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Abstract Map/Reduce is an efficient parallel programming model, which is now widely utilized to
analyze massive data. Hive is an open source data warehouse which utilizes Map/Reduce to implement
its query processing engine. However, the issue of unbalanced workload distribution in the whole
cluster arises when processing skewed data using Map/Reduce. The possible results range from low
runtime efficiency to task failures. To solve such problem., we propose an approach named the
computation balanced model (CBM), which optimizes to queries by using distribution statistics. The
main contributions of this paper include two parts correspondingly: firstly, the runtime cost
evaluation model is established for two widely-used types of queries, i. e., the GroupBy and Join
queries, especially under different situations; secondly, the highly-efficient statistics approach for
massive data is designed and implemented adapting to the data access mechanism of Hive. Experiment
results show the processing time of GroupBy query optimized by CBM is reduced by about 8%-45%,
while the processing time of Join query is reduced by over 12%-46%. And the balance distribution of
cluster payload is improved by about 60%-80% for CPU and 60%-90% for I/O. We believe the
optimized query plan generator by CBM significantly balances the payload distribution during the

execution of Map/Reduce tasks, as well as improves the query efficiency greatly.

Key words offline processing of massive data; distributed data warehouse; payload balance; statistics

information collection; query optimization
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Fig. 1 Tllustration of M/R task for the access statistic
task by the Gender field.
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Fig. 2 Join implementation on the Map side.
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Fig. 3 Join implementation on the Reduce side.
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Table 2 The Variable List Used in the Sampling Process
F2 RELEERNTEIX

Variables Description
M The Mapper number in the Map phase.
R The Reducer number in the Reduce phase.
N The Record number of the input data.
n The number of sampled records.
’ The item counter of the ith frequency in n-sampled
- records.
L, The average length of the ith field.
©i The selectivity of the ith field.
d The number of all possible values in n-sampled
records.
D The Distinct value.
The frequency list of common values. b; is the
b;=00a;) frequency of value a;. Also the list length is
restricted to be K.
ean) The histogram array. ¢; is the statistical proportion
c;=6&(a;

of the interval (a;, 1 .a;).
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Table 3 The Optimization Guidance Table for GroupBy Query
*3 GroupBy ZiIE L HI S F

Query Type Distribution Pattern

Optimization Plan

GroupBy GroupBy Key: narrow

(Without Distinct) GroupBy Key: wide

Branch A, disable multi-phase M/R optimization.

Branch B,disable multi-phase M/R optimization.

GroupBy Key: narrow

Distinct Key: narrow
GroupBy

(With Distinct)

GroupBy Key: narrow

Distinct Key: wide

GroupBy Key: wide

Branch C,disable multi-phase M/R optimization.

Branch D,enable multi-phase M/R optimization.

Branch E,disable multi-phase M/R optimization.
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Fig. 4 Sampler implementation based on the M/R

framework in Hive.
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Fig. 5 Performance comparison of ETL with and
without sampling.
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Fig. 6 Performance comparison of the sampling

procedure implemented in different languages.
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Fig. 7 Error estimate of the average field length and

the distinct value for the sampling result.
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Fig. 8 Difference between the statistic result and the

precise values.
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Fig. 9 Performance comparison of the GroupBy queries

based on CBM optimization.
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Fig. 10 Performance comparison of the Join queries
based on CBM optimization.
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Fig. 11  Payload distribution comparison of CPU and
1/O payload for queries optimized by CBM ( GroupBy
query).
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payload for queries optimized by CBM (Join query).
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