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Deep learning (DL) models have been widely applied to Al applications such image
recognition and language translation with big data. Recently, DL models have becomes
larger and more complicated, and have merged together. For the accelerated training
of a large-scale deep learning model, model parallelism that partitions the model
parameters for non-shared parallel access and updates across multiple machines was
provided by a few distributed deep learning frameworks. Model parallelism as a training
acceleration method, however, is not as commonly used as data parallelism owing to
the difficulty of efficient model parallelism. This paper provides a comprehensive
survey of the state of the art in model parallelism by comparing the implementation
technologies in several deep learning frameworks that support model parallelism, and

suggests a future research directions for improving model parallelism technology.

* DOIL: 10,22648/ETRI. 2018.J.330401

*o] =i 2016W % FRES &G REAR) Q) HUS R FHFA/ENTAE Q] A4S W
o} =85 A79[No.2016-0-00087, = Held 12 A ES st HPC A|~8] 7.

2 MEE2 33F2 M4Rd
SAFA LAl §EA i B 230wt o] §7 = AsUL

© 2018 SIEXIXIEAIHTR .



S0 51 448 o] e ek A0 el
Zdo] Zafslar Qleh, ®A9 FfE7F AR Qlal
(Large Scale Model)[1], &S A5 (Ensemble
Model) 53t 55 &0l (2], o]d2 e &
A& A A2lslr|= shH (Multimodal Model)[3], 7]
£ Bl thg Zofo] A8A717]% Fh(Transfer

Learning)[4].

olgfgt W A T Held ZEY 7t ARt
THshe wHo] Yokl e ddst
I 53t ol= SW ARyl
Q@AY Efloly Ao
2| a7l AAWA ok HitH
(E= A4 HH[o] ) FHAIE Hi= Aol BT = A
7] wZoll th=9] ZFE7} o] AEA 2R Lo A
2J5l7] 913 A A2 70l a-ES ofHIRITHs],
2aoA = ‘“"3‘6‘ AR 7e S sl Y
A 7lse 2R, T8 s defd 29
Aele] Bags)
golAe deld 4 2 a5 29 ¥ A
2] 7] & affstn, IVAEolA ofE Hla &A%t 1}

Py
flo
!
ifin]
tlo

rr.;: rlr
ox,
rlo
% ac
N
ilh? ol
2 ©
%
Lo m1°

o
e
)
Iﬂmﬁ

Ao o

2
£
ko

§

\_/

lo

=
=
=
=

N

144 24 9 o4 Asin

A8 Perh

2=

2 MNASASTEAM FMB3E M4z 2018H 8E

Il gaid 232 4

uy
Rl
o
3
ko

o
puf

1.

1]
0x

T dHeld HIdE2 589 A s =ol7] 9
8 melo) Ago] Zojx|aL, 1 ol
+ Wt YEHAR 551 glok, diot deld vl
EQAE agHo)a mEA Egoldsts] flsf sA e}
ARAAI A= T GPGPU(General—Purpose Com—
puting on Graphics Processing Units)E 283t |
Y At A 7lss "eld 2 g Al 488
AL Slee)-{18].

AA7A] At Held A A2 Ve 24 B
old HlolHE th49] AFE A &4t A2sk= o]
B #& X2 (Data Parallelism)@t H&d U EYIE
oo AFEOA A Aejshs ®d BHE A7
(Model Parallelism)2 YcH1], [8].

ol deld md HE A ged YEYAE ot
2] AFE(E+= GPGPU, FPGA 5 A4 tjato| )9
A AR]slA] £ A9, EYAE #dsto] th9] A
FE A Agleke oot thAQl o2 deld
EQA Edlolyd IgollA] Alike Sl wlme]o] A=
afjoF 5= dloEl TetulE (7HsA], 1HUNE 55
agkste] Egoly B S5t w5)Y et &
ojut AXl 715807 o]&35l= GPGPU H®e|o| 3t
Hlof A5 4= gle A9l = ¥ Xyt dast
th. [1]9] oAJof Zo] Bk HEle HA o o]
utetulg ZjerE A fAA A Ee] - 4209
A A T, T2 BaRle) ofm]
o= A ol a7, e
Lo = 1% o] o]2aL Qlrt,

(3 1)-2 BVLC Caffe(v1,0,0)[19]o]lA] NVIDIA Titan
X(12GB #Z2z])E o]&steo] thiftk CNN HEE9]
ImageNet Edflo]td & AS3E dloJgo]h20]. = 674
o gy mdo] thedet si/d 9] ImageNet Hlo]Eo]




(& 1) i#= CNN 22| majo|E £A[20]

liozgpiiion vl Inception v3 | Resnet 50 | Inception resnet v2 | Resnet 152 VGG16

(googlenet)
dlolg N-HEUESD) 19(223) 13(417) 50(223) 467(1071) 152(674) 16(44)
Imagenet H|o|E] Z7] 256%256 300%300 256%256 299%x299 299%299 256%256
V&R s 13,393,411 | 24,721,100 | 31,754,269 56,119,101 | 66,488,387 | 138,357,544
7HA A% vEe] W asHMB) 51 94 121 214 254 264
AAAIZHms) 207 289 205 267 176 220
Uz 37] 64 22 18 6 7 80
Z W 2] ARSEHMB) 11,695 11,643 11,651 11,785 11,999 11,591

ool 13] WhE(1 PUEix| = 13] whE) A] v rejof 4}
Fohs 7ReA] et i, AL AL Z el AR
FE SAs 7 BdlEoA9] & H|ne] ARgER
NVIDIA Titan X9 #®2] =7] 12GBo 43t} &
gojc} ujujz2] 27|18 st S o= 2
glo] E/4J1} ImageNet 2 d|o|e]9] =7]of| utzt 2
Q3 vxe] gotgro] 9k oE GPGPUY WkelE
gt o] 83 4= Q= A vUER|E 285k Aato]
ot wkoF Gt DO myuiAEe} o & uUuiAE 28
5 A< | 250] BVLC Caffedl| A= Titan Xo &
2] 88 W nlUsiA 2 AAe A9 Edold A

A
2
(¢
b

d
oX,
o
=
Al
)
>
)
o
S
X
T
ox,
1o
k1
N
)
o
S
)

t
i
2
B
rr
jian)
4
ol
!

o,

S ) 3 Ae)o) 714 341 o]

8 e, A, e B Asl) oA @

A Z AT AFhe me) R PHS

Foha, S, 29 WY A2 et mY BE
H

o2 WastE, A, 2AZT BA WY 5 BE

ki

2dlo) Zak i e A2 7]eo] Hef A

7t 984 29 E 3 (Representation)

st g,
e me Edodut Qmas Bl ofxs
ojujshizs, o] 3] A

7 Atolof Flojg Mg
B AZ () 24 AS (H1)
Wi A

O,
@ Wao

OF -
33
Was E .@

W\HW

|
Wit Wiz Wiz Wia Was
E I2 @X Wa1 Woz Waz Waa Was
Ws1

Wiz Wiz Was W

A B

2 AR He nae 22 Uy
5l 12]Z(DAG: Directed Acyclic Graph)

C

e

D E

[1$Wi1 1xWaz 11XWig 1XWag 11xWis
[2XWa1 12XWa2 pxWag [2XWas 12 Wes
13*Wa1 13xWaz 5*Wag 13¥Wsa 13xWas

(O 1) gaid 22 ¥3-02{oe} Oo|HTE

4190

| 2 / Eelid 29 83 2| 3



At Aol 71515 Fote] WE, iER A, dlA
2 o weoR dgdtth (3™ DY dlld A A
<9 WEgL 19 7 A(AE AT 19F 29 AS HL A
o)) EA Wirg &3 2Vt 24 AT Hlol 4
SR dgd (39 DO HI FE2 IXWi 5 3 |
A AA)Q e JYo R Wi Hl, FHE IXWiy 5
oA AB)9 = dYor Wt mEl WY A2

Mroa o
wh oox o

I

2 NECEREES T
oA A el 9], 21 9 WA
(23], [25), sfoloel= wraS(g), [16] Lelx el o

916] A4 28 WHEo] A= AL o6, [18],
Input layer  Hidden IayerT Hidden Iayer2 Hidden Iayer3
O
Oy ’O‘§
O
O
O
O

Worker - Worker E> Worker E> Worker

4"

(a8 2) AS g 22 2E[9lel x+Y)

4 Txt

Ofm
rz
()()II
HII

HM33® HM4s 2018 8E

Hidden layer3

Input layer  Hidden laver1  Hidden laver

N\ Ol Hae
NS y Worker 1

2N \ 4

Worker 2

(a2 3) Y™ mx ¥ 2 2aK(9]e XTA)

Input layer _ Hidden layer 1 Hidden layer2

Hidden _Iayer3

£ I—\v:—>uloul layer
3 N HO

(a8 4) EER-Eloleels) 28 2E(9]el )

@d 2= 919 2" A5dste] DNNDeep

Neural Network)®] 758 24 23] RS 2ot
A2 ?"ﬁrh =y 74]5‘5 S S ASH E= ofe] A

T Wl Urol(E e £3) 27 oE A
€] YA (Workerl, Worker2, Worker3, Worker 4)°]|
aFsto] Attt Held Ego]d] mE ZYE Al
o= MR ASolA ALkt FEs 1WA Aol A
golal, AHu Aol MR AFolM L{FE HulE
H HEs F1WAg AR Agdit) webs AS £
gz 7t A AL AYe Agske 4A & 1 ol
E] A$o] a3}

F W4 (Y 32 949 JAE 15Beke £ W
Hog(le Wekor &3 27| UASS F
Lol A2 thE H5E 7 (Worker 13 Worker 2)°f
gFste] st Aglolnt, U9 oA W £3& M
A AzoA +1HA AZoZ Jdozd o Workerlo]
27 715Ae}F ALt £ Worker 20 Agsfof




8tal, Worker 2% "7 IA| 2 27 7R5A|9F AlLHE &
A3kE Worker 10 Mdsfof gitt, &, #4F YAE A
ol 24 mtebu|EE uff A, uf %A Eahvich H
gefof sk o&4do] A7]aL o= It HlolE nete
E7}u]s}ct,

AR (28 4)9F 2o A Bdah B4y B
AT sfo|HE 3] 7hEsieh(9] 1d
zdlo] 2133] AA o] F el #3 vho 2 ezt
ole]E - o83 4= Jlout AUAA 2 T4l o
FEE ettt (Ad 4olde e ZY=ER 3
A ShakE) A dlolE etk EARE Ao R X

[ez]
T S8 SAE) Aol olsk FUT Pt 514 BA
!

8 oA Z90] Dok 29 g
¥ 4 gl
%71 EEE o 2440
GaElojo sH= A% 7 SEA 0] hEHo et
m}aw EEEEREESEELEE YRR
31 AENS BRHOR UF 4 g 242} 2

s,

jinec)
©
rir
ol
ol
N,

o 22d 29 ¥E Az
1) sh2halg P41

we e 227} gole) W
A % 722 ﬁow 2R, 2

Ao s g E At Edold 7 271 =
HAAY Fare|E 77k aAe 4= qleH16].

=, RS FRA0R 5 FEY sheet

wotE mdlo] getn|grt 47 g L2 st
bz dR 5ok wHllo] uiefu|g AjejofA] Hio] WAy
S ek ElolE HE A2 Be BE #ak AA7
Oﬂ*i Ao gEng S Z3Alskal 57 /mlE 7|4 L=
RALo 2 A7) 7ks
HOﬂH 71 =3t %Oé =

i)

m& fljo

a1

28 we A2l gole) W Ao uls] Edo]d
ol BE B4 I8 B4 x FAFo] Ent
S8 Sof ‘U AolA] Am= DNN we Hae) of(2
o 2-4)ollA] B4 B 1 5 WEEhto] v
15] WRA) e 2 L AE B8 AN R T

A 28 Fhpol,

© (A% D AF ¥ BY B (L-1)x2
© (29 ) U A B (L)X X (1) %2
+ (2% 4 SOl E Bk (L-1)x FX Fx2

1A

N

) (27 292k (3™ 99 A E L} 7} A

= bl
A Q7k La FUo) Fo HlFste] Sk & 4
Act. A Slee L F 2AEHE © o €9
A, FAFES S AAIAQL T4l vlES A

920| 9f / Goid 2Y Y M2l 5



% Qleh, ol Sof, Y=Y Ut 64 H9l5 B
GU4E Aol T wloleefol BopEE e

AUMERRS Bt A9 doeE d={10lst

o2 gy o= Q= WO 2= Message Passing
Interface(MPI), general—purpose RPC(gRPC), NVIDIA
Collective Communications Library(NCCL)7}F Qlth, 1
2|1 54 Ak Held EHES Sl A aes
= Gloo, MLSL, Baidu—allreduce $¢] it}

MPL= HAA] 34 BHE Z2aege 9o #3
g Hlole B4l olHefrA ZrAA VR 2}
AL dstn] ZEAIXZE gjo] F gjo] EERA] 7]
gko] EA] "hAlo|t}, GPUDirect RDMAS A ¢35}
A3l CUDA-Aware MPIE A3ttt MPI= Caffe?,
Cognitive Toolkit(CNTK), Chainer MN 5-0|A] ARZ-EIc}

gRPCE= H8 F24 2% Googleo] oJ3f /e &
a2 ZH YA Seo|AE-AH 7Hke] 914 L
BAIA TEFACR A ZRAIATE FAS Y
1, Protobuf& 7|RFe.2 HAAE 139/ =23}
wfzofl Theskn] XML oH] ¢ WE S5 2ol

NCCL2 NVIDIAY|A 7 GPU 7+ FgHCollec—
tive) Al Bol AME= F4l ol == Y
GPU 7tojl&= NVLink, PCle, GPU Direct P2PE 53]
EAL (NOCL 1), =5 7+ GPUS Aojoflal=
Socket(Ethernet) T+ Infiniband(with GPU direct

Time

of
S

Machines
Machines

(a) pipelined execution (#inflight 1)

(b) Pipelined parallel execution (#inflight 4)

RDMA) YEZE F3f -5AIRITHNCCL 2). 713wk
A 45 Algdhe st=fo] 4 NVLinkE A1
Sh= At Tegla AlY GPU 18]1 & 7F Infini—
band HEQAE AZst= Zelth, NCCL2 Ring 4]
o7 CUDA kemelo] EAS 33ttt Cognitive
Toolkit(CNTK), Torch, NVCaffe, Caffe2, Tensorflow
& R A HEld SHEOIA AREE AL QI

Gloow= FacebookollA] 7 7] Agk5ol f-8=F
At 41 gholBe & Caffe20] 4] WAl 7+ A4S
e} AFEEIL 9JtH12]. Gloox barrier, broadcast,
allreduceS X33 s YEQ IR [P B Infini—
band (or RoCE)E A ¢35}, Infiniband”} $).2. GPU-
Direct’} AF8-EIth 181} Redezvous Al Y-S YaljA=
RedisE Q& 3t}

MLSL(Machine Learning Scaling Library)& Intelo]
A 71Asks S §IEE SolEeE®, MPI
primitivesE 7|9Fo.2 JFEE QT Intel Omni—Path,
Infiniband, EthernetS A| @3k},

Baidu—allreduces= thti #IAIA] H SAE A€
Stt}h Point—to—Point MPI Z2Ju|E|HE o]&3}o]
Ring—Allreduce ¢112]5-S F@st3cH13],

3) A3} Wy

Time

1|6 2|7 3|

1|4 2|5 3|6

(c) Asynchronous model parallelism

Machines

(38 5) S7|2l/HIS7|A oto|=ato|d H|wm[24]

6 ZTXISAsEEREA X33HE x4s 20184 8¢



Py sto|mefold olct
ol 3o} wAlOR 5714
sto|Zetold & o} A A
gol}

N
o
)
2]
3
e
P
fr
toh
OJ:E

—
—
=)
@)

~

—
DO

i

], [24].

o
o ol

o
of
N
1~
!
ifin]
ro
>
i)
[>

]_

=
o
~
ut
_>|:‘_'4
-
=]
:
ot
>

r
[>
2
fn)
ot
2
207
>,
(1)
o

=
>
rr

Shis
sk
p
i
e,
o

el
QL
fr R

o
T,
>~
g
e
1=
I
rlr
2
fnie)
I
X,
22
>,
B
K
T
i
=

ol
=

4
1

=
&=
"
A S~
mo}r -
=
&
1w H
o F
=
U1
> 1>
ol rlr

i)

K

a=j

>,
L
o,
£

+
%
w0
5
10
=)

£
o
offt
N
)
i
H
e,
ok
e,
o))
o
it

ol
ol

=
1o
Lo,
[>
i)
[>

i
(GV]
=
1o
o
M
o
N

1o ot rir

N
1
i
H

I
o
il
QL
r
o,

uipyc (e
o
=)
£
&
rir
i
=

lo
E\H
M
o
N
> 7
Y
~N
")
Ll
fr ko
)

T
i
N
ol
i:(
TR
)
22
QL
r
2
_Q o, i
(il
4
X
N
-
il

il
ME
~N

row
ol
=0

ol u]57]

AE AN =24 7R HAVEE7E oA
dolli= Aol WE HI} st=go] &

o o ol
i
s
o
>
)

&
i
e
o
QL
£
iy
4

12]9] o5& wole 2SS

o=
rskoact, AbAIgH W8~ 7 Petuumol A A48 3ic,

ll. Baid T AT 2 HHE X2 7|&

& AollAe A7 A7 71 FAI9) ol Bl

A B9 WY M2 AUsks 5] 24k ey 2

1. DistBelief

DistBelief[23]= 2011WRE] AJZHE = B9l &
ZAEo|A /M diqt | FE HEYTY EFo]
3} AHAAE 3t =29 1A EAF A|A- o]}

4 410} 7o) sl A i | e g

Machine 1 Machine 3

Machine 2
(O 6) =2 HE Xz o

Machine 4

35 $4 B AFE R CPU Zof)olA EAF Ed
g 520z e ek

2 6)2 DistBeliefoll 4] Kol wmd] HE zz]o]
gk ooj23], 571l AFor H4E | wE UENAES
N9 Bz (A AAHt) £3sto] MAl(Machine) 1,
Bg-olh, o714 2el B3t

ol

o]

[w

rlo

!

ifin}

o

+
oL

_O|L

rlr

3r

e

re fr
i,

lo 4

o Ar
o,
o
-,
o
N
o
ﬁ',
il

o 19 93 ol helomy
QoL AN 23S AZE e

s Al(@S Ao Zasi,
EQT7} I9 9B SEZOR 1)
g Aoebd Machine 29 A e
I} Machine 19] FHO.2HE Ho[gE A
|Aks}al, 71 A3 Machine 3%} Machine 44} 2]
Ao gt

DistBelief AH2HH2'd =& 7fLAh= python 7
gho] ATYE QIEHo|AS o] §sto] CHEHAR
TdH goloES 2gsto 2N Hed YEHIE A
oJgitt, HolH YEYA= A8 gido] 1Axo] thee
gt 9l Qe A7 ¢ RNNZF 22 mdlle x| st
A 33t DistBelief Ze| 9 Ao et
EE Hejohe AHet 24 71| AL YA Z24
AER JJE AL, EFlogolut QIEHA Fof A &

He
b
m
0=
=)
=
~

ff
2
e,

o,

=8

[

i
|
Ho ot
i

2
lo
=

L
S e
x4

m

(¢}

a
2y
v

o

e
i,
4r
0

2%420| 9f / Goid 2Y Y Mzl 7



9 BEo] T B4R AFEEA] AN Wl WA
A9, AFE 75715 Aol Angtozn md Y

mdl 3E s 5402 4% Downpour SGD
L-BFGS ¢1g|&& nd Bslo] Wy

Azl 71e(19A) daff RS v AFE ] HALSH
of dloJElE waksto] HE A2slr] ¢t oA HHE
3} 7] o]t} Downpour SGD= YA ET} sfetulel A
H] 7} v)E7]4] ghetule A3} 7]40]al, Sanblaster
L-BFGS+= shhe] A &Hcoordinator)7} HAE2} o¢
ghule] Aulo] mAAE Buin w2 HH3E st
= 7l&olth. §AY} gt A 7 F4 e R

AL Zholli HIATA] 34 He HAL oAl HEl2
g9 S ARSI,

2. MXNet

MXNet[7]> CXXNet, Minerva, Purine2 7fA}&0]

Agste], LAY AES whdste] agdn A8
22 st gy Zeag 20159 githubdl
C N
mdl W Zzlof Qlo} MXNet £3] LSTMY H%

1AL TH6). (2™ 72 27415 LSTM 2Els Az
Haksto] o2 GPUOIA Adish= Algolt}, GPU 19
A A A AL ALRE ANES vl AakE
GPU2E Adst} GPU27F A WA LSTM A%< 2

3} o} 5 ikt 5 4Jof GPU
19 8 el A1EAS Sl Ak o] 39

=
29 29 7H 3R20l ol WAS

Output ——> Q

21e] sfefole] 7
2 LSTM-— [LsTM}[LSTM

O O O
Iayer
I
w . O @ © © O ® -
sequrnce
(38 7) MXNetollA] 22 H& Xa| 7|H[6]

8 XMxSASTEM FM33E M4z 2018H 8&

N e
o] ¥IHslA WAgtc}, webd FAl Al
Sl o AT 22 GPUel ¥ X713, o GPU
2t YR} e HEEES 6l tE F
E4 AS2 o AALS Ptk Ag A5l 7 24
4 A2 g Fdsfof gtk

MXNet Hejd Reds 3aFd vieg gz
(Directed Acyclic Graph) &Ejo] A& Tgj== 33
[o Areht /}3‘%@1‘ (Symbolic) (= Al Lxd(Declarative)) I

AZ Python, C++ & E%EOJE 7H‘ﬂ£°d°1jl APIZ
AlEete}, o]k olfi+= Symbol APIZ Al&%= A=
g zgafge 7 UEYIAY A4t 12E BHAIst
I HAsRe7] 419U YIEYA mdo] ghi 1EH
A3 5§70l ofg7] wiZo| o]F Hestara} etu]
E| dlo]EL} QIEfHE R tu7Jof] f-85F AAJ4 =
ZaYE g7 ATt NDArrayeh= 38} Alito]
7hset 1A 2719 vk v ga} A FES Al
gogn AAY zZgaefye] 7hesh, MXNet
NDArray ¥AF =8 BAT Al2Aglof gH| SE| AL
FE AFS AAAFHOZN FATS Algdttt, Akt
ool wWol 24 Fsb7k & NDArray A4k k(e
NDArray.dotO)= 5& AlFo] dHlidA] A%l (Depen—

2 oEA #4 *71]%% YuEE ol$s e A
A5 ElolEl oS EAT - o505y
AAEolehd AR 7kt stegel2 A HE Ay
AoRHN Bland] B3 e il
Aejehd, 2l AEAE MXNetel Al Al A&
o ZRIYI} A Z2adY PHE ol-8sto]
=2 785k MXNetollAle 29 ¥E Helg $i5)
EEM A5 £83 NDArray AF g ©H9je] Atk

¥ A2 E AFso ddske ol



3. Petuum

Petuum[14], [15} CMUOA] 7jdst & A4 B
AL 71ARRS Y aRA Ao R aletnlE AH
(PS server), 2AZE8(Scheduler), Y#(Worker) &=
T3, Hlole WEA e mdl WY Ae)E A s}
7] $18 7152 o2 Bosenolgt B HIE7] A
7)-w2 AAF49} STRADS(structure—Aware Dyna—
mic Scheduler)2t HEH 24 HH3} AA1EH([16], L
2| oefgt 7| AISkS gto|Hel e E AlERi,

E3), nd Wg A2 98l Edoly 13] ¥HE-S 7]

25 71U AgET 2Y 2 dons 44
B33 A HES ATy 44 B Eel 4
Kol 7)ubsto] A Ao e WATOZH W A
Pl WA B FUE R, 54 BT A9
5 me 29 7 A5 R4 HAES Sl 7
Helo] AL siuEE WY Aelshes Gown W
29 98 ] 4 Rkt

B Y A2 A7) 918 Petuumtte] 7
F0 B4 % Shhe Y292 722 AXstel A

Aol SAEAE wi7] oL AlE 9l R etalE o]
E 52& 2A1EY3lE STRADS AAIES ol A
27 SchMP Hols mEle] Hajo] ghA FdstH
STRADS AH|AE 0|83l SchMP HH ol #4F S|~
EloflA] Alegelc}, mel Ay} FAsioF sk SchMP
W&ol 1) schedule(), 2) update) (push([15)), 3)
aggregate(pull([15))0]ct. schedule(2 AT gle}u]
HE Aeslal, YA schedule(ol] 23 WA I}
2u|el 5 FAIEH update(2 AH4l2] 22 wletule s
WSkl AAIE = T aggregate()E o851
AE25E 49 seplE ghs mol A9 dlefng
g Wt &, 29 /s SchMP Wy olEel &

&l E3te 2AEE AHrEAl F@ste] STRADS
Au] 2ol A Adgiek &= Qi [16]2 714 3k -850
A &l 71 2AEY, BRE 2Rl AAIEY, £5 7

HE 2AIEY 5 TS 2AIET ARIE Bl

4. SINGA

A7t djsto] 7dste] 201548 Apache @-ZAA
2 370%t SINGA= H4F g8 E3E] o84
(Usability)2?t 2449 (Scalability) &4
HAF e EHE(1T]oTt,

SINGAE AH 153 A TFo2 ==, A
v 252 B giehu]E ] $hst HEARLS 7HA] A ¢
A 1o RRE ¢y /MAs] 93 Ashe 1
=702 #7148 sehgE 718k, A IF
2 shte] AfH ol &sto] 1L AH IF0] sl
mdof tfsf gefu|elE Edlo|dgict,

SINGASA= Held 2P NeuralNeto|2h=
Fog A4 AT Ao Fofstn (19 9} &
o] 7|3ttt AL dlolE A, oA A, w4 A
EXAZ, Vet A (Y BT A ASES A

1:]01-

Layer: name: "softmax loss”
type: softmaxiosslayer
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SGD trainer
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é Learning_rate =[0.01]
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Gradients
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Relu layer
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CNN Convolutional Neural Network

DAG Directed Acyclic Graph

DNN Deep Neural Network

GPGPU  General-Purpose computing on Graphics

Processing Units

gRPC General-purpose Remote Procedure Call

IR Intermediate Representation

L-BFGS Limited-memory Broyden Fletcher
Goldfarb Shanno

LSTM Long Short Term Memory

MPI Message Passing Interface

NCCL NVIDIA Collective Communications Library

PCle Peripheral Component Interconnect Express

RNN Recurrent Neural Networks

ROCE RDMA over Converged Ethernet

SGD Stochastic Gradient Descent

STRADS STRucture-Aware Dynamic Scheduler
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