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Optimization of Resource Allocation
for Data-intensive Workflow Applications
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Hitosur Satof! and Sarosur Marsuokafl 3

Recently data-intensive scientific applications are becoming more popular in
astronomy and high-energy physics. Scientific workflow is expected to han-
dle these huge data efficiently. Workflow is constructed by multiple tasks and

programmers describe the dependencies between each tasks as DAG, then the
workflow management systems schedule the tasks by following the DAG. Since
the structure of DAG varies whenever data set changes, it is difficult to know
how many resources we should prepare for the workflow. If we can estimate
the performance of workflow in target execution environment, we are able to
not only add but also reduce computing resources responded to the feature of
workflow, so we need a performance model in order to predict workflow exe-
cution time. In this paper we propose performance model for data-intensive
workflow, and we estimate the performance by adopting the execution log from
test workflow to our performance model. We apply it to Montage workflow in
two computing environment; TSUBAME2.0 and Amazon EC2/S3. As a result
we discuss the validity of our performance model and also discuss the existing
problem.
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Fig.2 task model for N-input and 1-putput
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Fig.3 task model for N-input and N-putput
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Table 1 Features of ata set of Montage workflow

T8yt | ANN77ANFARX 7 7ANFA R Y aTH
data0 12.3MB 76.5MB 19
datal 93MB 574MB 125
data2 1.2GB 7.58GB 1542
data3 13.6GB 94.2GB 17585
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4 Montage ® TSUBAME2.0 TOVYEREFMIfE & HHfE (data2)
Fig.4 predict and real performance of Montage workflow on TSUBAME2.0(data2)
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5 Montage ® EC2 TOAETHIME & HHlfE (data2)
Fig.5 predict and real performance of Montage workflow on Amazon EC2 (datal)
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%+ 2 Montage D&Y A7 7 = — R BT 2 ETRO LI (data2)
Table 2 comparison of spent time for each task phase (data2)

read_time write_time write_time meta data
mProjectPP 35.206 13.126 13.126  5.859795821
mDiffFit 6.574 5.209 5.209 24.0715874
mConcatFit 0.049 0.011 0.011  0.193256122
mBgMondel 0.012 0.00044 0.00044  0.015275258
mBackground 1.195 15.1307 15.1307  5.965266763
mImgtbl 0.0337 0.00053 0.00053  0.008552445
mAdd 1.64 7.5548 7.5548 0.3729
mShrink 0.38 0.0407 0.0407  0.041357337
mJPEG 0.0029 0.00207 0.00207 0.01630968
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Fig.6 predict and real performance of Montage workflow on Amazon EC2 (data2)
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Fig. 7 predict and real performance of Montage workflow on Amazon EC2 (datal)
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