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' Introduction

«  Semantic Correspondence Aims To Establish Pixel-level Correspondence between Semantically
Adjacent Image Pair.

 Requires high-quality patch-level representations with aligned semantic spaces; Requires

matching representation in high resolution.
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' Previous Frameworks

« Siamese Backbone

4D Matrix-based Refinement.
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' Recent Frameworks

Siamese Backbone + Semantic Alignment.

2D Semantic Flow based Refinement.
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' Purpose

* Build up Semantic Correspondence in high resolution (Pixel-level)

 1/2 or 1 as Original Input Resolution Maximum
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' New Challenges

Semantic regions that share similar appearances are often confused

Objects in different scales present a challenge in establishing correlations for details

Nearby pixels are hard to be distinguished

Visualization for the effectiveness of three designed modules on three challenges. Ground truth is indicated in yellow, successes
in green, and failures in red.



' Our Approach

 Layout-aware Representation Learning
* Progressive Feature Super-Resolution

* Multi-scale Matching Flow Integration
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' Results (Comparison with other methods)

.\

SCOT CATs MMNet ACTR LPMFlow(ours) Groundtruth

LPMFlow can clearly overcome the significant geometric appearance changes and distinguish local areas with
similar appearance based on geometric information.



' Results (Comparison with other methods)

el M

Input Images CATs MMNet ACTR LPMFlow(ours)

LPMFlow can provide better fine—grained dense correspondence.



' Results (Comparison with other methods)

Source  Target SCOT CATSs MMNet ACTR  LPMFlow(ours) Groundtruth

Liu et al. 2020; Cho et al. 2021; Zhao et al. 2021; Sun et al. 2023;

LPMFlow can provide better fine—grained dense correspondence.



' Evaluation

The Input Resolution of Our LPMFlow is 256x256.

Description Performance Generalizability Efficiency 801

Method Spair-71K PF-PASCAL PF-WILLOW TITAN RTX: 24GB 20
Multi Scale Corr Format |  «: bbox a: img a: bbox a: bkp | Params(M) Mem Time

0.05 01 005 01 0.15 0.1 0.1 Head Total (GB) (ms) 60 |
NC-Net[32] X 4D Mtrx - 201 543 789 86.0 - 67.0 02 276 1.2 2229

SCOT[21] X ADMux | 200 356 63.1 854 927 | - 760 | - 445 46 1335

DHPF[27] v 4D Mtrx - 373 757 90.7 95.0 77.6 71.0 58 503 1.6 582 5 401

CHM|[25] X 4D Mtrx 227 463 80.1 91.6 949 79.4 69.6 7l 94.1 1.7 553 o

CATs[3] v 2D Flow 277 499 754 926 964 79.2 69.0 47 492 20 454 30
MMNet-FCN[48] v 4D Mitrx 333 504 81.1 91.6 959 - - 103 647 54 2586

TransMatcher{ 16] v 4D Mtrx - 537 808 91.8 - 65.3 76.0 | 09 879 27 542 20

CATs™ [3] v 2D Flow 30.7 552 778 93.1 96.8 86.3 79.5 57 907 28 542 10 |
TransMatcher* [16] v 4D Mtrx 33.1 57.9 773 933 96.6 84.3 78.3 1.6 866 24 485
ACTR* [38] X 2D Flow |42.0 62.1 81.2 94.0 97.0 87.2 799 | 878 1728 39 84.1
LPMFlow* v 2D Flow 46.7 65.6 824 943 97.2 87.6 81.0 | 939 1789 38 85.7
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Yields large Improvements over several benchmarks. Having the best Generalizability.




' Evaluation

The Input Resolution of Our LPMFlow is 256x256.

Methods aero. bike bird boat bott. bus car cat chai cow dog hors. mbik. pers. plan. shee. trai. tv | all

NC-Net[12] 179 122 321 117 290' 199 161 392 99 239 188 157 174 150 148 96 242 31.1|20.1
SCOT [6] 349 20.7 63.8 21.1 435 273 21.3 63.1 200 429 425 31.1 298 35 277 244 434 408 35.6
DHPF [11] 384 238 683 189 426 279 20.1 616 220 469 46.1 335 276 40.1 276 28.1 495 465 (37.3
CHM [#] 496 293 68.7 29.7 453 484 395 649 203 605 56.1 460 338 443 389 314 722 555|463
CATs [2] 520 347 722 343 499 3575 43.6 665 244 632 565 520 426 41.7 430 33.6 726 58 (499
MMNet[15] [ 559 370 650 354 50 639 457 628 287 650 547 516 385 346 417 363 77.7 625|504
TMatcher][3] | 592 393 730 412 525 663 554 671 261 671 56 532 450 399 421 355 752 686|537

CATs™[2] 56.7 413 77.8 350 548 59.8 45.2 699 314 63.7 57.6 625 4677 49.1 432 435 764 64.1 552
TMatcher™[5] | 57.1 474 835 423 56.8 57.0 554 753 345 66.1 642 60.2 528 552 405 46.0 751 658|579
ACTR™[13] 65.1 48.5 823 504 559 65.3 63.1 728 358 74.1 703 689 58.6 57.1 468 495 844 733 |62.1
LPMFlow™ 714 548 832 503 570 75.4 68.9 793 41.1 784 74.1 737 587 569 48.7 54.7 87.5 74.6 |65.6

Yields large Improvements on a challenging dataset.
Reach best result on 15/18 sub—classes.



' Ablation Results

The Input Resolution of Our LPMFlow is 256x256.

LARL PFSR MMFI BEalET LS Methods SPair-71K
AXpboxr — 0.1 Wi =10.1
v v v 05.6 LPMFlow 65.6
X v v 63.2 (2.4)) w/o Gradual Guidance of RPTC 64.5 (1.1))
v X v 62.0 (3.6]) w/o Self Contrastive Loss 63.9 (1.7))
v v X 63,9 (1.7]) w/o Region-based PE 64.8 (0.8])
Methods SPair-71K Methods SPair-71K
Xppox = 0.1 Xphox = 0.1
LPMFlow 65.6 LPMFlow 65.6
w/o Interactive Super-Resolution 64.1 (1.5)) w/o Multi-Scale Flow Integration 64.3 (1.3))
w/o Internal Super-Resolution 63.8 (1.8)) w/o C2F Refinement (16x 16) 64.6 (1.0))
w/o Feature Super-Resolution block 63.4 (2.2)) w/o C2F Refinement (4x4) 64.0 (1.6))
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