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* Image retrieval by Hamming ranking, VGG-F architecture
* Binary affinity (metric: AP)

Hashing as Tie-Aware Learning to Rank

Kun He, Fatih Cakir, Sarah Adel Bargal, Stan Sclaroff
Computer Science, Boston University

Optimizing Tie-Aware AP / NDCG

* Optimization: combinatorial, NP-hard (search over all bit combinations)
* To apply SGD: continuous relaxation!
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Hashing: Learning to Optimize AP / NDCG

* Hashing: binary embeddings for fast Nearest Neighbors

» Evaluation: Average Precision (AP), Normalized Discounted
Cumulative Gain (NDCG), etc.

* Main trick: reverse "midpoint rule”: finite sums — continuous integrals CIFAR-10 NUS-WIDE
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