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Introduction

The main contribution of this work is the Generalized Local 
Attention Pooling method which is a pooling operation that takes 
into account the local relevance of the features. Our method is 
capable of outperforming other pooling operations in the field.
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Results

CUB-200-2011 [7]

Recall@K for different metric learning losses with the same parameters as the original method

Cars-196 [8]

Stanford Online Products [9]

Inshop Clothes Retrieval [10]

The proposed Generalized Local Attention Pooling (GLAP) 
method generates a compact image representation that 
improves the performance of multiple metric learning approaches.

Our GLAP method uses higher spatial resolution, not only 
increasing the performance, but also reducing the number
of parameters required for the network.
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