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Abstract 

T cells play a vital role in adaptive immunity by targeting pathogen-infected or cancerous cells, but predicting their specificity remains challenging. 
Encoding T-cell receptor (TCR) sequences into inf ormativ e feature spaces is therefore crucial for advancing specificity prediction and downstream 

applications. For this, we developed a variational autoencoder (VAE)-based model trained on paired TCR α–β chain data, incorporating all six 
complement arit y-determining regions. A semi-supervised ‘t wo-st age VAE’ framework, integrating cosine triplet loss and a classifier, was found 
to further refine peptide-specific latent representations, outperforming sequence-based methods in specificity prediction. Clustering analyses 
le v eraging our VAE latent space were evaluated using K -means, agglomerative clustering, and a novel graph-based method. Agglomerative 
clustering achie v ed the most biologically rele v ant results, balancing cluster purit y and retention despite noise in TCR specificit y annot ations. 
We extended these insights to evaluate TCR repertoire data. Across datasets, VAE-based models outperformed sequence-based methods, 
particularly in retention metrics, with notable impro v ements in the SARS-CoV-2 repertoire dataset. Moreo v er, the cancer repertoire analysis 
highlighted the generalizability of our approach, where the model displa y ed high performance despite minimal similarity between the training 
and test data. Collectively, these results demonstrate the potential of VAE-based latent representations to offer a robust frame w ork f or prediction, 
clustering, and repertoire analysis. 
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 cells are a fundamental component of the adaptive immune
ystem, responsible for recognizing and eliminating pathogen-
nfected or cancerous cells. This recognition is mediated by the
-cell receptor (TCR), which can bind to peptides displayed
n major histocompatibility complex (MHC) molecules on
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the surface of target cells, termed peptide–MHC complexes
(pMHCs). The specificity of this interaction is determined pri-
marily by six complementarity-determining regions (CDRs)
located on the α and β chains of the TCR. Among these,
the CDR3 regions are predominantly responsible for bind-
ing to the peptide, while CDR1 and CDR2 primarily interact
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with the MHC [ 1 , 2 ]. The diversity of targets recognized by
TCRs lies mainly in the variability of CDR3s. Often TCRs
that bind the same target pMHC share a common struc-
tural and / or amino acid motif in the CDR regions, forming
specificity groups within patient TCR repertoires [ 3–5 ]. These
repertoires vary largely between individuals, and analyses of
its composition and diversity can provide insights into the im-
mune system’s response to infections or tumours and the over-
all health status of an individual [ 3 , 4 ]. 

Considering the centrality of TCR–pMHC interaction in
immune responses, accurately predicting TCR specificity and
identifying specificity clusters have become key areas of re-
search [ 6 ]. However, challenges arise due to the vast diver-
sity of TCR sequences, the limited availability of compre-
hensive paired-chain datasets, as most studies focus on the
CDR3 β region alone, and the often high noise levels in the
experimental data [ 7–9 ]. Databases such as IEDB [ 10 ], VD-
Jdb [ 11 ], and McPas-TCR [ 12 ] provide TCR–pMHC data, fo-
cusing on positive interactions. Others such as OTS [ 13 ] and
TCRdb [ 14 ] are centred around unlabelled TCR repertoire
data. Despite recent advancements in single-cell sequencing
technologies, enabling the analysis of paired α- and β-chain
data, the scarcity and redundancy of TCR–pMHC interaction
data continue to hinder comprehensive and accurate model
development. 

A myriad of machine learning (ML) models have been
previously developed for TCR clustering (examples include
ClusTCR [ 15 ], GLIPH [ 16 ], and TCRdist [ 17 ]) and anti-
gen specificity prediction (examples include TCRMatch [ 18 ],
TCRbase [ 19 ], NetTCR [ 19–21 ], and TCRex [ 5 ]). One form
of models focuses on sequence distances, with some using only
CDR3s such as ClusTCR [ 15 ] and GLIPH [ 16 ], while others
such as tcrdist3 [ 17 ] and TCRbase [ 19 ] include all six loops.
Another form extracts features from TCR sequences, using
various ML architectures such as convolutional neural net-
works (CNNs) for NetTCR [ 19–21 ], variational autoencoders
(VAEs) for DeepTCR [ 22 ], and more recently transformer-
based models such as TULIP [ 23 ] and BERTrand [ 24 ]. While
these methods demonstrate high predicting power in the nar-
row space of pHLAs with characterized TCR binders, chal-
lenges remain in generalizing TCR clustering and predictions
to unseen peptides [ 25 ]. In terms of clustering, most methods
used in aforementioned studies such as K -means or agglom-
erative clustering rely on hyperparameter tuning, adding an-
other layer of complexity [ 15 , 17 , 22 ]. 

To complement these earlier methods, we here present a
two-fold contribution: First, we develop a semi-supervised
VAE model, capable of learning a lower-dimensional, prob-
abilistic representation of TCRs in a latent space, captur-
ing the variability and structure of the data. This latent
representation can be effectively used for downstream tasks
such as similarity comparisons, clustering, and specificity pre-
diction. Next, we investigated different methods for TCR
clustering, including K -means, agglomerative, and a novel
graph-based method termed Top1Cut-weighted, based on
the Girvan–Newman algorithm [ 26 ]. Benchmark studies of
these methods demonstrate that the latter two methods are
able to generalize and maintain robust performance both
in a peptide-specificity setting and in patient repertoire data
in three disease settings. Our study further highlights the
importance of defining multiple clustering metrics, as clus-
ter purity and retention alone fail to accurately represent
performance. 
Materials and methods 

Training data 

The training data are made up of full-length TCR sequences,
with annotation of all three CDRs of both the α and β chains,
as well as their known cognate peptide. TCR sequences target- 
ing MHC-I epitopes were downloaded from IEDB [ 10 ], VD- 
Jdb [ 11 ], and 10x in October 2023. The 10x dataset was de- 
noised with ITRAP as described by Povlsen et al. [ 9 ]. The raw 

data were first filtered to include only sequences with complete 
V and J gene annotations and CDR3 sequences for paired α

and β chains. Filtered data were then passed through Stitchr 
[ 27 ] to reconstruct full TCR sequences, followed by ANARCI 
[ 28 ] for annotation of CDR1, CDR2, and CDR3 regions (here,
CDR1 was defined as positions 27–38, CDR2 as positions 56–
65, and CDR3 as positions 105–117) [ 21 ]. To address redun- 
dancy, sequences were encoded using a BLOSUM62 matrix,
and a Hobohm-1 algorithm was applied with a 95% simi- 
larity threshold to reduce redundant entries. This resulted in 

9769 unique TCRs interacting with 170 different epitopes. 
The resulting non-redundant dataset was randomly parti- 

tioned into five partitions. Three partitions (2–4) were used 

for training, one partition (0) for validation during training,
and one partition (1) was kept as a held-out test partition. The 
dataset was augmented with five negative examples per posi- 
tive example by swapping TCRs between peptides with low 

sequence similarity (Levenshtein distance > 3 between pep- 
tide sequences) as described earlier [ 21 ]. This peptide simi- 
larity threshold was imposed guided by earlier findings sug- 
gesting that cross-reactive peptides most often share two or 
fewer mutations [ 21 ]. Note that we here opted for the use of 
swapped TCRs as negatives as opposed to negatives obtained,
for instance, from 10x datasets stained against a panel of HLA 

multimers or from healthy controls. This is because such neg- 
atives, in earlier studies, have turned out to be trivially sepa- 
rable from the positive TCR, without informing the method 

on the TCR specificities in the positive data [ 7 , 20 ]. 
To avoid biases coming from epitopes with few TCRs, we 

constructed a limited dataset covering only peptides character- 
ized by at least 20 positive TCR data points. This reduced the 
dataset to cover 17 peptides. All these datasets are available 
at https:// services.healthtech.dtu.dk/ services/ TCRcluster-1.0/ 
as well as at https:// doi.org/ 10.5281/ zenodo.15350361 . The 
datasets as well as the code used to train the models are also 

available at https:// github.com/ mnielLab/ tcrcluster _ backend 

and https:// doi.org/ 10.5281/ zenodo.15388480 . 

Evaluation data 

Public patient TCR datasets [ 29–31 ] were downloaded from 

OTS [ 13 ] in July 2024. The repertoires from Garner et al.
[ 30 ] were combined, and duplicates were removed to be used 

as the healthy control to sample from. The merged reper- 
toires were further filtered to keep only TCR sequences with 

a count value equal to 1 (to exclude expanded clones), and 

sequences appearing in both the healthy and diseased reper- 
toires were removed. For each disease repertoire, we sam- 
pled equal amounts of healthy TCR with different seeds 
( n = 100) to create mixed datasets for the patients reper- 
toire analysis. The COVID dataset consists of 43 repertoires 
bootstrapped 100 times, totalling 4300 runs. Both peptide 
specificities (QVD YYGL YY and KSAIVTLTY) in THE cancer 
dataset for QVD YYGL YY-specific TCRs consist of four reper- 
toires bootstrapped 100 times, totalling 400 runs each. 

https://services.healthtech.dtu.dk/services/TCRcluster-1.0/
https://doi.org/10.5281/zenodo.15350361
https://github.com/mnielLab/tcrcluster_backend
https://doi.org/10.5281/zenodo.15388480


TCRCluster: variational autoencoders for latent TCR featurization and clustering 3 

M

V
O  

u  

T  

c  

l  

a  

v

I
S  

v  

u  

a  

i  

t  

i  

o  

a  

w  

i  

4  

q  

t  

[  

V

A
H
A  

t  

w  

e  

s  

m  

c  

i  

m

C
T  

2  

v  

c  

p  

e  

o  

T  

t  

s  

t  

a

T

W  

t  

t  

p  

l  

w

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

odel 

ariational autoencoder 
ur VAEs follow a standard encoder–decoder architecture,
tilizing Kingma and W elling’ s reparameterization trick [ 32 ].
o preserve the data’s sequential structure, we implemented a
onvolutional V AE (CNNV AE) [ 33–35 ], using convolutional
ayers [ 36 ], to encode the input sequences to the latent space
nd transposed convolutional layers [ 37 ] to decode the latent
ectors. 

nput vectorization 

equences for all six CDR loops were padded with negative
alues to a given maximum length, concatenated and encoded
sing a BLOSUM50 matrix into the final input. To differenti-
te the six loops, we used a positional vector, a one-hot encod-
ng of dimension 6 indicating the CDR loop number within
he input. This resulted in vectors of shape (73, 26) to be fed
nto the convolutional layers. The dimensions reflect the sum
f the maximum length of each CDR loop (73) and the 20
mino acid vector + 6 positional vector (26). Peptide labels
ere ordinally encoded to be used in the contrastive loss. That

s, by way of example, the labels were encoded as [0, 1, 2, 3,
, 5, 6] in the case of a seven-class problem. The peptide se-
uence was BLOSUM50 encoded, flattened and concatenated
o the TCR latent vector, and its binder status encoded with
0, 1] to use in a binary classification task for the two-stage
AE set-up (see below). 

rchitecture 
yperparameter selection 

ll hyperparameters such as latent dimension, convolu-
ion kernel sizes, activation function, and optimal loss
eights were selected based on a small-scale hyperparam-

ter optimization. The optimal hyperparameters were cho-
en based on the validation set performance of the VAE
odel for sequence reconstruction and the area under the

urve (AUC) of the retention–purity curves obtained by apply-
ng agglomerative clustering on the associated latent distance
atrix. 

onvolutional variational autoencoder 
he model was constructed in Python 3.11.5 with PyTorch
.0.0. The encoder compresses the input and uses two 1D con-
olutional layers with a kernel size of 9 and a stride of 4, to
apture patterns of a TCR interacting directly with a cognate
eptide–MHC complex. The convolutions are followed by lin-
ar layers to extract the mean ( μ) and standard deviation ( σ )
f the latent distribution with a final latent dimension of 128.
he decoder uses a linear layer to decompress the latent vec-

or and transposed convolutions with a kernel size of 9 and a
tride of 4 to reconstruct the input data. All convolution and
ransposed convolution layers use SELU as activation function
nd BatchNorm for regularization (see Fig. 1 A). 

 wo-stage CV AE 

e further designed a two-stage CVAE, where an MLP of
hree layers is trained in tandem with the CVAE by taking
he latent TCR vector concatenated to a BLOSUM50-encoded
eptide sequence. The MLP layers are activated by ReLU, fol-
owed by regularization with BatchNorm and the dropout
ith a probability of 0.2 (see Fig. 1 B). 
Loss function and training regimes 

The models were trained by minimizing the expected
lower bound loss (ELBO loss) as described by Kingma
and Welling and uses the β-VAE [ 38 ] approach to constrain
the KLD part of the loss with a β of 1e −2. The weight
β of the KLD is controlled using a tanh annealing regime
followed by a linear decrease after a plateau period (see
Supplementary data ). 

The reconstruction loss between the input and recon-
structed vector is measured using mean squared error for the
BLOSUM-encoded sequence, with a 3:1 weight ratio to pri-
oritize the CDR3 loops and a BCE loss for reconstructing the
positional vector. 

In the semi-supervised set-up, the two-stage loss used a BCE
loss as the classifier objective with a warm-up period where
the weight of the classification objective is set to 0. 

A contrastive loss (triplet) loss [ 39 ] was implemented to
further control the latent distances between data points.
Each data point is paired with an ‘anchor point’, where
the loss function penalizes large distances for points with
the same peptide specificity, while pushing away points
with different specificities (see Fig. 1 C). This behaviour
is shown by the equation below, where d cos ( X , Y ) is
the latent cosine distance between two data points X
and Y : 

cosine triplet loss 

= max 

(| d cos ( A, P ) | − | d cos ( A, N ) | + margin , 0 

)
. 

A custom batching strategy was developed to ensure that
at least one anchor point was available for each peptide speci-
ficity group for the positive part of the triplet loss in each mini-
batch during training. 

TCRbase 

TCRbase was run using a stand-alone version of the method
described by Montemurro et al. [ 19 ]. In short, TCRbase as-
signs a score by comparing query data containing positive and
swapped negatives TCR (see earlier) sequences for a given
peptide to a database containing only positive TCRs, pick-
ing the most similar and using its similarity as score. Individ-
ual weights were used on each of the six CDR loops (1, 1, 4,
1, 1, and 4 for CDR1A, CDR2A, CDR3A, CDR1B, CDR2B,
and CDR3B, respectively) to compute an aggregated sequence
similarity. 

Clustering methods 
Distance matrices 
Latent distance matrices were created by calculating the co-
sine distance between the latent embeddings of each pair
of points in the dataset. TCRbase [ 19 ] distances were com-
puted as described above. tcrdist3 [ 17 ] version 0.2.2 was
used for computing tcrdist3 distance matrices. The package
was installed from the public repository at https://github.com/
kmayerb/tcrdist3 . 

Clustering 

The agglomerative and K -means baseline clusterings were
made using the implementations in Scikit-Learn version 1.3.0
[ 40 ] with either distance matrices or latent feature vectors. 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf065#supplementary-data
https://github.com/kmayerb/tcrdist3
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Figure 1 . Arc hitecture and training process of the models. ( A ) The arc hitecture of the one-st age CNNVAE model. The input dat a consist of all six CDR 

loops encoded with a BLOSUM50 matrix and a positional vector (one-hot encoded) to indicate the position in the sequence. Each convolutional layer 
consists of either a con v olution to compress or a transposed con v olution to decompress the input for the encoder and decoder , respectively . BatchNorm 

was used for regularization and SELU as activation function. The features extracted by the encoder are flattened and passed through linear layers to 
derive the mean ( μ) and standard deviation ( σ ) of the latent distribution. These parameters are then used in the reparameterization trick to generate the 
latent vector Z . ( B ) The t wo-st age model architecture begins with a CNNVAE in the first stage. Here, an MSE loss measures the reconstruction accuracy 
between the reconstructed vector and the input. Additionally, Kullback–Leibler divergence (KLD) and a cosine-distance triplet loss are applied to the 
latent vector Z . In the second stage, the latent vector Z is concatenated with a BLOSUM50-encoded peptide sequence. This concatenated input is then 
passed through a tw o-la y er multi-la y er perceptron (MLP), where a binary cross-entrop y (BCE) loss is calculated betw een the predicted and true labels to 
backpropagate gradients up to the first stage. ( C ) The triplet loss starts with three points: an anchor, a positive example (same peptide specificity as the 
anchor), and a negative example (different peptide specificity). Through gradient descent, the model learns to increase the distance between the anchor 
and the negative example while reducing the distance between the anchor and the positive example to create a defined margin. 

 

 

 

 

 

 

 

 

Minimum spanning tree and Top1Cut 

Minimum spanning trees (MSTs) were generated from dis-
tance matrices using NetworkX version 3.1 with the Kruskal
algorithm [ 41 ] (see Fig. 2 A). The Top1Cut algorithm was
developed based on a distance-weighted adaptation of
the Girvan–Newman betweenness centrality algorithm [ 26 ].
Here, each edge’s betweenness centrality is weighted by the
distance (e.g. weight) of that edge and used as a score to cut
the MST into clusters. At each iteration, the highest ranking
edge is cut, and a silhouette (SI) score is computed. The opti- 
mal clustering is selected based on the iteration with the high- 
est SI score (see Fig. 2 B). 

Retention–purity curves 

Retention–purity curves were generated through iterations 
(for the Top1Cut methods) or by iterating through hyperpa- 
rameters (distance threshold for aggregation and K ) for ag- 
glomerative and K -means clustering, respectively. The optimal 
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Figure 2. ( A ) An MST is generated from a distance matrix (latent space or sequence space). This sample distance matrix was sorted by peptide 
specificity. Each colour in the cartoon graph model represents a given label (peptide specificity). ( B ) The edge with the largest distance-weighted 
bet weenness centralit y is selected and cut at eac h iteration, repeating until the optimal SI score is reac hed. 
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iteration’ was defined as the one resulting in the highest SI
ndex. 

esults 

ur main goal was to design a model that accurately encodes
CR sequences in a latent feature space, motivated by the need

or precise feature extraction to support downstream applica-
ions and analyses. To achieve this, we opted for VAEs [ 32 ],
wing to their unsupervised nature and their ability to learn
n underlying latent distribution of the data. Our models were
rained on paired TCR α–β chain data, interacting with 170
ifferent epitopes (for details refer to the ‘Materials and meth-
ds’ section). Latent spaces between models trained on differ-
nt partitions are not trivially aggregated. For instance, ex-
racting a ‘mean latent vector’ from models trained in a cross-
alidation setting is not feasible, as each model may have com-
ressed different aspects of the data along each dimension. As
uch, we instead opted for a training, validation, and test split
f our dataset into five partitions, using three for training, one
or validation, one for testing (see the ‘Materials and methods’
ection). Though the contact between a TCR and its cognate
eptide–MHC complex occurs mainly through the CDR3 β

oops [ 42–45 ], previous studies have demonstrated the impor-
tance of including the three CDR loops from both the α and β

chains in order to assess and predict the TCR specificity [ 19 ,
21 , 46 , 47 ]. Therefore, our models were trained including all
six CDRs. 

Generating a tractable latent space 

To assess the latent representation of the TCR sequences, we
first investigated the model’s ability to accurately reconstruct
the TCR input. We compared multiple hyperparameters, pick-
ing the best model based on validation accuracy. The results
show that using a lower weight for the KLD term with an
annealing schedule on the weight of the KLD term improved
reconstruction from the latent vector, achieving up to 99.3%
average sequence reconstruction accuracy for the best model
on both the validation (data not shown) and test datasets (see
Fig. 3 ). 

Previous studies have noted the importance of ‘disentan-
gling’ the latent space to improve its usefulness for down-
stream tasks as well as the relationship between a disentangled
representation and a poorer reconstruction accuracy [ 38 , 48 ].
Seeking to tune our latent space for specific downstream tasks,
we introduced a semi-supervised approach with multiple lev-
els of semi-supervision. This involved using a cosine-distance
triplet loss on the latent dimensions. Additionally, we trained a
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Figure 3. Reconstruction accuracies for all models tested. The models labelled ‘Best’ were trained using additional tricks such as a custom loss regime 
and weights for the reconstruction loss of individual CDRs (increased weights for CDR3a and CDR3b). The baseline models were trained without any 
specific changes e x cept the weight of the KLD. The ‘Best’ models were trained with a custom regime for the weight of the KLD and an increased 
weight placed on the reconstruction loss on the CDR3a and CDR3b chains. The ‘Best’ models were selected as the models with the highest 
reconstruction accuracy at 10 0 0 0 and 20 0 0 0 epochs, respectively. The baseline methods were trained until 10 0 0 0 epochs using a weight on the KLD 

of either 1 or 1e −2. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

simple one-hidden layer FFNN in tandem with the VAE using
the latent features, creating what we term a ‘two-stage VAE’ to
force the latent space to learn patterns based on peptide speci-
ficities (see the ‘Materials and methods’ section). Our model
using both the cosine triplet loss and the two-stage framework
uses ‘two levels’ of semi-supervision. 

As a first benchmark, we benchmarked the power of the
latent space representation of the VAE models against the se-
quence similarity-based method TCRbase. In short, we com-
pare query sequences to a database of positive TCRs to a given
peptide, assigning a prediction score from the similarity to the
most similar hit. Next, these scores can be used to compute
a receiver operating characteristic AUC for the query dataset
for the given peptide. Partial AUCs for a maximum false pos-
itive rate of 10% (AUC 0.1) were also computed. The latter
calculated using McClish standardization [ 49 ]. For more de-
tails on the original TCRbase implementation, refer to [ 19 ].
Here, we used this approach with our VAEs by using cosine
similarities between latent space vectors as the similarity met-
ric. We further included in the benchmark a version of the
VAE trained using only the CDR3 loops ( α and β). To avoid
AUC distributions being skewed by peptides with few known
TCR binders, we only report the AUC for the peptides with
at least 20 known binders in the test partition, leaving TCRs
specific to 17 peptides out of the 170 in the dataset. The
AUCs of this benchmark are summarized in Fig. 4 A. In line
with previous studies, the model using only CDR3 loops per-
formed worse than TCRbase using all six CDR loops. Next,
including all loops in our model resulted in a substantial gain
in performance, surpassing TCRbase. Following this, we in-
cluded a cosine triplet loss to our VAE. This resulted in a mi-
nor drop in performance. However, when integrated in the
semi-supervised ‘two-stage VAE’ model, the cosine triplet loss
improves the AUC, performing better overall than all other
models as well as the baseline. This trend also holds true when
comparing AUC 0.1 values (see Supplementary Fig. S1 ). This
suggests that the latent space of the ‘two-stage VAE cosine
triplet loss’ model is better defined for TCR specificity pre-
diction, with an improved separation of the distance distri-
butions between binders and swapped negatives. This is fur-
ther supported by the similarity distribution, where the bot- 
tom right panel shows an improved separation between the 
two classes (binders and non-binders) when altering the VAE 

architecture from the simple CDR3 model to the model using 
all six CDRs and two-stage learning combined with cosine 
triple loss (see Fig. 4 B). For details on the 17 peptides and dis- 
tribution shift plots for all models on the 17-peptide test set,
refer to Supplementary Fig. S2 . 

Clustering in a multi-peptide specificity space 

To expand from a per-peptide evaluation basis, we next sought 
to evaluate various clustering strategies as a means to identify 
antigen specificity groups in disease settings [ 4 , 16 , 50 ]. Here,
we investigated several methods including K -means, agglom- 
erative, and a novel graph-based approach termed Top1Cut 
based on MSTs [ 41 ] combined with an algorithm based on 

edge scores to define cuts to trim the resulting graph into 

clusters [ 26 , 51 ]. Here, the edge score is defined from its be- 
tweenness centrality, calculated as the total proportion of all 
shortest paths between node pairs that traverse that edge. This 
score is potentially weighted (Top1Cut-weighted) by the dis- 
tance (defined by latent cosine or sequence similarity) between 

two TCRs (nodes), and in each iteration the top scoring edge 
is removed. For all methods, the optimal clustering was se- 
lected by use of the SI score [ 52 , 53 ] (refer to the ‘’Materials
and methods’ section). For K -means clustering, the latent vec- 
tor representation of the TCR was used as input. From both 

the agglomerative and Top1Cut clustering, the distance ma- 
trices were generated using cosine distances between the VAE 

latent vector representations of the TCRs. 
In this benchmark, the same subset of TCRs binding to 17 

peptides defined in the previous section was used. We first 
evaluated the latent space of our two-stage cosine VAE model 
on this data subset using t-distributed Stochastic Neighbor 
Embedding (t-SNE) and Uniform Manifold Approximation 

and Projection (UMAP) (see Supplementary Fig. S3 ). We ob- 
serve that while some peptide specificities (GILGFVFTL, LL- 
WNGPMAV, RAKFKQLL, and YLQPRTFLL) appear to form 

clusters in the latent space, for most parts the TCRs lie scat- 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf065#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf065#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf065#supplementary-data
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Figure 4. Comparison of similarity methods with TCRbase’s approach on the 17-peptide test set. TCRbase or a VAE was used to generate either the 
sequence or latent cosine similarity, respectively. ( A ) B o xplot of AUCs on the test set for 17 peptide specificities. Each point shows the AUC value for 
TCRs to a given peptide specificity. ( B ) ‘Hit’ distance distributions for each class label for GILGFVFTL. The similarity between the query (binder and 
non-binder) and the database (binders only) was computed and a hit is defined as the data point with the highest similarity (sequence or latent cosine). 
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ered around. However, such visualizations can be misleading
ue to several inherent limitations. Both t-SNE and UMAP
rioritize preserving local neighbourhood structures, often at
he expense of accurately representing global relationships
ithin the data and are sensitive to hyperparameters and ini-

ialization [ 54 , 55 ]. This focus can distort the true topology of
he latent space, leading to misinterpretations of cluster prox-
mities and separations. Following this, we focused on the la-
ent cosine distance matrices and compared the performance
f the different clustering methods using the two-stage cosine
AE latent space representation. The clustering performance
as evaluated in terms of the mean cluster purity (defined

s the proportion of TCRs sharing the majority specificity)
nd retention (i.e. the proportion of TCR placed in clusters
f size 2 and above). Curves of average purity, retention, and
I scores for the different methods at each clustering itera-
ion (or hyperparameter) are shown in Fig. 5 A and B, from
hich retention–purity curves were generated accordingly (see
ig. 5 C; refer to the ‘’Materials and methods’ section for
etails). 
In these retention–purity curves, at high retention (in the
early part of the clustering iterations), the cluster sizes are
large and the purity is overall low. Figure 5 A–C shows the
inherent trade-off between cluster purity and retention. That
is, as the cut iterations proceed, the purity increases, result-
ing in lower retention (e.g. fewer, smaller clusters). Figure 3 C
shows that all methods (with the exception of Top1Cut-
unweighted) fare similarly in the retention range of 0%–50%,
while Top1Cut-weighted achieves the highest performance for
retention above 50%. When looking at the optimal clustering
obtained (based on maximizing the SI score), the Top1Cut-
weighted method is the only algorithm with an average purity
nearing 70% (see marks on the curves in Fig. 5 C). However,
despite finding pure clusters and retaining over 70% of the
dataset using this method, a key observation is that the so-
lutions with optimal SI value for both the agglomerative and
Top1Cut methods are formed by clusters of very small size
(see Fig. 5 A and B). In fact, the mean cluster sizes of both
the agglomerative clustering and Top1Cut methods share an
average cluster size around 3 at optimal SI (see Fig. 5 A and
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Figure 5. Benchmark of clustering methods on the 17-peptide subset. ( A ) Metrics at each iteration for the Top1Cut-weighted algorithm. Values on the 
main Y -axis (SI, mean purity, and retention) range from 0 to 1. Values on the secondary Y -axis (mean size and N above) range from 1 to 2 8 on a log 2 
scale. Max SI indicates the optimal clustering iteration. N abo v e indicates the number of clusters with a purity abo v e 75% and size of 5 or above. ( B ) 
Metrics at each distance threshold used for the agglomerative algorithm. The agglomerative algorithm is a bottom-up approach; hence, the progression 
of mean purity and retention is in v erted with respect to iterations compared to Top1Cut-weighted. ( C ) Retention–purity curves for each of the methods 
benchmark ed. T he mark ers indicate the optimal SI solution. ( D ) Metrics f or the optimal SI solution f or eac h of the methods benc hmark ed. A ggregated 
metric is defined as the mean of mean purity and retention. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

B). Further, looking at the number of clusters with a purity
above 75% and size of 5 and above (red curves in Fig. 5 A
and B), we observe that the Top1Cut-weighted method main-
tains no such clusters at the optimal SI solution, and similar
conclusions can be reached for the Top1Cut-unweighted and
K -means methods (see Supplementary Fig. S4 ). In contrast, for
the agglomerative clustering, the optimal SI solution falls very
close to the peak number of such clusters. Together, these ob-
servations suggest that given the current data, the agglomera-
tive method achieves the most biologically relevant clustering
solution despite resulting in a slightly decreased cluster purity.

Analysis of top clusters and benchmark of distance 

matrices 

A key observation from the cluster size analysis was the over-
all small size of the clusters in the optimal SI solution for
all the investigated methods. We speculate that noise of mis-
labelled and / or wrongly annotated TCR data would be the
main source leading to this behaviour. The presence of such 

noise in TCR specificity data is a known and well-documented 

phenomenon [ 7–9 ]. With the 17-peptide subset, we observe 
clear signals of such noise when using both the VAE and 

TCRbase distance matrices sorted by peptide specificities (see 
Supplementary Fig. S5 ). That is, we observe TCRs annotated 

to the same peptide often found to share very low mutual sim- 
ilarity, as evidenced by the lack of dense, low distance clusters 
along the diagonal. And likewise, TCRs annotated to a given 

peptide were found to show high similarity to TCRs specific 
to another peptide, as apparent from the occurrence of low- 
distance cluster regions away from the diagonal. We hypoth- 
esize that these properties overall will result in the formation 

of small clusters when using the SI score as clustering metric. 
To verify the hypothesis, we conducted an analysis using 

synthetic distance matrices with different degrees of defined 

noise and data from the 17-peptide subset denoised to differ- 
ent degrees of purity (for details on the experiment and its 
results, refer to Supplementary data ). In short, the outcome of 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf065#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf065#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf065#supplementary-data
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Figure 6. Benchmark of distance matrices on the 17-peptide subset using the agglomerative algorithm. ( A ) Retention–purity curves for each of the 
methods benchmarked. The markers indicate the optimal SI solution. ( B ) Metrics for the optimal SI solution for each of the distance matrices 
benchmark ed. A ggregated metric is defined as the mean of mean purity and retention. 
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hese experiments confirmed our hypothesis. We found that
hile both the agglomerative and Top1Cut-weighted methods

ould achieve perfect clustering results in cases with no or lim-
ted noise, they both were challenged when noise (and in par-
icular mislabelling and cross-reactivity) was introduced. In
hese cases, both methods resulted in solutions with small clus-
ers. It is, however, worth noticing that in these experiments
hile the Top1Cut-weighted method was demonstrated resis-

ant to normal noise, its clustering performance falls off in a
cenario with biological noise (mislabelling, cross-reactivity).
n contrast, while the agglomerative method struggles under
ormal noise, it achieved similar performance in terms of av-
rage purity and retention as the Top1Cut-weighted method
n the biological setting but with overall larger clusters. These
bservations are thus in agreement with the findings in Fig. 5 ,
nd based on these results, we opted for using the agglomera-
ive method for the remaining part of the analysis. 

To further investigate the source of this noise and potential
islabelling, we next investigated properties of the ‘best clus-

ers’, defined by a minimum purity of 75% and size of 5 or
arger, as obtained by the agglomerative clustering with our
est VAE model for the 17-peptide test set. This dataset con-
ists of TCRs from three sources, 10x Genomics (filtered with
TRAP-1.0), IEDB, and VDJdb, with a relative proportion of
4.6%, 6.3%, and 39.1%, respectively. Of these, in particu-
ar the 10x Genomics data have previously been suggested to
hare substantial issues with mislabelling and cross-reactivity
 7 , 9 ]. Among the ‘best clusters’, the corresponding propor-
ions of TCRs were 65.3%, 6.9%, and 27.8%, respectively.
hese numbers are approximately in line with the proportions

ound across these entire data test set, with a slight enrichment
or TCRs originating from 10x data and depletion for VD-
db. Additionally, investigating the annotated pMHC targets
or the TCRs in these ‘best clusters’, we find that these were
nriched in specificity towards LLWNGPMAV, GILGFVFTL,
nd RAKFKQLL and depleted towards KLGGALQAK (see
Supplementary Table S1 ). These findings are in line with the
prediction performances previously reported for these same
peptides in, for instance, [ 21 ], with the enriched peptides shar-
ing a high and the depleted peptide a low predictive perfor-
mance. However, we observed a surprisingly small proportion
of clusters specific to ELAGIGILTV, despite its high perfor-
mance reported in [ 21 ] and high degree of separation in the la-
tent space (see Supplementary Table S1 , sheet ELAGIGILTV).
We hypothesize that this is likely due to the noise present be-
tween TCRs specific to ELAGIGILTV and LLWNGPMAV (see
Supplementary Fig. S2 ). This is further supported by the clus-
ters found for LLWNGPMAV ( Supplementary Table S2 , Clus-
ter ID 440), where the cluster of size 18 and purity of 78%
had four misclustered TCRs, all specific to ELAGIGILTV.
While these results suggest that the ‘noise’ is not particularly
driven by one data source, they also illustrate that the noise
present is likely non-random and that our models and evalu-
ation results could very likely be improved by use of cleaner
data. 

Having thus selected an optimal clustering method, we next
benchmarked it in the context of the 17-peptide subset in
terms of distance matrices generated using the cosine sim-
ilarities of the latent space of the VAEs trained as one or
two stages with triplet loss and the distance matrices gener-
ated using TCRbase and tcrdist3. The benchmark was con-
ducted in a similar manner as in Fig. 5 by performing itera-
tive clusterings to generate purity versus retention curves, and
indicating the optimal solution as defined from the max SI
value. The results of this analysis are included in Fig. 6 A and
demonstrate that both VAEs learned useful patterns in the
latent space, as both outperformed the two sequence-based
methods on the aggregated metric. Further, the results sup-
port the results from Fig. 4 , with a superior performance in
terms of both purity and retention of the two-stage model
over both the one-stage and the two sequence-based models
(Fig. 6 B). 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf065#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf065#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf065#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf065#supplementary-data
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Figure 7. Repertoire analyses. Boxplots representing the bootstrapped distributions of average purity, retention, and aggregated metrics for the target 
class (e x cluding TCRs clustered with sequences from the health y back ground) across the repertoire datasets. Random samples from a health y 
back ground w ere combined with disease-specific repertoires in a 1:1 ratio. T his process w as repeated 100 times with different seeds f or bootstrapping. 
( A ) B o xplot of clustering metrics for the COVID dataset, consisting of 43 repertoires bootstrapped 100 times, totalling 4300 runs. ( B ) B o xplot of clustering 
metrics for the cancer dataset for QVDYYGLYY-specific TCRs, consisting of four repertoires bootstrapped 100 times, totalling 400 runs. ( C ) B o xplot of 
clustering metrics of the cancer dataset for KSAIVTLTY-specific TCRs, consisting of four repertoires each bootstrapped 100 times, totalling 400 runs. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Generalizing to unseen patient repertoires 

Building on the insights gained from our clustering evaluation,
we next investigated our TCR clustering approach on unseen
data beyond the semi-supervised context. To this end, we con-
ducted an analysis on immune repertoires from S AR S-CoV-2
[ 31 ] and cancer patients [ 29 ] incorporating data from multiple
studies to evaluate our approach in a real-world scenario. In
all cases, we generated a TCR background from healthy con-
trol from the OTS database [ 13 ], keeping only non-expanded
TCRs (i.e. TCRs with a count value of 1) that do not overlap
with the diseased repertoires (for details refer to the ‘’Materi-
als and methods’ section). Data from the disease settings were
merged with subsampled data from the healthy background
with 100 different seeds in a bootstrap framework. This re-
sulted in 4300 mixed repertoires for the COVID dataset and
400 mixed repertoires for the cancer dataset. The agglomera-
tive algorithm was applied to the distance matrices generated
by our VAE (trained on the 170-peptide-specific training set)
using the cosine of the latent TCR representation, or sequence-
based matrices from TCRbase and tcrdist3. The results of
this analysis are detailed in Fig. 7 , with each panel represent-
ing a different dataset: S AR S-CoV-2, cancer (QVD YYGL YY- 
specific), and cancer (KSAIVTL TY-specific), respectively . 

Focusing first on the S AR S-CoV-2 data (Fig. 7 A), all dis- 
tance matrices exhibited comparable performance in terms of 
average cluster purity, while the VAE models display an overall 
higher retention rate. Performing the same cluster size analysis 
as for Fig. 5 , we found a similar trend with respect to iterations 
and optimal SI here (see Supplementary Fig. S6 ). 

When accounting for both metrics, the two-stage cosine 
triplet model performs best overall outperforming both TCR- 
base and TCRdist. This boost in performance for the VAE 

models can likely at least in part be attributed to the large pres- 
ence of COVID epitopes and TCRs being present on the train- 
ing data for the VAE (give some values for the number and 

proportion of peptides and TCR from COVID in the training 
data). In summary, in the S AR S-CoV-2 setting, we observe a 
similar trend as in the peptide setting, with performance (rep- 
resented by the aggregated metric) improving from no semi- 
supervision (one-stage) towards the two-stage VAE with two 

levels of semi-supervision. In addition, the mean cluster size 
at the optimal SI solution was larger on average compared to 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf065#supplementary-data
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Table 1. Counts and percentage found in the respective databases for 
each percentile-based cluster groups: Group 1 ( ≤50%), Group 2 (50% 

< p ≤ 60%), Group 3 (60% < p ≤ 70%), Group 4 (70% < p ≤ 80%), 
Group 5 (80% < p ≤ 90%), and Group 6 (90% < p ≤ 100%) 

Count % IEDB % Train 
% Healthy 

(background) 
% Healthy 
(expanded) 

Group 1 17 262 5 .31 3 .20 0.00 0.00 
Group 2 352 11 .36 10 .23 0.00 0.00 
Group 3 195 11 .28 10 .26 0.00 0.00 
Group 4 108 16 .67 14 .82 0.00 0.93 
Group 5 107 19 .63 27 .10 0.00 3.74 
Group 6 192 21 .35 18 .75 2.08 2.08 

Given that only a minority of the data in the IEDB dataset contained a CDR3 
alpha chain (4.74% of n = 92 482), a match was defined using only the 
CDR3 beta chain for the IEDB and training datasets. A match against the 
healthy datasets (background and expanded) was defined using a combined 
match (CDR3 alpha and beta). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

he Top1Cut-weighted method (data not shown), further re-
nforcing our method’s choice. 

On the other hand, in the cancer setting (Fig. 7 B and C),
he overall best-performing VAE method was found to be the
wo-stage model trained without triplet loss. This can likely
e explained by the very low similarity of two investigated
eo-epitopes KSAIVTLTY and QVD YYGL YY to the epitopes
n the training data, the most similar being VAANIVLTV and
TSD YYQL Y with mutual peptide Levenshtein distances of 5
nd 5, respectively. For more details, refer to Supplementary 
ig. S7 . However, here the VAE method outperforms TCRbase
nd performs at least on par with if not better than TCRdist.
n the cancer setting, the performance gain by including semi-
upervision is not as noticeable, with all VAEs faring similarly
ith regards to the aggregated metric, however, with the two-

tage no-triplet model performing best when accounting for
oth peptide subsets (KSAIVTLTY and QVD YYGL YY). 
One thing to note is the larger spread in performance. We

peculate that it can partly be attributed to inherent differ-
nces in the distribution of the data. First, there are much
ewer unique sequences for each repertoire in the cancer set-
ing versus the S AR S-CoV-2 setting. Second, there are fewer
epertoires available ( n = 4) compared to the COVID dataset
 n = 43). In another analysis, we observed that the variability
n clustering metrics came from the sampling of the healthy
ontrol ( n = 100, sampling with no replacement), as well as
rom between repertoires themselves (data not shown). With
nly four repertoires and fewer sequences available, the vari-
bility from sampling may become more apparent than in the
OVID case. Finally, the clustering task itself is more challeng-

ng, as a given patient repertoire contains sequences that have
een matched in either a tetramer-KSAIVTLTY or tetramer-
VD YYGL YY sample, whereas the COVID setting only had

wo classes to cluster from. 

ost-hoc analysis of COVID repertoire clusters 

e speculated that TCRs clustered in COVID repertoires may
epresent TCR specific to common infections (e.g. influenza,
BV). Also, we wanted to investigate to what degree the iden-
ification of COVID-specific clusters were driven by similari-
ies to the data used from training of the VAE mode. To inves-
igate these two points, we conducted a post-hoc analysis on
he cluster results from all the COVID repertoires. 

Specifically, for each repertoire ( n = 43), we looked at
ll repetitions ( s = 100) and grouped TCRs based on
ow many times they appeared in a ‘best cluster’ (de-
ned as purity > 75%, size ≥5) out of 100 runs, defining
ix groups (percentile-based): Group 1 ( ≤50%), Group 2
50% < p ≤ 60%), Group 3 (60% < p ≤ 70%), Group 4
70% < p ≤ 80%), Group 5 (80% < p ≤ 90%), and Group
 (90% < p ≤ 100%). Then, we defined four reference
atasets: COVID-specific TCRs in IEDB, TCR in our train-
ng set, expanded TCRs in the healthy repertoires (TCRs with
 count value > 1, excluded in the sampling process and analy-
is above), and background TCRs in healthy repertoire (TCRs
ith a count value = 1, included in the sampling process and
nalysis above). Next, we compared the TCR from each of
he six groups to the different reference datasets to identify
o what degree TCRs found in a given cluster group would
lso be found in each reference dataset. Here, the expectation
ould be that the overlap between the IEDB (and potentially

he training data) should increase as the cluster group level
increases, and overlap to the healthy control background re-
mains low. With respect to the set of expanded healthy con-
trol TCR, we would expect an increased overlap if the clusters
identified in the COVID repertoire were non-COVID-specific
(i.e. specific to common background infections), and a con-
stant low overlap if the clusters were COVID-specific. The re-
sults of this analysis are summarized in Table 1 . 

Looking first at the distribution of TCRs among the six
groups, the majority of sequences fall into Group 1 (17 262
TCRs), indicating that most TCRs appear in a ‘good’ clus-
ters (e.g. clusters with high purity and adequate size) < 50%
of the time in repeated sampling. The sequences in this group
also show only minimal overlap with the IEDB COVID refer-
ence set or the training data (5.31% and 3.20%, respectively),
which suggests that a large proportion of these TCRs are not
strongly associated with known COVID epitope-specific TCR
in our references, at least based on the current clustering crite-
ria. In contrast, TCRs that pass higher thresholds (Groups 2–
6) exhibit increasing overlap with IEDB, reflecting a stronger
potential link to COVID-specific TCRs. At the same time, this
increase is similarly reflected in the training set, suggesting that
these TCRs to some degree overlap with the COVID-specific
TCRs seen during training. In contrast, TCRs found in good
clusters did not appear in either the background or expanded
healthy references for the first three clustering levels, and only
minimally for levels 4–6 (all values below 4%, and all much
below the overlap to the IEDB dataset). Together, these results
suggest that the good clusters found in this re-sampling exper-
iment do not simply occur due to artefacts from overlap with
the training data or TCRs to other infections, and that they
likely reflect TCRs specific to COVID-related epitopes. 

The TCRCluster method 

The developed VAE model and clustering procedure is made
available at a tool called TCRCluster through a web server and
stand-alone tool hosted at https://services.healthtech.dtu.dk/
services/ TCRcluster-1.0/ . The data used to train, validate, and
test the models, as well as the code used to run the backend
and train the VAE models of the web server, can be found at
https:// github.com/ mnielLab/ tcrcluster _ backend . 

Input data must be provided in a comma-separated format,
with each data point being the sequence of all six CDR loops
(CDR1a, CDR2a, CDR3a, CDR1b, CDR2b, and CDR3b),
and optionally a label for each TCR sequence. Here, the CDRs
must be defined according to IMGT nomenclature defined ear-

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf065#supplementary-data
https://services.healthtech.dtu.dk/services/TCRcluster-1.0/
https://github.com/mnielLab/tcrcluster_backend
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results on the COVID dataset further show that our models 
lier, i.e. with CDR1 defined as positions 27–38, CDR2 as po-
sitions 56–65, and CDR3 as positions 105–117. The user may
choose which of the four VAE models to use and whether to
run the optimization process, e.g. picking the optimal cluster
solution based on the SI score, or provide a distance threshold
with which to cluster. The program first uses the selected VAE
model to extract the latent features. Then, the features are con-
verted into a latent cosine distance matrix that serves as input
for the clustering part. Finally, if the optimization process was
selected, the agglomerative algorithm will be applied with a
set of distance thresholds, and the optimal threshold will be
selected based on the maximum SI score. If a custom distance
threshold is given, the cluster solution for that threshold will
be returned. 

The program’s output provides the extracted latent features
with the corresponding predicted cluster labels and distance
matrix. If the optimization process was used, clustering met-
rics at each distance threshold tested in the optimization pro-
cess can also be downloaded in a summary table. This ta-
ble includes metrics such as the SI score, the number of clus-
ters, and mean cluster purity, allowing users to evaluate the
clustering performance and select alternative solutions if de-
sired. Additionally, users can download visualizations of the
optimization curve and other relevant outputs, facilitating an
in-depth analysis of the clustering results. These outputs en-
sure transparency and allow for further downstream analy-
sis, while giving the user the option to re-run a clustering
with a manual distance threshold based on the optimization
outputs. 

Discussion 

In this work, we have presented TCRCluster, an ML frame-
work for TCR featurization and clustering. The TCR fea-
turization is performed utilizing VAEs, capable of learning
and generating a meaningful latent representation of TCRs
by leveraging paired α–β chain data. 

We first evaluated the latent space by assessing reconstruc-
tion accuracy, achieving up to 99.3% sequence reconstruction
on validation and test datasets for our best models using six
CDR loops. Fine-tuning hyperparameters, including the use
of an annealing schedule for the KLD term, was critical in
enhancing reconstruction fidelity. Incorporating tailored loss
regimes, such as weighted reconstruction losses for CDR3 α

and CDR3 β, further improved performance. These findings
underscore the potential of VAEs to generate latent spaces that
faithfully represent TCR sequences. 

To enhance the latent space’s utility for downstream tasks,
we introduced a semi-supervised learning approach, incor-
porating cosine-distance triplet loss and a two-stage VAE
framework. These modifications resulted in improved the la-
tent space representation encoding specificity-related patterns,
with improvements reflected in the separation of distance dis-
tributions between binders and non-binders. We found that
using all six CDR loops, combined with semi-supervised ap-
proaches, improved the tractability of the latent space, thus
making the latent space representations better suited for pre-
diction and clustering tasks. In particular, employing both a
triplet loss and a two-stage model during training boosted the
model’s ability to generate meaningful latent vector represen-
tations. Moreover, they were shown to share enriched infor-
mation that could be used to compare latent similarities be-
tween TCRs, which outperformed traditional sequence-based
methods such as tcrdist3 and TCRbase in clustering tasks.
While some studies have included HLA-typing into their mod- 
els [ 23 , 56 ], others have found limited benefit to adding such 

an encoding in their models [ 19 , 20 ]. Furthermore, our ex- 
periments with encoding V and J genes categorically did not 
yield any performance gains (data not shown), and we spec- 
ulate that categorically encoding HLA would similarly offer 
little benefit given that a few HLA alleles dominate our train- 
ing data. 

Extending beyond single-peptide evaluations, we next ex- 
plored clustering methods to group TCRs by antigen speci- 
ficity. Benchmarking K -means, agglomerative clustering, and a 
novel graph-based Top1Cut algorithm revealed distinct trade- 
offs between cluster purity and retention. Top1Cut-weighted 

clustering demonstrated superior retention at higher purity 
thresholds, although its optimal solutions often comprised 

small clusters. In contrast, agglomerative clustering achieved 

biologically relevant groupings, maintaining larger cluster 
sizes with acceptable purity levels. These outcomes suggest ag- 
glomerative clustering’s suitability for datasets with inherent 
biological noise, such as mislabelling or cross-reactivity. Al- 
though our VAE-based distance metrics and clustering meth- 
ods successfully identified enriched clusters for a subset of pep- 
tides, the overall cluster sizes remained small, suggesting that 
noisy or incorrectly annotated TCR data can disrupt other- 
wise promising results. Collectively, this analysis emphasizes 
the need for cleaner training data and more robust methods 
that can mitigate noise effects, ensuring that models can train 

on and accurately capture the underlying biology of TCR 

specificity. 
Finally, we evaluated our model’s ability to generalize to 

unseen immune repertoires from S AR S-CoV-2 and cancer pa- 
tients. In S AR S-CoV-2 data, the two-stage VAE outperformed 

both TCRbase and tcrdist3, likely benefiting from the over- 
lap of epitopes and TCRs with the training data. In cancer 
datasets, the VAE models also surpassed TCRbase and per- 
formed comparably or better than tcrdist3. Notably, the two- 
stage model trained without triplet loss performed best in 

these settings, likely reflecting the unique challenges posed by 
neo-epitope data. In contrast to the peptide-specific case, the 
improvement from using semi-supervised models varies for 
all models across datasets, with no clear pattern emerging in 

the repertoire task. While the level 2 semi-supervised model 
showed notable advantages in the first two tasks, its perfor- 
mance in the third generalization task did not show significant 
improvement. 

Despite our semi-supervised strategy, the ability of our 
combined framework to generalize to unseen patient reper- 
toires underscores its potential for real-world applications in 

immunotherapy and diagnostics. When applied to datasets 
from S AR S-CoV-2 and cancer repertoires, our models demon- 
strated robust clustering performance, with the two-stage co- 
sine triplet VAE consistently outperforming baseline methods.
However, variability across datasets indicates room for im- 
provement in adapting the latent space to diverse repertoires.
This suggests that even though the model was optimized for 
semi-supervised tasks, it retains a reasonable level of flexibility 
in adapting to unseen data, reinforcing its value in scenarios 
requiring both specificity and generalization. Together, these 
contributions emphasize the need for continued refinement of 
both latent representation learning and clustering methodolo- 
gies to address noise, cross-reactivity, and data scarcity. Our 
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ain information through semi-supervision, paving the way
or potential model refinement using disease-specific data. By
epeatedly clustering 43 repertoires and assigning each TCR
o one of six clustering groups each with increasing cluster-
ng occurrence likelihoods, we found that the majority of se-
uences (17 262) in Group 0 (lowest clustering occurrence
ikelihood) showed little overlap with either the IEDB COVID
eference or our training data, implying that the unclustered
CRs likely did not have any specificity for COVID epitopes.

n contrast, sequences in groups with higher clustering likeli-
ood demonstrated greater overlap with IEDB, suggesting a
tronger potential for COVID-specific TCRs, while remaining
ostly absent from both expanded and background healthy

eferences. This pattern indicates that the observed clusters are
nlikely to be mere artefacts arising from training data overlap
r cross-reactivity with other common infections, but rather
eflect an enrichment of TCRs relevant to COVID-related
pitopes. 

In conclusion, our findings demonstrate the versatility and
ccuracy of VAEs in accurate featurization and representa-
ion of TCRs, highlighting their potential for applications
n immune repertoire analysis and antigen-specific clustering
nd specificity prediction. The semi-supervised enhancements
nd clustering benchmarks provide a framework for analysing
omplex immune datasets, with implications for advancing
ur understanding of immune responses in disease contexts.
uture work should focus on mitigating the effects of biolog-

cal noise and further refining clustering strategies to improve
pplicability to broader datasets. 
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