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1. Background

Modern incremental learning for semantic segmentation (ILSS) methods usually learn new categories based on
dense annotations,

Pixel-by-pixel labeling is costly and time-consuming;

Weakly incremental learning for semantic segmentation (WILSS) is a novel and attractive task, which aims at
learning to segment new classes from cheap and widely available image-level labels.

Image-level labels can not provide details to locate each segment, which limits the performance of WILSS

We propose FMWISS to improve and effectively utilize the supervision of new classes given image-level labels.

Step ¢

“a photo of Horse”

!

Seg. __|Foundation
Loss Models

(b) FMWISS (Ours)
Major difference of pipeline between previous WILSS work and FMWISS



2. Our Method

* Pre-training Based Co-segmentation
* Pseudo Label Optimization

* Memory-based Copy-Paste Augmentation
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The proposed FMWISS framework



2. Our Method

* Pre-training Based Co-segmentation * Memory-based Copy-Paste Augmentation
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3. Experimental Results

Disjoint Overlap COCO VOC
Method  Sup | . _ ) 3 d
1-10 11-20 All 1-10 11-20 All Method Sup 1-60 61-80 All 61-80
Joint* P | 76.6 74.0 75.4 76.6 74.0 75.4
FI* P |77 60.8 33.0 78 58.9 32.1 FTt P 1.9 41.7 1257 75.0
LWE* [34] P |63.1 61.1 62.2 70.7 63.4 67.2 LWF [34] P | 367 49.0 403 73.6
LWE-MC* [45] P | 524 425 477 53.9 43.0 48.7 X e o :
LT (38 P | 617 61.3 64.7 703 61.9 66.3 ILT![38] P || 37.0 43.9 39.3 68.7
CIL*[29] P | 374 60.6 48.8 38.4 60.0 48.7 MIBT [9] P 34.9 47.8 38.7 73.2
MIB*[9] P | 669 575 62.4 70.4 63.7 67.2 t
PLOP[18] P | 637 60.2 63.4 69.6 62.2 67.1 AU ] esl 39.4 36.8 64.7
SDR*[39] P | 675 57.9 62.9 70.5 63.9 674 caMt 1 | 307 20.3 28.1 39.1
RECALL* [36] P | 64.1 56.9 61.9 66.0 58.8 63.7 SEAM' [48] 1 | 312 8.2 30.5 48.0
CAM! 1 | 654 413 54.5 70.8 442 58.5 t ' ' ' :
SEAM' [48] 1 | 65.1 535 60.6 67.5 55.4 62.7 S? (1 I }351 36.9 35.5 524
sst(al 1 | 607 25.7 45.0 69.6 32.8 52.5 EESE[32]0 1 = (£34.9 38.4 35.8 553
EPST[32] 1 | 64.2 54.1 60.6 69.0 57.0 64.3 WILSONT[8] I | 39.8 41.0 40.6 557
WILSON' [8] 1 | 64.5 54.3 60.8 70.4 57.1 65.0
FMWISS (Ours) 1 | 68.5(+4.0) 582(+3.9) 64.6(+3.8) | 73.8 (+43.4) 62.3(+52) 69.1 (+4.1) FMWISS (Ours) T | 399 (+0.1) 44.7(+3.7) 41.6 (+1.0) | 63.6 (+7.9)
Table 1:Results on the 10-10 setting of Pascal VOC Table 3: Results on COCO-to-VOC
s Disjoint Overlap
Disjoint Overlap
Metied SSURil 1 16-20 All 1-15 16-20 All Metiod SN 107 11200 AT ‘ 1-10 11-20 Al
JOE’IE: II: ;545 ;gz Zii Bg ;Zg Z;g WILSON [&] I } 645 543 608 ‘ 704 57.1 65.0
LWF* [34] P 3;).7 33:3 38:2 67:0 41:8 61:0 WILSON [&] P 69.5 564 642 | 73.6 576 66.7
LWE-MC* [45] P | 415 254 37.6 59.8 22.6 51.0 FMWISS (Ours) I | 68.5 582 64.6 | 738 623 69.1
ILT*[38] P | 315 25.1 30.0 69.0 46.4 63.6
CIL*[29] P | 426 35.0 408 149 7)) 20.2 . . . .
MIB'[9] P | 718 33 647 755 94 69.0 Table 4: Comparison trained with dense annotations
PLOP[18] P | 710 42.8 64.3 751 51.7 70.1
SDR*[39] P | 735 473 672 75.4 52.6 69.9
RECALL* [36] P | 692 52.9 66.3 67.7 543 65.6 Train Disjoint Oy
cAMT 1 69.3 26.1 594 69.9 25.6 59.7 Method Data 1-10 11-20 All 1-10 11-20 All
SEAMI[48] 1 |71.0 3 62.7 68.3 31.8 60.4
SSf[3] 1 |716 26.0 61.5 722 275 62.1 WILSON [8] 100% | 645 543 60.8 | 704 57.1 65.0
EPSt [32] 1 | 724 38.5 652 69.4 345 62.1
WILSONT [8] 1 | 73.6 43.8 67.3 742 41.7 67.2 100% | 68.5 582 64.6 | 73.8 623 69.1
FMWISS (Ours) 1 | 759 (+2.3) 50.8 (+7.0) 70.7 (+3.4) | 78.4 (+4.2) 54.5(+12.8) 73.3 (+6.1) FMWISS (Ours) 50% | 66.7 560 627|721 605 67.4
30% | 68.5 S bRy Sy By | | s 557 66.8

Table 2: Results on the 15-5 setting of Pascal VOC
Table 5: Performance comparison with fewer training data



3. Experimental Results

More comparison on the 10-10 VOC setting. From left to right: image, WILSON, FMWISS (ours) and the ground-truth.
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