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Hierarchical Memory Pool Based Edge Semi-supervised Continual Learning Method

WANG Xiangwei, HAN Rui and Chi Harold LIU
School of Computer Science and Technology,Beijing Institute of Technology,Beijing 100081, China

Abstract The continuous changes of the external environment lead to the performance regression of neural networksbased on
traditional deep learning methods. Therefore, continual learning(CL) area gradually attracts the attention of more researchers. For
edge intelligence, the CL model not only needs to overcome catastrophic forgetting, but also needs to face the huge challenge of
severely limited resources. This challenge is mainly reflected in the lack of labeled resources and powerful devices. However, the
existing classic CL. methods usually rely on a large number of labeled samples to maintain the plasticity and stability,and the lack
of labeled resources will lead to a significant accuracy drop. Meanwhile,in order to deal with the problem of insufficient annota-
tion resources,semi-supervised learning methods often need to pay a large computational and memory overhead for higher accura-
cy. In response to these problems,a low-cost semi-supervised CL. method named edge hierarchicalmemory learner (EdgeHML) is
proposed. EdgeHML can effectively utilize a large number of unlabeled samples and a small number of labeled samples. It is based
on a hierarchical memory pool,leverage multi-level storage structure to store and replay samples. EdgeHML implements the in-
teraction between different levels through a combination of online and offline strategies. In addition,in order to further reduce the
computational overhead for unlabeled samples, EdgeHML leverages a progressive learning method. It reduces the computation cy-
cles of unlabeled samples by controlling the learning process. Experimental results show that on three semi-supervised CL tasks.,
EdgeHML can improve the model accuracy by up to 16. 35% compared with the classic CL. method, and the training iterations
time can be reduced by more than 50% compared with semi-supervised methods. EdgeHML achieves a semi-supervised CL
process with high performance and low overhead for edge intelligence.

Keywords Edge intelligence,Continual learning, Semi-supervised learning.Data labeling, Deep neural network
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Table 1 Accuracy comparison of each method
BT %)
S Split Semi Split Semi Split Semi
CIFAR-10-5 CIFAR-100-5  TinylmageNet-5
SFT 55.48 24.37 8. 66
SI 54.15 30. 80 9.84
PNN 59.16 33.71 12.51
DER 62.15 36. 24 15.83
ORDisCo 65.91 - -
LUMP(SimSiam) 63.11 39. 32 13.00
DER+ FlexMatch 61.88 40.48 16. 10
DER+ UDA 64.50 40. 20 17.10
EdgeHML (ours) 66. 83 52.59 22.55
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A2 PE AR T DNN AR ) i o6 36, I 7EAT 45 S5 Sl T
T 65 %0 B HER R KT,

Accuracy/%
3
S

Task 1 Task 2 Task 3 Task 4 Task 5
Semi-supervised continual learning tasks

B 4 A J7EAE Split Semi CIFAR-10-5 )45 ANE 45 1) %8
Fig. 4 Task-wise performance of each method on Split Semi
CIFAR-10-5
4.3.2 HHFELERBE M
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Table 2 Computation cost of each method

Unsupervised Iterations

7 & Accuracy/ % Itera:ons/% Time/s

SFT 55.48 0 129. 42

SI 54.15 0 158.76

PNN 59.16 0 392.58

DER 62.15 0 241.56
LUMP(SimSiam) 63.11 100 295. 38
DER-+ FlexMatch 61.88 100 484.56
DER-+UDA 64.50 100 530. 64
EdgeHML (ours) 66. 83 80 298.74
EdgeHML-60 (ours) 66. 09 40 229.26
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Table 3 Accuracy of each method with differen tlabels
CHLA 2 60
o SplitSemi SplitSemi SplitSemi
7 & CIFAR-100-5 CIFAR-100-25 CIFAR-100-100

SFT 24.37 27.60 31.45
SI 30. 80 31. 80 32.63
PNN 33.71 46.32 46.15
DER 36. 24 49.62 51.86
LUMP(SimSiam) 39.32 48. 36 60. 32
DER+ FlexMatch 40. 48 50.55 54.65
DER+ UDA 40. 20 52.34 53.81
EdgeHML (ours) 52.59 68. 33 69. 60
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# 4 ARFEHAEAH T EdgeHIML 45
Table 4 Performance of EdgeHML with different pool sizes

WA E Accuracy/ % Tterations Time/s
200+10000 43.05 291.51
500+12000 50.48 336. 74
2000-+15000 52.59 345.99
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