
AI translation ・View original & related papers at
chinarxiv.org/items/chinaxiv-201805.00295

Postprint of Multi-label Label-Specific Feature
Extraction Algorithm Based on Random Sub-
space
Authors: Zhang Jing, Li Yu, Li Peipei

Date: 2018-05-20T00:00:00+00:00

Abstract
Multi-label learning has been widely applied in numerous scenarios. In such
learning problems, a sample can often be associated with multiple class labels.
Since the unique attributes that class labels may carry (i.e., label-specific at-
tributes) can be more beneficial for label classification, several multi-label learn-
ing algorithms based on label-specific attributes have been proposed. To ad-
dress the issue of redundancy in the attribute space caused by the construction
of label-specific attributes, this paper proposes a multi-label label-specific fea-
ture extraction algorithm LIFT_{RSM}. This method extracts effective feature
information from the label-specific attribute space by comprehensively utilizing
the random subspace model and pairwise constraint dimensionality reduction,
aiming to improve classification performance. Experimental results on multiple
datasets show that, compared with several classical multi-label algorithms, the
proposed LIFT_{RSM} algorithm achieves superior classification performance.

Full Text
Preamble
Multi-label Label-Specific Feature Extraction Algorithm Based on
Random Subspace
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Abstract: Multi-label learning has been widely used in many application sce-
narios. In this kind of learning problem, each instance is simultaneously as-
signed with more than one class label. Since different class labels might have
their own unique characteristics (i.e., label-specific features) which would be
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more useful for label classification, some multi-label learning approaches based
on label-specific features have already been proposed. Aiming at the problem
of redundant feature space caused by label-specific feature construction, this
paper proposes a multi-label label-specific feature extraction algorithm named
LIFT_{RSM}, which can improve classification performance by comprehen-
sively using the random subspace method and the idea of pairwise constraint
dimensionality reduction to extract effective feature information in the label-
specific feature space. Experimental results on several datasets show that the
proposed algorithm can achieve better classification results compared with sev-
eral classical multi-label algorithms.

Key Words: multi-label learning; pairwise constraints; feature extraction; ran-
dom subspace

0 Introduction
With the development of information technology, multi-label learning [1-3] has
gradually become a research hotspot in data mining and has received extensive
attention. Unlike traditional single-label data, each sample in multi-label data
can simultaneously belong to multiple labels, making such data often lack unique
semantics. Due to the multi-semantic nature of multi-label data, multi-label
learning can be widely applied to many practical scenarios and has achieved
good results in text classification, music emotion classification, semantic scene
classification, bioinformatics, and other fields.

A multi-label learning problem can be formally described as follows: Given a 𝑑-
dimensional sample space 𝒳 = ℝ𝑑 and a label set ℒ = {𝑙1, 𝑙2, … , 𝑙𝑞} containing
𝑞 labels, the main task is to learn a classification function 𝑓 ∶ 𝒳 → 𝒴 from the
training set 𝒯 = {(x𝑖, 𝑌𝑖) ∣ 1 ≤ 𝑖 ≤ 𝑝, x𝑖 ∈ 𝒳, 𝑌𝑖 ⊆ ℒ} that maps any unknown
sample x to the corresponding label set 𝑌 . Since the relationships among labels
in set ℒ are not assumed to be mutually exclusive, the single-label learning
framework is no longer applicable to such data.

Consequently, through continuous research by many scholars in recent years,
a series of multi-label algorithms have been proposed. Summarizing existing
algorithms, their main construction ideas can be roughly divided into three cat-
egories: problem transformation, algorithm adaptation, and ensemble methods.
Problem transformation methods [4-6] transform the multi-label problem into
several single-label problems by modifying the data, and then use mature single-
label methods to handle the transformed problems. Although these methods are
simple and not limited to specific algorithms, they ignore the correlation infor-
mation among labels, which affects the learning performance to some extent.
Algorithm adaptation methods [7-9] directly extend and improve traditional
single-label learning algorithms to enhance their applicability and generaliza-
tion ability, making them suitable for processing multi-label data. Ensemble
methods [10-11] usually combine problem transformation and algorithm adapta-
tion methods to handle multi-label learning problems in order to achieve better
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learning performance.

When processing multi-label data, the above methods adopt the same strategy:
using the same feature set to predict all class labels. Although this strategy has
achieved good results in multi-label research, it is not the optimal choice. Since
each label may have unique feature attributes (i.e., label-specific features) that
are most relevant to the label and have stronger discriminative power for the
corresponding label, Zhang et al. proposed the LIFT (multi-label learning with
Label-specific FeaTures) algorithm [12] based on this viewpoint. Unlike existing
strategies, the LIFT algorithm determines the label set of unknown samples with
the help of label-specific features. However, during the construction of label-
specific features, it fails to fully consider the correlation among samples, leading
to increased dimensionality of label-specific features and redundant information
in the label-specific feature space.

1.1 Pairwise Constraints
In many application domains, besides sample class labels, some other forms of
background knowledge can also be used as supervision information, including
pairwise constraints. Pairwise constraints refer to a relationship between two
samples. Compared with class labels, pairwise constraints are more general and
widely applicable, as they do not focus on the specific class of samples but only
on whether two samples belong to the same class, making them easier to obtain.
Moreover, equivalent pairwise constraint information can be relatively easily
obtained from class label information, but not vice versa. Therefore, pairwise
constraints are more universal than class labels.

Pairwise constraints can typically be divided into two types [13]: must-link (ML)
and cannot-link (CL). Must-link constraints indicate that two samples belong
to the same class, while cannot-link constraints require that two samples belong
to different classes. Specifically, for a given sample set 𝒳 = {x1, x2, … , x𝑛},
all must-link constraints can form a must-link set, formally expressed as ℳ =
{(x𝑖, x𝑗) ∣ x𝑖 and x𝑗 belong to the same class}. Correspondingly, the cannot-
link set consists of all cannot-link constraints, denoted as 𝒞 = {(x𝑝, x𝑞) ∣
x𝑝 and x𝑞 belong to different classes}.

1.2 Random Subspace
The random subspace method, proposed by Ho [14-15], is an effective ensem-
ble learning method based on feature partitioning, originally used to overcome
overfitting problems in decision tree classifiers. The basic idea is to randomly
select different feature subsets from the original feature space to construct fea-
ture subspaces, then use each feature subspace to construct corresponding sub-
classifiers, and finally integrate the classification results obtained from different
sub-classifiers according to certain combination rules to obtain the final learn-
ing decision. During the random feature selection process, it can not only make
fuller use of original feature information and reduce data redundancy, but also
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effectively avoid the small sample problem. However, due to the randomness of
feature selection, it cannot guarantee that all selected features contain effective
discriminative information, making it difficult to ensure the accuracy of base
classifiers.

2 Multi-Label Label-Specific Feature Extraction Algorithm
Based on Random Subspace
2.1 Construction of Label-Specific Feature Space

The LIFT algorithm needs to examine the intrinsic properties of the attribute
space under each label when constructing the label-specific feature space. Specif-
ically, for any label 𝑙𝑘 ∈ ℒ, the training set can be divided into two parts: a
positive sample set 𝒫𝑘 = {x𝑖 ∣ (x𝑖, 𝑌𝑖) ∈ 𝒯, 𝑙𝑘 ∈ 𝑌𝑖} and a negative sample set
𝒩𝑘 = {x𝑖 ∣ (x𝑖, 𝑌𝑖) ∈ 𝒯, 𝑙𝑘 ∉ 𝑌𝑖}. Thus, 𝒫𝑘 is the set of samples with label 𝑙𝑘,
while 𝒩𝑘 consists of samples not labeled with 𝑙𝑘.

In [12], the k-means algorithm is used to perform cluster analysis on the above
two sets respectively. Here, set 𝒫𝑘 can be partitioned into 𝑚+

𝑘 clusters with
cluster centers denoted as {p𝑘1, p𝑘2, … , p𝑘𝑚+

𝑘
}. Correspondingly, set 𝒩𝑘 is par-

titioned into 𝑚−
𝑘 clusters with cluster centers {n𝑘1, n𝑘2, … , n𝑘𝑚−

𝑘
}. Reference

[12] assigns the same weight to the clustering information of 𝒫𝑘 and 𝒩𝑘, thus
setting the number of cluster centers to be equal, i.e., 𝑚+

𝑘 = 𝑚−
𝑘 = 𝑚𝑘. Specif-

ically, the number of clusters for sets 𝒫𝑘 and 𝒩𝑘 is obtained by the following
formula:

𝑚𝑘 = min{⌊𝛾 ⋅ |𝒫𝑘|⌋, ⌊𝛾 ⋅ |𝒩𝑘|⌋}

where |⋅| denotes the cardinality of a set and 𝛾 ∈ [0, 1] is a parameter controlling
the number of clusters.

From the properties of clustering, the above two sets of cluster centers can respec-
tively characterize the intrinsic structure of the corresponding sets. Therefore,
based on this, label-specific features can be defined as follows:

𝜙(x) = [𝑑(x, p𝑘1), … , 𝑑(x, p𝑘𝑚𝑘
), 𝑑(x, n𝑘1), … , 𝑑(x, n𝑘𝑚𝑘

)]

where 𝑑(⋅, ⋅) returns the distance between two samples, and Euclidean distance
is used in [12].

2.2 Feature Extraction Based on Random Subspace

2.2.1 Random Subspace Partitioning and Fusion Using the label-
specific feature space constructed above, 𝑃 features are randomly selected from
the original 𝐷-dimensional space to build 𝑇 different 𝑃 -dimensional subspace
sets, denoted as ℱ = {ℱ1, ℱ2, … , ℱ𝑇 }. Here, 𝑃 < 𝐷, and each subspace
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ℱ𝑡 consists of 𝑃 -dimensional samples, i.e., ℱ𝑡 = {f𝑡1, f𝑡2, … , f𝑡𝑛}. To clearly
describe the neighbor relationships of samples in the subspace, the distance
mean is used here to adaptively determine the number of neighbors for samples.
Specifically, in any subspace ℱ𝑡, the neighbor relationship between samples
is defined based on the mean distance 𝑀𝑡 between sample f𝑡𝑖 and all samples,
i.e., 𝑀𝑡 = 1

𝑁 ∑𝑁
𝑗=1 𝑑(f𝑡𝑖, f𝑡𝑗). When the distance 𝑑(f𝑡𝑖, f𝑡𝑗) between samples f𝑡𝑖

and f𝑡𝑗 is less than 𝑀𝑡, f𝑡𝑗 is considered a neighbor of f𝑡𝑖; otherwise, there is
no neighbor relationship between them. Thus, the number of neighbors for
different samples is generally unequal.

For any subspace ℱ𝑡, construct the corresponding adaptive neighbor graph 𝒢𝑁
𝑡 ,

non-neighbor graph 𝒢𝐹
𝑡 , and between-class neighbor graph 𝒢𝐵

𝑡 . Specifically,
nodes in the graph represent specific samples, and edges reflect the neighbor
relationships among samples. Based on the above graph relationships, define the
weight matrix S𝑁

𝑡 for each sample and its corresponding neighbor samples, the
weight matrix S𝐹

𝑡 for each sample and its corresponding non-neighbor samples,
and the weight matrix S𝐵

𝑡 for each sample and its corresponding between-class
neighbor samples. The weights of these matrices are defined as follows:

𝑆𝑁
𝑡,𝑖𝑗 = {1, 𝑑𝑡,𝑖𝑗 < 𝑀𝑡 or 𝑑𝑡,𝑗𝑖 < 𝑀𝑡

0, otherwise

𝑆𝐹
𝑡,𝑖𝑗 = {1, 𝑑𝑡,𝑖𝑗 ≥ 𝑀𝑡 and 𝑑𝑡,𝑗𝑖 ≥ 𝑀𝑡

0, otherwise

𝑆𝐵
𝑡,𝑖𝑗 = {1, (f𝑡𝑖, f𝑡𝑗) ∈ 𝒞 and 𝑑𝑡,𝑖𝑗 < 𝑀𝑡

0, otherwise

where 𝑑𝑡,𝑖𝑗 is the Euclidean distance between samples, 𝑀𝑡 is the mean distance
between sample f𝑡𝑖 and all samples, and 𝐹𝑡𝑖 represents the distance between
sample f𝑡𝑖 and its farthest sample of the same class.

To more effectively utilize subspace information to reflect the true distribution
of data and reduce uncertainty caused by random feature selection, fuse the
constructed 𝑇 adaptive neighbor graphs, 𝑇 non-neighbor graphs, and 𝑇 between-
class neighbor graphs to obtain the corresponding mixed neighbor graph 𝒢𝑟𝑠𝑛,
mixed non-neighbor graph 𝒢𝑟𝑠𝑓 , and mixed between-class neighbor graph 𝒢𝑟𝑠𝑏.
Then construct the corresponding weight matrices S𝑟𝑠𝑛, S𝑟𝑠𝑓 , and S𝑟𝑠𝑏 based
on these mixed graph relationships. The weight matrices of these mixed graphs
can be linearly reconstructed using the corresponding weight matrices from each
subspace. Specifically, their relationships can be defined as follows:

S𝑟𝑠𝑛 = 1
𝑇

𝑇
∑
𝑡=1

S𝑁
𝑡 , S𝑟𝑠𝑓 = 1

𝑇
𝑇

∑
𝑡=1

S𝐹
𝑡 , S𝑟𝑠𝑏 = 1

𝑇
𝑇

∑
𝑡=1

S𝐵
𝑡

chinarxiv.org/items/chinaxiv-201805.00295 Machine Translation

https://chinarxiv.org/items/chinaxiv-201805.00295


where S𝑟𝑠𝑛, S𝑟𝑠𝑓 , and S𝑟𝑠𝑏 are symmetric matrices, and D𝑟𝑠𝑛, D𝑟𝑠𝑓 , and D𝑟𝑠𝑏
are diagonal matrices whose diagonal elements are the column (or row) sums
of the corresponding matrices in S𝑟𝑠𝑛, S𝑟𝑠𝑓 , and S𝑟𝑠𝑏, i.e., 𝐷𝑟𝑠𝑛,𝑖𝑖 = ∑𝑗 𝑆𝑟𝑠𝑛,𝑖𝑗,
𝐷𝑟𝑠𝑓,𝑖𝑖 = ∑𝑗 𝑆𝑟𝑠𝑓,𝑖𝑗, 𝐷𝑟𝑠𝑏,𝑖𝑖 = ∑𝑗 𝑆𝑟𝑠𝑏,𝑖𝑗. L𝑟𝑠𝑛 = D𝑟𝑠𝑛 − S𝑟𝑠𝑛, L𝑟𝑠𝑓 = D𝑟𝑠𝑓 −
S𝑟𝑠𝑓 , and L𝑟𝑠𝑏 = D𝑟𝑠𝑏 − S𝑟𝑠𝑏 are Laplacian matrices, which are symmetric
positive semi-definite matrices.

2.2.2 Design of Objective Function For must-link constraints (ML), to
effectively maintain the overall compactness within classes, this paper selects all
samples of the same class corresponding to each sample to construct the weight
matrix S𝑚. Therefore, the within-class scatter matrix Q𝑚 can be constructed
based on the must-link set ℳ to describe the compactness within classes, defined
as follows:

Q𝑚 = ∑
(x𝑖,x𝑗)∈ℳ

‖w𝑇 x𝑖−w𝑇 x𝑗‖2 = 2w𝑇 XD𝑚X𝑇 w−2w𝑇 XS𝑚X𝑇 w = w𝑇 XL𝑚X𝑇 w

where S𝑚 is a symmetric matrix, D𝑚 is a diagonal matrix, and L𝑚 = D𝑚 −S𝑚.

For cannot-link constraints (CL), to fully reflect the differences between sam-
ples, this paper uses the mixed between-class neighbor graph 𝒢𝑟𝑠𝑏 to adjust the
original cannot-link set 𝒞 and construct a new cannot-link set. Based on the
corresponding weight matrix S𝑟𝑠𝑏, the between-class mixed scatter matrix Q𝑟𝑠𝑏
is constructed to characterize the degree of between-class dispersion, defined as:

Q𝑟𝑠𝑏 = ∑
𝑖,𝑗

‖w𝑇 x𝑖−w𝑇 x𝑗‖2𝑆𝑟𝑠𝑏,𝑖𝑗 = w𝑇 X(2D𝑟𝑠𝑏−S𝑟𝑠𝑏−S𝑇
𝑟𝑠𝑏)X𝑇 w = w𝑇 XL𝑟𝑠𝑏X𝑇 w

where S𝑟𝑠𝑏 is a non-symmetric matrix, and D𝑐𝑜𝑙
𝑟𝑠𝑏 and D𝑟𝑜𝑤

𝑟𝑠𝑏 are diagonal matrices,
i.e., 𝐷𝑐𝑜𝑙

𝑟𝑠𝑏,𝑖𝑖 = ∑𝑗 𝑆𝑟𝑠𝑏,𝑖𝑗 and 𝐷𝑟𝑜𝑤
𝑟𝑠𝑏,𝑖𝑖 = ∑𝑗 𝑆𝑟𝑠𝑏,𝑗𝑖.

So far, only information related to pairwise constraints has been considered, and
the potential information contained in the sample set has not been involved.
To make full use of the neighbor information among samples, the neighbor re-
lationships among samples can be introduced into the dimensionality reduction
process as local structural information based on the manifold assumption [16].
On the one hand, it is hoped that samples close to each other in the original
space will also be close to each other in the low-dimensional space after projec-
tion. Therefore, based on the weight matrix S𝑟𝑠𝑛 of the mixed neighbor graph
𝒢𝑟𝑠𝑛, the mixed neighbor scatter matrix Q𝑟𝑠𝑛 can be constructed to describe
the closeness among neighbor points, defined as:

Q𝑟𝑠𝑛 = ∑
𝑖,𝑗

‖w𝑇 x𝑖−w𝑇 x𝑗‖2𝑆𝑟𝑠𝑛,𝑖𝑗 = 2w𝑇 XD𝑟𝑠𝑛X𝑇 w−2w𝑇 XS𝑟𝑠𝑛X𝑇 w = w𝑇 XL𝑟𝑠𝑛X𝑇 w
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On the other hand, for non-neighbor samples, it is expected that their projec-
tions in the low-dimensional space can be as scattered as possible. Based on
this, using the weight matrix S𝑟𝑠𝑓 of the mixed non-neighbor graph 𝒢𝑟𝑠𝑓 , the
mixed non-neighbor scatter matrix Q𝑟𝑠𝑓 is defined to measure the scattering
degree among non-neighbor samples:

Q𝑟𝑠𝑓 = ∑
𝑖,𝑗

‖w𝑇 x𝑖−w𝑇 x𝑗‖2𝑆𝑟𝑠𝑓,𝑖𝑗 = 2w𝑇 XD𝑟𝑠𝑓X𝑇 w−2w𝑇 XS𝑟𝑠𝑓X𝑇 w = w𝑇 XL𝑟𝑠𝑓X𝑇 w

Based on the above preparation, when designing the target transformation vec-
tor w, pairwise constraint information should be used as guidance while fully
utilizing the neighbor relationships among samples. Therefore, the final target
transformation vector can be obtained by defining the following function:

w∗ = arg max
w

w𝑇 (Q𝑟𝑠𝑏 + Q𝑟𝑠𝑓)w
w𝑇 (Q𝑚 + Q𝑟𝑠𝑛)w = arg max

w

w𝑇 X(L𝑟𝑠𝑏 + L𝑟𝑠𝑓)X𝑇 w
w𝑇 X(L𝑚 + L𝑟𝑠𝑛)X𝑇 w

where 𝛼 and 𝛽 are constant coefficients used to regulate the contributions of
Q𝑟𝑠𝑏 and Q𝑟𝑠𝑛, respectively. If X(L𝑚 + L𝑟𝑠𝑛)X𝑇 is non-singular, the Lagrange
method can be used to transform the above equation, converting the solution
problem into solving for the eigenvector corresponding to the maximum gener-
alized eigenvalue of the following equation:

X(L𝑟𝑠𝑏 + L𝑟𝑠𝑓)X𝑇 w = 𝜆X(L𝑚 + L𝑟𝑠𝑛)X𝑇 w

The final dimension 𝑑 is determined based on the threshold parameter 𝑡ℎ𝑟, and
the transformation matrix W is constructed by selecting the first 𝑑 eigenvectors
corresponding to the largest non-zero eigenvalues.

2.3 Algorithm Description

This section introduces the random subspace idea into the label-specific space,
makes full use of pairwise constraint information and sample neighbor rela-
tionships, and proposes a multi-label label-specific feature extraction algorithm
based on random subspace. The complete process from label-specific feature
construction, subspace partitioning and fusion, feature extraction, classification
model training to unknown sample prediction is shown below, and the detailed
procedure can be summarized as follows:

Input: Training set 𝑋, clustering number control parameter 𝛾, number of
random subspaces 𝑇 , feature subspace dimension 𝑃 , contribution control pa-
rameters 𝛼 and 𝛽, threshold parameter 𝑡ℎ𝑟, unlabeled sample x′.

Output: Predicted label set 𝑌 ′.
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The LIFT-RSM algorithm first constructs a label-specific feature space for each
class label and centers it (steps 2-5). Then it uses the random subspace idea to
partition the original label-specific space, fuses the neighbor relationships from
each subspace, and uses pairwise constraint information to guide dimensionality
reduction of the original label-specific space (steps 6-12). Next, it trains a
binary classification model in the reduced label-specific feature space (steps 13-
14). Finally, it predicts unknown samples (step 15).

3.1 Datasets
This paper uses five different publicly available multi-label datasets to experi-
mentally validate the proposed multi-label label-specific feature extraction algo-
rithm based on random subspace. The specific statistical information of these
datasets is shown in . Since the selected datasets cover different application
domains such as music, images, and text, and have different label properties,
they have strong generalizability.

In , |𝑆| represents the number of samples, dim(𝑆) represents the number of
attributes, 𝐿(𝑆) represents the number of labels, LCard(𝑆) represents label
cardinality (the average number of relevant labels per sample), and LDen(𝑆)
represents label density (the label cardinality normalized by the number of la-
bels).

3.2.1 Evaluation Metrics
In multi-label learning, since each sample can simultaneously belong to multiple
labels, evaluating the effectiveness of multi-label algorithms is typically more
complex than evaluating single-label algorithms. Traditional evaluation metrics
widely used in single-label algorithms, such as accuracy, recall, and precision,
are no longer suitable for multi-label problems. Therefore, specialized multi-
label evaluation metrics are needed to verify algorithm effectiveness. Currently,
multi-label evaluation metrics mainly measure algorithm performance from two
perspectives: sample-based and label-based, and can be roughly divided into
two categories [1]: sample-based metrics [17] and label-based metrics [18]. In
this paper’s experiments, the following five evaluation metrics are selected to
comprehensively assess the performance of the proposed algorithm, including
one sample-based metric: Hamming Loss (HL), and four label ranking-based
metrics: One-Error (OE), Ranking Loss (RL), Coverage (CV), and Average
Precision (AP).

These five metrics evaluate algorithm performance from different perspectives,
directly reflected in the numerical values of the metrics. Among them, larger
Average Precision values indicate better algorithm performance, with optimal
performance achieved when the value is 1. For the remaining four metrics,
smaller values indicate better algorithm performance, with optimal performance
achieved when the value is 0. Detailed introductions to these evaluation metrics
can be found in [1] and are not repeated here.
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3.2.2 Comparison Algorithms
This paper selects five classic multi-label learning methods as comparison algo-
rithms to compare and analyze with the proposed LIFT-RSM algorithm. These
five algorithms include: the k-nearest neighbor-based ML-kNN algorithm [7],
the LIFT algorithm [12], the multi-label dimensionality reduction algorithm
MDDM [19], MLNB [20], and MLSI [21]. In the experiments, for the LIFT and
LIFT-RSM algorithms, parameter 𝛾 is adjusted in the interval [0,1] with a step
size of 0.1, and finally set to 𝛾 = 0.2. For the MLNB and MLSI algorithms,
the setting retains 98% of the original information. For the MDDM and ML-
kNN algorithms, default parameter configurations are selected according to the
recommendations in the corresponding literature.

Unless otherwise specified, in the LIFT_{RSM} algorithm, the contribution
control parameters 𝛼 and 𝛽 are both set to 0.05, the number of random sub-
spaces 𝑇 is set to 10, and the feature subspace dimension 𝑃 is set to 20. If the
dimension of the original space is less than 20, then 𝑃 is set to ⌊0.3 × 𝑑⌋. In
the dimensionality reduction process, 95% of the information from the original
label-specific attributes is retained. Except for the MLNB algorithm, a linear
kernel LIBSVM is used as the base classifier for all other algorithms. All exper-
iments in this paper are completed on a host with 4GB memory and a 2.50GHz
processor, with a 64-bit Windows 7 operating system, and MATLAB 2014a is
selected as the development platform.

3.3 Results Analysis
For the Image, Scene, and Flags datasets, this paper randomly extracts 80%
of the samples from each dataset as the training set and the remaining 20% as
the test set. The sampling process is repeated 50 times and the mean of the 50
experiments is recorded. For the remaining datasets, the original training and
test sets are used, and the experiments are repeated 50 times with the mean
recorded.

• record the experimental results of each algorithm on the five datasets, with
results expressed as mean values. For each evaluation metric, the symbol
↓ (↑) indicates that smaller (larger) values represent better algorithm per-
formance. Additionally, the optimal values of each evaluation metric are
underlined.

Observing the results in -, it can be seen that the proposed multi-label label-
specific feature extraction algorithm based on random subspace, LIFT_{RSM},
achieves good classification performance. For the Emotions and Image datasets,
except for Coverage and Ranking Loss, LIFT_{RSM} outperforms other com-
parison algorithms on the remaining three evaluation metrics. For the Scene and
Flags datasets, except for Coverage, LIFT_{RSM} outperforms comparison al-
gorithms on the remaining four metrics. For the Slashdot dataset, LIFT_{RSM}
achieves results of 0.0397, 0.4096, 2.4202, 0.0948, and 0.6871 on the HL, OE, CV,
RL, and AP metrics, respectively, showing varying degrees of improvement com-
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pared to the original LIFT algorithm, with even more significant improvements
compared to other algorithms.

It is worth noting that the proposed algorithm performs slightly worse on some
metrics in certain datasets. Upon analysis, the main reason is that the relevant
datasets have larger label density, with many instances having multiple labels
simultaneously, which increases the number of marginal samples and noisy sam-
ples in each actual class, affecting feature extraction performance and resulting
in suboptimal classification effects.

Taking the Flags, Scene, Emotions, and Image datasets as examples, [Figure 1:
see original paper]-[Figure 4: see original paper] respectively show the statistical
comparison of the label-specific attribute dimensions obtained after learning
with the LIFT and LIFT_{RSM} algorithms. It can be observed from [Figure
1: see original paper]-[Figure 4: see original paper] that for different datasets and
across all class labels, the final label-specific attribute dimensions obtained by
LIFT_{RSM} are all lower than those of the LIFT algorithm. Taking the Scene
dataset as an example, among its 6 labels, the original label-specific attribute
dimensions learned by the LIFT algorithm are 138, 118, 128, 139, 171, and 138,
respectively, while the corresponding attribute dimensions decrease to 110, 83,
96, 107, 144, and 110 after learning with LIFT_{RSM}. This demonstrates that
the label-specific attribute dimensions obtained by LIFT_{RSM} can indeed be
reduced to a certain extent. Although LIFT_{RSM} performs slightly worse
than comparison algorithms on some evaluation metrics, overall, LIFT_{RSM}
can still achieve good learning and classification performance.

The LIFT_{RSM} algorithm can more accurately represent the correlations
among samples by fusing neighbor relationships from each random subspace,
thus effectively solving multi-label data classification problems. In summary,
the proposed LIFT_{RSM} algorithm is generally superior to other comparison
algorithms in comprehensive performance, improving classifier performance and
achieving good results.

4 Conclusion
Unlike previous multi-label learning algorithms, the LIFT algorithm focuses
on examining the impact of attribute space operations on multi-label learning
performance. Based on the LIFT algorithm, this paper utilizes the random
subspace model to partition the original label-specific space, fuses neighbor re-
lationships from each subspace, and employs the idea of using pairwise con-
straint information to guide dimensionality reduction, proposing a multi-label
label-specific feature extraction algorithm based on random subspace. A series
of experimental results show that the proposed algorithm is generally superior
to other classic algorithms, meeting expected goals and verifying the algorithm’
s effectiveness. In future research, label correlations can be incorporated into
label-specific feature extraction to further improve the learning performance of
multi-label algorithms. Additionally, the current algorithm has relatively many
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parameters, and finding effective adaptive methods to reduce the number of
required parameters is also a direction for future work.
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