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(THHEREEBATAR WK 211135)
(T RBAEMNE T ERAT R AN 215028)
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¥5 A ANLAR 3 (ML) Y e B Bk & & KB = IR BV 5, 7T i 2 3F

ZHAMLI R (hin KABRANGH KABFI)WNEFR, EENEREMZ2 T HE
PR WH LG, 5, ZRBTHFRZ ARG BMEREE X% oy IR R £ 50
Aty R EA SR S FEAAS B (WAN) L& MEE, % WAN B (R 5 f0 5 5
e, 22 B K EA4, AR Y Cloudless-Training, A 3 AN 77 T 52 3 5 2% By 5
B AR ML W %, 858, BT serverless THE X LI H 5 4] B | 44T B B 2
ERM, XFLZZRBWHEREmERE, LR, eRE—MHERAE K RETH=
TR FHEANERFEEN P T AELMBE NS LER, R, CRET 2 HHRK
W35 7 7 F g BT R R 8 AL T PR (ASGD-GA) M is = £ $UR 4 &
(PS) I A% A -3 (MA) . Cloudless-Training 5 2t T OpenFaaS 52 3 th | 3 4 ¥ £ 7 & 1
= EIF A, 5250 4 R %X W Cloudless-Training ¥ b % 332 & 5 33 0 A A ML 9l 25 09 ¢ R
FRENFERAEKT 9.2% ~24.0% ) FrlE F R E(NERE RS L ELP 1.7 ),

It e PRAIEAR AL B9 4 SR L

FeHhin] B oA AL FE ST (ML) U 4 B = ML Ul % 24 ) A AE 22 serverless

e SAC

5 3k o3 A L5 2% ) (machine learning , ML)
WIZRRGERENS S RMAIN 2, LA K 22 b Sl v 2=
BRI HORC SR A IS U 2k Biln, B> = iy
AT P BT ] BE TGV T 2 R AR I 25 Z RS Ry
YIGREREE (A P AT H A R RIS ) DAk
PR AL BOF Al TR R & ) = v T T
B ECE BEAV R R R TC T A 3 e, X SeAfAe
i 7 A2 X T B R 4 X ML IR, H
i, B RN B2 840 ML 375 i an kA
BERIYNZE 2] L R G = U IR s A

= HEEHY ML I,

SR, 2 30 v 204 ) 55 1 3ol 4 A1 =X ML I 240
Dy, TG, B I B B v A AR B U S 4 R
I H 2 X s B IR ik = A 5 T B i
Bz Z A 5 BN, 2 B 3l 20 U1 2k 0 55 5R)
R HEESHOR, P, EEIRED W2 s XK
(fhn b R R ) I 2R LeNet' ®' 2 S X
B A g ME P 2% (central processing unit, CPU) B %X
AT (HSE A A AR R NS X R B s X
0 25% (g IR R BE R BC , CVR B sk ] 1) A5
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RURIE AR YR 380 (wide area network , WAN)
R GEAR R i BB R B AT
SRR 5 %% ( parameter server, PS) 44" At 5 b i
o3 ML 5P 2 21 PS 9 i 2 1) 5 2 € 1118
15 MR R SR — BObE 3845 T 8 e T 1
F/INFN £85I 2645 FEAE 2= b A o ke
FE SR, TEEIRE /Y 2 D= KB CBEATTE 8
EAFAHF 9 B2 K R 100 Mbps ) b il 18] TE 4b 2 2%
( graphics processing unit, GPU ) JI| 25 ResNet 18"%
WAN b A A5 I [R50 5 8 1 INFIR)AY 98 9% L I

BUA 5 M 3k o A XML I 25 &R G2 64 AR G B
FE BRI T e WAN LRI A0R R 7 5 R IE
BAT Tk AR SR A IR, 7 R SCR A R
b AR RA R R AR SR, SCHR[9 ]
K= WA 2 8] 19 [ 20 AR, 2 8 T — o 9
ML [A] 2555 8 . 32 L [A] 26 9147 (approximate synchro-
nous parallel, ASP) , X [l 5 {5 S B 5 55 21 ) 16 (3
(8, DB F A AP R A DU a5 kB, 3
TR 10 ] R HT 3 10 388 {5 585 A LA K R4 s 46 5
U5 LA ) A8 A £ R e

SRR g i 3 3 A X ML 2 b ) B TR
Fle] 2L 3, AR SCHR HH — TP JE T serverless T4
XA A A ZAHELE . Cloudless-Training , ZHESE A]
SCHRERE MR 3 A 5K ML N 2k I 4 — ol i ) 672
A0 ) A P SR O Rk DA S i b s )1 v £ A
PRI, R4 1 2 s b delAsE 0[] A0 SR LA
AR AR R4

ARSCH FEETTIRE LN LA 4 5

(1) R serverless TTBARXAGH T 2 2103
T PS BEF Y5 I oA 3 ML I GRAESE ] (35 4
ERlEZRibh el R RS B P 2 &<

(2) 33X ] Y 2 B 5 ) S A P R I i 4
AR50 A HEAT R AR, R T — o AT R s = ] 67 2
ST 18 T 5L R O R R

(3) 4R M T 2 P[] 25 S 45 22 DX Il 2 ] A A
RN AE 45 5 706 B2 R AR S 20 BE AL 2 T B
(asynchronous stochastic gradient descent (SGD) with
gradient accumulation, ASGD-GA ) FI %1514 ( model
average , MA ) , P 2 #F 1l 2 35 [ AR WAN 1438 {5 FF

— 220 —

5

(4) ¥4 Cloudless-Training %% 2| HA £ X 3 1Y
NF = IR T IEAS , 45 R B nT LA A0
/D5 M3 53 A5 28 ML YR INZRTT A5 (B an , Ikl
AR T 9.2% ~24.0% ) AL [a] A6 550% (i,
YIGRE B e 22 L IR LR 1.7 %), IFOR TR AR R v 7y
P,

ASCHAGERGIT o 55 1 1A o oA
2 ML I ZR Y PR H 455 %8 2 19 B A Cloudless-
Training E‘J%éﬁlﬁﬁ',% 3 *ﬁfﬁﬁﬁ/ﬁ\if%ﬁiﬁ,% 4
S I IE Cloudless-Training B4 R0 ; 85 5 45 &
ghae,

1 & %

1.1 Biug o7 ML illZ

AEXS TR ML B 37 5% AR 2208 2% ML i H]
Y R SR R G T 28 20K, XN & =
PERE R P 1 20N 25 i) 35 b 3 53 7 =X ML 3
SRR RHE S, ARSCHEZE T 2 AN FEAREDLR

(1) ZoR 1 RERBILEANZ T2 =R,
I 5 AR RS B /N R 3 K B 2 P i
BT R AT e TG 1 0l 2 K BRI R i T R
K, AT HE artificial intelligence , AT) J3 FHAS B 22
SR R 0 AT A S BEUR P n Nvidia JF
KW Megatron LM R ELA 83 {24~Z4k, T 1E 512
A~ Nvidia Tesla V100 b Xt 174 GB K /N iFE kY
SRS /INBIRE 1) 2 B v O A IS RE G A2 K
BAVN AT B IRT K . PRt AlRE I ZRAT 55 40
SPEIEZ N b USRI E 20 = 58 85 1l A
K ML YIZRIE & 5 T X FpEAR, o T X Feih %
= RA T Y AP SRR A4

(2) BOR 2. MM A2 K= b i B it
I, % EFIREIR 5 Ik 55 5T & ( quality of serv-
ice, QoS) ARZ N 4341 T 24> = XA | LUE
SR AR 2w T o P Bl (Ban, P AT
H s EGORTAILAS ) AT DLAE th 525 DA e ) 6
FEA AR AT S SRR X TR AT IR 55 1R
AP HIE R T A B O A — R T 5 TR K
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IR, W WAN | BT 58 1 e A A5 5, DL 2
RS B RS B AL, PR B b 3 4 A = ML I
G 2 s MBI

R R R R L R A R AR B b B A 2K
ML YIZEHE B+ 43 A YINZEHERR NI 1 FF R, [H)
i IZHESR LR AT v R bk, DAfE o — 25 A
S5 SERE, ArAE ML I B AT I 2t
FEE R IR AT LR IR AT R K IR AT
I TAELTERT PS 4247 BB AT 25 &1
XFEET PS ey s Uy A 2 ML 2k, AR E A
5RO G I TR Z Mg B R TAERCRIE L

WMz X1

worker ]

v S
]LAN @ @ LAN

WAN

AR, ATAEIAN serverless 715 B AT DL
VNAAESR R, JF H L A Sl P e I ARRLEE 2 o
By BT IR A I O A BT S A b R E AR R
Serverless 118 HE 42 411 Kubeless™" . OpenWhiska .
OpenFaas' > Fil Lambda' ' | I8R5 Rz tr, 7l
SEBLEPETHI WG] T VR 2 0 T 3 R T LS
B ZWFFEH T serverless Sk 32 15 7041 30 ML Il 2k 1Y
SR, A Cirrus'™ Al LambdaML™* . 53 4 AR 3¢
WL ) 07 AN Y- 087 LA K3 {5 0T e i s s o A
3 ML IR ROE A PR R

Nz 2
PS4

.

[ worker ] [ WorkerJ GRS
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ANV 2 e SRR PR B

Z XIS 45 R IR 55 1)
BRI IC )T 58 30 W AL T 22 00 1 Y SOMLI A9 (2,
SRR ) o 22 DXz BRI P B IR AY S g P
HE 3 AT AT 2 P, S BOHE LA 2158 24 1 B IR 53
LG E SR8 =9 Wik S S IR A RS TE iR Y]
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2 EBNZHEENEKMEX,E4 EARHPREER
SEAREMAHSHIE D HHIE R T4 LeNet By
B i8] Bk 51

A7 2R 5 AT PR BT IR A9 2 AR 1) A8 1k, B
ORI , Y2 B 58 4 i 0 38 K 2 XS — 7
PE , BB/ & X — Ty TR R A AL Y
IR A e g = KA NI = & N AL At g
THFE, XRIB R T = Z 2408 A — 2
P SRR ISR, T A A e i B ™
T I a5 28, AdamLike ) FEHA B B S ™
BELAS T AR S

SRR S 1 Ml B 43 A X ML 1T 5 1 9 5 R R
TP, 75 A 2 Z (R AR 67 3, DM A% = v
AR I G 52 B0 S TR 4 A ARG, (H AR 9 — i
B W 2 2 2Z )R T RIS G5 L R e o3 A1 245
RG-S, W SCHR(9 ] . N sh S Ry &
ANYNZRAT: 55 U JE 071 0350 4655 1) ] B | A SO i g A 7Y
RS AR B IR Y S 4 RSN 9 53 A | o 67 8 R 00
TR . JIoh it IR AR, AR S &
KR serverless A2, SR LR 1Y 7 243 il 5 Il
worker Z3 PR, Y/ S5 A5 et BA TR BRI
1.3 Bk 2.8 WAN EHIR S T84

TEMS M4 A5 = ML I Z5rh 78 WAN | R
il S5 5 Candh BE B E B S H0) MO B L AR
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Jay 3 M (Tocal area network , LAN) I K452 | 1 H.IA]
AR SRR (DN S S AR o 72 ) | PR
[l FF A 20

WAN Ery[aI2EI8S, 78 ML YIZR, worker 5
BENS PS 8 H A worker 315, DUAR A I — 3
P, B oA 28 ML U250l i WAN 47 2= (1]
AR, T WAN 38 5 H g3 L 80E Mbps (F1A0AFH
i 100 Mbps ) 7T 58, 25 N LAN B4 9 fe 70
15 20 £52* O RS8N 1 YN 2 Hp 38 £ E 8 L A3
WE 3 s, TE R 0 8 R A LU X Y125 Res-
Net 18 (#i#1F /)N 48 MB) , F| CPU F1 GPU Hf z [l
T AF I ] 43591 7 B ZRE [R] Y 64. 9% F11 98. 4% ,iX
AROORGE T YN it B2, 30 45 1 i i T 0 2 I 4035
HAR

Z [ I ]

SO i i il [ TS (1)

GPU+ I

0 1 2 4 5

3
Ff 1Al /s
B3 EBN=MLEEERK?2 MR ER CPU 5 GPU

#3511l 2 ResNet 18 4R i8] £k 451

FEAT WAN 9 [ 25 0T 8 AT LAAS 21 8 45 4 DI 2%
R UL AR TT 8 7EXTIE ] ML IR R 5E 0 [+
AAACIIE AT IETERT W A5 EAT 2 M Wi [R) A2
B AN (U DGC (deep gradient compression) ™" |
top-K ™) FRAR T A5 (1 4 4 (et Jog SRR AT A
PR BB EE AR b TR HE S O AN S D
)25, e 3k [R5 B E P A A T[] 20 A 5 R R
By mg i, worker 35 2 JE L L5 14T worker £h
FTRBDP HEAE AT R UGE I8 . Gaia™)
SR IR AR ] 20 A3 1 5 00 8 A 0T 4, oA Y
VL RAR] A F£47 (approximate synchronous parallel , ASP)
SR, B E 2 HCER A E R T R (R, DA R A
HE DR, SR A0 ) S BB T RERIR
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FEPESZ MRS, DR sk 25 5500 o 2 e o) (e A
K . AT LB 1 IRk 55 T2 s ( Cloud-
less Training 19 serverless 2244 ) ()3 {5 F-HE AL 5 55
—ITTRERH T 2 ol SR AR ) 20 W3R 04 e T 46
R 5L SGD Hs 2 PS [A] AR L4

2 Cloudless-Training % 1t

2.1 HEZRMRA

Cloudless-Training & fit T 5T PS Z244 1Y 15 1
A ML R REARALE BRI GE— 2 4
M E BT A Z 5 IR = I 2 2 2,
M2 SN ZR AT IR AL, I 4 Frzs . XS T
5 1) 5 W 358 70 A7 20 ML JIIZRHEZE | Cloudless-Train-
ing JEFET serverless THA M A a1, YNl 2k TAE IR
HI—ZH = PR A, HEZR Y42 260 SR LI
IAL 55 I ST = X2 R A E AR Sk, % = X
o3 X AT LIF AT AT, I AT 3R BRR] A 2 DX
PScommunicator zx PRAX 1) 4 Jay i {5 Huhk . 45 27T
TRETEAL R o DX b, P a2 42 58I 2R AT
% ARSI BCE AR E SCHIINZRIECE . Y 2Rk
1TIZJEH serverless YIIZE TAER AL R 2R X, 7K
PHRFENGE S, FE Do XK, Y%k
A3 X AT HATAE 55, I 2R T AR 5 communica-
tor DIRENR S HoAM = P i 3 DXGE AR, LASE IR 42 )
BRI

WGk AR U B0 B 8 S Rp ., AR T AR Al Y
serverless Y2 TAER ) A SCEBAET 2 MY
JR LA ST HR 5 M sk i 43 A =X ML I 25, 8k, ZE
JZHAf A E = BRECFI 22 JR) communicator -4k 2 bR
B SRS mUME AR BT 5508 3h B Bowk
fil i s Hok 97 i PS = BRI T E LA SCFRE WAN
LR, &8 PS = BRET i d communicator IfE
7E WAN 258 505 BIF 5 HAb = XM PS &
PRI T AR

HEZE [ I 25 TAE R LA serverless #3012 17,
MYNZRAER BRI 8B 2 R BT i B2 5w,
NG XA BN ZR BT IR BT 58, e 4% =
W serverless VIR TAEW . ZJ54)5 communicator



i%iﬂ?%;Cloudless—Training:%ﬂ: serverless [ & R0 #3570 A 2 ML I ZRHELR

FhE = RECER S = PS w25, OF b B
A~ PS = PR EL Y communicator 43 B0 3 15 # bk | 5 H
serverless BH BT E] WAN 11 <1P, Port >
EPAT L LG TAEZ G e 4R X
Sl B AR I 2 RS, AT AS IR AT 55, G4
INZAS M GREHE R0 B S A A R 2
IR B[R ARSI (AN, B 10 DER) ,PS = eREL

Cloudless-Training 7% ffil] |2

BEUE R B

7l 5 B

> [ communicator]

[ I 7 H ] Hhik 7 86 2

Y communicator 4 A% Hi AR LR A5 ( Tofs i il AR 2
BO RIRG 7 — DB X PS ZeR%, 2 PS = bR
BB BBORDIR S5, 23 I HOR SRS H A
RIZHL A #2558 U (10, S UI1ZR48 UK (ep-
och ) BB B (loss ) 3K B (BT ) |, Ay a2 BRI
#&, 223 BRI I A = P i worker BRER

serverless Gateway

g
/ | Ik TAERDAG H

WAN-F-h: |

Wz IX

mE |

— YIRSy X PR
| serverless BT ‘ )
1 12#%, 24 GB IP1:Portl
VR HORE& TS5 2 81%, 16 GB IP2:Port2

Cloudless-Training | 2347 )2

; s O

1
’
]
1
1
’
I
]
]
1
1
4
I

NEBFX Wz X

Kt oAt

TSR

‘\\J serverless 1&4THY ‘

4 Cloudless-Training % %t 2244 &

PHEEALH . HEZRA IR BE AL BE S A b0 3 0R
TR, 36 T BRI B 2 R AU S BORY R 2
TREME , ARSCHEH T st A R SR Ok S 2= [ 671
BV AT SR IC , BAR D BRI 2.2 TR 4
TR M ARSI BT Bl E 1 ) 2 B IR A S
PEFNECHE 735 1015 00, ) B 3R BT o 8 £ 2
RE T, SR AR iR A ] R Ak 2 B 2 1) 9% D0 T
IE

[l SR, FEMES 0 ML I Zkrf | PS = sR L
U B EDIRZS BT LA PS AEHAH serverless
BATHTARA — Ak, DUE A H worker == BRIELTR]
X WAN 1815, 4 J7) communicator -Hk z PR 7 2
KT WAN J 5 (1 PScommunicator 43t M —
PRiF, AN, BB T 2 il [E] 2D SR B TR B R AR
({522 SGD MBS 2 PS [A] ({45 BY - 4 5w, vl LA7E
PRAEIZRIERA PR A 15 B0 T 8020 2 ) B ] 20 43 46 5
WFETE 2.3 A4

2.2 HMEERER

SV SR 32 AN [ 1 4 B B 1 B 1) 2 1
KB R TARR R R, DU i G s
SR B IS TR) VA, R IR R & = AR

JH BETR SR T B L, IR BB WAN | [6] 25
AR AT 03X B ) a] 4 00 oy A = o 3 A N
(T o) o TEIX BN A] A, &30 220 DX 2 58 S AR A
g (T, ) ASHINGE (T, , BT RS 5
= PR DA R HA N 5 o3 DX 58 iR SEREINFTD ) o |
TN R AR RN A S B = 5
U, e LSRRI 8] 23 3 AN B BEIRIHAE . BT
MXRRFTAEIRA T, = T + T » AT SCHIT
B ERZEW T, 2Bk R EON G A
— 3, AT BTG 1 DR AR T A 2l S5 SRR [ 34 ] AN
WGR gl J RGP, T i T, B9 FEZEER
G3 BRI T I APIRE

T IGAPIRAS PRI AR 4 = B¢ U5 0 T 5 8580
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T 50 UL Lk S 0 X s A — SRR A (L
5 CPU M GPU) KM R T BT TR AR (5 5 (] 4n
CPU #1 CUDA WyH5 B F1 TFLOPS) Ll b H It
BLRE T, JEMEE B AT SE BRI 25 b 9 1 A (91 G E
BRI ] CIFAR-107 i)l 5 ResNet 18
A BRI IR ), S5 SR 1 B  AZerss ol 2,

—IMNGRIEARI ] T, (IN H AL bR ) 53 i
TRBET P,y (TN S EALSERR) BULE, XN T,
SRAEHETRIN S, BUE L, Il AR BB AT =%

AT

evice

> > S(uta —/ N >
BIRERN T = 5 L TR BRI P,

device

FETEAT6 TFLOPS {8 (TN ) e E A TR i T4

®1 ZRBENINGEEEN

CPU/GPU % TFLOPS/TN EARIHAE] (s)/IN  IN/TN HH)
Intel Xeon IceLake (baseline) 2 0.096/1. 000 3.697/1.000 1.000
Intel Xeon Cascade Lake 2 0.090/0. 938 5.549/0. 666 0.710
Intel Xeon Skylake 2 0.112/1.167 3.800/0.973 0.834
Nvidia T4 2 560 5.554/57.854 0.062/59. 629 1.031
Nvidia V100 5120 13.345/139.010 0.024/154.042 1.108

FT LRIRE, T RLE o KO i (b
D= X3 B9 I 25 17 8 fg 77 (load power, LP) , B ]
TR 2= DXl 1 FH AR 2 9 D Ak B R o 1 4 e
AR b e fb R IR AT A% (14N, CPU L GPU) 1)
RGN AN S N N N = 7]
K (1) PR,

> Ny P+ Y NP,
= S
(1)
L, MR N R AT 4B CPU Fi GPU (28 A
e, TR BB N, ARREE m A CPU
HIECE ; P, /R m PSR CPU BYIH5 RE
N, TRFH n 2RI GPU W% P, 37555 n Fb
RN GPU WYTHERE ST 5 S, RANBARHE R RN,
AT T 1A 45 P TE IR 3 B 7 28 S IR AR X 1
R, BB R LR — D EH B R,
PP B . ARSCRER Y T — i 8 B A
PR A = B YN 2R 58054 L 7 58, Dh3RTS 11
VA ) SRR B B 1 R . SRR O EE
RURXT A = X A gk Be J1 B (LP,) , 3
IR B X AT RE I SR B B 1R A LA
FH AR IS XS At 5 71 55245 09 05 2 [ 4%
2 DX A] B IO T A 5 et A A DL E 1Y 52 B
Jr s 1) B IR AL (search  optimal — plan()) ,
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HiE1 EARICESA
A
N:Z 5UIZAY 2= X IR A%
Res[ N : 45 2= (] FT 92 U5
S [ N7 : 452 BB S S04 K/
Fi
ResPlan[ N : % = (W IR Be 7 58

LP[N] = [} /I ERne 11503 Vs i h o 513
MinLP =+ oo //FIIR{ENTEE R
ResPlan[ N1 = || //WIGH{E = 5)3R
for i, resin Res[ N] do

I (1) B = X8 18 R
LP[i]

BN F /N AL MinLP: min (MinLP,
LPi])
end for
for i, resin Res[ N] do

THEE 5 e N 0 B A R DE 1 % D 43 i

J7% ResPlan[ i] ;search _optimal _ plan(res)

O 0 N N LK B WD =

[ I e e e e e
S O 0 NN N N R WD = O

end for
return ResPlan| N

\S}
—

2.3 ESHHK

Cloudless-Training 52 F WAN i# {5 F-4ik, i)l 2k
TAEG At WAN b iy il [5] 25 L) Jf$2 43k 2 Fh
[F] 25 S, BV T 3 BB 5722 SGD (ASGD-GA)
HEE 2z PS [8] YRR 240735 (MA ) o 31X 2 Fh g
TN A SORS B2 155 0 AR ) 20 4 %%



B SCHE4E L Cloudless- Training : 3£ T serverless 1% = 5005 Hidm 4347 20 ML )11 ZRHEZR

T IS8 A5 i, ) S A s B AR R S
ST R BRI F A SCD N4y KL T 45
PRI SRS, S AR DAL ) A rp i R [l 2 AT Y O
BRI T BB RE RARLARRAR A B A% T MA S — b i
) A R SN T5 5

1E WAN _ERYFERZEHLS] Y, 25 50 PS = ks
JEV AU ] A6 A AR 25 , EANTH communicator H. 2N
A ) R385 AR, R B AN R ¢ (1) worker
Z PR Local PS Z5 pRL P 7 HUECHT S RS 4, 3
BEREE | RS BEHEIL B Local PS == PR%L; (2) Local
PS 5 R B BB LR , BB ; (3) Local PS =
PRACHIWR A 285 2 R 20, AR AN A7 EA R R AN
SEI; (4) ARG 2L RIS [A) A5 SR PR A T 2 T 16 R
BUR 5 2L SGD 50 MA [ 255K Ws 5 (5) Local PS =
PRELHY communicator AR 4% [F] 25 S W H 7] 2245 B,
BTN PS bR B (6) 20T PS = b %&*ETE
[Fi 2 S s SR AR A 240

FT B BRUR S SGD A MA 2 Fl R mg iy =]
AR R 2D S Rk B AR (BB R U T S

o) JEEH A X Z R [E P a2 ) |
BB 12 (SGD USRI 2) #8AT BT Al

BT BRI SA SGD e mk L i T b
f%ﬂﬂﬂ‘%m e s Fis, HlR S ERE LR
() 2L A3 A AR B | Yk 3 [ RS I, R R AR i SRR
BB s ARAGR BN [ IRES , = W AR UGB 2%
PERPURAY . ol (R AR 5220 09, A 1 Jo 5 B 28
IR LISERF R A, 4005 PS R I 3 [+)
AR SCD FEHURIR A S

Inter-PS FASE-H(MA) 5mg 754312 ML |
GRAGEH BRI B0 [ A5 Sl i
/b worker Z [A] A I8 {5 AR, AS SCH FHZ AL ok F
IR LB PS Z [A] A 43 4, 24 38 3] [W] 20 ARSI
KIETT PS 5 BREL Y communicator sender 23 & 1% 5
RIS FTT PS 5 PREX communicator receiver 42
WK AT H, MA R R R S R e b
FIR)AE 2 Fhid AR, ) 20 0 3 A5 45 X T ) 20 Bt ey
HLARRSCEL, W 6 Fs

z ﬁ. |§<‘ 1 A % R 2
v e 1
s : ! - !
communicator 1 | communicator | }
|
£ P B
ZI|[F)
S 4
2 ! ]
1
% i :
<A i !
I 7E . !
' '
_____ communicator ! communicator 1
A sender N i E
: !
* |
1
1

1
1
1
1
1
: communicator
1 e N
- 15 - = S
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____________________

=X 2

Barrier?
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1 communicator i
'

H
! H 1
! H i
! 1 i
! H i
! 1 i
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: : H
\ 25k ommunicator | | !
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MA B % R HIE iR 12

— 225 —



EEAMEIN 2024 4E3 H 534 % 3

3 52 3

Cloudless-Training /&4 T serverless JEAili 155 AE
28 OpenFaaS SCIHY . FARSE 53 PR SY , — R0 a
OpenFaaS 5 = WIREEHIMLIT % , 55— 53 N2k T
VET IS = IRETF
B OpenFaaS ME T TF &, A SCHCT 3 Jr T
MY, B, 76 OpenFaaS "GN TAE TR AL A 5
SR, SRR TR A 19 8 FR B (directed acyclic
graph, DAG) I 2& S, LASZHF serverless T AE it 1Y &5
BRIV, HIWR, ¥ ® OpenFaaS Y gateway ZH 14 LA
SR TARRAM TARER AN = B, &5, 3
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Abstract

Geo-distributed machine learning (ML) training can benefit many emerging ML scenarios (e. g. , large model
training, federated learning) with multi-regional cloud resources and wide area network. However, its efficiency is
limited due to two challenges. First, efficient elastic scheduling of multi-regional cloud resources is usually miss-
ing, affecting resource utilization and performance of training. Second, training communication on wide area net-
work (WAN) is still the main overhead, easily subjected to low bandwidth and high fluctuations of WAN. In this
paper, a framework Cloudless-Training is proposed to realize efficient geo-distributed ML training in 3 aspects.
First, it uses a two-layer architecture with control and physical training planes to support elastic scheduling and
communication for multi-regional clouds in a serverless manner. Second, it provides an elastic scheduling strategy
that can deploy training workflows adaptively according to the heterogeneity of available cloud resources and distri-
bution of pre-existing training datasets. Third, it provides two new synchronization strategies for training partitions
among clouds, including asynchronous stochastic gradient descent with gradient accumulation ( ASGD-GA) and in-
ter-parameter server ( PS) model averaging (MA). It is implemented with OpenFaaS and evaluated on Tencent
Cloud. Experimental results show that Cloudless-Training can support general ML training in a geo-distributed way,
and greatly improve resource utilization (e.g. , 9.2% —24.0% training cost reduction) and synchronization effi-
ciency (e.g., 1.7 times speedup of training over baseline at most) with model correctness guarantees.

Key words: geo-distributed machine learning (ML) training, cross cloud ML training, distributed training

framework , serverless, cross cloud model synchronization
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