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Abstract HPC of massive data presents tremendous value. However, cloud systems still lack HPC computing power.
This study improved the HPC ability of cloud computing technology by adding GPU to the cloud system. The proposed
platform is based on Hadoop MapReduce programming model, and it defines some OpenMP like directives to annotate
MapReduce program. The annotated code will try to be executed in parallel. A GPUClassloader was designed to convert
annotated java code regions to CUDA code, With JNI, generated CUDA code and run on the GPUs, The computing re-
sults of GPUs can be transferred back to the map function, in the end, the map function finishes the rest computing. The

platform can support the user to complete CPU, GPU collaborative large-scale data parallel processing programming

conveniently,
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ZHEEAR, L HREA B H 69 MapReduce 1B HESR S
IR ATEREELRN SN, BREAF —REREE
1 B BR A H A AR MEF B AT = TR AR, X 2%
N7 P TR ot B 048 %5 42 (Data-intensive) #1382 #5542 (Compu-
tational-intensive) B/ MF &, RATFRZ MG ERIBH a8
B. oA LU BBUEE KRR T T4k
HHREHPENENBEERNIHAEEENHAER, =

HESERY R IER 1A 5. . GPU(Graphics Pro-
cessing Unit) ¥FF17HEBE ) B £imim B CPU, 3 Bk
BEMATEATE. Bit45E MR CPU/GPU thiF
Wt EARR G EA BRIFTITERE I GPU AR RA
=i MapReduce HEHEZR H, LIR K E AL HRAE 1.
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MapReduce Z i Google ## HH FI T HBEEAN , F ki
AR RBERME S K Map ¥ K Reduce BB RN AT 3H47
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A EBEE . BT MapReduce HEEBWHEE, EEL
B TRAR S DB SO R SR B
F8. BT Google #) MapReduce SE B4, b I 1)
£ Hadoop FE H ) MapReduce 528, XH ML ER R
TR RS BER, TEATAHESBRBEFER. BRE
LA — BB TAE 2K B A M B 9 MapReduce 1B HE
2 (8 B AR B B RS B EAE AL B, SRR
ET HATHREMA Hadoop ¥ &. N T HREERMEILELF
FEFRRBEERE,R M. Yoo EMRARBHTETER
CPU 5238 MapReduce #E22 Phoenix(®!, Phoenix SZB T 7E
ZREM R EIE EHHEA M MapReduce BT, 1L
BT EEAMESRE, B TRFR F AR T
W34 2. 5 AE R IE . Mars™® & H Wenbin Fang S8F 5 A 5t
#TF Nvidia CUDA %8 75 ¥ LB . 78 GPU L1247 #) Map-
ReducelEZE, Mars i@xt7E GPU 3L B A BGEHE P
BB GPU AN S RN FME, B, 5 T
GPU B3R AT 861 5 MapReduce 1) 14 B35 47 g RS U 25
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duce HEZE®) . MapCGlY B4R #(E BRI ¥ 5HAERK
BWEIF A B FHZHF GPU 5 CPU B MapReduce fE 42,
MapCG & L TH—REBIES , I HRIE S BIiFRaT LIk
CPU 1 GPU E#ATHIARFRRA , R 5 FE 17 B FE RE AT S %
PAT.

3 Rt 5XH

REGHTHIE Hadoop LB, B MapReduce &y #E 1
#, Fj—> master 35 T F L4~ slave P S B, HP master
45 & B i HDFS NameNode il MapReduce JobTracker f¥) R
# ,slave 95 58 DataNode #1 TaskTracker., % ZR S0 %
OpenMP HATHBER, Wit T -EERH. BFARFE
TE JAVA 5 i) MapReduce JEH 5 R15H 7 AT AT
oy, RGN HI A B ¥, CUDA RS GPU L
BT, BTFRERLFAAE EYETRE T GPU 1 CU-
DA, X ERE &4 CUDA ({8, ¥ENAEZ
GPU &}, RGN Z AT IRA 15 MapReduce B F .

FEATE LT — 15 JAVA 2in# 4 GPUClass-
Loader 3 #52 #] fA i % ¥ i # . GPUClassLoader ¥ i 5l
JAVA FH g e BERS AR 884, 4 B B i) CUDA 4R,
B, %% % B CUDA PS4 i ahSsEH R, 3 INI B =
AR ¥ CUDA 85,
31 RHEIIERE

BARGER LI Hadoop H1# MapReduce Jy &Rl 521,
7 MapReduce Hi% 1T —FEH B, X B A FARIE Map
R R E AT AN RS, B fE A JAVA class
loader #4783 , S GPU JAVA class loader, %4 CUDA
R HATAE, BAR TAERES N 4 TR F—HWBEH
RGBRE R, REREN, BFANTEELE GPU L3#HTH
RIS BEATIRT , Fic 7 v 2 B B SR RS, AR Y
RSN A R RIEIF B BE 50 R, 75 W) e B
PRAT . REHAAEZTNE ERENER, ROKBER
MapReduce H B R A BEIER 5 A E T4 map 1%,
X B AL A BIA T AL IR SRR ) reduce
1% . EETRNGEFH B, REWRFHITHIF, 4% map
BRI, HSEEAT BiAb 3, B ) JAVA complier 52 B4R 3%
IR ESHEEREN JAVA 3B, EREMETHE,
GPU JAVA class loader ¥ F S il 4171 B 31 8% , sy & CU-
DA BREB T H, HA A, WA EE CPU E#ATHHE &
A, MR CUDA B B4R A, 3R 5] JAVA Bytecode H i
ERAEIS (BB ELA GPU LiEfT8384) , GPU JA-
VA class loader ¥ FiR 5|44 & JAVA Bytecode s B HIFE
5y AHN. CUDA 408, A48 — BR T BB BRSO AS F0 — Br AT
KRB, FRFIWERE. AINTHFRXRABARFEDN
CUDA {55, tHE 5% 91 ¥8 I 8] GPU 776548 I , CUDA RU5%
£ GPU Lizf7. GPUIMEZH G, CUDA RIBHBH &SR
B D1 ] A b £ 47, map BREURBUXLIZ B LR . map B
FRBARIDEABIAE CPU Lizfy. EEfFaES, Ha
doop VAT MEREFTA map (E5 KBTRE, WM TETRY
#) map {£.% HFET, AR H map {£5 588, Map B E

W. #ETRBAT Reduce BB, LA Map BBV BH LR

Ty _’{EA\IA wrr R epay %ﬂ
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ARGRATEBRENE R RFICITIATHRE, X
B H%ET OpenMP )it E48. 78 OpenMP w1, B ¥ i@t
BT A R W B ORAR D — S R AT B, E
OpenMP 4R g8 #1740 ¥R, AL BT I B RBEIA TP HATIR
THRRIT . OpenMP YIRS R 4 28, B —AHRHEF 5
AT AT R4 (omp paralleD) ; 55 2 F FArE7E R R W 2R 2
&) 3 32 4E Comp for,omp sections) ; 3 = FAric F
#24E (omp barrier,omp flush,omp critical ) ; &5 /UK FH T#5
C¥AE /B 7 (omp shared, omp threadprivate &), RS HH
EREFRE JAVA ERN T R#TER. RE4H CUDA
TP — B R R X RO BRI E D BT
BERER NMEEA GPU THITEE. HRFFHZRE X
TR ARG, Wik 1 frFl. H A4, gmp parallel #0
gmp parallel for F§FHRCEREG H 74 IF4T AT AR BB 43
T gmp sync WA F LM EFFW, H T CUDA F AL
R, B R G2 B AR DT B A T84, U
LB, gmp shared FI gmp private Fi F L BISHEE CPU
memory 1 GPU memory 2 J8] fE (&5 .

#F1 EXHERE
AR ESTE A
gmp parallel RRERBF UGS ag O
gmp parallel  #RiE for B35, & —HEF # & —/~ CUDA
for 1 —A GPU 8.8 $47 EANEE 4
3 RS E N
gmp sync HiEARRF B PYETYN
gmpshared  REARETHA  REARERILEAE
gmp private R ABAHHA &ﬁﬁggﬁzﬁﬁﬁ

3.3 GPUClassLoader 331

GPUClassLoader 4%7% B AppClassLoader 2%, @il =
defineClass 1 loadClass # #, GPUClassLoader B] PL M JA-
VA FHEh R B E ERERIERRINE:RERE 3
A4 L RLRE , 4 B R B CUDA VI35, FHl HARFE 2R
{ocH B E A CUDA HR%ss, 4iik. % 8 CUDA (%
A RENASEEEE, BUG B INLR AR REBX#4 CU-
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B, TEERFIRI—BRERR JAVABHRE, ZEAR
&3t gmp parallel for ¥ for fEIRARIC R T LLE GPU L 347
AT, TEXA for TEFFH, B— IR ERM E ML .
/1 BIRAES
class Demo{
void work (int [ ] arr){
// # gmp parallel for
for (int i=S8;i<E;i+=K){
arr[i]++;
}
}
!

FRATREAT , B R A I BB R IC R AT
¥, BT FR , 183 g3 3 /£ — 1> ForLoopJob H7, For-
LoopJob & CudaJob )72, FEHFAb# for #§3F., # For-
LoopJob HEFHLEH B M 2] run K%, 3E i ForLooplob
#9 initData B LBEIEE GPU BRI N . @ CUDA
TaskManager J& 313X 4 CudaJob SZ ], 7E 45 %8¢, CUDA
TaskManager #1533 CudaJob BRI B & 40 INL i,
PR R I ARIDR I E GPU EHAT .

/1B

class ForLoopJob extends CudaJob{
int arr[ 1,S,E,K;
void run (){

Job w;

ForLoopJob. initData(S,E,K) ;

for(int i=w. start; i< w. end;i+=1w. step)

{

arr[i]++;
!
}
}

class Demo{
void work(int [] arr){
CUDATaskM. start(new ForLoopJob(S,E, K));
}
H
TERGEfrat, GPUClassloader 212k MapReduce #2 7
WFFEIH, SR B RGERAHF GPU BT EH BAE
Hif, & — 2 CudaJob LAY, B4 )5 5 CUDA R4 B it
#. GPUClassloader B 468 F JAVA #i%85 4 i INL 8 H
TENL M, REH CudaJob ¥ Jy A N ¥y CUDA {75,
#E VAR CUDA 4iRds i £ sl S B X4, Xl GPU 2%
EESEA JVM, T B R A s i CUDA i R B .
const int N=1 % (E—S)/k;
const int threadsPerBlock=1;
const int blocksPerGrid=imin(32,N);
—global—void kernel(int ¥ out,const int * in)
{
const uint tidx=—umul24 (blockDim, x, blockldx, x) 4 threadldx, x;
extern— shared—int smem[ J;

smem[ threadldx, x+blockDim. x]==in[tidx];
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smem[ threadldx. x+ blockDim. x]++;
out[ tidx |=smemsmem( threadIdx. x+blockDim. x];

}
int main(void)

{

in=(int * Ymalloc(N #* sizeof(int));

cudaMalloc((void * * )&.dev_in, N * sizeof(int)) ;
//init in data
-+ cudaMemepy(dev_in, in, N * sizeof (int) , cudaMemcpyHostToDe-
vice) ;

kernel{ ({blocksPerGrid, threadsPerBlock))) (dev_in);
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WL HEE T GPU fl CUDA iz 47308t , GPUClassl-
Loader 28 iV MR IR MR A B Bh BB E, L
MR JVM 1, BEX—4RIFMRLESIA T H KA E
R, B RERE S HHT THMEMEK. £ Ha-
doop JABNFTH JVM BT Map B, Reduce {5 8 RI6T, J& 31—
MR EF TR NG F L., KRR KT
FHHATX B AR Bl CUDA 089, 4% CUDA AR 7 FE”E
] RBIATRIE GBS SHEE,

ARSI BT AR B A LAY TRk, AR
4, #£ CPU £/ GPU NAEZ A1 48 DL BB AR H K, A
WEERBERDBIE MR EAEEHOEE. BN
ARBG % e 0 00 4 347 IX 5 4 BT BE A B A S0 £ ¥ L 3
GPU Wy iy feeh Kb EH AR ST BIBATEEEN
3 GPU i, WA RA T GPU £ B HEFHRERE
BE# I CPU NFF. EFEETBINFRRERT , A3CRA
BARR AT ML CPU 5 GPU mIR7ERS#: . INRAR
1£ CUDA BF WA 51 A A #EF74 I IR CUDA #)F
FERERSE CPU R\ EA S A, AR E CPU R
7. WHBENMRS T CPU S GPU WAERIEMIEY .
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NVIDIA #7 S2050 GPU FR4-%% .64 fif RHEL 5. 5 #E R4 .
Sun JDK 1. 6, HREKIERFRAT AT ERER DAY
S e e s R A B M AR R PO AP S, IR AR L T 3 AR TR
BRI AR S NEIE S (S, 10MB) . 8B4 (M, 50MB)
MAEIRE (L, 100MB),

FERPE TR , R P A B Ay e g, B SO M A B 3
AR BAEFEAE A F B Map £ & #17E, Ri5ET
Reduce {EF# 1T RA L RIS . X Hes 82 k25, R
FBRASREE E B  EEII A FERAFI,
A RMPEATEE NS, BT XA AR SR
A% 5, R I FT A 3t MapReduce BRI LB .
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WS B ShAE BRI 4 b B 29 0 MR L R 1020 CR
A S BR&ERN 20%) . MRA T RGMILE . CUDA A1
B A R B ) o RSB R A LR T LR
R, R EE R AL AKEHTRBH MR FREETE
AR IRR REWBITHE, UEAETEES KA R

seBtla],
Fxccution

8 Ompnmlzed M Opm'mbd L Opmmzed

RREEARE SRS RAAR
B3 EMREERRANABR

#RiIE AXNBONERLI—MEAEERERE
fEHE R CPU.GPU thiERHE F i, REL A KRBT —4
A LRI F FH CPU #1 GPU HERE A B ETHHENERD

=

ATHR BT & WA (%)
sggs%ssss

b
o3

F&. RTEAHULERN T ARSI EIER T8 CPU.
GPU T+ R IR, AT 32 % 18 YL A ) Mg B AR AL BB B
0 H W T EAE SR E R A N O B T SR A T RAARHBT
TUH P, AL R AR R AT L e B R R =0t
HRGE& LA T HRSENBIMBITE. LRER
=, B4R CPUHARELRUINT R GPU I G R E
20 Sy B EIR B, FEICHERR T (5 1Y RO/ E L 5 43 PRI AT
RSB, 7] WU HE SR 7E A 3 I 7 B0 e B B AT 3R T B
Hadoop H¥ BEUIEAL B 8L 1 11 GPU MR BB EBE I R
s ST —R, RA BTN A

2 % XMW

[1] Dean J, Ghemawat S. MapReduce: simplified data processing on
large clusters C]// Communications of the ACM. vol. 51,2008
107-113

(2] Vecchiola C,Pandey S, Buyya R. High-performance cloud com-
puting: A view of scientific applications[ C] /2009 10th Interna-
tional Symposium on Pervasive Systems, Algorithms, and Net-
works, 2009:4-16

[3] Yoo R M, Romano A, Kozyrakis C. Phoenix rebirth; Scalable
MapReduce on a large-scale shared-memory system[ C] / IEEE
International Symposium on Workload Characterization, 2009
(IISWC 2009, 2009,198-207

[4] Fang W, He B, Luo Q, et al. Mars; Accelerating MapReduce
with Graphics Processors[J]. IEEE Transactions on Parallel and
Distributed Systems, 2011,22:608-620

(5] Catanzaro B,Sundaram N,Keutzer K. A map reduce framework
for programming graphics processors| CJ // Workshop on Soft-
ware Tools for MultiCore Systems. 2008

[6] Hong C, Chen D, Chen W, et al. MapCG. writing parallel pro-
gram portable between CPU and GPU[C] // Proceedings of the
19th International Conference on Parallel Architectures and
Compilation Techniques. New York, NY, USA. ACM, 2010:
217-226

[7] Zhai Yan-long,Su Hong-yi, Zhan Shou-yi. A Data Flow Optimi-
zation based approach for BPEL Processes Partition[ C] / IEEE
International Conference on e-Business Engineering (ICEBE

2007). HongKong, China, 2007:410-413

(EBF 7370

[13] Bloom B. Space/time trade-offs in hash coding with allowable
errors[ ] 1. Communications of the ACM, 1970, 13(7) :422-426

[14] Dharmapurikar S, Krishnamurthy P, Sproull T, et al. Deep pa-
cket inspection using parallel Bloom filters[J]. IEEE Micro,
2004,24(1):52-61

[15] Dharmapurikar S, Lockwood J. Fast and scalable pattern mat-
ching for network intrusion detection systems[]J]. IEEE Journal
on Selected Areas in Communications, 2006,24(10):1781-1792

[16] Snort. Home Page[ EB/OL]. http://www. snort. org/,2012-07-
10

[17] Morris R. Scatter storage techniques[ J]. Communication of the

ACM,1968,11(1).:38-44

[18] Broder A, Mitzenmacher M. Network applications of bloom fil-
ters: A survey[ J]. Internet Mathematics,2003,1(4) : 485-509

[197 MIT DARPA Intrusion Deteciont Data Sets[ DB/OL . http://
www. 1. mit. edu/mission/communications/ist/corpora/ideval/
data/1999/training/weekl/monday/outside, tcpdump. gz, 2011~
12-02

[20] XUgk, B P48, HPS. 2T Bloom filter W HHA ARG 2[]]. &
FEH,2010,38(5):1095-1099

[21] 248, 55w, S E, % SRR S REGLR]. &
{241, 2006,17(12) : 2403-2415

« 103 -



