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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, communication component, optimization component,
aggregation component) is summarized. This paper pays attention to the core technologies in each component
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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 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.

Key words distributed training system; (de)centralized algorithms; (a)synchronous algorithms; parallel
stochastic gradient descent; convergence rate
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‘\ HELREYREREESAFE ]

Workerlterate(t)
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WHE: — 7L, PO BRI R SR Wt
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(ELIEIE

All-Reduce B, FRG0 AN V51T i A] i I 4 00
25 (All-Reduce) B EU VSIS KA H, A T A
TETCH O RS 28T s B L TR TE(E . AL
VA 45 2 - 43 & (Reduce-Scatter) 5 B8 DL & 4 &
(All-Gather)s B3R, TERIL-7r KPR, aiRE it
AT S B B R R S S B B E A
KM R I BEEE (Chunk). JRJ5, &ANTHET S
& E AR R IR A HA TR A RIS A
BTSRRI, EERESE, FMEHE
RS % TE R A B 2 AR B L K
T -0 R UL AR AT, i i1
LIS HE L R R S 5 — S0 (R
S(HF)FT7R, AR SO AR ] (9 0 8 R R 3T 5 T
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S5BHURS BRI, ML EE T
DRSS AR B, PR T RS AT AU @S I ZE 1)
L, ST B, 27z MR TSR
GRG. R, ARAHUHIEAAE DL AR
—RMETHRZ P ORESET ARG —IHES
B, TELINKEITEE AT SRR S, A
1M RGBS ARk . RN
SABEE, W EfEE ERE T INSR S EER
77 A R E T

H1 40 4 2 A 7R I8 A5 Ik A o R 2 06 E B
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R . LALLM, BT &R A
THHRUTEA ARG R, Fik—Adn AMHE
R R 7 4 B R 4% S5 R 244 K218 O(n?)
BEE VST AR, BRI KE R N
TRARIEE IR, RN E T — RS0
W, BRI T RORIE MG Ring-All-Reduce HL#] . #f
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TE A% et )7V, Ring-All-Reduce To5E 2 ¢
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K THRBIEE 7 FiR). fEZAEMF, &t
SR FHE R — AN TR, SR
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HETE1 —
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SRS B . BRI &AL, FRIE M
LI [F]RE AL HE 43 % - ¥ 2 (Reduce-Scatter) 25 B3 il
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ML R AE T4
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BRI, -2 R B THFER KA :
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AT, EREDSBEHFEIITn-1ER, %
VEAR RS FE N 7+ D/ (nB) I EARfEAEHHE
FERT. L, 4R (n—1)*[r+ D/ (nB)] .
28 BATR, FRORIA AR LI ST R A
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BT R, AR R AL
FRAFIHT M %, (B2, METHE SEE
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BEIEIR . N T ot B, TR R AR
TR RGN AR, e, L
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P IEZ)(Reduce). 4r411a1 42 (All-Reduce). 5341
W %k (Broadcast) &5 A5 BRI THAL Y SUEEAE .
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o
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£ 2 ET All-Reduce MBS LR

TS AR BUVE SR ERPISY A FERR R
RO AT A AR TS RURE M
2(z+D/B)+nDC
Reduce+Broadcast [76] ( ) B JERTIE R AR IEE ST
Recursive halving and Doubling 33k Reduce+Broadcast 5%
o 2(log, n)(z+D/B+DC) ’
Butterfly [77] %33t Recursive halving and Doubling
(log, n)(z + D/B+DC) ’ s
1.

2(n —l)[2'+ D/ (I'IB)] FG Rt g, TR R H Y

Ring-All-Reduce [78] PSS ArS s ES il

+(n=)[(D/n)C]

43 JZ Ring-All-Reduce [79]

(m-D[(D/m)C]+2(r+D/B)
+nDC +2(m-1)[z+ D/ (mB)]

A HA T, 5510 AT

287 T A

2D-Torus [74]

2(s—1)[r + D(sB) + (s —1)(D/ $)]+2(
m+1)[z + D(MB)]+(m-1)[(D/m)C]

SPHAMA-3 R, ARy, o)
HNeRE

2P 349 1) £ 75 9 B 9 LA B SR AR R 4 R A Y
—HME(nE 5Cha) R, ANEBUO R SA
IF) R AR ) o AL K 1 B 2 (T BT R
—E WIS . 5AMANLHIAEE, ZHUH P&
BT AN S AR JE T s AT R RS EL, A N pRiE
f&e T4, ROENZRASEE, MLk Qo e
(R SR ) — ik, B “ L3R 9] B (Consensus
Problem)®283,
3.23 fERP T

s ARG R AE FE T N E R TR
SH R S A B R, TR o A U5
ISR . — et JEAE A5 3 AR )
P70 KRG | B2y 2 R

1) FEPEE. RS, oA Ik
ARG — MR R BCE AT OGS RIIZR S
W AR A AT BN SRS U AN B TR Rk
RN G, B HE S RS R AL N —5e ik
ERINGAT S BN, S [FD Sk Bk [R5
F4T (Bulk Synchronous Parallel, BSP) &84, Ak
M, f& BSP &k, — A HEA S8 ik
RINGATESS 5, BT & FOE(E M2 RS HA
TR SERP R SR SE . AR5, &
THEAT R DU 2 3EN T —3IE R
MR ST ERUECAAHFI <R BTN, 5
gl N T — A& [F 2 BE 55 (Synchronization

Barrier). [F]D [ BLR AR L A0 B RE 850 HLIEARH
FER TS AR R b Ab i i b, S
b Ak 3 fe 75 55 BB AR FE 1% IR TH 5T A e A
LT IOEARNGAES G, BG4 SHIT TR
ERINGAES

G20 BE AR S T2 488, T HLa] B
TSRS 22N . AL B i [R5 SR 2
KT TR E T A DA R 2%k AU 2O B AT
All-Reduce FEAFEIFIREUE MBI S50, AT 4445
R — St . SRS 28 B2 Hh R [R5 S0 0 5K
AU RS e R S B R Rk R RS A
WaL, HHRSETARSIHTHEREY, &5
KERSHR BB &R . 7ok, EMAH R
() 25 I AT B2 S L T B 9 A7 4 20 23 A =K
SR, T RS [FP U7 SR E AR B A
ity i, RIS R R A G R
B EEB A A N 2507 R

iR — 5, FERPREERR s R e
SRR S E A R — 2k, B OR oA SRR S
YESREHAYE. S — T, [FERP RIS AR A S
s B T, B R 4 AR I 2
RG0SR F [R5 38 45 1 A HL e T2k AOd FE e 12 1)
THEA A, B REHHE BB Z R UK,
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FEBAR T S ISR . BT S E 1Y
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PSS A N TEF UL, ARSCULSHURSS A
B A BIA S HT 2L EAE 0 TR . 7F
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[61) R a2 AR VI 5308 P8 PR A IR0 72 26 1 TE B 2
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TR A AT 100 VOER NS, Mt B H
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2R 55 28T I IR SS 48 1 U0 R B A
JRBH, SRS A FRZRIHN 2R S5 S
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BB RN ELRERS. b T RAATm
PR S0 378 T B T SR A R X A R, R
P2 275 57 508 5 38 F T B N i 4 . 7R IX
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R S E BE & S ER . I, o faf gk da
SRR SN ZRRRIBE . SET, FRAR
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3) FBHIESRBHEIENE . LT LT
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FEN THEH T — e R A5 A5 D 38 15 1 L B [
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AT R RN IEAR R B, SR BESR W SR AR TR B AN

e AU e . BT E, REEERA
THEAT s ERE R AR ZRE, SAET
MBS RN ZR AN S Hoph o 4T SO S . — BAE
TP AN T BT AP 3R T I KT 12 I ) 2 ik
FOEMSERIUE] . 2T, Bk A EE s A
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WU BRE . — 7, BUNRRE S 5 iE o T
B SRS RIENE. BN, BRMBRE
BHWNBEE LR . 28 EATR, it—HFzh
A B I P B B8 JTiE U B,
33 ikt
331 ARif

AL A R o A RN RGP S R
Fo ANFE NP LU BERARE, 10k
A A R T R Bk DL SR B R
BRI AT EESATE, A CE W E o

EX 1R, M THEEREX, yel?,
EERHCT 00 >0 W&

fO)—f(y)=VEi(y) (x-y),

Hodr, VE(Y) B RRBIESH Y HEIEH e F£oR
BB, WAREECT =M

R MR AE T R AR R e A R s,
R 2 N FH T HLAS 5 SRR FE 24 S IR A5 Rl 5
VEN N R BRI, ™ R A 5 SR

EX 2o -BOHEE). N TEEREX,
yel, HHE - DMHEH a>0 1H 5 5 K
f:0% >0 T &
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B Yg=1HRYEN HNe(0,1], FHEL

B LMW SRR
B Y4g>1HRWSENHANe(0,1], RPHE

HA LMK ESIEER,

TE M 4(Lipschitz-E4£E). X T/EEME X,
yel®, BHEE DB L>0 5 8 5%
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I FO)—fMWIisLlix=yll,
MIFReR%L f &2 Lipschitz E4E.

E X 5(Lipschitz-E&: 86 E). x FAEM A&
X. yel®, BHEE—AHHL>0 585K
f:09 >0 2T &4

IVEC) =V lIsLlIx=yl,
MIFR &% f 2 A Lipschitz 450 %

EX 6FHMmBEE). T EmEx el HH
ie[n], %L f, LT RENLFEA & ~ D, £S5 H & X
AETIBEEEAE R VI (X &) « Iz b I T 55 T
SRR VE(X), B
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PR VI (X; &) RTEBEHLER o
332 MAbEEDHE

LR AR o e R R R DL AR
BEEERAC TV . AR R A T, T — 2
A N— IR T ER =R TV SR, — 48
H bR R EOR DAFERAE LA, AR AE — 2e R
FERMAEE o A SCHE FOGERR LR —M L
w5 .

L — B SR AL HE BE LR FE R B4 (Stochastic
Gradient Descent, SGD)&1:PY . Adam &1L K&
LAMB 55394 SGD SiAE & UGE AR (i ] o
FEARBENLES LR B 2B RE, T BT T
B4, ST, SGD FIEMBEHLER L 22 5l NBSMATT 22,
SEEIRINSORRNE . hh, TR FEE R TR
T HIEMN ) %K) Adam 5Fik, ZEEFRRSE T
BEEEAS B —FaE S . i, SCER[92]2: T
WESHHE 2 L, N W4 AN [ )2 5 B A F 1)
1%, JREH T LAMB Sk, A ZEE A N
TR FAEAN 2 R 2SR YN SR AT 5 o

TR R E S Newton BECP . [ AREBERE
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B . Newton BELE & UGE AR ER THE — AN
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B ERAHEISISGER ., SR, BT EIERE

Bl S LI PR T A R, S8 B SR AE S bRl
A [P LA FH - NGD S92 R Fisher {5 5 RE
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Approximate Curvature (K-FAC)HI771EP, K-FAC
FE LI BN 5 AL Fisher {5 B4R FE. —&iE
BT AR R o 122 X2 (1) 25 JE T BT — AN/ N £
FERE, I HLIX 28 /N RIS AR R 42 eIy 2H 5% Fisher 13
SR BRI A FA AR R o R AN/ NS B4 1) DA
FIF Kronecker FRAME ik — 20 43 il A MU TR
AN EF SN 12 A B M b S BV [/ 2 o 1
FOEMTHE I, AT Zhad 2
34 REHEN
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R
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BT AR R A T vk W O IR AT
Xo BEEHEAT S RNGES G, BEAEE
TR 8 1) 5 BB A T BN AP AR 1 o ] 4 R
TRAE . REZH BRI AR 555
BB, NHUASERS A AB, N R W R
RHEEENXAESHKA.

A INANERAE A TR T BT AU T AN ] R
H X A A B 0 AR R 4 R AT AR
AR, AR R M SC R HE B AL T 35 (Model
Averaging, MA) 5 i B BMUF® 55 32 bl &
ADMM P % 4057 IO s R A PR
H 5 T8, #hmOREH FE AT s S R 5 7= i
2 .

N T SERA IR, 70N G AR
TER IMANERAE, AR AT RN ERP R R
# ADMM Sk LL R Lt 5k, s #4071 25 1)
[F) 2 B39 R B LA 2 [ J6ec e 1) (1 S o SCHiR[26] 4 H
BB BINKLE 5 2 T 5T 55 v e 25 R ae
A RERTHEEAE Y. 20 ADMM U245 ek
JEIR SRR AR vH AT R (R 5 5L, IR AT e ik
Fu 5% BIAKETE BRI . b ORI R 4 /D
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342 FTHEMMES
BTG H T o 2 I 28 B AL 2k
SCHR[98]F H a7 B b Xof 5 T H 5575 A1 S 3 o ) &5 2R
AT AR ORIE R & 5 1 4 R AR BUR T & 5
B, PR, S T — PRk G 46 1 77 7% EC-DNN.
A, SCHR[99]FE IR T4 SR MR A k4% T EEAE
o SHPINGEISHIEL, %55 LA KR
FERIRTEE N, PRAEAE I 2Rt FEPuisfiess
35 IhE

AE e E T AT IR R G RS,
TEW TR AE EEAE. BEA R
WAl HRNE TR AR TR R, Hrr, &)
o3 LA A A SRNZR T SR AR AT . BARIFAT
BOR A AT IO BT o SEE A E T A=l
RAR GBI AE BRI A IR
XS K SR AR 2 DA K 4 SRy A R S 3k AT 0
o A AE MR AT R AL A v ] 45 2R
AREE . FAMFBARE, KRR INZLES.

4 BT HATHENGE TR AT
&
JEE AP R [ 4 8125 5 7 93 A1 0 50 AT

WO 7 2t s R R, A — R0
PLIEAT BE HLER FZ N [% (Parallel Stochastic Gradient

Descent, PSGD) £ R 2 1 Stk B3R - %45
TR A DT R 2 ) R AT BEALRE R R
SEILT IEATA, R T AR AR T I IR R
Ji& o AT PSGD Sk 43 A NGl AL 5i%
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T O B SR 2 rR AR B BRI AT
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4.1 FITRENEE RIEEE
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BAEE T B PSGD 53%, LA™ H bR B 255 K
Kt/ MU I, 5 05 /0 6T AT IR AL B IO e A
[, ZEEGINT —PE e B S ER
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L ST T RS D, I BEHLREA &
PR (X E) SRR VEL (X&), JEE
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421 [FPE
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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:

(1) The challenge of large datasets and models. For
example, training ImageNet on a single machine with a modern
GPU needs one week. This is time-consuming.

(2) The challenge of computing resources. Training large
models such as M6, GLM, 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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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
parallelize 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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