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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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E 1. Cret QOB S B H710f CiSt 7|ZMet HokE WY Zief Bl

Table 1. Comparison of baselines and the proposed method under various datasets and buffer sizes

Method 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 - -
ERM 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 47.6 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
ImageNet—S’_— 71& A E&dE o] QR &) wjFo AY I 2. ImageNet HIO|EAIOIMS] MU MS K&
o 7z 9 ?_[18] 2 s Table 2. Performance metrics on the ImageNet datasets
A okst vy & thoksl 7|E 2l plug and play AZRE Method | ImageNet
Scenario CIL TIL
2] A= 2= ot} A o] 9) Et?s]. ok
A 489 & k= Aol Sdth 3] o = Buffer Size 20,000
TE e V1€ B 2, o 72 72E €89 ER" 2311 39.17
R oFA A o] dlo Qe WA ozl o3 w/ Ours 23.37 38.91
24 1 A9l Shgrol Al ate A9A ke o) o D 2 B
& 5 ek w/ Ours 19.01 40.84

FAA A3= & 19 BiE o] Qlth FF 23 g 22
Holidl ANge} ok Fele ] A<l BolEise] el B A% e BAAA ol R 2R HolH
2 joleiAe] Fal ol met kg 719 vimel W ACIAE Al FE wWae) Aus EAE SR
HE Agae] APe FAV E, AW IS BEY  th F/HHCE TIL 44NN ER w/ Ours7h ER tH] he
o

< IEEk A WA FE R AAE 7P geEEel Y TS Hol=dl, ol ERS ©<3] g&Ed o] 7Nte =,
FAoZ e e TILAAM = task-ID JEE § &3] AME-l7]o 2 =72 W
ZF AFE MZ TE dY AEE AFEste] oAl W ke HERG ZF RV AGS AFFoz 3458 4 Qth

Huow, His Btk
M A, CIFAR-109 41+ DER++H%o)| H]a) $-2] 2] whylo E 3 &G FZ J|H SEL Ol V|8 &HEel oS XIE
We =707} 2002 W 2.51%¢ A% S Holth I::: ?éalr’rz:;rmance metrics for loop based learning and epoch
CIFAR-10091 A= 5] =27] 500904 3.12% A= g:Abo)
F2EE A X-DERY 24 & 1.59% F4S 71=35 ok E')‘"EeFﬁ] :73(;
olgigh A= f-2lo] Wol 7|E BE W EY 3 w/ Ours 39.49
A 5 BoErh

-

F7}5 22, Tiny-ImageNet ol & 929 o] ¥ 3% E3), 7]1& DER+HOIA] 85 o] 28 T3] T
2.43%2 A% TS 7]36" o} Aukz o2 A otete | vl 53 73$-9 DER++ w/ Ours Aol A A ¢tal= sk
W2 71E s Hs) EE dlolEMlolA dahE o FX 7Ink S5 wAE A 83 B9 e AolE E T
G A5s BHoFy, O EWJ S Ysoh Atk T3] Sy SE STMIAS W Ko, Algket sy

2004 yrehRel, A ke WS ImageNet H]©1EAL FIE ALAS o 0 F3g A5 o] YeRdth o
o= 7]& ¥ ER, DER++ thH] CIL 2 TIL 5ol o = T HHE Shgo] Alw 3] dAl 8Rlo] oS
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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

4% 530, 71 DER++2} $219] A%k i 20 A%
Aolg LA P G4 FLY UEOT DER+o] 4§35
£ R FA A5 WIS AAA A, A Pzt 3
AT S BN H 2 A5 IS o1Fe] Wit F7h80
2, $e9 42 P A5 EHHOE ANHAL, A
WA S I ol Tl A B0l A A AL
#BT & Ak ol Eak AP ERRSS A,
o Fol 718719 WAL R olold 4 91T, olel we} A
A3} B A TEistel R WA S £ AR
HRo AGs o= F WAl Bg FLurh L84
4% b Rl $5TL BelEt
T, 8% 7} 2718 wei A% B4 Rl A

A WA SG FL9 T oA S FLE MlaslgS ),
o] A% S AL B+ Yuk o) Y g T
huEEEs doly AstE + gl TaHE R
@ % qlrh 237 e Holgel 4% Bl 9l 23]
o 4%l seshs A2 ¥ 4 A
E5 J|E FQ% 7|d A7el sy BE Iyl ME HEH 45 X
=] im]

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

SOl A 4 2= 7)uk mA AR Eo] QT A
o2 "o 24 7]E oEWCHg} H)

Bed 8¢ FE 2k 20 Akl &

FRE 9 291 FL /W A% S 605

(Changjun Ahn et al.: Loop based Continual Learning)
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¥ 6. Vision Transformer 220{A] ImageNet H|O|E{AIS] AlS]
Table 6. Experiments on the ImageNet dataset using the Vision
Transformer

Top-1
Avg Last
DyTox!"®! 11.01 77.15 69.10
w/Ours 11.01 78.21 70.23

Method #P

= Vision Transformer!'"g 0] 43+ 2485 Ea A
o] dulalE A=3% ) Vision Transformer™ A
ME DyTox"E 7502 Aesly, 71& A4S &
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