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Abstract  Artificial intelligence technology, represented by machine learning, enables computers
to learn knowledge from massive amounts of data, which costs extremely high computing power
by iteratively correcting the learned model. However, the computing power required by today’s
machine learning model far exceeds the capacity of a single computing hardware, which makes
distributed machine learning become the most promising way to accelerates the training speed of
the model. Distributed machine learning distributes the computing task to lots of computing
nodes, so ideally, it can linearly reduce the task completion time. Unfortunately, the overhead of
network communication among computing nodes has an important impact on the scalability of
distributed machine learning systems in practice. Therefore, optimizing the network performance
of distributed machine learning systems has drawn extensive attention from researchers. This
paper starts with an analysis about why the network communication becomes the bottleneck in the
scalability of distributed machine learning systems: (1) machine learning models are becoming
more and more complicated, and the number of model parameters continues to increase; (2) more
and more computing power is required to train the complicated models, leading to an increase in
the scale of distributed systems; (3) the performance improvement of GPU and other computing

hardware are leaving network devices lagging behind. This paper then proposes three fundamental
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ways to reduce the impact of network communication on the scalability of distributed machine
learning systems: (1) reducing communication demand, either in communication frequency or data
volume in each communication; (2) improving communication capability, such as high-performance
transport technologies and high bisection-bandwidth network topologies; (3) improving commu-
nication efficiency. Next, this paper systematically introduces the related research work based on
the key ideas of the above-mentioned fundamental methods adopted by them, and compares the
similar work that adopts the same fundamental ways to demonstrate their improvements and
limitations. Besides, this paper also provides a comprehensive comparison and analysis on the
existing work to show their characteristics of optimization methods, improvement effects,
effectiveness at large scale, impact on convergence, and requirements for underlying network
hardware. In the end, this paper looks forward to the future development trend of the research on
network performance optimization of distributed machine learning systems, and proposes four
dominant and promising directions on this research field: (1) high-quality compression of models.
Today, reducing the volume of the data that is required to be synchronize can significantly
accelerate the training speed of distributed machine learning, but at the cost of slowing down the
convergence speed of the trained models, due to the limitations of the existing compression
technologies; (2) optimization in parallelism manners. In practice, the performance of the newly-
proposed parallelism solutions still cannot fully utilize the computing resources, due to the coarse- grained
parallelism elements, such as a training sample or a complete model layer; (3) improving the
efficiency in multiplexing network resources in multi-job scenarios. The existing network
performance optimization schemes are still mainly designed for single-job scenarios, and joint
optimization schemes between multiple jobs remains to be studied in depth; (4) designing dedicated
network devices and architectures. Designing dedicated network devices and architectures for
distributed machine learning, such as switches with ultra-low forwarding delay, integration of
GPU and network interface card, will also become a research hotspot in the future.

Keywords  distributed machine learning system; network optimization; parameter synchronization;

communication scheduling; in-network aggregation
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AL L — BCME D LA« 2 B ] 20 B 6 SR A
oA L g2 ) R G R RE AT 2 G T B R .

g

(a) BHMS5 S2844

(b) HHLLI4HY
& 7

BRI adlh 2 6 2 80 55 4% 3 8 41
W B B SRR S5 4 ST e o — 0 2
B RE AL TR AR 23 A5 NS B 55 A8 5 v L
B LARE T 25 A 2 8O 55 4 i S i 4% P f 45
A TR Ao R A 3K 25 AT N 19 B B 55 . T AR B L A
SRS a5 T AR Z 18] DL K 5 55 e 2
[i] 2 AN T AR Y A AR B S 855 i Z )
AR BRI 19 58 HL - A 35 R RS T T2 4fE 05 27 2

(c) HiPS42Hy
SRRREse 2 QR ]

SR 2 AR 2 A AN ) TS b A R SR R A T
TE L IR R AR HY A 547 5E 8 i 5 =X, % g O AL B
B HERR 28 T A AT 5 R S8R D A T
PLI3 Ry rhO AR 2R A 0 2 vh A R A 5 i BB 510 2
TTE SR — B R S R W] DLy o 4R b U SR gy
A EEA . — O UL o AR BE AT L2 4R U8
Fa AT DA A3 A AR 5 25 b AR AR — i S 4y
A . H ETH 892 808 20 3 K 2 08 oAk
ZRH S RO  BRRR I 6 B O L TR SCRT 4 B 1 2 KT A5
ZRA 1 O AR R A
3.2.1 J AL 2Bk ) 2 A A

SRR % 2% (Parameter Server, PS) Z8 #0251 B
— i g MR SRR B H T E &R B 4 TR
i 0 A B 7 S HEZR BT 345, 04 TensorFlow,
MXNet Fil Caffe 2. Q& 7(a) fiix . PS JeAit 5 5
TR T A1 R0 43 S P 3 0l 2 S U 55 A 4L A
AR, TAEH A AT 5B S 2 8k 55 4%
A TSR B O 4E 4 A R BB HLAOR 6. PS
ey B SRR D R AT LAy AR 4 AP ER

(D SRR A~ T AR & k7 o 2 20 55
i b L B4 SRy B 118 2 B LA T A Y I A

(2) A it 5. AN [a] AR 2 18] 9 % #th 6 47 7
TR B AR 5 T 2 A 7Y 1) A ) 25 B0 1
SRR R T AR AR

(3) o BE #2425 2 57 i s B i S
BEAU R B 4 3% 25 28U 55 448 5

(O ETE R S8R 55 & 0ok B AR AR &
AR RS A B AT IR IR R B S B 45 R T S
2 R

40 T EALL AL

e AP0 1 Jg g
AP SRR e A s

b S S S S S S S |

-
>
>
-
-

A, el T

Sea T

() BBV 43 Ff 14 ML 2 28k

Bl 5525 3 NS BUIR 55 2% R0 EUE 37 5 1 4 e 4
T AEAS R SRS a8 R AR S R R
RE MY DX 3. A6 L bR AR 2 o s [l — A4 245 AT DA [R] s
AR S BUIR 554 0 T AE & 9 HELRE L 33 FF 19 22 44 b
FR k42 %5 82 (Full Mesh) 2244,

PS B89 HA 1 Z LB U0 34525 P A — S0k
PP B PR Y R AT S R AR A R R AT AR HiX
ZRRL) A A7 AE — S [ 1, 2 2 B50IR 55 e 0 Al 98 /D T
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AR ST 58I 28U 55 4R AR 2 B 1 2%
s T SO AR 1 ok B A

WHLZ) (Ring Allreduce) B8 44 J& — F 43 13 20 1Y
AV Tz N T e T R A L 2017 4L |
JERES N LA A5 = 1 — 5 & V42 B % Ring
Allreduce 22451 A 2 73 Aii s HLAx 5 > ok B L,
TZBEA TT i 32 B R AR S A AL A% 2% > B 28 BF 5
BIICTE. R 7(b) 78 » Ring Allreduce ZE#4%5 Fr
Rt ET R UZEANEEE. BT AR5 H
HJE PN AR JE 0 AT AR s BT i A
i n, Ring Allreduce 244 Hr, 5 K S 5 [R) A 1 # w]
PLar g LA R A BR

(D) A3+ 5. 2 TH 51T R0 5 T4 7% 45 7 &)
A FNN K5t ok ST b SR R R E

(2) 5B 2y (Scatter-reduce) . % ¥y Bt i {5 1
RO h n—1 20, 3 H A A5 mOR BB BS B2 3 o
B FEfg— b h A S 5 — AR R Rk —
AN B B TR ER) DT — A4S 40 Ja 7 s i — A R B
T M58 U 4 422 W3 0 6 B BN 288 5 S i AT E
MRS BN IS LRE T — 6P RN 2. X
FE AT — DR BRAE L n—1 B 5 #IL &
TAER a AT AL B AR AR B BL i N A B R &
BT SRR A — IR T AR A R
AH I Ao JBE BT PN 25 ) 4 JRy e J3E B 5

(3) &4k (Allgather). iZ By Bt 5 43 HL-H 29 By
BOARARL < B TS5 A 6 3 BOTE PR 45 4 AR R A% . AN
(7] PR 2 » 1 A 0 2 W 30 1 s B B AR
AT T2 42 PR U030 1) P 25 o o A b PR 25
WAL n—1 DR G NI E A EA T
4 ST R T B 5

() ZHCE . 25 A0 S5 A8 B
AR 3 AR B A

HHEEF PS 224y 1 “ 2 X £ 7 {5 £ 5X, Ring
Allreduce ZE 4] 1 — %t — 3 {5 1L 248y f L 76
SEBR R s AN 2 g a2 2EL S BR B i R
AR 584 O 5 B 38 {5 BUAS B9 ME— [ % ) Ring
Allreduce 28 #4 42 £ 921, {H Ring Allreduce %2
P o A A — 86 ] 80, 403k LA S 3 ASP Hil SSP A A5
Y — SO UL DL B 25 85 M 25 4% Horovod™*™ J& Ring
Allreduce 2844 {1 — Ff 52 B, SCHF LU AR 9B Xl
TensorFlow,PyTorch f1 MXNet 4 £ f fll %5 2% >
HE 28 B2 A1 2 K TR 4 T BE. Horovod & 48 ik 52 bR
F )2 Ring Allreduce 4244 5281

3.2.2  JRRALKI S ER) AL 4R

PS Zit4 #l Ring Allreduce 4244 i AR 15 2 KM
Ly BAR STy W AFAE 2 % (H 2 B — AL [E Y
o B AL 2 R BRI e P AR A 2 4
[) 20 R 22 Ok 18 22 7] L, 40 Ring Allreduce 2244
T AR EE B /N L B AR i OB e 22 A )
PS ZUHg 234 5 HLAL Ui 4 KR 3 2 DAL incast 45 4
[R]85 J2 WA 2 $[R] 20 2848 T DA 50 22 fif i 6
[in] L.

Geng 48 N4 T2 WAL 19 2 B ) A5 4E 28
HiPS“* . HiPS $ H 4 i+ 5515 s 3 B2 AL iy 7 X
HEATEH L AR — 2 R B 3 s a2 (A — 1 A
FEAN TR JZ Y AT LU & T A 6] 43 4. AN T[] J2 YCmT LA g
SEHUEE S ) 69 2 B0 2D ZE AL X B LA JZ Ring
Allreduce Jy I HEATBEHI. A1 7 Co) PR b n A>T
A3 Gl A 7K Py 1) R R T 1) A/ A P A 4 A
TV AT L — W B R KT A P 4 S
HEAT o W2 58 I B AN HAH N X 2P
K2 Je 10 45 R Ak S 04T 70 W25 58 = B B, B>
AN E— L 5 045 R AT s 4
By B AN K 2H N B2 IR 1 45 R 4k 2
T eUde. AT EN ., D BRI [/ — i 204
A KV el T BT 1) B E A - PR m] LA 5 — R A
i B T A 7K T 27K T 21 -1 L2 R 24T I
Ao T AN Iy 1 IEAT IR D A O A [ 2D R
] DASE.

HiPS fEZR7E R e A Wl i TAE™ 3 58] 7 2
PRI I 8 fim 44 0 2D-Torus ¥k, HiPS HE 22 (1Y
I3 —A LA R 2 BML-. BML LI BCube [ %%
FaHh o BLAt Ll R f HiPS 5595 5 H R b n) 5 3%
SERIRA S G I m S SR D

I — 4 F A% 3 (Recursive Halving-Doubling,
HID) W S — ol 1 780 1y A 780 9 24 J7 5 Cln &1 7 () i
). JA Ring Allreduce ZE#4—#4%, HD Allreduce %2
) g B A 2 I D TE R M RE O AL A Sy MPT 7E
Z kA 2 8] 52 B i OO A 25 i J7 L i, HD
Allreduce ZRydL 9 51 A 2 43 A WL & 2% > 3 Feh
k. HD Allreduce 2244, 45 K 8R4 1 i 72
/] DLy Ry o3 - FL 2 A A B X A &R 43 AN Rl T
Ring Allreduce Z& 14 38 i B5 4R 32 45 52 BUAH I ) BE 7Y

© Bringing HPC Techniques to Deep Learning. https://andrew.

gibiansky. com/blog/machine-learning/baidu-allreduce/ , 2017,
02,21
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770 HD Allreduce 420 5K FIR AR J5 50 B AR 6.
RBET SIS 1 ~n, FF HAT 2 W01 5] 4 R
B O H G5 1 2508 43 WL 2 3 R AT DL 4 R
logom 55 1 A0 BEEEN 1 IS5 5. a0 1 A0
2.3 Fl 4 55 M E AL — 245 B A BEBE B & 3% —
R BE 25 %) T7 o () I DO 5 e i oy — 2 B L IR R
T3] 65 J3E R A b AF I 1) A5 5 56 2 2D I BE B
2 AT AL AN 1R 3.2 R4 AR LA LA — 2k
AR EHAR BB R E R e b
DRAKUCHS b — 2530 Sk B2 b i — 2 5 B B A 1S 1 5
ST B A A R B S IA NI AT
A ERAT A AR BE BN A I 4 R R R B g
b FEAH 2 T B2 B 30 A R TR IO TR A

HD Allreduce Ze#t v, 4 A F 5090 5 — 35 %
AT logon Sk iR H B — PP UH — FEE S
. SO — X — " By = L. A I T Ring
Allreduce FE 2 X (n— D YGEE HK U, HD Allreduce
A2 2 X logy n 2 XA s MEAEAR I, /] D) i
EREAGEAE R EL. SR HD Allreduce 2244 v, A
(] 25 % %) 368 15 5 25 70 S [m) B 15 A5 1) At 7 3% 42 5 i A
& Ring Allreduce 244 — 75 A [F] 19 25 B b fiff i AH
[Fi) 32 4 3 AR R b 1 17 7 2B JE 1 T g
3.2.3  EHu AL S EE P 4

VTR s 25 v AR Y 2 B0 25 2R M T 06 A2 B B
AW EDTY FE X O SRR T 4
MR A A OB RE G B S e S L
ATRIARSE T —A0 it St A BAROR UL, B A, AT
FUEE AR SRR R B T T A HBR 5 AR L A
AT R SR R A e 28U D T A A 2 B R 4R
S 0 2 005 BB R B A MU R 5 B ) I AS
Tofs JBE E— 25 TR AR MBS o] DL B AT — 1 RS
I T B R8T B 25 2R [) I o B8 495 SR L B 25 1k
AR i 1) FH . o5 B Y JE R AR R 2 A ) 2 R AR
AT — T ST B 4 R B LR 2 A% 4 B A BT A
o b P AR S SR IR i M A gossip
BEDY UM T oA 2 b AR SR Y
PEHATE T A B> 13815 & R Y R 2% 5
BRI 2R FH 25 o0 A0 ZR A8 1Y 31 25 3 2 S PR T v
AEZEAE . SR S H A2 O AR 2R 1 B 3 5 AT AR 3R
A BER T A ik S 8
ZRHG 5 S DN R H A AR TR A0 AR BT BRSBTS A
AR HY BT R 2 48 LR A 9% i 20 oy — i 5y
SR TESE BRI R, 2 v A i 2 80 20 2R
ATh 2 5 e AR PG Ak ) A Wi S5 B

3.2.4  ZHIA) B /NG

Z R0 J) A0 BEAR T 8 AR A4 U e A L UK
{5 55 HAT P e M2 .

3 WG T AR S8R D A R R R e g
R SRR SRR N 1, B TR
() S TEAF T T8 a Sy P AR TR R AT — UCE A B I SE
TR, XS R B 2 X (n— 1) /n, Hotp
BML fiik fy 2 24544, o] LLE 3], PS Z2 4y op, 534
38 A B B 8L, Ring Allreduce 1538 15 IR
ST ENN A NE 2 AP IRV N R N
UK. MBI [ 25 I [B] bR 3 28 2 K0 ) A0 JR A0 1
22 5 FBEAE T W ZE I A A [R). Hop, Ring Allreduce
ZRAE T R AT M AE 2 X (e DK H A T
FOBOR. Xt B IE AR T fif Ring Allreduce 42
FATE T 5 FUAAR K if o P RE &8 FF K .

R3 SHRSREEREILE

ety T A7 B FE [ 25 B i)

ps ) 2+ 20D
Ring Allreduce  2(n—1) 2a(n—1) + 2(’;;”
HD Allreduce 2logsn 2alogsn+ 2
2D-Torus AX (=1 2a(n—1) + 2“;;“

BML 41X (fa—1) 4a+%

4 BIEMERML

152 PR il & b B AE R PERE IR B2 X B 5L
[ 20 0o 7 AR A 2 AL B SR A [ A 2 5
[ A 45 2 A T ey 5 7 3t 2 30 B A 1 U1 1 e
AR 28 5. IR O T 42 g A UL = 2T I
G IR A5 RO S BTN BUAE LR J7 T BEAT T IRA
WHoe.
4.1 IR E

feginy TCP Ph BLR AR AE) M 2] 1 )72
4 L {ELE: A R FP 0 2 5 R A0 ik L H A
KA P75 2R NSk TCP 78 5 Hh o0 R BE T A
SRS N BUH T — 2 TCP [ A8 DS o,
Alizadeh % A 42 ¥y DCTCP £ X &bl vh o0 3 5%
Xt TCP #EAT 1 AL KORBEAR 1 1% 5 i 2. {2 2 /9
TCP B iSO Z A 9 P65 5 25 e 38 i A 00 3] 2%
AL A S5 /N Kk B T TR A O ek 1 0 L
SEARAL A B AT o DA TTT 5 BCHE DA IS SEE R 58
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DCTCP i i 22 4 1L BA 51 K B2 4] Wiy 24 if 19 2% 114 47 2
FREE 232 AL BA S K B 5K 3] — S [ (ELI , SS 4 HIL A
STERHEAL TN B ECN frid. £ i #] ECN 5
CABUE L )5 78 1] 4% 25 % 2% o 1) ACK A o [] A
IRAFRIC. K % s AR 4 i B g ACK 42 b i 47 ECN
B ic 0BG B R R5 J ik 7 1 DT S5 B0 B8 A A i) HL
SE T R Ay F) A ZE R by T A 4 B BA B T R i ¢
HEFFTE— D HEBAR A K- o PRt B8 0 i 28 1 1)
B 4 2% R AR, T 3 2 Y 0 o ol T 28 4 ML BA 91
B W AEE il 7 — > BAR B K F . DCTCP BEff 7 —
ERRJE 2 PS JUH R 77 A 1Y incast [A]EL SR
2 3% vty £ i AR 2 i, DCTCP AT) JC 125 ik 4 52 462 4L
2% b DX i ) T A0, S B0RE S I 56 BT R 38 .

Xia 55 N4 9 MLT % Ppast- ! 2 oy 43 4 20
Pl 2 21 55 Bt i % A AR D 8L, A5 B Bl s
AR RAA RN ZAE D, B Y R L E
A3/ T 5 A S BT SO R AR 32 5 )
BT Mg AEE R T RS AR S
B E M AL U MLT. R F TCP 58 4 A] §¢
el Al UDP 59 A 5 4% g, MILT $2 44 1 38 23 ] §¢
e e BIVORIE T 5 86 2 1Y LE 9] 8 KR 0 2 B )
HE A4S 2 H Wi o T R S At ) BdiE A B AR )
11 A P A . >4 25 A k2R ) s SR BN T Oy Ak B 2 %of
AT LA R SEAS I B F) 2% A AT 2 AT 5 00 R I AL X
ZEFEIN B A RE BRI 3 1) A, H A BE ] R
b TR BRI DU e B L AR OSSR R
X RNN SRR, 4 25 20 B — A2 1020 ~35%
ZIa]. PR, 3 g gk A oK R YRR I AR, MLT /] LA
A A5 AT L 6 I )L A LA R R WL A T
TCP, BT MLT #4341 AL & 27 21 U 25 3 B ] 4
TH10%0~120%. i B3 1, B4R MLT 7€ fr il
T AR R AICHE A 1 RT DR e AT Y I L
S FLAEA [F) A5 Y FORCH 2 1 5 1 o A o L i
B PR A A A A T MILT P S0 5 i) 4 i S
5 TCHEARIIE.

Brxs TCP PrslA B #EAT oAk b i 460k, /2
H B W £ 17 7] (Remote Direct Memory Access,
RDMA) $ A AL 8 51 A B 43 A AL &5 2% 1 I 2 b
e I LR KB 73 A ML 2 T YR 10 8 DL C
RDMA & —F i oA ] PLAE 9 CPU i
G O T BBV [ A E ML AR ARk UL A HEF
TCP,RDMA BAA LU A - (1) 95 D1 Bdf i 3%
T~ A A 380 o7 FE R O 1 2 o IXC ke B 1 PN AE 45 D
ARG I8 5 (2) A% 55 . G 2 4 1 4% D 0 AR

EZRFNRE R v, S0 A, RDMA KR A T Bk
FEIR 5 (3) Tl CPU £ 5. RDMA W] LA 0] 5 7%
f7 M Jo s di {1 CPU I fa], AT 194 1 8 £/ CPU
BRIR T AR 5. . 5B R TCP Jr £ A0 L
RDMA A D)5 B 5 i 1) A ok & A SEAIRAY SE R H
il FAFAE = BARE) RDMA FR bR UE 435 2
InfiniBand (IB) , RDMA over Converged Ethernet
(RoCE) 1 internet Wide-area RDMA Protocol
GWARP). 3 = Fft £ A #R i 2 8 18 S, Hop, 1B
o0 265 155 11 & JH 1100 190 4% I DO » DRSE 7 25 531 R i T
e+ A G B 8 AR AR i Tz N T R R RE AR
i RoCE #1 iWARP 2 2 T LK M i) RDMA
FOAR AT LA 30 18 AR 9 52 e L o (H 75 206 %
A RDMA MR 752 iz o 2 B2 TCP #y
WA BRI iWARP P 8 R & RoCEY, H G, h T
MR AS FVE BE » B bl A R RDMA AR
K £ & RoCE Wpidl.

H Al o3 A AL A% 2% 2 HE 2 P i ] RDMA J8
{9 7 AT LA 4r Wi, IB Verbs Al GPU Direct
RDMA(GDR). X F GPU @ {55 . §i & 5 2 S 4 B
W GPU A5 DL 2] LN AF . S8 )5 58 RDMA
FEA A fi 0k s T WL A7 X i GPU W i 226 %
i EHLNAEEE U 5] GPU 877, Mtk 2 F GDR |
oy GPU 424t 7 B U5 0] % i GPU W A7 1 e J7 . A
/b T GPU 38 {5 i B b & #5 DU A% ok % 1
AR AR HE— 5 BEAR. Y1 S M AR R e
416 Ht GPU £ 2L K &, 45 b T TensorFlow
H R Y LT TCP i 3d {5 Jr 2UR Yahoo 24 H 42 Hh
3T 1B Verbs 193815 7X@ GDR 1] L) 43 51K 3
) 0 I 538 B i v 2. 43 AR 1. 21 A

Shi & N & B S B[R] 20 o A5 v /N ROST B B 1 9
T i 2> T B i SR B RRAR L DR T 2 A R A
el /N R B EEN L — R B, AR 4 /N MY
Kot FOmAE T4

T(M) =a+ M €D)
Forbva WS SEIR L b S 12 iy B2 R /N B a4 4% i o
6], FTRA 30, MO/ o 3 30T i o b B R RIS
F AR AR, W 8 FrR 2NN ER GG
T AT A% fan F AR 2 B VR 0 A RO (H A 23 3 OB B
ST e S 28 5 B B I [A) AT 2 Wi A% s AT R IR

@ RoCE vs. iWARP Competitive Analysis. https: //www.
mellanox. com/related-docs/whitepapers/WP _ RoCE _ vs _
iWARP. pdf, 2017, 2

@ TensorFlow on Spark. https://github. com/yahoo/ Tensor-
FlowOnSpark, 2017,2,5
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THECRE AR PO B R A S T LR A T A
X3 A1 FCHL & 2 > YNGR 4 B U ok X A R A el A8
I 4Rt MG-WEBP SRR i e (2R 5 07 8. S5 6
LRI AE 8 1 RIREE R AR L T IO S 1 B B )
fledl WEBP Hl S i 3153 5 e K B A i B 2R 5 1
kX WAk 75 58 MG- WEBP a4 3 1) 3 | 25 2 2
BIF 1. 2~1. 36 14,

wrmaE 1] 2 3 14

ST [ 4 32 1

e 4 | 3 j2]1]
e Vo

Py e i)

B8 MG-WFBP %45 ihn &

NVLink® J& GPU J R Nvidia #f H} it — Fh 2
L ILEF I B REE7E £ GPU Z [ LI & GPU
5 CPU Z |a] 52 B4 i 7 B BE. 2016 4F, Nvidia & fii
TS #, NVLink (19 P100 GPU, % [ 45 5% ik 3
160 GB/s, #124 F PCle Gen3 X 16 #5511 5 5. 2017
4F, Nvidia &4 19 V100 GPU | fif#% # % NVLink
2.0 Af LK GPU Bn)afy 5 ik — 2 42 T+ 2 300 GB/s.
2020 4%, Nvidia % #i i) A100 GPU I Jif # 2% 1
NVLink 3. 0 ¥ EHON 6 #2722 12, B fE o ik
#] 600 GB/s, JL-F- M 4 T PCle Gen4 X 16 47 % 1Y
10 fi5. NVLink 58 0] DL B2 8 155 1) GG B, 207
2 GPU F1 CPU S8 {1 ¥ S F¢. H AT . L IBM Power
ZY B H 4y CPU 324 NVLink.

Nvidia ¥ FF &% T £ 4 {Z )% Nvidia Collective
Communications Library(NCCL) @, 1] D/ 7E £ GPU
DL 2 FEHL1R] 52 BE 80 ) 4 A3 . NCCL & B AR
AL FNFEZ T MPI, 2 4L T allgather, reduce, broadcast
GGG RE. I H AR GPU BB A RE
77,7 LAFE PCle NVLink ,RDMA |- 52 31 4 /&5 14 i
FH L. NCCL 1. 0 fRAN Xl 2 R {5 . GPU
R Z a1 A] LAl 3k PCle NV Link {5 ; NCCL 2. 0 ik
AY T 2O 2 REAERE S AR AL E AT L i
TCP 5, RDMA 3 f5. #1 b T MPL. NCCL & N
Nvidia GPU B 1t 5 7 1 1) 4 G 38 15 i % 50080 it
B AL 55 T & A U7 0] 55 20 750 1A AR 47 i A 2
I AT LR e 2 i oE {5 PR BE. Nvidia B J7 42 4 /9 %
P O WoR L FE 32 1 UM L T NCCL By 3t 3]
s 2Pk e 2 MPT i 1. 95 1§,

TE A5 1T BR R 29 B2 A 1), 5 2 0RUE T A 19 i 4%
HECAEL [ P9 TP %o A 780 2 B3 3k 47 (] 25 o 45 0] AT o e
HES. Horovod ™™ 3% F 32 M 207 06 A iE 2 B[] A
IR 1 — P - A B 9 Ca) T 718 o A 1 TR K A L 755 [

HHSED EA5 kLG EFRE, EHERBCES A
AR AR 2 R 1 2 B0 ] 25 1 SR L 6 3 S i A 35 SR
A RGP R E S EID /4 A A
HERR. R B DR A 4 IR L B e BRI 3 7 A B
) S U 64T TR 25 30T DA 42 JR) — B0k, D
b FE A B 1 SR AR B B ] MPT_Gather
R G ST R B B ffi ] MPI_Beast £ 45
A TR B T R RUASE Y 1 T 3 T B P R
BLH A P BB W7 B R O T 233X — [A) {8, Laanait
SE SR TR B s AL bitAllReduce .
WE 9 Frow iz AL & P B A A B[R]
280 1D e Ak 0 1L K J5 R MPI_ Allreduce
AR A LR AE T A I D B R 1) 6 AN [ AR B Y
AL AT FL L DT AR B A AT — 25 1] 58 i S AT
A UL AE AR 1024 7 SRS TR IR & L f
M bitAllReduce If B4 JEAF 29 NCCL # 2 1.
H Hi bitAllReduce #Liil B 2 8 % i 2| Horovod i@
15 P,

FiFE0 EREL
WOk (P, PP |~ | kP, PP,
/MPLGather

ﬂ:ﬁ,{O:{Pz,PO,PI}
“\14P,, P,,P,)
VUSSR
Wiz {P,, Py} 1»MPI_Beast>| MWif: {P,, P}
(a) “WiBBEb R HLHI
ERiZ ) MR
Wk (P,, P,, P, ifk: (P,, P, P,)
ViEk VL
fiE:[1110] |~ Al d/ frE:[1011]
i 1010) [MPLAlrdwel 11 010]
VAL Vi
ﬂFﬂ]W_: <Pza PU> l]ru]F\Z: <Pz’ Po>
(b) “HLB Bt i MLl
B9 ZEIR 6y i

IR GPU A [u] AT LAAF 72 2 Fh i {5 18 38 . 40
PCle ,NVLink Ll &% RDMA £, {H & NCCL AL &
P GPU A (] 3 23 5% T — b di o 45 14 3 15 36 3
JCVEFE 3 MR A B T8 . R JIG 1 A S b R A
A AN AT 55 8 B 2 i R — AT 55 6 9 GPU
22 B P S ¥ 1 {5 T O

Bt Xk — ] L, Wang 558 A48 1 0] LA SE 20 A
A GPU [a] Jir 4 19 5] ¥ / S5 49 50 8 A% i 3 G 19 %04

e

NVLink and NVSwitch. https://www. nvidia. com/en-us/
data-center/nvlink/, 2020

Nvidia NCCL. https://developer. nvidia. com/nccl, 2020
NCCL 2.0 report. https://on-demand. gputechconf. com/
gte/2017/presentation/s7155-jeaugey-nccl. pdf, 2017
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A J7 % Blink™™. B 5. Blink T8 Tk 72 %
PR SRR 20 A o fof P A BSOS SR A S 2 B ) 40 2 A
T 5 B B L 240 A v A T 1) R — 2% AR 5 o PR
] A £ R 1 ) A s HL s A X S A S
Blink A LR 8 38 14977 58 22 57 0 A [7] 3 £ e 5
P8 530 1 i L A9) 2 A AR 9 K 2 AT S 381 g 165 1)
FHF A {5 3838 19 B Y. SCH X fdE ] NV Link il
PCle #4754 1% $2 9 GPU [a] 3 £ & ik ok £330 3

o1 F NVLink RAEFE GPU [P i 3h 2Ui% 4% . NCCL

2. 0 {LRefd H PCle i@ & , i Blink 7] DL 55 5 F H
A 3 IE . TR Ak A 4. 8 GB/ s $2 3 26. 4 GB/s.
4.2 MAEE

Bt % 7T 2 AR A HAL Y &R B 5T N BT IR R R
UK 2 B0 R 2 BE MR 55 48 % 6 21 S8 e bl , A i
R 5 2 B0 1Y R HE 1A 5 R Ak E R
/R 45 A5 RO i 0 BT B AR P R AR
& b B E WA R A S A] g AR RS L B SR B
W0 P 5 A I e 20T I & DA PR

(D LA R AR SERAEDREN
B0 A TS T B 5 T B 1 ST YL AL 2 )
RO LATE S RAE R (Y L SR T AT AT 2 i 58 e LAY
SR RS N B BB L A AT g R A LB R
RFTRBR TS B UL, 1] 4 B2 A8 H ML TG 1 B 4 T A A
IS GRS SN

(2) ML A7t 25 6] A B, — 7 1 o DA 8 it
e | R RN U &R (N N
24 2R A 147 07 X BERT 57 ) 2 45 [R) 45
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Background

With the great success made by machine learning in a
wide range of applications, distributed machine learning
training has become an increasingly important workload in
data centers recently. Distributed machine learning makes it
possible to train complex machine learning models with big
data in an acceptable time by distributing a training job to
multiple computing nodes.  Unfortunately, distributed
machine learning comes with a price. The high volume of
communication among computing nodes can make the
scalability of a distributed machine learning system very
poor. There have been a large body of research work on
performance optimization of distributed machine learning
system both in academia and in industry. This paper conducts

a survey study on the research progress of on the network

performance optimization of distributed machine learning
system, including parameter synchronization algorithms
optimization, communication efficiency improvement, parallelism
architecture and network topology design, etc. Then a
comparison of these proposed schemes is made. Finally, the
future research trends in this area are discussed.
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