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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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Generalized Local Attention Pooling (GLAP) - Our method
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Results
Recall@K for different metric learning losses with the same parameters as the original method
CUB Cars Recall@K 1 10 100 1000
Recall@K 1 2 4 8 1 8 ProxyNCA®? [5] BN 73.73 - - -
Semihard®? [1] BN | 4259 5503 6644 7723 | 51.54 6378 7352 8141 ProxyNCA+GLAP®4 BN | 7441 = 5 5
Semihard+GLAP®4 BN | 51.81 64.18 7488 83.62 | 61.09 7176 8041 87.48 Margin™>® [14] R50 | 727 862 938 980
ProxyNCA®T [5] BN | 4921 6190 6790 7240 | 7322 8242 8636 64.90 Margin+GLAP'2% R50 | 77.81 8943 9526 98.46
ProxyNCA+GLAPS* BN | 5562 6744 7780 8633 | 7521 8361 8961 9352 MS®T2 13] BN | 782 905 960 987
Margin™* [14] R50 | 63.6 744 8.1 900 [ 796 865 919 951 MS+GLAPS1? . BN | 7880 9041 9594 98.74
Margin+GLAP!23 RS0 | 6558 7672 8496 91.24 | 81.81 8881 9324 95.99 Proxy-Anchor® © [o] | BN 79.1 908 962 987
SoftTriple® 2 [16] BN | 654 764 845 904 | 845 907 945 969 Proxy-Anchor+GLAP* BN | 7977 9076 9585 9847
SofiTriple+GLAP512 BN | 6745 7844 8660 9220 | 8653 9219 9538 97.39 .
MS>TZ [13] BN | 657 698 800 912 | 841 904 940 965 Stanford Online Products [9]
MS+GLAP>12 BN | 6823 7875 879 9220 | 8557 9123 9488 97.18 — .
Proxy-Anchor> 12 [6] BN | 684 792 868 016 | 8.1 917 950 973 &egf}'z@[';] M)
Proxy-Anchor+GLAP®12 | BN | 71.00 81.03 88.05 93.03 | 90.74 9469 9691 9832 3 e : : > :
Proxy-Anchor®!2 [6] RS0 | 697 80.0 870 924 | 877 929 958 979 {MSI LAY o o N B %75517 992? il
e— 512 roxy-Anchor” I ) X .
Proxy-Anchor+GLAP RS0 | 7129 81.06 8825 9281 | 9294 9595 97.64 98.65 e e

CUB-200-2011 [7]

Cars-196 [8]

Inshop Clothes Retrieval [10]

Conclusions

s The proposed Generalized Local Attention Pooling (GLAP)
method generates a compact image representation that

improves the performance of multiple metric learning approaches.

s 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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