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Trends and Prospects of Large-scale Data Processing Architecture
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Abstract Database technology has continued to develop in accordance with the characteristics of the data
of interest. Large data aggregated on the Web is recognized as big data that does not fit in the frame of
data processing technology so far, it led to diversification of data processing technology. In Web companies,
it is recognized challenges of large-scale data processing from the early 2000s around, although Hadoop has
emerged as a clone of distributed data processing infrastructure in Google showed one of the resolution,
request of big data analysis to be more complex as corresponding, from around 2010, the Spark by distrib-
uted-memory processing has appeared in. On the other hand, even in a conventional RDBMS, the
optimization is required for large-scale transaction processing and/or improvement of H/W resources and
it is progressing refactoring due to a new architecture. A big data processing platform while they are

developed independently but complement each other.
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