
<Weishi Shi>
<College of Computing and Information Sciences, 
Rochester Institute of Technology>
Email: ws7586@rit.edu
Website:https://pht180.rit.edu/mining/

Active learning for multi-label 
classification poses fundamental 
challenges given the complex label 
correlations and a potentially large and 
sparse label space.

We propose a novel CS-BPCA process that 
integrates compressed sensing and 
Bayesian principal component analysis to 
perform a two-level label transformation, 
resulting in an optimally compressed 
continuous target space. Besides 
leveraging correlation and sparsity of a 
large label space for effective compression, 
an optimal compressing rate and the 
relative importance of the resultant targets 
are automatically determined through 
Bayesian inference. Furthermore, the 
orthogonality of the transformed space 
completely decouples the correlations 
among targets, which significantly simplifies 
multi-label sampling in the target space. 
We define a novel sampling function that 
leverages  a multi-output  Gaussian  
Process  (MOGP). Gradient-free 
optimization strategies are developed to 
achieve fast online hyperparameter 
learning and model retraining for active 
learning.

Experimental results over multiple 
real-world datasets and comparison with 
competitive multi-label active learning 
models demonstrate the effectiveness of 
the proposed framework. 
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Gradient-free Hyper-parameter Optimization:
● Bayesian Optimization (B-OPT):

○ Uses expected improvement as a cheap surrogate of 
the likelihood to search the optimal parameter.

○ Needs to define a grid search space.
● Simplex Optimization (S-OPT):

○ Explores the search space by evolving (expanding, 
reflecting, or contracting) a simplex.

○ Automatically explores the search space. 
● Fast Kernel Re-estimation:

We separate two blocks of computation that are 
invariant to target parameters and partially update the 
kernel matrix:

● Compared with Gradient Based Optimization:

Performance Comparison:
● Type I models: Perform active learning in a 

compressed label space (CS-MIML, CS-BR, 
CS-RR).

● Type II models: Perform active learning in the 
original label space (MMC, Adaptive).

Rare Label Detection:

Efficiency of Gradient-free Optimizations:
CS-BPCA Label Space Transformation:
We propose a principled two-level label 
transformation strategy that enables multi-label 
active learning to be performed in an optimally 
compressed target space. 
● Compressed Sensing (CS) Transformation:

Converts discrete label space to a continuous,   
compact target space.

● Bayesian Principal Component Analysis (BPCA)     
Transformation:

Converts the previous target space to a 
weighted and orthogonal target space.

Multi-output Gaussian Process (MOGP) based 
data sampling:
● Entropy is used to quantify the informativeness 

(uncertainty) of the unlabeled data sample. 
● Precisely capture the covariance structure of the 

input data with flexible kernel function:

● Additional benefits from CS-BPCA target space:
○ Continuous: Consistent with the MOGP 

assumption.
○ Compact: Compress rate automatically 

determined through non-parametric Bayesian.
○ Weighted: Incorporate the significance of each 

target in the sampling function.
○ Orthogonal: Decouple the label correlation.

● We propose a two-level CS-BPCA process to 
produce a compressed and orthogonal target 
space to support multi-label data sampling.

● We propose an MOGP based active learning 
sampling function that captures the covariance 
structure of the input data.

● We propose gradient-free hyper-parameter 
optimization to enable fast online active learning.

Multi-label Classification (ML-C) Problems:
● Aim to learn a model that assigns set of relevant 

labels to a data instance.
● Arise in different domains (social media, Q&A 

websites, bioinformatic, etc.)
● Require high-quality labeled datasets, which are 

labor intensive to build.

Multi-label Active Learning Challenges:
● Sampling measure is hard to design due to label 

correlations.
● Rare labels are much harder to detect due to the 

sparsity of the label space. 
● Computational cost increases fast with the number 

of labels.
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Our work aims to systematically leverage the label correlation 
while keeping the computational cost of sampling under control.

DATASETS AND PARAMETERS

Benchmark datasets:
● We choose five real-world datasets with a large and 

sparse label space for evaluation:

● Data partition: 1% for initial training, 40% for unlabeled 
pool, and the remaining for testing.

Impact of Model Parameters:
We plot the active learning performance (Macro-F1) of the 
proposed model under different compressing rate, kernel 
update period (KUP), and the sparsity level of
the recovered labels, to investigate their impacts.
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