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Begin ML_FrameWork .

(sl) x=cpus,y=gpus

(s2) for iteration t=0,1,---,T do

x+y
(3) g, = > g
k=1

(s4) partition [, =U,_, [, U;T I,
(s5) cpu_queue.insert( U7 _, 1)

(s6) gpu_queue.insert(U;2 1, )

(s7) sync

(s8) end for

End ML_FrameWork

Begin Workerlterate(t) :

(sl) pull wf from ML_Main

(s2) compute g'= e, af(wh)

(s3) push g to ML_FrameWork

End Workerlterate
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Begin Schedule

(s1) while( Task =gpu_queue.deque( ) )

(s2) launchTask to GPU

(s3) while( Task =cpu_queue.deque( ) )

(s4) launchTask to CPU

End Schedule
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A unified schedule policy of distributed machine learning
framework for CPU-GPU cluster

ZHU Ziyu, TANG Xiaochun, ZHAO Quan

(School of Computer Science, Northwestern Polytechnical University, Xi’an 710072, China)

Abstract: With the widespread using of GPU hardware facilities, more and more distributed machine learning ap-
plications have begun to use CPU-GPU hybrid cluster resources to improve the efficiency of algorithms. However,
the existing distributed machine learning scheduling framework either only considers task scheduling on CPU re-
sources or only considers task scheduling on GPU resources. Even considering the difference between CPU and
GPU resources, it is difficult to improve the resource usage of the entire system. In other words, the key challenge
in using CPU-GPU clusters for distributed machine learning jobs is how to efficiently schedule tasks in the job. In
the full paper, we propose a CPU-GPU hybrid cluster schedule framework in detail. First, according to the different
characteristics of the computing power of the CPU and the computing power of the GPU, the data is divided into da-
ta fragments of different sizes to adapt to CPU and GPU computing resources. Second, the paper introduces the task
scheduling method under the CPU-GPU hybrid. Finally, the proposed method is verified at the end of the paper.
After our verification for K-Means, using the CPU-GPU hybrid computing framework can increase the performance
of K-Means by about 1.5 times. As the number of GPUs increases, the performance of K-Means can be significantly

improved.
Keywords: CPU-GPU tasks; unified scheduler; clustering algorithm ; distribution
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