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Abstract: Mobile edge computing (MEC) is an emerging technology that extends cloud computing to the edge of the
network. It offloads computing intensive tasks to the edge server to solve the problem of insufficient computing power
and resource of the terminal device, meets the low energy consumption and low latency requirements of the mobile user
for application task computing, and greatly releases the pressure of the cloud center. Cloud-edge integration architecture
has become a trend. How to perform optimal offload scheduling for terminal tasks has always been one of the key issue
in the field of MEC research. This paper reviews the research directions and achievements of task offloading technology
in today’s cloud-edge environment. First, the development status of MEC environment and task offloading technology
are introduced, and the concepts and applications of classic schemes such as heuristic algorithm, metaheuristic algorithm,
and reinforcement learning are elaborated. Based on the mainstream solutions in the research literature, two types of task
offloading solutions are summarized: traditional task offloading solutions based on algorithm optimization and
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interactive task offloading solutions based on reinforcement learning. Second, the research literature on the two
mainstream directions mentioned above is summarized and organized from aspects such as problem constraints,
optimization objectives, and contributions made. Meanwhile, schemes are compared through the classic algorithms and
innovations they used. Finally, the current challenges and future research objectives in this field are summarized to

provide reference and help for the follow-up research.
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F, ERMRIEAT ST HA RN 25 TR i
PEILT MEC PR8N BAF S E4 selU6. g, W
TP AAI AT S, AEF R T SRAEAS [R5 150 i 22 1 40
RIS 008 R Rk NEVEIHIE B H o NP-complete; %
FHRAA TS, Ve 3 T1T 55 RO S0 2
TR HE 5 FIRL R N T —Fh & T 10 8 kU
RUARCMEBERE; BEAh, A 8 T PR I AL B
NP-hard [T R AT 4 AT T A0 HE . SEIGIER, 1EH X

T =MoL AL B S T ARG T RE AR 35

[F A A R I RE 29 ol o s & s RVE T 9 S I A
MEBEFEN B, Guo S5 N[34)3H T —FiELLIBR Al
W B 532 (Online Hybrid Dynamic Scheduling algorithm,
OHDS), FH KAMRF FIRMAH R . ZEEHANT
BEA R, HEALURRS: (1) @i 2 A4E R
TARRAESS & FF AT S, BE T8> AEAE 55 1 it
P2 SR KR RIT 4 (2) AFIERIEIES RS
SR TR A REANMESS 7 O BEAR S g, FFARIEAT 55 1)
SRR 56 U TA) A AR RAT 55 20 T a6 T80 B s (3) R
FH AR VRTR & 1 B D R AUATL I 2 PR IR ] . AR =4
BT BEAS BN A AR AR A BOAT 55 1 B3 AT S5t e 4
MU (4) ShaSHLE R KBRS LK VM BLED
MR REEAK . FeT =R SRR ) TR R B2k,
VE B TR 5L 5 = Fh HEFT Bt Bk AT 928 % b,
S5 KW OHDS SLIAEHATREFE. W JE BTk 5%
BRI A48 77 T B A S AT 1 RE .

4.2 TLRERAEETR

N T s F P RO SR 1 G A B R B A
BRI Z %1%, Saleem 55 A\ [35]5] AJo ) K A
PR A AL A, 7R A T RERELI R T DLAR
MEAT SIS SEN H AR, fett 7 — Mg & ik Jk I #
BN TR AY ENAE 5% T BE AR o AR T S A A B A
PR 55 DSOS T (VRS BB AR R ) R, T S
I A R VL REAT A DASR IR I SE (41 5% 0 5
W&o FEATEERSY, ZEEM R REAE I SE N KR B i
LR RPA T RGN S8 S & L S s = N LS =
SRR S I S

Bk 75 55 N [36]HE I (E £ 3~ LAREFE e /MU N H
B, BT — R T BORE AL O i B BE LA R
( Stochastic Simulation based two-stage Stochastic
Programming, SS_2SSP) {45 I #1273 Bl 5k . 1
BT Lagrange Multiplier 5 GA 43 33184 510 4%
IR 55 5 ) TR s B 00 2 PSRN, R T XS BE 23 By 24 Sty A 1
Qb P 5 30 25 M 5% 25 Ak BRIV I A8 R BEFE LR & SR LR AT
SEETT % W E S, SRR SS_2SSP ik
TE 2R Gt REFE S WSS 77 T B A T30 bU BV

Chen 25 AN[37][FFE LA/ MEBEFE N H AR, $2H1 T
— T il 5 28 A VR ) B 3 AL DRL T AR A Y R SR
MG o IZRMS AR BN R M E T, i AR

http://www.computscitech.com



112 W 55 Bahm- UM MRS I E T BT LR

FEALE I 2% LAJZ ) 73 S 7y F N 2 A B R 5 LT,
T Je A 2 R BRI AT 45 s

AL 3 B R R RS R BE BT RS L S R A
AR AL 1 8L B X 4% F 8  TT A 2 -1 - B B AR B
BEATENER, B AR — IR A 2 0 2% i R R A A —
AR 2% AN [ AR 55 & 7, SEEDI R R A 2 1 2% [ 73 AT
BB W TR, 45 REWIZHIEE RS
o ARTAERE, AFRRGTIE T RIS T X
AP

4.3 SESIESERERMR

AR5 E 2 5 i 7 SRS P85 Hh 2% B HEAT SRS B
ALHIRAE, PRI 3 R A R — A RE ORI 1) . Chen
S5 N[38IE BT A T LAREMEER /MUY H R, BExF 2 H
JH MEC 3550 T AR S5 8RR T 1 07t VR
i 73 v U S B AR — A sk R LR,
MR 7 — Ak T AR SR R A S5 E BT 5
b — DI IT Y 1) 22 3845 B I 1 55 Fr A B AT
FEE YR TRSREY], ZEIE R mEA
BUORALH, JF BAETE 2 M85 b S A B R .

Chen %5 \[39]7%5 i 3|45 2 diig Y45 1 AAPEAN5E
Feitk, K MEC 155 1 8 k 5 r] U BN — AN AR S 1
ZERA, FEAUE H L BRI T DU MU AR 2
FIREAE SIS By Hbx, $2H T — P8 8) 2 BKEE R
gt it xR i 3 A& AF & 1F 1 28 Bk (Quality
non-Cooperative Game based on Dynamic Game,
QCOG-DG ) Hl # & 9k A& 1E 18 28 & % ( Quality
non-Cooperative Game based on Static Game,
QCOG-SG). A& KW, QCOG-DG kR fEA
7] UE AL MEC 37335 th A7 R0t 4k B g8 -1 o

BEAEGE AT IR AEE B R B RGN AR B
Moo RUHRMEEE N [40] LAs/IMEH] P31 S8 5 S Be#E
H FR R AR DAL % B WX 28 A 85 T 1 Gt B3R R 1AE:
S5 EVIR AR A ), AT S5 VBT R A AT S5 R H bR
TR 5SS EITIRIAS-T R . FEENE H Ax in] g,
PEFIR T — P TR i E8 H ARik % (Selecting
Unloading Objects Algorithm based on Game Theory,
SUO-GA) 5%, % 3 T fmlf FEX —fatr, £ PA
(1 s 2 P52 F A0 5 S AR G P S A Ml 2 2 B A0 R 2 5 1
IR IR B GNP T . SEERXTELER W], SUO-GA Hiks
Xf EERE AR EU R, I S 5 B FE ISR SE 4 3R

[FIRE A T Aol % BRI 28 FR BT AT 55 30 48 1)
B, Yang 25 A\ [41]7EREFEL) 5 TR LI R LU 4E 5
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U E R, RS E R ] By i 2 R g5 A b R
3 IC 1) L5 P P R S SRS ) e A R A i G D
WITRT, FHHks I H FeBdont 10 5 ik 55 w4 1 53 5
IIICTT RBEAT KA EEXTENRRNE [0 R, AR R T
— AR T AR R IR AT 55 ET ARG (Based on
Game Theory Collaborative Offloading Strategy,
GT-COS), F|FH1HEZEI8 1) AR SEILA NE 55 I 4E B
N TR ST S AR SR IR I /M . T8I SEEG A
HAEZW], GT-COS fEAFI T &, AR5 KA T AL T35
EA AP

g bRk, HATER LGt 5 b i 4L S 55 E
BT RIMFEAEWEN RITEE, DR/ MEFETUEN 45
Fr (BIE. REFEERZEWINME) B, T/E%IEH
RAVFGA, WG o) B30, e 2l 17 Jsk
WIIESEA R . ERSCERGE S TR T s
GUESTENET %, AR RS T g 11
A, EXT T KRR 2 ) 2 MEC JIRS54% R4 HIME
55 EN A R, G S B DA 1 R A 55 S 3
RFFGHETF

5 ETREII RIS EAESTHER
TR

E—TAA T ET BRGNS AT S5 E T
X, REBIFEN AR T E (Value-based) 55T
i (Police-based) 5 Ak 2% 2] AC HAR S5 #1807 58 - “58
A TRRAE SR AN, TR fefk s
“ERESHEATAC H, MIE KRR MEC W 48 424 s it
X FH P (1) T3 S S A R s 5 B A P R A T 2 ) A
VIG5 H R I B e ()AL e PR A

51 ETREHMUEI TR

1t Police-based RL [ FH#, Sadiki & A [42] 5L
IRGEZIWNEZ [T IUDN I Suks 97 oSSR S Rs & it
FEEIIE /M, B KB R ZHOR T MEC £
55 A 1) R DA S T BB TE AR A . AR B IR B R ek
B, T st 7R TIRE Q ML M REFER/IME
(Deep Q Network strategy for Cost Minimaization,
DQN-CM) 5 5 kT 3T dim 5 W& DL AL 1) RE A B /MK
( Proximal Police Optimization strategy for Cost
Minimaization, PPO-CM) i, i 45K, =
PR AL TR LS, O BT S f sk o 21 07
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% PPO-CM HH LL T T E 94k 57 2] 77 %€ DQN-CM,
B T i RS 1 5 s 8 ) AR R

[F]F3, Chen %5 A [431 /R AR B F4E 55 AH H.
WA S5 EN A EE BT TR I E LN R RE AR
i), $ T 2 B R AR IR S A o M SRR A S
( Multi-Agent Deep Deterministic Police Gradient,
MADDPG) I3 B 5 Ak, 27 I HE S 1) B e s R B U5 43 TiE
SRS EEEE DA IRAGNZH a5 61F, %
350 USSR« RT3 FN RE AR5 7 T EAT 1 477 FLAR
Who GREW], ZEEE RSN R FE
Z R ReRBENL A I AH LG, R AR - REFE 7 T R 5L
TFHITERE

52 ETHERBEULEITR

ANTR] T2 T SR 1 5 Ak 7 2] 7 38 e R B
224 SR DRI A I SRS SR BN 7 . 11 SRR,
BT E R A 2 07 SR8 4 S — AN AR
IE S NN BT 5¢ 2 B RAS Bk B, @I Rk
T Bl R ST ALk 3 T 2 3 s A A

E Value-based RL IR, Liu 5§ N[44 T 1
FHJE A ML B 1) e B B2 il - A B I REFELI R T
SEPUT S5 E 5 TC AHL QoS Ee itk il @, 7EXIRIE Q
® 4% (Double Deep Q Network, DoubleDQN) [t F
et 7T —MET QoS MIZNELFE KIS (QoS-based
Action Selection Police, QoS-ASP). 1E# 154z i —
Ty B I 55 51 B 1Y) e- 500 BVE X DoubleDQN A B
R AR AT O . H DO A AE B A T A DL
/& Q0S LI REUH U e- 00 O, MAEANH R LR
TG LI, VR SESCERA R AR B ANIE BN —
MES, MEMPEHE, FiZafES5EG TR AN
HREL, MHAT, BN EFIER. RS REKN,
Qo0S-ASP TEW Sk Fl Fr it R 7 L T4 RL 5
DON £k, HAEMH AN QoS TRUEZRILF] 99%.

Gao % AN[451 A5 3 it WA 5 T By et
TR BC SRS E T R, £ — M a-id-w i FElTHE &R
G T —MET Q-Learning M EIE (Q-
Learning based Computation Offloading Function,
QLCORF) Mk, M4 )= i) A FE il S 2 i i — I FH i v
(AT 25 A FE R S e Al o AR 35 1 S v SR S 8 2
BN — R RS, it T MRS
% PR £ (State Loss Function, STLF) Jefiy & H ARk 55 i &,
HETTEESE T —> STLF S MR R, 43 i 0 — 4y

%5 2 A i INERAIL S = AL S D) 2 A0 o S0
Ko LIGLERRI], QLCOF HILATEARFI S FReks
RARGH) STLF, I HAEHAMSIERB XS, B15
F AR, BX T2 H2U5MRS G E T T
FEBIERFW K.

N T RPTCE M IR ) MEC W28 FE REFELI IR T
ST S5 ) B R 5 T AR B /M, Huang
EN[46)3EH T —H 2T DRL HIFELREIEAESE (Deep
Reinforcement  Learning-based Online  Offloading,
DROO). DROO Mid % %Mo 3 vk 56 A1 T HyE 4
Borbeg 2], R SR AR A0 IR) R ) il g S 28 P S ) e A
BRI IC T A, TR TR BhAh, 1R
Bt T — BB U OR 5 S AR A BT 12 A A A R
WENE, R T —Fh B RS R A SR

07 HUSEIAE], DROO {EUESERE. THEE %,
R W O IR T e
53 ZHMEHBEULEITR

L2 {14 DRL B IEHSY, BCO7HIR1T

TGN 2 AR (1)1 25 0 Tang 25 A [47]7%5 FR AN AT 43 1 RN AE
IRTUR AT 55 LA R b 2 Sh 8 sh &SR ank, I/ M
HIKIISA . AT &S EE S AR A T,
EF SN T K4 HdZ (LSTM). DuelingDQN 5
DoubleDQN. LSTM 2L e ik, FH
T8 T 00 215 8] /3 371 o S AN SIS 2 T s, R
F 48 715 SC A s B ()3 2545 5 6 3K P 184k,
T TR R SIS B . DuelingDQN 2038 1 #2204 2% 4
JEEER, FHr R AR B S RS A TIZE, W
JE A RBIMEINE, 45K 3 Fin. iR RE
B, SEAEIEM, BRI R A7 FMT T
SR 3 HI AL T 86.4%-95.4% 11 18.0%-30.1%.

! Input | LSTM | FC | FC | A&V Output
: Layer i Layer :Layer| Layer:Layer: Layer

A

1 IESON] I L acdA |

3 Fl4 LSTM 5 DuelingDQN i) = 2 &AL
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Tan %5 A\[48]4 T ik MEC M4 ()2 F P 3 [
S 2R B R 43 TG 11 ) R S RERE S MK, e T —
FhILTH R4 (Ant Colony System, ACS) 5 DQN
IR A% A% Joint Iterative Algorithm, JIA). £
PRI BRI 55 B T REAE At v S B A T
HAL, b RefEi s it FTE . JA B L
EAE R i R AR A B v B P R SR RN ) 2k
A TEIRE A, ol I B 22w ) #k 5 1R BE BiR Ak 2
SIRFECHINR . TP AT R R 0. @it s
ZEREW, IAEAFRMESHEE T 5SFEH LMWL,
REFE ST 55 52 R 3R I B N TS

TS A TR 25 SBOREHF(E R
WAL E) BN RR S AT A IR I 2, iR
A GRS AT 55 AR . (R T H P BRFAR)
PP T 2™ 8 (1) 22 4 i, 1 B 2% 2] (Federal
Learning, FL) 21%J5 [ LK —Fpfi sk /pi% . Qian 25 A
[49)/E TR LI T AR B B AL 22 A e /MUK ZE, $2 1
T M ET OFL MR R AR S B E
(Privacy-aware Service Placement, PSP). Z& k3T
FL FEE VR A A 78 P A R P B 347 )11 25,
I A v 2B B SRR A I R B 2 36 2 BEUR 2R
5 B Ra R, 5 HABMRAL 7 RAHEL, PSP A A AT
CLORAF FH - Bl T HLmT DLd I % 3l 2 2 i 2 FH
[ R 55 7 2K o

6 bS5 RE

LR, MEC MR85 N RS E B ARG 2 17 521
HIZ M 7 50, H AT R R 5 50k vt R
BAG T — ERE LRI R . ORT, BEE WU RFEER A,
AT L8 A7 At R B S FLHTE T e 34 5 A v U5 56
M EPE AR, Filan. 8L G SR B
fifE PRAT: 55 VP LR F T AN IE S K e . 4
JE. ZIeHE NN SRR U B A S5 R R A
AL F A, SRR A TR G, AR5 1E
TEAEAFAE —E I RBRAKAE; “R3h™ /& MEC AI%E AT,
Hop i R &2 8 ah A fE X Sk A S I # 3)
LA I0 45 0 55 4 IX AT, X AR st ai R 2
% (R AR s A AT S SOl W 7 ZE AR A
N NEE SRR, AR BN 2t R
RE TH 5 U B e i R

ASTHs b S R SR A ok 7 58 P D7 TR 3 ]
AT T o
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6.1 (B EIERFTIARRE /e

1 B — SR DU AT 55 0 48 i) A AN H
B N 52K AR B A A AT 55 B 3 7 R T30 748
BEML. REHE I E AR MR 1t T A 2 A S T
MRCR, ARG EIEOT ZilkE BRI HkR. BT
RIS S MHE R R HRE, ¥ 5FRMHERE
% 58 BORFNBAT 55 I P s 20 A s Ak, B N T Re
AR5 MEC 35S WAF55 E1 R A 25 &, AT LA 0N
XA G SR B WL R O o

BT ATRE S 2] A S AR AT LR &
{E55 SRS I VERE . BLANA R0 A5 TR B v fl
VTS N A R B DL MDP BRI, FlSeE
DON 50y J H itk 59545 Value-based 7712 5 S mg 1k 2
BV T A-TRE K EESS Police-based 5 V23T BRI
it CAREARONEERZR, (BB T T KRN
B, BRI A Re gk 2 udt S Ak .

B4t MDP @R s Ak 2% =) ol i g 2 T 1Y
(model-based) MIfEHRITER, EIARE ML RS LI
W22 SRS MR . AT, £E—&R g
o, B RRARA A AE LU PREE h (RPIRES S BT . T
17 (model-free) ) DRL {155 121 75 S AE 0 XA &
PREEIAT 245 . Min 25 A [50]42 ) 7 —FhFET model-free
PUESEIETT R, HAREEE S AT ot 5 4 om  [A) Y
A A3 e DA S SR S il (R At THE R 275 ik 4% B bR D 2
AL, HETIAEPR A AR RN G DL N BT 55 RS .

TERAEE SRR, AW A T i e RBhE =
) T B R R 25 28 S s B — o P T o M SR o P
HYE[51] 2T Soft Q-Learning 5 AC [ Soft Actor-Critic
RS RAEE . I ATV RIS BE S AT 55 E AR 4G
HIERE, RETE KRR REFE 5 I 2B 55 H Ao LA,
BEE W2 R K, TG IR 55 25 Zui FH P B3R
BT, R EAB A LA EE . YIZZ 3G T
25 ENAR ) AL R AE LS . e, BT 2 R RR AR AL
=) (Multi-Agent Reinforcement Learning, MARL) 51T
K B AR & HIRE IS T A

RS EIEF AL Al MG 7] DA R g R 5 2%
BAS . FEHLI R B ) 2% 4844 R (i St BT 55 1 4 i)
AL, N TR RETT IR AN B HEE s 2 248 v R IS
PERE, MBS SV E UL ER Yy ). (E AN
TR A G RS HTHE N A 2 75 A = B R fr
TE ORI B2 BE T AT 4 T B AR SSHE A 7= A B BA ik
A ) R TME AR
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6.2 AEMESE] B AH AR R T B S (AT 5%, AT 45 P 2 1) AT B 17 1E
B (15 SRR A VD g gt R, JRILRIBERIUES: SIRLs
RTINS 4 T R R, DEPELCIRACAT,  FL €795 RO\ FRASC AR5 R
5 AR (5 1 PR3] (5 Jobint AR i DVTE T (LA 0 S B I 2
LS R SR TOOBUR, H— A AR (Ekigyy 0 CERIRBERRARIAE P, WAV S5
FALBRI . FREGEREE. RO, A ginpl. g 0 AOCRIIES BEERRREE T, Wk 4 FO.

’i)ﬁ?ﬂ*ﬁﬁ%‘ﬂl WEERER | | PR || R S

JLIMECHR

A\ 7 7 1
W/ W, v
%% W\ \Vn \
. W, . W/ . \
. £/ . V) . \
. vV . vy . \
", " ,‘\ \
’\ \ \
[ ,'\ // r"\ \ |\
AHBMECHR AN AR \
%4 ; Ny N W
N
,/ ?\ A ) ) R
4 7 v Al A
’ ’ ’ \
, 1,78 I, \ A
sy 4 ls 1y \
ST

4 FAAERRIB AR BRI 1)

SR, ER T RS I ] 2 I 7 BB SR IL G R ST RS B 28 i Ve # AE AN [F) BE o 1) 7 o Y0 Bl TR) A2 B i
SIERE. ZH BRI, AT RSN XS MEC AR 55 DX SRR 2l i i R 55 AN S )
RIS SR LI Beih A 55 S BSRS A& — Bk FUREAT: 55 BT T I s ) — S B IR Bk, U

BeAh, AVt ERMES FTRERR 25 — ik b BB TEANISEGUR . K 2 ] I A % 5
WSS B AR s, RIA RS RIRAE SR A E UG TR, MERmIMTeER, 2380
AAERARANE . Yan S N[S2)Fpal 8 e AN 28 (SBERE 2 B TI0, ARMReR 2 21500, B n itz i~
S Z [ AR S5 ARA P, BT RS - RICTE S IR AL T EEAE S5 R v s SR Ar E BA R I, A 55 IR
UL B AR SEIS, SR 7 MOR R R BRSO EE R BLUNA HR S AT FC I B A2 P T
VIERIZ M5t BRSO BOR REBONINY AR IEM 5T S M s ik 5578 o DX It 00 1 0 0 B0
B, RSN FR, ESBRERES, A& L REE, e R E. Li % A[B3LARS T & S
HARBRRIMES AL E R RS RGMEREIE  s/MOYERR, W T — RS TR 2 T 00 o 5 0 %
B B, BRI MM B E L R R B/ UIHSRN,  BE I AR R2 2h 28 0 ik 25 1O A L Z Bl i Rk

T BIR Si AR S Bk b . — % 55 £ B 0T 4 % IR By 7 T
o BTE, BRI TBE F A%, M5
6.3 MEC 385 T I BEAL R 314 BRI, $TF T RS R A AR R, (E

1 MEC 31 F, 2k Pl b FEEN LSSk Ty SR S I B RE A PR TR, D) R s B T
‘;é‘q\qj, i‘z*d:%%%ijyrijl\j MEC /fi%ﬁﬂﬁ%ﬂ%Ti%%XEo ?%E%}j% AI jj‘glg’ ﬁ%*?ﬁﬁﬂg*ﬁﬁéﬁﬁu&éﬁﬁ :
LR MBI G S g TIPSO
VO FE RS EIN, P A R R 2 S (R
2 B TE A TR BRI R rh, ik . R 6.4 MEC SRR RIS 24
i AR RS M A MEC SR FHIAE S SRRV T 21 Sl Lo
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IEAESR \ #& b P BEIRAT IR IK AL, O gk 1 2%
N I P s A% 22— A 2= S 7 A PR B R 22 4 1)
A, AHIL GRS a5 AT 7 BRI - 8, A fE i
RErP I A B AT REdE, JFH MEC 39 /5

Rk 55 70 AT AR PRt 45 B T 8 B 5 DRl R 7 R

MEC #IF B BRI TR . D2 IR 45 2% & 4= 5 50
LA, WA RARIE MEC (%2 2V B AL PE K
[HAZAEAS RIS 1 1) #5 B AR -

£ %) MEC (MBS FA S 224 i), Gk SN 5135
W — SRR AR R S E e Re it ARG &, TERLT
— Pl B T S
PC). PC RAELRUEEIE HEAT /0 A ih B 0k A vh ANt g
SHHIES 57 RIREEE ) — RYME BHEOR[54]. BaAATh
HUORIE AL SRR, nIEREARG SRR, XA s%
TR A MEIRR N PE. fd . 85 Bl
Tthitl, — R LR TG SRR E . I
AT BRSO BRoRL A7 B B A 25 S vl

a4, PCHIAMRFBERA T A —IEkk
TEATFAMBRFATHEAR, FERNREZ T HEHE
K H—FEESNTHRMAMAE MR T EER,
BUNBCHS 2] o BbAh, A LAATE AT 88 = A
PEIESRES AT EHOR, HIEAE CPU AR, G —A4>
A5 FIBAT DX AR CR A 5 92 122 4 [l

LA Z T R AR gk B e 55 A [65] T 1982
AL ZHARIBTEGZ ATE AL B S T, ¥
—/MEE IR 2 RS R SE O AT S,
AN T fEAS BRI THE A R, AReRIUHAATE = — 7
R, (RIE TSR, WE 5 FR.

y :.f(xle X2, 7%, X]'l)

55855

5 #ELIIH

BFB2%>] (Federated Learning, FL) A< Jfi & —Fh A
TRREN . FL B B SR TR E AT
BERIYNSR, AL Z A EAR IR [ 2 5RAI 2R FE A
B E AR S R, B JRAE B AN A, 3t
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FaAL1H 5 (Privacy Computing,

B KPR PSR FH P e die B AL 2 38 OR P o E DR B e
AR P OLR SR A TSR A T SR
P, IFH BRSSOk 55 4% R R AE A AT 0
B, HORAEAR. (B FL AU R BIRITERE 5815
Mg, JFHMER. AFRBIETRTRMNIENZS
LTINS

7 B4

B4, LGz vk SR AR S5 A5 A DA R 2
P2 U AL X TR SE  IRRERE S Myt SR A EK,
MEC Mgt 4155 HER M il S vt 5Tk i) < b
BRZ —, R T H— = E R QoS HI ™ A (IR
I} S B REFE S 5 T ) . AR S SRR T MEC [k
AR B AR S5 M BRI AR S KPR
Wike. ZHER, URHAMNH TR S5
NE S5 A B AR T S —— R KA TR
RAFEEwAT . M)E, DOXMSETEENIX
PRAE, A SCRAT 55 1380 78 %) 73 2k + Sk e 4%
GRS ENET R SR T R S AL AR S5 80T &
FERSCHR A e /MU BERE . B/ MBI SE . 275 F8 g
I IEIX = 2R A4k H AR AT 85 5 090, &eJa, AR
457 H A 55 E ST TP A AE IR IR LTI PR B R
JEEARRME T IT 0 575, NSRS g
RS E IR T LA SRR R B 5 2%
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