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ABSTRACT

Statistic estimation such as output size estimation of opera-
tors is a well-studied subject in the database research com-
munity, mainly for the purpose of query optimization. The
assumption, however, is that queries are ad-hoc and there-
fore the emphasis has been on capturing the data distribu-
tion. When long standing continuous queries on a chang-
ing database are concerned, a more direct approach, namely
building an estimation model for each operator, is possible.
In this paper, we propose a novel learning-based method.
Our method consists of two steps. The first step is to design
a dedicated feature extraction algorithm that can be used
incrementally to obtain feature values from the underlying
data. The second step is to use a data mining algorithm to
generate an estimation model based on the feature values ex-
tracted from the historical data. To illustrate the approach,
this paper studies the case of similarity-based searches over
streaming time series. Experimental results show this ap-
proach provides accurate statistic estimates with a low over-
head.

1. INTRODUCTION

Long standing queries, also called continuous queries [28],
are those that are typically issued once and then evaluated
continuously, every time when the database is updated or
some pre-defined events occur. These queries appear in a
wide range of applications, especially in applications that
need to monitor certain events from data sources. The
database research community has shown great interest in
these queries over the last decade [6; 18]. Recently, this in-
terest has increased sharply due to the emerging needs of
data stream management [3; 9; 10; 11; 19].

As in traditional database systems, it is important to esti-
mate related statistics of the operators used in a continuous
query. For example, in cost-based query optimization, an
optimizer needs to estimate the cost and output size of op-
erators to determine the most efficient execution plan. In
continuous queries, these statistic estimates are more cru-
cial since the database is usually updated frequently and
fast query response is required.

A variety of techniques exist to estimate statistics of op-
erators. Among all the statistics, output size estimation
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has attracted the most attention. Methods in the literature
include non-parameric methods (including histograms [15;
21]), parametric methods [25], curve fitting [26], sampling [16],
and methods based on query feedback [5]. Among them,
histogram method is most commonly used in database sys-
tems due to its computational efficiency and independence
of data distribution. However, despite technical differences,
a common feature of these techniques is that they all aim
at capturing the underlying data distribution as precisely
as possible under certain storage constraint. Such captured
data distributions are then used to estimate the output sizes
(selectivities) of operators.

When dealing with continuous queries, we may use a dif-
ferent approach due to the difference between a traditional
query and a continuous query. In a traditional query, the
database is assumed to be static and the queries are ad-hoc,
i.e., the system needs to handle any possible query. This is
why most existing techniques focus on capturing the entire
underlying data distribution. In a continuous query, how-
ever, the query is long standing and the database changes
each time the query is evaluated. To estimate the statistics
of a given operator in a continuous query, we only need to
know the part of the data that is relevant to the specific
operator (instead of the entire underlying data distribution)
and capture the evolution of it when the database changes.
This leads to a different estimation method that does not
require the entire data distribution.

In this paper, we reconsider the estimation problem in the
context of continuous queries. Also, we do not limit this
study to standard operators (e.g., selection and join) and the
standard statistics (e.g., output size). Consider the prob-
lem of estimating statistics of an operator O in a continuous
query, where the query is fixed and the database is changing.
The fixed query assumption implies that the output statis-
tic, say stat,, can solely be determined by the input data D,
say stato = fo(D), where f, is a fixed estimation function
for operator O. In other words, we only need to know the
input data to obtain the statistic directly. In contrast, most
existing estimation methods capture the data distribution
in advance and determine the statistic of a specific operator
at the query evaluation time using the data distribution.

The advantage of this direct method is its potential to get
more accurate estimates. However, the continuous query
may involve a large volume of input data and data types
can be complex. It is not clear how to establish the es-
timation function f, directly. In this paper, we decompose
the estimation function f, into two components, namely fea-
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ture extractor and statistic estimator. More specifically, let
stato = So(eo(D)), where e, is the feature extractor that
obtains feature values from the underlying data, and s, is
a statistic estimator that uses the obtained feature values
as input. The feature extractor not only reduces the data
volume, but also extracts the relevant part of the underlying
data. In addition, it converts the underlying data into a data
type that will be used for building the statistic estimator.
In some cases, the extractor can work incrementally when
database is updated to increase the efficiency. The statistic
estimator can be built through the use of traditional meth-
ods, such as decision tree algorithms, polynomial functions
and even histograms.

The feature extractor is usually determined manually and in
many cases, a dedicated incremental procedure is developed
to obtain feature values in order to reduce the overhead.
Strategies to establish the statistic estimator can be classi-
fied into two categories: analytic approaches and empirical
approaches. In an analytic approach, by analyzing the un-
derlying evaluation procedure of an operator, we may be
able to derive the statistic estimator which takes the fea-
tures as input. However, when the operator is complicated
or it involves multiple resources, an empirical approach may
be used to establish the statistic estimator, if enough ex-
perimental data, i.e., a collection of feature data and corre-
sponding actual statistics, are available. For complex situ-
ation, the empirical approach is more suitable because we
can directly use historical evaluation data of the continuous
query as experimental data, and apply an available data
mining algorithm to analyze these data to build the statis-
tic estimator. This is why we call our proposed approach a
learning-based one and the statistic estimator is also called
estimation model.

To validate our approach, we study a special kind of contin-
uous query, namely similarity-based search over streaming
time series. We design a feature extractor by using data ap-
proximations via DFT (Discrete Fourier Transform), and
use a decision tree algorithm to establish the estimation
model. We then use experiments to assess the performance
of our proposed approach. The experimental results show
that this approach provides accurate estimates with a low
overhead.

The rest of this paper is organized as follows. We intro-
duce the similarity-based search over streaming time series
in Section 2 and describe two important statistics in Sec-
tion 3. We present the detailed learning-based approach in
Section 4. In Section 5, we report our experimental results
and, in Section 6, give the related work. We conclude this
paper in Section 7.

2. SIMILARITY-BASED SEARCH OVER
STREAMING TIME SERIES

In this section, we define the notion of a similarity-based
search over streaming time series.

There are two types of data involved in such a search, namely
time series and streaming time series. A time series, de-

noted as P = (p1,p2,...,pn), is a finite sequence of n real
numbers, with its length n denoted len(P). A streaming
time series, S = (81,...,8t—1, 8¢, - ..}, is an infinite sequence
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of real numbers with the assumption that its values arrive at
the database system sequentially. The subscript ¢ indicates
the data arrival time of s;. Given a streaming time series
S, the streaming time series S up to time t denotes the sub-
series of S before time ¢, inclusively, i.e., (s1,..., St—1, S¢)-

Given two time series, there are different ways to measure
the similarity between them [12]. In this paper, the weighted
Euclidean distance,

N-1

Z (qlen(Q)—i - plen(P)—i)2/Na

i=0

sim(Q,P) =

where N = min(len(Q),len(P)), is used to define the sim-
ilarity between time series Q and P. More specifically, this
measure is defined on the common N-suffix of two time se-
ries, where NN is the length of the shorter time series. Under
this definition, the more similar the two time series, the
smaller the distance between them. This definition can be
applied directly to a time series and a streaming time series
up to current time without any modification. !

Assume Q is a given query time series, P is a set of time
series {P1,P2,...,Pm} where each P; (1 < ¢ < m ) in
P is called a pattern, an integer k£ > 0 is called similarity
rank and a real number a > 0 is called similarity thresh-
old. A pattern P; in P is a k-nearest & a-near neighbor
of Q if there exist at most k — 1 patterns P; € P such
that sim(Q,P;) > sim(Q,P;), and sim(Q,P;) < a. A k-
nearest & a-near neighbor is also called a k-a-near neighbor
for short. When a or k is set to some special value, the
k-a-near neighbor is exactly the k-nearest neighbor (when
a = 00) or the a-near neighbor (when k = 00).

Definition Given a streaming time series S, a set of pattern
time series P, a similarity rank k and a threshold «, the
similarity-based search over stream S is to find, at each data
arrival time ¢, all k-a-near neighbors of S up to time ¢ from
set P.

A continuous query may contain one or more similarity-
based searches as its operators. The query optimizer needs
to find the most efficient query execution plan so that the
system can finish the query evaluation as soon as possible. It
is important to provide accurate statistic estimates of each
involved similarity-based search to the optimizer.

3. TWO IMPORTANT STATISTICS FOR
OPTIMIZING CONTINUOUS QUERIES

In the following, we describe two important statistics that
are useful in optimizing a continuous query, namely cost and
emptiness of a similarity-based search. Cost is the execution
time of the search, and emptiness is a boolean value to state
the search result size being zero or not.

Consider a continuous query that contains the conjunction
of two predicates, each involving a similarity-based search.
For example, predicate p; is to test if a streaming time series

!Note our definition of weighted Euclidean distance is differ-
ent from that in [14], where the two time series involved in
the distance definition have finite length.
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S1 has a nearest neighbor that is within a given threshold
in pattern set P; at the current time position.

It is easy to see that the optimal evaluation order of these
two predicates can be determined as follows: 1) If the two
similarity-based searches have similar evaluation cost and
one of them is more likely to result in an empty set (thus
the corresponding predicate is false), this search should be
evaluated first; 2) If the two similarity-based searches are
equally likely to generate an empty set, the one that is less
costly should be evaluate first.

From this simple example, we can see that the optimal plan
is determined by the cost and emptiness of the two searches.
We thus choose cost and emptiness of a similarity-based
search as the statistics to be studied and see how to esti-
mate their values.

We do not study output size of a similarity-based search in
this paper, although it is one of the most important statis-
tics in query optimization with relational operators. This
follows from two observations in a similarity-based search.
Firstly, a small similarity rank k£ may be given, e.g., k = 1.
This implies that the output size is usually not greater than
this value k. Secondly, an optimizer may only need to know
the emptiness of a search, and does not care about the actual
result size. This happens in many applications with contin-
uous queries, such as monitoring streams for abnormal event
detection. Therefore, we decide to study emptiness instead
of output size in this paper.

Although we do not study how to estimate the output size
of a similarity-based search, we can still apply the strategies
discussed hereafter for output size estimation.

4. STATISTIC ESTIMATION

As mentioned in the introduction, we need to consider the
execution procedure of the operator to determine the feature
extractor. In this paper, we assume a specific procedure is
used to evaluate the similarity-based searches. By consid-
ering this procedure, we present a strategy below to design
the feature extractors. We then describe how to use decision
tree methods to establish the estimation models, and discuss
how to use these models to obtain the statistic estimates.

The specific procedure for similarity-based search is a di-
rect computation method to find k-a-near neighbors. More
specifically, in this method, we first determine a number of
pattern time series where the k-a-near neighbors must be
within them. We then calculate the distance from each of
these patterns to the streaming time series by directly ap-
plying the similarity formula. Having all these distances,
we can quickly determine which patterns are the actual k-
a-near neighbors.

4.1 Feature Extractors

Feature extractor obtains feature values from the underly-
ing data with the goal of minimizing estimation overhead.
In order to reduce the overhead, we develop an incremen-
tal approach to design the feature extractor by using data
approximations of time series and streaming time series.

We first describe how to approximate time series and stream-
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ing time series. The approximation method that we use in
this paper is similar to that in [8], where a small number
of significant DFT coefficients are used to represent a time
series or a subseries of a streaming time series. We call these
coefficients as the approzimations via DFT.

For the static pattern time series, i.e., all patterns are stored
in a database and do not change during the continuous query
evaluation, we can pre-process them to find their approxi-
mations off-line. Since patterns in the database may have
different lengths, we need to use DFT with the correspond-
ing length to perform the approximation for each pattern.

For a streaming time series, we can only obtain its approx-
imation in an on-line fashion when each new data value ar-
rives. To reduce the overhead of computing DFT at each
time position, we use an incremental approach to get the
approximation of the N-suffix of the streaming time series,
where N is the length of a pattern time series. Specifically,
we use Sliding DFT [27], given as the following proposition,
to quickly calculate the DFT coefficients. We can see both
the space requirement and computation cost of this incre-
mental DFT calculation are very small.

Proposition Given a DFT length N and a streaming time
series S = (s1,...), let Y = {(yo,¥1,...,yn—1) be the DFT
coefficients of the N-suffix of S at time t — 1, and Y’ =
(Yo, Y1,---,Yn_1) be those coefficients of S at time ¢, then
Y’ can be found by yl, = &>/ N[y, + (s; — s;—n)/N] for
n=0...N—1.

Two facts should be noticed about the approximation. The
first is that corresponding to each distinct pattern length,
there is an approximation of the streaming time series. This
means that a streaming time series may have multiple ver-
sions of approximation at any given time position. The sec-
ond is that we can calculate a distance lower bound for two
time series using their approximations via DFT, as given in
the following proposition.

Proposition For two time series Q and P where N =
min(len(Q), len(P)), if let Q and P denote the approxima-
tions of the N-suffix of Q and P, respectively, and let n
denote the dimensionality of the approximations, then

\/%sim(é), IS) < sim(Q, P).

Proof: Let the N-suffix of Q and P be (z1,z2,...,2n) and
{y1, 92, ---,yn), respectively. Let their corresponding DFT
coefficients Qn and Py be (Xi,Xa,...,Xn) and (Y1,Y>,
..., Yn), respectively. Using Parseval’s Theorem [22], we
have:

N : 7 N R— .
sim(Q,P) = \/Zl:l(f\; Yi)? _ \/Eizl |)]i; Y¢|2.

For the approximations Q and P with dimensionality of n,
n < N, we have

N
sim@,ﬁ):\/z?:l Xt = Vi /=L, X -l

The proposition follows. a
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In this paper, to simplify the illustration, we only use the
first DFT coefficient to approximate the pattern time series
and streaming time series, i.e., » = 1 in the above inequa-
tion.

We now consider how to extract feature values for cost esti-
mation by using these approximations. First, we pre-process
the pattern time series by sorting all of them by their ap-
proximations (the first DF'T coefficients) in increasing order,
and we re-assign the corresponding ranks as their new in-
dices. We perform this task off-line since no streaming time
series is involved. We then determine as features two pat-
tern indices, namely LowerIndex and UpperIndex, when-
ever a new value of the streaming time series arrives. These
two indices determine a range of patterns. The reason that
we use these two indices as features is because the num-
ber of patterns in the range is closely related to cost of the
similarity-based search.

First DFT A
Coefficient
UpperBound
15,
Maxs(ream
Ming . FA—
a
LowerBound [ Lower I ndex U Ind
/ / pperindaex
/ 3 IndexRange R
Sorted Patterns
Po  —  Pyowe Pome  ~ Pa

Figure 1: Cost feature extractor.

In Figure 1, we illustrate the detailed steps of obtaining
these two feature values in an on-line fashion. In this fig-
ure, the x-axis represents the indices (ranks) of the pattern
time series, the y-axis represents the approximation values
and the monotonic increasing curve represents the first DF'T
coefficients of all patterns in the pattern set after we per-
form the sorting. We carry out the feature extraction as
follows. First, we use the incremental DFT method to get
multiple approximations of the streaming time series up to
current time. (Each approximation corresponds to a dis-
tinct length for the pattern in the pattern set.) Assume
these approximations have a minimum value of Mingtream
and a maximum value of MaZstream. Now we can de-
termine a distance range by computing LowerBound =
Minstream — @ and Upper Bound = MaZstream + . As-
sume p is a pattern in the pattern set and p is an a-near
neighbor of the streaming time series at current time po-
sition. Based on the proposition on distance lower bound,
we can see that the first DFT coefficient of p must be in
the range of [LowerBound, Upper Bound]. Finally, we use
binary search to quickly find the corresponding index range
[LowerIndex, UpperIndex].

We use the similar procedure to extract features for the
emptiness estimation. We also choose these two pattern
indices as features and also use the process in Figure 1 to
get their values, since the emptiness of the search should be
closely related to the index range. In addition, we consider
a unique property, namely continuity [10] of a similarity-
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based search over streaming time series. This property says
that successive evaluations of a search are likely to result in
the same output. This implies that if one evaluation of the
search is empty (non-empty), then the following one is also
likely to be empty (non-empty). Hence, we can use previous
evaluation emptiness to estimate for current one. So besides
the above two pattern indices, we also use a number of most
recent emptiness as features.

In summary, we use as features two pattern indices and the
emptiness of a number of previous evaluations. In the im-
plementation, we use an additional feature, Index Range =
UpperIndex — LowerIndex. Although this feature seems
to be redundant, it does make the estimation models more
concise and more accurate. We tabulate all the features for
each extractor in Figure 2.

| Extractor | Features |
LowerIndex,
Cost UpperIndex and

IndexRange
LowerIndex,

UpperIndex,
Emptiness | IndexRange and
a number of previous
Emptiness

Figure 2: Features used.

4.2 Estimation Models

Building and using estimation models are straightforward.
It is a typical data mining application.

IndexRange
>=10000

Lowerindex Upperindex
> 500 o > 50000

Cost |

=1ms =2ms

Cost |

Figure 3: A sample cost estimation model

We first look at how to establish the estimation models. We
first run the similarity-based search for a sufficient num-
ber of times as the streaming time series come in. During
each evaluation, we use feature extractors to get the feature
values and collect the actual evaluation cost and emptiness.
Having these collected data as training data set, we then ap-
ply data mining algorithms such as C4.5 decision tree [23] to
establish the estimation models. We give a sample decision
tree for the cost estimation in Figure 3.

Using the estimation models to estimate the statistics is also
straightforward. When new values of the streaming time se-
ries arrive, we use the feature extractors incrementally to
obtain the feature values, and then feed them into corre-
sponding estimation models to get the estimates.
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5. EXPERIMENTAL RESULTS

In this section, we report our experimental results that demon-

strate the effectiveness of the proposed learning-based ap-
proach. The experiment is performed on a desktop box with
Pentium IIT 1.2GHz CPU and 512M memory, running Win-
dows XP Professional, and the code is written in program-
ming language C++. The data mining algorithm used to
build estimation models is C4.5 decision tree algorithm [23].
All datasets are loaded into memory in advance and hence
the cost measured only refers to the computational cost.

Datasets

Both pattern time series and the streaming time series are
synthetic data. The 10° pattern time series are generated
independently via a random-walk function. Each pattern
has a length between 50 and 300. The streaming time series
is constructed by randomly picking up some pattern time
series from the above and concatenating them into one long
sequence. In order to fill the gap between two successive pat-
terns, some values are interpolated in between via PCHIP
(Piecewise Cubic Hermite Interpolating Polynomial) func-
tions. In addition, some patterns appear more often than
others in order to simulate periodic phenomena in real world
streams. Finally, white noise is added to the streaming time
series.

Pattern time series are pre-processed to obtain their approx-
imations via DFT and they are sorted by their first DFT co-
efficients. The approximations of streaming time series are
calculated on fly with the incremental DFT approach given
in Section 4.1. We will only use the first DFT coefficients of
streaming time series and pattern time series to derive the
features.

Performance measures
The performance (accuracy) of cost and emptiness estima-
tion models is given as follows:

e The accuracy of the cost estimation model: the ratio
that the estimated cost is within a given tolerance of
the actual cost 2.

e The accuracy of the emptiness estimation model: the
ratio that the estimation model correctly predicts the
emptiness.

Continuous queries

We use similarity-based searches that ask for 1-a-near neigh-
bors of the streaming time series as the continuous query,
where a varies from 0.05 to 0.1, step by step. Here we fix
the similarity rank k& = 1 for two reasons. The first is that
a small change of k does not make much difference to the
evaluation cost. This can be seen from our feature extrac-
tion procedure, where only « is used. The second is that
emptiness estimation of a search is independent of the rank
value k. Indeed, if and only if a 1-a-near neighbor search
results in an empty (non-empty) set, any k-a-near neighbor
search will also result in an empty (non-empty) set.

Experimental results

In the experiments, we evaluate the above similarity-based
search for 2,000 time positions, which we call a run. For
each run, we choose the similarity threshold o between 0.05
and 0.1. In each run, we collect feature values, actual cost

2The tolerance is 1ms in the experiments reported, which is
less 10% of the average cost.
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and emptiness of the search at each time position. We then
apply the C4.5 algorithm on 70% of the collected data to
find out the two estimation models. We use the remaining
30% data to test the accuracy of the estimation models. The
results are given in Figure 4.

From Figure 4, we can see that the emptiness estimation
model has a relatively high accuracy. An interesting trend
is that as the threshold increases, the accuracy goes down
first and then goes up. This follows the fact that when
threshold is very small (very big), the search is very likely
to result in an empty (non-empty) output. In these cases,
the estimation model can accurately estimate the emptiness.
‘When the threshold takes values in between, the emptiness
is more sensitive to the feature values. In this case, the
estimation model has a relatively low accuracy.

The major reason for performance drop is that we only use
one DFT coefficient to derive features. This introduces er-
rors to the feature values. These errors have different impact
on estimate accuracy for different similarity threshold val-
ues. When the impact becomes large, the accuracy of the
estimation drops and so does the performance.

The accuracy of the cost estimation model is around 70% to
80%, as shown in Figure 4. Note that a mis-classified cost
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does not necessarily mean a bad estimate, since it may be
still very close to the actual cost. To assess this, we run the
similarity-based search with threshold o = 0.1 for another
2,000 time positions, and study the cost estimation distri-
bution. The result is shown in Figure 5. In this figure, each
pair of actual cost and estimated cost corresponds to one
evaluation. The vertical value indicates the total number of
times that a pair of estimated cost and actual cost appears.
Since all non-zero height values are clustered to the diag-
onal in this figure, this means that in each evaluation, the
estimated cost is very close to the actual cost.

For the search with a = 1, the averaged time to find the
two statistic estimates is 0.06ms. Compared to the overall
search time of 15ms on average, this is a very small over-
head. Experiments with other thresholds also confirm that
our proposed approach has very low overhead.

6. RELATED WORK

Continuous queries have long been attracting the attention
of database researchers. Terry et al. [28] perhaps were the
first one to introduce the notion of “continuous queries” for
a class of queries that are issued once and then run “continu-
ously” over databases. Later Liu et al. [17; 18] also presented
a similar concept, termed “continual query”. Recently, due
to the emerging needs of data stream management systems,
the interest in continuous queries, especially in continuous
queries over streams, has increased sharply. One direction
in this field is to design stream data process systems that
support continuous queries, i.e., Chen et al. presented the
design of the NiagraCQ system [6; 7]; Babu and Widom [4],
Madden and Franklin [19] also reported system architecture
and related issues for dealing with continuous queries. An-
other direction is query plan optimization for continuous
queries [20; 29]. Some more related details of continuous
queries and streams can be found in the tutorial [3; 11].

In this paper, we studied the estimation problem for similarity-

based searches over streaming time series. Most previous
work [1; 2; 24] on similarity-based searches was concentrated
on ad-hoc queries over stationary data sources, and in most
cases, the time series stored in databases are supposed to
have the same length. Although [9; 10] also study similarity-
based searches over streaming time series, their main con-
tribution is on how to efficiently evaluate similarity-based
search on a single streaming time series. In contrast, this pa-
per considers the scenario that a continuous query involves
multiple streaming time series and multiple similarity-based
searches, and focuses on estimating statistics that are nec-
essary for optimizing such a query.

This paper is also closely related to the literature on statis-
tic estimation, which has been addressed in the introduction
section. Besides, another interesting work [13] used machine
learning algorithms on the training queries to “re-vitalize”
the existing output size estimation methods whose perfor-
mance previously deteriorated due to high update loads.
However, all these work is based on modeling the data dis-
tribution. In contrast, in this paper, our learning-based ap-
proach is a direct estimation method without the step of
modeling data distribution.
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7. CONCLUSIONS

In this paper, we introduced a learning-based framework to
estimate statistics of an operator in a continuous queries.
The framework consists of extracting features and building
learning model using a training workload. We studied the
case of similarity-based query over streaming time series to
validate this approach. Our experiments demonstrated the
effectiveness of our proposed approach.

It should be noted that there may be different ways to design
a feature extractor. It is important for a feature extractor to
be well constructed so that the chosen method can lead to
accurate estimation models. It will be interesting to study
the strategy on how to find an “optimal” pair of feature ex-
tractor and estimation model, which may yield the best es-
timation accuracy under given resource constraint. Another
interesting research direction is to apply this learning-based
approach to other types of continuous queries.
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