B 01 Background for Few-Shot Segmentation

« Motivation
« Deep learning based computer vision systems have largely depended on large-scale training sets
« Deep networks mostly work with predefined classes and are incapable of generalizing to new ones

Few shot: learn how to recognize novel objects after seeing only a handful of exemplars
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B 01 Background for Few-Shot Segmentation

* Implementation

* Divide the dataset into Cseen and Cunseen ((base and Cnovel), Cseen N Cunseen = @
* One-shot segmentation and k-shot segmentation

k-shot Segmentation:

k Support Images Query Images
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 Limitations of Few-Shot-Seg
« FS-Seg requires support samples to contain classes that exist in query samples.

« FS-Seg only evaluates the novel classes, while test samples in normal semantic segmentation may also contain the
base classes.

* Introduce a new benchmark, called Generalized Few-Shot Semantic Segmentation



B 02 Generalized Few-shot Semantic Segmentation

* Difference between 2 settings

Base Class Learning
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Base Class Learnmg
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Novel Class Registration

Imput: Few support images/labels
contaiming the novel classes.
Output: The novel classes registered
classifier.

Imput : Query image.

Output: Predictions on all possible
base and novel classes without any
prior knowled ge.

+ Evaluatwn

Imput: Cuery image , support
images/labels.

Ountput: Predictions on the novel
classes exactly provided by the
support labels.
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B 02 Generalized Few-shot Semantic Segmentation
* The baseline for GFS-Seg.
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« PP’ The common semantic segmentation frameworks (e.g. FCN, DeepLab, PSPNet) can be
decomposed into two parts: feature extractor and classifier. The classifier of size N? X d can be seen
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B 02 Generalized Few-shot Semantic Segmentation

 Framework

* The weights of N™ novel classes are directly set by the averaged novel features.
« Weights of n? base classes appear in support samples are enriched by SCE with the original weights.

 DQCE dynamically enriches the weights of N? base classes from query samples
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B 02 Generalized Few-shot Semantic Segmentation

» Support Contextual Enrichment (SCE)

bi i b.i ' b, 1 ' b
P = Veup * Pois + (1= Voup) *Poupy, 1 €{1,-,n7},

* Dynamic Query Contextual Enrichment (DQCE)
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Why update the prototypes of the base classes?
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People during training. If Sofa is a novel class and some
instances of Sofa in support samples appear with Dog (e.g.,
a dog is lying on the sofa), merely mask-pooling in each
support sample of Sofa to form the novel prototype may
result in the base prototype of Dog losing the contextual co-
occurrence information with Sofa and hence yield inferior
results. Thus, for GFS-Seg, reasonable utilization of con-




B 02 Generalized Few-shot Semantic Segmentation

* Results
1-shot 5-shot

Methods Base Novel Total Base Novel Total
CANet [55] 8.73 242 7.23 9.05 1.52 7.26
PFENet [39] 8.32 2.67 6.97 8.83 1.89 7.18
SCL [55] 8.88 2.44 7.35 a.11 1.83 7.38
PANet [43] 31.88 11.25 2697 3295 15.25 2874
PANet + CAPL 63.06 1496 5160 6381 19.66 53.30
DeepLab-V3 + CAPL  65.71 15.05 53.77 67.01 23.26 56.59
PSPNet + CAPL 65.48 18.85 5438 66,14 2241 55.72

Pascal-5* CoCco-20°
Methods Venue Backbone 1-Shot 5-Shot 1-Shot  5-Shot
PANet [17] ICCV-19 Res-50 48.1 55.7 20.9 29.7
PFENet [ Y] TPAMI-20  Res-50 60.8 61.9 32.1 37.5
ASGNet [17] CVPR-21 Res-50 59.3 63.9 34.5 42.5
SCL [57] CVPR-21 Res-50 61.8 62.9 - -
SAGNN [46] CVPR-21 Res-50 62.1 62.8 - -
RePri [ 7] CVPR-21 Res-50 59.1 66.8 34.0 42.1
CWT[27] ICCV-21 Res-50 56.4 63.7 329 41.3
MMNet [+5] ICCV-21 Res-50 61.8 63.4 37.5 38.2
CMN [47] ICCV-21 Res-50 62.8 63.7 39.3 43.1
Mining [Y] ICCV-21 Res-50 62.1 66.1 339 40.6
HSNet [27] ICCV-21 Res-50 64.0 69.5 39.2 46.9
CAPL (PANet) Res-50 60.6 66.1 38.0 473
CAPL (PFENet) Res-50 62.2 67.1 J9.8 48.3
PFENet [ 39] TPAMI-20 Res-101 60.1 61.4 32.4 374
SAGNN [46] CVPR-21 Res-101 - - 37.2 42.7
ASGNet [17] CVPR-21 Res-101 59.3 64.4 - -
CWT|[22] ICCV-21 Res-101 58.0 64.7 324 42.0
Mining [Y] ICCV-21 Res-101 62.6 68.8 36.4 44.4
HSNet [27] ICCV-21 Res-101 66.2 T0.4 41.2 49.5
CAPL (PFENet) Res-101 63.6 68.9 42.8 50.4




I 03 Dynamic Prototype Convolution Network for Few-Shot Semantic Segmentation

Jie Liu'*, Yanqi Bao?*, Guo-Sen Xie*>*", Huan Xiong?, Jan-Jakob Sonke”, Efstratios Gavves'

1Uniwersity of Amsterdam, Netherlands “?Northeastern University, China 5The Netherlands Cancer Institute, Netherlands

SNanjing University of Science and Technology, China *Mohamed bin Zayed University of Artificial Intelligence, UAE

Most existing FSS methods usually cannot well capture
the intrinsic object details in the query images that are
widely encountered in FSS

DPCN can well capture the intrinsic subtle details. This
benefits from dynamic convolution on query features
with dynamic kernels generated from the support
foreground features.
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I 03 Dynamic Prototype Convolution Network for Few-Shot Semantic Segmentation

 Framework
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I 03 Dynamic Prototype Convolution Network for Few-Shot Semantic Segmentation

» Support Activation Module (SAM)
Re = W(a" © M,) € RidoxCuxILW..

Rq — W(Ii;) c Rdhdw XCHXHqu!

avi
Ih pi _.,F_.l - —
" e £ =
CoxHsx W | £ 2 || R, z
= *:':‘ = = £ Ay
Mfa_’\_. - Gl X G Hs W | 2 » Corr < =~ —nawq
Hg x W, z E S z
) "”\(él :g R, . dy,dy, % H W, x Hy W, E - Mage
*q h“‘ 2 | d,d, xCox HoW, =
=S —
Cyp X Hy x W
1 [ T s Y 0 O
X
Feature 7 X 7 REIX1XT X7

Window size 3 X 1

Regional matching map: Corr € R4rdwxHWexHWg



I 03 Dynamic Prototype Convolution Network for Few-Shot Semantic Segmentation

« Dynamic Convolution Module
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3 Dynamic Prototype Convolution Network for Few-Shot Semantic Segmentation

e Results

. 1-shot 5-shot . 1-shot mIoU
Methods | Backbone | 140 Fold1 Fold-2 Fol-3 Mean FB-loU | Foldd Fold-1 Fold-2 Fok-3 Mean FB-loU KernelSize | o "0 0 Eoldl  Fold? Fold3 Mean | FB10U
DSLSM (BMVC 1) [.1] | VGGI6 | 33.6 553 400 335 408 613 | 350 581 427 301 430 615 o - — ~ cdn
co-FCN (ICLRW* 1£)[19] | VGGl | 367 506 449 324 411 60.1 375 500 44 3309 414 60.2 3 65.2 70.4 HE.5 594 65.9 71.5
AMP-2ICCV'19)[21] | VGG16 | 41.9 502 467 347 434 619 | 403 553 499 401 464 621
PFENet (TPAMI'20)[25] | VGG16 | 569 682 544 524 580 720 | 590 691 548 529 590 723 > 65.7 716 69.1 60.6 66.7 78.0
HSNet ICCV'21)[17] | VGGI6 | 596 657 596 540 597 734 | 649 690 641 586 641 766 7 65.5 70.7 69.3 59.0  66.1 71.5
PEEMNet (TPAMT 20)[ ] | ResMet3D | 617 695 354 563 608 733 | 631 707 558 570 619 730 9 65.9 70.8 6%.8 507 66.3 77.7
RePRI(CVPR'21)[1] | ResNet50 | 50.8 683 621 485 507 - 646 714 TL1 3 666 -
SAGNN (CVPR'21)[(] | ResNet50 | 647 696 570 573 621 732 | 649 700 570 593 628 733
SCL(CVPR'21)[*5] | ResNet50 | 63.0 700 565 SIf 618 719 | 645 709 573 587 629 728
MLC (ICCV'21)[*7] | ResNet50 | 592 712 656 525 621 - 635 716 712 581  66.1 -
MMNet (ICCV'21) [29] | ResNet50 | 627 702 573 570 618 - 622 715 575 624 634 -
HSNet (ICCV'21)[17] | ResNet50 | 643 707 603 605 640 767 | 703 732 674 671 695 806 i - ) 1-shot mloU )
Baschine | VGGI6 | 584 680 580 500 588 712 | 607 688 602 522 604 143 SAM  FFM  DCM Fold-0 Fold-1 Fold? Fold-3 Mean | B-loU
DPCN | VGGI6 | 589 691 632 557 617 737 | 634 707 681 500 653 772
5 5 5 = 2
Baseline | ResNet50 | 61.1 698 584 563 614 715 | 637 709 587 514 6271 T7 v v 636 697 650 596 Leas | 752
DPCN | ResNet50 | 657 716 691 606 667 780 | 700 732 709 655 699 807 v v 67.1 71.1 63.2 600 654 76.0
v v 63.5 708 657 589 647 75.8
Table 1. Comparison with state-of-the-arts on PASCAL-5" dataset under both 1-shot and 5-shot settings. mloU of each fold, and averaged 4 4 4 65.7 716 69.1 60.6 66.7 78.0
mloll & FB-IoU of all folds are reported. Baseline results are achieved by removing three modules (i.e., SAM, FFM, and DCM) in DPCN. - ; ; ' '
1-shot 5-shot
Methods | Backbone | o1in Fold-l Fold-2 Fold-3 Mean FB-loU | Fold-0 Fold-l Fold-2 Fold-3 Mean FB-IoU
FWB(ICCV' 19)[1°] | VGGI6 | 184 167 196 254 200 - 00 192 218 B4 226 - 1-shot mloU
PFENetTPAMI'20)[25] | VGG16 | 334 360 341 328 341 600 | 359 407 381 361 377 616 Methods Fald0 Fadl Fold? Fold3 M FB-loU
SAGNN(CVPR'21)[20] | VGGI6 | 350 405 376 360 373 612 372 452 404 400 407 63.1 a l < - can
RePRIICVPRZ1) [1] | ResNemO | 312 381 333 330 340 . 385 462 400 4836 421 B CANet 535 65.9 51.3 51.9 554 66.2
MLC(ICCV'213[27] | ResNet50 | 46.8 353 262 271 339 - 541 412 M1 331 406 - . .
MMNetICCV'21)[29] | ResNetS0 | 349 410 372 370 375 - 370 403 393 360 382 - CANet+DCM | 647 66.8 L8 SLY S8.8 69.3
HSNet(ICCV'21)[17] | ResNetS0 | 363 431 387 387 302 682 | 433 513 482 450 469 707 PEENet 61.7 69.5 55.4 56.3 60.8 73.3
SAGNN(CVPR'21)[] | ResNet101 | 361 410 382 335 372 609 | 409 483 426 389 427 634 PFENei+DCM | 622 69.6 502 58.0 623 73.5
SCL(CVPR'21)[%5] | ResNet101 | 364 386 375 354 370 - 380 405 415 387 300 -
Baseline | VGGI6 | 321 361 352 323 330 601 350 201 371 365 372 6138
DPCN | VGGI6 | 385 437 382 377 395 625 | 427 516 457 446 462 66.1 Table 6. Generalization ability of the proposed DCM.
Baseline | ResNetS0 | 323 383 349 325 345 577 | 350 410 373 355 372 592
DPCN | ResNetSD | 420 470 432 307 430 632 | 460 549 508 474 498 674

Table 2. Comparison with state-of-the-arts on COCQ-20" dataset under both 1-shot and 5-shot settings. mIoU of each fold, and averaged
mloll & FB-Iol of all folds are reported. Baseline results are achieved by removing three modules (i.e., SAM, FFM, and DCM) in DPCN.



