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Mask methods
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Meta attention

Attention to attention
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Dataset Method
Individual | Classifier LwF[27] Piggyback['!] HAT[!!] Adaptor-B[!5] MEAT
CUB 75.13 46.05 59.03 60.65 68,34 66.03 T1.16
Cars 69.82 16.27 39.39 4487 50.57 45.50 5342
FGVC 70.00 14.35 38.87 45.58 46.71 41.28 52.69
= WikiArt 72.13 38.64 46,88 62.42 61.84 37.04 64.63
1) Sketches 73.50 30.64 53.17 69.07 65.49 69.21 70.73
E CIFAR-100 83.85 66.05 69.79 T1.18 70.67 75.21 78.13
ImageNet 30.82 72.20 26.24 T72.20 N/A T2.20 72.20
(0.00) (0.00) (] 45.96) (0.00) N/A (0.00) (0.00)
Model Size 149 MB 23 MB 23 MB 26 MB 23 MB 20MB 25 MB
(6.49x) (0.06x) (1.00x) (0.21x) (1.01x) (0.28x) (0.16x)
CUB 82.69 49.10 69.34 72.89 79.67 T7.20 81.53
Cars 84.74 18.29 74.00 74.72 73.22 67.23 77.20
FGVC 82.69 15.51 55.99 60.04 62.99 57.04 65.69
o | WikiArt 79.48 43.85 65.64 68.09 70.43 71.33 73.43
=~ | Sketches 80.68 39.80 70,74 73.03 74.97 T2.87 76.68
g CIFAR-100 89.03 72.71 75.67 79.76 79.52 84.00 85.93
ImageNet 4978 79.84 23.01 7984 N/A 79.84 79.84
(0.00) (0.00) (| 56.83) (0.00) N/A (0.00) (0.00)
Model Size 582 MB 86 MB 86 MB 101 MB 86 MB 99 MB 96 MB
(6.77x) (0.03x) (1.00x) (0.15%) (1.01x) (0.17x) (0.14x)
CUB 74.47 26.13 45,33 63.57 66.57 64,31 69.90
Cars 72.67 11.52 59.01 58.22 54.63 53.79 61.90
- FGVC 64.09 12.46 42.07 51.47 52.69 48.02 53.55
= | WikiArt 73.51 35.57 51.24 60.34 58.53 59.01 61.20
= | Sketches 76.60 18.79 61.98 73.07 71.29 74.02 74.75
[ CIFAR-100 85.03 33.10 66.34 70.98 74.86 T3.58 77.42
ﬂ 32.62 5542 28.54 5542 N/A 5542 5542
ImageNet o
(0.00) (0.00) (] 26.88) (0.00) N/A (0.00) (0.00)
Model Size ]?9 .MB 27T MB 2T MB 32MB 28 MB jo MB 30 MB
{6.63x) (0.07x) (1.00x) (0.20x) (1.02x) (0.30x) (0.14x)
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Representation Compensation Networks for Continual Semantic Segmentation
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Cermelli F, Mancini M, Bulo S R, et al. Modeling the background for incremental learning in semantic
segmentation[C]//Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition.
2020: 9233-9242.




Pooled Cube Distillation
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Figure 4. Comparison between PLOP [ %] and our proposed Pooled
Cube Knowledge Distillation mechanism.

MiB: per-pixel knowledge distillation ( KD )
PLOP: row & column KD & Local POD
RCIL: multi-scale & spatial KD & channel KD
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Result

15-5 (2 steps)

15-1 (6 steps)

10-1 (11 steps)

Disjoint Overlapped Disjoint Overlapped Disjoint Overlapped
Method 0-15 16-20| all ||0-15 16-20| all ||0-15 16-20| all ||0-15 16-20| all ||0-10 11-20| all ||0-10 11-20)| all
Fine-tuning || 5.7 33.6 |12.3|| 6.6 33.1 |129|| 46 18 |38 | 46 18 |39||63 1.1 |38| 64 12 |39
Joint 78.2 78.0 [78.2|/782 78.0 |78.2| 79.8 72.6 |782|/79.8 7T72.6 |78.2|/79.8 72.6 |[78.2(/79.8 72.6 |78.2
LwF [57] 604 374 |549|/60.8 366 |550| 58 36 |53 6.0 39 |55 72 1.2 [ 43 || 80 20 | 48
ILT [63] 649 395 [589|/67.8 406 |613| 86 57 |79 96 78 |92 | 73 32 |54 72 37 |55
MiB [Y] 73.0 433 [659]|764 494 700 484 129 [399]|/38.0 13.5 322 95 4.1 | 6.9 {/20.0 20.1 |20.
SDR [64] 74.6 441 [67.3|/763 502 |70.1|/59.4 143 [48.7|/473 14.7 |395(/17.3 11.0 [14.3]]324 17.1 |25.1
PLOP [22] || 71.0 428 |64.3(| 757 51.7 [70.1|57.9 13.7 |465( 651 21.1 |54.6|| 9.7 7.0 | 84 (440 155 |30.5
Ours 75.0 428 [67.3]|788 520 724/ 66.1 182 [54.7|/70.6 23.7 |594|/30.6 4.7 [18.2]/554 15.1 |34.3

Table 1. The mloU(%) of the last step on the Pascal VOC 2012 dataset for different continual class segmentation scenarios. The red denotes

the highest results and the blue denotes the second highest results.

100-50 (2 steps)

100-10 (6 steps)

50-50 (3 steps)

Method 1-100 101-150| all || 1-100 101-110 111-120 121-130 131-140 141-150| all || 1-50 51-100 101-150| all
ILT [63] 18.3 14.8 [ 17.0 0.1 0.0 0.1 0.9 4.1 9.3 1.1 ||13.6 123 0.0 9.7
MiB [Y] 40.7 17.7 | 32.8|| 38.3 12.6 10.6 8.7 9.5 15.1 [29.2|453 26.1 17.1 |29.3
PLOP [25] || 41.9 149 [32.9)|| 40.6 152 16.9 18.7 11.9 79 316|486 300 13.1 (304
Ours 42.3 18.8 3451 393 14.6 26.3 23.2 12.1 11.8 |32.1|/483 313 18.7 | 32.5
Joint 443 282 |389| 443  26.1 42.8 26.7 28.1 17.3 |38.9||51.1 383 28.2 | 389

Table 2. The mloU(%) of the last step on the ADE20K dataset for different overlapped continual learning scenarios. The red denotes the

highest results and the blue denotes the second highest results.
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Motivation

« Task Incremental Learning is not reality in some scenarios.
» Strong pre-trained models benefits Class-Incremental Learning
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Network after step t-1
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ResNetl10 ResNet18

Method ftof params  Aceau  Accpase  AcCpoper  Accyyy | #ofparams  Accan AcChase AcChover  AcCauy

fine-tuning 4.9M 4.18 0.01 87.63 43.82 11.2M 4.25 0.00 89.37 44.68

LwF [15] 9.50 5.54 88.53 47.04 9.50 5.46 90.30 47.88

1CaRL [27] 16.26 13.91 63.40 38.66 10.65 8.15 60).80 34.78

BiC [29] 30.30 27.55 85.20 56.38 31.50 28.75 86.60 57.68

WA [31] 51.33 52.33 31.40 41.87 54.79 55.17 47.20 51.19

DER w/o P [20] 9.8M 52.31 52.43 50.10 51.27 - - - - -

score fusion (ours) best-Ace, 8.6M 63.24 63.77 52.67 58.22 19.6M 69.45 70.01 58.13 64.07
score fusion (ours) best-balanced 62.15 61.49 15.37 68.43 67.36 66.61 82.37 74.49
score fusion (ours) best-Aceyy g 58.90 57.73 82.40 70.06 65.83 64.85 82.50 75.17
score fusion (ours, fc-only) best-Aceyyy 4.9M 62.65 63.56 44.53 54.05 11.2M 68.79 6Y.58 53.07 61.32
score fusion (ours, [c-only) best-balanced 61.01 60.81 65.07 62.94 66.76 66.50 71.83 69.17
score fusion (ours, fc-only) best-Acc,q 57.91 57.24 71.57 64.40 65.89 65.49 73.77 69.63
joint learning (oracle) | 4.9M 63.80 63.94 61.00 62.47 11.2M 70.32 70.43 68.20 69.32




