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Abstract The selection strategy of materialized view is one of the important issues of data warehouse
research. Its goal is to elect a group of materialized views, which could cut down the cost of the query
greatly on the basis of the limited storage space. T he cost model is proposed at first. Then, a new
dynamic selection strategy of materialized views for multr dimensional data( NDSMM V) is presented,
which is composed of four algorithms: CVGA (candidate view generation algorithm), IGA (improved
greedy algorithm) , MAMYV (modulation algorithm of materialized views) and DM AMV ( dynamic
modulation algorithm of materialized views). CVGA generates the candidate view set based on multr
dimensional data lattice, which reduces the number of candidate views to decrease the space search
cost and time consumption of the following algorithm. IGA selects materialized views taking account
of view query, view maintenance and space constraint. MAMYV modulate the materialized views
according to the change of the materialized view profit, which improves the capability of querying
materialized views. DMAMYV uses the sample space to judge whether it is necessary to change the
view set which can avoid sharp dither. T he comparative experiment indicates that NDSM M V operates
more effectively than BPUS and FPUS in the respect that CV GA reduces the amount of views
beforehand. TIGA selects the materialized views quickly, MAMYV modulates the materialized views
accurately, and the query expense decreases further with the modulation of the DMAMYV on line,
which validates the efficiency of NDSMM V.
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Fig. 1 Comparison of average query time.
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Research Background

M aterialized views for multr dimensional data can improve the performance of data warehouse, but numbers of materialized
views will cost lots of space and time. The materialized view selection problem is one of the most important decisions in
designing a data warehouse. In this paper, we present a new dynamic selection strategy of materialized views for multr
dimensional data (NDSMMYV), which is composed of four algorithms: CVGA ( candidate view generation algorithm), 1GA
(improved greedy algorithm), MAMYV (modulation algorithm of materialized views), and DMAMV (dynamic modulation
algorithm of materialized views). CVGA generates the candidate view set based on multr dimensional data lattice, which
reduces the number of candidat e views to decrease the space search cost and time consumption of the following algorithm. IGA
selects materialized views taking account of view query, view maintenance and space constraint. M AMV modulate the
materialized views according to the change of the materialized view profit, which improves the capability of querying
materialized views. DMAMYV used the sample space to judge whether it is necessary to change the view set and avoid sharp
dither. Our work is supported by the National Natural Science Foundation of China (50604012) and the Advanced Technology
Foundation of Fujian Province (2003H 043) .



