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Research and implementation of load balancing algorithm

in heterogeneous Flink cluster

Wang Zhifeng", Zhao Yuhai', Wang Guoren®
(1. School of Computer Science and Engineering , Northeastern University, Shenyang, 110169, China;
2. School of Computer Science and Technology, Beijing Institute of Technology, Beijing, 100081, China)

Abstract: Flink is currently a very popular stream processing engine. Compared to previous distributed computing
frameworks such as Hadoop, Spark and Storm, Flink can achieve low latency, high throughput, and exactly -once. The
scheduling module 1s a very important part of ensuring the performance of the cluster. However, at present, Flink scheduling
regards all nodes in the cluster as equivalent performance by default, and adopts a polling scheduling policy. In a
heterogeneous cluster, such scheduling is inefficient, because a node with fewer computing resources runs as many tasks as
nodes with more computing resources, causing local load imbalance, affecting the running time, throughput, and delay of the
job. Time. This paper proposes a smooth weighted round-robin task scheduling algorithm and a task scheduling algorithm
based on ant colony algorithm to solve the problem of cluster load imbalance during operation. The smooth weighted round-
robin task scheduling algorithm smoothes the polling scheduling according to the weight of the cluster resources in the initial
stage of the task scheduling. The ant colony algorithm-based task scheduling algorithm uses a similar ant colony algorithm to
perform task scheduling when the cluster has used resources above the threshold, and dynamically calculates a global optimal
task allocation scheme. This scheme can reload the load.
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