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Optimization for Multiple Machine Learning on MapReduce

Yoshifumi FUKUMOTOT and Makoto ONIZUKA
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FEHTLFEI/TROLN TN,

F LT OBEITH LT, Mahout IZEHEND TV
T1) X 4% MapReduce & J V72 #8528 o 4L 71 5]
& L, Mahout (281} % Hadoop API OF)H - Ftuk
J7i% 0% L 72 MapReduce ¥ 2 7I2xt L, #&#EIZ
B REICFELRETA L2 AMLE T
5. e bl 2o T, FIH L7288 N A 2%
T A — ZAHARET D 72912 FAT S N B HE MapReduce
VaTIERLTVTY XL - AUATIT =5 2 FIH
Th720, EHLH (BIZIEATIT— 7 OFtAETT=
map M) HH I LICEH L. BEELELZ ST
¥ D MapReduce ¥ 3 7 DA R 2 ALFLE % B
B AP GE 3 BATAE S 5. ) 21X HaLoop [10] %
Twister [11], Incoop [25] IX, MapReduce ¥ 3 7D
M T—5 - HEERE AL L CHEARTAZ &
2o T, REOFE{EPEFR SN TS, Lol
Haloop & Twister DA ICIZIMED APL IZHE>TT
VT AL %GR L CHABT 205 B8 2 L5
2% 1, Incoop [ FFH%E % MapReduce ¥ 3 71258
FTWEETH HAS, /XT X — S ENRRL LED A EL
F— S BHAATEHBICOVWTEREN TV AR W0,
Mo MM A T LGN H D, I D =D OGN
FENA 78T A — FFRET O — A% B I28E T ] B
LBV, XML T—IDAYTF U A%
CEETREEFZELHIMLCLE ). MRShare [3] 1&
#% MapReduce ¥ 2 7O EFLEILALZ X E(L%
FHAETICER]T L7 L —2T—27Tdhb. MRShare
I EAI % & & 88 MapReduce ¥ = 7 A8 [F 12
ESNDEAE, HEINICZERLSE —D2D Y a3 7IC
X—=UL, TV aTOANT - OFAEGE 1K
ZZUFETL, BIZIUES map MEOHT (T —
7)) bHAEMLLET, DEDOHES (reduce BI%L 7
E) 1oV TIEY—VHIDY 3 708 O RPN EST
52 LT, BEOBMSE L O HI & 9
HLTWw5h., L2 L, MRShare b 343 A 0B (4
2 map B0 OBEHESRIN TV w0,
WHEBETVT) XLONEICET 5 A0 %1 —
YOG TR ARKBRICEANLT L LATE RV, BF
B2, AT —FGeahEn L il 7T — 5 DAt s
ALOA IS L — O EICHRE LTl 59, 3
Aufen B A RELTLED, HLJEHARTO
P AL L CLE ) WREESSH L. T T
VALDY =AT=FEZHL, N I/UXTXA=F73
MapReduce ¥ 5 70 E DM EBES 2 T 5

CETEFTMRLMIEDOIBEN TR L 2505, Fht
LETOLI—FITHMNLOEFH L. DX, B
MAINA 7935 A — & faw b2 BT 2 ALEE & 2 Hl
5 ZEDREEH, FRCHMEE RS 57200
BEBEDOBHTARL TS EWVWR D,

ZD7-®, F 4L Hadoop L TEMET 28 L Wikh
7V —2T =2 2RETEH. AT7L—-LT—-7 1
Mahout ® b @ % #5E L 72 E 7L a0 X0 %7
Ty Ry 7 AL LT, EBWIZH L IFTFETRICE
5N D IEHD A % FH ) 12 BB 2 A5 T RE LB o0 ) 3
#FEH L, HIZKERNZ MapReduce ¥ 3 7 2 FATY
554 TOMMERT VT XL LT IALE
FEHT L., TINANNT X = I HPRET LTS EH
BIICHET 57280, FFHICT VT XL % ETT 5
WD MapReduce ¥ a 72 BT LTI a7
IZEDINT A — 5 HEOMBES TR & iz hoxd
JCBERR Z B - sk T 5. (ZOMBEERAT v T
NPT, BEHAT v 7Id 2 — 0 I EE CHE
THULEDNH L) Dk, NA703F7 X —FEHREO
72D D MapReduce ¥ 2 72852 L7, B
WAT v T THLNTRNT A —F LA O In
BEBHE LGNS, &£V a TGN A—%
ty MEREKL, FIHTA/37 X2 — 5 OHICERS %
W, DF D ILERER RS A RIS A, F LT,
ENERWL7CFEETT T 2 ER L, HETRER
3% b OHED MapReduce ¥ 3 7% —2D Y a3 7
~—3 - FE7 55, F72, MapReduce ¥ 3 7D
W&o TEDTY a THRIES A TOWMEE T v T)
ALD—ETH A LB - FlskT 5 EHMEET
bb. JESATOTNVT) ALIIBWTIE, WJHER
BERIANT—% (ZhxdD Java VM) & XEY
Fyvial, TNUBROREICHMHATAZETE
D% OMIEZHIRT 5.

RETHILAENL 7L —27—72 % Hadoop DILIEIC
X o THEIEL, Mahout |28 T N ALY R BMFE
7 T) X4 (SVM, Naive Bayes, K-Means) O
FFEHELHWEHMER T AAEE I —YF 2 mz
AT C, WA E D RBIRHMASEf IS Z Lz
R L7z,

He =2
2. B =

2.1 EWMFETFZNLIVILICLEZT—29H
KBUE T — & 23 R & § 5 B8 LR R ot
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HIEE b RS, BMFEOIX P2 s EEN
LT, FF—2oHEEWFEE T VI XL OFHE R
WREVWZETHD., £ DOTNVT) ALIFFHE - 45
- BT 2 EOMGETEH R R, X7 PLVONTE - BT
G EDHEBEOMAEEL OB I N, TAEPRES
é&%i@?»jUfA§ﬁET%fb KRBT —
YRR ET DBEAIHBWICEEENRE 2513
WA 5.

ZoHIE, NI A—SEREOLENTH S, %<
DOEMEE 7 IV T) X LTS RO VEREI B 5
INT A= S EEBEHICGZALENHY, TOLH %
INTG A= FEINA 78T A—F LIRS, @A
INNT A= FEIATI T — 7 R MK ROM &R L2
BAES 2720, ZOREDOFTIENVIHATH .

1 SVM 7L IT) XLDNA 98T X — 7l
IR LS, B ESNIZETVOSEREY 7
Oy b LETHEROHERTH S, MHIMEI 0.01 T
HDHDIXF L, [HA 1000 O & I KOREE DTS
NTBY, TNELYREVETIIHENTH>Tn5D
ZDEHINAIUNT X = ORI L <, 8
BEREDO OFRATHRPLELE 2D,

7)) v KA —F [14] 1EN A4 7908T X — & [EF I fd
b FET, EEMEO N /9 UST X =5 fli% v
TALER % [RIRE IS ERAT L, MEAE RO Tl b RV g

R L7ABEO F0ME % FREE IR L CEAT 24k D R 2
E TR DL LN BDTH S,

Z0kH %, FHEEFNRE L, BREOFITEMED
BT E I, ZOFEREREHEBELTLE) L v
I MEDD 5.

2.2 MapReduce

MapReduce 1358/ y FUBEIZHE L 727 L — 4
7—27T&® Y, MapReduce L 55H(7 7 A V¥ AT A4
(DFS) QAT & ) KHBLT — & OR)=R1 2 0 &
EIH L TWwWb. MapReduce ¥ 3 7% EI7 T 5% -
I AFIEIEBDYAY ) —F (RRA¥) LHEHED A

The Best Value F' |
80%
>
3 [
S 60%
g |
2 4% Defau Laue ,
20%. Y
Mo,
s = 8 8 8 8 g8 &8 9o
S g = 8 8 8 g8 g8 9o
S S s & & & &
S 6 © © - o o o o
= 8 & &
= 38 3
Parameter Value (Lambda) -2
72, B
K1 NA28T 2= F I -5

Fig.1 Inpact of Hyperparameter Values.
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L=7/—=F (AL —=7) »olEH s, DFS D7 —
5 )= FbHhzr AL =7/ — FIZZKBEET— 5 78
TEIREH S D, MapReduce ¥ 2 7'1d map - reduce
D27 z—APLHER SIS, A&l scan - map D 2
BB |2 3EIT &, %% X shuffle - reduce @ 2 AL
HLEAT IS/ ETTRET, WO TO L ) IR T
ZENTEAB.

scan(D) — {K1,V1}

map(K1, Vi, Pmap) — {Ka2, Va}

shuf fle({K2,Va}) — {Ka2, {V2}}

reduce(Ka,{V2}, Preduce) — {K3,V3}

map 7 —ATIETAZHPAL =TI LC map ¥ A

7 &EYBTSH, map ¥ A7 TlE, FFoElshiA
7 =% D %%scan &M, key-value D7 {K1,V1}
WHEREND. KIZ, Z0 key-value XTIIH L, L—
WA3EF L7z map B %, map /YT X —% Py
ZHWTETL, #oZ key-value T {Ks, Va} %
W45, reduce 72— XA TIEYAY DAL —TIxf
LT reduce ¥ A7 ## ) 4 T5. reduce ¥ A7 TlZ,
map 7 = — XD TH 5 key-value X7 % key |2
He->Cshuffle (FVv—¥ 7)) L, AL key % 2%
T key-value R7HB—DDAL =724y NT—72
2 LR {Ko, {Va}} T5. £LTIEZINTS
V=7 L —DEFE L7z reduce %%, reduce
H8F A =% Prequce E HIVTIHEATL, WMIFRE L
THi 727 key-value X7 {K3,V3} 2§ 5.

BMeE® 7 L T X 23 —o % LD MapRe-
duce Va 7o MER EINS 720, WHEAOK] %X 2
DL mimBEEE LTRT 2 k#f% Teizon
R HF) EIFATND

2.2.1 MapReduce DF%E

Hadoop ¥ MapReduce @ Java F & TH 5.
Hadoop TD AL — 7%, map * reduce ¥ X 7 E:4D
72NNZ—2D Java VM Z#EE L, 72\ TWidy X2
PHTTHEZOVM OKTT 5.

£ETO Java VM LR CNT A =%ty 2B
Th70, ALaryI4 745727 b5 26N0T
BY, £1IZE map A - reduce H - Hadoop ® ¥ A

MapReduce 37 MapReduce 37

sttty mwm mmm

B2 o #oF
Fig.2 Working Unit Sequence.
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FLH - ARG ELETDINT A= HRP 7% L
Ny vaxy TELTEMINTNWT, £XTF72—%
fifilZ MapReduce ¥ 3 7HEATRIZ 72 7T AN T/HN—
Fa—F4 v 78N 2= Z4E TR E
Nb., 020, V—Aa—FEREVRY, Lo
T A= P EDRBEEALTHiH NS 7 1E MapReduce
VaThNEFTENDLETTAHTH S,

3. HFELLTL—-LT—T7 D8

KB T — & 2 UEM LB TV T) X4 %F
FALTHM$5%& LT, SVM, Naive Bayes, K-
Means 2V, 4D 7L —2T =D LS (2H
B LA EIT 2 9 2T 5.

3.1 SVM 731 X L

T4, SVM 7LV T ZLNREDEHIFRADT L —
LT =72 ko THELEN D HERERE, T~ 55
Hrofle LT, FHEIHUTHEGORFZLH NS, 0»
5 9 DT T NIVD ENPHG SN FF ST
GR7 MOty NEADNT—-7E L THEL, £t
IZSVM Z#A$ 5 L GHET VRIS NE. 20
SHETFVERVLZ LT, BFITNVDOEWTES
BB EOBF T NV EENLRE D 2HE
TLIENTEXD.

MapReduce #FIH 3% SVM & L THWFE 7 1
791 Mahout \2& FNAEEEDZFHT L. 20
FEH1X, MapReduce Y2 7 1 B THEINTED,
map 72— X TCRANRNZ bVDTANY - H 2T
VU %4\, reduce 72— AT TIANNLT L
WHEHENLRZ Fbky b2 b —xMlo 53T T
v (0vs.1-9 2 L) 235, %L T, MapReduce
Ja 7 O®RIZI0ME (0-9) OBEETIVEKREL, —
OOFEEFTNEIITS.

I—=FIHF LD, EBINA7UNT 2= FHOH
HizAT ) A, W UREF ZH 7)) v rShiz A
NT—=4%FMHALTHEITL, ZOEED MapReduce
TaTeFADT L LT =7 ICEMRSESL. FNUC
L oT, NA/98T X =% 9% reduce WIEH TRED L
BT EEED, £NT AL ENENNBIRIND
SUPLEAT OXFISERARE & 1, HLD 720 DEHR
L LTRSS A,

KIZ, SVM 7T XL IZHRIZE 2 BNA 75%
T A= DA HEYIRET L7012, 7Y v F—
F PN L B idE 0@ THELO SVM % [ SEAT
T2, M 3 370G OISR LT

i,/ SA—5/ =1
§ DUBRER

MapReduce>37

i : oo, | BERUAmME
i 1) (5%~ - =

: { map_[Hshuffle] 1 o R MEERE
""""" MapReduce>ad

L/ Gx=5/ (9>
(scan H map Hohuffie-Feducett>' g "

B3 SVM OHEILIEY
Fig.3 Multiple Working Unit Sequence of SVM.

g Y— &z MapReduce 37 )

1 JGA—8) 51

hute feduce~nsain
1 e i ]

ucer>" " puisgm
L )59 —n

DIEER

M4 SVM OIFFETT T >
Fig.4 Sharing Execution Plan of SVM.

L. ZOBITIE, n/XF =2 DNAII8T A —F{HD
AATICHE, FIEEIC n D MapReduce ¥ 3 7' % BilG
L, nHOGEET VLT, &HRIZED BV
WEEZRLZODERAT S, N 79XF A= 5 HD
R %G R TTEBLES PG5 2 6072k &, nfl
® MapReduce ¥ 5 7% Hadoop ¥ 3 7% 2 — 124k
AEND, TADTL—LT =2 3FNEDT aTD
OV TATF TV MM ENTNT A =S
Ly bEGITL, BEBEDONXTA—F2EbI LD
X reduce WD ATH AL Z &%, FIHFETWIINT
A= ERIRHATOMIERIREFIH L TR LT, K4
D& HmBMEOREIT T T L EAERT S, £ L
T, ZO{EFITT T VIZHE > T n 8D MapReduce
¥ a7 %—>20 MapReduce ¥ 3 71Z¥—Y L7z kT,
scan - map - shuffle DULBLHAL % 1 BE/ZITEATL, n
fH D reduce JLFRZE /N A 1385 X — FAH T L I
FETT D (BEICIE, NAIUNT =5 188 =57
DHE T — % 73 shuffle &M, n /3% — >~ ® reduce ML
AT LOTETT S reduce ¥ A7 HS, HlT—%
DITN—TRIZFFFETEND).

ZDEHIZLT, scan - map - shuffle LB A AT
RETH L EEFMICHES R, WHLIZE-oTT 7
227 1/O-CPU - v F7—2 32 FHEIRE N 5.

3.2 Naive Bayes 7O 1) X L

12, Naive Bayes 7V T X 2 DIAEILIZDOWT
%, Naive Bayes (IFEBN 07V T) XL 0D
—DT, ANANT ANV EEFIEH SN A, FHH

(£3) : https://issues.apache.org/jira/browse/ MAHOUT-232
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2 HMALT 5 720 1L FH SHTHEGRBROB A5
Naive Bayes (&, T3 X HFmig~s T‘ﬂ/%:)\jj@_%
&, SVM L HERICHT 7 NV O % »FE ST mG
N7 PG ENDRE TN EHEET 25 HET I
rWNT 5.

Mahout @ Naive Bayes ( 3 [/ MapReduce ¥ 32
THhOHRER S, 12 [\HD MapReduce ¥ 5 7 TA
HF—%% tf/idf 7— %128, 3EETEhE4E
HLTHEETVEL DT 5.

Naive Bayes b A /X8 F X — ¥ fEOFE % 2
LTNT)ALTHDY, 5 132D n @R
BHZ/RLCTWwA., Z—HIE SVM & [AE£IZ, Naive
Bayes 7 )V T1) X 4 MapReduce ¥ 3 7HIZZTD
NG A= DREDIHEBEAII BT EIN DOkt
JEEFEADT L — LT — Z\ZHEICHIG S 72 1T,
BEROWEG % 5.2 5. A DT L— L7 — 7 I3HRE)
@ nfHD MapReduce ¥ 3 7HIZZEEAF L VI L
FHBMICHRAL, M6 DXHI, Z20)b0—27
JEFATTE. AR 2FHOY a 7d—271F %%
TL, mEDY a3 TTEINAIUST A= Hffibh b
CLEBAILT, ZONT A—585 — v T LI
WZFEATT 5.

O — A TIIERD MapReduce ¥ 3 7O &K%
FETH720, MBEHEIKE CHIHRENS.

3.3 K-Means 7O XL

%12 K-Means 7V I X A OILFLIZDO VTR
~N5%. K-Means (3B 7 5 X 41) > 77 )T
ALT, FPMTEXRZ MVEED7 T AY % ERT

MapReduce 37

pICya)
n H map Hwinefrauce: aﬁ;@’};&
M 5 Naive Bayes ORI
Fig.5 Multiple Working Unit Sequence of Naive
Bayes.

al_\/_\

7—/anr MapReduce=37 '/\':')( 7]
1=

an m m ,mx;;,;q
\ A2 9

mL@P;
1 mnmam%ﬁ
[ - DR
6 Naive Bayes OIHFETT T~
Fig.6 Sharing Execution Plan of Naive Bayes.

1122

B5IENTEL. FHEBRTHBENRZ PVAS 10
@77x7%$ﬁttﬁn,ﬁb7ﬁx7uuﬁtﬁ

TGNV E ENTNZ N VHETE T A EA BN
5a%z%n5

K-Means 13 XfE 1 % MapReduce ¥ 3 7 THi K &
na. T KEoMPty raf F (77250
LDENRZ V) B 26N5E. ZOBIET S E TR
H 315K MapReduce ¥ 3 7 Cld, #RIE L AT
7 Mty M EGRAAR, FNEFNE RS RO
LU O FELDVTIAFICHESE, TOBRKY
FAZOXy A FEPET 52N7 VOB
BICBEESES. £ TOLy haA FOMED—EE
HELLERE) L 2 o 2R CRARZ R T L, &R
Koy af FEEFVELTHHITS.

IV ENDE 2 FTAT ONEEIET DD
W2, WY RNAINT X =8 K OE%E 5 2 5ILEH
H5. TIEZEDIZOD nINT =2 DINAIINT X —

PR MEHN 2R LTV D, NASTA—F K
IX1EH MapReduce ¥ 3 7N TIEFIH S LS, £
NENRLEDEy bOA P52 60570, 2 b
04 FOEMT 4 Lo M) BRI INT X — FED R
L.k had FoOMNT 4 L2 ) id map B
T2 ENL-D, scan BT TR ILHWTRETH 5.

Z—=HFRFINETHAL ATV T) X4 LR
12, HHIIC K-Means %347 L, MapReduce ¥ 3 7
FEMESELIET, B hOA FMTL 2 MY
A map METERBENLZLEET, BT A—F L
R SN NIEA OMFICHERE KA DT L — 27T —

SRS, BADTL—0T— 7 3EMICE
T &N % MapReduce ¥ 3 7® scan ALH % 45 o] b A
1t 28 DIEFITTT v wER L, ZhadHT
BT LT, ANT—5 DFHAAAR /O T A NEIRIZE
545%.

FADT L =207 —27TlE, K-Means 7T X 4
2 LT % 241t 2179 . K-Means 138 %
ATOTNVITY) ALTHY, KIE SIS MapReduce
Va7 ERIFE CATINY MV ESAAG D, 21

MapReduce B MapReduce B

:----» -IEI_IEJ[ {ean] [map .-_n-_;‘ “

7 K-Means OIS
Fig.7 Multiple Working Unit Sequence of K-Means.
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8 K-Means DIFEITT T~
Fig.8 Sharing Execution Plan of K-Means.

Fig.9 Sharing Execution Plan of K-Means. (share
all scans)

H L&D MapReduce ¥ 2 7 ® scan LK Y, AJ)
N7 MV 2FHEEDPTEL ZoT0E, 22T,
FaDTV—LT—21387 X =5 LIHEAL O IE
MARDIEINIZ, ZD MapReduce ¥V a3 7D IES 1 7
DT NI XLD—HH & b P8 CTHERIHRA -
UKL THBC. FLC H9DXH I, KIED 1 HH
WZBWTEAL—7/ — F® map BEIZAT AN
7 MVOBENAEVICNESLNE I DETF v 7T
B AR PUHRAENINE DR TH - 25613,
KAED 2 BHICBWT, map ¥ A7 D720 |RE) &
NTANINRZ PV AEYNICRFELZZE O Java
VM %, ZAZHFET LTORTEFICRETL L
29 4. IR 3 M E DL Java VM ¥ vy 22 %
HAHTAZETANINZ FIVO scan JLEL % A & v
T$5. DEDXH, AT L -7 =213 AT
T =7 DN S WA LB M EEAAA T/O O
A ORI EEHT 5.

3.3.1 AN VOB R

Mahout (ZX7 MVE AN T—F & §HHZ, Vec-
torWritable 7 7 A HW T AN T =4 273U T 7
4 X9 %. VectorWritable (33K % X7 M VEKA
BRAYNXY Y FEHWTETRER>TEY, £
DNRY MO B TR HRHERERIE A 2B L
THFyy vadhlErdboTns. FKrDTL—4
7 —2712& 5T, VectorWritable # 2 &V NIZREEL
72 Java VM 2SFAIH S 72354, BEREICF vy T2
SNTeRY PNVHBEOHKROBEFRHIND Z LT 5.

4. HEET7ILTY XL

FarDRETLHAILT L — LT — 712DV TE
T, HADTL—2T—21F, BWFETLVLIY X
L DINA IR T X — & FEIAHE ) #ED MapReduce

Va7 IA RS BB ICHRINT 5 2 & T,
RRBROLEHFE EBBICERHTL 7L —LT—2 T
HbH., FOOI, TF 2.2 ICTE R LZLEEAL
% IED 7D DOR/NEAL & LT, AT RE 2L
MM AT E2ERT S (4.1). ZHIHE> THLHH
MDOLETEEZBIET B 72012 EDIF XA =7 PED
WLHR BT TFIH S N5 D O3 BRGSO L EE 22 5
B, KADTL—6T7— 7 TRIDEHRE, TN
A7OXT X — FAEFFI O G & 7% B W E & RlmHE
TL, TNZ2EMTHAZLETRETS (4.2). ZL
T, HEOWBFNE 2 shiz e &, WSSz
D LICEMBANCE 2 S8 X — 5 FIERL,
A RE R HA 2 BB IS L CHEFET T T
YEERTS (4.3). FOEFTT T VIt THEE
® MapReduce ¥ 3 7205~ —Y LFETT 4. £72, b
L~—3Y &N/ MapRedcue ¥ 2 7S KIESY 4 TDT
NI ALD—TH LG, NIRRT PVT—5 %
Db DEFxy a2 L THMNHETS (4.2, 4.3.1).
Y=V &NV 3 TIZEHH® mapper - reducer *
WTHEATL, RAHEEIHIRHINDL (4.4).

4.1 HHFTIEELNIBIS DESE

2.2 X0, HMEEELEIZIEES e LTRSS
TE, BADT L =0T =23 F N2 BT 5 4
DILFLHAT (scan, map, shuffle, reduce) % HH LD
TNHALE LCIRD . &2 0B EA OIA T FIZ AT
T—4% D, ZOWILHANTIEITS NS L —FER%H
BF, TOWMBEAANTHEDLNLNTA—F P LI
OB O IA T I L Y IET B 2 LA EET
UToLHIEHRT 5.

T 1 (RETRELMEREA) U, U; 206
5. U, Uj &, #hzFho D, F, 2L TP
CTHhY, ZNENOEF OB AL L 22\
HEMRECH DL &, HETHETH L.

WHHAL DAL D 72012, MapReduce D 57
Y —TVTLUENRS L. ¥— V% MapReduce
VaTZEUTDOL)ICEHETS.

T%E 2 (¥v— UHEE%L MapReduce ¥ 3 7) J;, J;
% MapReduce ¥ a 73 5. J;, J; 3ENEhOM
HEAND) LR LD scan WEABILATHETH 5
LE, X=VUHETH 5.

NA NG A= FHORE =T 5720121, 2.1 T
WAR72EBY, 7))y B —FREOMBET/NA 70N
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T A= S EORL LERONA LTS L. ZOBH
IR OIS & U CRIALEET, 2500
HHNZH 2 5NBANT—% D La—FEHREE F
WEIET, ST A—% PICERNDH S,

4.2 ERIFv 7

B OWEF O IAFAET 5 ILE % L HAL % B B)
AT B 72012, NA 78T A — & DPLEFIA
OEDBEALTHEDLN L D RNT HLENH 5.
Frz, BUESY A TOBMFET VT X L0EE{D
720N, WEHIDSRKAES A TOT N TY XLHhE S
DI T LB DS,

HIEOFHEIL 2.2 Ti#~72 Hadoop D7 H A I
#2H 9 %. Hadoop L® MapReduce ¥ 3 7', a0
W5 ZNAETDOIINT A= RNENENT T T A
DEZTHHEND hOERE b 2%\ 720, N
INT A= P EDMBEA TR SN 0505 2 &
PESH TR, TURGUIEA OB % HE L Tw
L. T RBEIZTO ST LD STEOERDE
B LHPEG )BT TR TLATA YT (12] &,
7Y 7T A OFGI T FAT & FEI B ERH [13] 12
Lo THRUEETH L LEEZONDLA, FHHlL LT
V—Ad—= FPLETHY, FAldEaeEELT
I—HRY—2a—-F2HBETEI LR HEL LW
B, N0 EFIHATLIEIITE R,

Z DR RIS B 72012, 4 1d Hadoop
DINTG A= ZEMLTWBEIY T4 7TV 2s b
%, YL L, MapReduce ¥ a3 7347 1|2 K ALFEHLAT
Mo DINT A=y B AN - LT SRR T BN
b, ZOF TVl MINTA—FOBBERIT S
&, Java DA% v 7 L —ABRERZHWT, BRI
72T A= 5L BMILO Java 7 7 A% (Mapper -
Reducer ® 7 5 A%) + XAV v FEERLFT L., 20D
LI BNRTA—F LB OXFIEEREG5 720
2, DTV =27 -2 TlE, BWFETVITY X
LDNA 28T A — S HRETZAT ) IS, T—H05E
DT NI XL (HEY]) FECHREMES TS
EVPBEERY, HBAIZZDAT Y TEERAT v T
EIFATVS, BEHAT Y ZTIERIENFTHNTH 5
720, GHREOT— 5 &Rkt 6813% <,
ST TENTY TRy bCHSTH LD, FE
wE/NSCHRDBIENTRETHL. BEHAT v 7
£ 5T, $iZ map & reduce W TffibI 5 /8F X —
5 (Pmap, Preduce) 7WHIBT 5.

K55 A TOBIDEHRZ T v T2 X o THILTRE

1124

THh4A. Hadoop DAY T4 7TV =7 MIATIT—
FyOTALV7 M) ERNEDOT 4 LY M ERDER
LTBY, ES A T7OREH| TR 72TV OR4,
ANT=FZEA T4 L7 M2 (HICH e s
DR L NG a7 1 L7 MUY FIF
ENBIO, FNEBMLT, 20T 3 70 Mapper
79 A% - Reducer 7 F AL E RS A T7OT VT
AL CHHENE 7 IR LTtk L TBL LT,
PIF%EZ @ Mapper % Reducer 7% ¥ 115 MapReduce
JaTEREIATE LTS ZENTES.

(a) BERAT v 7Ol

K7V —=2T—=21%, BEHAT v FITBTNHA
RTG A= P01 EIHNHSAZITNE, Fhi
BT A EDNTERVD, ZOFIFIEZFNITERL
WL DOTIE RV, i 51E, TEAEDNL IS
A= FIIERIAEM T 5 72912, mapper 2* reducer
DOWEALEIEL (setup) NTA LR LD 1 BT 7R
ENENLTHA.

INATSIRT A= TEIINT A= % - [BORRT
AU TATF T2 MIEMNEIN TS Z L bl
D—DTHbH., BHEETNVIT) XLDOFFHNZE - T
INAIINTGX=FH, YT IFTA4XENTNy T avy
TORNTIAy 74757V 7 MM SNG4
R, EDPEIREINTZT 7 4 VINADHKEAN S NIGE TR
ETE, BADOTL—LT—=JI3HEHRAT Yy T TN
78T A =5 L LB EAT OXF IR EIER % IEF ICHRAIT &
2\,

(b) /8T X—% - MIPHEAIFIRED A VT F v A

BHAT Yy FIL o TRONI NG A=F L ZFN%
ZIRT 2 A OXPIBEE, DR X5 F—4 T
H % 7:06) 21X HDFS IZEARICORE: L TH REI
v, BEEE T OV T X LTERD D B IGE T
RKERXA VT F VAT B ENLETH LD, BT
MapReduce ¥ 3 7® jar 77 A VDN ¥ 2 fE%EF
BLTBWT, HLIEND2HEILRD THREL MEK
LESTZETAY T ZAEFEPEBTRETH S &
S AR (W

4.3 HREETTICDER

)y R —=FFER LWL BNA7085 X —F &
BALOMBIET, /85 X —F ORREI BIEHILE Y] HS
Bl E 7L &, Hadoop P 3 7% 2 — |ZITHEED
MapReduce ¥ 3 7 A SNL. ADT L — 27—
JIEENLDT a T EVSTZARNDF 2 — |THEELY) L
TV a 7ORBEIRERHELES Y, ZOoFDo~v—T
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MR aTe~—TV95h, ¥x—YVEN/Ta T,
BIERE AT HIH 72 I A SN2y 3 7 58
IZv— VSN, BERBSERT L EAGFETTT >
VHER SN, #F O Hadoop ¥ 3 7F 2 — IR SN T
FAFEND. ZOWEFETT T ~Id MapReduce ¥ 2
TE/—FETH M) —HEETRITED, £/ —F
WZIE, WMBEEAIEZ ) — P59 7 M) =S
%, 7, BEEOWLHELA S MapReduce ¥ 2 7 LR
NVOWHEITTT VHERICT + = ALTHML, #
D% MapReduce ¥ 8 7ADMEHAL L XV TOH T
M — BV THRNRS.,

Algorithm 1 LHFEATT T ¥ DL
Input: {S1,S2,...,Sy,..., Sn}

J/AERS: Sy = {Jy.1,Ty.2, s Jy.as ey Jy.m }
Output: root
1: currentNode = new Node()
2: root = currentNode
3: mergeQueue = new Queue()

/) WEH O & FHO MR ¥ a7, y: WL 1D
4: for x = 1 to m do

5: for y =1 to n do

6: currentNode = root.getLeafNodeBy(y) //xz %% 1 &5
root.

T mergeQueue.enqueue({currentNode, Jy o })

8: while ! mergeQueue.isEmpty() do

9: {parentNode,J; } = mergeQueue.dequeue()

10: J = null

11: for all childNode € parentNode.getChildren() do

12: J; = childNode.getJob()

13: J = merge(J;, J;) //Algorithm 2

14: if J # null then

15: childNode.setJob(J)

16: break

17: if J = null then

18: parentNode.addChild(new Node(J;))

19: root.launchMRJobsOfLeaves()

Algorithm 1 IZIEFEATT T Y OERT VT X 4
Y. WHERTI VG M) —ROF - s gL L
TEHSN, WELEMIIBEINSE. N I0U8F X —
BRI D720 n HDINT A —=F )87 — 128 b n
BOMMIRFY {S1,Ss, ..., Sy, ..., Sn} BHIZEND. %
WLEEFNL m > MapReduce ¥ a7 {Jy.1,Jy.2, ...
Jyy oy Jym } DO S N B KUEFEHDO Y 5 7
z=10TVa7Fa—-IlHASINDLE, RADTL—
LT =213 F N2 BEHLY L, currentNode & ZD Y 3
T DT {currentNode, Jy,.1} % mergeQueue |ZH&if
F%.(4~747H) currentNode 13 getLeafNodeBy(y)
B & > TENRZEN OS] OB RO MapReduce
Va7 (Jye-1) DENDBT =T EINT2Y 3 THHEMN
SNTWE /) —=FTHY, 2 =1D¥AEIE root / —
N& 7%, mergeQueue M I N7z END /) —
F& Y aT7DxRT {parentNode, J;} IZBWT, J; I
parentNode O/ — FIZi s hi-&THT a7 L

gsh, x— Vs Y a7 J; BEMIhTwi:
BEEFEDYaTe~v—U3 A, (8~131TH) V=
TOX—=VIZH LTIkl 3 4. b L, parentNode
BF/) = Fed WG~y — Ve Y a 7h%
WA J; 2T AE 7 — RAER SN, par-
entNode D/ — Nt 7% 5. (14~16 fTH) 2DV =
TDOR— V%47 ) —HOII %A mergeQueue H3ZEI 7%
BHETHYIREL, ZIZho 2B I THEETT T v D
ETOLE ) — FITHEM SN Tw 5 R%EST MapReduce
TaTERETL, z=2~NEG. DEE 00K
TTHRVBELFEITL, MEEITT T V2 lEELLND
BHOLHEY A ET SN 5.

Algorithm 2 MapReduce ¥ 3 7D ~v—¥

Input: J;, Jj, D, Dj, Py, Pj, {Pmap, Preduce}

1: J = new MergedJob()

. if D; # D; then

return null //ZDY a3 TRTIEIT—IVTEHW
: J.addNode(scan;)

Phap = (PiAP;) N Prap

map
i if PR, # null then
J.addBranchs({map;, shuf fle;, reduce; },
{map;, shuf fle;j, reduce;})
8: return J //scan LI F TIAfE
9: J.addNode(shareMapUnits(map;, map;))
10: J.addNode(shareShuffleUnits(shuf fle;, shuf fle;)

AN

AN
11: P ce = (PiAP;) N Preduce
12: if P2 # null then
reduce
13: J.addBranchs(reduce;, Teducﬁj)

14: return J //map I TW 7% 5, shuffle b1
15: J = J;
16: return J //C DY 3 TRTIT&REIETHE

Algorithm 2 (X %7 2 WL 5] » MapReduce ¥ =
THETE~x—-Y L, BREHEME ) - FE LY T b
V=% ERTETNVT)ALERLTWS, ZO0D
MapReduce ¥ a7 J;(J;) 52 6N7zt &, D;(D;)
EENENDOANT— %, P(P) #ENZENhDT
A=Fky s (A0 74747720 ) 9B, £
LT, Puap, Preduce @, 3T XA =%y bD) b
WA T v 7 CTHA - GiLfk E L7 map - reduce JLEEA
Tffib s DL 3%, MapReduce ¥ 3 713, scan,
map, shuffle, % L T reduce ® D DULELEAT 2> 5
WS TBY, —2o0Y a3 7O%&HEDSIEIC I
REPE I DEHEL TN, FLT, HETE VAL
HENAH 556, et ZORITHRTL, £l
BEDMBEMNIIETHAEARAT LT L. RYMOHET
X D; & D BRILTHE0E) EERTLH. b L
FLThRWEAIL, HRELS>TWE DDV 3 7
Y=V LTS, WL TH LA, scan L
HAILETRE L HINT L, ROMIHEA, (map ULH) O
HAETHHEICED. 2~41TH) K2, Z2o0Y a7
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DINT A—=F Xy bOWE PAP; Lo TWw5AN
FA—=% & map MBI THIH S NL/IT A —=F LD
EEEFEL, DLENPBEATEVELIEZDD
2 a7 ? map WHEITHFIHEIN L /8T X — F L%
5 MW TE B729, map WHD S IZIH LS00
TH5FTR) =T D, F)THRVEE, ZOoDYa
7O map EIIILETRE L HIMTT 5. (5~91TH) b
L map LHEAHAFTEETH 5 % 51, map WLHEHL2 S
HHSINDT—F IR LCTHD, ROUHEHELTH 5
shuffle WHLITZ DFERZ 7V —¥ V7T 5721700
MTHh D720, WIRIIC shuffle WL AT & H
Wrc&2s. (1047H) LA L%EHS, 2T shuffle L
HARAELEZWERL WS —AH Y, ThonTid
il A, RKIZ map WLBE & [AEED F73: T reduce WLHEL
WKL CO AR HEEIT). (11~1417H) d L
reduce I F THAILEAWRETH L% 0, oD T 3
TRERPEEIN, EEOPFHDY a TOARDE
frans (15~1617H).

ZDEHICLT, BRAT Y ITHS NN A 708
7 A= DFIH SN L UBLHAL O Z TEIZ, MapRe-
duce ¥ 3 7L OIA TG E © HERYIZFATL T
BFEITTT UHEREN, #1x b LI MapReduce
VaTdwv—TVLTEITTA.

() FEFEMTT VERT NV TY XL OHIF

K7 T X u0%, scan - shuffle WLHIA TN A 7308
T A= bRV L eFiigs LTwa, EBIZ,
Mahout I2&EFN 51T L A LOEWFEET VT X4
TIEZNS DWMILHLITNA 78T 2 —F 5 fEDbILS
X, KIS, T A=FEFHT S L) ISR
ENF2L—WEFK 7 T AN scan - shuffle LI Tflib
N7 LThH, map - reduce MIL L FFEICFIH SN D
WNIA=F BT L HIBETHILIEIELTH 5.

ATV T XL TIE, combiner [ $EMES A Bl %
HH T2 Z DL ENA 7T A=F PRSI NG
ZEBIFEAERVWEEZSNL D, shuffle LED
—#E LCTih>Twa. RIZ combiner WT/¥T X —
YEFHTLT7NT) X LW LLE1F, EOHOR
PREAL & LC, map - reduce WL & [FAE ISR D WL EEAS
H5.

4.3.1 RS 1 T L L 723061

FaDTL—207—71%, ~— &N MapReduce
TaThHIES A TOT N T XL D—ETH > 24
FIEMIICEAILZAT). KE1REOY -V Eh
727 a7 J O map WHITBNT, ANT—F 05145

1126

WINELKAL—=T /= FZLIZAEYVZNELETDH
LhEHEL, WELETHILEE2REHDO~—
VENYaTBW T map F A7 DLOIEB SN
7z Java VM Z# THFICRIFSEH 2 LT, AEY
WNOANT— % ZMFT 5. 2 L C/E 3 M H DK
12 Java VM MR SN TV A&, #hx HHH
LCANT =% D scan W% A F » T &5 LN
MHETH 5. AIKM 2R E LT, Mahout TXZ b
WEANT =7 LTI BHEERT MLvo 2 5§fl
RN LFEFREROF vy v a kBT 2 2L AT
& %. Mahout l3R7 MVva ANT—% LT 554EIC
VectorWritable 7 7 A& IWTT ¥V 7 74 X %47
9 %%, VectorWritable (3241 %2 X7 bV %17
VIZODA YNy FedboTBY, £DOXT b
B U CRMETRE R N7 MVIEEE AV v N ORI R
EAVNERIZE vy ot ABEEA LTS, T
YT TAREARDORIIT =8 EHMEFEL T2 Java
VM BRI S 7zis, T 0T MVEER
DExy 2 bFAHATAHILPTRETH .

4.4 HEHRShEY I TORTNG—>

HEFEITT 7 2 8D L) IZFTT HPITONWTIHE
N3, EHEFEF TS 2idv— Y &R MapReduce
VaTOEADVEETNTBY, RADOTL—LT—7
I3 MRShare & [Al#£1Z mapper - reducer 7 7 A % %[
OPIRL 72D DICE EH 2, T —WH5 2 72 mapper
% reducer & Z D CIFI T HETETT 5. LF
L L7 BN IE 1 22U FEfT SN, DO
HALIINT A= X7 — 0 TEIJ NI ETEINS.
HHLD/NY — 1, (a) scan EF T, (b) map M
HET, (c) shuffle ¥ £ T, (d) reduce H F T
(MapReduce ¥ a 74fk) ® 485 = Th 5.

(a) scan LI F TOIALL

o0V aT J,J; =V ENY a TERBET
5. TOTaTh scan WELE THERETH 24545
DHAEFENTT TV EUTOLIICRT I LN TES.

scan(D) — {Ki,V1}

map(Kl,Vl,P;ap)—»{tagi(K%),V;}

map(K1,V1,Phqp)—{tag; (K3),V5}

shuf fle({tag; (K3),Vi 1) —{tags (K1) {Vi}}

shuf fle({tag; (K3), Vi H)—{tag; (K3).{VJ }}
) (5, Vi)
K5V}

reduce; (tag; (K;),{V;},P7

2 2 reduce
reduce;(tag; (Ké),{VQJ }’Pgeduce
2.2 LDBEVETODY 3 TORFATINTE ) RAID
scan PO A 1 2T FATENTWAH R L, map

WMEORERE L THAINEHE T = II3F7 X =%
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NE =Y ZERXIT 70Dy I 5 S T
& %. MRShare [3] ® scan A1k & [k % O THLEA
THET L.

(b) map W F TOIEL

CDIGINY — 1T scan WLFE & map IO )T %
A1 L, shuffle LB & reduce WLFR XA B FEFTT
L= THY, UTOLIICKRTIENTES.

scan(D) — {K1,V1}

map(K1, Vi, Phap) — {tagi (K3),Va}

{tag; (K3),V{}

shuffle({tag;(K3),Vy})—{tagi(K3) {Vs}}
shuf fle({tag; (K3), V5 })—{tag; (K3),{Vy }}

reduce(tag; (K%),{V;},Pi

reduce

reduce(tagj(Kg)y{VQJ}an

reduce
DY — 2 Tld map MHEIZEFL I N B, H R
T map OB IIFHBFL L ZnE ) 2 LITh 5.
Z072%®, map WHIZFHRL CPU 2 X MIHIR S5
A, MDD 1/O T A b X shuffle D7zHD A v
=27 3 A MIHIE S e,

(c) shuffle LB TIAL

ZOIAINY — 2 TlE, scan, map, shuffle WL %
5L, reduce WD AINT A —F )7 — 2 T k|2
RN FETENS. BARRIZIE—2D reduce ¥ X 7
WNTHEESY — ¥ 55D reduce MBLATELT S, /3T
A= TEIMBAERSB I SN D, Ry — TP
TOEHIITETIENTES.

scan(D) — {K1,V1}

map(K1, Vi, Payp) — {tagi;(Ka2), Va}

shuf fle({tagi;(K2),V2}) — {tagi;j(K2),{V2}}

o (K VY
Teduce(tagij (K2)7 {V2}7 P:‘iduce) {K? VJJ}
3’3

Oy = TEPE T8I, HEO Y F e G
5 Z L CTHE T —% O shuffle L % WHELT 57290,
map MEDOH IR S /O 3 A b % shuffle JLH 4%
5409 8T =27 AR MEHIET LI ENNETH 5.
(d) reduce P FE TIAHAL

COIFAEIY — U TIIETOUBEN %34 L TFE
TTBNRY = Thrbd, x—JEN=YaT0d
LEND—DDOHREFETL, BIEROAELEIL
CLCa¥—3%. Jar7xhITeFtT57:0, &
HIHIC L 2 ZREMEL T A N EHIRORF AR E <
5.

(e) ALY aTDIAI A V=)
HHEDI-DIIT =V ENZT aTDI AT A Y

)= K Vi )
)~ {K].Vi}

2= Y ZIIRICTFEINZA TB 5T, #E D MapRe-
duce ¥V a 7 EFERRICTDN DD, v~ — T ENTHE
IZE > TRBIDORENRE % b 2 & OYEEDN AT
4. Bz X, scan 28 A L E 1 map LLREIZIEIRA O
VaTrEFTTAEEIL, DL TAY D map ¥ AV
OFFFE (map A0y M) 23Y A7 HED LY
EThH, REOKE Vmap ¥ A7 2 map AT +D
—HEOREMFH L TFETEINL LB D, F72, H
M7= DOF =07 )V —T8 |Kz| #° reduce A1
BEDH/NSWYE, shuffle B F T ILFLT b
L=y 2 FNLLTLE D &, reduce 72— X
WKCBWTEELZ WAL —7 ) — FA3ET ARt
Vo YVIMETHL. ZOMELRRT L2, FL
T =7 %NT X =585 =V OEZITHEHEL, /$
TRA=INE =Dy T GFTHILETHRTH—
DITNV—THeERL LT, £ 5D reduce AT v hIZ
BT reduce WA THNE L HICT 5T & THAM
BT ARETHA.

RKIV—2T—=21%, YED L) Ritgbicksm
PRI EEIERIC X B WFIBEDIRT 2 905 2 7250, HE)
BN 5 Z LR HRE L 2o TV 5.

5. FFffl X BR

41X Hadoop DN =32 D—DTh 5
CDH3 (Cloudera’s Distribution for Hadoop)™®* %
WiRT A HETRET A7V -2 xF L7 &
TOFHMERFIL 10 B RV L 20 GOYHY — N~ v %
FIH L CTiTo 7z, B —NDARY ZIZROEBY) TH
%, Intel Core2Duo 1.86 GHz CPU, 8 GByte RAM,
7200 rpm 1 TByte HDD, 1Gbit/s NIC. FZE&IZFIF
T AWM 7 v 1) X 40%, Hadoop ECHIET %
M8 7 4 77 ) Mahout \[Z&E N5, SVME?,
Naive Bayes' ™, K-Means™"” % fiv»72. Hadoop ®
Fa—= 27785 A —%13 HadoopDB [22] Db D% %
%12, io.sort.mb (256 MByte), io.sort.factor (100),
mapred.child.java.opts(-Xmx2048 m), dfs.block.size
(256 MByte), and dfs.replication (1) & B\ C&TH
WMEZFIHL T 5.

WWrBONL L2 ANJ7T—% & LT, LIB-
SVME o> F V7 —4 4y b LTHESATY

(74) : https://ccp.cloudera.com/display /SUPPORT/Overview
({£5) : https://issues.apache.org/jira/browse/ MAHOUT-232
(76) : https://cwiki.apache.org/MAHOUT /naivebayes.html
(77) : https://cwiki.apache.org/MAHOUT/K-Means-clustering.
h
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Fig. 10 Effectiveness of Sharing Working Units. (20
nodes)

BF=FOFTRLFAZDOKREVLDEFAL.
DT =5 IERy ML S 7Tl &5 800 JifE O
7= T, Ry M VORI T84, FHOIEE
(FEX O FHMEHMEE) 13199 T, 774 V¥ A X1k
16 GByte T& 5.

5.1 JBHEMOHBFIHR

MapReduce ¥ 3 7NOMBEAL % L E(L$ 25 2 &
WL D% % SVM 7V T XA %FIH L CHEERE 4T
9 Z & THERE L 72. Mahout @ SVM (& Pegasos [19]
EFR—=AL LTIV I)ZLTHY, NAIIRF A —
F AT RLERAE R I KT TR RE W T v T
ALTHDH. TOSVM 7T X 41k MapReduce
a7 1HETHEREINTBY, N5 2 —% (T re-
duce LI IZBWTHHF EN T3 728, scan, map,
shuffle WHIIILFIRETH L. NA XN FT X =5 %
5, 10, 20 /¥% —YHEL, 10 B2\ L 20 GOH—
NG T AL LCRIFEILEE % G L 72356 O LR
1 % L7z,

B 10 133§ B MBHEAL 2R 2 AT H H — /Y 20
BOYITAY ETHRELIZODTHL., ¥—J S5
MapReduce ¥ 3 7OEN L W3 &, HAEEG O
W DS 5 O BB G AVNE {72 B 72D BB L LT
W5, L2 L shuffle L F 2 LG L7885 —
&, &v b7 =273 A} (shuffle size) B3Z N5 57
D1, 105701, 205D 1I2%>2TWVWAEDIZL 0D
HHT, map WHF TEIHL LY -2 L) b
HRFM AR { % 572, Zid Mahout ® SVM 7L =
) ALDFEHETIE, FHIBFEBOT—AIZBNT
HIOZERATL 135425 0~9 D 10 HEHTH 5 72012
FET =7 D7V —THA 10 & 7 1), shuffle WLEE
FCxdty (WHET-vEEE) LTLEH Y-
SNy aTilBF T - 07V —THD 10
Al ZzoTLEL72720, 20 5 10 BHDAIZ reduce
AT NEY LB TOHN, MBOBHIEISRELZ &
WIHHATH A, map I F TTHALEZ ILOT2HE

1128

[ P

J | @ scanzTsemte
O mapETHElL
O shufflex T

5 10 20
LT B/ SA—5)5—>08

B 11 FRHERSOIFLLR (-3 10 B)
Fig.11 Effectiveness of Sharing Working Units. (10
nodes)

&, FlET—7 D7V —THIT 10 HX8F X — &%
=Tk, 20 BLETO reduce A0 b HEH
ENBD, WHIENEY EL>TWE, DF D, i
B7F—=% G125 5 NW 2 2 Ml E D D reduce AL
HOHNEE I D)7 HSUBRE A ICHF G- LT b &
EZHND.

B 11 13— 3% 10 B S LTllE L7256 0
bOTH5H. ZOYAIL shuffle M F CHALL 72
EETA RNVIREL 22— \DREL B D720,
map UL D) b PR AR S D Z LSRR T &
2. ZoOZlns, WET—5 D7V — T & reduce
20y MR LT, map ML F CTF L < I3 shuffle
W E CTHAENDEL L PET 5 K2 BIRTRETH
LT EMHLZ, BEIMICEE L2 BIRSE5 2
LIRS BORETHS.

5.2 Y3 JOHFIHRE

MapReduce ¥ 2 7% AL Z & AL L7236 Dk
%%, Mahout @ Naive Bayes 7V T X 2 % Hw
THEEE L7z, o7V T X413 3 [0]0 MapReduce
TaThoEENTEY, NN X =513 31
HoYa7ieBwiflibha/zd, 1-2RENY a7
WBREICHAETRETH L. NA7UXT A= % 10 /%
y—CHEL, 20 50%—/N7 T A% LTREIFEICLEL
PG L7236 o BRI &2 e L 7.

X 12 13 MapReduce ¥ 3 7% AL T & LHIL L7285
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