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Background

Partial Multilabel 
Learning (PML)

PML is a recently emerging paradigm of weakly supervised learning aiming to construct 

a multiclass classifier with uncertain data. Specifically, PML attempts to learn the model 

from partially labeled samples: a sample is assigned with a candidate label set, and at 

least one label in the candidate label set is truly related to the sample but the total 

number of truly related labels is unknown [Sun et al., 2019; Yu et al., 2018].



Related work

PML-LC, PML-FP
Two effective methods PML-LC and PML-FP are first proposed by estimating a 

confidence value for each candidate label and training a classifier by optimizing the label 

ranking confidence matrix.

PARTICAL-MAP, 
PARTICAL-VLS

PARTICAL-MAP and PARTICAL-VLS elicit credible labels from the candidate label 

set for model induction.

PML-LFC
PML-LFC estimates the confidence values of relevant labels for each instance using the 

similarity from both the label and feature spaces, and trains the desired predictor with 

the estimated confidence values.

To tackle the mentioned challenge, existing works mainly focus on disambiguation



Motivation

However, the above methods haven’t considered the problem of sparse positive labels 

in the dataset. In order to strengthen the identification ability of positive labels, we 

propose PML-FSMIR.

Our main contributions are:

• We have creatively proposed a method that couples mutual information and sparse 

learning to make use of collective label characteristics. 

• This method breaks free the low-rank assumption commonly used in the past for PML, 

maintaining the dimensions of the sample space and preserving the highdimensional

information within it. 

• Extensive experiments have been conducted on datasets in different fields, and the 

experimental results have demonstrated the superiority of the model.



Method

Mutual information measures the information shared by two random variables—how much 

the uncertainty about random variable Y is reduced by knowing random variable X (or vice 

versa), and is denoted by I(X;Y).

In information theory, entropy is a measure of uncertainty, represented by H. For a random 

variable X:

𝐻 𝑋 = −σ𝑥 𝑝(𝑥) log 𝑝(𝑥)

𝐼 𝑋; 𝑌 = 𝐻 𝑋 + 𝐻 𝑌 − 𝐻(𝑋, 𝑌)

𝐼 𝑋; 𝑌 = σ𝑥,𝑦 𝑝 𝑥, 𝑦 log
𝑝(𝑥,𝑦)

𝑝 𝑥 𝑝(𝑦)

Mutual Information



Method

Label Matrix Reconstruction

Initially, we compute the mutual information between labels and form them into a q-

dimensional square matrix Z:

As mutual information can quantify relationship between two variables and structure of the 

label is more stable and less likely to be influenced by noises in single sample, Then we can 

introduce the label reconstruction matrix T :

The more labels in the candidate label set that are highly associated with it, the greater the 

value.



Method

Reformed Low-rank Assumption

We adpot the reformed low-rank assumption to simultaneously remove noises and avoid 

redundancy and potential issues in low-rank assumption:

Where 𝑈 ∈ 𝑅𝑛×𝑘, 𝑉 ∈ 𝑅𝑘×𝑑 and 𝑊 ∈ 𝑅𝑑×𝑞 represent cluster matrix, cluster weight matrix, 

and feature weight matrix respectively. The dimension of X is preserved, and the goal of 

removing noises is achieved without losing the highdimensional structural information of X. 

In this way, the lowrank assumption is reformed.

To ensure the weight matrix W have the same structure as the original data points. We apply 

a manifold regularization term to W .

Where 𝐿𝑇 = 𝐴 − 𝑍′ is graph laplacian matrix of 𝑇 and 𝐴 is a diagonal matrix. Finally, to 

achieve feature selection, we further add a 𝑙2,1-norm of W.



Method

Relax the 𝑊2,1 into 𝑇𝑟 𝑊 𝑇𝑄 𝑊 where 𝑄 is a diagonal matrix:

The objective function can be rewritten as:

Multiplicative gradient descent strategy is adopted to solve formula, in each iteration, each 

variable is updated while fixing other variables. By taking derivative of Formula based on 

KKT conditions, we have:

Reformed Low-rank Assumption



Method

Weight Matrix Reconstruction

In partial multi-label datasets, positive labels are often more sparse but more important than 

negative labels. To further enhance the predicting ability of selected features of positive 

labels, we design this stage using mutual information matrix Z′ to reconstruct the weight 

matrix.

According to final value of Wi ⋅ 2(𝑖 = 1, … , 𝑑) in a descending order, the top ranked features 

are obtained.
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