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Abstract Cardinality estimation is crucial for cost-based query optimization and has been studied for nearly
forty years. The traditional approach based on histograms can achieve desired accuracy when some assumptions,
e.g. independence of attributes and the principle of inclusion between join tables, are valid. However, these
assumptions usually become invalid in the real running environment. It may lead to serious estimation errors and
thus increase query latency. In recently years, with the increase of data and the development of new hardware, it
is possible to use machine learning to improve the accuracy of cardinality estimation. Because cost-based query
optimization chooses the optimal execution plan according to cost estimation of sub execution plan in a given
query. Therefore, there are some recent works which studied how to build local learning models for sub
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execution plan templates. However, these models are supposed to be used in the scenarios where query (query
space) distribution and data (database data) distribution remain static. However, in real scenarios, where query
and data distributions are usually continuously shifting, they may have limited efficacy. To address the said
shortcoming, in this paper we propose an approach based on incremental locally weighted learning to perform
adaptive cardinality estimation. Specifically, it first extracts both semantic and statistic features of a sub
execution plan, which represent the current characteristics of both query and data. The reasonableness behind
that is, the semantic features solely represent variables of the query template and are independent with the
database. In some cases, we even cannot collect semantic features, e.g. there is no variable for two tables joining
without predicate. Therefore, other features are needed. On the other hand, the statistic features based on current
data in the database, e.g. the statistics of attributes in a table, are very effective for predicting the cardinality.
However, they are not constantly reliable. Combining with the semantic features can relieve this uncertainty.
Based on collected features, the proposed approach uses Receptive Field Weighted Regression(RFWR) to
adaptively perform cardinality estimation. Generally, the RFWR works well. However, there have two challenges
for RFWR to do cardinality estimation. The first one is, with the increase of query feature vector’s dimension,
RFWR becomes inefficient and inaccuracy. To tackle this challenge, we use Locally weighted projection
regression(LWPR) instead of RFWR. LWPR is based on RFWR and uses the incremental partial least
square(PLS) to improve the efficiency. The second is, using these two methods to predict the cardinality will be
inaccurate when the training data is not enough. To improve the accuracy in this situation, we propose to
combine k-nearest neighbor(KNN) to do the prediction. In addition, to further improve the efficiency and
accuracy in dynamic environments, the proposed approach respectively uses local model optimization of RFWR
to rectify the model parameters when there are only a few training data or the dimension of query feature vector
is higher, and prunes the receptive fields when the number of receptive fields becomes larger or the query
distribution and data distribution shifts. Our empirical comparative study has verified the effectiveness of the

proposed approach.

Key words cardinality estimation; query optimization; execution plan; adaptive learning; incremental learning;
locally weighted learning.
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Background

Cardinality estimation is crucial for the cost-based query
optimization, approximate query answering and other tasks. It
is a very hard work and has been studied for nearly forty years.
The traditional methods, like histogram, sampling, are working
well when database has a small amount of data. But with the
era of big data coming, these methods either may cause many
mistakes by some wrong assumptions, or inefficiency to use,
like scanning large amounts of data to do sampling. In recent
years, machine learning, particularly deep learning has a great
development and is used in many fields, e.g. image recognition,
nature language processing. Database has an inherent
advantage of handling data-driven applications, therefore it
should plays a lead role in support this new wave. So how to
use machine learning technology/Al to do cardinality
estimation becomes a popular topic and produces many works.

The existing works which using machine learning for
cardinality estimation can be classified by two perspectives.
The first perspective is what problem to solve: just for single
table with filter predicates or more complex query with both
filter and join predicates. For single table problem, existing
works mostly use the query-driven histogram and neural
networks. However, query-driven histogram will become
inefficiency and ineffective with the curse of dimension, and it
needs many label data to train neural networks that can

compete with original estimator. For complex query with join,
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they construct very complex deep learning models like CNN,
which are very time-consuming to train. The second
perspective is using one model or more smaller models to do
cardinality estimation. There have some works trying to use
one deep learning model for all queries, which is very hard to
interpret and train. On the contrary, some works use many
smaller models for different queries which can get better
prediction just using a little training time and can give us a
good understanding why it works. However, they are mainly
used in the scenarios where query and data distributions are
static.

In this paper, we propose using some smaller online
learning models to handle complex queries with join predicates.
Our method can do better with a little training data and
self-adapt to shift of query and data distributions.
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