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* Problem: Want to explain decisions made by increasingly Setup 2. ELUDE can significantly reduce the complexity of the
complex CNNs using labelled attributes. * Model to explain: Resnet18 [1] trained on Places365 [2] at 3 uninterpretable space.
* Solution: We propose ELUDE: Explanation via Labelled and different resolutions (indoor vs outdoor, one of 16 * Aspace of rank 8 is sufficient to explain over 75% of the
Unlabelled DEcomposition, a method to decompose scene categories and one of 365 scenes ) model for 16-way scene classification.
model’s prediction into linear combination of labelled  Dataset with labelled attributes : ADE20k [3] labelled with 100 -
attributes and a few uninterpretable features. Broden attributes [4] .
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y s o , theater television stand, barrels,  stage, seat, windouwpane, * Measure how well U trained on 16-way classification
* Learn using labelled attributes: W, to predict F as well as /indoor tvmonitor, seat curtain : :
. . ——— . explains these models. Also measure if a common U
possible using attributes A streetlight, windows, balcony, building, stairway, boz, )
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cannot be explained by given attributes.
* Canidentify important attributes for each class.
 Small rank implies features left to explain is simpler.
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