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Abstract

Immune repertoire classification, a typical multi-
ple instance learning (MIL) problem, is a fron-
tier research topic in computational biology that
makes transformative contributions to new vac-
cines and immune therapies. However, the tradi-
tional instance-space MIL, directly assigning bag-
level labels to instances, suffers from the mas-
sive amount of noisy labels and extremely low
witness rate. In this work, we propose a noisy-
label-learning formulation to solve the immune
repertoire classification task. To remedy the inac-
curate supervision of repertoire-level labels for a
sequence-level classifier, we design a robust train-
ing strategy: The initial labels are smoothed to
be asymmetric and are progressively corrected us-
ing the model’s predictions throughout the train-
ing process. Furthermore, two models with the
same architecture but different parameter initial-
ization are co-trained simultaneously to remedy
the known “confirmation bias” problem in the
self-training-like schema. As a result, we ob-
tain accurate sequence-level classification and, sub-
sequently, repertoire-level classification. Experi-
ments on the Cytomegalovirus (CMV) and Can-
cer datasets demonstrate our method’s effective-
ness and superior performance on sequence-level
and repertoire-level tasks. Code available at https:
//github.com/TencentAILabHealthcare/NLL-IRC.

1 Introduction
Adaptive Immune Receptor Repertoires (AIRRs), including
T-cell receptors (TCRs) and B-cell receptors (BCRs), can
be mined for insights into the working mechanisms of the
immune system, which is responsible for eliminating patho-
logical microbes and toxic or allergenic proteins [Sá-Nunes,

†Work done during an internship at Tencent AI Lab. ‡ Corre-
sponding author

2021]. There is a tremendous number of unique intra-
individual and inter-individual adaptive immune receptor se-
quences to cover a broad space of potential antigens [Davis
and Bjorkman, 1988]. For instance, the unique number of
TCRs is estimated to maintain between 107 and 108 sampled
from 1014 potential TCRs [Arstila et al., 1999]. Upon anti-
gen encounter, the B/T cells proliferate, producing daughter
cells expressing the same antigen-specific AIRR sequences.
As a result of this clonal expansion, a fraction of the acti-
vated adaptive immune cells matures to a memory stage, leav-
ing a signature of response [Farber et al., 2013]. Therefore,
these signatures recognize antigens and record information
on past and ongoing immune responses [Brown et al., 2019]
that may serve as ultrasensitive biomarkers. Recently, stud-
ies about TCRs repertoire have succeeded in various medi-
cal applications, including predicting the presence of immu-
nity after vaccination or infection, predicting the presence of
disease, especially cancer and immune diseases, and design-
ing antibody-based therapeutics [Greiff et al., 2020]. More-
over, many pioneer de novo prediction methods have been
proposed for immune repertoire classification [Widrich et al.,
2020; Ostmeyer et al., 2020b; Sidhom et al., 2021], paving
the way toward new vaccines and therapies.

The immune repertoire classification can be formulated as
a multiple instance learning problem. An individual’s reper-
toire is profiled as a bag of TCR sequences (instances), and
the repertoire-level label indicates the immune status. Cur-
rent state-of-the-art studies solve this problem from the bag-
classification perspective, i.e., generate a bag-level embed-
ding for classification by aggregating the features of instances
in a bag [Widrich et al., 2020; Ostmeyer et al., 2020b]. We
remark that such methodology suffers from two obstacles in
practice:

• As most TCR sequences are irrelevant to the disease of
interest (i.e., the extremely low witness rate), the bag-
classification methods, involving mostly irrelevant se-
quences when representing the repertoire, can hardly
learn the immune responses of each individual sequence.

• The massive number of TCR sequences in each reper-
toire makes it computationally infeasible to feed all of
them into a model. While sub-sampling the sequences
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Figure 1: (a) The robust training process with co-training and label correction. ASA stands for asymmetric self-adaptive label correction,
which combines historical predictions and repertoire-level labels to supervise training. Dash lines indicate stop-gradient. (b). The inference
process of our method, which can naturally perform disease-associated sequence identification and is ready for repertoire classification (c).
Model architecture. Dash lines indicate "optional".

inevitably filter out some of those specific to the anti-
gens of interest, leading to sub-optimal performance.

Therefore, we suggest that the instance-space paradigm MIL
is a more suitable solution. However, the traditional instance-
space MIL assigns the bag-level label to each instance, suf-
fering from misleading supervision.

In this work, we propose to address the immune repertoire
classification and associated sequence identification tasks us-
ing a noisy-label-learning formulation. We develop a model
for learning sequence-level (instance-level) concepts to di-
rectly characterize the biological relevance relationship be-
tween the target antigens and the TCR sequences. The
repertoire-level (bag-level) label is first utilized as a noisy
substitution for the inaccessible ground-truth sequence-level
label. Only part of the obtained sequence-level labels is con-
sistent with the ground truth because the repertoire status does
not strictly correspond to the sequence-antigen association.
Therefore, the original MIL task is formulated as a noisy
label problem [Algan and Ulusoy, 2021; Song et al., 2020;
Han et al., 2020], and we cope with it using robust training.

For the design of the robust training method, we first note
that 1). the healthy subjects would not have systemic pro-
liferation of the disease-associated TCRs, and 2). the pa-
tients would have more disease-specific TCRs, but a large
proportion of the overall pool of TCRs is still irrelevant [Sid-

hom et al., 2021] (we observe the low witness rate in Sec.
3.1 and empirically verify the domination of false positives
in Sec. 3.5). To make the model learn from inaccurate la-
bels, which mostly consist of false positives, an asymmet-
ric self-adaptive pseudo-labeling strategy is proposed. Modi-
fied from the label smoothing technique [Pereyra et al., 2017;
Lukasik et al., 2020], the initial training target is smoothed
only when the sequence comes from a patient’s repertoire.
The positive labels are progressively corrected using the pre-
dictions throughout the training process. Having a self-
training-like process, the model’s error would accumulate
over training. To alleviate this, we employ co-training, i.e.,
maintaining two models and letting each learn from its peer.

After the robust training as shown in Fig. 1(a), our model
can produce sequences’ level of relevance to the disease of in-
terest. The sequence-level classifier can also make inference
on every TCR sequence in a repertoire, followed by a sim-
ple fusion strategy to form a repertoire-level prediction, as in
Fig. 1(b). In summary, our key contributions are:

• We propose a noisy-label-learning formulation that uti-
lizes repertoire-level concepts to train a sequence-level
classifier for both immune repertoire classification and
disease-associated TCR sequence identification.

• We design a robust training algorithm for the sequence
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classifier. Noisy labels are refined using the asymmetric
self-adaptive correction strategy. What’s more, to allevi-
ate the confirmation bias in the self-training, we deploy
co-training to produce better training signals.

• We verify our method on the CMV and Cancer dataset.
The results demonstrate our method’s superiority in im-
mune repertoire classification and disease-associated se-
quence identification.

2 Method
2.1 Problem Setting
Assuming N Individuals’ repertoires are denoted as
{R1, . . . , RN} and the corresponding repertoire-level con-
cepts are denoted as {Y1, . . . , YN}. Y ∈ {0, 1}, where 1
represents that subject is positive, and 0 represents negative
(To simplify the discussion, we assume the task is binary
classification, although our method can be easily extended to
multi-class or regression). Each repertoire consists of a large
amount of sequences {s1, . . . , sM} and their corresponding
frequency {ρ1, . . . , ρM}. Each sequence also has underly-
ing corresponding sequence-level labels y, where y ∈ {0, 1},
where 1 represents that the TCR is associated with the dis-
ease of interest, and 0 represents that it’s not. We assume the
sequence-level label is unavailable during training. Only a
relatively small amount of them are known and used for eval-
uation. We have two objectives:

• Repertoire classification, i.e., a mapping function F :
R 7→ Y .

• Disease-associated sequence identification, i.e., a map-
ping function f : s 7→ y

2.2 Our Method
Many previous methods model the repertoire classifica-
tion problem as MIL, and some of them identify disease-
associated sequence as a side feature. Our work attempts to
learn the antigen-driven responses directly. However, the cor-
responding antigen of most of the sequences within reper-
toires is unknown. It’s hard to obtain enough labeled se-
quences for the training of a deep model. Considering the
characteristics of this problem, we transform the repertoire-
level labels to noisy sequence-level labels, i.e., letting Y = ỹ.
ỹ is the noisy sequence label and may not be the same as
the ground-truth y, especially when the sequence is from the
repertoire of a patient. We are to train a sequence-level model
f : s 7→ y, which predicts whether an input sequence be-
longs to a sequence-level concept, i.e., disease-irrelevant or
disease-associated.

Model Architecture
We use a simple adaption of the Transformer architecture
[Vaswani et al., 2017] named FT-Transformer [Gorishniy
et al., 2021]. It is designed for tabular data and can take
both categorical and numerical data as input. To better ex-
tract meaningful information from the complex CDR3 se-
quences, we use TCR-BERT [Devlin et al., 2019] – a BERT-
like pre-trained model for TCR sequences – to obtain fea-
ture representation. Then the categorical V/D/J genes and

feature representations of CDR3 sequences are fed into the
FT-transformer. The transformer-based model has been ex-
tensively used, so we do not elaborate on the details here.
Please refer to [Vaswani et al., 2017; Gorishniy et al., 2021].
The structure is shown in Fig. 1 (c).

Training Schema
After using the repertoire-level label Y as noisy label ỹ for
training, conventional Empirical Risk Minimization (ERM)
is deemed to fail to obtain a generalizable model. Therefore,
we design a training schema that is robust to noisy labels.

As found in several previous studies [Rolnick et al., 2017;
Li et al., 2020b; Guan et al., 2018], model predictions mag-
nify useful information in data. The self-adaptive training
[Huang et al., 2020] thus progressively corrects the training
targets using the Exponential Moving Average (EMA):

ti,j = α× ti,j−1 + (1− α)× p(yi = 1 | xi, θj−1) (1)

where ti,j is the training target for i-th sample in j-th epoch.
α is a hyper-parameter that controls how quickly the history
predictions replace the training targets.

Label smoothing is a commonly used technique in robust
training. In a binary classification task, it replaces the one-
hot encoded label vector with a mixture of the original one
and the uniform distribution, as shown in Eq. 2. β is a
hyper-parameter that controls how much the training targets
are smoothed. Considering the domination of false positive
samples in our problem, we modify the original form to only
smooth the target label when the sample is positive. It is used
to initialize the training target as Eq. 3 and integrated with
the self-adaptive strategy.

ti =

{
1− β, yi = 1
β, yi = 0

(2)

ti,0 =

{
1− β, yi = 1
0, yi = 0

(3)

We use the soft cross-entropy as the only training loss after
correcting the training target,

L = −
∑
i

ti,j log(p(yi = 1 | xi, θj))

+(1− ti,j)log(p(yi = 0 | xi, θj))

(4)

The model is trained for several epochs before using the cor-
rected training targets (the number of warm-up epochs is a
hyper-parameter and tuned with others).

After introducing pseudo-labels, the known “confirmation
bias” problem [Tarvainen and Valpola, 2017; Arazo et al.,
2020] appears: the model’s wrong predictions would be used
to guide subsequent training, making the error accumulate.
To address this problem, we introduce co-training. Specif-
ically, two models with the same architecture but different
random parameter initialization are trained simultaneously.
Instead of self-training, The training targets generated by one
model, as in Eq. 1, are to train its peer. The final results are
their ensemble (the average of their outputs probabilities).
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Repertoire Classifier
The repertoire classifier F is constructed using the sequence
classifier f . One repertoire consists of multiple triplets:
CDR3 sequence, V/D/J gene, and productive frequency.
The CDR3 sequence and V/D/J gene are the input of the
sequence-level model, which produces a prediction value in
[0,1]. The score the repertoire-level model assigns to a reper-
toire R is calculated as

F (R) =
∑

(s,ρ)∈R

ρf(s) (5)

where ρ is the frequency of the corresponding sequence. In
this way, the bigger the probability the sequences are associ-
ated with the disease, the more likely the subject is exposed
to specific antigens. The more frequent a sequence appears
in a repertoire, the more it would affect the repertoire-level
classification.

3 Experiments
3.1 Data Collection
A T-cell receptor is profiled by the CDR3 sequence, V/D/J
gene usage, and its productive frequency. The frequency is
the read count of the productive CDR3 Amino Acid (AA)
sequence over the total number of productive reads in each
repertoire. We then introduce both datasets.

Cytomegalovirus
We use the CMV dataset [Emerson et al., 2017], which con-
sists of 785 individuals’ repertoires and their corresponding
serostatus. We include a total of 685 repertoires with known
CMV serostatus and sequence abundance, which are evenly
and randomly split into 5 folds for cross-validation. In each
run, 3 out of 5 folds are used for training, 1 for validation,
and 1 for test. Because the whole repertoire is too big, we
sub-sample 0.1% most frequently appeared sequences in the
repertoire. It is worth noting that, our method can take all se-
quences for training, while others are limited by the memory
cost. We sub-sample repertoires in exchange for efficiency.

Moreover, we use a total of 1,085 CMV-associated TCRs
identified by many previous studies, including [Arakaki et al.,
2010; Babel et al., 2008], through in vitro methods and cu-
rated in [Emerson et al., 2017] as the ground-truth positive
labels for the disease-associated sequence identification task.
Note that we only use these labels for evaluation and don’t
access them during training. We draw the occurrence fre-
quency of the discovered CMV-associated sequences in posi-
tive and negative patients in Fig. 2, which verifies: 1.) Neg-
ative repertoires’ also have CMV-associated sequences, and
2). Positive repertoires tend to have more CMV-associated
sequences, and 3.) The witness rate is low (even the posi-
tive repertoires have less than 5% sequences that match the
known CMV-associated sequences in their repertoire). It
is also worth noting that this set does not cover all CMV-
associated sequences in patients’ repertoires. Some positive
repertoires contain sequences not in the set. On top of the 5
folds cross-validation schema in the repertoire classification
task, the intersected sequences between the test fold and the
1,085 known CMV-associated TCRs are used as positive test
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Figure 2: The sum of occurrence frequency of the discovered CMV-
associated sequences appearing in positive and negative subjects.

samples, and other sequences in the healthy donors are used
as negative samples.

Cancer
We use the dataset curated in [Beshnova et al., 2020]. Its
training set consists of 40,000 cancer-associated TCRβCDR3
sequences along with 30,000 for controls. Its test set includes
10,000 cancer-associated TCRβ CDR3 sequences and 10,000
for controls. The cancer-associated sequences are collected
by excluding T cell receptors in healthy donors from that in
patients. However, there could be many false positives in the
labeling process, which still presents us with a label noise
problem. Following [Beshnova et al., 2020], we randomly
choose 1/3 of the training set for validation and report the
accuracy on the test set.

3.2 Hyper-Parameters
For the experiments on the CMV dataset, We choose the
hyper-parameters using the validation set. Specifically, α in
EMA is set to 0.99, and β in label smoothing is set to 0.7.
In terms of the model structure, there is 1 layer of 1-head at-
tention, the dimension of the embedding token is 16, and the
dropout rate is 0. The optimizer is Adam optimizer [Kingma
and Ba, 2015] with a learning rate of 0.005 and a batch size
of 256. We train the model for 15 epochs using the original
targets to warm the model up. The validation set is used for
early stopping. For the experiments on the Cancer dataset, We
choose the hyper-parameters using the validation set. Specifi-
cally, α in EMA is set to 0.95, and β in label smoothing is set
to 0.4. In terms of the model structure, there are 2 layers of 4-
head attention, the dimension of the embedding token is 192,
and the dropout rate is 0.1. The optimizer is Adam optimizer
[Kingma and Ba, 2015] with a learning rate of 0.0005 and a
batch size of 256. We train the model for 8 epochs using the
original targets to warm the model up. The validation set is
used for early stopping.

3.3 Experiments on CMV Dataset
We first verify the repertoire classification and disease-
associated TCR sequence abilities of our model on the CMV
dataset. For the classification task, we compare our method
with:
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Figure 3: The ROC of associated-sequence identification. Only trained by repertoire-level labels, our model identifies the most associated
sequences. In the second row, we let the model make predictions on repertoires that are outside of the training dataset.

• Logistic regression as a baseline linear classifier.

• Burden test in [Emerson et al., 2017] as a baseline sta-
tistical method.

• Logistic multiple instance learning (Log. MIL) [Ost-
meyer et al., 2020b] applies logistic regression to each
k-mer representation.

• DeepRC [Widrich et al., 2020] is a modern Hopfield net-
work that models the repertoire classification as MIL.

It can be seen from Table 1 that even though our method is
only fed with sequence and has no access to the whole reper-
toire, competitive results are achieved.

We then evaluate the sequence-level predictions to explore
whether our model learns the pair-wise TCR–disease rela-
tionship. As shown in the first row in Fig. 3, our model
surprisingly assigns accurate association scores on the pre-
viously known CMV-associated sequences that are identified
by [Emerson et al., 2017]. It demonstrates prediction accu-
racy competitive with experimental results in a majority of
cases. It is also worth noting that there are a small number of
false negatives in the test set because healthy donors may still
have disease-associated sequences. Therefore, the reported
AUC values tend to be lower than the real performance. We
also release those sequences with high confidence but not in
the associated sequences set in the supplementary material for
future experimental verification.

We further test our model on a more challenging task, i.e.,
on repertoires that are not even seen during training. The
results in the second row of Fig. 3 show that it is also possible
to make predictions on unseen hypervariable TCR sequences.

3.4 Experiments on Cancer Dataset
We further verify the disease-associated TCR sequence iden-
tification ability of our model on the Cancer dataset. We
mainly compare our method on the cancer dataset with Deep-
CAT, which deploys CNN models after PCA encoding of the

Method AUC ± std F1 score ± std Acc. ± std

Logistic regression 60.70 ± 5.8 24.4 ± 20.6 59.0 ± 1.9
Burden test 69.90 ± 4.1 - -
Log. MIL (KMER) 58.20 ± 6.5 11.8 ± 26.4 51.5 ± 5.8
Log. MIL (TCRβ) 51.50 ± 7.3 0.0 ± 0.0 54.1 ± 3.9
DeepRC 83.10 ± 2.2 72.6 ± 5.0 72.7 ± 4.9
Our method 83.24 ± 2.8 75.9 ± 2.4 76.1 ± 2.4

Table 1: Performance on CMV dataset. Other methods’ results are
from DeepRC. Acc. stands for Accuracy. Best results are in bold.
Note that for the calculation of the F1 score and accuracy, we select
a threshold value based on the validation set.

AA biochemical indices, AutoCAT [Wong and Li, 2022],
which extends DeepCAT by allowing the use of immune
repertoire samples, and TCR-BERT + Linear Regression,
i.e., the linear classifier on top of the embedding from TCR-
BERT.

DeepCAT also attempts to directly model the sequence-
disease relationship. However, we suggest that the con-
structed Cancer dataset is noisy by making the observation
in Fig. 5. DeepCAT trains one model for each length, and our
method takes all sequences as input. Thus, besides the overall
AUC, we also report the prediction results of our method on
12-17 AA long test sequences for comparison with DeepCAT.

From Table 2, our method consistently outperforms Deep-
CAT across all sequence lengths. The effectiveness of our
robustness training method verifies the existence of noisy la-
bels in the Cancer dataset.

3.5 Explore the Distribution of Noisy Labels
To explore whether our assumption about the noisy labels is
mostly from the positive class, we try to empirically prove it
in this section.

As shown in [Arpit et al., 2017], deep models would learn
easy and simple patterns first before fitting the noise. The
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Figure 5: The average confidence on two classes’ samples.

Seq. length 12 13 14 15 16 Avg.

DeepCAT 59 53 62 76 86 80
AutoCAT 73 69 70 70 71 71
TCR-BERT + LR 83.21 83.37 82.06 82.91 82.06 84.28
Our method 89.36 88.53 87.18 87.99 87.16 89.40

Table 2: AUC (%) on Cancer dataset. DeepCAT’s results are from
its original paper. Note the last column is the AUC of all sequences,
which includes other lengths. Best results are in bold.

conclusion is reached by training a deep model on a noisy
dataset and making the observation that the clean samples are
fitted before the noisy samples. Similarly, we train the model
only using ERM and original labels and observe the model’s
prediction confidence (the softmax probabilities on the corre-
sponding class) on samples in negative and positive classes,
respectively. As shown in Fig. 5, the model starts to pro-
duce higher confidence on negative samples from the early
training stage. Besides, the training iterations for the model
to overfit the positive samples are more than that of the neg-
ative samples. Note that the original labels are balanced on
both datasets. So this observation verifies that there are more
noisy positive labels than noisy negative labels.

3.6 Ablation Study
To verify the effectiveness of different components of our
method, we conduct ablation experiments on the CMV and
Cancer datasets. We design two variants of our method:

• w/o ASA: removing the asymmetric self-adaptive train-
ing strategy.

Ablation CMV DeepCAT

Our method 83.24 ± 0.03 86.23 ± 0.07
w/o ASA 82.50 ± 0.03 85.01 ± 0.04
w/o CT 82.84 ± 0.03 85.07 ± 0.08

Table 3: Ablation study. Results (AUC (%) ± std) on CMV and
DeepCAT are reported. Best results are in bold.

• w/o CT: removing the co-training strategy.

It can be seen from Table 3 that the two components both
bring performance gain. It is worth noting that the asym-
metric self-adaptive strategy brings nearly no extra computa-
tion, facilitating the adaptation of our method. What’s more,
the asymmetric self-adaptive technique ensures more stable
training, as shown in the training curve in Fig. 4(a).

We also compare the choice of two important hyper-
parameters in Fig. 4(b) and (c). It can be found that the
α in EMA should be carefully chosen. Increasing α would
make the original labels remain longer, gradually degenerat-
ing into the standard ERM. While decreasing α would make
the training targets quickly approximate the model’s predic-
tion and the training loss close to zero.

4 Related Work
4.1 Repertoire Classification and

Disease-Associated Sequences Detection
Repertoire-based machine learning methods and applications
focus on the classification and prediction of a donor’s immune
status, such as disease status, recent vaccination, or past ex-
posure to a particular pathogen. Thus, the main application
area is immunodiagnostics.

In order to capture antigen-associated sequences at a reper-
toire level, there exists a range of approaches: 1). Public
adaptive immune receptor-based classification. Emerson et
al. [Emerson et al., 2017] identified TCRβ sequences asso-
ciated with cytomegalovirus (CMV) positive serostatus using
Fisher’s exact test. Only 164 sequences were found in pos-
itive individuals, demonstrating that the detectable signal of
pathogen exposure may be small. A similarly small num-
ber of TCRβ sequences that are associated with systemic lu-

Proceedings of the Thirty-Second International Joint Conference on Artificial Intelligence (IJCAI-23)

4744



pus erythematosus and rheumatoid arthritis are distinguished
from healthy individuals [Liu et al., 2019]. 2). Sequence
similarity cluster-based classification. Using GIANA [Zhang
et al., 2021] to cluster large-scale TCR datasets provided
candidate antigen-specific receptors and provided a new so-
lution to repertoire classification. This study is significant
in that it identified sequence clusters that distinguish indi-
viduals. 3). K-mer-based classification. Many repertoire-
based approaches rely on k-mer encoding, where each reper-
toire represents a 100-element vector corresponding to the
distribution of CDR3β k-mers in the repertoire [Thomas et
al., 2014]. They first cluster them in accordance with their
physicochemical properties before classifying individuals us-
ing SVM approaches. 4). MIL–based classification methods
predict sequences associated with the antigen within a reper-
toire and then compute a repertoire-level label from the set of
sequence-level predictions. Ostmeyer et al. [Ostmeyer et al.,
2017] first developed an approach that utilized MIL for di-
agnosing multiple sclerosis (MS), which is traditionally dif-
ficult to distinguish from other neurological diseases. In ad-
dition, they have demonstrated that ovarian cancer-associated
repertoires from women can be distinguished from cancer-
free women [Ostmeyer et al., 2020a]. With the aim of ad-
vancing cancer screening, Beshnova et al. [Beshnova et al.,
2020] extended this work to identify cancer-associated TCRs.
Recently, Widrich et al. [Widrich et al., 2020] developed an
attention-based MIL deep learning approach that accurately
predicts CMV serostatus and additionally used a transformer-
like attention mechanism extracting those sequence motifs
that are connected to disease classes.

4.2 Multiple Instance Learning
Multiple instance learning is a typical weakly super-
vised learning problem. Current MIL algorithms have
three paradigms, i.e., instance-space paradigm, bag-space
paradigm, and embedded-space paradigm [Wang et al.,
2018], categorized based on which level to learn the discrimi-
native information (instance-level or bag-level).The instance-
space paradigm focus on learning instance information,
which learns the instance classifier at the first stage and
then achieves the bag-level classifier by aggregating instance-
level results. The bag-space paradigm and embedded-space
paradigm (entire-bag-embedding MIL), on the other hand,
extract discriminative information from the whole bag. In
immune repertoire classification, current existing methods
mostly belong to the embedded-space paradigm [Widrich et
al., 2020; Ostmeyer et al., 2020b]. However, the nature of
the huge instance size (107− 108) and extremely low witness
rate of the immune repertoire challenge the performance of
entire-bag-embedding methods in practice,

4.3 Learning with Noisy Labels
Most deep learning methods assume perfect label informa-
tion, which is impractical in many real-world scenarios.
Learning with Noisy Label (LNL) aims to alleviate the prob-
lem since weak supervision can be obtained more efficiently.

Recently, several LNL methods have attracted much atten-
tion and obtained much better empirical performance [Song

et al., 2020]. Sample selection methods select possible misla-
beled samples and exclude them from training. For example,
[Jiang et al., 2018] uses a pre-trained network to filter sam-
ples with big losses, which tend to be noisy, and a student
only trained by the selected clean dataset. [Han et al., 2018]
maintains two networks, and each selects certain small-loss
samples and uses them as training signals for its peer. On top
of sample selection, one can also utilize possible mislabeled
data with semi-supervised learning techniques. For example,
DivideMix [Li et al., 2020a] first divides samples into clean
and noisy using the Gaussian mixture model. Then it deploys
a semi-supervised learning method to leverage both subsets.
RoCL [Zhou et al., 2021] uses the EMA of loss value for
sample selection and label correction. Furthermore, it uses
supervised training for selected clean samples and uses semi-
supervised learning for selected noisy samples.

5 Broader Impact
Our method is a deep learning method and is not expected to
be applied to shifted distribution data or out-of-distribution
data. We leave this as a starting point for future work. More
importantly, our method is not meant to take part in patients’
treatment or therapy directly. Therefore, no human beings are
at risk of being treated without reflecting. Our method’s ap-
plications include medical or biological experiments or help
to preliminarily investigate the immune repertoire data, gain
insights, and possibly derive treatments.

6 Conclusion
We rethink the modeling of the immune repertoire classifica-
tion problem in this paper. After suggesting several defects
of the conventional MIL, the new formulation – a straight-
forward sequence classifier accompanied by robust training
– is proposed for both more reasonable modeling and better
prediction performance. For the inaccurate sequence-level la-
bels transformed from repertoire-level labels, a label correc-
tion method mainly targeted at the false positives is proposed.
As a result, our model achieves superior repertoire classifi-
cation results. What’s more, it successfully identifies most
disease-associated sequences from previous biology studies.
We envision the work could encourage future research on how
to gain insights into the TCR–disease relationship without ac-
curate supervision.
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