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ABSTRACT

T
Joon Jae Lee

In supervised learning, labeling of all data is essential, and in particular, in the case of object de-
tection, all objects belonging to the image and to be learned have to be labeled. Due to this problem,
continual learning has recently attracted attention, which is a way to accumulate previous learned
knowledge and minimize catastrophic forgetting. In this study, a continaul learning model is proposed
that accumulates previously learned knowledge and enables learning about new objects. The proposed
method is applied to CenterNet, which is a object detection model of anchor-free manner. In our study,
the model is applied the knowledge distillation algorithm to be enabled continual learning. In particular,
it is assumed that all output layers of the model have to be distilled in order to be most effective.
Compared to LWF, the proposed method is increased by 23.3%p mAP in 19+1 scenarios, and also rised

by 288%p in 15+5 scenarios.
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Table 1, CenterNet Experiment results in Normal model,
(%)

class 20 class 19 class 15 class
aeroplane 737 76.6 749
bicycle 79.1 81.2 81.3
bird 70.6 72.1 70.1
boat 62.6 60.1 60.3
bottle 56.9 54.5 54.7
bus 79.1 T 76.6
car 83.7 84.3 84.1
cat 81.2 80.5 79.6
chair 584 58.6 56.9
COW 78.8 79.5 70.5
diningtable 70.5 67.5 63.1
dog 79.3 78.5 76.1
horse 81.6 84.0 82.9
motorbike 79.3 81.9 81.0
person 8.7 79.4 79.2
pottedplant 477 455 -
sheep 779 776 -
sofa 70.1 69.7 -
train 79.1 79.5 -
tvmonitor 73.4 - -
mAP 73.1 73.1 72.8
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Table 2, Experiment results in 19+1 scenario,

Class Fine-tuning LWF KD-HM KD-HM,WH KD-HM,OFF | KD-ALL
aeroplane 10.7 419 67.8 68.0 67.7 69.1
bicycle 11.7 33.5 68.8 74.4 69.3 73.7
bird 26.1 34 64.8 66.2 65.9 65.6
boat 11.7 26.1 45.4 46.7 46.1 48.6
bottle 8.5 215 404 43.1 41.7 46.4
bus 12.9 38.9 58.1 66.8 57.3 67.4
car 144 455 25.0 25.8 32.8 285
cat 49 58.4 77.0 78.0 78.0 1.2
chair 9.1 21.4 28.1 43.0 31.4 42.2
CcoOw 30.4 60.6 74.1 739 74.4 72.2
diningtable 116 22.3 60.5 61.4 61.1 60.3
dog 27.3 39.5 69.7 72.1 70.3 73.6
horse 14.4 40.9 71.1 79.1 74.4 79.6
motorbike 05 109 60.2 66.8 60.8 62.0
person 275 57.1 72.3 71.8 72.6 72.9
pottedplant 9.1 17.8 33.0 30.2 33.3 31.7
sheep 40.5 45 75.3 71.9 75.3 71.0
sofa 195 33.1 58.0 61.5 58.5 61.3
train 27.2 54.3 65.9 73.4 67.5 74.9
tvmonitor 42.4 22.6 20.7 134 19.2 135
mAP 20.2 36.3 56.8 59.4 57.9 59.6
1-19 mAP 19.1 37.0 58.7 61.8 59.9 62.0
20 mAP 42.4 22.6 20.65 13.38 19.18 13.52
3te AL T8 ARE WIEFE ANZ2L e KD-ALL® 23 g4el™, o]de stxd A&
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Table 3. Experiment results in 15+5 scenario,
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Fig. 2. KD—AIl results examples of 19+1 scenario experiment,
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Class Fine-tuning LWF KD-HM KD-HM,WH KD-HM,OFF KD-ALL
aeroplane 26.4 9.1 33.23 55.9 31.97 61.9
bicycle 0 9.1 61.03 76.49 61.37 76.41
bird 9.1 9.1 4.19 52.33 4.07 56.86
boat 4.9 25.6 15 16.8 2.96 1791
bottle 9.1 0 1.45 217 191 14.8
bus 0 6.1 2.18 52.92 3.83 52.69
car 34.8 16.2 19.57 8 21.58 7.64
cat 9.1 0 66.73 76.21 66.52 75.67
chair 9.1 0 22.39 6.31 23.02 7.29
cow 184 0 11.38 48.93 11.97 45.16
diningtable 0 0 30.92 50.34 32.49 51.69
dog 7.7 0 39.41 64.46 41.8 66.41
horse 271.2 0 65.45 77.87 66.95 77.9
motorbike 0 9.1 25.81 39.53 28.81 47.48
person 35.2 27 55.81 74.98 56.99 74.45
pottedplant 214 187 17.14 85 17.1 8.49
sheep 19.2 19.1 16 12.36 1597 1243
sofa 38 35.5 37.04 21.36 37.34 21.8
train 145 22.8 16.41 14.82 16.02 1515
tvmonitor 41.3 32.5 37.86 24.81 38.42 24.08
mAP 16.3 12.0 28.3 40.2 29.1 40.8
1-15 mAP 12.7 74 29.4 48.2 30.4 49.0
16-20 mAP 26.9 25.7 24.9 16.4 25.0 16.4
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