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Abstract MapReduce programming model enjoys widespread application and becomes new popular parallel program-
ming paradigm nowadays. It uses MapReduce model to parallelize coarse-grained genetic algorithms,and takes mult-ob-
jective optimization problem as the benchmark, All the experiments are made under hadoop and a cluster which consists
of commodity servers, When the number of variable reach to 10E+7, the efficiency of parallel algorithm can be multi-
plied several times without introducing any bottlenecks revolved memory. Finally we studied how the parallel degree af-
fects the performance,
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Map BBt
Map(key, value)
fitness==Fitness(Value) ;
value= bind(fitness, value) ;
O RS
key=newkey(key)
write(key, value) to DFS
End
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Reduce BBt
Reduce(key, values)
For each value in values
fitness[ i |= value. getfitness() ;
individuals[i]=value, getvalue();
Maxfitness=MAX(Maxfitness, fitness[i]) ;
end
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individuals=Select(individuals) ;
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individuals=Crossover(individuals) ;
individuals= Mutate(individuals) ;

B G EEHE (key, value) 5 A DFS

For each individual in individuals
Write(key, individual)

end

End

B 3 Reduce #E

M ERE R K MapReduce 815X E , TR HR
KAEFET Map 1 Reduce FATHAE, H4 THHE., AIEM
T B — AR, B BT R DT A ] AT R R AT e e
HHE S —fCa RN R

__ Fm+Gw
F<mlI>+G(n%>+C(n>

R, n HFPBERUAE, F() 38 N EEE THE R, GG Ry i
BAERT AL, 1y, 4B FF]BY 3E4T Map F1 Reduce B %0E , B
HITE . Co HBEFfAMEE, EEEMBEM Map 3 Re-
duce 53} M fE3HIEHE]  F 1 G #- S5 R BB R IE e, B

M

F(2)=m F(n) ,G(-) =m,G(n) @
my ms
i1}
s =m =m, T(n) =F(n)+G(n) ,%4 (3
1]
_ km
" ktm €Y

AH & BHEERF L, m BHTERE. RORY,FTME
HEEFEZXBWNMEEEWE. X 2oom i, ME LT m,
BPMETT 8/ s REREA o it I b EE e AT RE £
F5 4 o>k I, DK HCHET T & B 48 T8 R DI kL 32 Y
FHEBGELE-ROELN FREZE.

4 TRER

£ B ARG R (MOP) # FIA/E SR AL 3 B B9 b o 13 1)
B, —BoRE, 2 BARREER A AR BAL, MEBEHER,
B — M I K, FR N B AR IE S5 M4, 7Y Pareto fR4E.
X e Xt A B B AR [ B BR 8 Pareto BHERTIH. BEXTF
MOP #3% #1 Pareto BtARRTHE 8 A W CAR[12,13],

SEB SR SCER 13148 s X B i R4k Iy R, 7T LA B8R 3 A0
iH Pareto BARFIE, P ERIE. BIFEE P 88 B E M 3R
RET Pareto BARRIVERY , B 4RI MAEE Pareto BALRTHHY
BREREE R, X R R MOEA M B4, BAEARXIT T
N BB/ B BB

F(x)= 5)

1
1+ [ z—yl
' . 183 -



Kz B 4HTME, y B x BULH Pareto BRI S H 1Y
XA X E DT ERE, Ry BRI R %R
T B T, TR BUL M M A A RESWEERME. B
RO ZDT1, 2 X -
min f1 (11)=$1
min f2(zssx35*5x)=1—+ fi/g
g(Iz s L3 ""’Im)=1+9i‘§;xi

Iié[o’]-]
H Pareto B ERTHE N g=1 8, W& 4 Fios.

6>

0061 02 03 04 05 06 07 08 065 1
B 4 ZDT1 i Pareto B LRI

ST 444 % Dell PowerEdge fR %38, B4 F &%
Java 1 Hadoop, BHEBRITRFIEITEE Dell PowerEdge R910
16 # Intel Xeon ZhHES 16G NEE, BB PIR . sTHIR
i 2 & Dell PowerEdge IR 55 88 fE AR BN AL BEEHE 24 &
Intel Xeon AbFEEE 64G NFF:; G HIRA 8 G ERF R, BF
495 P9%% Intel Core i7 AL FREEF 8G NTE. PFEETBECRE
R, % b 847 B 35324764 6] 5 MapReduce 2478 ], fn 1
izl 8

£1 BITAETETHERX AL s)

o %ﬁ #n Map  Reduce ﬁ;‘:?# WA HT4

B BE BB RE G WHEk ERd
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