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ABSTRACT Multi-view partial multi-label learning (MVPML) is a fundenmental problem where each
sample is linked to multiple kinds of features and candidate labels, including ground-truth and noise labels.
The key problem of MVPML is how to manipulate the multiple features and recover the ground-truth labels
from candidate label set. To this end, this study designs a novelGraph-basedMulti-view PartialMulti-label
model named as GMPM, which combines the multi-view information detection, valuable label selection and
multi-label predictor model learning into a unified optimization model. To be specific, GMPM first exploits
the consensus information across multiple views by learning the view-specific similarity graph and fuses
multiple graphs into a target one. Then, we divide the observed label set into two parts: the ground-truth
part and the noise part, where the latter is associated with a sparse constraint to make sure the former is
clean. Furthermore, we embed the learned unified similarity graph into the process of label disambiguation
to restore a more reliable ground-truth label matrix. Finally, the resulting multi-label predictive model is
learned with the help of ground-truth label matrix. Extensive experiments on six common used datasets
demonstrate that the proposed GMPM achieves comparable performance over the state-of-the-arts.

INDEX TERMS Multi-view learning, partial multi-label learning, graph learning, low-rank and sparse
decomposition.

I. INTRODUCTION
Multi-label classification is designed to assignmultiple labels
to an instance, has emerged as a hot topic due to the the ubiq-
uity of multi-view data. For instance, in image categorization,
an image could contain multiple semantics objects; in movie
categorization, a work can be located in both love type and
funny type simultaneously. However, it is typically difficult
and expensive to obtain accurate annotation in real scenes,
and the label information of the given data usually contains
various noises. If such ambiguous data are directly employed
for model training, the learned model tends to be bias and its
robustness can also not be guaranteed. To this end, Partial
Multi-label Learning [1] (PML) attempts to learn an accurate

The associate editor coordinating the review of this manuscript and
approving it for publication was Wei Liu.

multi-label classifier from the multi-label data with redun-
dant labeling information, the ambiguous candidate labels are
processed by assigning a confidence value to each candidate
label, and then their optimization and model induction are
integrated into a unified framework. Sun et al. [2] decompose
the obtained labels into a ground-truth part and a noise part
by utilizing the low-rank and sparse decomposition scheme-
where a confidence value is utilized for each candidate label
tomeasure how likely it is a ground-truth label of the instance.

Although the mentioned above PML models have feasible
solutions, there is a common limitation that most are designed
for single-view data, but are difficult to scale to multi-view
scenarios. To be specific, as illustrated in Figure 1, on the
one hand, an image can be characterized by diverse features,
such as color, texture and shape. On the other hand, each
sample is associated with an overfitting candidate labels,
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FIGURE 1. Illustration of MVPML. On the one hand, an image can be characterized by diverse features, such as color, texture and
shape. On the other hand, each sample is associated with an overfitting candidate labels, including ground-truth and noise labels.

including ground-truth and noise labels. Data with the above
two attributes can be called multi-view partial multi-label
data, and their classification problem constitutes the problem
of multi-view partial multi-label learning (MVPML). The
key issues of multi-view and multi-label learning lies in
the following two points: (a) How to make full use of the
rich information provided by multi-view data; (b) How to
effectively identify clean labels iredundant labels. For exam-
ple, Chen et al. designed a novel MVPML model termed
GRADIS [3], which employs the multiple graphs to filter
out the ground-truth labels from the candidate label set, then
adopts the obtained embedded features to learn the classi-
fication model. In additionm, FIMAN [4] fusies multiple
views affinity information to arrive an aggregate structure,
which is then employed to disambiguate the label space.
The disambiguated labels are adopted to induce a multi-label
classificationmodel by fitting its modeling outputs. However,
since both models are two-stage strategies, there is a risk of
encountering local optimal solutions.

To meet the aforementioned problems, this work pro-
poses a one-stage Graph-based Multi-view Partial Multi-
label Label (GMPM) model, which combines the abundant
multiple features leveraging, noise label disambiguation and
predictor model training into a unified framework, making
the multiple similarity graphs learning, label disambiguation,
and multi-label predictor model in a mutually reinforcing
manner. To be specific, as illustrated in Figure 2, on the
one hand, the proposed method first learns multiple view-
specific similarity graphs to explore the similarity relation-
ship of paired data points under different views, which can
be regarded as node similarity graph (NSG). Then, the mul-
tiple similarity graphs are fused in to a consensus one U in
a self-weighted way, making the consensus information of
multiple features to be fully expoited. On the other hand,
the given redundant label infrmation Y is broken down into
two parts (i.e., ground-truth part Y and noise part E), where
the latter is assciated with the l1-norm penalty term to meet

the assumption that the noise information is sparse. Further-
more, the acquired global similarity graph U is embedded
in the process of label disambiguation to ensure that the
finally obtained ground-truth label matrix is reliable. Finally,
we employ the mappings of heterogeneous data points and
disambiguated ground-truth label to learn the multi-label
prediction model. The work of this paper is an extension
of the conference paper [5] that we have published before.
Compared with work [5], the introduction of related work in
this paper is more comprehensive, the theoretical derivation
is more detailed, and the experimental results are more abun-
dant. In summary, the main contributions of this paper are
summarized as follows:

• We propose a graph-based multi-view partial multi-label
learning method named GMPM, which learns multi-
ple view-specific graphs and the fused graph jointly to
exploit the consensus information of multiple features,
thenwe decompose the candidate label set into a ground-
truth part and noise part, and embed the learned unified
graph into the label disambiguation to obtain a more
reliable ground-truth label matrix.

• To the best of our knowledge, GMPM is the first
attempt that integrate the multi-view information detec-
tion, noise label disambiguation and predictor model
training as a unified optimization model, which enables
multiple components to learn in a mutually reinforcing
way.

• Experimental results on several data sets demonstrate
that the GMPMmodel obtains competitive classification
performance over state-of-the-arts.

The rest of the paper is structured as follows. In Section II,
we briefly introduce the related work. Then we give the
important notations and the proposed model GMPM in
Section III, followed by the optimization method and whole
process of solving GMPM in Section IV. Experimental
results are reported in Section V, and Section VI concludes
the paper.
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FIGURE 2. The structure diagram of the proposed GMPM. Specifically, GMPM first learns multiple view-specific similarity graphs,
and fusies the multiple graphs into a consensus one U. On the other hand, the given label set Y is broken down into two parts
(i.e., ground-truth part Y and noise part E), where the latter is assciated with the l1-norm penalty term to meet the assumption
that the noise information is sparse. Finally, we employ the mappings of heterogeneous data points and disambiguated
ground-truth label to learn the multi-label prediction model.

II. RELATED WORK
In this part, we briefly introduce some work related to our
model, including multi-view learning and partial multi-label
learning.

A. MULTI-VIEW LEARNING
Due to the fact that data can be characterized by heteroge-
neous features in real applications, multi-view learning has
shown to be a hot topic [6]. And more recently, a lot of multi-
view learning algorithms have been proposed [7], [8], [9].
From the perspective of multi-view data fusion mechanism,
the existing multi-view learning methods can be divided into
the following three categories: 1) co-training; 2) multiple
kernel learning; and 3) graph-based multi-view learning. The
first kind of multi-view learning method is the co-training
based multi-view learning [10], which attempts to train the
model by using alternate iteration to maximize the consis-
tency between different views. The multiple kernel learn-
ing based methods [11] attempts to learn different kernels
for different views, and then combines them with different
strategies to improve learning performance. The third type
of multi-view learning method is graph-based method [12],
which can be further divided into two subclasses accord-
ing to the construction method of the graph (i.e., subspace-
based approach [13], [14] and graph-based approach [15]).
Specifically, the former uses the self-representation strategy
to construct the coefficient matrix to represent the similar-
ity between data points, and the latter uses the Euclidean
distance between data pairs to calculate the similarity. For
example, MVSC [16] first learns the graph matrix for each
view, and these graph matrices are then fused automatically
to obtain the final clustering results. In order to fully discover
the complementary information among different views in
the fused graph, [17] introduces a diversity regularization
item to explore the complementarity among different views.

Liang et al. [18]model themulti-view consistency and incon-
sistency into the unified multi-view clustering framework to
fully mine the rich information of multi-view data. Further-
more, in order to accelerate the graph constructing process,
Bipartite Graph methods [16], [19], [20], [21], [22] have been
proposed more recently, which can learn sparse graph by
establishing the correlation between samples and the selected
anchor samples. For example, Huang et al. [22] design a fast
multi-view clustering algorithm, which is the first attempt to
use the concept of random view groups to serves as the basic
form of the flexible view-organizations.

B. PARTIAL MULTI-LABEL LEARNING
Partial multi-label learning refers to that each sample is rep-
resented by a single type of feature and associated with a
redundant label set that containing ground-truth label and
noise label [23], [24], [25]. According to the model con-
struction strategy, we can divide the existing PML methods
into two classes: 1) One-stage Strategy and 2) Two-Stage
Strategy. One-stage approach typically learns a confidence
score for each candidate label, and then distinguishes whether
the corresponding label belongs to a ground-truth label or a
noise label according to the confidence score. For example,
Yu et al. propose fPML in [26] simultaneously factorizes
the observed candidate label matrix and the feature matrix
into low-rank matrices to achieve a coherent low-rank matri-
ces and a low-rank label correlation matrix. And then the
low-rank coherent matrix is utilized to estimate the label
confidence. Sun et al. [2] adopt the low-rank and sparse
decomposition scheme and divide the observed label set into
a ground-truth label matrix and an irrelevant label matrix. The
difference between two-stage strategy and one-stage strategy
is that the ground-truth label screening andmodel training are
divided into two steps. The first stage is used to filter noise
and select candidate labels with high level of confidence as
valuable information. The second stage is to train the model
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using the valuable tags selected from the first step. The work
of [27] in the first stage learn a confidence value for each
candidate label by utilizing the features manifold, and then a
gradient boosting model is introduced to complete the clas-
sification. Zhang et al. propose the method PARTICLE [28]
which evaluate the labeling confidence of each candidate
label by iterative label propagation in the first stage. And in
the second stage, multi-label predictor is induced via pairwise
label ranking.

III. PROPOSED METHOD
In this section, we introduce our proposed method in detail.
Assume a multi-view multi-label dataset with m views and n
samples X = [X1T , X2T , . . ., XmT ]T ∈ RD×n, where Xv =[
xv1, x

v
2, . . . , x

v
n
]

∈ Rdv×n is vth view matrix with dv dimen-
sions as well as n samples and D =

∑m
v=0 dv. Furthermore,

Denote Y ∈ {0, 1}q×n as the partial label matrix for all
samples. Here,Yji = 1 indicates i-th sample is annotated with
j-th class, otherwise Yji = 0.

A. NSG (NODE SIMILARITY GRAPH) MATRIX
CONSTRUCTION
In our work, we first transform the data matrix of each view
into a graph matrix generated from similar graph matrices.
We assume that the more similar the two nodes in the view,
the greater their similarity values in the NSG, otherwise the
smaller they are, so we have:

min
{Sv}

m∑
v=1

n∑
i,j=1

∥xvi − xvj ∥
2
2
svij + β

m∑
v=1

n∑
i

∥svi ∥
2
2

s.t. ∀v, svii = 0, svij ≥ 0,1T svi = 1. (1)

where Sv denotes S1,S2, . . . ,Sm is the NSG of vth view and
sij ∈ Sv. The first term constructs the NSG of each view.
Specifically, sij represents the similarity value between each
node and xi. The second term adopts ℓ2 norm as the con-
straints term to avoid obtaining trivial solutions and limiting
the sparsity of NSG. β is a is an implicit hyperparameter
whose value depends on the number of nearest neighbors.
Here, we construct each NSG matrix independently for each
view, because each NSG has no relationship to the other
views.

B. NSG MATRIX FUSION
Due to the multiple view-specific similarity graphs of mul-
tiple views obtained by Eq. (1) is specific to a single view,
it cannot ensure that the rich information of multiple view
data is fully mined. To this end, we attempt fuse the multiple
graphs in to a consensus one to acquire a more comprehensive
target one U, so as to leverange the abundant information of
multiple views, and its mathematical form is:

min
U

m∑
v=1

αv∥U − Sv∥2F

s.t. ∀i, uij ≥ 0,1Tui = 1. (2)

where ui ∈ Rn×1 denotes a column vector. Considering the
fact that different views may exhibit different discriminative

information, αv is introduced to automatically weight dif-
ferent views, where the larger αv denotes that the vth view
contributes more information to the final unified graph U.

Then, combine Eq. 1 and Eq. 2 to jointly train {Sv} and U
so that they can help each other in a mutual reinforcement
manner by the following formula:

min
{Sv},U

m∑
v=1

n∑
i,j=1

∥xvi − xvj ∥
2
2
svij +

m∑
v=1

αv∥U − Sv∥2F

+β

m∑
v=1

n∑
i

∥svi ∥
2
2

s.t. ∀v, svii = 0, svij ≥ 0,1T svi = 1,

∀i, uij ≥ 0,1Tui = 1. (3)

C. NOISE LABEL DISAMBIGUATION
Partial multi-label learning aims to solve such a situation
which the observed labels contain label redundancy, i.e.,
annotators may roughly assign a set of candidate labels to
each instance, including related labels and some unrelated
labels.
The focus of this subsection is how to effectively filter

out the noise label from a given set of redundant labels and
restore clean labels information. To be specific, we assume
that the observed candidate labels Y consist of the related
labels Y and the unrelated labels E. The core idea of this
method is to separate theY and E, and to ensure the accuracy
of separation by applying sparse constraints to the noise part.
Specifically, we assume that the redundant noise label is
sparse and introduce an l1-norm regularization to eliminate
the redundant label noisy matrix as ∥E∥1.
Besides, to obtain the accurate label matrix more accu-

rately, we introduce the unified graph to align with the accu-
rate label matrix to remove noise labels and exploit accurate
labels matrix. For multi-view partial multi-label data, the
properties of the accurate label matrix need to be consistent
with the properties of the unified graph. Specifically, if two
samples are close in label space, they should also share
similar characteristics in the unified graph:

min
Y

n∑
i

n∑
j

∥yi − yj∥
2
2uij

= Tr(Y(A − U)Y
T
) = Tr(YLuY

T
)

s.t. Y = Y + E. (4)

where yi is the i-th column in the accurate labels matrix,
indicating the accurate labels of the i-th sample in Y. uij
measures the similarity of sample i and sample j in the unified
graph U and A is a diagonal matrix with aii =

∑n
j=1 uij and

Lu = A - U is the graph laplacian matrix.
By combining ∥E∥1 and Eq. 4, accurate labels can be

stripped from the observed candidate labels:

min
Y,E

λTr(YLuY
T
) + σ∥E∥1

s.t. Y = Y + E. (5)
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D. OBJECTIVE FUNCTION
Based on the above analysis, we can obtain an accurate label
matrix through multi-view consensus information. In addi-
tion, we train the multi-label classification model by explor-
ing multi-view data and valuable tag sets filtered from the
original tag set. Therefore, we can get the improved objective
function:

min
{Sv},U,W,Y,E,{αv}

1
2
∥Y − WTX∥

2
F +

m∑
v=1

n∑
i,j=1

∥xvi − xvj ∥
2
2
svij

+

m∑
v=1

αv∥U − Sv∥2F + λTr(YLuY
T
) + σ∥E∥1

+γ ∥W∥
2
F + β

m∑
v=1

n∑
i

∥svi ∥
2
2

s.t. Y = Y + E, ∀v, svii = 0, svij ≥ 0,1T svi = 1,

∀i, uij ≥ 0,1Tui = 1. (6)

where λ, σ and γ are three parameters to trade-off different
regularization terms. W ∈ RD×q is the prediction model to
be trained, which is constrained by F norm to ensure that
the complexity of the model is acceptable. As is shown in
Eq. 6, we integrate the multi-view data into a unified graph,
and adopt this graph to align the observed candidate labels
to obtain accurate labels, and then complete the multi-view
partial multi-label classification task.

IV. OPTIMIZATION
Due to the fact that the objective function Eq. 6 is not jointly
convex, so the closed-form solution cannot be directly calcu-
lated. Thus, we use the augmented Lagrange multiplier strat-
egy to transform the optimization of the proposed objective
function into several subproblems to optimize separately.

A. UPDATE Sv

Fixing U, Y, W, E and αv, we update Sv by solving the
following problem:

min
{Sv}

m∑
v=1

n∑
i,j=1

∥xvi − xvj ∥
2
2
svij +

m∑
v=1

αv∥U − Sv∥2F

+β

m∑
v=1

n∑
i

∥svi ∥
2
2

s.t. ∀v, svii = 0, svij ≥ 0,1T svi = 1,

∀i, uij ≥ 0,1Tui = 1. (7)

Since Sv of each view is independent, we simplify the above
formula as follow:

min
Sv

n∑
i,j=1

∥xvi − xvj ∥
2
2
svij + αv∥U − Sv∥2F + β

n∑
i

∥svi ∥
2
2

s.t. ∀v, svii = 0, svij ≥ 0,1T svi = 1,

∀i, uij ≥ 0,1Tui = 1. (8)

We assume that each point has its neighbor nodes with sim-
ilarity, so we adopt a k-nearest neighbor method to optimize
and update the above formula. Specifically, we learn si in Sv

with k nonzero values, we give the final solution below and
omit the detailed steps. Denote ei is a vector with the j-th
element as eij = ∥xi − xj∥22, then the problem (8) can be
simplified as as follow:

min
svi

1
2
∥svi +

ei
2β

∥
2
2 +

1
2β

αv∥ui − svi ∥
2
2

s.t. ∀v, svii = 0, svij ≥ 0,1T svi = 1, (9)

The Lagrange multiplier method is adopted here to convert
the constraint term into an augmented term in the objective
function, and assume that its partial derivative with respect
to the variable svi is 0, and the value of β can be obtained as
follows:

β =
kei,k+1 −

∑k
h=1 eih − 2kαvui,k+1 − 2αv

2
(10)

And then, we can get the final solution for svi as follows
[8]:

svij=


ei,k+1 − eij + 2wvuij − 2wvui,k+1

kei,k+1−
∑k

h=1 eih− 2kwvui,k+1 + 2
∑k

h=1 wvuih
,

j ≤ k
0, j > k

(11)

B. UPDATE U
Fixing Sv, Y,W, E and αv, update U. When Sv, Y,W, E and
αv are fixed, update U is to solve the following problem:

min
U

m∑
v=1

αv∥Uv
S∥

2
F + λTr(YLuY

T
)

s.t. uij ≥ 0,1Tui = 1. (12)

By taking derivative of U and make it to 0, we obtain

U =

m∑
v=1

αvSv +
λ

2
Y
T
Y (13)

C. UPDATE Y
We update Y with Augmented Lagrange Multiplier(ALM).
To optimize the objective function more conveniently,
we convert Eq. 6 to the following augmented Lagrange
function:

min
{Sv},U,Y,E,αv

1
2
∥Y − WTX∥ +

m∑
v=1

n∑
i,j=1

∥xvi − xvj ∥
2
2
svij

+

m∑
v=1

αv∥U − Sv∥2F + λTr(YLuY
T
)

+γ ∥W∥
2
F + σ∥E∥1 + β

m∑
v=1

n∑
i

∥svi ∥
2
2

+ < Y1,Y − Y − E > +
µ

2
∥Y − Y − E∥

2
F
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TABLE 1. Characteristics of our employed datasets.

s.t. ∀v, svii = 0, svij ≥ 0,1T svi = 1,

∀i, uij ≥ 0,1Tui = 1. (14)

following equivalent problem: whereY1 ∈ Rq×n is Lagrange
multiplier matrix, and µ is penalty parameters.
Fixing Sv, U, W, E and αv, the Eq. 14 can be converted

into the following equivalent problem:

min
Y

1
2
∥Y − WTX∥

+λTr(YLuY
T
) +

µ

2
∥Y − Y − E +

Y1

µ
∥

2

F
(15)

By taking the derivative with respect to Y and setting it to 0,
Y can be updated by

Y = (µ(Y − E) + Y1)[(1 + µ)I + λ(LTu + Lu)]−1 (16)

where Y3 ∈ Rn×n is a identity matrix.

D. UPDATE E
Fixing the other variables, the subproblem of E can be re-
written as:

min
E

1
2
∥E − (Y − WTX)∥

2
F + σ∥E∥1 (17)

Since the first term is Frobenius norm and the second term is
l1 norm, the Ek+1 is given by soft-thresholding the entries of
Gk = Y − WTX [29]:

Ek+1 = argmin
E

ϵ∥E∥1 +
1
2
∥E − Gk∥

2
F = Sϵ[Gk ] (18)

The details are as follows:

Ek+1 =


(Y − WTX) − σ, (Y − WTX) > σ

(Y − WTX) + σ, (Y − WTX) < −σ

0, otherwise

(19)

E. UPDATE W
Fixing Sv, U, Y, E and αv, the optimization problem 6 is
transformed into

min
W

1
2
∥Y − WTX∥

2
F + γ ∥WT

∥
2
F (20)

Here,W can be updated followingWT
= YXT (XXT

+ 2γ I)
and I ∈ RD×D is an identity matrix.

F. UPDATE αv

Since the αv of each view is independent, we update each αv

separately and we adopt an adaptive method to update αv, i.e.,

αv =
1

2
√

∥U − Sv∥2F

(21)

G. UPDATE Y1 AND µ

We update the Lagrange multiplier matrix Y1 and regulariza-
tion term µ by LADM:

µk+1
= min(µmax , ηµk )

Yk+1
1 = yk1 + µk+1(Y − Y − E) (22)

where η is a positive scalar. In summary, in the whole opti-
mization process, we first initialize each variable, and then
repeat the above steps until the function converges or reaches
the maximum number of iterations.

V. EXPERIMENT
In this section, we conduct extensive experiments on five
multi-view partial multi-label data sets to comprehensively
evaluate the performance of our proposed method.

A. EXPERIMENTAL SETUP
Data sets In this paper, a multi-label classification experi-
ment is conducted on six commonly used data sets to verify
the performance of the proposed method. They are respec-
tively: Emotions [30], Yeast [31], Scene, Corel5k [32] and
PASCAL VOC07 [33]. To be specific, the Emotions dataset
is associated with 593 pieces of music depictedby, each of
which is depicted by two kinds of features. Yeast is a Bio-
logical dataset which contaisd 2417 data points and the two
kinds of features of each example correspond to the genetic
expression and phylogenetic profile of a gene. Scene has
2407 images, each of which is depicted by two typies of
features: the luminance and chromaticity of color. Corel5k
and PASCAL are two widely used multi-view multi-label
image datasets. Corel5k contains 4999 images, and each
sample consists of 4 view features, which are GIST, HSV,
HUE, DIFT. For the PASCAL dataset, besides the same four
views daopted by Corel5k, the tag features are also added
for each sample. Table 1 illustrates the characteristics of the
above datasets, consisting of the number of samples, classes
and features.

Compared methods The floowing five representative
methods are adopted as baselines, and they are as follows:

• GRADIS [3]: An multi-view partial multi-label
approach which fuses multi-view representation and dis-
ambiguating candidate label based on label propagation.

• McWL [34]: Anmulti-viewmulti-label approach which
enforces the optimization of multi-view integration and
of MC-based classification within a unified objective
function.

• ICM2L [35]: An multi-view multi-label approach
which explores the individuality and commonality

49210 VOLUME 11, 2023
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TABLE 2. Experimental results of each comparing approach in terms of Average Precision, where the best performance (the larger the better) on each
dataset and specific value of p is shown in bold face.

TABLE 3. Experimental results of each comparing approach in terms of Hamming Loss, where the best performance (the smaller the better) on each
dataset and specific value of p is shown in bold face.

TABLE 4. Experimental results of each comparing approach in terms of One Error, where the best performance (the smaller the better) on each dataset
and specific value of p is shown in bold face.

information of multi-view data in a unified subspace
representation learning model.

• PARTICLE-VLS [36]: A partial multi-label approach
which is a two-stage classification, which first
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TABLE 5. Experimental results of each comparing approach in terms of Ranking Loss, where the best performance (the smaller the better) on each
dataset and specific value of p is shown in bold face.

FIGURE 3. Comparison of GMPM (control approach) against other approaches with Bonferroni-Dunn test. Approaches not connected
with PAKS are considered to have significantly distinguishable performance from GMPM (CD = 1.759 at 0.05 significance level).

transforms the partial multi-label learning into multi-
label learning by a label propagation procedure and then
a calibrated label ranking model is induced to the PML
method PARTICLE-VLS.

• NATAL [25]: A partial multi-label approach which
transfers the traditional PMP problem to a feature com-
pletion problem, and induces the multi-label classifiers
by mapping the completed features to all candidate
labels.

Parameter Setup For all the baseline methods, we ran-
domly select 20% of the training data from the given multi-
view data to search for the best parameters, among which the
best parameters are obtained through five-fold grid search.
For our proposed model, the trade-off parameters λ, γ and ϵ

are chosen from [1e−3, 1e−2, 1e−1, 1e−0, 1e−1, 1e−2]
via five-fold cross validation, respectively.

Evaluation Metrics In order to measure the performance
of multi-classification, six popular multi-label metrics are
adopted here to evaluate each compared method, includ-
ing Average Precision, Hamming Loss, Ranking Loss, One
Error and Coverage, whose detailed definitions can be found
in [37].

B. EXPERIMENTAL RESULTS
Five separate runs of five-fold cross-validation are performed
on each data set, and we record their mean values and stan-
dard deviation of each evaluation measurement, the detailed
comparison results of different methods on five data sets
are demonstrated in Table 2 - 6. According to Table 2 - 6,
we can see our proposed method achieves either superior or
comparable performance against the five compared methods:
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TABLE 6. Experimental results of each comparing approach in terms of Coverage, where the best performance (the smaller the better) on each dataset
and specific value of p is shown in bold face.

FIGURE 4. The changing trend of the performance of GMPM (average precision, hamming loss, ranking loss, one error,
coverage) with respect to different parameters. (a) λ varies on Emotions; (b) γ varies on Emotions; (c) σ varies on Emotions;
(d) λ varies on Pascal ; (e) γ varies on Pascal ; (f) σ varies on Pascal.

• Compared with other baseline methods, our GMPM
model has achieved gratifying performance in many
cases. For example, GMPM outperforms GRADIS
and PAR-VLS in 97.3% cases and 98.6% cases,
respectively.

• In terms of different evaluation indicators, our method
is superior to the comparison method. For example, out
proposed model is superior to all comparison methods
in terms of Average Precision, One Error and Coverage
metrics. In addition, GMPM outperforms other base-
lines over 96.0% on Hamming Loss metric, it is also
superior or comparable to other compared methods in
98.6% cases in terms of Ranking Loss metric.

• Finally, our proposed method shows prominent advan-
tages on all datasets. In particular,GMPM is superior to
most baselines in nearly 80% of cases, and even achieves
the best performance on Yeast, Scene and Pascal data
sets.

To further evaluate the superiority of GMPM against
other comparing methods, we conduct statistical analysis
among all comparing methods, where Friedman Test [38]
is employed to analyze the relative performance among all
comparing approaches. Figure 3 shows the CD diagrams
on five employed evaluation metrics, where the average
performance rank of each comparing approach is recorded
along the axis. As illustrated in Figure 3, GMPM always
ranks 1st on all evaluation metrics, and it is comparable
to GRADIS approach and significantly outperforms other
comparing approaches.

C. FURTHER ANALYSIS
a) Complexity Analysis: In this section, we briefly analyze
the computational complexity for GMPM. There are five
main parts in our optimization procedure, i.e., S1, . . . ,Sm,U,
Y, E and W. For simplicity, we assume that the number of
neighbour is k . Specifically,
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FIGURE 5. Convergence analysis.

1) the update of S1, . . . ,Sm has the computational com-
plexity of O(mnk).

2) the update of U resulting a total complexity of O(qn).
3) the update of Y involves matrix inversion, which leads

to a computational complexity of O(qn2 + n3).
4) the update of E involves SVD, which brings a computa-

tional complexity of O(qn2).
5) the update of W has the computational complexity of

O(qnD).
Consider that n ≫ D ≫ q > k , the computational com-

plexity of the whole training process can be approximated as
O(T ∗ qn2), where T is the number of iterations.
b) Sensitivity Analysis: We analyze the sensitivity of

GMPM in terms of its three parameters λ, γ and σ . Figure 4
shows the performance ofGMPM on each evaluation metric
under different parameter configurations on Emotions and
Pascal datasets. In our experiments, we set the parameters
λ, γ and σ among [1e−3, 1e2] via cross-validation.
c) Convergence Analysis: We illustrate the convergence

curves of GMPM on Emotions and Pascal datasets in Fig-
ure 5. According to Figure 5, we can observe that the value of
objective function rapidly decreases after a few iterations and
finally becomes relatively stable, which empirically validates
the convergence of our proposed GMPM.

VI. CONCLUSION
In MVPML, each sample is described by several heteroge-
neous feature representations and associated with a candidate
label set which are partially valid. In this paper, a one-
stage method named GMPM towards MVPML is proposed.
GMPM adopts the similarity graph of each view and sparse
decomposition to disambiguate the candidate label set, and
then the learned ground-truth labels are used for training the
predictive model. To the best of our knowledge, this is the
first attempt to deal with the MVPML problem by taking
label disambiguation and classification as a whole. Enor-
mous experimental results have proven that our proposed
method can achieve superior performance against state-of-
the-art methods. In the future, it is interesting to extend
GMPM to deal with large-scale multi-view partial multi-label
learning problem by using deep learning technology.
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