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Lightweight Federated Continual Learning Method Based on Double Anti-forgetting Mechanism

WANG Pan, WANG Ji,ZHONG Zhengyi, BAO Weidong and ZHANG Yaohong

Laboratory for Big Data and Decision, National University of Defense Technology,Changsha 410000, China

Abstract Federated learning(FL) enables knowledge sharing among different clients by uploading and aggregating client models
without sharing data. However,existing FL. methods generally assume that client data is known and fixed. In reality.clients con-
tinuously receive tasks with new category data and update their models, which leads to a continuous decline in model performance
on old tasks,known as catastrophic forgetting. To address this severe challenge, researchers have introduced continual learning
(CL) into FL,giving rise to the research direction of federated continual learning(FCL). Nevertheless,as the number of tasks re-
ceived by clients increases,existing FCL. methods become less effective in alleviating catastrophic forgetting, especially for tasks
that are relatively distant in time,where accuracy drops significantly. Moreover, the increasing degree of data heterogeneity fur-
ther weakens model accuracy. To address this issue,this paper proposes a local-global anti-forgetting mechanism to mitigate the
forgetting problem on distant tasks. Specifically, it introduces task-specific lightweight modules at the client level to effectively
overcome catastrophic forgetting caused by data changes and model updates. At the server level,it generates and filters category-
balanced pseudo-images through model inversion to alleviate the decline in model performance due to data distribution diffe-
rences. Through a series of experiments conducted on CIFAR-10, CIFAR-100, and TinylmageNet datasets, the results strongly
demonstrate the superiority of the proposed mechanism. Compared with existing methods,it shows significant advantages in im-
proving model performance and alleviating catastrophic forgetting.

Keywords Federated continual learning, Catastrophic forgetting, Data heterogeneity. Lightweight modules, Local-global anti

forgetting
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B AT S AR SR B D EAR 20 = {2 . BiJE R
Famb A MR R B ERES.

Zy = lei,"‘“’ (16)

o TR S O A DL R B R ] Y R R A 26 )
cat 1% logit {H M & 2L HET J5 . FH SelectTop-S bR 13 £5 il
S ik R AE oy I 210 £ AR 4

Zo = Select Top-S (Mg (25)) s Y cat € {1, cat} (17)
Hr, Zeet B car EMHIEMGE. 1E5 « R A DA

%
7= Uz (18)
PPN 2, 9155 2 o T 5 455 LA M .
M,,, =arg mlnﬁA(MB TMi 320 (19)
S, e R BN

Lo (M) oM, 37 =B~z Ly M, ()] (20)
Hop M, = (M MO ST S5 ¢ & RBAR,

N T HE Bl AR -4 S WU R S ML A R
W HAT S e i 5 2 BT S e g & .
I B8 I 4 SR B EROR B FAT 5 R e A,

My, = (1 —p M, +9Mi,, @D

He g R—MRA BB deg T 2R B H 005 i , X
B g kg 0.5, B h 4w B 55 25 7 s A58 B 0 7 B AL
3.5 HiEm®E
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ik 1 AT WEGBISHLE MBI LR g 2] U ik

A R DY ERA My, 2R K R ARMI K e, A% 42 2] R
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B AR H A I S

1. for r=1 to R:

2. for C={C;.Cy,++,Cx}do:

3. Mg=Mj, ,Initialize D}, M

4. fore=1to E:

5 M = (Mg, M} )

6 loss= CrossEntropy((batch. x) , batch. y)
7. M, ,<SGD(oss,l.)

8 end for

9 (M} =My UMY

10.  end for

11. end for

IR 55 4% 3 o AR A A

12. for tin {1,+--,T}:

13.  for cat in {1, ,cat}:

14. if =0
15. A 7=0) =2 " =1 y.c ~ N (ps6%) , 1€ RIXWXC
16. else:

17. AL, 0=z " (>0),

18. end for

19. end for

20.2.=0Q

21.for cat in {1,+*+,cat}:

22. U VA

n=1

23, 7)™ 7SelectTopfS(M(l;(z;‘m))

24, quz
25. end for

2 Jry LAY G
26. Initialize M‘Ax
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27.for e=1 to E do:

28, Mi=(Mj .M} )

29.  L1(My sMy 3 Z =By ~2z [ (yk, My (x)) ]
30. M, ,<SGDdoss:lr=1s)

31. end for

BRI A A

32. for C={C; ,Cy,+++,Cx} do:

33. M, =U—pM,  +1Mi.,

34. end for
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e
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4 KBWRERSH
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4.1.2 Rk
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FedAvg' fll FedProx™*!, DL S B H 5 4L 24 3] UG SOTA J7
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4.1.3 BAELHREHK

B WU ZR 47 1 ResNet18 # 8 {E Jy JEAbAS A, & 7 0 4K
WO 50, B 106 ME S 54, AR E R
100, A M2 ) FK% B4 0. 05, &5 2% 3 R E N 0. 001, £
AN 5 A Y O T A% B T N 256, 7 0k 4 AN B P S A 28
TP AT 55 14 T i A5 A 1Y) 64 kA B EAT RS B S X 4 R
BRI IEAT M . FEERL Y BE B 45 09 1D P 5 B F Thr My
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4.2 WEIENR

N T 6 TEAS -4 R XU T i AL B S L R T T A
IR R 225 20 6 b A 955 T A5 A 55 119 1 34 o4 o 50 A R0 T 1 ikt
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D)V EIBR T RS ¢ 10 S X B A U A
S5 1 WA 00 05 0 ., 5 SR S B 0 2 9L ]
2. P T DL £ £ 55, 25 R XA AE 95 0 31
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()a=0.5 45278 I 3 138 55 3% 1 X L
4 fE CIFARI0 $#i4E | T=5 WA F M5 T 42607 k£

Fig.4 Performance of various methods under different heterogeneous scenarios on the CIFAR10 dataset with T=5
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# 2 CIFARI100 $di4E | T=20 W45 J5 ¥ 16 A [ Bod 5 4

T R R

Table 2 Performance of various methods under different degrees

of data heterogeneity when T=20 on the CIFAR-100 dataset

W2 33 37 AF 55 LAY [ B, B 6% B 4 b R BR X 2 W4T 55 1Y 2%
3R AT AL A T IO 0 T ) A, G At v R A R
SR 55 I AR A 2 S BN TH AT 45 60 B0 i o DA T 52 W)
WA A PERE . AR ORI TRl 58. 39 s, M4 T MF-
CL.FedWelT,FedLWF,FedTA B IR 542> frk, BA
B S 4 B ) B A B 5 4 Y B IR 2% ) B UL FedAvg M
FedProx [z 17 i 18] 5 S 42 300, (F o iy 3 32 8 420 L 1% 1K 2
SR,
4.5 GHELIRIS
4.5.1 LoRA #H4F69 7 ok 55 I

P50 LoRA 20 PR JE 4T I 2 st 14 % YR FE IR 25 55 R M )
LoRA #H i i) % U5 314 #E 247 % b N5 A7 6 L3l 1 W IR
S5 77 1 BEAT A2 T PPAR

DI BRIE 0T . 885 % % P g A TR (3 e ST Ol HE AT 43

HOAE M AR R VS AC%)  Amin/ % FI% T /s
FedAvg 3.79 0.00 67.96 163.75
FedProx 4.14 0.00 65. 34 218.93
MFCL 3.19 4.40 54.39 441, 24
a=0.1 FedWelT 9.51 0.00 37.18 513.31
FedLWF 16. 16 0.00 23.43 96.72
FedTA 38.04 31.20 10. 64 163.77
Ours 63.96 41.80 0.12 104. 98
FedAvg 4.59 0.00 77.16 142. 47
FedProx 4.42 0. 00 77.05 200. 76
MECL 21.80 2.60 24.39 432.04
a=0.3 FedWelT 5.04 0.00 28.10 123.03
Fed LWF 17.17 0.00 74.26 111. 36
FedTA 52.24 40. 60 9.82 163.67
Ours 78. 84 72.20 0.34 97.57
FedAvg 4.79 0. 00 79.43 172. 80
FedProx 4.57 0.00 78.92 232.42
MFCL 21.51 5.80 29.98 502.79
a=0.5 FedWelT 2.26 0.00 82.35 410. 59
FedLWF 12.48 0.00 36.22 94. 06
FedTA 65.53 53.00 0.47 163.73
Ours 80.21 73.00 0.31 119.42
FedAvg 4.76 0.00 81.61 145.08
FedProx 4.77 0.00 81.20 212.27
MFCL 23.92 9. 60 29.16 415. 29
a=1 FedWelT 4.73 0.00 79.25 417.01
FedLWF 17.62 0. 40 38. 14 92.63
FedTA 67.53 58.40 0.93 163.72
Ours 85. 08 77.00 0.08 99. 96

4.4 EBREZSHAELWE—SHIE
TEEE S5 «=0.1 i E T, TinylmageNet (¥
ETRAE S BE R T=10, &/ KN 50, RLILKIFE A C
T5 B AERE 5 K 3 50 X R AL 55 A sk, nsk 3 7
B LA 1 B0k 8 2 > LA B ok I8 4 8 2% ~F Ty 1k A T % e B U
S AG AR AT 55 14 37 35 B, o 0 36 7™ 5 T A AR A
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o X —ZE MR B, 10 TE X B A S5 ALE A s H 4 S A8
Wp AR SCTT e SR L T B 2 S RE D Az Ak ke . K RE 68
A RO B RUE 55 A RECE 200 RO REA R S i g i —
A HL 5 0 WA Y 4 R BT T b Ty ik D) DA A X P
Z B PR T T 0 400 R R AR A L 5 SO R R KR R
% 3 TinylmageNet HJi 4 [ T=140,a=0. 1 B 4277 15 10 45 1
Table 3 Comparative results of various methods when T=40,

a=0.1 on the TinyImageNet dataset

Bt TR TH B BEUR B0 RE T 0 L AT 5 TR

AR AR o7 A Amin/ % FI% T /s
FedAvg 1.46 0.00 49.87 64.97

FedProx 0. 60 0. 00 48.02 71.71

MFCL 4.05 0.00 42.58 231.33

a=0.1 FedWelT 0.50 0.00 48.16 440. 83
FedLWF 2.35 0.00 45.74 114. 80

FedTA 35.62 24.39 14.67 178. 34

Ours 41. 64 26.24 5.91 58.39
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Fig.5 Comparison of convergence rounds and time between the
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SRR 1R 0 B Y 2 B S RO BB RN 16 ~
2% . TEIAS B IR FR A 37 55 (ARl 98 A R 8 8l 850 4 i
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Table 4  Analysis of communication and storage resources

HAEE VS B/ Lt 5% S B R A BN/ % % fif % IR /MB
LoRA 122880 11304522 1.09 0.49 * T+44.59
CIFAR10
NO_LoRA 11172164 11172164 100 44.59
LoRA 122880 11350692 1.08 0.48 * T+44.59
CIFAR100
NO_LoRA 11181642 11181642 100 44.59
LoRA 209653 11181642 1.83 0.82 % T+44.59
TinylmageNet
NO_LoRA 11429928 11429928 100 44.59

4.5.2 ABRBESAMFNEREE

Mk 5 ol gia 3 MR EM LA R E . KR 4A N
TR 45 R ) o B TR 0 U A R A A S B AR LI BT R R AR
BT R EE 00 -3 T FRIE B 2008 11, 780, X SR AT IE
BT & )R B it Tk AR E TR IR R B 2% 2T vh X T o R AOHE S A
HABENTIH. ©l i 7E 4 e A 2 w47 i — 2 iR Ak
VAR A R T RO S A A R A B R R ) R, DA TR B
27 R R R

5 A SRR U A S B0 4 AR

Table 5 Ablation experimental results for the global fine-tuning
method
B & Uik Bok/ b5 HHEM BHL/Y
LoRA 122 880 11 304 522 1.09
CIFARI10
NO_LoRA 11 172 164 11 172 164 100
LoRA 122 880 11 350 692 1.08
CIFAR100
NO_LoRA 11 181 642 11 181 642 100
LoRA 209 653 11 181 642 1.83
TinylmageNet
NO_LoRA 11 429 928 11 429 928 100
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