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Figure 5: Prediction on ImageNet vs WordTree. Most Ima-
geNet models use one large softmax to predict a probability distri-
bution. Using WordTree we perform multiple softmax operations
over co-hyponyms.
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Figure 6: Combining datasets using WordTree hierarchy. Us-
ing the WordNet concept graph we build a hierarchical tree of vi-
sual concepts. Then we can merge |datasets together by mapping
the classes in the dataset to synsets in the tree. This is a simplified
view of WordTree for illustration purposes.
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