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Abstract

Rhipe that integrates R and Hadoop environment, made it possible to process and analyze massive amounts

of data using a distributed processing environment.

In this paper, we implemented multiple regression analysis using Rhipe with various data sizes of actual data
and simulated data. Experimental results for comparing the computing speeds of pseudo-distributed and
fully-distributed modes for configuring Hadoop cluster, showed fully-distributed mode was more fast than
pseudo-distributed mode and computing speeds of fully-distributed mode were faster as the number of data
nodes increases. We also compared the performance of our Rhipe with stats and biglm packages available
on bigmemory. The results showed that our Rhipe was more fast than other packages owing to paralleling
processing with increasing the number of map tasks as the size of data increases.
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oleiHl o]~ EA (in-database analytics)S & & A+ IS5 HAFH (hlgh performance computing;
HPC) Al2”lo] RE 718384 SRHFCZ AQesta vk R f19 Zo] B &8olx Bk g
A (scalability) o] o]z TS 23 Yrh(Prajapti, 2013). webA, Re] 7127 A 2+ A3 d)
o[E] qFRoA vho] el A-FHct

Re) AEAES T8 Holel Aele Ao of2] /14 e AU T FAA fF 714 (Adler
5, 2012)2} bigmemory 3]7]#] (Kane®2} Emerson, 2010a, 2010b) A§-2 tlo]E AAE W Zelo] &
QJokA] AL oy F2 T wREe o] 2 et AMEshes WAoo R AR £E7 24 w1 EEA vR
2] &g SHAE A3l W& vlolg Aol dAE Za
Hadoop2 &% Hlo]HE E4HAE] & 4 e 2= 42 Z;Eo|th(White, 2012; Sammer, 2012).
Rhipe2 R¥} Hadoop®| % #74< Algste tHiEAQ sj7]x]ojtt (Guha, 2010). Rhiped w|=9]
¥ & Saptarhis Guhaoll 2314 X5 /W= A1 dlole] EAET Ry} & A8 Alad
91 Hadoopat 9153to] Huolg] el /EALS +38 4 e g aHolt}. Rhipe #d F2 AF=E
+= Lin 5 (2012)2 9l ¢ o] £4& 93] D&R(divide and recombine) ¥'H -2 Rhipe 7ol 283}

3! Prajapati (2013)2 Rhipe& ©]83Fo] ©@o] 714> (word count) ¥A|1E tF#$13 Hafen 5 (2014)2
PMU (phasor measurement unit) Eﬂ o]EofA] RhipeS ©|&35lo] QoFEA g} NI EAS 4351
. FUYolAE 2 19&7 A4 (2013)0] 28] A7)t o]FolA gt uPET A4 (2013)
2943 dlo]E oA Rhipes o]-& }Q:H—Er AE T3t
2 wRolAE Rhipe ZUES ol 83 JARAL 5o IE7 P4 (2013), Prajapati (2013),

744

T,

Hafen 5 (2014)°l4 B4 %2k Hadoop2] H AL 2 = (pseudo-dstributed mode) &} GHAEA B
= (fully-distributed mode)ol|A] Blo]E] =To] 74 Z7to e Ag £E& ulw BAeua} s}
w9, A9k Rhipe 229 452 B71317) 9151 714 R 917141 stats9} bigmemory 71714 4]
A §-8-3) biglm 7| A<} A £5ZE v\ w st} sk

B owmo ey o] TAEl 9tk Al 2 FoA= Hadoopd =& }\]/\Eﬂo] HDFS$} MapRe-
duceo] tisf ket ARy A 3 A R} Hadoops &35+ Rhipe 7] %o ts) 4
HR A} el A 4 oM AA blolelet 2o A blo]E oA Qj—q_ﬁrﬂ 282 =5 golg v
o 2710l m}2 Rhipe S22 A%< F7lekn 7128 A7 A4S vneagc. 22 Al 5 dol
A AT 2 FFAT s Eolgieh

2. Hadoop Il

Hadoop2 t&%F tlo|HE AT = At 2ZELAZE 4 HFEE AZc S aEA £
28 Z72 IS XY= A 7Hke] L 24 =z 99 Fe|th. Hadoopd ?ZH A 71€L Figure 2.13%}
Zro] HDFS(Hadoop Distributed File System)2} MapReduce® F+A= o] 9t}

HDFS+ E8l322 Y¢Y =X (name node)2} HolH X (data node)Z A% o] T U=
£ ope) qelEe 2, AVT 2L ek AR APy A dolEe o tje) HolE w=
o] Eat=]o] &3ttt MapReduce: 3 E& | (job tracker)2} B3 E#:; 7| (task tracker)E 74
=3 HDFSo| A9 spdollA HolBE glojA 7heshe d2s w3tk ASAZEH s3>
MapReduce Z2I1H-2 F(job)olzhe ahte] 2y TR AElHY 3§ EffAw sty FelaEUe
Ha3 EAAEZE A FE Adstct. MapReduce?] W E A28+ Figure 2.29} Zro] <=9 &3}
S8o] 25 7](key) 2} Fk(value) ’%‘QE TAE ] St

Figure 2.2014] B9 f8dole&= £ @92 23 (split)H 2 2 £82 <7], 3> o= FHHAL
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Figure 2.1. Basic architecture of the Hadoop cluster

w29 7 B tfsf map f&# fr‘é‘ ? ﬂ% 74]91 X“ﬁﬁ Skl <7l U> e Al AFHErt
Shuffle / Sort @A oA+ map 3 o

A ML reduce BAE 48T F <7 %k> o e

Hadoop2 X"} whe} =43 = (standalone mode), 7HgEAF RE S4B} R g RS

o SY4% REE Hadoops) 712 REE The =sh BAR Besh ok wobd o meo] B4

2 =g x o2 MapReduce ZZ 13 Ael3k B =
Al o

< sy gy ee gE=
£ Hadoop & Z2Al27} shie] 22 AFE Aol st 34
vl Z2A27F of2] o] HAFE R FAE SeaE AdA FFeke Ao s Bak A B4k At
AARL Z+3 Y}

E

3. Rhipe IR

Rhipe& R} Hadoopg AE3te], RAelAl Map/Reduce”| < #-83to] th&22] vlolgo ths) 5
AR BAMo] 7453 R 9|72 o]t} Rhipe2 tlo|8 2 &3}(data serialization) S &l FLZollA A&
e Z2EF W ¥ (protocol buffer) & AMgSith Z2EF woE Ao @ ZHENAM FHH
z72 dlolE 29 BFg 753 goz RolA Algske dlolE S Java, C, pythons2| t}2 7
WAool A ARg-o] 7Fs Al BkaL, the dojZ AFE dolE JEE RE go] Eolv 4TS +3hT
=

Table 3.1-2 B =FojA AR =9 Rhiped HAIHA 0.73°]A A|-&2H+= HDFSS} MapReduce #&
‘61—/\5011;]-

3.1. Map &t AH

map $5-& HDFSA9| tol8E 7Hgstel 28 <71, ¢k> 49 ¥ EH9th ofe) T+ map



Figure 2.2. Mapreduce parallel processing
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< reduce

o9 AHe

Hadoop2 A2 S Z map o AAE A3 e 71E VMo E AHYdle] FES B2
task® HAFo] o]FZt}. reduce AAANE F33t9 = & <7, >
4438t & o] Hadoopol| AAstc} of#f I=
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Table 3.1. Various functions for HDFS and MapReduce operations

g a2
rhinit() Rhipeg %7|3}3gtt}.
rheollect (key,value) <7, %l’> i g =
rhwatch() map 29} reduce S R L B A Eof A A3}
rhep(ifile, ofile) HDFS/39] 51d-& B AFsiey.
rhdel(file) HDFS9] 5}d-& A-A] st}
rhls(path) HDFD”9] ﬁioﬂ Qe FLEES HogET]
rhread(files) files7 2l = map, sequence, textI+ Y& HDFS/G o2 ¢lo] £t}
rhkill(job) MapReduce &S HFc}.
reduce AFHE
reduce = expression( pre = { 1
reduce = { 1
post = { }
)
9 23 PENA reduce T 3702 ARE 7HA A Tk pre A= WSS %7]3) 81l reduce &

F7F A& wf nith A= o Zt) reduce AAR= reduce taskollA AAE AP A4 ZFYH-E A s)
o reduce.value7} &= thE A= o ATt post AA= reduce QAXFONA AL =Hoid A3} gh&
Hadoopl 2 AF3l= 9as s}

3.3. MapReduce 2!3

MapReduce A3 rhwatch() 55 o]43to map T3 reduce T AP Al7|& 9TE 59
=y
mapreduce AT HE
rhwatch( map=map &<, reduce=reduce &<,
input=input 32 #EAF L A : input=rhfmt(path-to-input, type="text’)
output=output JZ #wAE L A : output=rhfmt(path-to-output, type="text’)
)
—‘H 23T Y E A rhwatch() &+ map A2} reduce 1A} input 122} output 91
£ ATt map AR} reduce A= AREAFZE g map T8} reduce F-E A A £,
lnput*} output®] F2E AT wj+ 3t49] doly FS st ARE AAL FAF (text)Q
A9l thimt() B4-E o1 35tol 2t Hole B XA Folok Tk, 513 (sequence) 2
o= AEE AF o] Folw TR

4
B =R AHRH A3 Table 4.1} Z+o] Hadoop 0.20.0 718t 3ol 6the] 72 PCE AL-&-3}1
=3 El(master) =5, YA 5t PCE £#|¢]H (slaves) =EZ A3} Figure
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Table 4.1. Rhipe cluster environment

e~ master 1t
slaves 5th
CPU Intel(R)Core(TM)2
Duo CPU E8300@2.83GHz
=84 45 master 4G
RAM slaves 2G
Network Interface Card RealTek
oS 12.04LTS
Java 1.7.0
_ Hadoop 0.20.2
AZE ] WA R 310
Rhipe 0.73.1
Google Protocal Buffer 2.4.1
Switch Hub Cisco Catalyst 2960 (1G Ethernet)

jejulim@master

IP:192.168.0.1

LAN Switch

DataNode1 DataNode2 DataNode3 DataNoded | | DataNode5
jejulim@slavet jejulim@slave2 jejulim@slave3 Jejulim@slaved jejulim@slaves
192.168.0.11 192.168.0.12 192.168.0.13 192.168.0.14 192.168.0.15

Figure 4.1. Configuration of Hadoop distributed processing system

B =FolA A" HEAZEE R system.time() F5ollA] A3k elapsed timeg 7FA 1 575}
Ath. o714 elapsed time2 ZZM| 22| AA AFHAIZE YER=H £3], HAA AlZH(wall clock
time)& 9| u|stty. B U A" RAFINA A EY e Bladty] 93] 4 ZEAA A A
HReE Z7]3}(clear) S & gl on S AE a3ty 95 CPUS {724 (idle state) o]l

< AASFITH(Ciliendo 5, 2007). 7] CPUS] {5-d8) A& CPU - (idle) ol
2 £X&5 Yee 4= Agsict

4.2. 3|?|2AM 2 2|8t MapReduce ¢

HARANA kA SIS X1, Xa, ., Xe S BEUE Y Abo]e] BAZ AP BACIE T3} Lol
o A8 37 23 (multiple linear regression model)& A& st}

Y=00+pX1+...4+BkXr +e (4.1)



Rhipe Platform for Big Data Processing and Analysis 1177

A71A Lo, P1,- -, Bt AT (regression coefficient) 0] ex= 23} &2 UEU T FF p = 0]
EEUH 09 AFRLE GEOL AT wole) BRG] ool ARL A8 EAY 0T
2t
Y = X3 +e

o714 242t

Y1 1 X11 Xo1 -+ Xix Bo €1

Y2 1 X2 Xog -+ Xg2 B1 €2

Y = X = : B = €=

Yn 1 Xln X2n Xk:n /Bk: €n

ol Bel H2AF FAAE e 2o,
B=(XTx)"'xTy (4.2)

Hadoop®] HDFSeIAE o] Yoh X7} L7le] B e Raks|o] A4 t).
webd X = (X7, X7, X7)7eha st A(4.2)o4 XTX 9} XTY AL olehs) 2ol 247te] &
ol thal BAA4 T Fakatol A

L L
XTX =) X/x;,XTy => XY, (4.3)

Jj=1 j=1
4] (4.3)% Rhipe?] map 342 Ueh@ ok} 2tk

map = expression ({

datMat = do.call(“rbind”, lapply(strsplit(unlist(map.values),“,”),as.numeric))
xx = na.omit(datMat[,c(1,2,3,4,5,6,7)])
yMat = as.matrix(xx][,1])

xMat = cbind( 1, as.matrix(xx[,c(2,3,4,5,6,7)]))
XtX = crossprod(xMat, xMat)
XtY = crossprod(xMat, yMat)
rheollect (“”,cbind(XtX,XtY)) })
3] map - HDFSol A7 7k 2elol o] #e] 714 k=791 tlolEl shte] map tasks Al
A3 €14 map.valuesS AFR-l] Q11 A=A s & XJTXjQ]— XjTYj% A4kttt 28]31 rheollect()
s ARk <71, > S AAAA Hadoopl & AFdTh 7| 7= « 75 ARESte] )]
oz AR X[ X9k X[, 9 AXARE ghoz 4As)
4] (4.3)2 Rhipe?| reduce 3= Yepd th=3 2ot
reduce = expression(
pre = {sum <« 0},
reduce = { for(x in reduce.values) sum¢ sum +x },
post ={ XtX = sum][, -dim(sum)[2]]
XtY = sum|, dim(sum)[2]]
betahat = solve(as.matrix(XtX), as.matrix(XtY))
rheollect(“B”, betahat) })
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Table 4.2. Variables used in real airline data

Hs e a4
1 Month (X1) 4 112
2 DayofMonth (X2) 4 1-31
3 DayofWeek (X3) 24,1 (Monday) - 7 (Sunday)
4 ActualElapsedTime (X4) AA AIAZE (S &)
5 DepDelay (X5) =0 AN (H9: J)
6 Distance (Xg) u)g Ag, npdr|E
7 ArrDelay () T AAN T (D9 )

Table 4.3. A part of real airline data

Month DayofMonth DayOfWeek ActualElapsedTime DepDelay Distance ArrDelay

(X1) (X2) (X3) (X4) (X5) (X6) )
10 14 3 91 11 447 23
10 15 4 94 -1 447 14
10 16 6 97 11 447 29
10 17 7 78 -1 447 -2
10 18 1 93 19 447 33
11 27 5 78 -3 483 -9
11 28 6 84 -1 483 -1
11 29 7 90 2 483 8
11 30 1 81 2 483 -1
11 1 7 55 -2 483 5

9] reduce < ZHzke] B2 tisl map 9] 2R X[ X; 9 X[Vl tisl FALE AL 4
(4.2)ell o3} FAAATE FATE olF 8l pre AR A Mol ths] 27]318F F reduce AR A]
AT AL post DA SIIASE PR shollect) BHE Aol 1, > 48
A A Hadoopl & A3t of7|A] 7]&= “B”o]1l ZE2 “betahat” o|T}.

4.3. OI0|E] = SJs0l 12 Rhipe &8s Hl2

4.3.1. &A GI0lE] AA] dlolE+= 2009d ASA (americal standards association, U= F2 g3])o]
Al 49 v= 7] 33 #AE dlolE o] th(ASA data expo, 2009). ©] ¥ 7] dloE+ 1987
FE 2008 A7HA] siutct 2970 Wrol] thal =AFA wlo]E o]l A wlolel 9] 32 123,534,9707] ] 1L
o8¢ 27)& 12 GBAEolt}.

2 AfoAe 2970 B FolA ASA7F g3 FAEA0 F8&38HA 2 W5E A ste] Table
4.2¢] Y& 77 WSl i3l 2.33 GBol| S E= = HolEE T2

Table 4.3-2 Table 4.2¢] 3l 4ol thsl] Qojxl diojee] YRES veRdth. AA] lolg oA ]
ol¥] =74 wtz} Rhiped] A%< Hlw3l7] $13 2.33 GBS E4o8 22 folEet MZY 7S o
43to] A3 2 vlojE & A tlolEE 2ul, 3wl H ko] ATt

£ FoMEe AZ7FA dHelg A7l wE AAvolHE 7FA 1 Hadoopd] 7HM3Eit Rl At
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Table 4.4. Comparison of pseudo-distributed and fully-distributed clusters with actual data in terms of compu-

tational time

H o] 7R At FARENRE No.of
7] e 1 Node 2 Nodes 3 Nodes 4 Nodes 5 Nodes tasks
100 MB
R 91.334 86.147 66.030 61.077 61.050 61.044 2
(5,181,150 lines)
200 GB
. 141.331 136.482 80.991 71.194 61.069 61.064 4
(10,362,150 lines)
300 GB 186.728 181.768 111.143 76.330 76.001 66.953 5
(15,543,450 lines) : : : : : :
500 MB
. 267.538 257.090 136.238 121.419 71.291 71.035 8
(25,905,751 lines)
1.00 GB
. 516.255 490.425 258.070 192.411 148.508 134.470 16
(53,052,912 lines)
2.33 GB
. 1145.573 1094.745 577.511 395.761 294.356 264.859 38
(123,534,970 lines)
4.66 GB
. 2207.643 2134.667 1100.140 746.305 568.570 468.183 75
(247,069,940 lines)
9.32 GB

. 4439.984  4243.735 2170.253 1430.414 1095.074 874.074 149
(494,139,880 lines)

REoA o= FAEAME $35=t] Rhiped] X345 S v|wstgith Table 4.4¢} Figure 4.2 ©)
olg] Z7]of| whel 7R BEg)l S Eal BT oA HolE] ko] 4 UJr—E— A EEE Vel =
£} 2ot} o)A 9 dlolH FA7|oA EZ ol A= dlolE 39 & U 2 E8F Fo
2= “No.of tasks” = map task®] 7|45 YeRdT]

Table 4.49] APANE B WA, 724 Rad &4 BE BFRoA dlolg A7) v]#H s
o] ALzl 7tk Ae & 5 dith ol AL HlolHe A7t S5 Ala"” o] Aokt map
task®] 7§57} Eoivbd A MapReduce A3 A7kl 29 B Zojx]7] @%015}. 1ﬂ7 AHEA B
=9} 7PEREAF BE F BEZE AAZE Hlae ARl HelH = 4
27} bR mERT A2l A7) AA Aske AE % 4 A0 w2
ol 29| Tt WesE 22 2719 dolHE Agdet A= *]7
T Atk o2 AARA BE Al2"HA 72 64MB YEHAEE] stoA] B
‘64MB x dlo]8] == $9ld], tlo|y E=9| NA47t BEsFE WEAY 7hs 835
A&7} wetx 7] wioth

Figure 4.28 X, BE t|o]g 37|94 dlol¥

AL, 7P REOA 7Y 1 A A 2 Jlee € 5 Ak

Table 4.5 AA| dlo]EloA] MapReduce 7385 F3l o] 27| we} X FAH 37 244
ojt}.

Table 4.52] 449 3722 HE Table 4.29] I+ Ae7HA SHAFTEEREH A AL
Bl S5 ArrDelay & 374 2 oS53 5 Qi

¥ A * rf.‘i :

4.3.2. 2O/ UI0|E] £ AFeAE Table 4.3¢] Uelgle AA tlo|Ejet FASE 2o tlo|ElE &



1180 Byung Ho Jung, Ji Eun Shin, Dong Hoon Lim
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time
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200MB 300MB 500MB 1GB 2.33GB 4.66GB 9.32GB

= = 1Node -2Node —— -3Node = = 4Node SNode

Pseudo

Figure 4.2. Processing speed curves of pseudo-distributed and fully-distributed clusters with actual data

Table 4.5. Estimated regression equations with actual data

tlolE 27] 734 B HA 4
100 MB Y = —23.4885 + 0.0749X; — 0.0076 X2 — 0.0141X3 + 0.5675X4 + 0.9955X 5 — 0.0692X¢
200 MB Y = —19.5599 — 0.0786.X1 — 0.0044 X3 — 0.0239X3 + 0.4921 X4 + 0.9993X5 — 0.0605X¢
300 MB Y = —18.6769 — 0.0371X; + 0.0009X2 — 0.0330X3 + 0.4649X, + 0.9993X5 — 0.0570X¢
500 MB Y = —20.4884 — 0.0238 X7 + 0.0026 X2 — 0.0510X3 + 0.5165X4 — 0.0637X5 — 0.0630X¢
1.00 GB Y = —21.6326 + 0.0146 X1 + 0.0008 X2 — 0.0675X3 + 0.5481X4 — 0.9948X5 — 0.0666 X¢
2.33 GB Y = —18.9887 + 0.0232X; + 0.0001X3 — 0.0723X3 + 0.5435 X, + 0.9312X5 — 0.0664X¢
4.66 GB Y = —18.9887 4 0.0232X; + 0.0001 X2 — 0.0723X3 + 0.5435X4 + 0.9312X5 — 0.0664X¢
9.32 GB Y = —18.9887 + 0.0232X; + 0.0001 X2 — 0.0723X3 + 0.5435 X4 + 0.9312X5 — 0.0664X¢

7198l SHET X,

I~

X9 24w

_|

4 YE 3] BHF p = 1001 BF2HAX o = 1009 AFEEZE

Re =0 AAE rolAl A4REEHE A1 Age] A8,
Table 4.63} Figure 4.3:& 2.9] 28 wlolElol A glolg] 27]o] ma} 4R BEol 9 Babwco
A HolE wEo] Aol B A4 EE e Bk gl

Table 4.6 AR A7E B, 7oA vloleli= A7) tlo]e]utt 2L vloje) olzke o]e] e]
57} B0 2 9I5| Table 4.49} ¥lwato] A2 AI7bo] HE-E & 4 ok ZPFEA RED SARN 7
= il A AAdolE 4% Azie} w53 ATE AL 5 AT

Figure 4.3¢1 4% Figure 4.201 412} 2o] tlo]E] E9] /4 7)ol we} AejAzbo] Ztasis Fe
Hyr}.

Table 4.7 22149 to]E]o]A MapReduce T8L 3] Ho]g Z7)0] me} doja 249 31714

A4S Gy gk,
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Table 4.6. Comparison of pseudo-distributed and fully-distributed clusters with simulated data in terms of com-

putational time

o] E 72k AARARE No.of
37 paR=, 1 Node 2 Nodes 3 Nodes 4 Nodes 5 Nodes tasks
100 MB
R 71.098 71.017 55.872 45.908 45.985 45.895 2
(4,052,125 lines)
200GB
X 116.327 116.454 65.907 55.940 45.909 45.904 4
(8,104,250 lines)
300GB 146.531 141.314 86.012 60.978 55.953 45.942 5
(12,156,375 lines) : ' : : : :
500 MB
X 207.236 201.614 111.165 91.183 60.949 55.617 8
(20,260,625 lines)
1.00GB
X 385.142 369.075 192.463 147.124 101.925 101.792 16
(41.492.145 lines)
2.33GB
X 847.631 825.634 235.384 234.176 228.393 183.150 38
(96.615.449 lines)
4.66GB
. 1650.130 1602.151 821.471 558.964 436.738 350.680 75
(193,230,989 lines)
9.32GB
3265.437 3159.687 1619.516 1067.020 822.428 652.731 149

(386,461,796 lines)

Table 4.7. Estimated regression equations with simulated data

cﬂo]}ﬂ EM ix—lﬂ §]:|qx1/\1/ﬂ

100 MB Y = 9.9286 — 0.0005X1 — 0.0011X5 + 0.0001X3 + 0.0005X4 — 0.0001.X5 — 0.0007X¢
200 MB Y =09. 9880 0.0006 X1 — 0.0003X2 — 0.0005X3 + 0.0003X4 + 0.0005X5 — 0.0002X6
300 MB = 9.9878 — 0.0005X7 — 0.0005X2 — 0.0002X3 4 0.0002X4 — 0.0004X¢

500 MB Y = 10.0015 — 0.0004X; — 0.0004X5 + 0.0002X3 + 0.0001.X4 + 0.0001 X5 — 0.0003X¢
1.00 GB Y =9.9976 — 0.0004X; — 0.0003X5 — 0.0002X3 + 0.0001X4 + 0.0001.X5 — 0.0003X¢
2.33 GB Y =9.9968 — 0.0005X; — 0.0003X3 — 0.0002X3 + 0.0001.X4 + 0.0001.X5 — 0.0004X¢
4.66 GB Y = 9.9964 — 0.0005X7 — 0.0003X2 — 0.0002X3 4 0.0001.X4 + 0.0001.X5 — 0.0004X¢
9.32 GB Y =9.9965 — 0.0005X1 — 0.0033X5 — 0.0002X3 + 0.0014X4 — 0.0001.X5 — 0.0003X¢

4.4. J|ZE "j7|X|2} Rhipe ds |

oft

Hadoop?] &AEAF S 2] E]ol| A Rhiped] A5 71317 93l 22 diolgoA 7153 W3dd R
714 stats9] lm() =<} bigmemory 37| A AdelAl FAE4E 3 biglm 37| X9} AHEEE ¥
A A=

Table 4.8 AA| tjolgjol| A Z 9j7]| 2] Eo] =8 7}53 tlo|8] Z 7o) upe} AAAZHS YER L T
Table 4.8 2 X €] stats 7] A= dlo]g] =Z7]7} 200 MBol|A] d4ko] 715311, biglm 7] A= 9.32
GBolA B7s3t3itt. 22u, Rhipe 317]A]+= biglm 7| ]| A] A4to] B7F53F 9.32 GB7HA] A g
7} 7Fs 3tk dlelel =7] 100 MBo|A] Rhipes} stats #7]2] B]aLellA] Rhiped] Sj7]A] £=7} <F
7t =A Yeht= o+ Rhipe2 AA| tlolE oAl map tasknitt 25X A g] A SR Qs 7142
=2 /\]7P01 2uE 7] o2 AlsHrh. 287t #4] A& Rhipeg} biglm 3712 vl o|A] dlo]& =7
7} &2 A9= biglm 3 7|X9] A4 =7t waa, dlol8 327171 245 Rhiped] Xgl&4 =71 4w
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Figure 4.3. Processing speed curves of pseudo-distributed and fully-distributed clusters with simulated data

Table 4.8. Comparisons of three packages with actual data

HlolE =7 stats biglm Rhipe No.of tasks
100 MB 58.143 23.491 61.044 2
(5,181,150 lines) : ' :
200 MB
. Fail 47.709 61.064 4
(10,362,150 lines)
MB
300 . - 77.423 66.953 8
(15,543,450 lines)
500 MB
- 143.700 71.035 8
(25,905,751 lines)
1.00 GB 284.849 134.470 16
(53,052,912 lines) ’ ’
2. B
33 G . - 708.388 264.859 38
(123,534,970 lines)
4.66 GB
- 6779.768 468.183 75
(247,069,940 lines)
.32 GB
9.32 G - Fail 874.074 149

(494,139,880 lines)

E5 & 4 9r}t. 3], 2.33 GBollA] Rhipe 372+ biglm s§7| A Hc} ¢k 2,78 £5 2po] 7} wrot

p=IE=1

4.66 GBOA = ¢k 14.59] AE £ 5 x}o| 7} wo] v}

Table 4.9+ X
P
Table 4.9 W}= 1, stats 3

2% ElolElolA 7k 714 S0] Sa b5 vlolE 7)ol wel AL ehin

7121 9 AA lolE 200 MBel A Q4te] B7bsshed ot o714
300 MBollA] 9l4te] £7b53tgh. ol 2L molAd oleli AA] dlo|eint} gloje) @) 47} 4
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Table 4.9. Comparisons of three packages with simulated data

ol =7] stats biglm Rhipe No.of tasks
100 MB
K 51.197 19.148 45.895 2
(4,052,125 lines)
200 MB
R 190.808 36.752 45.904 4
(8,104,250 lines)
MB
300 . Fail 57.486 45.942 5
(12,156,375 lines)
500 MB 99.551 55.617 8
(20,260,625 lines) : ‘
1.00 GB
. - 207.55 101.792 16
(41.492.145 lines)
2. B
33 G . - 485.694 183.150 38
(96.615.449 lines)
4.66 GB 1266.618 350.680 75
(193,230,989 lines) : '
9.32 GB .
- Fail 652.731 149

(386,461,796 lines)

o2 AYAoz yrd & tolg 290] 7153 7] wl&o|t}. 18]3 Rhipe 97] A9} biglm 317]A]
vl A Holg] Z7|7F 245 biglm #7]X]9] X4 5L Rhipesf7]| A9 ARt X 58
& 4 Qltk
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% IAEAES 73tk Hadoope] 7M3HEAE B9l AR REof|A HlolE L=9] 74 S71
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