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Problem to be solved : single positive label

(a) full annotations

(b) partial annotations

(c) single positive label
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Method

dataset

negative, positive, unknown

Multi-label classification with Partially annotated labels
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Method pipeline

The spatial 
consistency between 
network’s out and 
EMAs out
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Method : Assume negative

AN : assume that all unknown labels are negatives

BCE
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Method : Expected negative
ignore the large incorrect contributions of noisy labels，
Top-p_i,

estimated score s are updated with network output f

Annotated label 
class distribution

true label class 
distribution
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Method : Expected negative

Top p_i instances per image for a class
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Method : Expected negative

But label drift, … …

Only annotated positives, expected negative, ignore expected positive

(5)
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Method : Consistency loss

Use robust targets from AN as supervisions
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Method : Spatial Consistency loss

New noisy label, as object can be crop out,
So use the running average in spatial dimension score heatmap. 

L1-distance (score heatmap, network output)
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Experiments
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Revisit to the structure of CNN 

channel dimension
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Revisit to the structure of CNN 

Classification logits from CNN :

activation of F

(12.1)

class i channel  j



14

Revisit to the structure of CNN 

From ‘Learning Deep Features for Discriminative Localization’

(12.2)
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Revisit to the structure of CNN 

From ‘Learning Deep Features for Discriminative Localization’

activation of F

(12.1)

(12.2)

(12.3) average activation
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Revisit to the structure of CNN 

From ‘Learning Deep Features for Discriminative Localization’

(12.4)

(12.3)The same
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Analysis and ablation : Spatial heatmaps

Localization of many objects in the image absent from the single-label ground truth.

The top-k class
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Analysis and ablation : Spatial heatmaps

Process from training
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Analysis and ablation : Spatial heatmaps

SCL localizes objects more precisely, avoiding false predictions for negative classes.
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Analysis and ablation : Bias towards single-positive predictions

Fig 5(a). Distribution of the top-1 scores, per method, over all validation images.
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Analysis and ablation : Bias towards single-positive predictions

EN loss ignores expected positive 
samples.

EP (expected positive) use expected 
positive as additional positives in the 
supervision; (incorrect expected-
positives)

EPR (regression) regresses the sum of 
the predicted probabilities towards the 
estimated number of positive K.
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Analysis and ablation : Bias towards single-positive predictions

EN loss ignores expected positive 
samples.

EP (expected positive) use expected 
positive as additional positives in the 
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positives)

EPR (regression) regresses the sum of 
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Ablation on the crop parameter

varying the random interval for the area of the crop data-augmentation.
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Analysis over object sizes

split the positive annotation into equal size, compute mAP use positive 
labels within bin, and negative over whole val.
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Analysis over object sizes

An : low scores distribution,
EN+SCL : reduce the amount of false negative label,
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Experiments
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