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Abstract

The purpose of this paper is to understand the performance optimization environment through parameter adjustment
of the Hadoop environment as the most efficient way to solve the inefficiency of speed, which is the disadvantage of
the Hadoop framework that processes large amounts of data based on distributed processing and virtualization. To this
end, we derived optimization of the HDFS and MapReduce performance improvement that support Hadoop. In this
paper, through this test, in order to utilize the Hadoop framework in an optimal state under a given resource
condition, it is considered efficient to perform data processing after deriving an appropriate configuration environment

through Hadoop parameter adjustment.
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Table 1. Parameters impacting in Hadoop performance

Parameter

Concept

dfs.block.size

Block size for files stored in HDFS

mapreduce.job.maps

Numbers of Map job

mapreduce.job.reduces

Numbers of Reducer job

mapreduce.map.output.compress

Flag that enables compression of Map output data

mapreduce.map.sort.spill.percent

The percentage of “mapreduce.task.io.sort.mb” to be filled before sending the
map output data to the local disk

mapreduce.output fileoutformat.compress

Flag that enables compression of job output data

mapreduce.reduce.input.buffer.percent Reduce task

Ratio of Reducer memory used to store Map output data while executing

mapreduce.reduce.shuffle.parallercopies Reduce task

Maximum number of parallel threads transferring data from Map task to

mapreduce.task.io.sort.factor

Maximum number of data streams to be combined during external sorting

mapreduce.task.io.sort.mb

Memory buffer size to store map output data

mapreduce.tasktracker.map.tasks.maximum

The maximum number of Map tasks running concurrently on the cluster node

mapreduce.taskiracker.reduce.tasks.maximum node

The maximum number of Reduce tasks running concurrently on the cluster
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Table 2. Configuration file details by parameter
Parameter name Configuration name Block name
Block size adjustment Hdfs_site.xml dfs.block.size
Replication node adjustment Hafs_site.xmi dfs_replication
Adjustment of Reducer numbers Hadoop jar -

Child.java.opts adjustment

Mapred_site.xml

¢ Mapred.map.child.java.opts
® Mapred.reduce.child.java.opts

Speculative.execution adjustment

Mapred_site.xml

* Mapred.map.tasks.speculative.execution
¢ Mapred.reduce.tasks.speculative.execution
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Table 5. Correlation between adjustment parameters and test type

Parameter name

Test type

block size
adjustment

type 1 ~ type 7, adjusted from 64MB to 128MB, and from 128MB to 256MB for each type

replication node
adjustment

- application of 4 replication nodes: type 1, type 2, type 3
- application of 3 replication nodes: type 4, type 7

- application of 2 replication nodes: type 5

- application of 1 replication node: type 6

child.java.opts
adjustment

- application of “false” in mapred.map/reduce,child.java.opts: type 1
- application of “true” in mapred.map/reduce.child,java.opts: type 2 ~ type 7

speculative.execution
adjustment

- application of “true” in mapred.map/reduce.speculative.execution: type 1, type 2, type 7
- application of false in mapred.map/reduce.speculative.execution: type 3, type 4, type 5, type 6

- numReduceTasks 3

hadoop jar /usr/lib/nadoop-mapreduce/hadoop-streaming.jar —input /user/cloudera/input —output /user/cloudera/output_new_2
-mapper /ust/lio/hadoop-mapreduce/wordcount_mapper.py - reducer /ust/lio/hadoop - mapreduce/wordcount_reducer.py

1% 3. Hadoop jar A&
Fig. 3. Hadoop jar execution sentence
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Table 6. Performance measure plan by test type

Type Test method Case
o Adjustment of block size: 64 MB —> 128 MB —> 256 MB
Tyoe 1 ® Replication_node: 4 numbers/ Dataset node: 4 set Case 1, Case 2,
yp o Mapred.map.child.,java.opt/Mapred.reduce.child.java.opt : False Case 3

o Mapred.map.tasks.speculative.execution/Mapred.reduce.tasks.speculative.execution: True

o Adjustment of block size:: 64 MB —> 128 MB —> 256 MB
® Mapred.map.child.java.opt: False —> True
Type 2 ® Mapred.reduce.child,java.opt: False —> True

Case 4, Case 5,

* Replication_node: 4 numbers/ Dataset node: 4 set Case 6

& Mapred.map/reduce.tasks.speculative.execution: True

o Adjustment of block size:: 64 MB —> 128 MB —> 256 MB

* Mapred.map.tasks.speculative.execution adjustment: True —> False

. X ! ) Case 10, Case 11,

Type 3 * Mapred.reduce.tasks.speculative.execution adjustment: True —> False Case 12

* Replication_node: 4 numbers/ Dataset node: 4 set

¢ Mapred.map.child.java.opt/Mapred.reduce.child,java.opt: True

o Adjustment of block size:: 64 MB —> 128 MB —> 256 MB

. Rephcanon,n(.)de adjustment: 4 numbers —> 3 numbers Case 10, Case 11,
Type 4 o Dataset node: 4 set Case 12

¢ Mapred.map.tasks.speculative.execution/Mapred.reduce.tasks.speculative.execution: False
 Mapred.map.child.java.opt/Mapred.reduce.child.java.opt: True

o Adjustment of block size:: 64 MB —> 128 MB —> 256 MB

o Replication_node adjustment: 3 numbers —> 2 numbers

Type 5 e Dataset node: 4 set

o Mapred.map.tasks.speculative.execution/Mapred.reduce.tasks.speculative.execution: False
¢ Mapred.map.child.java.opt/Mapred.reduce.child,java.opt: True

o Adjustment of block size:: 64 MB —> 128 MB —> 256 MB

o Replication_node #1: 2 numbers —> 1 number

Type 6 o Dataset node: 4 set

o Mapred.map.tasks.speculative.execution/Mapred.reduce.tasks.speculative.execution: False
¢ Mapred.map.child.java.opt/Mapred.reduce.child.java.opt: True

o Adjustment of block size:: 64 MB —> 128 MB —> 256 MB
¢ Replication_node adjustment: 1 number —> 3 numbers
Type 7 | e Mapred.map/reduce.speculative.execution: change from “false” to “true”

Case 13, Case 14,
Case

o

Case 16, Case 17,
Case 18

Case 19, Case 20,

o Dataset node: 4 set Case 21
o Mapred.map.child.java.opt/Mapred.reduce.child,java.opt: True
I 7. Type/Case™ £ Azt Case 10| 256 | 636216 | 737.668 | 84.383
Table 7. Measurement time by type/case e~ o111 128 | 615363 | 723112 | 83312
Type| Case |Block | Real time | User time | System 4 Case 12| 64 | 661599 | 758972 84.576
T=| T= | (MB) | (seo (sec) | time (sec) case 131 64 | 658313 | 758380 | 83048
Type 2SS 1 64 | 721958 | /57.804 | 92888 TY0°! Case 14| 128 | 638505 | 740280 | e3ee0
g opGase2 | 128 | /74304 | 799120 | 86712 Case 15| 256 | 643629 | 793.3% | 82884
Case 3 | 26 | 642380 | 744.108 | 83884 Case 16| 256 | 650241 | 750976 | 84424
Type | 22se 4 | 26 | 6286 | 734004 | 8675 VP8 [ "Case 17| 128 | 632436 | 732800 | 83412
5 Case 5 | 128 | 649.953 | 751.596 83.856 6 : : :
_— Case 7 | 64 660375 | 755504 84908 Type Case 19| 64 625.755 | 741.756 83.544
5 | Case8| 128 | 649317 | 748772 | 83276 7 |Case 20| 128 | 642945 | 748636 | 84.836
Case 9 | 256 | 652.706 | 749.732 84.080 Case 21| 256 | 643998 | 747.180 83.976
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Table 8. Hadoop optimized parameter environment

Parameter type Default value | Optimized value
Block size 128VB 128VB
Replication node 4 3
Speculative.execution | true false
Mapred.child.java.opts | true false
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