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Overview

& |, this paper, we focus on Partial Graph Matching problem.

Contributions:
* Propose a top-k formulation and a differentiable top-k-based framework;
* Devise an attention-based graph neural network;

 Collect and remake a new visual graph matching benchmark named IMC-PT-

SparseGM.
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max vec( X )" K vec(X)

s.t. X e {0,1}°*4
X1<1, XT1=1
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Background

AW Partial graph matching:

* Unavoidable due to the errors in keypoint detectors and occlusion of
objects.

* In existing affinity-maximization graph matching pipeline, this problemis
less handled. Also, an ‘intersection’ setting is usually adopted.
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Motivation

e Existing partial matching handling (PMH) methods: thresholding, adding
dummy rows and columns. Inflexible.

* Discard the matchings with small matching confidence. —> Preserve the
matchings with top-k confidence values.

* k can be estimated by evaluating the graph-level similarity.
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Pipeline

Sec.3.2.2
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AFA-I: Individual Graph Modeling

A Overview of AFA-I
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AFA-U: Unified Bipartite Graph Modeling

A Overview of AFA-U
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Implementation Details

A ° Train GM networks and AFA in different stages.

e Stagel: Train the GM network (using ground truth k)
e Stage2: Train AFA modules
e Stage3: Jointly train the GM network and AFA modules

e Sparse implementation of quadratic GM network NGMv2

Table 3. The GPU memory cost (GB) of matching two graphs
(batch size=1) w.r.t. dense and sparse NGMv2. The original dense
version exceeds memory limit of RTX 3090 (24GB) at 110 nodes,
whereas our sparse version scales-up more efficiently.

Number of Nodes 40 50 60 70 80 90 100 110

Dense NGMv2 [44]  2.82 3.05 442 626 880 1248 17.59 26.06
Sparse NGMv2 (ours) 2.73 273 274 275 275 276 277 278
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AW \We provide a new visual graph matching benchmark IMC-PT-SparseGM, based
on the novel stereo benchmark Image Matching Challenge PhotoTourism (IMC-

PT) 2020.

Table 1. Visual GM datasets. “partial rate” means the mean per-
centage of occluded keypoints w.r.t. the universe of all keypoints.

dataset name | #images avg#nodes #universe partial rate
Willow Object Class [6] 404 10 10 0.0%
Pascal VOC Keypoint [5] 8702 9.07 6t023 28.5%
IMC-PT-SparseGM-50 (ours) 25667 21.36 50 57.3%
IMC-PT-SparseGM-100 (ours) 25667 44.48 100 55.5%
’ﬂ%'!% \ E =%
(@BDIpUINEIAGES (plicyad Bnehiasi(ed) (b) Examples (raw images with built graphs) for visual graph matching
Figure 6. The 3D points in (a) are detected by colmap [31,32] which are available as labels in IMC-PT [1&]. The blue points denote our
selected anchors, based on which our IMC-PT SparseGM-50 is built, as shown in (b). The lines connecting anchors are the edges we build
through Delaunay triangulation. ,_,
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®) Experiments

\/
\ 0

A ° Unfiltered setting

* 2 GM backbone
* NGMv2: SOTA quadratic matching network
 GCAN: SQOTA linear matching network

 Our PMH method: Attention-Fused Aggregation with Top-k-GM (AFAT)

Table 2. F1 (%) on Pascal VOC Keypoints (unfiltered). PMH means Partial Matching Handling. Our methods are marked as gray.

GM Network PMH | aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv | mean
ZACR [43] ZACR [43] 122 318 31.7 230 350 283 218 326 196 238 338 299 288 214 108 390 269 155 558 825 30.2
PCA-GM [44] None 356 603 437 345 815 549 30.1 478 304 464 439 445 461 524 294 787 407 304 586 812 48.6
BBGM [29] LPMP [38] 422 667 549 46.1 857 66,5 398 603 389 651 60.1 584 581 624 413 961 535 263 759 826 59.0
None 455 653 553 458 884 643 459 586 433 591 392 557 580 653 444 954 503 412 724 818 58.8

Thresholding | 48.3 654 553 486 876 630 51.1 61.1 396 633 336 592 593 634 469 952 535 455 734 814 | 594404

NGMv2 [45] Dummynode | 447 619 57.1 419 839 639 541 608 405 642 362 606 608 61.9 4877 912 562 374 632 822 | 58.61+0.5
AFAT-U (ours) | 45.7 67.7 573 449 90.1 655 499 593 440 620 549 584 586 63.8 459 948 509 373 742 828 | 60.2+0.4

AFAT-I (ours) | 45.0 673 559 456 903 646 487 580 447 602 548 572 575 634 452 953 493 416 736 824 | 59.9+0.3

Dummy node | 463 67.7 574 450 87.1 648 575 612 408 61.6 373 599 592 646 497 951 545 285 779 831 | 59.7+0.3
GCAN[17] AFAT-U (ours) | 47.1 70.8 58.1 458 908 66.5 49.6 588 506 64.6 472 605 623 657 463 954 527 474 742 83.8 | 62.0+0.2
AFAT-I (ours) | 46.1 699 56.1 466 907 66.1 481 579 499 639 504 590 616 650 447 955 509 492 740 83.8 | 61.6+0.3
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Experiments

Table 4. F1 (%) on Willow Object Class (+random outliers) and IMC-PT-SparseGM (50/100 anchors). Our methods are marked as gray.

Dataset name \ Willow Object Class | IMC-PT-SparseGM (50 anchors) | IMC-PT-SparseGM (100 anchors)

GM Network PMH | car duck face mbike bottle | mean | reichstag sacrecoeur stpeterssquare | mean | reichstag sacre.coeur st_peterssquare | mean
ZACR [43] ZACR [43] 473 447 717 399 53.6 52.6 72.1 33.7 29.5 45.1 394 33.1 30.4 34.3
PCA-GM [44] None 55.8 56.5 812 464 58.1 59.6 834 47.5 58.5 63.1 70.7 43.1 58.8 57.5
BBGM [29] LPMP [3%] 65.1 60.7 855 71.6 65.5 69.7 854 55.1 59.3 66.6 88.1 55.0 56.4 66.5
None 78.9 66.6 843 63.1 76.0 73.8 90.8 559 64.3 70.3 78.4 54.9 69.3 67.6

Thresholding | 86.8 74.5 912 71.0 83.8 | 81.440.2 914 56.8 65.8 71.3£0.3 80.3 56.9 71.6 69.6+0.3

NGMv2 [45] Dummy node | 83.3 69.7 957 68.8 86.7 | 80.8+0.4 88.5 56.1 63.0 69.2+0.5 80.0 57.0 71.3 69.5+0.3

AFAT-U(ours) | 82.6 745 90.6 739 87.0 | 81.7+0.5 90.5 58.7 66.9 72.0£0.3 81.7 57.0 72.2 70.3+0.2

AFAT-I(ours) | 84.6 757 92.0 745 88.6 | 83.1+0.2 92.3 58.7 66.7 72.8+0.4 82.0 57.0 714 70.1+0.3

Dummy node | 74.8 75.7 928 77.1 83.5 | 80.84+0.2 87.2 55.1 63.0 68.4+0.5 80.4 55.7 72.8 69.6+0.4

GCAN [17] AFAT-U(ours) | 80.1 78.0 90.6 76.0 87.0 | 82.3+0.3 86.9 59.4 67.1 71.1+£0.4 82.6 58.2 73.8 71.54+0.2

AFAT-I(ours) | 82.2 77.7 927 772 88.6 | 83.7+0.3 91.0 60.3 67.3 72.9+0.6 82.7 57.8 72.4 70.9+0.4

Table 9. F1 (%) on SPair-71k (unfiltered setting). Our methods are marked as gray.

GM Network PMH | aero bike bird boat bottle bus car cat chair cow dog horse mbike person plant sheep train tv | mean
ZACR ZACR 329 333 457 246 620 135 360 562 174 475 327 190 407 427 373 348 525 60.0 383
PCA-GM None 365 256 489 247 507 291 192 546 30.1 391 429 340 313 27.1 705 31.1 56.6 752 404
BBGM None 429 438 653 346 626 476 256 680 386 620 578 428 441 360 832 454 867 903 54.3
None 454 423 610 312 622 533 342 653 370 595 547 413 448 389 775 442 778 899 534

Thresholding | 50.2 429 634 299 621 539 348 657 373 627 56.1 438 457 418 771 452 79.0 904 | 54.6+0.5
Ngmv2 Dummy node | 47.7 41.6 62.1 303 59.0 497 274 683 339 624 573 467 464 427 787 435 805 89.5 | 53.8+0.4
AFAT-U(ours) | 50.3 435 638 324 59.0 60.1 39.7 686 361 63.6 565 463 514 433 770 512 811 894 | 56.3+04
AFAT-I(ours) | 504 436 639 321 612 585 380 684 357 627 564 477 519 443 785 507 792 91.2 | 56.4+0.6

Dummy node | 49.0 413 640 303 573 550 374 648 366 630 580 444 464 426 684 423 832 919 | 542403
GCAN AFAT-U(ours) | 46.7 433 658 333 615 549 352 684 37.7 599 560 476 472 435 803 477 838 89.0  55.7+04
AFAT-I(ours) | 46.8 443 659 324 615 538 337 684 381 60.1 563 479 483 438 812 484 829 88.0 | 55.7+04

/\T\J%Z%ﬂﬁ B




Ablation Study

A¥ Necessity of learning in top-k-GM
Table 6. Ablation study addressing the necessity of learning. We
report mean F1 (%), assuming that the ground truth & is given.

Dataset | Solver | Alg.lintest Train Alg. lintrain | F1
RRWM X X X 20.3
Pascalvoe | REWM v X X 19.4
ase NGMv2 v v X 60.7
NGMv2 v v v 62.3

RRWM X X X 20.1

, . RRWM v X X 18.9
WillowObject | \6nya v v X 85.2
NGMv2 v v v 85.5
RRWM X X X 39.6

IMC-PT- RRWM v X X 39.1
SparseGM-50 | NGMv2 v v X 72.3
NGMv2 v v v 73.6
RRWM X X X 34.6
IMC-PT- RRWM v X X 34.0
SparseGM-100 | NGMv2 v v X 70.7
NGMv2 v v v 71.8
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Ablation Study

A¥ Impact of the accuracy of k prediction
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Figure 5. Relations between matching F1 score and k error.
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Conclusion

We propose a top-k-based framework to tackle the partial graph
matching problem, which is ubiquitous in vision.

A new benchmark based on IMC-PT 2020, which is better suited for
partial graph matching problem is remade and released.

Extensive experimental results on both classic and our new benchmarks
show the effectiveness and significance of our work.
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