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Abstract

The growth of data and computation in the past decade has brought about the needs for
cloud infrastructure. Cloud leverages the Internet as a tool through which remote
computers can share resources on-demand. The cloud infrastructure can be utilized as a
high performance computing (HPC) platform which contains flexible and excessive
computing resources. In order to efficiently run the HPC applications in the cloud, a
great deal of technical knowledge is required. One of the challenges is how to estimate
the runtimes of applications accurately because an inaccuracy in runtime estimation can
lower the overall performance of a computer system. Moreover, runtime is an important
attribute for tasks scheduling. For instance, most well known scheduling algorithms,
such as, Backfilling and Heterogeneous Earliest Finish Time (HEFT), use runtime to
determine the schedule of the tasks. In this thesis, we have proposed a runtime
estimation method for unknown-profile applications in the cloud computing
environment. Unlike other approaches, we also provide a procedure to collect the
profiles of applications, which are the metrics that represent the execution behavior of
an application. This allows our approach to predict the runtime of the HPC applications
even if the metadata is not provided. In order to predict a runtime of a workload, only
two steps are required. In the first step, the application will be classified into a class
based on the similarity of the execution characteristics. In our work, we have adopted
the Berkley's Dwarfs taxonomy to define the classes. The classification result will be
used to choose a runtime prediction equation for the workload. In the next step, the
runtime will be predicted by using the equation that is selected in the previous step. The
runtime prediction equations are constructed by using the Artificial Bee Colony (ABC)
and the linear regression techniques. In order to verify the practicality of our
framework, we predicted the runtimes of the HPC applications on three types of virtual
machines, General purpose, Compute Optimized, and Memory Optimized instances,
provided by Amazon EC2. Our method can yield low prediction error percentages in
most cases. Moreover, it can provide more accurate runtime prediction results in
comparison to the user-estimation method.
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