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Could-edge collaborative federated class-incremental learning with
consistent feature prototypes

YAO Zou-jing, ZHAO Chun-hui'
(College of Control Science and Engineering, Zhejiang University, Hangzhou 310027, China)

Abstract: Due to limited storage, edge devices in the Internet of Things(IoT) usually retain data for a limited time
period. In real production processes, the equipment conditions change over time, often generating new classes of fault
data or images. This class increment can cause catastrophic forgetting when the model is trained locally. Based on the
partial catastrophic forgetting of class increment on a single edge, catastrophic forgetting will spread with the
collaborative optimization of cloud and edge. To address the above problems, a federated class incremental learning
method based on stable feature prototypes is proposed. A class sample memory is established at the edge to store
representative samples of the class. A feature network update strategy based on the replay paradigm is designed. A
weighted aggregation strategy based on feature prototypes in a unified feature space is designed in the cloud. The
feature space is stably optimized in the federated framework to realize the federated update of class knowledge.
Experiments on CIFAR10 and Mini-ImageNet, which are commonly used datasets for class increment, demonstrate that
the proposed method can effectively alleviate catastrophic forgetting.

Keywords: image classification; federated learning; incremental learning; catastrophic forgetting; cloud-edge
collaboration; feature prototype
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BEEQET 2H 2K, W “KXK” “®RIR7
7 A, BRSSO EME HCE KT 500 5K. T Mini-
ImageNet WA AL 7 100 A~ 51, B0 B 80
79 600, JE 46 EE K /ANAS ] E , 2l TAL BRI FE 1
gt — RN 84 x 84K/, FEAN K EG rh B Lk ¢
500 MEAGFEAR, TR 100 AMERIFEA. H
TR 55 45 2 A B ], TGV S P MR 20 a ud £
(15256, % FF Mini-ImageNet H 1] 10 512 5 51
5.

PRSI, W B I 3 A, A i B ANME S
oL AL 3 B B R, 7E CIFARLO 4 55 1
Segs BB AT SRR R EIMR 100 5K, 7E Mini-
ImageNet ) SE 56 1, & B 5 IRAT 55 B Fh 2500 4
30 5K, 9 MZ AN I GRAE A rh B SR A FEIX HL,
BB B A 55 AR AL I TB) [R5, LAY 25 i A% 1F S5 48
R A2 B, 75 B R A, o BB A S IRAT
(1), 2 i 155 250 BT S 32k 3103 i, 300 v A 28 B i ] e
WHET.

3.2 HMESSHEE

KRR EEARE R R N — D 4 RGN
25 M £% (convolutional neural network, CNN) 1] [ Y
M £% (prototypical network, PN) %, 44~ CNN #4%
BB 3 461 fthriifb., Busm g
TR T DL K B KA )2, B0 f5 — )2 CNN Zi4h ik
BTSCEFIAL R, R R EREAT L2 IH— 1k
AR TR REALYN RIS, B LB /N 128, 2% B3
N JE AL G A . DA SR FH 23 S VR 2 R 2R A
FHAT VRAL, Blace = Ty /Num,,. H A T, 4 T
IERAIT R B0, Num,, NPT 0N B R B 80

FH FedAvg"™ . FedProx""" 254 Ayt Lt 7532, B
JE Y 0 2 A Dy 0 i BE ML A B 45 4y, 255 AR BV
439 {81 5 N “PN-FedAvg” A1 “PN-FedProx” . %%} kb
TIEAM WA N 35, W16 2 %5 0.001, ALY
AR Adam 53%. 7£ 5T CIFAR10 F S2 5,
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A R IEARE YN 500, 7535 T Mini-ImageNet 525
A RIEARE RN 250. 25T 50 A1 90 N4 Rk At
RS, ) %L 0.5.
3.3 ZUEmFHHETHBHES

A, #F CIFAR10 Al Mini-ImageNet % #&
SRR 2 1 vty 1 AT S8, DA AU BRIRAE L T 2
120 3 2 ) 38 W) BT % i FCIL-COFPO J5 7% K 2%
P BB 3L 3 AN o, 3w 2 N0 12 A SR A A
10 MREAS, B P = 10. BB 06 1) AT 4 a5
BEAIL 3 Al 2850 MR, & TR 10, KA PN-

FedAvg. PN-FedProx 1 4k 5 & I (1) 6 B J7 1.
“PN-FedAvg-R” 7~ Il BT 8¢ 132 3 [ 7803 =X )
FedAvg 5%, “PN-FedProx-R” 7R I T ¥ 132 3
517856 20K FedProx 82, M TR —F 7B AE =
Uiy G I B X B P i A% 0] AU AR S AT TR
1E. “R w/o” 37 Bt 5 v 75 v A 30 i [ 78 3 XA
i, BOASCER B2 BT 150 U1 AR 6 5 2R T B PR AL B 5 3R
.

# 1 JE7R T FCIL-COFPO. % %} b 51k P K i
R85 5 UGEARIIZR JE R AR AT S5 Hh AR L IH 26

Rl BIBARBEE TS LERE %
. D BT i1 252 253
A7) REES IEES Wik IEEN Bk IEES Bk EEN Bk
PN-FedAvg 39.64 40.76 37.02 37.30 41.17 43.49 29.10 41.50 40.80
PN-FedAvg-R 72.65 72.18 73.73 72.01 72.87 73.74 74.50 70.79 73.83
CIFARI10 PN-FedProx-R 74.12 72.88 77.00 73.00 72.13 72.83 82.46 72.80 76.40
FCIL-COFPO 77.46 78.15 75.84 80.24 75.37 74.24 78.87 79.97 73.30
R w/o 42.03 41.02 44.37 38.40 38.20 42.87 46.87 41.78 48.03
PN-FedAvg 49.60 47.57 54.33 46.14 62.33 48.14 48.67 48.43 52.00
PN-FedAvg-R 67.14 66.48 68.67 65.43 68.33 67.43 67.33 66.57 70.33
Mini-ImageNet PN-FedProx-R 65.27 64.43 67.22 66.57 69.33 62.43 57.00 64.29 75.33
FCIL-COFPO 69.90 68.85 72.33 70.71 70.00 66.14 74.66 69.71 72.33
R w/o 50.93 49.57 54.11 52.28 53.33 48.71 54.33 47.71 54.66
20 20 20

+0

+ * * 1

10 . 10 « > 10} - 2

: °” * ®a : 431

0 x 0 * 0 2 *5

* * ] x 6

A > [ ] » A 7

-10t «* -10t ® + -10t ° + >3

<9

-20 . : ! -20 . : ! -20 . : !
-20 -10 0 10 20 -20 -10 0 10 20 -20 -10 0 10 20

(a) FCIL_COFPO iZl¥fi1
20

0 I I 1

-20 -10 0 10 20
(d) PN_FedAvg-R 131

20

*A

,10 L

20 : : :
20 -10 0 10 20
(g) PN_FedProx-R 131

(b) FCIL_COFPO 152
20

(c) FCIL_COFPO 4343

20

+ 0
* |
10} <o 10} . . 02
A - o 3
=4
0 * . (4 e5
m x ‘:X x 6
° L4 * a7
-10} + -10} - -3
<9
— 0 L L 1 — 0 1 1 1
20 -10 0 10 20 -20 -10 0 10 20
(e) PN_FedAvg-Ril%ii2 (f) PN_FedAvg-R i3
20 20
+ 0
* * 1
10} . *a 10} 3 °2
A 'i
o m A or 0: ®5
* ° > x 6
° B P a7
-10} * -10¢t g
<9
-20 : : : -20 : : :
20 -10 0 10 20 -20 -10 0 10 20

(h) PN_FedProx-R 1132

(I) PN_FedProx-R i3

El4 TEBFBEES ERENHERB TSR



1274 = % 5

*x R £40%

SR 24 T DB 200 1T 34 o SR e R R T 4 JEOR
T CIFARIO %4 5 T B th 7 A [l 80 X )
PN-FedAvg-R. PN-FedProx-R H %% 121 5ty 2 51 5 AiE Ji
T2 PCA P45 T AL 25 3. B A FIAF 5 R
ANFIZEAEAY, 10 FhRF-5 558 10 M.

HH 1 AN, FEBCH M &5t T, BTttt i
FCIL-COFPO 7 2 B 44 73 5 e fff 22 410 T~ X6 B 7 3.
JRUAERET 910 00 28] 147 5 288 ) 0 B o S v e e A
IS TR LT3, BAEXT B 2R 1) 40 R R0R B, Frde 7
7305 F PN-FedAvg. PN-FedAvg-R. PN-FedProx-R
£ CIFAR10 #4545 b4 42+ 7 91.80 %. 8.20 %.
7.23 %, 1 Mini-ImageNet £E4E 73 HIHETt 44.73 %.
3.56 % 6.86 %, P idt & AR W 2. PN-FedAvg-R #H
4 PN-FedAvg 7£ CIFAR10 b5 [H S 1) 4 K HE i R
P+ T 77.14 %, 7F Mini-ImageNet F32F+ T 39.75 %,
M 22 7 [iE Y FCIL-COFPO 7E CIFAR10 5%
IHZE 1) 73 FHER R PEAIS T 47.51 %, #£ Mini-ImageNet
FIBFAR T 28.00 %, IXIGAIE T T v 32 o JC 75 4%
vy A A DL R 5 T [ T8 = i 28 ) & BT SR
(A 2. BT 10 25 i 28 1) 5 () AL 3R B 5
WA — %W R, £ Mini-ImageNet £ #5 4 I, R w/o
AT PN-FedAvg 2T+ T 4.2 %. 57 —Fh K & K%
B PN-FedProx-R A4 F FCIL-COFPO 43 3 #i fify
BRI T 6.42 %, MHETF I G 1 FedAvg [%
fiK T 3.08 %. IX R AAER NG EIG 50N, MG
TSR AL BEAT 20 5 (12 TF SRS A mT X T
AT 38 S TR AR, T 55 28 ) e R gk AT v, Jdd
SR AR E [ ARFAIE 2% 18] T 6 452 8L 0 LAAR 1F, W LA 24
T IS B R A 1) B 285U

HH ] 4 F]5N, AHAR [FIREA [BEGE 0K PN-FedAvg
-R. PN-FedProx-R, FT#¢ H 77 12:45 31| 1 25122 v 24 1) e
fIE 5L B 2 [B) ARG B 50— 3, 3R 0 2T J B A
(RTINS SR B 5 W A8 759 A [ 320 vty () R A1E 2 TR PR BB S
it T — 2 [, B s W PN-FedAvg-R. PN-
FedProx-R 73 A AE 1 3 1 A s 3 Ho A7 8 B & i 3l
() S TR AIE S 2, 17 BT £ 77 V2R S5 28 2 1) B
I3, RIETER 1| o R R T .

4 & #

ARSCHEH T — P T A808 AL S B IR R 2 )
14 & 2 >] J7 ¥ FCIL-COFPO, If 7£ & 1% ¥ 4 &
CIFAR10 Al Mini-ImageNet b3t 47 7 SZ 56 36 3iF . i
$& i FCIL-COFPO J5 kAt s it 1 5T [l syE =
1) JER 75 ) 4% B S SR, S B S 4E P 8 030 12 T
JIB 7 28] 488 R IO P e M 8 O 1) A, S et )1

AR OC H R 2 (B S T AR AR R AR E T, A2
BT TR TREAE 5 A R R RN HE RS, R
5 J5 8 1] B 75 31 %30 o A Y SRS AL, TAJ AR S R
SRR AR SEEL TR R A BRI IE. E LK =
o A L E YRR B AR BRI smFEAR S oL T, BT
H T VR AR R T 800 1Y &R 2 30 0 () A AR Y i) R
FIFr 8 T AR (] 80 S % 205 SR B I, 2 i AR 7 SRS S 0 28
I SIRTARS s S Grel i 1) SO = 5/ R < W i
FedProx $2 7 1 6.86 %. 5 EyF B I, BARA L
96 56 T B B0 4 58 1, (H A A0 T 5 Bk Tolkdg 5
IR, S ok R R i P AR Y S5, 1% 7V AT A
F TS bR T o FR H i 00 16 0 B 43 SR S5 A 55
DAY e H B Y L
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