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Cross-Domain Few-Shot Semantic Segmentation via Meta-Memory Transfer
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Cross-Domain Few-Shot Semantic Segmentation via Meta-Memory Transfer
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Cross-Domain Few-Shot Semantic Segmentation via Meta-Memory Transfer
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Cross-Domain Few-Shot Semantic Segmentation via Meta-Memory Transfer
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Adaptive Prototype Learning and Allocation for Few-Shot Segmentation (CVPR 2021)



Cross-Domain Few-Shot Semantic Segmentation via Meta-Memory Transfer

COCO-20* to SUIM

Backbone|Methods split-0 split-1 split-2 split-3 mean 5-shot

ASGNet[”’](CVPRQl) 281 275 26.1 323 285 splitO  splitl ~ split2  split3 ~ Mean
ResNetSOHSNet[34](ICCV21) 33.8 359 353 354 35.1 402 580 552 618 53.8

SCL [47 273 288 265 253 27.0 | 570 680 704 762 679
[+7l(cvPra1) 537 698 671 759 666

Ours 30.5 38.6 425 36.6 37.1 ] i ] ] 619
PASCAL-5" to SUIM 603 658 671 728 665

58.2 65.9 71.8 71.9 68.4

Backbone[Methods split-0 split-1 split-2 split-3 mean 657 692 708 750 701

ASGNet [16](cyprany| 324 309 289 352 319 [ 43 612 665 704 603
HSNet [24] 307 30.0 273 27.0 288 | X1 60 734 787 700

ResNet50 (Iccv2l)

SNNISCL (471 ovpRany | 313 312 322 325 318 | 672 72T 120 WS 2T

Ours 352 334 343 36 347

COCO-20* to PASCAL-5% (1-shot)

Model Cons MEnS MENT mean-IoU
BS 57.4
(a) v 62.8
(b) v v 63.5
(©) v v 62.5
(d) v v v 65.6
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Integrative Few-Shot Learning for Classification and Segmentation

3-way 1-shot support set

Integrative task of few-shot classification and
segmentation

query classification
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FS-S learners typically segment out arbitrary
salient objects in the query, when a query
Image without any target class is given.
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Integrative Few-Shot Learning for Classification and Segmentation
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Hypercorrelation Squeeze for Few-Shot Segmentation (ICCV 2021)



Integrative Few-Shot Learning for Classification and Segmentation

3-way 1-shot support set

query classification
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Integrative Few-Shot Learning for Classification and Segmentation

1-way 1-shot 2-way I-shot
classification 0/1 exact ratio (%) segmentation mloU (%) classification 0/1 exact ratio (%) segmentation mloU (%)
method 590 5 5° 5% avg | 5 5" 5* 5% avg || 5° 5' 5 5% avg | 5° 5" 5 5 avg

PANet [78] 69.9 67.7 68.8 694 69.0 | 32.8 458 31.0 351 362 562 475 446 554 509|333 460 312 384 372
PFENet [73] 69.8 824 68.1 779 74.6 | 383 547 351 438 43.0| 225 61.7 403 395 41.0|31.1 473 308 322 353

HSNet [44]  86.6 84.8 769 86.3 83.7|49.1 59.7 41.0 49.0 49.7 || 68.0 732 570 709 673|424 537 340 439 435
ASNet,, 864 863 709 845 820|108 202 13.1 16.1 150 || 71.6 724 464 68.0 646 | 114 208 125 159 15.1
ASNet 849 89.6 79.0 862 849 |51.7 615 433 528 523 | 685 762 58.6 700 683 | 485 583 363 483 478

Table 1. Performance comparison of ASNet and others on FS-CS and Pascal-5" [63]. All methods are trained and evaluated under the iFSL
framework given strong labels, i.e., class segmentation masks, except for ASNet,, that is trained only with weak labels, i.e., class tags.

l-way 1-shot  2-way 1-shot method ER mloU
method ER  mloU ER  mloU (a) global — local 839 446
PANet [ 78] 66.7 252 485 23.6 (b) w/o masked attention 83.8 50.8
PFENet [73] 714 319 || 365 226 (c) w/o multi-layer fusion 83.1  51.6
HSNet [44]  77.0 343 || 62.5 295 ASNet 849 523
ASNet 78.6 35.8 63.1 31.6

Table 2. Performance comparison of ASNet and others on FS-CS
and COCO-20" [47].



Integrative Few-Shot Learning for Classification and Segmentation

1-way I-shot 1-way S5-shot # learn.
method 59 5! 52 5>  mloU FBIoU || 5° 5! 52 5°  mloU FBIoU params.

CANet [95] 525 659 513 519 554 66.2 555 678 519 532 57.1 69.6 -
PPNet [40] 478 588 538 456 515 69.2 584 678 649 567 620 75.8 23.5M
PFENet [/3] 61.7 695 554 563 60.8 73.3 63.1 70.7 558 579 619 73.9 31.5M
SAGNN [87] 647 69.6 57.0 57.2  62.1 73.2 649 700 57.0 593 628 73.3 -
104 M

R50 MMNet [86] 627 70.2 57.3 57.0 61.8 - 622 715 575 624 634 -
CMN [85] 643 700 574 594 628 72.3 658 704 57.6 60.8 63.7 72.8 -
MLC [90] 59.2 712 65.6 525 62.1 63.5 71.6 712 58.1 66.1 8.7M

HSNet [44] 643 70.7 603 60.5 64.0 76.7 703 732 674 671 695 80.6 26 M

ASNet 68.9 71.7 61.1 62.7 66.1 77.7 72.6 743 653 671 708 80.4 1.3M
I-way 1-shot 1-way 5-shot # learn.
method mloU FBIoU || mloU FBIoU params.
RPMM [£9] 30.6 - 35.5 - 38.6 M
RePRI [7] 34.0 - 42.1 - -
MMNet [£6] 37.5 - 38.2 - 10.4 M
R50 MLC [90] 33.9 40.6 8. 7M

CMN [8%] 39.3 61.7 43.1 63.3 -
HSNet [44] 39.2 68.2 46.9 70.7 26 M
ASNet 42.2 68.8 47.9 71.6 1.3M




Learning Non-target Knowledge for Few-shot Semantic Segmentation
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Learning Non-target Knowledge for Few-shot Semantic Segmentation
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Learning Non-target Knowledge for Few-shot Semantic Segmentation
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Picanet: Learning pixel-wise contextual attention for saliency detection. (CVPR 2018)



Learning Non-target Knowledge for Few-shot Semantic Segmentation
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Learning Non-target Knowledge for Few-shot Semantic Segmentation

Backbone Methods 1-Shot >-Shot
Fold-0 Fold-1 Fold-2 Fold-3 | Mean FB-IoU | Fold-0 Fold-1 Fold-2 Fold-3 | Mean FB-IoU
OSLSM [26] 33.6 55.3 40.9 33.5 40.8 61.3 35.9 58.1 42.7 39.1 44.0 61.5
[-Shot 5-Shot
Backbone Methods 2 0 FoldT TFold2 Fold3 | Mean FB.IoU | Fold0 Fold.l Fold2 Fold3 | Mean FB.IoU
PPNet [20] 281 308 295 277 | 290 - 39.0 408 37.1 373 | 385 -
RPMM [37] | 295 368 289 270 | 306 - 338 420 330 333 | 355 ;
2 oo e ~ 604 - - - - 25 670
BGEM DOEM PCL | Fold-0 Fold-1 Fold-2 Fold-3 Mean Precision - 370 403 393 360 | 382 ]
60.8 68.2 55.4 55.3 60.0 61.9 _ 54.1 41.2 34.1 33.1 40.6 _
v 632 TLL- 577 74624 628 Ggs 1382 441 404 384 | 403 692
— v v 647 719 588 590 636 633 o - - - - 50 ¢ €39
v v v | 654 723 504 598 642  63.6 : : :
— - 389 405 415 387 | 399 -
ReNeof | PFENet[31] | 343 330 323 301 | 324 586 385 386 382 343 | 374 619
MLC [3¢] 502 378  27.1 304 | 364 - 570 462 373 372 | 444 ;
SAGNN [36] | 36.1  41.0 382 335 | 372 609 | 409 483 426 389 | 427 634
NTRENet 383 404 395 381 | 391 675 | 423 444 442 417 | 432 69.6
ResNet-101 | perPI[1] 596 686 622 472 | 594 62 714 610 577 | 656
MLC [3¥] 6@ Z].3 61.5 5_6.9 62.§ - 62.8 74.9 714 63.1 68.8 -
NTRENet 65.5 71.8 59.1 58.3 63.7 75.3 67.9 73.2 60.1 66.8 67.0 78.2



