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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, so there is still optimization room for MapReduce join algorithm.
As to the former, we think I/O is the main cost of join. This paper first proposes an I/O 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
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Fig. 1 Example queries of multi-way join.
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Fig. 2 Query trees.
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Fig. 3 Optimization based on replicated join.
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D Compute each LC, in A;

@ Sort LC, in decreasing order;

® FOR EACH LC,{

@ Add a to A, whose load equals

min{Load (A;)};

®  Update Load(A;). }
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Table 1 Cardinalities of the Relations in Fig. 1(a)

F1 BE1laXNEHNXRBFLESH

Relation R; R, R; R, Rs Rs
Cardinality 235 204 212 200 262 240
Attribute A B C D E F G

Cardinality 19 15 17 19 16 15 18

Table 2 Cardinalities of the Relations in Fig. 1(b)
Fz2 BE1DbL)NEMXRIFIESH
Relation Ry R, R; R, R; Rs R; Ry

Cardinality 100 85 93 106 102 90 101 94
D E F G H I ] K

Attribute A B C

Cardinality 9 8 7 9 9 10 9 7 7 10 8

5O T SRR SCHR Y U S P
TR B PUAC IR, S AR SOR 5 SR ALk (T 20 SRR GE
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Fig. 5 T/O cost comparison of Pyc and Popr.
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Table 3 Optimization Results of Algorithms OPT} and Py
#£3 EEZOPT, fn P MR R

Fig. 1 OPTy

P

Saving 1T time by deciding to execute R; P<| R; and R5; <] R; in parallel in
the 1st loop.

(a) No optimization.

Decreasing I/O by 30226. 18 through deciding
(b) to combine R; D Ry and R; D<| R into Ry D]
R; D] R, in the 4th loop.

Saving 2T time by deciding to execute R; P<| R; and R; <] R; in parallel in
the 1st loop and deciding to execute R; </ R; and R, D></ Rg in parallel in
the 3rd loop.

Note: The loops here refer to the optimization loops in Fig. 4
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Fig. 6 Imbalance ratios of the load balancing algorithm

under different skew degrees.
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Fig. 7 Max load comparison between the load balancing

algorithm and the default Hash under 3 million keys.
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