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Abstract: Traditionally, Messaée Passing Interface (MPI) runtimes have been designed for clusters with a large number
of nodes. However,‘wffh the advent of MPI+CUDA applications and GPU clusters with a relatively smaller number of
nodes, efficient communication schemes need to be designed for such systems. This coupled with new application
workloads brought forward by Deep Learning (DL) frameworks like Caffe and Microsoft Cognitive Toolkit (CNTK) pose
additional design constraints due to very large message communication of GPU buffers during the training phase. In this
context, special-purpose libraries like NVIDIA NCCL have emerged to deal with DL workloads. In this study, we address
these new challenges for MPI runtimes and propose two new designs to deal with them: (1) a Pipelined Chain (PC) design

for MPI_Bcast that provides efficient intra- and inter-node communication of GPU buffers, and (2) a Topology-Aware PC
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(TA-PC) design for systems with multiple GPUs to fully exploit all the available PCle links available within a multi-GPU
node. To highlight the benefits of proposed designs, we present the performance evaluation on three GPU clusters with
diverse characteristics: a dense multi-GPU system RX1, with a single K80 GPU card per node RX2, with a single P100
GPU per node RX3. The proposed designs offer up to 14x and 16.6x better performance than MPI+NCCL1 based
solutions for intra- and inter-node broadcast latency. we have enhanced the performance results by adding comparisons
for the proposed MPI Bcast designs as well as ncclBroadcast (NCCL2) design. We report up to 10x better performance

for small and medium message sizes and comparable performance for large message sizes. We also observed that the TA-

PC design is up to 50% better than the PC design for MPI Bcast to 64 GPUs. The results clearly highlight the strength of

the proposed solution both in terms of portability as well as performance.

%

Key words: deep learning; NCCL; MPI_Bcast; pipelined chain design; topology-aware; PCle links

AR, HLEE 5 ) IS T BRI R, 78 EIE ab 3
77 T, SR AT e A R R 2K 5 5 IR TR R
FEIT 3.5% BRI AER L, 12 N R 37K 1(5.1%);
75 ARV 25 A0Sy T, ok B S 4 e
F 47 28 L 28 PR A ) T 2018 SE4E ), BAK
A F S 7 [ P U BN ZRKF 1R BT 2 T
FH A 302w SR N T8 REAR Y, S0 R ke 11 3R o) 2
KB T L NVERIN K 78 1 372 B 45 H Al S0, R
BRIz i p AR, e A2 LA ST B,
DL & 441 25 /9 4% DNNs (Deep Neutral Networks) &
J& 5 N B N Tz, ER AR N 2% L4 SO TR
% AU I 2O BER 22— DATR BE 28 I 24 Dy B At
AR G4 T W BRI . BARE S AR AR,
DA E B A PR S 22 M8 2 ) AUk, RS NMT (Neural
Machine Translation)!25 J7 32 ({2, T % 5 & 530,

S b RAIHLAS 72 I HESRAE YR AC L Ab P 2 | B |

ST Al LI TR,

R FEE 28 0 205 1| 5 e AN T SR TR ] L, o
R P 220 X 4 o UM 5 R 25 B A 5 R D K,
45 11 B LI 25 0 B R RISz, ot 6 U1 6 1
g TR % 22 T 85 40 28 R 40 0 9 20T 09— K Bl L, ¥ %
AT T SE 42 1 T 75400 P 1k g T 52 HPC (High
Performance Computing) =& 15 7% Y5 >R fif 1R 18 5 o
22 ) 2401 25 TS B0 100 b S50 7 A 2t A, 1%
Caff'®, Tensorflow!”!, DA JZ CNTK™IX R [ 15 B 2% ST HE
mEABINT £ GPU. S5 AR AT B
RN fe, X — BRI AL T 4040 AL 3823 5
LT, 43 AL 5 STRF 90 10 IE 2 o R P - S0
ST 5 R MR AL 28 25 ST B0 L 3% 25 1 1 2 ST

2 T ife45ik Special Issue

Y

i)llé%‘ﬁ;ﬁﬁﬁﬂﬂﬁﬁﬁﬁ’ﬂﬁt%ﬁ&, XAER I grat FE
(YIRS A2 AR 1R, FLIR oA L A% 5 S A A Ab 38 Rk
P, FEOEEEIEEIR K, B & 2 A L8 2= 21
SRR OB A T R U AS WL, XS T MPI
XFEEE A0S, 75 3 T =E R B A, DR
SEURET ZE . =57 B8 HIEAE, 4R 48 K I ZRE ). X T
I3 A0 IR FE PR A I 245 I 25, B0 A R N BEAE,
T S R — RO 2R3, DNN workers 2 [8] 2
HEOFNHA FEE (1) 22 6 B s SR R IEAE Ak o) . A JLAR IR B
22 STHEZLIE I A8 MPT 3845 Ji 22 523043 A =0 ok i
PRI AN 1], 51511 CA-CNTK Mg ] CUDA-Aware MPI_
Beast #HATH A S HL 1) FRiEAE, %j@'?ﬁ&i?ﬁ%ﬂlﬂ i
all-to-all | #&IE . JRE 4 NCeL"™ix ff % A% GPU
é%/a\i%%&iﬁﬂ‘f’ﬁ%ﬁﬁ%%ﬁﬁﬁ%ﬁt%l‘tﬂ IR ZRSIEIDN
T ] @ NCCL AN SCRE MPL, PR th 75 4438 B i)
APL K S 380 R RR . 9 T v ik ] 4, H A
ST — S = ) MPT @A WL, M R AL TR
SN E 2 GPU 48 N A I, ARBS B S,
[FE, 7850 R FH MPL@E(E L, 347 740 IR B 42
28NS, AT 4 55 )1 2] 1]

EHIX — WA, AT TSR R Z 1
TRBES SIRESE, UL RS IRAT IR s 2 FEHL A, I
Ja T ET R AL

1 R TAE

FEAR AR SO, Lin 26 AR T —Fhm 20m)
BB, R TR BE 1 2 R IXFE (1) 1B (InfiniBand) 45
PE, 52X — WA TAE R A A, 38 T R H e o pL,
TR AI 4L MPI Bceast SR8 T 87 (K HESR 45 4,

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

20204F 55294 55 13

http://www.c-s-a.org.cn

i H AR SN A

Ak w3, Kandalla 55 A$&H T 7Eintel MIC (Many
Integrated Cores) ', i/t MPI broardcast A % reductions' .

UEAh, Awan 28 N T —FiEET 1B 28R #%
Wit TR B4 A1 DL (Deep Learning) M. Zhou
S NPT — Rt TR R R L. Barrett %5
NS T R AL S A% AT MPT ) B3 58 15 R R A Ak
T 25 P A" Awan 25 A\ 42 425 NCCL f) MPI_Bcast
B!, F IR B 2 3 4138, 82 NCCL MPI_Bcast I
P& BT BT 1 B BITE T, S5 A5 IR
5, AN B NCCL PA K A A0, 1 mT LA
MVAPICH2" & 471 J2, S8l MPI_Bcast 3815 1 A
LB AT NCCL 7K

Uber A& HEH 7 —Fh 8 T Tensorflow HEZE |E
¥ FF 5 4 & 3 15 B Horovod!"™), 1% 4 £ 3 (5 FE A A 34
R reduction #E R4 & 40 A ML AT &% ~] 1 2+GPU ]
{9382 4%, Anderson B T Fi7E SPARK |-
84y MPT A 23015 Pk T 1 777, Sony 24 7]
{8 FH—Ff 2D-Torus all-reduce £ & 15 KiFE 47 34 =X
DNN 125 is B  [FB 0 24 &l s ik ca & 7
TR % %% 2] JiE NNL (Neural Network Libraries)”' 151,

2 BT GPU MERERE

X, FEHSET GPU MEAREEN 3 4
J7TH: (1) GPU SEHF i1 & E B 1 2 A6, (2) 6T
TR BE 5 2] B R 7 (B 225K, CUDA-Aware MPI B 1%
AT kAT k. (3) JuRe g BRI 40 NVIDIA
NCCLP )4 3815 P AnAa] it Hhe i FE 2 2] AR 7k i)
@, A X FPEE T NCCL 9 MPT 3t HIBR 1.

2.1 GPU KR ZHM ,

HPC 4 B3 3047 5408 CPU % 1w P i 5
L, BB QTG BRARDE S TB A ey T A% i 1 2%, (B
E R STS GPU 1935 SR A W1 b, — LR 57
LG H) HPC O &M T GPU (—/MHHET AL E
1 ] 2 /> GPU). Bl E Cray A& K ITEHL CS-
Storm™®!, FA YT AL E 16 4 NVIDIA K-80 GPU,
GPU Z AR F AR ) PCle $h 45 M iE#:. IX PP R Gt
WL R AR B FH Bt 45 HPC & DL (Deep
Learning) M. H. 2 GPU RSt IR FE #1248 0 265 1)1 25
SRALL R b B sk ),

2.2 CUDA-Aware MPI
WY Ak, I HPC & 4iP% Cray CS-Storm #

ZATFEHL. SUMMIT? % R G #08 fl GPU #EAT 115
I, $2 H MPT 3247 PESCHF GPU [8) i i RCE A, 8
N ER R . AR R A, B T8k = GPU A7 HL# I
AR, MPI B F2 7 75 224 GPU H 1 £t & 1) 21 = 41
PWAF IR AE G P X o, SR A 0 85 R 2% A% . A
ENLEE MPI_Recv #FRIEI B 2 5, 25 B
IR AHACL i R £ R AN CPU AR %) GPU o, IX i f%
7 e KHEE M GPU 5 CPU B IR{E 8RS
7 H. i 1% OpenMPI™*, MVAPICH2-GDR" "X ¥ 1)
MPI FERES5 4t CUDA-Aware MPL BT, 525152 )%
8 1435 1 4 A, WATRRT LA S B T 7 O R P 0 14 5
23, CUDA-Aware MPI iZ 4TI X 3£ F GPU Fsixt
SIS IR T VP2 4RI, 31\ T 4% staging, SR,
CUDA IPC (Inter-Process Communication) PA &2 RDMA
(GPUDirect Remote Direct Memory Access) 25K, N
WA S E . AN, socket [H3g 3R, SRALREERE
FRIEAE. X T AEE3E M5, [FFERT UM H MPI_Beast, SRk
FFET GPU A7 1) HIIEAE, S8l — s S it
2.3 &T GPU WK AIEE NCCL

NCCL & 3T GPU &Sl E, LI 1HT
IRPE 2 2] TAEfE, NCCL 1) AP 143 KT MPI £
M, $#244t broadcast, all-gather, reduce, reduce-scatter, all-
reduce J#15 B 4L, H NCCL APT H /AL FF MPL, [A B
PR 8 B 47K 0 504 A ) ML, 10 NCCL
e S ERAE G ncclBoastOQs T A2 MPT iz ik i)
MPI_Bcast(), nccwchast BREOE R

ncclResult  t

' Iiccchast (void*buff, size t count,

ncclDataType_t datatype,

int root, ncclComm_t comm,

cudaStream_t stream)

KT NCCL API {5 2 4075 7] 25 WL ICHR[29], HER
Hiid, NCCL 1) 22 H br e NERF ) GPU S fibpiis
(A5 ST, AN Sk 35 3 R 2 2 ) B I R 00,
B ML GPU G E R, H AT 5EE 2] NCCL2
FRA, NCCL1 A R e T #9753 B2 GPU iC &
W8, H MBI GPU & #:4# A PCle B3 NVLink,
PR B AL e 1) wrap Z0OKLFEAR AL, ) o U 0] A1
CUDA (Compute Unified Device Architecture) P A% 4T
Hod i) S, M AEARE ) CUDA N A7 & il 48 4F 77 =X
A5 MPI A+ L, A& 1 52 B H bR BA KON P

Special Issue T iftZEik 3

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20204F #5294 5 1 1

B ARA 5. MPT 2R T SEBLEERE T A2 0 s el i)
AU AS M TE, NCCL WA &% %2 GPU R4uiM %
1F. NCCL FERIE — NI AR 9 NCCL1, AH G481
JUEARHY 22 35 A1 T AE GitHub 360 1455, NCCL2
(A DG4 H AT CFIR, FEASSCH, 8/ NCCL1 FE, LA
MPI+NCCLI" {15 S E 1 s P 3384, i F MPI %
HOSEILT AR B IEAE . WS AR 0 A FE SR U, MPI+
NCCL & —Fi 8 17772, © Re s fEhr e ) MPI R
O (W MPT_Beast()), A 7EJE )2, HEE LA+ 5%
)77 UM A NCCL, XM H 77 5 NCCL2 )
ncclBeast() i FH 584 AN ], Jo 2 A4 75 20 B AR P (1)
RAGFEAT R A B 24
2.4 NCCL £5% MPI K /SBR

1% MVAPICH2-GDR X #f] CUDA-Aware MPI
AT B+ R %, AT LLEE AR NCCL X FERIEE =77
PE AER R BT, 2ot AT NCCL f) MPI Beast"
HEAT VPO, P8 1 sy R RE S, Pl e T e 24
HE P B T BB e 4 5, BT M A o 0 K [
RFEF T 4 44 GPU W%, IR LRAERE T &
1. 2. 3. 4 [ FEEAE, B R RHEARRT 24 YA
GPU [f] (13815, FIH MVAPICH2 & 3015 105 245
PE, A S A NCCL, 5 s 2 1] 1 4 0
f# F CUDA-Aware [f)35i 5% diig 8 45 77 =K.

SN A
| N (RER)

I

I

I

I

I

|

\
\
1
1
1
~ e — —

BT T s ERER AT i NCCL T )2 RS54 18

MPI+NCCL I 5 75 s RE 42 4t R & 1) 18 15 1t
BELOL A R B A7 7 3 VF 2 PR, 0 0 B g R
NCCL communicator [} 5 J & 8, kA5 i1k g
T e 618 £ > NCCL communicator, 54t 1% A 2|

4 L ileL5ik Special Issue

GPU (135 %} ¥y U 1. 38 % 15 5L T, NCCL ££ i MP1 iz
AT I E BB TE AT R G E A%, B i U7 v R
%4 MPI_Bcast /E A #i NCCL f1E LR, 15 2H 24
B AR PERE, X — VA H AR, WA R
R EARBE, e 4RI HPC A48 1] I 2 Bk
U5 DR, f R Bk RO ZE A O L & E AT 52 T, 15
BIKFRVR B 5 2] TAE 512, PEREAR 5 MPI_Bcast |~
it

3 BRI A

$rH4ER, RTINS T B RIEHT R O 4K
#0422 BT GRU X BEHO sk B30I N, B4 5%
AP T SRR T AL, BB ) S
HEAT VP At It TR T B R B3, I GPU
AR T P L1 S S D 1 4 5225 4 B AT 8 2 £
R ZEIX— 3545, 4 JUR ST HR SR AT T A0,
FEFIC T HE A L fE S 1 b T S B —
R Kia=y

K1 i) RSB RIS

A g
M TERIEAR KN
c LAE NN
B R 0

Bpcre CPU Y5 GPU 4%t 1) PCle 33z vl FH5 58
n i AR GPU A
1, YIH A AL AT B ]

%
3.0 EATBEE

TS IR U R L) R SR, kR
FFET GPU 4 F Wi HEIGEER, B HRE
TR A48 B R T RS RZE AR ST i 89
Fl .

BT R E: M root HERE T LR R 0 B
A AT BERE 2SR B BN ] — AN 82 [ PR 4T O
Xt A7 R . A MPT AR, 255054 _E RIS MPL Send
F1MPIL_Recv I [RIFR I . SR 18] 5225 B A

T(Bcast Direct) = (n=1)x (ts + %) (1)

W T 2R RRE K AT 4 R, DL RN TA) 53 2% FEE o)
TR 0 PAH SR, FESEBR R, i BEAR A RH.

BEANEL: SEET AL A A root HERE
RAETH BANR, A, B> D 1
M, FERIR — N RER B R R M KA TT. o TR

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

20204F 55294 55 13

http://www.c-s-a.org.cn

i H AR SN A

MPI_Beast IXFA R s S G lAE, P12 HdE 2
N HIZ R EE, OF B9 MRS e s, X TR
TR ARG, B E R RGN, AR
B, 30 (2) #d Iz A R 2R

M
T (Beast_Chain) = (1= 1) (ts + E) @)

K Bir/—BEHI T FE 5% B HPC SRREIUE kK
K, ZGUAR R T B T e ) L
BT X SR C AR T 2, JF R
RLAF IR J . 2 SRl 5 AR LA JZ AR IR 4
Hey, AR AR A A ) R R A IR A, B — NS B B
AR R B A5 2 e 0 — N BOA B R i 1
T, AR B B, SR BuE 107 mUOORK 280
g e A BIOZEE N T, IR IR, B
BRI Ry k. RSO EET, — A
R w2 M A [logn] ML T, B8 £ 0 R UK
2 K=2 I}, B XS 2 BEIRE T

M
T(BcastﬁKnomial) = [logkn-l X (tx + E) (3)

3 (3) K 8] & 44 FE R0 (logyn), iz /T T FIAN 5
EIO (). H TSI R SRR T 1T R R AR AT 9
JE P, ZSEEAE MPLEEAT I sz A, 15 2 Sk g
VEMHIE T2 5%

Scatter-Allgather 572 X T A T R ZH LI AR
1t Scatter-Allgather VA LA K LW, (HAT SR 55 A
TERBRK, ZEVERY RS W R KN MR, T
545 5580 n 3%, Scatter-Allgather HLP AT LB T

R T R R AR (P A, 2L R Scafter #RE

J, FHE Allgather #4E, A MTOBACT 5 585 1 7 155
BT, 2B AR T O Scatter HEfE, SR )5 HEAT %
T Allgather BERTE ) #6. 1Z5E S T8 W
A @), AT R AR e

T(BcastﬁScatterﬁRingiAllgather)

-DxM 1
:logznxts'i' (n ) (
n

XE+M—U

n—-1)xM y l

B

SR % SRR A A 48 HPC B 2 A,

4 CUDA-Aware WA [ Scatter-Allgather 55 A
53 W

M 1)
fs+ — X —
B B

=(logon+n—1)xt;+2X%

“4)

4 CUDA-Aware MPI Bcast )35 % it

TESE 3 AT e T BT EAE T SR BRI AT IR T %
HHER, BF ok, SR MMEAF BT R (1) EiEs
PC (Pipelined Chain) ¥ it. (2) ##MNEHIE B 5E TA-PC
(Topology-Aware Pipelined Chain) %1, 14 ] 1A AH
Y. e Jm, #4578 MVAPICH2-GDR 1 4% Fh % it
T R, IS 16 77 S5 T B (3 S8 K/ ik
SR ERE.
4.1 REGHE BNEERR | |

M 2.1 ARSI SRR R R T AR, K
T Scatter-Allgather 5%, =122 Ll —/Mlfs 55y
BIF R FE, S % FE AN L 1A . SRTIT, B A4 K
B T ) A, I R R R ) B R R
AL E . T LR 4% SRR S, B R
i i — P IR AR Z, A MPI_Isend, MPI_Irecv iX
B 1 AE BH ZE 2t 0] it S5, SEILARVFEE M E SN
EEIET 4, ik B 98 IR A

Fegim S E, A MPT R £ BE R Ut /8 B b
WA — I 205 0 0, (S o 6 R B 25 ) L ) o
B, 7D B/ T 8 GPU Hh, #8 K5 BERME IE
TE 8 MPL B AT B P 397 B2 3 5. DAL, [ S #R55
I e GEIE T W T AT, B N ORIRE V4
VTR L PR B R, PR R ARSI TR

AL R 7 70 M AT 7 9. \
4.2 BRIt ' -

fe MVZ@PIGH}GDR i) CUDA-Aware &
SEER TS MPT Beast. F iR fVEAT AR 0B 2,
FRBETE 2R ) 1, FFH K BB 4 TR R % 2
SR L P 1A AR SR

B T HER R HERE, BT T MR A B0 M AR I
PRI AR 4 Fr. FE T8 3 4 poRP BT Sk
FROBTT 9., 2% 1 AT o ) T

M C
T(BcastﬁChaianipeline) = (E +(n— 2)) X (ts + E) Q)

EIEEE T AW FS T B RIEAE R, A
(5) AT LAE X T AN E R KN RgESE 4, 4y
FrR/ANIE R oy B, o BRI IEAE e
JEIT X MVAPICH2-GDR 21T B FE [1)ik /2 22 f AT %
PO, 8 I S8 R B AE — E T SR/ . 2R A
B RS, BRI RRAA BB RN, EE
BETT RV 2 H bR A kD@ E T, A AN

Special Issue T ifeZEik 5

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20204F #5294 5 1 1

A7 DX ) B FF 4 Re 8 950/ D 28 5 AN 3 T 3R T4,
b TE Y F E TE R R BRI AN 2 BT R T,
T (5) ATRUK I, EEE B AT RESEEL. H
& AE SR A, AR A TE HIXORE B ML, R R
GPU ERFIE(E. EZAPRAE T —F 2 HEAL 1
Weit, AEm AR L KR CPU. GPU 45 #y, 3B
(41 FDR. EDR %) DA T midhdh i, #2F k, dt—
BT RGN Z GPU [ HARAL AT B, X ks
FEJG SR F T e,

K2 i (PC) Wil MPL Beast

4.3 FRIMEEEERELIT

EIERE RN GPU R4 1 RERAE. (H2, W
RATHNA ZA GPU B, T AR g5 8, DL o]
FIH PCle/PLX #£#%E % GPU %] CPU 1 IB HCA, #I

SRWIELE I VE E, R R TPk, LE i,

NVIDIA K-80 GPU H1 & H A GPU # 4, X4~ GPU
Z IAfF PLX H%E, ARSI 3, BT
[5] P AR 3 — AN 5 a5 H 24 GPUL WAl A7 kAR N B
(f) PCle 3% 4%, il F GPU W1E 5 CPU W 1280 Wi 4
GPU P #1018 S i A, I IR L, e i i v
PR TC B4 A% i, X2 B T8 18 B 0L R e e 1
R 5] 5 ) FH S G B i v oA 00 L 5 B ) 57 Sk ) B £
281 F N GPU1 2] GPU2 $dE (I i 30, TR, X
XT3 2 GPU sk, HARRM T .

N T FERRIX — 0], B T R R R G
B (TA-PC) #it, NZ GPU 1 s $2 At a7 B 20 s 2 A
ittt I 3 FTEL 4 v AR H, B3 R A A% H
(1 PC ¥ it, 2R 4 (1 W ) 22 A& 5 i) TA-PC it

6 LR -Z5iR Special Issue

4 3T PCle B M6 ) FE SN . 7E &) 4 v, XA
K 2 7 Sk AR 2 TR LB B, oF LG T 10 3 o 04 b A
GPU1 IETE RIEEHE 0 B 2B @ B L 48 fE GPU4,
A A7 40 GPU2. MIHAH B (015, SRS B30 )y
AT A A T (5 — WA SO 4 R
GPU), {H2 HH T PCle B 2% I X ) A% s 14, 1 R08T 1
HUH A BB 7ESCHISE T GPU {9 4B, I i 5
(¥ B, 4R, BLTE RS0 STBILT A J7 1711 PCle BERR ¥
TR, BT EE E"J%iﬁ%iﬂ%ﬁﬁﬁ cudaMemcpy(s),
BT % A7 10 NVIDIA BEsh s s (o PCle B 41052
AR, Besb, % TA-PC BT/ A R 7E 1) 4 J&
RIS 4 GPUHERE, thAER 7644 Cray CS-Storm
SOREIERE R 55, 1% R 560 1554 16 /> K-80 GPU.
K a4 v, A K-80 5 8.4 CPU 2 [aiE it ] #E [ PCle
B, HR—N GPU B, X Cray CS-Storm,
4 ANXRE R Ee, 1 e 2 5@ it PCle 54 CPU
socket Z [A| iR, BAR, R HER A PC kit
SR 4 45 g R AT V2 TR O 1) PCle i B 4
B, AT R BT SR, BTG % GPU ¥ 4
FERE, AU4F Cray CS-Storm, #B%H] TA-PC it

-~ HE E Wl o I A7

CPU 1B

VAR,
=/ M ¢ Y

K3 HT % GPU A PC EiE BT

s SRR R

CPU

IB

K4 MT 2 GPU RN TA-PC #hHhE AN E TEHE BT

4.4 %% GPU By CUDA-Aware MPI_Bcast i1t
WIF SR B AE S FE L, 2T GPU ) #k

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

20204F 55294 55 13

http://www.c-s-a.org.cn

i H AR SN A

HEMERAM S FEAR S AKX, 15 GPU A, &Hf
T R ) (R B AR o # 2  SUOA OK.

STG-COLL (Host-staging Scheme): 7£ 3 i#Rk[38]
BT —FET GPU K X i il 5 i GPU 77 B4
iU GPUDirect RDMA #AK. S5k b, X T-4¢ 7€ HI7H &
KN, GPU ZAF K B4 fh > S EMERe i T R, fEH
STG-COLL #5 A I i 8 f0 i Lo PE RRIES. & 5 v foR
T HBEMEAF KW, B GDR-COLL 5 STG-COLL.
AR U, AR 1 e GPU WA I S R sh 21
MUAAER, SR 5 PRI AL 3R #0507, $dim vy DLIR
iF NVIDIA GDR H#5 A\ GPU W47, ] LLEA71E
FHLH.

[ MPI Ranko | [ MPI Rankl |
[GDR-COLL: GPU-GPU [l ) Ei Hziti {]
GPU
buffer___ - ____________'__-___
Host ‘ t

buffer |:| ‘I:I# . +

STG-COLL: Host 5 GPU /] f %5 &2 il il 72
K5 MVAPICH2-GDR H#] CUDA-Aware 451815 ¥ 1T
GDR-COLL 5 STG-COLL
ik, ENE AR K s v s a5 14880
M M
T(Bcast_Knomial_Staging) - m + [logk }’l-| X (tS + E)

(6)

AR, T RE SR — IUAE N B s = B ENLET

I 1], A A — T BN, iZ 3 A 2 R

TP MERE. X TS B R MRS, B BRI A 2
TR, DR, X4 T8 B i, 245 GPU BN 457 1
I, 5 A R S A SR SRR A7, A E R
CUDA TPC S B SO BEHL A, 15 142 190 B 500 %63 th
AME ] CUDA GDR, X FEA & & HE ).
4.5 MVAPICH2-GDR #J MPI_Beast &3t

% MVAPICH2-GDR X # ] MPT iz 471 7, %
1T MPI_Bcast 1) 5 30 & %A MVAPICH2-GDR H1 i)
s @ SRR, B 6 JEAR T BT U7 R1E MVAPICH2-
GDR 1] MPI_Bcast JZ X &5 ¥ &, 52 %2 (¥) MPI_Bcast
HFRTE E AT T AR R R, B %62 communi-
cator [FEFE (17 A5 IR IE A5 30 A2 7 pt Y (5 0 2 7 2 e
JA ) R 5 I8 A 7 20, SR G A AR A B AE AL T I i

(GDR-COLL 5% STG-COLL), |~ #& H ik [k %, P2P
F1i%$E (MPI Isend & i%(8K MPI lrecv #UCEHR), f )
#& P2P communicator &S (15 s A BT SUE FTIEAR).

PC 5 TA-PC Wil #84KH T MPI 1) Send/Recv
{E, 7& Send/Recv #EH, BT VF 2 AL, MRk T
TEAEAE GPU H B 088 1R A% A ) 7, 25491 >R 3, =59 R[]
B A i 1 45 18 B8 LA % host-staging HL AT £ 3
R AL Y Loopback/GDR & HIHLHIP™, B fd
FHARHE K] MPT 24T Send/Recv i, % 5% (K B
W, Scatter-Allgather, PC %), BLE AL %M (STG-COLL
3% GDR-COLR) e #2: T-/» 2. % 2 JeoR 7
MVAPICH2-GDR b F-15 Bk, 5ok, LKL
O — B b (12 BB 2 W 2 Y S,
W bR ) SRR R, ) 5 3 — P R B . 4

ZUH. (3) WA R IR B BT IR RS, 1
MVAPICH2 QRS 2w A= sl I A Y 1 1 a0 2 (3 %
Pt T PAE$E  MVAPICH2 J5ARAD A £ 2 411517,

5 Lot

FERAT T 3 M R R LR

(1) %25 NCCL1 ) MVAPICH2-GDR (NCCL-MV2-
GDR) 5 M FR/E MPI+NCCLI.

(2) MVAPICH2-GDR #1{fJ MPI Beast (MV2-GDR-
Opt) &t kg -

(3) NCCL é% FeAT H FAS (NCCL2).

5.2 R T 7R | RIJTIE 2 HSER AR,
53R T 7 ik 2 AR 3 5B e 4 L. BE AR,
TEFEAT T PR USSR TIE B H B B AR T AL R T (1) PC
(Pipeline Chained)]” #%. (2) TA-PC (Topology-Aware
Pipeline Chained) ) #%.

i CNTK (Microsoft CognitiveToolkit) #1777
LRI 2 B R R RERT LE. X T i 3, AN KT
REfSTFH CNTK 47T, K 75 2248 H neclBceast API
AN FRUER] MPL Beast APL B UL 5287 F 2 2 (194K
iz,

5.1 LWFAIE

A 3 FhAS R (42 B, A0 Mk 2 TR A7 TR IR K 22 5%,
BARRIAETT s dh b 4544, 1B HCA B4 DL J2 GPU 245
HIANTR], SXFEART DLORIESERE IR 2 FEPE, SRS H 1) %
BTt REE & PR Y (R B, 3 S i 45 R AT {5 L.

Special Issue T itZEik 7

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

i E R %N

http://www.c-s-a.org.cn

20204F 55294 55 13

MPI_Bcast ()

Shared memory

Loopback

Flexible MPI_Isend
communicator
MPI_Irecv
Intranode

communicator P2P (point-to-point)

primitives

| GPUDirect RDMA |

Intranode P2P ||

Internode
communicator

Communicator
selection

Topology-Aware
pipelined chain

Knomial tree™ |

STG-COLL ) Scétter—allgather

E

GDR-COLL

Several others

Algorithm selection

Collective design

-

selection

GDRCo
Internode P2P i
P2P communication CUDA IPC
selection
L] Pipelined IPC \
\ W
v
-
y =

GPUDirect RDMA

Host-staging

| ,
I I |

GDR write

Pipelined

K6 fiif] PC EiE%EA MVAPICH2-GDR 1S 540 CUDA-Aware MPI_Bcast )2 IR 45 1) K

22  MVAPICH2 H ik #F4n it

JE /NS Rt KA R
FHAR/AN 1-8KB 8256 KB 256 KB-4 MB 4 MB-256 MB
ik Binomial/  Binomial/ Scatter- Pipelined-

Knomial Knomial Allgather Chain
EENLHI STG STG STG/GDR GDR

(1) GPU ZEEM R RX1, B 8 N 4Lk, B4
1 445 4~ NVIDIA K-80 GPU, 4> K804 2 4 GPU
Vs, BN .8 AT GPU 4, BB — A 14 4
dual-socket Tntel Xéon E5-2680 (Broadwell) CPU. &4~
#5545 P InfiniBand FDR HCA.

(2) A EAETIER RX2, & 16 MiH&E A, &
AN S E A B NVIDIA if3r K P100 GPU, &4
P100 & —/> GPU ¥ %, &4 GPU WA EH — 1
14 #% dual-socket Intel Xeon E5-2680 (Broadwell) CPU,
PL K B4 InfiniBand EDR HCA.

(3) Pyt LR RX3, BN AL B 4™ K-80GPU,
14 #% dual-socket Intel Xeon E5-2680 (Broadwell) CPU,
[FIS RX3 AL E 1 #.1M ) EDR HCA.

8 TR +Z5iR Special Issue

5.2 MPI+NCLL1 5121 #9#E MPI_Bcast

LI, KA NCCLI () MVARICH2-GDR 54
) MP1_Beast 2 HHHAT 7 HAR, 5.2.1 341 £
AT {3 F SEUMZE BR, 5,262 DU 5 550 0188 135 RS2 B 45 B,
Zliﬁ\\figﬁﬁ}é)ﬂ OSU Micro-benchmarks'’.
5.2 A5 A

AT P RN L, AP TE 20 40 8 BLJL 16
A~ GPU FH# NCCL A1 MVAPICH2-GDR ({3815 M AE.
B 7 R T SEIegE R, 7F GPU ¥4 5l 2 A 8 i, Xt
RiAE B /N 1 Byte 234714 K % 8 KBytes, MVAPICH2-
GDR [f] MPI_Bcast | &} ZEAH L F NCCL |~ #% 73l
SN RS T 14 %A1 9.4 £%. X2 i1 MVAPICH2-GDR
H G ON T B A Sk s 0t 30 A v, Re s DASE IR
T 7 R B AR ET e Y, k4, MV APICH2-GDR-
opt f#1 il CUDA IPC & 18 15 1 Mo K 245 BosfE,
IXFP TR S I F AT A 8. AH B, #E NCCL Hr 4
B X AR A AL, R ZE /N AL, AR B BB
NCCL @15 :REFH EL T- MVAPICH2-GDR K4 T R %,
B7E KA 5 KA BB (S, NCCL JBHL T R 4R mr

© TEREBIK R

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

20204F 55294 55 131

http://www.c-s-a.org.cn

i H AR SN A

¥R RE, 1 MVAPICH2-GDR % %] 75 NCCL #1324

FIE BE KT, IX AN — 8 BAK# NCCL SR8 T+ #
PEREN, I W] A HAR (3% 3%, L niii MVAPICH2-GDR.
100.000 ]

—8— NCCL
,, 10000 F MV2-GDR-Opt
= 1.000 - |
= M |
g 0.100
=
0.010
0.001 b
N \‘o bvquo &.b 5&“\*@& ‘@\
NCCL-MV2-GDR (Bytes)
(a) 1M1 fi2 GPU
100.000
—8— NCCL
,, 10000 F MV2-GDR-Opt
= 1000 -
< ,...mf
g 0.100
=
0.010
0.001

N R G &*’b @*ﬁ\w\@\u 6@

NCCL-MV2-GDR (Bytes)
(b) 115 28 GPU

Kl 7 NCCL 5 MVAPICH2-GDR-optimized 7£ RX1
SR BT RN BEXT

522 AEA(E
HITH B2, NCCL 1.x kA RdE A T 545 s b, BirbA
Sof 15 AUEEA S, NCCL o H 525 . {H7E Awan 25

NS NCCL [ #R e, vk 13X AN i, 756 |

B AT 1 A A I A PR R X T

FATELE T MVAPICH2-GDR(FRE A9 MV2-GDR-
Opt) FI4E K NCCL /) MPI Bcast! ! (#7ic y NCCL-
MV2-GDR), MVAPICH2-GDR #13F SGL %1,
FIF T IB Zhig ) Scatter-Gather 1|38, REMEHE 1 A
B/ B E G PERE. 25 R ILE 8, X/ Ay Bl
%, MV2-GDR-Opt 7F 32 GPU £ R, SZBL T 16.4 1%
HIPEREFRE T, 7E 64 GPU £EREH LI T 16.6 F5IPERE
FETr. AR, KT ARSI AR ik, BFEIRE S S
TAE A%, MPIL_Bcast #f A 8% S AL 7 18 15 14 g
5.3 NCCL2 521 ##E MPI_Bcast

BfiE NCCL2 HIFFJE AT, SEL6H HERS neclBroadcast
FETHE ) MPT_Beast & i — /N E BT L. 78

5.2 X e, MPI+NCCL KBt 542 i) PC/TA-PC
WA SR8 MPL_Beast, A 5250 % #EbR #EAL ¥ OSU
Micro-benchmarks"" £ {3347 5256, {H &, NCCL2 16
% B P3P ncelBroadcast APT [ fe, B R AE 2T
R BL R {8 A NCCL2 M An e RAP Al 2 45 s F
ncclBroadcast 4 BE.

100.000
8- NCCL-MV2-GDR
10.000 | MV2-GDR-Opt
E .,r
= 1.000 | g
= M
g 0.100
=
0.010 F
0000 L v v v 0
A L G @ @ @ﬁ\
HE K/ (Bytes)
(a) 471 1132 GPU
100.000
== NCCL-MV2-GDR
., 10.000 | MV2-GDR-Opt
o i
= 1000 F
= M
g 0.100
E
0.010 |
0.001 M
> “‘\b@‘r\p‘“%&b &@w‘@@@
PERSINGN (Bytes)
(b) 871 564 GPU

K8 NCCL& MVAPICH2 GDR-optlmlzed £ RX1
: O
1
CRKRIABN R, HIZ4T NCCL2 PR 7EREAN Y 2
16 /> GPU HIIEHL T B, R Y — BLIS AT E AR
[F] 25 FARAS . ABAE AN 9 43 8 A~ GPU MITE AL T, 72
FFiaAT IEH, I Ik R AT 78415 5 8 4 GPU 1
B B, X RO 9. v BUE B, B S
Kl 8 w1 T 2R A AN
£ RX2 #EAT S5, B 3| 7 2R0T RX1 S# i h
giads. B 10, £/ HiE B {E J7 1, MVAPICH2-
GDR-Opt X} F NCCL2 SZHL T 10 15 72 47 BB 4E 14
REE T, M EegE BT LLE Y, 2 tH % MPI_Bcast 1
BT B R4 038 PR RE, B8 055 TH IR 2 o) Ak
DA S A 45 HPC 4903805 (3815 P . b ab, e 4
WHAERH, &G B, X TR 2 (5 B K/, MPL
Beast #1F 6814 F#8 3T neclBcast 7K.

Special Issue T itZEik 9

http:/fwww.c-s-a.org.cn

© TEREBIK R


http://www.c-s-a.org.cn

i E R %N

http://www.c-s-a.org.cn

20204F 55294 55 13

100.000

—a— NCCIL2

., 10,000 MV2-GDR-Opt
o
= 1.000 ’/ g
E
2 0.100

0.010

0.001

RN 5““%&%'(0 &v@@@@j}@\
by

H B K/ (Bytes)
(a) 8711 418 GPU

100.000
=== NCCL2

10.000 [ MV2-GDR-Opt
1.000

0.100

fif %€ (ms)-log

0.010 |s

0.001 b——r—r—
\v@@¢%¢&¢$®@®g§

JHE K/ (Bytes)
(b) 16717 5116 GPU

9 NCCL2 #1 MVAPICH2-GDR-optimized 7& RX1
EEBE LY R AIEAE R

100.000
=l NCCL2
o 10.000 MV2-GDR-Opt
1) o
~ 1.000 |
g ™
g 0100 - 4
0.010 g
0.001 b———
\v@@¢%¢&¢$®@®§@ )
HE K/ (Bytes)
(a) 4711 5132 GPU
100.000
=== NCCL2
o 10.000 MV2-GDR-Opt P
=}
— 1.000 |
g
g 0.100
0.010
0.001

NI m&b%ww W\@

JH B KIS (Bytes)
(b) 87 164 GPU

10 NCCL2 A1 MVAPICH2-GDR-optimized 7£ RX2
R 7 AR A AR X EL

10 % i +Z5i& Special Issue

5.4 PCvs. TA-PC

X —iR o ik — DB A 1 PC ik BA K TA-
PC #it, JFEfE TA-PC Wil AHX T PC Wit L.
N T IS TA-PC Wit, 15 N 20254 2 4> GPU.
(A, SEEGAE RX3 Al RX1 £EHf (2-8GPU/node) FidtAT.

TA-PC (S22 B ULE 11 (a), 7ESERE RX3 |,
LeF PC ISR T 27% I REIR T, FIFE, 78 RX1
EREL 8 ANITASHY 64 4 GPU LA b 4T T 52, Seig
B WE 11 (b), TA-PC fifrﬂjf%? 50% FtERE
2Tt

s o

¥

50
w=fe= PC Broadcast
40 TA-PC Broadcast
2
- 30 F
)
w20
&
10 F
0 3 el ] . ) ] ]
2 4 8 16 32 64 128 256
R K/ (MB)
(a) 32 GUP (1677 £1) RX34EHE
50
w=ifh== PC Broadcast
40 TA-PC Broadcast
2
-~ 30
)
& 20 |
&
10 |
0 1 I I I I 1 I I
2 4 8 16 32 64 128 256
HERA (MB)
(b) 64 GUP (8711 1) RX14ERE
B 11 PCJ #5 TA-PC | #HEREXT L

55 NMATEFMENK
il CA-CNTK W Il ZRHESL 5256, CA-CNTK i
Fl CUDA-Aware MPI_Bcast [ T Il Z53HFE FF S 81058
e, 4 12(a) B, B~ T 7E ImageNet- 1K ¥4 &
NCCL-integrated MVAPICH2 (K H1#5ric ¥ NCCL-
MV2-GDR) Fl$& tH (4 16 i A< MVAPICH2-GDR (&
Hiric N MV2-GDR-Opt), i il VGG A Ji5 )1 45t
B () b e 45 L, A A a] BLE £, MV2-GDR-Opt 7£
32GPU S8, IR (] i 4 4 LA 31 7%, (£ HoAth
HFE T, IR NCCL-MV2-GDR A EF, 5%
PUE L. X2 BT % H VGG R FH B R/NES,
Hod A i K B, X R, 5T R FE T

© TEREBIK R

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

20204F 55294 55 13

http://www.c-s-a.org.cn

i H AR SN A

i ORI B, LA () MPT I8 47 i P A B 68 ORAIE R
of PR RER L.

30
NCCL-MV2-GDR
25 [ @ MV2-GDR-Opt

Z 20 Zl=
ERE e e
= 7 g |

Zl=

%=

GPU %
a) VGG 1% MPI+NCCL1 5 MV2-GDR-Opt 1 GEXT EE

—

B0-4KB B4KB-1MB @I1MB+

100 V Tz 2
0 | %,
X
Z 60
< 7 -
m 40 A %55 o0
g p i e 2Pé 224,
Ol O 0 I 1927 I 92
A".f" 4’ z .«'f ".ff«'
bbby ] b
0 L A A A =
4 8 16
W R GPU

(b) VGG ll%k: B K/
& 12 NFAFEFEERE: 1] CA-CNTK™HEHT VGG 1%k

55.1 VGG Iz

TG AT BT R AL B, BRATHEF
JER T WISk AR B, 4 VGG IRt 47 5 In 40 R A
24, DL 12(0). 15 B R/ NMEA B T FR A, 284515k
i, B e B, B GPU & 4N (4-16 GPU),
KAH B AT B e ke i /b Xt BT CNTK 2 4R

525 DNN I 2R (2t FE 2R, Roxt 5K & 3E AT 8078 |

7, 1% Caffe SCRE VR % STHESE, 3k RAERERE A
B 2 e, /N RS R 2. BRI, 328 i 0 15
MVAPICH2-GDR XA IB{FIS AT i, O 1 S8 m] i
45 f¥) DNN Il 2Rk d, T ZEAR AL BT 1 2 1R/,

6 LaibREE

TE— > LR BE 2% ) FIUR FE 4 28 I 26 5 3K 3 14D 38
Al ZGRTATT, AT Sl (5 1 AT I PR AT 45 AN W
TR, SR AL e 454 1845 2 i NCCL AR fEE AL
FF MPI 25 2 (1 10 /8, X A2 718 MVAPICH2 I
U A 2 B A R R 75 SR I 1AL U ARG A P AR Y. It e
PO FLEATRE S IR 2R SRR P 2% ) S AL MPL ig
ATI FE G E. TEAR SR, AR FT T MPI_Bcast, iX

ot HEAT VR P A 20 W 4% 1) ke i A2 43 BB, A8
micro-benchmark FIJ FE 2% > HE QL 3EAT SEEG, % MPI_
Beast #7200 W 5 1%, % T LA 16.6 1511
Ik vERE, 75 64 GPU #E#F ] Microsoft CNTK AHE
BEIZE VGG M 2%, SEilf = 7% WP Re4 Tt [, 4
AL T NCCL2 A2 Hi ) MPI_Bcast % i1 REXT LL,
B AR/ R EIEAE TR SR T R 10 £ I AE
4k, deAh, E B B H) TA-PC #it ML PC #
i A2 RXT RGE LSBT iR 50% IR RERe T i
5 ST 53 L, HR L AU e T ST R DA 1
J7 A BRI Do . 42 i [{9%EiT ) % CL7E MVAPICH?-
GDR 2.3ré1 FRASH ATFRAT . i SR MPL
Beast#H T AL i, 1% MPI Reduce Al MPI Allreduce
S H A B A TR A 0 S FE A Al — B I T, DABATE
KB T FF4 7 ML 4T DNN 25

SE 30k

L ORVBRE, WA, TEORUE, &6, A slLas 2 ) Bk, g
SR, AU Ll RRAL: Jb 5, 2018, 17-19.

2 Bahdanau D, Cho K, Bengio Y. Neural machine translation
by jointly learning to align and translate. arXiv:1409.0473,
2014.

3 Sennrich R, Haddow B, Birch A. Edinburgh neural machine
translation systems for WMT 16. Proceedings of the First
Conference on Machine Translatio‘n‘: Volume 2. Berlin,
Germany. 2016. [doiz 10.18653/v#/W16-2323]

4 Jandola EN, 'M?)gkewicz MW, Ashraf K, et al. FireCaffe:

Nqar—line";ir accelération of deep neural network training on

compute clusters. Proceedings of 2016 IEEE Conference on

Computer Vision and Pattern Recognition. Las Vegas, NV,

USA. 2015. 2592-2600. [doi: 10.1109/CVPR.2016.284]

Awan AA, Hamidouche K, Hashmi JM, et al. S-Caffe: Co-

designing MPI runtimes and caffe for scalable deep learning

on modern GPU clusters. Proceedings of the 22nd ACM

SIGPLAN Symposium on Principles and Practice of Parallel

Programming. Austin, TX, USA. 2017. 193-205. [doi:

10.1145/3018743.3018769]

6 Jia YQ, Shelhamer E, Donahue J, et al. Caffe: Convolutional

architecture for fast feature embedding. Proceedings of the

W

22nd ACM International Conference on Multimedia.
Orlando, FL, USA. 2014. 675-678. [doi: 10.1145/2647868.
2654889]

7 Abadi M, Agarwal A, Barham P, et al. TensorFlow: Large-

scale machine learning on heterogeneous distributed systems.

Special Issue & i%gik 11

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://dx.doi.org/10.18653/v1/W16-2323
http://dx.doi.org/10.1109/CVPR.2016.284
http://dx.doi.org/10.1145/3018743.3018769
http://dx.doi.org/10.1145/2647868.2654889
http://dx.doi.org/10.1145/2647868.2654889
http://dx.doi.org/10.18653/v1/W16-2323
http://dx.doi.org/10.1109/CVPR.2016.284
http://dx.doi.org/10.1145/3018743.3018769
http://dx.doi.org/10.1145/2647868.2654889
http://dx.doi.org/10.1145/2647868.2654889
http://www.c-s-a.org.cn

i E RSN

http://www.c-s-a.org.cn

20204F #5294 5 1 1

10

11

12

13

14

15

16

17

arXiv:1603.04467, 2016.

Microsoft Azure. The microsoft cognitive toolkit. http://www.
cntk.ai/, 2018.

Banerjee DS, Hamidouche K, Panda DK. Re-designing
CNTK deep learning framework on modern GPU enabled
clusters. Proceedings of IEEE International Conference on
Cloud Computing Technology and Science. Luxembourg
City, luxembourg. 2017. 144-151. [doi: 10.1109/CloudCom.
2016.0036]

NVIDIA. NVIDIA Collective Communications Library
(NCCL). https://developer.nvidia.com/nccl, 2016.

Liu J, Mamidala AR, Panda DK. Fast and scalable MPI-level
broadcast using InfiniBand’s hardware multicast support.
Proceedings of the 18th International Parallel and Distributed
Processing Symposium. Santa Fe, NM, USA. 2004. 10. [doi:
10.1109/IPDPS.2004.1302912]

Kandalla K, Venkatesh A, Hamidouche K, et al"Designing
optimized MPI broadcast and a[lredude for many integrated
core (MIC) InfiniBand clusters. Proceedings of the 2013
IEEE 21st ‘ Symposium on High-Performance
Interconnects. San Jose, CA, USA. 2013. 63-70. [doi:
10.1109/HOTI1.2013.26]

Chu CH, Lu XY, Awan AA, et al. Efficient and scalable
multi-source streaming broadcast on GPU clusters for deep
of the 2017 46th International
Conference on Parallel Processing. Bristol, UK. 2017.
161-170. [doi: 10.1109/ICPP.2017.25]

Zhou H, Marjanovic V, Niethammer C, ef al. A bandwidth-

Annual

learning. Proceedings

saving optimization for MPI broadcast collective operation.
Proceedings of the 2015 44th International Conference on
Parallel Processing Workshops. Beijing, China.
111-118. [doi: 10.1109/ICPPW.2015.20]

Hoefler T, Dinan J, Buntinas D, et al. Leyeraging MPI’s one-
sided

s
programming. In: Tréff JL,"Benkner S, Dongarra JJ, eds.

communication interface for shared-memory
Recent Advances in the Message Passing Interface. Berlin,
Heidelberg, Germany. Springer. 2012. 132-141. [doi:
10.1007/978-3-642-33518-1 18]

Awan AA, Hamidouche K, Venkatesh A, et al. Efficient
large message broadcast using NCCL and CUDA-aware MPI
for deep learning. Proceedings of the 23rd European MPI
Users’ Group Meeting. Edinburgh, UK. 2016. 15-22. [doi:
10.1145/2966884.2966912]

The Ohio State University. MVAPICH2: MPI over
infiniband, 10GigE/iWARP and RoCE. http://mvapich.cse.

ohio-state.edu/, 2001. [2019-05-12].

12 % +Z5iR Special Issue

2016.

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

Sergeev A, Del Balso M. Horovod: Fast and easy distributed
deep learning in TensorFlow. arXiv:1802.05799, 2018.
Anderson M, Smith S, Sundaram N, et al. Bridging the gap
between HPC and big data frameworks. Proceedings of the
VLDB Endowment, 2017, 10(8): 901-912. [doi: 10.14778/
3090163.3090168]

Mikami H, Suganuma H, U-chupala P, et al. Massively
distributed SGD: ImageNet/ResNet-50 training in a flash.
arXiv:1811.05233v2, 2018.

Sony. Neural network libraries. https:‘{/nnabla.org/, 2017.
NVIDIA. Optimized primitives for "collective multi-GPU
communication, https://github.com/NVIDIA/nccl, 2016.
Cray. CS-storm’ GPU-accelerated cluster supercomputer.
https://WWW.cray.com/products/computing/cs-series/cs-
sto;m, 2015. [2019-06-18].

Schmidhuber J. Deep learning in neural networks: An
overview. Neural Networks, 2015, 61: 85-117. [doi: 10.1016/;.
neunet.2014.09.003]

Awan AA, Subramoni H, Panda DK. An in-depth
performance characterization of CPU- and GPU-based DNN
training on modern architectures. Proceedings of the Machine
Learning on HPC Environments. Denver, CO, USA. 2017.
Article No.8. [doi: 10.1145/3146347.3146356]

Meuer H, Strohmaier E, Dongarra J, et al. TOP 500
supercomputer sites. http://www.top500.org, 1993. [2019-03-
14].

Oak Ridge National Laboratory." Introducing summit.

A

https://www.olcf.ornl.gov/summit/; 2018.

The Open MPi Projeet. Open MPI: Open source high
pegformarice corﬁputing. http://www.open-mpi.org. (2004-
09-16)[2019-07-14].

NVIDIA. NVIDIA Collective Communication Library
(NCCL)documentation. https://docs.nvidia.com/deeplearning/
sdk/nccl-developer-guide/docs/index.html, 2016.

Johnson R, Zhang T. Accelerating stochastic gradient descent
using predictive variance reduction. News in Physiological
Sciences, 2013, 1(3): 315-323.

Thakur R, Rabenseifner R, Gropp W. Optimization of
in MPICH. The
International Journal of High Performance Computing
Applications, 2005, 19(1): 49-66. [doi: 10.1177/109434
2005051521]

Chiba T, Endo T, Matsuoka S. High-performance MPI

broadcast algorithm for grid environments utilizing multi-

collective communication operations

lane NICs. Proceedings of Seventh IEEE International
Symposium on Cluster Computing and the Grid. Rio De

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.cntk.ai/
http://www.cntk.ai/
http://dx.doi.org/10.1109/CloudCom.2016.0036
http://dx.doi.org/10.1109/CloudCom.2016.0036
https://developer.nvidia.com/nccl
http://dx.doi.org/10.1109/IPDPS.2004.1302912
http://dx.doi.org/10.1109/HOTI.2013.26
http://dx.doi.org/10.1109/ICPP.2017.25
http://dx.doi.org/10.1109/ICPPW.2015.20
http://dx.doi.org/10.1007/978-3-642-33518-1_18
http://dx.doi.org/10.1145/2966884.2966912
http://mvapich.cse.ohio-state.edu/
http://mvapich.cse.ohio-state.edu/
http://dx.doi.org/10.14778/3090163.3090168
http://dx.doi.org/10.14778/3090163.3090168
https://nnabla.org/
https://github.com/NVIDIA/nccl
https://www.cray.com/products/computi-ng/cs-series/cs-storm
https://www.cray.com/products/computi-ng/cs-series/cs-storm
http://dx.doi.org/10.1016/j.neunet.2014.09.003
http://dx.doi.org/10.1016/j.neunet.2014.09.003
http://dx.doi.org/10.1145/3146347.3146356
http://www.top500.org
https://www.olcf.ornl.gov/summit/
http://www.open-mpi.org
https://docs.nvidia.com/deeplearning/sdk/nccl-developer-guide/docs/index.html
https://docs.nvidia.com/deeplearning/sdk/nccl-developer-guide/docs/index.html
http://dx.doi.org/10.1177/1094342005051521
http://dx.doi.org/10.1177/1094342005051521
http://www.cntk.ai/
http://www.cntk.ai/
http://dx.doi.org/10.1109/CloudCom.2016.0036
http://dx.doi.org/10.1109/CloudCom.2016.0036
https://developer.nvidia.com/nccl
http://dx.doi.org/10.1109/IPDPS.2004.1302912
http://dx.doi.org/10.1109/HOTI.2013.26
http://dx.doi.org/10.1109/ICPP.2017.25
http://dx.doi.org/10.1109/ICPPW.2015.20
http://dx.doi.org/10.1007/978-3-642-33518-1_18
http://dx.doi.org/10.1145/2966884.2966912
http://mvapich.cse.ohio-state.edu/
http://mvapich.cse.ohio-state.edu/
http://dx.doi.org/10.14778/3090163.3090168
http://dx.doi.org/10.14778/3090163.3090168
https://nnabla.org/
https://github.com/NVIDIA/nccl
https://www.cray.com/products/computi-ng/cs-series/cs-storm
https://www.cray.com/products/computi-ng/cs-series/cs-storm
http://dx.doi.org/10.1016/j.neunet.2014.09.003
http://dx.doi.org/10.1016/j.neunet.2014.09.003
http://dx.doi.org/10.1145/3146347.3146356
http://www.top500.org
https://www.olcf.ornl.gov/summit/
http://www.open-mpi.org
https://docs.nvidia.com/deeplearning/sdk/nccl-developer-guide/docs/index.html
https://docs.nvidia.com/deeplearning/sdk/nccl-developer-guide/docs/index.html
http://dx.doi.org/10.1177/1094342005051521
http://dx.doi.org/10.1177/1094342005051521
http://www.c-s-a.org.cn

20204F #5294 5 1 1

http://www.c-s-a.org.cn

i H AR SN A

33

34

35

36

37

Janeiro, Brazil. 2007. 487-494. [doi: 10.1109/CCGRID.
2007.59]

Mamidala AR, Chai L, Jin HW, et al. Efficient SMP-aware
MPI-level broadcast over InfiniBand’s hardware multicast.
Proceedings of the 20th IEEE International Parallel &
Distributed Processing. Rhodes Island, Greece. 2006. 8. [doi:
10.1109/TPDPS.2006.1639562]

Hoefler T, Siebert C, Rehm W. A practically constant-time
MPI broadcast algorithm for large-scale InfiniBand clusters
with multicast. Proceedings of IEEE International Parallel
and Distributed Processing Symposium. Rome, Italy. 2007.
1-8. [doi: 10.1109/IPDPS.2007.370475]

Venkatesh A, Subramoni H, Hamidouche K, ef al. A high
performance broadcast design with hardware multicast and
GPUDirect RDMA for streaming applications on Infiniband
of the 2014 2l1st International
Conference on High Performance Computing. Dena Paula,
India. 2014. 1-10. [doi: 10.1109/HiPC.‘<2014.7116875]
Barnett M, Shuler L, van de deijn R, et al. Interprocessor

clusters. Proceedings

collective communication library (InterCom). Proceedings of
IEEE Scalable High Performance Computing Conference.
Knoxville, TN, USA. 1994. 357-364. [doi: 10.1109/SHPCC.
1994.296665]

Shroff M, van de Geijn R. CollMark: MPI collective

communication benchmark. Proceedings of the International

38

39

40

41

42

43

Conference on Supercomputing 2000. Santa Fe, NM, USA.
1999. 1-19.

Potluri S, Hamidouche K, Venkatesh A, et al. Efficient inter-
Node MPI communication using GPUDirect RDMA for
InfiniBand clusters with NVIDIA GPUs. Proceedings of the
2013 42nd International Conference on Parallel Processing.
Lyon, France. 2013. 80-89. [doi: 10.1109/ICPP.2013.17]

Shi R, Potluri S, Hamidouche K, et al. Designing efficient
small message transfer mechanism for inter-node MPI
communication on InfiniBand GPU clusters. Proceedings of
the 2014 21st International Confereng‘e on High Performance
Computing. Dona Paula, India.-2015. 1-10. [doi: 10.1109/
HiPC.2014.7llgS73]

Network Based Computing Laboratory. OSU micro-benc-
hmarks. http://mvapich.cse.ohio-state.edu/benchmarks/, 2015.
[2019-08-10].

NVIDIA. NCCL tests. https://github.com/NVIDIA/nccl-tests,
2016.

Krizhevsky A, Hinton GE.
classification with deep convolutional neural networks.
Communications of the ACM, 2017, 60(6): 84-90. [doi:
10.1145/3065386]

Simonyan K, Zisserman A. Very deep convolutional

Sutskever 1, Imagenet

networks for large-scale image recognition. arXiv:1409.
1556, 2014.

Special Issue & i45it 13

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://dx.doi.org/10.1109/CCGRID.2007.59
http://dx.doi.org/10.1109/CCGRID.2007.59
http://dx.doi.org/10.1109/IPDPS.2006.1639562
http://dx.doi.org/10.1109/IPDPS.2007.370475
http://dx.doi.org/10.1109/HiPC.2014.7116875
http://dx.doi.org/10.1109/SHPCC.1994.296665
http://dx.doi.org/10.1109/SHPCC.1994.296665
http://dx.doi.org/10.1109/ICPP.2013.17
http://dx.doi.org/10.1109/HiPC.2014.7116873
http://dx.doi.org/10.1109/HiPC.2014.7116873
http://mvapich.cse.ohio-state.edu/benchmarks/
https://github.com/NVIDIA/nccl-tests
http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.1109/CCGRID.2007.59
http://dx.doi.org/10.1109/CCGRID.2007.59
http://dx.doi.org/10.1109/IPDPS.2006.1639562
http://dx.doi.org/10.1109/IPDPS.2007.370475
http://dx.doi.org/10.1109/HiPC.2014.7116875
http://dx.doi.org/10.1109/SHPCC.1994.296665
http://dx.doi.org/10.1109/SHPCC.1994.296665
http://dx.doi.org/10.1109/ICPP.2013.17
http://dx.doi.org/10.1109/HiPC.2014.7116873
http://dx.doi.org/10.1109/HiPC.2014.7116873
http://mvapich.cse.ohio-state.edu/benchmarks/
https://github.com/NVIDIA/nccl-tests
http://dx.doi.org/10.1145/3065386
http://dx.doi.org/10.1109/CCGRID.2007.59
http://dx.doi.org/10.1109/CCGRID.2007.59
http://dx.doi.org/10.1109/IPDPS.2006.1639562
http://dx.doi.org/10.1109/IPDPS.2007.370475
http://dx.doi.org/10.1109/HiPC.2014.7116875
http://dx.doi.org/10.1109/SHPCC.1994.296665
http://dx.doi.org/10.1109/SHPCC.1994.296665
http://dx.doi.org/10.1109/ICPP.2013.17
http://dx.doi.org/10.1109/HiPC.2014.7116873
http://dx.doi.org/10.1109/HiPC.2014.7116873
http://mvapich.cse.ohio-state.edu/benchmarks/
https://github.com/NVIDIA/nccl-tests
http://dx.doi.org/10.1145/3065386
http://www.c-s-a.org.cn

