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Local Features and Visual Words Emerge in Activations
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Motivation

Deep Spatial Matching (DSM)

Diffusion [2] on DSM verified images

» Problem: spatial verification in large-scale image retrieval

» Get activation maps from the last convolutionnal layer of a CNN » Diffusion based on the nearest neighbor graph of global descriptors

» Global descriptors lose the spatial information in activation maps |1, 6]

» Approximate tensors by a collection of local features » Ranks images according to manifold similarity

» Local descriptors are expensive to store [4]

» Robustly match those features to approximate optimal alignment of tensors » DSM veritied images are a good starting point for diffusion

» Solution: detect features directly on activation maps, match them

independently per channel Input image feature map local features inliers | . .
mplementation details
» No network modification or retraining -
» No local feature detection directly on the input image, no local descriptors, () » Images processed at multiple scales: 1, 1/\/§ 1/2
no codebooks d ) g 0 » Non-maxima supression by feature strength across channels
feature o © » Initial ranking using global descritors, top 100 images re-ranked by DSM
Acti - detection 5 568 P 5 Y
ctivation maps M/
P 3 -
. 1 0 Results: Revisited Oxford and Paris [5]
» Activation maps are sparse spatial o
» Responses on each channel are corresponding between different views matching ' 0 ¢ )@simﬂar)ity Medium
Ps function Method R Oxt RPar
0 0 mAP mPQ@10 | mAP mPQ@10 - | 7 —
a PO V 448 633 657 950 5 °°f DD e |
e 6000 0 V+DSM 51.1 77.3 662 96.9 5 4 )
: 00 R 444 64.2 690 964 g 02| .
detection £
RT+DSM 496 740 69.7 98.4 bl naneae ... -
V+D 484 652 8l4 956 R
V+DSM+D 616 81.0 828 97.6 s
RALD 538 690 856 963 Distribution of number of inliers for positive and
Examples RT*LDSM4D 602 789 863 969 negative database images over all queries of ROxf,

using VGG-MAC.

Off-the shelf VGG (V) and ResNet (R). 1: upsam-
pling; D: diffusion [2]. All results with GeM pooling
and supervised whitening.

Medium

Method R Oxf ROxf+R1M RPar RPar+R1M

mAP mP©@10 mAP mP©@10 mAP mP©@10 mAP mP©@10

“DELF-HQE+SP" [5 734 832 606 797 840 983 652 961
“DELF-ASMK*+SP" D+ [5] 75.0 87.9 687 83.6 90.5 980 86.6 9.1

Detect local features using MSER [3] V-MAC*+D 677 86.1 568 786 856 97.6 786 96.4
V-MAC*+DSM-+D 720 906 592 80.1 864 989 793 07.1

R-MAC*+-+D 739 879 613 806 899 961 830 051

R-MAC*++DSM+-D 76.9 907 657 839 901 964 840 053

V-GeM([6]+D 696 847 604 794 856 97.1 807 97.1

V-GeM[6]+DSM+D 728 890 632 837 857 961 801 057

R-GeM[6]+D 608 840 615 77.1 889 9069 849 959

R-GeM[6]1-+D 701 843 675 790 891 973 850 96.6

R-GeM[6]1+DSM+D 750 896 70.2 845 893 971 848 953

State-of-the-art VGG (V) and ResNet (R). 1: upsampling; *: our re-training; D: diffusion [2]. Results citing [5]
as reported in that work, combining DELF [4], ASMK* and HQE. SP: spatial matching; D7: diffusion on graph
obtained by [1].
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Represent image by a set of features, each specified by

» a scalar strength, pooled over the MSER region (1d)
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Spatial matching
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» Match tentative correspondences using RANSAC
» Channel ids play the role of visual words
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