


Single-label learning (SL) cannot model label ambiguity,
which motivates a variety of alternative representations:
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 Logical Label (LL);
 Label Ranking (LR);
 Ternary Label (TL);
 Label Distribution (LD).

Among them, LD has attracted considerable attention.
However, in this work, we argue that LD suffers from three inherent limitations.

To address these issues, we propose an alternative representation:
Generalized Label Distribution (GLD).
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 Label Distribution (LD):

 Ternary Label (TL):

 Logical Label (LL):

 Label Ranking (LR):
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Taking the conversion from LD to LL as an example, there are two common strategies:

 Top-k-Based:

 τ-Thresholding-Based:
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Expected subset error rate between the logical labels derived from the raw data and those 
derived from LD:
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The subset error rate w.r.t. the conversion parameters & the number of labels:



6

Kendall’s Tau:

Expected inter-sample order consistency:

Number of Labels



 Inability to reconstruct the raw data;
 Difficulty in handling out-of-distribution (OOD) samples.
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The practical limitations of LD mainly stem from two aspects:
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To design a new representation for label ambiguity/polysemy,
it should simultaneously address the three aforementioned limitations.
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Def.:

Theoretical Evidence that GLD is More Expressive and More Faithful to the Raw Data:

The equality condition 
is highly restrictive.
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Relationships and Transformations among Existing Label Ambiguity/Polysemy 
Representations and Learning Paradigms

Ours

LDL

MLL

Classification

Lu & Jia (NeurIPS 22)

Lu & Jia (NeurIPS 24)
LE

Single-Positive 
Multi-Label Learning



Net Probability (analogous to odds, but with a 
more interpretable range) Relative Degree

“To what extent is a sample 
associated with a label?”

Description Degree
“To what extent does a label 

describe a sample?”
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Semantic Interpretation & Underlying Philosophy of GLD
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 Strategy 1: Problem 
Transformation;

 Strategy 2: Algorithm 
Adaptation;

Solutions:
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 Strategy 3: Specialized Algorithm.
Can be derived from the assumption of multivariate Gaussian noise:

Theoretical Justification for using the Mahalanobis Distance as the Loss Function
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The variance of GLD-kNN is always no larger than that of LD-kNN, and is conditionally no 
larger than that of LL-kNN.

GLD-BFGS enjoys a tight generali-zation bound:
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Evaluation Metric for OOD Classification

Three Additional Adapted Baseline Methods
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GLD

LD



19

The main contributions of this work are:

 We provide a thorough theoretical analysis of the inherent limitations of label 
distributions.

 We propose Generalized Label Distribution (GLD) as a unified representation 
of label ambiguity/polysemy that simultaneously addresses these limitations.

 We develop several algorithms for learning GLDs and extend existing LDL 
methods to be compatible with GLD learning.

 Both theoretical analyses and extensive experiments demonstrate the 
effectiveness of the proposed GLD learning framework.
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