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Recent years, the deep learning technology has been introduced in the medical field. In order to train a better classifier
with deep learning, usually larger medical data among medical facilities were required. However, it is difficult to
collect a large amount of data in one place due to the privacy concerns of the patients. Instead, the Federated
Learning has been applied in this field. Since the Federated Learning method learns by exchanging only weights of
training models among facilities, the facilities do not need to share their data. However, researches using the method
did not consider complicated provisional conditions similar to the real environments. In this research, based on the
existing Federated Learning methodologies, we proposed a distributed learning method which is robust neither the
numbers of data among facilities nor the numbers of data among classes are uneven. By assuming an actual
environment, we conducted an experiment using diabetic retinopathy image data published on the Internet. As a
result, the effectiveness of the proposed method was shown in the experiment. In the future, we would like to verify

with more facilities and other medical data.

Keywords: Federated Learning, Deep Learning, Privacy

1. #&m

2012 4R, PEREFE OF ArEE R kRN R E T, Eifg
ik =27 A b ILSVRC (ImageNet Large Scale Visual
Recognition Challenge) {233\ T, Krizhevsky HD 7 L—7"73
TRIE S 2R H LTz AlexNet &) FiEE HWT 1 ERTOE
BERCERDRAN A 25. 7% 5 15.3%~& 4 EILHIUIER L7
Do LASK, —IXEHEFERRRICB W CIREFE N ER ZED T
Do BT, EFR I CHEREFE OIS A S A, Yang
HIZEAE, KLIZART DT 2015 A5 2019 FEITHT TR
&5 B % - EHBERO BT EAEZ TS 2,

Number of publications in DL-based medical image registration

60 L
.
,
,
’
,
,
s
ra
/s
30 ’
.
,
20 e

2015 2016 2017 2018 2019
B UnsupCNN SupCNN GAN DeepSimilarity # RegValidation ®RL

K1 ZEFEZRAVCEREROSTEITI-
HIRIDE 2

Yang HHEFIRT=2015 EMS 2019 EDEIZfTh = REE
BxANV-EREBROSHHE 150 O HRMO AR,

BAERBRY & FA0OERBERIER

RSy BBV THIRE 78 & W s A RFsE s L
TWAHHEHBELT, WODDRAYIRZFETF LD, TEKTIE
FIEL CTOL LMW IR DT 272 -T2 IR B TH-ThH .
EAEE 7R T RN FAIEEL /R D 28T L - T, BIERNCBE 12
Wr - VB2 Z T OND IO D, Eie, 72 BB FRAD
Vbl & i RVAN TRV /Y SNt o e Y TR PAN S S N Ty b AN )
EITIECR W T IEORIH B IFFTE D,

EFET, W EERELEZR T 270 DIc REDRE
{EENTFIRT — 2% O, FOFEREL T fblr 2R
PRI, L Ladb, ERT —2 054, KREodl
T — 2% DD LITMHTITARL FHCENRRBOY
BV T — 20T NS DD H D 9, £z, il k|
HDHNOF, Hl EORMBEICEY, ERT — 225 EE
MHHRFZRNIENZL BEOERER CERT —4% 3t
BT HZEFHELNN o, L2203 T, — AR ER B TO
IR W, NS T — 2y N CIEE S E
DEBET NEIHETHIENEL, EIRT —F & fli 7= 1
J&FE THRLNDFREEE BT DO MO0 BT
L,

FERE R EEEA70, B OERR CER T —
BuEERTHROVCEE T VAT 3508078 Fik
WD EPRFIIN TS, REZRBIRE FE F 1L
LL Tl Federated Learnings23®1 . & DMIZHFES 7T AN
—), YE[RFURE S . Split Learnings), Cyclical Weight
Transfers &\ o 72 FIEBTFIET D, ZNHO S HIENRE 3 F
EEMHIZLICIY RO ERMERH CERT — 2% 38
T HZE BEOEEZRORE T HEERT — 22 v
BT NV OPEN A REL /2D, LU, K EFHMEE O~

Az (B21ORAERBEHRISAMAR)



BT DEERET —X3T7 —ZHORIL 7T AM O T — 28U
ROBDHLIEB—EATHD, ZNHDEVIZI T 55 EN
MELLE 2 HID,

ARUFFETIL, BRI EOT —Z2EImONRHY, 77 A
DT — 2R 3D D RPN TH S A MR A HUT:
B 4T % % Federated Learning (ZHE-3W-FiEARER S
Do

2. BEMRE

HFEE BT KO RILEE RO E L
T ITAN —DIRFEIZIEB LTS 10, Tao 5OWFFETIL, B
fFDENEK>T, FHRELHADTED eSGD EWV)H Tk
ZHERLIZ 10, £72, McMahan Hi%, 7y 7 m—RO#EE &%
TS 2 FEEHOIE R FIEEMAELTE 12, Bhagoji b, FHEH
HINTGA—BIEFZL S TET /BYN TEHZEEFERL
BAFEOT VIY R L TIEERITTEYE T H LW ER
TR LTz 19),

ARWFFED IR M O T — Z B OAR 0% ek
TOIFZABOINRT —Z ORI B LI-AFZRIE 2 <7
VY, Abhijit HIEXY = ANERIZRWET Y —E T BRE O
Federated Learning &L C BrainTorrent 224U . $Efh 525k
(B W T Ea B LS 7208 1w, AT —2EDmIix
# H L TU2U, Balachandar Hid. Federated Learning &%
B4y R E F15ThD Cyclical Weight Transfer (CWT)%
FAWT, fEsk O ER T — 2 RRIRREA K37 T A D
T —EEENENOBE NI L Tl b S - BEfF k%
HERELTZ 19 CWT 13 M s DR R AN 8 275 o i
FIETHY, EREDT-D DT —FT T A — (R 55 H
L LT Chang BIZE->TIRESNT 9, LU, BRI
BA 2 T T AR DI e i RR 27851 972 Micah H DA
72 Cl. Federated Learning D573 CWT L0 584G 73 8
HWTWAEREL TV 16, F7- Balachandar & 151 L iti 5% 4]
T —Z DR & iRk N TOZZ AR OFIET — 7%
OROINRET DRI E TETRLT ., AFED LI
FEFE O FNRT — 2 E DR & i i N T2 Z AR O I
T —FE DR N RIRHAFAET ALV ST FHEEEORBLIZRIL
TR A BB TE TR,

3. A&

KT TIIEETED Federated Learning Z— A2, figk
MDERET — 2 ERPR R R T 7T A DT — 2B D1
DICKHERT 2T VERET D,

3.1 Federated Learning

Federated Learning Off/&1% 2015 4= Konecny H128->T
REINT= 5, Federated Learning DFER7AT 71, 7 —X
IRRERE >0, HEOMZE (BT, T A AR/
—RIZH LT T — 2By MIbE S FEE T VA
I HZLTHD, Federated Learning 13, sk TF — &
DI FEET VO IREAT, TOEEET N EHDD
ZETIY TSN T VAR VERR BT D,

2 12 Federated Learning D& Rke FNEE KR T 5, X 2
DO EBIZHLONEEROFEEET NELH T 55— Th
0. 77U R — SEMETIND, FEIIK 2 oO»LEIZiHh-
TIThihs,

QI7FIRY—_RTEEFET VEIERL . B iR AT 5,
QO fERITBAM SN FEET VEFERAL. FADOT —4
THET D,

BAERBRY & FA0OERBERIER

@FHERE | IO ER T TV I ST 45— (dwi) %
TR —NTED,

@IFYRY— T A R, F—F R E T
FEETNEEHT D,
OEHSNFEET VAR MR 5,

©® @~ODFIEEH TR —ETHETHIIET,

® C2

C=
@.\\\

! Hospital Al | Hospital 8 ! Hospital !
] [O) : : i :

EBICHEIDODIT IR —NEFENELERDEEET
WEBHTHY—N\THY., TEIHERINFEL. JET
—HEEHERASHDZEFLN, HFRIEONMSEODFIRT

Thh, OO EYRSND,

DIZBNTITZURY— 1T, &R 5Z 1 o728 £
TIVEHNT AL Awie BHI L, AwilZE SR DT —H 8T
HeER T 55 E A PNT CREOEE T VOB HICHE T
B, BEG t OFEET NOIRT A=K Ew T HE Bt +1
DETIND/SIFA—=Ew, (U T ORIZEVEDND, nildHF
Wip1 = Wt —Zim’AWi (1)
FO%, EFESNEZFEET WIS TOMHRLLEEIND
DT, FHEFRITE B MEA L TWBIERT — 2 & OfEix &
W FITEBN AN AR T HZENTED,

3.2 ERTHADHHBEEELLZREFE

AWFFE T, MR O T —F B DR ELHHND T T A
MOT —2FOROPFIET HREICB VT, FEET IV
OFFH R THNWDFHEEEL T RTHIET, 2200 HFEY | %A
FRIC B E L3553 A2 9T79Federated Learning® Fi5% 42
FT 5, BEIZIE, ROIDNTH LNVERET VHEHRE
RET D, " TGA—FEHR(L)DOFE L% LT 3OO FEHE
THERLENIZE T 35285 A5,

ni=a; (1=0) v @

ai TR M CERMENTZER T — 4B ORVERTET

HY, LT oA TRDS,

a = < (3)

2?1=1DJ'
ZIZC, NIZEEE IC I B iak 3k, DdEs%intra 357
— AR EHET, MRIOT —ZBENRLNEE, ZIUCIELAIL
aib KR&ELIp5,
oilIFE T EDOBEFIRREZE R T/ T A DT —Z DRV
ERITETHY, LLFTORXTRD S,

Si
. = 4
O'z 2?’:1Sj ( )

ZITC, SIFMERINIC BT 27 7 A DT — 2B DRV A F L
THRY, BIITADT —ZBDOREERZEICIVGEOND, 7T

Az (B21ORAERBEHRISAMAR)



BRI LN MNEE oi, K&V,
Yl B HER BT 2E oA B A (BEDIK T R) &K
ML THY, L TFOREZ—RT100DEEZRD D,

the Description for the Terms

gamma: an array of - in this paper.

client_test_loss: an array which includes the clients and its
corresponding test loss for each client.

index: the serial number for the client.

loss: the test loss for each client.

min_delta: a minimum change value that is judged as
improvement for the loss. If the change in absolute value is
smaller than min_delta, it is considered as not improving.
patience: a threshold used to decide when the training will
stop.

best: an array used to save the best loss for the study for each
client.

wait: an array counting how much times loss is larger than the
smallest one for each client.

Algorithm

Procedure get_gamma (client_test_loss, index)

1: loss = client_test_loss[ index ]

2: if (loss is not null) then

3:  gamma[ index ] = stopped_early(loss, index, 0, 32)
4: else

5. gamma[ index]=0

6: if all elements in gamma equals 0 then:

7:  setall elements in gamma with 1

8: return gamma

Procedure stopped_early(loss, index, min_delta, patience)

1: if (loss - min_delta < best [ index ]) then
2: best [ index ] = loss

3: wait[index]=0

4: else

5: wait[ index ] = wait[ index ] + 1

6: if (wait [ index ] >= patience) then

7:  return O

8:return 1
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