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Abstract

Researchers strive to develop new techniques and tools to efficiently and effectively

utilize hardware resources that are made available for compute intensive applications.

The Graphics Processing Unit (GPU) is one such hardware, which is very popular in

the domain of High Performance Computing (HPC). Our work here presents a model to

estimate performance of various applications on a modern GPU with Fermi architecture

from NVIDIA. First we try to estimate computation time and then follow it up with

an estimation of memory access time. We have found that our average estimation

errors for these applications range from -7.76% to 55%. We have analyzed the existing

Map-Reduce (MR) framework and enhanced the same for new GPU architectures. Our

experiments show an average of 2.5x speedup of MR framework. We have achieved

performance benefits ranging from 10% to 100% for various cache sizes. Based on the

above analysis, three techniques have been developed for the performance enhancement

of MR framework. Using these techniques, we have saved over 32% cache miss per

thread. We have reduced the number of comparisons per thread in the group phase and

gained an average of 1.5x speed up in the group phase. Use of delayed writing, reduces

significant cache misses and improves the execution time by 10% to 25%. The extension

of this work is to reduce the performance gap between MR and native implementation of

applications in CUDA (onlyCUDA). This work reports deployment of three complete

algorithms (SW, NB and BF) and achieves penalty reduction of 5x, 6.45x and 15.87x

respectively. Finally, we try to execute applications with data size larger than memory

capacity, on heterogeneous platforms. This data needs to be broken into partitions of

different sizes and processed in parallel on different GPUs with different characteristics.

We propose a technique to improve resource utilization, faster execution and also ensure

simultaneous completion of such large data applications on heterogeneous platforms.
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