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Background

Partial Multi-label Learning (PML)

Input space Label spaceCandidate label set



Background

Straightforward strategy : Simply treat all the candidate labels as valid ones !

Disambiguation strategy : Recover the ground-truth labeling information 
from candidate labels.

Will be misled by the noisy labels …

Will be hardly held in some challenging scenarios …

① Smoothness assumption ③ Sparsity regularization② Low-rank constraint

Heuristics or Rules



We need a principled manner for disambiguation!

Background

A few attempts

This paper： Regard disambiguation as a task of latent variable inference.

PML-GAN with an instance reconstruction process.

MILI-PML
maximizing the mutual information
between features and identified ground-truth labels

PML-MD with the guidance from an accurately annotated validation set



Method

PARD (Partial multi-label learning with probAbilistic-gRaphical Disambiguation)
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① sample x from the marginal distribution 

② sample y from the ground-truth class posterior distribution

③ obtain its candidate labels s by

Joint probability:



Joint probability:

Due to computational intractability …

Method

To make the optimization tractable, the variational lower bound of the log-likelihood is derived as follows: 

where                    is the introduced variational posterior to approximate the true posterior                   .

What is the variational inference ? 



Preliminaries

Variational Inference (VI)

Transform the posterior inference problem into an optimization problem !

Optimization:

Variational Bayes (VB):



Preliminaries

Variational Inference (VI)

- ELBO (Evidence Lower Bound )



Preliminaries

Variational Inference (VI)

Evidence:

Optimization:

Look back to the optimization objective of this paper：



Method

The variational lower bound of the log-likelihood is derived as follows:



Method

③②①

③ ground-truth class posterior distribution

② variational posterior                   (a.k.a. inference model)

① (a.k.a. generative model)

L(x, s; θ, φ) is the derived variational lower bound as a surrogate loss function of the log-likelihood, 
which can be rewritten as

unfolding the KL-divergence term



Method

Continuous Relaxing with Gumbel-Softmax Trick.



Method

Continuous Relaxing with Gumbel-Softmax Trick.

The Bernoulli variable y is relaxed by the binary Concrete variable c :

where                 and p is the parameter of the multivariate Bernoulli distribution                  . l is a sampling 
from Logistic distribution and τ > 0 is a temperature parameter. 

With the above sampling trick :



Method

Closed-Form Solution of the KL-Divergence Term.

To make it tractable, we exploit mean-field approximation technique and derive a closed-form solution of 
the KL-divergence term as follows

where pyk φ = qφ(yk = 1|x, s) and pyk θ = pθ(yk = 1|x . 



Method

(where pyk φ = qφ(yk = 1|x, s) and pyk θ = pθ(yk = 1|x . )
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