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Quick�Preview
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[a]�:�full�annotation
[b]�:�partial�annotation
[c]�:�single�positive�label

Durand�et�al.,�Learning�a�Deep�ConvNet�for�Multi-label�Classification�with�Partial�Labels,�CVPR�2019.
Cole�et�al.,�Multi-Label�Learning�from�Single�Positive�Labels,�CVPR�2021.
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Quick�Preview



Quick�Preview

Core�Idea�:�Bridge�the�gap!



Partially�annotated�multi-label�classification

Baseline�approach�:�

Assuming�unannotated�labels�as�Negative�labels�(AN)
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Partially�annotated�multi-label�classification
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Baseline�approach�:�

Assuming�unannotated�labels�as�Negative�labels�(AN)

Drawback�:�

Introducing�label�noise�(i.e.,�false�negative)



Analysis�on�model�explanation

Q.�How�false�negative�labels�affect�model�explanation?

Model�1�:�Train�ResNet-50�with�full�annotation

Model�2�:�Train�ResNet-50�with�partial�annotation

Class�Activation�Map�(CAM)

Zhou�et�al.,�Learning�deep�features�for�discriminative�localization,�CVPR�2016.



Analysis�on�model�explanation



Analysis�on�model�explanation

Core�Idea�:�Bridge�the�gap!



Proposed�method�:�BoostLU

1)�Modify�CNN�classification�network�architecture

Zhang�et�al.,�Adversarial�Complementary�Learning�for�Weakly�Supervised�Object�Localization,�CVPR�2018.

Advantage�:�
We�can�obtain�CAM�during�forward�pass



Proposed�method�:�BoostLU

2)�Apply�BoostLU�on�CAM�element-wisely

BoostLU(x)�=�max(x,�αx)



Proposed�method�:�BoostLU

2)�Apply�BoostLU�on�CAM�element-wisely

BoostLU(x)�=�max(x,�αx),�set�α=5



Proposed�method�:�BoostLU

Several�scenarios�for�BoostLU�application

i)�Apply�only�in�inference�phase

=>�Performance�improves�without�additional�training



Proposed�method�:�BoostLU

Several�scenarios�for�BoostLU�application

ii)�Apply�also�in�training�phase�with�large�loss�modification�scheme

=>�Performance�improves�further!

Kim�et�al.,�Large�Loss�Matters�in�Weakly�Supervised�Multi-Label�Classification,�CVPR�2022.



Experiment�results

1)�single�positive�label�setting�������������������������������2)�Openimages�v3�



Experiment�results

3)�Qualitative�results



Thank�you!


