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Abstract: In this paper, we propose a MapReduce optimization by using mapper-side aggregation designed
for aggregation queries. The mapper-side aggregation has been applied in different platforms, however, it
is difficult for related work to be embedded within existing MapReduce framework like Hadoop, because
its mechanism of task scheduling or monitoring is different and MapReduce framework does not provide
inter-process communication facilitiy. To solve this problem, we prototype Map Multi-Reduce, while pre-
serving MapReduce semantics with small modification against Hadoop. Map Multi-Reduce is an extension
of MapReduce to support node-level aggregation feature with fault tolerance. Map Multi-Reduce aggregates
the the outputs of multiple MapTasks in same machines and is implemented in only 800 LOC. Map Multi-
Reduce improves 1.5 times faster in WordCount processing against 300 GB dataset by cutting down shuffle

cost.
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Fig. 1 The overview of MapReduce.
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MapReduce LI #EE D 7 — F GHERK) 24y hT—
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V= ADEBTBLIOI AT DELTHIT)I~YAY /) —F
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DHFE1LDODAL—TIZHEEFL LI AY NT—2 %R LT
MEIZEE) (shuffle) &b, TAYIZ—FDPEZRLE
® ReduceTask % AR L, %xv TIZEY L TH, O
LE, AT Key & 124 &4, ReduceTask
E Y BT HN/ZA L — 7Tl Reducer 25EE) 4, 21—
WHER L 72 E O Reduce FIIASEAT SN T, #Hi7zic
Key/Value X DMIEKER A DFS 12 ) S 5.

2.2 Mapper & & DEHNIEIC & % MapReduce {138
DEE1t

2.2.1 Combine {3

Combine #L¥EIE, Hadoop THefl ST 5 FEARBRAE T
HN, 120D MapTask DFTH I SNAFBHIIH L, £
FIWFR 24T 9 720 DA TH 5. 212, R0 E 1T
D7\ MapReduce fEHEDMLEE 7 71— %, ] 3 |2, Combine
LR AR L7z & &ML 7 10— %7183 . Combine JLEE|Z
FHETEAL27 T XL, Reduce 7 T A& MK L7227 T AD
HTH%. Combine MLELDOFHE & L T, Reduce L% 1T

CEE )T A XS T EHL L) DS
H5. 72k z21E, WordCount D4,

(K2, V2) = (apple, (1,1,1,1,1))

(K3, Va) = (sweet, (1,1))
Lo TwhbE X, Reduce %% Combine LEE & L T
H¥szET

(K2, V2) = (apple, (5))

(K3, Vi) = (sweet, (2))
EEPTDIENTE, TV EEHOTIENTE S,
COWEIZE Y, Mapper & Reducer DD 10 x5 3
Z L p8ulEE & %2 % . Hadoop TlE, Combine & MapTask
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Fig. 2 Processing flow without aggregation of intermediate

outputs.
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Fig. 3 Processing flow with Combiner, mapper-level aggrega-

tion of intermediate outputs.
D—fE LTEHSINTEY,

D — map(Kl, V1) — {K2, V2}
MapTask § combine({Ks, {Va}} — {Ks, Vo}
localshuf fle({K2, Va}) — {Ka, {Va}}

Shuf fle {shuffle({Kz, Va}) — {Ka, {Va}}

ReduceT ask {reduce(Kg, {Va}) — (K3, V3)

ERTENTE S, Combine MHHVEREN LIZHFES T 5
Y&, Map EOW ) 7— % &% |V,,|, Combine B%D
WHF— 8% (Vo T2, Vil > V| BR2F 5.
7272 L, HAED Hadoop EDAEM A TIE, Combine MLEE
O FEIFIL 1 D0 MapTask DHFIZE L TWA 728, &
BBEIN THEAT SN 72D MapTask DH 2 E£84 5 2
LidTER.
2.2.2 in-mapper combining
in-mapper combining (%, Map FA% o THEFULEL % 1T
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Fig. 4 Processing flow with in-mapper combining.

class Mapper
method Setup

H = new AssociativeArray

method Map(docid a; doc d)
for all term € doc d do
H{t} < H{t} + 1

method Cleanup
for all term t € H do
Emit(term t; count H{t})

5 WordCount 231} % in-mapper combining Dl
Fig. 5 Pseudo code of WordCount with in-mapper combining.

IEIIE, =FNTUT T L EBEETRENLTETH
% . in-mapper combining DML 7 7 — %[ 4 |2, Word-
Count (281F % in-mapper combining D %X 5 (2787 .
in-mapper combining D —f% 1) 7% FEHTIlE, Mapper O A
YAY Y AIMEERICIEN S Setup AV v FOHIT/N Y
avxy TEEKTA. LT, Map AV v FOHTIE
Emit 2479 b Iy Yo~y TEFH LB RERY
%479 . Mapper O# T, Cleanup AV v RIS
72, ZZTHhYy v avy THIBRFESNTHWATRTO
fi% Emit 5.

Combine #LPE & in-mapper combining ®:E\V> 1%, Com-
bine LEL 7S Hadoop DERLT 5Ny 7 7 Lo ) % %)
L L LDIZx L, in-mapper combining (& Map BI%™
DA—FPEHT L AEY) ETEHYLIELIToTL TV,
ERFEADIEE Reducer IZHFETESTH 5.

AEYEFHATAIET, [TEALEDWMEE AEY AT
TREESE DT ENTEL7-0, Mapper D7 4 A7 10 &
Mapper-Reducer D 10 DL 2l 5T N TE 5.

Hadoop Tld, in-mapper combining (& map WLEED—F
ELTEHINLOT, EHFHEAOfEE V] LB L

D — map(Ky, V1) — {K2, V3 }
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shuf fle({ K2, V3}) — {K2, {V3}}

reduce(Ks,{V4}) — (K3, V3)
LFRF T EATE S, in-mapper combining 2SR LI -
5D, Map O 7 — ¥ &% |V,,|, in-mapper com-
bining IZX 2MNT—=Fw% Vi ET5E, [Vinl > |Vim|
DAL T BGEDATH 5.

in-mapper combining |2 & 4 4&FJ L O 5@  #E P 1L,
Combine MLEE[EAR 1 2D MapTask 2B L CTWb 728, &
BN TIAT SN ED MapTask D2 &K T 5 2
LidTE R,

2.3 MapReduce DOH#IE

MapReduce Ti&, ¥ a 7&Kk s % 70t 20—HB
L ORME RO — N L€ g L7z Task DA E D
BHTILTTPa7a2mT5IER{FTTHILLET
x5,

70t A OfREIZIE MapTask Ol & ReduceTask DL
B 230 258 5. MapTask A5HekE L 723541%, 0607 7
ANWIAT LML HET—%%0— FLE L, MapTask &
R0 9. ReduceTask 23l L7 681E, 74 A2 10&
T 5 MapTask O )2 a2 — LEL T, FE
ReduceTask #E473 5.

FHERR DGR AZE L7236, £ OB L T
% MapTask OHEHDFERIIELDNTLE ). F0720,
Z OFME R THEAT S N7 F RN T D MapTask/ReduceTask
ERVEHTIET, YaTEHTTA.

3. Map Multi-Reduce &5t

2.2 {i THER72 X 912, BIED MapReduce Tld, 449
WLER o> 8 B IZ 1 D0 MapTask ICH LS NTWB 72
O, BHNEPIRENTH L. COMEZ FIT L7720,
Map Multi-Reduce #2434 . Map Multi-Reduce i,
MapReduce & % DM HebEl: 2 IR L OO HE T L1
Combine LB Z BjfE &5 Z & AT & % MapReduce D5
RKTHAH. LLTTIE, Local Reduce & Map Multi-Reduce
DS B TR EMEDOFENIZ DV TiRkR 5.

3.1 Local Reduce

Local Reduce 13, ¥ > T L IZEHNIREZFTH 2 & T,
Reducer DB % 5050 T 5 72D DERETH 5. Local Re-
duce DA A =YX %, 6 (27~ 9. Local Reduce TlZ,
Combine LI % #F51 D Mapper @ L1123 L THH 3
% Z LT, Reducer |ZHETHEEI 7 7 4 VO A X%/
ST 5.

Local Reduce (&, PLFOFNETEET 5. MapTask #%
Ttk, ¥ A% Local Reduce M4 % Mapper (ZE] 1) 24
T 5. Local Reduce 23] 1) 24T & 1172 Mapper &, D
FHEBEPNCAEAE T A MapTask O 7 7 4 )V % 3
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Fig. 6 Processing flow with Local Reduce, node-level aggrega-

tion of intermediate outputs.

Hih, Combine MLEEZ 4T . % LT, Reducer {3 Local
Reduce DA SJ & oz 7 7 A WV EHEET A0 D (2,
Combine LHEDOHR 7 7 A VDA EHLHET 5.

Local Reduce # fliv: 4 Z &£ 12 X 1), Combiner X in-
mapper combining TIIATEETH - 72, HEED Mapper
MOFHHEEROF OB T 7)) TLTE 5. EHHR
DOFMT 7 ANDTFT =54 XL, EHFIOF 7 740V
DTF—=5HA XL H/NE LD, Lo T, ReduceTask D
179 Shufle WD H &, F 77 A VDT =TV B LY —
MLEIZE 210 2 A METUIFAZ EA7TE, ReduceTask
DEFECEIT) LN TES.

3.2 MHikES

Map Multi-Reduce Tl&, LFEIZdH 772 MapReduce &
FEDOMEEEEZHERET L. 2F), Va7&alds 7
O AD—EdB & ORHEK O — AR L < b gk L7z
Task DAEZRNET I LTV a 7E2HET5 I L%
WEBITTAILNTE A,

C DORRE T FEB T A 7-9121F, Local Reduce FATIFICE
AL7z7at 2kES L ORHERSREZ IEL <Ny R &~
TTEBULEND 5.

Local Reduce EATHIZ 70t Ak L7254, < A
BT 0t A E % HH L, Local Reduce D AJJ & 72 5
TV 7 7 A Vs, ZOTEE L CEfET 5 tho
Local Reduce D AJJ 7 7 A Wl B X H 12§ 5.

Local Reduce FATHIZFIEREA MR L7255, ~ A
FIEAIRE 2 Mt L, Local Reduce D AJJ & 72 o T\ 7z
BH 17 7 4 VB X O Local Reduce Dl 5 = i D F1 & 4%
ETRVET L), AL—TIRE T,

Local Reduce 7} COHE DWW TIE, 2.3 B TikX7-
MapTask/ReduceTask O i H &P D A4 A & [A] 4k 123 AL
T5.
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4. Hadoop £~ ® Map Multi-Reduce O
EE

41X, MapReduce DA — 7 >V — X924 TH % Hadoop
FICRETHTH 5 Map Multi-Reduce #FEH L7z, 40
DFEEEIZH 72 Hadoop D/3N— 3 1%, 20124F 12 H 5
H® Hadoop trunk fiCT®H 5. FEld, 1FELWKERZ BT
$ % Local Reduce Di%FF - 2L, +— N~y FER/ND
bd 2720015, BIOMREEEZERT 272007 A
FTF—FEYOURTHAH. RETIE, TNOLOREN - F3
DFFITOVTHRRS,

4.1 EEHE

Local Reduce % %69 5 |24 72> T, MapTask/Reduc-
eTask DIINICHEM 2479 720D 5 27 23BN 575
FEZOLNLE, L2LeDS, BFEOT7L—LT—7T
&, EBYRCH Ry A7 BN L728G, A=Ay R
PREL L D72HFINUTEHRED LA L v & v ) #idEas
b5 [16]. F ="~y FOERIZ, $XTOATHH ) %
T, FRENZTH)REF BB INT, 70y 7§55
HhH, EWLDTOy s pNEETEE, UTOREIZL
D EREDMNT 5 W REMED D B .

F9, Skew I X AUREM TORELZZITRLT 425 (8.
Skew & 1%, MapTask 226 ENTF—DRFNIZL - T
B FLTERLB->TLEY) L) HEOZ L
THb. W OMIIE ReduceTask %17 9 B IZHIEIC 7
%773, MapTask & ReduceTask OMIZHFRER Z4T9) 728
DY A7 EBINTAHZEIZLD, FIERANTH-TD F—
VMWD DB 5 EHEROEH IR RENHIEL ) 5.

K2, MapTask DFEFT & ReduceTask DfEFd I ¥ —
ZAHNTIT) TS TE L D720, HENMKTL D
%. Hadoop/MapReduce Tld, MLHEAHEA - 72 MapTask
DO F1E, ReduceTask 7337 5 EAS- 72BHIC AR O € —
FTHIENTES. LaL, PHENHOY 27 %8IML
T Local Reduce %179 ¥4, MapTask & ReduceTask &
LR A F % 726D, X TD MapTask B £ UL
BAHED L E T —DWFE2 T2, WELIMET LS
A, EREo Xz, WHENSHOY 27 2B AL, 7
Ty 7 ORIV ZCLE) 720, £HI2ED 10 29 -o
72 LTh A=Ay FHPRRELR>TLE ).

% Z T, Map Multi-Reduce Tl&, & MapTask @ H [t
W E) LTHEHLIEE4T > T Lk v ) MapReduce
O OREMICER L, A1) £ TROOTIE
% £, MapTask & TRFIZAEAET 2RI 7 7 4 VITH
U CEMNRILZAT ) & @I 72, TokATHE, #Hi7z
\2F X7 BS54 H 7 <, MapTask D% | D
e NG TSI ENTEDLDT, Skew 12
LOMRRETZCZENTE S, 72, MapTask 205
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ReduceTask ~O I ¥ — O FHIE ZIHET 272012, T
T® MapTask xR & TL5DTIE %R, 7 Tﬁl%»m
TWVALHEHT 7 7 A VOEHD L & Wz # R 72T
WEMZIT). TOLEWEZBYICHRETHZ LT, 2
Y—DiFEAET LI L0 TE 5.,

4.2 EEOFFM

Hadoop/MapReduce Tld, MapTask 25 T35 &, ¥
A 7 % #EH L T ReduceTask 12 MapTask 52 4 X b 28
SN, ReduceTask ~OHHEHIT7 7 A VDT ¥ —H
HE 5. —7, Local Reduce 2 #4793 2 ETFEOLH
MapTask 2545 F - T 5 Local Reduce 12 & % 845U 7S
BT %5 £ TOM, ReduceTask IZXB2HM 7 7 A VD3
V=% BT 508l H L. 72821, B 774V
fi, f2, f3 T Local Reduce # 347 L, Z O
TS f o2 b RET A, T &%, EHFIOFETT]
T 7 AN f1, fo, f3 EEMLIBROPET) 7 7 AV f4 D
M5 % ReduceTask "2 ¥ —% LCL ¥ 9 &, ReduceTask
EEENICECFBH 7 7 A Ve 2FEaE—-LTCLED
LBz, RHEMRPALEICZ->TLEY).

ZZT, IELLEERIENTES LHIL, YAY /= FD
—#B &, MapTask/ReduceTask O —#l % i L7z, 4 [ED
4 TlE, Local Reduce MLEEAS#H 5 £ T, ReduceTask
LB 77 A VDI —BEEES L. Bk
MiziE, # 7 L7z MapTask DETAXRY V2T XY ) —
RNy v a~<y 7 T—IEICRE L, MapTask 52 1 A
XY b D%ER A Local Reduce 2552 T34 £ TRBIET 5.
Ny awy TOF—IE, AL—7/— FO#UT, ik
TaskAttemptCompletionEvent (IEF5#¢ T L7z MapTask @
ID) »Y A NTHAH. #1LC, Local Reduce MLEA5Z T L
726, EfEIT-> Tz MapTask &, £ FE R -7
MapTask ® MapTask 5& T 4 X > » % ReduceTask (Z[A]lF
TWoHWIZHEET S, MapTask 2T A X¥ M, &0
L) BIRFETHY A7 DT L7zh%RT State L) A~
IWERFEL T, ERILHL % 1T - 72 MapTask 13, State

Fe i S & [FAE SUCCEEDED 2, fE49x 5027 o 72
¢Eﬁﬁ774wi,&ae%A@HmGMED&%VF
35,

ReduceTask (&, State 28 SUCCEEDED 27 > T\W 5%
TaskAttemptCompletionEvent % 5217 HL A &, i#H OF)
B a¥—%Mitd 5. —J T, State »° AGGRE-
GATED 27 » T\ % TaskAttemptCompletionEvent %
ZUR - 726, A% A%y 795, 2H9THI LT,
MR CREE N7 74V 2Ea—shs 2 %
B <.

4.3 EHNIPRO T O+ X B & USHERGIER O
MapReduce & RSOk 2 RS 5 121%, FHEED
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Mk 7 0 2 A DRI X 1) BRI E 1T 5 T 72 Map-
Task 23EHy L72B512, TOATE Lo Tzl 7 7
AN EFTEHRIEO AT & LTS L) I1I2T 50D
H5.

INEEHT L0, RERETIEYAY / — FIZEHL
D O MapTask OHRIH 7 7 4 VD) A b (Aggre-
gation Wait List) &, MM ETFOREHT 7 7 4 v
DY A b (Aggregating List) #&H 35 Z & T, EHL
P L7BRIC AT & o 72 ) 7 7 A V2 ROD4E
KO ANE L THAMEATESLLHI125 5.

SERBLFT IS 7 0 2 AHSHEE L 72354, MapTask OB
fE1L Aggregation Wait List # 28 L 2\ 720, @ O
MapReduce D7 —N> K1) v ZOFEFT7U—12H> T
MapTask # FFFEITSEH I LD TE 5.

AP 7' 0w A DOFREDFE LB fr, A0
DAS &> TWwiz MapTask O 7 7 A v —E %
R
&% %. MapTask 739 % &, Umbilical Protocol % 41~
LCYRZITHEADEE S NL, Kl zT 2T o 72~
A ¥ 1L, Aggregating List % ffEss L, 2 L 72 MapTask 7%
EHWE A FEAT L T W2 THhIUE, TOUNIENGE 75
TWizHII7 7 4 V% 37X T Aggregation Wait List
WZIRT. Z0%lE, #% O MapReduce DL —/\> R
¥ OFEFT 70— 26t > T MapTask Z FFET LT L v,
B, TR AHEDRE, ERUHEDO AT E %o TW
MapTask ®HEH T 7 7 4 WiZT 1 2 7 1ZkFALE N T
Wb 728, MapTask & FFEATT 5 LEIT 2,

—HT, EHRBE G TEHEROBESEE LGS,
Aggretion Wait List & Aggregating List [ZfRfF & 4L T W
% ZFOFMERE FTHEST SN2 MapTask DL 7 7 4
VEFOFHEHETR VETLEN S 5. EHWLAFIZEFHE
BolEZ LT 5 &, S AXIIMEICHRLT 27200
NY RIS, 20ONY KT OFT, Aggregation
Wait List & Aggregating List |ZfRAF & 11T\ % TaskAt-
temptCompletionEvent %, % A7 DXz HEH T 5 1N
v b TH % TaskAttemptUnsuccessful CompletionEvent |2
WS B, i, 8% O MapReduce DT5 —nN> K1 >~
JOFET 7 —I0E- T, BET S MapTask & FF9E4T Y
g, % O MapReduce OFMERETEE & [M5E0 7 10— |2
o TEITSN b,

5.

REFLEICL DR EMERT 572010 EREITo 72, E
BRICIZR 1 IR LR~ Y 8BE AW, 1B% <A
5 —F, YD 7H% Hadoop DAL —T7E—F& LT
s 7.

FEEBETHWDL AT T — %1k, wihd Apache Hadoop
| ZHEHRECE 5 RandomTextWriter # IV TT v ¥ 24

Aggregation List 7* 5 Aggregation Wait List {
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BLTFANTFT =5 ThHb. RETFEOHRIIANT—
Y ORMB LI UONYF =27 7075 5 ONIEHEICKE
AAFT 5. 200, TNHLOXRYF 7 — 27 OUENE
BIOF—%ty bTLIZ, NUFv—rTOATTLDT
077 A IViERZER 2 1CRtik L7z,

51 N2Fv—U0FEME

FERIZ1X, WordCount & HEE O IMEMEEETH [10] @ 2
WHONYF<—r 70y I L%ERL, €15 & HWT
B 24T o 72

WordCount 1, 52 5N7ZANTFA M EEHALFET L
XYY, HEERERZ LA 705 4 ThHhAE, SRIFE
BRICH 72 WordCount &, $2EFEIC X HEHRDF 2l
ET B2, 2.2 i Til-~<7z in-mapper combining %
WTlREILEIT > TWA, £ o T, Mapper DFEZIIH 5
WRL72EBYTHAH. F72, Reducer [THFER Key, &%
Mapper TZ® Key % 2 LIPS N7 R OB Value &
L T reduce F% % IO L, Mapper 2> 5 SN T & 724
EREARILT, R#ELIETS.

HEEORBEE L, G 2077 F A Mk LT
BT HHEORTORKRERZ T2 70774 Th
%. 72& 21X, “An apple is red” &\ ) NEZRFFL T
WAHTXANDEH o724, “An apple”, “apple is”, “is
red” 5ZNEN 1 ATOKRZ EIFons. LELo#ITI,
PEFRHPHZ )L < LT “An apple is”, “apple is red” &2
FIFAZEHEETH 525, SHEIIEEYD Ao TV D HFED
R7OEHE R LFAZ & E§ 4, Mapper i&, AJIT
FAMEEHLFTITLIIRYY, Key & LTH#ET L H
FEAERS LR LA T —, Value &L LT1 2
%. Reducer i, HFERT % Key, %% Mapper C% D HEE
NT PR BT S NTAER OIS % Value & L T reduce

=1 EBUF LR

Table 1 Environment specifications for experiments.

CPU 2.13GHz x8 27
AE) 8GB

v hT—2 1 GbE

Os Linux # — %)V 3.0.11
Apache Hadoop | 12 H 5 H® trunk i

A A O L, Mapper 225 ST & - R K %
RLAELETERE&HDET S, JLREEREIZOWTIL,
in-mapper combining % F\: % & HLAEEABRIEHIIZHE N
L Out of Memory 2"5AEL T O 77 408 LCL &
B HNF272%, in-mapper combining 12 & % 5%
1Lid47 > TV,

B, mEbD7zH, WFNOFEERIZB TS Combiner
¥ Reducer £ [H U2 7 X ZFH L, MapTask & & |ZH[H]
FERWFE AT Lo IERE L.

5.2 EERER
5.2.1 LZWMEVy, 2E(LSELEZDOHR

4.1 fiTHBRIz L) IZ, KR THRRT WL EETIE, 5
Bk BIF2 720 RIS E o T2 HI ) 7 7 v
OBHFL S EIELZBICPREES 2179 . RIETIE,
COLENMEERZZ(LE L EORETIRT.

9, 1BAdH72) TUET % map DFL Ny (maps-per-
machine) (&, 1 ¥ 377210 D map D N,,p; (maps-
per-job) L EMEEDEE Npachines VT,

Nmpj
Nimachines
LET T EATE 5. Hadoop/MapReduce TlE, 120D
MapTask 720, HEHEI 7 74 Vv x 1 DERT 5720,
Nopm (&, 1 BHZDIERS NSRBI 7 7 4 VD%
LW, 22T, LEWHEV, &

N ~
mpm ™

Vin = ratio * Nppm (0 < ratio < 1)

L, ratio ® LI DT LT, EDL ) LREADIEDS
NLEDERL. 72720, ratioN 0D & XL, V)T
® Hadoop/MapReduce & FSEDE) & L0 5, 7, AJ)
7 — # 1% WordCount (122 Tid 100 GB, LTI
DWTIZ30GB DT — % 2 v, B 1 HH 720 72
BE9 5 MapTask (& CPU 2 7550 1CH4§ 5 8 D27k
AL Fa—=r T RiTo7.

WordCount DEATHER K 7 12, IEFEREOFEE
WMREEX 8 IZ/”T. WordCount D¥A 12 AT 1.5 52
g, HERUEBERI R OSE IR K 1.2 R EE®EIZ R > T
W5, F72, ratio DEF 0.6 LE 0.9 DTIC LGS, &

R 2 BEEBCHHLALT— %1204 5 WordCount & EHEEFHEO 70 7 7 4 VifEE
Table 2 MapReduce profiling result of WordCount and Co-Occurrence.

T=5% Shuffle & (/¥4 b) | Map 1O F =D | Reduce 1O F—D%% | Redcue = (N1 1)
100 GB (WordCount) 6,606,242,915 226,369,770 64,266,369 2,633,501,250
200 GB (WordCount) 13,210,014,070 452,632,348 105,790,863 4,773,960,396
300 GB (WordCount) 19,968,354,412 678,991,070 144,640,178 6,989,485,732
30GB (JLiHiEstH) 39,571,351,953 231,825,389 74,496,886 2,835,026,176
50 GB (JLiHiiZst5) 63,323,752,335 370,910,879 115,385,891 4,419,994,267
100 GB (Ll fEat4) 131,930,561,216 772,734,007 229,140,073 8,839,771,183
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Fig. 7 Runtimes of WordCount for 200 GB input by changing

the ratio in V4, with 0.1 step.
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Fig. 8 Runtimes of Co-Occurrence for 200 GB input by chang-

ing the ratio in Vy;, with 0.1 step.

B L CHEREL TV AT TING, Zhid, =%
FHEICLBFHEBET LoEH LRI T -y 3 -0
ST FLEHEL T A EEZLNDL., BRER S,
ratio 730.6 L b & & FHERE T L IS 5 MapTask
BIZKEZFY D7 WIR Y Local Reduce LFRIL 722272 7
1\ LAEEIEY, Reducer DI % 70 v 7 4 54 W] fElE
PN DTH D,

—H T, ratio DEF 05 LLTOLEBLI10D L &,
WIRMERED LT, KT 45%DMHERED B LAY S L
72, ratio DEHS 0.5 LT D & &, Local Reduce MLPEIL#HE
HoEg S s, 20720, HREEHICE S 10 2 A O]
JAY Local Reduce MLFRIZ X 5 10 2 A M oBan%z Flal b,
BRI 9 5. F/2, #14 3 » 7 H { Reducer 7ML
& 05 % [E AT IS Mapper Il TEAEHE S & ORI %
HKHLTLEWV, Reducer ~N\OHBEHA 77 A VDI —%
BILSETLE) S EICLAHERICTAEL D 4. ratio
DEAT 1.0 DL &E, TV —BESN, 5D Reducer 2%
WLBR % 500 B EHT CHBEN 2B L T L £ ) WagMED

.
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Fig. 9 Runtime comparison of WordCount between Hadoop/
MapReduce and Map Multi-Reduce in high parallel en-

vironment.

A S A7 UFRERE DX RIS T AR RIC DO W TE
B4 5. 10 A POEWARIZONTIE, 1 BOFEKET
F2174 % Local Reduce IO A A HIRT L2 L2k,
[0 T2 FOBRICIZURBIKTEZECIENTESL. £
72, TIY—RBIEIC X AMEEE T CTlE, Reducer A3 ¥ —73
LHTEOHRIT) 7 7 A WDFRY D7 { e o 2B 1T, £
TH @ Local Reduce ULFE % {511 L, Reducer ~® I ¥ —
PGS A HERHITSNAE. 29952 LT, Reducer
HSULER A 150 Z E AT ISES) L T L £ - 72 Local Reduce 4L
By 'JZ%)-TIEO‘—@TU v 7 NS S ENTELID
IV RIS X BRI T 2 R/NRICHIZ 522 L TE

b, IS OMIEIZX AR T OHIHIIZDOWTIE, 4%
DEEET 5.

U EO#R LY, S-FFEE, Vi, TOEE ratio & #
PoHET 52 8T, —w Lotk LA RAD B 2 L
WA
5.2.2 SAFIERIEICH D MEEELES

REBTIE, SIEYIEERSEIZHT 5 Map Multi-Reduce
DR 2 FHI S 5720, FHEE L1 BH 72D BHNICEHIET 2
MapTask 7% CPU 2 7 LMK TH A 821l b L H I
F a2 — =7 %47\, Hadoop/MapReduce & Map Multi-
Reduce I T WordCount & LRI E 2 FAT L 72, &
B, LEWVE Vi, POLR ratio 1%, AITHOERER % 5
F 2, BEL TEHELDOR RSB TE720.6 Z5kw L7z,

$ 3, WordCount DERFEFR 2 9 12773, WordCount
T, AJI7 7 A NVDFT =44 XH300GB DB A
T L5 oM Ex Ml &z, 7= A4 AL
TBICRBEFLEOMEIRE LS 25 DI, Mapper fHcH
B 7 7 A VEFERIENT LI LI2E), 7= H A X
@%mmt%&iRmMmanoﬁm%%ﬁ?%_t#“
EVAYAT oVAR S WY (W0

RKIZ, WEBEEFEOERGRE LR 10 IIRF. Lk
BRI ClE, 77— 34 X 100GB OHAITB VT
1.2 O BHEACDHERL T & 72, Local Reduce 253241
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Fig. 10 Runtime comparison of Co-Occurrence between
Hadoop/MapReduce and Map Multi-Reduce in high

parallel environment.

FEERFEIZ BT WordCount & O )R 25V 1%, Shuffle
T AXTEEHEINLETFHEN T A VDOE (R2 0D
Shuffle &) 2% W2 L ITRRT 5. 4812, ANT—FH4A
A% 100GB @ & S IGRIPEFT I BT 2 H i 7 7 A
VDT WordCount OF 7 K&V, ZORKE W
T37 7 A VEAH LT Local Reduce %479 728, 4£89%)
F LD b Local Reduce I2& D IEAET S 10 DI A FHSKE
{7oTLEH. %28, ZoOMEIX Combiner Td [FIERIC
ST A, ZORMBICHRT AREEE LTIE, EHRIMTN
T=%ty MIBWT, HEBT 7 7 A VDY A X%
%8 2725 Combiner % #2H) L 72\ &\ ) il {b A5 2 &
Na05, 5H0OMELT 5.

D EOHFE LD, REFEE, EHEIEILOAT
T7ANDT = EPRE VIS, —E EOMERER A
RAD 5,

5.2.3 RLEFIEREICS (F B MERELLE

AREBRTIE, KIFFIEEEREEIC BT %5 Map Multi-Reduce
DYERE 2 5H S 5 7280, FHEE 1 G720 BHICEIET
% MapTask R KT 221l h b L) ICFa—=r %
1o 729 2T WordCount DXy F~<—27 707 T L%
Hadoop/MapReduce & Map Multi-Reduce % I CTEjfE =
&, WML ITo72. B, LEWEV, FoO%
Boratio 13 5.2.1 HOERER T SE 2, mAELORRD
BNRT 0.6 ITHE L.

FEhAER %, B 11 1R Y. 7= %A XA23100GB T
3, Map Multi-Reduce 1% Hadoop kkbﬁib’(ﬁ'ﬁéiﬂ\i@
HETEELTBY, 77— %14 XA 300GB D&
WMEMMTi,737§¢T@13%@ﬁh%#13
HEW)ZEERMRTE, L2La2s, BiFIER
L T A L, FORPIIRENTH L. ZoHIE
Local Reduce JL¥Z MapTask D BICETENDL 72D
Local Reduce #LEEFF 1 Mapper #5172 7 MapTask % ZE1T
TEY, WHOWHENTF2A->TLE) T ENEREE 2
YR
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Fig. 11 Runtime comparison of WordCount between Hadoop/
MapReduce and Map Multi-Reduce in low parallel en-

vironment.
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