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Abstract: Due to the interference and background drift between new and old task parameters, semantic
segmentation model based on deep neural networks promotes catastrophic forgetting of old knowledge.
Furthermore, information frequently cannot be stored owing to privacy concerns, security concerns, and other
issues, which leads to model failure. Therefore, a continual semantic segmentation method based on gating
mechanism and replay strategy is proposed. First, without storing old data, generative adversarial network and
webpage crawling are used as data sources, the label evaluation module is used to solve the unsupervised
problem and the background self-drawing module is used to solve background drift problem. Then, catastrophic
forgetting is mitigateed by replay strategy; Finally, gated variables are used as a regularization means to
increase the sparsity of the module and study the special case of gated variables combined with continual
learning replay strategy. Our evaluation results on the Pascal VOC2012 dataset show that in the settings of
complex scenario 10-2, Generative Adversarial Networks (GAN) and Web, the performance of the old task after

all incremental steps are improved by 3.8% and 3.7% compared with the baseline, and in scenario 10-1, they are
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improved by 2.7% and 1.3% compared with the baseline, respectively.

Key words: Continual learning; Semantic segmentation; Replay strategies; Gating variables
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* 2 MR- 1ABF L EERTREL- TR RS0

75N GAN p=0.9  p=0.8  p=0.7 p=0.6  p=0.5 Web p=0.9  p=0.8 p=0.7 p=0.6  p=0.5

0-19 68.240.8 67.940.3 67.0£0.8 68.2+£0.4 67.6+0.3 68.44+0.3 67.7£1.3 67.2+£0.7 67.1£1.0 68.3£0.7 67.740.3 68.440.3
20 50.9+1.1 51.3+£1.3 51.241.1 52.241.1 50.64+1.7 50.14£2.3 51.0+£1.5 51.9+1.4 53.0+0.9 51.74+1.6 52.04+2.7 52.9+1.6

19-1

0-15 68.940.3 69.1£0.3 69.1£0.5 69.0£0.4 69.1+£0.5 69.940.2 69.44+1.7 70.0£0.4 69.9+£0.9 69.840.3 69.940.7 70.740.3
16-20 51.540.5 51.34+0.6 51.3+£0.4 51.64£0.6 51.540.8 51.840.5 54.240.4 54.240.6 54.6+0.5 54.3+0.3 55.04+0.5 55.040.4

15-5

10.10 0-10 66.840.5 67.040.2 66.4+£0.3 67.3£0.3 66.9+£0.5 66.6+0.7 68.440.3 68.6+£0.2 67.6+£0.6 68.4+0.2 68.1+0.1 68.040.7
11-20 58.140.6 59.240.5 58.4+0.6 58.6+0.4 58.3+0.4 57.740.4 58.14+0.5 59.6+0.6 58.1+£0.6 58.840.3 58.14+0.4 57.540.4

0-10 68.740.6 68.440.4 68.0£0.2 68.8+£0.4 68.6+£0.2 68.1+£0.9 69.54+0.5 69.94£0.2 69.0+£0.4 69.94£0.3 69.54+0.2 68.740.6
11-15 63.140.3 63.841.2 63.04£0.7 63.3+£0.7 63.240.9 63.0+0.5 63.7+0.8 65.0+£0.7 63.94£0.4 64.3+0.3 63.94+1.1 63.7+1.1
0-15 61.340.8 61.740.8 61.5£0.5 61.6+£0.7 62.04£0.5 61.640.4 63.1+0.5 62.5£1.3 64.0£0.6 62.2+£0.8 63.940.6 63.941.0
16-20 49.340.5 50.04+1.1 49.2+0.6 48.440.2 48.741.1 49.04+0.1 53.04+0.4 54.1+£0.8 53.1+£0.5 53.040.3 53.440.9 53.240.3

10-5

0-10 71.240.7 70.940.8 70.0£0.3 71.4+£0.6 71.1+£0.4 70.241.0 72.3+0.4 72.3£0.4 71.5+£0.6 72.0£1.1 71.840.4 71.541.0
11-12 57.04£1.0 56.24+1.5 56.2+1.1 57.14£0.2 57.741.2 56.54+1.0 60.54+0.9 60.1+1.7 60.8+£0.7 59.841.2 60.74+0.4 60.840.5
0-12  65.6+1.3 65.940.7 65.44£0.6 65.84£0.6 65.54£0.3 64.740.5 67.3+0.9 68.3£1.1 67.4+£0.2 68.0£1.0 66.940.6 67.140.6
13-14 53.34+1.7 53.840.8 53.5+1.1 53.3+£0.7 53.1+0.4 52.94+1.5 60.0+1.6 60.6+1.3 61.0+£0.3 61.0+1.4 60.940.4 60.641.3
0-14 62.541.3 62.7£0.6 62.140.6 62.94-0.6 61.9+£0.5 62.040.9 64.341.6 65.54£0.6 64.940.6 65.240.3 64.2+1.2 64.740.7
15-16 51.441.8 53.6+1.5 53.4+1.6 53.1+1.2 53.442.7 53.241.4 52.841.6 54.7+1.8 54.9+1.2 54.240.9 53.94+1.7 53.64+1.3
0-16 56.640.9 58.04£1.1 56.54£0.8 57.2+£0.3 56.540.7 56.44+0.6 59.0£1.1 61.7£0.9 59.7+£0.2 60.3+£0.3 59.440.8 60.140.9
17-18 36.841.0 36.0+0.8 35.2+0.4 35.14+1 34.241.3 34.54+1.5 41.14+0.7 41.841.2 41.840.7 41.242.1 40.64+1.1 42.1+1.1
0-18 53.14+0.8 55.14£1.2 53.44£0.8 54.2+£0.2 52.840.3 53.440.6 57.54+0.7 59.6+£0.7 57.5+£0.6 58.0+0.4 57.14+0.7 57.841.1
19-20 55.141.1 54.142.0 54.840.7 55.1+1 53.941.1 54.240.2 60.24+1.1 60.0+£1.2 60.2+1.0 59.740.7 60.540.7 60.14+1.0
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