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In this document, we will provide results with
GLOMAP [6], additional metrics on the tested datasets and
the processing times of all methods, a complexity analysis,
additional ablation studies on the network inputs, and more
description of the clustering and visualizations.

1. Additional Metrics

In addition to the mean error and recall reported in Tables 1,
2, 4 in the main paper, we also present the median error. Ta-
ble 1 (main paper) shows, that most other methods perform
poorly on scene Trafalgar, which significantly contributes
to the high average performance gain of factor 5. However,
even excluding Trafalgar from Table 1 (main paper), the
mean error of our method is 76% of 1DSfM. To mitigate the
influence of such extreme cases, we report robust metrics
like recall and median error. The median position error and
the number of reconstructed cameras by Theia [11] across
all datasets are presented in Tables 1, 2, and 3. Consis-
tent with the mean errors and recall rates, our method com-
bined with the Triangle filter achieves the lowest median er-
rors across all datasets. Notably, our proposed method con-
sistently outperforms the 1DSfM baseline. The proposed
method results in a similar number of cameras to the base-
lines. However, combining it with the Triangle filter results
in a reduction in the number of reconstructed cameras. It
is important to highlight that the highest recalls achieved by
the Ours+Triangle method (main paper) indicate that it only
removes cameras that could not be reconstructed accurately.

To achieve a clearer understanding of the removed and
kept translation directions, we present the angular error dis-
tribution for inliers and outliers as labeled by our proposed
method or 1DSfM in Fig. | for three scenes of the Photo-
Tourism dataset. It can be seen that the outliers removed by
the proposed filter are mostly located in the right part of the
histograms, indicating that the removed edges indeed have
high errors. The 1DSfM filter, on the other hand, barely re-
moves any edges. For example, 1DSfM does not remove
anything in the Milan Cathedral scene. While the removed
edges usually have high errors, such a minimal filtering has
negligible impact on the final accuracy, as can be seen in the
tables of the main paper.
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Figure 1. Relative error distribution of different scenes filtered
with our proposed method and 1DSfM filter. Shown here are
scenes British Museum, Lincoln Memorial Statue and Milan
Cathedral from the PhotoTourism dataset.

On average, the relative error in degrees is significantly
lower for inlier edges (37.69° 1DSfM, 43.19° PhotoT.)
compared to outlier edges (43.49° 1DSfM, 50.56° PhotoT.)
demonstrating that the proposed method effectively filters
out less accurate edges and retains relative translations with
reduced angular error. Across all three scenes analyzed, the
distribution shows that inliers are more concentrated in re-
gions with lower angular error, while outliers are more fre-
quently observed in regions with higher angular error. This
distinction underscores the method’s capability to discrimi-
nate between potential inliers and outliers.

2. Experiments in GLOMAP

The detailed results of the compared filters incorporated
into GLOMAP on the 1DSfM dataset are shown in Table 4.
Similarly to the experiments in the main paper, our pro-
posed filtering combined with the Triangle filter leads to
the lowest errors. The median error is reduced by 1.55 me-
ters by combining the proposed and Triangle filters. For
recall, both the proposed method, standalone and com-
bined with the Triangle filter, achieve the highest average
recalls. Specifically, the proposed method improves signif-
icantly on scenes such as Alamo (14.17% improvement),
Ellis Island (44.56% improvement), NYC Library (8.91%
improvement) as compared to the default pipeline without



Table 1. Median position errors and the number of cameras reconstructed by Theia [11] on the PhotoTourism dataset [10], using unfiltered
relative translations (w/o Filter), MSAC score [4], CleanNet [7], the Triangle filter [5], 1IDStM [12], 1DSfM combined with the Triangle
filter, and our proposed method, both standalone and in conjunction with the Triangle filter. Additionally, the results of the Oracle filter,
removing all outlier translations, are also presented. The best results are shown in bold, and the second-best ones are underlined.

Scene ‘ B. Museum F. Cathedral L. Memorial M. Cathedral M. Rushmore Reichstag Sacre Coeur S.Familia St. P. Cathedral St. P. Square ‘ AVG
Median position error (#)
Oracle ‘ 1.67 0.66 0.87 1.09 0.78 1.13 0.35 0.75 0.95 1.37 ‘ 0.96
w/o Filter 2.03 1.42 2.18 1.16 1.29 1.37 0.53 1.07 1.10 1.61 1.38
MSAC score 1.96 1.48 2.27 1.20 1.28 1.49 0.54 1.14 1.09 1.71 1.42
CleanNet 2.03 1.48 2.18 1.23 1.23 1.39 0.53 1.10 1.13 1.65 1.40
Triangle 2.03 1.48 2.18 1.22 1.23 1.37 0.54 1.06 1.10 1.61 1.38
1DSfM 2.04 1.49 2.09 1.23 1.24 1.40 0.54 1.06 1.07 1.64 1.38
1DSfM+Tri.. 2.03 1.46 2.12 1.20 1.24 1.45 0.54 1.06 1.09 1.71 1.39
Ours 2.01 1.18 2.14 1.22 1.22 1.52 0.51 1.15 1.09 1.66 1.37
Ours+Tri. 2.01 0.98 2.14 1.22 1.22 1.39 0.51 1.15 1.09 1.66 1.34
# of cameras ("")
Oracle ‘ 659 102 849 121 133 75 1177 396 609 2501 ‘ 662
w/o Filter 660 108 850 123 138 75 1177 401 612 2503 665
MSAC score 660 108 850 123 138 75 1177 401 612 2503 665
CleanNet 660 108 850 123 138 75 1177 401 612 2503 665
Triangle 660 108 850 122 138 75 1177 401 612 2503 665
1DSftM 660 108 850 123 138 75 1177 401 612 2503 665
1DSfM+Tri. 660 108 850 123 138 75 1177 401 612 2503 665
Ours 660 107 850 123 138 75 1177 401 612 2503 665
Ours+Tri. 660 96 850 123 138 75 1177 401 612 2503 664

Table 2. Median position errors and the number of cameras reconstructed by Theia [11] on the 1DSfM dataset [12], using unfiltered
relative translations (w/o Filter), MSAC score [4], CleanNet [7], the Triangle filter [5], 1IDSfM [12], 1DSfM combined with the Triangle
filter, and our proposed method, both standalone and in conjunction with the Triangle filter. Additionally, the results of the Oracle filter,
removing all outlier translations, are also presented. The best results are shown in bold, and the second-best ones are underlined.

Scene ‘ Alamo E.Island Gendarm. M. Metro M. N. Dame NYC Library N. Dame P. del Popolo Piccad. R.Forum T. of London Trafalgar U. Square V. Cath. Yorkm. ‘ AVG
Median position error (#)
Oracle ‘ 3.77 13.28 31.74 14.78 4.54 2.99 2.02 9.98 3.94 10.37 16.46 36.68 7.50 7.96 5.51 ‘ 11.93
w/o Filter 5.38 16.10 41.38 21.79 5.30 10.97 243 14.66 6.83 14.71 31.81 58.64 12.78 1290 22.44 |19.49
MSAC score | 5.67  16.12 30.49 22.56 - 9.48 2.41 14.03 6.87 15.23 84.55 60.32 12.95 13.95 23.15 |22.70
CleanNet 522 16.61 50.56 2252 5.11 9.74 2.44 14.02 6.74 14.61 32.37 41.30 13.22 1231 21.69 |18.81
Triangle 3.34 7.65 39.85 13.77 4.73 4.13 2.30 13.51 5.55 13.59 25.19 59.38 10.04 10.96 9.36 |15.62
1DSfM 5.25 16.29 45.76 22.09 6.74 11.12 2.44 14.29 7.08 17.02 34.42 64.41 12.17 12.64 2522 |20.73
IDSfM+Tri. | 3.40 8.94 43.76 16.67 597 3.74 2.38 13.13 5.96 15.57 29.06 56.69 9.79 11.24  10.52 | 16.49
Ours 527 1023 36.93 20.37 - 6.97 235 12.98 6.58 14.00 27.41 55.72 12.12 1225 20.34 |17.39
Ours+Tri. 3.38 9.19 36.95 12.57 - 3.92 2.30 12.60 5.61 12.81 18.18 54.58 9.72 10.66 6.65 |14.22
# of cameras (")

Oracle 789 795 817 534 1435 487 1355 870 2959 1500 618 4256 691 1474 277 | 1248
w/o Filter 943 1229 1093 751 1507 1135 1422 1095 3615 1678 872 5092 1293 1704 645 | 1612
MSAC score | 938 1212 1091 745 - 1123 1419 1078 3586 1677 863 5025 1251 1675 645 | 1595
CleanNet 918 1173 1048 681 1460 1018 1422 1047 3496 1635 813 4896 1174 1509 621 | 1527
Triangle 689 703 853 394 469 411 1400 836 2810 1378 603 3472 760 982 322 | 1072
1DSftM 943 1229 1093 751 1507 1135 1422 1095 3615 1678 854 5072 1291 1704 645 | 1602
IDSfM+Tri. | 689 703 852 393 469 410 1396 831 2779 1370 607 3408 741 979 321 | 1063
Ours 929 761 970 675 - 886 1416 1051 3407 1522 744 3989 1268 1490 563 | 1405
Ours+Tri. 684 586 853 328 - 403 1391 753 2692 1160 534 3123 731 944 265 | 1032
filtering. Here, we do not show results for the MSAC score- 3. Processing Time

based method and CleanNet, as they were ineffective inside ) ) )
Theia. Let us note that these median errors are significantly The runtime of all filtering methods applied to the datasets

lower than when using Theia in Table 2, demonstrating that PhotoTourism, 1DSfM, and ScanNet. is detailed in T'able
GLOMAP is a more robust SfM pipeline. 5. Among these methods, 1DSfM is the most efficient,

closely followed by CleanNet [7], MSAC score based on
[4] and Triangle, the latter being a brute force implementa-
tion in C++ based on [5]. The Oracle filter also demon-



Table 3. Median position errors and the number of cameras recon-
structed by Theia [11] on the ScanNet dataset [ 1], using unfiltered
relative translations (w/o Filter), MSAC score [4], CleanNet [7],
the Triangle filter [5], 1DSfM [12], 1DSfM combined with the
Triangle filter, and our proposed method, both standalone and in
conjunction with the Triangle filter. Additionally, the results of the
Oracle filter, removing all outlier translations, are also presented.
The best results are shown in bold, and the second-best ones are
underlined.

Scene | 0000 0059 0106 0169 0181 0207 | AVG
Median position error (#)
Oracle | 036 063 034 034 049 036 | 042

w/o Filter 0.60 049 077 045 123 0.79 | 0.72
MSACscore| 0.62 125 098 140 123 1.15 | 1.10
CleanNet 059 050 077 045 123 079 | 0.72

Triangle 059 052 076 036 1.18 0.58 | 0.66
1DSIM 061 049 087 043 127 079 | 0.74
IDSfM+Tri. | 0.60 051 071 037 0.73 058 | 0.58
Ours 059 050 075 049 1.07 051 | 0.65

Ours+Tri. 059 053 052 038 0.87 030 | 0.53
# of cameras (")
Oracle 5472 1730 1788 1891 1213 591 | 2114

wioFilter | 5572 1806 2259 2026 1885 1953 | 2584
MSAC score| 5572 1806 2260 2022 1862 1941 | 2577
CleanNet | 5571 1806 2259 2024 1876 1943 | 2580
Triangle 5560 1803 2256 1922 1686 760 | 2331

1DStM 5572 1806 2259 2026 1885 1953 | 2584
IDSfM+Tri. | 5537 1783 2234 1903 1172 741 | 2228
Ours 5571 1806 1911 2025 1498 1098 | 2318

Ours+Tri. 5542 1799 1546 1845 1238 588 | 2093

strates speed, implemented in Python. It compares each
edge in the view graph against the relative translation ob-
tained from COLMAP. When our method is run prior to
applying the Triangle filter, the Triangle filter is more effi-
cient on many scenes, as it needs to iterate through fewer
edges compared to when it operates independently. As ex-
pected, the proposed filtering method is the slowest. It runs
for 8.60 (PhotoTourism), 2.59 (1DSfM), and 4.42 (Scan-
Net) minutes on average. Let us note that this is still negli-
gible compared with other components of an SfM pipeline,
e.g., feature matching and final bundle adjustment. More-
over, our code can be further optimized by moving all its
parts from Python to C++. Table 6 compares the runtime
between Theia, GLOMAP and COLMAP across 11 scenes
from the 1DSfM dataset. A more detailed breakdown of
the individual components of our method is: on avg., fea-
ture extraction accounts for 64.7% of the total runtime, line
graph creation 9.7%, attribute assignment 11.3%, forward
pass 6.1%, graph clustering 0.8% and the rest of the filter-
ing is 7.4%.

4. Complexity Analysis

The computational complexity of the method is described
below and in algorithms 1, 2, 3, 4.

1. Graph clustering. The graph clustering (Algorithm
1) has a time complexity of O(JEj). The function for com-
puting the k-way partition is implemented in COLMAP and
utilizes the METIS library [3]. It has a complexity of
O(jE]) as discussed in [3]. Thus, the complexity of the
graph clustering is linear in the number of edges.

2. Conversion to line graph representation. The com-
plexity of line graph conversion (Algorithm 2) is dominated
by the nested loops for adding the edges to the line graph,
resulting in a total complexity of O(jVj deg,, (V))?,
where deg,,q (V) is the average node degree. In the 1DSfM
dataset, the average node degree is 45. The function is im-
plemented in the NetworkX library [2] and can be easily
parallelized to convert each edge from the original graph to
a node in the line graph.

3. Create edge attributes. Assigning relative rotations
and relative translations to every edge in the line graph (Al-
gorithm 3) scales linearly with the number of edges in the
line graph, implying complexity O(JEj).

4. Create node attributes. To create the node attribute
(Algorithm 4), we stack the relative rotations and positions
in the linegraph L(G) into a tensor. The output is a node
attribute tensor, created in O(jV, j) = O(JEj) time.

5. Graph Neural Network Inference. We run the
GNN to classify all nodes in the line graph. Each layer
computes the scaled dot-product attention for all nodes,
where each node calculates the attention from its neigh-
bors. Thus, the update has a time complexity dominated
by O(degavg (Vo) Vi) = O(degavg (VL) JEj), where
degayg (VL) is the average node degree in the line graph.

Algorithm 1 Graph Clustering

1: Input: view graph G = (V, E), weights

2k 3 > initial cluster number O(1)

3: while (max(jE, j) > max edges that fit into memory)
do

4: Solve k-way graph partitioning > using METIS
O(iE))
5: Build % subgraphs > O(jE))

6: Compute max(jE_j) for linegraphs of all sub-

graphs: JE, j = 33 vepdeg(v)® m >
OGE))
ok k41 >0(1)

8: end while
9: Output: k clusters




Table 4. Median position errors in meter and recall thresholdd@ratfor reconstructions by GLOMAP [6] on tHEDSfM dataset[12],
using only default Iters (w/o Filter), Triangle lter [5], 1DSfM [12], 1DSfM combined with Triangle Iter, and our proposed method,
both standalone and in conjunction with Triangle Iter. Additionally, the results of the Oracle Iter, removing all outlier translations, are

presented. Best results are in bold.

Scene \Alamo E. Isl. Gendar. M. Metro M. N. Dame NYC Lib. N. Dame P. del Pop. Piccad. R. Forum T. of London Trafalgar U. Square V. Cath\.Nt@(m.
Median position error#)
Oracle | 1.76 501 3107 3.66 0.92 086 123 670 176 3.06 5.16 3242 593 321 |82
wio Filter | 3.95 14.33 32.31 4.72 1.10 312 128 762 211 322 5.97 3276 955 328 |BEB
Triangle | 2.03 12.17 31.49 3.83 0.97 110 124 708 191 315 5.02 3208 633 337 17.3561
1DSM 3.89 13.74 31.67 4.67 1.09 158 127 768 215 3.36 5.98 31.83  9.04  313990|9.01
1DSfM+Tri.| 2.00 12.06 29.46  3.77 0.99 110 125 718 1.88 324 532 3151 583 3.36 15.13/8.27
Ours 216 9.10 3003 3.50 1.12 1.87 125 755 210 3.28 5.23 3358 831 326 [55B
Ours+Tri. | 1.85 6.67 30.85 257 0.90 1.02 129 703 185 325 4.54 3316 587 3.22 16.08/8.01
Position recall@10m’(
Oracle  |83.37 64.14 7.36 69.08  95.28 88.43 9205 5815 8537 77.94 64.96 3491 67.13 81.24 |660695
w/o Filter | 65.65 36.1813.46 63.36  90.79 60.94 91.98 5496 80.41 7463 5852  33.90 4950 7892 37.659.39
Triangle |77.1344.08 958 6298 8629 7595 9132 5431 8334 7225 5995 3391 5936 7857 22.8%0.79
1DSM 65.65 3553 7.84 6240  90.56 71.07 91.90 5478 8135 73.79 5828  31.73 50.70 7R&8|59.80
1DSfM+Tri.| 76.26 43.75 9.29 6260 8652 7595 91.03 5440 8322 71.10 5828 3273 59.16 77.62 3%3615
Ours 7495 5230 12.39 6240  90.34  66.37 91.83 5468 80.61 73.87 57.8B4.35 5299 79.09 41.18|61.68
Ours+Tri. |75.6055.92 9.58 59.16  82.02 7468 9147 5421 82.06 69.87 56.26 ~ 32.660.36 77.62 37.65/61.27
Algorithm 2 Line Graph Construction Algorithm 4 Create Node Attributes

1: Input: graphG= (V;E) 1: Input: graphL(G) = (V. ;B ), relative poses

2: forall v2V do . O(jVj) 2: forall v2V, do . O(jVL))

3 for all adjacent edges todo . O(deg(v)) 3 stack rel. rotations and rel. positions to tensor

4: V.  addedge .01 4: end for

5: end for 5. Output: node attribute tensor

6 forall a2V, do . O(deg(v))

7 forall b2 V. nfagdo . O(deg(v))

8: B add edgga; b if they share a com-  rel. rotationsandOurs w/o rel. translationsThe results are
mon node presented in Table 7. Our method, using all inputs, halves
0o(1) the mean position error compared @urs w/o rel. rota-

9: end for tions and reconstructs more cameras with higher accuracy

10: end for than Ours w/o rel. translations We framed the proposed
11: end for

12: Output: line graphL(G) = (V.;E)

Algorithm 3 Create Edge Attributes
1: Input: line graphL(G) = (V_;E)

2: identify common nodes for all edge pairs . O(E )

3: retrieve rotations and features for common nodes.
O(E)

4: concatenate into one tensor per edge . O(R)

5: stack into nal edge attribute tensor . O(R)

6: Output: edge attribute tensor

5. Additional Ablation Studies

method as a ltering technique for translation averaging un-
der the assumption that rotation averaging is generally a less
complicated problem. While incorporating global rotations
into the Itering process yields the best results, we observe
improvements even in the absence of rotatior83urs w/o
rotationsachieves good mean position error and recall, sug-
gesting that the lter can be applied prior to rotation aver-
aging. We would like to highlight that a poor-quality view
graph negatively impacting the quality of the reconstruction
is a general limitation of global Sfvhot speci ¢ to trans-
lation ltering. As demonstrated in the experiments, the
proposed method actually reduces the sensitivity of SfM to
noisy pose graphs by removing outlier edges.

Cluster number. Besides the ablations on the network in-
puts, Table 8 shows an ablation study on the cluster number
used during training. While the recalls remain stable across

Network inputs. To demonstrate the importance of global various cluster numbers without a clear trend, the 3-cluster
rotations, relative rotations, and relative translations as net-con guration, which we use in our main experiments, yields
work inputs, we trained the network without each of these the best overall performance.

components individually ifDurs w/o rotations Ours w/o

Edge classi er. To understand the impact of the line graph,



Table 5. Runtime in minutes using the baseline based on [4] mum allowable number, we incremenby one and restart
abbreviated as MSAC score, CleanNet [7], Triangle lter [5], the procedure. The maximum number of edges can be set
1DSfM [12], 1DSfM combined with Triangle Filter and our pro- o ;1amatically based on the current hardware, for example,

posed method, both standalone and in conjunction with the Trian- . . .
gle lter. Additionally, the results of the Oracle lIter, removing all .by testing multlple yalues and selecting the one that results
in subgraphs tting into memory.

outlier translations, are also presented.

Method [MSAC score CleanNet Triangle 1DSfM 1DSfM + Tri. Ours Ours+Diacle 7. Discussion on the Triangle Filter

Phototourism dataset (minute§)

B Museum 003 006 037 002 03 487 5100l The proposed method performs better with the Triangle I-

F ﬁlathed_rall 0% 006 000 0.0 000 008 0.050.00 ter in some cases and without it in others. To explore that,

. Memorial . . . .| . N . . . . . . .

M. Cathedral |  0.00 000 000 0.00 000 012 013001 we provide a more detailed description of the Triangle |-

gésﬁjgg"’e 9o 000 D00 000 Q00 D6 0ap0.0L ter in conjunction with our method. Our approach and the

Sacre Coeur | 013 010 065 003 059 868 8.960.37 Triangle lter act directly on the pose graph but remove

S. Familia 0.01 0.02 0.04 0.01 0.04 1.01 1.040.06 . . .

St P Cathedral 003 005 026 001 025 333 345017 edges for different reasons: our method targets outliers,

StP-Square | 051 087 1145 016 1093 6290 64.351.48 while the Triangle lter removes degenerate con gurations

AG | 008 007 131 003 125 860 885|025 (i.e. skewed triangles) that complicate translation averag-
1DSfM dataset (minutes#) .

yrov oL 002 002 000 002 1aa 133006 ing. Consequently, the two Iters can be complementary.

E. Island 000 001 000 000 000 129 131001 While there are instances in which the Triangle lter is not

cendarm. Pyt O e gt bene cial, on average, combining the two lters is prefer-

M.N.Dame |  0.01 001 000 000 001 - - o0 able, as can be seen in Tables 1-4 (main paper). In our ex-

NYC Library 0.00 0.01 0.00 0.00 0.00 1.17 1.19 0.02 . . .

N. Dame 0.08 007 034 002 032 68 7.040.27 periments, we apply them sequentially, rst removing out-

P. del Popolo 0.00 0.01 0.00 0.00 0.01 1.73 1.76 0.01 H H H

Piccad. 003 004 004 002 005 588 59d 014 lier edges by our lter and then running the Triangle lter.

R. Forum 0.01 0.01 0.00 0.00 0.01 221 224 0.04

T. of London 0.00 0.01 0.00 0.00 0.00 1.17 1.19 0.02 H

Trafalgar 0.08 004 006 003 010 808 824015 8. Reconstructions

U. Square 0.02 0.01 0.00 0.00 0.00 1.10 1.11 0.02

veah | oo Q02 002 001 002 229 229049 In the reconstructions depicted in Fig. 2, COLMAP is used

A/G | 002 002 003 001 004 250 264|007 as the benchmark. The COLMAP reconstruction shows
ScanNet dataset (minuteg) no cameras oating above the building. Only our method,

0000 0.12 015 025 006 020 1421 14.470.92 alone and combined with the Triangle Iter, avoids this is-

e Ay oor ooy 002 27T 2808 sue, aligning with the cameras observed in COLMAP.,

gigi ggi ggg ggg ggé ggi i;i fg ggg Visualization as shown in Figures 3 and 4. We used

0207 0.01 001 000 000 001 156 159008 the default settings of Theia [11], now utilizing trans-

AVG | 004 005 005 002 004 442 450|028 lation re-estimation, which was observed to reconstruct a

larger number of points. For Gendarmenmarkt, the gate ap-
) ) _ pears with enhanced details in comparison to alternative ap-
we experimented with a Graph Neural Network that classi- proaches. In scene Madrid Metropolis, the highlighted area
es edges instead of nodes. We applied the edge classi er toj, Ours+Triangle represents the spacing between the archi-
six PhotoTourism scenes (St. Peter's Square, Reichstag, Recture better. In scene Tower of London, both the stan-
Cathedral, M. Rushmore, S. Familia, M. Cathedral). On av- 4ajone method and its combination with the Triangle Fil-
erage, the edge classi er reconstructs 471 cameras, whereag, distinctly show two walls, highlighted in the green cir-
the proposed method reconstructs 556. The median positiorje, Union Square shows minimal variance across methods,
error of the edge classi er is 1.7, compared to our 1.3. No- though the COLMAP reconstruction displays fewer points.
tably, on scene Reichstag, the edge classi er removes 1888, the phototourism dataset in Fig. 4, scene Reichstag shows
out of 1904 edges, reconstructing only 13 out of 75 cam- |iitie variations among methods, all capturing details ef-
eras. This leads to a median position error of 2.3, which is fectively. The Florence Cathedral Side COLMAP recon-
worse than the results obtained with the proposed methodstyyction shows the left wall as upright. However, only our

(1.4) while we reconstruct more cameras. method, both on its own and when used with the Triangle
.. L ) Filter, accurately captures the wall's orientation and aligns
6. Additional Description of Clustering with the COLMAP reference.

Algorithm 1 outlines the clustering procedure to ensure that
all graphs tinto memory. We begin by initializing the clus- References

ter numbelk to 3 to obtain the initial cluster labels. NeXt, []_] Ange|a Dai’ Ange| X Chang, Manolis Savva, Maciej Hal-
we compute the number of edges in the line graph of each ber, Thomas Funkhouser, and Matthias NieRner. ScanNet:
cluster. If the edge count of a subgraph exceeds the maxi- Richly-annotated 3D reconstructions of indoor scenes. In



Table 6. Running time in minutes for reconstruction using@i@_MAP [8], GLOMAP [6] andTheia[11] pipelines on 11 scenes of the
1DSfM dataset. The feature detection and matching times are not included in the runtimes.

Scene \ Alamo E.Isl. Gendar. M.Metro N.Dame P.delPop. R.Forum T.oflLondon. U.Square V. Cath. Y¢rRWG
Time in minutes#)

Theia [11] 27 12 21 9 61 13 32 13 12 34 1 23

GLOMAP [6]| 157 40 68 26 647 45 151 64 40 193 98 138

COLMAP [8] | 2039 496 819 99 1800 306 561 592 596 1167 1272886

Table 7. Ablation study averaged over scenes Tower of London, Mount Rushmore, and Ellis Island. We report the mean position errors,
the recall at 10, and the number of cameras.

\ Mean Position Error#) Recall@10%) # of cameras"()
1DSM 51.74 48.75 740
w/o line graph 43.82 51.19 582
Ours w/o rel. rotations 50.93 49.07 525
Ours w/o rel. translations 23.19 47.62 459
Ours w/o rotations 33.98 49.92 485
Proposed \ 22.09 51.39 548

Table 8. Additional ablation Study on the impaCt of the cluster [10] Noah Snave|y, Steven M Seitzy and Richard Szeliski. Photo
number during training. We report the recalls achieved using dif- tourism: exploring photo collections in 3d. WCM SIG-
ferent numbers of clusters averaged over Tower of London, Mount GRAPH pages 835-846. 2006. 2

Rushmore and Ellis Island scenes. [11] Chris Sweeney. Theia multiview geometry library: Tutorial

& reference.http://theia-sfm.org .1,2,3,5,6,7,

Metric | 2clusters 4clusters 5clusters 6 clusters 7 clusfePsoposed (3 clusters) 8
Recall@107) ‘ 48.24 46.94 51.16 49.38 49.13‘ 51.39
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