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6. Ablations

To understand the contribution of each component, we con-
duct ablation studies along three axes: the track types used
in augmented bundle adjustment, the choice of feedforward
backbone, and the covisibility filtering strategy.

6.1. Augmented Bundle Adjustment

Augmented bundle adjustment (A-BA) is ablated in Ta-
ble 6, where all variants start from the same results after
motion averaging. Three types of tracks are considered:
SIFT tracks from classical feature matching, deep tracks
(DT) obtained from VGGSfM [43] inference, and virtual
tracks (VT) synthesized by reprojecting sampled rays across
neighboring views. On ETH3D [36], SIFT tracks contribute
most to accuracy at tight thresholds, confirming their pre-
cision for well-textured scenes. On SMERF [10], virtual
tracks are essential for preventing drift across rooms with
minimal overlap, while deep tracks provide complementary
robustness under strong appearance changes, particularly
for indoor scenes.

Table 6. Ablation results for Augmented Bundle Adjustment.

AUC@ ETH3D SMERF (minimal) SMEREF (low)
Components 1 3 5 1 5 20 1 5 20
DT SIFT VT 52.6 76.6 83.3 54.5
DT VT 454 723 802 9.7 82.0 143 70.6 92.1
SIFT VT 46.6 72.8 80.5 9.2 82.0 125 70.0 92.0
DT SIFT 548 7777 840 7.2 32.6 68.3 99 472 795
DT 47.0 72.7 80.4 55 30.7 660 7.7 41.0 75.7

SIFT BSSITSENEAT s> 342 687 46 317 714

6.2. Different Backbones

End-to-end results with different feedforward backbones
are shown in Table 7. Among the tested backbones, 3
achieves the best overall performance, owing to its higher
accuracy in local multi-view estimation. Importantly, our
proposed pipeline generalizes across all backbones: mo-
tion averaging (init) and A-BA each provide consistent im-
provements over their respective baselines, regardless of the
underlying feedforward model. This demonstrates that the
gains from our global optimization are complementary to
the local estimation quality.

6.3. Covisibility Filtering

An ablation of our two filtering steps can be found in Ta-
ble 8, where DG stands for Doppelgangers++ and VO for
visual overlap ratio. The results of all reported variants are

Table 7. Ablation on different choices of backbones.

ETH3D SMERF (minimal) SMEREF (low)
AUC@G 1 3 5 1 5 20 1 5 20
s 132 361 489 32 180 517 15 143 498
VGGT 86 240 350 28 60 221 14 60 282
MA 51 111 183 30 145 427 17 177 561
7 (init) 20.3 49.0 619 [9.8 |55I5I82BN 129 702 921
VGGT (init) 158 383 505 67 454 767 113 599 873
MA (init) 53 123 197 42 337 705 32 39.7 787
7 (A-BA) 53.1 9971 545 81.6
VGGT (A-BA) 769 833 72 456 764 120 602 872
MA (A-BA) 175 456 593 44 316 696 34 393 783

after motion averaging. On ETH3D, filtering with Doppel-
gangers++ is sufficient for achieving high accuracy, while
for more complex scenes, such as SMEREF, it is essential to
use our proposed visual overlap ratio filtering and weighting
in the optimization.

Table 8. Ablation results for covisibility filtering.

ETH3D SMERF (minimal) SMEREF (low)
AUC@ 1 3 5 1 5 20 1 5 20

DG+VO [208] 490 619 (9815558241 (129702921
DG 20.2 9.4 527 78.1 122 69.8 92.0

VO 13.5 37.0 499 32 172 46.8 1.8 13.6 323

7. Alternative System Designs

7.1. Different Radius for Local Estimation

The proposed method fixes the radius to 1 for local esti-
mation, which maximizes the overlap between neighboring
views within each star graph. Increasing the radius is not
straightforward: it would require a graph expansion step,
and feedforward tracking only works when frames pairs
have visual overlap. Moreover, a larger radius increases
computational cost and degrades local inference quality, as
demonstrated in the main paper. We therefore rely on clas-
sical optimization to propagate consistency over large dis-
tances in the graph. For sequential inputs with high sam-
pling rates or images captured from similar viewpoints,
radius-1 stars may provide redundant coverage. We leave
the exploration of adaptive or larger graph radii as future
work.

7.2. Alternative Similarity Averaging Formulation

The similarity averaging problem in Eq. 13 can also be re-
formulated as
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This formulation results in a convex optimization problem
when d is convex. However, the error can be large and scale
variant, while Eq. 13 is more constrained when the scale
of each star is normalized. This is similar to the compara-
tive advantage of BATA [54] over LUD [26] in translation
averaging.

8. Runtime

Component-level runtime statistics are summarized in Ta-
ble 9 and Table 10. All experiments are conducted on
an Neoverse-V2 CPU with 856 GB RAM and an NVIDIA
GH200 GPU with 96 GB memory. A batch refers to an im-
age pair or a star. Because the number of retrieved pairs and
the maximum number of neighbors per image are fixed, the
runtime of Doppelgangers++ [49] and local inference (star
reconstruction and tracking) scales linearly with the number
of images. The global motion averaging and A-BA steps
are comparatively inexpensive, especially when the number
of images is small. If lower accuracy is acceptable for a
downstream application, tracking and A-BA can be skipped
entirely, significantly reducing the overall computation.

Table 9. Runtime (in seconds) of batch inference across datasets.

Two View [49]  Star [47]  Tracking [43]
Percentile @ 50 90 50 90 50 90
Per batch 1.20 1.23 031 0.77 127 1.81

Table 10. Runtime (in seconds) for the global refinement

Motion Averaging Augmented Bundle Adjustement

Percentile @ 50 90 50 90
ETH3D 0.28 1.02 95.58 294.92
CO3D 0.09 0.42 8.58 45.92
IMC2021 0.07 0.35 491 28.64
SMERF 1.18 3.13 255.37 1142.33
LaMAR 177.5  280.00 19505.91 22578.51

9. Sampling Method for Analysis

We consider all sequences in the LaMAR [31] dataset.

For each sequence, we select a random center frame every

200 images. Around each center frame, we extract subse-

quences at multiple temporal densities:

* Consecutive sampling (high density): subsequences of
length 4, 8, 16, 32, 64, and 128 frames.

e Sampling every 2 frames (medium density):
quences of 4, 8, 16, 32, and 64 frames.

* Sampling every 4 frames (low density): subsequences of
4,8, 16, and 32 frames.

subse-

For example, from a 64-frame window, sampling at inter-
vals of 2 or 4 yields subsequences of length 32 or 16, re-
spectively. These subsequences observe the same scene but
at different spatial-temporal densities.

The provided ground truth mesh is used to render depth
maps, where sequences with inconsistent depths are dis-
carded (=~ 11.7%). The remaining sequences form the com-
plete sample set.

10. Track Mixing Strategy

The three source of tracks, namely SIFT, feedforward
tracks, and virtual tracks, are combined through a priority-
based mixing strategy before being passed to the final bun-
dle adjustment. The goal is to ensure that every image pair
receives sufficient constraints while prioritizing SIFT tracks
which have the highest accuracy and avoiding redundant
tracks on pairs that are already well covered.

Concretely, we first include all SIFT tracks uncondition-
ally. Next, we iterate over the deep tracks produced by
the feedforward network. For each deep track, we check
whether any image pair it spans is undercovered, which we
define as having fewer than 512 existing matches. If at least
one such under-covered pair exists, the deep track is added
to the track set; otherwise it is discarded. Finally, the same
procedure is applied to virtual tracks.

11. More Visualizations

To demonstrate the concrete challenges faced by Structure-
from-Motion, we provide further visual examples.

In symmetric scenes, feedforward methods often have
difficulty distinguishing visually similar structures, result-
ing in collapsed reconstructions where distinct parts of the
scene are incorrectly merged. One such example with four-
way symmetry can be found in Figure 5. By leveraging
Doppelgangers++ [49] to filter non-covisible pairs, our pro-
posed method can reliably distinguish between the different
facades and produce a correct reconstruction.

Examples from the SMERF [10] benchmark as proposed
by MP-SFM [28] can be found in Figure 6 and Figure 7.
This benchmark is established by selecting a sparse subset
of images from dense indoor captures, resulting in minimal
to no multi-view overlap between consecutive frames, often
compounded by low texture. The multi-room layout fur-
ther introduces symmetry challenges, as structurally similar
rooms can easily be confused. Fueled by feedforward meth-
ods for local reconstructions, our proposed method success-
fully reconstructs scenes even under minimal overlap, while
maintaining high accuracy when overlap is abundant. In
contrast, purely feedforward models struggle to distinguish
visually similar rooms (e.g., Berlin and London) and ex-
hibit drastic scale drift across rooms. Furthermore, under
low overlap, 3 [47] lacks sufficient multi-view correspon-



dences for bundle adjustment to be effective; in these cases,
BA may fail to improve accuracy or even degrade it by over-
fitting to noisy observations. Consequently, 72 achieves low
scores even on scenes with high image density.

12. Detailed results

In this section, we provide per-scene and per-category
breakdowns for ETH3D [36], CO3DV2 [29], and
IMC2021 [15].

For ETH3D [36], per-scene results can be found in
Table 11. ETH3D features high-resolution images with
millimeter-accurate ground truth across diverse indoor and
outdoor environments. The proposed method achieves the
highest accuracy overall, benefiting from both the robust-
ness of feedforward local estimation and the precision of
classical global optimization.

For CO3D [29], per-category results can be found in Ta-
bles 12, 13, and 14. CO3D consists of object-centric video
sequences that often exhibit low texture and limited multi-
view overlap. With 10 images (Table 12), 7% with bun-
dle adjustment generally achieves higher accuracy than our
method, as the feedforward model can observe nearly the
entire scene in a single pass, reducing the need for global
optimization. With 20 and 40 images, the proposed method
matches or slightly exceeds 7 + BA, as the larger scene
coverage benefits from our global consistency enforcement.

For IMC2021 [15], per-scene results can be found in Ta-
ble 15. IMC2021 consists of unordered internet photo col-
lections with significant illumination and viewpoint vari-
ation. With only 5 images, 72 + BA is slightly more
accurate than the proposed method, though both signifi-
cantly outperform classical methods that struggle with in-
sufficient feature matches. With 10 images, the proposed
method achieves the best accuracy among both classical
and feedforward approaches. With 25 and full images,
GLOMAP with SIFT features achieves the best accuracy as
the denser sampling provides sufficient classical correspon-
dences, while the proposed method remains competitive.
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Figure 5. With the help of Doppelganger++ [49], our proposed method works well on scenes with high symmetry in ETH3D [36]. The
result of feedforward methods like 72 [47] collapses.

Table 11. Detailed results on ETH3D [36].

Results marked with * are with ground truth calibration.
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9.9
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66.9
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37.0
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68.9
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88.6
85.7

90.6
42
94.5
45.6
27.1
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Figure 6. Our proposed method works well from minimal to high overlap on SMERF [10] using the benchmark setup by MP-SFM [28].
The AUC scores at 1/5/20 degrees are shown below the image. Our proposed method works well even under minimal overlap, while
73 [47] has difficulty in generating accurate reconstructions.
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Figure 7. Continuation of Figure 6.



Table 12. Results per-category on CO3D [29] with 10 images per scene. The proposed method is on par with 7 + BA.

AUC@3 AUC@10 AUC@30

SIFT  AL+LG =3  x3+BA GLUEMAPT GLUEMAP SIFT  AL+LG =3 734BA GLUEMAPT GLUEMAP SIFT  AL+LG =3  =3+BA GLUEMAP! GLUEMAP
apple (10) 260 227 499 476 |574 349 302 787 [§2B8] 77.8 [812 39.6 350 90.8 [O6] 902 913
backpack (10) 28.6 22.2 49.8 473 56.1 414 32.6 79.8 81.8 79.0 48.1 38.8 92.3 92.7 92.1
banana (10) 30.7 19.1 42.6 41.0  53.8 44.0 27.3 73.2- 722 51.5 32.7 87.1 86.8 | 88.1
baseballbat (10) 26.8 18.8 37.5 344 480 413 274 68.3 73.0 67.7 50.6 35.0 84.7 84.1 | 86.0
baseballglove (10) 33.6 25.0 43.5/55.8 43.7 - 459 36.6 72.6 7712 1729 52.6 43.1 85.0 86.7 85.1
bench (10) 26.9 23.6 69.2 68.4 760 32.7 294 90.0- 89.7 35.3 32.6 96.6 96.5 974
bicycle (10) 29.8 244 572 57.0 65.0 395 335 844 87.1 845 439 38.6 942 95.1 944
bottle (10) 28.3 16.3 50.6 479 562 40.1 22.3 782800 77.7 453 26.6 90.0 90.1 ' 91.1
bowl (10) 252 11.2 44.0 41.1 474 405 14.1 75.5- 73.9 47.6 17.6 88.5 87.0 87.8
broccoli (10) 252 17.7 389 483 375 36.8 25.8 71.3 /752 71.0 43.8 32.0 88.4 873 878
cake (10) 21.7 18.5 40.8 /51.0 409 31.6 27.0 71.0 75.0 724 38.2 33.8 86.6 88.1 88.1
car (10) 224 24.0 60.7 603 624 28.2 294 834 81.5 84.0 31.4 339 922 90.6 | 924
carrot (10) 25.8 19.9 394 443 385 39.1 30.7 72.572.7 720 47.3 38.6 88.8 88.4 88.5

cellphone (10) 21.6 19.2 33.6 342 1391 339 287 62.8 63.7 62.3 43.2 35.1 794 784 789

chair (10) 27.8 21.1 59.3 56.8 622 36.8 28.8 85.6 |8 84.8 41.8 333 94.9 947 952
cup (10) 20.0 23.8 48.3 46.1 535 277 328 745 7157 735 31.6 37.7 853 863
donut (10) 253 18.5 39.1 46.3 37.5 [M8ON 388 26.6 75.8 77.1 734 453 329 91.2 914 904
hairdryer (10) 23.9 20.5 50.1 490 589 329 30.5 80.9 80.4 37.7 363 929 942
handbag (10) 224 20.1 46.1 430 503 30.1 29.1 75.9 743 718 353 356 89.2 1 90.7
hydrant (10) 324 211 61.7 59.8 677 42.6 267 86.7 862 879 4658 30.0 950  95.1
keyboard (10) 26.1 22.1 39.7 482 385 [MOION 39.2 315 69.6 69.5 47.1 375 853 864
laptop (10) 29.0 26.1 455 5818 445 513 422 3757256 72.1 50.5 44.7 86.7 | 87.0
microwave (10)  18.6 28.5 48.0 49.9 501 WS0BN 22.4 36.4 74.0 73.2 26.3 42.0 857 855
motoreycle (10)  24.3 253 63.7 615 ~69.1 31.7 348 832893 35.5 39.2 96.0 963 95.8
mouse (10) 27.1 17.5 42.2 388 473 388 27.1 763 45.0 337 91.5 [928] 90.7 92.0
orange (10) 232 202 429 4.5 490 336 289738 732 736 39.6 33.6 882 86.8 87.7
parkingmeter (10)  30.5 26.3 /599 51.8 59.4 443 383 83.8 51.0 44.9 91.3 938 92.8
pizza (10) 36.0 17.6 36.4 530 38.6 - 52.6 283 69.8 744 624 334 865 852  85.6
plant (10) 30.0 167 527 [646] 512 599 403 22.7 823 856 443 261 939 946 939
stopsign (10) 18.7 20.6 42.5 428 39.6 [M46I6N 27.4 29.9 760 779 327 358 915 87.4 908
teddybear (10) 259 26.8 53.1 507 577 342 37.0 81.1 79.9 826N 39.1 42.6 92.4 928 92.0
toaster (10) 209 17.4 57.4 552 609 28.1 24.8 84.9 840 | 86.5 32.0 30.1 9438 94.5 954
toilet (10) 28.3 31.6 39.0 417 39.9 41.5 48.6 65.8 66.1 65.5 516 613 819 813 81.4
toybus (10) 229 184 48.8 511 472 - 32.5 27.1 (774 740 763 37.4 32.8 89.0 87.4 888
toyplane (10) 29.1 23.1 44.0 449 534 401 345 725 736 72.6 467 415 86.0 869 873
toytrain (10) 17.5 14.1 44.4 4.8 487 216 21.2 743 6] 753 239 258 87.9 884
toytruck (10) 17.1 21.0 41.9 434 393 247 29.5[72.1 712 70.6 28.7 34.4 874 87.1 878
tv (10) 36.3 16.8 50.6 534 51.0 - 540 22.5 80.7 821 81.1 60.4 38.7 927 934
umbrella (10) 316 203 57.1 541 627 435 29.5 84.8 |8l 83.9 48.9 34.6 944 954
vase (10) 219 14.9 52.5. 509 570 305 19.9 822 82.6 813 351 238938 93.1 934

wineglass (10) 189 13.1 51.0 512 | 561 265 16.7 77.3 {190 77.0 313 204 88.0 J88H 87.5 879




Table 13. Results per-category on CO3D [29] with 20 images per scene. The proposed method is on par with 7% + BA.

AUC@3 AUC@10 AUC@30

SIFT  AL+LG =3  x3+BA GLUEMAPT GLUEMAP SIFT  AL+LG =3  =3+BA GLUEMAPT GLUEMAP SIFT  AL+LG =3  =3+BA GLUEMAP! GLUEMAP
apple (20) 324 53.1 55.8 585 641 399 68.3 829 854 864 44.0 76.0 94.0 949 94.1
apple (20) 324 53.1 52.867.0 574 39.9 683 81.1 87.3 839 44.0 76.0 93.2. 942 1 95.6
backpack (20) 310 385 44.9 53.6 46.4 - 44.5 58.6 76.6 79.0 784 534 725 91.3 91.2 92.1 924
banana (20) 494 52.6 49.0- 49.0 619 639 65.7 77.3 774 815 73.6 72.8 894 89.5 915
baseballbat (20) 27.1 393 35.1 48.8 339 43.5 552 66.7 664 714 539 66.7 81.7 81.6 825
baseballglove (20) 47.0 47.3 39.8 41.8 585 559 60.9 67.0 67.8 748 614 67.4 79.8 79.6  83.1
bench (20) 30.7 51.3 71.0 67.0 @ 76.6 383 63.7 90.9 89.6 92.6 41.1 67.6 96.9 96.5 975
bicycle (20) 45.0 57.4 49.6 552 1 665 583 76.5 79.6 82.0 86.0 635 83.6 913 924  93.6
bottle (20) 35.9 21.7 437 40.8 482 50.2 31.7 77.2 76.7 787 56.1 36.5 919 91.8 924
bowl (20) 439 17.7 38.1 322 436 66.6 284 735 71.0 748 759 34.3 86.5 85.8  87.0
broccoli (20) 35.6 28.4 38.2 36.7 469 463 414 720 69.4 7277 509 48.3 89.1 85.0 85.7
cake (20) 334 46.6 41.4 434 524 454 65.6 70.2 754 73.7 529 73.4 88.2 90.1 89.6
car (20) 220 445 52.8 57.2 550 [SOM 31.9 61.2 79.2 79.3 [ 8l.1 - 39.1 72.8 91.2 91.1 91.8 -
carrot (20) 31.5 36.5 51.0 489 603 42.0 50.1 82.1 80.6 843 475 553 937 933  94.1
cellphone (20) 18.1 23.6 243 27.0 332 29.7 39.6 49.9 51.1 533 400 51.5 66.2. 66.8 | 679
chair (20) 419 58.0 64.0 632 774 509 68.6 88.1 879 1924 559 733 958 97.1 958
cup (20) 29.8 27.3 46.8 473 556 41.0 424 78.1 78.7 813 454 52.4 912 91.6 1 924
donut (20) 31.9 38.8 38.2 404 545 439 56.5 76.3 775 80.8 51.0 649 91.7 922 929
hairdryer (20) 31.7 433 413 434 550 46.5 67.6 71.6 772 839 546 77.8 919 91.7 942
handbag (20) 27.3 29.7 36.2 36.1 441 39.1 449 69.2 684 732 474 53.4 86.2 86.1  87.8
hydrant (20) 53.8 58.8 63.1 63.1 (763 659 69.7 87.4 91.8 87.6 WOZON 70.0 73.9 953 97.0 956 ROT2N
keyboard (20) 26.9 34.6 38.2/50.6 43.6 - 38.8 48.9 68.2 70.1  73.7 43.5 559 83.1 83.5 | 84.7
laptop (20) 46.4 46.2 50.0 515 604 569 64.1 77.7. 789 814 64.0 743 91.1 . 91.6 915
microwave (20) 30.2 43.3 43.1 50.3 552 392 564 759803 80.1 - 48.9 632 90.9 92.0 92.5
motorcycle (20) 48.8 65.5 67.6 66.8 769 573 79.3 89.7 89.5 92,6 60.0 84.2 96.5 96.4
mouse (20) 31.6 39.7 43.6 403 549 439 554 80.0 774 827 49.5 63.1 929 92.1
orange (20) 34.8 32.2 37.8 412 515 56.0 443 75.1 763  80.3 64.8 49.3 91.0 91.7
parkingmeter (20) 484 44.1 58.8 60.1 56.1 646N 68.4 659853 842 84.1 862N 76.2 74.2 94.4
pizza (20) 34.2 36.6 28.4 335 462 523 51.8 63.0 654 695 632 59.8 84.6 853 83.7
plant (20) 52.3 50.4 61.0 612 712 66.1 657 87.0 87.1 904N 70.8 723956 95.6
stopsign (20) 243 359 47.6 425 500 36.0 52.0 81.3 784 79.6 412 61.1 934 92.6
teddybear (20) 29.8 46.2 56.0 50.2 582 40.1 639 84.7 829 856 444 728 94.6 94.0
toaster (20) 29.3 46.3 57.1 585 674 382 619 85.6 864 894 41.6 68.8 95.1 95.4
toilet (20) 33.1 33.2 31.7 341 390 440 47.6 57.1 57.6 593 527 57.0 71.8 724 723
toybus (20) 29.0 343 41.1 42.8 50.1 37.8 47.6 69.4 722 70.1 - 43.4 56.7 82.2 82.8 82.7
toyplane (20) 32.1 32.7 394 399 472 46.7 50.6 66.5- 66.7 685 54.7 61.0 80.4- 79.0
toytrain (20) 22.3 34.4 404 48.6 41.6 29.9 50.0 68.9 732 71.0 - 34.0 57.5 81.6/85.1 84.0
toytruck (20) 18.8 31.2 279 272 342 293 445 60.7- 59.8 623 38.1 54.7 83.8 83.0
tv (20) 479 425 49.0 555 50.3 642 64.0 81.0 83.1 81.6 - 70.6 79.3 9351939 93.6
umbrella (20) 51.2 553 61.0 73.5 643 - 64.6 67.2 86.5 88.0 1 90.6 704 713 953 95.8
vase (20) 38.0 38.3 553 559 66.6 48.0 53.8 83.5 839 87.0 52.0 60.4 944 94.5
wineglass (20) 30.0 35.1 47.4. 51.5 541 414 485 758 782 785 46.1 53.5 88.4 89.3 89.1




Table 14. Results per-category on CO3D [29] with 40 images per scene. The proposed method is on par with 7 + BA.

AUC@3 AUC@10 AUC@30

SIFT  AL+LG =3  x3+BA GLUEMAPT GLUEMAP SIFT  AL+LG =3 734BA GLUEMAPT GLUEMAP SIFT  AL+LG =3  =3+BA GLUEMAP! GLUEMAP
apple (40) 58.6 63.3 53.5/68.9 58.5 70.2 79.6 80.9 87.2 84.1 75.1 85.7 92.7
backpack (40) 46.9 47.8 434 544 514 66.4 753 76.2 78.8 77.1 899 91.2 91.2 92.6
banana (40) 59.0 63.7 47.8 65.0 51.2 74.0 81.5 77.1 82.6 81.8 90.7 89.6 91.8
baseballbat (40) 46.6 45.0 37.0- 36.0 S51.1 673 61.5 67.2 673 714 784 775 82.1 82.6
baseballglove (40) [63H 51.6 40.3 592 406 554 [6M 658 673 752 66.1 739 832 732 80.9 837 80.0 |84
bench (40) 62.0 78.4 69.7 71.0 ~ 80.7 74.3 89.0 90.3 909 938 784 922 96.7 969 979
bicycle (40) 55.0 65.3 56.5 568 662 73.5[B6M 83.1 859 835 860 80.4 [0H] 932 938 934 042
bottle (40) 32.3 37.8 435 432 520 42.6 56.1 77.6 78.0 46.8 64.7 91.8 922 929
bowl (40) 498 22.4 37.0 316 463 736 342 732 717 - 83.6 413 86.6 87.6 86.5 [STIN
broccoli (40) 44.6 559 38.8 545 39.0 57.5 732 72.1 722 770 62.5 83.9 89.0 87.6 884
cake (40) 514 541 41.1[544 419 714 [OF 69.7 753 73.0 - 81.6 [OI5] 87.1 89.8 839 [PISH
car (40) 38.9-51.8 58.8 554 609 51.6 80.5 77.6 81.1 79.6 58.8 190.2 88.9 89.6  89.7
carrot (40) 43.6 58.8 52.1 512 633 579 735 823 81.8 857 644 79.1 93.8 93.7 947
cellphone (40) 29.2 30.2 23.0. 253 322 485 483 495 50.5 532 61.3 60.6 65.9 66.1 = 67.9
chair (40) 68.1 69.5 659 79.7 68.7 81.1 85.3 88.9/92.8 89.8 854 92.0 96.1 97.2 96.5 -
cup (40) 46.2 44.7 47.5 47.1 551 614 653 79.1 79.5 8l.6 669 779 91.8 923 927
donut (40) 49.3 52.8 39.5 43.1 542 733 774 774 79.1  81.2 85.0 88.6 91.9 92.6 1 93.0
hairdryer (40) 50.9 55.7 42.0 4577 545 70.0 80.0 78.3 798 84.0 77.3 91.6 92.1 92.8 943
handbag (40) 36.4 40.2 36.3 362 456 51.7 60.5 69.6 704  73.8 60.7 71.8 86.8 87.9
hydrant (40) 713 68.0 64.7 78.0 66.2 85.5 79.4 88.1 192.1 88.9 - 90.7 83.7 958 97.2 96.1
keyboard (40) 39.5 44.0 42.5- 428 < 50.8 56.9 64.1 70.6 70.6 733 64.8 75.1 84.1 84.0
laptop (40) 56.4 59.6 49.1 62.0 53.6 72.5 78.8 77.1 81.7 79.4 81.5 88.8 90.6 91.7
microwave (40) 452 509 464 479 58.1 55.8 65.2 783 81.6 79.2 - 62.1 72.8 91.9/92.6 924
motorcycle (40)  75.2 [81.3 68.7 69.2 811 877 938 90.0 0421 903 939 91.897.8 96.6 [979| 96.7
mouse (40) 56.6 553 435 379 1 60.7 73.1 72.7 79.2 85.1 77.0 80.4 81.0 92.7 944 920
orange (40) 37.8 41.3 399 435 531 582 66.2 76.1 81.7 78.5 66.7 79.5 914 92.3
parkingmeter (40) [66.1 66.1 59.2 63.7 57.2 [J67:60 83.6 83.4[857 850 83.6 90.5 90.4 949 94.1 942
pizza (40) 474 453 29.7 3277 448 70.6 65.6 644 652 70.1 83.3 759 85.1 85.0
plant (40) 67.1 66.0 58.3 60.0 748 80.7 82.8 86.2 863 914 853 88.1 953 95.3
stopsign (40) 48.6 55.5 47.7 41.1  57.2 725 80.1 814 76.2  83.8 82.7 88.8 93.5 91.8
teddybear (40) 46.2 47.2 56.6 52.3 581 634 65.1 84.7 83.6 855 72.1 76.8 94.6 94.2
toaster (40) 432 652 609 71.6 61.1 54.8 81.0 86.8 90.5 87.2 58.8 86.4 954 96.8 95.6
toilet (40) 39.5 35.5 29.7 31.8 376 523 543 547 557 573 61.1 654 69.7 70.0 d
toybus (40) 46.1 51.7 42.8 43.1  50.1 57.9 70.7 69.8 694 720 639 81.0 824 82.4 -
toyplane (40) 44.6 439 373 394 493 609 649 659 66.7  69.0 69.8 75.5 80.8 79.8 789
toytrain (40) 35.6 47.8 41.1 433 523 47.1 70.2 70.0 75.1 73.1 52.5 80.8 83.7 86.0 86.3 -
toytruck (40) 31.9 358 26.5 26.7 359 494 546 622 63.0 60.3 - 59.0 65.2 84.2 833 83.6
tv (40) 514 490 515 57.8 532 [S82N 67.0 76.1 81.6 824 836 731 87.6 935 938 9421
umbrella (40) 68.4 57.6 62.7 652 733 832 71.1 86.6 87.9 1 90.2 88.6 79.1 952 95.7  96.5
vase (40) 57.2 56.8 57.3 572 664 712 73.8 83.3 84.1 87.1 77.8 81.0 942 94.6  95.6
wineglass (40) 43.3 459 50.2 55,5 582 563 63.3 77.1 80.5 812 612 70.3 89.0 90.4 90.4 -




Table 15. Per-dataset results on IMC2021 [15].

AUC@3 AUC@5 AUC@10
SIFT  AL+LG 7«3  «3+BA GLUEMAPT GLUEMAP SIFT  AL{LG =3  m3+BA GLUEMAPT GLUEMAP SIFT  AL+LG 73  n3+BA GLUEMAPT GLUEMAP

Bag5s
british_museum 31.6 [41.5 40.9 409 397 386 520527 523 50.2  51.0 66.4 67.8 67.7 65.1
florence_cathedral side ~ 58.1 61.4 57.5 577 [ 617 671.5 71.6 70.0 70.1 772 77.8 81.8 824 86.782!_
lincoln_memorial_statue ~ 40.6 52.5 61.1 61.1 | 68.1 483 622 73.8 738 | 789 574 719 856 856 888
london_bridge 34.9 51.2 42.0 41.8 419 62.5 54.7 543 645 50.6/752 71.9 71.6
milan_cathedral 41.3 413 402 434 40.1 51.2 522 53.1 55.1 53.0 63.7 673 69.8 70.5 69.6
mount_rushmore 30.1 31.9 32.7 429 327 35.2 382 40.5 526 40.5 42.6 48.1 53.8 53.7 | 65.8
piazza_san_marco 27.1 46.7 52.6 542 532 30.9 562 65.7 65.3 [ 66.2 35.7 67.7/79.8 78.0 79.8
sagrada_familia 47.4 55.1 38.8 [6010] 38.6 57.0 66.4 512 510 694 67.8 78.5 66.7 66.5 815
st_pauls_cathedral 454 542 50.1 543 50.1 54.8 655 64.0 66.1 63.8 [6OZN ©6.1 782 78.9 79.3 78.8 814N

Bag 10
british_museum 35.8 @212 35.9 [40.7 359 473 [5I8] 49.8 52.8 49.8 [ 542 63.0 0] 67.2 69.3 67.1 | 70.1
florence_cathedral_side  [72.6 66.7 50.2 71.6 50.1 81.1 76.8 64.0 80.2 64.0 88.9 85.7 784 87.8 78.4
lincoln_memorial_statue  61.0 62.2 57.0 [74.1] 57.3 72.0 73.2 71.3[83.0 715 82.1 82.9 84.4/90.4 845
london_bridge 4885441 29.8 53.8 29.8 58.6 659/ 44.1 655 44.2 68.1 76.7 63.6 71.3 643
milan_cathedral 41.1 354 335 367 334 54.5 48.1 47.6 49.6 475 70.7 649 659 66.0 65.8
mount_rushmore 33.2 283 243362 24.4 42.0 36.7 32.9 47.1 329 54.3 493 47.8 62.1 47.8
piazza_san_marco 433 495 474 47.6 52.8 61.3 62.0 69.8 62.1 63.0 73.1 77.6 81.5 77.7
sagrada_familia 56.8 [60.7 35.8 60.1 35.9 68.8 71.8 502720 50.4 80.7 82.3 67.5 832 67.6
st_pauls_cathedral 58.5/58.9 43.2 553 434 70.6 (7131 58.6 67.5 58.9 81.882:8 754 80.0 755

Bag 25
british_museum 414 313 409 313 [ 419 55.0 46.1 54.1 46.1 | 55.1 716 645 708 645 71.1
florence_cathedral side 69.6 47.1 73.3 472 | 75.1 773 61.6 81.7 61.7  83.1 84.6 76.8 89.2 76.8 | 90.1
lincoln_memorial statue  78.5 58.7 56.3 [80.6 56.5 85.5 66.7 70.9[87.9 71.0 91.2 745 84.3/938 843 [o44N
london_bridge 59.3 269 51.0 267  62.8 68.6 427 63.1 43.0 728 77.1 63.1 754 640 82.0
milan_cathedral 49.6 42.7 27.6 388 275 62.7 56.0 42.5 522 424 77.1 718 62.4 693 623 [8L2)
mount_rushmore [534131.5 21.0 43.6 210 526 40.5 30.3 55.9 303 | 64.6 529 46.7 71.0 46.7 | 78.1
piazza_san_marco 66.4 56.6 45.2 452 588 1762 67.6 60.3 604 720 (850 77.9 76.6 76.7 844
sagrada_familia 66.7 34.2 69.6 343 | 71.8 76.5 48.8 80.0 489 | 81.0 85.6 66.8 89.1 669 | 89.4
st_pauls_cathedral 69.0 654 40.0 559 403 [FI2Y 787 75.5 56.8 69.2 57.1 80BN 87.3 84.6 744 822 746 [I885N

Bag full
british_museum 413 29.8 44 292 [ 505 535 451 8.2 44.1 [63.0 69.1 64.2 174 63.1 | 764
florence_cathedral_side 81.1 47.1 733 462  83.6 86.8 61.3 80.9 609  89.0 92.1 765 88.0 762  93.7
lincoln_memorial_statue 724 56.1 84.6 551 851 89.0 79.4 70.6/90.1 70.3 92.2 863 84.0 949 84.0
london_bridge 74.8 60.9 18.5 20.6 352 [N798Y 814 704 29.1 31.5 524 - 87.2 80.0 45.6 48.2 71.6
milan_cathedral 56.7 27.7 41.5 256 | 682 68.0 432 60.3 41.1 775 79.7 63.3 750 61.9 | 87.0
mount_rushmore 473 188 525 182 628 593 27.6 634 279 740 74.6 44.0 772 447 | 845
piazza_san_marco 67.0 467 45 472 | 725 778 62.1 94 629 | 821 87.3 78.1 212 788 | 90.4
sagrada_familia 770 319 733 326 762 845 46.8 827 477 842 91.2 652 90.6 662 913
st_pauls_cathedral 77.8 61.6 404 519 409 [JE8EN 84.6 72.0 572 66.4 57.7 85BN 90.7 82.5 74.8 80.5 75.1 [OLT




