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FX et ARG , BNER-—RA , RMNNGERHATRRALEXIAG—R , MERNFE
ERLUAMBELNAMNCZHELER , MIRNFLNALER  X-— M TREFETERRNLER+E
EELEE, MG EARKEZRDNGHTENER.

BZ, WEHMNEF—IXRBRIE , BZELDRE ? BN EZEFEHcompositionty 53% |, HELK
MEEBIBAL , BF R, BB, X ETUBsBAESR, RE. EEEE, AEBMCZH
HEMMAMEtzYEHTOR  KRBENY , REPFFRENHSIERTRK , ERITE
HRE, XRNMRBMNBEL—RINE , RNETHITHRIRE , ENTEMOSFN -8 XER
AT UK BRI — RE LR |, BFE — R NOR Mo — P BALLER |, BILEIR,

T LL, TEfew shot learningmTh 2 &il, BATEEFiBZ McompositionBRIRHNIERE , MEPFHRE
TEXEEMER,

Sparsity on evolution

BCENRMN—HERREN S —HEN, IRERNKRE —HESERCNEHES, MREA]
EAMEELENSHNE  EENSHEMEERAR , TUARSEEBTENREEERE, 8-
BRE, EFRNEE, RESANERSHENRTRAR.
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MOt —MEN  MERFEANENEN, IHFERSHN BT AJURRANNBHEE LK
T, Eet, Bt KRR — LA R, MBE\FR.

BB
- R °

ME—BXENE , Bk E&neural architecture search ( NAS ) B KRR , FHRFBHBREEN T
HRBEREN  FERBEAATURR —Tfactoryf RS, Z—FH , B EN AN ENERLH

AT LU B 69 i R 38 Fbuilding block B AETERY B1&., Rk , R ZNASEB A AL 7 T RFBEAE

K RyE &,

BN\ ABReATRERETE

Dense

e

B BUNASHIF HRBEER

IMEAFRR , B BRIRRE B - FTREFIRZS BT 7 8 - (EXFESEEREMEER, 7T L
AR Iy — DARTE B — SRR LER, BE S — P block#R MBI - KN EATEEMEIH H
i, R AR TR BT, IXFENASH R AT LU oy SR B 7 SR IR, T HLEEE A2
NASHI#E RZEHE N (EE BRI EMFERL

MR —WEEMNEN , TURMNESLAURENE  EESHNEREERE, BHEEXT
LR 17894 R 3t B baselines

Sparsity on federated learning
BXFF% 3] ( federated learning ) FFEfFRY BB R :
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Train a deep learning model weights across multiple decentralized devices holding
local data samples without exchanging them.

FNGEES , AR LNEERERN , ARRENRETE , RHXMERIE IR NEKIP
%311.00

X—EBEEE LWERIRBERNEBTFETRIMIFE 2 HH (independent and identically
distributed), th M ¥non-iid, # R 5% LW E SR BEER LNENITTETFEURNEREMNIRKE
RS e E MM BETH.

MREBMNE#H—F |, UERBEINRAE T RAZEREN, BHRZAEKBF2.00
Evolve a deep learning model structure across multiple decentralized devices holding
local data samples without exchanging them.

XENERRD B AT, MBHE TEIFFREKDEI2.0895RK O,
o MERFHFIJ10WHBERY , Ein LEEEBHRIILK
o MEBRHEFEMITEE) , HELEMSX.
o MHENEMNBEREHLRY  NFLAZRSEMEBEENHRELRD,
o MEXHZEI20WAEXRY , BHREEES
o WMEBRME—MEN A8 —NRLIEBEF -—HNER TNEERIBHEERK
A —#H. ERRRBENABZRBRBXNELRSFMERRE T, WRER
EMENE , A AIXTRBEEHRTATREN,
o ANRFBLBBEBN , AMUASEEZEEE MminibatchM RS/ EE. MEKIZF
J10MENBENEAEERANED.

BRIz B T FElow hanging fruits T A, B4, RINBALURIE —TXM AR
MBREARNERLSINGHNER, BRENWYBRIRE —ERE , XHEERRNEE—NEE,

B

ERXEERMNXABTMENARXN TR TATRHAACIKIZESR , F—IMNEEBFEWRNA
M, HHRITE AN HE A ERERE-MEFNER, EHARTEFREINERENBER AW
BZNFEAREE, BR , IATREREEMSEFATEENER. NAGIE M5 H thiFs A LA
MRS ARWAKNER , BESHENHARRERZBH IS HTH.
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