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A systematic review of the foundations, applications, and
challenges of federated learning.
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Abstract

Federated Learning (FL) is an innovative machine learning paradigm that tackles the challenge of data
island while safeguarding data privacy. It enables decentralized model training by allowing multiple
clients—such as mobile devices, institutions, or organizations—to collaboratively build models without
transferring local data to a central server. This paradigm gained significant attention following
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Google’s 2016 initiative to predict user text input on Android devices while maintaining the privacy
of locally stored data.

A core feature of FL is its distributed and encrypted framework, enabling participants to contribute to a
collective learning process without revealing their original data to a central entity or other participants.
In recent years, FL has evolved to encompass a broader spectrum of decentralized machine learning
techniques, while still maintaining privacy as a central tenet. This evolution has positioned FL as a
critical technology in sectors where data privacy, security, and sovereignty are paramount.

This paper presents a systematic review of the literature on federated learning, synthesizing
insights from review articles, Books, key documents, and published research. The review is
structured as follows:

Overview of Federated Learning: This section introduces the foundational concepts of FL, detailing its
origins, core principles, and operational processes. The decentralized structure and privacy-preserving
techniques employed in FL are examined, along with real-world applications as examples.

Algorithms and Evolution: This section explores the state-of-the-art algorithms driving FL and traces
their development over time. Key innovations in aggregation techniques, optimization methods, and
client-server communication protocols are highlighted, demonstrating how they have enhanced FL's
scalability and efficiency.

Classification and Applications of FL Architectures: Federated learning architectures are categorized
into three main types: horizontal federated learning, vertical federated learning, and federated transfer
learning. This section analyzes the application of these architectures across various domains,
highlighting their distinctive features and associated challenges.

Applications in 10T, Smart Cities, and Healthcare: Using selected case studies, this section evaluates the
deployment of FL in the Internet of Things (IoT), smart cities, and healthcare. It assesses how FL
enhances data privacy, security, and operational efficiency in these domains, focusing on practical
implementations.

Comparative Analysis: This section offers a comparative evaluation of the various methods and
algorithms used in the aforementioned fields, identifying their relative strengths and weaknesses. Special
attention is given to the challenges posed by large-scale FL deployments, including communication
overhead, data heterogeneity, and model convergence.

Federated Learning and Related Technologies: This section explores the integration of FL with related
technologies, such as federated deep learning and federated blockchain, particularly within the context
of the Industrial Internet of Things (110T). The potential of these technologies to improve storage, data
management, and resource optimization is discussed in detail.

Challenges and Future Directions: The final section addresses the ongoing challenges facing FL,
including scalability, model accuracy, communication costs, and compliance with regulatory
frameworks. Additionally, it proposes future research directions aimed at improving the practicality
and widespread adoption of FL in industrial and commercial applications.

This systematic review provides a comprehensive examination of federated learning’s current state,
including its foundational concepts, applications, and challenges. It also outlines a forward-looking
perspective on the advancements needed to establish FL as a key technology in privacy-centric,
decentralized machine learning.

Keywords: Federated learning, decentralized machine learning, privacy-preserving, Distributed
artificial intelligence, Internet of Things.

Siep s p)l5 808 5 LS 0 2P BB o dodio—)
8397 o allyglss 0,505, plaieay | 55l (6550k

S oedle 5ok b S el (Eahae Sise

L Wosls 8,52 S Jo> o] Gos a5 ol 0, Jb>

(hgy ol o V[ cslaosls oy m > s

LolKiws ;o wals Jll you puiile (6,80l o ,6X

dimee Liyeel |y (e sloesls calisee slaygm b

D9y &SJ o |) l>ools PLQJ as Ls».a.u.: 6L&7‘_’»5) )‘ usLO.w

S92 3l Hseby Gl (lsie ealim e ogian (ge
Jie Jale iz Ole Jolod 5 5,800 2 (o950
e Dogod ele 2 0S5, nl o sl S e
Jols Gk 5l g aSe bilep 1y 0en (slaesls
e So 4 (e jsbas (olse plo b ils 5 Sl
G 4 G0N ol abee cews edle 550k
Ol e 5 (Solen Jopud b coddpn el (Eoan

i O mble 550k g bosls i3l o alise Jalge
lem O Hygody oosls u.\.:.;SGA 6)3|&A_? )S)M

! Federated learning (FL)

AP "R S PR} 3 gy | W



G lino (5315 3L Lo I 9 S S (il p3 Sdoplds § 9 0 Asllos

SVlie (55lwaddls 5 (8,5 S whaw IS e
i ol el s Gees slSly 4 g ad, Sl
WSy Wlie  pl
Llye w0p 5 Gl 5l ead pwypn slagiesh
9 Geos dwmlio S0 L by g lacusgase

aQﬁ‘ﬁOj)LC f«))'bﬁ«;c

Sy A o Buslys a4 el pl saigd ce @G80
ey (ol 50 gy jlleds 5l 6588 9 S Gres
2 355 Wlie pl Sla Sy K00 a0 S8
Alide slaoje> )3 (SS)lie Sk slas )5
o> Lade ol wiadign ol Lodl ol e
5 Ced Sileysail dmesls 5 Juw  sogas>
A glroje 5l golaas L (ilag slacadl
(ol podle 09l oo aisls o] 4 alie pl jo as
6ol g uile (680l slacuglay 4 oo, IS 4
oyl o (Sl S g S5 lie Gees
@ arsi b ggdge (nl Ssdge Sy TLdl eio
S el gboaie; ;o b yskd onl 538059, Coas
50wl Gl Pl s (25 \lie 55 0L ales
slmbll b (oS)lie ol slaosls walys
onbris S5k 9 29 ook wile alie
SeS pBasles el onl 009bee s S
Bolr 5 cople 5l by, S 4 b oS o
S5k slaghs) e gl jo (S5)lie 650k
S B a4 e Wlie cpl (S0 anl Cews
Sr9re Slogiegn l wepllss 5 Gree palr (o)
Jos aiey ol 5o (S5 )l 5,50k 859> )0 S92 g0
IS

Woddo ;O iCawloads pulald o Zyd 4 dlie oyl
& O9bioe ey Sl x5k I LS ale
apgd G o el ol wnld zpd g (e Jels
5 d979e Slapiyesll (Bpme (hagh Al 9y
Sl xS0k slept sl eSS e (o)
gyl samail 4 pow A )0 Sebge WSy
phS 52 0 )5 sy 5 S5 )L 650k sl sl
gk by ez S 0 Sgbge aiSloy lag]
5 &b QLR 8550 85 ez gl (53512l )

2 Ogdbise Sy allie 5l 7 S oublie @ i3

2 Industrial Internet of Things (110T)

2V 2 ¥ ol VFeY Jlo

P iyt Glagisy b oSy, nl e Giisel
255 e 8oy ladiges WS o 5,8 A5 SIS
O SSlie gpFol il Dl wWigh oo LSS
@ sly sl e &S e e |y ISl ! Vs e i
5 S o Sywiile (6 ,p50b Joo S daosls xala8 ST il
bl pealie Ailon Gl Grizmen sl 20l
Grools 4y cwyiws g boslscusal ( pogas o> aiile
&S o o2l 3 1) Kanls
VAP Jle e B sboses 1) Gy
i oo o )5 (e (9995 (St ke
Sl om0 Gledbl 5,53 L owsg il o&iws
lrolliws sile (5 i iz by, opl o s[Y]o;
Lg as O)‘») S99 o).».c 9 l.QULA)Lw ‘ULMM.)}c so‘).o.fb u.d.\
Oetle 750k Sledlas lp 65550 Hopw Wiz b Se
G5l il Kaler 5 jaieyms
etle 653l skt Ky U5 sl S e

OBauSeS b 4 a5 cwloads ()18 50, Badas e

o 9

sloosls L b S i 5j9e] Joo S clu oSl
e S ala IS
G0k sy, pled 4 g Cevlazdly (58 (25 L
oyarmy> i )0 Sie g S et ne dle
O-JS8) o 55 Lie 50k Lol w, [¥]s oo Ll

[\C] Cawloddosls C)"“"

f i d
g e
>4
@encrypted E encrypted

gradient / g del gradient
; . e
© @

(. &/ .
[el1 = [0 [ L=l

Q@ ©

local update
for multiple times

local update
for multiple times

[F] 55 sLino (5 S0l wia 20— JSC)

(Figure -1) Process of Federated learning
ady wals 3l bl jo 5 lie g5k 855>
WJe el closy (5590 SVl il o (5 pKadi
09> ol WYVlie plo 5l plae (69,50, yol> Al
5 gl oy S Bl L siepllss (65950 Allie cpl ol

S50k 89> 10 09790 Sy9p0 Slaiegh I deplls

Lclient



(omile 650k aaby daooly ge wile il
Byl (Sws gl soili 5 Slale slacgsgae

g Lodld (pogas m > o (LS 50l ol Hb
arlgs > oaiSTy sbholKiws sl 1) osls STl
ol e ddlaiz sleools 5l eolatul @ azg L ooS
SleMbl (o3ls 5 5o porie (nl oo )5 51 (S (s,
3cdadlre K o)lgen a5 Cal dews locS i
L bools g, la8SToil a4 Llas g awn 095 slaosls
Syl oS0l pizen s[\\]a.s)b.s ol plw
drwg boojle diadisn gloyed drwg )0 cage il
Wlgos porde (nl (oas e g Sy glaesls
bosls pogas i, )l cblax> dise) 0 a5 Ui
DYlas J> 1) wgi oo sl

5 Sedbo 892 53 sy cnl gles )l 5 s (S
30 S Heba besls a5 Sl el ol o slaolliws
S | O P-SUC S PO PP CUUS ] IR UL SWOE WL SR
‘_ngoli‘;wo )'| osls J.».l?u 9 6)5](':0.? LS‘J‘. G‘}?@
g diedigr slaceln wielige 6[.:0‘523; dle Lalisee
ol olasedls « Sibay o )5 eolatl s slo 5
g LSS i (cwyp i) 50 (e3uaie SVl o>
i bl S5 5 Sl s aSol sl
D] asles s

bl sty (pgas o yiin x3 slaiags
gz o Vol cuel Plaws o [VE] o5 ) Lie (60500
al)l [V2] bosls as caseis § cogas m,> Lis
sodly popolhe (oSl Slaptes LS 5
dools yilaiali ajei dosls cogas > 4 bgye
QS ade blsl gleas e 5 Slawbow glacusgase
Slpl Silie x50l wezge slatlly d925 L
sl dl Locwl cede slapla o calddl)
slao)l5 aals da il cnl p ade ol oS 2oy
g1 ey Cdl 8397 50 (5 )5ld (nl Ul gl 5 o

dotogyy Sl 6olem yo (I)lie 50L&l
slr )y 5 Sk Jae S oy o )

sl o..\.:;“T sl 5 5L Jlas a4 ooty 2oy
5 Uipgh 5l 6 S ezl &) 5 bl Gisu 0ed e
Dg on Jolis 1) e sleiogh ol p bolgriny

ES & 5o &

ELTR TR VOSWVED |
Tobe 09, jebay (25 L (65053l poede 09yl
JLQ.C‘ 9 ‘).‘>| ;ILL..?LA L_SLQ‘LH.A) )\b 9 W‘OM
SrSl 85> 5 biagh e [0lsgs
Gl bl o [Pl 5y slaosls dnwgs jo oaiias e
sl 5 bools 31 sladle o cewlosy [V
bl (2les ol sleolKive o Ygars Slole
L oilsd Jedoar gl so mse8 it slaglejle
‘) c_s"L“"’bu’ éJL.A 9 ewe)y 6[.&00‘\) 4&;‘)).&9
L gble om peiiee b oS plaea Olpses
G o oetle oS0l by sly dilise slaglejle
[A]cealds Sl

Jow cole o oS lie gpfol Lol dn
Oz 5 eadasiel ool I pile (g 80b
S0l G lgreds 0,505, ol S o oolaiul olKiws
lio 5 0adms e slrools 5l (5,180 00 slp wel,l8
L1y oeile 5ol b Joe oS i Slaslxe
9 laools 6@9..4} 2> es.:LC)U@‘ M‘ )| QL».:.A.E‘
G50l wnld e o bt il L Ll
[alams o Liy90] S yite & g0t o Joe

Do 3l amas el a5 Jb o
3 oedae a5 i IS jlie (650l o lag ;63
SOl a5 ol vszy eile S0k slap 5Nl
aile soge Gl oSl 0,5 solawl hg, ol 5o oyl
Dbl Sube die) ol H0 Wil e i Y Sola K
A s eslia 5 Vo By Loty en,sS o
Sz g oodle [Veo]lowloas aslis lbe,bual
oSy K il S slapmsdl ol
sloeyssl 5 Toleiy by slageile Taless
PO I RN AL YO &1
J.A‘g.c aQ WL..A [“"")55'” ul?b.“ ..\J)j)l)ﬁ oolaw! 0)5.0

5 FedAvg

! Random Forest

2 K-Nearest Neighbors

3 Support Vector Machines
4 Reinforcement Learning

AP "R S PR} 3 gy | W



G lino (5315 3L Lo I 9 S S (il p3 Sdoplds § 9 0 Asllos

oyl s plas byl a PP K\ FEPPREL JL g
Llire plo b slaal olael & jpoa wlg oo lol
85l a8 wisd (b laigSa sl bbbl ail
Ari o (hgel jo oSl sl 1y byt ples
ol aes Ll dagl bles b coaS mlaw
Gledgu GBS S (0 a5 0gd o0 Sl pladl
aelys 0yslcmsas slp 1) (h5sel anmlp jo 055
il a4 il

2o sib s sk glaosr >
gl (b )0 Sled yn Cungema 5ITS S L
o503 gy 4 OIS gy DVVIals )55 52 055
CPU _plazsl 4y 1, b yion b aisls y o5 lSlil
Geen g wae el (e Sl ly st
e S oley b Gl (Ghets 5l
ol oszlr DAL Gl 55l ©)p0n,
Oeys oolaiul gSlas a4 olowws ¢l gladlaslin
S ISl slal> pe 50 Joo SG o jg e g s e
[ CTPSRPA PCTI J IRNCIES I L LY RVC U EX RS
VoOs Jlo )o st cud goad p (sHie e
Iy--vylas @)

oy w2 Pl 5l e (5l 550k
sl Joo slogloyjora 5o gy 5l st
M ool s b330l 5y50 o o las i
3 ogd Ludl g yiin cogas sleosls 4 by e
Sl (oo 59y Mgty s 550] Jobo 503 (Soms
Moz cul 10,58 @ Fe o e o> 55
5 25w 3l GaSslr (e Consene 4 wly o
5 oy deii aigS e [Fluasgs e o] cds als
aS 05 oo Sledbl 5 4t (6 iy cum] con o>
Sl aler 5l el bl ak
2 VYTl Jlisar 1) pogm s 5o 5 (2,5

Slse il sl s

Z I (YVU [ B Sowe
e o> 4 Cod Gree (ras slaasls
5 Mg oo Sbml (69,9 Bold o yiin aF Cawloass
[Yf]mos‘,w RNV &:’)'9-"" ALl g,
ool hey ol Gorotm &S bl ey L

sl coaS i)l Gl o p SHlie 550k

<

2 Stackelberg game theory

2V 2 ¥ ol VFeY Jlo

e pgs A pe jo S0 65k (e bjgel
sodls 59, p oadplml e Glujjorn b Sl
Ot t0h 00 S5t alises (slags i 4y 3late (e
BGlp I8, Sl o dbgie cod Oledll
Sl Sk ol
Olsie 4 g pl lad jo oadgilwosly oo slo Jow
sl )0 g 99800 Jlo)l oliws @y 03l Sl oo S
OSle 098 [ e Joo B Wigd oo )5 YL o s,
(SSHlie gpSol phnl ez lr plsay (S lie
' Seal Jaius e sloosls Gl Sy b il e 4z ST
YL sl wile @bl L e Ll s ablis

Lawgydag; 5L (SKeal 5 bl
2 Slie 5ol Ay o 3l sla ey

ol Gae culead S eie ot oSl (g lodig

WWgh oo (5,I05,b

5l ol sl sl gl o Basses s
o9y ol o el Gl je cwlel pid daosls
ety ol o ol ool o L_s)jié.o.? g
S il 5 bod i o) p @ OLS s Sl )k
D¥lslests y o5l 5ol die) 0 g2
el 5 sl el YL bl anse
3 oS sy o witen s 5 il o 5nts
St 9S> lp (Sl (50l (giluaigy A
[alss ls 55 505 )]
Solore (Ll b mlie amass giluaigy »ogdle
olaws o8l ol Beis Jgile olwl wyos
Fhe by S b Ghjeel 5o eaSeS b (slas i
el sl Sl o sl wlolw o Slos 0gupe (sl p
5 S oo bl Bolas jebay 1) g yiie 25 ,Lin
bles bagg it plos a5 015 9929 (5,8 (nl 0505,
Cably o (Jopll aiyls bigel jo oS b a4 Sl
CoteS Ll S e tin (B s jsbiy]
SIS Ja wlszoss slags e 5l (> b YL
meid Bgle SO oolxl plply 0SS eSS
Gyl o S lae lp 1) obytie 55K Wil o

2 ot 4 4z b oAlgi e gl jepme ams il

! Non-Independent and Identically Distributed(non-iid)



J&bmuTu_eosoM B potie 3¢5 Ay o
2 il Ble b ablie sly iy o,
oy b Cgame b yiie jea> )0 o IS Lie (6500
S N3 8 g wax slagts) cJsimendy tiloaiiSiy
Cawlosds &1l IS opl Jo lp Giegp Slosl o
OISR 15 (K S92 50 Ao 5 b yiie Sl
go25 98 o lzeas |, KRUM i, [V oie o
calus ulel o Ghgy cpl wosls &l o988 oilim
plod dlewsey  oaldlll by dluyis,a b laced
Bl S izmon 55 oo o S5 52 4 byt
P olus o 1) Jaw plSloaul a5 wislsasl,l g las
OB diy s g0 [Sen (Snl 4 pezs (il
stlive 0 Sas a5 W0 S Syxe |y MKRUM (yiren
S50k 53 e ol 5l (o9 698 geS Ol
ool ileglie gudlyn OMas ply o aS Wl oS L
Joo slgleyisn slp sl ol Sl Lo,
o3l YAl e jo 1,5 gl oS oo ool
OIS G aslsl jo aiels slpias 1) T olatse Ll
ool Y lse s sliws ) Bulyan aS5L w65
KRUM aile il 598 aroas (loB 5l o yo5d!
Yoy gl e IvdlasS e 9 COMED L
e plp 3 Swglie dee sl OISRk
sols QLQ‘M ‘) Zen069§ ém.?o )159)1....: cvg';\.yow
ObaliS oyl anas, | o Bae sile ()l
ol Gy o Fomagn I¥ ams o) oL i
eSSk o oleps slasle,jea
‘L‘z’u*‘ﬁ) u.“ )| é) ‘\.\.A.SGA oolal Gal...?uc (51"”&5)
G500 0850, cpl sl SS0e5 385, 5l colatul
oS olal o by SO L Jae e yial)l wilg o
Ois slagleyigin plelid wl Gl S Sl
) Wsde Jloy) e olyiie bawgi oS Gl

sy oS i 5 Sas meyS [YYIas o sl

1 COMED
2 Poisoning

Sl Ol 4 e oleas Bl ile x50k
™ > )‘ u‘ysn wLuo 6Lb)lso|) )‘ oolawl l.| MQGA
O 099y ol bl 3l g 0,5 cladls ool Logas
Saells gl [vol &0 30 G5 i gh Al Ao g
Ol )0 a5 58,8 diogi |y (5 )l (1 S5lo b bl )|
Jaeo gyl 51 G ek b Jow slayial)ly
Dgd oo je,4 LSS e 50 lags i bawg ond Jl)|

GrS Sl Jae KLl wb
(ePFE> 2 > La> gl g, 5l eolazwl b S Ll
a aps,d nl 0)ls 0T i b ol o b e
Oulgd BB Caley a pile ol i a5 Cenline ()
Osv g alslo a5 a5y Sl 5 Wl Lagsel
A5l e Sl 6,50k 4 deosls 3l colaiwlega
S gyt Sl (A Ay 2l
SR segas Sledbl blaul Jlisa el
QSM uL)AM ‘é}): qu‘)Jﬁjy-c ‘ML! JJ.A d))‘b
Shsl a1y guoyob sl Jos (gt b (sl ol
Sl Joe Sl 4 e wlg go a5 W30S
30 Jle sl 098 goz> slallas sl 5 ag >
OlMbl asle sogar v 4wl basble
sools adsi b el Sae laxlos cailoyome (S5
g S alex Joo IS 4 w0l Lol piixe jalbay
boos  gax jsbay 1 o] coe 4 b
Ivslaces ) 3

Sz 5l (S o)lgen (puilin Blas L aglse
Flawe cpl tcaslosgy o5 lie 680l jo ol
sladSSsn 5l obie (Fp &5 WS (o0 590 Sl
Joe 4 (goee b oS o5 (S 0dbpund (b)gel
oyl ol b oablas lp oS o aes Sl
salss o ale oo iz el (55970 (ol
5 e sbar | Syie hjsel anlp b ooy
3 ey eeSel ceaS 5 wes asll ke

L b yie 5l (S o il b agalse

3 Sl Jow a5 aiS o Geendl 9,505, ol 0SS U/ 3
.@“’

AP "R S PR} 3 gy | W



G lino (5315 3L Lo I 9 S S (il p3 Sdoplds § 9 0 Asllos

e byiie b Sy s8] pleol b g
asle il glaas>T Sy T oo g S0l
&b g5 5 oSl £y gl gunanl sl
u.v‘ Cmlodls f""Ja“" JS0g3 Oygods (ol
GoSol lpis o Slos g 4 0,50,
sbtsle g byl )b o5luange &b 5l (&5 L

S oSS (6 S0k il 8 o soliiwl 550

Gl polao-Y

S5l b (5 Lo (5 S0l Ay oV
Posiozs jo7 Sl o7 29,5
(GRS @S Biem p0 sSedar lad in S92 b

sodls b agxlge jo ciile (6080l g slo g,
olul b sloools (Jolaial (sloosls alas 31 conuzn

Sz Jdod wiline 9)lge g (slades slaosls YL
e pl cde s god @)l pollae SIS (1S
b by gty Lboablie o by, ool Slob
L oagxlye )0 ohgt rulaosls lSle 5 b S
iladgi ol b YU olal glylo a5 Joluob (slaosls
[relas ) oolas o Shee o by, o0l

Sgre wsglesls Sje> 0 gyt sl
ol g il aas lp w5 Jaw S sl
&8, yehieay tculos S ST il 1) asols
S50k (s odle 65k bl 4w 5l Al
oolitul 0udajo5 750k 5 (295 (S RTL «(IS jLiw
Slaal 5 o S b lamloll cnl 51 So e 0580
Wosls ol sl 1y egiie (bl w293 3 5e pamis
oy 4 ange mbll bl sl w2l
sloils g bools o (yrogh Sloal Ll sl
el &ly 039 P

S5l 0 (g 0Sg, S (Sl (550l
51l ol dlavlsa o cl endmy oeile
SIS & ot iy o lobus lalSias
oo o Sie jsbar cpogad glaesls nalis

xSk anld e I¥Vlans Byl 1) Sk

3 Model Agnostic Meta-Learning (MAML)
4 Ensemble Learning
5 Distributed Learning

2V 2 ¥ ol VFeY Jlo

PRIREES T A K R SEVP S)
3eobey ol yo lesls &l) sole e sla Sl g 4
Joe CoaS byl @l TSl it Joe S
I¥¥Togs o oolizul

s ade Jleol ess a4 BT )l ae o
Sl 3l nee pllo oo S dlwgar Sl e,
wolere (ol Jloizl b alaslejg,4 comess )l
Doz b ablie sl 6,500 Ghegh 0 Ngdge A
Nolagleyign B> g pllld ) Cosgenns
G5 oSl sl So plie Lawgs salall)
oolaial b jgpm 35800 (Brme 53 2 (e (5 )Lie
co> sbsle,jen Bl Jlal (a8 Jols Sy
sballs [YFlas o o 1) siie yo lawg
o lolis 4 ol o ilye glhs Joro i
el Slags s g Sl RS0k bae o
sballs >Lb (JSis ol a8, Hshieas 355 oo
U L 1 (PR BN W ENEC O IR S
A S A8 ,8 8 0 dw) ol jo g o yiegh
OMox b ablie die ;0 28 JB sbocd, i
S lie 650l o Jaw 8 has g ol

Sguge ol o5 lie 680l yo aS) ogzg b
o> oAl WSl St xS0l Siw bl
e 0 Gl YL lean e g ool cogas
oz 5l wtwl axlge ol L oS lie 5,500
Sl 5 ol s & olyice L ale ol
osls g95 5 SauSly Jdoay i L g
Sllas o5 caslonds el Plus ol 0,50l
wle lp colio slaJool, Bl g (o) 4 g30xis
5310 b Ul cnl

e gl 60,509, [YO] a2 jo yo 5 g,
5 b,lsle g oo lp TSty slapis 6N 5
ol o railes,S sleriny o5 Ll 550l yo byl

! Hidden Markov Model (HMM)
2 Genetic Algorithms (GA)



ooy ol el bl 5l egd ge aslis Wi
Copde Ulg 5 Ghieel ol rall a4 lgie
Oz O Slele b 1pj 0,5 o)lal S5 slaosls
658 w3l @5l (J ol 0sd o e ol
ol el slapillr alex 1Y g5luSialon oML 4
Joe 2l 0 Shee p ailgh oo g Wgd oo Do o)
\EISPRg NP IRV ORI S5 REARS S
by ol case lp @aSs oL g Sllee

Lol (55900

S50 (5 5l (6 paS b Ay lio :(V- Jgu)

oo 38 S50l g (B9

(Table-1): Comparing Federated Learning, Ensemble
Learning, and Distributed Learning.
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(Figure -2): llustration of HorizontalFederated
Learning, a.k.a. sample-partitioned federated learning
where the overlapping features from data samples held by
different participants are taken to jointly train a model.

T
Datalfrom A

Horizontal

Samples

T
1
I
1
1
|
I
1
1
I
Federated Learning, :
1
1
I

1
1
1
1
1
1
1
1
1
1
1
1
1
i Data fibm B
h

Fearures

L bz 50958 sliaeds aosls s gidpl>
gl slie laasls & Ly slaciay
5y ol g Sl pile 65k sl ae
&l 5l bosls a5 o 5 jLiwe (6,500 jo .ol iyl
Odslis WNsdes Sylaez edbmis 5 Rl
a2 oo |y Gl ol oo 4y bosls cwggiail> 4
alies sloo,5 0 cdbms el 5 faiie slrosls 5l as
09l dieo 2
G mlide

odls Wywb- U
» B Sob e,
o @ Sy onl S o0 Sgume I slagalide
sl Sy 5l eolatul b oS aes o 1) ! oyl
Gowte SleMbl 5l cigas slad jo aosls alive
rejs> o sanaib 5 6Tl S ¢l
NSO REE N NELT D
Gl sl Jae o,8lee 5 s uulidl cels
g )lom parsds aiile (Sdjy slodin )0 Geile
Les fologs oo

Lools (g glaez (i sl diw) o
6rSolk g Sl chagh Bien 5l (SHn
Side Jae dge lp dlpee (S)lie
Bad S wmoe plid (V-52) &5 jsbglen
Sy Sl b gldlaie sla lw Lo sl &5 )Lis
3 smope g alive Sledll Jols b oS w8 obel alie
I e e
LRSS & e Algi so doei s oS aas Ll ) by e
S g o Sloyd slagisn 6515 (sluaige dags Lo 5330
K Sy Il
Wl o (S5l S0l a5 el ol Sl ol
Sl Sz Sdle 8592 50 Fke Il S plrea

2V 2 ¥ ol VFeY Jlo

«5)-:5'5[?. 9 YLgayo.c QSS)L.M Lg).:foLg. ‘\65.5| L5»5)L~.c
oddio a3 slaosls a5 Ll 5l L FV]T S Lo Ui
2olie Jold )ls 3529 (S mile Dypods i
amao Bl jeme gl ol jo s (gouxie
sy oS (Jlo o el eatd)S s g ie g
¢l (S yhind La Ja,.b).o 6Lﬁ§f5 BM\)QLMJ Gogee
> bl p ]y oS lie 8ol Glg oo oplplo

3,5 oot o0l T3l 80

B S5 Gl g oL -)-Y-¥
aS Cewl (25 Lk (6,50l o9 B8l S Lo (6,00
sl Shy Ll wjls Sglite slaesls e, T o
slad (oo leday )l s92g osls o (S is
§f5 wlasd Ll (oglate calizee (sloo,5 ,0 Woslodiges
solatwl gl 88l S lie (5,50l ol alin lag]
G e olliws 5 wiedse slolliss o
el cwloas b [FY] Lasl co )
aSly o dYlesls @iyl J565 a5 5 Lie 5,50k
o929 L 1y ecal 88l o5 )lie (650l o6
hlo iges slas o leools axgy LB s
Ievlslatos S5y slas

FRCCOVPINEY: et SEVP SHPCRE
Wadigr glaoliws jo 88l oS jlie (g, S0h o8
loslie o oedle 6550 sladae (sel sl
gidail> pac Jdoas b, ol all ase S
Ll due F 81T llanily mSUl ol jo Clacols
ably 5 e slalal) 859 50 Gees x50k slosss,
Judoas A 8l Follaily isIl gomaidl sl Y(BCI)
Cadal WGl Cuogise Sy slroslodcgame 3guaS
e BCI (s, o tlly (55,5 51 5 o0
sosls laca, EEG sl JLXw .cwsl EEG
S oo obml besls 5l cble> 8y50 yo 1) Sl SIS
SloJiSew b basye gogas wmp Lis Sl rien
oslial b 1) EEG-BCI S, 5 sleoslsacgaze 5l EEG
Sladae Syte Sisel ly F Sz glassens
LEVF0 L FFlans oo sgaome cpuitle (6,050

! horizontal federated learning

2 Vertical Federated Learning

3 Federated transfer learning (FTL)
4 Partition

® Data annotation

®EEG

" Brain-Computer Interfaces (BCI)
8 Electroencephalographic (EEG)



2 Ak Glo e drwgi g (Sbjy eyl sladills
S Wl ot 9 (Sl Jlows (285 @ine 0

[F] 5281 (25 Lo (558501 31 52215 slages :(Y= JS)

(Figure -3): A practical example of horizontal federated learning
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(Figure -5): A practical example of vertical federated learning
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(Figure -6): Federated transfer learning (FTL). A predictive
model learned from feature representations of aligned
samples belonging to party A and party B is utilized to
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(Figure-11): Application of artificial intelligence in
intelligent health diagnosis
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(Figure-12): The process of federated learning in data
aggregation of health centers
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(Table-8): A summary of recent works in federated learning for the health care
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