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Abstract

Ever increasing “Big data” can only be effectively processed by parallel computing. Parallel computing
refers to a high performance computational method that achieves effectiveness by dividing a big query into
smaller subtasks and aggregating results from subtasks to provide an output. However, it is well-known
that parallel computing does not achieve scalability which means that performance is improved linearly by
adding more computers because it requires a very careful assignment of tasks to each node and collecting
results in a timely manner. Hadoop is one of the most successful platforms to attain scalability. In this
paper, we propose a measurement for Hadoop optimization by utilizing a Lorenz curve which is a proxy
for the inequality of hardware resources. Our proposed index takes into account the intrinsic overhead of
Hadoop systems such as CPU, disk I/O and network. Therefore, it also indicates that a given Hadoop can
be improved explicitly and in what capacity. Our proposed method is illustrated with experimental data

and substantiated by Monte Carlo simulations.
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Figure 3.1. Bucket processing time (ordered) and corresponding empirical tail plot. It can be observed that
bucket processing time is uniform in most of time, but also have few very long processing time. It means that
record processing time can be considered as uniform in the optimized Hadoop system. However, in practice, such
uniformity is disturbed by power-law tail due to delay/bottleneck in Hadoop system.
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Lorenz curve
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Figure 4.1. Lorenz curve for the experimental data in Chapter 3. The y = x curve is a reference line meaning
that underline distribution is uniformly distributed.
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Change-point = 0.899
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Figure 4.2. Estimated curve by LSE is represented in dotted line with Lorenz curve (solid line) for experimental
data in Chapter 3. Lorentz curve looks linear for constant processing time. Once it is disturbed by very long
processing time, Lorentz curve changes dramatically and LSE change-point estimator successfully detects such
change-point.
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H index = 0.2176/0.4289=0.493 m-hat=899
1 T T T T T T T
Overhead 4 /
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0.9F = = = Oracle -

Figure 4.3. H-index for a task. Solid line represents Lorentz curve for a bucket processing time. Dotted line
represents Lorentz curve without overhead, that is for ideal Hadoop system. Dashed line represents Lorentz curve
for oracle Hadoop system, that is y = = curve, and it means that all processing time is constant and observed
without measurement errors. A (normalized) area between solid and dotted Lorentz curves, corresponding to
current Hadoop and ideal Hadoop, respectively, is our proposed H-index.
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Histogram of Ht Weight Wt
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Figure 5.1. Left panel shows H-indexes calculated for 60 tasks in a job. It can be observed that there are
some variations between tasks. Right panel shows its corresponding weights to calculate Hj,, based on the task
processing time. A horizontal solid line is 1/60, a uniform weight for each task.
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=1-(= >
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Example of simulated data  Histogram of change—point Density estimates of H
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Figure 6.1. Monte Carlo simulation results for Pareto mixture in (6.1) to calculate H-index. Parameters are
chosen to mimic the experimental data in Chapter 3. Left panel shows one realization and it can be observed that
it resembles Figure 3.1 up to some scale factor. Middle panel shows the histogram of change-point estimator with
the true value around 900 and right panel is the density of H-index where the true value is .5778.
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Figure 6.2. Monte Carlo simulation results for Normal-Pareto mixture in (6.3) to calculate H-index. Left panel
shows one realization and it can be observed that processing time is away from constant, but still power-law tailed.
Middle panel shows the histogram of change-point estimator where the true value is around 900 and right panel is
the density of H-index where the true value is .143.
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