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Table 1 Statistics on the out-of-order data stream of the "Nuremberg Stadium Football Match Dataset in Germany"
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Distributed Aggregation Query Processing Technology for Out-
of-order Data Streams Based on Hybrid Processing Model

YANG Ning',XU Jia"*,LV Pin""*,LI Taoshen'*"

(1. School of Computer, Electronics and Information, Guangxi University, Nanning,Guangxi,530004,China; 2. Guangxi Colleges
and Universities Key Laboratory of Parallel and Distributed Computing Technology, Nanning, Guangxi, 530004 ,China; 3. Nanning
University, Nanning , Guangxi, 530200, China)

Abstract: The existing out-of-order data stream aggregation query processing techniques cannot guarantee the
final correctness of the aggregated query result while reducing the query processing delay. In order to solve
this limitation, this paper designs a distributed aggregation query processing technique for out-of-order data
streams based on both of the distributed streaming processing model and the distributed batch processing
model. The proposed technique on one hand optimizes the buffer sizes used by the distributed streaming pro-
cessing model based on a user-given constraint on query result quality, thereby minimizing the query process-
ing delay of the stream processing as much as possible. And on the other hand, based on the historical
stream data backed up in the distributed data storage system and in batch processing mode, the query pro-
cessing of the extremely late tuples is realized, so as to ensure the final precision of the aggregated query re-
sults. The test analysis based on the real out-of-order data stream dataset shows that compared with the cur-
rent best cache-based out-of-order data stream processing technique, the proposed technique has significant
advantages in average query processing delay, query result precision and system scalability.

Key words:out-of-order data streams,hybrid processing model,aggregated queries,distributed query process-

ing
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