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Multi-label Classification
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Given input x, predict the set of target labels {y1,y2,...,yL}, yi ∈ {0,1}
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Inference with partial knowledge
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Inference with partial knowledge
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Information (e.g. certain labels) can be known prior to performing any visual recognition
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leverage known information during inference! 
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Inference with context-specific information: a realistic setting

Lake George, NY#avocado #bowl Mt. Sinabung sent smoke over 
western Indonesia Wednesday.

Social Media Tags Geo-Location Tags News Captions
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rain coat = 1

randomly sample a random amount of known labels
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mask unknown labels

Three different inference settings

1. Regular Inference
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Regular inference setting
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0.8 improvement in mAP and F1 score 1.0 improvement in mAP and F1 score
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Partial label inference setting
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3. Extra label inference setting
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Extra label inference setting
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Model intervention
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Counterfactual testing
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What kind of bird is this, given that I 
know it has a blue tail?

What kind of bird would this be if it 
had a green tail?



Contributions

Flexibility: multi-label image classification under arbitrary subsets of 
extra or partial labels 

Accuracy: state-of-the-art results on six different datasets across three 
inference settings

Interactivity: state embeddings enables users to easily interact with 
the model and test counterfactuals
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Yanjun Qi

Thank You

Vicente OrdoñezTianlu Wang

github.com/QData/C-Tran


