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Background

•  Single-Label Learning(SLL):

One instance corresponds to only one label.

•  Multi-Label Learning(MLL):

One instance corresponds to a set of related labels.

Use logical value(0 or 1) to indicate whether a label is capable

of describing a sample.

Can’t accurately describe each label’s relative importance to a 

sample.

•  Label-Distribution Learning(LDL):

Use real numbers to illustrate how important a label is to a 

particular sample. Let  𝑑𝑥
𝑙 stand for the description degree

of the label 𝑙 to the instance 𝑥, and it’s governed by:

𝑑𝑥
𝑙 ∈ [0,1] and σ𝑙 𝑑𝑥

𝑙 = 1



Background

•  LDL only models 'relative concentration' while 

ignoring 'absolute concentration’. 

•  Ground-truth LDs are incomplete representation, 

cannot describe the 'hidden labels' or 'background 

information' (or noise) that are not defined in the label 

space.

How to solve it?

•  Introduce the concept of background concentration, 

which represents the description degree of the 

complementary set of all existing labels.

•  Appending background concentration terms to the 

original LDs, we get concentration distributions 

(CDs).



Background

This paper defines concentration distribution learning (CDL) as the process of learning the background 

concentration µ and the label distribution 𝑏 simultaneously,

Learn concentration distribution vectors  𝒄𝒅 = [𝒃, µ] from concentration distribution datasets, and meet the 

constraints:



Method

Key Assumptions : The distribution of labels observed in the dataset is called the apparent label 

distribution.

The relationship between the apparent label distribution vector and the concentration distribution vector can be 

formulated as :

The distribution of the background concentration µ on the real label distribution vector 𝑏 converts the 

concentration distributions to the apparent label distributions. In other words, the apparent label distribution is 

affected by both the dataset and the background concentration.



Method

How to solve for 𝒃 and µ?

Assume that 𝑝 obeys the Dirichlet distribution, i.e.,

The expectation on  𝑝𝑖 can be written as 

•  α𝑖 : the belief mass on the i-th class

•  𝑒𝑖 : dataset-side confidence 

• 𝑢𝑖 : background confidence



Method

Boundary conditions: when there is nothing in the dataset to provide confidence

Assuming that the background concentration is evenly spread on each class of the real label 

distribution vector 𝑏 in probability



Method

Framework of method

The softmax layer of a conventional neural network is replaced with an activation function layer to ensure that 

the network outputs non-negative values



Method

In conventional neural network:

In this model:



Method

Generalization Bound



Experiment

Construction of CDL dataset
SJAFFE Dataset --> SJA_c

Original:

Background concentration:

Final:

Experiments Setting up 
For each dataset, the last class of the ground-truth label distribution is regarded as the background 

concentration and will be invisible in training.

For baseline methods, append 𝑔 + 𝛿 as the predicted background concentration to the predicted label 

distribution vector, where g is the ground-truth description degree of the last class and −0.2𝑔 < 𝛿 < 0.2𝑔 is a 

random noise to simulate the inaccurate learning of background concentration in the baseline methods.



Experiment

Average ranks in terms of four metrics

Average ranks in terms of running time



Experiment

Significance Tests

Bonferroni-Dunn test (CD = 2.3265 at 0.05 significance level)

Friedman statistics 𝑭𝑭 with the critical value at a significance level of 0.05 



Experiments

Visualization

In SJA_c dataset



Thanks
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