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ABSTRACT

Among the learning methods for Continuous Learning environments, "Learning without Forgetting" has fixed
regularization strengths, which can lead to poor performance in environments where various data are received. We suggest
a way to set weights variable by identifying the features of the data we want to learn. We applied weights adaptively
using correlation and complexity. Scenarios with various data are used for evaluation and experiments showed accuracy
increases by up to 5% in the new task and up to 11% in the previous task. In addition, it was found that the adaptive
weight value obtained by the algorithm proposed in this paper, approached the optimal weight value calculated manually
by repeated experiments for each experimental scenario. The correlation coefficient value is 0.739, and overall average
task accuracy increased. It can be seen that the method of this paper sets an appropriate lambda value every time a new
task is learned, and derives the optimal result value in various scenarios.
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Table. 1 Task scenario setting
Sﬁk Task A Task B Task C
1 Mnist Fashion Cifarl0
2 Cifarl0 Fashion Mnist
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6 Cifarl0 Emnist(Eng) Fashion
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Fig. 1 Accuracy of each scenario
Table. 2 Accuracy of each scenario at 30 epoch
Task
Senario/lambda A B ¢ Avg
15.0 97.0 89.8 58.7 81.8
1 30.0 97.5 89.6 534 80.2
50.0 97.7 89.9 55.6 81.1
15.0 44.4 89.6 98.3 77.4
2 30.0 49.5 86.7 98.3 78.2
50.0 49.2 89.5 96.8 78.5
15.0 96.6 82.6 56.6 78.6
3 30.0 97.6 83.5 54.6 78.6
50.0 98.0 83.4 51.8 71.7
15.0 45.5 96.4 98.4 80.1
4 30.0 43.4 96.1 95.8 78.4
50.0 46.9 95.6 953 79.3
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Table. 3 Output Distribution Correlation Coefficient Between
Learning Data
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Table. 4 Training Algorithm

Algorithm 1. Training Algorithm

(Dyy s D.
, T'do

Require: Dataset, D= T), a,
foreach Task t =1, ...
if t =1 then
Train the network using normal cross entropy loss
Calculate Task 1 accuracy acc;
Calculation network activation value 4,
else
Calculate network activation value A,
Make output layer for Task ¢
Do warm-up process
Calculate Task ¢ accuracy acc,
Calculate X using Algorithm 2
Make output value for old Tasks using the network and D),
Train the network using LwF method
Update 4,, acc,

Algorithm 2. Lambda Calculation

Require: network activation value A, _,, 4,
Task accuracy acc, _ {, acc,

a, B

Calculate Correlation Coefficient = with 4, _,, 4, [10]

if (ace,_, x0.5) < ace, then

return —In(—z+1) X«

else
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Fig. 2 Accuracy of scenario 5, 6 with adaptive lambda

Table. 5 Accuracy of each scenario with adaptive lambda

Senario Task = : c N
1 97.5 89.1 54.3 80.3
2 51.5 89.2 96.9 79.2
3 97.3 83.1 53.6 78.0
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Table. 6 Comparison Between Best Lambda and Adaptive
Lambda

Senario/lambda Tt A->B B->C
Best 30 15
: Adaptive A 42 36
Best 50 30
? Adaptive A 67 50
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Senario/lambda Tas A->B B->C
Best 20 20
’ Adaptive \ 19 26
Best 50 15
¢ Adaptive A 78 20
Best 50 20
> Adaptive \ 26 22
Best 50 15
° Adaptive A 93 34
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