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TABLE I
DSFORMER FIE:Hi) VPR J¥EAELAEERE FITEBELLE:, L RQ1 (RECALL@L) I RQ5 (RECALLQ5) M55, T FRAERNIMIN SFXL
Ay BTN 2

Method Training Set MSLS Val MSLS Chal Pitts30k Tokyo24/7 Nordland Average
R@l R@5 R@l R@5 R@l R@5 R@l R@ R@l R@5 R@Ql R@5
Two-Stage Methods
DELG [13] GLD [33] 84.5 90.4 53.8 62.5 89.6 95.3 87.6 93.3 67.9 77.8 76.7  83.9
Patch-NetVLAD [14] MSLS 79.5 86.2 48.1 57.6 88.7 94.5 85.1 87.0 62.6 70.8 72.8 79.2
SP-SuperGLUE [34], [35]  SS [34] 84.5 88.8 50.6 56.9 88.7 95.1 88.3 89.2 65.3 70.4 75.5 80.1
TransVPR [15] MSLS 86.5 91.1 63.9 73.2 89.0 94.9 77.8 81.6 73.4 81.4 78.1 84.4
R 2 Former [16] MSLS 89.7  95.0 73.0 85.9 91.1 95.2 86.3 90.8 77.1 89.0 83.3 91.2
Retrieval Baselines on a ResNet-50 backbone
NetVLAD ([10] MSLS 78.2 87.1 55.8 71.5 74.8 88.4  48.9 67.3 53.0 75.4 62.1 77.9
GeM [9] MSLS 75.9 88.9 53.6 70.5 77.1 90.6 39.7 63.5 43.9 68.8 58.0 76.5
CosPlace [22] SF-XL 85.7  91.2 63.0 74.6 90.4 95.4  80.0 88.6 68.3 86.7 T7.5 87.3
EigenPlaces [23] SF-XL 85.9 91.1 62.6 74.8 91.0 95.7 78.1 88.9 71.9 88.9 77.9 87.1
MixVPR [28] GSV-Cities [36] 83.6 91.5 59.2 72.3 90.6 95.5 80.0 89.5 70.8 86.9 76.8 87.1
BoQ + PCA [37] GSV-Cities 85.8 90.8 63.2 74.2 90.2 94.7  80.3 88.9 73.6 89.5 78.6 87.6
GeM T (ResNet-50) SF-XL 87.6 91.9 65.3 76.0 91.9 96.0 82.9 92.1 75.5 91.1 80.6 89.4
DSFormer (ResNet-50) SF-XL 88.9 93.2 68.1 77.6 91.9 96.4 88.6 93.7 81.5 94.1 83.8 91.0
Retrieval Baselines on a DINOv2 backbone
CricaVPR + PCA [19] GSV-Cities 86.9 93.6 69.3 81.9 92.3 96.8 87.6 94.9 88.1 97.5 84.8 92.9
SALAD + PCA [20] GSV-Cities 90.3 96.2 73.2 87.0 91.2 95.8 924 97.1 84.5 95.7  86.3 94.4
BoQ + PCA GSV-Cities 89.6 95.0 73.8 84.7  94.0 98.6 89.2 94.0 84.8 97.0 86.3 93.9
GeM T (DINOv2) SF-XL 90.3 95.9 74.6 87.3 93.5 97.0  95.9 97.8 87.7 974 88.4 95.1
DSFormer (DINOv2) SF-XL 92.7  96.2 75.8 87.4 93.6 97.0  95.9 97.8 88.4 97.2 89.3 95.1
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2) F AR AR AF - RAVELATIZ RN VPR &
BIREEAPIA KRR 4 E AR FRATA 3% MSLS 56
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TABLE II
16 MSLS $3iF4 |f# /] NVIDIA RTX 3060 ¥l DSFORMER 53
WrBL VPR J57 3R 3B AT B 7 T R

TABLE III
TERMBL SF-XL A b, #hsetkpe i DSForMER FifH VPR
FYEM) RECALL@L J847.

Method Des. Size 1\~I(eén]§))ry Latency(s)/query
Extract Rerank
DELG 1000 x 128 + 2048 7.8 0.096 35.8
Patch-NetVLAD 2826 x 4096 + 4096 908.3 1.006 16.88
SP-SuperGLUE 2048 x 256 + 4096 41.6 0.092 12.381
TransVPR 1200 x 256 + 256 24.2 0.017 2.118
R 2 Former 500 x 131 4 256 5.2 0.025 0.423
DSFormer (Ours) 1 x 512 0.039 0.024 N/A
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