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ogtergl Q=R0F NS gt AVXT HERd
'S 9.8 A Ha, Local Z@o| 7lFA|THE
J Global model @ e v
Aggregation Update Globel MU dEeA Bt 2 Local 2do] 7153
ode - )
Local model E ALdte e He g %-‘—2_— =3 A=
Weight Local o == gle o — o
oo training <+ JFEXE WEA Ha, o] 7RIS AR
cli tO Global == OJE]O]E"PH] Ht} o147 Global
en

Client A Client B Client C

Global model
- s
—] Weights
-

© &
o &

2.1 98t St&(Federated Learning)

201739 Googleol| A A AtgE A

2, HolHE F Anll AAstA] il g5

=
OH oHS F& B3 ]-L]—_/] —-—Zﬂ Q] _:_HEL% ks

S Ais 2L
= SToIEE 7]\3}0§ Xlﬁgﬂﬂi w28
Global =8¢ Z7]815t0] A|ZkatA] €t o],
AukA Q] AEsHT2] Global 24 %713 WS
QJele] 74FH 2 27]steke ol o|F,
FelolAE= Wl E e 2dS [ocal O

83 Az 35TE S5O =M Local

<
7}

HE
L

2H8 [ocal 2RO 71X IS E&)Aut
Hullo|Estar, oyt HAS APsEo] TR
2 wj7hA] whEsHAl "

Aol A H‘ﬂoﬂlﬂ Local =d9] 7}54]

B3-S %t ¢85S Local FEFOI|AET} B
F3 glolE o vl &S 7Nt g & FHA
S T3H= FedAvg ¥aE|5S dubdog ALg
3t} 7|22 0 2 Global 2d] HUO|EE o]
A 7tsAE BEE AR dAlsks B

2 X3P}, Global 22| ¥iZ 9 Local =3
o] 7kAE AEdte AS AfruAoldolgkar
3}, Global REE 2 Local RS HUolE

o
3E& Global 2-+=9} Local 2=

2.1.2 1ID & Non-IID A

7y Ze}o|AET} BG3 Local Ho|ETHE A}
83 St Qsks AU AL Local
dlolee] Exo wet A 11D} Non-IIDE +
2% 5 ok

IID (Independent Identically Distribution) £+73
o], 7eks] Wal 2 Fejol Tt HelEle] A%
29 T/ T EE FEolA LT Local
telHE B8t e 4S9tk 1D
S o A= Local Ho|HE AHE-3F Local 22 9]
Sgol RE FeoldEd] AH FAT FF
A HEZ, Local 29| 7153 M-S 53
M= ATEEHAl Global 9] 850 o] Fo]ZiTh

] [11[0

29



[0
Lo

o]} ¥Hl 2, Non-IID(Non-Independent Identically
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Method

Atel

Card

Effu

Infi

Mass

Nodu

Pnel

Pne2

Cons

Edem

Emph

Fibr

P.T.

Hern

Mean

Random

71.70

77.59

80.04

64.02

67.12

58.89

63.45

72.58

72.98

82.98

74.91

62.15

71.21

73.81

73.10

ImageNet

71.98

83.78

81.40

61.86

74.16

69.73

59.18

77.67

71.41

79.40

82.36

68.52

74.83

84.76

74.36

Rotation

75.39

81.73

81.26

68.29

70.58

66.50

63.49

75.71

74.67

81.59

77.93

68.32

72.14

75.62

73.79

SimCLR

72.89

88.34

83.07

65.87

74.26

71.60

64.39

77.71

73.17

85.40

86.11

70.67

78.79

91.02

77.38

MoCo-v2

74.62

87.88

83.43

63.52

79.49

70.61

67.31

81.59

75.32

83.18

84.45

72.93

79.23

88.60

78.01

BYOL

75.11

88.58

82.55

66.98

74.35

66.68

64.51

78.12

75.84

85.17

81.21

74.17

77.57

89.40

77.17
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7RI HERE

(B 3) H0|H LD At HR9| dglsts ds
Method Fraction of Data
etno 100% 50% 25% 10% 5% 1%

Random 72.56 70.90 (-2.2) 67.96 (-5.14) 57.30 (-15.8) 52.90 (-20.2) 51.41 (-21.6)

MoCo-v2 78.01 76.51 (-1.5) 74.09 (-3.92) 69.86 (-8.15) | 62.46 (-15.55) | 58.03 (-19.8)
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Abstract

Self-supervised Meta-learning for the
Application of Federated Learning on the
Medical Domain

Heesan Kong" + Kwangsu Kim"”*

Medical Al, which has lately made significant advances, is playing a vital role, such as assisting
clinicians with diagnosis and decision-making. The field of chest X-rays, in particular, is attracting a lot
of attention since it is important for accessibility and identification of chest diseases, as well as the current
COVID-19 pandemic. However, despite the vast amount of data, there remains a limit to developing an
effective Al model due to a lack of labeled data. A research that used federated learning on chest X-ray
data to lessen this difficulty has emerged, although it still has the following limitations. 1) It does not
consider the problems that may occur in the Non-IID environment. 2) Even in the federated learning
environment, there is still a shortage of labeled data of clients. We propose a method to solve the above
problems by using the self-supervised learning model as a global model of federated learning. To that aim,
we investigate a self-supervised learning methods suited for federated learning using chest X-ray data and

demonstrate the benefits of adopting the self-supervised learning model for federated learning.
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