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1. Additional Results

In this supplementary, we show:

* Additional qualitative examples of failure cases with high
number of inliers in Fig. 1;

 In Fig. 2, the comprehensive set of plots showing the Re-
call@1 after re-ranking against the average time to pro-
cess each query over each dataset;

e Uncertainty estimation results (in terms of AUCPR)
applied on CliqueMining [2] predictions (the previous
SOTA, before Megal.oc [1]), and the re-ranking perfor-
mance.

* PR curves on the most challenging datasets for CliqueM-
ining;

1.1. Results with CliqueMining

In Tab. | we report the uncertainty estimation benchmark
starting from CliqueMining predictions, and in Tab. 2 the
re-ranking performances of several image matching meth-
ods. While CliqueMining in general attains lower perfor-
mances w.r.t. Megal.oc, these two tables confirm the find-
ings in our main paper. Essentially, higher performances in
pure retrieval diminish the usefulness of a matching step.
In turn, in scenarios in which the retrieval method strug-
gles, the number of inliers provides a reliable confidence
estimate, with AUC scores of 77.1 and 85.7 for the best
performing ones on SF-XL Night and Occlusion, respec-
tively. As for MegalLoc, on the more challenging datasets
of Baidu, SF-XL Night and Occlusion, the re-ranking step
remains beneficial in terms of R@1.

1.2. PR curves for CliqueMining

In Fig. 3 we report PR curves for the most challenging
datasets of Baidu, SF-XL Night and Occlusion. We show
how in these scenarios there is still room for improvement
upon CliqueMining predictions, and how image matching
methods outperform existing baselines for uncertainty pre-
diction, attaining higher AUC-PR scores.
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(a) SF-XL test V2 — inliers: 1494, distance: 79m (b) SVOX Sun — inliers: 418, distance:

g

29m

Figure 1. Wrong queries with the largest number of inliers for SF-XL test V2 and SVOX Sun. The displayed images show the query
and a confidently retrieved negative image. The dataset name is accompanied by the number of inliers and the distance (in meters) between
the two images, as indicated by their labels.

. MSLS . SF-XL SF-XL SF-XL SF-XL SVOX SVOX Tokyo

Method Baidu "y, Pits30K “Niohe Ocelusion test V1 test V2 Night  Sun 24y | Average
L2-distance 827 972 987 690 829 980 979 986 997 999 925
PA-Score 85.1 967 986 638 707 968 979 987 995 994 | 90.7
SUE 888 973 985 73.0 804 982 986 992 99.6 997 | 933
Random 731 915 923 424 414 836 93.1 950 978 97.2| 80.7
R2D2 (NeurIPS *19) 937 966 983 650 763 986 979 993 995 997 | 925
D2Net (CVPR *19) 951 964 982 741 773 994 979 995 996 100.0| 93.7
SuperGlue (CVPR *20) 954 974 987 750 799 996 978 99.6 994 100.0| 94.3
LoFTR (CVPR "21) 951 97.1 987 740 857 994 982 996 99.5 100.0| 94.7
Patch2Pix (CVPR "21) 940 970 985 730 782 993 977 99.6 994 999 | 93.6
Matchformer (ACCV *22) 949 97.1 988 750 841 995 981 997 994 100.0| 94.7
SuperPoint+LightGlue (ICCV *23) 95.0 97.6 988 753 814 996 979 997 993 100.0| 945
DISK+LightGlue (ICCV *23) 918 972 989 722 812 994 977 994 993 100.0| 93.7
ALIKED+LightGlue (ICCV '23) 943 97.8 990 73.1 802 995 981 997 996 100.0| 94.1
RoMa (CVPR *24) 89.7 964 967 704 615 976 961 997 995 100.0| 90.8
Tiny-RoMa (CVPR *24) 948 967 988 69.6 777 988 974 987 993 998 | 932
Steerers (CVPR *24) 939 97.1 991 728 768  99.5 981 997 992 100.0| 93.6
Affine Steerers (ECCV *24) 934 97.1 987 697 740 994 981 99.5 99.0 999 | 929
DUSG3R (CVPR "24) 895 974 986 696 608 951 964 987 995 994 | 90.5
MASGR (ECCV *24) 904 970 991 727 801 996 97.0 997 999 100.0| 93.5
XFeat (CVPR "24) 92.1 969 986 706 795 989 O97.1 992 993 998 | 932
GIM-DKMv3 (ICLR *24) 844 930 950 671 745 923 948 983 993 99.9 | 89.9
GIM-LightGlue (ICLR *24) 951 97.5 988 771 797 997 978 997 995 100.0| 94.5

Table 1. The AUPRC of all the baselines and image matching methods, split according to group type. The shorlist of candidates is
obtained with CliqueMining. Distance threshold is fixed at 25 meters. Best overall results on each dataset are in bold, best results for each
group are underlined.

Baidu MSLS Val Pitts30k SF-XL Night SF-XL Occlusion SF-XL test V1 SF-XL test V2 SVOX Night SVOX Sun  Tokyo 24/7 Average
Method R@20=969 R@20=96.6 R@20=98.6 R@20=64.8 R@20=065.8 R@20=94.0 R@20=98.5 R@20=999 R@20=99.5 R@20=984|R@20=91.3
R@] R@10 R@I R@I0 R@] R@10 R@] R@I0 R@I R@I0 R@] R@I0 R@] R@I0 R@I R@I0 R@] R@I0 R@I R@I0 |[R@] R@I0
- 729 927 91.6 959 926 978 46.1 609 447 64.5 855 926 945 983 955 99.6 982 994 968 97.8 | 81.8 90.0
R2D2 (NeurIPS "19) 832 949 821 947 88.6 976 369 592 46.1 60.5 857 923 941 982 808 973 91.7 988 9I.1 98.1 |78.0 892

D2Net (CVPR *19) 838 951 834 952 894 977 448 624 539 592 888 934 950 985 863 982 931 989 956 978 |8l4 896
SuperGlue (CVPR *20) 849 950 877 958 895 980 513 635 487 618  9L3 939 945 983 915 988 938 99.5 975 978 | 831 902
LoFTR (CVPR *21) 859 952 881 956 900 976 513 629 500 645 912 935 955 985 937 994 968 994 975 98.1 | 840 90.5
Patch2Pix (CVPR "21) 836 952 848 951 888 978 412 599 513 618 888 931 948 983 798 993 953 994 968 981 | 805 898
Matchformer (ACCV *22) 858 951 865 952 907 979 506 616 500 632 910 937 957 985 945 991 961 99.5 97.8 984 | 839 902

SuperPoint+LightGlue (ICCV *23) 860 952 87.3 958 903 980 53.0 627 474 632 912 940 936 985 922 994 957 993 97.1 981 |834 904
DISK+LightGlue (ICCV *23) 844 954 870 955 893 978 S04 624 487 645  89.1 936 928 983 859 976 941 993 965 98.1 |88 902
ALIKED+LightGlue (ICCV '23) 860 955 892 957 894 980 504 635 513 645 903 936 945 983 880 99.0 946 993 971 98.1 |83.1 905

RoMa (CVPR "24) 8I.1 950 829 952 874 976 421 620 474 632 794 935 935 985 854 99.8 878 995 937 978 |78.1 902
Tiny-RoMa (CVPR *24) 824 954 829 952 874 976 421 620 474 632 871 933 935 985 687 978 827 992 937 978 | 768 90.0
Steerers (CVPR "24) 857 950 814 944 897 977 448 618 500 618 903 937 950 985 885 993 953 993 965 984 |87 90.0
Affine Steerers (ECCV *24) 844 951 842 953 891 977 474 624 487 592 895 937 945 982 885 993 943 991 968 981 |817 898
DUSI3R (CVPR "24) 772 947 753 895 830 956 350 539 368 526 771 870 769 977 674 791 779 862 883 968 | 695 833
MAS3R (ECCV 24) 834 953 805 957 909 981 481 622 513 658 903 938 935 983 953 996 963 994 968 984 | 826 90.7
XFeat (CVPR "24) 814 941 858 950 894 977 436 612 434 605 869 930 935 985 831 982 890 986 930 978 | 789 895
GIM-DKMv3 (ICLR *24) 530 952 321 923 662 977 382 624 368 632 538 935 753 980 552 99.8 518 993 778 981 | 540 900
GIM-LightGlue (ICLR *24) 865 954 886 957 9Ll 978 515 614 526 645  9L1 938 943 983 931 978 968 989 965 981 | 842 902

Table 2. Recalls before and after applying re-ranking. Recalls are computed by setting the distance threshold to 25 meters. The shortlist
of candidates to be re-ranked is obtained with CliqueMining, and the results with such shortlist are shown in the first row. Re-ranking has
been applied to the first 20 candidates (i.e. K = 20). Next to each dataset’s name, we show the R@20, which in practice sets the upper
bound of the maximum recalls achievable after re-ranking. Best results are in bold, second best are underlined.
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Figure 2. Plot displaying the Recall@1 after re-ranking and mean latency for different methods. For each dataset, we compute
the Recall@1 after re-ranking and the mean latency, which is the average time to process each query. The shortlist of candidates for the
Recall@1 is obtained with MegalLoc and distance threshold fixed at 25 meters.
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Figure 3. Precision-Recall curves, computed for the top-7 image matching methods on Baidu, SF-XL Night, and SF-XL Occlusion,

together with the L2 distance in embedding space. Distance threshold is fixed at 25 meters.
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