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What is deep partial label learning?

Partially labeled samples have a set of candidate labels

African lion (True label)

Buffalo (False label)

Antelope (False label) 

Zebra (False label) 

Candidate Label SetImage example

Using partially label samples to train a deep neural network
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Existing research on deep partial label learning

Learning
algorithm

Training
data

Learning-centric Data-centric

Focus on this!
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Data-centric perspective for deep partial label learning

Learning
algorithm

Training
data

Learning-centric Data-centric

Shift in focus!
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A new task: candidate label set pruning

Pruning
algorithm

Original CLS Pruned CLS

Eliminating potential false candidate labels before the training process

CLS: candidate label set

: candidate label : non-candidate label

: pruned candidate label
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Key issues of candidate label set pruning

Which candidate 
labels are more 

likely to be false?

Which false candidate 
labels have the most

impact on the true label?

11

Pruning
algorithm

Original CLS Pruned CLS

CLS: candidate label set

: candidate label : non-candidate label

: pruned candidate label
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A formal definition of candidate label set pruning

Ideal situation: Perfect Pruning

How many true labels are pruned incorrectly?

How many candidate labels are pruned?

𝜶-error

𝜷-coverage



Motivation of the proposed algorithm

The candidate label that rarely appears in its nearby samples’ 
candidate label sets has a high probability of being a false label. 

Representation Space Candidate Label Space

Inconsistency
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Estimate voting statistic in the algorithm

Each 𝒌-NN likes a voter to downvote candidate labels 

𝑌!

𝑌!
(#)

𝑌!
(%)

𝑌!
(&)

𝑶𝒊 0     1     2    1    3           Equal to the number of blank
circles in each column

: downvote for 𝑌!

Voting formulation:

: false label

: true label
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Pruning number in the algorithm

Pruning more labels

High pruning error

Pruning how many candidate labels?

𝑌!

Remaining Pruning

𝜏 ↑ 𝜏 ↓

Trade-off 
parameter

Pruning less labels

Make no sense
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Pruning by order in the algorithm

Pruning each sample by the order of 𝑂"

1 2 3 4 5𝑌!

𝑌!
(#)

𝑌!
(%)

𝑌!
(&)

1 2 4 3 5

1 2 4 #𝑌!

Ascending Order 𝑂! (𝛾! = 2)

𝑶𝒊：0     1     2    1    3           

New candidate label set
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Insights in the algorithm

How do feature quality and label ambiguity affect the pruning error?

How do parameters k and 𝝉 affect the pruning error?

Analyze the pruning error of the algorithm is very important!



Definition of label distinguishability

Condition for feature quality and label ambiguity

feature quality

label ambiguity

𝟏 − 𝜹𝒌

𝝆𝒌
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Model the algorithm

1 2 3 4 5𝑌!

𝑌!
(#)

𝑌!
(%)

𝑌!
(&)

𝑌!
(()

𝛿!"

𝛿!"

𝛿!"

𝛿!"

𝜌! 𝜌! 𝜌! 𝜌! 𝜌!

𝜌! 𝜌! 𝜌! 𝜌! 𝜌!

𝜌! 𝜌! 𝜌! 𝜌! 𝜌!

𝜌! 𝜌! 𝜌! 𝜌! 𝜌!

|𝑌#|

𝑂# = [𝑂#$, 𝑂#%, 𝑂#&, 𝑂#', 𝑂#(… …𝑂#|*!|]

𝑂#$~𝐵(𝑘, 𝛿+, ) 𝑂#-~𝐵(𝑘, 𝜌+)

𝛿() = 1 − 𝛿(

VS.

Binomial distribution

True label False label

Bernoulli experiment
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Incorrect pruning event in the algorithm

𝑂"+ =[𝑂",
(-),𝑂".

(,),𝑂"/
(.), 𝑂"0

(/) , 𝑂"1
(0) …𝑂

"|3!
"|

(|3!
"|)]Ascending order:

𝑂"-

𝛾#

Correct pruning Incorrect pruning

[𝑂"4
( 3!

" 56!7-)< 𝑂"-]Incorrect pruning event:

Remaining Pruning
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Upper bounds of the pruning error
Upper bound of the pruning error

Upper bound of the extra pruning error caused by increasing the pruning number



How does the parameter 𝑘 affect the upper bound?
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nd

𝑝+ = [0.2, 0.8]|𝑌#| = 3 𝛿+ = [0.2, 0.4, 0.6, 0.8]𝛾# = 1Suppose:

Observation: increasing the value of 𝒌 is not always good!

Suggestion: a larger (smaller) value of k for high 
(low) quality features and low (high) label ambiguity  



How does the pruning number 𝛾! affect the upper bound?
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𝑝+ = [0.2, 0.8]|𝑌#| = 6 𝛿+ = [0.2, 0.4, 0.6, 0.8] 𝑘 = [20, 50]Suppose:

Observation: increasing the value of 𝜸𝒊 could be feasible! 

Suggestion: a larger (smaller) value of 𝜸𝒊 for high 
(low) quality features and low (high) label ambiguity



Experiment
Dataset and setting

CIFAR-10

CIFAR-100

Tiny-ImageNet

PASCAL VOC

Random (Uniform)

Label-dependent (LD)

Instance-dependent (ID)

Real-world

Long-tailed (LT)

Simulated-benchmark Candidate label generation



Experiment
Deep PLL methods

CC [NeurIPS2020]
PRODEN [ICML2020] 
LWS [ICML2021]
CAVL [ICLR2022]
PiCO [ICLR2022]
CRDPLL [ICML2022]

ABLE [IJCAI2022]
IDGP [ICLR2023]
POP [ICML2023]

SoLar [NeurIPS2022]
RECORDS [ICLR2023]

II-PLL methods ID-PLL methods LT-PLL methods



Experiment
Evaluation metrics

CLSP

Performance
Improvement

𝛼 −Error

𝛽 − Coverage

Accuracy
Comparison

How many true labels are pruned incorrectly?

How many false candidate labels are pruned?

Does the pruning algorithm improve  
learning methods? 



Experiment
Feature extractors

ResNet-S ResNet-SSL

ResNet-I

CLIP
ALBEF

BLIP-2

Supervised learning Self-supervised learning

ImageNet1K pretrained
Multi-modal pretrained

Representation of different qualities



Experiment
Parameter

Values of 𝒌 and 𝝉 used in the algorithm



Experimental results
CLSP performance

O (P) Avg. C means that the average number of original (pruned) candidate labels

The proposed algorithm effectively reduces the number of candidate labels



Experimental results
CLSP performance

The F1 score of different feature extractors used in the proposed algorithm 

Multi-modal feature extractors are better



Experimental results
Test accuracy comparison 

The proposed CLSP 
algorithm significantly 
improves deep PLL 
methods under  different 
datasets and settings.

Specially, the proposed 
CLSP algorithm has 
more significant 
improvement on the 
instance-dependent case. 



Experimental results
Test accuracy comparison 

Specially, the proposed 
CLSP algorithm has 
more significant 
improvement on the 
long-tailed case than the 
class-balanced case. 



Experimental results
Train accuracy comparison 

The proposed CLSP 
algorithm indeed boosts 
label disambiguation in 
deep PLL methods.

More training samples 
are correctly identified 
after pruning a part of 
candidate labels.



Experimental results
Train accuracy comparison 

The same situation can 
also be observed in the 
long-tailed case.

Specially, on the real-
world dataset PASCAL 
VOC, the performance 
is also significant.



Experimental results
Train loss comparison 

Uniform LD RealWorldID
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Experimental results
Train loss comparison 

Uniform LD RealWorldID
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Experimental results
Parameter analysis
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Uniform LD ID

CIFAR-10 CIFAR-100 CIFAR-10 CIFAR-100

Different values of 𝑘 and 𝜏

These results are consistent to the theorem-inspired observations



Experimental results
Empirical parameters
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Empirically calculated values of 𝜹𝒌 and 𝝆𝒌 in label distinguishability 
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Conclusion and future work

• Pioneer data-centric research for deep partial-label learning

• Propose an efficient and effective CLSP algorithm 

• Achieve good empirical results

In future, it’s also interesting to :

• Design better methods

• Propose better evaluation metrics

• Follow a data-centric perspective for other weakly supervised learning



Thank you!

Email: shuohe123@gmail.com


