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Abstract. A common approach to multi-label classification is to perform prob-
lem transformation, whereby a multi-label problem is transformed into one or
more single-label problems. Problem transformation considers label correlations
by extending the attributes, but ignores the importance of each feature attribute
for different classification targets, weakens the sensitivity of the classifier, and
reduces the classification accuracy. Attention mechanism is a model that simu-
lates the mechanism of human brain attention. It mainly emphasizes the influence
of some crucial inputs on the output by calculating the attention probability dis-
tribution, which has a good optimization effect on the traditional model. Based
on this, this paper proposes a two-layer chain structure multi-label classification
(ATDCC-OS) algorithm, which incorporates the attention mechanism. This algo-
rithm constructs a two-layer multi-label classification model in order to realize
the correlation between labels through inter-layer and intra-layer interaction. At
the same time, the attention mechanism is introduced to focus selectively on the
sample features, identify more important information for the current task, and
further improve the classification performance of the algorithm. Furthermore, an
optimal sequence selection algorithm (OSS) is proposed, seeking to label the
pecking order, solving the problem of reduced classification accuracy caused by
randomly selecting the class label sequence to train the binary classifier by the
chain classification model. The OSS will be used to optimize the second-layer
chain classification model of ATDCC-OS. Comparisons on seven benchmark data
sets with related algorithms verify the effectiveness of ATDCC-OS.

Keywords: Multi-label classification · Double layer · Attention mechanism

1 Introduction

Classification is a popular branch of datamining techniques, it is aimed at training sample
data set to construct a classification model, and use classification model to the measured
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data to predict the category information. In traditional single label classification, a sam-
ple instance belongs to only one category. However, There are a lot of ambiguities
examples in the real world, namely a sample instance might also belong to two different
categories, the corresponding classification problems referred to as multi-label classifi-
cation. Initially, multi-label learning originates from the document classified in the ambi-
guity problem. After decades of development, multi-label classification technology has
been widely applied to medical diagnosis, recommender systems, information retrieval,
image, video and other fields [1–8]. In recent years, the frequency of “multi-label” dis-
cussions have continued to increase from international conferences related to machine
learning such as ACL, NIPS, CIKM, COLING, AAAI, INTERSPEECH, ICML, KDD,
ICDM, and IJCAI. These make multi-label classification a popular research direction
in machine learning, and it has also attracted the attention of the authoritative publica-
tion “Machine Learning” in the international machine learning community. Therefore,
a large number of multi-label classification algorithms have been proposed.

The existing multi-label learning algorithms are mainly divided into two categories:
problem transformation and algorithm adaptation. Problem transformation will trans-
form a multi-label problem into one or more single-label problems. In this way, single-
label classifiers are employed; and their single label predictions are transformed into
multi-label predictions [9]. Algorithm adaptation is to modify an algorithm (such as
AdaBoost, decision trees) directly to make multi-label predictions. This article will
focus on the research of problem transformation.

After studying the problem transformation algorithm, it is found that many algo-
rithms (such as BR [10], CC [9], MBR [11], and DLMC-OS [12]) often neglect the
correlation between labels, and randomly select label sequences and redundant inter-
active label information in the design process, which results in the reduction of clas-
sification accuracy. At the same time, problem transformation mainly considers the
correlation between labels by extending attributes, but ignores the importance of each
feature attribute for different classification targets, thus weakening the sensitivity of
classifiers and affecting the classification effect of each classifier. Attention Mechanism
[13] is a model that simulates the human brain’s attention mechanism. It highlights the
effect of some key inputs on the output by calculating the probability distribution of
attention, which has a better optimization effect on the traditional model. Based on this,
this paper proposes a multi-label classification algorithm based on attention mechanism
(ATDCC-OS), which combines attention mechanism and double-layer chain structure.

The ATDCC-OS algorithm integrates three classical problem transformation types
of multi-label classification frameworks (BR, CC, and MBR), and constructs a multi-
label classification model based on a double-layer chain structure. In the first layer of
the model, a binary association classification framework is used to accomplish the first
classification of unseen instances, and the label information interacts with the second
layer. In the second layer of the model, a chain classification model with an “update
process” is used to accomplish the final classification of unseen instances. On this basis,
attention mechanism is introduced to calculate dynamically the weight of each feature
attribute in the second layer, which can identify more important attributes for the current
classification task and further improve the classification performance of the algorithm.
In order to solve the random chain order problem of the chain model in ATDCC-OS,
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an optimal sequence selection algorithm (OSS) is proposed. The OSS combines mutual
information, PageRank, Kruskal’s algorithm, and hierarchical traversal algorithm to find
a tag priority order, and uses this sequence to guide the construction of classifiers in the
chain classification model and further optimize the ATDCC-OS.

The rest of the paper is organized as follows: Sect. 2describes related work, Sect. 3
describes the proposed ATDCC-OS model, Sect. 4 introduces experimental data, evalu-
ation methods, experimental set up, and experimental results and discussion. This paper
is concluded in Sect. 5.

2 Related Work

2.1 Multi-label Classification

At present, problem transformation and algorithm adaptation are two popular research
directions in the field ofmulti-label classification. In the problem transformationmethod,
the multi-label classification task transforms one or more single-label classification,
regression, or sorting tasks [11]. The basic classification algorithms often used in prob-
lem transformation are supporting vector machine [14], naive Bayesian, and k-nearest
neighbor algorithm. The algorithm adaptations often modify the single-label classifi-
cation algorithm to adapt to multi-label classification data. Representative algorithms
include ML-RBF [15, 16], ML-kNN [17, 18], Rank-SVM [19], associated classification
algorithm LRwAR [20, 21], etc.

The most common problem transformation method is BR [10], which converts a
multi-label problem into multiple binary problems, training a binary model for each
label to determine whether it belongs to the class label. The classification prediction for
a new instance will be the sum of all binary classifier results. Although the computa-
tional complexity of the BR algorithm is low and linearly related to the class label, the
correlation between the class labels is not considered in the process of classification,
which leads to a certain degree of information loss. S. Godbole et al. [11] proposed the
MBR of the two-layer BR model. It considers label correlations by adding the output of
the first layer as the sample attribute to the second layer. However, when performing the
second-layer model training, there is a problem of redundant consideration of the label
value.

J. Read et al. [9] introduced the “chain” to consider the correlation between labels,
and proposed CC. It links all binary classifiers into a random chain, and the output of
the previous classifier is added to its sample attributes as input to the next classifier.
However, the random chain still has some disadvantages. First, when training the binary
classifier, the CC only considers the output predictions of the previous classifiers, and
ignores the back-end classifier, so that the correlation between labels cannot be fully
considered. Secondly, the implicit directionality in the chain will also affect the classi-
fication accuracy. If there is a low-precision binary classifier at the head of the chain,
the low-precision classification results will propagate backward along the chain, thus
affecting the accuracy of the overall classification. Finally, CC is a random chain, and
the randomness will increase with the number of labels, which will seriously affect the
stability of the algorithm [22, 23].
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G.Q. Liu andT.Guo [12] proposed amulti-label classificationwith optimal sequence
based on double layers (DLMC-OS). The algorithm constructs a two-layer classification
model. Each classifier in the second layer receives all the extended features transmitted
from the first layer, and links the backward update to consider the correlations existing
between labels. Although the algorithm effectively solves the randomness problem of
the chain classification model, it does not solve the uniqueness of the sequence.

2.2 Attention Mechanism

The attention mechanism [24–26] was first applied to the field of computer vision to
simulate human visual attention mechanism. It quickly scans the global image to obtain
the target area that needs attention, and then puts more attention resources into the
area to obtain more detailed information and suppress other useless information. This
improves the efficiency and accuracy of visual information processing exceptionally.
Attention mechanism in deep learning is essentially similar to human selective visual
attention mechanism, and the core goal is to select more critical information for the
current task goal from a large amount of information. D. Bahdanau et al. [27] applied
attention mechanism to machine translation tasks for the first time and obtained good
results. The Google Mind [28] team was inspired by the human attention mechanism
and published an article in 2014 that introduced people not looking at the pixels of the
entire image at once when viewing images. Instead, they focus on a specific part of the
image according to their needs. Moreover, humans will obtain a position that needs to be
focused on in the future based on the observation of the previous image. A.M. Rush et al.
[29] proposed a completely data-driven abstract sentence summarization method based
on the local attention model. H. Chen et al. [30] captured key components at different
semantic levels by introducing user-product attentionmechanism for emotional analysis.
Z. Yang et al. [31] proposed a hierarchical attention network for document classification,
enabling it to differentiate between unimportant content. R. He et al. [32] used attention
mechanism to extract viewpoint entities from text. W. Yin et al. [33] combined the
attention mechanism with CNN for machine translation, which is an early exploratory
work of the attention mechanism in CNN. In “Attention is all you need” published by
the GoogleMachine Translation Team [34], the self-attention mechanism is widely used
to learn text representation. It is not only separated from traditional RNN/CNN, but also
uses a novel multi-head mechanism.

3 ATDCC-OS

3.1 Preliminaries

Let χ ∈ �d be the input domain of all possible d-dimensional attribute values. The set
γ = {y1, y2, ν, yL} is the output domain of L-dimensional label values. Each instance
x is associated with a subset of these labels. This set is represented by a L-vector Y =[
y1, y2, ν, yL

]
, where yj = 1 if and only if label j is associated with instance x, and

0 otherwise. Given a multi-label training set D = {(xi,Yi)|1 ≤ i ≤ m}, where xi ∈ χ

is the d-dimensional attribute vector (xi1, xi2, ν, xid )T and Yi ⊂ γ is a set of labels
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corresponding to xi. Learningmulti-label classification is learning amulti-label classifier

H : χ → 2γ .Hf =
(
Hf
1 ,Hf

2 , ν,Hf
L

)
and Hs = (

Hs
1,H

s
2, ν,Hs

L

)
are the classifiers

constructed in the first and second layer, respectively. cf =
(
yf1, y

f
2, ν, yfL

)
and cS =

(
yS1 , y

S
2 , ν, ySL

)
are the classification results of the corresponding layer.

3.2 The ATDCC Framework

According to the design idea of the DLMC-OS algorithm, a Double-Layer Chain Clas-
sification Model Based on Attention Mechanism (ATDCC) is constructed. ATDCC sets
two layers to decompose the multi-label classification problem into independent binary-
classification problems. In the first layer, the ATDCC model involves L binary transfor-
mations one for each label and each binary model is trained to predict the relevance of
one of the labels [12]. The first layer of ATDCC implements the first classification of the
instance, and then the classification result is transmitted to the second layer by extending
the attribute. In the second layer, ATDCC builds a chained classification model with an
update process, which uses the chain to pass and update label information, achieves the
second interaction of label information, and simultaneously accomplishes the final clas-
sification of the instance. ATDCC fully considers the correlation between labels through
inter-layer label information interaction and intra-layer label information transfer.

ATDCCFirst-layer.ATDCCFirst-layer inherits the idea of the binary relevance classification
model to construct a corresponding binary classifier for each label, and then combines the
classification results of all binary classifiers as the first classification of unseen instances
(see Fig. 1).

Fig. 1. a The procedure of ATDCCFirst−layer in training stage. b The procedure of
ATDCCFirst−layer in training stage.

In the first step, for a dataset with L labels, ATDCCFirst−layer constructs a
corresponding data set for each class label according to Eq. (1):

Df
yk = {(xi, yk)|1 ≤ i ≤ m }

https://doi.org/10.1007/978-3-030-72792-5_1
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Where yk =
{
1, if yk ∈ Yk

0, otherwise
(1)

In the second step, for any multi-label training example, some binary algorithm B
(such as SMO) is used to induce a binary classifier: Hf

yk ← B(Df
yk ).

In the third step, the unseen instance X is classified and predicted using the
constructed binary classifier.

Hf
yk

: X → {0, 1}
yfk =

{
Hf
yk

(X)|1 ≤ k ≤ L
} (2)

Finally, ATDCC will combine the prediction value (i.e.cf = (yf1, y
f
2, · · · , yfL)) of

each classifier as the first classification of the unseen instance, and add cf to the original
sample attribute to form a new sample attribute x′ = {(xi, cf )|1 ≤ i ≤ m}.x′ will be
taken as the input of the next layer of ATDCC.

ATDCCAT-layer. The attention mechanism has been successfully applied to sequence-
to-sequence learning tasks. For classification tasks, the attention mechanism is able
to learn the weight of each attribute in the sample to reflect its impact on the final
classification result.

ATDCCAT-layer introduces the attention mechanism to calculate dynamically the
weight value of the attribute values passed to the second layer model, discriminates
the more important information for the current classification task for each classifier in
the second layer, and enhances the sensitivity of each classifier.

In the first step, according to the dimension of the incoming data of the first layer,
a weight matrix W is defined. ATDCCAT-layer will use the tanh function to quantize the
correlation between the input data and the i-th label. In Eq. (3), W is the weight matrix
that needs to be learned, and b is the bias of the model.

eij = tanh(Wijx
′
ij + b)(1 ≤ i ≤ m) (3)

In the second step, ATDCCAT-layer will convert the result of Eq. (3) into a probability
value by the softmax function to obtain attention weights:

W
′
ij = softmax(eij) = exp(eij)∑m

j=1exp(eij)
(4)

Finally, the original input will be weighted using the attention weights from Eq. (4):

x
′′ =

∑m

i=1
x

′
ijω

′
ij (5)

We update and optimize the parameters in themodel byminimizing the loss function.
The loss function used here is the cross-entropy loss function (Eq. 6), which is the
negative log likelihood of the actual and predicted labels for each sample:

J (θ) = −1

l

l∑

k=1

log p(yk |y′
k) (6)
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ATDCCSecond-layer. ATDCCSecond-layer (see Fig. 2) is the second layer of the ATDCC
model, which uses the chained classification model with the update process to complete
the secondclassificationof the instances.The instancewith attribute space for eachbinary
model is extendedwith label relevance of all previous classifiers to forma classifier chain.
The attribute space for each binary model is augmented with the 0/1 label prediction
coming from first-layer classifiers and all prior binary relevance predictions from the
second layer in which the classifier chain is built. The correlation between each label
is fully considered after the procedure of the second layer. Each classifier in the chain
is responsible for learning and predicting the binary association of the label, given the
attribute space.

Fig. 2. a The procedure of ATDCCSecond-layer in training stage. b The procedure of
ATDCCSecond-layer in training stage.

In the first step, ATDCCSecond-layer constructs a corresponding data set Ds
yk (1 ≤ k ≤

L) for each class label according to Eq. (7), where W is the attribute weight obtained
from the ATDCCAT-layer.

Ds
yk =

{([
wixi,wi+1y

f
1, · · · ,wi+k−1y

f
k−1,wi+k+1y

f
k+1 · · · ,wi+Ly

f
L

]
, yfk

)
|1 ≤ i ≤ m

}

(7)

In the second step, a binary algorithm B (such as SMO)is used to train the
corresponding binary classifier on the constructed data set, i.e. Hs

yk ← B(Ds
yk ).

In the third step, the unseen instance X is classified and predicted using the
constructed binary classifier.

Hs
yk

: X → {0, 1}
ysk =

{
Hs
yk

(X)|1 ≤ k ≤ L
} (8)

During the classification process, the latest predicted label value is used to update the
corresponding label value of the sample attribute space. For example, for the third clas-
sifier Hs

y3 in the chain, the incoming sample attribute value is
[
x, ys1, y

s
2, y

f
3, y

f
4, · · · , yfL

]

instead of
[
x, yf1, y

f
2, y

f
3, y

f
4, · · · , yfL

]
.

https://doi.org/10.1007/978-3-030-72792-5_2
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Finally, ATDCC will combine the classification prediction value cs =
(ys1, y

s
2, · · · , ysL) of each classifier as the final classification for the unseen instance.

3.3 OSS

Because the chain classification model has a random chain order problem, if there is a
lower-precision binary classifier at the front of the chain, the low-precision classification
result will propagate backward along the chain, affecting the classification accuracy of
the subsequent classifier. It even affects the classification accuracy of the entire chain,
and the randomness of the chain orders increases with the number of labels. Although
the DLMC-OS algorithm alleviates the randomness problem of the chain classification
model, it cannot find the optimal label sequence because it cannot fix the root node.
Then the most straightforward solution is to sequence the random chain order, but the
formation of the label sequence is not a simple arrangement, and needs to be combined
with the characteristics of the chain classification model. To this end, the labeling order
sought in this article needs to have the following points:

A. The label sequence is an ordered sequence containing all label information.
B. The label sequence is a sequence with the greatest correlation.
C. The label sequence is an optimal sequence.

Based on the above design principles, OSS is proposed. The algorithm combines
mutual information, PageRank,Kruskal’s algorithm, and hierarchical traversal algorithm
to find a label with the most relevance. The sequence is used to guide the construction
order for each classifier in the chain classificationmodel, and the second layer of ATDCC
is optimized using OSS.

Related Sub-algorithm of OSS. (1) Mutual Information (MI). In probability theory
and information theory, the mutual information (MI) of two random variables is a
measure of the mutual dependence between the two variables. More specifically,
it quantifies the “amount of information” obtained about one random variable by
observing the other random variable. The MI of the two variables is defined by
Eq. (9). With the constant research of experts and scholars, the theory of MI has
gradually infiltrated all walks of life. In machine learning, MI is applied to feature
selection [35, 36]. In search engine technology, MI between phrases and contexts
is used to discover semantic clusters [37]. In statistical mechanics, MI is combined
with Loschmidt’s paradox to solve mechanical problems [38, 39].
Based on theMI design idea and application, this work will measure the correlation
between tags by calculating the MI between the two labels, and use it as the weight
of the edges of the full connection graph.

(2) PageRank. PageRank (PR) [40] was proposed by Sergey Brin and Larry Page in
1998 to solve the problem of page ranking in link analysis. The core idea is that the
importance of a page depends on the number and quality of other pages pointing
to it. Reference [41] mentioned that Google’s search engine uses the PageRank
algorithm based on the importance (popularity) of Web pages. The importance of
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a Webpage is discovered through the analysis of its link structure, and does not
depend on the specific search request. Personalized PageRank is used by Twitter to
present users with other accounts they may wish to follow [42].
Based on PageRank’s design idea and priority search principle, this work will use
the PageRank algorithm to find an important tag as a chain head node, which solves
the problem of low-precision classifier in the chain.

(3) Edge-Weight Graph Algorithm.Aweighted graph [43] is a graph in which a number
(the weight) is assigned to each edge. Such weights might represent, for example,
costs, lengths, or capacities, depending on the problem at hand [44–47]. This work
will use Edge-weight graph algorithm to construct a fully connected graph with the
association with labels.

(4) Kruskal’s algorithm. Kruskal’s algorithm [48] was proposed by Joseph Kruskal
in 1956 to find the minimum spanning tree. This paper will introduce Kruskal’s
algorithm to find the largest-label spanning tree, which provides the basis of finding
the sequence of the largest association with labels.
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(5) Breadth-First Search Algorithm. Breadth-first search (BFS) and its application for
finding connected components of graphs was invented in 1945 by Konrad Zuse.
BFS is an algorithm for traversing or searching tree or graph data structures. In
this paper, the BFS algorithm will take the tag node obtained by PageRank as the
starting point, and traverse the largest-tag spanning tree to obtain the final tag order.

The OSS Framework. The design steps for the OSS algorithm are as follows (see
Fig. 3):

In the first step, thiswork usesmutual information tomeasure the correlation between
tags. If there are N labels y1, y2 · · · , yn, the mutual information on any two tags yi and
yj is calculated by formula (9).

Definition 1: MI of two variables:

I
(
xi, xj

) = ∑

xixj
p
(
xi, xj

)
log

(
p(xi,xj)
p(xi)p(xj)

)
and must be non - negative. (9)

In the second step, a full-connection graph G representing the association with labels
is constructed, the label is used as the vertex of the graph, and the mutual informa-
tion value between the labels is used as the weight of the edge. In order to enable the
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Kruskal algorithm to obtain the maximum weight label tree, it is necessary to reverse
the mutual information value. In this way, the minimum-weight spanning tree obtained
by the Kruskal algorithm is the maximum-weight spanning tree.

In the third step, the PageRank algorithm is used to perform “voting” sorting through
each label in the data set to find the label node with the highest PR value. The selected
node will be taken as the root node of the maximum weight tree and the starting node of
the hierarchical traversal algorithm, which can solve the problem of reducing the overall
classification accuracy caused by the existence of a low-precision classifier at the head
of the label chain.

In the fourth step, the Kruskal’s algorithm is used to generate a minimum-weight
label tree (also MWT) for the full connection graph G. The label tree contains all the
labels and edges connecting the label nodes, and the sum of weights is the largest.

In the fifth step, The BFS will use the label node obtained by PageRank as a starting
node, and traverse MWT to obtain a label sequence. The sequence is used to guide the
construction order for each classifier in the chainmodel to solve the randomness problem
of the classification model.

Fig. 3. Calculation process of the OSS
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3.4 The ATDCC-OS Framework

Fig. 4. Framework of the ATDCC-OS model

The ATDCC-OS framework is shown in Fig. 4, where ATDCCFirst-layer and
ATDCCSecond-layer are the first and second layers of the model, respectively. The OSS
algorithm is used to optimize the second-layer chain model of ATDCC-OS, find a label
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optimal sequence in it, and use the optimal sequence as the training order for each classi-
fier in the second-layermodel. TheATDCCAT-layer is the attentionmechanism layer in the
second layer, which is used to identify more important attributes to current classification
tasks for each classifier in the second layer.



Algorithm for Double-Layer Structure Multi-label Classification 383

4 Experiments

In this section, we will compare ATDCC-OS with DLMC-OS, BR, CC, and MBR on
the basis of five evaluation metrics on seven benchmark multi-label data sets. We will
introduce themulti-label benchmark datasets, evaluationmeasurements, and experiment
setup in turn, and finally show the experimental results and discuss them.

4.1 Data Sets

Themulti-label benchmarkdatasets used in the experiments are derived from the standard
dataset provided by the Mulan [49] platform. Table 1 displays multi-label datasets from
a variety of domains, and their associated statistics. Here, N is the number of instances
in the dataset. F is the number of attributes included in each instance of the dataset. L
is the number of labels in the dataset. Label Cardinality (LCard) is a standard measure
of “multi-labelled-ness,” introduced in Tsoumaskas and Katakis [50]. It is simply the
average number of labels associated with each example. This measure gives a good idea
of label frequency, but gives no indication of the regularity or uniformity of the labelling
scheme.

Table 1. Multi-label datasets

Dataset N F L LCard Type

Flags 194 19 7 3.392 Images

Emotion 593 72 6 1.87 Music

Birds 654 300 21 1.104 Audio

Medical 978 1449 45 1.245 Text

Enron 1702 1001 53 3.38 Text

Yeast 2417 103 14 4.24 Biology

Bibtex 7395 1836 159 2.40 Text

4.2 Evaluation Methods

In multi-label classification experiments, it is important to evaluate the performance of
each algorithm. In order to evaluate the algorithm better, we use Average Precision,
Coverage, One-Error, Ranking Loss, and Micro-averaged AUC.

(1) Average Precision: Average precision [12] is a measure that combines recall and
precision for ranked retrieval results. It evaluates the average fraction of relevant
labels ranked higher than a particular label y ∈ yi. For this indicator, the bigger the
value, the better. The formula for Average Precision is as follows:

avgprecD(H ) = 1

P

P∑

i=1

1

|Yi|
∑

y∈Yi

∣∣{y′∣∣rankC(x, y′) ≤ rankC(xi, y), y′ ∈ Yi
}∣∣

rankC(xi, y)
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Where rank(.) is a sort function.
(2) Coverage [12]: the coverage measure is for assessing the performance of a system

for all the possible labels of documents. That is, coverage measures how far we
need, on average, to go down the list of labels in order to cover all the possible
labels assigned to a document. Coverage is loosely related to precision at the level
of perfect recall. For this indicator, the smaller value is better. The formula for
Coverage is as follows:

coverageD(H ) = 1

P

P∑

i=1

max rankf (xi, y) − 1

Where rank(.) is the sort function that matches the classifier H (.).
(3) One-Error [51]: The one-error evaluates the fraction of examples whose top-ranked

label is not in the relevant label set. For this indicator, the smaller value is better.
The formula for One-Error is as follows:

one − errorD(H ) = 1

P

P∑

i=1

∥∥∥∥

[
argmax

y∈γ
f (xi, y) /∈ Yi

]∥∥∥∥

Where f (.) is a real-valued function corresponding to themulti-label classifierH (.).
(4) Ranking Loss [12]: Ranking Loss is used in the case where the class label sorting

of the response sample is out of order, that is, in the class label sorting queue, the
class label unrelated to the instance is located before the related class label. For this
indicator, the smaller value is better. The formula for Ranking Loss is as follows:

rlossD(H ) = 1

P

P∑

i=1

1

|Yi|
∣∣Yi

∣∣
∣∣{(y′, y′′)|f (xi, y′) ≤ f

(
xi, y

′′),
(
y′, y′′) ∈ Yi × Yi

}∣∣

(5) Micro-averaged AUC [51]: This indicator is the area under the ROC curve, which
is between 0.1 and 1. AUC as a numerical value can be used to evaluate the quality
of the classifier intuitively. For this indicator, the bigger value is better. The formula
for Micro-averaged AUC is as follows:

AUCmicro =
∣
∣{(x′, x′′, y′, y′′)|f (x′, y′) ≥ f (x′′, y′′),

(
x′, y′) ∈ S+,

(
x′′, y′′) ∈ S−}∣∣

∣∣S+∣∣∣∣S−∣∣

The right side of the equation follows from the close relation between AUC and
the Wilcoxon-Mann-Whitney statistic [52], where f (.) is a real-valued function,
S+ = {(xi, y)|y ∈ Yi, 1 ≤ i ≤ p} and S− = {(xi, y)|y /∈ Yi, 1 ≤ i ≤ p} is a set of
related (unrelated) label pairs.

4.3 Experimental Set up

In this experiment, we evaluate all algorithms under a Mulan platform. Mulan [49] is a
multi-label classification open source library developed based onWeka. SMO is used as
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the base classification algorithm.We have considered four classifiers to perform compar-
isons: DLMC-OS, MBR, CC, and BR. We set 80% of each complete dataset as training
sets and the remaining part is used as testing sets. Because of its high computational
efficiency, low memory requirements, and fast convergence, the Adam algorithm is very
popular with the field of deep learning. Adam [53] is used to optimize the loss function.
Adam’s hyperparameters are set to the default parameters suggested in [53]: alpha =
0.001, beta1 = 0.9, beta2 = 0.999, and epslon = 10–8.

4.4 Results and Discussion

Tables 2–6 give the comparisons of the performances of ATDCC-OSwithDLMC,MBR,
CC, and BR for Average Precision, Coverage, One-Error, Ranking Loss, and Micro-
averaged AUC. The Fredman [54] test based on the method average ranking (Ave.
Rank) is used to evaluate the difference between the algorithms.

From the overall analysis of Tables 2–6, it can be seen that ATDCC-OS has the best
performance on all datasets, DLMC-OS ranks second, and other algorithms are relatively
stable. From Ave. Rank’s point of view, ATDCC-OS is far superior to other algorithms,
and the highest gap is about four times.

Among the evaluation metrics, Average Precision and Micro-averaged AUC are
mainly used to evaluate and reflect the classification performance of the classifier visu-
ally. The larger themetrics value, the better.According toTables 2 and 3,ATDCC-OSand
DLMC-OS are superior to other algorithms. This conclusion is not surprising; the main
reason is that these two algorithms benefit from the design of their two-layer structure
classification model and the interaction of tag information. On this basis, ATDCC-OS
also introduces attention mechanism enhancing classifier sensitivity. The three types of
indicators—Coverage, Ranking Loss, and One-Error—are mainly used to measure irrel-
evant labels before the relevant labels in the classification results. From Tables 4, 5, and
6, it can be found that ATDCC-OS and DLMC-OS are still superior to other algorithms,
BR is centered, and MBR and CC are the worst. ATDCC-OS and DLMC-OS benefit
from the optimization algorithm (such as OSS), so that the training of each classifier
becomes orderly. The random sequence of CC and MBR is the cause of poor results.
Instead, BR without considering the label sequence is better than them.

From the dataset point of view, ATDCC-OS performs better than other algorithms
on most datasets, but it does not perform well on Yeast and Birds. As J. Read [9] stated,
an algorithm cannot perform best on all types of datasets. The quality of the algorithm
depends not only on the design of the structure, but also on the type and size of the data.
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Table 2. Performance comparison of algorithms based on average precision

Dataset BR CC MBR DLMC-OS ATDCC-OS

Flags 0.7952(2.5) 0.7950(4) 0.7308(5) 0.7952(2.5) 0.8315(1)

Emotion 0.7157(4) 0.7018(5) 0.7742(2) 0.7438(3) 0.8085(1)

Birds 0.4311(3.5) 0.4312(2) 0.4198(5) 0.4311(3.5) 0.4884(1)

Medical 0.8260(3) 0.8206(5) 0.8207(4) 0.8285(2) 0.8606(1)

Enron 0.3802(4) 0.3675(5) 0.3890(2) 0.3815(3) 0.4224(1)

Yeast 0.6669(2.5) 0.6618(4) 0.6671(1) 0.6669(2.5) 0.6533(4)

Bibtex 0.3938(5) 0.3961(2.5) 0.3961(2.5) 0.3949(4) 0.4307(1)

Ave. rank 3.5(4) 3.93(5) 3.07(3) 2.93(2) 1.43(1)

Table 3. Performance comparison of algorithms based on micro-averaged AUC

Dataset BR CC MBR DLMC-OS ATDCC-OS

Flags 0.7671(3) 0.7544(4) 0.7010(5) 0.7710(2) 0.7941(1)

Emotion 0.7336(4) 0.7321(5) 0.7750(2) 0.7527(3) 0.8615(1)

Birds 0.6731(3.5) 0.6798(2) 0.6803(1) 0.6731(3.5) 0.6495(5)

Medical 0.9012(2.5) 0.8991(5) 0.8994(4) 0.9012(2.5) 0.9565(1)

Enron 0.7085(2) 0.7020(5) 0.7081(4) 0.7083(3) 0.7923(1)

Yeast 0.7363(4) 0.7303(5) 0.7364(2.5) 0.7364(2.5) 0.7681(1)

Bibtex 0.6925(2) 0.6896(4) 0.6838(5) 0.6922(3) 0.7165(1)

Ave. Rank 3(3) 4.29(5) 3.35(4) 2.79(2) 1.57(1)

Table 4. Performance comparison of algorithms based on coverage

Dataset BR CC MBR DLMC-OS ATDCC-OS

Flags 4.5385(2.5) 4.6923(4) 4.8462(5) 4.5385(2.5) 3.8718(1)

Emotion 2.6639(5) 2.6471(4) 2.4202(2) 2.6218(3) 1.7815(1)

Birds 4.6406(3) 4.6406(3) 4.8438(5) 4.6406(3) 4.2656(1)

Medical 5.6939(3) 5.9745(5) 5.8367(4) 5.6888(2) 2.8367(1)

Enron 33.3588(4) 34.0000(5) 32.6206(2) 33.1647(3) 27.4676(1)

Yeast 9.0787(3.5) 8.6046(2) 9.0828(5) 9.0787(3.5) 7.0373(1)

Bibtex 68.9277(3) 68.6748(2) 70.4834(5) 69.0730(4) 61.5463(1)

Ave. rank 3.42(4) 3.57(3) 4(5) 3(2) 1(1)
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Table 5. Performance comparison of algorithms based on one-error

Dataset BR CC MBR DLMC-OS ATDCC-OS

Flags 0.2308(3) 0.2308(3) 0.3590(5) 0.2308(3) 0.2051(1)

Emotion 0.3277(4) 0.3782(5) 0.2521(1) 0.2773(3) 0.2689(2)

Birds 0.7813(2.5) 0.8125(5) 0.7969(4) 0.7813(2.5) 0.7500(1)

Medical 0.1582(3.5) 0.1582(3.5) 0.1582(3.5) 0.1531(1) 0.1582(3.5)

Enron 0.5882(2) 0.6235(5) 0.6118(4) 0.6088(3) 0.5676(1)

Yeast 0.2609(2.5) 0.2609(2.5) 0.2609(2.5) 0.2609(2.5) 0.4472(5)

Bibtex 0.5531(3) 0.5571(5) 0.5321(2) 0.5544(4) 0.4956(1)

Ave. rank 2.92(3) 3.71(5) 3.14(4) 2.71(2) 2.07(1)

Table 6. Performance comparison of algorithms based on ranking loss

Dataset BR CC MBR DLMC-OS ATDCC-OS

Flags 0.2615(2.5) 0.2697(4) 0.4009(5) 0.2615(2.5) 0.1915(1)

Emotion 0.3141(4) 0.3147(5) 0.2444(2) 0.2780(3) 0.1579(1)

Birds 0.1832(2.5) 0.1836(4) 0.1894(5) 0.1832(2.5) 0.1556(1)

Medical 0.0956(3) 0.0984(5) 0.0967(4) 0.0954(2) 0.0424(1)

Enron 0.3258(4) 0.3350(5) 0.3159(2) 0.3242(3) 0.2435(1)

Yeast 0.3150(3.5) 0.3270(5) 0.3149(2) 0.3150(3.5) 0.2433(1)

Bibtex 0.2789(2) 0.2793(3) 0.2877(5) 0.2794(4) 0.2595(1)

Ave. rank 3.07(3) 4.43(5) 3.57(4) 2.93(2) 1(1)

5 Conclusions

Many problem-transformation multi-label classification algorithms consider the corre-
lation between labels by extending attributes, but ignore the different importance of
each attribute value of different classification tasks. Based on the wide application and
good results from attention mechanism in various types of deep-learning tasks, such
as natural language processing, image recognition, and speech recognition, this paper
proposes the ATDCC-OS algorithm. This algorithm integrates the multi-label classifica-
tion framework of three classic problem-conversion types, and combines their common
advantages to solve the problem of ignoring the correlation between labels in the classi-
fication process. The algorithm also introduces the “update replacement” idea to solve
the problem that the label information interaction is not real-time. At the same time,
the algorithm also introduces the attention mechanism to calculate the weight of each
feature attribute dynamically, and then distinguishes the more important attribute values
to the current classification target for each classifier, enhances the sensitivity of each
classifier, and improves the classification accuracy. The ATDCC-OS method solves the
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defect that the BR algorithm does not consider the correlation between labels, corrects
the redundant interaction and information loss of the MBR algorithm, and optimizes the
problem that the DLMC-OS does not find the optimal label sequence. It also solves the
problem of neglecting the importance of different feature attributes to different classi-
fication targets by extending the attribute method to consider the correlation between
labels. In order to verify the classification performance of the algorithm, we used five
evaluation indicators to compare ATDCC-OS with DLMC-OS, MBR, CC, and BR on
seven standard data sets. The experimental results show that ATDCC-OS achieves good
results compared to other algorithms.
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