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Multi-way Join Optimization Approach based on MapReduce
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Abstract Multi-way join is one of the most common data analysis operations, and MapReduce programming model that has been widely
used to process large scale data sets has brought new challenges to multi-way join optimization: traditional optimization approaches
cannot be simply adapted to fit MapReduce feature; there is still optimization room for MapReduce join algorithm. As to the former, we
think 1/O is the main cost of join. This paper first proposes an 1/0 cost based heuristic algorithm to initially determine a join sequence,
and conducts further optimization. After the optimization, we also design a parallel execution algorithm to improve the whole
performance of multi-way join. As to the latter, we think load balancing can effectively decrease the “buckets effect” of MapReduce.
This paper proposes a fair task load allocation algorithm to improve the intra-join parallelism, and also analyzes the method to decide
the appropriate number of reduce tasks. Experiments verify the effectiveness of the proposed optimization approaches. This study
contributes to multi-way join applications in big data environment, such as the star-join in OLAP and the chain-join in social network.

Key words multi-way join; execution plan; I/O cost; performance optimization; MapReduce; load balancing
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R HIP A IEATIAT, AT 78 20 A TH BB
4 H B AR SEE S
BOE 1. PeelEHIIHATPATHLIE
HiN: G=(V,E), query profile/*G JyIERIF Tk B>/
. Parallelized Execution Sequence
1. Repeat until there are no join to be executed;
2. Find all of the independent joins in G and denote the set as J;
3. IF(I>2)
4, FOR EACH J;in J;
5 computeMapTasks(J;);
6 Select J, and J, to execute in parallel satisfying that:

by + by = MAX i 4 b <m(0; + by);
ELSE

Execute joins in J in parallel;

®o N

9. Delete all the leaf nodes involved and update the profile;

AR, BIE Pee IR TR R IERARAE,
FRE RN O(n).
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MR 2.2 R 2.3 WAL, AR A
AATE 2 TCIERE NPT IR B 4 DI E 77 X
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Fig.4 Optimization Flow of the Execution Plan
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Reduce {155 F 3 HTX — HAx al LE KR W T

For vi<i,j<RHi,jeN, Load(R) = Load(R,)
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I SRR PR AT B B 5E Partition B3R 4 REdEAT %
B, SCHER[S, 7, 8IM BRI S — MEN AT s S i
WG T IR FET LD B, ARSCR] DR AL
R 77 92 K U 5 g MR I BB R, JR s i e
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Reduce 155 ) 87 48 25347 [ LA DA 46t R AT A PRI
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1. Compute each LC, in A;

2. Sort LC, in decreasing order;

3. FOR EACH LC,

4. Addato A; whose load equals Min{Load(A)};
5 Update Load(Ay);

NV ER, AT Z 523K Reduce
{145 TR K ME Max 5 S FVESRE 5 K 4l Max™
HEATXFLE, HEEH Max [ EF 0T : Max < 1.5Max’
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HEM: 30 A P EARKRIEE R AL TR
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Table 1. Cardinalities of the Relations in Fig.1(a)

KA R1 R> R3 R4 Rs Rs
FH 235 204 212 200 262 240
JEME A B C D E F G
FH 19 15 17 19 16 15 18

R 2 B 1(b)X B X RIFESH
Table 2. Cardinalities of the Relations in Fig.1(b)

3"5 %l Rl Rz R3 R4 Rs R5 R7 Rg

BT 100 85 93 106 102 90 101 94

Bt A B C D E F G H I J K

% 9 8 7 9 9 10 9 7 7 10 8

58, D9 T R AR SR R RN v S
Puc FITALROR , A ORI 5 S A (FT I 70 SR g i
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LA H P BIARIT EL s AR A A . — & O ELAEL 20 30l
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TP R RN, AT PR ) 110 A4 .
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R 3 B OPT M Pee BUMMLHR (RAPIREINEIAAE 4 PERTEIREL)
Table 3. Optimization Results of Algorithms OPTg and Pee (The loops here refer to the optimization loops in Fig.4)
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