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I 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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I 01 Background for Few-Shot Segmentation

* Implementation
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* One-shot segmentation and -shot segmentation
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Figure 1: Different learning frameworks for few-shot segmentation, from the perspective of ways to
utilize support information. (a) Class-wise mean pooling based method. (b) Clustering based method.
(c) Foreground pixel attention method. (d) Our Cycle-Consistent TRansformer (CyCTR) framework
that enables all beneficial support pixel-level features (foreground and background) to be considered.
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Adaptive Prototype Learning and Allocation for Few-Shot Segmentation(CVPR21)
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Figure 1: Different learning frameworks for few-shot segmentation, from the perspective of ways to
utilize support information. (a) Class-wise mean pooling based method. (b) Clustering based method.
(c) Foreground pixel attention method. (d) Our Cycle-Consistent TRansformer (CyCTR) framework
that enables all beneficial support pixel-level features (foreground and background) to be considered.

(a) SGC 1s adaptive to object scale variation

(b) GPA is adaptive to object shape variation

Adaptive Prototype Learning and Allocation for Few-Shot Segmentation(CVPR21)




I 01 Few-Shot Segmentation via Cycle-Consistent Transformer

e Motivation

* Many pixel-level support features are quite different from the query ones, and thus may confuse
the attention.




I 01 Few-Shot Segmentation via Cycle-Consistent Transformer
* Framework of the proposed Cycle-Consistent TRansformer (CyCTR)

* Self-alignment block for utilizing global context within the query feature map
* Cross-alignment block for aggregate information from support images

y.  Supp. flatten & sample

mask (Ns)
M L X Encoders
flatten8 Cl Cross-alignment Block output_
H;  supp. (S;Smxplde) :Zkv_'\} CyC- | Il @ MLP— N @ query
feat. |, __Z’g;fs 7~ MHA T feat
W q | S A
selfy ;7T
flatten |—'Zq lf\:\ :
se 1
u query | T, W, x d) L.Zse:f_’i MHA ~ N ~()-+ MLP~ N *@*
feat. P Z,
A -—_._._Self-alignment Block _______
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* Cycle-Consistent Attention ( Cross-alignment block )
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I 01 Few-Shot Segmentation via Cycle-Consistent Transformer
* Mask-guided sparse sampling and K-shot Setting

= =

? 1

With a proper Ns, the sampling operation reduces the computational complexity, and makes our
algorithm more scalable with the increase of spatial size of support images.
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* Self-alignment block
* Refering to deformable detr

7
P ’ Atten(Q, K,V) = softmax(Qj{E )V,
PI'CdAttCH(Qr; Vr) — Z SOftIIlElX(A )(’r}g) Vr+&{.,.,g} 3 Compare with original attention
g

A = f(Q+ Coord) and A" = 9(Q + Coord), _AI c RHWqxP

f(+) and g(-) are two fully connected layers that predict the offsets and attention weights.



I 01 Few-Shot Segmentation Setting

* Dataset
* Pascal- : 20 categories, 15 classes are used for training and 5 classes for test.

« COCO- : 80 categories, 60 classes are used for training and 20 classes for test.
* Evaluation Metric
* mloU

e FB-IoU



I 01 Few-Shot Segmentation via Cycle-Consistent Transformer
* Results

Table 1: Comparison with other state-of-the-art methods for 1-shot and 5-shot segmentation on
PASCAL-5" using the mloU (%) evaluation metric. Best results are shown in bold.

1-shot 5-shot
Mctnod Backbone 5° 5 5% 5°  Mean | 5° 5' 5° 5°  Mean
PANet [15] 423 580 51.1 412 481 | 518 646 598 465 55.7
FWB [23] Veolc | 470 596 526 483 519 | 509 629 565 50.1 551
SG-One [45] &8 402 584 484 384 463 | 419 586 486 394 47.1
RPMM [41] 471 658 50.6 485 530 | 500 665 519 476 540
CANet [24] 525 659 513 519 554 |555 678 519 532 57.1
PGNet [43] 560 669 50.6 504 560 | 577 687 529 546 585
RPMM [41] Res-50 | 552 669 52.6 507 563 |563 673 545 510 573
PPNet [ 18] 478 588 538 456 515 | 584 678 649 567 620
PFENet [30] 61.7 695 554 563 608 |63.1 707 558 579 619
CyCTR (Ours) | Res50 | 67.8 728 58.0 58.0 642 | 71.1 732 605 575 65.6
FWB [23] 513 645 567 522 562 |549 674 622 553 590
DAN [34] Res-101 | 547 686 57.8 516 582 | 579 690 60.1 549 605
PFENet [30] 60.5 694 544 559 60.1 | 628 704 549 576 614
CyCTR (Ours) | Res-101 | 69.3 727 565 58.6 643 | 735 740 586 60.2 66.6




I 01 Few-Shot Segmentation via Cycle-Consistent Transformer
* Results

Table 2: Comparison with other state-of-the-art methods for 1-shot and 5-shot segmentation on
COCO-20" using the mloU (%) evaluation metric. Best results are shown in bold.

1-shot 5-shot
letiiod Backbone |\ —q—— 0507505 Mean | 20° 207 207 20° Mean
FWB 1] Res-101 | 199 180 210 289 212 | 19.1 215 239 301 237
PPNet [15] Res-50 | 28.1 308 295 277 290 | 39.0 408 37.1 373 385
RPMM [ 1] Res-50 | 295 368 29.0 270 306 | 338 420 330 333 355
PFENet [30] Res-101 | 343 330 323 30.1 324 | 385 386 382 343 374
CyCTR (Ours) | Res50 | 389 43.0 39.6 398 403 | 4l.1 489 452 47.0 456




I 01 Few-Shot Segmentation via Cycle-Consistent Transformer
* Results

Table 4: Ablation studies that validate the effectiveness of each component in our Cycle-Consistent
TRansformer. The first result is obtained by our baseline (see Section <.2 for details).

self-alignment cross-alignment CyCTR (pred) CyCTR (fg. only) CyCTR | mloU (%)
58.8
61.6
61.2
v 61.9
v 62.0
v 62.8
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