http: /www. jsjkx. com

DOI:10. 11896/jsikx. 191000103

St A 2

T [7] MapReduce B 57 8] £ #5 £& 50 it 7k e fU 4L 51

KTlE EXE HEE KMKESE H N
MIT T ARFIHHEINAFERAFR AN 310023
(zym(@ zjut. edu. cn)

# E MapReduce 2 —FER FAMBAEG TR HHER BIERZTEHFTELIFTHTENAES RRERZ
TREGLEERE, Ko, b T FEKEEZF 2 Mapper 5 TR Z 6 & L % %4 Reducer 54, st F 3 o) XK St
R A MapReduce 1 R Ak a9 TEHHM, A, L PR E T —H @& MapReduce 89 P 8] 2 38 4% iy 7 K &K AR AL PR, 5 A 2Lt
AEPRMEERBH.AAKRENFTXEEZRAEANATR AKX BBRABEHFAH., LPEL BT P EKESHAKRZIIT
P For RILR O, LFERREXN D HE@E Sy HIBEFFHBEEREREST, EATHRIESLE XA P 2B EH A REMLA
AU AT T 4, 4 Shuffle 235 B8 KB, L K ACHUH L BAAE R o) BAR AR B T 60.2%,

XK $E17 : MapReduce 4E 22 ; W 18] $L #5645 i A5 i 38 1R R KR & 5 L HF)a 5

hEESES TP391

Intermediate Data Transmission Pipeline Optimization Mechanism for MapReduce Framework
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College of Computer Science and Technology,Zhejiang University of Technology, Hangzhou 310023, China
Abstract MapReduce is an important parallel computing framework for large data processing, which greatly improves the per-
formance of data processing by performing multiple tasks in parallel on a large number of cluster nodes. However, since the inter-
mediate data needs to wait until the Mapper task is completed,it can be sent to the Reducer task. The massive transmission delay
becomes an important bottleneck of the MapReduce framework performance. To this end,an intermediate data transmission pipe-
line mechanism for MapReduce is proposed. It decouples the effective computation from intermediate data transmission,overlaps
each stage in pipeline mode,and effectively hides data transmission delay. The execution mechanism and implementation strategy
of the approach are given.including pipeline partition,data subdivision,data merging and data transmission granularity. The pro-
posed mechanism is evaluated on public data sets. When the Shuffle data volume is large, the overall performance improves by

60. 2% compared with the default framework.
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Table 1  Statistics of experimental data sets
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