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Abstract: A large-scale data stream management system (LSDSMS) usually contains a relational query system (RQS)
and a stream processing system (SPS). When users submit queries to the RQS, it is often necessary to set system para-
meters according to the rate and distribution of the data streams. However, because of the variability of data streams,
changing the resource allocation often reduces the performance of the LSDSMS. In view this problem, we propose a
framework for automating the characterization deployment in the LSDSMS OrientStream+. First, based on a user-
defined query latency threshold, we designed a data stream transmission mechanism for a mini-batch scheme. Then, we
introduced a multi-level pipeline cache for processing batch data streams in the same configuration and obtained accur-
ate query results using the timestamp of the data streams. We also propose an incremental leaning technique with outlier
detection to improve the prediction accuracy of OrientStream+. Finally, we validated the proposed approach on the
open-source SPS—Storm. Our experimental results show that OrientStream+ can reduce processing latency and improve

the LSDSMS throughput.
Keywords: large-scale data stream management system; variable data stream; incremental learning; model prediction;

parameter configuration; mini-batch processing; system performance; outlier detection
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