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Abstract Analyzing massive data to discover the potential values in them can bring great benefits.
Spark is a widely used data analytics engine for large-scale data processing due to its good scalability
and high performance. Spark SQL is the most commonly used programming interface for Spark. There
are a lot of redundant computations in data analytic applications. Such redundancies not only waste
system resources but also prolong the execution time of queries. However, current implementation of
Spark SQL is not aware of redundant computations among data analytic queries, and hence cannot
remove them. To address this issue, we present a benefit model based, fine-grained, automatic data
reuse mechanism called Criss in this paper. Criss automatically identifies redundant computations
among queries. Then it uses an I/O performance aware benefit model to automatically choose the
operator results with the biggest benefit and cache these results using a hybrid storage consisting of
both memory and HDD. Moreover, cache management and data reuse in Criss are partition-based
instead of the whole result of an operator. Such fine-grained mechanism greatly improves query
performance and storage utilization. We implement Criss in Spark SQL using modified TachyonFS for

data caching. Our experiment results show that Criss outperforms Spark SQL by 40% to 68%.
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