by Convolutional Neural Networks (CNNs) and
Recurrent Neural Networks (RNNs), set modeling regards
paratope and epitope as two collections (or sets) of residues
with intra-inter interactions between set elements (as shown in
Figure 1). Based on permutation invariant modules proposed
in [22], PESI can capture non-covalent interactions through
considering relations between any two residues with global
attention. To further capture paratope-epitope interactions, we
also introduce a co-attention module [25] to weight bilateral
residue representations. Compared with the previous state-of-
the-art architectures, PESI achieves a more balanced perfor-
mance and greatly improves performance on MCC that is more
rigorous [10]. In order to scale up PESI with massive data,
we introduce masked pre-training to learn prior knowledge on
paired heavy-light antibody sequences from the OAS database
[31]. Pre-trained PESI achieves better performance than its
non-pre-trained counterpart on our newly proposed dataset.
Our ablation study in Fig. II demonstrates the contributions
of set modeling and co-attention. While pre-trained PESI has
a balanced performance among all metrics, a degradation
is observed when replacing set modeling with traditional
methods or deleting co-attention.

Our main contributions are summarized as follows:

● We propose a novel approach for antibody-antigen neu-
tralization prediction that can: 1) benefit from accurate la-
bels to potentially provide generalizable predictive results
based on our newly proposed dataset, 2) improve model-
ing efficiency by disregarding non-contributing residues,
3) capture inter-intra non-bonded interactions through set
modeling with attention mechanism.

● We propose to inject reasonable inductive bias using
set modeling. A Set Transformer based model, PESI, is
proposed to capture residue interactions. A co-attention
module is also introduced to extract features for paratope-
epitope interaction.

● We propose a masking-based pre-training technique that
enables PESI to achieve greater performance by learning
imputations on massive Fv sequence data in a self-
supervised manner.



Fig. 1. Modeling and Network Architecture of Paratope-Epitope Set Interaction (PESI). (a) Set modeling approach in comparison with traditional frame
modeling and sequence modeling. Set modeling regards paratope and epitope as two collections of residue sets, and considers non-bonded interactions as
inter-intra interactions between set elements. (b) The Network Architecture of PESI. A pseudo-Siamese encoder-decoder architecture is designed. Permutation
invariant modules proposed in [22] capture intra-relations within two residue sets. A co-attention module is proposed to capture inter-relations for paratope-
epitope interactions. ISAB, Co-Attention, PMA, SAB are proposed attention modules to constitute PESI, which we shall introduce in Section II-D.

II. MATERIALS AND METHODS

A. Paratope-Epitope Interactions

The prediction of antibody-antigen binding is pivotal in
immunology. Antibody specificity is regulated by a repertoire
of paratope-epitope non-covalent interactions, forming a motif
vocabulary that plays a key role in this process [1]. In [1], a
group of these motifs, which form a commonly shared vo-
cabulary of paratope-epitope interactions, has been identified
in a set of non-redundant antibody-antigen structures. The
vocabulary is compact, consisting of fewer than 104 motifs,
and different from non-immune protein-protein interactions.
Furthermore, it also mediates oligo- and polyreactive interac-
tions between paratope-epitope pairs.

Inspired by [1], we suppose that current studies employing
the whole Fv region for antibody-antigen binding prediction
may suffer from noisy non-interacting residues, which results
in spurious correlation. Paratopes have frequently been ob-
served to be situated mainly in the CDRs, although not com-
pletely limited to them [20], and therefore a common approach
is to include the entire Fv region as input for the prediction of
binding. However, this may introduce a spurious correlation
as only a small part of amino acids, i.e., interaction motifs,
contribute to binding specificity. As a result, ML models
could make decisions based on background noise introduced
by non-contributing residues rather than motif interaction
features. Such erroneous associations can be severely observed
particularly when the training set is small, as the ML model
fails to capture the interaction motifs accurately. Therefore,
we propose including only the paratopes and epitopes for the

prediction of binding in order to purify the inputs, because
the essential scheme of binding is dependent on interaction
motifs.

Recent advances in understanding SARS-CoV-2 also moti-
vate us to employ paratope-epitope based model for antibody-
antigen interaction. In [43], the authors have identified nine
epitope sites on the surface of the SARS-CoV-2 Spike protein
(S protein) that are accessible to antibodies and unencumbered
by the glycan shield. The study combines atomistic modeling,
multi-microsecond molecular dynamics (MD) simulations, and
various bioinformatics analysis methods to predict epitope
sites. The methodology is validated through recovering five
epitopes that overlap with experimentally characterized epi-
topes, and the identified epitopes could serve as starting points
for developing stable immunogenic constructs that can elicit
antibody production. It can be extended to predict epitopes
for other viral proteins, with the goal of producing a vaccine
that guarantees broad protection against multiple members
of this virus family. Therefore, a manually curated paratope-
epitope dataset was derived from the CoV-AbDab [37] using
the delineated epitope sites of [43].

B. Dataset and Problem Formulation

Based on CoV-AbDab [37] (accessed on 14 June 2022), we
filtered out 328 structures with 4-letter PDB codes in order to
identify epitope-paratope pairs. Comprehensive epitope maps
are constructed for the SARS-CoV-2 [21], [43], and nine
epitope candidate sites were identified by Sikora et al., [43] by
constructing a detailed map of the S protein using MD studies



and glycan pattern characterization. Following the same num-
bering and delineated epitope sites as in [43], we mapped the
epitope residues onto the full 3D structure of the SARS-CoV2
S protein (PDB code 7VXF) [46]. We align the epitope sites
against the reference strain sequence hCoV - 19/Wuhan/W
IV 04/2019 (WI04) provided by the GISAID database [38]
with an accession number EPI ISL 402124. (WI04). Table
S1 in Supplementary Material * shows the epitope sites’
residue positions and their corresponding sequence in WI04.
We curated our dataset based on the visualization of antibody-
antigen complexes using PyMOL [40]. We directly concate-
nate the CDR fragments for the paratope residues and the nine
epitope sites for the epitope residues In total, 310 paratope-
epitope pairs are obtained, among which 228 sequence pairs
are neutralizing (labeled as 1) while the remaining 82 samples
are non-neutralizing (labeled as 0).

Our approach of delineating epitope-paratope pairs is a
merger of linear and conformational epitopes and can be con-
sidered as interpolated epitope and paratope pairs, respectively.
An advantage of our approach is that it detects neutralization
from epitope or paratope sequences alone. Thereby, it could
be suitable for practical applications in rapid, high-throughput
in-silico identification from a large list of candidate epitopes or
paratopes, such as based on motif-scans of antibody repertoires
in the initial stages. It can be complementary with later
pipelines of extensive modeling to assess antibody binding
affinity such as in those required by scaffolding onto frame-
work regions, structure re-construction, etc.

Neutralizing antibody prediction is formulated as a binary
classification in our proposed dataset containing paratope-
epitope pairs {p(i), e(i), y(i)}Ni=1 where p(i) and e(i) indicate
the i− th paired paratope and epitope residue strings, respec-
tively. The embedding layer projects the two sets of residues
to Rpara,Repi ∈ RN×L×d, where N is the number of samples,
L is the maximum number of residues, and d is the dimension
of the representation of the residues. We aim at predicting the
label Y = {y(i)}Ni=1 where y(i) indicates whether the paratope
p(i) can neutralize epitope e(i).

C. Set Modeling

Paratope and epitope inputs are strings of amino acids.
Traditional methods usually adopt two intuitive approaches
for string feature extraction which we term as frame modeling
and sequence modeling. Frame modeling treats a string as nu-
merous overlapped windows (or frames) where each window
contains several contiguous tokens. An example is the n-gram
model [6] that separates a sentence by overlapping its n-length
sub-parts †. In comparison, sequence modeling regards a string
as a permutation of tokens and takes the order and position
into account. We consider RNN-based or Transformer-based
models as two different instances of sequence modeling.

The set of assumptions that ML models make to deal with
unseen inputs in order to predict outputs are inductive bias.

*https://github.com/ZhangWan-byte/PESI
†For instance, ”AGCTG” is [AGC,GCT,CTG] in 3-gram.

Setting different inductive biases for different scenarios has
spawned a variety of ML models. Although frame modeling
and sequence modeling correspond to two different perspec-
tives of inductive bias towards sequences, we argue that both
modeling approaches are biased to be applied to the paratope-
epitope dataset.

For frame modeling, it is reasonable to extract features on
local and contiguous amino acid frames. The assumption made
is that neighboring amino acids may together form interaction
motifs that provide strong binding specificity. CNNs are often
utilized as a result. However, it only considers local relations
through convolutional kernels while omits global information.
Frame modeling focuses on string-based local features but
neglects structural information. An example is two sequen-
tially distant but spatially neighboring residues synergistically
contribute to specificity, but no correlation feature is calculated
based on frame modeling.

For sequence modeling, it is intuitive to accept sequential
tokens as inputs in a recurrent node and extract position fea-
tures. However, we notice that this may suffer from spurious
correlation especially when data is limited, because the order
of residue segments is not the determining factor for paratope-
epitope binding. Therefore, although the learned patterns for
relative orders of residues can give out correct predictions,
it doesn’t make decisions (purely) based on capturing correct
interaction motif features as no mechanism forces it to do so.
Thus, it’s limited by insufficient inductive bias.

Therefore, we propose set modeling as a more natural fit
where limited inductive biases are disregarded. Specifically,
paratope and epitope are modeled as two collections of
residues with inter-intra interactions. The binding specificity
is determined by interaction motifs composed of residues as
set elements. To learn residue interactions, the global relation
feature is first captured within the two sets. Then, the interac-
tions between paratope and epitope are explicitly considered
by focusing on every pair of elements in two sets. In this
way, both intra-peptide relations (within epitope or paratope,
respectively) and inter-peptide relations (i.e. between epitope
and paratope) are attended. Besides, spurious correlation is less
likely to dominate decision basis, because ML model is forced
to predict neutralization by learning the interaction features
from motifs located in epitope-paratope peptide pairs alone.

D. PESI

In this section, we introduce the modules employed to
constitute PESI whose overall architecture is shown in Figure
1. We start from introducing the set encoding modules pro-
posed in [22], i.e., ISAB, PMA, and SAB. Then, we further
introduce the co-attention module [25] to facilitate paratope-
epitope interactions.

Attention: We first introduce dot product attention and
Multi-Head Attention (MHA) proposed in [44]. Given input
queries Q ∈ Rn×dq , keys K ∈ Rn×dk , and values V ∈ Rn×dv

where n is number of tokens and dq, dk are the dimension of
keys and values, the Attention and Multi-Head Attention are
defined as in Equation 1 and 2, respectively,



TABLE I
PERFORMANCE OF PESI AND BASELINES

Model Acc F1 ROC-AUC G-mean MCC
BiLSTM 0.7301 ± 0.0106 0.8382 ± 0.0080 0.5054 ± 0.0565 0.0294 ± 0.0416 -0.0015 ± 0.0347
TextCNN 0.7269 ± 0.0076 0.8379 ± 0.0044 0.5889 ± 0.0522 0.0136 ± 0.0192 0.0011 ± 0.0277
MasonsCNN 0.7323 ± 0.0046 0.8410 ± 0.0026 0.5693 ± 0.0339 0.0000 ± 0.0000 -0.0046 ± 0.0065
Ag-Fast-Parapred 0.7204 ± 0.0445 0.8190 ± 0.0329 0.6259 ± 0.0679 0.2824 ± 0.1304 0.0815 ± 0.1490
PIPR 0.7355 ± 0.0000 0.8414 ± 0.0020 0.6962 ± 0.0587 0.0140 ± 0.0198 0.0016 ± 0.0022
ResPPI 0.7258 ± 0.0240 0.8174 ± 0.0315 0.6082 ± 0.0695 0.1562 ± 0.1629 0.0621 ± 0.1353
PESI 0.7172 ± 0.0320 0.8246 ± 0.0230 0.6276 ± 0.0693 0.2347 ± 0.1931 0.1166 ± 0.1027
PESI+ 0.7419 ± 0.0174 0.8404 ± 0.0117 0.6314 ± 0.0692 0.2154 ± 0.1200 0.1244 ± 0.0946

Note: PESI+ is mask pre-trained PESI on OAS.

Attn(Q,K,V ) = softmax(QKT

√
dk

V ) (1)

MHA(Q,K,V ) = Concat(h1, h2, ..., hn)WO (2)

where hi = Attn(QWQ
i ,KWK

i , V WV
i ) and WQ

i , WK
i ,

WV
i are learnable matrices projecting original inputs to an-

other vector space for stronger representation capacity.
MAB: Given input matrices X,Y ∈ Rn×d of two d-

dimensional vector sets, the Multi-Head Block (MAB) is
defined in Equation 3.

MAB(X,Y ) = LayerNorm(H + rFF (H)) (3)

where H = LayerNorm(X +MHA(X,Y,Y )). The rFF
is a row-wise feed-forward neural network that operates inde-
pendently and identically on each instance. The LayerNorm
is layer normalization [2].

SAB: Based on MAB, the Set Attention Block (SAB) is
defined as in Equation 4.

SAB(X) =MAB(X,X) (4)

ISAB: To reduce quadratic computational complexity, an
Induced Set Attention Block (ISAB) is proposed, as defined
in Equation 5. An m-dimensional vector I ∈ Rm×d is defined
as a learnable parameter termed as inducing points.

ISABm(X) =MAB(X,H) ∈ Rn×d (5)

where H =MAB(I,X) ∈ Rm×d

PMA: Set modeling requires permutation invariance. It has
been proven for MAB, SAB, and ISAB to fit this property in
[22]. However, a remaining issue is reducing set representation
for final predictions, which incurs the necessity for a pooling
function. Suppose Z ∈ Rn×k is the output matrix of the
set feature. Based on Multi-Head Attention, a learnable seed
center matrix S ∈ Rk×d with k seeds is proposed in [22].
The Pooling by Multi-Head Attention (PMA) is defined in
Equation 6. The output of PMA contains k elements and
therefore enables it to extract internal interactions.

PMAk(Z) =MAB(S, rFF (Z)) (6)

Co-Attention: The interactions between contributing motifs
are utterly important for the prediction of paratope-epitope

binding. As such, we introduce a co-attention module proposed
in [25] to weigh two sets of feature vectors extracted from the
paratope and epitope. Specifically, given two feature vectors
X = {x1, x2, ..., xm} and Y = {y1, y2, ..., yn}, where m and n
are the number of residues in the paratope and epitope, respec-
tively. Then, the residue-level scores between every residue
pair on paratope and epitope, respectively, are computed with
the co-attention module, as defined in Equation 7.

sij = f(xi)Mf(yj) (7)

where the scoring matrix S = [sij] indicates how well
each residue in paratope and epitope interact with each other.
M ∈ Rd×d is the learnable transformation matrix. xi, yj ∈ Rd

are representations of i − th residue of paratope and j − th
residue or epitope, respectively. f(.) is an MLP layer to
project the original residue representation into another space
for transformation. Each row/column of matrix S indicates
the matching score between paratope/epitope residue and
all epitope/paratope residues, the weighted representations
of paratope/epitope representations can be computed by the
matching strength, as defined in Equation 8 and 9.

xi =
1

n
∑
j

sij ∗ xi (8)

yj =
1

m
∑
i

sij ∗ yj (9)

E. Pre-training

To further utilize existing data, we further propose to
introduce a mask pre-training approach to improve PESI per-
formance. The Observed Antibody Space (OAS) [31] collects
antibody sequences from over 80 different studies with over
1 billion sequences. Although it contains noisy sequence-level
labels, we contend that PESI can benefit from learning prior
composition set elements for antibody. As such, we curated
a dataset containing 1,572,406 full-length sequences where
antibody heavy and light chains are natively paired from OAS
on 15 June 2023.

The target is to learn residue imputation based on massive
sequences, behind which the intuition of context learning
allows to capture the statistical patterns and dependencies in
order to encode residue into continuous vector representations.
Specifically, we randomly mask 15% of the residues [13],



among which 80% of them are replaced by the mask token
(such as [MASK]), 10% of them are randomly assigned with
a random token, and the rest 10% remain unchanged. The
training objective is to predict the masked residue given the
75% original residues. A random 10% of OAS paired sequence
dataset is split as a test set. The best model on the test set is
chosen for next-stage fine-tuning where the pre-trained weights
are utilized as initialization for k-fold cross-validation on
our hand-crafted CoV-AbDab dataset. For PESI, we initialize
weights of the embedding layer, paratope encoder, paratope
decoder and co-attention module using pre-trained weights,
and use random initialization for other modules.

F. Baseline Methods

BiLSTM [16], [41] and TextCNN [19] are representative
baselines for sequence and frame modeling. MasonsCNN
[29] is a simple yet experimentally proven architecture in
PPI scenarios through web lab experiments. Ag-Fast-Parapred
[12] is proposed to predict binding sites based on antibody-
antigen pairs. PIPR [9] uses a Siamese architecture with a
deep residual recurrent convolutional neural network to capture
local features and contextualized information that is important
for understanding how protein sequences interact with each
other. ResPPI [27] employs ResNet [15] for feature extraction.

G. Evaluation Metrics

We compare predictive performance using accuracy, F1
score, area under the receiver operating characteristic (ROC-
AUC), geometric mean (G-mean) and Matthews correlation
coefficient (MCC), implemented by Scikit-learn [35] and
Imbalanced-learn [24]. Concerning the imbalanced nature of
our proposed dataset, we highlight the importance of MCC
[10] as imbalance measurements which are defined below:

MCC =
TP ⋅ TN − FP ⋅ FN

√

(TP + FP ) ⋅ (TP + FN) ⋅ (TN + FP ) ⋅ (TN + FN)
(10)

The MCC ranges between -1 and +1, where +1 indicates
a perfect classifier and -1 indicates a completely incorrect
classifier. It generates a high score only when the prediction
yields ideal outcomes across all four entries of the confusion
matrix, i.e., True Positive (TP), True Negative (TN), False
Positive (FP), False Negative (FN), and is therefore robust
to class imbalances. MCC produces a more informative and
truthful score in evaluating binary classifications than the
precision and F1 score [10], which has been widely used as
an evaluation metric in bioinformatics [5]. Therefore, we give
preference to MCC over other metrics.

III. RESULTS

A. Performance Analysis

We conduct 10-fold cross-validation three times on our
proposed dataset. The mean and standard deviation of the
metrics are reported in Table I where the highest scores are
highlighted in bold red and the second highest are bolded.

‡ Pre-trained PESI achieves the highest scores on accuracy
and MCC, and reaches the second highest score on ROC-
AUC, indicating a more balanced performance as compared
to baselines. PESI without pre-training achieves the second
highest G-mean and MCC As compared to PESI, all the
other baselines suffer from lower MCC scores. This is due
to the lower learning efficiency of imperfect inductive bias in
baselines which can be especially impactful when training data
is quantitatively limited. The highest MCC holder aside from
PESI is Ag-Fast-Parapred which has also shown the best result
in terms of G-mean. We believe it benefits from the dilated
convolution for receptive field expansion and the specifically
designed attention mechanism for information fusion. Be-
sides, PIPR is another conspicuous architecture that achieves
the highest F1 score and ROC-AUC while maintaining the
second place in accuracy. We believe PIPR has a relatively
reasonable inductive bias due to its Recurrent CNN (RCNN)
module, as it first extracts low-level frame features with
convolutional kernels and then considers positional relations
between extracted regional features through RNN. Since our
paratope and epitope are concatenated by several segments of
contiguous amino acids, it is reasonable to consider higher-
level positional information of regional features. Although
both Ag-Fast-Parapred and PIPR achieved high MCC scores,
they are great examples of employing reasonable inductive
bias based on the observations towards task-specific data.

B. Ablation Study
We further conducted an ablation study to evaluate our

proposed setting by comparing it with its counterpart that
utilizes a full-length Fv region. Samples without original
Fv sequences are deleted. Leaving all hyper-parameters un-
changed, we further conduct three times of 10-fold cross-
validation whose results are shown in Table II. The best scores
in the traditional sequence setting and our proposed paratope-
epitope setting are bolded, respectively. Ag-Fast-Parapred also
achieves the highest MCC and G-mean in sequence. However,
its accuracy and F1 score are prominently lower than others,
which we attribute to the class imbalance of the dataset. In
contrast, all the other sequence setting models show good
results in these two metrics but low performance measured
by G-mean and MCC, we think they are all affected by the
class imbalance issue. In the paratope-epitope setting, the best
model is pre-trained PESI which achieves the highest scores
in all metrics except for G-mean where the best model is non-
pre-trained PESI.

Comparing the best scores in the two settings, we find
that scores in the sequence setting are all higher than our
setting, aside from MCC. However, there is no single model
that achieves high scores in all metrics. With Set modeling
on paratope-epitope, PESI achieves relatively front-ranking
and balanced performance, particularly on G-mean and MCC.
Besides, most sequence setting models have much lower G-
mean and MCC scores than PESI in the proposed setting.

‡Codes, dataset and model configuration files are publicly available at
https://github.com/ZhangWan-byte/PESI.



TABLE II
ABLATION STUDY ON SEQUENCE SETTING AND CO-ATTENTION.

Setting Model Acc F1 ROC-AUC G-mean MCC

Sequence

BiLSTM 0.7462 ± 0.0000 0.8516 ± 0.0000 0.4659 ± 0.0804 0.0000 ± 0.0000 0.0000 ± 0.0000
TextCNN 0.7474 ± 0.0018 0.8523 ± 0.0009 0.6992 ± 0.0751 0.0118 ± 0.0167 0.0100 ± 0.0141
MasonsCNN 0.7462 ± 0.0000 0.8516 ± 0.0000 0.6661 ± 0.0570 0.0000 ± 0.0000 0.0000 ± 0.0000
Ag-Fast-Parapred 0.6846 ± 0.0669 0.7574 ± 0.0921 0.6506 ± 0.0629 0.3333 ± 0.2290 0.1190 ± 0.1593
PIPR 0.7462 ± 0.0000 0.8494 ± 0.0022 0.7791 ± 0.0596 0.0240 ± 0.0183 0.0022 ± 0.0017
ResPPI 0.7449 ± 0.0091 0.8502 ± 0.0057 0.6906 ± 0.0567 0.0262 ± 0.0371 0.0123 ± 0.0481

Para-Epi

PESI w/o CA 0.7183 ± 0.0360 0.8260 ± 0.0227 0.6143 ± 0.0807 0.2308 ± 0.1307 0.0928 ± 0.1200
PESI+ w/o CA 0.7183 ± 0.0126 0.8307 ± 0.0095 0.5953 ± 0.0536 0.1049 ± 0.0764 0.0316 ± 0.0379
PESI 0.7172 ± 0.0320 0.8246 ± 0.0230 0.6276 ± 0.0693 0.2347 ± 0.1931 0.1166 ± 0.1027
PESI+ 0.7419 ± 0.0174 0.8404 ± 0.0117 0.6314 ± 0.0692 0.2154 ± 0.1200 0.1244 ± 0.0946

Note: Para-Epi indicates set modeling on paratope-epitope pairs.

As such, we contend that traditional modeling approaches
in traditional data organization are prone to suffer from the
class imbalance problem. Such an issue can be alleviated
by including more reasonable inductive bias as in Ag-Fast-
Parapred and PESI.

Furthermore, we compare PESI and its counterpart without
co-attention module (“w/o CA” in Figure II) where the drop
in scores is observed. In particular, PESI has higher ROC-
AUC, G-mean and MCC than PESI w/o CA, and vice versa
for accuracy and F1 score. We reckon co-attention learning
paratope-epitope interaction shows the importance of dealing
with the class imbalance problem. However, PESI+ surpasses
PESI+ w/o CA on all metrics, and PESI w/o CA outperforms
PESI+ w/o CA, which indicates the significant role of co-
attention during both transfer learning and pre-training, since
it is intuitive that paratope and epitope information should not
be learned independently but jointly, and that learning solid
features on the paratope side can help learn its corresponding
features on epitope side §.

IV. CONCLUSION

In this paper, we propose a novel approach for neutralization
antibody prediction. A dataset containing paratope-epitope
pairs where epitopes are potentially generalizable to unseen
variants of SARS-CoV-2 is handcrafted based on the CoV-
AbDab database [37] using the latest advance in epitope iden-
tification [21], [43], [49]. We further observe the limitations of
existing modeling approaches and propose to model paratope
and epitope as two collections of interactive residues, i.e.,
set modeling, as compared to previous frame modeling and
sequence modeling. Based on set modeling, we design PESI,
a Set Transformer [22] based pseudo-Siamese encoder-decoder
model for neutralization prediction. A co-attention module
is also proposed to capture residue inter-relations between
paratope and epitope. We further introduce a mask pre-
training strategy to boost model performance using massive
paired sequences from OAS database [31]. The 10-fold cross-
validation is conducted three times on the proposed dataset.

§We didn’t initialize epitope encoder and decoder using pre-trained
weights.

Experimental results show that PESI achieves a more balanced
performance compared to previous prevailing architectures.

V. FUTURE WORK

Although set modeling indicates a new direction to model
paratope-epitope interactions, we anticipate designing models
by further looking into more reasonable inductive bias. The
co-attention module can be further studied to fully capture
residue interactions, such as under the framework of graph
neural networks which also demonstrates permutation invari-
ance. New challenges may be encountered and tackled such
as over-squashing and graph re-wiring. Furthermore, pre-
training a pseudo-Siamese encoder-decoder model to learn
integrated paratope-epitope relations, potentially from multi-
source datasets, remains an open problem. We look forward
to future endeavors for better pre-training techniques to deal
with the heterogeneity in existing datasets.
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