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Abstract: In this paper, we evaluate and analyze an implementation method of pipeline parallelism dis-
tributed deep learning on parallel computers. In pipeline parallelism, a neural network model is partitioned
and assigned to each process. To improve hardware efficiency, we use microbatches, which are divided
minibatches, to overlap the processing of each process. The advantage of pipeline parallelism is that the
overlapping of microbatch processes increases the speed and distributes the memory consumtion. In this
study, we propose a method for describing the partitioning of neural network models in pipeline parallelism.
We analyze the speedup effect of pipeline parallelism using a simple network with 32 fully connected layers.
Using VGG16 and ResNet50, we evaluate the pipeline parallelism.
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Fig. 1 Overview of pipeline parallel processing with four processes. The minibatch is

divided into four parts and processed by the black arrows. The blue arrows

represent the waiting time in the pipeline processing.
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class NNO(chainer.Chain):
# rank:0 HOET Vv
def __init__(self):
self.layer = ...
def forward(self, x):
x = self.layer(x)
return x

class NN1(chainer.Chain):
# rank:1 HHOE7 Vv
def __init__(self):
self.layer = ...
def forward(self, x):
x = self.layer(x)
return x

comm = chainermn.create_communicator(’nccl’)
if comm.rank == 0:

model = NN1()
elif comm.rank == 1:

model = NN1() # rank IC X DT 227 7 ADES

2 chainer.Chain 7 7 A2 X2 =2 —F )V Ay b — 7 D5

%L A% (NNO, NN1) % chainer.Chain 7 7 A TH%T %

7o, SEIFEEREET AYAE, 3 - FekoESE LW
kb

Fig. 2 To divide the neural network by chainer.Chain class.

Each layer (NNO, NN1) is implemented by chainer.

Chain class. If you want to change the division method,

you need to rewrite the whole code.
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array[start:end] &FCih9 52 LT, BLH) array 75,
start~end Z 1 T v 7 AL T HHMNDOEEDARZHLY H
FTIENTESL, INEFIAL T chianer.Sequential 7
7 A %?ﬁf}ﬁ L, Divisible 7 7 A &#%% 72, Divisible
7T ANEBENIER 3 O L HIAT) . TOEREICLD,

1208



BRAIEF=EmEE Vol.63 No.5 1206-1215 (May 2022)

class NN(Divisible):
def __init__(self):
self.append(Layer_class())

model = NN()

start = FEERBEMGL A YDA VT v 7 X
end = DEHIRRHK LA YDA > F v 7 R
model = model.divide(start, end)

3 ARWF7ETIEi% L7z Divisible 7 7 A2 & %58, start & end
THENEORENA v F v 7 A%IET S LT, HEfrEs
FHRICETCTE A
Fig. 3 The Divisible class implemented in this reserch can flex-
ibly change the division position by specifying the array

index of the division position in start and end.

# forward
for mb in range(0, batchsize, mbatchsize):
if comm.rank == 0:
mx = x[mb:mb+mbatchsize]
if comm.rank == comm.size-1:
mt = t[mb:mb+mbatchsize]
if comm.rank != 0:
mx = recv_data(comm, None, source)
xs.append (mx)
y = model(mx)
if comm.rank == comm.size-1:
loss = F.softmax_cross_entropy (y, mt)
acc = F.accuracy(y, mt)
ys.append (loss)
else:
send_data(comm, y, dest)
ys.append(y)

# backward
for x, y in zip(xs, ys):
if comm.rank != comm.size-1:
y = recv_grad(comm, y, dest)
y.backward()
if comm.rank != 0:

send_grad(comm, x, source)

4 AT TA VAEHIDFERE

Fig. 4 Implementation of pipeline parallelism.
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9. comm.size & ITIPFILILIZZINT % 7 0+ AT %R
T, DEIN=Z2—F NV %k v T — 71T comm.rank Y

0D7THEANPLIEIZEN K THNS. comm.rank 250 D
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LA HY T 5.
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t A1 iﬁ%”\@)\ﬁkbﬂﬁ%f%?ﬂ?—a. %12 comm.rank
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Y ANEEIF ORI ER R EET L. ZO—EOLH %,
Iy FERONIENHED S F T R,

HEFETIE, MO TXTOTE LR, EEFEOL
R L2225 122 Y 9. comm.rank 4%
comm.size — 1 Ut 70+ 2% comm.rank+1 D70+t
AN TIOHR 53T 5. FDR, BnikzFT3 5.
comm.rank 70 D71+ ALAE comm.rank — 1 O 71
T ANANOAREEET A, RIFLTWETXTOHT)
WA L TRk 2 324795 F TIN O DI Z D KT,
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Fig. 5 Profiling results by NVidia Visual Profiler.

% 1 Reedbush-L Ok
Table 1 Configuration of Reedbush-L.

AR A Intel Xeon E5-2695v4 (Broadwell-EP)

Tuty T (3 7H) 2 (36)

AEY FE 256 GB

A8 ) i AR 153.6 GB/sec

GPU NVIDIA Tesla P100 x4

GPU * &) K& 16 GB

GPU 2 &) #H5iE 732 GB/sec

CPU-GPU [H#ht PCI Express Gen3 x16 L — >

(16 GB/sec)

GPU [l NVLink 2 brick (20 GB/sec x1 or 2)

vy —=a%x7 b InfiniBand EDR 4x2 ') 7
(100 Gbps x2)

8,192 @ 0 HHELH| &y, I =Ny FH A XL 32, 3=
Ny FOGERIE 4L Lz, EiE, 2 /- F, 270%
)/ = RKOFt4 7Ot A THEIT LI,

EERRE I IR RFEHIEE € ~ ¥ — D Reedbush-L %
FIH L7-. Reedbush-L OHii x5 1 IZ/R7.

NVVPIZk A 70774 v 7fER%#R 5 1R, 5
2B, FRIINEEE, HEIEEE, i385 2 — & 55,
HITBEB L OHFRIEHEZEL TWD., BWERHIET—%
DFNEZEL TS, TBEA0L1BL072 & 31EF—
J—FHADO7TatATHE. LT, 081, 2£313/—
KNP NVLink 12 & 45812, 1 & 213/ — F InfiniBand (2
L2 BEFfTONL TS, K1 &M 5 2T 5L, ¥
IR OFHEREAS, 1 HH & ZNLUBETRL L 2 L5 Hh
L. ZTIUINT A —F OHROMEIITHOINTND Z LR
FRTHLEEZLNL, 2 RHDEOSEEETIE 1 HA
DWEIBETEHE EN 222 —F Ay P T =7 DIST A —
Y ORBSHFAET 570, T TICHET HEMEH L G
HL7-AROMEI b s,
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training time/minibatch

1 processes

1.6 -
—=— 2 processes
1.44 —— 4 processes
—— 8 processes
12 —— 16 processes
104 —— 32 processes

I ——

0 10 20 30 40
number of minibatch divisions
6 I=NYTFHEBICLS 1 I =Ny FOEEE. 1 /- F
H7-h 1 Fut A, F—=FH 4 X 5,000, I=/NvFHAX
¥ 1,200
Fig. 6 Learning time for one minibatch by number of mini-
batch divisions. 1 process per node, data size is 5,000,

minibatch size is 1,200.
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speedup rate

N
wn

1 processes
2 processes
4 processes
8 processes
16 processes
32 processes
0 10 20 30 40
number of minibatch divisions
7T =Ny FEEIC X B ER. &I 6 LR, 17
Bt AT =8y F25H LAV EOFITHM % e L L
TR kAL

Fig. 7 Speed-up ratio by number of minibatch divisions. The

speedup rate
=R N
o u o
N

SEREE

o
wn

condition is the same as Fig. 6, but the speed-up rate is
based on the execution time when the minibatch is not

divide in one process.

1tr"aaining time/minibatch(micro-batch size240)

—— 1 process/node
1.24 —— 4 processes/node

timel[s]

2000 4000 6000 8000 10000
input data size[float32]

8 WEWHIHOENIZL S 1 I =/Ny T OFF R O I
Fig. 8 Learning time comparison between different communi-

cation bandwidths.

IR T, TNENWHFEL 2 VA 1.34 1%, 1.93 1%
Tho7z. 8 70t X, 16 7utX, BIIN32 7utx
T I =Ny FHERAT20 O & EICHET, TREN 2T
R 34915, 3.2 TH oz, I 2Ny FEHEIL RV
A, O AR B EEENHAIE A D2 L b
JELEL B Ah, TUL AW 5138, b=
INY FEIBIIRKEL ol ik b I =Ny F4H
BEDOpEfeEedT EHEIECRDY, 2702 AT
BOEH 12U EDE EIZI Ny FEGE LAVWE & X
DGR L 72 2. REBRTIZI SNy FOEBORKEZ 80
E L7, THNULEGETLE L DERHICRDLEERZD.

5.2 RIEHEIE

BEWIEIEOE N L 2N AZR 8 IZ/RT. 1/ —
F&7-0) 1 70t Z0MNIEE 4 ) — R TEITLZES, @
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speedup rate(4 processes)

2.0
1.8 -
1.6 -

1)

‘w 1.4

_

5121
o

@
(] 1.01
a 12 divisions

0.8 —— 10 divisions
—— 6 divisions

0.61 —— 5 divisions

0.4 1 —— 4 divisions

2000 4000 6000 8000 10000
input data size[float32]
9 4 7UERIIBIEANT =5 A XL EdbE. [T
AT I =Ny FEGEIL 2 WGE 2 BE L L om b=
Fig. 9 Speed-up ratio of 4 processes by input data size. Speed-
up rate based on the same number of processes and no

minibatch division.

speedup rate(8 processes)

3.0
2.5
U
®
—_ 2_0 4
a
=]
o
@
a 1.54 —— 12 divisions
—— 10 divisions
101 —— 6 divisions
. —— 5 divisions
—— 4 divisions

2000 4000 6000 8000 10000
input data size[float32]

10 8 7ULRIZBIF L AT T =8 ¥ A X2 & B mfbs
Fig. 10 Speed-up ratio with 8 processes.

fZ13 4T InfiniBand TfThNb. 1 /—F4 722D
FATIZBWT, 38213 NVLink T/ThbN s, M8 »b,
EMEIEIC L ABVIIIEEAE LT VWEEZ NS,

53 ANW7T—4a2H44X

ANT = H A XX D@ bR 2772, &7
Ot 2IZBVWTI =Ny F20EETIC9ETT 55609
ATHER & el L 72 b 2 w7z, 4 702 ATHEL
A OMEER 9 1IRY. 8§ YO AT L 236D
HREAE 10 12T, 16 70X ATHE L2E 08 R%
11 1R, K9, @10, M 11 §XTIZBVWT, AT
T =& A XH 3,000 L /NS L % b EEEEERITEC 2
L. 10 £ 11 1I2BWT, ANT =31 X% 3,000 L
ETClE~A7anNy FH A X120 D EE RN, AT —
ZH A4 XDT2,000 LT ClE 2 FHICKEE 2D, 4 T ot
A, 8 UL ATIX, AJI7T—%44X10,000 TiF& AL
D~A 7 aNy FH A XOEFEAFEIVNS L 2 DH5, 16 7
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speedup rate(16 processes)

3.5
3.01
2
225
a2
S
%
o 2.09 —— 12 divisions
—— 10 divisions
1.5 —— 6 divisions
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11 16 7H X RIBIT 5 AT T — 74 X2 & 5
Fig. 11 Speed-up ratio with 16 processes.
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1 t
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T 1 B OFERRIE L L2 b. NS4 T T4 VREIZLY
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Em+d-1HERD, (225005 L) ITm, dIVK
EWVIILEFEIEMNME S —NT v TTHLIENTEL2D,
AR 2 B

AT T4 ZAEFNI BT B EHE & EE & & 7o LR IR
Tpipe 133 (3) TEEIN L.

b
Tpipe = tpipe + (m +d— 2)tcomm (72) (3)

Iy FOFER m A2 TORBERIIEDL S v
A5, BERHIE m4+d -2 IR 5. d°m OB L
b 7% 0 T tpipe (T T 2 OITK L, 815 R EE H %K
DR D720 tg x (m+d—2) 72T 5.
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theoretical/measured value

3.5 —— theory
—— measure

speedup rate
N N
(=] w

=
n
)

-
o
!
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number of minibatch divisions
12 16 70284 75 4 ZEHIZ B 5 Baw i & EHMEO L
BOBIEREIE S =Ny SBT3, 12, 40 O & S D FEIE
% F iR,
Fig. 12 Comparison of theoretical and measured values for
a 16 process pipeline parallelism. Theoretical values
are approximated using the measured values when the

number of minibatch divisions is 3, 12, and 40.

TETVWEEEZLND.

PLEDOEHA S, FHEFREEICH LTI =Ny T 054
MmMARETEL EBEDF =Ny FIZL ) HEMNEL &
b, FIZmAVNSTEDLEFHBEDF =T v TR T,
FEALOR RT3 IE L N,

AT = A PPN EVEFIHEBE BERI DL %
B, LIAoT, EHEoF—NT v S L B E#LORh R
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PRHEZEZ OND.

7. VGG16, ResNet50 # A\ /-EE

VGG16 & ResNeth0 Z HWTHFE 247\, I =Ny I 1
H & 720 OF R 25 L7z, AR OFHITE, 10
[lD 3 =3y FOFEEHROPHZFIE L.
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BottleNeck 7 — % 7 7 F ¥ & fJi/NHAL & LTHEI L Tw
4. BottleNeck 7 — % 7 7 7 ¥ N Tl skip connection %%
b T\ 5. skip connection |&, BAVEL &b T &2k
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BEOMTCFRIOBDO AN 2 MET 2NEOZ L THS.
L7255 C, BottleNeck WTHE%4T) L, LW Z D@
ErLEL L. VGG16, ResNetb0 I2BITA I =Ny F
A RFFNEI 84, 90 & L7,

VGG16 (2B % maffbs 2 B 13 ([R5 . fEflidifs)
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VGG16 speedup rate
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Fig. 13 Speed-up rate in VGG16.
ResNet50 speedup rate
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1.2 —— 8 process
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o
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Fig. 14 Speed-up rate in ResNet50.
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