
(ICLR 25’) Complementary Label Learning 
with Positive Label Guessing and Negative 

Label Enhancement

Yuhang Li (李宇航)
Southeast University

Nanjing, China

1



2. Methodology

CONTENTS

2

1. Problem Setup

3. Experiments

4. Future Work



01

Problem Setup

3



4. Future Work

4

1. Problem Setup 3. Experiments

Ø Imperfect Information: Partial Label Learning & Complementary Label Learning (PLL & CLL)
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Ø Imperfect Information: Partial Label Learning & Complementary Label Learning (PLL & CLL)

Multi-Class Classification

Complementary Label Learning

• Goal: Learn a classifier that can minimize the estimated risk on training set. 

• Previous Methods
1. Design more suitable and solid Loss functions (risk minimizer); Weakness: Static
2. Better Representation Learning. Weakness: Training-oriented

• Our Method – PLNL (PLG and NLE)
1. Status-aware
2. Data-oriented
3. Theoretical-guaranteed

4. Future Work1. Problem Setup 3. Experiments2. Methodology
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Ø (ICLR 25’) Complementary Label Learning with Positive Label Guessing and Negative Label Enhancement

1. How Status-aware?

Motivation/Finding: Divide and Conquer (PLG and NLE) based on confidence of the model output.
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Ø (ICLR 25’) Complementary Label Learning with Positive Label Guessing and Negative Label Enhancement

2. How Data-oriented?

Motivation/Finding: More supervision will bring performance gain.

!𝒀𝟏 1 0 1 0 0

!𝒀𝟐 1 0 0 0 0

#!𝒀𝟏 1 0 1 1 0

#!𝒀𝟐 1 1 0 0 0

: Complementary label: Ground-truth label 1 0 : Undetermined label
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Ø (ICLR 25’) Complementary Label Learning with Positive Label Guessing and Negative Label Enhancement

2. How Data-oriented?

Method: Enhancing the negative supervision (NLE) via instances’ nearest neighbors in feature space.

• Complementary Label Sharing Mechanism

Not ”dog” Not ”bird” Not ”snake”

...

Not ”dog, bird, snake”
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Ø (ICLR 25’) Complementary Label Learning with Positive Label Guessing and Negative Label Enhancement

2. How Data-oriented?

Method: Enhancing the negative supervision (NLE) via instances’ nearest neighbors in feature space.

• Complementary Label Sharing Mechanism

• k-NN Label Frequency

• Enhanced Complementary Label Set
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Ø (ICLR 25’) Complementary Label Learning with Positive Label Guessing and Negative Label Enhancement

2. How Data-oriented?

Method: Enhancing the negative supervision via instances’ nearest neighbors in feature space.

• k-NN Label Frequency

• Enhanced Complementary Label Set

• The cooperation with Vision Language Models 
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Ø (ICLR 25’) Complementary Label Learning with Positive Label Guessing and Negative Label Enhancement

3. How Theoretical-guaranteed?

Motivation/Finding: Bounded PLG/NLE errors, bounded generalization error under mild assumption.

• PLG error bound

• NLE error bound

• Generalization bound

The first to prove the upper bound for Complementary Label Learning with Pseudo Label Noise.
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Ø (ICLR 25’) Complementary Label Learning with Positive Label Guessing and Negative Label Enhancement

Main Results Ablation Study

All components are indispensible.
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Ø (ICLR 25’) Complementary Label Learning with Positive Label Guessing and Negative Label Enhancement

Further Analysis
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Ø The cooperation with Language Models : Weakly-Supervised Learning

• A New Perspective to Leverage Unlabeled Data

4. Future Work1. Problem Setup 3. Experiments2. Methodology



Thanks！

Yuhang Li (勚㸙菔)
Southeast University

Nanjing, China

17


