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1 Details for Reproducibility

Protocols. Here we present more details of the overlapped and disjoint settings. Specifically, the
overlapped setting means pixels in samples from D; can belong to any classes, including past (step 1
to t — 1, formally, Cy.4—1), now (C;) and future (C;41.7). Note that only the classes in C; would be
annotated in );. Besides, images with multiple classes would appear in several learning steps, with
different annotations. The disjoint setting, studied by [1, 1 1], has a non-overlapped {D; }. Thus, each
learning step contains a unique D; , whose pixels only belong to classes seen in Cy.¢—1 or in Cy. It is
obvious that overlapped setup is more realistic, because overlapped has a weaker restriction on data
than disjoint.

Details of Proposal Reorganization The logits p € R *ICl is generated by classification. While
proposal P € {0, 1}V*H>W ig a group of binary masks where N is the number of masks and H, W
denote height and width. Proposal reorganization is a matrix multiplication of logits and proposal, to
obtain probability map of image, with the shape of |C| x H x W.

Details of MicroSeg-M. As mentioned in the main paper, MicroSeg-M is an advanced version of
MicroSeg by introducing memory sampling strategy from [2]. To be more specific, the strategy is
based on random-sampling, and advanced ensuring that there is at least one sample of every seen
class in the memory.

2 More Experimental Results and Discussions

Detailed experimental results. Tab. | provides experimental results of Pascal VOC 2012 [5] of
different incremental scenarios with each class.

Experimental results of disjoint setup. As explained in Sec. 1, disjoint setup is not realistic due
to its non-overlapping samples in each learning step. However, we still provide experimental results
of the disjoint setup, for a fair comparison with prior works [1, 2, 4, 1 1]. The result of Tab. 2 shows
that our proposed methods, i.e., MicroSeg and MicroSeg-M, outperform the state-of-the-art methods.
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Table 1: Detailed experimental results of Pascal VOC 2012 with class.

| bg aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train TV | mloU

10-1 (11 steps)
MicroSeg 89.7 916 412 951 741 844 903 896 868 374 186 334 751 385 76.6 87.9 157 341 285 600 37.0| 61.2
MicroSeg-M | 90.9 86.8 42.0 915 780 840 909 87.6 893 40.1 688 475 694 404 84.9 85.7 340 452 336 708 61.6| 67.8
2-2 (10 steps)
MicroSeg 857 739 244 40.8 259 488 277 749 480 47 393 51 548 445 67.1 80.5 11.8 380 27.0 452 47.0| 435
MicroSeg-M | 87.2 728 202 392 342 59.1 795 821 783 6.6 353 135 694 479 69.7 80.1 259 560 28.1 705 41.0| 522

15-1 (6 steps)
MicroSeg 89.8 929 444 955 760 828 929 909 934 486 682 529 89.8 835 89.7 90.4 1.7 562 248 573 342 698
MicroSeg-M | 91.2 932 434 931 787 847 919 91.0 943 458 884 560 885 846 86.9 90.1 229 715 31.0 715 656 | 744
5-3 (6 steps)
MicroSeg 89.1 912 348 893 739 873 823 836 796 46 555 400 766 555 74.1 87.9 312 514 305 702 627 | 643
MicroSeg-M | 90.9 81.2 347 878 674 870 850 782 80.6 218 551 379 773 529 74.5 862 434 388 338 748 670 | 646

19-1 (2 steps)
MicroSeg 88.8 875 414 925 726 853 96.0 856 949 366 924 576 909 89.6 85.0 899 716 822 504 87.0 139 | 757
MicroSeg-M | 93.6 86.8 43.7 875 733 840 96.1 905 938 373 878 629 904 886 88.6 899 71.0 83.0 515 859 629 785

15-5 (2 steps)
MicroSeg 91.7 91.1 448 924 80.1 852 933 913 945 430 693 559 905 839 90.1 90.1 323 623 306 820 57.0| 738
MicroSeg-M | 93.0 91.5 429 940 80.1 854 922 91.8 947 445 895 552 90.1 878 90.3 90.5 48.0 765 361 77.6 580 | 76.6

Table 2: Experimental results on Pascal VOC 2012 for disjoint setup.

Method VOC 15-1 (6 steps) | VOC 19-1 (2 steps) | VOC 15-5 (2 steps)
0-15 16-20 all | 0-19 20 all 0-15 16-20 all
LwF-MC [9] 4.5 7.0 52 | 63.0 132 605 | 672 412 60.7
ILT [10] 3.7 5.7 42 1 69.1 164 664 | 632 395 573
MiB [1] 462 129 379|696 256 674 | 71.8 433 647
SDR [11] 594 143 48.7 | 708 314 689 | 746 441 673
PLOP [4] 579 137 46,5 | 754 389 73.6 | 71.0 428 643
SSUL [2] 740 322 640 | 774 224 748 | 76.4 456 69.1
SSUL-M [2] 765 434 68.6 | 77.6 439 760 | 76.5 48.6 69.8
MicroSeg (Ours) 7377 241 619|806 160 774 | 774 434 693
MicroSeg-M (Ours) | 80.0 47.6 723 | 81.1 451 794 | 80.7 552 74.7

Joint | 82.7 750 809 | 81.0 79.1 809 | 827 750 809

Further discussion of the proposal. To further investigate the effect of the proposal, we conducted
experiments with modified SSUL [2] (a prior work of CISS). Specifically, SSUL performs the mining
of the background by using saliency map [8] as a saliency detector, to extract unknown class from
background. We complete the experiments on replacing the saliency map with segment proposal
and ground truth. The qualitative analysis of these three kinds of “saliency detectors” is shown in
Fig. 1. What can be observed is, saliency map only focuses on the most significant areas of the
image (people), while some areas are missed (bottle), proposal tends to focus on more area (plants),
as the area circled in the Fig. 1. The ground truth (GT), on the other hand, figures out exactly the
area that needs to be segmented. Therefore, GT can be considered as the upper bound of quality of
the saliency map, because it has complete and precise foreground annotation.

We provide experimental results of VOC 15-1 and VOC 19-1 scenarios in Tab. 3. From the results
we can observe that, compared with saliency map, GT can significantly improve the performance of
SSUL, while proposal can only slightly improve it. As a saliency detector, proposal does not work
well compared to saliency map. It indicates that the performance improvement of our method comes
from neither the information contained in proposal, nor its positive impact on the performance of
semantic segmentation only. The key of our proposed method is proposals with the Micro mechanism,
trying to solve the problem of background shift in incremental learning.

On the other hand, we further discussed B from the perspective of methods of generating proposals.
We have conducted the experiments of replacing proposal generator, including MaskFormer [3]
and RPN in Mask R-CNN combined with class-agnostic segmentation head [0, 7] (denote as
RPN+Seghead). We also conduct the results for generating different numbers of proposals (/V)
with Mask2Former. Note that the original setting of MicroSeg is Mask2Former (N = 100). All
experiments are done in VOC 15-1. As shown in Tab. 4, using other methods as a proposal generator
does not significantly affect the performance, comparing to the original setting of MicroSeg. This
result further supports our previous claims about propsoals.



Figure 1: Qualitative comparison of different saliency detector. The boxes point out the main
differences among them.

Table 3: Experimental results of SSUL, using different saliency detector. Each row denotes a saliency
detector type that SSUL applies: saliency map, saliency proposal and ground truth. The row saliency
map represents the results of original settings of SSUL. And the following two rows shows the results
of SSUL with modified saliency detector. We provide the experimental results of VOC 15-1 and VOC
19-1.

VOC 15-1 (6 steps) | VOC 19-1 (2 steps)

setting ‘ 0-15 16-20 all | 0-19 20  all
saliency | 77.3 36.6 67.6 | 77.7 297 754
proposal | 76.5 388 675 | 786 350 76.6
GT | 769 460 697|794 651 788

Table 4: Experimental results of MicroSeg with different proposal generator and different numbers
of proposals. We provide the experimental results of VOC 15-1.

. VOC 15-1 (6 steps)

setting ‘ 0-15 1620  all
RPN+Seghead 80.5 330 69.2
MaskFormer(/N = 100) 793 34.1 685

Mask2Former(N = 100)(Ours) | 80.1 36.8 69.8
Mask2Former(N = 200) 804 373 70.1

Further discussion of the selection of . Here we will illustrate the reason for ' = 1 in ADE20K
dataset. Hyper-paramenter K is the number of future classes. When the prediction of the historical
classes is accurate (i.e., high accuracy like 82.7 for VOC 15-1), the remaining uncertainty regions are
mainly future classes, and as a result a larger K can better distinguish different future classes. But
if the prediction of historical classes is not that accurate (e.g., 43.8 as for the ADE 100-10), many
historical classes would be mis-classified and grouped into the remaining future class regions. In
this case, if the K is still set to a large value, pixels belonging to the same historical class will be

Table 5: Discussion of K and feature extractor. Using a stronger backbone, a larger K in micro
mechanism achieved positive results.

ADE 100-10 (6 steps)

backbone K 015 16-20 all
1 |45 216 34.9
ResNet-101 2 | 411 124 31.6(33)
Swin Transformer 1434 296 o
2 | 437 294 39.0(+0.2)




forced to be separated into different categories and as a result confuse the model learning. In this case
(e.g.on the ADE20K dataset), choice of a smaller K (i.e., K = 1) would be safer and less harmful.

Meanwhile, on the ADE20K dataset, in order to conduct a fair comparison with prior CISS methods
[1, 2, 4], we choose to use the ResNet-101 as the backbone. While if we adapt a more advanced
model (e.g. the Swin Transformer), a larger K in micro mechanism achieves positive results. The
experimental results are provided in Tab. 5.

3 More Qualitative Results

3.1 Qualitative analysis of ADE20K

Fig. 2 shows the qualitative results of the proposed MicroSeg on ADE20K dataset [12] with the
100-10 scenario. Overall, our method performs well in CISS on ADE20K dataset. The first two rows
show the ability of the MicroSeg of learning new concepts (dishwasher is learned at step 4 and fan
is learned at step 5). The following two rows show the stability of our method. With the learning
step increasing, MicroSeg performs stable predictions. Historical knowledge is not forgotten when
learning new concepts. Moreover, for ADE20K, a dense-labeled dataset, both thing and stuff classes
are annotated. Our method still achieves well performance at segmenting samples with only stuff
classes, e.g., sky, grassland, lake, as shown in the last two rows.

3.2 Extra qualitative results of MicroSeg

We provide extra qualitative results of ADE20K 100-10 and VOC 15-1 in Fig. 3 and Fig. 4.
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Figure 2: Qualitative results on the ADE20K dataset with the 100-10 scenario.
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Figure 3: Extra qualitative results on ADE20K dataset with the 100-10 scenario.
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Figure 4: Extra qualitative results on Pascal VOC 2012 dataset with the 15-1 scenario.
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