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Abstract

In this paper, we propose a performance improvement of the LwF method using efficient path selection in Continuous
Learning Environment. We compare performance and structure with conventional LwF. For comparison, we experiment
with performance using MNIST, EMNIST, Fashion MNIST, and CIFAR10 data with different complexity configurations.
Experiments show up to 20% improvement in accuracy for each task, which mitigating the Catastrophic Forgetting
phenomenon in Continuous Learning environments.
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Stk Ad L ()= Lwke] 23 depdn 7] Fig. 1. Model Structure Comparison.
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Table 2. Algorithm of this paper.
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Algorithm 1. Basic LwF

Input : Dataset D= (D, ..., Dy), A
Train
for t=1,..., T do
if t=1 then
Train the network using normal cross entropy loss
else
Make Y, for old Tasks using the network and D,
Make output layer for Task ¢

Train the network using Eq. 1

Algorithm 2. Convolution layer split

Input : Dataset D= (D, ..., Dy), A
Train
for t=1,..., T do
if t=1 then
Train the network using normal cross entropy loss
else
Make Y, for old Tasks using the network and D,
Split the Convolution layer and assign new Task
Freeze other Convolution layers
Make output layer for Task ¢

Train the network using Eq. 1

Algorithm 3. Convolution layer select

Input : Dataset D= (D,, ..., D), A, Threshold 7
Train
for t=1,..., T do
if t=1 then
Train the network using normal cross entropy loss
else
Make Y, for old Tasks using the network and D,
for [=1,..., L then
Calculate layer similarity S by using [10]
if S >7 then
Select the layer [ for Task t
else
Split the Convolution layer [ for Task ¢
Freeze all Convolution layers ...
... that are not associated with Task ¢
Make output layer for Task ¢

Train the network using Eq. 1
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Table 3. Experiment Scenario.
E 3 AR 74
Senario Task A Task B
1 Mnist Emnist(eng)
2 Fashion Cifar10
3 Mnist Cifarl0
4 Cifar10 Mnist
Task A Task B Task C Task D
5 Mnist Emnist(up) Fashion Cifar10
6 Cifarl0 Fashion Emnist(up) Mnist
4. 3% 2%
Total accuracy
yo] 13 BT

accuracy
o
@

=
=

o
5}

-e LWF
Convolution layer split
m— Convolution layer select

o
=

0
epoch

(a) Scenario 1.

T
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Total accuracy
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Convolution layer split
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0 10

epoch

(b) Scenario 2.
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Z
g
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—— Convolution layer split
00 | =— ‘Convolution layer select
0 10
epoch
(c) Scenario 3.
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00 | =— ‘Convolution layer select
0 10
epoch
(d) Scenario 4.
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Z
g
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] 1 Y E
epoch
(e) Scenario 5.
10 ML

Fashion
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accuracy
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] 1 Y

epoch

(f) Scenario 6.

Fig. 2. Experiment Result.
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Table 4. Final accuracy for each Task (%).

4 Ef2A3 AT HEE (%)

Senario Task A Task B
LwF 97.9 97.2
1 +Split 98.1 97.3
+Select 97.9 97.1
LwF 874 62.3
2 +Split 89.7 64.0
+Select 88.7 64.6
LwF 97.1 59.6
3 +Split 97.9 62.5
+Select 97.9 64.8
LwF 55.2 98.5
4 +Split 60.7 98.3
+Select 57.3 98.2
Task A | Task B Task C | Task D
LwF 97.7 9%.5 89.3 579
5 +Split 97.7 97.1 89.6 65.4
+Select 97.5 9%6.5 90.5 64.4
LwF 31.8 88.5 95.6 971
6 +Split 456 871.7 97.0 98.3
+Select 50.9 88.3 96.8 984
a2 2.9 ® 4o, ¥ 3.9 Aveled ue 49
A3E molx vk 1Y 2% dFol AALFS
Melehs Bz AREE et g AAe
712 LwF W LwF)E, o712 dAde de 257
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F 4.9 Ayl ¥ AT ASeE 24 By,
Al @ 1ol EJE7E shan AR HolH S
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W2, 71 Lwlel s & Bz 4 g
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59 AE ATE wol U AL we 2B
T4 dolo} el ol o 3% F4E A#E »
9 A Bk U A% e Aol Alve
£ 4ol Task A B&5=g st of 2%~5%
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