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Prior knowledge

Few shot segmentation

B Defects of Deep-learning-based Segmentation
M Eager for large amount of samples of target
B Cannotf segment unseen objects

B The aims of Few-shot Segmentation

B Segment unseen object with only a few references after training




Prior knowledge

Few shot segmentation

B Divide classes € of dataset intfo seen Cspen, AN UNSEEN Cypseens C_seen N C_unseen = @

B Derain = {(Sp QORS™ Deese = {(Si, Q325

m S = {(Ic’k,MC’k) | ¢ € Cgpen fOr training else ¢ € cypseen }, Q; = {(chn, Mc,n)}

m (S;,0Q;) called episode is the input to the model during training/testing stage

Suppor’r Set Query Set

3-way 1-shot — - , .




Prior knowledge

Hyper-correlation

B A collection of 4D correlation tensors

Learning visual correspondence

B Find reliable correspondences under challenging degree of variations

B Build correspondences upon convolutional features pretrained on classification task
B Exploiting different levels of convolutional features |

B Employ 4D convolutions on dense feature 2
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1. Robust Image Matching By Dynamic Feature Selection — BMVC 2020
2. Correspondence Networks with Adaptive Neighborhood Consensus — CVPR 2020




Motivation

Few shot semantic segmentation equals to:
B understand diverse levels of visual cues

B analyze fine-grained correspondence relations between the query and the support images

Support

Proposed methods
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B multi-level feature correlation

B cfficient 4D convolutions
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Correlation pattern analysis (Hypercorrelation squeeze)




Method

shared weight

Cosine similarity

(R F)}=

Hypercorrelation construction
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Method

B Capture mulfi-level semantic and geometric patterns
B Query and support images 19,15 € R3>*W

B [ pairs of intermediate feature maps {(F",Fls)}lL=1
B Mask each F? with support mask M5 € {0,1}7*W:
B P =F iM%
B © -Hadamard product

shared weight

B ( - bilinearly inferpolates

B Form a 4D correlation tensor €; € REXWixHixWy.
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Hypercorrelation construction

pyramid {ijgﬂ
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B Collect 4D tensors having the same spatial sizes {C;}, _,
p

B Form a hyper-correlation €, € RI£p|xHpxWpxHpx Wy 15y concatenating {C,}

I€L,

at some pyramidal layer p

along channel.



Method

B RelU
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Method

B 2D-convolutional context decoder
B 2D convolutions
B RelU
B Upsampling layers

B Softmax
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Method

Center-pivot 4D convolution

B 4D convolution and its limitation:
B guadratic complexity is too high

B over-parameterization of the high-dimensional kernel

4-dimensional
feature space

weight-
sparsification

P(x,x") = P(x) x P(x') Pep(x,x") = {(p.p") € P(x,X"):p=xVp’ =X}

4D convolution convolved at position (x,X") 4D convolutional kernel Center-pivot 4D convolutional kernel



Method

Center-pivot 4D convolution

B Goal: design a lightweight and efficient 4D kernel
B Main idea: disregard a large number of activations
B Given 4D position (x, x"), define two respective sets:
B P(x") ={(pp) €Plx,x): p=nx}
B Po(x,x)={(pp) €EPlx"):p =x}

4-dimensional
feature space

weight-
sparsification

P L Lk kT

P(x,x") = P(x) x P(x") Pep(x%,X") = {(p.p") € P(x,X'):p =xVp' =X}

4D convolution convolved at position (x,X") 4D convolutional kernel Center-pivot 4D convolutional kernel



Method

Center-pivot 4D convolution

B Origin: (c*k)(x,x") = Z(p,p’)ep(x,x/) c(p,p k(@ —x,p" — x)

| |mpr0ve: (C * kcp)(x, x’) = Zp’EP(X’) C(x, p’)ng(p, - x,) + ZpEP(x) C(px,)kczv’D(p - X)

4-dimensional
feature space

weight-
sparsification

P(x,x") = P(x) x P(x') Pep(x,x") = {(p.p") € P(x,X"):p=xVp’ =X}

4D convolution convolved at position (x,X") 4D convolutional kernel Center-pivot 4D convolutional kernel



Experiments

Backbone Methods 1-shot 5-shot # learnable
network ' 50 5 57 5% mean FB-IoU | 5" 5' 57 5% mean FB-loU | params
OSLSM [55] 336 553 409 335 408 61.3 359 581 427 39.1 439 61.5 276.7TM
co-FCN [51] 36.7 506 449 324  41.1 60.1 37.5 500 441 339 414 60.2 34.2M
VGG16[61] AMP-2 [601] 41,9 50.2 467 347 434 61.9 40.3 553 499 40.1 46.4 62.1 15.8M
PANet [ 7] 423 580 51.1 412 481 66.5 51.8 646 598 465 557 70.7 14.7M
PFENet [67] 56.9 68.2 544 5324 58.0 72.0 59.0 691 548 529 590 723 10.4M
HSNet (ours) | 596 657 596 540 59.7 73.4 | 649 690 641 58.6 641 76.6 | 2.6M
PANet [ /7] 440 575 508 440 491 - 553 672 613 532 593 - 23.5M
PGNet [27] 560 669 506 3504 560 69.9 577 687 529 546 585 70.5 17.2M
ResNet50 [17] PPNet [35] 486 606 5357 465 528 69.2 589 683 668 580 630 75.8 31.5M
' PFENet [07] 6l.7 695 554 563 608 73.3 63.1 707 558 579 619 739 10.8M
RePRI [ 1] 598 683 621 485 597 - 646 714 711 593 66.6 - -
HSNet (ours) | 643 707 603 605 o640 76.7 | 70,3 732 674 671 69.5 80.6 | 2.6M
FWB [43] 51.3 645 567 3522 562 - 548 674 622 553 599 - 43.0M
PPNet [15] 527 628 574 477 552 70.9 603 700 694 60.7 651 77.5 50.5M
DAN[71] 547 686 578 516 582 71.9 579 690 601 549 605 723 -
ResNetl101 [17] PFENet[67] | 60.5 694 544 559 60.1 729 |628 704 549 576 614 735 10.8M
RePRI [1] 506 686 622 472 594 . 66.2 714 67.0 577 65.6 - -
HSNet (ours) | 67.3 723 620 631 66.2 77.6 71.8 744 67.0 683 704 80.6 2.6M
HSNet! (ours) | 66.2 69.5 539 3562 615 72.5 689 719 563 579 637 73.8 2.6M

Table 1: Performance on PASCAL-5" [5%] in mloU and FB-IoU. Some results are from [+, 35, 67, 71, 76]. Superscript 1 denotes our model
without support feature masking (Eqn. 1). Numbers in bold indicate the best performance and underlined ones are the second best.



Experiments

Backbone i 1-shot 3-shot Rackbone mloU
network Methods 20 20' 20° 20° mean FB-IoU | 20° 20! 202 20° mean FB-loU network Methods lshot  5-shot
PPNet[35] | 28.1 308 295 277 29.0 - | 390 408 371 373 385 - =
PMM [76] | 293 348 271 273 296 - | 330 406 303 333 343 - OSLSM [5¢] 703 ?3'2
ResNetso[17]  RPMM[76] [ 295 368 289 270 306 - | 338 420 330 333 355 - _ GNet [57] 719 T4
SNV PEENet[67] | 365 386 345 338 358 - | 365 433 378 384 390 - vGGIo ol ESS3  p 73s 0 80,
RePRI [1] 32.0 387 327 331 341 - 393 454 397 418 416 - DoG-LSTM [°] | 80.8 834
HSNet (ours) | 36.3 431 387 387 392 682 | 433 513 482 450 469 707 HSNet (ours) | 823 853
FWB[/3] | 17.0 180 210 289 212 - 19.1 215 239 301 23.7 - ResNet50[17] HSNet (ours) | 855  87.8
_ . DAN[71] .- .. 244 @23 | - - - - 296 639 =
ResNetlOLTIT] pRENet 7] | 36.8 418 387 367 385 630 | 404 468 432 405 427 658 ResNet101 [17] —2AN 1] | 852 881
HSNet (ours) | 37.2 441 424 413 412 69.01 | 459 530 518 471 495 724 HSNet (ours) | 865  88.5

Table 2: Performance on COCO-20° [42] in mIoU and FB-IoU. The results of other methods Table 3: Mean IoU comparison on FSS-
are from [4, 35,67, 71, 76]. 1000 [21]. Some results are from [, 7 1].



Experiments

1-shot S-shot # learnable  time memory footprint FLOPs
Kernel type 59 51 52 5%  mean | 5° 5! 52 5% mean params (ms) (GB) (&)
Original 4D kernel [55] 645 714 623 61.7 649 | 708 748 674 675 70.1 11.3M 512.17 4.12 702.35
Separable 4D kernel [77] 66.1 720 632 626 659 [71.2 741 672 68.1 70.2 4.4M 28.48 1.50 28.40

Center-pivot 4D kernel (ours) | 67.3 723 620 631 66.2 "}'1.8 744 67.0 683 704 | 2.6M 25.51 1.39 20.56

Table 4: Comparison between three different 4D conv kernels in model size, per-episode inference time, memory consumption and FLOPs.
For fair comparison, the inference times of all the models are measured on a machine with an Intel 17-7820X and an NVIDIA Titan-XP.



