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Model agnostic federated mutual learning

ZHOU Wei, LI Yiying, CHEN Shuhui, DING Bo
(College of Computer Science and Technology, National University of Defense Technology, Changsha 410073, China)

Abstract; The mainstream FL ( federated learning) methods require gradient interaction and the ideal assumption of the independently

identically distribution, which brings additional communication overhead, privacy leakage, and data inefficiency. Therefore, a new FL framework

called MAFML ( model agnostic federated mutual learning) was proposed. MAFML only used a small amount of low-dimensional information ( for

example, the soft labels output of the neural network in the image classification task ) for sharing to achieve cross-participants “mutual learning and

mutual education”. Moreover, MAFML did not need a shared global model, users can customize their own private models without restricting the

model structure and parameters. At the same time, MAFML used a general approach for avoiding gradient interference so that each participant’s

model could be well generalized to other domains without reducing the performance of its own domain data. Experiments on multiple cross-domain

datasets show that MAFML can provide a promising solution for alliance business facing the “competition and cooperation” dilemma.
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Tab.1 Test result on three metrics on Rotated MNIST
%
) MO-LeNet M20-LeNet M40-LeNet M60-LeNet Sy gt
s ACC BWT FWT ACC BWT FWT ACC BWT FWT ACC BWT FWT ACC BWT FWT
MAFML(a=5% ) 86.33 93.33 84.22 89.00 94.00 87.33 89.00 94.67 87.11 86.83 94.00 85.33 87.79 94.00 86.00
AGG(a=5%) 85.50 92.67 83.11 87.50 93.33 85.56 83.67 90.00 81.56 83.83 93.33 80.67 85.13 92.33 82.73
FedMD(a=5%) 84.17 87.33 83.11 85.33 91.33 83.33 86.67 96.00 83.56 84.17 91.33 81.78 85.09 91.50 82.95
MAFML(a=10% ) 90.67 93.33 89.78 90.00 95.33 88.67 85.50 90.67 86.89 86.67 91.33 85.33 88.21 92.67 87.67
IND 66.39 91.33 58.08 78.11 94.00 72.82 72.39 93.11 65.48 56.89 91.78 45.48 68.45 92.56 60.47
AGG(a=10% ) 86.50 90.00 85.33 87.17 92.67 85.33 86.67 94.00 84.22 80.67 91.33 77.11 85.25 92.00 83.00
FedMD(a=10% ) 85.00 88.67 83.78 87.67 95.33 85.11 82.00 90.67 79.11 85.67 90.00 84.22 85.09 91.17 83.06
FedAvg 86.50 77.33 89.56 86.50 86.67 86.44 86.50 92.67 84.44 86.50 89.33 85.56 86.50 86.50 86.50
MAFML(a=15%) 89.33 91.33 88.67 89.67 92.67 88.67 88.83 93.33 87.33 89.00 92.00 88.00 89.21 92.33 88.17
AGG(a=15%) 87.83 92.00 86.44 89.67 92.10 88.44 87.83 94.00 85.78 86.00 91.33 84.22 87.83 92.36 86.22
FedMD(a =15% ) 88.67 89.33 88.44 89.00 93.33 87.56 85.00 90.00 83.33 84.33 92.67 81.56 86.75 91.33 85.22

Tt FedMD 5147 (1 1 BE . XF T FedAvg,
OO T 0 B 138 A5 7 A R A T R
100045 L b ASCIRIFHBAFRE S
MAFML FEAAH [A] A9 1% 00 0 s 45 3 o 76 [l i
W21 8 T, MAFML 7€ I 45 48 b b 19 2% 30 B
BT,
4.2 PACS 318
4.2.1 HBEHEAEEIXE

PACS J& F T2 Ak Fndsl i i 5F 7 19 % 4231
MEEE. BREkA 4 DARB (2R
oA A FIZEHE) 99 991 3K EIE (BT 8K/
224 R x224 185, BHA T NN M R% K
FRE E M T A JRAR ) PACS idE4E
W CDre: 378 | N o L W 1573 P N 3
Tl & MAFML P86 251 , 4 PACS IS 431
10% VE A7 s B A T , DU 20 3 43 19 90%
FE R 747 1 S Br i B4 , PACS 36 UE 56 40 1E
RS , O e T A ZRER o VR T
SRV BE . PAC | =B Ak g5 51 an
2 i,

%6, ¥ ResNetl8 fE2 MAFML 1 [m] #4 %) 4%
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MAFML HAE KR, 53 500 45 B 2% ResNet18 |

ResNet34  AlexNet fil VGG11 FEHLHE B N 2 W35
IR, YIZRPr B, BBLfd ] Adam {1k
(2] %54 0.000 1, A %98 4 0. 000 01) |
25 10 000 YA, LA BR R /N B R 32,
4.2.2 LR 5H

M2 B S5 R T LU 1 OMAFML Gl 3 2
PRI T H At Iy 325 1 880CR I8 X T [ g 455 2
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F IR 28 (8 ] ResNet18 ZEA I, FedAvg (9 J5 1R
WA a2 A Sy 10° 4%, 2% 1 3 52 bRl ki
FRAHER ¥ FedAvg 193801517 90 425 1 S A SC Yy
100 %, {H & 475 4K 6 2% MAFML |y 14 fE.
QFF 2, 25 A [\ 57 8L B O S 4 2 R I,
FedAvg A5 EAE I TRX ARG L. P45 2R
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SRAEEUHET . MON, 1A — DA R R B, BR
K VGGLL W 25 (1) 45 g £ Sketch 38 rp i) 14 BE
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Tab.2  Test result on three metrics on PACS
%
Photo-ResNet18 Art_painting-ResNet18  Cartoon-ResNet18 Sketch-ResNet18 S gE R
Tk
ACC BWT FWT ACC BWT FWT ACC BWT FWT ACC BWT FWT ACC BWT FWT
MAFML 85.25 100 82.30 87.82 99.79 84.74 86.90 100 82.91 91.10 99.97 85.66 87.77 99.94 83.90
IND 51.45 100 41.70 70.53 99.95 62.94 73.48 99.95 65.36 62.95 99.89 39.05 64.60 99.95 52.26
AGG 84.52 99.93 81.42 86.30 99.89 82.79 85.46 100 81.00 89.35 99.89 82.53 86.41 99.93 81.94
FedMD  82.39 99.87 78.88 85.75 99.62 82.17 83.93 99.91 79.03 88.52 98.56 82.02 85.15 99.49 80.53
FedAvg 84.93 95.62 82.78 84.93 72.06 88.25 84.93 72.23 88.82 84.93 94.68 78.62 84.93 83.65 84.62
MAFML 84.34 100 81.21 89.59 100 87.25 82.27 100 76.82 52.74 78.83 37.08 77.24 94.71 70.59
IND 51.08 99.57 41.29 77.72 99.30 72.15 68.52 99.39 59.05 44.79 78.75 22.83 60.53 94.25 48.83
AGG 84.90 100 81.90 89.50 100 86.85 80.80 98.77 75.28 52.81 78.01 36.51 77.00 94.20 70.14
FedMD 80.05 100 76.05 86.90 99.08 83.75 78.07 95.65 72.67 51.40 75.47 35.83 74.11 92.55 67.08
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