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 A B S T R A C T

In the context of big data, multi-label text classification presents considerable challenges, most notably the 
long-tail problem, wherein a small number of labels account for the majority of instances, while the vast 
majority of labels occur only rarely. This imbalance creates a critical bias in classification models, leading to 
suboptimal performance on tail labels that significantly impacts applications such as recommender systems and 
search engines. We present CTN-LT (Contrastive Transformer Network for Long Tail Classification), a novel 
dual-encoder architecture that combines adapted loss functions, contrastive learning and reframes the multi-
label text classification as a semantic similarity task to specifically enhance tail label performance. Our method 
achieves state-of-the-art performance on tail labels while maintaining competitive performance on head labels 
across multiple benchmark datasets. The model demonstrates superior few-shot and zero-shot capabilities, 
making it particularly valuable for dynamic environments where new categories frequently emerge. We release 
our code at https://github.com/jmelsbach/CTN-LT.
1. Introduction

Numerous application domains generate massive volumes of textual 
content daily, spanning Web 2.0 platforms such as wikis [1,2], e-
commerce platforms with extensive product descriptions [3,4] and 
information retrieval systems [5]. The increase in data production 
drives the growing need of text classification and tagging, which are 
essential for categorizing, searching, retrieving and recommending tex-
tual content effectively [6]. The number of labels for some scenarios 
can grow extremely large spanning from thousands to millions of la-
bels [7]. Appropriately, these classification problems are called extreme 
multi-label text classification (XML) in the literature.

The overarching challenge within XML lies in the distribution of the 
frequency of these labels, which typically follows a long-tailed pattern 
as shown in Fig.  1. This leads to the long-tail problem: a small subset of 
labels (head labels) is associated with a majority of the samples, while 
a vast number of labels (tail labels) are linked to a small number of 
samples [8]. This imbalance results in machine learning systems that 
are biased towards predicting head labels more frequently than tail 
labels [9], thereby compromising the performance for tail labels due to 
insufficient training samples. Thus, addressing the long-tail problem by 
improving predictions on tail labels can ultimately contribute to better 
outcomes in real-world applications.

Addressing the performance challenges of tail labels remains a 
critical objective. Existing literature has made significant strides in 

∗ Corresponding author.
E-mail addresses: melsbach@wim.uni-koeln.de (J. Melsbach), haase@wim.uni-koeln.de (F. Haase), stahlmann@wim.uni-koeln.de (S. Stahlmann), 

hirschmeier@wim.uni-koeln.de (S. Hirschmeier), schoder@wim.uni-koeln.de (D. Schoder).

addressing these challenges through the application of pre-trained lan-
guage models [10–12], the development of innovative data sampling 
strategies [13], and the refinement of loss functions to mitigate cate-
gory imbalance [14]. Furthermore, novel approaches such as decoupled 
training [15], dual-branch training [7], and contrastive learning meth-
ods [16] have been introduced to enhance the performance on tail 
labels.

However, despite these advancements in multi-label text classifica-
tion, the improvements in tail label classification have not kept pace 
with the strong improvements on head labels that have been achieved 
in recent years. [17] note that the research community has primarily 
focused on improving overall accuracy, which often heavily favors head 
labels. One commonly used benchmark for evaluating multi-label clas-
sification models, the Extreme Classification Repository [18], reveals a 
recurring performance gap. Metrics that factor in propensity scores – 
a method used to adjust for label frequency – still show significantly 
lower performance for tail labels compared to head labels.

To tackle this long-tail performance gap, our study proposes a 
Contrastive Transformer Network for Long Tail Classification (CTN-LT). 
Our approach is based on three design choices: First, we reformulate 
the multi-label classification task as a semantic similarity problem 
by jointly embedding documents and textual label descriptions into 
a shared vector space. Here, embeddings refer to vector represen-
tations that capture semantic meaning, enabling direct comparison 
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Fig. 1. Label frequency (log-scale) of the Wiki10-31K training dataset. The highly imbalanced nature, where only about 10% of labels appear more than 10 times, highlights the 
long-tail challenge in extreme multi-label classification.
between documents and labels. Second, we introduce a novel combi-
nation of two adapted loss functions—a masked Binary Cross Entropy 
loss (mBCE) and a adapted Cross Entropy loss (CE) that dynamically 
constructs softmax distributions for each positive label to improve tail 
label performance. Third, we incorporate contrastive learning with in-
batch negative sampling through a dual-encoder architecture based 
on pre-trained transformers. This contrastive setup efficiently trains 
the model to distinguish relevant from irrelevant labels within each 
batch, further improving performance on infrequent and even zero-shot 
labels. Taken together, these design choices lead to new state-of-the-art 
performance on several benchmark datasets, particularly in propen-
sity adjusted metrics that emphasize tail label performance. While 
our approach slightly compromises the performance for head labels, 
the trade-off results in a significant improvement for tail labels, thus 
addressing a critical challenge in the field. Additionally, our model 
achieves superior results on zero-shot labels, demonstrating its ability 
to generalize effectively by even predicting labels for which no training 
examples are available, which is common in real-world scenarios [19].

The paper is organized as follows: we begin with an overview of 
prior work on multi-label classification and contrastive learning, fol-
lowed by a description of our method that includes a detailed descrip-
tion of our model architecture. The subsequent section describes our 
data and the evaluation metrics used, presents the results of our experi-
ments, and discusses our findings. Finally, we conclude by summarizing 
our contributions and suggesting directions for future research.

2. Related work

2.1. Multi-label classification

Multi-label text classification is the task of assigning one or more 
labels from a predefined set to an input document. In the literature, 
problems where the set of possible labels is very large are denoted 
as Extreme Multi-label Classification (XMC). This type of classifica-
tion problem presents several key challenges. The large label space 
in XMC problems can lead to significant computational difficulties, 
both in terms of computational and memory requirements [12]. Ad-
ditionally, XMC problems often exhibit a long-tail distribution, where 
a few labels appear very frequently, while the majority of labels oc-
cur rarely. This distribution typically results in model bias, where 
models tend to perform worse on the tail labels due to the lack 
of training data, making it challenging for models to learn effective 
representations for these rare categories. To address these challenges, 
2 
researchers have developed various approaches that can be categorized 
into label embedding techniques, tree-based methods, and more re-
cently deep learning methods. Label embedding techniques, such as 
AnnexML [20] and SLEEC [21], learn low-dimensional embeddings 
for labels to capture label correlations. Tree-based methods, including 
FastXML [22], Parabel [23], and Bonsai [24], use tree structures to 
partition the label space, enabling efficient training and prediction. 
Current state-of-the-art models make use of deep learning approaches, 
incorporating pre-trained language models and novel architectures to 
improve XMC performance [10,25,26]. Some studies have focused on 
the challenges associated with long-tailed label distributions. Some 
researchers have examined the role of tail labels, proposing techniques 
like label trimming [27] and transferring knowledge from head labels 
to tail labels [8]. Data augmentation methods, such as TailMix, have 
also been explored to address data scarcity in tail labels [28]. Another 
body of work concentrates on developing specialized loss functions, in-
cluding propensity-scored losses [6], distribution-balanced losses [14], 
and gradient-balanced loss, designed to adaptively suppress negative 
gradient accumulation [7]. Additionally, two-stage approaches that 
employ separate classifiers for head and tail labels have been proposed 
to improve performance across the label spectrum [29]. Despite these 
advancements, improving performance on tail labels while maintaining 
strong results on head labels remains an active area of research in multi-
label text classification. The ongoing efforts in this field aim to develop 
more robust and efficient models capable of handling the complexities 
of extreme multi-label classification tasks.

2.2. Contrastive learning

Contrastive Learning (CL) is a paradigm widely used in the domains 
of Computer Vision [30–32] as well as Natural Language Processing 
(NLP) [33,34]. The purpose of CL is to learn meaningful representa-
tions of data by comparing similar (positive) and dissimilar (negative) 
pairs of datapoints. The goal is to maximize the similarity between 
positive pairs and simultaneously minimize the similarity between 
negative pairs. More recently, it has also been applied to the domain 
of text classification. [11] introduce a model named SiameseXML that 
combines siamese networks with high-capacity extreme classifiers to 
effectively utilize label metadata and make high-quality predictions 
for rare labels at the scale of millions of labels. [35] proposes a 
contrastive learning method for text classification that incorporates lin-
guistic knowledge and an adaptive augmentation policy. The approach 
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constructs word-level positive and negative sample pairs using Word-
Net, injects linguistic knowledge through a novel contrastive learning 
function, and dynamically selects data augmentation policies to obtain 
better sentence representations. [36] develop a novel approach for few-
shot text classification that uses a triplet contrast network and dynamic 
rate of change sampling to improve learning efficiency and focus on 
difficult-to-classify samples. [37] use a pre-trained transformer and 
fine-tune their model with a triplet loss to learn similarities between 
document and label embeddings.

3. Method

3.1. Problem description

We begin by formally describing the multi-label classification set-
ting we address in this study. In multi-label document classification, 
datasets consist of document-label pairs {𝑥𝑖, 𝑦𝑖}, where 𝑥𝑖 is the text of a 
document and 𝑦𝑖 is encoded as a binary target vector with 𝑦𝑖 ∈ {0, 1}𝑁 , 
where 𝑁 is the number of unique labels in the dataset. In this binary 
representation, a value of 1 indicates that the corresponding label is 
present or applicable to the document, while a value of 0 indicates that 
the label is absent or not applicable. The goal is to learn a function 𝑓 (𝑥)
that maps the input 𝑥𝑖 to the binary output vector 𝑦𝑖. However, in many 
real-world datasets, labels are words or phrases that contain valuable 
information. This label information is discarded when the labels are 
encoded as a binary vector. Especially in long-tail scenarios, where 
many labels have very few training examples, ignoring label semantics 
can limit a model’s generalization capabilities.

3.2. Solution approach

To address this limitation, we reformulate the multi-label classifica-
tion problem as a semantic similarity task. Instead of treating labels as 
abstract indices, we leverage their textual descriptions and embed them 
in a shared semantic space alongside the document representations. 
In this formulation, the task becomes learning to measure similarity 
between document and label pairs. Therefore, we approach multi-label 
document classification by leveraging the label information 𝑡 of the 
textual label descriptions. In this setting, each training pair consists of 
a document 𝑥𝑖 and a set of textual descriptions of labels 𝑇𝑖, which is a 
subset of all existing labels  = {𝑡1, 𝑡2,… , 𝑡𝑁}.

Our goal is to learn two functions, 𝑓𝜃(𝑥𝑖) and 𝑔𝜙(𝑡𝑗 ), parameterized 
by 𝜃 and 𝜙, which map documents and labels in a joint vector space. 
In the context of NLP, these functions are often referred to as encoders, 
which we denote as 𝜃 and 𝜙 for the remainder of the paper. Let 
𝜃(𝑥𝑖) = 𝑑𝑖 ∈ R𝑛 represent the embedding of a document and 𝜙(𝑡𝑗 ) =
𝑙𝑗 ∈ R𝑛 the embedding of a label, where 𝑛 is the dimensionality of the 
embedding space and 𝑖 and 𝑗 are the indices of the document and label, 
respectively. In this space, the embedding of a label 𝑙𝑗 should be similar 
to the embedding of a document 𝑑𝑖 if 𝑡𝑗 ∈ 𝑇𝑖, and dissimilar otherwise.

We measure similarity as the inner product, which takes into ac-
count the direction and magnitude of a vector. During inference, we 
classify a document by performing an inner product search with all 
label vectors.

3.3. Model architecture

Next, we present the architectural components of our approach. Our 
model is designed with dual text encoders: the document encoder 𝜃
and the label encoder 𝜙. We take advantage of pre-trained language 
models based on the transformer architecture [38] as the foundation 
for both encoders. The selection of this model, along with the hyperpa-
rameter settings for jointly training both encoders, is described in detail 
in Section 4.3. After each encoder, we deploy an embedding head that 
is illustrated in Fig.  2. It consists of a linear transformation followed 
by a gated mechanism. The output of the gated mechanism is then 
3 
Fig. 2. Architecture of the gated embedding head applied after both document (𝜃) 
and label (𝜙) encoder outputs.

added to the original input embedding through a skip connection [39]. 
In addition, a dropout layer [40] is applied to the trainable branch to 
prevent overfitting. The gated embedding head functions similarly to 
adapter layers [41], enabling adaptation of pre-trained transformer rep-
resentations while preserving the original embedding space. Although 
we fine-tune the full model, the gating mechanism allows the network 
to skip updates to the pre-trained model, which is especially valuable 
for avoiding overfitting and generalizing to few-shot or zero-shot labels.

Our training employs contrastive learning with in-batch negative ex-
amples. Fig.  3 illustrates the encoding process for a batch of documents 
which is inspired by [42] and adapted to the multi-label scenario. Each 
document and label are passed through their respective encoders and 
heads to obtain 𝑑𝑖 and 𝑙𝑗 . Subsequently, we calculate the dot product 
for each pair of document and label embeddings 𝑑𝑖 ⋅ 𝑙𝑗 within the batch 
which results in a similarity Matrix 𝐵 ∈ R𝑏×𝑙𝑏𝑎𝑡𝑐ℎ  where 𝑏 is the batch 
size (i.e., the number of documents in the batch) and 𝑙𝑏𝑎𝑡𝑐ℎ is the number 
of unique labels in the batch.

While the number of documents remains constant across batches, 
the number of labels may fluctuate depending on set of correct labels 
in the batch. Fig.  3 shows one batch. As the label ‘‘sports’’ is present 
twice within the batch (for yellow document and purple document), 
the resulting count of label embeddings is nine, as duplicate labels are 
removed in advance. In practice, for larger batch sizes the number of 
unique labels in a batch can be in the thousands.

For each batch, we dynamically construct a target matrix 𝑌 ∈
{0, 1}𝑏×𝑙𝑏𝑎𝑡𝑐ℎ  that reflects the correct associations between documents 
and labels. For the given example, the target vector is represented as:

𝑌 =

⎡

⎢

⎢

⎢

⎢

⎣

1 1 1 0 0 0 0 0 0
0 0 0 1 1 0 0 0 0
0 0 0 0 0 1 1 1 0
0 0 0 0 0 0 0 1 1

⎤

⎥

⎥

⎥

⎥

⎦

3.4. Loss functions

Masked binary cross entropy loss
We apply the sigmoid function to the inner products of the embed-

dings to obtain the predictions as probabilities 𝑦̂ = 𝜎(𝑑𝑖 ⋅ 𝑙𝑗 ) ∈ ]0, 1[. 
These probabilities are then used in conjunction with the target vector 
to compute the loss.
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Fig. 3. CTN-LT Model Architecture: The texts of documents and labels are embedded by individual encoders 𝜃 and 𝜙 and the inner product is calculated between all labels and 
documents. During training the goal is to maximize the inner product of correct labels (marked green) while minimizing all negative labels in the batch. The colors denote single 
documents and their respective labels.
The Binary Cross Entropy loss (BCE) is frequently used in multi-
label classification. Eq. (1) shows the loss 𝓁𝑛 for a single class 𝑛, where 
𝑦𝑛 ∈ 0, 1 is the binary label indicator, and 𝑦̂𝑛 ∈ [0, 1] are the predicted 
probabilities. We can calculate the BCE loss for one training example 
as shown in (2). 

𝓁𝑛 = −𝑦𝑛 log(𝑦̂𝑛) + (1 − 𝑦𝑛) log(1 − 𝑦̂𝑛) (1)

𝐽BCE = − 1
𝑁

𝑁
∑

𝑛=1
𝓁𝑛 (2)

The loss function calculates a loss value per class which is aver-
aged for each training example. This property poses a challenge for 
classification problems where the number of possible labels is high: As 
only a handful labels are correct in those settings, the vast majority 
of labels 𝑦𝑖 is zero. This circumstance might incentives the network to 
assign a very low probability to every class when trying to minimize the 
loss converging at a local minimum, ultimately leading to many false 
negative predictions. To address this problem, we propose a modified 
version of the Binary Cross Entropy Loss we denote as masked Binary 
Cross Entropy loss (mBCE). We add an additional mask parameter 𝑚 ∈ N
that masks all loss values except the highest 𝑚 losses per example. We 
achieve this by calculating all per class loss values 𝓁𝑛 and sort them 
in descending order to identify the top 𝑚 largest losses. Let 𝐴 denote 
the set of indices corresponding to the top 𝑚 losses. We then modify 
the BCE by only considering the highest 𝑚 losses as seen in (3). This 
means only the most significant false negatives and false positives are 
penalized. We argue that this improves the training process in two 
ways. First, the process of masking a large proportion of classes for 
each training example directly tackles the class imbalance problem 
where networks converge to assigning very low probabilities across all 
classes. Second, at the same time only the hardest labels contribute to 
the training which leads to a desired effect of sampling hard negatives 
that is well known to improve contrastive learning approaches [30]. 

𝐽mBCE = 1
𝑚

∑

𝑛∈𝐴
𝓁𝑛 (3)

Adapted cross entropy loss
In addition to the masked Cross Entropy loss described in the previous 

chapter, we also apply a modified version of Cross Entropy loss, which is 
used in multi-class classification problems where the softmax function 
4 
is applied to the output logits. The softmax function as seen in Eq.  (4) 
is usually applied to the logits 𝑧 in classification tasks. 
𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑦̂𝑖) =

𝑒𝑧𝑖
∑𝐾

𝑗=1 𝑒
𝑧𝑗

(4)

After applying the softmax to the logits the Cross Entropy loss can 
be calculated as follows: 
𝐽𝐶𝐸 (𝑦, 𝑦̂) = −

∑

𝑖
𝑦𝑖 log(𝑦𝑖) (5)

Applying softmax and CE is ill-suited for multi-label classification 
due to its inherent design for exclusive class selection, as all proba-
bilities 𝑦̂𝑖 add up to 1. In addressing the challenge of applying Cross 
Entropy loss to multi-label text classification, we propose a simple 
adaptation. The adaptation involves a procedural iteration over each 
positive class label within a given batch. For each positive label, the 
dot product corresponding to that label and the all dot products of 
all negative labels are subjected to a softmax operation. This process 
essentially transforms the multi-label scenario into a series of binary-
like classifications, allowing for the application of Cross Entropy in a 
context that traditionally precludes its use. The final loss is computed 
by averaging the Cross Entropy losses derived from each of these 
iterations.

CTN-LT loss
To effectively balance the benefits of the two previously introduced 

loss functions – the masked Binary Cross Entropy loss (mBCE) and the 
adapted Cross Entropy loss – we define the final training objective 
of our model as a weighted combination of both. We introduce a 
weighting parameter 𝛼 ∈ [0, 1] to control the relative contribution of 
each loss. The final CTN-LT loss 𝐽CTN-LT is defined as: 
𝐽CTN-LT = 𝛼 ⋅ 𝐽CE + (1 − 𝛼) ⋅ 𝐽mBCE (6)

3.5. Inference

Once training is complete, we turn to the inference procedure used 
to predict labels for unseen documents. We use the label encoder 𝜙
once to create the label embeddings for each label in the dataset. The 
label encoder can then be discarded as it is not needed anymore, which 
reduces the model size by half and makes inference very fast. To predict 
the labels for an unseen document, we use the document encoder 𝜃
to embed the document and calculate the inner product to all label 
embeddings created in the previous step and take the top k most similar 
labels as the prediction.
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Table 1
Overview of datasets used in this study, including number of labels (L), training/test instances, label density, and average 
document length.
 Dataset 𝐿 𝑁train 𝑁test 𝑁̄label 𝐿̄point 𝑁words  
 EURLex-4K 3,993 15,539 3,809 25.73 5.31 1240.64 
 Wiki10-31K 30,938 14,146 6,616 8.52 18.64 2104.42 
 AmazonCat-13K 13,330 1,186,239 306,782 448.57 5.04 208.6  
Table 2
Breakdown of label frequency categories across datasets. Labels are grouped into ‘head’ (frequent), ‘few-shot’, and ‘zero-
shot’ categories following the thresholds in [45].
 Dataset L Head labels Tail labels
 frequent (> 50) few-shot (1–50) zero-shot (0) 
 EURLex-4K 3,993 391 3,410 155  
 Wiki10-31K 30,938 628 29,319 991  
 AmazonCat-13K 13,330 5,106 8,224 0  
4. Experiments

4.1. Data

To evaluate the effectiveness of our approach, we conduct a com-
prehensive set of experiments across three benchmark datasets, namely
Wiki10-31K [43], EURLex-4K [44] and AmazonCat-13K [4]. Table  1 
provides additional details about the datasets. It shows the total number 
of unique labels 𝐿, the number of training points in the training 𝑁train
and test set 𝑁test, the average number of training points per label 
𝑁̄label, the average number of labels per training point 𝐿̄point, and the 
average number of words per training point 𝑁words. All dataset have 
several thousand unique labels whose frequencies resemble a long tail 
distribution similar to Fig.  1.

In this study, we adopt the framework introduced by [45] to cate-
gorize labels based on their frequency in the dataset. This framework 
defines three categories: frequent labels that occur more than 50 times, 
few-shot labels that occur less than 50 times, and zero-shot labels 
that do not occur in the training dataset but do occur in the test set. 
For the purposes of our analysis, we consider frequent labels as head 
labels, while few-shot and zero-shot labels are collectively referred to 
as tail labels. It is crucial to distinguish zero-shot labels as a separate 
category due to the unique challenges they present in prediction tasks. 
These labels, having no representation in the training data, are partic-
ularly difficult to predict accurately. Table  2 presents the distribution 
of label categories across the three datasets used in this study. The 
datasets exhibit varying proportions of head and tail labels. Notably, 
the EURLex-4K dataset is characterized by a predominance of few-shot 
labels, with a relatively small number of frequent and zero-shot labels. 
The Wiki10-31K dataset shows a similar pattern, with a large majority 
of few-shot labels, a moderate number of zero-shot labels, and a smaller 
proportion of frequent labels. In contrast, the AmazonCat-13K dataset 
presents a more balanced distribution between frequent and few-shot 
labels, with no zero-shot labels present.

4.2. Metrics

To evaluate the performance in comparison to other approaches, we 
use several commonly used metrics and their propensity scored coun-
terparts. Propensity scoring addresses challenges in multi-label classi-
fication, where labels follow a power law distribution. The propensity 
model by [6] accounts for the likelihood of label annotation, especially 
for rare but informative tail labels, allowing for balanced performance 
evaluation across frequent and infrequent labels.

For our evaluation, we use precision at top k (P@k), Normalized 
Discounted Cumulative Gains at k (nDCG@K) and their propensity 
scored counterparts PSP@K and PSnDCG@k. Here, the parameter 𝑘
5 
defines the cutoff threshold at which the ranked list of predicted labels 
is evaluated (e.g., top 1, 3, or 5 predictions). P@k is defined in Eq.  (7). 

P@𝑘 ∶= 1
𝑘

∑

𝑙∈rank𝑘(𝐲̂)
𝐲𝑙 (7)

∑

𝑙∈rank𝑘(𝐲̂) denotes a sum over the indices 𝑙 that belong to the set 
of top 𝑘 rank in the predicted scores 𝑦̂. It iterates through the top 𝑘
ranked labels, summing the binary relevance indicators 𝑦𝑙 ∈ {0, 1} for 
each of the labels. Eq. (8) shows the propensity weighted version of 
P@k, where each binary indicator is scaled by the propensity score for 
the corresponding label. This gives a rare label a higher weight and 
therefore a lower propensity score. 

PSP@𝑘 ∶= 1
𝑘

∑

𝑙∈rank𝑘(𝐲̂)

𝐲𝑙
𝒑𝑙

(8)

The DCG at a particular rank 𝑘 accounts for the relevance of each 
item up to the 𝑘th position in the ranked list. Relevance indicators are 
discounted logarithmically, giving higher importance to items ranked 
higher in the list. The formula for DCG@k is given by: 

DCG@𝑘 ∶=
∑

𝑙∈rank𝑘(𝐲̂)

𝐲𝑙
log(𝑙 + 1)

(9)

Eq. (10) is the normalized version of the DCG where ‖𝑦‖0 is the 
count of relevant items in the ground truth. This way, the formula 
captures the quality of the ranking up to position 𝑘, normalized by 
the best possible ranking of the same size, ensuring the score ranges 
between 0 (worst) and 1 (best), assuming all relevance scores are 
binary. 

nDCG@𝑘 ∶= DCG@𝑘
∑min(𝑘,‖𝐲‖0)

𝑙=1
1

log(𝑙+1)

(10)

Eqs. (11) and (12) represent the variant scored for propensity of 
the DCG and nDCG metrics, respectively. These versions incorporate 
the propensity scores of the labels to adjust for the label distribution’s 
imbalance. By doing so, they aim to provide a fairer evaluation of 
the model’s performance across different labels, especially in datasets 
where some labels are much more frequent than others.

The PSDCG@k metric, as shown in Eq.  (11), modifies the standard 
DCG@k formula by dividing the relevance indicator 𝐲𝑙 by the propen-
sity score 𝑝𝑙 for each label 𝑙, in addition to logarithmic discounting. 
This adjustment means that the relevance of rarer labels (with lower 
propensity scores) is amplified, reflecting their increased difficulty in 
being correctly predicted.

The PSnDCG@k metric, described in Eq.  (12), further normalizes 
PSDCG@k by dividing it by the ideal PSDCG score, which is calculated 
assuming a perfect ranking of the items to position 𝑘. This normaliza-
tion ensures that the PSnDCG@k score is bounded between 0 and 1, 
where 1 represents a perfect ranking with respect to both relevance 
and label distribution, and 0 represents the worst possible ranking. 

PSDCG@𝑘 ∶=
∑ 𝐲𝑙

𝑝 log(𝑙 + 1)
(11)
𝑙∈rank𝑘(𝐲̂) 𝑙
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Table 3
Hyperparameter configurations for training CTN-LT across datasets.
 Hyperparameter EURLex-4K Wiki10-31K AmazonCat-13K 
 Tokens 256 256 128  
 Label Input Length 16 16 16  
 Batch Size 128 128 768  
 Training Epochs 30 30 20  
 mBCE (m) 30 50 50  
 𝛼 0.8 0.8 0.8  

PSnDCG@𝑘 ∶= PSDCG@𝑘
∑𝑘

𝑙=1
1

log(𝑙+1)

(12)

In the remainder of the paper, we will refer to nDCG@k as N@k 
and to PSnDCG@k as PSN@k.

4.3. Training

We train our model on a single RTX 3090Ti GPU. We use the
distilbert-base-uncased1 [46] from Huggingface as the base 
encoder for both documents and labels. This model offers a favorable 
balance between computational efficiency and performance, making it 
well-suited for large-scale experiments on long-tail datasets. For each 
dataset, we use the predefined training and test splits provided with 
the datasets to ensure fair comparison with results reported in prior 
work. In addition, we set aside 10% of the training data for validation 
and hyperparameter tuning. We chose AdamW [47] as our optimizer 
and schedule the learning rate according to the 1cycle policy [48] with 
a maximum learning rate of 0.00005. Table  3 shows the remaining 
hyperparameters used for training. For EURLex-4K and Wiki10-31K 
datasets, we set the number of tokens that represent the documents to 
256. For AmazonCat-13K, we use 128 as input length, because using 
more tokens did not make a difference regarding the performance but 
allows a much faster training due to the quadratic relation between in-
put length and required computational cost of the attention mechanism 
used in transformer models. As the textual representations of labels in 
all datasets consist of words and short phrases, 16 tokens are enough 
to encode them. We choose the largest batch size possible for our hard-
ware. During our experiments, we evaluated the model’s performance 
on validation datasets while adjusting the hyperparameters 𝑚 and 𝛼
to different values. Through this analysis, we observed that setting 𝑚
too low (𝑚 < 20) or too high (𝑚 > 80) degraded the performance on 
the datasets. We determined that the optimal value for 𝑚 varied across 
datasets, while 𝛼 = 0.8 worked consistently well in most scenarios. 
Specifically, we found that 𝑚 = 30 for the EURLex-4K dataset and 
𝑚 = 50 for both the Wiki10-31K and AmazonCat-13K datasets provided 
a practical balance between head and tail label performance.

4.4. Baselines

We compare the performance of our model against several state-of-
the-art methods from the literature using the metrics described in 4.2. 
All reported metrics are sourced directly from the respective articles 
or from the Extreme Classification Repository website [18]. We did not 
tune or reimplement these models to avoid introducing subjectivity. For 
comparison, we selected approaches from the XML literature [10,20,
22–24,49,50] as well as approaches specifically designed for long-tail 
classification problems [7,28].

To ensure a fair comparison, we consistently report results for 
single-model variants only, since our proposed CTN-LT is also a single 
model. While ensemble-based methods can yield stronger performance, 
they come with significant computational overhead and are less suited 
for low-latency applications. All baseline results are based on official 
model implementations as provided by the respective authors, and 
standard test splits as defined by the respective datasets.

1 https://huggingface.co/distilbert-base-uncased
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4.5. Results

4.5.1. Model performance
The results of the benchmark are summarized in Table  4. CTN-

LT achieves competitive results on several metrics for the EURLex-
4K dataset. Particularly noteworthy is its performance on propensity-
scored metrics, where it outperforms all other methods.

While DBGB slightly edges out in precision metrics like P@3 and 
P@5, CTN-LT maintains competitive performance, ranking second or 
third in most precision-based measures. This suggests that our method 
strikes a good balance between overall precision and tail label predic-
tion.

The results for the Wiki10-31K dataset further validate the effective-
ness of CTN-LT. Although APLC-XLNet, A-XML, and DBGB show better 
performance in precision metrics, our method achieves the highest 
scores in all propensity-scored metrics, with a notable margin to the 
second best approach.

On the AmazonCat-13k dataset, CTN-LT demonstrates excellent 
overall performance. It achieves the highest scores in all propensity-
scored precision except for PSP@1 where it comes second after An-
nexML. These results surpass those of other state-of-the-art methods, 
including A-XML + TailMix and DBGB. While DBGB shows better 
results in some precision metrics, CTN-LT’s performance is still highly 
competitive, ranking second or third in most of these measures. The 
consistent strong performance across different metrics and datasets 
underscores the effectiveness and versatility of our proposed method.

The results across all three datasets highlight the strong perfor-
mance of our proposed CTN-LT model in document classification tasks. 
CTN-LT consistently achieved competitive results in terms of preci-
sion@k and nDCG@k metrics, often surpassing the state-of-the-art 
baselines. Moreover, its superior performance in the propensity-scored 
metrics demonstrates the ability of CTN-LT to predict labels that appear 
less frequently in the datasets.

4.5.2. Zero-shot and few-shot performance
To further investigate the performance on tail labels, we evaluate 

our model, CTN-LT, and compare it with APLC-XLNet, on frequent, few-
shot, and zero-shot labels. We chose APLC-XLNet as a comparison as 
the authors provide model checkpoints allowing the exact replication of 
the results reported in the paper. For the evaluation, we create subsets 
of the training data that include only instances with frequent labels, 
few-shot labels, and zero-shot labels. We test both models under two 
different conditions: masked, where we only allow the model to predict 
labels within the corresponding category by masking all other labels, 
and unmasked, where we allow the model to predict any label with-
out restrictions. We use Recall-Precision@k (RP@5) and Normalized 
Discounted Cumulative Gain@k (NDCG@5) as our evaluation metrics. 
The results are presented in Table  5. An analysis of the results reveals 
several key findings. In terms of overall performance, both models 
perform similarly on the ‘‘All Labels’’ category across all datasets, 
with APLC-XLNet slightly outperforming CTN-LT in most cases. For 
frequent labels, APLC-XLNet generally performs better in the masked 
condition, while CTN-LT shows competitive performance in some cases, 
particularly on the AmazonCat dataset.

CTN-LT demonstrates superior performance on few-shot labels, par-
ticularly in masked conditions across all datasets. This indicates that 
our model more effectively generalizes to labels with limited training 
examples. Furthermore, CTN-LT significantly outperforms APLC-XLNet 
on zero-shot labels, especially in masked scenarios, highlighting its 
enhanced ability to predict labels not encountered during training. 
In contrast, APLC-XLNet fails to predict any zero-shot labels in the 
unmasked case. CTN-LT successfully identifies previously unseen la-
bels through its similarity-based architecture leveraging pre-trained 
language models. This advantage is most evident in masked zero-shot 
scenarios, where CTN-LT notably surpasses APLC-XLNet.

https://huggingface.co/distilbert-base-uncased
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Table 4
Comparison of CTN-LT performance with other XML baselines on EURLex-4K, Wiki10-31K, and AmazonCat-13K Datasets. Metrics include precision@k (P@k), normalized DCG@k 
(N@k), and their propensity-scored counterparts (PSP@k and PSN@k). Best results in bold, second-best underlined.

EURLex-4K

 Model P/N@1 P@3 P@5 N@3 N@5 PS{P/N}@1 PSP@3 PSP@5 PSN@3 PSN@5 
 A-XML + TailMix [28] 84.11 71.93 60.48 – – 43.64 51.11 53.69 49.11 50.94  
 APLC-XLNet [10] 87.72 74.56 62.28 77.90 71.75 42.93 49.84 53.07 48.00 50.40  
 AnnexML [20] 79.26 64.30 52.33 68.13 61.60 34.25 39.83 42.76 38.35 40.30  
 DiSMEC [49] 82.40 68.50 57.70 72.50 66.70 41.20 45.40 49.30 44.30 46.90  
 DBGB [7] 87.61 75.21 62.54 78.53 72.30 41.19 51.75 55.75 – –  
 FastXML [22] 76.37 63.36 52.03 66.63 60.61 33.17 39.68 41.99 37.92 39.55  
 Parabel [23] 82.25 68.71 57.53 72.17 66.54 36.44 44.08 48.46 41.99 44.91  
 Bonsai [24] 82.96 69.76 58.31 73.15 67.41 37.08 45.13 49.57 42.94 46.10  
 XT [50] 78.97 65.64 54.44 69.05 63.23 33.52 40.35 44.02 38.50 41.09  
 CTN-LT (ours) 87.68 73.37 60.49 77.01 70.33 44.22 52.80 56.03 50.57 53.13  

Wiki10-31K

 Model P/N@1 P@3 P@5 N@3 N@5 PS{P/N}@1 PSP@3 PSP@5 PSN@3 PSN@5 
 A-XML + TailMix [28] 84.05 76.87 67.91 – – 13.47 17.09 18.44 16.22 17.26  
 APLC-XLNet [10] 89.44 78.93 69.73 81.38 74.41 14.84 15.85 17.04 15.58 16.40  
 AnnexML [20] 86.49 74.27 64.20 77.13 69.44 11.90 12.76 13.58 12.53 13.10  
 DiSMEC [49] 85.20 74.60 65.90 77.10 70.40 13.60 13.10 13.80 13.20 13.60  
 DBGB [7] 89.23 78.67 69.59 81.08 74.19 14.31 15.67 17.01 – –  
 FastXML [22] 83.03 67.47 57.76 75.35 63.36 9.80 10.17 10.54 10.08 10.33  
 Parabel [23] 84.17 72.46 63.37 75.22 68.22 11.68 12.73 13.69 12.47 13.14  
 Bonsai [24] 84.69 73.69 64.39 76.25 69.17 11.78 13.27 14.28 12.89 13.61  
 XT [50] 86.15 75.18 65.41 77.76 70.35 11.87 13.08 13.89 12.78 13.36  
 CTN-LT (ours) 89.24 76.99 66.89 79.79 72.10 18.28 20.64 21.88 20.64 20.93  

AmazonCat-13K

 Model P/N@1 P@3 P@5 N@3 N@5 PS{P/N}@1 PSP@3 PSP@5 PSN@3 PSN@5 
 A-XML + TailMix [28] 95.23 80.95 65.70 – – 51.48 65.44 72.62 61.62 66.42  
 APLC-XLNet [10] 94.56 79.82 64.61 88.74 86.66 52.22 65.08 71.40 62.57 67.92  
 AnnexML [20] 93.54 78.37 63.30 87.29 85.10 49.04 61.13 69.64 58.83 65.47  
 DiSMEC [49] 93.40 79.10 64.10 87.70 85.80 59.10 67.10 71.20 65.20 68.80  
 DBGB [7] 96.59 83.61 68.25 92.48 90.57 53.95 69.15 77.52 – –  
 FastXML [22] 93.11 78.20 63.41 87.07 85.16 48.31 60.26 69.30 56.90 62.75  
 Parabel [23] 93.03 79.16 64.52 87.72 86.00 50.93 64.00 72.08 60.37 65.68  
 Bonsai [24] 92.98 79.13 64.46 87.68 85.92 51.30 64.60 72.48 – –  
 XT [50] 92.59 78.24 63.58 86.90 85.03 49.61 62.22 70.24 59.71 66.04  
 CTN-LT (ours) 95.01 80.64 65.52 89.73 88.03 57.39 71.87 78.28 68.79 74.06  
In summary, while APLC-XLNet shows slightly better performance 
on frequent labels, our CTN-LT model demonstrates superior capa-
bilities in handling few-shot and zero-shot scenarios. These results 
highlight CTN-LT’s potential for more challenging and diverse label pre-
diction tasks, particularly in situations where training data for certain 
labels is limited or non-existent.

4.6. Ablation study

To prove the effectiveness of our design choices for our architecture 
and the different loss functions, we conduct an ablation study that aims 
to isolate the effects of the introduced loss functions of the model. Table 
6 shows the results of this study.

The first architecture, denoted as BCE, utilizes the unmodified 
version of the Binary Cross Entropy loss. The second variant, masked 
BCE (mBCE), implements our modified version of the Binary Cross 
Entropy loss, as presented in Section 3.4. The results indicate a sig-
nificant improvement of the mBCE over the standard BCE loss function 
across almost all metrics, with the exceptions of PSP@1, PSN@1, and 
PSN@3. The model variant labeled CE relies solely on the modified 
version of the Cross Entropy Loss. This approach demonstrates superior 
performance on P@k and N@k values but performs notably worse on 
the propensity-weighted metrics. Our final model, CTN-LT, combines 
the mBCE and CE losses by averaging them. This combination yields 
excellent results on propensity-weighted metrics while only marginally 
compromising performance on other metrics. This approach allows 
us to leverage the strengths of both loss functions, resulting in a 
more robust and balanced model performance across various evaluation 
criteria.
7 
4.7. Discussion

The results of our experiments demonstrate the effectiveness of 
CTN-LT in addressing the long-tail problem in multi-label text clas-
sification. Our model shows significant improvements, particularly in 
propensity-scored metrics, which are designed to give more weight 
to tail labels. This improvement indicates that CTN-LT is particularly 
adept at handling infrequent labels, a crucial aspect in many real-world 
applications where the distribution of labels is often highly skewed.

The performance of CTN-LT on head labels is competitive with 
state-of-the-art models, while it significantly outperforms existing ap-
proaches on tail labels. This balance is crucial, as it addresses a common 
trade-off in multi-label classification where improvements in tail label 
prediction often come at the cost of reduced performance on head 
labels. Our model manages to achieve superior tail label performance 
while maintaining strong results on head labels, indicating a more 
balanced and robust approach to multi-label classification.

The ablation study provides insights into the effectiveness of our 
design choices. The combination of masked Binary Cross Entropy loss 
and adapted Cross Entropy loss proves to be crucial in balancing the 
model’s performance across different label frequencies. This hybrid 
approach allows the model to learn from frequent and infrequent 
labels effectively, contributing to its robust performance across various 
metrics.

Of course, our work is not without limitations. Obviously, our 
approach relies on textual representations of labels and is therefore 
not usable if those are not available. The computational cost during 
inference might be a limitation for datasets with several hundred thou-
sand labels, since the inner search is performed on all labels. As always, 
our findings might be dataset-specific, which we tried to ameliorate by 
evaluating three different datasets.
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Table 5
Performance comparison of APLC-XLNet and CTN-LT models across head (frequent), few-shot, and zero-shot label categories. Both masked and 
unmasked settings are shown.
 APLC-XLNet CTN-LT

 masked unmasked masked unmasked

 RP@5 N@5 RP@5 N@5 RP@5 N@5 RP@5 N@5  
EURLex-4K

 All Labels 66.13 71.75 66.13 71.75 59.34 69.41 59.34 69.41 
 Frequent 57.42 63.67 48.75 52.75 46.38 70.79 42.22 60.74 
 Few Shot 23.93 30.27 17.38 18.82 25.87 58.22 22.47 39.68 
 Zero Shot 0.93 2.08 0 0 5.45 21.59 4.39 10.64 

Wiki10-31K

 All Labels 69.74 74.42 69.74 74.42 66.96 72.16 66.96 72.16 
 Frequent 66.93 73.69 60.82 67.38 66.05 72.79 50.69 55.75 
 Few Shot 27.66 32.92 9.00 8.65 28.87 35.89 16.52 17.79 
 Zero Shot 0.17 0.38 0 0 5.44 19.35 0.84 1.89  

AmazonCat-13K

 All Labels 64.61 86.66 64.61 86.66 63.93 88.03 63.93 88.03 
 Frequent 64.19 87.16 63.96 86.86 64.45 87.64 62.98 86.21 
 Few Shot 17.00 63.11 6.05 13.53 17.31 64.80 8.91 19.45 
 Zero Shot – – – – – – – –  
Table 6
Ablation study using different loss configurations: standard binary cross entropy (BCE), masked BCE (mBCE), modified Cross Entropy (CE), and the combined CTN-LT loss.

AmazonCat-13k

 Model Variant P@1 P@3 P@5 N@1 N@3 N@5 PSP@1 PSP@3 PSP@5 PSN@1 PSN@3 PSN@5 
 BCE (m = 0) 92.38 76.41 61.74 92.38 85.46 83.45 59.45 70.77 74.42 59.45 68.43 71.89  
 mBCE (m = 50) 94.56 79.32 64.37 94.56 88.33 86.44 57.08 71.47 76.78 57.08 68.34 72.94  
 CE 95.48 81.01 65.43 95.48 89.99 87.74 51.81 67.98 75.59 51.81 64.47 70.60  
 CTN-LT (m = 50) 95.01 80.64 65.52 95.01 89.73 88.03 57.39 71.87 78.28 57.39 68.79 74.06  
5. Conclusion

This study presents CTN-LT, a novel deep learning model designed 
to mitigate the long-tail problem in multi-label text classification. By 
prioritizing accurate prediction of tail labels while maintaining robust 
performance on head labels, CTN-LT achieves state-of-the-art results 
across multiple benchmark datasets. The incorporation of few-shot 
and zero-shot learning capabilities further equips the model to handle 
dynamic and evolving label spaces, making it particularly well-suited 
for real-world applications such as search engines and recommender 
systems. Our empirical evaluations demonstrate that CTN-LT effectively 
balances between head and tail label performance, addressing a critical 
gap in existing multi-label classification approaches. The propensity-
scored metrics underscore the model’s strength in handling infrequent 
labels, thereby enhancing the overall utility and reliability of text 
classification systems. In conclusion, CTN-LT not only advances the 
methodological landscape of multi-label text classification, but also 
offers tangible benefits for industries reliant on comprehensive and 
nuanced text categorization. Future research will aim to refine the 
model’s scalability and generalizability, ensuring its applicability across 
an even wider array of domains and datasets.
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