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Similarity Join Size Estimation with Threshold for Dirty Database

ZHANG Yan YANG Long WANG Hong-Zhi

(School of Computer Science and Technology ., Harbin Institute of Technology, Harbin 150001)

Abstract  Dirty data exists with large probability in modern data management systems, which
affects the quality of the data, and determines data utility and data value. This brings new chal-
lenges for data management. Currently, many dirty data management models have been pro-
posed, and one of them is entity-based relational database model in which one tuple represents a
real-world entity. This model allows the existence of dirty data, and proposes the evaluation of
data quality. It also can generate query results satisfying the quality requirements provided by us-
ers. With the features of the model, traditional query cost estimation models are not suitable for
this model. Therefore, new cost estimation methods need to be developed. This paper focuses on
the estimation of the result size of join operator and proposes a sampling-based algorithm based on the
Locality Sensitive Hashing (LSH) to cluster similar objects. Compared with the traditional random

sampling method, experimental results show that our method gives more accurate estimations.
Keywords result size estimation; sampled-data estimation; dirty data; data quality; threshold
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Background

In recent years, with the growth of the information,
dirty data such as erroneous, duplicate, uncertain or incon-
sistent exists in many database systems. Dirty data greatly
reduces the quality of the data and brings serious losses to the
enterprises and communities. Therefore, new techniques are
in demand to process dirty data to reduce its harm.

Existing work on processing dirty data is mainly data
cleaning and data repairing. However, both data cleaning and
data repairing have some limitations. First of all, they cannot
clean or repair the dirty data exhaustively. Secondly, exces-
sive data cleaning may lead to the loss of information. The last
but not least, these two operations are both time-consuming
Therefore,

researchers propose techniques to perform queries on dirty

and will lead to the inefficiency of systems.

data directly without data cleaning and obtain query results
with clean degree from the dirty data. However, existing
techniques are only suitable for some special queries. In order
to manage dirty data effectively and efficiently, a uniform
data model is in demand. The most widely used model is the
probabilistic data model. This model represents uncertain
data effectively, but cannot describe the affect of query oper-
ations on the quality of the results. More importantly, it will
generate all possible world instances during query process-
ing, which results in the exponential growth of data size and

affect the efficiency of the system.
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To overcome the drawbacks of current methods, we
propose a novel model for dirty data, entity-based relational
database model. This model avoids the exponential growth of
data size in the probabilistic data model. We also define the
traditional query operations for dirty data on the new data
model, which support queries with the requirement of data
quality. Without the ability of processing dirty data, tradi-
tional database implementation techniques are not suitable for
this model. Therefore, new techniques are in demand. In
this paper, we focus on the implementation of query and pro-
pose new similarity join size estimation for the entity-based
relational database.
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