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Abstract: Deep Learning model size is becoming larger to process high resolution images or 3D images. On CPU, developers and
users do not consider the physical memory size thanks to virtual memory mechanism. As for GPU programming, they should adjust
parameters to fit the memory to the physical memory size. It is necessary for calculation efficiency to consider the physical memory
size, but is an obstacle to improve the productivity of GPU programming. NVIDIA provides a mechanism, called Unified
Memory, to manage CPU and GPU memory in an integrated way by using virtual memory mechanism, which enables programming
without explicit data transfer between CPU and GPU. Unified Memory is designed for heterogenous processing with CPU and
GPU and is mainly used for HPC area through OpenMP. On the other hand, for Deep Learning area, almost all processing is done
by GPU only, and Unified Memory is not designed for this purpose, and is not utilized well. Unified Memory can provide virtual
larger memory than the physical memory by just changing the allocation method, but the execution speed is the slow. In this study,
we appended APIs to control behavior of Unified Memory to a numeric library cupy, that is used for Chainer, and developed a test
program to investigate CUDA runtime’s behavior for Unified Memory, and investigated the behavior on Power9 Processor and
VOLTA CPU. We also discuss effective implementation of Deep Learning frameworks using Unified Memory according the
investigation results.
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overcommit DIRAEIZT 5.
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(6) (4) & [FIRRICIRRE T B & 0 ARBHE G DI 2 £
U %BR L, overcomit NAZ X /WL HIC L7=&IC,
FRAEX SR fiEI % CPU (2 Prefetch 5. (cf ZhiZk
D GPU % A & U FIY THOMREF S 2D 0% FRFE)

(7) MRFEXTS4EIKIZ CudaMemAdvise API 12 & D
CudaMemSetAccessedBy C GPU A & U ~Dfl{&E % 5
iE.

(8) MRAEXIZAEIKIC CudaMemAdvise API (2 L Y
CudaMemAdviseSetPreferredLocation T GPU A & U ~
OEENEE LW LEFEST 5.

(9) BRRERSGe L 0 ARBEE 5 B 73 I VRS
CudaMemAdvise API {Z & ¥ CudaMemSetAccessedBy
TCPU AEY~DOEEEZIEET D. (cf THUTED
JRBEESE S BN D T & & W)

(10) FRRERS G2 & 0 ARBEAE 55 B 703 (I VRS
CudaMemAdvise API (Z X ¥
CudaMemAdviseSetPreferredLocation T GPU A & U ~
DEENEE LW LEESTH. (ef. ZHAITEDY
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4+[Al, Chainer CfE &5 GPU ETOHIEFHE D=9

@ Python YLIEE ¥ 2 —/L"Toh % cupy[14] (version4.0.0b2)Z

Unified Memory # fill#l 3 2 #2248 L, Z OBREZ -
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Unified Memory {if FHIRFIC X E N & 5 72 O 4 BIORFE T

IHER LRl o7z. BN APLIZEAF DY .

(1) cupy.Prefetch(self, stream, deviceid=None):
CudaMemPrefetchAsync (2 LK V) cupy A7 V=7 h %15
ET 73A A|Z Prefetch 3% API

(2) cupy.advise(self, int advise, cupy.cuda.Device device):
CudaMemAdvise APLIZ LY cupy 7 ¥ =7 MZT K
A A5 2% APL

LIF, BGET v 77 ALl a— R &R,

# allocate chunks almost full

x=[]

foriin range(0, <# of chunks>):

newx = xp.zeros(size * (1024 * 1024),
dtype=numpy.float32)
if hint > 0:
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newx.advise(hint, device)
x.append(newx)
# do something to change the priority
action(xp, args.action, x, 0, device, args.gpu)
# allocate one more chunk for overcommit
newx = xp.zeros(size * (1024 * 1024),
dtype=numpy.float32)
if hint > 0:
newx.advise(hint, device)
# touch the first chunk
cupy.cuda.runtime.deviceSynchronize()
tstart = time.time()
xp.dot(x[unit], x[unit].T)
cupy.cuda.runtime.deviceSynchronize()
tend = time.time()
print('TIME=", tend- tstart)
F A BGEEE RIS T D B EORE 2 — Fa2 R
def action(xp, action, x, unit, device, gpu):
if action == 1:
return touch(xp, x, unit)
elif action == 2.
strm = cuda.Stream(non_blocking=True)
x[unit].Prefetch(strm)
elif action == 3:
strm = cuda.Stream(non_blocking=True)
x[unit].Prefetch(strm)
x[unit+1].Prefetch(strm)
elif action == 4:
v = x[unit]
x[unit+3] = None
del v
elif action == 5:
strm = cuda.Stream(non_blocking="True)
x[unit+1].Prefetch(strm, device=-1)
elif action == 6:
v = x[unit]
x[unit+3] = None
del v
strm = cuda.Stream(non_blocking=True)
x[unit].Prefetch(strm, device=-1)
elif action == 7:
x[unit].advise(5, device) #
cudaMemAdviseAccessedBy=5
elif action == 8:
x[unit].advise(3, device) #
cudaMemAdvisePreferredLocation=3
elif action == 9:
x[unit + 1].advise(S,
chainer.cuda.get_device from_id(-1))
elif action == 10:
x[unit + 1].advise(3,
chainer.cuda.get_device from_id(-1))



TR 2R
IPSJ SIG Technical Report

Vol.2018-HPC-164 No.7

IRFEXS S X T U tEREE

160.0

140.0

120.0

100.0

(1)

80.0

eS|

F2 4TI

60.0

40.0

20.0

0.0

#1
#2
#1
#2
#1
#2

IEH1:#0 |
IH H2:40

I8 H3:#0
I8 H 4:#0

#1
#2

I8 H 5:#0

W Prepare  m Action

#1
#2

Overcommit

2018/5/7
(=) = [l =] = o =] = o =] = [l =] = o~
E R 8% E T % E T OB E W % ® Om 4
o r~ o o S
[ m m m b
hirg m; m i —
=y =y =y s o
Touch

3: AREERA T Y ST 0 ST LG TR

3.7 RIRE

i~ ¥ > 12 1T IBM® Power Systems™ AC922( i Fr
Newel)[15]% HV 7=, Newell < CPU {Z POWERY 7' 1 & v
#—(10 =7, 2.0GHz)% 2 ZE#H#H L, CPU A€V —I1TB T
HY, 2 Vv h® NUMA ik & 72> TW\Wb. GPU X
NVIDIA® Tesla® V100(GPU £ & U —16GB)% 4 F:#%# L T
5. CPU-GPU [#1Z NVLink2.0(/7 J7 1A 25GB/sec D3> R

ME) TR SN TN D.

Y7 hU =7 IZ1%, Ubuntu-16.04, CUDA9.1, Python 3.6.0,

Cupy4.0.0b2 Z i L7z,
3.8 ZEIEBRIAER

X 312 3.5 0K MFEE H (2 3.4 0% B E D £1THE
MORHZRT. KF#o, #1, #2 13 3.4 i Touch #AERF D

T 7 ARG, 2%&FB, 3&FB)EZTRT.
HEMRELOEBLIILLTO®EY .
(1) KFERIBMERIC AT T 7 B R,

> SEEHESEEICZ b L. VOLTAGPU (2132 —2 7
TRAND U —NHHENTNAET DT 7 AT

BRI L L7220,

(2) FRAEXRZRAEIE A GPU | Prefetch 5.

= Prefetch (2 & V) RFREML O IRBE I ERIKE 722D,

GPU AE U6 OBRENERES LS. X3 DIEHE 2O
T 70, PNCRESR LRI o T2 FBEIZ

R LTSN IBRES N TV Z L 3R TE 2.

(3) BEOWKFEX G fE % GPU IZ Prefetch 9°5.

D> BEOEOERENN SN, THITHEL D EE
MY E2o>TCPU AV (BRSNS, X3 DIEA

(©2018 Information Processing Society of Japan

4)

®)

(6)

0

®)

207 T 7, ERONHER LB > T 3 %
B ISR U 72 R 2N BB S TN 2 E R T& 5.
FRFIET G AR &2 0 GBI 26 B ARV BRIk A BR i L T R
TV OEEHEEEERAL LR T AT Y XAQ)T
overcomit BN EX RN K HITT 5.

> ETOHEIKIZONT CPU A E Y ~DiBHEIITHI
720N, Overcommit DORE H 72 < 72 D overcommit 23
ETVWRNZ LR TED.

RFE S GRAEIR 2V ABGREMER S BE MRV MBS (2 35 B IS P
L 7= fH4#%) % CPU IZ Prefetch 3°%.

= CPU ~® Prefetch |Z & U YL DIK) - 7= IR D
JRGREAR SE B DS B & 72 U RN R S LT, MREER
Sk ORI EGRE S T2, K3 DIEE S DS T T )
D, 2 HFHICHER LI-FImN BB ST\ e Z L2k
WTED.

(4) & [RBR I BRRIE o B B X 0 aBGREHESE E DR A E
U B L, overcomit L E 72V K HIZL7&IC, B
FEXT S 5HIK 2 CPU (2 Prefetch 5.

D GEIk % CPU IC Prefetch L CH GPUMIE AT Y
B CIIRFFSIL72. Overcommit DOEEH72< 72D
overcommit 23 X TWRWT L3RR TX 5.
FRAEXT S 5HI I CudaMemAdvise API (2 & V)
CudaMemSetAccessedBy T GPU A & U ~DHLE % &
E.

> SRBHESEEIC A bR L.

FRAEX SR 4838512 CudaMemAdvise AP 12 L Y
CudaMemAdviseSetPreferredLocation T GPU A E U ~



TR 2R
IPSJ SIG Technical Report

OEENEE LN LEES
> SRBHESEEIC A k2 L.

(9) MRFExIGE XV JRBEE 5L B 2RO IR
CudaMemAdvise API {Z X ¥ CudaMemSetAccessedBy
T CPU A& Y ~DALE % {5iE.
> REHELEIT A kR L.

(10) FRFExIGE X 0 JRBEER 58 B 23RO IR
CudaMemAdvise API [Z LV
CudaMemAdviseSetPreferredLocation C GPU A& U ~
DRENLE LN LEES.
> SRBHESEEIC Ak L.

3.9 REHERICHT 2EER

MFFEEICH T 2BLIILLFO@Y . L, Zo&s

FERITHAED CUDA OFEIEIZHTL2HDOTH Y, 5Hh 0N

—VarT v TRMNEREOENTEDDAREENSH D Z

LIEERLETHD.

(1) AFEVT 7 2R CTIHBRRELEIIE LY. 245
/®D CUDAAPI OFEH LS EE,

2) fREMELD GPU ~? CUDA MemPrefetchAsync f{EIC
F VRS 2 R CREICT D 2 E S ATRE. 2
72U, RS GPU EIZ/2WEA CPU 225 GPU
~DOEEEATSTAY CUDA Stream D EITH = —(ZIBIN &
N5, RIEANCH B ER N AN B RS 55 THL IO
AT v oL EnT, BER TRICEHKINLDS.

(3) fREMELD CPU ~0 CudaMemPrefetchAsync f{EIC
X 0 RS A R CRARICT 2 Z LN ATRE.
72U, REES CPU L2V 54 GPU 205 CPU
~OEREM S CUDA Stream DFEITH = —|TBINS
D TRIERNOREE A R B 572355 TH 20
AT v oL ENT, BEKTRICEKSND.

(4) Cuda MemAdvise |12 £ 27 /N1 R IIRREIEA~DT
7 & A DRED Page Fault DEIBICIZ AT, 1R0EE
TEETASE D L0,

Vol.2018-HPC-164 No.7
2018/5/7

4. Unified Memory ZRWV T4 —TF5—=V

JDEES &

ARE T, RIEE TOBLRITE ST CUDA Cff A il fE/R
APl R L2V B W2 T 4 —F F—=0 T 7 L —hU—
7 EIEFH I ONWTHRET 5.

4.1 EXEEHH

Unified Memory % L CT7 4 —7' 7 —=0 77 L—A
U— 7 B RIETDHA, LTO320RAFTHIEZ LN
5. (O HONCHETIZON KB ET L2 Y R— b 572
DICHNER T L — LT —7 DEERNPRL TED.

() EEfErAR: @ ATV ORI YIZ Unified Memory
EHERATS. 7V —LTU—IREXAEY OR%E, GPU-
GPU [l A& VREZ BHER L, M7 GPU A
FYMRFEIZ GPU DEAEVLUTICR S XD IHIET
5. 23 Hi TP L7z Out-of-Core & 7 L— LU —
7 INERIE A FERT D A IE LTV A A, Out-of-Core
FHATITEFE D A E Y %4 TiX Unified Memory %
FAna.

Q) DEFR: 7L — LT =7 3RS U T AE YR
BHREZRHMET2NEATY OBITITEE L.
CUDA T v % A ATIRBHESE B I T, A rEE7R
FAEY OBEOEHXIE L T CPU-GPU I TAEY
HREZITVY, GPU ATV 2 EHT 5.

(3) CUDA 7 v %A AEEKRTFEAFR: KEEET LY R —
k7= @ Unified Memory D& % 42T CUDA T >
B A LIEED.

42 BREAFAKXORBAREHELEA Yy b TAYy R

DLWTHEE
LIF, 203 SOHEARFGEM 3.9 HiCTHEF L7 CUDA

Unified Memory DF$HE CTHIER[FETH 2 T OV THRFTL,

BEFEHDOAV v b« T AU MZOWNWTHELETD.

(1) E#HRFR: Unified Memory 1% CPU-GPU [ @
CudaMemPrefetchAsync &\ 9 A€ VH#nk API 236V

Minibatch v.s. Execution Time
GoogleNet with and w/o Unified Memory on Power8+Pascal

70000.00
60000.00
50000.00
40000.00
30000.00
20000.00
10000.00

0.00

Executin Time (msec)

32 96 160 224 288 352 416 480 544 608 672 736 800 864 928 992 1056 1120 1184 1248

==@==g00glenet-normal

Minibatch Size

==@==g00glenet-unified

4: @% AV & Unified Memory O VERE FLiE

(©2018 Information Processing Society of Japan



TR 2R
IPSJ SIG Technical Report

K VIERATEETH D, 3.9 Hioi@E Y CPU M b
GPU ~? A &V HE 614 X GBI oD JRMEAR 5 4 A% e (X
IZ, GPU 235 CPU ~0 A E VU iAE4% kF G A IR 0 1B58E
BEENKEIZR DD, 7 L—LU—27 % GPU Off
AAT) #FE2AE) B TIHE L COIUEEAFO
fEAS CPU iRl S5 = Lid7ew>. X 4 13 Powers
7'r& v & VOLTA GPU L C Unified Memory % fifi il
L7z Ll A€ ) A LiG6 O FATHE g
T& %. Unified Memory ZfEH L THEHAE Y N
GPU OEAE VLT THOIIZEE AT OEA L
EDRITHREESE LD O, AKX TH Oufof-Core
FREMFEOFITHEZ G DD . AT TIE Out-of-
Core HR & B2 0 EET 2 BHERENTS S L7e Ik EE
DD FEEEIBRDIERMERE 2 E LD b RIEEZED D
ZEMARETH DD T, Out-of-Core L 7L —

LT =7 ORBUEAE Y BR— ~ OBRFEEFEMITE N

(2) 4rEFHN:3.9 HilCIERIE TRMBHE G & 2 25T 9 5 i fE
DRINTWVWDLOT, ITNOEIEEZHNWTEETLZ
CUERIRE. 7272 U, GRGREESE R ITAEE AN HE T o4 L BN
EHEINDMN EFRREEIC L » TRITESNTZ A€ ViiRk
MEEBOWET I ENTE RO THRIEENGDS
NNz EnTHRENDG.

(3) CUDA 7 v ¥ A A&E KA HR: X 41277 L7z Unified
A& YU OVERE[8]IE CUDA T > & A AEERES U
& % & D778 Unified Memory % f# fl L 72355 OPEREIT
+yEIEE 272\, CUDA 7 v & A AEREGFEFRT
TR EED I AT Y 77 & A K DiRREHE S
FEOERNLIELZZH0, BIEORIERE TIXY R
— FIN TN ERHRTE . 5BOT v 7T
— R THHR— b ISNAUTERECRIBE R DWW TR L7
W

5. FEHESERORE

AR TIX, Chainer THEMT 24MEHEE T A 77 Y Cupy IZ
Unified Memory % ffill##19°% API 23841 L, Unified Memory
DWDTENERET SRALT 1 7 T LEAFR LTz, FTz,
YERk L7z Power9 K& U8 VOLTA GPU FECE#fE%RRFE L 7-.
T DOFRAEAERIZHESN T, Unified Memory % AW TT 1 —
TG T T L= AU — 7 BRI EET S LD
WTHEBRLE., FEEFKOAY v k- T2V v MO
THEE L, BIED Unified Memory DIEEEZ V5546, H
B R TR TH L Out-of-Core 7 & [RI1ZE D MHE & =k
FHETH B 0%, BLIK D Unified Memory Tl /¥ TODE
BIIREECHD Z L BRI,

SHOMEILX6 7' n kv B THRBROMFEAIT I 2 &
&, BRI LR SHIE SV TEBEO 7 L —L T —7 T
FHL, MEHMEZITI) 2L THD.

(©2018 Information Processing Society of Japan

Vol.2018-HPC-164 No.7
2018/5/7

BE W

[1] Alex Krizhevsky, Ilya Sutskever, and Geo rey E. Hinton. 2012.
ImageNet Classification with Deep Convolutional Neural
Networks. In International Conference on Neural Information
Processing Systems. 1097-1105.

[2] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. 2015.
Deep Residual Learning for Image Recognition. CoORR
abs/1512.03385 (2015). http://arxiv.org/ abs/1512.03385

[3] Christian Szegedy, Wei Liu, Yangqing Jia, Pierre Sermanet, Scott E.
Reed, Dragomir Anguelov, Dumitru Erhan, Vincent Vanhoucke,
and Andrew Rabi- novich. 2015. Going deeper with convolutions.
In IEEE Conference on Computer Vision and Pattern Recognition.
1-9.

[4] NVIDIA, CUDA Toolkit, https://developer.nvidia.com/cuda-toolkit

[5] NVIDIA, Unified Memory on Pascal and Volta, http://on-
demand. gputechconf.com/gtc/2017/presentation/s7285-nikolay-
sakharnykh-unified-memory-on-pascal-and-volta.pdf

[6] Preferred Networks, Chainer, https://chainer.org/

[7] Preferred Networks, Chainer github,
https://github.com/chainer/chainer

[8] Yasushi Negishi, Haruki Imai, Jun Doi, Kiyokuni
Kawachiya,"Unified Memory % AWz KBUNLT 4 —7 T —=
Y IETNVOMRRIZEET 5 EL," (in Japanese), HAY 7 ~ v
= 7 B 34 [BIK4E, Sepember 19-21, 2017.

[9] Jose Dolz, Christian Desrosiers, Ismail Ben Ayed, 3D fully
convolutional networks for subcortical segmentation in MRI: A
large-scale study, In Neurolmage, 2017, , ISSN 1053-8119,
https://doi.org/10.1016/j.neuroimage.2017.04.039.

[10] Tim Salimans and Yaroslav Bulatov, Saving memory using
gradient-checkpointing, https://github.com/openai/gradient-
checkpointing

[11] Haruki Imai, Tung Le Duc, Taro Sekiyama, Kiyokuni Kawachiya,
"KM = 2 —F L%y b U —27 FF LD Out-of-Core “2E O
PEBEREAM," (in Japanese), &5 162 [ PHC AFFEF32, SIG HPC
of IPSJ, December 18-19, 2017.

[12] Chainer version 2 Out-of-Core =& HIRAEL AR Y b U —:
https://github.com/anaruse/chainer/tree/OOC_chainer_v202

[13] Cupy version 1 Out-of-Core 2= FAYRAELHR Y VU :
https://github.com/anaruse/cupy/tree/OOC_cupy v102

[14] Preferred Networks, cupy github, https://github.com/cupy/cupy
[15] IBM Power System AC922 https://www.ibm.com/jp-
ja/marketplace/power-systems-ac922




