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RhipeZ #8&3 vltlole Azl § £4"

xRl 7R A2

= v 1

N

AFHaesa dAL§RAE - 2 ga R A
A4 20139 69 269, 4 20139 79 219, AANEHA 20139 89 39

42 Hadoop Melolelel A, A2 ¥ 242 99 BeAsdos A497 gov, e
o

© x
wgole] B A)2H —g—o] Hadoopel] 7]¥kste] 551 gtk T3 RE 1 2z Egojete] o
1R ]

Fol 47 e B4 2ol B B2 WA YolA Hadoop B43teIA Helolele] $4E 9
T §S BY BAEOER AN grk. B £RAAE Hadoop BN 24 o] 4elE 4

g ri

st R9|7] 2?1 RhipeE A&7131aL Blt|olE] & ] &3t ¥E t53]AE4S 93] MapReduce Z271
%‘% st S AAEAt B3 AlEHC)AS B Ve dEFAEE 98 R 457

2l ff9} bigmemory2te] ALrEEE vlwstglon, Holee] 27|17t ARl wet Rhipeg o] &3
MapReduce Z2 39| AL E7} F9) bigmemory©l & 2423 A5k},

Fogol: WeRs, uold, 3, SERATAA2Y

1. AE

2ed AU BH3} AutE 717]9 3R, EQEU Ho|aks e a4 ntold] TR <l
o thFet AR} w2 ¥ tlolel7t AL Qi) IDCO| &3td 7stg Ao g Lol HlolH
9] &2 20209 ol28 <F 35.2 AgfnlolEd Z& Zlozg AWF I ) (Gantz2} Reinsel, 2011).
olgA el e AFEANA AT 5 gl thgFsta st vloleE Aeleta 248 of sk 2
dlolg AltE Fweta dry ®idolE 7t FEI = Al ddolHE vlgtle Ade thdst
olEHW, IDC+ 7ol 2HS 95 “ddlole& thgst T/ 2 tlo|e|2RE AT
‘ﬂ]“g‘oi 7V E 7‘15‘]'—7’—7 diolee] 21% 4, W, F4S AYsES 1k AAY 7 E of
718 47gk Jolstt. E=3 McKinsey= #5272 SWo| 24& 23 “7|& tojgulo)x &8 &F
o] dlole] 4, A%, &8, B4 %S dolAe tole A HERE, I Ao FAFoln ¢o
2T A% dHsE Aojthely At (Manyika 5, 2011). IBM2 dlo]El= Wost F &2 (volume),
TFY ThEA (variety), ol Az @ B4 Al9A (velocity)?l 3714 £4 (3V)S 7L 8
o, o]yl £4L 7 E dlolEE Wl et FYsAtt (Zikopoulos 5, 2012). HE3F, Oracle
(2012) 9| A= Adlol8Y £43& IBMO] 3Vl 71| (value) & Hlste] FY3kar ltt.

o

Fl

To] =20 2012d% AR (ZEH37ER)9) AP0 FFAFATY AP wol #3489 7|2d7
A9 (No.2010- 0023302)

ool eEe ALAA AARI LR (2013)9) AR E 24, WA A Y.
L (690-787) AFEEARAE AFA FUE 217, AFEH I3 tAE =)
2 AAAAL (780-7T14) AAEE AFA 435 707, 32Uy JRFA S, Zus.
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CRoFet RolollAl Mejo|El S vlebi AZe Shol S ols|aAel wet chrEkAe
+ ol7e] o] Bl 2012 MFE AlA
(CFRAEZ)IAE G5 48 T2 98 712 o) stz Nheld B 122 A=59
ool et uolEle) Ae) B B4 epd dAergol FF FAh} 1) ue] AL H o5
A7 =2 g Aolgta A3kt (World Economic Forum, 2012).
ujol Althel Seol web woleE Agshn LA 9% /el ol%st Ha gk
(Ahn3} Hwang, 2012; Jun 5, 2011). ©] A% AHolEe] T&A A A} Al&L3 EMo 2o
3t 4% #AFY (HPC; high performance computing) #+& 77} &3] A= 9Tt (Eddel-
buttel, 2012). ®dlo]E|] A& & 2o t3t tE A 7€ 2+ Googleo| A 783 GFS (Google
file system)?} MapReduce’} loem, o]5 7|wtoz olutx] Ajcho] 2Jsle] 7l Hadoopo] )
t}. Hadoop2 AlZ& 4= Q3 (reliable), &7go] £o]dlH (scalable), ¥4t AFH (distributed
computing) 3L A Yd= LE 42 (open source) AZE ]2 LA Jt}t (White, 2012;
http://hadoop.apache.org/). ZZ Yahoo, amazon.com 5 W2 7|olA Hldolge] A& 93l
Hadoop< &-&3t1 glow, AHd4 Hadoop2 HlHo|EH o] A& 93t & FANFTOE AAF 9]
o}

33, dldolee B4 934 Google, Facebook-a Aoz

RS @831 3len, Oracle,
IBM2] Netezza, SAP, Teradata So|A % in-memory 2 in-database 4] ¢l o2 RS A3
th w3 BALZEY IR & &l SASY SPSSE RHAY A5S 93 Qe H o] AS AlFsn
912 #ul olg}, Revolution (2011)2 Hadoop® RE £33 A|AHS AR H|2UA £ A|F3n
STk oMW, RE o vole] BAol A BF B4 SAEOE o AN Yt Aotk o) Ro| M|
o)E BA3} BRH chekeka H A hol el AT Bk ohleh 2B mEAECY He

019l Java, C, Python 5349 %5 o] o]a}7] mjolty. ZUAAE Re] Google B 2hol= 2]
28 EARAC] ARHE 5 (Han 5, 2012) 202 Hlblo]e] £ Re) 82 A7 B2
o]

e 2,

v
[e)

'~

e

[N ()

2 =29 54L& FZ /LE Hadoop”|wt shollA] Re o]-83sto] Huolg A B #4<5 A9t
< 3}71#21<l Rhipe (Guha, 2010)°] thato] 47}38tal, Rhipes ©]&3te] M3} t537E4e +
st Zlojth & =EL tEd 2ol A Atk 28 oA= Hadoop®] F8& Al2FlQl HDFSS}
MapReduceE k3] 47H8tal R¥} Hadoope 1535E Rhipe {77l thste] Argsict. 3-8
A= RhipeE o|-&3to] W3} th53] A LA S T8, RYAFS Foto] 7|29 th&FADE 9
7SR QSRS Hudth ppA e & Ao 28 9 IS A7 ot

X Mo

ay

2. Hadoop 7§ &

R AFUENA = & dollA] A3t ukel o] vldlolg] 243 93l Roll4] Hadoopd 53t &
AREAE A dFE H7IAES ATt AT Hadoop #& 7| E AME3H7] HsliAd+= ©A
Hadoop Al&"lo] L& ojof 5131, Hadoop? F8 FA L4 < HDFSQ} MapReduceol] tfsl o]s)7}
Z4Aolt). B HojAl= Hadoop A|2E W 7 24 2 4 ¢ HDFSEF MapReduced] 71 2E A7)3c)

Hadoop2 tf&% tojEle] &4t 7 ¢ 2%3k A g A8 v AFHE VEHNIE A435
o] Lol A|2ElF} Zo] ALgE 4 w2 TAG A2tk Hadoop Al2E-L Figure 2.13} 2ol
F ZAFH (master) 3 THF FFEE (slaves)S 3hte] FEAER Fo o]FoA on, 7|53
=Moo 7= F7 HDFS2} MapReduce A|28l o2 FAE o] It} o] = HDFS A28 &3 o
olH & F4F Astal Ak 7)5S TsH Hadoop FHAEY = HAFH F shhE vd =&
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(name node), 2181 £4 AFEES Hl°olEH = (data node)Etal £=23 9It}. MapReduce A|2E
2 HDFSol 42 A3 o8 el o 831 98 Qe AUSHE A~Helch MapReduce 412
‘%]Oﬂ/\‘]% Hadoop E2]2E9 F AFESE 3= job tracker#}) st £4 AFEEL task trackerd}

3 223 3t} (Hedlund, 2011).

Master
HDFS layer [ame
Node
Job
Map reduce Tracker
layer
HDFS layer | Data Data [l
Node Node Node
Task Task Task
Map reduce Tracker Tracker Tracker
layer
Slave 1 Slave 2 Slave 3

Figure 2.1 Architecture of the Hadoop cluster

2.1. HDFS

HDFS (Hadoop distributed file system)+ H-&
o2 tolHE A g HHoz AT wel E}%Jﬂr 22 53s %%%E‘r (Shvachko s
2010; http://hadoop.apache.org/).
W9l =0} HlolE] o] 57

HDFSE 28402 < xoz Bl AFeH) ]H sER ga] £ AFHE 745 Jon,

ZYzko] 42 tha3t Zrh vlY k=04 HDFS W9 2E wEk| o (metadata) #gstal, F
golAEY g AMAE ZF3r). HDFS 32 ?:_]‘?l'x—i o2 64M 37|91 £ (block) 92 &
Ha, Zr 882 oy /Y dlolE Eof FEste] 24 AFHT. HolE _‘.—_E‘; Selo]AES] 830
g3 97] = 2715 AT, Ud =29 XA uet 289 A4, AA ° BAF 7] 5E ¢3S
dole] 2eje] B

HDFS+= A4 tlo]ee] £Z4A (data integrity)< y_x]—s}ﬂ L3 dlolE xof Z B8 & b3
Al oA AY BAEE etk kg o g 39 EAES A%, VY ==& dojH =53 F
718 BAE B3 dolH ==V AYHoR AFel=xE ERlsttt. ek £ dloly xo £
771 VY 2B+ 593 28-S 71 HiolE REENAA E BAEE e A4 oy =&

of BEASIES oz BAE Nes A FAg
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2.2. MapReduce

MapReduce= Z3FE| Ze|2F 7oA septe]E O] 1o] th&2 HelHE WE Alstr] sl
A o]l =233 Bdojtt. MapReducew 2|2E A9 tolElE A& wf AHEdhs <l
map o9} map At el A o] 2AS ek reduce%‘—’?—é ZIRke 2 FAF o] 9tk MapReduces A
|A7F o dt 2 3L jobolghs TRIE eI, job2 o7 the] koA E4bAE He=d, ol
o 7t oA £EE AFE AYE taskst FETE taskd] A AL HlolEHE ol A9 ol =
Zoz A B4 HelE @ ¥ Dao) get 1 A%E Shbw ol ALshn, A% ANE oA
& S AsEe] ARE BAS GEL o u) B4 Aeshe BE map taskek 1, 2171
AAE 2 Bol A sk= B2 reduce taskgl $Th. map task®} reduce task= key/value %2
2 olg e} o] 6HAIS T35l HE Aedte 752 £33} (Deand} Ghemawat, 2008; Duan %,
2011). Figure 2.2+ map task®} reduce tasko| A 6HAIE AX+= AAHES T8 o2 YepA ot}

1. Split ©A: 4= dloJglo] thste] 4A F7|7 B&sty, E&H tlo]ElE map taskZ TF3F
t}.

2. Map TA: AREAZE 493 mapEpoll whet 28 Hlo]H & key/value o2 X 2], key &

7IRke 2 HlolE & 23t}

3. Shuffle ©@A: 34 dlo]E]+= reduce task@ HF0] o]Fo Xt}

4. Sort B7: keyE 7|Who. Hole Ao o] FolAtk.

5. Reduce ©A: reduce taskol AEH wlolElE key/value o2 Fo] AFRA7L A28k reduce
o] et X g E o
6. Output THA: FHF A= ARHSA7F 21 3 HDFS v E 2ol A gE .

r{m

Map task Reduce task

Sort & merge Output
I keylvaluel> —] SRR
— ikey“ Valueﬁi ;;ﬁ—ga <keyl valuel> |
P ey2 valuel bl <keylvalues> reduce Partl |

A <keylyvalue5> |

]

<keyl valus3>

<keyj valusd >

N <keyzvalusz |
T Part 2 |

map <keylvalues> |7 <key2 valuet> reduce

<key2 valueé> % <key2 value?> |

e

{ Split n 1 map <key2 valus7> <keyjvalued>  paduce Partj |
keyj,valuss > <keyj valusB > |

\_ JT—

Figure 2.2 Flow of MapReduce process
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3. Rhipe

Hadoop?} EARA £zEg0]sl RS QEa|5E Rhipe #7128 7350 thald 473} mah,
word counting AHElE ©]-8-8Fo] RollA] HuolE 4 Jila"«l Zg A& et

Rhipe= R} Hadoop—;% A %3l MapReduce 7]% Lo A AFR 7155HA 3= Qe H o] A8}
HDFSol| 24F 7= o] Q= ghdell AMx 75S ZﬂHs}— R¥}7]A 2 Guha (2010)7} 7R3t ch.
R3} Hadoops] AES SI31AE A2 ThE B304 2271 O HlolHel A% 2 AFL 913 A3
o]J~E I Z 3l= o, Rhipex= Googled A Al&3l= Google protocol bufferE ©]&3}lo] Hadoop}
EAE 3t &, HDFSO| AZE tlo]EE RE o] AU RolA AA3 A15E HDFSO| A4 s
7% == RoA ZHAE mapH reduce ZE 1L Hadoopol| A AFEE sl= 9L gupsic).

RhipeE o] &38te] A2 RAE 317] Yalrl= WA rhinit() TS A st] Rhipe?} Hadoop<
Aok 3t} o] wj, rhinit() o] AP AT TRUE Fhold HAHA el dSo] 598S o n]gic).
Rhipe&} Hadoopo] A4F A2 o] =¥, Rhipeol| A A|&35= HDFS ¥ MapReduce@®# 34+EL o &
S1] Hadoop®] 2] 714] 71552 Alojat 4 9Itk.
HDFS #4 g

AREA Q] Rol|A Algshe 3t & 5 FolAl= HDFSOﬂ xi;é‘% ol HZshk= Aol 27k
3ttt HDFS 3ol A2317] YA+ Rhipedl A Aleshs g8 ARE-3loF 3w, HDFS &3 3k
£ o]&3d HDFSo| AFH sequence, map =+ text F419] sldoj thsl HZo] 71535}t Table
3.12 Rhipedl| A Alg-sk= HDFS ¥4 4o} 120 tid A& 2.9k wolrt.

Table 3.1 Functions related with HDFS in Rhipe package

Function Description
rhdel(folders) Delete HDF'S files
rhls(path) List HDF'S files in a specified path
rhget(src, dest) Copying from the HDFS moves files from the HDFS to a local directory
rhput(sre, dest) Put a local file to HDFS of text format
rhep(sre, dest) Copy files (or folders) on the HDFS
rhwrite(list, dest) Write R object of list type to HDFS with sequence format
rhread(files) Read key/value pairs from the HDFS
rhgetkey (keys, path) Get value associated with a key in a map file
rhmr(...) Prepares a MapReduce job for execution

MapReduce?] 213}

RhipeE £3}°] mapd} reduceS A33317] $3)A= map expression 2H3, reduce expression 75,“04,
MapReduce A3 23 X7 @2 R L HAE A4, vpx 20 2 MapReduce AR} 2 & 4%
A BAHL AR} ofe) 9] Table 3.2+ MapReduce A8 T #el RIS A3t ®olr} 7# o
A ZFAIgE A2 word counting ol & S0 A7

Table 3.2 MapReduce procedures in Rhipe

procedures Rhipe codes
map expression map = expression({})
2. reduce expression reduce = expression( pre = {}, reduce = {}, post = {} )
3. Create R object mrobj = rhmr(map = map, reduce = reduce,
inout = c(“text”, “sequence”),

ifolder = input_file,
ofolder = output_file)
4. Execute map/reduce  jobid = rhex(mrobj)
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1) map expression 24

map expression< Hadoop2] map tasko]] dZE Tz BT o] A4H tolHE key2} value
o7 W= AYE A7) $5te] Rhiped Aojdt FEojty. HDFSOA map task® HEH
dlolEl= Al RE2 A$Ho] R LHAEQ map.valuesol] Z|2E Fej2 AFHATh ofe F=ojA 2,
397 We UAE Peje] R LHAES MElZ ARG F table B5E ol B5fe] 2t Dole] WEES A
bk FEoltt. o]FA ALE 7 dold RiEE 6WA] 219 rheollect & 53 7Edole} Wx
TE key, value %2 2 3}o] Hadoop A|2~ElC 2 AE3Ic)

Map = expression({
word = unlist(strsplit(unlist(map.values)," "))
word_table = table(word)
tname = names(word_table)
for(i in 1:length(tname))
rhcollect (tname[i], word_tablel[i])
1))

2) reduce expression 24

Hadoop2 map taskE E3 ALME 13 A3 3 keyS 7|¥Ee 2 A H3lo] reduce task@ A
3t AEE dolHe tAl RE AEH0] key/valued?] |2E B}Yez R LHAES re-
duce.values®l] #AZHt}l. RhipeolA reduce expression-2 pre, reduce, postol] 3]@3= A|7FA] <
Fof st Ao)E o= 3t} of7|A] pre QA= reduce tasko| A AMEE W] %7)3HE, reduce
Q14& reduce taskollA A= At ZAHE Gt post QA5E reduce AFolA FojH A3 3}t
< HadooploZ HALsh= 2ol thste] gostet. ot =9 39WA 24Ql-2 map taskoA] 1xA L
2 Alak=] o] reduce task@ A4H reduce.valueso| A 5 L3t key (HHo])E 7|9FO.Z value (WI1E)9]
A3He AR TEITh ol AR key (Wol)2 value (FANE)E 49 2hle] TS
Hadoop 2 2 HFHtt. Hadoop RolA A4S 25 A3} 3h-& A5 8ol HDFSO| 24t A3t}

Reduce = expression(
pre = { total = 0 1},
reduce = {total = sum(total, unlist(reduce.values))},
post = { rhcollect(reduce.key, total) }
)

3) R 2 BAE XA
RollA MapReduceE A33}7] A= 24 A3t map/reduce expression} TEo] MapRe-
duce A3 223 7|et AR G471 R SEAEE A2 g 3l R QHAEE ofgfjo] =9} Zo]

rhmr 342 Fa A4 H )

Job<-rhmr (
map = Map, # map expression
reduce = Reduce, # reduce expression
# HDFS®I ==l Qe =tg =tg, w4 % HOFS®l <% € =1 =g

inout = c("text", "sequence"),
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# %A 2 =2 (HDFS) path

ifolder = "/user/stat/text",

# 28 5 dd=e =gl (HDFS) path
ofolder = "/user/stat/word_count"

)

4) map/reduce A3}

Ro|A MapReduce?] A2 mapd} reduceo] 2
thex()&E AFTo 2R TPFT) rhexol] o3
R 2HAEZ Wgsn, o] QHAEE RIENA 2
duce?] A g] A& rhstatus() FE 53l g ¢

# map/reduce 2l TH

jobid = rhex(Job)

# map/reduce Job % “|=| %l

rhstatus(jobid, mon.sec=5, autokill=TRUE, showErrors=TRUE)
# HDFS =rgl (2 =fgh) g Rl ==

out = rhread("/user/stat/word_count", type = "sequence")

4. Rhiped ©| &3 t53AEA

URSE JEAEE yoF XEta & o, HAAFHE o8 AR MY sAAS, 8 F
A2 oo} 2t
B=X"Xx)"'xTy.
Hadoop®] HDFSeA & dloly (y& X)7t kel 8802 HEste] A7gdrt. webd Hadoop
MapReduce ZE2IHL 9] AloA XTX$ XTyE AF A3 £ glon, olefje} o] B &
A F Shakshel Aarstolof ik

k k
XTX =Y X7x;, XTy=>_ X[y,
=1 =
22S Rhipe2] map expression® @ YERH olegfe} Zom, FZojA mxgt el “Regres-
sion” & key, 28|31 AAF A} list(xtx, xty, yty) S valueZ 3Fo] Hadoop o 2 HE317] §]3F FT=9]
.

Reg_map = expression({
# HDFS<| sequence® 22 R<| matrix = =2 Fl=s Y

xx = do.call("rbind", map.values)

Y = xx[,1] #Y S5 Sy
X = cbind(1, xx[,-11) # X g Ay
xtx = t(X)%h*%X # X~tX Tt
xty = t(X)W*hY # X"ty Mk

yty = as.numeric(t(Y)%*%Y) # Yty ™
rhcollect ("Regresion", list(XtX = xtx, XtY = xty, YtY = yty))
b
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o} 2 = reduce expression ©] M, map taskol| A 2] 2&2 A A A3}l reduce.valuesS o] &3Fo] XTX, Xy
2 yTyol 2 g& A 5, XTX 93P 3 A+E 245 Aok

Reg_reduce = expression(
pre={XtX = 0; XtY = 0; YtY = 0;}, # 9% % 7%
reduce={
for(i in seq_along(reduce.values)){
XtX = XtX + reduce.values[[i]]$XtX
XtY = XtY + reduce.values[[i]]$XtY
YtY = YtY + reduce.values[[i]]$YtY
}
# A F3

XtX_inverse = solve(XtX) # (XtX)< 2
Estimate = XtX_inverse %x% XtY # A ™%

g TATY 74 2 M AA S f1% Al Rhipe 22392 R85 Fxs7] vigint

Rhipeol|A] 33 th53]| ALY A5g F7kstr] HaiA o &% tloleld 3774 Ruj7|
AEe A4EEE vAsch Bl RA7|AE d43F 259 AE 93] /L= f (Adler
5, 2007)%} bigmemory (Kane¥} Emerson, 2010a)°]t}. ff2} bigmemory: ™83 wo]E]] g
WS Y3 =22 3HEAS A= biglm (Lumley, 2009)3} biganalytics (Kane¥} Emerson,
2010b) sH7|AE FAlol o]&atofof Fhrt. 2 AFoAE= 2|7t FEE RhipedA9 3FARARE
I} fi4+bigglm, bigmemory+biganalyticsellA1e] Ad A3E vlw 3ttt o 7|4 f+bigglm, bigmem-
ory+biganalytics®] A3 A3= Park (2013)2] A= ?_]%s}oﬂr/} 29 A= AR FVE
120M, 240M, 480M, 1.2G, 2.4G2 s}cﬂ ol wl Y] £ B 2170l w9 S5
Foll thek Zk2 g2 RollA &A=l o3 I8 HF3e 27-712 EHog P43 T HAE §
oz Ageen, Agel 18T AR 27 o Tl 293K HDFS 312 228 A3

2o A2 % A E S8 wA 1Y = AT} 6019 T5 AFEHEE Hadoop FH2HE
22590k 2 A AFLE BE AZESO /\}oke 9] Fojol CEL-Dual E14000]3, RAMS
1GBolt}. ZF AFE o= Ubuntu 12.04, Java 1.7.0_.04, Hadoop 1.0.3 ¥{AS A X3}t RS 2.15.1
WAL A5t em, RI} Hadoop? H41& $13] Google protocol buffers 2.4.15 A3t} %
2|7} 5% HadoopAl2a®loA= F HFEl= 1t AASH7] ol 3 HAFee dd=soluA
FAlol job tracker®] A4S TFsith o] APAMGAA FL3 AFE 50 ‘?}% AAeR o,
Table 4.1 Ho|8 Z7]o] W& 7} 7|2 ANEES vebd ot

Table 4.1 Simulation results: mean and standard deviations of computing times in seconds

Data size ff+biglm bigmemory+biganalytics Rhipe # of tasks
120M 20.94 (0.10) 20.52 (0.12) 46.81 (2.25) 2
240M 43.92 (0.17) 41.89 (0.20) 44.00 (1.99) 4
480M 91.01 (0.25) 86.18 (0.28) 50.57 (2.37) 8
1.2G 224.09 (0.31) 213.79 (0.60) 63.95 (2.58) 20
2.4G 444.51 (0.58) Fail 86.19 (2.38) 39

10G - - 142.76 (0.64) 161
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Table 4.19] A7-5 AR dlo]g Z 7|7} 240M7}A]+= fi+bigmemory & ©]-§3}o] A4tsl= A o]
W2 2|7k 71 0]/4e] d|o]El= RhipeZl W27 ik A &1 & k. E3, dolH 277 &
7845 RhipeZ} fi+bigmemory s AMS3H= ZIETH 284905 AT 4 9111, Rhipet bigmem-
oryol|l Al A gstA] Zte diolE A7)0 M= T3] AHeEste AL & & ok 5718 9t AL
© 2% Rhipes o838 AtollA vlo]E9] 27]7} 120Mol|lA] 480M7HA] AXAIZES] Zhol= A9 Qe
v, 1.2G ol HiolHE A Eshe AR A4 SV sttt 2& & & Atk 34422 Hadoopoll
A taskE HDFSO 239 dole]E o 64M=Z E33te] Aty 2 AdL 6719 FLFo] PCE
ZH2EHE &I A3 7] wiZel task tracker7} FAlA A3 taske] = ) 127] ot}
weld A Hel7t s E H) glolHe] 7] 64M*12=768M 714 o]tk Table 4.10]4] # tasks=
Z} Ao A task trackerol &3l 2]+ taske] & olu]sit). o 7]A, 480M (<768M)7FX 2] 2}
2 dlolEE A7) A8 taske] £ SAIAE T} 7Fed A 38 taske] £ 12K T} Zhow, o]
E2 BAIAEL 7FsEteh o] ufizel 480M7FA UlolEHE ]85t A AIZke] A WA 3A H

o} Wkd, dlo]El 7} 768M Et} 2 729 job tracker+= 12719 taskE WA FFA) 7|2 YR FPL
task7} 5 H FAFH (task trackers)oll Z|A8t7] W&ol $12] Table 4.1 XA H AAFAI 7R d] o] B €]
A7l nleEste] A =Kok

5. 4

rh
=
(

e

&

FHZ AutEES] 1A Adut o] SR s thFet R e} B2 o] dolE 7t 3=
a1, o]gA tpgFeta Yot vlole g Agjstal Aok sk AIthE Hlvlole Althetar sttt Hld| o]
HE nlgtEE Asle olsi@Ad wet thFstAl A= JA T Bldloly B 7ES Nitetr] fst
=82 o7 Fofd] FHS B3 &3] o]FA 1 it o]¢} tjEo] HDFSS} MapReduceE 7|8k
2 FA% Hadoop2 vlH|olEe] A& W X)L 93 & Zglxz oz xe)# 93, Hadoop ZH=
3ol A Bl o]Ele] AR Ro| FHRH Qi)
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H= A: RhipeE o] &% ALY Z=

# map expression ZId
Reg_map = expression({
# HDFS=| sequence™ 2% R matrix 22 F=Es JHAZ

xx = do.call("rbind", map.values)

Y = xx[,1] #Y S5 Sy
X = cbind(1, xx[,-11) # X g A
xtx = t(X)%*%X # X~tX T
xty = t(X)%*%Y # X"ty Tt

yty = as.numeric(t(Y)%*%Y) # Y"tY i
#"Regression" 2 key, list(xtx, xty, yty) & valuex °r° ™ 23T Hadoop2 & T %
rhcollect ("Regresion", list(XtX = xtx, XtY = xty, YtY = yty))
1))
# reduce expression I ¢l
Reg_reduce = expression(
pre={XtX = 0; XtY = 0; YtY = 0;}, # Y& % 7%
reduce={
for(i in seq_along(reduce.values)){
# map task®l™ TttE I A Y reduce.values: °IF °T9
# XtX, XtY, YtYS] 53 g M
XtX = XtX + reduce.values[[i]]$XtX
XtY = XtY + reduce.values[[i]]$XtY
YtY = YtY + reduce.values[[i]]$YtY
}
# A F3
N = XtX[1,1] # I == %9 i
SUM_Y2 = XtY[1,1]1°2 # sum(y)~2
XtX_inverse = solve(XtX) # (XtX)& <o
Estimate = XtX_inverse %x% XtY # 3 ™%
# ANOVA TABLE
SSE = as.numeric(YtY - t(Estimate)%*%XtY) # SSE
SST YtY - SUM_Y2/N # SST
SSR SST - SSE # SSR
p = length(Estimate)-1 # SSRY * & =
DF = N-p-1 # SSE9] *f§ =
MSR = SSR/p # MSR
MSE = SSE/(DF) # MSE
F_statistic = MSR/MSE # F 2 &% T
P_valuel = 1 - pf(F_statistic, p, DF) # Fot9 S 9¥%
R_sqr = 1- SSE/SST # 23 ™%
R_adj = 1-((N-1)/(DF))*(1-R_sqr) # % T &

ES
o

[}
[P}
=
i
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# A GHY rA gy Id

Std.Error = sqrt(diag(XtX_inverse * MSE)) # % %
Estimate/Std.Error # T ZJ 3 % T
P_value = 2*pt(gq=—abs(T_value), df=DF) # Tot< S ¥ %
# 71 Jdae Sl2= YShx G9¥

QUT = list(

"Estimate"=Estimate,"Std.Error"=Std.Error, "T_value"=T_value,

*r

Lo

T_value

"P_value_T"=P_value, "Residual_standard_error" =sqrt(MSE),
"degrees_of_freedom"=DF, "Multiple_R_squared"= R_sqr,
"Adjusted_R_squared" = R_adj, "F_statistic" = F_statistic,
"P"=p, "p-value_F-"= P_valuel

)
},
# map°l™ T SHF 2 key(Regression) <t reduce task ™
# VT 23 22 FE (OUT) & values °F ) Hadoop2 & T &
post={ rhcollect(reduce.key, OUT) }
)

ifolder = "/user/stat/data_10GB" # input data (2 &2t =1°1=1 2 path)
ofolder = "/user/stat/data_10GB_reg_out" # output data (%% 23 % = T2t path)

# map/reduce® A I 9 °F | map/reduce expression®f IS T2 T T YT
#RLEF= S MATE T4, AN FSOT 2= rhexFA T BT AU YE
z = rhmr(map = Reg_map, # map expression

reduce = Reg_reduce,# Reduce expression

ifolder = ifolder,# % & 2t = 2/ (HDFS) path

ofolder = ofolder, # 24 5 dd=e T2 (HDFS) path
# HDFS®l 3= Ae =ra =rg, £ 5 HDFS°l N & =2 =g
inout = c("sequence", "sequence"),

# reduce task®l™ £ 2°r I YT task F F| I
mapred = list(mapred.reduce.tasks = 6),
# Job name
jobname = "Regression"
)
# map/reduce &M
jobid = rhex(z)
# mapreduce X = 4% <2l
rhstatus(jobid, mon.sec=5, autokill=TRUE, showErrors=TRUE)
# 3 =Y

out = rhread(ofolder, type="sequence")
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Abstract

The Hadoop system was developed by the Apache foundation based on GFS and
MapReduce technologies of Google. Many modern systems for managing and processing
the big data have been developing based on the Hadoop because the Hadoop was
designed for scalability and distributed computing. The R software has been considered
as a well-suited analytic tool in the Hadoop based systems because the R is flexible
to other languages and has many libraries for complex analyses. We introduced Rhipe
which is a R package supporting MapReduce programming easily under the Hadoop
system, and implemented a MapReduce program using Rhipe for multiple regression
especially. In addition, we compared the computing speeds of our program with the
other packages (ff and bigmemory) for processing the large data. The simulation results
showed that our program was more fast than ff and bigmemory as the size of data

increases.
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