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• A novel framework (MAACF+) is proposed for extreme multi-label text classification (XMTC)
• Modeling interaction relation in MAACF+ is inspired by some social recommendation methods
• MAACF+ provides multi-aspect information representation and co-attention fusion
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A B S T R A C T
The extreme multi-label text classification (XMTC) keeps attracting researchers’ attention due to its
wide application. Recent studies have been trying to enhance text representation or reduce the number
of labels to optimize the lack of information in a text or the sparsity of the possibility vector. In the
social recommendation field, a similar problem has already been defined and studied extensively,
the methods from which can be adopted in XMTC to identify matching relations in large datasets
accurately. Thus, we proposed a general architecture enhanced by a pre-defined global nearest label
neighbor group for XMTC, which reformulates the learning task to an interaction function between
document and label by a multi-layer perceptron. Further, with co-attention mechanism and neural
collaborative filtering, our architecture learns informative label representation enhanced by document-
specific label group vector and label-specific text feature vector, which builds an effective interaction
function to get a matching score. Through extensive experiments comparing various models and
ablation studies, results show that our proposed architecture outperforms most existing methods for
XMTC and significantly improves the performance of elemental document encoders.

1. Introduction
Text classification is one of the fundamental tasks in

natural language processing (NLP). There is a wide range
of application scenarios such as sentiment analysis (Medhat,
Hassan and Korashy, 2014), news filtering (Rubin, Chen
and Conroy, 2015), web page tagging (Dumais and Chen,
2000), etc. Multi-label text classification (MLTC) has re-
cently attracted more attention as automatically labeling
multiple labels of documents can effectively reduce labor
costs. It should be noted that being different from multi-class
text classification, MLTC refers to classification tasks where
the text has multiple labels, rather than choosing one from
multiple possible candidate labels. For traditional MLTC,
in most cases, it can be resolved by converting the task
into several binary classification problems on each label.
Some researchers called this kind of methods as one-vs-
all methods (Jiang, Wang, Sun, Yang, Zhao and Zhuang,
2021). However, the growth of data scale leads to a more
challenging problem, the extreme multi-label text classifi-
cation (XMTC), which is described as text with its most
relevant multiple labels from an extremely large-scale label
set (You, Zhang, Wang, Dai, Mamitsuka and Zhu, 2018).
The traditional MLTC methods can no longer handle such
large size of candidate labels in XMTC because of the
large space of possible labels in the task and expanding the
dimension of the output vector will result in convergence
difficulties in the optimization direction.
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Existing studies for XMTC mainly focus on learning
enhanced documents (Liu, Chang, Wu and Yang, 2017) and
modeling in-group label dependency (Zhang, Yan, Wang
and Zha, 2018), i.e., the correlation within labels which
belong to the same text, to optimize this problem. For the
first direction, although we can utilize various models to
explore information from the content of documents or label
correlations, existing works still focus on mining and obtain-
ing more information to optimize a multi-label cross-entropy
after a fully connected (FC) layer (Xun, Jha, Sun and Zhang,
2020). And for the second direction, current efforts focused
on utilizing graph-based methods (Zong and Sun, 2020; Ma,
Yuan, Zhou and Hu, 2021) towards in-group label depen-
dency. These methods are straightforward to understand, but
some drawbacks and limitations exist. Firstly, the correla-
tions among labels are not reflected in those works focusing
on learning enhanced documents, while the relationship
between labels in a big dataset is informative. Secondly,
information of in-group label dependency is restricted in a
relative small view compared with the distribution of whole
large label set, and maintaining a relation graph for each
trainable text-label pair has high computational and space
cost. Moreover, because of the large number of labels, it
is not only hard to precisely map the feature of the text
to several positions within a large solution space, but also
a informative and comprehensive global label correlation
modeling method is crucial.

To resolve these issues, inspired by some social rec-
ommendation solutions, which always retrieve information
and establish mapping relations between different types of
entities in large size database, we consider constructing the
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global label correlation and re-formatting the objective of
XMTC to learn an interaction function between document
and label via a general learning architecture: Multi-Aspect
co-Attentional Collaborative Filtering Plus (MAACF+).

In MAACF+, we model features of text and label with
a co-attention mechanism and learn an interaction function
by Neural Collaborative Filtering (NCF) (He, Liao, Zhang,
Nie, Hu and Chua, 2017). NCF is generic and can express
and generalize matrix factorization under its framework. We
regard matching relations between text and labels as implicit
feedback in the recommendation, which indirectly reflects
the semantic and content correlations within text-label pair.
Specifically, to re-format the classification task to pair-wise
rank task and utilize NCF structure, we consider each text-
label pair in the dataset as the positive sample and select
labels without interaction with the text in the positive pair as
the negative samples. Then we convert the optimization goal
to making the matching score of positive pair as high as pos-
sible. After experiments, it can solve the hardness of conver-
gence issue in probability vector on multi-label classification
as well. Plus means an alternative document encoder and
any text encoder can be ensembled into MAACF+. Thus,
informative features of text can be modeled by an advanced
document encoder with their information being considered
in the label group. Meanwhile, to enhance the representation
of the label and capture distribution information of the whole
label set, a high global co-occurrence label group generated
by a method inspired by TF-IDF is introduced and fused
with the attention mechanism (Vaswani, Shazeer, Parmar,
Uszkoreit, Jones, Gomez, Kaiser and Polosukhin, 2017).
Finally, we exploit the NCF component to simulate the
interaction function learning. We evaluate our architecture
on three public real-world XMTC datasets, and the results
illustrate the effectiveness of the whole architecture and the
significance of each component. We conclude the contribu-
tions in this paper as follows:

• We propose a novel architecture MAACF+ to learn
an interaction function to model the relations between
labels and documents from a large space of labels. It
proposed a novel and effective method to generate the
label’s global nearest neighbor group for XMTC, and
utilizes multiple co-attention mechanisms to extract
information from the statistical nearest group of labels
and enhance text representation.

• Experiments based on three popular text encoders
proves that MAACF+ is a general and independent
architecture that can be integrated with any document
encoder without changing other model components.

• Extensive experiments and visualizations on one Multi-
lingual and three English benchmark datasets illus-
trate the effectiveness of MAACF+ in the XMTC
task. Compared with other state-of-the-art models,
MAACF+RoBERTa outperforms in terms of most
performance indicators. Besides, results also confirm
the success and necessity of introducing the global
nearest neighbor label group.

2. Related Work
2.1. Text-specific methods in XMTC

Deep learning advanced in many fields in recent years,
compared with traditional methods (Liu et al., 2017), deep
models take a sequence as input rather than bag-of-words
which contains less semantics. Normally, researchers can
extract features of text by a convolutional neural network
(CNN) or a recurrent neural network (RNN). Since 2018,
a large number of pre-trained models such as ELMo (Pe-
ters, Neumann, Iyyer, Gardner, Clark, Lee and Zettlemoyer,
2018), and BERT (Kenton and Toutanova, 2019) have shown
an outstanding performance in several tasks in NLP.

Deep-based XMTC models also attracted the attention
of many researchers. For example, XMLCNN (Liu et al.,
2017), the first successful deep learning method for XMTC,
utilizes a dynamic pooling mechanism to capture complex
level feature of the text, each filter represent one semantic
pattern. But XMLCNN did not exploit information hiding
in the large label set, and only used a simple fully-connected
layer with cross-entropy loss for prediction.

Because of the wide success of the Transformer (Vaswani
et al., 2017), researchers started to utilize deep transformer
models in XMTC to achieve better performance. In the nat-
ural language processing, various pre-trained transformer-
based models (?Liu, Ott, Goyal, Du, Joshi, Chen, Levy,
Lewis, Zettlemoyer and Stoyanov, 2019) are proposed to
obtain most informative representaion, and adaptively de-
signed for specific subtasks. X-Transformer (Chang, Yu,
Zhong, Yang and Dhillon, 2020) used only deep transformer
models to match clusters of labels given the text, and ranks
these labels by their high-dimensional sparse feature vectors.
However, the high computational complexity introduced by
transformers made the correlations within a large label set
infeasible.

Besides, some studies (You et al., 2018; Xiao, Huang,
Chen and Jing, 2019) have used attention mechanisms to ex-
plore interactions between labels and words. To be more spe-
cific, they try to enhance the representation of the document
with a label for classification. Some research attempts to
utilize multiple fundamental text encoders to extract features
from input sequence (Liu et al., 2017). Moreover, to improve
the performance of baselines in XMTC, Xun et al. (2020)
proposed a novel component adding to the top layer of the
model, while its performance still rely on initial capacity of
baseline model.

Recently, Zhao, Gao, Lu, Sun and Cheng (2021); Wang,
Dong and Chen (2021b) have explored a more powerful
architecture for multi-view textual information exploration
and proved the effectiveness of multi-view ensemble models.
It is worthy to be transferred them into XMTC model design.
2.2. Lable-specific methods in XMTC

Unlike traditional text classification tasks, XMTC has a
larger number of labels. Training for each label or mapping
the feature vector of text to a higher dimensional vector to
output the possibility of each label is a high computational
expense. For traditional one-vs-all methods for XMTC, they
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(Babbar and Shoelkopf, 2016; Yen, Huang, Kai, Ravikumar
and Dhillon, 2016a; Yen, Huang, Dai, Ravikumar, Dhillon
and Xing, 2017; Babbar and Schoelkopf, 2019) considered
and processed each label independent and divided it into
several binary classi�cation tasks. Although these methods
can achieve acceptable accuracy, common to such methods
are with unacceptably expensive computational complexity
and large model sizes. Whereas some models, such as DiS-
MEC (Babbar and Shoelkopf, 2016) and PPDSparse (Yen
et al., 2017), are attempting to improve the computational
e�ciency of the models, their computational speed is still
too slow compared to the multi-label classi�cation task when
considered as a whole.

Previous research tried to resolve this issue through the
tree structure to minimize the number of candidate labels
and reduce the computational cost of the task (Jain, Prabhu
and Varma, 2016; Jasinska, Dembczynski, Busa-Fekete,
Pfannschmidt, Klerx and Hullermeier, 2016; Khandagale,
Xiao and Babbar, 2020). However, in some datasets, there
were no hierarchy structures within the label group and thus
the tree-based XMTC models will be infeasible. Similarly,
some research (You et al., 2018) tried to build a probabilistic
label tree (PLT) to resolve the sparsity problem in the
prediction. However, the correlations in the label set could
not be exploited explicitly with PLT. PLT can also be used
to improve the computational e�ciency. Jiang et al. (2021)
proposed a light framework with a dynamic PLT structure
before negative sampling to resolve XMTC. However, the
fundamental textual information extractor used by Jiang
et al. (2021) is too simple because its excessive pursuit of
model lightness.

To build a relation graph in a label set, some other mod-
els Bhatia, Jain, Kar, Varma and Jain (2015); Tagami (2019);
Wang, Hu, Li and Yu (2021a) tried to embed labels to search
to consider the similarity within their feature space. For
example, AnneXML (Tagami, 2017) treated this problem as
a weak-supervised task and employed KNN (Cover and Hart,
1967) on the label to get fewer available label candidates. But
these methods are not suitable for datasets where there are
no hierarchical relation between labels.

Recently, with the increasing popularity of graph neural
network (GNN) (Scarselli, Gori, Tsoi, Hagenbuchner and
Monfardini, 2009), some studies (Ma et al., 2021; Zong
and Sun, 2020) utilized GNN to explore interactions within
labels and extract label-speci�c information from documents
by treating relations between labels and text as multi-relation
graphs. Although GNN could perfectly model the topologi-
cal structure and information passing procedure on the label
side, the extra computational cost brought by training and
getting representations of GNN can be problematic. Besides,
they do not focus on global correlation in the label set.
Particularly, the solution would be unacceptable when text
representations were generated by transformer models.

In addition, recent existing studies (Liu, Liu, Cao and
Du, 2022) still conduct classi�cation task based on one
feature vector. No approaches so far are able to learn in-
teractions between text and label update. In this paper, we

Table 1
A summary of symbols and descriptions

Symbol Description
n The number of aspects of text i.
k The size of the nearest label group of label zi :

� ink The attention score in the �rst attention
component in the Label Model.

hik The representation of the k-th label in the
nearest label group of label zi :

sin The representation of text i from the n-th aspect.
� in The attention score in the second attention

component in the Label Model.
hin The representation of the nearest label

group of labelzi after the �rst attention interaction
with the n-th aspect of text representation.

Wn The parameters of the self-attention layer in the
Label Model.

bn The bias items of the self-attention layer in the
Label Model.

Wf The parameters of the linear fusion layer in the
last step of Label Model.

bf The bias items of the linear fusion layer in the
last step of Label Model.

Hg
i The �nal representation of the nearest label

group of label zi :
Hz

i The �nal representation of label zi :
Hi The integrated representation vector outputted

by Label Model.
Si The multi-aspect integrated representation of

text i outputted by Text Model.

have proposed a novel classi�cation method to explore label-
speci�c components of text and information in label groups
more accurately.

3. Model
The architecture of our proposed model is presented in

Figure 1 The MAACF+ is composed of three main com-
ponents: 1) Label Model 2) Text Model 3) Predictor. To
be more speci�c, Label Model aims to explore statistical
features and supplement information from the label's nearest
neighbor group. The setting of multi-encoders is expected
to capture multi-modal distribution in label groups, which is
similar to the previous exploration in social recommendation
(Wang et al., 2021b; Yang, Yang and Wang, 2021).

3.1. Problem Formulation
For input setD = . X; Z; G /ðN ð, X consists of N doc-

umentx i ; Z is the label set whichx i interacted with and
zi Ë ^0;1`ðCð, where C is the total number of labels. Being
di�erent from other works in MLTC, we de�ne an additional
matrix GðCð• ðkð, where k indicates the number of statistical
nearest neighbors of each label in Z. Each documentx i
contains L words, and we wish to learn a mapping function
between the document and its most relevant labels.
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Figure 1: The architecture of proposed MAACF+. Embedding Matrix denotes the matrix consists of representations of the target
label's statistical label group. ATT means attention mechanism. In Predictor, we utilize a MLP (Multi-Layer Perceptron) to do
prediction.

3.2. Architecture of MAACF+
Figure 1 illustrates the overall architecture of our pro-

posed method. We input a ternary pair that consists of
three components: documentx i , label zi , and label group
gi . The summary and descriptions of important notations in
MAACF+ are shown in Table 1.

3.2.1. Construction of label group
In this work, the de�nition of label group is based on the

hypothesis that the information provided by high-frequency
co-occur labels can enhance the representation of the target
label in the neural collaborative �ltering framework. How-
ever, similar to noisy words in the document, labels with
high co-occurrence sometimes cannot be considered as the
most informative neighbor. Thus, we adaptively transfer TF-
IDF in text processing to this task. Speci�cally, for each
distinct label, we calculate the co-occurrence frequency (CF)
and inverse document frequency (IDF) of other labels. The
computational procedures are given below, where N is the
number of documents, i indicates the target label and j is
the label that we want to get its CF-IDF value. Thecount.</
is the frequency count function, and it can calculate the
co-occurrence when it is expanded tocount.<;</. Then we
select topK CF-IDF value labels as the target labelz¨

i s
statistical nearest neighborsgi .

CFij =
count.i; j /

N
; (1)

IDF j = log.
N

count.j /
/; (2)

CF-IDFij = CFij < IDF j : (3)

3.2.2. Text model
Givenx i with L words, we �rstly utilize n independent

homogeneous document encoders to get n sequence vector
sin Ë RD , where D is the dimension of the sequence
vector. Note that, for di�erent basic document encoders,
di�erent word embedding approaches are utilized. In our
experiments, after preprocessing in text, XMLCNN and
AttentionLSTM use the Continuous Bag-of-Words Model
(CBOW) (Mikolov, Chen, Corrado and Dean, 2013a) which
belongs to word2vec methods to get the embedding vector
of each word. Then, a transformer-based model uses its
tokenizer to get the hidden vector of each token. Each
document encoder gets input in the form of vectorizing text,
then outputs feature information as a vectorsin Ë RD .

On the document encoder side, the hidden vector of
target labelzi is used to compute the label-aware attention
values in all of the aspect-level document representations
with a similar attention mechanism and computes the �nal
multi-aspect text representationsi Ë RD .

3.2.3. Label model
Modeling of labels runs in parallel. We input target label

zi and its label groupgi into the label encoder. Firstly, for
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Table 2
Dataset statistics.

Dataset N train N test D L „L ›L „Wtrain
„Wtest

EUR-Lex 15,449 3,865 186,104 3,956 5:30 20:79 1248:58 1230:40
AAPD 54;840 1,000 69;399 54 2:41 2444:04 163:42 171:65
AmazonCat-13K 1;186;239 306,782 203,882 13,330 5:04 448:57 246:61 245:98
Wiki-500k 1,779,881 769,421 2,381,304 501,008 4.75 16.86 808.66 808.56

Notes:N train andN test denote the number of documents in train and test sets respectively.D is the vocabulary size of the input text.L is
the number of labels,„L is the average number of labels for each document,›L is the the average number of instances for each label.„Wtrain

and „Wtest are the number of words in each train and test document.

each label, we get its hidden feature vectorhik by embedding
layer. Then for the global nearest label group, by querying
with each sin, the same number of attention layers are
employed to generate comprehensive but exclusive represen-
tationhin with dimension D of the label group from di�erent
perspectives. The formula is as follows:

� ink =
exp.hik sT

in/
³

k exp.hik sT
in/

; (4)

hin =
É

k

� inkhik : (5)

, where � ink indicates how informative the k-th label
friend is for the whole label groupgi in the n-th aspect.

After that, a self-attention layer is used to combine all
aspects of information from the label group asH g

i Ë RD

in Eq.(6)(7). The �nal representation of labelH i Ë RD is
learned through a linear transformation on the representation
vector of label group and the embedding vectorH z

i Ë RD of
target label. Among them,H z

i can be indexed by the target
label zi from the embedding matrix of labels. The formula
of this linear fusion function is de�ned as Eq.(8).

� in = SOFTMAX.
É

n
hin < W T

n + bn/; (6)

H g
i =

É

n
� inhin; (7)

H i = W T
f < [H z

i ; H g
i ] + bf ; (8)

On the document encoder side, the target label's embed-
ding vectorH z

i is used to compute the label-aware attention
values in all aspect-level document representations with a
similar attention mechanism. Then we weighted integrate all
aspects representations of textsin to the �nal representation
of textSi .

3.3. Predictor
After both the feature of the label and document are

extracted, to integrate representations from two sides and
output the interaction score of text and label, the NCF

structure is utilized. We input them into a two-layer full-
connected MLP to get the matching scoreypred between the
target text and label. For each positive trainable text-label
pair, Neg negative text-label pairs are selected from labels
which have no interaction with the text. The goal of the
optimization is to minimize its loss for each document on
its most relevant labels and maximize the loss of negative
samples which are randomly selected. It can be formulated
as:

logiti = MLP. Si ; H i /; (9)

L � = *
P osÉ

p

NegÉ

n
log.1_.1 + elogitp* logitn// ; (10)

The whole detail information pipeline of MAACF+ is
provided in Algorithm 1.

Algorithm 1: MAACF+
Input:

Text set: ^x1; x2; x3; :::; xi `
Label set: ^z1; z2; z3; :::; zi `
Global nearest label group set:̂ g1; g2; g3; :::; gi `
Hyperparameters: ^n; k`

Output:
Matching score: ^ypred

1 ; ypred
2 ; :::; ypred

i `

1 Initializen independent document encoders
2: For eachternary pair.x i ; zi ; gi /:
3: Getn independent representations

si = ^si1; si2; si3; :::; sin` of x i
4: For eachgik in gi :
5: Get its embedding vectorhik
6: Usingsi as key to queryhik as (4)
7: Fuse and getgi as (5)
8: Get embedding vectorH z

i of zi
9: Get the �nal representationH g

i of gi by a
self-attention layer
Parallizing following:

10: Fuse and get the �nal representationSi queried
by H z

i
11: CombineH z

i andH g
i by a linear transform

layer to getH i on the label side
12: ConcatenateSi , H i and input it into a MLP
13: Get the �nal matching scoreypred

i
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Table 3
Comparison results on EUR-Lex and AAPD.

EUR-Lex AAPD
Model Pš1 Pš3 Pš5 N š3 N š5 Pš1 Pš3 Pš5 N š3 N š5

XMLCNN (Liu et al., 2017) 70.40 54.98 44.86 58.62 53.10 74.38 53.84 37.79 71.12 75.93
DXML (Zhang et al., 2018) 75.63 60.13 48.65 63.96 53.60 80.54 56.30 39.16 77.23 80.99

AttentionXML (You et al., 2018) 67.34 52.52 47.72 56.21 50.78 83.02 58.72 40.56 78.01 82.31
LSAN (Xiao et al., 2019) 79.17 64.99 53.67 68.32 62.47 85.28 61.12 41.84 80.84 84.78

CorNetAttentionXML (Xun et al., 2020) 79.02 64.49 53.94 68.92 62.97 85.71 61.55 42.50 80.31 85.73
LDGN (Ma et al., 2021) 81.03 64.99 56.36 71.81 66.09 86.24 61.95 42.29 83.32 86.85

LightXML (Jiang et al., 2021) 83.51 67.51 54.78 73.92 70.34 87.23 62.54 43.74 84.2 87.9
MAACF+RoBerta 85.16 69.32 58.46 77.32 72.13 89.10 63.32 45.53 87.47 89.32

Notes: All the experimental results shown are the average of ten experiments after �xed parameters, or cited from the results given in the
open-source baseline.

Table 4
Comparison results on AmazonCat-13K and Wiki-500K.

AmazonCat-13K Wiki-500K
Model Pš1 Pš3 Pš5 N š3 N š5 Pš1 Pš3 Pš5 N š3 N š5

XMLCNN (Liu et al., 2017) 92.07 75.29 60.53 87.34 84.29 59.85 39.28 29.81 48.67 46.12
DXML (Zhang et al., 2018) 91.05 71.86 61.32 88.29 81.12 62.20 41.18 30.87 49.91 48.05

AttentionXML (You et al., 2018) 92.12 72.15 62.71 88.56 82.37 65.23 45.61 34.24 52.67 50.20
LSAN (Xiao et al., 2019) 92.34 74.81 63.38 89.08 81.13 66.38 47.75 35.23 55.90 53.11

CorNetAttentionXML (Xun et al., 2020) 92.17 74.36 63.83 89.11 84.54 69.79 50.68 38.98 61.47 58.91
LightXML (Jiang et al., 2021) 95.70 80.34 66.04 91.17 89.81 76.54 55.42 43.12 63.42 59.82

MAACF+RoBerta 96.82 81.92 68.40 93.82 91.73 78.93 60.10 46.33 65.21 61.77
Notes: Restricted by computing resource, experiments on LDGN does not present.

4. Experiments
4.1. Experiment setting
4.1.1. Datasets

We evaluate the proposed architecture on one multi-
lingual benchmark dataset EUR-Lex (Mencia and Fürnkranz,
2008) and three English benchmark datasets: AAPD (Yang,
Sun, Li, Ma, Wu and Wang, 2018), AmazonCat-13K (McAuley
and Leskovec, 2013) and Wiki-500K (Yen, Huang, Raviku-
mar, Zhong and Dhillon, 2016b). The detailed description
of the dataset is shown in Table 2.

4.1.2. Evaluation metrics
We reformulate the matching problem as a topK rank

problem, so we utilize precision at topK (Pš K ) and
Normalized Discounted Cumulated Gains (NDCG) at top
K (N š K ) for evaluation. Speci�cally,Pš K measures the
precision of predicted matching relations between label and
text within K highest possible candidates. And to assess the
signi�cance of order in rank task,N š K indicates the result
of the position order (Yu, Zhang, He, Chen, Xiong and Qin,
2018). We calculate each metrics withK = 1;3;5.

P recisionš K =

³ N
i=1 Hit iš K

³ N
i=1 NumOfLabel

; (11)

DCGš K =
KÉ

j =1

2rel j * 1
log.j + 1/

; (12)

NDCGš K =
DCGš K

IDCG š K
; (13)

In Eq.(11),Hit iš K indicates the number of true labels
of text x i in the top K label sets andNumOfLabel is
the maximum value between the total number of labels
interacting with textx i andK . In Eq.(12),rel j is the rank
of true labels in the topK label set.

4.1.3. Implementation details
Based on the design of fair comparison, we split the

dataset in the same way as its publisher. Considering the
implementation of di�erent document encoders, we use
two methods to preprocess documents. For XMLCNN and
AttentionBiLSTM, word2vec models (Mikolov, Sutskever,
Chen, Corrado and Dean, 2013b) are used to initiate 256-
dimensional word vectors. After word split and stemming,
we input all texts into the Continuous Bag-of-Words Model
(CBOW) (Mikolov et al., 2013a) to get the initial embedding
matrix of words. Then encode each word by a distinct
numeric identity and input each sentence into the MAACF+.
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Table 5
Augment test result on EUR-Lex and AAPD.

EUR-Lex AAPD
Model Pš1 Pš3 Pš5 N š3 N š5 Pš1 Pš3 Pš5 N š3 N š5

XMLCNN (Liu et al., 2017) 70.40 54.98 44.86 58.62 53.10 74.38 53.84 37.79 71.12 75.93
MAACF+XMLCNN 72.92 60.67 49.71 64.93 59.33 76.27 55.23 38.95 72.51 78.25

Improvement 3.55% 10.2% 10.7% 10.2% 11.7% 2.54% 2.58% 3.07% 1.95% 3.06%
AttentionLSTM 53.51 35.97 29.83 42.71 35.72 50.12 41.74 30.83 49.17 52.35

MAACF+AttentionLSTM 70.72 53.46 43.85 63.81 52.32 73.36 56.25 40.62 71.27 75.71
Improvement 32.2% 48.8% 47.0% 49.4% 46.5% 26.2% 34.8% 36.2% 45.0% 44.7%

RoBerta (Liu et al., 2019) 80.15 63.86 52.15 72.55 69.20 86.62 60.90 41.27 81.39 84.03
MAACF+RoBerta 85.16 69.32 58.46 77.32 72.13 89.10 63.32 45.53 87.47 89.32

Improvement 6.25% 8.55% 12.10% 6.57% 4.23% 4.06% 3.97% 10.32% 7.47% 6.30%

Table 6
Augment test result on AmazonCat-13K and Wiki-500K.

AmazonCat-13K Wiki-500K
Model Pš1 Pš3 Pš5 N š3 N š5 Pš1 Pš3 Pš5 N š3 N š5

XMLCNN (Liu et al., 2017) 92.07 75.29 60.53 87.34 84.29 59.85 39.28 29.81 48.67 46.12
MAACF+XMLCNN 93.62 78.2 63.06 88.04 85.9 62.9 43.79 32.51 51.04 49.27

Improvement 1.68% 3.87% 4.18% 0.80% 1.91% 5.10% 11.5% 9.06% 4.87% 6.83%
AttentionLSTM 68.75 52.10 42.53 57.66 55.91 42.43 31.60 20.65 36.44 34.51

MAACF+AttentionLSTM 93.47 79.62 62.51 86.31 85.35 61.12 40.21 31.72 44.52 41.66
Improvement 36.0% 52.8% 47.0% 49.7% 52.7% 44.1% 27.3% 53.6% 22.2% 20.7%

RoBerta (Liu et al., 2019) 74.78 65.78 57.51 73.57 68.58 70.22 51.75 42.34 59.92 56.47
MAACF+RoBerta 96.82 81.92 68.40 93.82 91.73 78.93 60.10 46.33 65.21 61.77

Improvement 26.8% 21.5% 15.5% 24.8% 30.8% 12.4% 16.1% 9.42% 8.83% 9.39%

For RoBerta, we use its tokenizer for the vectorization of
words.

To satisfy the input requirement of the attention mech-
anism, we align the dimension of representation for both
label and document to 256. We select the Adam optimizer
method (Kingma and Ba, 2014) to minimize the BPR Loss.
BPR Loss is a kind of popular raking loss that is based on
Bayesian Personalized Ranking. The idea of BPR Loss is
to maximize the di�erence between the scores of positive
samples and negative samples as much as possible. Finally,
a negative sample strategy is deployed for training. In case of
over-�tting, an early-stop strategy and partial freeze on the
document encoder are used as well.

4.2. Experiments contents
4.2.1. Baselines

To evaluate the performance of our proposed architec-
ture, we compared it with several classical or state-of-the-
art models on XMTC. Note that, to show the outstanding
performance of our model, except for some models that are
not open source or have no testing on datasets we used, we
directly cited the results from their papers. In addition to that,
we did a wide range of ablation experiments to validate the
signi�cance of each component of our architecture.

Basic document encoders:

ˆ XMLCNN (Liu et al., 2017): a CNN-based model
with dynamic pooling to capture high-level features
of document for XMTC.

ˆ AttentionLSTM: A basic one-layer BiLSTM (Corne-
gruta, Bakewell, Withey and Montana, 2016) model
with a self-attention layer to get a representation of
text. It is a widely used sequence encoder.

ˆ RoBERTa (Liu et al., 2019):A transformer-based pre-
train language model. Compared to BERT (Kenton
and Toutanova, 2019), it has slight structure updates
but more pre-train corpus and time. We use di�erent
pre-trained weights to refer to the language of the
dataset. Notes that we utilize an extra pooling layer
to get the representation vector of the whole sentence
based on its outputted attention scores of tokens.

Advanced comprehensive models:

ˆ DXML (Zhang et al., 2018): It uses deep metric learn-
ing to learn the embedding of text and uses the graph
representation learning method to learn the embed-
ding of the label.
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EURlex AAPD

Figure 2: The visualization of ablation test results on EURlex and AAPD.

Amazon-13K Wiki-500k

Figure 3: The visualization of ablation test results on Amazon-13K and Wiki-500K

ˆ AttentionXML (You et al., 2018): A label tree-based
model with multi-label attention to exploring most
informative words in the text.

ˆ LSAN (Xiao et al., 2019): A label-speci�c attention
network to build multiple text representations and
adaptively fuse them using a self-attention mecha-
nism.

ˆ CorNetAttentionXML (Xun et al., 2020): An architec-
ture with AttentionXML as text encoder that is able
to exploit the correlation information among di�erent
labels.

ˆ LightXML (Jiang et al., 2021): A light deep-based
framework with dynamic negative label sampling.
Two-stage structure and �exible negative sampling
strategy in the model lead to relatively small size and
low computational complexity.

ˆ LDGN (Ma et al., 2021): A model using a graph
network to extract label-speci�c components from text
and internal interaction among these components.

In order to ensure a fair comparison, for those models
that have not been implemented in XMTC problem previ-
ously but have available open-source codes, we performed
them based on the open-source codes; otherwise, we coded
the models and implemented them on our own. For each

model we implemented, we tuned their parameters exten-
sively to obtain the best performance.

4.2.2. Performance comparison and discussion
Seeing from Table 3 and Table 4, the architecture

MAACF+ we proposed outperforms previous works on four
datasets. To be speci�c, compared with those works that
share source codes, the RoBerta augmented by MAACF+
achieves a better performance on all of the indicators, and
promote best scores of previous baselines signi�cantly. For
example, on AmazonCat-13k, MAACF+RoBerta boosts
Pš5 andN š3 from 66.04% to 68.40%, 91.17% to 93.82%
respectively. Compared with LDGN, on EUR-Lex and AAPD,
the model we proposed still performed better on all indi-
cators. However, LDGN still performs well on the smaller
dataset AAPD, proving that graph neural networks can be
improved when the computational cost is not considered.

Further, by observing the results in Table 3 and Table
4, we can observe that methods that do not utilize label
correlations to enhance the learning process of text represen-
tation have worse performance. Speci�cally, on the AAPD
dataset, AttentionXML promotes thePš1 of the DXML
from 80.54% to 83.02%, with a nearly 3.08% increase. It
is possible that although DXML tries to model information
in label space by deep embedding methods, AttentionXML
can pay attention to more semantic relevant parts in the
document for each label. Compared with other previous
methods exploiting label correlations, LSAN leads to a
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Table 7
The e�ect of each component veri�es by performance comparison on three datasets.

Dataset Metrics MAACF+RoBerta MCF+RoBerta Improvement ACF+RoBerta Improvement

EUR-Lex

Pš1 85.16 80.07 6.36% 76.82 10.86%
Pš3 69.32 63.91 2.21% 60.16 8.58%
Pš5 58.46 52.17 8.47% 49.15 18.94%
N š3 77.32 71.38 8.32% 64.77 19.38%
N š5 72.13 67.41 7.00% 60.35 19.52%

AAPD

Pš1 89.10 85.13 4.66% 80.63 10.50%
Pš3 63.32 60.07 5.41% 55.96 13.15%
Pš5 45.53 39.62 14.91% 39.20 16.15%
N š3 87.47 81.24 7.67% 76.89 13.76%
N š5 89.32 83.22 7.33% 79.51 12.34%

AmazonCat-13K

Pš1 96.82 93.11 3.98% 90.22 7.31%
Pš3 81.92 77.59 5.58% 74.56 9.87%
Pš5 68.40 65.81 3.94% 61.92 10.47%
N š3 93.82 90.08 4.15% 86.37 8.63%
N š5 91.73 87.32 5.05% 80.24 14.32%

Wiki-500K

Pš1 78.93 74.25 6.30% 72.50 8.87%
Pš3 60.10 55.61 8.07% 53.18 13.01%
Pš5 46.33 43.17 7.32% 40.91 13.25%
N š3 65.21 61.82 5.48% 58.16 12.12%
N š5 61.77 57.04 8.29% 54.66 13.01%

better performance, which may be explained by its multiple
learning space mechanism and the fact that LSAN considers
semantic correlations between text and label simultaneously.
Multi-view learning mechanism is helpful to stabilize the
adaptive fusion by attention mechanism, which learns label-
speci�c text representation.

But compared with other previous methods exploiting
label correlations, LSAN exhibits a better performance. We
think that is because of its multi-view learning mechanism
and considering semantic correlations between text and label
simultaneously.

Both CorNetAttentionXML and LDGN are recent works
in XMTC. While CorNetAttentionXML implemented a gen-
eral architecture to output augmented label prediction, it did
not further explore the possible solution by exploiting abun-
dant correlations in the large label space but augmented the
�nal representation for prediction. Although LDGN utilizes
a graph neural network to model correlations in a label, it
still has the following shortcomings: 1) Due to the huge
computational expense of extra graph neural networks and
introducing label information into the text learning process,
it is hard to deploy on large datasets such as AmazonCat-
13K; 2) It does not public its source codes, thus it is di�cult
to assess its reliability.

In conclusion, by introducing a co-attention mechanism
and multi-view learning, we augment the basic text encoder
with the most semantic relevant label group information.
And referring to the restriction of LDGN in AmazonCat-
13K (McAuley and Leskovec, 2013) and Wiki-500K (Yen
et al., 2016b), this architecture can e�ectively optimize

computational expense compared with other existing GNN-
based models.

4.3. Ablation test
A series of ablation experiments are conducted to verify

the signi�cance and necessity of each component.

4.3.1. E�ect of text encoder
The results of the four datasets are presented in Table 5

and Table 6. As we can observe from them, MAACF+ can
consistently improve the performance of all popular basic
document encoders in XMTC in all metrics.

Among all of the basic encoders, XMLCNN has the
slightest improvement, and it is because of the dynamic
pooling mechanism. A complex feature extractor enables the
encoder to exploit su�cient and informative features from
documents. With a larger size of label space, MAACF+
should bring a more signi�cant improvement because there
exist more correlations on the label side.

In addition, MAACF+ architecture shows a more sig-
ni�cant improvement on metrics withK = 3 or 5. We
speculate that it is due to the introduction of the label group.
Being di�erent fromK = 1, the global nearest label group
works more often as an anchor to augment the prediction of
other possible candidates. Besides, on datasets with a higher
average number of labels for each document, the results of
K = 3 are more promising on metrics thanK = 5, because
the limitation of the real true number of labels of each text
is normally less thanK .
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Evaluated byPš1

Evaluated byN š3

Figure 4: E�ect of the number of layers.

4.3.2. E�ect of global nearest label group
Further, we set the test value of the population of label

group k as [0, 2, 5]. When k = 0, it means modeling
without label group information. We visualize the results
of MAACF+RoBerta in Figure 2 and Figure 3. As shown,
we �nd that the models with a positive value of k usually
outperforms others in all datasets than a model without
label group information, which indicates the model with co-
attention label correlations extracting mechanism achieves
more accurate prediction and can capture the information
more e�ectively. This proves the signi�cance of introducing
global nearest label group modeling. At the same time,
selecting two nearest neignbors in the global nearest label
group is constantly the best choice, since the models with k
= 2 achieve better performance than the models with k = 5.
In summary, it is necessary to have the label global nearest
group information extractor in the models.

4.3.3. E�ect of co-attention and multiple text encoders
There are two key information modeling components

in the MAACF+ we proposed: the multiple text encoders,
which can model multi-aspect features of both text and label;

the co-Attention mechanism, which uses various attention
query methods to fuse representations of label groups and
capture the di�erence information at the text side and label
side in turn. In this section, we do several experiments
on the following variants of the MAACF+ to validate the
e�ects and importance of each component, and the results
are presented in Table 7.

ˆ MCF+: This variant model replaces all of the attention
queries with the self-attention mechanism. It makes
both the Text Model and Label Model focus on their
own feature modeling without any interaction before
being input into Predictor.

ˆ ACF+: This variant model only sets up a text encoder,
it can capture information from only one aspect.

From the results in Table 7, it can be observed that
the MAACF+ has a relatively better performance on all
indicators on all four datasets. Compared to ACF+, MCF+
has a slight decline in the test results, and ACF+ can only
achieve performance close to baselines. Overall, the MCF+
variant has a better performance than ACF+, which indicates

Jiyao Wang etc.: Preprint submitted to Elsevier Page 10 of 13



Multi-Aspect co-Attentional Collaborative Filtering for Extreme Multi-label Text Classi�cation

Table 8
Performance on tail labels evaluated on AmazonCat-13K and Wiki-500K.

AmazonCat-13K Wiki-500K
Model Pš1 Pš10 Pš20 Pš1 Pš10 Pš20

XMLCNN (Liu et al., 2017) 61.92 49.76 41.35 50.26 31.37 28.10
DXML (Zhang et al., 2018) 63.05 51.68 44.26 51.35 35.64 30.96

AttentionXML (You et al., 2018) 64.83 53.97 46.10 53.44 36.20 31.19
LSAN (Xiao et al., 2019) 67.32 56.84 49.23 54.02 38.85 32.73

CorNetAttentionXML (Xun et al., 2020) 70.25 59.61 50.14 56.40 41.17 34.51
LightXML (Jiang et al., 2021) 78.35 66.29 57.70 61.27 45.58 37.49

MAACF+RoBerta 80.01 68.23 60.51 65.21 46.32 39.08
Notes: Restricted by computing resource, experiments on LDGN does not present.

method with interactions can perform better than the pure
double-tower structure. Besides, the worst performance of
ACF+ also indicates the necessarity of Label Model. Fur-
ther, because the two-side modeling method in MAACF+
is one of the key features of collaborative �ltering, the
signi�cance of both two sides of information in MAACF+
also proves the e�ectiveness of collaborative �ltering in
XMTC. In summary, results in this ablation test justify the
structure of the architecture we proposed.

4.3.4. E�ect of the number of layers
To investigate the in�uence introduced by the design of

neural collaborative �ltering, we set three di�erent numbers
of layers in Predictor and present thePš1 and N š3 in
Figure 4.

We can observe that the two-layer neural network yields
the best performance on all four datasets. This indicates that
two layers are enough for modeling the interaction function
with satisfying e�ciency and e�ectiveness. Speci�cally,
observing from Figure 4, comparingPš1 when Predictor
changed its structure from two layers to single layer and three
layers, the decline trend is more signi�cant when MAACF+
in two large datasets (i.e., AmazonCat-12K and Wiki-500k).
But for N š3 , relatively small datasets (i.e., AAPD, EUR-
Lex) show a more signi�cant decrease compared with other
two datasets. We suppose it might be because the over�tting
or under�tting which can be evaluated byPš1 is easier to
appear when the depth of NCF is not suitable in the large
dataset. Besides, in those small datasets, considering their
limit size of label set, a preciser structure design of NCF is
required for obtaining the best ranking performance, which
is usually evaluated byN š3 .

4.4. Performance on tail labels
In order to prove the promotion of classifying tail la-

bels brought by MAACF+, we compare the performance
of MAACF+ and three baselines on two large datasets:
AmazonCat-13K and Wiki-500K based on a �xed size of
tail label sets.

Moreover, in this study, the tail label is de�ned as: a label
with a low occurrence in the dataset. In the implementation,
we calculated all labels' occurrences and rank their value
by ascending. Then, by controlling the size of the tail label
set N tail = 10, we select these tail labels and compute

the matching scores with all documents. The evaluation
metric is di�erent from the above experiments. Based on the
characteristic of this task, precision at topK is adaptively
changed to:

P recisionš K =

³ N tail
i=1 Hit iš K

³ N tail
i=1 NumOfT esti

; (14)

, where Hit iš K is the top K number of texts that
interacted with labelzi , andNumOfT ext i is the maximum
value between the›L , total number of texts that can be labeled
with labelzi , andK . In this experiment, theK is set to 1, 10
and 20.

The results of the tail label study are shown in Table 8.
It illustrates that MAACF+ outperforms on the tail labels as
well. Besides, with the growth of the value ofK , precision
at topK will signi�cantly decrease whenk is over ›L . That
is caused by the computational method of this evaluation
metric. In conclusion, it shows that our proposed framework
MAACF+ is e�ective in alleviating the issues of classifying
tail labels.

5. Conclusion
In this work, we propose a novel architecture named

MAACF+ to promote the performance of basic document
encoders in XMTC. It is an independent and general ar-
chitecture and can be integrated with any deep encoders.
The MACCF+ can achieve state-of-the-art performance,
as validated through extensive experiments on four real-
world benchmark datasets. Future work might consider the
computing e�ciency of the architecture or improve the
architecture to extract information from the interaction of
global label correlation and in-group label dependency for
XMTC.
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