
1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

Supplementary Materials:
PRISM: PRogressive dependency maxImization for

Scale-invariant image Matching
Anonymous Authors

1 SUMMARY
In this supplementarymaterial, we providemore details and exper-
iment results about our proposed image matching method: PRo-
gressive dependencymaxImization for Sclae-invariant imageMatch-
ing (PRISM). We 󰎓rst elaborate on the RoPE [13] and supervision
of the Patch Pruning module mentioned in the main manuscript
(Sec. 2). Then, we conduct more experiments to validate the e󰎎ec-
tiveness of our design choices and superior performance (Sce. 3).
Finally, we give more qualitative results on MegaDepth [7], Scan-
Net [3] and InLoc [15] dataets (Sec. 4).

2 IMPLEMENTATION DETAILS
2.1 Details about Positional Encoding
We adopt the Rotary Position Embedding (RoPE) [13] to model
the spatial positional relationships between patch features. Given
the ith projected query Qi ∈ Rd and n projected K-V pairs where
Kj ∈ Rd andVj ∈ Rd , the attention messagemi can be de󰎓ned as:

mi =

n󳕗
j=1

softmax
󰀃
a
󰀃
Qi ,Kj

󰀄 󰀄
Vj (1)

The RoPE does not fully model the positional information of each
input. Instead, it considers the relative distance between the cur-
rent position and the position being attended to when computing
attention score. In this case, the attention score between the query
feature Qi and jth key feature Kj ∈ Rd is de󰎓ned as:

ai j = Q
T
i R(∆x ,∆󱗌)Kj (2)

Where R(·) ∈ Rd×d is the rotary encoding and ∆x = xi − x j ,∆󱗌 =
󱗌i−󱗌j .xi ,󱗌i is the coordinates ofQi , de󰎓ned as the normalized cen-
tral coordinate of grid corresponding toQi at 1

8 resolution. x j ,󱗌j is
the coordinates of Kj and de󰎓ned in the similar way. To compute
the rotary encoding, the feature space is 󰎓rst divided into d

2 2D
subspaces and each of them is rotated by an angle:

R(∆x ,∆󱗌) =
󳔑󳔕󳔕󳔕󳔕󳔕
󳔓

R1(θ1)
R2(θ2)

. . .

R d
2
(θ d

2
)

󳔒󳔖󳔖󳔖󳔖󳔖
󳔔

(3)

Rk (θ ) =
󰀕
cosθ − sinθ
sinθ cosθ

󰀖
,θ = bTk (∆x ,∆󱗌) (4)

Where Rk (θ ) is the rotary matrix for kth subspace and bk ∈ R2 is
a learned parameter to project the the distance between features
into frequencies. The whole process is shown in Figure 1.

Softm
ax

Figure 1: The process of attention mechanism. The ⊗ means
the product and the ⊕ represents the summation. The RoPE consid-
ers the relative distance between query and key when computing
the attention score ai j .

resolution Pose estimation AUC VRAM (GiB) time(ms)@5◦ @10◦ @20◦ SP/HP
1152 × 1152 60.0 74.9 85.1 13.5/11.0 209.1
960 × 960 58.3 73.0 83.6 9.9/6.6 153.3
832 × 832 56.4 71.6 82.7 7.7/4.5 119.7
640 × 640 52.9 68.5 80.2 5.4/3.2 99.4

Table 1: The Pose estimation AUC, VRAM and inference
time under di󰎎erent test image resolutions. the SP means in-
ference using Single-Precision and HP means Half-Precision.

2.2 Patch Pruning Supervision
Since the Patch Pruning is applied on coarse features at 1

8 resolu-
tion, We use the central coordinates of grids at 1

8 resolution to rep-
resent the coordinates of the coarse features.We project the central
points in left image to the right image using its groundtruth depth
map and camera pose, and take its nearest neighbor as a matching
candidate. Then the central points in right image are projected to
the left images in the same way. Based on the matching relation-
ships in these two directions, we use MNN (Mutual Nearest Neigh-
bors) 󰎓ltering to obtain reasonable matches. The 󰎓ltered matches
can be used to indicate whether a feature can be matched or not
and supervise the training.

3 MORE EXPERIMENTS RESULTS
3.1 Impact of test image resolutions
We farther study the impact of test image resolutions to PRISM on
the Pose estimation AUC and report the optimized VRAM usage
(inference using Half-Precision), as shown in table 1. All results
are based on one single A100 GPU. As the resolution is reduced,
PRISM can still achieve competitive performance and the inference
time and memory e󰎏ciency have both been greatly improved.
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Methods Scale [1, 2) Scale [2, 3) Scale [3, 4) Scale [4, inf)
Pose estimation AUC@5◦ / AUC@10◦ / AUC@10◦

Sparse

SIFT [9]+HardNet [10] 21.2 / 33.0 / 45.4 10.8 / 18.6 / 28.6 4.6 / 9.3 / 16.2 1.9 / 4.4 / 8.8
DISK [16] 33.7 / 49.8 / 63.3 5.5 / 8.5 / 11.6 0.2 / 0.5 / 0.8 0.1 / 0.2 / 0.4
R2D2 [11] 37.8 / 55.9 / 70.7 22.7 / 36.9 / 51.9 6.6 / 13.0 / 22.0 2.1 / 4.0 / 7.2
SP [4]+SG [12] 50.4 / 67.6 / 80.0 39.4 / 57.78 / 72.3 19.7 / 35.2 / 52.0 10.1 / 19.6 / 33.9

Dense

LoFTR [14] 60.2 / 74.7 / 84.5 49.7 / 65.7 / 77.9 24.9 / 39.7 / 55.1 10.2 / 18.7 / 30.0
ASpanFormer [1] 60.9 / 75.3 / 85.0 54.6 / 70.2 / 81.2 33.4 / 51.2 / 66.9 18.0 / 30.5 / 44.6
AdaMatcher [6] 62.4 / 76.0 / 85.4 57.0 / 71.8 / 82.6 41.0 / 58.7 / 73.4 26.6 / 42.0 / 56.7
PRISM (Ours) 66.6 / 79.2 / 87.2 61.9 / 75.9 / 85.2 43.5 / 60.7 / 74.9 27.4 / 42.9 / 57.4

Table 2: Relative pose estimation on the scale-split Megadepth test set.

θp
Pose estimation AUC
@5◦ @10◦ @20◦

0.8 56.2 71.7 82.8
0.85 56.2 71.6 82.7
0.9 56.1 71.6 82.9
0.95 56.4 71.6 82.7

Table 3: The impact of Patch Pruning threshold θp on the
MegaDepth dataset. The test image resolution is 832 × 832.

3.2 Evaluating Pose Estimation Errors on a
scale-split Megadepth test set

To further demonstrate the e󰎎ectiveness of PRISM in handling scale
discrepancy, we evaluate the pose estimation errors on a scale-split
Megadepth test set. The image pairs are split by their scale ratio
ranges in [1, 2), [2, 3), [3, 4) and [4,+∞), following [2, 6]. All im-
ages are resized so that the longest dimension equals 840 (ASpan-
Former [1] and our method (PRISM) use 832 due to the need for an
image resolution divisible by 16). The pose error AUC at thresholds
of 5◦, 10◦, and 20◦ are reported.

We compare with sparse methods [4, 9–12, 16] and dense meth-
ods [1, 6, 14], as shown in table 2. Ourmethod outperforms all base-
lines under various relative scale ratios substantially. We attribute
the top performance to the hierarchical design of SADPA, which
can aggregate features across di󰎎erent scales. The Patch Pruning
module also contributes to the accuracy by pruning irrelevant fea-
tures.

3.3 Ablation on the Patch Pruning Threshold
This section analyzes the impact of the Patch Pruning threshold θp .
We train several variants of PRISM using θp ∈ {0.95, 0.9, 0.85, 0.8}
and test the pose estimation errors at 832 × 832 image resolution.
Table 3 shows the results of relative pose estimation results for
PRISM on MegaDepth. As shown in the table, the model with θp =
0.95 achieved the best performance. Other models with di󰎎erent
θp perform slightly worse.

3.4 Ablation on the gradual design of MPM
We conduct an ablation study to validate the gradual design of
MPM. We train a variant of PRISM which only keeps the Patch
Pruning module in the last MPM and removes the rest. This design

Method Pose estimation AUC
@5◦ @10◦ @20◦

only pruning at the last MPM 54.6 70.5 81.8
gradually pruning at every MPM (Full) 56.4 71.6 82.7

Table 4: Impact of gradual design on theMegaDepth dataset.
The test image resolution is 832 × 832.

makes patch pruning degenerate into mere co-visible area predic-
tion, only functioning during the Match Prediction phase, similar
to existing works [5, 6]. This variant is trained using the same set-
ting as the full model and tested onMegaDepth dataset at 832×832
image resolution. The Pose error AUC at thresholds of 5◦, 10◦, and
20◦ are reported. As shown in table 4, when only performing patch
pruning at the last MPM, the pose estimation AUC declines notice-
ably. This validates the e󰎎ectiveness of the gradual design of MPM.

4 MORE QUALITATIVE RESULTS
More qualitative comparisons between PRISM and LoFTR [14] and
SP [4]+LG [8] are provided. Figure 2 shows the qualitative results
on MegaDepth dataset and Figure 3 shows the qualitative results
on ScanNet dataset. More qualitative results on the InLoc bench-
mark are shown in Figure 4.
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Figure 2: Qualitative Results onMegaDepth dataset.We compare with the sparse method SP [4]+LG [8] and dense method LoFTR [14].
The red color indicates the epipolar error beyond 5× 10−4 (in the normalized image coordinates). We report the pose error in the upper left
corner in each pair of image, please zoom in for details.
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Figure 3: Qualitative Results on ScanNet dataset. We compare with the sparse method SP [4]+LG [8] and dense method LoFTR [14].
The red color indicates the epipolar error beyond 5× 10−4 (in the normalized image coordinates). We report the pose error in the upper left
corner in each pair of image, please zoom in for details.
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Figure 4: Qualitative Results on InLoc dataset. We compare with the sparse method SP [4]+LG [8] and dense method LoFTR [14]. We
color the matches with matching scores since there is no ground-truth pose available. The green indicates higher score and red for the
opposite.
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