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Abstract In recent years.with the advent of the era of big data,big data processing platform is developing very fast. A
large number of big data processing platforms, including Hadoop, Spark, Strom and etc. , have appeared, among which
Apache Spark is the most prominent one. With the wide applications of Spark at home and abroad,there are many per-
formance problems to be solved. As the underlying implementation mechanism of Spark is very complex,it is difficult
for ordinary users to find performance bottlenecks. let alone further optimization. In light of the above problems, the
performance optimization technologies for Spark were summarized and analyzed from five aspects, including develop-
ment principles optimization, memory optimization, configuration parameter optimization, scheduling optimization and

shuffle process optimization. Finally, the key problems of Spark optimization technologies were summarized and future

research issues were proposed.
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Table 3 Comparison of scheduling optimization methods
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Table 4 Solutions of data skew
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