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Abstract Mutable States Data Flow (MS-DF), as a main runtime feature of machine learning systems (e.g.
Tensorflow, Pytorch, MxNet), can be represented by a directed graph. Here, each vertex in a MS-DF graph
denotes a single operation (e.g. Conv2D, MatMul) which consists of typical machine learning computing
processes. And each edge connecting two operations denotes the dependency of these two operations, the term
“dependency” means the output of an operation is the input of the other operation linked by an edge. Currently,
cluster scheduling for MS-DF is one of the main works that can guarantee the execution efficiency of machine
learning systems, and it is one of the hot research topics in machine learning system area. Diving into the
principle of cluster scheduling for MS-DF, machine learning systems are key factors that affect the performance
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of cluster scheduling, since they work as a middle layer to decouple the computing of machine learning and
cluster resource (e.g. CPU, GPU and FPGA) allocations. By this way, cluster resources are no longer exclusively
and statically bound to one computation of machine learning. Instead, machine learning systems may manage
different kinds of resources dynamically, but at the cost of increased complexity of cluster scheduling for MS-DF.
Under this circumstance, machine learning operations can heavily affect the dynamic management of cluster
resources, thus new challenges arise. We demonstrate that these challenges are caused by the following three
aspects: (i) the accuracy of profiling operations’ heterogeneous resource requirements. (ii) the adaptability of
operation scheduling decisions. (iii) the variability of operation scheduling adjustments.

In addition to above challenges, we analyze and summarize the latest researches of cluster scheduling for
MS-DF in recent years, and how these researches cope with challenges. (i) We introduce the mechanisms of both
machine learning operation perception and cooperation that can be used to profile operation heterogeneous
resource requirement, such mechanisms can estimate the actual operation resource usage through many metrics
(e.g. input dataset sizes, operation dependencies), thus we can improve the accuracy of profiling especially when
operations have many combinations. (ii) We introduce different scheduling decisions with three main factors
including operation scheduling constraints, models and algorithms. Such decisions should be able to be
deliberately set with different factors, thus we can adaptively provide operations with preferred resources when
their states frequently change. (iii) We introduce several scheduling adjustment strategies to further improve the
performance of cluster scheduling. These strategies include operation migration, scaling, and suspend/resume.
One strategy or hybrid strategies can be useful under certain operation synchronization patterns (e.g. PS,
AllReduce). Thus, we can use different strategies for different patterns. At last, we conclude latest researches
with the new trend of machine learning systems and the development of heterogeneous resources. We give our
prospective view of the key technologies of cluster scheduling for MS-DF: (i) the multi-level analysis and
collaborative characterization of operations’ heterogeneous resource requirements. (ii) the flexible definition and
discovery of operations’ complex scheduling constraints. (iii) learning-driven optimization of operation
scheduling at a low cost. They may improve cluster scheduling for MS-DF in a more efficient and intelligent
way.
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Background

With the rapid development of Machine Learning, it is
widely used in various areas such as speech recognition, image
processing and so on. Currently, machine learning systems
introduce operation, which works as a key factor to decouple
the computation of machine learning and resources allocation.
In this article, we abstract the data processing procedure of
operation as Mutable States Data Flow. Researches show that
allocating resources to operations in data flow reasonably and
effectively can improve resource efficiency and reduce costs of
data center.

Efficient cluster scheduling for MS-DF with good quality
improves heterogeneous cluster resource utilization and
minimize the execution time of machine learning. However,
MS-DF, with its diverse resource usage in time and space,

brings several challenges to traditional cluster scheduling in
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three aspects: (i) mechanisms to discover operation
heterogeneous resource requirements, (ii) scheduling decisions
with various constraint, model and algorithm settings, (iii)
scheduling adjustment strategies to improve scheduling
performance. To discover bottlenecks caused by operations, we
conduct a holistic survey on recent research progress of MS-DF
by analyzing and summarizing from these aspects mentioned
above. At last, we give our prospective view of key
technologies of cluster scheduling for MS-DF.
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