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Abstract Improving the energy efficiency and satisfying the performance need of emerging applications are two impor-
tant challenges faced by current supercomputing systems. Featured with low power consumption and flexible reconfigu-
rability , FPGA 1is a promising computation platform for overcoming the above challenges. To explore the feasibility,per-
formance of high-performance computing (HPC) kernels on FPGA has been analyzed by extensive researches. How-
ever, kernel of convolutional neural network is not considered in these studies,and the analysis lacks a high-performance
processor for reference. Aiming at the dominant kernels in today’s HPC landscape,including breadth-first search, sparse
matrix vector multiplication, stencil, smith-waterman and convolutional neural network, this paper summarized the im-
plementation and performance optimization of these kernels on FPGA. Meanwhile, a comparison between FPGA and
SW26010 many-core processor regarding their performance and energy efficiency was conducted. Furthermore, major
problems of adopting FPGA for constructing HPC systems were also discussed. For the kernels considered in this pa-
per, FPGA can outperform SW26010 processor by 63x in terms of energy efficiency. As for performance of emerging ap-
plications like graph analytics and deep learning, FPGA can outperform SW26010 by 26x. Lower communication over-
head, better programmability and more integral software library for scientific computing will make FPGA an amenable
platform for future supercomputing systems.
Keywords High performance computing, FPGA, Acceleration, Energy efficiency, Emerging applications
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Table 2 Common applications and kernels in each model
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Table 3 Comparison of existing FPGA-based graph traversal

frameworks
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Table 4 Comparison of existing FPGA-based SMVM
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Fig. 1 Iterative computation of stencil kernel
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Table 5 Computation and operational intensity of common stencil computation kernels
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Table 6 Comparison of existing FPGA-based 3D Stencil
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Fig. 2 Computational parallelism in Smith-Waterman kernel
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implemented with OpenCL on different FPGAs
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Table 8 Comparison of different FPGA-based accelerators for CNN workload
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