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Abstract

Identification of T cell receptor (TCR) specificities for antigens from large-scale single-cell or bulk TCR repertoire data plays a vital
role in disease diagnosis and immunotherapy. In silico prediction models have emerged in recent years. However, the generalizability
and transferability of current computational models remain significant hurdles in accurately predicting TCR–pMHC binding specificity,
primarily due to the limited availability of experimental data and the vast diversity of TCR sequences. In this paper, we propose a
lightweight contrastive TCR–pMHC learning with context-aware prompts, named LightCTL, to infer TCR–pMHC binding specificity. For
each TCR and peptide-MHC sequence, we utilize a TCR encoding module and a pMHC encoding module to transform them into latent
representations. Specifically, we introduce a contrastive TCR–pMHC learning paradigm to enhance the generalization ability of TCR–
pMHC binding specificity prediction by learning the matching relationship between TCR–pMHC and MHC-peptide. We fuse the TCR and
pMHC latent representations and employ a novel context-aware prompt module to consider the varying importance of different feature
maps. Compared with existing methods, LightCTL substantially improves the accuracy of predicting TCR–pMHC binding specificity.
Moreover, comparative experiments across eight independent datasets demonstrate the generalization ability of LightCTL, showing
superior performance for predicting unknown TCR–pMHC pairs. Finally, we assess LightCTL’s efficacy across different TCR sequence
lengths and distinct unseen epitopes, as well as estimate cytomegalovirus-specific TCR diversity and clone frequency from peripheral
TCR repertoire data. Overall, our findings highlight LightCTL as a versatile analytical method for advancing novel T-cell therapies and
identifying novel biomarkers for disease diagnosis.

Keywords: lightweight; contrastive learning; context-aware prompt; TCR–pMHC binding specificity

Introduction
T cell receptors (TCRs) recognize and bind to specific antigenic
peptides presented by the major histocompatibility complex
(MHC) on the surface of antigen-presenting cells to form the
TCR–pMHC complex, which induces T-cell activation and adaptive
immune effector function [1, 2] (Fig. 1a). The TCR is a heterodimer
consisting of α chain and β chain, and it exhibits a wide sequence
diversity, with estimates ranging from 1015 to 1061 distinct TCR
sequences that may be generated [3, 4]. This high diversity enables
T cells to recognize an abundance of epitopes presented by
different MHC alleles [5]. This diversity arises primarily from the
plasticity of the three complementarity-determining region (CDR)
loops—CDR1, CDR2, and CDR3—on the α and β chains, where
CDR1 and CDR2 mainly mediate contact with MHC and CDR3 is
responsible for binding to antigenic peptides [6]. Thus, the CDR3
sequence is the most diverse and a major determinant of antigen-
binding specificity. Studying TCR-antigen binding specificity is
of great significance in tumor immunotherapy, autoimmune
antigen discovery, and vaccine design. Numerous experimental
techniques have been developed to determine TCR–pMHC binding

specificity, such as tetramer analysis [7], tetramer-associated
TCR sequencing [8], and T-scan [9]. However, these traditional
biological experimental methods are time-consuming, costly, and
inefficient for validation. Therefore, computational approaches
play a vital role in efficiently discovering specific TCRs associated
with antigens.

The collection and construction of large-scale experimentally
validated TCR–pMHC databases, such as VDJDB [10], McPAS-TCR
[11], IEDB [12], and PIRD [13], have significantly advanced the
development of in silico methods for predicting TCR–pMHC bind-
ing specificity. GLIPH [14] was the first computational method
to predict TCR sequences that recognize pathogens or tumor de
novo antigenic peptides based on the idea that TCRs with similar
CDR3 sequences are likely to target antigenic epitopes with sim-
ilar sequences, laying the groundwork for computationally based
methods aimed at predicting TCR specificity. Subsequently, a vari-
ety of computational methods for predicting TCR–pMHC speci-
ficity have emerged (i.e. Gaussian Process [15, 16], Random Forests
[17], Bayesian Probability Model [18], Energy Model [19]). Never-
theless, these approaches are only effective with small datasets
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Figure 1. The architectures of LightCTL. (a) Antigen presentation and T cell activation. (b) The flowchart of LightCTL. (c) Details of the TCR and pMHC
encoding module. (d) Details of the CAPM. Created with BioRender.com

and are incapable of predicting TCR sequences not included in
the training set, which severely limits their practical applicability.

Deep learning has further promoted the development of TCR–
pMHC binding specificity prediction and acquired encouraging
performance due to its superior feature learning ability. These
methods can be broadly categorized into structure-based meth-
ods and sequence-based methods. Structure-based methods are
mainly based on Alphafold or its variants to predict the structure
of the full-length TCR sequence, which is then used to predict TCR
antigen specificity. Examples of such methods include Modeller
and ColabFold [20], AlphaFold [21], TCRmodel [22], TCRmodel2
[23], and DeepAIR [24]. Additionally, there are customized algo-
rithms based on TCR structure information. For example, TEIM-
Res [25], which uses transfer learning, has been suggested to
characterize the interaction conformation between TCRs and
epitopes at the residue level. However, predicting antigen-specific
TCRs based on their three-dimensional structure is limited by sev-
eral factors, including the scarcity of experimentally determined
TCR–pMHC complex structures, the high demand for hardware
resources, and the large number of TCRs and antigenic targets in
each individual. Consequently, sequence-driven strategies for pre-
dicting TCR antigen specificity have become a prevalent method
in research. Over the past 5 years, numerous methods based on
convolutional neural networks (CNNs) and recurrent neural net-
works have been applied to this prediction task, such as NetTCR
[26], pMTnet [27], TITAN [28], DLpTCR [29], AttnTAP [30], etc. These
methods demonstrate the validity of computational prediction
of TCR antigen binding specificity. Recently, transformer-based
methods and meta-learning approaches have been introduced for
TCR–pMHC binding specificity prediction, such as MITNet [31],
TPBTE [32], ProtBer [33], SC-AIR-BERT [34], ATMTCR [35], Pan-pep
[36], Multimodal-AIR-BERT [37], etc. However, these methods often

fail to fully consider the binding patterns among TCR, peptides,
and MHC. Furthermore, the existing mainstream transformer-
based methods learn the importance of different amino acids in
the sequence using the self-attention mechanism, but do not take
into account the degree of focus of various amino acid clusters in
the sequence. Therefore, they do not migrate well to new datasets,
and there is an excellent challenge in efficiently predicting the
binding specificity between TCR and pMHC.

In this work, we propose LightCTL, a lightweight contrastive
learning framework for predicting TCR–pMHC binding specificity,
which leverages the CDR3 region of the TCR β chain (referred
to as TCR in the following text), as well as peptide and MHC
class I information. We systematically validated LightCTL using a
large amount of independent validation data and achieved supe-
rior predictive performance compared with previous methods. To
demonstrate the application of LightCTL, we applied it to TCR
sequencing data from human peripheral blood samples, both
with and without cytomegalovirus (CMV) infection. We analyzed
the diversity, clonal frequency, and other characteristics of CMV-
specific TCR sequences. LightCTL effectively addresses the long-
standing challenge of TCR–pMHC pair prediction and could serve
as a foundation for developing biomarkers for disease diagnosis
and predicting responses to immunotherapy.

Results
Overview of LightCTL
We employed a novel lightweight contrastive TCR–pMHC learn-
ing with a context-aware prompt, LightCTL, to predict the TCR–
pMHC binding specificity. The framework of LightCTL is shown
in Fig. 1b. First, we converted the TCR, peptide, and MHC into
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computer-readable numerical information, which serves as the
input to our model. Concretely, the Atchley factor is used for the
TCR sequence, BLOSUM50 for the peptide sequence, and the MHC
pseudo sequence. In particular, the MHC pseudo-sequence with 34
amino acids is generated by netMHCpan [38]. Next, a TCR encod-
ing module and a pMHC encoding module are designed to extract
learnable numeric embedding of TCR, peptide, and MHC and their
shallow features, respectively (Fig. 1c). Unlike using a transformer
as a feature extractor in self-supervised comparative learning, we
designed a CNN-based extractor to extract shallow information
of TCR, peptide, and MHC, which is able to reduce the number
of parameters. Subsequently, a contrastive TCR–pMHC learning
paradigm is proposed to learn the matching binding pattern of
TCR–pMHC and peptide-MHC. Differing from prior self-supervised
contrastive learning methods, LightCTL can learn implicit feature
representation by learning the matching relationships between
TCRs and pMHCs. Therefore, it pays more attention to solving the
generalization problem by considering the diversity of sequences.
Furthermore, the embedded TCR and pMHC features are fused
and then input into a context-aware prompt module (CAPM)
to extract more global feature information (Fig. 1d). The CAPM
considers the importance of different amino acid groups in the
TCR and pMHC sequences for TCR–pMHC binding specificity
prediction. Finally, a multilayer perceptron (MLP) consisting of two
fully connected layers is used to output the predictions of TCR
antigen specificity. More details of the pipeline are provided in the
Methods section.

Comparison of different training and encoding
methods
Data were collected from two databases, including McPAS-TCR
[11] and YFV [39] (The detailed procedures for constructing
the training and validation datasets are described in the
Supplementary Method 1.1). We train our model on the McPAS-
TCR dataset and verify its performance on the YFV dataset,
selecting the parameters with the best results on YFV data
(external validation). The reason is that we want to see how well
the algorithm learns when the data features of the two datasets
are distributed differently (herein, McPAS-TCR and YFV datasets).
To evaluate the performance of our training strategy, we compare
it with the other two training methods on the McPAS-TCR dataset,
which is 10-fold cross-validation and repeated hold-out with 80%
in the training and the remaining 20% in the validation set. In both
10-fold cross-validation and repeated hold-out experiments, the
model shows relatively stable performance with the average AUC
of 0.9356 and 0.9371, respectively (Fig. 2a and 2b). In contrast,
LightCTL with external validation outperformed them with an
AUC of 0.9580 (Fig. 2c). Repeated hold-out experiment using
the reservation method effectively considered the randomness
in data partitioning, and the 10-fold cross-validation not only
accounted for data partitioning randomness but also captured
the feature distribution of the entire dataset more accurately.
However, these approaches cannot be directly transferred to new
datasets due to probable variations in feature distributions among
datasets, which is an essential factor under our consideration.
Before model training, TCR, peptide, and MHC class I pair
sequences are required to be converted into discrete numerical
vectors; therefore, selecting the most appropriate word2vector
method is significant to construct a highly accurate model.
Five encoding methods (see Supplementary Method 2.1) were
conducted on the YFV dataset, including one-hot, BLOSUM50,
Chem, Atchley factor, and reduced dimensionality amino acid
indexes (AA_index_PCA). We can see that the Atchley factor

can achieve the best overall performance with AUC up to 0.96
(Fig. 2d).

The influence of the CAPM and the contrastive
TCR–pMHC learning
The CAPM makes the model pay more attention to the discrimina-
tive amino acid group features. We aim to provide those features
with different weights according to the degree of attention. To
verify the effectiveness of the CAPM in the model, we compare
the LightCTL to the CNN without the CAPM. To ensure a fair
comparison, both approaches use identical training and testing
datasets, and all network settings are consistent. From Fig. 2e, we
can see that the AUC value of LightCTL with a CAPM increases
by 1.01%. In addition, all metrics of LightCTL are superior to
the model without a CAPM (Fig. 2f). In detail, Acc, Sen, Spe, Pre,
and MCC of LightCTL are improved from 0.8514 to 0.8679, 0.3988
to 0.4362, 0.9632 to 0.975, 0.7283 to 0.8122, and 0.464 to 0.5314,
respectively. The results show that the CAPM can effectively help
capture TCR–pMHC binding specificity.

To simulate the biology process of antigen processing and T
cell recognition, we proposed a contrastive TCR–pMHC learning
paradigm to learn the pattern of pMHC recognized by TCR and
peptide binding to MHC. To evaluate the ability of the contrastive
TCR–pMHC learning paradigm to learn generalization features,
we compare the experimental results of the two contrastive loss
functions (CLT2PM and CLP2M) in different combinations. The AUC
value is improved from 0.9326 to 0.9580 when both contrastive
loss functions are used, which demonstrates that CLT2PM and CLP2M

can learn implicit binding features between TCRs and pMHCs, as
well as between peptides and MHCs (Fig. 2g). A possible reason
is that the binding feature between peptide and MHC provided
by CLP2M drives the learning of the binding pattern between TCR–
pMHC based on CLT2PM.

Evaluating the predictive performance of
LightCTL on unseen TCR–pMHC pairs
The primary goal of LightCTL is to address the challenge of
algorithm generalization. To demonstrate that LightCTL can not
only transfer to new data sets that are smaller than the training
data set but also perform better on larger, unseen datasets, we
evaluate its generalization ability on eight independent datasets:
PIRD [13], VDJDB [10], pMTnet_train [27], pMTnet_test [27], IEDB
[12], 10X [40], COVID-19 [41], and Francis’s data [42]. After data
preprocessing, these eight datasets are all unseen TCR–pMHC
pairs, which do not overlap with the training set (detailed
procedures for constructing the testing datasets are described
in Supplementary Method 1.2). Among them, VDJDB and pMT-
net_train have more samples compared with McPAS-TCR and YFV.
In contrast, pMTnet_test, IEDB, and Francis’s data are smaller than
McPAS-TCR, while PIRD, COVID-19, 10X, and McPAS-TCR have
comparable sample sizes (Supplementary Table 1). Specifically,
we choose the best models trained on the validation dataset to be
tested directly on the eight external datasets. Our model achieves
superior AUC results of 0.9445, 0.9238, 0.8896, 0.9284, 0.9238,
0.9084, and 0.9294 on PIRD, pMTnet_train, pMTnet_test, IEDB,
10X, Francis’s data, and COVID-19, respectively. However, LightCTL
performs slightly worse on the VDJDB dataset (Fig. 2h), and it also
needs to make more efforts with PR metrics (Fig. 2i). To assess
the stability and reliability of LightCTL, we extracted the model
evaluation metrics and their confidence intervals, visualizing
the performance through error bars and dynamic circles. We
observe that LightCTL demonstrates strong performance on three
key metrics (AUC, Acc, and AUPR). Additionally, LightCTL also
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Figure 2. Evaluation of LightCTL in different settings. (a) Results of hold-out running 10 times. (b) Results of 10-fold cross-validation. (c) Results of
external validation. (d) Heatmap of LightCTL with different encoding methods for TCR sequences. (e) ROC curves of LightCTL with and without the
CAPM. (f) Comparison of LightCTL with and without CAPM. (g) ROC curves of LightCTL with different combinations of contrastive TCR–pMHC learning
paradigm. (h) and (i) ROC and PR curves of LightCTL on eight independent datasets, respectively.

performs well on the PIRD, pMTnet_train, IEDB, COVID-19, and
10X datasets (Supplementary Figure 2).

LightCTL achieves state-of-the-art performance
to predict TCR–pMHC binding specificity
To further validate the generalization of LightCTL and its pre-
dictive ability for unknown TCR-antigen pairs by comparison
with state-of-the-art (SOTA) deep learning methods, we com-
pare LightCTL with several representative deep learning frame-
works (BiLSTM [43], CNN [44], Transformer [45]) and published
TCR–pMHC prediction methods (pMTnet [27], ATMTCR [35], PISTE
[46], TABR-BERT [47], EPACT [48]). Compared with these meth-
ods, LightCTL showed significant improvements: 2.72%–19.51%
on PIRD, 3.08%–36.24% on pMTnet_train, 5.1%–33.52% on pMT-
net_test, 6.2%–41.39% on IEDB, 6.78%–40.01% on 10X, and 7.7%–
54.42% on COVID-19. LightCTL slightly underperforms ATMTCR
on the VDJDB dataset and performs slightly worse than Trans-
former on Francis’s data (Fig. 3). In addition, we calculate the
PR value and discover a similar conclusion as the AUC met-
ric with imbalanced positive and negative sample sizes, which
LightCTL ranks second on the VDJDB and Francis’s datasets and
performed best on the other datasets (Supplementary Figure 3a).
Besides, the values of ACC display that LightCTL outperforms
other methods on most datasets (Supplementary Figure 3b). Over-
all, these comparisons have shown that our model has better gen-
eralization capabilities and achieves SOTA performance in TCR–
pMHC binding specificity prediction. Further, the computational
cost between LightCTL and existing methods is compared, and
it is found that LightCTL has fewer parameters than PISTE and
TABR-BERT, and its FLOPS are lower than those of Transformer
and TABR-BERT. Additionally, the inference time of LightCTL is
faster than that of Transformer, PISTE, TABR-BERT, and EPACT
(Supplementary Table 2). While LightCTL may not be the most
computationally efficient model, it is more lightweight than most
transformer-based approaches. Furthermore, LightCTL has poten-
tial applications in the discovery of key contact sites in TCR–
pMHC complexes. We collected 17 TCR–pMHC complexes from
the STCRDab databases [49] and calculated the effect of different
TCR–epitope residue pairs on the expected results to explore
their relationship with the contact distance between residues

on the TCR–pMHC structure. We identified contributing residue
pairs in the presence of direct contact residue pairs in all TCR–
pMHC complexes. We also observed in most of the TCR–pMHC
complexes that the residue pairs with the highest contribution
values were direct contacts, suggesting these could be potential
key sites for TCR–epitope binding (Supplementary Figure 4).

Effect of the TCR sequence length and unique
epitopes on LightCTL
To further evaluate the predictive ability of LightCTL for different
TCR sequence lengths, we compare it with advanced deep learn-
ing methods using YFV data across varying sequence lengths.
The TCR sequence length in the YFV dataset ranges from 10 to
22 amino acids (aa). Overall, LightCTL performs quite promising
for the middle TCR sequence lengths between 13aa and 18aa,
while it is not as good for lengths >19aa (Fig. 4a). We infer that
LightCTL might be more sensitive to sample sizes, as the number
of TCR–pMHC pairs in the two intervals [10-12] aa and [19-22] aa
is significantly lower than in the other two intervals.

To evaluate the performance of LightCTL for different epitope
peptides, we separately calculated its prediction results for the
two peptides in the YFV dataset (NLVPMVATV and LLWNGPMAV).
As shown in Fig. 4b, LightCTL achieved good results for both
peptides, with an AUC of 0.9432 for NLVPMVATV and 0.7291
for LLWNGPMAV. Interestingly, LightCTL’s prediction for the two
peptides varies greatly, which may be related to the sample size
of the peptides (n = 1506 for NLVPMVATV and n = 516 for
LLWNGPMAV). We also evaluated the performance of LightCTL on
unseen peptides (top 10 or all) of four independent datasets (i.e.,
10X, COVID-19, IEDB, and Francis’s data). Our results show that
LightCTL demonstrates strong predictive performance on most
unknown peptides (Fig. 4c).

LightCTL exhibits high performance in virus
immune recognition
We further investigated the applications of LightCTL in virus
immune recognition for the CMV study. We collected the CMV
viral TCR bulk sequencing data published by Emerson et al.
[50]. The data of 666 samples with HLA information were
processed in our demonstration. After the removal of subjects
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Figure 3. ROC curves of LightCTL for TCR–pMHC binding specificity prediction on eight independent datasets (PIRD, VDJDB, pMTnet_train, pMTnet_test,
IEDB, 10X, COVID-19, and Francis’s data), respectively.

Figure 4. The performance of LightCTL for different TCR sequence lengths and unique peptides. (a) Comparison of the four models under different
sequence lengths on the YFV dataset. (b) Results of different antigens in the YFV dataset. (c) Relationship of AUC for unseen epitope in the four
independent datasets (i.e. 10X, COVID-19, IEDB, and Francis’s data).

with unknown HLA types, 274 CMV+ subjects and 323 CMV-
subjects were selected. To search for CMV-related antigens,
we collected seven antigenic epitopes from the IEDB database,
namely ELRRKMMYM, IPSINVHHY, NLVPMVATV, QIKVRVDMV,
TPRVTGGGGAM, YSEHPTFTSQY, and QIKVRVKMV. We assigned
these seven epitopes to each TCR in every TCR repertoire and
then predicted each TCR–pMHC binding using LightCTL.

First, we analyzed the relationship between predicted proba-
bility and the proportion of unique predicted TCR numbers or
the sum of predicted clone frequency (Details are described in
Supplementary Method 3.1). Specifically, we screened each TCR
repertoire for CMV-specific TCRs using different probability cut-
offs and then assessed the proportions of predicted TCR num-
ber and their clone frequency. With the expectation that CMV
infection would induce specific T cell expansion, we can see that
the unique predicted TCR proportion is significantly higher in the
CMV+ groups than in the CMV- group with all prediction prob-
ability cutoffs (Fig. 5a). This result suggests that our algorithm
exhibits significant efficacy when the prediction probability is

greater than 0.8. It may be due to the fact that TCR repertoires
are highly diversified, with very few TCR clones showing antigenic
specificity.

Therefore, we further explored the differences in the average
predicted probability for each subject between the CMV+ and
CMV- groups (Supplementary Method 3.2). We removed the TCRs
shared in the CMV+ versus CMV- groups and calculated the
average predicted probabilities of all TCRs in each repertoire. The
average prediction probability of the CMV+ group is significantly
higher than that of the CMV- group when the cutoff of the
predicted probability is 0.5, which indicates that LightCTL is able
to sort out specific TCRs with CMV relevance from a massive
number of TCRs (Fig. 5b). Finally, we analyzed the differences
in TCR diversity and the sum of clone frequencies of samples
between the CMV+ and CMV- groups under the condition of set-
ting both the predicted probability and the clone frequency cutoff
(Supplementary Method 3.3). For this purpose, we screened sam-
ples with a TCR prediction probability ≥0.5 and a clone frequency
of TCRs >0.1% and analyzed the number of predicted unique
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Figure 5. The analysis results of LightCTL in virus immune recognition. (a) Results of unique predicted TCR numbers on CMV+ and CMV- groups when
the cutoff is 0.8, 0.9, 0.99, 0.999, and 0.9999, respectively. (b) Comparison of significant differences between average predicted probabilities of TCR in
TCR repertoires between CMV+ and CMV- groups when the cutoff of predicted probability is 0.5. (c) Unique predicted TCR number and sum of predicted
TCR frequency between CMV+ and CMV- groups on all CMV-associated epitopes under CP = 0.5 and CF = 0.001 (CP is the cutoff of the TCR prediction
probability and CF is the cutoff of the TCR clone frequency). (d) Unique predicted TCR number and sum of predicted TCR frequency between CMV+ and
CMV- groups on CMV-associated specific antigenic epitopes (pp65) under CP = 0.5 and CF = 0.001.

TCRs and the total predicted clone frequency of the samples
between the CMV+ and CMV- groups. Both the number of unique
TCRs and the total clone frequency of TCRs were significantly
higher in the CMV+ group than in the CMV- group, indicating
that the results predicted by LightCTL were consistent with the
expectation of the virus-induced T cell response (Fig. 5c). Besides,
we compared the estimated TCR diversity and clone frequency
with a common CMV antigen (pp65) and observed a significant
increase in the TCR diversity and clone frequency in CMV+ indi-
viduals compared with CMV- individuals (Fig. 5d).

Discussion and conclusion
TCRs trigger T cell activation by specifically binding to antigenic
peptides presented by MHC molecules. This process is regulated
by MHC restriction, ensuring that T cells respond only to their cog-
nate antigens, thereby mediating an adaptive immune response.
Therefore, predicting TCR–pMHC binding has significant biolog-
ical implications. In basic immunology research, explaining the
relationship between the diversity of the TCR library and the
breadth of immune response by predicting the binding potential
of different TCR clonotypes to pathogen/tumor antigens is of note.
In disease diagnosis, therapy, and vaccine design, the prediction of
TCR–pMHC binding can help guide the development of bispecific
TCRs to target tumor antigens, avoiding off-target toxicity and
improving efficacy. However, the high-throughput identification
of antigen-specific TCRs from the incredible diversity of TCR
pools using a wet-lab experiment remains a significant challenge.
Deep learning-based prediction of TCR antigen binding has also
encountered difficulties due to the lack of labeled data and the
presence of high sequence similarity between positive and nega-
tive samples.

LightCTL employs representational learning and attention
mechanisms to extract valuable information from TCR sequence,
epitope sequence, and MHC subtype, enabling it to predict TCR–
pMHC binding with high generalization ability. By leveraging
the powerful generalization capabilities of contrastive learn-
ing, LightCTL achieves the SOTA performance in predicting
TCR-antigen binding specificity. More analyses of the potential

application of LightCTL were also performed, including the
identification of antigenic specificity under different TCR
sequence lengths and the identification of TCR sequence binding
specificity under a single antigen sequence. In addition, we
analyzed the diversity of CMV-targeted TCR repertoires using
TCR bulk sequencing data as a demo case to determine whether
the predicted pMHC binding TCRs were indeed expanded in CMV-
positive individuals. We also explored potential key sites for TCR
epitope binding on a number of TCR–pMHC complexes.

Although LightCTL may have higher generalization ability than
other methods, it could still be improved for application in real-
world clinical scenarios. Currently, there is limited information
on HLA types and epitopes, limiting the downstream application
of LightCTL. However, LightCTL can be combined with disease-
associated antigen prediction methods [51, 52] and peptide-MHC
binding prediction methods [53, 54] to predict more antigen-
specific TCRs, and it will be updated as more information on HLAs
and epitopes becomes available. It is worth noting that in this
study, we did not consider CD4+ T cells in our model, like most
previous studies, due to the limited availability of CD4+ T cell
data in existing databases. In the future, we will incorporate both
CD4+ and CD8+ data by collecting publicly available CD4+ data,
generating private data from wet-lab experiments, and developing
more generalized methodologies that can consider both CD4+
and CD8+ data. Furthermore, although we trained and evaluated
LightCTL using experimentally validated data, and introduced
clinically collected and publicly available CMV bulk sequencing
data to validate its reliability, its performance may warrant more
wet-experiment validations. In the future, the utility of LightCTL
will be further explored with more clinical applications.

Methods
Design of LightCTL
A novel lightweight contrastive TCR–pMHC learning framework is
proposed to predict the TCR–pMHC binding specificity by using
TCR, peptide, and MHC class I (Fig. 1b). First, a TCR encoding
module and a pMHC encoding module are designed to extract
learnable numeric embedding of TCR and pMHC sequences and



LightCTL | 7

extract their shallow features, respectively (Fig. 1c). Secondly, we
propose contrastive TCR–pMHC learning paradigms to learn the
binding pattern of TCR–pMHC and peptide-MHC. Differing from
prior self-supervised contrastive learning methods, contrastive
TCR–pMHC learning can learn implicit feature representation by
learning the matching relationships between TCRs and pMHCs,
so it pays more attention to solving the generalization problem
by considering the diversity of sequences. Next, the embedded
TCR and pMHC features are fusion and then input into a context-
aware prompt module (CAPM) to extract more global feature infor-
mation (Fig. 1d). The CAPM considers the importance of different
amino acid groups in the TCR and pMHC sequences for TCR–
pMHC binding specificity prediction. Finally, the prediction results
are calculated by an MLP.

TCR encoding module
We consider the input features as single-channel images and
design a TCR encoding module and a pMHC encoding module to
learn their shallow features (Fig. 1c). The TCR encoding module
comprises two convolutional layers, each with a convolutional
block, Batch-Normalization, and ReLU. The number of convolu-
tional block channels in the first and second convolutional layers
is 16 and 32, respectively. Kernel size, stride, and padding of all
convolutional blocks are 3×3, 1, and 1, respectively.

Given a numerical TCR feature T = [t1, t2, t3, ..., tn]tn∈R1×Lt×Dt , the
feature map j in the convolutional layer i is

Fl
j = ReLU{BN[Conv2(T, Kl

j)]} (1)

kl
ij is the weight of the channel j and dimension i in the convo-

lutional layer l − th.

pMHC encoding module
Given a peptide embedding P = [p1, p2, p3, ..., pn]tn∈R1×Lp×Dp and an
MHC embedding M = [m1, m2, m3, ..., mn]tn∈R1×Lm×Dm , we first concat
the two embeddings to obtain peptide-MHC feature, which is||

PM = P||M (2)

refers to features of pMHC and TCR concatenated in the third
dimension.

Then, we perform a convolution operation on the peptide-MHC
feature. We also have two convolutional layers, including convo-
lutional blocks, Batch-Normalization, MaxPooling, and ReLU. The
parameter of the pMHC encoding module is the same as the TCR
encoding module. Besides, the filter of MaxPooling is 2 × 2.

Contrastive TCR–pMHC learning framework
To improve further the robustness of the model for unseen TCR–
pMHC binding specificity prediction, we proposed a contrastive
TCR–pMHC learning to enhance the model’s expressive capabil-
ities. It is inspired by Contrastive Language-Image Pre-Training
[55], whose core idea is to establish a correlation between a
TCR and a pMHC and to achieve a better mutual understand-
ing between them through a measure of similarity between the
TCR and the pMHC. The method is the first for predicting the
TCR–pMHC binding specificity. It differs from existing contrastive
learning methods for the prediction of TCR–pMHC binding speci-
ficity in that it takes complete account of feature information
across data sources between TCRs and pMHCs, and antigen pep-
tides and MHCs, thus improving the predictive power of unknown
TCR-antigen binding specificity.

The contrastive TCR–pMHC learning has two parts: CLT2PM and
CLP2M. They are trained to map the input into the same embedding
space. The goal of CLT2PM is to make similar TCRs and pMHCs
closer together in embedding space. The goal of CLP2M is to make
similar peptides and MHCs closer together in embedding space.
CLP2M is

CLP2M = − log
exp(sim(K(zp)i, V(zp)j)/τ)

∑2N
k=1 1[k �=i] exp(sim(K(zp)i, V(zp)k)/τ)

(3)

And CLT2PM can be calculated by

CLT2PM = 1
2

(CLTCR2pMHC + CLpMHC2TCR); (4)

CLTCR2pMHC = − log
exp(sim(zt, zp)/τ)

∑2N
k=1 1[k �=p] exp(sim(zi, zp)/τ)

; (5)

CLpMHC2TCR = − log
exp(sim(zp, zt)/τ)

∑2N
k=1 1[k �=t] exp(sim(zp, zt)/τ)

, (6)

where 1[•] ∈ {0, 1} is an indicator function evaluating to 1 if k = i
and τ denotes a temperature parameter. sim(•) is cosine similarity.
z is the embedded feature for each sequence. K(•) and V(•) are
data transformation randomly.

Context-aware prompt module
As specific amino acid motifs are associated with T cell activation,
antigen recognition, and particular diseases (cancer, autoimmune
diseases, etc.), the interrelationships between amino acid groups
may contain information leading to a more in-depth understand-
ing of the mode of interaction between T cells and antigenic
peptides. To extract amino acid motifs in the TCR weighing more
in T cell activation, we designed a CAPM to enhance the adaptive
weighting of the extracted amino acid motif features (Fig. 1d). We
first fused the shallow TCR, peptide-MHC information extracted
by the TCR encoding module, and pMHC encoding module to
obtain the inputs for the CAPM. Given an encoded TCR zt ∈ RC×H×W

and pMHC zp ∈ RC×H×W, their fusion feature ztp is ztp ∈ RC×2H×W.
First, a binding feature extraction (BFE) block is used to learn the
binding feature, which is

z′
tp = [ReLU(BN(Conv(ztp)))]×3 (7)

The comprehensive channel feature zc ∈ RC×1×1 can be calcu-
lated by

zc = AvgPool(z′
tp) (8)

Then, based on the Squeeze-and-Excitation (SE) block, the
weights of the different feature maps of the attention layer i can
be calculated by

wi = 1
1 + e−SE(zc)

. (9)

Finally, the output of the channel attention layer i is obtained
by

Oi
att = z′

tp × wi. (10)

CAPM is a CNN-based architecture that centers on performing
convolution operations on the input data using sliding convo-
lution kernels (filters). Each convolution kernel focuses on local
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regions of the combined TCR and pMHC feature maps, allowing
it to learn their local features (detailed information). CAPM has
two attention layers, each containing three BEFs, which aggregate
features from the local regions so that features from different
layers can be combined. In this way, the later layers can capture
more global features and patterns.

Key Points

• A lightweight contrastive TCR–pMHC learning
(LightCTL) was proposed to model the complex
biological process of TCR-specific recognition of
antigens by learning the binding patterns of TCR
and antigenic peptides presented by MHC, as well as the
binding patterns of MHC and antigenic peptides.

• A CAPM was designed to mine potential feature infor-
mation related to T cell activation, antigen recognition,
and specific diseases by considering the importance of
the different feature maps extracted.

• LightCTL achieves superior performance, including
accuracy and generalization, compared with previous
work in the field and facilitates TCR-related applica-
tions.
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Supplementary data is available at Briefings in Bioinformatics
online.
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