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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 over-
head of network communication among computing nodes has an important impact on the scalability of distri-
buted machine learning systems in practice. Therefore, optimizing the network performance of distributed ma-
chine 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 sys-
tems: (1) machine learning models are becoming more and more complicated, and the number of model parame-
ters continues to increase; (2) more and more computing power is required to train the complicated models,
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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
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 bisec-
tion-bandwidth network topologies; (3) improving communication 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 adopt the same fundamental ways to demonstrate their im-
provements 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 ma-
chine 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 train-
ing sample or a complete model layer. (3) improving the efficiency in multiplexing network resources in mul-
ti-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 distri-
buted machine learning, such as switches with ultra-low forwarding delay, integration of GPU and network in-
terface card, will also become a research hotspot in the future.

Key words distributed machine learning system; network optimization; parameter synchronization; communi-
cation scheduling; in-network aggregation
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Mellanox 2~ w42 I o] 47 @ 43 |2 5 & AR

..................

[ e etelstetelsetetsltatate

ey

|23 S pepepepepepepupepepepepepepepupepupepepepupe N ey pupepepepepepupepepepupepuppeppep Y

& 10 SwitchML M4 58 & it 72

#3i (Scalable Hierarchical Aggregation Protocol,
SHARP) H AR Vil i #4518 45 75 2210 TF SR AR AN
CPU #HIEEAZ ML T MPI #AE R PERE .
SHARP BRI & F 0 L7 iz ds (FPUD
SERGTH I . AT SHARPvL, SHARPV2 %
MRARETTA, fEm Vi EA R ). SHARP
FiRZIET IB MR, BRth, Jis Sl
KEEIRJZ M 2%, ok B3 TARE UK. k4t
BT EIRIERE LR ASIC O H BARAEVS SR A B
R, AT ZOEACH R 2 2 T BRI

B T ¥ 28O A B TE SRR A ) 3R S el
Gb, IE] LLER S U 55 A 2% A5 RE .
Parameter Hub™/ii Fi] PBox 444 Jy LA HIAE (1 2
HURS ARt m et RIS I I AE It RE, R
HeMUERE 58 B AR . PBox [ H bR 2 VCEE 10 7
AN T EEMEHRER RS, S5
Jik 55 45 K N AE LI 71 95 9 120GBYs, BRI AT BAAE
1 10 5k 56Gbps 45122 Bk 55 4% 5 5 bl
AT, MM-FH5 10 S AN A7 o B 1 A
FRUCEC AN, 3 75 2N e 78 73 ) F = A )
{5/ . Ak, PBox XA chunk-to-core FmkEf
B LB 1D, $ P 5P -R A CPU #4485,
£— MR RS T3 (41 RDMA 8 A5 1Y
completion queue 1 queue pair) R <:—4> CPU
s, MIORIEEE 5 e, 0 4 s A% Ui P
fRE[E PERE . PBox b4 BE MR 34T 19
Eiit. MEZ ML EHATIIZAES B, PBox
KD B S 2L N =0

@ Mellanox SHARP. https://cn.mellanox.com/products/sharp. 2020
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14 W H ¥l ¥ i

1 FAHLZENE PBox HiZNEENITE T
V2 BB FE AT I AL

2)  PBox ¥ RS IS A AL AL S A gk
IR, FETh A = 5 58T s

3) HFAWIZEANK PBox KiZ%4s ik 5
TER TR, e MR S50 #%
EHBE NI ETE TAEE .

VEF I B AR I, 24 ToR AL
AT LRy 2: 1 B, AHEE T 200 NS HR %5 2%
BEK, BALAS T Parameter Hub 7] LKl 2575
P15 26%. [F] SwitchML —#¥, Parameter Hub 7%
A E T SSP AT ASP %5 4P 184S 7 AT 588 11X
1T AR Parameter Hub 75 Z R B LRIEA R TIEH
A% P R [F]I £13K PBox 1 A, BA7R 43 FI
LEAF1ERE, (HJE Parameter Hub ' PBox R %5 45 H
TR B AERAE R B G BE o BRI, AH LG T
SwitchML 1 SHARP ki, Parameter Hub " J& 31|
SSP 1 ASP 25 57 25 1| 547 53¢ R A B AH X A1

N

& 11 PBox %44

4.3 1RBIEYE

B H 27 2 480 1 B2 B S B 4 5 kAT A%
BTk 27 BUR T DR R ek i 1 2 e
B, (HERRS FEAE A ot PRAG,  BP 3 R 4
A X T BRI G S 52
Bggm, DA, BTV R DL 2 I 4R
ORI RSt R B — R IR E . B 12 fEoR
TR LAY 4 07 2 4K (Quantization)
Fi#siEitk (Sparsification).

—RROR UL, IS E R LR 32 R A
W ERF R —AToE, a7 i A
B ROk R R — ook, MiEmrTR
AN S R A B AR A . B, X —ATEARA
[1024, 1024, 10241124, i ARG LRI, H

K/ AGBytes, Mifd F 16 FURFI RS BE SRR R,
FOR/NTT A 4 —F o SCHR[SA1IE B T TER LR
AT AT BB TR BT, X P B A R 4 T
g AT PAORUE A AL A S5

BATCE b
FH32LLA
i - I

(a) JRiESHus R

BATCER N
FH4LLHs

(b) EtbZHHE

TATLE G
FH32EL 4
(c) itk sHg
K 12 AR R 45 7 20 B

1-Bit SGDP* K iy Bk FE 45 3#EAT 1 1 L i
th, KRR TSRS REE MR E. A
TSRS NIR 2%, 5 Delta-Sigma 181 13
K, 1-Bit SGD TE¥ 15 L AT R AL 2 R A7 LR &
A NIRZE, HRZRZRNN — 8 A2
T BERHIN IS PR T R P AT 24k

G'(6")=Q(Gi(0") +A:i(0") ®)

AE)=G()-QHG(@)  ®
ot = 6t + n % i qu (Ht) (M

i=1
b, QI TAEHT & i FIIBREE G i
TR, 0N t I ZIER S, fE40
BUHESE, G (6") HIK/NRHE G(0") 1 1/32,
FRREARIEVR ARt THNEAET - O NN N e
HE, AL Switchboard & F iR A £4: I,
1-Bit SGD "Rl ZRik BE4& T 10 %, EAF U
&, HTRZE A STE G TR RE S AT 5 5
X BE AT AM, BHEHEHR LW RN A4
WA, Kk, 1-Bit SGD tHA] DL A2 5 —Fi
T S 14507 X 1-Bit SGD 78 HiAhdz 5 T 2

R SATI AR A B UF B
Alistarh %5 A 73BT 1 3845 £ e 46 72 B A S
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RSGEEZ MM KR, FHETHEHRT
Quantized SGD (QSGD) P¥, QSGD A R £ —Fil
EU A, MR —RIENEGEF L. HHZE
AT DB R UGS AR BT A S 8 1) LR % QSGD
PREAFENT: 4EdE 0 S8 M=, XHH
ME—TmR G, HEWZEMERN
Q.(8) =6l sgn(8)<& (6,5) ®)
Hrp, Qo( ) FmEALIIN A s I E4a R 4L,
sgn( ) NS L &(0,) NBENLAR R, HiE X
mr. mRw0o<l<s, H | AEEH, B4
G|/ 61 /s,(+1)/s] . [I/s,(1+1)/s] 3k
2|6 1| Ol A X I, HAAREE T

4l

I 3221 —
£ (0.5) = /s, MEERL p(”g||2 ,S) ©
(I+D)s, 75 0

X, |6 Fm 6 mKE, pas)=as—I,
ae[0,1]. HhIb LS R 4 2 5 45 R 2
TPER 226 vk, IF RS G 2 50 S i E
AR 0 TE R HHUR AL s(s++/n)), Hrd, n
NEHI R TR SR,

YEZAE ImageNet®™ F1 CIFAR-10C814%5 45 4=
Vb T QSGD X B 4 KA AL B AR . S
IGLE L, EfF] 16 Bk GPU Il%k AlexNet fi
RURF, f8TFH QSGD mJ LAyl 75% i8S I (7], [
ISP ABE TR ST S5 8] 7T FAG 60%. BN, 1R tXHE
HIRHIAE T QSGD M InE AR AT TV, A
RSO LRI $2m 2.7 5. A1 1-Bit SGD ALk,
QSGD tEREH AL, JLIHZTEZ ResNet Al
Inception G EH L2 IAHZE ML, QSGD 1)
AT AL . sk, AT 1-Bit SGD, QSGD
TEFNEGEN TR EMRZE, FINHENAT
[a]

AR F R T, Fs A ) i i A
B S H B RO AR LR AN, R
IR TR S AR R RE—8 — ek,
BEE B T USSR, 2 BRRbE 2 R B R R
Wika T 0, IXU RS /IR FE (R B R i Sl
FERZMZE AN S KB B . Rk, AnE—#il
5 A% X e /N ER B . 4T DA 3R TR R 9 [1024,
1024, 102411250, #HH A 0% TR {H
JERE/N, UR s g Ak 7 20T DK A s =
45 % 0.4GBytes. ML WL, MLLFEMTTR,

BT 2 It .

B L, N TR AL, H
B — NSRBI 6 . R YRR AR
INT O, NP HES, B0, f#EEeEP, X
b B AT 1 7 vk EAA TR R, (R ERNME A
AT BE A2 BT 22 F0REAS XSHZ 4E B A 2 T 2
1, g 17 A DB v e 3 B0 % 4 R I 5 K .
Langford %% A 7E 2009 4F 4% H 7 4 W B iF v
(Truncated Gradient) %1, DLgis faj 24 7 O AS
JB o BRWTRL BEVATERR RS BE I B g, BRELY
BME O LL s, BE S —ABE o . B
BEEOMEEAKNTaS5 0 IEME, MLEEHESE
o WIZEAERTEH, BN, 0 KE 8. XA, Al
T FE VA F AN S HOR A T R AR B . P AME R
K, WERRRFR BT . 7 S AR DT v AN A T s B v (1 X
S 13 frs:

To(x,0)
-0
/ 0 x

(a) fRIFPARITIE

(b) #TRE L%
K13 [A 5 BB AR AL T 1%

X R FH [ 5 R0 (L PRI RR AL 7 V2 R R S E T
T EEIAE R BE . SR, TR AR SRR
BB A 2R, AESEPRUIZRET, RS X e
(RS 2R R )1 5 PR 5 32 B ) 0 1 B . ok I e
fE4h, JRTT LR 3h 2 B A J7 RV, B Top-k
Wi B S o

Dreden %5 AR 4 19155 ¢ 5 1045 4 EL A1k o
EREA SRR, e, KT IER
EECE /N T FURME B G AL, R L
R B2 2> LE B i (s AR g AR 2 B A I
E AL ZEE P DURIE R 46 L3R 1EE o A
5 NSHZSEHAT 7 B, — ANt bR
KA EFAFABIME: a0 A B 1 40 HE K
TZEE, W S, B k. it
B AN [ A6 B () RBEAS TR D 1) A, Aji S A H
i FJZIH—4k (layer normalization) 753 KIH—
AN IEI R B2 AT DA 4 R R PR R

BRHH BE AT 4 R4 4k, ST DL R 4. SR
ifi, Top-k Wby, AS[E TAESE otk B 7
TALEIERRE, 5 FEURR TAE & IR R
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ZERRK. XFE, TEB—REART, WEHNS
HHEILT S TEHESERIEL. B m AT
Ve, EATAEEMOI MR k M6, HE=
PN TAEZ R B IRh E8 5e AN, W2 k*m
NS H . IR L, 7R KB ZRE
JUFITE IS 20, Ik s TIEE
FUBET R R . R AL, SEOR R
2R . Shi 2 AN H gTop-k SRR b
SEMTERRE R AL R BB, IS5
ik 55 % 2 TAE 3 00 & A O(k*m)  FF ik 2
O(k*logm).

AR BT S T PG A sk — 2P
Fitt st & . SBC (Sparse Binary Compression)
ST S R AR R L) p 7 H B K I
BEEE, SR 5 KX B 1 53 Dy TEAF B2 AR RN Sk EE AR
o BRAGIEFIME g FAFIME g o 5 IEF
BB g RTHCPEE ¢, WS ETE OB E
N0, FTEIEBEEE N u s B0, K HrE IR
FEEENO, A MBEMEEN u - X, R
FE R — AR EE AR O BREE IR 51 RITT .

SR, BERERSE, JUHEWEL, TR
K982 F3 A ML 38 25 20 U S5 e 2 1 3 A 2l
. UL SBC Sk, 6 1 R Ak ) R 4 2R T
ILF] 1/2363. SR, X FAERAINLES S IR,
X TR 27 S 1 o 5 M R R W S 1 75 78 40
4,

4.4 BIFHEE

o3 A HLAR - ) RGP kA B F] B 5
THEHE 9 B ()R8 A5 FE 2R B (R AH DG AL, B2
ARG 2 MM E SRR . M ERAEE,
WLAS 5 B B R A 450 . 1t R IR,
I 1) T AR 4 R B N 2 B 2 1 O 1) 2
THEL, ISR | R R A RN i+ 2 15N
S TSI R T 4 HE A S 2 B N 2 1 7 TR
JETHE, R T AT AR R R S R i+l 2
P AR AR 22 SR B AR | R ST L IR
MBS IS, DA R L35 ST REAL R
% K M % F5 m k8 7 20 (Wait-Free
Back-Propagation, WFBP) 8 Fi, 5 i Ehhps
THE S8 RG] ASL BR[| A2, T J0 75 S5 A P A B
FEitEsE. gaitEdEmaGEdRERE, 35
[Fi) 245 P L R T 1) Y A 1) 2 O 1 4 A
& tetn, miETFEERIEAESE 1 ESHL X

SRR IR REA WD, HILSET
— R IEARI W AR T SRR R 2P SE A g
T RS RE . AR, N T AR T RN
W2 IS 2 T B AR, — L e oI
P S ED AR AT S WA, A
A R I 28 B

2019 4F, Hashemi i A Errort Reference source not
found. 3e8 3o K B Sz B8 7% 5 TensorFlow 25 37 194>
A0 AL 22 S HE AR [R5 S50 R 25 i v A e
B2 RMES, SEERINT AR, b
B2 E AL R 05 ik A [T >R 1 AN sE
AMAE G FEOTEGIERRIR 2, T HANE T/EH
SRIBZHIT A — 2, 2 FEOER G H A,
B, SRR S B 22 () T AR SOV& 5 &
Fofth TAE B ASA G HAH B 58 S A Re 468
—EIT .

BE— i, Hashemi 25 N\t B8 43 Hr & BA
ZHCHBL IR Ry NP e @, I A e KX
SR [R) G O B8 A5 R B 9% TIC AT (] AH ¢
FIEAS Bk TAC, FR4iFk N TicTac. TIC &
TE LIS 22 ST BRSBTS A ME—S N, T8
TR AT T, A5 30 8 AE AR T O
IEAE L, SRS F B 185 I B b 3 2
BRI NG P Ok B AR5 BR AR AT IR S . TAC B9
I ABRTT B, IR R FE I B TR
RETEFEFENEE, TAC Bkl Llit—Hiiik s
AL E . i 14, A 1B #ANEAE AR R BT
WA EAS B[R], TIC B0 £ BEHL 2 B AL
Jed, {2 TAC Bk 2 i e e 1 5
FEWHRAERT B M E SRR RS 2 H5Hk
BAERF A MESFEERIE AR B M.

BWRIER A

TR AL

HWRIER B T ERAERT2

14 TIC 1 TAC X 5

TicTac NEAEAEEHAERT 70 B —HE— B
FeRIT p, R KL ERAT 1B BRAVERF AT
TESETEN p MEERIERT . LIS LW, XF
T ResNet-101 %5 #17ff) DNN %, TicTac 7 LA
HE ISR ANHE I BE 43 ) 32 T 20% A0 37%. AT,
FHELT TIC 5%, TAC SEIHARFILH B B A1
REAREs, XU DN TR 2 B L e 5 ST AR Rk,
THEE O 4] DURAL 2 98 45 Bk SEEL 2 st
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IZHEREE . th4h, TicTac FrAd FH AL e g BE
FRAIE SR, B, SRS R R
KA, IR SHEEECLmes, kK
%, S i O 4 VR TR B

5 TicTac [, Jayarajan 45 A HiE = 3|S5
() 22 FRI IR AN 2225 R AR R I, B 2258
ESHUEFERINT, JHH TR TR S5
i gy pafrrort Reference source notfound. o3 1) St E ok
ERSEERD S T, & SBRERARET.
K 15(a) /@~ T — A 3 ESH0UK DNN B )
SHFEDERE . BRI SRS S 5
A By AR HE [ s R R A 20, SOULASE P 4R FE 1Y
S RS, 1EEE 3 BRI URAE AT DA R B AR TH 5
B AR )7 B8 TR, NI BRI SBR[

BEFSHUIAMER, P NEANSEY A
B — MRS Ban TR AR R, R
Jedpidie, JFHR— 2S00 B A MEFER L
Do FHAERBI S ARV 5 U AR Se 2%
FAZ1, P3 M A B S 0 e i (R S 80U it AT T
o BT ARRR RIS A G Ak ) g,
XFE, B SR e R S50 gk A e A
A, w2 R HEER— MY LR R, M
MEELRIE TR et st e e 24, T LAETS
s e RS H R g S5, B4 5 =R
£,

LN

0i11213141516171819110111
1 1 1 1 1 1 1

B LIERE O %05 @ ks
(@) JEhifE
5]
e
0111213141516171819110111

2,

LZ,Z : :
Lpg| 0 1 i
Ly

@ JOEBE O 40y @ EksH

(b) VIFHLSE
Kl 15 4R FER

E 4 FEER MRS RERY, T
VGG-19 A, P3 il Xt SEY) A k478 B el

© L, TR | B RIS | MY

W SR 49%, I H M H BT 56 . 30Gbps
FEA 2] 15Gbps J&, P3 FlARHE A AL a2 21
SRR RE 22 S it — DR K 3 66%. 75 2l ]
B2, VIR RN TN Gk FE A A BRI .
BEE DI RLEEAR N, il S S HmT USE A i)
B tEH, L% TR AT DL S i se xR H . SR
M, NS ET R 2SBS0 MRS TT
WitE, HRMERSEY) ARG . 1E
Il SIS B A Y] RN I Z56HE 2 50000,

P3 K45 k-5 75 7 7 RS e o 2R R
R R RER AR SET F, EiFiERE
HEWENZ AR I FINA 2L RKIE T NS
B . 1z BT ULRIE R e w500
ST AE G, AH S 2 N 2 T B KR 9 BTN
XA, ByteScheduler®$2 i T T credit ({136
R BLNEshE O, credit BT RIEZANS
B JG T S AR AN, TR B SORE AR 4
KIS EY) R BT T IRW. G, 4 =
B P~ Par HABEMIKT G 2 py LEH
FERIET, Po~ P3~ Pa KIREEZE . 457 credit A 2,
MY p, wiegmr, BIAE p 5EA&S, p, Al BASZ
2B, B, ARRIBT A pL-> P> Pa-> P3s
#r credit v 1, BP A5 ik-5547 5, WRAE M py
AR A A S5, I, AR5
A Pi->Pa->P3->Pso HERT W, BOKH credit
BRI DM S A %, (Ha B gt
b B R4 . ByteScheduler 4 credit A1) A K/
TERMARGSHL, FFAE R DUt A S02ox
HATRAL, DR AR B Zhtk e . b 4b,
ByteScheduler & 55— T [a] i e 25 2 FibL 2% 7 SJ HE
ZERZHY R B DL S AR i L) A . SEEe 25
REW, EMERZTZMAET, MET P3,
ByteScheduler %t VGG-16 Z 1Y [l gkt GE4R TH
A £k 43%.

DA e {5 W B 5 2 38 TARAE v EALO, i
s il o3 A AL A8 2% 23 L [m) FEHL A I8 AS P U
&35 B S B0 7 RS IUEAE W . SR, FE 0 A
XSHIRS T, K E T RIER A
ZHURS 4 LSBT IRE . REA 2 A4
ANFERER I SE, HALT AR SER S 2575
R IR AU B T R BT R AR AN SN
I HEAE R, PR ek PRl A 5 S L 4
WeBlEmi e RS H . T IRIE SR RS EAEM
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2 o A] DABEAR S A% %, Wang 25 A\ T 425 5
(IS HOREE) %E Geryonl®, £S5 143 A7 s 88 2
ST HE B8 A AT 2 N R AR L — R R
Geryon FTHl 73X — PR, $&H7EAEE P silalay
DAL 2 26088, IR BB A F AR o
9, REMERA RN R EEER S Bk
Kihi, Geryon B SCARYESET AL A B oS

DR NREE . BBOZERIE L 2, W R
SHME SR L. )5, EdESEREN

SH AN RS2, teln, fEFRPAIC e 2%
R, HESERMEN 0.6, MEAENOT NS
Bl S mit e, W, %S N1
P R e g

Geryon J& 55 — A S E0R B AL VIR 1
TAE. REET ZEA LT A

D . REHMK & O
S E Cstrict priority), B AT DASRE s 55 A
3 (work-conservation), X A] LAMRIE &6 %5
T LA S B e R

2) ARLE. WOHEEE DR A (1KB)
BN 0 /N AL, /N T 2500 R K
(200KB). HEZEREZ, ¥SHIFH N2 M
A B W 2 AN B ALE o S 5 4R T Lol i
LSO/LRO S5 Rl EN a AR TE R, KKFE T M
ik

3D AW RIARHE B bR X dh
ANBIEA RS, Bk, TCie2 et
SEAEATHHLM, 35T DUIE T 26 Sbr 285 0 HHis £
HEATUREE, NI JRE S 1 o 0 R B 7 b 40 N
DR 28 5 TGV A0 1 ) 1) R

£ 8 &5 GPU H4s#s Lsniast KW, 78
10G M4, Geryon AR A sC R0 AR
PR A 95%. M2 T, FRUER) TensorFlow 73 Af
KINGNA AL 40%HT AR . 7ok, Sl
T RPN EL LIS e R T Geryon [P RE LT
ANZ Y KN g2 e, T s 0 R B2 7 S A 1k e )
B8 1 RT3/ N 8 PRI

AR, A THEAENLA Y o) AU O AR SR
WA . SR, SRR S O A LA
)RR IE AT R T AR A . BA GPU A
i, S KA A L2 ) SRR U, ATt
PRATEE K, P23 — GPU Mty A4
TR R A SRR S At 3 B — A% GPU
HATRGEY %, W FHEAANEE RN 2

R GPU FEAFHIBL G AL KA &5 27 S SRR b+
Iy W A AN R RE B SR B A SR BEAT A0 AT
AL TR, ARMERE AT AU A 25
FINEE . X IX— ] @, Wang 55 A$&H T 1 m) 3%k
ARIFI A 7 FH 0 i (0 30 R 3 7 %€ CEFSI,

— ROk YL, ARG R T S LR /ME
P A0 5 R 1] B e KA A R4 e i B0 v
HBR. SR, 72 LA B a8 ST 2o R
FEEARFRE R, AR LR bR I A IR I
ZRIERERIHRTT . CEFS #R Y, X170 A1 sl as 2 >
IR, W R B ARBLZ S B M TSR BEIE Y PR
B IE], T s KRR SRt fE . A 16 BT
N, —J7MH, CEFS fEIHERSSH, (iR T
PEH# AT UL R IT 461+ 5 55 —J7 1, CEFS
P BE AR L RE TS A, AR IR AR T A BT SR
FE IS ) fe/ME, T A RG22 i HOR) B AP RE Y
. XEE, X TAE—Z%, KRR R
SR AL, JEHR T H BT SRR RE. CEFS
K DU AR SR o A S B e 2%, JF
K 2GR 7 FUN SR D B AN RF 5 R 0 73 e 45
Ro ZHAAFMMAZRR: 1 XME—ATS, i
HRE R 2EZHINERMET BIRE 2 EZES
g 2) XFE—NSH, pEABIRIER
TR RS AR T B m PR RE T RSB
CiD mimmit [ ]| wizsuien

D BRI Bz

0

1 3]2[1)

(C)Z R B AN s TR
K 16 CEFS AR~ =K

£16 5 74 GPU ik 55 & b S 45 SRR,
HHEE T A5 7ER TensorFlow £l ByteScheduler, CEFS
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A3 R GR A 3 T+ 218 253% A1 47%. CEFS
ZFTCARES A B m ke, R EAE T HAE
U HARAIE S BUE T . BIan, 2k R AL,
CEFS IS4 E L ¥ B4 57, T TensorFlow £l
ByteScheduler 143724 300 A1 126. tt4k, ST
VGG-19 %4 i DNN #5784, Dinf iR fb ke &
b 10 #AAGENSE, AT AR 1)1 R FE i
o

AFE T HARRA T T, BARSEORE AT
PATE REAS S B US Sk, SOTE TR B R 2 T
PTHTEE b A ANLAR - TRk, (HF
FLARI A2, DA bl i S 00 R g o A 2L
A5 2GR 5 e 5 0 A 2 ) oE A e —
SEMER . MiHEAES ol m e R, B
X SHGEATA R, WIoik B E A
WBEMESREE, Wk SeE iR ZRMRE .
filtun, 76 M2 BB %N 1Gbps B, P3 AlbRE)
MXNet 7347 20 LA HH IR ERE, BRIy @
(G ) L KU S ) f kel O, S %
A P S FH 32 55300 42 52 30— 52 PR 7

5 FITHAMIL

 ESCRTIA, R IEAT R R T R AN A
B o A ML 22 ST N7 =0 X T3 47K
U, A T 3 Bk B AN [F R AR 2 4R
Wy KT RAIEAT UL, SRR SRR
K — AR SRR, e AR E T
B o IR SRR /N T (AR R B
G HAT AR RIBE TR BN R, BERIEAT
BIEAE TR T /N e BRI, X ABE 2R Al Y i — Fob
HAT 7, ATRETICIEIS BRI 2Rt fe . DAL,
— e TSR RS R AT KIS TS
3, kR AT R AR SR T 43 A 2l SRtk
fEo

LA W 2% F B H AR &R
B, HXHMIEEEE 2R KRS BRE
ZHAE BTSRRI GRFEIRT 10%),
HFTFERENITE CEE ST 90%), 4=
W AR 2 BETFIX— W%, Stanzal 42 HiK 35
MZMAeERZ NN ZEE QLB 17): R

© CEFS i &L B M & 233k AR RGUT AR SRR 2
(225t LRyt S v SRR R I S L I R BE RS 2 Al

T A UEHE AT T NG ERE, #
ARI/INES 3 TH A DU IR A7 10 77 s SR A
B2 o IXREAR IR AR R AR G A A TR I A
B2 SR AR A AR A TSR R, K
> T SRS R R R R . [, B
ERAER BB AT . — R, SRS
HRUZ R RN, EBRETHEAT A
e e DR EIR e e el i e K7 1 I
HZ5t—1—x Z1@EE7T R, SINRIEE R
P/ Bhah, BRUZSEIFR DT A SR E
SRR ESK, B B4 SR A .
N T HE ST R RN A B T ST R
&, Stanza #O7 T HERERLAY, DURKALIIZRAEnE
A B bR, TR A ) AT R A

YE# 1% ] Nvidia Tesla V100 GPU 7£ 10G 7 %&
BRI ORI, BEE T AR R,
Stanza #H LT S HUIR 55 2% 24 (1) 1 RE S T ok Bk
B, TF 10 AT, Stanza AT 23RS
AR M BEEE T ik 13.9 £i%.

| B
A i
1
1
I

Wi

BRUZI
I

mgiger [

17 Stanza Il g~ & &

Geng & AN IFS 4. GPU AR f1#k1%
7. V&I HEERRCL 11O ¥ S 5 AN X 4L
P IEAT AR I AT HEAT ™), 4534 T LA R 4548
ESEIIHA /O ¥t Jr i, HlE 347 5 2R
Hy EHATH, BRIATEA RS Bk
U, TR N A TR TR E R A A
A, DRI B i It Re s ir . MHELZ R, BiALIE
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a comparison of these proposed schemes is made. Finally, the
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