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Abstract

Continual learning has made significant progress in enabling models to learn new tasks while retaining previously acquired
knowledge. However, most existing methods overlook the heterogeneity across network layers during training. In this paper, we
propose a training loop-based continual learning method that accounts for both data and layer heterogeneity. Inspired by the way
models gradually improve through repeated experiences and failures, our approach identifies the role of each layer through multiple
learning loops on the same task, minimizes unnecessary parameter overlap, and preserves important parameters for stable learning.
Experimental results demonstrate that our method effectively mitigates catastrophic forgetting and outperforms recent approaches.
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Fig. 1. Overview of Training Loop based Continual Learning
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Training Loop based Continual Learning
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Fig. 2. The overall training process of Training Loop based Continual Learning
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Table 1. Comparison of baselines and the proposed method under various datasets and buffer sizes

o Class-IL (CIL) Task-IL (TIL)
CIFAR100 CIFAR100 Tinylmg CIFAR100 CIFAR100 Tinylmg

Buffer Size 500 2,000 4,000 500 2,000 4,000
iCaRL" 46.66 52.60 31.47 84.45 86.24 66.06

oEWCH! 8.24 - - 21.2 - -
ER® 20.98 36.06 23.29 73.37 81.09 64.96
ER w/Ours 22.51 37.9 23.92 75.79 84.49 64.98
DER++ 36.37 50.72 35.56 75.64 82.43 67.94
DER w/Ours 39.49 54.12 37.99 77.38 84.48 68.13
X-DER™ 476 57.83 44.87 85.80 88.78 76.30
X-DER w/Ours 48.65 59.42 45.24 87.65 89.36 77.40
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Table 2. Performance metrics on the ImageNet datasets

Method ImageNet
Scenario cL | TIL
Buffer Size 20,000
ER® 23.11 39.17
w/ Ours 23.37 38.91
DER++® 18.82 40.41
w/ Ours 19.01 40.84
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Table 3. Performance metrics for loop based learning and epoch
based learning

Method ACC
DER++ 37.48
w/ Ours 39.49

T
>
[o
)
oo
_?L
E
L
Z:
olf
_>|L
i
m}m r
o oy Ay oy o



oJulse], 058 2ol Yol wet YL slekele s}
2029 seg ko] WA Rste] 9
Ak Aol weh &R AL 2 5 gk

E 4 3% 2= Il W= Ms X|E

=" T— o - oo

Table 4. Performance as the number of training loops increases

Method Base 1st 2nd 3rd
DER++" 36.37 37.48 38.00 37.64
w/Ours 36.37 39.49 39.88 38.07
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Table 5. Comparison of performance as the number of training loops
increases in existing regularization based

Method Base 1st 2nd 3rd
oEWCH 8.24 8.27 8.87 8.64
w/Ours 8.24 9.08 9.68 9.16
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Table 6. Experiments on the ImageNet dataset using the Vision
Transformer

Top-1
Method #P o
Avg Last
DyTox!"! 11.01 77.15 69.10
w/Ours 11.01 78.21 70.23
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Table 7. Compare the performance of methods based on cosine sim-
ilarity and Z, distance with methods based on Fisher information ma-
trix

Method ACC

L, distance 28.23
Cosine similarity 38.42
Fisher Information Matrix 39.49
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Table 8. Final Forgetting on the CIFAR-100 dataset

Method CIFAR100
(=]
CIL TIL
ERE 47.62 11.55
w/ Ours 41.18 7.34
DER++ 42.58 11.68
w/ Ours 29.80 9.63
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