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Despite recent advancements in semantic representation driven by pre-trained and large-scale language models, addressing
long tail challenges in multi-label text classification remains a significant issue. Long tail challenges have persistently posed
difficulties in accurately classifying less frequent labels. Current approaches often focus on improving text semantics while
neglecting the crucial role of label relationships. This paper introduces LabelCoRank, a novel approach inspired by ranking
principles. LabelCoRank leverages label co-occurrence relationships to refine initial label classifications through a dual-stage
reranking process. The first stage uses initial classification results to form a preliminary ranking. In the second stage, a
label co-occurrence matrix is utilized to rerank the preliminary results, enhancing the accuracy and relevance of the final
classifications. By integrating the reranked label representations as additional text features, LabelCoRank effectively mitigates
long tail issues in multi-label text classification. Experimental evaluations on popular datasets including MAG-CS, PubMed,
and AAPD demonstrate the effectiveness and robustness of LabelCoRank. The implementation code is publicly available on
https://github.com/821code/LabelCoRank.
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1 Introduction

Multi-label text classification (MLTC) is a crucial task in natural language processing (NLP) [3]. Its goal is to
assign appropriate labels to a given text. The exponential growth of textual information on the internet [7]
has made MLTC increasingly important for extracting valuable insights from vast amounts of text. One of the
most prominent examples highlighting the necessity of MLTC is the field of scientific research. The number
of academic publications is growing exponentially each year, making it difficult for researchers, librarians, and
digital platforms to efficiently organize and manage this vast body of knowledge. Efficient and cost-effective
management of these papers is an urgent problem that needs to be addressed. In particular, the biomedical field
faces significant challenges in literature indexing and retrieval. In the biomedical article retrieval field, MEDLINE,
a major component of PubMed maintained by the National Library of Medicine (NLM), uses Medical Subject
Headings (MeSH) for indexing. However, MeSH indexing is manually curated, making the process time-consuming
and expensive. New articles often take 2 to 3 months to be indexed, with each article costing around $10 [23].
Essentially, this task can be categorized as multi-label text classification, where each article is assigned several
labels. Additionally, MLTC tasks have wide-ranging applications in other fields such as recommendation systems
[13, 27, 35, 36], sentiment analysis [9, 14], anomaly detection [2, 10], rumor detection [5], and question-answering
tasks [24].
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1.1 Current Situation and Challenges

However, MLTC faces significant challenges, particularly the long-tail problem. In many datasets, a small number
of labels appear frequently (head labels), while the majority of labels are infrequent (tail labels). This long-tail
distribution makes it difficult to train effective classifiers, as tail labels lack sufficient training samples. Accurately
classifying these less frequent labels remains a significant issue.

Traditional machine learning methods like KNN [28], SVM [8], logistic regression [26], and decision trees
[15] often use feature representations such as Bag-of-Words (BOW) and N-Grams. While these methods have
been foundational, they struggle to capture contextual information effectively, leading to limitations in handling
complex text data. These traditional methods typically rely on simplistic representations that do not account for
the intricate relationships between words and their contexts, resulting in poor performance, especially for rare
labels.

Recent advancements in deep learning have led to the development of models based on CNNs and RNNs [4, 18,
19], which have demonstrated superior feature extraction capabilities. However, these models face challenges in
capturing the contextual relationships of words in long texts [1]. For instance, CNNs, while effective in capturing
local patterns, struggle with long-range dependencies. RNNs, though better at handling sequential data, often
suffer from issues like vanishing gradients, making it hard to learn long-term dependencies effectively. The
introduction of attention mechanisms has alleviated some of these issues, with models combining attention
mechanisms to improve semantic representations of text and classification performance [40, 43, 44]. Transformer-
based models [30] and powerful pre-trained models such as BERT [6], RoBERTa [20], and others have further
enhanced text feature extraction capabilities. These models use self-attention mechanisms to capture relationships
between words in a sequence, enabling better handling of long-range dependencies and improving the overall
semantic understanding of texts.

Despite these advancements, current models primarily focus on text features and often neglect the relationships
among labels and between labels and text. In certain scenarios, relying solely on text features is insufficient
for predicting the correct labels, particularly when the text features cannot adequately represent the semantic
meaning of the labels. This issue is especially pronounced for tail labels, which lack sufficient training samples
and thus are more challenging to associate with text features. For example, when classifying scientific papers
based on their abstracts, the short text of the abstracts may not fully convey the semantics of all labels, or the
text may be expressed in a more obscure and ambiguous manner. In such cases, it is necessary to utilize the
relationships among labels to identify tail labels that are not directly evident from the text semantics. For instance,
in medical document classification, the presence of one disease label might imply the likelihood of another
co-occurring disease. However, many existing models fail to capture these relationships adequately. Some recent
works have tried to incorporate label information into the classification process. For instance, some have used
attention mechanisms to explore the relationship between label semantics and text [29, 37]. However, they have
not considered the relationships among the labels. Other researchers have employed graph networks to model
labels and explore the relationships among labels [17, 22, 25, 31, 45]. Yet, in these studies, the expression of the
same label information is consistent across different samples, neglecting the fact that label information should
exhibit varying importance for different texts.

1.2 Our Contributions

To address these issues, we propose LabelCoRank, a novel approach inspired by ranking principles. LabelCoRank
leverages label co-occurrence relationships to refine initial label classifications through a dual-stage reranking
process. The first stage uses initial classification results to form a preliminary ranking. In the second stage, a label
co-occurrence matrix is utilized to rerank the preliminary results, enhancing the accuracy and relevance of the
final classifications. By integrating the reranked label representations as additional text features, LabelCoRank
effectively mitigates long-tail issues in multi-label text classification. The model also incorporates the frequency
distribution of labels, allowing it to assign varying importance to labels based on their occurrence in the dataset.
Through label embedding and attention mechanisms, LabelCoRank establishes semantic relationships between
labels and text features. This dual-stage approach ensures that even infrequent labels, which are typically
underrepresented, receive adequate attention during the classification process.
The contributions of this paper are:

e We propose LabelCoRank, leveraging pre-trained models and incorporating label co-occurrence and label-
text semantic relationships to improve label prediction accuracy.
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e We introduce the frequency distribution of labels into the prediction process, allowing varying importance of
labels across different samples. The model employs three rounds of label enhancement, utilizing pre-trained
models, label co-occurrence matrices, and attention mechanisms based on label position embeddings.

e Experimental results on MAG-CS, PubMed, and AAPD datasets demonstrate the model’s effectiveness and
robustness, validating its suitability for both large-scale and small-scale label datasets.

2 Related Work
2.1 Multi-label Text Classification

Deep learning has become the mainstream method for addressing the multi-label text classification problem.
TextCNN [4] pioneered the use of convolutional networks to capture local features, integrating these features
into text representations through global pooling operations. XML-CNN[18] designed a dynamic pooling module
to capture richer information from different regions of a document. Compared to convolutional neural networks,
recurrent neural networks and attention mechanisms have shown superior performance in capturing contextual
associations within texts, making them particularly effective for multi-label text classification tasks. LSAN[37] uti-
lizes label semantic information to construct label-specific document representations and employs a self-attention
mechanism to measure the contribution of each word to each label. HAN[43] applies attention mechanisms at
both the word and sentence levels, ultimately aggregating these into a text vector to obtain richer text features.
AttentionXML[44] uses Bi-LSTM(Bidirectional Long Short-Term Memory) to capture long-distance dependencies
between words and employs a multi-label attention mechanism to identify the most important parts of the text
for each label. Transformer-based models have demonstrated even more powerful feature extraction capabilities,
giving rise to a series of widely used pre-trained models such as BERT[6], RoBERTa[20], and XLNet[42].Star-
Transformer[11] reduces the complexity compared to standard Transformer while retaining the ability to capture
local components and long-range dependencies. BERTXML[39] introduces the attention mechanism to predict
labels based on BERT, achieving good effect improvement. MATCH[47], built on the Transformer architecture,
introduces metadata embeddings and uses linear layers to capture their relationship with the text.

However, these methods primarily focus on text feature representation, often neglecting label information.
Recently, researchers have begun exploring how to better utilize label information. CorNet[39] adds additional
linear layer combinations to create the CorNet module, which learns the correlations between labels and can
be easily integrated into other models. GUDN[33] directly leverages pre-trained models to represent both label
semantics and text semantics, using contrastive learning to explore the relationship between labels and text.On
the other hand,graph-based methods have emerged as a significant approach to utilizing label information.
MAGNET([25] uses label embeddings as node features and employs graph attention networks to learn depen-
dencies between labels. LR-GCN[31] designs a method that utilizes external information from Wikipedia for
label embedding, aiming to explore label dependencies and semantics. LDGN[22] combines the statistical label
collaboration graph and the dynamic reconstruction graph to form a dual GCN, so as to learn the high-order
relationship between labels. LIGCN[17] builds a graph for labels and text tokens, and strengthens the edge
weight between specific tokens and the corresponding label through the graph convolutional network(GCN).
S-GCN[45] combines text, words, and labels to construct a global graph, considering both semantic associations
and global word relationships.By focusing on label information, these methods aim to enhance the multi-label
text classification performance, addressing the limitations of traditional text-focused approaches.

2.2 Label Relationship

In multi-label text classification tasks, the labels of the data set will show different correlations. Different models
have different methods of utilizing label relationships. Properly utilizing label relationships is an important
research direction. Currently, there are three ways to construct label relationships.

The first direction is to establish label relationships based on the co-occurrence frequency matrix, which is
the most intuitive, convenient and commonly used. LACO[46]. constructs two matrices: one is a pairwise label
co-occurrence matrix, with 0 and 1 representing infrequent and frequent label co-occurrence respectively, and
the other matrix is a conditional label co-occurrence matrix, which indicates whether other labels will co-occur
when some labels appear. CL-MIL[16] will divide labels into three constraint relationships: direct correlation,
indirect correlation, and irrelevant. It more fully reflects the relevance strength of the label.
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The second direction is to calculate the cosine similarity of label embeddings. When selecting similar labels of
a certain label in TailMix[12], the cosine similarity between all one-hop neighbor nodes in the label graph and
this node is calculated, and the most similar node is selected.

The third direction is to extract the parent-child relationship between labels. Sometimes,the co-occurrence
frequency between labels cannot directly reflect the deep relationship between labels. KenMesh[34] uses a
two-layer GCN network to create a graph for the parent label and the child label respectively to reflect the
parent-child relationship. However, only considering the parent-child vertical relationship between labels will
ignore the horizontal relationship between labels. LGCCN[38] can capture the vertical dependencies between
label levels, model the horizontal correlations, and construct a tree-like label graph without the need for the data
set to provide label relationships in advance.

3 Methodology

In this section, we will first briefly introduce the overall algorithm flow of LabelCoRank (Section 3.1), followed
by a detailed explanation of the implementation and motivation of the key component in the model, the Label
Reranking with Co-occurrence Relationship method (Section 3.2).

Fig. 1. The architecture of LabelCoRank
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3.1 The Whole LabelCoRank Pipeline

The LabelCoRank model consists of three main modules. The first module uses text features captured by a
pre-trained model to obtain an initial classification ranking. In the second module, by leveraging the head labels
from the initial classification and combining them with the label frequency co-occurrence matrix and label
frequency distribution information from the dataset, Label Reranking is performed. This results in a label feature
sequence that incorporates various additional information, which is then used to establish semantic relationships
with the text through an attention mechanism. The third module uses these features for the final classification.
Fig. 1 illustrates the overall architecture of the LabelCoRank model. The following three paragraphs will provide
a detailed introduction to each of these modules. The numbers from 1 to 18 in the Fig. 1 indicate the order of the
method to help understand the flow of the data.

Initially, the RoBERTa model is employed for feature extraction and initial label prediction based on its text fea-
tures. The text T is composed of words t, the initial text undergoes tokenization and other preprocessing steps, aug-
mented with special tokens [CLS] and [SEP], resulting in a sequence of n words, T = {t.ss, t1, t2, 13, . . ., bn—2, tsep}.
RoBERTa encodes this text, with the output of its last hidden layer denoted as H = {h¢s, b1, ho, b3, . . ., hp—2, hsep}.
hes represents the output of the hidden layer after encoding the [CLS] token and can also be viewed as the
representation of the text features after encoding with RoBERTa. The pooled representation of the text is denoted
as P, formulated as follows:

H = RoBERT a(WRroBERTa» T) @)

P = Tanh(hesWi + by) ()

The full-text features P encoded by RoBERTa are used for classification, and the sequence of label probabilities is
denoted as S; = {sy, 53, .. .5k}, with K is the number of all labels.

S1 = sigmoid(PW, + by) 3)

For loss computation, the Binary Cross-Entropy Loss function is used, formulated as follows:

K
L= Glog(s) + (1- 80 log(1 - 5) “
i=1

where K is the number of all labels, §; is the true value of the i-th label, s; is the predicted probability value of the
i-th label. The prediction loss for this instance is denoted as L;, which will be combined with the final classification
loss L; as the ultimate loss L. The motivation for using RoBERTa, a widely-used feature extraction module in NLP
that has demonstrated excellent performance, extends to its high accuracy in predicting head labels, although it
performs less effectively on tail labels. This discrepancy has inspired us to improve its capability in predicting tail
labels while leveraging its strong performance on head labels to use predicted head label information effectively.

Subsequently, the prediction results are combined with the label frequency correlation matrix M to obtain an
extended label sequence, incorporating more relevant labels. This is regarded as the first Label Reranking. The
sequence is sorted by frequency to obtain an ordered label sequence S that includes frequency information. This
label sequence is mapped to label features, integrating positional information, and further fitting it through a
linear layer. This results in the fused label features F= {ﬁ f; j‘; ... fAY} allowing the same label to have different
feature representations at different positions in the sequence. This is considered the second Label Reranking. The
label feature sequence is then used to perform masked attention learning on the character-level features extracted
by RoBERTa, ultimately obtaining features that incorporate expanded label information. The next section will
explain how the final label feature sequence containing more relevant information is achieved through Label
Reranking, why this process is referred to as Label Reranking, and the motivations behind this approach.

Finally, these features are used for classification. The features that incorporate expanded label information
extracted through the multi-head masked attention mechanism, MultiHead( f, H), where f € I?, are concatenated
to obtain the final feature f.,, as follows:

foar = Concat(MultiHead(f, H)) (5)

The features are mapped to the corresponding probabilities of K labels through a linear transformation and a
sigmoid function.

Y = sigmoid(fratWs + bs) (6)

Journal of Artificial Intelligence Research, Vol. 83, Article 14. Publication date: July 2025.



14:6 « Yan, Liu & Zhang

The binary cross-entropy loss function for Y = {y1, y, . . . yx } is used as the loss function for the second prediction,
resulting in the loss L,. The final loss is defined as:

K
L =% > Gilog(y) + (1 - ) log(1 - ) )
i=1

L=pxLi+(1-p) XL, (®)
where K is the number of all labels, §; is the true value of the i-th label, y; is the predicted probability value of the
i-th label and S is a hyperparameter used to balance the influence of the two losses on the final result.

3.2 Label Reranking with Co-occurance Relationship

In the first stage, an initial ranking is formed using the preliminary classification results. In the second stage,
we re-rank these results to integrate various additional information beyond text features, helping to address the
long-tail problem in classification. This section will specifically introduce the method of Label Reranking with
Co-occurrence Relationship.

After the initial prediction, the first predicted label probability sequence S; is obtained. A threshold hyper-
parameter « is used to select the parts of S; where the label prediction probabilities are greater than «, and the
corresponding labels are taken as the label sequence S;. This aims to obtain labels more relevant to the text as
predicted by RoBERTa, thereby reducing the introduction of irrelevant noise.

For the co-occurrence frequency matrix M, its contents are defined as follows: for a dataset with K labels, m; ;
represents the frequency with which the j label appears when the i label is present. m; is the co-occurrence
frequency sequence of all labels corresponding to the i label, that is, m; = {m; 1, m;z, ..., m; ¢ }. Therefore, for the
label sequence S, with V labels, S, = {l;, L5, .. ., [, }, the label frequency sequence set is Ms, = {my,, my,, ..., my,}.
Summing the label frequency sequences yields M, defined as follows:

v v v v
M, = Z my, = Z m, 1, Z myo, ..., Z mi, )
=1 v=1 v=1 v=1

A hyperparameter y is used to control the desired length of the label sequence. The corresponding labels from 1\2;
are obtained, and the top y — V labels that are not part of S, are selected based on frequency in descending order
to form the label sequence Ss. Sy U Ss is used as the label sequence S4, which is more relevant to each sample:

S;=S,US; (10)

This is regarded as the first Label Reranking. In terms of effectiveness, using the co-occurrence frequency
matrix allows samples to expand to include more relevant labels, thereby obtaining more related information.
However, from another perspective, through the label co-occurrence matrix, important information in the initial
label probability sequence that might have been overlooked is reordered and reprioritized based on co-occurrence
information.

S4 is then sorted based on the label frequency distribution across the entire dataset, placing high-frequency
labels at the beginning of the sequence and low-frequency labels at the end. This results in a frequency-integrated
label sequence S:

S = Rank(S,) (11)

A trainable label position feature matrix Mpos € RY*? and a label feature matrix My € RK*? are designed, where

¢ is the size of the RoBERTa hidden layer. Using S, the corresponding label features from Ms are selected and
added to Mp,s to obtain the feature representation F with integrated label position information. A feedforward
neural network module is then used to further integrate the position information and label information in F,
represented as follows:
F = ReLU(Drop(FWs + b)) W, + by (12)
This is considered the second Label Reranking. By sorting labels according to their distribution in the dataset,
label frequency distribution information is incorporated, and all relevant labels are re-ranked. This effectively
organizes the highly semantically relevant head labels initially predicted by RoBERTa and the highly correlated
labels obtained through co-occurrence relationships.
The design has two main motivations. First, by reranking the labels based on the frequency distribution in
the dataset, high-frequency labels are placed at the beginning of the sequence. This way, the selected label
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feature information sequence also contains the importance information of frequency. During subsequent network
training using label feature information, the neural network gives different levels of attention to the information
at the beginning and end of the sequence, thus integrating this information into the model. Second, the position
feature matrix is designed because different samples have different label sequences S, and the order of S contains
label frequency information. For the same label, its meaning should be different depending on its position in
different label sequences. After sorting and filtering, the labels that appear earlier in the sequence are more
important, whereas the labels that appear later are less important. Therefore, the same label in different positions
within the sequence supplements the correspondmg label with feature information specific to its position.

In the end, the label feature sequence F = { ﬁ, fg, .. fy} combined with a multi-head masked attention
mechanism, is used to extract information from the RoBERTa encoded text that is more relevant to the label
information.

MultiHead(]?, H) = Concat(head,, head,, heads...head,) (13)
QK]

head; = Attention(Q;, K;, Vi) = softmax( +M)V; (14)
Vi

where Q; = ]?Wl.Q, K; = HWiK, V; = HM/iV forie[1, ry],fe F. 1 is the number of heads . Wl.Q, WiK, and WiV
are the matrices parameters to be learned for the i-th head. di is the dimension of the keys, and M is the attention
mask that is added to the scores.

The above outlines the entire process of Label Reranking with Co-occurrence Relationship. Its purpose is
to integrate various additional label information through Label Reranking to address the long-tail problem
in multi-label text classification. In the following comparative and ablation experiments, we will explore the
effectiveness of this method and verify the design of LabelCoRank.

4 Experiments
4.1 Datasets

The proposed method is evaluated on three well-known public datasets: MAG-CS, PubMed, and AAPD. The
reasons for selecting these datasets are as follows.

Frequency Distribution of Labels (Excluding Top 1%)
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3000 +
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N
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S
53

Frequency

1500 4

1000 +

0 2000 4000 6000 8000 10000 12000 14000
Label Index (Sorted by Frequency)

Fig. 2. Frequency Distribution of Labels on MAG-CS

First, both PubMed and MAG-CS exhibit clear long-tail label distributions. As shown in Fig. 2 and Fig. 3, the
label frequency distributions of PubMed and MAG-CS are highly imbalanced, characterized by a small number of
frequent labels and a large number of rare labels (the top 1% of labels are not displayed in the figures to avoid
making the graphs overly "L"-shaped). Similarly, the label frequency distribution of AAPD, shown in Fig. 4, also
presents a long-tail pattern. The presence of a pronounced long-tail distribution is crucial for evaluating methods
aimed at improving tail label prediction.Second, PubMed, MAG-CS, and AAPD are all datasets originating from
the scientific and academic domains, where label systems are more standardized and annotation noise is relatively
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low. This provides a stable and reliable environment for accurately evaluating the model’s capability to enhance
tail label predictions.

Frequency Distribution of Labels(Excluding Top 1%)
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Fig. 3. Frequency Distribution of Labels on PubMed

Frequency Distribution of Labels

17500 4

15000 4

12500 4

10000 1

7500 1

Frequency

5000 4

2500 4

0 10 20 30 40 50
Label Index (Sorted by Frequency)

Fig. 4. Frequency Distribution of Labels on AAPD

Table 1. Dataset statistics.Np and Nyt represent the number of documents in the training set and test set, respectively. D
represents the vocabulary size of all documents. L represents the number of labels. Layg represents the average number of
labels per document, and Wg,g represents the average number of words per document.

Datasets Ny Nig D L Lovg  Wayg
MAG-CS 564340 70534 425345 15809 5.60 126.33
PubMed 718837 89855 776975 17963 7.78 198.97
AAPD 54840 1000 69399 54 241 163.43

The datasets are introduced as follows, and Table 1 presents the statistics of these three datasets.

MAG-CS[32]: The dataset consists of 705,407 papers from the Microsoft Academic Graph (MAG), selected
from 105 prominent CS conferences held between 1990 and 2020. It comprises 15,808 unique labels, providing a
comprehensive collection of scientific literature in the field.
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PubMed[21]: The dataset comprises 898,546 papers sourced from PubMed, representing 150 leading medical
journals from 2010 to 2020. It includes 17,963 labels corresponding to MeSH terms, offering valuable insights into
biomedical research.

AAPD[41]: The dataset comprises English abstracts of computer science papers sourced from arxiv.org, each
paired with relevant topics. In total, it includes 55,840 abstracts spanning various related disciplines.

4.2 Baselines and Evaluation Metrics

4.2.1 Baselines.

The following comparison methods were selected. They are categorized into three types: methods based on
traditional neural networks, methods based on Transformers, and methods similar to ours that also utilize
pre-trained models and incorporate label information.

o XML-CNN[18] utilizes a dynamic max pooling scheme to capture richer information from different regions
of the document, adopts a binary cross-entropy loss function to handle multi-label problems, and introduces
hidden bottleneck layers to obtain better document representation and reduce model size.

o MeSHProbeNet[40] is an end-to-end deep learning model designed for MeSH indexing, which assigns
MeSH terms to MEDLINE citations. It won the first place in the latest batch of Task A in the 2018 BioASQ
challenge.

o AttentionXML[44] is a label tree-based deep learning model designed for Extreme Multi-label Text
Classification (XMTC). It introduces two key features: a multi-label attention mechanism that captures the
relevant text parts of each label, and a shallow and wide probabilistic label tree that can efficiently handle
millions of labels.

e Transformer[30] is a network architecture, the first sequence transformation model based entirely on
the attention mechanism. It replaces the commonly used cyclic layer with a multi-head self-attention
mechanism and abandons the common cyclic and CNN structures.

e Star-Transformer[11] is a lightweight alternative to Transformer for NLP tasks. It uses a star topology to
reduce the complexity from quadratic to linear and solve the problem of heavy computing requirements.

e BertXML[39] is a customized version of BERT designed specifically for XMTC. It overcomes the limitation
of BERT’s single [CLS] token by incorporating multiple [CLS] tokens at the start of each input sequence.

o MATCH[47] learns improved text and metadata representations by jointly embedding them in the same
space, enabling higher-order interactions between words and metadata.

e LiGCN[17] introduced an interpretable graph convolutional network model that models tokens and labels
as nodes in a heterogeneous graph. It calculates the cosine similarity between label embeddings to capture
the relationships among labels.

e GUDN(33] leverages label semantics and deep pre-trained models, incorporating a label reinforcement
strategy for fine-tuning to enhance classification performance. The model exhibits sensitivity to label
semantics and shows remarkable efficacy on datasets with semantically rich labels.

4.2.2  Evaluation Metrics.

In multi-label text classification tasks, commonly used evaluation metrics include Precision, mAP, Recall, Accuracy,
F1, P@K, and NDCG@K. In this study, P@K and NDCG@K are selected because they are better suited for datasets
with large label spaces and severe sparsity, such as PubMed and MAG-CS(see Table 1). These metrics avoid the bias
caused by the overwhelming number of negative labels in traditional metrics and focus on the quality of Top-K
predictions. Additionally, NDCG@K considers the ranking of predicted labels. Using these metrics also ensures
comparability with previous work and maintains consistency in experimental evaluation. We follow the research
by Zhang et al.[47], adhering to two rank-based evaluation metrics: precision at top k (P@k) and normalized
Discounted Cumulative Gain at top k (NDCG@k), where k = 1, 3, 5. For a document d, let y4 € {0, 1}|'C| be its
ground truth label vector and rank(i) be the index of the i-th highest predicted label according to the re-ranker.

k
1
P@k = — rank (i 15
@ k;yd, k(i) (15)
d Yd,rank(i
DCG@kZZL(I) (16)

— log, (i+1)
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DCG@k

min(k,||yallo) 1
i=1 Tog, (i+1)

NDCG@k =

(17)

4.3 Experimental Settings

All experimental environments were consistent. Experiments were conducted on a computer equipped with an
Nvidia RTX 4090 GPU and 128 GB of RAM. All comparative methods using pre-trained models, as well as our
approach, utilized the RoBERTa pre-trained model as a feature extractor. The hyperparameters for all comparative
methods were set according to their original papers or code. The AdamW optimizer was employed with a learning
rate of le-5, sentence truncation set to 512, and batch size of 16. The threshold hyperparameter, «, was set to 0.3,
and the hyperparameters for the loss function weight, 8, was set to 0.3, 0.3, and 0.25 for the MAG-CS, PubMed, and
AAPD datasets, respectively. The number of selected labels for these datasets y was 30, 35, and 20, respectively.

4.4  Experimental Results

4.4.1  Performance on The Complete Datasets.
Tables 2, 3, and 4 summarize the results of different models on the MAG-CS, PubMed, and AAPD datasets,
respectively.

In the MAG-CS dataset (Table 2), the model outperforms all baselines on almost all metrics, except for P@1,
where it lags behind MATCH by 0.0072. However, for P@3, P@5, NDCG@3 and NDCG@5, the model improves over
MATCH by 0.0047, 0.0131, 0.0007 and 0.0079, respectively. This indicates an enhanced prediction performance for
tail labels. This improvement is attributed to the introduction of a significant amount of relevant label information,
which boosts the prediction of tail labels but slightly dilutes the focus on head labels. Additionally, MATCH
utilizes extra meta-information that LabelCoRank does not, which could explain the differences for P@1.

Table 2. Results on MAG. Following the experiments from the MATCH[47], the average of three trials was taken for
comparison. The best experimental result on the MAG dataset is indicated in bold.

Model P@1 P@3 P@5 NDCG@3 NDCG@5
XML-CNN[47] 0.8656  0.7028  0.5756 0.7842 0.7407
MeSHProbeNet[47] 0.8738 0.7219  0.5927 0.8020 0.7588
AttentionXML[47] 0.9035 0.7682  0.6441 0.8489 0.8145
Transformer[47] 0.8805 0.7327  0.6024 0.8129 0.7703
Star-Transformer[47] 0.8569 0.7089  0.5853 0.7876 0.7486
BERTXML[47] 0.9011 0.7532  0.6238 0.8355 0.7954
MATCH[47] 0.9190 0.7763  0.6457 0.8610 0.8223
RoBERTa-LiGCN - - - - -
GUDN 0.8757 0.7354  0.6173 0.8137 0.7805
LabelCoRank 0.9118 0.7810 0.6588 0.8617 0.8302

In the PubMed dataset (Table 3), LabelCoRank achieves the best performance across all metrics. It is worth
noting that LabelCoRank demonstrates a significantly better performance than MATCH on the PubMed dataset
compared to the MAG dataset. The improvements in P@3, P@5, NDCG@3, and NDCG@5 all exceed 2.8 percentage
points, suggesting a substantial improvement in predicting difficult-to-predict tail labels. The PubMed dataset has
the highest average number of labels per instance, which likely enhances the relevance of supplementary label
information, leading to superior performance.

In the AAPD dataset (Table 4), LabelCoRank also achieves the best performance across all metrics. Despite
the average number of labels per document being only 2.41, the total number of labels is 54, allowing most label
features to participate in the model’s computations. LabelCoRank effectively learns and distinguishes relevant
from irrelevant label information without introducing excessive noise from additional labels. This demonstrates
the model’s robustness even in tasks with fewer labels.

From these experiments, it is evident that models based on the Transformer architecture outperform tradi-
tional CNN and RNN-based models. When comparing models that also use pre-trained models and incorporate
label information, namely RoBERTa-LiGCN and GUDN, LabelCoRank consistently outperforms them. GUDN’s
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Table 3. Results on PubMed. Following the experiments from the MATCH[47], the average of three trials was taken for
comparison. The best experimental result on the PubMed dataset is indicated in bold.

Model P@1 P@3 P@5 NDCG@3 NDCG@5
XML-CNN[47] 0.9084 0.7182  0.5857 0.7790 0.7075
MeSHProbeNet[47] 0.9135 0.7224 0.5878 0.7836 0.7109
AttentionXML[47] 0.9125 0.7414 0.6169 0.7979 0.7341
Transformer[47] 0.8971 0.7299  0.6003 0.7867 0.7178
Star-Transformer[47] 0.8962 0.6990 0.5641 0.7612 0.6869
BERTXML[47] 0.9144 0.7362 0.6032 0.7949 0.7247
MATCH[47] 0.9168 0.7511 0.6199 0.8072 0.7395
RoBERTa-LiGCN - - - - -
GUDN 0.9241 0.7760 0.6524 0.8285 0.7683
LabelCoRank 0.9243 0.7794 0.6571 0.8315 0.7729

Table 4. Results on AAPD. Following the experiments from the LIGCN[17], the best experimental results were taken for
comparison. The best experimental result on the AAPD dataset is indicated in bold.

Model P@1 P@3 P@5 NDCG@3 NDCG@5
XML-CNN 0.8140 0.5903 0.4064 0.7771 0.8187
MeSHProbeNet 0.8460 0.6020 0.4130 0.7969 0.8384
AttentionXML 0.8500 0.6110 0.4180 0.8081 0.8483
Transformer 0.7820 0.5687 0.3930 0.7456 0.7853
Star-Transformer 0.7790  0.5697 0.3976 0.7471 0.7917
BERTXML 0.8140 0.5847 0.3972 0.7737 0.8093
MATCH - - - - -
RoBERTa-LiGCN[17] 0.8250 0.6126 0.4138 0.8039 0.8383
GUDN 0.8260 0.6023 0.4136 0.7911 0.8335
LabelCoRank 0.8540 0.6227 0.4188 0.8188 0.8526

performance on the MAG dataset is weaker than on PubMed, likely because it relies directly on pre-trained
models to extract label features, which are presented as IDs in MAG, making it difficult to capture label text
features effectively. However, LabelCoRank allows the model to learn the feature representation of each label
independently, without relying on label text features.

4.4.2  Performance Comparison of Head and Tail Labels.

To comprehensively verify the practical effectiveness of LabelCoRank in improving tail label prediction, we
designed a focused experiment using two specifically constructed subsets from the PubMed dataset. The first
subset is the head label dataset, which consists of samples where the real labels are entirely formed by the top
10% most frequent head labels, totaling 226,629 samples. The second subset is the tail label dataset, which consists
of samples where the top labels appear no more than twice in the real labels, totaling 93,364 samples. Fig. 3 shows
the label distribution of the PubMed dataset after excluding the top 1% frequent labels (the distribution of the top
1% labels is not displayed in the figure to prevent the graph from becoming too "L"-shaped). The top 10% most
frequent labels are considered head labels, while the remaining 90% are considered tail labels. Since the dataset
consisting entirely of tail label samples only contains 3,803 samples, we selected a subset consisting of samples
where the top labels appear no more than twice in the real labels.

On the head label dataset (Table 5), LabelCoRank outperforms the current state-of-the-art models across all
evaluation metrics.LabelCoRank shows an improvement of nearly 0.6% and 0.9% over the second-best method
in P@3 and P@5, respectively, and also achieves gains in the NDCG metrics. On the tail label dataset (Table 6),
the advantage of LabelCoRank is more pronounced. Compared to other models, LabelCoRank achieves the best
results in P@1 (0.8382), P@3 (0.5593), P@5 (0.3940), NDCG@3 (0.6584), and NDCG@5 (0.6431). For instance, P@3
and P@5 are improved by approximately 2.9% and 2.0% compared to GUDN, while NDCG@3 and NDCG@5
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Table 5. Results on PubMed head label dataset

Model P@1 P@3 P@5 NDCG@3 NDCG@5
XML-CNN 0.8692 0.6318 0.4914 0.7409 0.6969
MeSHProbeNet 0.9168 0.7183  0.5665 0.8233 0.7806
AttentionXML 09122 0.7111 0.5680 0.8155 0.7784
Transformer 0.8686 0.6371 0.4914 0.7426 0.6872
Star-Transformer 0.8709 0.6341  0.4915 0.7404 0.6871
RoBERTa 0.8960 0.6633 0.5162 0.7738 0.7284
BERTXML 0.8854 0.6606 0.5116 0.7675 0.7199
MATCH - - - - -
RoBERTa-LiGCN - - - - -
GUDN 0.9072 0.7040  0.5558 0.8089 0.7671
LabelCoRank 0.9178 0.7240 0.5752 0.8284 0.7887

Table 6. Results on PubMed tail label dataset

Model P@1 P@3 P@5 NDCG@3 NDCG@5
XML-CNN 0.7509 0.4319 0.3017 0.5287 0.5142
MeSHProbeNet 0.7925 0.4927  0.3450 0.5910 0.5753
AttentionXML 0.7997 0.4878  0.3458 0.5856 0.5727
Transformer 0.7784 0.4640 0.3188 0.5638 0.5347
Star-Transformer 0.7625 0.4511  0.3122 0.5489 0.5227
RoBERTa 0.7739 0.4586 0.3141 0.5516 0.5278
BERTXML 0.8014 0.5213 0.3629 0.6170 0.5974
MATCH - - - - -
RoBERTa-LiGCN - - - - -
GUDN 0.8192 0.5306 0.3744 0.6279 0.6136
LabelCoRank 0.8382 0.5593 0.3940 0.6584 0.6431

are improved by around 3.0%. These results clearly demonstrate that LabelCoRank significantly improves the
prediction accuracy for tail labels.

4.4.3 Comparison with GPT-4o.

In this section, we compare LabelCoRank with GPT-40, a renowned advanced large language model, on the
PubMed dataset. Due to the prompt length limitation, we are unable to provide the GPT-40 with all the labels
(over 10,000 labels), thus preventing us from fully leveraging the capabilities of the GPT-40. Instead, we use
the GPT-40 to rerank the top ten predictions from RoBERTa and select the five most relevant labels. Viewed
from another angle, this approach is a secondary enhancement of RoBERTa’s predictions by GPT-40, which is
conceptually similar to what LabelCoRank does.

Table 7. Comparison with GPT-40 on the PubMed dataset

Model P@1 P@3 P@5 NDCG@3 NDCG@5
RoBERTa* 0.9935 0.9046 0.7484 0.9474 0.8719
RoBERTa 0.9178 0.7343  0.6037 0.7941 0.7254
RoBERTa+GPT-40 0.7990 0.6343  0.5304 0.6828 0.6271
LabelCoRank 0.9243 0.7794 0.6571 0.8315 0.7729

A template of the prompt used in the experiments is shown in Fig. 5. Additionally, we calculated the metric that
indicates while all the correct labels be selected from RoBERTa’s top ten predictions, which helps establish an
upper bound to avoid the result being impacted by the lack of correct labels within RoBERTa’s Top 10 predictions.
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Prompt: Select the top five relevant labels from the given labels and return them as a Python list

Given the text {data[count]}, and the following labels: {tags}, with corresponding indices {preList}, please
select the five most relevant labels for the text and return the corresponding labels and indices in Python
list format. For example: [‘A’, ‘B’, ‘C’, ‘D’, ‘E’] and [1, 6, 3, 8, 4]. If there are fewer than 5 results, add the
ones you find most relevant to make up the difference. No explanation is needed, just the relevant label
list and its index list.\n

Fig. 5. Prompt Template.The content inside the {} brackets represents fillable fields, where {data[count]} refers to the text,
{tags} refers to the labels, and {preList} refers to the indices corresponding to the labels.

We refer to it as RoBERTa". The results after GPT-4o reranking were parsed and calculated, and the findings are
in Table 7. The results show that our method outperforms GPT’s selection based on RoBERTa’s probability scores.
Moreover, we found that GPT’s performance actually deteriorated after reranking, which may suggest that the
LLM struggles to adapt well to this task.

4.5 Ablation Study

From the analysis of the above experiments, it is evident that LabelCoRank effectively improves label prediction
performance by incorporating label information, particularly enhancing the accuracy of predicting tail labels
in datasets with a large number of labels. We conducted ablation experiments to verify the effectiveness of the
modules used in LabelCoRank for integrating label information. Four design elements in LabelCoRank need to be
validated for their effectiveness: label selection, label sequence ranking, incorporation of positional information,
and selection of the number of labels.

4.5.1 Effects of Label Selection, Label Sequence Ranking and Position Information.

Label selection directly affects which information from the text will be extracted under the attention mechanism,
thus impacting the final label prediction. To validate the effectiveness of using the frequency correlation matrix
for label selection, a comparison was made against selecting the same number of labels directly from RoBERTa’s
predictions without the frequency correlation matrix. Experimental results demonstrate that label selection
using the frequency correlation matrix is more effective than directly using RoBERTa’s predicted labels. This
is understandable, as the relevance of the predicted labels diminishes after a certain quantity. Additionally,
RoBERTa’s predicted labels do not account for co-occurrence relationships beyond textual semantics. For some
labels, the connections are more latent and not directly reflected in the text’s semantic content.

The label sequence is sorted based on the frequency of label occurrence across the entire dataset, aiming
to introduce the frequency distribution information of labels over the dataset. When expanding the features
obtained through the multi-label attention mechanism, this naturally positions high-frequency label features at
the forefront, allowing the classifier to inherently pay different levels of attention to labels at different positions.
This is because, for the classifier, each feature used for classification, from the head to the tail, consists of features
extracted from high-frequency labels to those extracted from low-frequency labels. In comparison to an unordered
feature sequence, where the contributions to classification are random, an ordered feature sequence allows for
the anticipation that the features towards the front will contribute more. Therefore, as the classifier continuously
assesses that the contribution from head labels is greater, the weights assigned to features from head labels will
naturally be larger.

This label sequence, enriched with frequency distribution information, is considered a prioritized sequence.
For the same label, its meaning varies depending on its position; the further forward it is, the more attention it
should receive, and conversely, the further back it is, the less attention it should receive. Therefore, positional
information was integrated into the label sequence, enabling different expressions at different positions to achieve
dynamic label feature representation.

Experiments across three datasets validated the effectiveness of these approaches. Additionally, an ablation
experiment was conducted by removing all the aforementioned designs to verify their overall effect as a reranking
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Table 8. Results of ablation experiments

Dataset  Model P@1 P@3 P@5 NDCG@3 NDCG@5
w/o correlation matrix 0.9031 0.7680  0.6442 0.8483 0.8139
w/o label ranking 0.9056 0.7725  0.6497 0.8527 0.8197
MAG-CS w/o position information 0.9039  0.7692  0.6452 0.8498 0.8156
w/o all reranking parts 0.8997  0.7578  0.6342 0.8402 0.8062
LabelCoRank 0.9118 0.7811 0.6591 0.8620 0.8305
w/o correlation matrix 0.9251 0.7700  0.6442 0.8243 0.7623
w/o label ranking 0.9287 0.7761  0.6519 0.8298 0.7694
PubMed  w/o position information  0.9259  0.7699  0.6441 0.8242 0.7621
w/o all reranking parts 0.9236  0.7608  0.6337 0.8165 0.7527
LabelCoRank 0.9241 0.7813 0.6593 0.8330 0.7749
w/o correlation matrix 0.8470 0.6193 0.4204 0.8129 0.8509
w/o label ranking 0.8490 0.6193 0.4192 0.8145 0.8515
AAPD w/o position information 0.8480 0.6160  0.4170 0.8138 0.8504
w/o all reranking parts 0.8340 0.6132  0.4156 0.8077 0.8423
LabelCoRank 0.8540 0.6227 0.4188 0.8188 0.8526

module. According to results presented in Table 8, both label sequence ordering and the integration of positional
information significantly improved classification outcomes.

4.5.2  Effects of The Number of Labels.

Different choices in the number of labels introduce varying degrees of relevant label information and noise,
impacting different datasets and samples differently. The effects of label number selection were investigated
through experiments and analysis. Results(Table 9) indicate that in the MAG dataset, 35 labels were optimal; in
the Mesh dataset, 30 labels were suitable ; and in the AAPD dataset, 20 labels were appropriate.

Table 9. Results with different number of labels. Number of labels refers to the size of the sequence of labels considered
relevant in reranking.

Dataset  Number of labels P@1 P@3 P@5 NDCG@3 NDCG@5

40 0.9085 0.7767  0.6550 0.8572 0.8255
35 0.9118 0.7811 0.6589 0.8620 0.8305
MAG-CS 30 0.9125 0.7797 0.6569 0.8606 0.8283
25 0.9102 0.7802  0.6586 0.8606 0.8295
20 0.9055 0.7722  0.6053 0.8527 0.8207
35 0.9275 0.7805  0.6567 0.8332 0.7735
30 0.9241 0.7813 0.6593 0.8330 0.7749
PubMed 25 0.9282 0.7772  0.6539 0.8306 0.7709
20 0.9275 0.7765 0.6511 0.8300 0.7688
15 0.9293 0.7759 0.6518 0.8299 0.7695
30 0.8480 0.6130 0.4212 0.8102 0.8531
25 0.8480 0.6183 0.4210 0.8131 0.8522
AAPD 20 0.8540 0.6227 0.4189 0.8188 0.8526
15 0.8480 0.6177 0.4180 0.8149 0.8507
10 0.8350 0.6117 0.4172 0.8041 0.8434
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4.6 Case Study

From an information retrieval perspective, Our model can be viewed as a dual-prediction system from an
information retrieval perspective. Initially, text features extracted by RoBERTa are used for preliminary label
retrieval within the label space. This initial retrieval expands the relevant label sequence, generating a label
information sequence related to the text. Subsequently, an attention mechanism extracts features from the text’s
word features that are more relevant to these label features for a secondary prediction. We demonstrate the
effectiveness of our method by comparing it to the AttentionXML and BERTXML models on the PubMed dataset,
illustrating the improvements introduced in the secondary retrieval phase.

Table 10. Case 1.Extended labels represent additional label information obtained through the correlation matrix. This can be
used to analyze why the introduction of additional label information is effective.The prediction results are the top-5 labels
predicted by each method.Green: Correct predictions. Red: Incorrect predictions. :Semantics in the text that are
directly related to labels.

gb1 is not a two state folder identification and characterization of an on pathway
intermediate the pathway of the small a § protein gb1 has been extensively
studied during the past two decades using both theoretical and experimental
approaches these studies provided a consensus view that the in a two

state manner here we reassessed the of gb1 both by experiments and
simulations and detected the presence of an on pathway intermediate this intermediate
has eluded earlier experimental characterization and is distinct from the collapsed state
previously identified using ultrarapid mixing failure to identify the presence of an
intermediate affects some of the conclusions that have been drawn for gb1 a popular
model for studies

‘Humans’, ‘Animals’, , ‘Protein Structure, Tertiary’,
‘Amino Acid Sequence’, ‘Protein Structure, Secondary’, ‘Protein Binding’,
’Mutation’, , ‘Crystallography, X-Ray’, ‘Escherichia coli’,
‘Protein Stability’, ‘Mice’, ‘Protein Multimerization’,

‘Binding Sites’, ‘Protein Denaturation’, ‘Endoplasmic Reticulum’, ‘Amino Acid
Substitution’, ‘Hydrophobic and Hydrophilic Interactions’, ‘Protein Transport’,
‘Hydrogen-Ion Concentration’, “Temperature’, ‘Catalytic Domain’, ‘Sequence Homology,
Amino Acid’, ‘Saccharomyces cerevisiae’, ' HEK293 Cells’, ‘Amyloid’

‘Kinetics’, ‘Protein Folding’, ‘Molecular Dynamics Simulation’, ‘Protein Conformation’,
‘Hydrogen-Ion Concentration’, “Thermodynamics’

‘Protein Folding’(¢/), ‘Molecular Dynamics Simulation’(v/), ‘Protein Conformation’(¢),
‘Protein Structure, Secondary’(X), ‘Amino Acid Sequence’(X)

‘Protein Folding’(v/), ‘Protein Structure, Secondary’(X), ‘Protein Structure, Tertiary’(X),
‘Amino Acid Sequence’(X), ‘Protein Conformation’(v)

‘Protein Folding’(¢/), ‘Protein Conformation’(v/), ‘Molecular Dynamics Simulation’ (),
‘Kinetics’(v/), “Thermodynamics’(v)

Text

Extend labels

Target

AttentionXML

BertXML

LabelCoRank

LabelCoRank is capable of predicting labels associated with features that are difficult to extract from the text. For
instance, in Case 1(Table 10), the text frequently contains high-frequency keywords such as “protein”, “fold”, and
“folding”. Thus, other methods can capture the corresponding features and infer keywords like “Protein Folding”
and “Protein Conformation”. However, the correct labels include terms like “Molecular Dynamics Simulation”,
“Kinetics”, and “Thermodynamics”, which are scarcely expressed in the text and difficult to capture based solely on
the textual content. Our model expands label information beyond the text by using labels predicted in the first pass
combined with a frequency relevance matrix. This allows us to obtain labels like “Kinetics” and “Thermodynamics”
in the extended tags. After integrating label embeddings and positional information, the attention mechanism
mines text features and incorporates the expanded label features into the final feature expression, enabling the
prediction of labels that are difficult to capture from the text alone.

LabelCoRank enhances text feature capture specific to labels. During the process of label sequence expansion,
it is not necessary to directly obtain the correct labels; acquiring semantically similar labels also aids in label
prediction. For example, in Case 2(Table 11), some keywords appearing in the text do not directly associate
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Table 11. Case 2.Extended labels represent additional label information obtained through the correlation matrix. This can be
used to analyze why the introduction of additional label information is effective.The prediction results are the top-5 labels
predicted by each method.Green: Correct predictions. Red: Incorrect predictions. :Semantics in the text that are
directly related to labels.

the tumor suppressor differentially regulates multiple f through the function
of axin and cki & during ¢ abstract the apc tumor
suppressor regulates diverse stem processes including regulation of gene expression
through wnt f signaling and chromosome stability through microtubule
interactions but how the disparate functions of apc are controlled is not well understood
acting as part of a wnt signaling pathway f pathway that controls
caenorhabditis apr 1 promotes asymmetric nuclear signal
of the wrm 1 by asymmetrically stabilizing microtubule wnt signaling pathway
function also dependson a second j sys 1 which binds to the ¢ tef pop 1
to activate gene expression here we show that apr 1 regulates sys 1 levels in
division in addition to its known role in lowering nuclear levels of wrm 1
we demonstrate that sys 1 is also negatively regulated by the ¢ homology of
11 a ckia kin 19 we show that kin 19 restricts apr 1 localization thereby regulating
nuclear wrm 1 finally the polarity of apr 1 cortical localization is controlled by pry 1 ¢
axin such that pry 1 controls the polarity of both sys 1 and wrm 1 asymmetries
we propose a model whereby wnt signaling pathway through ckia regulates the function
of two distinct pools of apc one pool negatively regulates sys 1 whereas the second
pool stabilizes microtubule and promotes wrm 1 nuclear export signal
, ‘Humans’, , , ‘Signal Transduction’, ‘Mice, Knockout’,
‘Disease Models, Animal’, , , , ‘Neurons’,
‘Mice, Transgenic’, ‘Rats, Sprague-Dawley’, , ‘Gene Expression
Regulation’, ‘Mutation’, , , ‘Mice, Inbred BALB C’,
‘Phosphorylation’, “Time Factors’, ‘Brain’, ‘Amino Acid Sequence’, ‘HEK293 Cells’,
, ‘Rats, Wistar’, Immunohistochemistry’,Macrophages’, ‘Liver’
‘Protein Kinases’, ‘Adenomatous Polyposis Coli Protein’, ‘Animals’, ‘Protein
Target Transport’, ‘Microtubules’, ‘Stem Cells’, ‘Asymmetric Cell Division’, ‘Cell Nucleus’,
‘Active Transport, Cell Nucleus’, ‘Wnt Signaling Pathway’, ‘Cell Polarity’
AttentionXML ‘Animals’(¢/), ‘Axin Protein(X)’, ‘Microtubules’(¢), ‘Cell Division’(X), ‘Cell Nucleus’(v/)
‘Animals’(¢/), ‘Protein-Serine-Threonine Kinases’(X), ‘Mutation’(X), ‘RNA Interference’(X),
‘Gene Expression Regulation, Developmental’(X)
‘Animals’(v), ‘Asymmetric Cell Division’(¢), ‘Adenomatous Polyposis Coli Protein’ (),
‘Protein Transport’(¢), ‘Stem Cells’(v)

Text

Extend labels

BertXML

LabelCoRank

with labels but are linked through similar semantics, such as “catenin” and “protein” or “elegans” and “animals”.
Through label expansion, relevant labels may not be directly acquired, but more semantically related labels are
obtained. For example, in predicting labels such as “Cell Nucleus” and “Cell Polarity”, similar features of labels
such as “Cells, Cultured”, “Cell Line, Tumor”, “Cell Line”, and “Cell Differentiation” are utilized through a label
attention mechanism. This allows more features related to “Cell” to be extracted, thus aiding label prediction.

5 Conclusion

This paper introduces LabelCoRank, a model that integrates label information by Label Reranking method. The
principal mechanism of this model is to expand the labels related to the text by using label frequency correlation
information, which allows for the extraction of more effective features targeted at labels through the operation of a
label attention mechanism. Additionally, the integration of label frequency distribution information into the label
feature sequence via sorting and positional information helps the model to capture more significant features for
classification. We compared our model with current advanced models on three public datasets: MAG-CS, PubMed,
and AAPD, demonstrating its effectiveness. The efficacy of the modules was validated through ablation studies,
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and case analyses illustrated how the introduction of label information via our method positively influences the
prediction results.
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