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Abstract

Partial multi-label learning (PML) addresses
weakly-supervised scenarios where each instance
is associated with a candidate label set containing
both ground-truth and noisy labels. Existing PML
methods primarily focus on instance-level features
or pairwise label correlations for disambiguation.
Building on recent insights that exploiting pairwise
label correlations improves disambiguation, we ob-
serve that high-order label correlations provide even
stronger disambiguation evidence in partial settings
because ground-truth labels with high-order corre-
lations frequently co-occur, while noise labels pro-
duce inconsistent combinations that rarely repeat.
To exploit this property, we propose REHC-PML (La-
bel Confidence REcovery with High-order Label
Correlations in Partial Multi-label Learning), which
mines frequent high-order co-occurrences from can-
didate sets to identify global high-order label cor-
relations, selects instance-relevant correlations via
Gumbel-Softmax pruning, and propagates their evi-
dence to constituent labels for confidence recovery.
Self-training iteratively refines pseudo-labels and
trains the classifier. Extensive experiments on both
real-world and UCI datasets demonstrate the effec-
tiveness of REHC-PML.

1 Introduction

Multi-label learning addresses the tasks where each training in-
stance can be associated with multiple class labels [Zhang and
Zhou, 2014; Zhang and Wu, 2015]. Unfortunately, in many
real-world scenarios, it is extremely challenging to annotate
precise supervision due to various reasons such as limitations
in annotator expertise or the uncertainty of crowdsourcing.
Among them, one common scenario is that each instance is an-
notated with a candidate label set containing relevant labels but
also irrelevant ones. To handle this, the emergent task, namely
partial multi-label learning (PML), has recently attracted much
more attention in the community [Xie and Huang, 2018;
Fang and Zhang, 2019; Zhang and Fang, 2021].
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Figure 1: Co-occurrence frequency of ground-truth (GT) v.s. noise
label combinations across different orders.

Recently, many PML methods have been proposed. One
basic problem of PML is how to disambiguate candidate la-
bels while training a multi-label classifier. Roughly, existing
methods can be broadly categorized by their disambiguation
strategies. Some methods treat each label independently and
perform disambiguation by estimating label confidence from
candidate annotations or exploiting structural information in
the feature space [Zhang and Fang, 2021; Xie et al., 2021;
Sun et al., 2019; Yu et al., 2018]. For example, PARTICLE
[Zhang and Fang, 2021] estimates labeling confidence via
iterative label propagation, and PML-MD [Xie et al., 2021]
adaptively learns confidence weights through meta-learning.
More recently, many methods recognize that label correla-
tions are inherent in multi-label data and can provide valu-
able structural signals for disambiguation. For example, GLC
[Sun et al., 2022] captures pairwise label correlations through
low-rank representation and manifold regularization, while
PLAIN [Wang et al., 2023] constructs a label correlation graph
to propagate information across label pairs. These pairwise
correlation-based methods have demonstrated that exploiting
label correlations is valuable for PML disambiguation.

Labels in multi-label data often exhibit joint dependencies
among three or more labels instead of pairwise relationships,
which are referred to as high-order label correlations [Read et
al., 2011; Zhang and Zhang, 2010]. In real-world scenarios,
labels frequently co-occur in semantic groups, such as beach,
ocean, and sunset in image annotation, and such collective
patterns are difficult to capture through pairwise modeling
alone. Moreover, high-order correlations offer distinct ad-
vantages for disambiguation in partial settings. Since noise
labels are introduced randomly, the likelihood of them forming
consistent high-order correlations diminishes rapidly as the
order increases, while ground-truth label correlations main-
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tain stable co-occurrence patterns, resulting in an increasingly
pronounced gap between them. As illustrated in Figure 1, the
relative frequency gap between ground-truth and noise com-
binations becomes more pronounced as the order increases,
confirming that high-order patterns provide stronger disam-
biguation signals than pairwise ones.

In this paper, to exploit this property, we propose REHC-
PML, a novel PML framework that leverages high-order label
correlations for effective disambiguation. The framework op-
erates in two phases. First, we mine frequent co-occurrences
to identify global high-order label correlations. Second, we
perform high-order disambiguation by selecting semantically
relevant correlations and propagating their structural evidence
to constituent labels for confidence refinement. Specifically,
for each instance, we compute semantic alignment between the
instance and each identified correlation, employ differentiable
Gumbel-Softmax [Jang er al., 2017] pruning to select rele-
vant correlations, and broadcast their accumulated evidence
to individual labels. Labels supported by multiple relevant
correlations receive amplified confidence for disambiguation.

In summary, the main contributions are as follows:

* We propose to exploit high-order label correlations for
PML disambiguation by mining frequent co-occurrence
patterns.

* We design a differentiable pruning mechanism to select
instance-relevant correlations and broadcast their struc-
tural evidence to constituent labels for confidence refine-
ment.

» Extensive experiments on both real-world PML and UCI
multi-label datasets demonstrate the effectiveness of the
proposed method.

2 Related Work

In this section, we briefly review the most relevant works
on PML. Existing methods can be broadly categorized into
two main paradigms according to their optimization strategies:
two-stage methods and unified methods.

Two-stage methods decompose the PML problem into
sequential stages of label disambiguation followed by classi-
fier training [Xie and Huang, 2018; Fang and Zhang, 2019;
Zhang and Fang, 2021]. Confidence-based disambiguation
strategies estimate the relevance of each candidate label be-
fore model training. For example, PARTICLE [Zhang and
Fang, 2021] develops a probabilistic model that iteratively
updates label confidences through expectation-maximization.
PML-LRS [Sun et al., 2019] utilizes low-rank and sparse de-
composition to recover ground-truth label matrices from noisy
candidate sets. Other feature-induced methods [Yu et al., 2018;
Xu et al., 2024] leverage instance features to guide disam-
biguation. Meta-learning strategies have also been introduced,
as exemplified by PML-MD [Xie et al., 2021] which adap-
tively estimates confidences using meta-learning techniques.
Other methods comprise multi-subspace representation [Li
et al., 20201, self-representation models [Lyu ef al., 2023],
label distribution recovery [Xu et al., 2020; Xu et al., 2021;
Lyu et al., 2020; Kou et al., 2025], and noisy label identifica-
tion [Xie and Huang, 2021; Lyu et al., 2021].

Unified methods attempt joint optimization to enable mu-
tual reinforcement between confidence estimation and classi-
fier training [Wang et al., 2019; Li and Wang, 2020; Yan et al.,
2021]. Progressive enhancement methods iteratively refine
pseudo-label distributions through alternating optimization
[Xu et al., 2021]. Alternative paradigms include adversarial
training [Yan and Guo, 2021], mutual information maximiza-
tion [Gong et al., 20211, and self-distillation mechanisms [Xu
et al., 2022; Gong et al., 2022]. Recently, methods exploiting
label correlations have gained prominence [Zhao er al., 2022;
Li et al., 2022; Kou et al., 2024]. For example, WPML3CP [Li
et al., 2024] captures label correlations from both measuring
and modeling perspectives by employing Wasserstein distance.
GLC [Sun er al., 2022] integrates global and local label corre-
lation through low-rank representation and label manifold reg-
ularization. Recently, graph-based methods [Chen er al., 2020;
Wang et al., 2023; Hang and Zhang, 2023; He er al., 2019]
have also emerged as effective paradigms, and multi-view
methods [Chen et al., 2020; Wu et al., 2020; Liu et al., 2024;
Wen et al., 2024; Sun et-al., 2021] have been developed to
handle scenarios with multiple feature representations.

Despite considerable progress, existing PML methods pri-
marily focus on pairwise label correlations for disambiguation.
However, we observe that high-order label correlations can
provide even stronger disambiguation evidence in partial set-
tings. Motivated by this, we propose to model high-order
label correlations and design a broadcasting mechanism that
propagates structural evidence from high-order patterns to
individual labels for effective disambiguation.

3 The Proposed Method
In this section, we introduce the proposed REHC-PML method.

Task definition. Formally, given a training set D =
(xi, Si)?zl with features x; € R? and candidate label sets
S; C {1,...,1}, the unobserved ground-truth labels }} C
{1,...,1} satisfy Y C S, for all 5. The objective of partial
multi-label learning is to learn a predictor f : RY — [0,1]!
from D that correctly recovers the labels for unseen instances.

3.1 Overview of REHC-PML

As established in Section 1, high-order label correlations of-
fer superior disambiguation evidence: ground-truth correla-
tions manifest as frequent co-occurrences across candidate
sets, while noise-induced patterns remain sparse. To exploit
this property, we propose REHC-PML. As illustrated in Algo-
rithm 1, the framework operates in two phases. In the first
phase, we mine frequent high-order co-occurrences from can-
didate sets to identify global high-order label correlations. In
the second phase, we adopt a self-training strategy that itera-
tively performs disambiguation and trains the classifier.

3.2 Global High-Order Correlations Construction

In the first phase, we construct a global set K of high-
order label correlations by mining frequent co-occurrence
patterns from candidate sets. The intuition is that when multi-
ple ground-truth labels share correlations, they co-occur fre-
quently across candidate sets, while random noise generates
sporadic combinations. By identifying frequently co-occurring
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labels, we can capture potential high-order label correlations
for disambiguation.

We begin by enumerating all possible label co-occurrences
up to a maximum order py,.x. Given the candidate label set
S; for instance x;, we enumerate all label subsets

]Ci:{ggsi21§|0‘§pmax}7 (l)

where o denotes a potential high-order label correlation and
|o| denotes the number of labels involved (the order of the
correlation [Huang et al., 2017; Zhang and Zhang, 2010]).
Then, we aggregate these correlations across all instances
and compute the global frequency for each unique correlation

freq(o Z I(ec CS;) ()

where [(-) is the indicator function. This frequency measures
how often the label subset o appears across candidate sets.
High frequency indicates that the labels in o consistently co-
occur, suggesting they may share a ground-truth high-order
correlation.

To focus on recurrent co-occurrence patterns and reduce
computational complexity, we retain only the most frequent
label subsets for each order. For each order p € {1,. .., Pmax}>
we select the top- K, label subsets with the highest frequencies.
This filtering step prunes extremely rare correlations while
preserving more frequent ones. The result is a global set of
high-order label correlations

K::{O'la"'ao-M}a (3)

where M = Zp o K, denotes the total number of retained
correlations. Each o; € K represents a high-order label cor-
relation identified through frequent co-occurrence, serving as
potential structural evidence for disambiguation.

3.3 Self-Training with High-Order Propagation

In the second phase, we adopt a self-training strategy to opti-
mize the framework, which iteratively generates pseudo-labels
and trains the classifier on these refined targets. The key chal-
lenge lies in how to generate high-quality pseudo-labels that
effectively distinguish ground-truth labels from noise. To this
end, we design a high-order guided propagation mechanism
that leverages the structural evidence from the global set of
high-order label correlations X to refine label confidence.

High-Order Guided Pseudo-Label Generation

Although the global set /C captures high-order label correla-
tions through frequent co-occurrence patterns, not all corre-
lations in KC are relevant to every instance. We design a high-
order guided propagation mechanism that dynamically selects
instance-relevant correlations and broadcasts their structural
evidence to boost the confidence of constituent labels.

Semantic Relevance Computation. To determine which
correlations o; € K are relevant to a instance x;, we compute
a relevance score measuring their semantic alignment as

_ g(Xi)ThU].

Sij = T7 “4)

Algorithm 1 Training Procedure of REHC-PML

Input: Training set D = {(x4,.5:) }i=1, max order pmax, top-K
thresholds { K, }?™3, self-training probability p, confidence
threshold 6, number of epochs T’

Output Trained classifier f

: // Phase 1: Construct Global High-Order Correlations
for i = 1ton do
Enumerate co-occurrences /C; via Eq.(1)
end for
: Compute frequencies freq(o) for all unique o via Eq.(2)
for p = 1 t0 pmax do
Retain top-K, frequent order-p correlations
: end for
10: Construct global set K = {o1,...,0m}
11: Build membership matrix C € {0, 1}

R e AR D

13: // Phase 2: Self-Training with High-Order Propagation

14: TInitialize classifier f, projection network g, label embeddings E,
auxiliary network A

15: fort =1to T do

16:  for each mini-batch B.C D do

17: Compute correlation representations {h, }fil via Eq.(5)
18: for each (x;,5:) € B do

19: Compute relevance scores {s; ; }]2; via Eq.(4)

20: Generate pruning mask m; via Eq.(6)

21: Compute structural support v; = m;C

22: Refine label confidence {#; x }%_1 via Eq.(8)

23: end for

24: if rand() < p then

25: Generate pseudo-labels Ylk via Eq.(9)

26: Compute loss £ via Eq.(10) with pseudo-labels

27: else

28: Compute loss £ via Eq.(10) with candidate labels only
29: end if

30: Update all parameters via gradient descent on £

31:  end for

32: end for

33: return Trained classifier f

where g(x;) € R% is the instance representation obtained via
a non-linear projection network g : R? — R (implemented
as a multi-layer perceptron) [Bengio et al., 2013], d. denotes
the embedding dimension, and hgj € R is the correlation
representation. The representation of ¢ is computed as a
weighted sum of its constituent label embeddings as

exp fatm(Ek))
Z Zk’ea eXp(fattn(Ek’))Ek )

where E € R'*% is a learnable label embedding matrix and
fan : R% — R is a learned attention function [Vaswani et
al., 2017] that identifies the most representative labels within
each correlation. A high relevance score indicates that the
high-order correlation represented by o; strongly correlates
with the semantic content of the instance.

keco;

Differentiable Correlation Pruning. Based on the rele-
vance scores, we prune irrelevant correlations from /C to de-
rive an instance-specific subset IC; C K. To implement this
pruning in a differentiable manner, we employ the Gumbel-
Softmax relaxation [Jang et al., 2017; Maddison et al., 2017]
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as a learnable gating mechanism. The pruning mask m; €
{0,1}M is generated as

m, ; = STE (c (‘”jeﬂ)) , (6)

where ¢(-) denotes the sigmoid function, €; =
—log(—log(u;)) with u; ~ Uniform(0,1) denotes the
Gumbel noise, 7 > 0 is the temperature parameter, and
STE(+) denotes the Straight-Through Estimator that enables
gradient flow through the discrete sampling. Here m; ; = 1
indicates that correlation o is selected for instance ¢, while
m;; = 0 signifies that the correlation is pruned. This
effectively reduces K to a sparse, instance-adaptive subset of
relevant correlations.

Correlation-to-Label Broadcasting. With the pruning
mask m;, we propagate the retained high-order correlations
to individual labels for confidence refinement. Intuitively, if a
label is contained in multiple retained correlations, it receives
stronger support and is more likely to be a ground-truth la-
bel. To quantify this support, we compute a structural vote
vector v; € R!, where V.1, counts how many retained correla-
tions contain label k, representing the accumulated structural
evidence from high-order label correlations as

v; =m;C, (7

where C € {0, 1}*! is a composition matrix encoding mem-
bership relationships, with C;; = 1if label £ € o, and 0
otherwise.

Then, we use this structural signal to refine the label con-
fidence. Specifically, we combine v; with a base confidence
gfd,;e estimated by an auxiliary network from instance features
as follows

Gk =005 (14 B8-<(vie — 7)), (3)
where 7 controls the activation threshold, and /3 controls the
boosting intensity. This formulation ensures that only labels
supported by sufficient retained combinations (i.e.; v; 1 > 7)
receive meaningful amplification, effectively distinguishing
ground-truth labels from noise.

Classifier Training with Pseudo-Labels
The refined confidence scores are converted to hard pseudo-
labels according to

Yik =L(gik > 0)-1(k € 5;), €))
where 6 is the confidence threshold and I(k € S;) ensures
that the pseudo-labels remain within the candidate set. The
classifier is then trained to align with these refined targets.

The classification loss'L combines consistency with candi-
date labels and alignment with pseudo-labels as

1 n 1
R

1 k=1

A loce (Fxi)i, Vig) |, (10)

where f(x;) denotes the classifier output for label &, and
A balances the two terms. To balance optimization stabil-
ity and computational efficiency, the self-training phase (i.e.,
including the pseudo-label term) is stochastically activated
with probability p at each iteration. The complete training
procedure is summarized in Algorithm 1.

[EBCE(f(Xi)k,H(k‘ €5:))

Dataset n d l #AvgLabels
Real-world PML Datasets
mirflickr 10,433 100 7 1.77
music_emotion 6,833 98 11 2.42
music_style 6,839 98 10 1.44
YeastBP 6,139 6,139 217 5.54
YeastCC 6,139 6,139 50 1.35
YeastMF 6,139 6,139 39 1.01
UCI Multi-label Datasets
bibtex 7,395 1,836 159 2.40
bookmarks 87,856 2,150 208 2.03
bow-train 22,000 100 101 4.29
computers 12,444 34,096 33 1.51
delicious 16,105 500 983 19.02
enron 1,702 1,001 53 3.38
entertainment 2,545 640 21 1.42
nuswide 133,441 500 81 1.87

Table 1: Statistics of benchmark datasets used in experiments. n:
number of instances; d: feature dimensionality; [: number of labels;
#AvgLabels: average number of labels per instance.

4 Experiments

In this section, we conduct comprehensive experiments to
evaluate the effectiveness of the proposed REHC-PML method.

4.1 Experimental Settings

Datasets. We evaluate REHC-PML on six real-world PML
datasets and eight UCI multi-label datasets. The real-
world datasets include mirflickr, music_emotion, music_style,
YeastBP, YeastCC, and YeastMF, which inherently contain can-
didate label annotations from practical scenarios such as image
annotation and biological function prediction. For the UCI
multi-label datasets, we include bibtex, bookmarks, bow-train,
computers, delicious, enron, entertainment, and nuswide. De-
tailed characteristics of all datasets are summarized in Table 1.

To simulate the partial multi-label learning scenario on UCI
datasets, we construct candidate label sets by augmenting the
ground-truth labels with randomly sampled irrelevant labels
following the standard protocol [Zhang and Fang, 2021; Xie
et al., 2021]. Specifically, for each instance x;, we add m% -
lyx|lo irrelevant labels to the ground-truth label set y; to
form the candidate label set S;, where m € {50,100, 150}
controls the noise ratio. All experiments are conducted with
5-fold cross-validation, and we report the mean and standard
deviation across folds.

Baseline Methods. We compare REHC-PML against nine
state-of-the-art PML methods covering both two-stage and uni-
fied paradigms: PARTICLE [Zhang and Fang, 2021], PML-NI
[Xie and Huang, 20211, PML-MD [Xie et al., 2021], GLC
[Sun e al., 2022], PAMB [Liu et al., 2023], PLAIN [Wang
et al., 2023], PARD [Hang and Zhang, 2023], WPML2CP
[Li et al., 2024], and PML-FSMIR [Gao et al., 2025]. For
fair comparison, all baseline methods are implemented using
their publicly available code with recommended hyperparam-
eter settings. Detailed descriptions of baseline methods are
provided in the Appendix A'.
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Datasets REHC-PML  PML-FSMIR ~ WPML"CP PLAIN PARD PAMB GLC PMLMD PMLNI PARTICLE
Average Precision T
mirflickr .868+.006 7704011 .8564.006 .846+.009  .704+.048  .722+£.074  .750£.007  .842+.017  .7914.008 7814.176
music_emotion .657+.005 .6144.005 .6234.004 .658+.008  .559+.006  .640+£.005  .505£.007  .633£.005  .6084.008 .5074.007
music_style 754+.008 .699+.013 .7034.009 7354+.006  .693+.006  .715+.007  .652+.008  .714+£.015  .736%£.008 .6544.003
YeastBP .618+.008 .505+.011 .5524.009 433+.013  .506+.010  .353+.205  .467+.017  .589+.008  .581£.015 .3824.197
YeastCC .860+.004 .791£.005 .8364.007 .8244.008  .833+.004  .653+.134  .791+£.016  .842+.004  .830=£.006 .678+.117
YeastMF 7944.005 .7264.007 7794.009 760£.012  .748+£.006  .636+.111 .703+.005  .785+.003  .765+.009 .671+£.102
Coverage Error |
mirflickr .1964.005 .281£.007 .209+£.004 203+£.005  .284+.014  .2744+.047  .3004+.005  .201+.011 .228+.004 .253£.059
music_emotion .3904.004 4324.006 4054001 387+.005  .444+.007  .407+£.005  .506£.005  .4204.008  .4094.006 .5054.007
music_style .192+.005 .2334.009 .2154.007 209+.003  .219+.004  214£.004  295+£.006  .2134+.010  .2004.005 .2924.008
YeastBP 223+.011 .3404.010 .2814.005 420+.006  311+.014  561+£.193  326£.017  .2314+.005  .2934+.017 4364.153
YeastCC .073+.008 .1314.009 .09+.007 .0884+.004  .0924+.004  .2724.122  .125+.007  .081+£.005  .104+£.003 .2224.098
YeastMF .092+.006 .1414.001 .1044-.009 .0994.006  .1224+.004  .2514+.094  .149+.002  .096£.003  .123+£.008 .2044.080
Hamming Loss |,
mirflickr .149+.003 .1804.004 .1584.004 .164+.005  .252+.025  .224+.034  .181£.003  .1774.009  .1964.004 1774.039
music_emotion .2114.003 .2234.002 .208+.003 22104.003  .3364.005  .220+.002  .256+.004  .217+£.004  .227+£.004 .2564.003
music_style .108+.002 .1194.003 .1254.001 114002 .8294+.006  .1194+.003  .125+£.002  .120+£.005  .113%£.003 .1254.002
YeastBP .0364.001 .041£.001 .031£.001 .043£.001 .0254.002 .048+.021 .0424.001 .0374.001 .037£.001 .047£.021
YeastCC .0374.001 .0404.001 .0234.001 .0394+.001  .026+.001  .042+.016  .040+.001 .0384+.001 .0384.001 .0414.015
YeastMF .039+.006 .0464.001 .0304.002 .037+£.010  .026+.001  .040+£.020  .039£.012  .039£.006 .0334.011 .0394.019
One Error |
mirflickr .134+.008 2444015 .1454.009 187+.018  475+.136 .417+£.101 .2484+.010 - .2324.031 .300+.014 .2554.265
music_emotion .380+.014 4404013 A574.009 388+.017  .563+.007  .407+£.010  .593£.010. 425+.017  .4794.021 .5934+.014
music_style .318+.010 3754+.017 .3924.049 336+.009  .405+£.009  .373£.016  .405£.009 = .3814.024  .3464.012 4054005
YeastBP .663+.016 778+.016 J17+.016 851+£.009  .771£.011  974£.020  .847£.015  .696+.019  .696+.010 .9474.028
YeastCC 757+.019 .8254.014 7774.003 798+.015  .781+.016  .974+.006  .815£.008 = .775+.014  .783%£.007 .9574.028
YeastMF .820+.008 .8934.007 .8384.006 .860+.006  .869+.008  .974+.012 _ 911£.006  .829+.007  .848=+.009 .9594.035
Ranking Loss |

mirflickr .079+.004 .1804.009 .0944.004 .0894.005  .195+.019  .179+.075  .197+£.006  .093+£.013  .121%£.005 1474128
music_emotion 2214.004 .2684.005 .2424.003 2224.005  .287+.006  .234+.002  .362+.006  .244+.007  .246%£.005 .3614.009
music_style 1324.005 172£.012 .155£.008 .149+£.001 1614+.005  .153+.004  .230+£.006  .153+.010  .139+£.005 .231+£.006
YeastBP 1214.004 .1804.006 .1464.002 2174£.006  .169+.006 .391+.121 .198+.011  .1124+.003  .155+.011 .2974.099
YeastCC .051+.005 .0944-.003 .0634.004 .0654.003  .0654+.002  .230+.105  .089+.006  .056£.003  .074+£.003 1744.078
YeastMF .080+.005 .1184.002 .0884.008 .087+.005  .105+£.005  .237+.081 .1324.002  .080+.004  .107+.005 .1864.065

Table 2: Experimental results (mean=std) on real-world PML datasets. The best performance is shown in boldface.

Evaluation Metrics. Following standard practice in multi-
label learning [Zhang and Zhou, 2014; Liu ef al., 20211, we
adopt five widely-used evaluation metrics: Average Precision
(AP), Coverage Error (CE), Hamming Loss (HL), One Er-
ror (OE), and Ranking Loss (RL) [Fiirnkranz et al., 2008].
The symbols 1 and | indicate that larger and smaller values
correspond to better performance, respectively.

4.2 Results on Real-world Datasets

Table 2 presents the experimental results on six real-world
PML datasets. The best performance is highlighted in bold-
face. We observe that REHC-PML consistently achieves supe-
rior or competitive performance across all datasets and eval-
uation metrics. Specifically, REHC-PML achieves the best
Average Precision on five out of six datasets, with notable
improvements on mirflickr, YeastBP, and YeastMF compared
to other baseline methods. The only exception is the mu-
sic_emotion dataset, where PLAIN performs slightly better.
These results indicate that modeling high-order label correla-
tions through frequent co-occurrence mining effectively cap-
tures the inherent structural patterns in candidate label sets,
leading to more accurate label disambiguation. In terms of
ranking-based metrics (i.e., Coverage Error, One Error, and
Ranking Loss), REHC-PML consistently outperforms baseline
methods on most datasets, especially on those with complex
label structures such as YeastBP and YeastCC, demonstrating
the success of the high-order to low-order broadcasting mecha-

nism in label ranking. Regarding Hamming Loss, WPML3CP
achieves competitive results, particularly on the Yeast datasets,
due to its Wasserstein distance-based formulation optimized
for dense label distributions. However, REHC-PML remains
competitive and achieves the best Hamming Loss on mirflickr
and music_style. Additionally, some baseline methods (i.e.,
PARTICLE and PAMB) exhibit high variance across different
datasets, while REHC-PML demonstrates stable performance
with consistently low variance, suggesting that the proposed
high-order correlation-based framework provides robust struc-
tural guidance for label disambiguation.

4.3 Results on UCI Datasets

To further evaluate the robustness of REHC-PML under vary-
ing noise levels, we conduct experiments on UCI multi-label
datasets with noise ratios m € {50,100, 150}. Due to space
constraints, we present representative results for selected
datasets with m = 150 in Table 3. Complete results are
provided in Appendix B'. The selected UCI datasets are par-
ticularly challenging due to their large size or high label di-
mensionality. These characteristics pose significant challenges
for PML methods in terms of both disambiguation accuracy
and computational time. Notably, entries marked with “-” indi-
cate that the corresponding methods failed to produce results

"https://github.com/yuanchaodai/IJCAI2026_REHC-PML._
Appendix
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Datasets REHC-PML  PML-FSMIR ~ WPML®CP  PLAIN PARD PAMB GLC PMLMD  PMLNI  PARTICLE
Average Precision 1
bibtex S13£.009 -500£.009 455£.052  298E£.009 .504%£.016 .149£013  285E£.006 455£.008 .510£.011  .271%.006
bookmarks .489-+.002 - 4204002 2724.003  .4214.003 - 4234002 3454015  .4654.002 -
bow-train 757+.005 .669.004 6794003 7004£.006  .6784.002  .488+.023  .6514.002  .6744.006 .7124.005  .6934.015
computers 748+.004 - 696+.007  .698+.003  .674+.009 - 6574006  .706+.006  .6434.006 -
delicious .399+.003 264-£.004 260-£.003  .2244.005  .2954.002 - .048-£.004 - 357+.001 -
enron .689+.015 6274013 6134005 .6604.019 6814010 471076  .5764.008  .684+.015  .495+£.003  .597+.047
entertainment  .771+.004 - 691£.034  705+£.004  .6924.005 - 607+£.007  706£.007  .618.009 -
nuswide .671+£.001 - 602002 .636£.001 5844002 - 569+.002  .586+.011  .6374.001 -
Coverage Error |
bibtex 181£.005 193£.007 222%.045  355£.020 A57£.009 524£.005 254£.007 201£.006 .255£.005  .483£.005
bookmarks .156+.001 - 169+£.004  311£.003  .1824.009 - 1594001 2354£.004  .1994.001 -
bow-train .185+.005 .198.002 A174£.005  283+.009  .2024.004 5734011 2074.002  249+.018  .2034.005  .2004.015
computers .138+.007 - 1314007 1644004 .116+.004 - 1224003 .128+.004 1864004 -
delicious 5494007 .643+.005 6254.003 7854011  .8184.021 - 9624.004 - .6804.006 -
enron 2774007 2464007 324018 2904.009 2624013 .506+.099  2774£.009  2524.008  433+.016  .3114.041
entertainment  .139+.015 - A38+£.014  .167+.005  .1324.004 - 144,005 .1384.007  .200+.006 -
nuswide 121+.001 - 1424001 .1794£.002  .1664.002 - 1594001 .181£.005  .1524.001 -
Hamming Loss |
bibtex 017£.000 017%£.000 017£.001  022£.000 .014£.000 025£.001  023£.000 .018£.000 .017£.000  .024%.000
bookmarks .013+.000 - 019£.000  .016£.000  .009.000 - 014£.000  .015£.000 .013.000 -
bow-train .034£.000 .040+.000 0374£.000  .0374£.000  .0354.000 .0524.003  .0414£.000  .0394.000. .0374.000  .0394.002
computers .033+.001 - 041£.001  .036£.001 0384000 - .040+.001 .036.001  .0404.001 -
delicious .024.000 .028.000 028+.000  .0294.000 0244000 - .0374.001 s 024.000 -
enron .052+.002 059001 0604000 .055+.002  .048+.001  .0684.008  .063+.001  .054+.001  .075+.001  .063+.008
entertainment  .046+.001 - 060+.005  .054+.002  .058=+.000 - 0734002 055+.001  .0654.002 -
nuswide 10254000 - 027,000 .0254.000  .0234.000 - 0272000 .0274.001  .025+.000 -
One Error |
bibtex 438018 433E.011 518E£.056  647E£.013 4501019 923%.012 729010 509£.013 .399+.012  .749£.019
bookmarks 533+.003 - 560+.002  .760+.004  .607+.003 - 6224003 .685+£.020 5504001 -
bow-train .144:£.006 202-.009 1754003 1714005  .2054+.004 2374029  219+.005  215+.014  .1804+.005  .178+.018
computers .286.004 - 3574£.008  336+£.005 4144015 ] 4104009  338+£.010  .4004.010 -
delicious .303+.002 4454011 4574016 5134013 .399+.011 - 9334006 - 3454006 -
enron 2254.027 314+.025 280+.012 2544023 2274.012 © .640+.159 3004018  2424.027 4484018  .3084.028
entertainment  .273+.006 - 4034057 3574008  415+.005 - 5644010 367+.007 4734011 -
nuswide 562+.003 - 6314003 .585+.001  .6524.002 - 6724003 6414£.023  .5954.000 -
Ranking Loss |
bibtex 106E.004 T10£.005 135£.041  233E£.013 .108£.006 369£.007 .163E£.005 .117£.004 .142£.005  .327%£.002
bookmarks .100£.002 - 1432004 2234.002 .1174.005 - 012,001 .1574.003 124001 -
bow-train 0524.002 0614001 0524.002  .0924.004  .061£.001  245+£.010  .0644.001  .075+.004  .058+£.002  .060+.006
computers .088+.005 - 086£.005 112002 .0754.003 - 079+£.003  .083£.002  .1324.002 -
delicious 113+.002 .149+.002 140£.002  .195+.004 _ .1824.007 - .670+.006 - 1414001 -
enron .098-+.003 .098-.003 1274011 _103+.005 .0944.004 2244043  .109+.006 .0884.003  .2014.005  .116+.016
entertainment  .092+.013 - 100013 .1204.003  .0924.003 - 108+.003  .098+.006  .1544.005 -
nuswide 062-+.001 - 0764000~ .0954.002  .090+.001 - 0874001  .099+.004  .0814.001 -
Table 3: Experimental results (mean=std) on eight UCI PML datasets (m = 150). The best performance is shown in boldface.
Method AP CE HL OE RL Total PMLNI). For the Coverage Error and Ranking Loss, PARD
PML-ESMIR | - 18/0/0 15/0/3 15/3/0 A7/07 —16/1/1 | 81/4/5 achieves slightly better results on computers, while REHC-PML
WPML3CP | 30/0/0  24/0/6  24/2/4 - 30/0/0  27/2/1 | 135/4/11 . . .
PLAIN 200/l 29071 2532 300000 30/0/0 | 143/3/4 excels on most datasets. We attribute this to the relatively small
PARD 30000 20/010~ 11418 29/0/1 217277 | 111/3/36 average label cardinality of these datasets, where pairwise la-
PAMB 150/0 1540 LW0/0 - 150/0  150/0 | 75/0/0 bel correlations may suffice for effective ranking. However, on
GLC 30/0/0  27/1/2. 2910 30/0/0  29/0/1 | 145/2/3 oo .
LMD | 26710 1805 w0 261 1737 | 11008017 datasets with richer label structures such as delicious (19.02
PML-NI 28/1/1° 30/0/0  17/10/3  27/0/3  30/0/0 | 132/11/7 average labels), REHC-PML significantly outperforms PARD,
PARTICLE | 15/0/0  15/0/0  14/1/0  15/0/0 15/0/0 | 74/1/0 confirming the advantage of high-order label correlations for

Table 4: Win/tie/loss counts of pairwise ¢-test between REHC-PML
and each comparing method at 0.05 significance level.

within reasonable time constraints due to their computational
complexity on these large-scale datasets.

From Table 3, we observe that REHC-PML achieves con-
sistently superior performance across all eight datasets. Most
notably, REHC-PML ranks first in Average Precision on all
datasets, with substantial improvements on delicious (+11.8%
over the second-best PMLNI) and bookmarks (+5.2% over

complex PML scenarios.

4.4 Statistical Analysis

To further substantiate the effectiveness of REHC-PML, we
conduct pairwise t-tests between our proposed method and
each baseline across 30 datasets and 5 evaluation metrics (150
pairwise comparisons per baseline). It is worth noting that
incomplete results (denoted as ‘-’ in the experimental tables)
are excluded from the statistical comparisons. Table 4 sum-
marizes the win/tie/loss counts at the 0.05 significance level.
The results demonstrate that REHC-PML achieves statistically
significant improvements in the overwhelming majority of
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Variant (a) (b) (c) mirflickr music_emotion  music_style YeastBP YeastCC YeastMF
I v v 0.846%0.012 0.634+0.008 0.724+0.009  0.608+0.013  0.85140.007  0.788+0.004
II v v 0.85640.007 0.630+0.020 0.752+0.007  0.608+0.006  0.85940.006 0.793£0.005
111 v v 0.853+0.009 0.638+0.015 0.740+0.012  0.60740.007  0.85540.005 0.791£0.007
v v o v v  0.868+0.006 0.657+0.005 0.754+0.008 0.618+-0.008 0.860+0.004 0.794+0.005
Table 5: Ablation study results (Average Precision) on real-world PML datasets.
mirflickr music_emotion —e—music_style (FF = 15025), Hamming Loss (FF = 13680), Ranking
—o—YeastBP  —o—YeastCC —o—YeastMF Loss (Fr = 12.629), and Coverage Error (Fr = 11.171).
g.gg S ——— 8.33 P’fﬂ_ Notably, REHC-PML consistently achieves the best mean rank
0.78 0.78 across all metrics, demonstrating that our proposed high-order
0 54 5 %77 correlation-based framework delivers robust and reliable per-
0.87 0.87 formance improvements over existing PML baselines.
0.86 r/e/e——o_\ 0.86F , o —o—o—o— .
o83 o83 4.5 Ablation Study
0.63 2 3 4 S 0.62 To validate the contribution of different components, we con-
E 0.62 0.61 /\),q,_ duct an ablation study on six real-world PML datasets. Table
2 gg(l) B —eenotm mmm g:gg 5 presents the Average Precision for four variants, where we
E 12 3 4 5 evaluate three key components: (a) high-order label correla-
° g:;g g:;z tion structure, (b) attention-based semantic aggregation, and
?0.74 //r—*__ 05— (c) Gumbel-Softmax structural pruning. The results show
S0BTS¢ that each component contributes to the overall performance.
< 0.66 0.67 Specifically, Variant I leads to the most significant perfor-
g:gi _ g:gg mance degradation, indicating that modeling high-order label
0.63 0.64 correlations is crucial for effective label disambiguation. The
1 2 3 4 5 . . e
0.87 0.88 Gumbel-Softmax structural pruning also contributes positively
0.86 0.87 (Variant IIT), particularly on music_emotion and music_style,
g:gi g:gg demonstrating that differentiable correlation selection effec-
2 » 3 4 5 10° 107 10” 1}(:" 10' 10% 10° tively filters out noisy label co-occurrence patterns. These

Figure 2: Parameter sensitivity analysis of parameters {pmaqz, A} 0n
six real-world PML datasets.

Evaluation metric Fr Critical value
Average Precision  20.920

Coverage Error 11.171

Hamming Loss 13.680 1.955
One Error 15.025

Ranking Loss 12.629

Table 6: Friedman statistics F'z in terms of each evaluation metric and
the critical value at 0.05 significance level (#comparing algorithms
k = 10, #datasets N = 15).

comparisons. Specifically, REHC-PML significantly outper-
forms GLC in 96.7% (145/150) of tests, PLAIN in 95.3%
(143/150) of tests, and PML-NI in 88.0% (132/150) of tests.
Against the state-of-the-art method PML-FSMIR, REHC-PML
wins in 90.0% (81/90) of comparisons.

Furthermore, the Friedman test is used to statistically com-
pare the relative performance among all competing methods.
Table 6 reports the Friedman statistic Fiz in terms of each eval-
uation metric. The results demonstrate that all five Friedman
statistics substantially exceed the critical value of 1.955 at the
0.05 significance level. Average Precision exhibits the highest
discriminative power (Fr = 20.920), followed by One Error

results collectively validate the effectiveness of each proposed
component in the REHC-PML framework.

4.6 Parameter Analysis

We investigate the sensitivity of two key hyperparameters: the
maximum correlation order py,x and the pseudo-label loss
weight A. As shown in Figure 2, the left column demonstrates
that performance generally improves as piax increases from 1
to 3, confirming that modeling high-order label correlations
enhances disambiguation. The right column shows that A
exhibits relatively stable performance across a wide range
(10=2 to 10?), with optimal values typically around A = 1.
This suggests that our method is robust to the balance between
candidate label consistency and pseudo-label alignment.

5 Conclusion

This paper proposes REHC-PML to address the limitation of
existing PML methods that neglect high-order label corre-
lations. By mining high-confidence label combinations and
broadcasting them to constituent labels, our method provides
structural guidance for disambiguation. Experiments on six
real-world and eight UCI datasets demonstrate superior perfor-
mance across multiple metrics, particularly on datasets with
complex label structures. The results validate that high-order
co-occurrence patterns offer more effective disambiguation
than instance-level or pairwise methods. Future work will
explore more effective structural pruning methods and higher-
order optimization techniques.
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