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Abstract  Accelerators, such as GPU and Intel MIC, are widely used in scientific computing and
image processing, and have strong potentials in big data processing and HPC based on cloud platform.
YARN is a new generation of Hadoop distributed computing framework. Its adoption of computing
resources is only limited to CPU, lacking of support for accelerators. This paper adds the support to
nodes with accelerators to YARN to solve the problem. By analyzing the problem of supporting
heterogeneous node, there are three identified difficulties which should be solved to introduce hybrid/
heterogeneous to YARN. The first one is how to manage and schedule the added accelerator resources
in the cluster; the second one is how to collect the status of accelerators to the master node for
management; the third one is how to address the contention issue among multiple accelerator tasks
concurrently running on the same node. In order to solve the above problems, the following design
tasks have been carried out. Resource encapsulation which bundles neighbor nodes into one resource
encapsulation is designed to solve the first problem. Management functions which collect the real-time
accelerators status from working nodes are designed on the master node to solve the second problem.
Accelerator task pipeline which splits accelerator tasks into three parts and executes them in parallel is
designed on the nodes with accelerators to solve the third problem. Our scheme is verified with a
cluster consisting of 4 nodes with GPU, and the workload testing the cluster includes LU, QR and
Cholesky decomposition from the third party benchmark MAGMA, and the program performes
feature extraction and clustering upon 50000 images. The results prove the effectiveness of the scheme

presented.

Key words distributed system; yet another resource negotiator (YARN) ; accelerator; heterogeneous

nodes; graphics processing unit (GPU); node binding; task scheduling
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Fig. 2 Extended architecture of YARN.
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Fig. 5 Test results of benchmark programs of LU, QR, Cholesky algorithms in different clusters.
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Fig. 6 Test result of the application for picture

extraction and clustering.
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