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Abstract

Multi-view multi-label feature selection aims to select infor-
mative features where the data are collected from multiple
sources with multiple interdependent class labels. For fully
exploiting multi-view information, most prior works mainly
focus on the common part in the ideal circumstance. How-
ever, the inconsistent part hidden in each view, including
noises and specific elements, may affect the quality of map-
ping between labels and feature representations. Meanwhile,
ignoring the specific part might lead to a suboptimal result,
as each label is supposed to possess specific characteristics
of its own. To deal with the double problems in multi-view
multi-label feature selection, we propose a unified loss func-
tion which is a totally splitting structure for observed labels
as hybrid labels that is, common labels, view-to-all specific
labels and noisy labels, and the view-to-all specific labels fur-
ther splits into several specific labels of each view. The pro-
posed method simultaneously considers the consistency and
complementarity of different views. Through exploring the
feature weights of hybrid labels, the mapping relationships
between labels and features can be established sequentially
based on their attributes. Additionally, the interrelatedness
among hybrid labels is also investigated and injected into the
function. Specific to the specific labels of each view, we con-
struct the novel regularization paradigm incorporating logic
operations. Finally, the convergence of the result is proved af-
ter applying the multiplicative update rules. Experiments on
six datasets demonstrate the effectiveness and superiority of
our method compared with the state-of-the-art methods.

Introduction

Multi-view multi-label learning has attracted much attention
with the rapid growth of the data source (Fu et al. 2022; Liu
et al. 2023b). It is an extension of multi-label learning from
a single view to many views (at least two views). From the
perspective of information completeness, multi-view multi-
label learning possesses advantages due to its rich semantic
content. However, the explosive data brings more noisy, ir-
relevant and redundant features (Luo et al. 2017; Chang and
Yang 2016). Thus, the task about how to explore the infor-
mative features is still urgent in the field of multi-view multi-
label learning (MVML), namely multi-view multi-label fea-
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Figure 1: An illustration to describe the multi-view multi-
label problem. The webpage can be represented from differ-
ent views such as video, text and audio. The red one repre-
sents the noisy label and the green one is owned by all views.

ture selection, which makes the model cost-effective and
provides accurate data representation (Lin et al. 2022; Cui
et al. 2021).

Currently, the basic assumption in traditional MVML
methods is that the relevant label of each instance has been
annotated precisely (Zhu, Li, and Zhang 2015). Rather than
the ideal circumstance, the noises actually exist among an-
notations for labels. Meanwhile, the fact is that the label of
each view is not completely identical in real-world scenar-
ios. As an illustration, a webpage may contain three distinct
types of views, comprising video, text, and audio, together
with several labels provided by annotators. For instance, the
music style can be roughly labeled as “Pop”, which should
in fact be labeled as “JAZZ”. While “tranquility” is a shared
label among all three types of views, “guitar” is exclusively
relevant to the audio view and is not applicable to the video
or text views.

Distinct from unsupervised learning, accurately incorpo-
rating labeled data into the learning process remains a funda-
mental challenge in the context of multi-view multi-learning
problem. Existing methods aim to refrain from imposing
the basic assumption while simultaneously addressing the
issue of the label noise. The consistency part is effectively
acquired through dimension reduction to the label matrix
(Zhang et al. 2020b), or considers the relation between la-
bels to filter the noises (Liu et al. 2023a). Consequently, the
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complementary information across views is not given much
consideration, and the extension of the method to encom-
pass non-aligned views is restricted. Thus, the view-specific
label is defined and denotes explicitly that the insufficient
consideration of the relationship between the features and
labels of each view leads to the unideal learning effect (Zhu
et al. 2020; Zhao et al. 2022a). Regrettably, due to the exist-
ing relationship between view-specific labels and observed
labels, the dimension reduction for view-specific labels is
not enough for the direction of filtering noises. The feature
weight is further influenced by the ‘FP’ or ‘FN’ relationship
between labels and features. The ‘FP’ relationship means
that the noises still exist, and ‘FN’ means that the ground-
truth label is filtered by mistake. Thus, the derivation dis-
turbs the order of features. How to identify noises in the la-
bel matrix from the scenario with more dimensions which
has complex relationships is still a challenging problem.

Therefore, this paper attempts to approach the issue of la-
bel noise in multi-view multi-label feature selection from a
different perspective, and then to identify the common and
specific labels of each view simultaneously. Drawing on the
analysis presented above, it is evident that the difficulty in
identifying noise lies in the fact that it lacks a precisely de-
fined interpretation. Therefore, the resolution approach com-
monly employed is to utilize the principle of “more is better
than less”, whereby the minority is treated as noise, i.e., the
low-rank technique (Yu et al. 2018; Jian et al. 2016), the fil-
tering rule based on the order of the correlation level (Gong,
Yuan, and Bao 2021; Gonzalez-Lépez, Ventura, and Cano
2019). In fact, the noises can be generated by establishing
a constant relationship with the observed variables from an-
other perspective. On this basis, we propose a method named
Double-layer Hybrid-Label Identification (DHLI) regard-
less of noise pattern to improve the feature selection proce-
dure in the multi-view multi-label scenario. According to the
various object-oriented approaches, the type of labels is di-
vided into two layers, while establishing connections among
intra-layer and inter-layer separately. Compared with exist-
ing methods, the method DHLI we propose in this paper has
the following main contributions:

* The method DHLI provides a novel splitting structure of
the observed label, which has the potential to avoid the
noises and preserve the common and complementary in-
formation;

* We devise a novel regularization paradigm incorporat-
ing logic operations to constrain the learning direction
of variables in the optimization process, and the mul-
tiplicative update rules act on the optimization process
with proven convergence;

* We conduct extensive experiments on six datasets, and
the results demonstrate the efficiency and excellent per-
formance of the proposed method.

Related Work
Multi-Label Feature Selection

Different from the single label, one instance is assigned a
set of proper labels to explicitly express multiple semantic
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meanings (Zhang et al. 2020a). Thus, it is essential to facil-
itate the learning process by exploiting correlations among
labels (Zhang and Zhou 2013). According to the degree of
label correlation exploitation (Zhang and Zhang 2010), the
multi-label feature selection can be divided into three strate-
gies. The first-order strategy (Lee and Kim 2015, 2017; Lin
et al. 2015) uses the accumulated mutual information be-
tween candidate features and each label, without consider-
ing the label correlation. The second-order strategy focuses
on the relationship between pair of labels. One of the related
techniques usually adopts information theory to measure the
dependency between labels and features (Zhang, Liu, and
Gao 2019; Lim and Kim 2020) or to compute the label
weight for each label prior to linear weighted sum method
(Xiong et al. 2021; Qian et al. 2022). Other techniques such
as manifold learning (Zhang et al. 2020a) are to preserve the
similarity of the structure between two matrices. Similarly,
the label correlation could also be calculated by heat kernel
(Zhang et al. 2019) or hamming distance (Lin et al. 2021).
Unfortunately, the complex relationships among labels of-
ten appear in the real world (Eswaran, Kumar, and Faloutsos
2020).

Thus, to excavate more effective information and remove
unnecessary dependency relationships, the high-order strat-
egy is taken into the relationship among labels. Sparse learn-
ing (Jian et al. 2016; Huang et al. 2016; Fan et al. 2021) and
causal mechanism (Wu et al. 2020; Yu et al. 2021) are the
prevalent approaches in high-order strategies. Along with it
comes the consideration of data relations as dimensional-
ity increases from single view to multi-view, the methods
employed for multi-label data are not directly applicable to
multi-view scenarios.

Multi-View Multi-Label Learning

Multi-view multi-label learning has drawn extensive re-
search enthusiasm in recent years. Some methods concen-
trate on learning the shared components among all views
(Liu et al. 2015; Luo et al. 2013; Yin and Zhang 2023). A
subsequent work design variables of different views to ex-
plore more complementary information (Zhang et al. 2018;
Wu et al. 2019; Lyu et al. 2022; Tan et al. 2019). Actually,
the challenges for MVML inevitably occur in the cases such
as missing labels, incomplete views and non-aligned views.
However, the third case is always ignored or hard to deal
with (Li and Chen 2021). To overcome this challenge, some
recent works (Zhao et al. 2022a,b) find the importance of
the information for view specific and propose to learn a new
variable named view-specific labels, which means each view
has an individual label matrix including the common part.

Despite the inclusion of finer-grained hierarchical label
structures in these methods, there has been a lack of research
examining the interrelations between labels. This is particu-
larly relevant given the noise challenges that can arise both
across and within different hierarchical levels. To fill the
gap, this paper attempts to explore more complex relation-
ships to build a robust mapping between label and feature
representation in multi-view multi-label learning.
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The Proposed Method
Problem Settings
Unless otherwise stated, the main notations used in this

paper are listed as follows. Suppose X {X @
is d- dlmensmnal feature vector and contams 1% dlfferent
views, and X € RnXd() where x(m) € X is a

d(i)-dimensional feature vector and denotes the m-th in-
stance for i-th view. Also, the Frobenius norm is denoted

d(i) , (i)
- o T

(pq) , and the I ;-norm
is denoted as ||X(Z

2,1 Z \/ Zd( )( (pq))
{()7 1}’)’LXC

represents the label assignments for the corre-
sponding labeled instances, and the j-th label is denoted by

as ‘X(l

Y- If IE:Y)L) is associated with the j-th label, then y(,, ;) is
set 1; otherwise, Y(my) is set O.

Definition 1 (First-layer label correlation) Given a multi-
view multi-label data set, Y, € {0,1}"7¢, Y, € {0,1}"¢
and Y, € {0,1}""¢ denote common labels, specific labels
and noisy labels for all views. The relationship between the
matrices above and the observed label matrix is defined as

follows:
Y=Y.®Y,0Y,, ey

where the OR operation between matrices is denoted by ‘®’,
and the computation is performed on an element-by-element
basis.

Definition 2 (Second-layer label correlation) The speciﬁc

part of each view for label matrix is defined as { (Z)}i: €
0,1} where V is the number of views.
1%
- [y(1)7 (Q)a ) .E )] (2)

Problem Formulation

Following the traditional multi-label feature selection
model, the minimum regression error across the data can be
conducted as:

min || XW =Y ||} + (W), 3
where W € R denotes the feature weight, and the ®(1V)
denotes the regularization paradigm of W to control the
model complexity.

The expansion of Formula (3) into the multi-view multi-
label scenario, the feature weight of each view can be re-
quired by:

miny L [ xOwO -y er), @

W) F
where W e R¥Y*¢ denotes the feature weight of each
view, and the second term continues to aim at all the fea-
tures. Achieving accurate learning of feature weights is de-
pendent on the variable for the label matrix in the first term.
This variable plays a crucial role in shaping the quality of the
mapping between label spaces and feature representations.
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As aforementioned, Definition 1 offers an alternative per-
spective where the inherent noise in the observed label ma-
trix can be filtered out. Meanwhile, this also preserves the
distinct attributes of each view. This entails the division of
feature weights into two distinct types, namely the common
feature weight and the specific feature weight for each view,
and Formula (4) is rewritten for different types of mapping
as:

vV ”X(i)W(w _vy,

min
WO Uy, y, B

+ YL |xOut -y, 5)

S

i + (W) +Q(U),

where W € R¥Y*® denotes the common feature weight
of each view, and U € R¥V*¢ is the specific feature
weight for ¢-th view. The function for the sparsity of the spe-
cific feature weight matrix is defined as Q(U).

Distinct from the characteristics of the “common”, the el-
ement of “specific” is primarily focused on each individual
view. It suggests that Y, is not uniform across views and
instead varies from one view to another. Hence, a specific
label for each view is explicated through Definition 2, and
we utilize the [5 1-norm regularization to generate the group
sparsity (Yuan and Lin 2006). Therefore, the Formula (6)
can be written as:

min
WUy, y("

+ Y Xt - ©)

Leveraging multi-view data can facilitate a more compre-
hensive and precise representation of objects. This under-
scores the significance of identifying the commonality be-
tween views. Thus, we assume that the common part ac-
counts for the majority of the observed label matrix. Then,
we define ‘©’ as a metric to gauge the dissimilarity between
two values appearing in identical locations across matrices.
This metric is formally defined as follows:

s xOw -y

i) 2
+ Wl + 1Ula,: -

L Ypg)  Ye(pa)
0 Ypg) = Ye(pa)

Furthermore, it is worth noting that this symbol can also
be extended to accommodate operations across matrices.
With the assumption of sparse label noise, the /;-norm regu-
larization technique is used to enforce element-wise sparsity
(Efron et al. 2004; Zhu et al. 2013). Consequently, this re-
sults in the formulation of the related Formula as follows:

}I}nln ||YeY||F+ NYolly - ®)

cs n

Y(pa) © Ye(pg) = { @)

The definition of y< 2 pertains to situations where all views
lack a shared label. This represents a significant deviation
from the common component. In an effort to mitigate this
challenge, we introduce a logic-based imposition whereby
elements located in the same position of different views are
constrained.

Z Zyiaq) ® yi?z))q)

p=1g=1

V)

® Ys(pq)

=0, (©))
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where yil&] ) denotes the specific value of ¢-th label for p-th
instance in i-th view. The operation described differs from
the definition of Y,. It is defined with ‘®’ such that if all
elements are 1, the result is 1; otherwise, the resultis 0. As a
consequence, the specific label matrix for each view can be
restricted in the following manner:

2
Gayg )...

YL (10)

I

Another characteristic of ygi) is the existence of a rela-
tionship between ygi) (i =1,2,...,V) and Yj, as stipulated
in Definition 2. Specifically, it can be expressed that if a la-
bel of an instance is marked within y(l) then the label of

that instance should be designated in the same fashion in Y,

(@) .

which in turn constrains the position where y, ° is marked,

in order to resist the y( 9 {0 be zero matrix when Y, isnot a
zero matrix. Drawing upon this description, the Formula can
be expressed as follows:

(2)

®Ys ... (V)

® Yy

(11)

mln ||y

Thus, the overall loss of our method DHLI can be calcu-
lated as:

sV ||X(“W(") v

min _
WO UD Y, Y, Yyt

1% i) i)]]2 2
+ YL X QU =P+ ally e YellE + A1Vl
2 (v
+V(IIW||21+||U||21)+5(|y oy?..oy"|
v 2
Vey? eyl ey ) (12)

where «, 3, v and § are trade-off parameters to keep the
balance of the model. It can be observed from the objective
function in Formula (12) that Y, is confined through two
terms, accounting for the correlation of the first-layer labels
and the indiVidual characteristics of the regularization. Con-

cerning ys , ) the specific label matrix is subject to three con-
straints. These constraints primarily focus on learning spe-
cific label matrices for all views and restrictions based on
their characteristics. This splitting structure of the observed
label matrix facilitates the requirement of pure variables Y.

and "), This, in turn, renders feature weight W* and U")
more precise. Next, we propose a new methodology to trans-
form the logic operations and relax Formula (12) to attain
these variables.

Optimization
First, the objective function is not smooth due to /5 ;-norm
and /;-norm, and we relax the related terms (Nie et al. 2010)
in Formula (12) including [|[W|l,, = 2T+(W"'DW),
1Ullyy = 2Tr(UTEU) and ||V, ]I, = 2Tr(Y, QY,),
where the diagonal matrix d; = 1/(2||[W;ll5), e =
1/(21|U;ll5) and g;; = 1/(2|Y,]). Then, we transform the
Formula (10) as follows:

(2)

Y oy®. oy, (13)

s
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where ‘o’ denotes the Hadamard product. The Formula (13)
represents that the result achieves minima approximately as

a zero matrix, if and only if the same location in Ys )(z =
1,2,...,V) is not all labeled. Thus, Formula (13) is equal
to Formula (10).

Specific to Formula (11), the key point is the same with
the first term in Formula (8). The primary objective is trying
to minimize the disparity between the variable generating
from operations performed on various specific label matri-
ces and the learned specific label matrix for all views. This
variable is defined as Y.,,,:

\4
1 2 14 [
()®yg)~ ®y£)_ tem=zyg)
=1
yten?(ll) yten?(lc) )
Ytem(nl) Ytem(nc)

L Ytem(pg) 2 1

0 Ytem(pg) <1 (14)

s.t. VlspSnvlsqSCytem(pq) = {

Subsequently, we employ the multiplicative update rules
to optimize the objective function, which integrate non-
negative constraint conditions and introduce multipliers to
restrict the variables respectively. The variable Y, could
be replaced according to Definition 1, and we replace the
Frobenius norm as ||Y||§7 Tr(Y'Y). The equivalent
function for Formula (12) can be written as follows:

v
@zZTr

Vi:l
+ Z Tr

=1
+alr[(Y e Y,) (Y e Y) |+ 28Tr(Y, QY,)
+29(Tr(W' DW) + Tr(U” EU))

oyl”...

. . T . .
[(X(”W(” —y) T (xOw® Yc)]

i) 5400 iNT i) 5,(i i
[(XUU()_yg)) (XuU()_yg))]

(2)

1 V 1
+5(Tr[(y() oy )) () oy

.o ysv))}

+Tr[ Yiemo (YooY, 0Y,) (Yine (YooY,

o

- Tr (TYCT) -Tr (aYn ) Tr (Hy(z) ) ,

oY,)]) -Tr (ng(“T) ~Tr
(15)

Where (p (= Rd(i)xc’ ’l//' e Rd(i)xc’ T e RHXC, o€ Ran and

6 € R™. To solve the non-convex problem, we fix other
variables and update the remaining one in each iteration. The
pseudocode is presented in Algorithm 1.

A+aY +6B
Yoo Yeo oy, (16)
Y, « Y, us (17)

" ® BQY, + oY,
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Algorithm 1: Double-layer Hybrid-Label Identification

. env .
Input: Data matrices {X }i—l; Label matrix Y.

Parameter: Parameters «, 3, :y and 0.
Output: Set of selected features.
Initialize Y, Y,,, W®, U® 4,

repeat
. Update the matrix Y, according to Formula (16);
Update the matrix Y;, according to Formula (17);
Update the matrix w® according to Formula (18);
Update the matrix u® according to Formula (19);
Update the matrix yg’) according to Formula (20);

. Update the objective function (15);

9: until Convergence

10: Obtain the ordered feature sequence by calculating
[[{(W + U)o where j = 1,2,3,....d;
return Top ranked features as s-DHLI-f.

1:
2:
3
4:
5:
6
7
8

11:

_ _ @7
W(Z) — W(l) ° — X - Yc - -, (18)
X7 x O 4~ D@y
, , @7, @)
1S I0IN _ X 4 Ys N (19)
X0 xOy) 4 ~pEyH)
(i) 77(4)
i i XVUY +0H
eyl o (20)

(1+0)y? + 6y o FoF

where A = YV XYW B = (Y 0 Y, € Vi), C =

(Y OY.0Vm), F =y oyl? oyl oy oy,
G=yPey?. ey ey eyl ad H =

(Yev,eY.eqG).

Complexity Analysis

The optimization procedure consists of five primary com-
ponents, and for simplicity, we assume that the dimension
for the feature matrix of each view is d. Specifically, when
updating Y, the computation complexity is O(ndc), while
the computation complexity for updating Y,,, W(Z), U™ and

ygi) are O(nc), O(nd’c), O(nd’c) and O(ndc), respec-

tively. As such, the whole training procedure can be con-
servatively approximated as O(ndQC) for each iteration.

Experiments
Experimental Setup

Datasets. Following (Zhu, Li, and Zhang 2015; Zhang
et al. 2020b; Li and Chen 2021), six popular multi-
view multi-label datasets are adopted to facilitate a fair
result comparison with state-of-the-art methods, includ-
ing SCENE, OBJECT, MIRFlickr, Corel5K, IAPRTCI12
and 3Sources. Table 1 illustrates the characteristics of the
datasets in the experiments. The views are identified by
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Figure 2: Eight methods on MIRFlickr in terms of Average
Precision, Coverage, Hamming Loss and Ranking loss.

their individual names, and the number of features associ-
ated with each view are indicated within braces. In situations
where a view is absent, it is denoted by ‘-’. The total num-
ber of samples, features and labels is denoted as n, d and c,
respectively.

Comparing Methods. We implement seven embedded
methods that focus on the feature space, including three
multi-view multi-label learning methods (MSFS (Zhang
et al. 2020b), ELSMML (Liu et al. 2023a) and M2LD (Liu
et al. 2023c)) and four multi-label learning methods (MoRE
(Liu et al. 2022), MRDM (Huang and Wu 2021), CLML (Li
et al. 2022) and SCMFS (Hu et al. 2020)). Furthermore, the
learning model used allowed for the extraction of a matrix
that reflects the significance of each feature.

Evaluation Metrics. On each dataset, five-fold cross-
validation is performed and the mean accuracy, as
well as standard deviation, are reported. The parame-
ters of the regularization paradigm are searched in set
{10_3, 10_2, cey 103}, and four metrics commonly used in
this field are selected to evaluate these methods. i.e., Av-
erage Precision (AP), Coverage, Hamming Loss (HL) and
Ranking Loss (RL). For the first metric, the value is larger
with better performance, and the following three metrics are
opposite. The detailed explanation about the metrics is intro-
duced in (Zhang and Zhou 2013; Gibaja and Ventura 2015).

Experimental Results

Feature Selection Performance. Table 2-3 list the per-
formance results of different methods for varying percent-
age of features, with the range of percentages from one to
twenty. It can be observed that: (1) DHLI achieves a bright
performance, outperforming other methods in most cases,
except that DHLI and ELSMML have the same ranking
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Feature views SCENE OBJECT MIRFlickr Corel5SK IAPRTC12 3Sources
View1(d,) CH(64) CH(64) DH(100) DH(100) DH(100) BBC(1000)
View2(dy) CM(225) CM(225) GIST(512) | DHV3HI(300) | DHV3HI(300) | Reuters(1000)
View3(ds) CORR(144) | CORR(144) | HH(100) GIST(512) GIST(512) Guardian(1000)
Viewd(d,) EDH(73) EDH(73) . HHV3H1(300) | HHV3HI1(300) | -
View5(ds) WT(128) WT(128) - HH(100) HH(100) -
Samples(n) 4400 6047 4053 4999 4999 169
Features(d) 634 634 712 1312 1312 3000
Labels(c) 33 31 38 260 260 6
Table 1: Characteristics of the datasets in our experiments.
Dataset DHLI MSES ELSMML M2LD MoRE MRDM CLML SCMFS
AP 1
SCENE | 0.7951+0.012 0.7887+0.008 0.7801+0.01 0.7792+0.014 0.7877+0.007 0.7929+0.01  0.787+0.008 0.7866+0.008
OBJECT | 0.4845+0.046 0.4626+0.029 0.4632+0.021 0.4531£0.026 0.4719+0.031 0.4595+0.02 0.4748+0.024 0.4557+0.019
MIRFlickr| 0.6635+0.015 0.6417+0.01 0.6587+0.006 0.6436+0.013 0.6322+0.011 0.6407+0.008 0.6442+0.007 0.6471+0.013
Corel5K | 0.23740.009 0.1861+0.007 0.2317+0.005 0.2355+0.008 0.1845+0.023 0.2339+0.011 0.233+0.008 0.1801+0.01
IAPRTC12| 0.1421+0.007 0.1385+0.005 0.1399+0.006 0.137+£0.006 0.1263+0.006  0.14+0.005 0.1352+0.002 0.1301+0.004
3Sources | 0.4534+0.034 0.4252+0.035 0.4378+0.04 0.4368+0.038 - 0.4196+0.041 0.4232+0.046 0.4241+0.044
Coverage |
SCENE | 0.417440.017 0.4271£0.012 0.4569+0.016 0.4416+0.016 0.4295+0.01 0.4252+0.017 0.4308+0.012 0.4318+0.011
OBJECT | 0.297940.026 0.3005+0.027 0.3071+0.017 0.3142+0.03  0.302+0.03  0.309+0.031  0.298+0.02 0.3106+0.016
MIRFlickr| 0.5897+0.013 0.6173+0.013 0.6124+0.011 0.6069+0.009 0.6397+0.01 0.6128+0.017 0.6191+0.015 0.6136+0.021
Corel5K | 0.4832+0.011 0.5085+0.012 0.4898+0.007 0.508+0.008 0.5378+0.012 0.4918+0.021 0.4951+£0.004 0.5357+0.025
TAPRTC12| 0.5091+0.009 0.5098+0.009 0.5094+0.007 0.5131+0.011 0.5877+0.02 0.5097+0.017 0.5149+0.005 0.6264+0.014
3Sources | 0.61814+0.029 0.6602+0.037 0.6181+0.023 0.6397+0.03 - 0.6723+£0.042 0.6727+0.046 0.6716+0.047

Table 2: Experimental results (mean =+ std) in terms of Average Precision and Coverage, where the 1st/2nd best results are

shown in boldface/underline.

jointly for the Coverage metric on the 3Sources dataset. (2)
DHLI achieves superior performance against MSFS, M2LD,
MoRE, CLML and SCMEFS, which seldom rank first or sec-
ond. ELSMML and MRDM perform well and rank first or
second in 41.7% and 29.2% of cases, respectively. This is
because they comply more accurately with the constraint of
the label matrix. (3) In the context of multi-view multi-label
methods, the input matrix of features is typically smaller
compared to that of multi-label methods. As a result, these
methods require relatively less memory space during exper-
imental procedures. Therefore, it is actually beneficial for
dealing with large-scale semantic content. We also illustrate
one dataset for all metrics in Figure 2 to show our perfor-
mance clearly.

Parameter Analysis. In DHLI method, there are four
trade-off parameters «, 3, «v and J that influence the perfor-
mance results. Figure 3 shows how four parameters affect
the Average precision on the OBJECT dataset. The param-
eter is individually tuned while keeping the other parame-
ters fixed, and the grid search is conducted over a prede-
fined range. Initially, the results typically exhibit an incline,
later stabilizing as the number of selected features increases.
Nonetheless, due to divergent parameter configurations, in-
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substantial discrepancies may surface under the same num-
ber of selected features, eliciting unwarranted variance in
results. Hence, we can infer the proposed method relative
stability solely with a substantial number of instances.

Ablation Study. To evaluate the effectiveness for each
part of the objective function, we perform ablation exper-
iments on SCENE, Corel5K and IAPRTC12. The different
functions consisted of partial DHLI, are presented in Table 4
that DHLI-alpha remains the regularization for the assump-
tion of the majority in the common part. DHLI-beta pre-
serves the constraints for the sparsity of the noises in the
label matrix. DHLI-gamma guarantees the sparsity of the
feature matrix on rows, and DHLI-delta ensures the charac-
teristics of specific labels for each view. These findings re-
veal that the removal of any part has been observed to have a
detrimental impact on the results of Average Precision, em-
phasizing the significance of all constituent parts. Notably,
the absence of constraints for outstanding the specific causes
the most significant decrease in performance compared to
other missing parts. Therefore, it can be inferred that the
contribution of each component is indispensable for attain-
ing the best performance of the model.
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Dataset

DHLI

MSEFES

ELSMML

M2LD

MoRE

MRDM

CLML

SCMFS

HL |

SCENE

0.0969+0.006

0.0999+0.005

0.1068+0.004

0.104+0.006

0.1007+0.005

0.0979+0.005

0.101+0.005

0.1003+0.005

OBIJECT

0.0572+0.004

0.0574+0.003

0.0597+0.002

0.0597+0.003

0.0576+0.003

0.0583+0.003

0.0573+0.002

0.0603+0.002

MIRFlickr

0.1808+0.007

0.1944+0.002

0.1901+0.003

0.2029+0.007

0.1931+0.003

0.1946+0.003

0.1917+0.003

0.1901+0.006

Corel5K

0.01379+0.00

0.01381+0.00

0.0138+0.00

0.01465+0.00

0.01381+0.00

0.0138+0.00

0.01382+0.00

0.01427+0.00

IAPRTC12

0.01549+0.00

0.01561+0.00

0.01551+0.00

0.01653+0.00

0.0155+0.00

0.0156+0.00

0.01554+0.00

0.01993+0.00

3Sources

0.231540.015

0.2357+0.017

0.2331+0.013

0.2491+0.025

0.2358+0.017

0.2471+0.018

0.2454+0.017

RL]

SCENE

0.0926+0.008

0.097+0.006

0.1041+0.007

0.1037+0.009

0.0974+0.005

0.0949+0.007

0.098+0.006

0.0985+0.005

OBJECT

0.1642+0.021

0.1648+0.017

0.1756+0.012

0.1791+0.019

0.1661+0.016

0.1744+0.017

0.1658+0.013

0.1777+0.012

MIRFlickr

0.1671+0.009

0.1855+0.006

0.1775+0.004

0.1672+0.008

0.1925+0.006

0.1858+0.007

0.1844+0.006

0.182+0.011

Corel5SK

0.2283+0.007

0.2665+0.009

0.232+0.005

0.2379+0.005

0.2613+0.008

0.2343+0.015

0.2357+0.003

0.263+0.02

IAPRTC12

0.2068+0.011

0.2093+0.006

0.2087+0.006

0.207+0.009

0.2452+0.01

0.2069+0.013

0.2134+0.003

0.2402+0.012

3Sources

0.4761+0.035

0.5253+0.043

0.4875+0.045

0.5045+0.039

0.536+0.051

0.5345+0.055

0.5347+0.053

Table 3: Experimental results (mean + std) in terms of Hamming Loss and Ranking Loss, where the 1st/2nd best results are

shown in boldface/underline.
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Figure 3: Parameter sensitivity studies on the OBJECT
dataset.

Convergence. Figure 4 shows the convergence of LGCM
on OBJECT and MIRFlickr. To facilitate observation of the
oscillation, we set the initial point to approximately one. The
. . . . t t—1 t—1 .
chosen stopping criterion is ’z -z | /27 < e. X-axis
represents the number of iterations, and Y-axis is similar to
the stopping criterion except absolute. It can be seen clearly
that the optimization process converges quickly.

Conclusion

This paper offers a novel investigation into the splitting
structure of observed labels for MVML. It also provides a
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Figure 4: Convergence curves on OBJECT and MIRFlickr.

thorough analysis of the relationship among hybrid labels
in a double layer, which comprehensively considers the at-
tributes of MVML, including the common and view-specific
components. Additionally, a pure mapping between labels
and feature representations is constructed with the aim of ac-
curately determining feature weights. The proposed method,
DHLLI, is demonstrated to outperform other state-of-the-art
approaches via experiments in MVML. As such, this re-
search provides valuable insights that we hope will inspire
further investigation in this direction, and utilize more pow-
erful techniques to increase interpretability of our method.
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