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Abstract

In current era, the incomplete multi-view multi-label data sets are widely
encountered and they are hard to be processed due to the structure
of each instance is complicated and some useful information maybe
lost. To this end, this study uses the missing-information-index matri-
ces and adopts Universum learning to promote the enhancements of
useful information. Then we combine the self-adaptive measurements of
within-view correlation, cross-view correlation, consensus-view correla-
tion among features, labels, and instances in together so that the missing
information can be recovered with a more feasible way. The developed
learning machine is named as incomplete multi-view multi-label learning
with Universum (IMVML-U). In order to demonstrate the superior-
ity of IMVML-U, we adopt 5 MVML data sets for experiments and
according to the experimental results, it is found that IMVML-U can
process incomplete multi-view multi-label data sets much better, update
the correlations among features, labels, and instances dynamically, and
enhances the useful information with a less time complexity increased.

Keywords: Self-adaptive correlation, Incomplete data, Multi-view
multi-label, Universum
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1 Introduction

1.1 Background

In current real-world, a data set is always represented by multiple feature
sets (i.e., views) and marked with multiple class labels. Such a data set is
named as multi-view multi-label (MVML) data and many learning machines
are developed for processing this kind of data [1, 2, 3]. Now along with the time
and the continue development in the science and technology, the forms of these
data sets are undergoing changes and among those forms, the incomplete and
insufficient form is widely encountered. As we know, due to some unpredictable
reasons including the sampling equipment being damaged and the manpower is
not sufficient, some instances maybe loss a certain amount of useful information
and some instances maybe unlabeled. Such a form makes the useful information
be insufficient and current traditional learning machines cannot predict the
labels for data sets well.

Thus, to this end, many learning machines are developed to process incom-
plete multi-view multi-label data with some strategies [4, 18, 6, 7, 8, 9, 10, 11,
12, 13, 14, 15, 16, 17] and the strategies can be summarized into three cat-
egories. One is missing-information-index matrices used, another is multiple
representations used, and the third is artificial generation of new instances.
But according to our depth analysis, it is found that these three strategies exist
some shortcomings. First, for the strategy to use missing-information-index
matrices, although many learning machines combine the data information
matrices, correlation matrices among features, instances, labels with missing-
information-index matrices, they cannot fully consider missing information in
different representations simultaneously. Second, for the strategy to use mul-
tiple representations, many current learning machines design solutions with
multiple representations about data considered including the within-view rep-
resentations, cross-view representations, and consensus-view representations,
and in their solutions, the correlations among features, labels, and instances
in different representations are always used. While these correlations cannot
be measured self-adaptive fully. Third, for the strategy to generate the new
instances artificially, Universum learning is popular for generating more use-
ful additional information. But this learning method always take the physical
distances between instances as a measurement standard when to generate new
information and the correlations between instances are always ignored.

1.2 Proposal

In this study, considering the disadvantages of the above mentioned strategies,
we develop a solution named incomplete multi-view multi-label learning with
Universum (IMVML-U) with the following steps.

(1) We make full use of the missing information in different representations
simultaneously so as to lay the foundation for recovering missing information
and updating correlations more feasible. In this step, the missing information
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is demonstrated with the missing-information-index matrices used. (2) We
consider the recovered quality and recovered quantity about the data and
design an ‘individual-mutual balance’ model so that the details of the whole
data and their labels can be represented well. (3) We consider and search some
internal laws about the self-adaptive changes for different kinds of correlations
so that we can measure the correlations among features, labels, and instances
more feasible and accurate. (4) We combine the first three steps in together and
design a temp objective function with the nuclear-norm constraint used. This
function is called as incomplete multi-view multi-label model, namely, IMVML
model. (5) Then we optimize the IMVML model and recover the current data
with the correlations updated. (6) On the base of the recovered data and
the updated correlations, we generate some new instances and initialize the
corresponding labels. This procedure is named as Universum step (‘U-step’ for
short) and the data set can be enhanced. (7) After the ‘U-step’, we update the
corresponding correlations among features, labels, and instances in different
representations again and the data set can be recovered more accurate.

1.3 Contributions

Compared with the current existing classical learning machines, the devel-
oped IMVML-U possesses the following contributions. First, IMVML-U can
enhance the useful data information and as a result, it can recover the missing
information in multiple representations more accurate since it has more use-
ful information used. Second, IMVML-U can update the correlations among
features, labels, and instances dynamically and more feasible.

1.4 Framework of this study

The framework of this study is given as below. Section 2 reviews the related
work about incomplete multi-view multi-label learning and Universum learn-
ing. Section 3 describes the framework, optimization, computational cost of
IMVML-U. Section 4 validates the performances of IMVML-U with extensive
experiments on 5 MVML data sets. Section 5 concludes this study and point
the future directions of our research.

2 Related work

In this section, we review the related work about incomplete multi-view multi-
label learning and Universum learning as below.

2.1 Incomplete multi-view multi-label learning

Incomplete multi-view multi-label learning aims to process the data sets whose
instances are represented by multiple feature sets, labeled by multiple class
labels, and missing some useful information. Current incomplete multi-view
multi-label learning are mainly developed on the base of matrix factorization
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[18, 19, 20], kernel-based learning [4, 21, 22], deep neural networks [23, 24, 25],
etc.
• In terms of the learning machines based on matrix factorization, Liu et.

al [18] present a virtual-label guided matrix factorization (VLMF) to facilitate
the incomplete clustering task. In VLMF, the graph regularization of each view
is employed to mine the geometrical structure of data and the virtual label is
used to guide matrix factorization and integrate the clustering process and the
consensus latent representation learning of data into a joint framework; Wang
et. al [19] present a cross-view multi-layer perceptron (CVMLP) to process
the incomplete data processing task which integrates an auto-encoder module,
cross-view classification loss, masked contrastive learning, and variance loss
into a unified framework; Luong et. al [20] develop a deep non-negative matrix
factorization-based framework for effective clustering task by uncovering both
the non-linear relationships and the intrinsic components of the data. In their
work, both the consensus and complementary information present in multi-
ple views are sufficiently learned with the effective use of constraints such as
normalized cut-type and orthogonal.
• In terms of the learning machines based on kernel-based learning, Zhang

et. al [4] propose a transductive semi-supervised incomplete fuzzy system and
they integrate the missing view imputation, pseudo label learning, and fuzzy
system training to a single process to enable mutual learning with kernel
technology used; Xiao et. al [21] develop a SVM-based multi-view multi-label
learning method with privileged information learning and they implement both
the consensus principle and complementarity principle in multi-view multi-
label learning with kernel matrices used; Zhao et. al [22] develop a method that
uses view-specific labels and label-feature dependence maximization. They first
assume that each view and its corresponding label space have a smooth local
structure. In this way, the view-specific label learning model is constructed,
enhancing the consistency and complementarity of label space information.
Then, multiple multi-label classifiers are constructed by maximizing label-
feature dependence. Finally, the linear classification model is extended to the
nonlinear with kernel-based learning used, and the prediction stage is combined
with the contribution weight of each view.
• In terms of the learning machines based on deep neural networks, Li

et. al [23] develop a multi-modal recommendation framework that integrates
graph neural networks (GNNs) with deep mutual learning techniques. In their
proposal, they use the mutual knowledge distillation technique to collabora-
tively train multiple uni-modal bipartite user-item graphs and then to generate
uni-modal embeddings which allows the model to uncover and synchronize
the latent semantic relationships among different modalities; Zhao et. al [24]
develop a neural network multi-view multi-label learning framework to solve
the problem of consistency and diversity among views and in their work, the
label correlation factor is in addition to the classification model, and the view
contribution factor is added to the prediction model; Sun et. al [25] develop
a deep multi-view prototype-based disambiguation approach and specifically,
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they innovatively employ the deep neural network for multi-view ambiguously-
labeled image classification to enhance the representation ability, which makes
use of the information fusion between multiple views.

2.2 Universum learning

Universum learning is a good method to enhance the data information and
according to the introduction by [26, 27], Universum learning can generate a
new data set and assist the classification of the target data set and in the tra-
ditional hand-written digits classification tasks. Many learning machines are
developed on the base of Universum. For example, Liu et. al [28] develop a semi-
supervised learning with Universum algorithm based on boosting technique,
and focus on situations where only a few labeled instances are available. In this
article, the developed method can improve text classification performance and
the training error drops exponentially fast when each weak classifier is slightly
better than random guessing; Richhariya et. al [29] develop an Universum least
squares twin parametric-margin support vector machine (ULSTPMSVM) for
classification problems which has a high generalization performance with lesser
training time in comparison to existing algorithms; Han et. al [30] develop
an Universum-inspired supervised contrastive learning (UniCon), which incor-
porates mixup strategy to generate mixup-induced Universum as Universum
negatives and pushes them apart from anchor instances of the target classes.
Their approach not only improves mixup with hard labels, but also innovates
a novel measure to generate Universum data. With a linear classifier on the
learned representations, UniCon shows state-of-the-art performance on various
data sets.

3 The main framework of IMVML-U

This section shows the framework of proposed IMVML-U including its
objective function, optimization, computational cost, etc.

3.1 Preliminary

Suppose X = [X1; X2; ...; XV ] is a data set with V views and n instances.
Then its corresponding labels are Y = [Y 1; Y 2; ...; Y V ]. Here, Xv ∈ R

dv×n,
Y v ∈ R

cv×n, dv represents the number of features and cv represents the one
of labels for vth view. On the base of [X; Y ], we define four correlation matri-
ces, they are instance-instance correlation matrix Sv ∈ R

n×n, feature-feature
correlation matrix P v ∈ R

dv×dv , label-label correlation matrix Qv ∈ R
cv×cv ,

and label-feature correlation matrix W v ∈ R
cv×dv . Each element in a matrix

represents the corresponding correlation. Then we define two index matrices
further, one is feature-missing index matrix Ev ∈ R

dv×n, the other is label-
missing index matrix F v ∈ R

cv×n. Similarly, each element in these matrices
indicates the missing or not-missing case. For example, the element in pth row
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and qth column of Ev, i.e., Ev
p,q = 1 indicates that in vth view, the pth feature

of qth instance is not missing, otherwise, Ev
p,q = 0 indicates a missing case.

Moreover, since each instance can be represented by three representations
at least, so the above items can also have the below corresponding repre-
sentations. The corresponding cross-view representations are Xij ∈ R

dij×n,
Y ij ∈ R

cij×n, Sij ∈ R
n×n, P ij ∈ R

dij×dij , Qij ∈ R
cij×cij , W ij ∈ R

cij×dij ,
Eij ∈ R

dij×n, F ij ∈ R
cij×n and the corresponding consensus-view represen-

tations are Xc ∈ R
k×n, Y c ∈ R

l×n, Sc ∈ R
n×n, P c ∈ R

k×k, Qc ∈ R
l×l,

W c ∈ R
l×k, Ec ∈ R

k×n, F c ∈ R
l×n. Here, dij and cij are the number of fea-

tures and labels for cross-view representation about ith and jth views. k and
l are the number of features and labels for the consensus-view representation
about all views.

Then according to the introduction about subsection 1.2, the framework of
IMVML-U consists of the below subsections.

3.2 Construction of preservation model

As is known to all, for any data, their correlation matrices can store the
comprehensive relationships of all instances. Thus no matter the correlation
matrices be complete or incomplete, the available information should be pre-
served. To this end, take the vth view as example, we let Q̃v, W̃ v, S̃v be the
complete correlation matrices corresponding to Qv, W v, Sv, respectively and
then use the below Eq. (1) to reflect the preservation case. Moreover, since
data has three representations at least, so the Eq. (1) can also be extended to
the cross-view version (Eq. (2)) and consensus-view version (Eq. (3)).

V∑
v=1

[
||(P̃ v − P v)⊙ (EvEvT )||2F + ||(Q̃v −Qv)⊙ (F vF vT )||2F (1)

+||(W̃ v −W v)⊙ (F vEvT )||2F + ||(S̃v − Sv)⊙ (EvTEv)||2F

+||(S̃v − Sv)⊙ (F vTF v)||2F

]

V∑
i=1

V∑
j=1,j ̸=i

[
||(P̃ ij − P ij)⊙ (EijEijT )||2F (2)

+||(Q̃ij −Qij)⊙ (F ijF ijT )||2F + ||(W̃ ij −W ij)⊙ (F ijEijT )||2F

+||(S̃ij − Sij)⊙ (EijTEij)||2F + ||(S̃ij − Sij)⊙ (F ijTF ij)||2F

]

||(P̃ c − P c)⊙ (EcEcT )||2F + ||(Q̃c −Qc)⊙ (F cF cT )||2F (3)

+||(W̃ c −W c)⊙ (F cEcT )||2F + ||(S̃c − Sc)⊙ (EcTEc)||2F

+||(S̃c − Sc)⊙ (F cTF c)||2F ]
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3.3 Construction of ‘individual-mutual balance’ model

Since current data always including some incomplete instances, thus we should
recover them during the design of a learning machine. But in order to pursue
a better recover result, in this study, we suppose that the recovered infor-
mation should keep a ‘individual-mutual balance’. Here, ‘individual’ indicates
that we can recover more missing information as many as possible, namely,
pursue the recovering quantity. ‘mutual’ indicates that we pursue the recov-
ering quality, namely, the recovered information has a higher quality and the
recovered feature information can predict the labels as accurate as possible.
‘balance’ indicates that during the process of recovering the missing informa-
tion, we cannot blindly pursue the recovering quantity or recovering quality
and consider the recovering balance. Since the data has three representations
at least, so the ‘individual-mutual balance’-model should consist of the below
three sub-models.

At the vth view, the individual, mutual, and balance parts are given in
Eqs. (4)∼(6), respectively.

V∑
v=1

[
||Xv − P vXv||2F + ||Xv −XvSv||2F (4)

+||Y v − Y vSv||2F + ||Y v −QvY v||2F

]

V∑
v=1

[
||Xv −W vTY v||2F + ||Y v −W vXv||2F

]
(5)

Eq.(4)
Eq.(5) (6)

Then for the cross-view form, the individual, mutual, and balance parts
are given in Eqs. (7)∼(9), respectively.

V∑
i=1

V∑
j=1,j ̸=i

[
||Xij − P ijXij ||2F+ (7)

||Xij −XijSij ||2F + ||Y ij − Y ijSij ||2F + ||Y ij −QijY ij ||2F

]

V∑
i=1

V∑
j=1,j ̸=i

[
||Xij −W ijTY ij ||2F + ||Y ij −W ijXij ||2F

]
(8)

Eq.(7)
Eq.(8) (9)
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Finally, corresponding consensus-forms are given in Eqs. (10)∼(12), respec-
tively.

||Xc − P cXc||2F + ||Xc −XcSc||2F (10)

+||Y c − Y cSc||2F + ||Y c −QcY c||2F

||Xc −W cTY c||2F + ||Y c −W cXc||2F (11)

Eq.(10)
Eq.(11) (12)

3.4 Construction of self-adaptive model

As we know, the correlation matrices can store comprehensive relationships
of instances. In order to get more accurate correlation matrices, we make full
use of the laws of self-adaptive change for multiple correlation information in
different representations including within-view, consensus-view, and cross-view
ones according to the data characteristics.

In our knowledge, the correlations can be measured and changed with the
following laws. (i) If two instances are strongly correlated, their corresponding
features and the predictive labels might be more similar; (ii) if two labels
are strongly correlated, their corresponding outputs might be more similar;
(iii) if two features are strongly correlated, their corresponding information of
features might be more similar.

In order to realize the first law, we take the information from vth view as
the example and utilize two regularizer terms. One is related with Xv which
includes the information about features, and another is related with Y v =
W vXv which indicates the information about predictive labels. In terms of the
former regularizer term, if the ath instance of Xv (xv

a) and the bth instance of
Xv (xv

b ) are strongly correlated, the similarity between xv
a and xv

b will be large.
Similarly, for the latter regularizer term, if xv

a and xv
b are strongly correlated,

their corresponding predictive labels, i.e., yva and yvb will be large as well. Then
we can define the following two regularizer terms.

n∑
a=1

n∑
b=1

Sv
ab||x

v
a − xv

b || = tr(XvLSvXvT ) (13)

n∑
a=1

n∑
b=1

Sv
ab||y

v
a − yvb || = tr(Y vLSvY vT ) (14)

= tr(W vXvLSvXvTW vT )

where Sv
ab describes the instance-instance correlation between instance xv

a and
instance xv

b and LSv is the Laplacian matrix for Sv.
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Then for V views, the total model for within-view representations according
to the first law, is given in Eq. (15) and its cross-view representation and the
consensus-view one are given in Eqs. (16) and (17), respectively.

V∑
v=1

[
tr(XvLSvXvT ) + tr(W vXvLSvXvTW vT )

]
(15)

V∑
i=1

V∑
j=1,j ̸=i

[
tr(XijLSijXijT ) + tr(W ijXijLSijXijTW ijT )

]
(16)

tr(XcLScXcT ) + tr(W cXcLScXcTW cT ) (17)

In order to realize the second law, we also take vth view as an example,
we utilize a regularizer term. Since Y v = W vXv and its pth (or qth) column
yvp (or yvq) describes the output of pth (or qth) label. Then we design a
corresponding regularizer term as below.

cv∑
p=1

cv∑
q=1

Qv
pq||yvp − yvq|| = tr(Y vTLQvY v) (18)

= tr(XvTW vTLQvW vXv)

where Qv
pq describes the label-label correlation between pth and qth labels.

Similar with LSv , LQv is the Laplacian matrix for Qv.
Similar, for V views, for the second law, the total model for within-view

representations is given in Eq. (19) and its cross-view representation and the
consensus-view one are given in Eqs. (20) and (21), respectively.

V∑
v=1

tr(XvTW vTLQvW vXv) (19)

V∑
i=1

V∑
j=1,j ̸=i

tr(XijTW ijTLQijW ijXij) (20)

tr(XcTW cTLQcW cXc) (21)

In order to realize the third law, we still utilize a regularizer term for vth
view. Since rth (or sth) column xcr (or xcs) describes the information of rth
(or sth) feature for the Xc. Then we design a corresponding regularizer term
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as below.

k∑
r=1

k∑
s=1

Sv
rs||xcr − xcs|| = tr(XcLSvXcT ) (22)

where Sv
rs describes the feature-feature correlation between rth and sth

features. Then similarly, for information about labels, we can get

tr(Y cLSvY cT ) (23)

Then, for the third law, the total models are given in Eqs. (24), (25) and
(26), respectively.

V∑
v=1

tr(XcLSvXcT ) (24)

V∑
v=1

tr(Y cLSvY cT ) (25)

V∑
i=1

V∑
j=1,j ̸=i

[
tr(XijLSiXijT ) + tr(Y ijLSiY ijT )

]
(26)

3.5 Construction of nuclear-norm model

Since low-rank characteristic of representation can be enforced by matrix
nuclear norm [31, 32], so we represent each correlation with such norm and
build three nuclear-norm-based sub-models, namely, ||θv||2∗, ||θ

c||2∗, ||θ
ij ||2∗

where

||θv||2∗ =
∑

C∈S,P,Q,W

ηCv ||Cv||2∗ (27)

||θij ||2∗ =
∑

C∈S,P,Q,W

ηCij ||Cij ||2∗ (28)

||θc||2∗ =
∑

C∈S,P,Q,W

ηCc ||Cc||2∗ (29)

and ηx is the penalty parameter for different matrices to balance the
importance of the corresponding constraints.

Then the final nuclear-norm-based model is given as below.

V∑
v=1
||θv||2⋆ +

V∑
i=1

V∑
j=1,j ̸=i

||θij ||2⋆ + ||θ
c||2⋆ (30)
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Table 1 Computation of ∂L
∂C

in Eq. (31) in 9 forms and A, B, D describe different terms.

Form Computational results
∂||(A−C)⊙B||2F

∂C
2(C ⊙ B ⊙ BT −A⊙ B ⊙ BT )

∂||A−BC||2F
∂C

2(BTBC − BTA)
∂||A−BCT ||2F

∂C
2(CBTB −ATB)

∂||A−BCD||2F
∂C

2(BTBCDDT − BTADT )
∂||A−BCCTD||2F

∂C
−2(DATBC+

BTADT C) + 4BTBCCTDDT C

∂||C||2
∗

∂C
CUCT

V

∂tr(ALCAT )
∂C

1
2
[E]C

∂tr(CACT )
∂C

CAT + CA

∂tr(ACTBCAT )
∂C

BT CATA+ BCAAT

3.6 objective function

The objective function consists of the above four parts and it is given as below.

min

[
Eq.(1) + Eq.(2) + Eq.(3) + Eq.(4) + Eq.(5) + Eq.(6) + Eq.(7) (31)

+Eq.(8) + Eq.(9) + Eq.(10) + Eq.(11) + Eq.(12) + Eq.(15) + Eq.(16)

+Eq.(17) + Eq.(19) + Eq.(20) + Eq.(21) + Eq.(24) + Eq.(25)+

Eq.(26) + Eq.(30)

]

3.7 Optimization

For the optimization of Eq. (31), we also refer to [33] and gradient descent
way is adopted. Namely, we update a correlation and leave the others fixed,

i.e., C(t) ← C(t − 1) − ∂L(t−1)
∂C(t−1) where C describes a correlation matrix and

t represents the iteration index. According to Eq. (31), the ∂L
∂C

has multiple
forms (see Table 1) and singular value decomposition of C ∈ R

n1×n2 of rank
r is C = CUCΣC

∗
V where CΣ = diag({σk}k≤i≤r), CU and CV are respectively

n1× r and n2× r matrices with orthonormal columns, and the singular values
σk are positive. Furthermore, [E ]C has the same dimensionality of C and its
pth row and qth column element is ||AT

p,: − A
T
q,:||

2 where Ap,: and Aq,: stand
for the pth and qth rows of A, respectively. The optimization procedure will
be terminate until the changes about the normalized value of L is lesser than
some threshold values.

Then the optimal results are τω−o1 where τ ∈ {P,Q,W, S} and ω ∈
{v, ij, c}. Once we get the current optimal results, we can recover the data
initial with the terms like Xv−o1 = P v−o1Xv and Y v−o1 = Qv−o1Y v.
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3.8 The enhancement for data set (U part of IMVML-U)

We let 1
n−1 be the threshold. The at the vth view, if the corresponding

instance-instance correlation value between pth instance and qth instance, i.e.,
Sv
p,q > 1

n−1 , we think these two instances have a higher similarity and we

can use
xv
p+xv

q

2 to generate a new instance and N new instances are generated
and compose of Xv

N . Here, xv
p and xv

q are the pth column and qth column of
Xv−o1. Then for cross-view representation and consensus-view representation,

the results are similar. Then we have Xv
′

=

[
Xv−o1; Xv

N

]
∈ R

dv×(n+N),

Xij
′

=

[
Xij−o1; Xij

N

]
∈ R

dij×(n+N), Xc
′

=

[
Xc−o1; Xc

N

]
∈ R

dc×(n+N).

Then we let Y v
N = W v−o1Xv

N , Y ij
N = W ij−o1X

ij
N , Y c

N = W c−o1Xc
N and we

have Y v
′

=

[
Y v−o1; Y v

N

]
∈ R

cv×(n+N), Y ij
′

=

[
Y ij−o1; Y

ij
N

]
∈ R

cij×(n+N),

Y c
′

=

[
Y c−o1; Y c

N

]
∈ R

cc×(n+N).

Now the data set has been enhanced.

3.9 The second update of the data set

Once we enhanced the data set, its correlations and information should be
updated again.

First, we update the Sv−o1, Sij−o1, Sc−o1. The dimension of these three
matrices are (n+N)× (n+N) and each element in these matrices are decided
by the Eular distance between two instances and the matrices are normalized.

Second, we update the matrices by the above section 3.7 and we can get
optimal results which are represented by τω−o2 where τ ∈ {X,Y, P,Q,W, S}
and ω ∈ {v, ij, c}.

After that, we can get the newest recovered and enhanced data sets are

below. Xv
′′

= Xv
′

Svo−2, Y v
′′

= Y v
′

Svo−2. For the cross-view and consensus-
view representations, the results are similar.

3.10 The computational cost of IMVML-U

According to the above contents, the computations of the correlations deter-
mine the computational cost of IMVML-U. Then with the computation of
these correlations on the basis of Table 1, it is found the maximum compu-
tational cost for a correlation is DO(Cn2) where C and D are two constants
and this causes the total computational cost of IMVML-U is less than
NDO(Cn2) where N is the number of correlations. Compared with some exist-
ing algorithms [34, 35, 36, 37] whose computational costs are O(n3)-levels, the
computational cost of IMVML-U is much smaller.
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Table 2 Summarized information of used data sets where ALPI indicates Avg. label per
instance .

data sets instances-labels-views-ALPI
Corel5k 4999-260-6-3.396
Espgame 20770-268-6-4.686
IAPRTC12 19627-291-6-5.719
Mirflickr 25000-38-6-4.716
Pascal07 9963-20-6-1.465

4 Experiments

4.1 Experimental settings

Data setting: we refer to [7] and adopt 5 MVML data sets for
experiments (see Table 2). Here, Corel5k can be downloaded from
http://archive.ics.uci.edu/ml/datasets/Corel+Image+Features, Espgame can
be downloaded from https://www.kaggle.com/datasets/parhamsalar/espgame,
IAPRTC12 can be downloaded from https://www.imageclef.org/photodata,
Mirflickr can be downloaded from https://press.liacs.nl/mirflickr/, Pascal07
can be downloaded from http://host.robots.ox.ac.uk/pascal/VOC/.

Compared algorithms: in order to validate the performance of IMVML-U,
we adopt 3 classical MVML algorithms for comparisons. They are NAIM3L
[8], iMVMAL [14], and DD-IMvMLC-net [7].

Parameter setting: for NAIM3L, iMVMAL, and DD-IMvMLC-net, their
optimal parameter values can be selected according to the corresponding ref-
erences. For IMVML-U, the elements in any variable A ∈ Θ where Θ =
{Sv, P v, Qv,W v, Sij , P ij , Qij ,W ij , Sc, P c, Qc,W c} are initialized in equiparti-
tion and updated according to subsection 3.7. For penalty parameters ηs, their
optimal parameter values can be selected from the set {0.1, 0.2, ..., 0.8, 0.9}.
Moreover, in order to get the incomplete setting, we remove 50% features and
50% labels in random.

Evaluation: for convenience, we adopt training time, AUC (adapted area
under curve) and AP (average precision) as the main metrics for experimental
comparisons.

How to select the optimal parameters: In order to select the optimal param-
eter values for IMVML-U, avoid over-fitting in model selection, and ensure
the authenticity of experimental results, we refer to the strategy given in
[33] and for each data set, 70% instances are selected for training and val-
idation and the rest are selected for testing. Then according to the results
about AUC, the optimal parameter values can be selected with ten-fold cross-
validation. The operations to select optimal parameters are repeated for five
times independently and the average performances and the corresponding
standard deviations of algorithms on the used data sets are also reported.

Experimental environment: in our study, we select RedHat Linux Enter-
prise 9.0 as the operation system and the coding environment is MATLAB
2022b.
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4.2 Performance and efficiency study

Here, we use Fig. 1 to demonstrate the AUC, precision, and corresponding
standard deviations of all algorithms on all data sets. Then Fig. 2 demonstrates
the training time comparison results. Moreover, Fig. 3 demonstrates the con-
vergence of IMVML-U on all used data sets. In this figure, top sub-figures show
the convergence curve and the bottom sub-figures report the iteration index1.

According to these figures, it can be found that in terms of AUC and pre-
cision, although the performance of IMVML-U is not the best stable, it still
outperforms the other algorithms in most cases with a relatively low train-
ing time kept. Moreover, although there are many terms are considered in
the model of IMVML-U, it can get a convergence within 30 iterations in our
experiments.
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Fig. 1 AUC, precision, and corresponding standard deviation (std.) comparisons.

4.3 Statistical analysis

To validate the effectiveness of the IMVML-U further, we adopt Friedman-
Nemenyi statistical test [38] for statistical analysis and check if the differences
between IMVML-U and other compared algorithms are significant or not. Here,
for convenience, we use AUC and precision for statement.

(1) According to the AUC results, we demonstrate the average ranks
of all used algorithms, rank differences between IMVML-U and others, and
corresponding statistical values (see Fig. 4-(a) and Fig. 4-(b)).

Then refer to [38], (i) we carry out Friedman test at first. Since we
adopt 5 data sets and 4 algorithms (i.e., N = 5 and k = 4) for experi-
ments, then we can get Friedman statistic as follows. χ2

F = 12×N
k(k+1) [1.0000

2 +

3.60002 + 3.00002 + 2.40002 − k(k+1)2

4 ] = 11.16, FF =
(N−1)χ2

F

N(k−1)−χ2

F

= 11.625,

1Iteration index stands for the index when the changes of normalized objective value is smaller
than 0.01.
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Fig. 2 Training time and the corresponding standard deviation (std.) comparisons.
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Fig. 3 Convergence of IMVML-U on the used data sets and the objective value has been
normalized.
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Fig. 4 Statistical analysis for IMVML-U in terms of AUC and precision.

F0.05(k−1, (k−1)(N−1)) = F0.05(3, 12) = 3.4903, and F0.10(k−1, (k−1)(N−
1)) = F0.10(3, 12) = 2.6055. Since FF > F0.05(3, 12) and FF > F0.10(3, 12),
so we reject the null-hypothesis and draw a conclusion that the differences
between all compared algorithms on multiple data sets are significant. (ii)
Then we carry out Nemenyi test for pairwise comparisons. Since N = 5 and
k = 4, thus critical value at q0.05 is 2.5690 and corresponding critical dif-

ference (CD) is CD0.05 = q0.05

√
k·(k+1)

6·N = 2.0976 while the one at q0.10 is

2.2910 and corresponding CD is CD0.10 = q0.10

√
k·(k+1)

6·N = 1.8706. Since

under the case of CD0.05 and CD0.10, rank differences between IMVML-U and
NAIM3L are larger than CD0.05 and CD0.10, so we say on this case, the perfor-
mance of IMVML-U is significant better than NAIM3L. Similar, IMVML-U
is significant better than iMVMAL when α = 0.10.

(2) Similarly, Fig. 4-(c) and Fig. 4-(d) demonstrates the statistical anal-
ysis about IMVML-U on the precision. According to this figure, in terms of
precision, our IMVML-U is significant better than NAIM3L.

5 Conclusions and future work

To process multi-view multi-label data sets more effectively, this study develops
an incomplete multi-view multi-label learning with Universum (IMVML-U).
Different from state-of-the-art algorithms, the IMVML-U considers correla-
tions among different instances, features, labels in consensus-view, within-view,
and cross-view representations and explores the laws of self-adaptive change
for these correlations. Moreover, the developed algorithm can process incom-
plete MVML data well with a ‘within-consensus-cross’-based individual-
and mutual- balance model introduced. Experiments completed on several
benchmark data sets demonstrate the superiority of IMVML-U over related
competitive ones.
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With the complexity of tasks and the arrival of big data era, traditional
sampling equipments have no ability to capture data information in real time
and this leads to an online study problem which also affect the performances
of IMVML-U. Thus, in the future, we plan to design a new algorithm on the
basis of IMVML-U to solve these online study problems.
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