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Abstract

Multi-label data often contain high-dimensional
features, outlier instances, and noisy labels, all
of which can lead to the curse of dimensionality
and decreased performance in downstream tasks.
Although numerous data reduction methods have
been developed, existing approaches face two ma-
jor limitations: 1) existing methods typically select
features, instances, or labels independently, with-
out considering how noise or redundancy in one di-
mension may negatively influence the selection of
others; 2) there are very few feature and instance
co-selection methods that commonly assume label
annotations are free of noise, which is seldom true
in practice. To address these issues, we propose Ev-
idential Multi-Label Multi-Dimensional Selection
(EMMS), which jointly performs feature, instance,
and label selection on multi-label data. EMMS in-
troduces a dual projection mechanism with spar-
sity constraints that transforms high-dimensional
data first into a latent space and then into the
label space. Simultaneously, projection residu-
als are explicitly modeled to facilitate the identi-
fication of representative instances, enabling uni-
fied selection across features, instances, and labels.
Moreover, EMMS employs evidence theory to fuse
instance-level and label-level evidence, thereby en-
hancing the reliability of the learned labels and re-
ducing the influence of noisy labels, which in turn
promotes multi-dimensional selection. Extensive
experiments demonstrate that EMMS consistently
outperforms state-of-the-art methods.

1 Introduction

Multi-label data, in which each instance is associated with
multiple labels simultaneously, is prevalent in real-world ap-
plications [Zhang and Zhou, 2006; Lin et al., 2015]. For
example, in image classification tasks, a single image may
simultaneously be labeled as “sky,” “building,” and “per-
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son” [Wang et al., 2016]. Multi-label data is often high-
dimensional, containing redundant or irrelevant features, and
may also include noisy or outlier instances. Furthermore, be-
cause obtaining accurate label annotations for every instance
is expensive and often requires expert knowledge, the result-
ing labels are often subject to noise. These characteristics
can lead to the curse of dimensionality, increase the risk of
overfitting, and ultimately degrade the performance of down-
stream tasks [Lin er al., 2015; Li et al., 2022c]. There-
fore, how to select discriminative features, representative in-
stances, and informative labels from high-dimensional multi-
label data that contains noisy instances and labels has become
an urgent problem in many practical applications.

To address this issue, data reduction techniques for multi-
label data, an important area of research in multi-label learn-
ing, have been extensively investigated from multiple per-
spectives [Zhang er al., 2023; Del Castillo er al., 2021;
Pan et al., 2022]. Depending on the dimension being reduced,
existing approaches for multi-label data can be broadly cat-
egorized into feature selection, instance selection, and la-
bel selection. Multi-label feature selection aims to iden-
tify a subset of informative features from multi-label data
to alleviate the curse of dimensionality [Zhang et al., 2023;
Zhang e al., 2025; Wang et al., 2025], while multi-label in-
stance selection focuses on choosing representative instances
to reduce sample size [Del Castillo ef al., 2021; Ougiaroglou
et al., 2023; Li et al., 2024]. Additionally, label selection
for multi-label data seeks to preserve the most informative
labels, thus reducing label redundancy [Pan er al., 2022;
Nguyen et al., 2024]. Although these methods are effective
when applied to features, samples, or labels individually, they
often need to be combined when dealing with multi-label data
containing high-dimensional features, outlier samples, and
noisy labels. However, such a combined approach tends to
overlook the interactions among these dimensions, which can
ultimately limit overall performance.

In addition to the aforementioned dimension-specific data
reduction methods, there are few multi-label co-selection ap-
proaches that simultaneously select discriminative features
and representative instances from multi-label data, such as
MAVNS [Lin ef al., 2021] and MLVQ-JMR [Li et al., 2023].
Despite the advances made by these co-selection methods,



their effectiveness is fundamentally limited by the assumption
that the observed labels are entirely accurate, which is rarely
the case in practice. In real-world applications, obtaining pre-
cise label annotations for every instance is often costly and
may even be infeasible. As a result, annotators typically pro-
vide label sets that include the ground-truth labels as well as
noisy ones [Xie et al., 2025; Li et al., 2022c]. The presence of
noisy labels can adversely affect the performance of data re-
duction methods. This can be validated by Fig. 1, which com-
pares the performance of our proposed method EMMS with
two combined data reduction approaches SILS and MALS.
SILS integrates three data reduction methods for multi-label
data: feature selection (SPLDG [Zhang et al., 2025]), in-
stance selection (CHC-IS [Del Castillo et al., 2021]), and
label selection (Inf-LS [Pan et al., 2022]). MALS com-
bines a multi-label feature and instance co-selection method
(MAVNS [Lin et al., 2021]) with the same label selection
method Inf-LS. It can be observed that the proposed EMMS
significantly outperforms the combined methods under differ-
ent noisy label ratios. These results demonstrate that simple
combination methods are hardly effective for multi-label data
containing high-dimensional features, outlier instances, and
noisy labels.

To address the aforementioned issues, we propose a novel
multi-label data reduction method called Evidential Multi-
label Multi-dimensional Selection (EMMS) that simultane-
ously selects features, instances, and labels. Specifically,
EMMS introduces a dual projection mechanism with sparsity
constraints that first maps high-dimensional data into a latent
space and then into the label space. Meanwhile, the projec-
tion residuals are explicitly modeled to facilitate the identifi-
cation of representative instances, thereby enabling the joint
selection of features, instances, and labels. Furthermore, we
utilize Dempster—Shafer theory [Dempster, 2008] to assign
belief masses, assessing the reliability of learned labels based
on both instance-level and label-level evidence. These be-
lief masses are then aggregated to refine the learned labels
and mitigate the impact of noisy labels, which in turn leads
to more effective multi-dimensional selection. The overall
framework of the proposed EMMS is illustrated in Fig. 2.
The main contributions of this paper are as follows:

* To the best of our knowledge, this is the first work to
propose and investigate the joint selection of features,
instances, and labels from high-dimensional multi-label
data with noisy instances and labels, thereby advancing
data reduction towards more realistic scenarios.

* An evidence-based label refinement mechanism is pro-
posed that integrates two complementary sources of ev-
idence to enhance the reliability of learned labels and
thereby facilitate multi-dimensional selection.

* An effective alternative optimization algorithm is devel-
oped for the proposed EMMS. Comprehensive experi-
ments demonstrate that EMMS consistently outperforms
state-of-the-art approaches.
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Figure 1: Performance comparison of different data reduction meth-
ods under various noisy label ratios on the Arts dataset, where the
noisy label ratio is defined as the ratio of noisy labels to ground-truth
labels. SILS and MALS are two combined data reduction methods.

2 The Proposed Method

2.1 Notations and Problem Definition

Throughout this paper, matrices and vectors are denoted by
bold uppercase and lowercase letters, respectively. Given a
matrix A € R™*P, its trace and transpose are denoted by
Tr(A) and A”. The Frobenius norm of A is defined as

JAllr = /S0 S0y Jag)
> iz1 2j=1 |aij|, where a;; denotes the (i, j)-th entry of A.
1, « represents an . X ¢ matrix whose entries are all ones.

To clearly define the problem, consider a multi-label
dataset D = {(X,Y)}, where X € R"*? denotes the
feature matrix containing n instances and d features, and
Y e R™*! s the observed label matrix corrupted by noise,
with [ being the number of label classes. In Y, 9i; = 1 indi-
cates that the j-th label is either relevant to instance @;_ or is
a noisy label, whereas y;; = 0 indicates that the j-th label is
irrelevant to x; . This study aims to simultaneously select the
b most informative features, g representative instances, and h
reliable labels from D.

2, and the ¢1-norm as ||A]|; =

2.2 Dual-Projection-based Multi-Dimensional
Selection for Multi-Label Data

Conventional multi-label feature selection methods [Nie et
al., 2010; Lei et al., 2023] typically learn a direct mapping
from features to labels by incorporating a regularization term,
as illustrated below:

min | XW — Y|[3 + (W), ()

where W € R4*! denotes the feature projection matrix and
{2 is the regularization term that controls model complexity.
Despite their effectiveness in simple settings, such formula-
tions face two main limitations in real-world scenarios. First,
data often contain noisy and outlier samples, which can domi-
nate the reconstruction loss and bias the learned projection to-
ward non-representative samples, resulting in unreliable fea-
ture selection. Second, the high cost and subjectivity involved
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Figure 2: The framework of the proposed EMMS.

in obtaining label annotations often result in noisy labels, as
limited resources and subjective judgments can introduce er-
rors into the annotation process. Directly learning from these
labels may introduce misleading supervision signals, distort-
ing the projection matrix learning process and ultimately de-
grading the performance of downstream tasks.

To address the above issues, we propose a unified
multi-dimensional selection framework that introduces a
sparsity-regularized dual projection mechanism to map high-
dimensional features first into a latent space and subsequently
into the label space. In addition, projection residuals are ex-
plicitly modeled to identify representative instances, enabling
the joint selection of features, instances, and labels. This can
be formulated as follows:

1
: PQ" —R-Y|%+M|P|:1+ X||Q
I,m,n,2HX Q 7+ APl + A2l Q11

Y.N
+ As(|1R]l1 + [N ])

st.P,QR,Y,N>0,Y =Y + N,

@)
where P € R?X¢ is the feature projection matrix that maps
the original high-dimensional features into a latent space,
and QT € R°*! serves as a projection from the latent fea-
ture space to the label space. Besides, R is a projection
residual matrix that captures instance-level deviations, while
Y and N denote the learned ground-truth label matrix and
a sparse, non-negative noise matrix, respectively, such that
Y =Y + N. The ¢;-norm regularization terms imposed on
P, Q, R, and N promote sparsity, thereby suppressing ir-
relevant features, non-representative instances, and noisy la-
bels, respectively, within a unified framework. Meanwhile,
A1, A2, and A3 are three regularization parameters. Then,

based on Eq. (2), we can select the top b features, g instances,
and h labels by ranking the row-wise ¢5-norms in P, R, and
@ in descending, ascending, and descending order, respec-
tively. Hence, Eq. (2) utilizes a dual projection mechanism
with sparse regularization to enable the simultaneous selec-
tion of features, instances, and labels.

Furthermore, we integrate two manifold regularization
terms into Eq. (2) to preserve the local neighborhood struc-
tures in both the feature and label spaces, leading to the fol-
lowing formulation:

1
Aan §||XPQT —R Y%+ MIPlh + 2llQlh

), LT,

1 1
+As(|RIL 4[N + 5 Tr(PTLpP) + 5 Te(Y T LxY)

st.P,Q.R,Y, N>0,Y =Y + N,

3)
where Lr = Dp — Sp and Lx = Dx — Sx denote
the Laplacian matrices constructed from the cosine similar-
ity matrices Sp € R%*? and Sy € R" ™ over features
and samples, respectively. The corresponding degree ma-
trices D and Dx have diagonal entries Z;l:l(S r)i; and
2?21 (Sx)ij, respectively. The last two terms in Eq. (3) en-
courage similar features to stay close in the latent space and
correlated instances to share similar labels. This facilitates
the learning of more accurate projections and labels, thereby

enhancing the effectiveness of joint feature, instance, and la-
bel selection [Li et al., 2022a; Braytee et al., 2017].

2.3 Evidence-based Label Refinement

Label manifold regularization encourages neighboring in-
stances to have similar label predictions. However, if an in-



stance is assigned incorrect labels, this constraint can propa-
gate noisy label information to its neighbors, resulting in an
unreliable learned label matrix Y, which in turn reduces per-
formance on downstream tasks.

To address this issue, we incorporate Dempster—Shafer the-
ory (DST) [Denceux, 2019; Li et al., 2022b] to refine the
learned label matrix Y in a reliability-aware manner. By as-
sociating each label assignment with a belief mass and re-
fining unreliable predictions through the fusion of multiple
sources of evidence, our approach provides more reliable su-
pervision for multi-dimensional selection. Specifically, since
each entry in Y corresponds to a binary label, learning Y can
naturally be decomposed into a set of binary label assignment
problems, which allows DST to be applied in a label-wise
manner. Hence, for each label assignment y;;, we define a
binary frame of discernment ©® = {+, —}, where “+” and
“—" denote the hypotheses that the j-th label is relevant or ir-
relevant to the i-th instance, respectively. The corresponding
power set is given by 2¢ = {0, {+},{-}, {+, —}}, where
the universal set {-+, —} represents uncertainty regarding the
current label assignment. Then, a basic probability assign-
ment (BPA) is constructed for each y;;, which allocates belief
masses to the positive, negative, and uncertain hypotheses as
follows:

mii({+1}) = ¢ij - ijs
mi;({—1}) = e - (1 — yij), )
mij(@) =1- Cij,

where m(-) is a mapping from 2° to [0, 1], satisfying m(()) =
Oand ), 56 m(A) = 1. Thus, m(A) represents the belief
mass assigned to the event A, where A € 2°. ¢;; € [0,1]
denotes the confidence in the current label assignment, where
higher confidence concentrates more belief on specific hy-
potheses, while lower confidence results in more mass being
assigned to uncertainty.

To comprehensively assess the confidence of the current la-
bel assignment y;;, we leverage two complementary sources
of evidence derived from instance-level and label-level struc-
tural information, based on the following assumptions. First,
from the instance perspective, if instances similar to the i-th
instance are assigned the j-th label, the assignment of y;; as
positive is considered more reliable. Second, from the label
perspective, if labels correlated with the j-th label also co-
occur in the ¢-th instance, assigning label j is deemed more
credible. Hence, the instance correlations are captured by the
similarity matrix S, while the label correlations Sy € R!*!
are computed as the cosine similarity between label repre-
sentations derived from (). Based on these two sources of
evidence, the confidence for y;; is calculated as follows:

(yij - 655))2
O'( k) )a

where ez(-jl-) = Sx(i,-)y.; and 61(32‘)

et = exp(~ k=12,

= y;.Sy (-, j) denote the

instance-level and label-level evidence, respectively, and o (*)

controls the sensitivity of conﬁdence estimation
Based on the confidence values c (k: = 1,2), two corre-

sponding BPAs m(k) (k=1,2)are constmcted using Eq. (4),

each encoding the belief masses for the positive, negative,
and uncertain hypotheses from different perspectives. These
two BPAs are then fused to aggregate consistent evidence and
normalize conflicting information, using the following com-
bination rules:

mD({+}) = =

(m <”<{+}>m<2><{)+}

= )
m® ((+m® ©) + mP ©)m® ({+}),
md (=) = e (my (=hm (-h+
| m ({(=hHm () + m} (©mZ ({-}),
mil(©) = -mi (©)m (©),

(6)
where m( ) denotes the aggregated belief mass, and C;; is the
conflict coefﬁc1ent between the two evidence sources. Thus,
the aggregated belief mass m( ) provides a rellablhty aware
refinement of the learned label assignment, as given by:

yij =m ({+}) +7-miP (o), (7)

where 7 € [0,1] controls the contribution of uncertainty.
During subsequent optimization, these refined labels are it-
eratively updated, allowing the model to gradually suppress
noisy assignments and strengthen reliable ones, thereby en-
hancing the overall quality of the learned label matrix Y.

3 Optimization and Analyses

Since the objective function in Eq. (3) is non-convex with
respect to all variables, we develop an iterative optimization
algorithm that updates each variable in turn while keeping the
others fixed.

Update P and fix others. With the other variables fixed,
following [Ma and Chow, 2018], the objective function with
respect to P can be rewritten as:

1
gl;%f HXPQT R-Y|%+MTr(1L . P)— 5Tr(PTLFP).
(8)

By differentiating Eq. (8) w.r.t. P, we can obtain the fol-
lowing update rule for P:
(XT(R+Y)Q+ SrP);;
XTXPQ'Q+ Mlgc.+DpP);;

Update Q and fix others. When the other variables are fixed,
optimizing @ in Eq. (3) can be reformulated as follows:

©))

Dij < Dij (

. T 2
oin S [XPQ —R-Y|i+X[Q:. (10

Analogous to the update of P, the update rule for () can
be derived as follows:

(R+Y)"XP);
QP TXTXP+ \lixe)ij
Update R and fix others. After fixing the other variables, R

can be updated by solving the following optimization prob-
lem:

qij <_Qij( (1D

mlanXPQT

_ 2
min > R-Y|2+ R (12)



Algorithm 1 Iterative Algorithm of EMMS

Inputs: Multi-label data D = {(X,Y)}, and parameters ),
)\2 and )\3

1: Initialize P, Q, R, N,and Y.

2: Compute similarity matrices S and Sx.

3: while not converge do
Update P via Eq. (9);
Update Q via Eq. (11);
Update R via Eq. (13);
Update Y via Eq. (15);
Refine Y according to Eq.(7);

9:  Update NN via Eq. (17);

10: end while
Output: The top b features, g instances, and h labels are
jointly selected by ranking the row-wise ¢s-norms of P in
descending order, R in ascending order, and @ in descending
order, respectively.

A A

Taking the derivative of Eq. (12) with respect to R, we
obtain the following update rule for R:

(XPQT),

. 13
(R+Y + \31,1)i5 (13)

Tij < Tij

Update Y and fix others. Following the same approach as
for updating P, we derive the optimization problem for Y as
follows:

min [ XPQT-R-Y[3+Te(Y LxY) (14
Y>0,Y=Y+N

Then, the update rule for Y is given by:

(XPQT 4+ uY + SxY)y;

. 15

Yij <= Yij (

After updating Y according to Eq. (15), its elements are
subsequently refined using Eq. (7).
Update /N and fix others. By fixing the other variables, the
optimization problem for IV is reformulated as follows:

min M| IN ||
N>0,Y=Y+N 3Nl (16)

Using the same approach as for updating P, IN can be
updated according to the following rule:

(1Y) . an
(IU(Y + N) + )\31n><l)ij

Algorithm 1 summarizes the overall optimization proce-
dure of the proposed EMMS. In this algorithm, P, @, R, and
NN are randomly initialized to non-negative matrices, while
Y is initialized to Y.

Complexity and Convergence Analysis. The computational
complexity of Algorithm 1 is mainly due to matrix multiplica-
tion operations. Specifically, updating P and ) each requires
complexity of O(nd?). For updating R, the time complexity
is O(ndc). Updating Y has a complexity of O(ndc + n?l),
and its refinement step takes O(n?l) complexity. The update

Nij < Nij

Datasets Instances Features Labels Card. Dens.
Staexp 3971 842 233 2272 0.010
Corel5k 5000 499 374  3.522 0.009
Arts 5000 462 26 1.636 0.063
Science 5000 743 40 1.451 0.036
Social 5000 1047 39 1.283 0.033
Colokl 13770 500 153 2.859 0.019

Table 1: Dataset description

of IN consists solely of element-wise operations, whose com-
putational cost can be ignored. Therefore, the overall compu-
tational complexity of Algorithm 1 is O(nd(c+d)+n?l). Due
to space limitations, the convergence proof of Algorithm 1 is
provided in the supplementary material'.

4 Experiments
4.1 Experimental Settings

Datasets. We conduct experiments on six real-world multi-
label datasets: Stackex_philosophy? (Staexp), Corel5k>,
Arts®, Science?®, Social®, and Corell6k001? (Col6kl). De-
tails of these datasets are summarized in Table 1, where
“Card.” denotes the average number of labels per instance
and “Dens.” represents the label density of each dataset.
Compared Methods. To evaluate the effectiveness of the
proposed EMMS, we compared it with several state-of-the-
art (SOTA) methods. These include the multi-label triple-
selection method mFILS [Mansouri and Benabdeslem, 20211,
as well as nine combination-based methods for multi-label
data that integrate feature selection, instance selection, and
label selection: SILS (SPLDG [Zhang et al., 2025] with
CHC-IS [Del Castillo et al., 2021] and Inf-LS [Pan et al.,
2022]); NILS (NMMFS [Wang et al., 2025] with CHC-IS and
Inf-LS); PILS (PML-FSLA [Pan et al., 2025] with CHC-IS
and Inf-LS); RILS (ROAD [Zhang et al., 2023] with CHC-
IS and Inf-LS); IFLS (IS-FS [Kusy and Zajdel, 2024] with
Inf-LS); FILS (FS-IS [Kusy and Zajdel, 2024] with Inf-LS);
MILS (MLVQ-JMR [Li et al., 2023] with Inf-LS); s2LS
(sCOs2 [Benabdeslem et al., 2022] with Inf-LS); and MALS
(MAVNS [Lin ef al., 2021] with Inf-LS).

Comparison Schemes. For a fair comparison, all methods
are tuned using grid search, and their best results are re-
ported. The parameters A1, A2, and A3 in our method are se-
lected from {1073,1072,1071, 1,10, 102}, while those for
the compared methods are set as recommended in their re-
spective papers. Since it is challenging to determine the op-
timal number of selected features, instances, and labels [Sib-
lini et al., 2019; Ros and Guillaume, 2019], we set their se-
lection ratios to range from 10% to 50% in increments of
10%. Consistent with previous methods [Sun ef al., 2019;
Xie and Huang, 2021], false-positive labels are randomly in-
troduced for each instance at a rate equal to 50% of the num-
ber of relevant labels to simulate a noisy environment. Fol-

"https://github.com/yangdali706/SupplementaryMaterial
Zhttp://www.uco.es/kdis/mllresources
*http://www.lamda.nju.edu.cn/code_MDDM.ashx



AP (the larger the better)

RL (the smaller the better)

Methods
Staexp Corel5k Arts Science Social Col6kl Staexp CorelS5k Arts Science Social Col6kl
EMMS  0.6056 0.6259 0.9845 0.9313 0.9700 0.7262 0.1306 0.0792 0.0172 0.0579 0.0294 0.1487
mFILS 04878 0.3799 0.8264 0.7650 0.7337 0.3595 0.1926 0.2083 0.2174 0.2354 0.2477 0.3277
s2LS 0.3247 0.3936 0.6709 0.7226 0.7318 0.4155 0.2952 0.1508 0.4374 0.2666 0.2644 0.3178
MALS 03165 0.3970 0.7340 0.6590 0.7384 0.4241 0.2941 0.1493 0.4044 0.3259 0.2638 0.3036
MILS 0.3098 0.3923 0.7024 0.6876 0.7889 0.4104 0.3073 0.1479 0.4088 0.2961 0.2081 0.3088
IFLS 0.3456 0.3774 0.6998 0.7142 0.7681 0.4130 0.2738 0.1564 0.3983 0.2612 0.2311 0.3068
FILS 0.3221 0.2612 0.7168 0.6957 0.8038 0.3922 0.2936 0.2041 0.3705 0.2855 0.1974 0.3222
RILS 0.5004 0.3525 0.6783 0.6415 0.7559 0.4232 0.1507 0.1964 0.4217 0.3521 0.2432 0.2989
SILS 0.3619 0.4030 0.7255 0.6814 0.7777 0.4213 0.2702 0.1456 0.4131 0.3009 0.2286 0.3009
NILS 0.3008 0.3989 0.6948 0.6829 0.7762 0.4156 0.2970 0.1494 0.4051 0.3034 0.2234 0.3048
PILS 0.3258 0.4008 0.7145 0.6803 0.7843 0.4193 0.2810 0.1443 0.3836 0.3126 0.2215 0.3041
Table 2: Performance comparison between EMMS and other methods on six datasets in terms of AP and RL.
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Figure 3: Comparison of different methods on Col6kl dataset
across varying feature selection ratios using five metrics.

lowing [Mansouri and Benabdeslem, 2021], we first apply
the proposed methods to identify the most informative fea-
tures, instances, and labels across all datasets. Each dataset
is then represented using these selected features and labels.
An ML-KNN classifier [Zhang and Zhou, 2007] is trained
on the selected instances and their corresponding labels, and
is subsequently used to predict the labels of the remaining
samples. Five widely used metrics, including Ranking Loss
(RL), Hamming Loss (HL), Average Precision (AP), Macro-
F1 (MaF), and Micro-F1 (MiF), are used to evaluate the re-
sults, with lower HL and RL and higher AP, MaF, and MiF
indicating better performance. Each experiment is repeated
five times, and the average values are reported.

4.2 Experimental Results and Analysis

Performance Comparison. Table 2 presents the perfor-
mance of different methods in terms of AP and RL on six
datasets, with 10% of the instances, features, and labels are
selected. The best results are highlighted in bold, while the
second-best results are underlined. Due to limited space,
the results for MaF, MiF, and HL are included in the sup-
plementary material. As shown in Table 2, EMMS consis-
tently outperforms all other competing methods across all
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Figure 4: Comparison of different methods on Col6kl dataset
across varying instance selection ratios using five metrics.
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Figure 5: Comparison of different methods on Col6kl dataset
across varying label selection ratios using five metrics.

datasets. EMMS achieves more than a 20% improvement
in AP over the second-best method on CorelSk and Col6kl
datasets, and at least a 10% improvement on the remaining
datasets. Additionally, EMMS reduces RL by more than 15%



Methods Staexp CorelSk Arts Science Social Col6kl

Methods beach mountain fall foliage field sunset urban

EMMS 0.6056 0.6259 0.9845 0.9313 0.9700 0.7262
EMMS-I 0.5192 0.3519 0.7448 0.9031 0.8845 0.4430
EMMS-II 0.2366 0.2308 0.7590 0.6436 0.8387 0.2859

Table 3: Ablation results of EMMS on six datasets in terms of AP.

on Arts, Science, Social, and Col6k1 datasets compared to
the second-best methods. Furthermore, supplementary re-
sults from the Friedman and Nemenyi post-hoc tests demon-
strate that EMMS significantly outperforms other methods.

Furthermore, to provide a comprehensive evaluation of
EMMS, we also present the results for all methods across all
datasets using five metrics, with varying ratios of feature, in-
stance, and label selection. Figs. 3, 4, and 5 show the results
for the Col6k1 dataset with different feature selection ratios
(FSR), instance selection ratios (ISR), and label selection ra-
tios (LSR), respectively. The results for the other five datasets
are available in the supplementary material. As illustrated
in these figures, the proposed EMMS outperforms the other
methods in most cases. The superior performance of EMMS
can be attributed to the joint selection of features, instances,
and labels, combined with evidence-based label refinement,
as these components mutually reinforce each other.
Ablation Study. We conduct an ablation study to evaluate
the contributions of the key modules in EMMS. Table 3 re-
ports the AP results, where EMMS-I and EMMS-II are the
variants without the evidence-based label refinement module
and the manifold learning module, respectively. As shown
in Table 3, EMMS outperforms both variants, confirming the
effectiveness of the two modules.

The label set

beach

mountain
fall foliage
field

Figure 6: An image from the Scene dataset includes six candidate
labels: “beach”, “mountain”, “fall foliage”, “field”, “sunset”, and
“urban”. In this image, “beach” and “mountain” are ground-truth
labels, while “fall foliage” and “field” are noisy labels.

Case Study. We conduct an experiment on the Scene
dataset [Boutell ef al., 2004] with noisy labels to evaluate
EMMS’s ability to identify relevant labels. Fig. 6 shows an
image from the Scene dataset, featuring two ground-truth la-
bels (green) and two noisy labels (red). Table 4 presents
the label selection results for different methods. As shown,
EMMS identifies relevant labels more accurately than other
methods, which tend to select noisy or irrelevant labels. This
demonstrates the effectiveness of EMMS in handling multi-
label data with noisy labels.

Parameter Sensitivity and Convergence Analysis. The
proposed EMMS includes three tuning parameters, namely
A1, A9, and A3. Fig. 7 illustrates the sensitivity of the AP
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Table 4: Selected labels by different methods.
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Figure 7: AP of EMMS with varying parameters A1, A2, and A3 on
Science dataset.
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Figure 8: Convergence curves of EMMS on Staexp, Arts, and
Col6k1 datasets.

metric on Science dataset under different parameters, show-
ing that the performance of EMMS is relatively stable with re-
spect to A1 and A3, and generally performs better with smaller
values of 2. Additionally, Fig. 8 presents the convergence
curves of EMMS on Staexp, Arts, and Col6k1 datasets. As
shown in the figure, EMMS decreases rapidly during the ini-
tial iterations and stabilizes after about 10 iterations.

5 Conclusion

In this paper, we propose a novel multi-label data reduction
method called EMMS to simultaneously select features, in-
stances, and labels from high-dimensional multi-label data
with noisy labels. Unlike existing approaches that treat fea-
ture, sample, and label selection separately, we integrate them
into a unified framework through a dual projection mecha-
nism with sparsity constraints. Meanwhile, we employ an
evidence-based label refinement module to improve the re-
liability of learned labels and reduce the influence of noisy
labels, thereby enhancing the effectiveness of joint selection.
Extensive experiments demonstrate the superiority of EMMS
compared to SOTA methods.
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