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Nanobody-antigen molecular recognition underpins nanobody discovery and development, necessitating
accurate determination of binding occurrence, interface residues, and affinity. Current predictors are
architecturally designed for the massive, heterogeneous spectrum of general protein—protein interactions,
diluting the limited, complementarity-determining region (CDR)-dominated nanobody—-antigen interaction
(NAI) data and masking the decisive CDR signal. The scarcity of experimental affinity data precludes direct
regression-based estimation of binding affinity. Here, we present NanoBind, a mechanism-driven deep
learning framework that embeds the CDR-dominated binding pattern within its encoder, enabling robust
prediction of binding occurrence and interface residues from limited NAI data. Constrained by scarce
affinity data, NanoBind generates quantitative affinity ranges for nanobody—antigen pairs without extra
experiments. Systematic benchmarking demonstrates that NanoBind surpasses state-of-the-art methods
inaccuracy and robustness, and interpretability analyses confirm that the model's decisions align with the
CDR-dominated binding mechanism. When million-sequence immune repertoires are screened against
4 antigens, NanoBind reduces candidate nanobodies to fewer than 100 per target. For the severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2) spike receptor-binding domain (RBD)-nanobody F2
complex, NanoBind correctly predicts binding occurrence, matches experimentally validated interface
residues, and generates an affinity range quantitatively supported by molecular dynamics simulations. A
server is available at http://liulab.top/NanoBind/server.
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Introduction

Nanobodies are single-domain antibodies [1] that achieve precise
antigen recognition through 3 hypervariable complementarity-
determining regions (CDRs; Fig. 1A) [2-4]. Because of their small
size [5], high stability [6], and low immunogenicity [7], they have
expanded in diagnostics [8,9], oncology [10], and antiviral ther-
apy [11,12]. Understanding nanobody-antigen molecular recog-
nition underpins clinical discovery and development, necessitating
answers to 3 key questions: Does binding occur? Where does
binding occur? How strong is the binding? Binding occurrence
supports hit identification [13]; interface mapping guides residue-
level nanobody optimization; affinity estimation enables selection
of developable leads [14].

Existing approaches for determining molecular recognition
can be categorized into experimental and computational meth-
ods. Experimental techniques [15-18] such as surface plasmon
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resonance (SPR) [15] and x-ray crystallography [17] accurately
determine occurrence, interface residues, and affinities. However,
these methods are costly and time-consuming, making large-scale
analysis of nanobody-antigen molecular recognition impractical.
Computational approaches such as molecular docking [19] and
all-atom molecular dynamics (MD) [20,21] simulations provide
atomic-level insights, but they depend on high-resolution struc-
tures of both partners [22] and require tremendous computa-
tional resources.

With the advancement of deep learning [23-27], numer-
ous models for protein—protein interactions (PPIs) [28-33],
interface residues [34-39], and aflinity [40-42] prediction
have been developed, enabling large-scale protein-protein
recognition. However, these predictors perform poorly in
nanobody-antigen recognition prediction [43] for 2 reasons.
First, they are trained on large, heterogeneous datasets (Fig. 1B)
that statistically dilute the limited CDR-dominated nanobody-
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Fig. 1. Sequence conservation in nanobodies and the scale of existing datasets for PPls and NAls. (A) Sequence logo showing amino acid frequencies in 10,000 nanobody
sequences randomly sampled from the INDI database [55]. The 3 hypervariable CDRs, particularly CDR3, are highlighted with colored boxes. (B) Data volume comparison of
mainstream PPl and NAI databases. Publicly available NAl datasets are substantially smaller than PPl datasets, with an especially pronounced gap for NAls with experimentally

validated binding affinities.

antigen interaction (NAI) [44] data, masking the decisive CDR
signals [44]. Secondly, their architectures are tuned to broad,
global interaction patterns of general PPIs and therefore fail to
capture the compact, local CDR-dominated binding pattern
underlying nanobody-antigen recognition. In binding predic-
tion, current models such as D-SCRIPT [45], Topsy-Turvy [46],
and PIPR [47] infer interactions by generating whole-chain
contact maps or aggregating global representations, which dilute
the critical signals derived from local CDR loops [48]. In inter-
face residue prediction, existing models such as SCRIBER [49],
ScanNet [50], and MaSIF-site [51] identify only generic, partner-
agnostic surface patches, failing to characterize the complemen-
tarity between specific nanobody-antigen pairs and to localize
the true interface. In affinity prediction, models such as PIPR,
ANTIPASTT [41], and PPA-Pred [42] either model broad inter-
action interfaces through global encoders that obscure local
CDR contributions or are explicitly designed for 2-chain anti-
bodies. Despite recent progress, nanobody-specific models
still under-exploit CDR-dominated binding mechanisms, and
the severe scarcity of affinity data (Fig. 1B) renders precise,
regression-based affinity prediction currently infeasible [52].
DeepNano [53], the first dedicated model, leverages embeddings
from a protein language model and designs a prompt encoder
to focus on binding interfaces, yet its predictive power is still
constrained by the limited NAI data because it does not explicitly
model CDR-dominated binding mechanisms.

Here, we present NanoBind, a mechanism-driven deep learning
framework for comprehensive prediction of nanobody-antigen
molecular recognition. At its core, NanoBind encodes CDR-centric
binding rules through complementary global and local views: The
Global Adaptive Module captures long-range dependencies and
relative spatial positioning between CDRs via rotary positional
embedding, while the Local Adaptive Module extracts short-range
motifs and residue-level patterns within CDRs through a small-
kernel one-dimensional convolutional neural network (1D-CNN).
This architecture explicitly embeds the defining characteristic of
NAIs, CDR-dominated binding recognition, rather than relying
on implicit learning from heterogeneous data, enabling robust
performance under data-limited conditions.

Building on this encoder, NanoBind deploys 5 integrated
submodels that collectively deliver a complete profiling pipe-
line: (a) NanoBind-seq predicts binding occurrence by integrating
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nanobody-antigen co-activation features; (b) NanoBind-site
locates antigen-binding interfaces with nanobody-guided cross-
attention; (c) NanoBind-pro enhances binding prediction by
incorporating predicted interface residues as structural prompts;
(d) NanoBind-pair performs pairwise affinity comparisons between
2 complexes, serving as a standalone tool for relative affinity rank-
ing; and (e) NanoBind-affi estimates affinity ranges by leveraging
NanoBind-pair to compare target complexes against 49 reference
complexes spanning 10> to 10~* M, circumventing the data scar-
city that precludes direct regression. Collectively, these integrated
submodels enable NanoBind to deliver a complete pipeline for
profiling nanobody-antigen molecular recognition.

Comprehensive benchmarking shows that NanoBind sur-
passes state-of-the-art accuracy across all 3 tasks, while interpret-
ability analyses through ablation studies, masking experiments,
and attention visualization confirm that its decisions are mecha-
nistically grounded in CDR-dominated recognition rather than
spurious correlations. On the severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2) spike receptor-binding domain
(RBD)-nanobody F2 complex [Protein Data Bank (PDB):
70AY], NanoBind correctly predicts binding, fully recapitulates
experimentally validated interface residues [54], and yields an
affinity range consistent with MD simulations and close to the
experimental value, illustrating its end-to-end application pipe-
line. Finally, virtual screening against 4 antigens [glutathione
S-transferase (GST), lysozyme, pfVAR2CSA, and PD-L1] dem-
onstrates NanoBind’s ability to enrich true binders from
million-scale libraries to fewer than 100 candidates per tar-
get for experimental prioritization. A user-friendly web server
(http://liulab.top/NanoBind/server) provides immediate access
to all prediction modules.

Results

Overview of NanoBind framework

As shown in Fig. 2A, NanoBind is a unified, mechanism-
driven deep learning framework for predicting nanobody-
antigen molecular recognition from sequences. It embeds the
CDR-dominated binding mechanism within a shared encoder.
Task-specific predictors built on this encoder enable accurate
predictions of binding occurrence, interface residues, and
affinity range.
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Fig. 2. The NanoBind framework. (A) Overview. NanoBind offers a unified framework for nanobody-antigen molecular recognition. It utilizes a shared NanoBind Encoder to
extract features from nanobodies and antigens, enabling systematic prediction of binding, interface residues, relative affinity, and affinity ranges. (B) Encoder architecture.
For an input amino acid sequence, the NanoBind Encoder first generates residue-level embeddings using ESM-2. Subsequently, the Global Adaptive Module [rotary positional
embedding (RoPE) [56]-enhanced self-attention] captures long-range CDR cooperativity, while the Local Adaptive Module (1D convolution) extracts local patterns specific to
the CDRs. After global average pooling, the 2 feature streams are concatenated to form the NanoBind Encoder Feature (NEF).

Given amino acid sequences of a nanobody and its target anti-
gen, the NanoBind Encoder (Fig. 2B) first generates residue-level
embeddings via ESM-2. A Global Adaptive Module then captures
long-range dependencies and relative positional relationships
between CDRs, while a Local Adaptive Module extracts local
sequence patterns and short-range motifs within CDRs. After
global average pooling, the 2 pathway outputs are concatenated
to form the NanoBind Encoder Feature (NEF), encoding CDR-
dominated binding signatures. Based on these NEFs, NanoBind
deploys several task-specific predictors. NanoBind-seq (Fig. 3A)
employs a Co-Activation Module to generate interaction features
and predict binding probability. NanoBind-site (Fig. 4A) uses a
Cross-Assist Module to extract nanobody-guided features and
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localize antigen-interface residues. NanoBind-pro (Fig. 3B)
incorporates predicted interface residues via an Interface Encoder
to refine NAI prediction. For affinity estimation under scarce
data, NanoBind-pair (Fig. 5A) employs the Co-Activation
Module to compare relative affinity strengths between complexes.
NanoBind-afhi (Fig. 5F) benchmarks the query complex against
references of known affinity via NanoBind-pair and then inte-
grates the scores to determine the most probable affinity range.

Hierarchical architecture of nanobody-antigen

molecular recognition
NanoBind profiles molecular recognition through 3 hierarchi-
cal tiers: binding occurrence (Tier 1), interface localization
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Fig. 3. Overview of NanoBind-seq and NanoBind-pro and their performance in NAI prediction. (A) NanoBind-seq framework for predicting NAls from nanobody and antigen
sequences. (B) NanoBind-pro framework, enhanced with an Interface Encoder to incorporate the binding interface information for NAI prediction. (C to F) Quantitative
comparison of NanoBind-seq and NanoBind-pro against 5 baselines across F1-score, MCC, AUROC, and AUPRC. Bars show mean scores (5 independent runs); black error
bars and scatter points indicate standard deviation and individual run scores. (G and H) Receiver operating characteristic (ROC) and precision-recall (PRC) curves contrasting
NanoBind-seq, NanoBind-pro, and baselines. Solid lines and shaded areas, respectively, represent mean and standard deviation of 5 runs.
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(Tier 2), and affinity estimation (Tier 3). Tier 1 comprises
NanoBind-seq and NanoBind-pro, with the latter incorporating
Tier 2 interface predictions as structural prompts to refine binding
assessment. Tier 2 (NanoBind-site) localizes antigen-interface
residues via nanobody-guided cross-attention. Tier 3 (NanoBind-
affi) estimates affinity ranges by leveraging NanoBind-pair (a dedi-
cated pairwise comparison engine) to benchmark target complexes
against 49 reference complexes, circumventing the data scarcity
that precludes direct regression. The following sections present
each component in sequence, with emphasis on how information
flows between tiers to create an integrated pipeline.

NanoBind-seq enables accurate and robust

NAI prediction
To systematically evaluate the ability of NanoBind-seq (Fig. 3A)
to predict NATs, we trained it on the NAI dataset (1,019 positive
and 10,190 negative pairs) used by DeepNano [53] and tested it
on the independent test set (651 positive and 1,149 negative
pairs) from the sdAb-DB [57] dataset (detailed in Methods). We
benchmarked it against existing NAI predictors (DeepNano-seq
[53], DeepNano, and NABP-LSTM-Att [58]) and 3 leading gen-
eral PPI models (D-SCRIPT [45], Topsy-Turvy [46], and PIPR
[47]), with 5 replicated training sessions on the identical dataset
(parameter settings in Note S1). Due to class imbalance, accuracy
(ACC) offers limited reference. Therefore, we selected area under
the receiver operating characteristic curve (AUROC), area under
the precision-recall curve (AUPRC), F1-score, and Matthews
correlation coefficient (MCC) to assess ranking ability and bal-
anced discrimination. Detailed results are provided in Table 1
and Table S1, while the calculation methods for the evaluation
metrics are described in Notes S2 and S3.

As shown in Fig. 3C to H, NanoBind-seq consistently out-
performed all baselines across 5 runs, achieving higher average
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scores and lower variance in all 4 metrics. General PPI models
(D-SCRIPT, Topsy-Turvy, PIPR) collapsed despite retraining,
yielding near-zero recall, F1-scores (0.000 to 0.004), and MCC
values (—0.01 to 0.00) indistinguishable from random guessing,
highlighting that architectures tuned to large, distributed PPI
interfaces cannot detect highly localized CDR signals under
data-limited NAI conditions. DeepNano achieved AUROC 0.62
+ 0.10, AUPRC 0.61 + 0.08, Fl-score 0.24 + 0.11, and MCC
0.29 +0.09, yet still misclassified most true binders. NanoBind-
seq, built for CDR-dominated recognition, reached AUROC
0.78 + 0.03, AUPRC 0.74 =+ 0.03, F1-score 0.57 + 0.07, and
MCC 0.48 + 0.05, representing relative gains of 25.4%, 20.7%,
133.2%, and 67.3% over DeepNano, thus establishing a new
benchmark for NAI prediction.

NanoBind-site achieves accurate and robust
antigen-interface residue prediction
Following Tier 1 binding prediction, Tier 2 interface localization
identifies where binding occurs. To evaluate NanoBind-site (Fig.
4A) under nanobody-specific conditions, we assessed its perfor-
mance on the SAbDab-nano [59] dataset, a subset of the
Structural Antibody Database [60] (detailed in Methods). Owing
to the limited generalization of general PPI models in NAI field,
only DeepNano-site [53], which targets nanobody-antigen bind-
ing residue prediction, was used for comparison (parameter set-
tings in Note S1). Residue-level interface identification is highly
imbalanced (<30% of interface residues on average [53]), so
F1-score, MCC, AUPRC, and AUROC were used to assess model
performance under imbalance. Both models were evaluated in
5 independent runs with different random seeds.

As shown in Fig. 4B to E, NanoBind-site exhibited higher
accuracy and greater stability than DeepNano-site on both
validation and test sets (detailed in Table 2 and Table S2). On
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represent correct and incorrect predictions.
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Table 1. Performance of NanoBind-seq, NanoBind-pro, and other compared methods on NAI prediction

Method MCC Fl-score AUROC AUPRC
DeepNano-seq 0.212 + 0.125 0.165 + 0.135 0.589 + 0.056 0.547 + 0.079
DeepNano 0.288 + 0.085 0.243 +0.113 0.618 + 0.098 0.613 + 0.076
NABP-LSTM-Att 0.131+ 0.245 0.468 + 0.104 0.537 + 0.208 0.476 + 0.206
D-SCRIPT —0.011 + 0.024 0.001 + 0.001 0.546 + 0.096 0.370 + 0.045
Topsy-Turvy —0.008 + 0.018 0.004 + 0.008 0.504 + 0.094 0.347 +0.045
PIPR 0+ 0.000 0+ 0.000 0.532 +0.103 0.377 + 0.079
NanoBind-seq 0482 + 0.054 0.566 + 0.065 0.775 + 0.025 0.740 + 0.033
NanoBind-pro 0.547 + 0.056 0.616 + 0.049 0.792 + 0.036 0.773 +0.039
Table 2. Performance of NanoBind-site and other compared method in the test set

Method MCC Fl-score AUROC AUPRC
DeepNano-site 0.163 + 0.003 0.219 + 0.007 0.693 + 0.006 0.208 +0.003
NanoBind-site 0.249 + 0.017 0.272 + 0.010 0.705 + 0.007 0.260 + 0.012

the validation set, it improved F1-score from 0.72 to 0.77, MCC
from 0.70 to 0.75, and AUPRC from 0.77 to 0.80. On the test
set, NanoBind-site achieved relative gains of 53.1% in MCC,
25.0% in AUPRC, 24.2% in F1-score, and 1.7% in AUROC.
These consistent improvements demonstrate that NanoBind-
site reliably discriminates true antigen-interface residues under
nanobody-specific conditions.

NanoBind-pro enhances NAI prediction by
incorporating predicted interface residues

Building upon Tier 2 interface predictions, NanoBind-pro incor-
porates predicted binding residues as structural prompts to refine
Tier 1 binding occurrence prediction. Although NanoBind-seq
achieves robust NAI prediction by focusing on nanobody CDR-
dominated signals, it still treats all antigen residues equally, dilut-
ing the contribution of the small but decisive interface residues
[61]. Prior knowledge of these limited interface residues, there-
fore, provides complementary structural cues for more accurate
and physically grounded NAI prediction. To this end, we inte-
grated the antigen-interface residues predicted by NanoBind-site
as prompts into NanoBind-seq through an Interface Encoder,
constructing NanoBind-pro (Fig. 3B). As shown in Fig. 3C to H,
trained and tested on the same dataset, NanoBind-pro improved
over NanoBind-seq by 8.8%, 14.6%, 2.6%, and 4.05% in F1-score,
MCC, AUROC, and AUPRGC, respectively (detailed in Table 1
and Table S1), demonstrating that jointly considering nanobody
CDRs and the binding interface enhances NAI prediction.

NanoBind-affi accurately estimates affinity ranges

under data scarcity

At Tier 3, NanoBind-affi estimates affinity ranges by leveraging
NanoBind-pair to benchmark target complexes against reference
anchors, circumventing the data scarcity that precludes direct
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regression. For affinity estimation, only 185 experimentally anno-
tated nanobody-antigen complexes with dissociation constant
(K,) values were available from SAbDab-nano and relevant
literature (detailed in Note S4). First, all pairwise compari-
sons were generated to train the affinity comparison model
NanoBind-pair (Fig. 5A). Next, 49 complexes with distinct K,
values were selected as a reference set, defining 50 contiguous
affinity ranges (selection criteria in Note S4). We then constructed
NanoBind-affi, which utilizes NanoBind-pair to sequentially com-
pare the target complex against these reference anchors. Through
an interval scoring module, it locates a specific interval among
the 50 ranges as the estimated affinity range of the target (Fig.
5F). To evaluate NanoBind-pair, we constructed 3 test sets with
100%, 50%, and 0% overlap with the training set (detailed in
Methods) and compared against 3 regression-based PPI affinity
predictors (PIPR, PPA-Pred [42], and Area-Affinity), whose pre-
dictions were converted into relative rankings (parameter set-
tings in Note S1). Evaluation metrics included ACC, Precision,
Recall, F1-score, MCC, AUROC, and AUPRC. Furthermore, we
evaluated NanoBind-pair in terms of overfitting, homology, and
generalization by partitioning the datasets according to antigen
sequence identity (detailed in Note S5 and Tables S7 and S8),
and it demonstrates a reliable generalization under strictly non-
homologous conditions without overfitting.

As shown in Fig. 5C to E, NanoBind-pair achieved excellent
performance across all 3 test sets. On the 100% overlap test set,
it attained ACC 0.96, MCC 0.92, Recall 0.97, Precision 0.95, and
F1-score 0.96. Even on the 0% overlap test set, ACC remained
0.70 and Recall 0.72. In contrast, baseline models performed
near-randomly (ACC ~ 50%, MCC = 0; detailed in Tables S3
to S5), demonstrating that architectures tuned to general PPIs
fail to capture nanobody-antigen specificity. To evaluate
NanoBind-affi, we randomly selected 20 complexes from 136
available complexes, ensuring no pairwise overlap with the 49
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reference complexes. As shown in Fig. 5G, 14 ranges were cor-
rect, 5 fell within adjacent bins, and only one spanned 3 bins
with minimal discrepancy (~10™"" M). To exclude potential
anchor-selection bias, we randomly substituted 20% and 40%
of the reference anchors. NanoBind-affi robustly maintained a
cumulative match rate (predicting the exact or adjacent interval)
of 0.97 & 0.03 and 0.95 + 0.05, respectively (Fig. S1). These
results demonstrate that the interval estimation is highly stable
to anchor perturbation. Thus, even under data scarcity,
NanoBind-affi provides accurate affinity range estimates.

NanoBind accurately characterizes molecular
recognition for the nanobody F2-RBD complex
To demonstrate the integrated Tier 1—Tier 2—Tier 3 pipeline
and NanoBind's predictive behavior in a concrete biological
context, we applied NanoBind to the well-characterized SARS-
CoV-2 RBD-nanobody F2 complex (PDB: 70AY), which is a
major target for neutralizing nanobodies. Nanobody F2 binds
RBD (PDB: 70AY) and sterically blocks ACE2 engagement
[62], preventing viral entry (detailed in Note S6). Specifically,
we first used NanoBind-seq and NanoBind-pro to predict the
binding occurrence for the 7OAY complex; both correctly iden-
tified the binding. Upon this positive prediction, we then
applied NanoBind-site to predict the antigen-interface residues,
and NanoBind-affi to estimate the affinity range. Interface pre-
dictions (Fig. 6A) showed high overlap with experimental data.
Twenty of the 22 predicted binding residues were experimen-
tally supported, including L368-A372, F374-T385, P412, Q414,
and D427, encompassing key escape mutation sites such as
Y369H, S371P, F377L, and K378Q/N [54]. Two high-scoring
predictions, V503 and S373, lack direct contact evidence but
are mechanistically plausible (detailed in Note S6).
NanoBind-affi predicted an affinity range of [3.2 x 107",
4.1 % 10_10] M, close to the experimental value of 4 X 107!
M. To further validate this, we performed MD simulations
using CHARMM-GUT and the BFEE3 constrained sampling
protocol, gradually releasing spatial restraints on the ligand
(Fig. 6B; detailed in Fig. S2 and Note S7). The calculated bind-
ing free energy corresponded to K, 3.662 X 107'% M, falling
within our predicted range. This consistency indicates that
NanoBind-affi achieves MD-level precision from sequence
alone at a far lower computational cost.

Screening target nanobodies from a 1 million natural

nanobodies library

Beyond single-complex characterization, NanoBind enables efhi-
cient high-throughput identification of antigen-specific nanobod-
ies from large-scale natural sequence libraries. High-throughput
discovery of antigen-specific nanobodies relies heavily on the
rapid and accurate prioritization of candidates from massive
sequence libraries. To evaluate practical screening utility, we col-
lected 4 target antigens—GST, lysozyme, Plasmodium falciparum
VAR2CSA (pfVAR2CSA), and human programmed death-ligand
1 (PD-L1)—along with their corresponding experimentally veri-
fied binding nanobodies and a background library of 1 million
natural nanobody sequences (detailed in Methods). We employed
NanoBind-seq, NanoBind-pro, DeepNano-seq, and DeepNano
to predict binding probabilities between the million-scale nano-
body library and the target antigens, and subsequently ranked the
candidates based on these predictions. Performance was mea-
sured by the rank of the true binding nanobodies among the
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massive background; a higher ranking (i.e., a smaller rank index)
indicates that substantially less experimental screening is required
to successfully identify at least one true binder.

As shown in Table 3, NanoBind-seq and NanoBind-pro con-
sistently identified true binders at significantly higher ranks
compared to DeepNano-seq and DeepNano. In the lysozyme
antigen screening, following the rankings provided by NanoBind-
seq requires only 434 top-ranked candidates to be experimentally
tested to guarantee the discovery of at least one true binder.
Furthermore, given the high precision demonstrated by the
NanoBind models in the benchmarking tests, we deduce that
undiscovered true binders highly likely exist among the top-
scoring candidates preceding the known binders. By extracting
these top-scoring candidates and taking the intersection of the
predictions from both NanoBind-seq and NanoBind-pro, we
further narrowed down the candidate pool (Fig. 6C). This inter-
section provides a high-confidence prioritized set of nanobody
candidates for future experimental screening (detailed intersect-
ing nanobody sequences are provided in Tables S9 to S12, and
precision validation for the simultaneous use of NanoBind-seq
and NanoBind-pro is detailed in Note S8).

Ablation studies on NanoBind

To systematically evaluate the contribution of each component
to NanoBind, we conducted ablation experiments on NanoBind-
seq, NanoBind-site, and NanoBind-pro by sequentially remov-
ing or replacing individual modules.

First, we replaced the ESM-2 embeddings with one-hot
encoding. As shown in Fig. 7A to C, the average F1-score
dropped by 30.7%, MCC by 92%, AUROC by 53.6%, and
AUPRC by 66.5% (detailed in Tables S13 to S15), indicating
that the rich pretrained knowledge effectively compensates for
the limited diversity of CDR sequences and antigen types in
current datasets, enabling robust generalization that simple one-
hot representations completely fail to achieve. Removing the
Global Adaptive Module caused a comprehensive decline in all
3 models. Replacing RoPE with absolute position encoding
caused a similar decline, demonstrating that relative positional
relationships are crucial for modeling long-range dependencies
and cooperative patterns among CDRs. Removing the Local
Adaptive Module also reduced performance, with F1-score
decreases of 39.5% (NanoBind-seq), 5.7% (NanoBind-site), and
75.7% (NanoBind-pro), highlighting its role in capturing local
motifs essential for prediction. Removing both the Global
Adaptive Module and Local Adaptive Module simultaneously
results in a catastrophic performance drop of 60% and 78% in
Fl-score for NanoBind-seq and NanoBind-pro, respectively,
underscoring that the synergistic integration of both global
cooperative patterns and local motifs of CDR is essential for
capturing the binding profile. We further investigated the effect
of different convolution kernel sizes in this module. As shown
in Fig. 7D, ablation revealed 5 as optimal for predictive perfor-
mance (detailed in Tables S16 to S18).

We next ablated the feature fusion strategy between nano-
bodies and antigens. As illustrated in Fig. 7A and C, replacing
the Hadamard product in the Co-Activation Module with con-
catenation or addition led to a consistent decline in all evalua-
tion metrics for NanoBind-seq and NanoBind-pro (detailed in
Tables S13 and S15). This demonstrates that Hadamard multi-
plication is essential for effective co-activation logic. Finally,
the Cross-Assist Module in NanoBind-site improved all 4 met-
rics by 11.9%, 12.4%, 0.3%, and 10.0%, respectively (Fig. 7B;
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Fig. 6. NanoBind predictions for the nanobody F2-RBD complex (70AY) and screening results. (A) Interface residue visualization. Left, 70AY structure; right, 22 residues
predicted by NanoBind-site with 20 experimentally validated (S373 and V503 circled, unconfirmed). (B) MD simulation workflow. (C) Venn diagram of candidates prioritized
by NanoBind-seq, NanoBind-pro, DeepNano-seq, and DeepNano in million-scale screening against 4 antigens. Overlaps indicate joint predictions.
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Table 3. The rank of the highest-scoring known binder predicted by NanoBind-seq, NanoBind-pro, DeepNano-seq, and DeepNano

The rank of the highest-scoring known binder

Method GST Lysozyme pfVAR2CSA PD-L1
NanoBind-seq 55,260 434 7442 2,829
NanoBind-pro 3,239 35,610 6,765 19,122
DeepNano-seq 91,263 766 96,341 55,574
DeepNano 69,297 112,680 106,039 24,051

detailed in Table S14), proving that partner-specific cross-
attention is vital for interface residue localization.

NanoBind captures nanobody-antigen molecular

recognition mechanisms

To elucidate the inference decision-making process of NanoBind,
we conducted masking experiments [63] and visualization analy-
ses targeting the Global Adaptive Module and Local Adaptive
Module in NanoBind-seq and NanoBind-site, as well as the
Co-Activation Module in NanoBind-seq and the Cross-Assist
Module in NanoBind-site. The results were consistent across all
tested samples. Here, we present a detailed analysis using com-
plex 9ETL as a representative case, with the remaining samples
provided in Figs. S4 to S8.

In the Global Adaptive Module, a Mann-Whitney U test
[64] revealed that the attention weights among CDR residues
were significantly higher than those among non-CDR residues
(Fig. 7Eand H; P = 3.8 X 10”°and 7.2 x 10™°% detailed in Note
S9), demonstrating that the module has learned to prioritize
long-range CDR cooperativity. In the Local Adaptive Module,
CDR residues contribute significantly more to the prediction
score than do non-CDR residues (Fig. 7F and I; P = 4.3 x 10~*
and 5.5 X 107 detailed in Note S9), showing that the module
has learned to focus on local CDR motifs essential for binding.
When either CDR or non-CDR residues were simultaneously
masked across both modules, the impact of CDR masking on
the model's prediction was significantly greater than that
of non-CDR masking (Fig. 7G and J; P=2.0 x 10~ and
2.7 x 107% detailed in Note S9). This demonstrates that the
model's decisions are dependent on CDR information, and
the insensitivity to non-CDR masking further confirms that
the model does not spuriously rely on framework regions.
Regarding the fused features derived from the Hadamard
product in the Co-Activation Module, masking the top 16, 32,
or 64 most activated dimensions significantly affected the
binding probability score more than masking an equivalent
number of random dimensions (Fig. 7K to M; P = 3.1 X 1075,
7.4x 107", and 1.2 x 107"%; detailed in Note S9), indicating
that these dimensions capture the most discriminative interac-
tion features. Furthermore, in the Cross-Assist Module, the
attention weights from binding residues of both nanobody and
antigen were significantly higher than those from nonbinding
residues (Fig. S8A; P = 5.4 X 10 detailed in Note S9), con-
firming that the module attends to true binding interfaces and
captures interaction patterns. Together, these interpretability
results empirically validate that NanoBind does not operate
as a purely black-box statistical fitter, but autonomously aligns
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its internal representations with known molecular recognition
mechanisms.

Discussion

This study introduces NanoBind, a unified, mechanism-driven
framework that hierarchically profiles nanobody-antigen molecu-
lar recognition from binding occurrence to affinity estimation,
with information flowing sequentially across 3 tiers. By embedding
CDR-dominated binding rules into its architecture, NanoBind
bridges the gap between general protein—protein recognition mod-
els and nanobody-specific mechanisms. Through Global and Local
Adaptive Modules for long- and short-range dependencies, and
Cross-Assist and Co-Activation Modules for partner-specific
interface localization and cooperative binding, NanoBind achieves
robust, interpretable, and data-efficient prediction across binding
occurrence, interface residues, and affinity.

A key innovation of this work is the reformulation of affinity
prediction from absolute regression to range estimation via
pairwise comparison of relative strengths, providing a practical
computational route for nanobody potency assessment when
quantitative experimental data are scarce. For the nanobody
F2-RBD complex, NanoBind-afhi prediction aligns with MD
simulations and approximates the experimental affinity, vali-
dating MD-level precision from sequence alone.

Beyond mechanistic fidelity, NanoBind offers practical
advantages in nanobody discovery. Sequence-only inputs and
high computational efficiency enable million-scale screening.
In virtual screening experiments across 4 antigen systems (GST,
lysozyme, pfVAR2CSA, and PD-L1), following NanoBind’s
predicted rankings requires a maximum of only a few thousand
experimental tests to rapidly identify a true binder among mil-
lions of candidates, demonstrating utility as a front-end filter
for experimental pipelines. Furthermore, NanoBind provides
a refined pool of high-confidence predicted candidates for
future experimental prioritization.

Challenges remain for NanoBind. Current NAI datasets are
limited in diversity, constraining model generalization to unseen
antigen classes and precluding rigorous testing on true or near-
binding negative samples. Future work should expand publicly
available data and incorporate structural and mutational infor-
mation. Furthermore, as more experimentally determined K
values become available, we aim to refine the reference set with
denser anchors, thereby improving the precision of the predicted
affinity range and potentially enabling regression-based predic-
tion. Finally, while NanoBind serves as an efficient front-end
filter to rapidly exclude low-affinity candidates, it cannot inde-
pendently pinpoint a clinical nanobody. For comprehensive
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Fig. 7. Ablation study and interpretability analysis of NanoBind. (A to C) Ablation studies for NanoBind-seq (A), NanoBind-site (B), and NanoBind-pro (C). GAM, LAM, CAM, and
GAM&LAM: ablation of the Global Adaptive Module, Local Adaptive Module, Cross-Assist Module, and both the Global Adaptive Module and Local Adaptive Module, respectively;
ABS: absolute position encoding instead of RoPE; one-hot: ESM-2 replaced with one-hot encoding; add/cat: Hadamard product replaced by element-wise addition/concatenation.
(D) Contrast experiment of convolution kernel sizes (k = 3,5,7,9,11). (E to G) Interpretability analysis of NanoBind-seq. (E) Attention weights for CDR (red) versus random (blue)
residues in Global Adaptive Module. (F) Output score changes after masking CDR (red) versus random (blue) residues in Local Adaptive Module. (G) Output score changes after
masking CDR (red) versus random (blue) residues in both Global and Local Adaptive Modules. (H to J) Interpretability analysis of NanoBind-site. (K to M) U test results and
output score changes after masking the top 16 (K), 32 (L), and 64 (M) dimensions with the highest activation values versus random dimensions in the Co-Activation Module.
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clinical development, we recommend integrating NanoBind with
downstream models to evaluate essential developability profiles
alongside affinity (e.g., Seq2Tm [65] for thermal stability and
SSH [66] for hydrophobicity).

In summary, NanoBind establishes a mechanism-driven
paradigm for nanobody-antigen molecular recognition predic-
tion. By unifying biological insight with deep learning, NanoBind
provides a scalable and interpretable foundation for accelerating
nanobody discovery and rational design. A user-friendly web
server powered by NanoBind is available at http://liulab.top/
NanoBind/server (interface details in Figs. S9 and S10).

Methods

Data preparation

Binding prediction dataset

The training and validation sets (comprising 1,019 and 51 positive
samples, respectively) were sourced from the DeepNano study,
with positive samples originally derived from the SAbDab-nano
[59] database (before 2023 January 24). Negative samples for these
sets were generated using the DeepNano cross-mismatching pro-
tocol, where mismatches were permitted only for antigens sharing
<60% sequence identity. A 1:10 positive-to-negative ratio was
maintained, resulting in 11,209 training and 561 validation sam-
ples. Separately, an independent test set constructed by Sardar
et al. [67] was utilized for benchmarking, which consists of 651
positive samples from sdAb-DB [53] and 1,149 negative samples.
These negatives were generated via a stringent mismatching strat-
egy requiring a pairwise antigen edit distance strictly greater than
0.9, as calculated by Clustal Omega [68].

Interface residue prediction dataset

The training and validation sets for interface residue prediction
were collected from DeepNano. Structural information of the
true complexes in the NAI training and validation sets was
initially retrieved from the PDB [69]. Residue pairs between
the antigen and nanobody within 5 A were defined as binding
residues, yielding 1,019 training and 51 validation samples. We
downloaded data from SAbDab-nano from 2023 January 24 to
2025 March 28 and, following the same processing procedure,
obtained 439 samples as the test set.

Binding affinity prediction dataset

The dataset comprises affinity values (K;) for 185 nanobody-
antigen complexes, collected from the SAbDab-nano database
(version dated 2025 March 28) and published literature. Details
of the data collection process are provided in Note S4. For the
NanoBind-pair (100%), all 185 nanobody-antigen complexes
were combined pairwise, and after removing combinations
with identical affinity, 16,976 comparison groups were split
6:2:2 into training/validation/test sets. Through data augmenta-
tion on the training set by swapping the order of the 2 com-
plexes, we finally obtained 20,370, 3,395, and 3,396 groups,
respectively. Due to random splitting at the complex level,
complexes in the test set may have appeared in the training or
validation sets. For the NanoBind-pair (50%), we employed a
2-stage hold-out strategy. First, 19 of the 185 complexes were
held out for validation, and another 19 for test, leaving 147
complexes for training. Subsequently, an additional 18 com-
plexes were sampled from the training pool of 147 and added
to each of the held-out sets, resulting in 37 validation and 37
test complexes. This ensures that 50% of the complexes in the
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test sets are entirely novel to the training and validation sets.
Finally, after exhaustive pairwise combination and subse-
quent filtering of combinations with identical affinity, we
obtained 21,708 training, 665 validation, and 663 test sets. For
the NanoBind-pair (0%), the 185 complexes were first split 6:2:2.
After combination and filtering, this yielded 12,180 training, 666
validation, and 663 test groups. This guarantees that all com-
plexes in the test set are completely unseen during training.

Nanobody screening

We collected 59 experimentally validated anti-GST nanobodies
from a study [70] and 14 anti-lysozyme, 36 anti-pfVAR2CSA,
and 34 anti-PD-L1 nanobodies from the sdAb-DB database.
Corresponding antigen sequences were sourced from the UniProt
[71] database. One million natural nanobody sequences were
randomly sampled as background from the INDI [55] database.

The architecture of NanoBind

NanoBind is a unified framework that employs a shared NanoBind
Encoder and comprises 5 task-specific models: NanoBind-seq and
NanoBind-pro for NAI prediction, NanoBind-site for antigen-
interface residue identification, NanoBind-pair for relative affinity
comparison, and NanoBind-affi for affinity range estimation.

NanoBind encoder
Given a nanobody or antigen amino acid sequence S =

(sp S3» ++» 51 ), where Lis the sequence length and s; denotes the
ith residue, NanoBind first encodes the sequence using the
pretrained protein language model ESM-2. This process gener-
ates residue-level embedding:

H= [y, by, ] € R, (1)

where h; represents the embedding vector of residue s;, d;, is
the hidden dimension of the ESM-2 model, and T represents
the transposition operation. To prevent overfitting and reduce
computational cost, only the last encoder layer of ESM-2 is
fine-tuned, while other layers remain frozen.

Considering that nanobody binding is primarily driven by
CDRs, 2 parallel pathways are designed to encode CDR-specific
information further.

Global Adaptive Module

To capture long-range dependencies and relative positional rela-
tionships between CDRs, we apply a self-attention enhanced with
RoPE. For a residue-level embedding sequence H = [, -+, hy] T

NanoBind Encoder first projects it into query, key, and value
spaces:

Q=HWq,K=HW,V=HWy, )

where W, Wi, Wy, € R%*4 are learnable parameter matrices
and d represents the dimension of the hidden layer.

RoPE is introduced to encode relative positional informa-
tion without breaking sequence permutation equivariance. In
RoPE, 2 dimensions are grouped as a 2D pair, and each pair
corresponds to a rotation in a 2-dimensional plane. For the rth
pair (2r: 2r + 1), the rotation angle 8, is defined using sinusoidal
positional encoding:

6,=10,000"2"/r=0,1, ---,d/2—1. (3)
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For a residue embedding ¢, = Q;. € R? at position i, the
rotated query g, is computed as:

~ (2r2r+1) _ I:COS(igr) —sin(il‘)r) ]

B sin(i@,) cos(i@r)
=0,1, -,d/2-1,

2r:2r+1
i(r r+),r

(4)

similarly for k; = K;, € R, the rotated key k; is computed as:

fGrarel) _ [cos(i@r) —sin(iQ,) ]k-(2"2r+1) .
l sin(i0,) cos(if,) l (5)
=0,1, --+,d/2—1.
After RoPE, the attention scores are computed as:
exp(:jﬁl@/\/ﬁ)
ij = (6)

Ele eXP(qiT’gr/\/E)’

and the context-aware representation of the ith residue is
obtained by weighted aggregation of the value vectors:

lobal L .
h‘ig :ijl a;Vi,i=1,2, -, L. (7)

Finally, we obtained the global representation pyglobal —

[h%lobal’ . h%lobal] T e RLxdo.

Local Adaptive Module
Meanwhile, a Local Adaptive Module is employed to capture
local functional motifs and structural patterns within the CDRs
through 1D convolution. T
For the residue-level embeddings H = [hl,hz, ,hL] , we
applied a 1D-CNN along the sequence dimension. The 1D-
CNN utilized multiple filters with a kernel size of k to slide
along the sequence, effectively modeling the dependencies
between neighboring residues. Let a kernel be represented by
W € R¥, where k is the kernel size defining the receptive
field. The representation of the jth feature for the ith residue:

local _

H¥" =Hjp 1 @W;, (8)
where ® represents the convolution operation and this process
is carried out in parallel by d,, different convolutional kernels
{ Wy Wy - Wy, }

Finally, we obtained the local representation H°<l =
T
local local Lxd,
[, e ol € REX,

Then, we achieve complementary fusion by concatenating
the global representation and local representation to incorpo-
rate both global and local information:

nef= [Hglobal;Hlocal] e RLXZdO’ 9)

where nef is for residue-level characterization. Meanwhile, we
also obtained the adjustment NEF at the macromolecular level
through average pooling:

_1xt 2d,
NEF=— " nef, eR*,

L (10)
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NanoBind-seq
For the NEFs of nanobody and antigen NEFy,, NEF 5, € R

generated by NanoBind Encoder, NanoBind-seq directly mod-
els their interactions through Hadamard products, producing
an interaction feature that effectively captures the cooperative
binding effects between the nanobody and antigen:

f=NEFy, (-) NEF,, R, (11)

where (-) denotes the Hadamard product. The feature is then
fed into a multi-layer perceptron (MLP) to predict the binding
probability:

Pieq =0 (MLE(f)), (12)
where MLP consists of 5 fully connected layers, with dimen-
sions progressively changing from 24, to 1,024, 512, 256, 128,
and finally to 1, each followed by a ReLU activation function,
and o(-) represents the sigmoid function. The output py.q is a
value between 0 and 1, representing the probability of interaction
between the nanobody and antigen.

NanoBind-site
Given the pre-pooling nanobody embedding nefy,, € R™X2dy

and antigen embedding nef,, € R™2 (where m and n rep-
resent the sequence lengths of the nanobody and antigen,

respectively), we employ a Cross-Assist Module that leverages
multi-head cross-attention to extract nanobody-guided fea-
tures and drive the localization of antigen-interface residues.
The process of the multi-head cross-attention can be summa-
rized as follows:

Ag=MultiHead( nefy;,, ne =cat (head,, --- ,head, ), (13
g Nb> 1€ g 1 n)> (13)

where cat represents concatenation and head; is computed as:

T
headizsoftmax<Qi>V,i=1,2, 5 h, (14)

Vd

Q= neng W
K = nebe WK > (15)
V' =nefq, Wy

where Wy, Wy, Wy, € R2%* are the learnable parameter
matrices for the query, key, and value. /i represents the number
of heads.

The cross-attention output is fused with the original antigen
features through a learnable residual connection:

Aoy = Ag+(1—a)-nefy,, (16)

where a € [0, 1]is a learnable parameter controlling the fusion
ratio, initialized to 0.5. This design provides a principled mech-
anism for identifying antigen-interface residues guided by
nanobody sequence information.

Subsequently, the global representations of the nanobody
and antigen were broadcast and concatenated with the residue-
level antigen features:

Agfused =cat <NEFNb’ NEFAg’ Agout’ neng ) € RnXSdO‘ (17)
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Finally, the features were deeply extracted through 3 residual
units, and after being processed by an MLP and a sigmoid acti-
vation function, the probability of each position being a binding
residue was obtained:

Pite = O-(MLP(RUO) (Agfused) )) €lo, 1]11’ (18)

where MLP consists of a fully connected layer, followed by a

Dropout layer. Ri;® denote the superposition of 3 layers of
Residual Unit, which is defined as:

Ry(X)=ReLU((ReLU(XW, +b,)) W, +b,+X), (19)

and W, W,, b, b, are learnable parameter matrices.

NanoBind-pro

For a given antigen sequence, NanoBind-site outputs a binding
probability vector b € {0,1}" by setting a threshold of 0.5,
where nis the length of the antigen sequence, b; = lindicates
that the residue at position i is predicted as a binding resi-
due, and b; = 0 indicates that it is predicted as nonbinding.
Subsequently, we established a learnable embedding matrix to
represent the semantics of “binding residues” and “nonbinding
residues”

e;=E,[b;] eR%, (20)

where E; represents the embedding matrix, while E; [0] denotes
the embedding of the nonbinding residue, E,[1] denotes the
embedding of the binding residue, and d,, is the embedding

dimension. All the residues are embedded and combined to
form a matrix:

P=[e1,---,eL]TE[R{"XdP. (21)

In order for NanoBind to recognize the sequence order,
learnable positional encodings £, € R™% are added for each
residue:

P'=P+€pos. (22)

Next, P'is input into the single-layer multi-head Transformer
encoder, which contains 8 attention heads, and then obtains
the context-enhanced prompt representation through average
pooling:

1 n . q
p=- Zi:l MultiHead (P, P'), €R%. (23)

This prompt embedding is concatenated with the original
antigen sequence feature NEF ,, and fused through an MLP

layer to obtain the prompt-based antigen representation:
prompt __ 2d,
NEF™" =MLP (cat(NEF g, p) ) €R*™,  (24)

where MLP consists of a fully connected layer, followed by a
ReLU activation function.
Finally, the NEF of nanobody NEF)y, is combined with

NEF irgompt through the same Co-Activation Module as NanoBind-
seq to produce interaction feature:

Zhao et al. 2026 | https://doi.org/10.34133/research.1327

f=NEFy, @ NEFffg"mP‘ eR, (25)

The feature is then fed into an MLP to predict the interaction
probability:

Ppro =0 (MLP(f)), (26)
where MLP consists of 5 fully connected layers, with dimensions
progressively changing from 2d, to 1,024, 512, 256, 128, and
finally to 1, each followed by a ReLU activation function. The
output p,,is a value between 0 and 1, representing the probabil-
ity of interaction between the nanobody and antigen.

NanoBind-pair

For any 2 given nanobody-antigen complexes, we generate
their interaction features f,,f, using the same approach as
NanoBind-seq, and then employ an MLP to predict which com-
plex exhibits stronger binding affinity:

Ppair =0 (MLP(cat(f,f,))) €0 1). (27)

The MLP layer consists of 5 fully connected layers, with
dimensions progressively changing from 4d, to 2d,, 1,024, 512,
256, and finally to 1, each followed by a ReLU activation func-
tion. A sigmoid function outputs a probability value indicating
the likelihood that the K, value of the first complex is greater
than that of the second complex.

NanoBind-affi

NanoBind-affi incorporates an ordered set {Pairi,Ai}:il as a
reference set for affinity range estimation, where Pair; denotes
the ith nanobody-antigen complex together with its experi-
mentally determined affinity value A;, thereby forming 50 con-
tiguous affinity ranges [I vl sl 50], including (0,A;) and
(A49,+ 00). For an input nanobody-antigen complex T, its bind-
ing affinity is compared with each complex in the reference set
sequentially using NanoBind-pair to determine relative strength:

outi={ 1, NanoBind — pair(Pairy, Pair;) > 0.5 =12, .49,

0, NanoBind—pair(PairT, Pairi) <0.5
(28)
The score for the affinity of complex T belonging to range ;
is calculated as follows:

49
score; = Zf(outi),j= 1,2, --,50, (29)
i=1
where
out;,i<j
f(out;) ={ P (30)
1-out;,i>j

The range with the highest final score is regarded as the esti-
mated affinity range of the target nanobody-antigen complex:

I=1, (31)
where
t = argmax score;.
j€{1,2,+,50} (32)
14
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