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Abstract  Artificial intelligence employs a variety of optimization techniques to learn key features
or knowledge from massive samples to improve the quality of solutions, which puts forward higher
requirements for training methods. However, traditional single-machine training cannot meet the
requirements of storage and computing performance, especially since the size of datasets and models
continue to increase in recent years. Therefore, a distributed training system with the cooperation
of multiple computing nodes has become one of the hot topics in computation-intensive and storage-
intensive applications such as deep learning. Firstly, this survey introduces the main challenges
(e. g. , dataset/model size, computing performance, storage capacity, system stability, and privacy
protection) of single-machine training. Secondly, three key problems including partition,
communication, and aggregation are proposed. To address these problems, a general framework
of a distributed training system including four components (e. g. . partition component, commu-
nication component, optimization component, aggregation component) is summarized. This paper
pays attention to the core technologies in each component and reviews the existing representative
research progress. Furthermore, this survey focuses on the parallel stochastic gradient descent

algorithm and its variants, and categorizes them into the branches of centralized and decentralized
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architecture respectively. In each branch, a line of synchronous and asynchronous optimization

algorithms has been revisited. Furthermore, it introduces three representative applications which

consist of heterogeneous environment training, federated learning, and large model training in

distributed systems. Finally, the following two future research directions are proposed. For one

thing., an efficient distributed second-order optimization algorithm will be designed, and for

another, a theoretical analysis method in federated learning will be explored.
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distributed training system; decentralized algorithms; centralized algorithms; (a) synchro-

nous algorithms; parallel stochastic gradient descent; convergence rate
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U 32 LRSI OB AR O 1 HO RS HE T He g 1 32 A%
AR f . 4 50k AR RE 8 B sl R i (H e
138 5 23 5 RS RURE BE I 8 9% O 17 Ak DRORS J3E 404 2k
Al SCRRLS 1 BT 1 — M A 58 22 B3t 19 1 45 53

¥+ JRT B8 AR AV T 4 3005 0 RS BE Y S R G A L B
GEF A T R AR LG S B AR BOR 5 A 5 A 2
£ 3 T 1-bit Adam™* | 1-bit LAMBP* DL & 0/1
Adam" " 5P, 1-bit Adam B9k AL 45 4 & B B A
48 B B AE A Borb AR UG B0E 1Y 2% A UCEER
1105 0s Adam B0, H B 22 00l T RUE. 1R
A W B » DR A5 J7 22 OUAS 28 3 XoF 3y i IS5 e A R
Fei it 1) T 4 A o DT A0 A5 B )1 5. 1-bit LAMB
SR W) 2 A s 4 i Be ol i 48 I 24 1) AN [) J2 18 A [
272 3. 0/1 Adam FE¥ETE 1-bit Adam 55 % HE 28
Z b MR s Ty 22 2 A e e Rk 1-bit All-Reduce #
YE8l All-Reduce #1E.

T 5 3 P 25 ) 2 AR 1 2 0 S e A X A
. 5 2 RN R R R b R S B
B DA ] A7 28 2 5O 2 1A S S50 /b W
it A H 26 S AT B R/ AN TR 9 S RGO Hk R
TESRGIEAT AL B o DT 3R A 135 19 () N R RS B
=77 240 5 Random-£% | Sparse Gradient™™”
45, Random-% SIEBEHLIERE — 1> o e &y £ 4
TR X L DTREN L HR d—EPNITTREN
0. PRI .45 (4 TS A Pk F 46 )5 19 1) o 575 3 DL — A~
Y485 F d/k. 7£ Sparse Gradient H1, & 1187 & ¢
Wt wi= w1 +eg, (0. g, RN R @ (YR HRAR )
He g R AR BE  RITBB EE T3 T7 N o) = P +ud
Horp,p >0 HASME o ha ) MoK olj]<<—0
B o[ 1>000 Fm—DH P E SCHBIED S ol 14
WOl fE. A, SCHRES8 JHF Random-k 55 2 Ff i i
A7 VE L T b B AE B I 4, R 4R T T
v AT 1 ML AR A 20 R T A8 R o A Bk

IR AR 43 i B 7E 4R R 2 U0 B i IRk 45 4 L Jd
o % S I 43 i T VR R D AR DR RS U B 4 i
S 22 AN R A58 /0N 1 R I o B A R v S B
2 S 1) o R IS B /N BRI L A% e 5 2 )R P BT
PRAZ Ry DG R B n, — AR A€ RYTURT DL fig
NPHAMERR 4 A ER A, € R TRAL H
Fi, r<<min{m.,/}.

(B T 0 2 R A Ak TR 48 L A i Ak s 4 DA K&
Rk o0 A 55 T 1 BRAR AT DL R AIGE 15 B (R 2t £ 5
A ) PR 45 5 A R 4 ) E 5. DR L 7R S BRI
P S B 3R R 4 O 2 51 N R A A S 4 5 AGE
{5 B R W AR o DABE AR A5 B 4 1 P BE.
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el E s v e R G iRy N E R (S T B
WAF. B FEIN Gk — DM 22 28T 55 b AT i 2
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77 30 R A S 9 28 3 F 2R M ke S T 45 7 5
— e = oA I Sk A G 000 £ 0 D R S 45 A%
TR R Y 3 42 7 20 20 ) A 4 A B A 1 A
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<

N]
N 4
P A T A2

GRS

~9- ]
(_’ ﬁ&%%%*ﬁ,ﬁjv

S

AT

!

TR A || T 3

E.n,<_> JN|

L |3

PR M. Y ERAG Fh E B 4G Fat-Tree il BCube ™
SEFE NI Z R0 . SCRRT60 T BI 8 FI 52 1B 1) £ 5
TS T R B AR EA P o A 8 R G 2t g Y
. 32 ML O A SR A 2 bt AR 4R Cn
5 ). AR U E 43 A I 25 R G 2 R A6 D

Ea VA )

§ /3

AR || A A 5T 2

R

)

ARGV

L —

T 3

T A4

(a) BHURSS A
&l 5

(D) e A 2. b A 280 19 23 A I 25 &
G2 HA — L B RO A AT R 4
. LA S 2 S 40IR 45 4% (Parameter Server, PS)
BRAREO0T0) HE SRR S5 5 SRR P A A R A T
A 5 (Worker) Fl iR %5 28 45 45 (Server). 158 &
FEA T T ARAE O T H R 38 B A A 58 liA
I ZRAT: 55 s @ Jl % 7 i 4% 1 5 055 4 15 AT
AR . BIMIR 55 795 A T SRR 1Y 42 JR A S
R B 50 5 &6 S50 b AL B R 55 281 s b, iR 55
a1 RUAE S HUIR 55 2 SR 00 %O B A S B 5E A
TEAE O EMOFRE &R JUR R 1 R R
JE BRI ZBEE B @ BT 2 R BRI 2 BT IR o] 2
FATERAT AL, I3 Ah 5 EE A A S HUIR 55 4% 2R
AT AR 55 0 U2 IR 2 4 FoR AT =
PR G . H 5 2L AR R R AR A IR 55 4 5 R
S RO ) TR s Z AT .

5Ca) Ry S HR S5 2 2R A0 7R IR LA 4 St
AWRAMIAZERS BT &£ AT RES
B 55 759 0L 1w 32 2 7 Sk s B AL 36 77 1h). AR
T T U B O T B AR R, & A
TR R R 5% 1 AR At 1Y 2 B0k T o e )
GAT 55 BRI S & AT Ul DL AR
SR 55 W AT AR« — 2 T #(PULL) #24E , I
TR ROIRSS & 10 sl b IR/ 2 8 — 2 b Ag
(PUSH) #2405 B3 5579 1] e 55 4% 15 a5 26 A b
SR R AR T U] A SCE S B o A I R 5
S DVEHE IR AT BRI AT 1. AR5 . LA SCRRL61 10 4]

(b) All-Reduce&f4
A3 25k 7 403 15 96 Fh

(¢) GossipZ#y

AT T S80I 55 5 200 1Y) O B i 2 BN ) £
IR T o L

SCHRL61 &M 1 —F 3 T 2 B0 e 55 e 2244 19 43
A UNRAELE il 7 3H 5305 ORI 55 4% 739 sl 1 L
PEWAR. TH 5 8 5 MR 55 & 0 S AR W AW &
LoadData() WorkerlIterate O Ll } Serverltearte()
PR (AN & 6 (b) fiT 7). Load Data () BRS¢ MR TR
SUPERAE AR L 2 T RO St A EICHE 5 Hh BE DL B
1 — EFCH A BUFE A F 45 WorkerIterate () B
B T AT AR RE AR DL R B S IR 55 g
5 5 (8] ) 38 A5 . Serverltearte () bR KU S5E W IR 45 #8719
SO PRA T R R ERNRE P2 RS
BT TR 4R

THE AW TAE AR CnE 6 () frms) EE A
FEUT =488

AR L. KR B A AR PR, L R A T 4%
PR WIRAT A58 2. 45 0] L 0 PR 45

IR 2. AT LoadData () bR 5035 BURE HLEE 4
I UREA AR

HUR 3. BT WorkerIterate O FRE G5
BEBLAE AR 2 T 3815 S0R Jmy B8 06 2 A5 L A%
2R 55 A R B JE IF VIR 55 1 S B moR 1 4
SRS

R 55 g 1 AR AR AR CAn &l 6 (o) Frs) L 46
TEIREAINAT Serverlterate () b EL . 5 WOIF R & Fir
AR R IE R W SR TS B SEAE R 58 A SRy
LNOE S G
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LoadData(t)

TR R LR AR A T4 ‘

‘ FAT Serverlterate(t) ‘

WorkerlIterate(t)

G

AT LoadData(t)

AS
l (=]

AT WorkerIterate(t)

)

LA R T REA TS

3. S5 457 A T RS AL

‘ Serverlterate(t) ‘

L OF TR AT ST RUACOR I

T 5
v 2. H RS
(a) TS FUTAEGRE (b) ZAKEERREL (0) MRS & R AR

Bl 6 Z BN 55 f AR AR AR

WS —J7 I PO AN 2 R G2 BAT B
AR EEAR B IR R B RS K B TR AL
BEAh s DA R AL 18 23 A SN 25 2R B8 S5 4% i S 20
RIS CF —/N A gD, 55— Jr i o4 m
I 2 72 50 10 6 290 32 (R A AR 55 45 1 st 1 3 15 4 2
(R R 3 2 R Ry & AN TR R 5 IR 55 AR T R AT
WAE KRR 2 i 2 5038 (5 7 98 5 B
FE. BT, O 2R i o0 A XU G RGER) 2 B ]
T &4, A Parameter Server™)  Petuum " |
DistBelief*®" \DMTK/Multiverso**’ . GeePS** | Spark-
Net'*)  Project Adam ) ) }z Poesidon® 2,

(2) B DAL, S 1 G2l b O AR 2R A 1Y T8
fE I ZE L A FE N 4R T 25 i AR 2R T Bt i
N4 H 2y (All-Reduce) F Gossip 28 & 2438 {5 HL .
All-Reduce HLH Dy 7 8 A5 0 2 400 — Bodk , 25K
BRSSP A S AT A I D
4% 1 7 2OR A M AR B AR ik g e Y AL &t
ST A B3R 07 AR T S5 B AT S
W4 R E B R . 5 All-Reduce #L#| A [F], Gossip
B A &S TE Y S AR FE Y AT A
HE 4R T A5 RO, T A A B R PR e i
fa Bl

All-Reduce HL#. 2 48 N 3+ 5 9 00 5d i 4 M
25 (All-Reduce) #/E S B AF B 28 ¥, R 1T 55
FAETCH L IR S5 55 JUR I 00T AT A, M
PR A5 2943 &% (Reduce-Scatter) 2 5% DA & 4=

# (All-Gather) 225K fEMLZ-70 K A4 BR b L 1 B AR U8
THEAY R BB B B e S B AR B FI s T
/AR ) B8 e (Chunko . SR )5 L & AN TE 55 20K
A BE B 8 gy e A A R RO e
R ROk R B B AE 2R G LR AR
BB 3 g N R B T O AL O
TR - I3 B A S A WA IR A TR 5k
IS BRI DR 42 SR A T 2 0 — ErE Cn i 5.(b)
JIE 7 A SCAE AR ] 9 B30 €0 3 s T 1Y i 2 T 28
42 Ja — B,

52RO 5 4 S A L A L HL L 7 T
U IR 55 45 1 RILORE T AR 55 A T A 4 3 A U A )
T T Lol Bz N T 45 2800 A7 S0 4R R
G SR A LA ML AT A2 LR A — 2
ER T & N Y S e L SR L
EX VPN {02 R R T DR L NI = $i
R IT B e PR, — o AL A SCfe S P il 15
M — RE R BE AR T N2k R G AR SR T A R
.

HT T4 DA A 3 A o A P R B O B AR
T PR AR SO T 4 R 2 AL o 3t 801 ) B 4 4
2t i AL D B i A R R S
HR i g5 B I — A e A5 A
ey P 58 4 A R 205 A S A BE R 200 O (). Bl
THIAY R RO AR I A5 TF B K R O T R
W AETFE WS DR I T — RISt 7 1 - A A 2
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F IO A6 FM 19 Ring-All-Reduce L] T 3 $h &
B A 7 D 45

TEMR 2 ik J7 % v, Ring-All-Reduce JC %€ /& fx
FLZ i ) I 2040 2 —. 5 DL ) 8 U UR B 2 T (5 AE
45 NCCL . Horovod ™ . Gloo, GPU-MPI'"* #5 %
T HRIFN N 7 B ). iz b Ry
SR R — IR H N A TS A
FEAT — 22 A8 R A5 0 — A A5 A0 Y A5 OF A A
AR N % e g R 9B B =IN= R L N1
AT 5 H A AR R & i M B 5T BN 22 4B e 42
WA B LT 2R HLH] , FRR I 4 29 HL il 7]
FEALHE oy K-8 49 (Reduce-Scatter) 4 B¢ fll £ B &
(All-Gather) 25 B8, " 18 43 B 20 4R ¥ 41 42 F0 29 H1L il
{14 38 {5 FF 4.

Ring-All-Reduceg 4

N
/rlﬁnﬁz\, R
< QL
THEAT S
Y
—
T 4

TR AL

\,

TR RS

K 7 Ring-All-Reduce 2244

W BRE « FoRITE TR ZEEFER,D &£
VISR = €8 NV NI S o 2 < B e 121 B 2 057
C R b3 — 5 B i TH S AE B o n RO 15 1Y A
BH. — 7 AR 2P L2 -5k
PR BEPAT n— 1 RAEAR, 25 A Y 3 15 #E 0 R
t+D/(nB) 3 Hit B FE B R (D/n) X C. H ik, H
Y-y R BB FERT K R

(n—D X[c+D/(uB) ]+ n—1) X[ (D/n) XC].

B HHE.2RELEEPAT n— 1 WER, &
LR EESFERT N c+D/(nB) 3 B AR
FEmT. L . 2R A FENT N (n— 1) X[ +D/ (B ].

ZE LT FRAR I FN R R P B B FERT KA
2n—1D)X[z+D/(nB) ]+ n—1)X[(D/n) XC].

He T B RS FRAR IR F A A B B 0 A AE
F R T ML 8. (RS BEE TR S E P
AN VBT84 T s 322 A B R B 2 R R s DT ) R A
FEIR . N TR B AR el A A AT AR T 4 )2
A ERR A D 2 LY AL e i AL R T
MR AT A R AR R H A L2
(Reduce) 4340 6] £ #L 25 (All-Reduce) .2 N T #
(Broadcast) %5 25 B8 5 B+ 5517 A 18] 38 15 . 20 )2 P
Fur R T 3 28 1 ST B [R5 4k A 2
(B ARG P 28 47 5 i 2 . L ) FJE 28wl & AT BA AR
T 2D-Torus " (AW T 2D-Mesh 55307,
22 2 BVAE TR UL AR A B R Lok Bk

% 2 ETF All-Reduce H1#l B8 5 ML 2

{7 2R B O A

Sk R

SRR

Reduce+ Broadcast 76 2(¢+D/B)+nDC

Recursive halving and Doubling 7%
Butterflyl™"]

Ring-All-Reducel ™!
/)2 Ring-All-Reducel ™!

2D-Torus 74

2(logzn) (z+D/B-+DC)
(logzn) (z+D/B-+DC)

2tn— D[z +D/B) ]+ n—1D[(D/n)C]

(m—D[(D/m)C]+2(z+D/B)+
nDC+2(m—D[z+D/(mB)]
2G—D[c+DGB) +G—D(D/s) ]+
2(m+D[c+DmB) ]+ (m—D[(D/m)C]

LT AR R AR R E
LA 4B R % BRI E N
k¥ Reduce+ Broadcast %

Pk Recursive halving and Doubling 8. =
FE 43 W 264 B TS R RO B
R RE I I

F R 43 20 P9 e B8 & 55 4 40 AL TR IR Y 245l
A

SN -4 K Sy AL 22 A
LRE

Gossip L. Gossip HL il & — Fft F T fif gk o A
2P F 0] A T 600 I BSR4 ) A5 A
— M N 5 Co) TR s AR 2R TH T AN
[F) (%) Jmy B ASE AR L iz AL i) 0T 1 B A 25 1 AT R R
A MARYE. 52 A PLH AL L L
TR S QB s 5 R EAT A5 2 38 B T AN pRod
{5, 350 DR AE I 250K 2 L 32 Bl 9 Bk 2 e
PREFRE RS A0 — 0, B “ HL R [A]#8” (Consensus
Problem) %/,

3.2.3 lAF[FL I

AKX RGN EFER ST X ERRE THES
R0 I A B2 28 A5 R S HL i i A AT 2 i A 20 2k
USSR Jo. — At o 304 [R] 2 O o A 4 [ A2 3
LS.

(D [A2 Rk, FE [ A 5k b 2R o3 A 0 5
A G — AT A58 Y AR s AN 2R
WA FE TR RSE BT 45 A S AR s 4G
WGpZ ) I 51 A BE I A Ab 3R — 38 ik
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FRUNGRAT: 55 ) s M0 (% ] 20 B3k S B AR W] 26 147
(Bulk Synchronous Parallel, BSP) & =05 H & [
F o fE BSP Sk, 2 — AN 1 58 Y R AR
YIGAT 55 5 5 2ol o & FhoE F b2 8 5 H e it
B A PR SR SR R e 2T
A DA AR R B A AR —F kAR SR 7R
R Y ORUE LAAR R R AT N R R S I A T —
A4 J5y 6] 4 B A% (Synchronization Barrier). [ 25 &
1 BRI e 41 3 fi8 7 5 o HL 3%k AR R B BT
JUTE [R) 25 s £ A o o] 45 1k O 55 i e Ak L AR
e HLIARGH B8 A TH 51 A 58 U 2 i A kAR
WAL G REA AT T — R WE NG 55
() 25 S AN AT o T A R 29 2844 i 5L AT vy
TSR 20 284, LY B v i [A) 20 Bk R e
AT LA R 2% AR 2538 B2 7T All-Reduce
BRI R BB 280, T 4E 4 B A — Bk,
BN 55 s SR v %) [ 28 80 W SR T A TR
Je SR RS B R B ik Z IR S5 T L E RO A
WRRG I R &R 2R S E0R Bl B &
THR R A0 e AR ) 25 0T Bk S L T
B IR 1 oA N LR 75 2% S8 15 W] 26 7
G RE AL B ARANES & B0, o 18] 2D B AL B2
T RRSILT SRR L A S A N 2 =K
WS s —J7 I [R5 B P AR S 43P 11355 0
[ TR 2 01 4 Jmy — b B R Ao A X0 i sl
SRS o — i, WP Sk R s R A B 7 R
i B I T i8R ) SO 2 A O R R 4
SR JH [R] A6 368 75 Bof 14 A B e T 32 A0 B A 1 1 530
RO RETIE Y AZ MR R K PR L
ARES Ty 77 1 B 5 PR 8 B4 o S 1 R 0 0
SRR LG B TR B E ARG L i (8]
Q) R E ERLEER AR ETH—1
P11 R 58 B 15 UG AR 2R )5 BRI L4k 22 B0

BRSBTS R 2L R P S
FIRIHE T SN 2 Lt R L s,
BHETANSNFTER. WK —GHLa
WA — A TF 3T A 0 22 B3 5 R R 5 A B2
BETHE Y R O T E T U AR SO 2 RO 5 i AR
g 9 48 5 5 i 22 HL S 20 A R A DR A B
WRAZI AL NG BT, T2 RS
Hie 55 45 40 R AR o DRI 9 R 4 R B 2k AU
JESE AT A M S 5 S HOE . BT 2 — 4
TR R 58 J8 24 R OB BE T L Bk SR A

Rk R S5  IE IR55 A b KBS T 2 R 2 8. 2
JG ARZEHEAT R — g GE AT e W S H e A
LSRR BARRE T U A AN D B SR
A2 P EORR . 3 5 22 S AU AR AR
YIRS BE PR AN () 7 A %) T A6 2 e SO AR AT S5 2
L 2 AN WS B, E AR [R] B R T AR AR
A7 100 WEARI R it B8 B R T 1 k.
AT A B P AE R BB Rk B IR SS AT
RO HLMR 5 i 750 m T P OZ B B2 08 42 JRy 40 e i
PR S A M RZBRIBW 2RSS W% A X
I SR R 1 Wi S5

BHETRAANSEREBERS. B THAVIRM
T JRE TG 370 R o B T OALYY A 1) I 8% A2 K B TR T
Bl LA 520 0 05 8 T R A/ i B 4. 76 X
Fd A5 07 b 24 [ i) U5 0] A7 it 78 3L = N A
PR A S 00T RE & S B eh 2. R UL L AR ok A oh 2
SE T RN 2 R AE A G B Y AT N B AR e
AR S 548 8 7 A B JE B 1T Il 6 5
. i, Hogwild ! 5355 ) # g M 15 31 1 0
ORTR W Y =R e L1 0 i N NPT =8 18 SR ULEA

B FIPEES R LR LN T Bk
BT FRDT 18 ] 20 58 0k A S 20 B 1 4 e R AR
BN W IR A () 25 Rk 2 A i R R
77 5 20 8 0 ) 4 S S0P T 380 TR 2 ek I, 3 4 (i)
RS 2 HE W RGEERE. S T AR U A [, Y
NG T — B e i ) 25 S 28 38 A 0 ZE B[R] 2P 5
17 (Stale Synchronous Parallel, SSP) & 357 % &
125 1) 3 SEUARL R 4 ) 2k A B A TR 5 e T AR
2Z () 1) 326 A ) gl o B39 B 5R WA 3 A T B S e R A
TSGR BRI S RS A TR AR
Vi) P 325 A 1) P A 8 3 32 IR L A% A T3R5 ik S T
JEIN R HA S e i 5 Al (g, — BAEE WA
SEET A 3% AT R DR T 2 R 1 D) 2 flk i B 1 A R
BILH . Al 2 1 B3 1 2 3 A R A B e ey T B
U IR TAEIF HAE 1 H B R AR iy 3 550 s A
T117 3 B A J3E 3k A [ R 1) 77 2L e A o A B[] 25 AT 5
2 B MESUE T e 3 3l gk B — A Y B . —
AT 358 /N ) 190 {25 5 2 B 3301 A 0 B Y S R S T
V5 PR B 53— 7 1D AR 1 130 1 25 &) B A6 B 3ot
W, 25 F TR Bt — A sl 25 B N i (R 15 E 7
BIU N E
3.3 fRiaAH
3.3.1 ARif

R ARG B T W [ NP S Y P o W e
S NV NS VINE I v 2 B B 7 NS TN T S I
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T 5 R B B S AR A T 1k A B R B B AR A R E
2N TTE G SETE AR SO IR E L

EX L R TR R x.yE R F
BREL £ RO >R A0 4544

FO— W=V T (x—y),

Hrp Vi) FRRBAESE y BRI A T %R
W B IS ERAE AR R B £ ™ R R

"y BRI M T R B O RS 4 R e A A
I8 )32 I T HL 3 2 20 R B 2 > 1 4% Fl i 5.
A ™ bR B ) 5™ BRI AR 2 U

EX 2. o SBIMEEL XM T EEm R . yERY,
EAFAE— AW >0 A RE £ R >R T
Kt

=M= T x=p+5lx—y]*

Hoh, VA FRRBAESE y B | - | Fom 1
VLR AR f R - 30T PR AR

WSS 23 BT o 2 WL PP D0 A B30k M S8 AR Y
BT HL PRI AR SO A0 i i s 4 e L

EX 3. WEUER. & 3R w A E
LA ¢ Wk UG 1R [ 0 S 208 Lo

1imu:R,
[0 ‘ff_f* |q

b oo R[A Y g SEMICEE % R.

(1Y ¢=0 H RS E 0, RFEHA KL
PRS2

(D)% g=1 HRFSERNH N € (0,1],5%W]
TRk BAT S MU S A

(3 ¢>1 HREHER AR E€ (0,11, 5K
SR LA R 2 W S AR

EX 4. Lipschitz-3E%L. X FAEE M & x,.y€
R AEAEAE—H L L>0 A3 8% /R >R i 2
LU e

lreo—r | =Lix—yl.

W FR K%L f J2& Lipschitz J#£E.

EX 5. Lipschitz-i# 286 . X FAEE M &
X yER I ADHE L0 HFRE /R >R
W2 AnF &

| vfeo =V =Llx—yl.

MIFR &% f BA Lipschitz JEZiH .

ENX 6. TAmBEE. X FALE A x€RIEH
i€ nl BB [T HENUAEAR £ ~DAES B it x
A IRR LB R VI Ces 0 TSR GZBE B2 /Y B 2B 55 T
SRREE Vo /i

B:p [V/fi(x;61=V/f(x),

PRV S Ces € 2 T i BEDLAS B2
3.3.2 kB

UL B DG T 53 R b B SR A A B 1 L) R AR
R TE . e b BE SR AR AT T, SOnT ik — 25 4l oy
H— B A 7 R B A T kL SR, — 26 H AR e
BOR AR L BT 50 B A 7 — Se B 2R
SRR AR SCHE SO TEM R — B AL s 5 =
A 55 12

B UL ) — B B A BE AL ER BE T B (Stochastic
Gradient Descent, SGD) & 31 | Adam & 3£ 2
e LAMB B 35U 45 SGD B3k 78 45 Wk 3% AR v fifi
BAREA LR B2 AR 0 B2 L DT A R R T
B AR, SGD SvE I BEALES B 25 51 A B AN I 22
FECA LSRRG WA R E R T RT
FIIE o ) R Adam B35 258 2 [/ 25 18 T8
JEAR BB — A5 o AR, 5 ), SOk 92 3% TAUE
SR EEZ L A 4 AN ] 2 3 B A R 1Y 2 2
FOIHRI T LAMB 53, 4592 500k al i 7 R
PUAS A 25 00 28 BB R AT 55

BT F E AL Newton FEIEVY L HAAM
TR (Natural Gradient Descent, NGD) & =tV | 1
UERLF L. Newton SEVETE & BN i 2R 15—
AR ARAE P R A BT — B 35T . Newton
SR B P B e Sl AL SR, TR T
R P B 0 R ) O A 5 K S B T B AR S
Bl 2k d i 4 LGS . NGD &3k ) #) F Fisher {5
S AR S IR VA R R I A 0L DA B AR T SR T 4L (B
HERZIEBLN  Fisher {5 5 M 09 7+ B A A7) 58 4
BN e E R T 3 T Kronecker-Factored
Approximate Curvature (K-FAC) f#) 7 #:7%7. K-FAC
LA PIASJ5 W Fisher {5 BRI, — it
ARLXF £ L Bl 22 0 208 1 4% J2 X0 BT — S /N BB
FERE o O HLIX 26/ JURSE S [ i RO 2H A Fisher fF
S B ) BT AR A . R A S /N B A B AT LA
FH Kronecker 3fe B 5T 0 — 25 43 fif S P A~ HLASE T
JIN R ST AR ek b R T T R AL B AT B B
TSI DT 0 I 2 2ok 7R
3.4 RE4AH

o3 A6 2k R G2 R G AR A& A TR R AR
18y v [B) 25 SR AT SR G o DT it A 2 A R R B
FERUIA R A Tk s Zhad 72 A AT
FLFEBE T IAERAE A R & LA R L TR R 5
30401 FEFIMAEAEMRA

BT M AN HRAE 0 RS W T BRI AT AR
YRR SIS 5 J5 R e 5T
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FiE 1) R A B KA AU R T g5 R TR
G REZH — B2 meEtE 555 nmeik.
T LA SRR 55 A A S L A R R R G
B S5EAR.

S IMANERAE Ry A Ta) 3 58 A A W] %) A
X A (A B80T 7 AR 1 R () & SR AT AR A
A AR 22 1 SC K A 45 A5 7 SF 34 (Model Averaging,
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@ https://github. com/cybertronai/gradient-checkpointing
@  https://github. com/MegEngine
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Background

In recent years, the rapid development of machine learning
and deep learning technologies have promoted applications in
various fields. However, as the scale of datasets and models
continues to increase, traditional single-machine training
strategy is difficult to apply. It faces the following challenges:
For

example, training ImageNet on a single machine with a modern

(1) The challenge of large datasets and models.

GPU needs one week. This is time-consuming.

(2) The challenge of computing resources. Training large
models such as M6, GLLM, and Switch Transformer inevitably
put forward higher requirements on computing resources.

(3) The challenge of storage capacity. With the increasing
amount of data and model size, they cannot be fully stored by
the limited storage capacity of a single machine, resulting in
that training by a single machine being impractical.

(4) The challenge of system stability. The stability cannot
be ignored in communication-intensive, computation-intensive
and storage-intensive training systems.

(5) The challenge of privacy protection. Privacy protection
has become a precondition for data analysis and model training
in training systems.

In summary, the traditional way of single- machine training
is frustrating because it”s hard to meet the requirements of
various tricky challenges. In contrast, the collaboration of

multi-machines also known as distributed training, as an
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artificial intelligence.

alternative training way, has become a mainstream learning
approach. It does not only leverage various software-level
methods but also hardware-level methods to accelerate
distributed training effectively.

From the systematic aspect, this survey introduces three
key issues of distributed training systems including partition,
communication, and aggregation. According to the above
issues, this paper proposes a framework for the distributed
training system. This framework includes the following four
components: partition component. communication component,
optimization component, and aggregation component. In
addition, we discuss the core technique of each component
and recent research progress.

From the algorithmic aspect, this survey focuses on the
parallel stochastic gradient descent (PSGD) algorithm and its
variants. The main contribution of this algorithm is to paral-
lelize the traditional serial stochastic gradient descent (SGD)
algorithm. We summarize the research progress into two
branches: the centralized architecture algorithms and the
decentralized architecture algorithms. For each research
branch, we analyze the algorithm design and convergence
properties. Finally, this survey proposes future research
directions for the distributed system.
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