All the attention you need:
Global-local, spatial-channel attention for image
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Introduction Global-local attention module (GLAM)

» Goal: Learning representations using attention mechanisms for instance-level image retrieval

» Introducing the Global-Local Attention Module (GLAM) attached at the end of backbone
» GLAM uses all four forms of attention: local and global, spatial and channel

» mAP comparison of spatial and channel variants of our local and global attention modules to the
baseline.

» Local attention weights channels or locations independently
» Global attention captures pairwise interaction within channels or within spatial locations.

» Four attention maps used: local channel (A'), local spatial (A!), global channel (AY) and RMEDIUM  RHARD

METHOD OXF5K PAR6GK
global spatial (A_g) ROxt RPar ROxt RPar
Contributions » The input feature map F is weighted into local (F') and global (F9) attention feature maps, GLAM baseline  91.9 945 72.8 842 499 69.7
which are fused with F to yield the global-local attention feature map F? +local-channel 913 =993 /2.2 825 485 15,1
» First study employing all four forms of attention, global and local, channel and spatial Y 5 Pt +local-spatial ~ 91.0  95.1 72.1 853 483 719
. : : : - | +local 91.2 954 7377 86.5 52.6 75.0
» Empirical evidence of the mtera-ctlon of-all forms of a.ttentlo? | | } | ) rolobal-channel 925 044 733 844 498 70.1
» State of the art on global descriptors without re-ranking for instance-level image retrieval ; K | +global-spatial 924  95.1 732 863 50.0 72.7
| | : +global 923 953 772 86.7 574 75.0
: +global+local 942 956 78.6 88.5 60.2 76.8
Related work on attention F w Fo!
| é B » mAP comparison of our best model trained on different training sets against SOTA. Red: best
LOC G | . .
METHOD —— OPAL Len RET o o vy T results. Blue: GLAM higher than DELG on GLDv1-noisy.
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SENet [20] v v e x h X w A \ é@_ ¢ X hxw METHOD TRAIN SET DIM OXFSK PARGK ' TEPIUM  RHARD
ot 161 y y — ROxf RPar ROxf R Par
EETEFN :’: v :': hw X hw GeM-Siamese | | SftM-120k 2048 87.8 9277 64.7 77.2 38.5 56.3
Ko « / SOLARDS)  GLDviisy20ds - - 9 816 419 643
AA-Net [4 v v . . . .
2 Not 101 Y Attention Layers GLAM (Ours) NC-clean 512 778 858 51.6 68.1 209 44.7
GSoP [14] v y GLDvI-noisy 512 928 95.0 73.7 83.5 498 694
! F | feature ma GLsz-ﬂUlSy 512 933 05.3 75.77 86.0 53.1 73.8
ig:hff[*]'?l ‘ y F | feature map I ‘: GLDv2-clean 512 942 95.6 78.6 88.5 60.2 76.8
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CroW [24] v v v ~ '\ conv
CRN |25] v v v GAP : \ s / ¢’ X h X w
Rt y ‘Y ox1x1 —L L State of the art comparisons
Tolias et al. [47] v V. comv1d(®) dilated
SOLAR [28] ¥4 — conv BASE MEDIUM HARD
= METHOD TRAIN SET DM | OxSk Par6k| ROxf  +RIM R Par +R1IM ROxf  +RIM R Par +R1M
Ours v v v v v v @E llf"f X h X w | | mMAP mAP |[mAP mP mAP mP mAP mP mAP mP |mAP mP mAP mP mAP mP mAP mP

512 |53.1" — | 38.0 54.6 17.1 33.3 59.8 93.0 303 83.0(11.4 209 09 29 324 69.7 7.6 30.6
2048 | - - 139.8 61.0 215 404 69.2 96.7 41.6 920|124 238 28 5.6 447 78.0 153 544
512 | 70.8 79.7 | 41.4 58.8 225 405 629 944 34.1 87.1|13.9 257 3.0 6.6 369 77.9 10.3 45.1
2048 | - - 1424 619 21.2 394 704 97.1 427 929|133 2777 33 93 472 836 163 61.6
512 | 80.0 829 [37.8 57.8 21.8 39.7 59.2 933 336 87.1|14.6 27.0 7.4 119 359 784 13.2 547
2048 | - — [ 41.7 65.0 242 4377 66.2 964 408 93.0| I8.0 329 5.7 144 441 86.3 18.2 67.7
512 | 80.1 85.0 | 425 62.8 21.7 40.3 66.2 954 399 889|120 26.1 1.7 58 409 77.1 148 540
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SPoC-V16 [2, 25]
SPoC-R101 [35]
CroW-V16 [ 24, 55]
CroW-R101 [35]
MAC-V16-Siamese [0, 25]
MAC-R101-S1amese [35]

LRN: learned; RET: applied to instance-level image retrieval.
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(a) Local channel attention (b) Local spatial attention

Datasets and implementation details
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F | feature map . GAP F | feature map Eﬁig‘g}giséf_imﬂﬂﬂ[ , 35] | : Lo
% h X @ "R101-Siamese [35] | 2048 — - | 498 689 292 489 740 97.7 493 937|185 322 45 130 52.1 87.1 213 674
. I 1 RMAC-R101-Triplet [16, 35] NC-clean 2048 86.1 94.5 | 609 78.1 393 62.1 78.9 969 54.8 939|324 500 12.5 249 594 86.1 28.0 70.0
> RGSNethl-I-GeM poollng conv1d(k) conv1d(k) == == = GeM-R101-Siamese [37, 25] . SfM-120k  2048| 87.8 92.7 | 64.7 84.7 452 71.7 77.2 98.1 52.3 95.3|38.5 53.0 199 349 56.3 89.1 24.7 73.3
. . . \cow1x1 / \comwlxl/ \ convixl AGeM-R101-Siamese [17] | SfM-120k  2048| - - |670 - - - 781 - - - 407 - - - 513 - -  _
» Global descriptor only without re-ranking pLxe e Qs | xhw K. |e % hu SOLAR-GeM-R101-Triplet/SOS [2%] | GLDv1-noisy 2048| —  — [69.9 86.7 53.5 76.7 81.6 97.1 592 949|479 63.0 299 48.9 645 93.0 334 816
. | DELG-GeM-R101-ArcFace GLDvl-noisy 2048| - - |732 - 548 - 84 - 618 - |512 - 303 - 647 - 355 -
> Tralnlng : Google L andmarks v2 clean (GLDVZ—Clean) by ArcFace loss Ve | hw > Vs | ¢ X hw A GeM-R101-ArcFace [52] . 'GLDyz-cleaz 2048 | — _ 742 - - _ 89 _- _ _ |s16 - - - 1703 - -  _
» Test set: Oxfordbk, Parisbk, Revisited Oxford (ROxf)/Paris (RPar) with and without S ST GLAM-GeM-R101-ArcFace baseline | GLDv2-clean 512 | 91.9 94.5 | 72.8 86.7 58.1 78.2 842 959 63.9 933|499 62.1 31.6 49.7 69.7 884 37.7 737
| / +local GLDv2-clean 512 | 91.2 954 | 737 86.2 60.5 77.4 86.5 956 68.0 939|52.6 653 36.1 55.6 73.7 89.3 447 79.1
1M distractors /X h X w +olobal GLDv2-clean 512 | 92.3 953 | 77.2 87.0 63.8 79.3 86.7 954 67.8 93.7|57.4 69.6 38.7 57.9 75.0 89.4 45.0 77.0
+global+local GLDv2-clean 512 | 942 95.6 | 78.6 88.2 68.0 82.4 88.5 97.0 73.5 949|602 72.9 435 62.1 76.8 93.4 53.1 84.0

» Metrics: mean average precision (mAP), mean precision at 10 (mP)
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V16: VGG16; R101: ResNet101. [O]: Off-the-shelf (pre-trained on ImageNet). Red: best results.
Black bold: best previous methods. Blue: GLAM higher than previous methods.

» Mini-batch samples with similar aspect ratios resized together

Multi-resolution representation for the final feature at inference
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(c) Global channel attention (d) Global spatial attention
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