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Abstract

Many modern database applications deal with large amounts of multidimensional data. Examples include
multimedia content-based retrieval (high dimensional multimedia feature data), time-series similarity re-
trieval, data mining/OLAP and spatial/spatio-temporal applications. To be able to handle multidimensional
data efficiently, we need access methods (AMSs) to selectively access some data items in a large collection
associatively.

Traditional database AMslike B+-tree and hashing are not suitable for multidimensional dataasthey can
handle only one dimensional data. Using multiple B+-trees (one per dimension) or space linearization fol-
lowed by B+-tree indexing are not efficient solutions. We need multidimensional index structures: those that
can index data based on multiple dimensions simultaneously. Most multidimensional index structures pro-
posed so far do not scale beyond 10-15 dimensional spaces and are hence not suitable for high dimensional
spaces that arise in modern database applications like multimedia retrieval (e.g., 64-d color histograms),
data mining/OLAP (e.g., 52-d bank data in clustering) and time series/scientific/medical applications (e.g.,
20-d Space Shuttle data, 64-d Electrocardiogram data). A simple sequential scan through the entire dataset
to answer the query is often faster than using a multidimensional index structure.

To address the above need, we design and implement the hybrid tree, amultidimensional index structure
that scales to high dimensional spaces. The hybrid tree combines the positive aspects of the two types of
multidimensional index structures, namely data partitioning (e.g., R-tree and derivatives) and space parti-
tioning (e.g., kdB-tree and derivatives), to achieve search performance more scalable to high dimension-
aities than either of the above techniques. Our experiments show that the hybrid tree scales well to high
dimensionalities for real-life datasets.

To achieve further scalahility, we develop the local dimensionality reduction (L DR) technique to reduce
the dimensionality of high dimensional data. The reduced space can be indexed more effectively using a

multidimensional index structure. LDR exploits local, as opposed to global, correlations in the data and



hence can reduce dimensionality with significantly lower loss of distance information compared to global
dimensionality reduction techniques. Thisimplies fewer false positives and hence significantly better search
performance.

Another challenge in multidimensional indexing is handling time-series data which constitutes a major
portion of all financial, medical and scientific information. We develop a new dimensionality reduction
technique, called Adaptive Piecewise Constant Approximation (APCA), for time series data. APCA takes
the idea of LDR one step further; it adapts locally to each time series object in the database and chooses the
best reduced-representation for that object. We show how the APCA representation can be indexed using a
multidimensional index structure. Our experiments show that APCA outperforms the other techniques by
one to two orders of magnitude in terms of search performance.

Before multidimensional index structures can be supported as AMs in ” commercial-strength” database
systems, efficient techniques to provide transactional access to data via the index structure must be devel-
oped. We develop concurrency control techniques for multidimensional index structures. Our solution,
based on granular locking, offers a high degree of concurrency and has alow lock overhead.

An dternate technique to handle huge data volumes and fast search time requirements in multidimen-
sional datasets is approximate query answering. Thisis especialy true for decision support/OLAP applica-
tions where queries are usually exploratory in nature; fast approximate answers are often preferred to exact
answers that take hours to compute. We develop a wavelet-based approximate query answering tool for
DSS data. Our technique constructs compact synopses (comprising of wavelet coefficients) of the relevant
database tables and subsequently answers any SQL query by working exclusively on the compact synopses.
Our approach provides more accurate answers and faster response times compared to other approximate
guery answering techniques, namely random sampling and histograms, especialy for high dimensional
data

Degspite the increasing application need, commercia database management systems (DBMSs) lag far
behind in their support for multidimensional data. One of the main reasons is the lack of scalable and effec-
tive techniques to manage large amounts of multidimensional data residing inside the DBMS. We believe
that the techniques developed in this thesis address that problem. We hope that our solutions will encourage

commercia database vendors to provide better support for multidimensional data in the future.
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Chapter 1

| ntroduction

1.1 Motivation

Many modern database applications deal with large amounts of multidimensional data. These applications
include:

e Multimedia Content-based Retrieval: Such systems represent the visual content of multimedia objects
(e.g., images) using features extracted from those objects. For example, for images, features include
color histograms, texture vectors and shape descriptors. The extracted features are highly multidimen-
sional in nature, i.e., we can view them as points in a high dimensional space (e.g., 64-dimensional
space for color histograms, 16-d space for texture vectors [111]). The system allows the user to sub-
mit one or more query examples and request for the objects in the database that are visually most
similar to those examples. The similarity of a database object to a query is defined as an aggregation
of their similarities with respect to the individual features. The individual feature similarity measures
as well as the aggregation function are chosen so as to capture the human perception of “similarity”
and are dynamically fine-tuned by the system at query time to accurately reflect the subjective per-
ception of the specific user [125, 118]. Multimedia similarity retrieval have numerous applications
including e-commerce (e.g., find all shirts in the shopping catalog similar to chosen shirt), medical
diagnosis/research (e.g., find al tumors with similar shape as the specified one [82]) and computer
aided design (CAD).

e Spatial/Fpatio-temporal databases: Spatial databases represent the positions of objects by their (z, y)
(2-dimensional) or (z,y, z) (3-dimensional) co-ordinates and store them along with other object at-
tributes [127]. Spatio temporal databases have an additional tempora dimension defining 3 (i.e.,
(z,y,t)) or4(i.e, (z,y,z,t)) dimensional spaces. Typical queriesin such systemsinvolve retrieving
objects based on their positions and/or time[127]. For example, one might beinterested in al vehicles
within amile of the location of an accident between 4-4:15pm when the accident happened.

e Time Series/Scientific/Medical Databases: Time series data account for a major fraction of all finan-
cial, medical and scientific data. Similarity search in time series data is useful not only as an end-user

1



tool for exploratory data analysis but also as a component inside data mining algorithms like cluster-
ing, classification and association rule mining. Time series databases convert time series segments to
multidimensional points using some transformation (e.g., Discrete Fourier Transform (DFT) [5, 46],
Discrete Wavelet Transform (DWT) [29, 79], Singular Value Decomposition (SVD) [79, 76, 81]).
Similarity search is then performed on the transformed data. Example applications include a doctor
searching for a particular pattern (that implies a heart irregularity) in the ECG database for diagno-
sis, a stock analyst searching for a particular pattern in the stock database for prediction etc. [78].
Multidimensional datais common in scientific and medical databases aswell. For example, the Sloan
Digital Sky Survey (SDSS) astronomy database will be storing 200 million objects (galaxies, stars and
quasars) with mostly numeric attributes (e.g., position, color, shape etc.) defining a 100-dimensional
space [140]. Astronomers would then run spatial proximity queries, similarity queries, multidimen-
sional range queries etc. on the high dimensional, multi-terabyte database. In the medical area,
multidimensional features are extracted from medical data (e.g., tumor images in [82], ECG datain
[78] ) which can then be used for similarity retrieval (e.g., find similar tumorsin [82], find patternsin
ECG data[78]) for the purpose of diagnosis and/or forecasting.

e Data Mining/OLAP: In a database, each data record contains values for several attributes which to-
gether define amultidimensiona space. For example, in the Census Population Survey database, each
person record contains information on age, income, educationa attainment, full/part-time work etc.
of the person [20]. An OLAP query may involve finding the average income of all people between
35 and 45 years of age with educational attainment > Bachelors degree (a 2-dimensional query). A
data visualization application may be interested in visualizing all people as points in the age-income
space. The visuaization application would also like to perform zoom in/out operations and visual
query constructions on the displayed space. A data mining application may run an algorithm to find
correlations between age and income in the dataset.

Although several emerging application domains dea with large amounts of multidimensional data, com-
mercial database management systems (DBMSs) lag far behind in their support for multidimensional data
and are not able to support such applications efficiently. One of the main problems is inadequate support
for multidimensional access methods. Access methods (AMSs) provide an efficient way to selectively access
some data items in a large collection associatively. For example, a similarity query in multimedia retrieval
needs to access color feature vectors that are “close to” the color feature vector of the query image. Scanning
the entire vector database to determine the close ones is usually too slow, especially when the database is
large and resides on disk. Figure 1.1 shows the time taken by linear scan to retrieve the color histograms
close to a given color histogram over a 64-dimensional color histogram database. The time increases lin-
early with the size of the database and takes 9 minutes for a 1 million item database. We need an access
method that allows the application to access those vectors close to the query vector without having to see al
the other vectors in the database. Traditional database AMs like B+-tree and hashing alow such accesses
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for one dimensional data (i.e., linearly orderable data). These AMs cannot be directly used to access multi-
dimensiona dataasthereisno linear order among pointsin amultidimensional space [88, 126]. There does
exist some indirect ways to use 1-d AMsto index multidimensional data. For example, one can index each
dimension of the multidimensional space using aB+-tree asshown in Figure 2.1. Asdiscussed in Chapter 2,
this technique turns out to be extremely costly, especialy at high dimensionalities. Another indirect mecha-
nism is to map mapping the multidimensional keys to one dimensional keys using a space filling curve like
the Z-order; the resulting 1-d key space can then beindexed using aB+-tree. Once again, as shown in Figure
2.2, thistechnique is usualy very expensive. We need index structures that can index data based on multiple
dimensions simultaneously: they are known as multidimensional index structures.

Work on multidimensional index structures dates back to early 1980s. The first multidimensional index
structures to be proposed were the spatial index structures (e.g., R-tree [59], kDB-tree [120], grid file[105]).
Although the above index structures work well at the low dimensional spaces (2-5 dimensions) which they
are designed for, they are not suitable for high dimensional spaces that arise in modern database applications
like multimediaretrieval (e.g., 64-d color histograms), data mining/OLAP (e.g., 52-d bank datain clustering
[2]) and time series/scientific/medical applications (e.g., 20-d feature vectors extracted from Space Shuttle
data [79], 100-d SDSS data [140], 64-dimensional ECG data[78]). A simple sequentia scan through the
entire dataset to answer the query is often faster than accessing the data using a spatial access method
[15, 16]. Figure 1.2 shows the cost of answering a range query on a 70,000-item color histogram database
using R-tree and linear scan techniques for various dimensionalities. Asthe dimensionality increases, linear
scan significantly outperforms R-tree in terms of random disk accesses. 1 We need indexing mechanisms

1We have ignored the CPU cost of the query in this example; the CPU cost of the linear scan technique is usually higher
compared to R-tree [23]. Even when CPU cost is considered, linear scan is faster than the R-tree at high dimensionalities, so Figure
1.2 represents the trend accurately.



that can scale to high dimensionalities as discussed in the next section.

1.2 Challenges

The main challenges in managing large, complex multidimensional datasets inside a DBMSinclude:

High Dimensional Index Structures : We need multidimensional index structures that, unlike the spatial
index structures discussed above, scale to high dimensionalities. Although several index structures have
been proposed for high dimensional spaces, none of them scale beyond 10-15 dimensions. Most of them
are variants of the R-tree (we refer to them as data partitioning index structures, cf. Section 3.2) and hence
suffer from the same problems as the R-tree, viz., low node fanout and high degree of overlap between
the bounding regions. The other class of multidimensional index structures, namely space partitioning
index structures (cf. Section 3.2) do not suffer from the above limitations. However, they have their own
share of problems (e.g., no guaranteed utilization (kDB-tree), storage of redundant information (hB-tree)) as
discussed in Chapter 3. We heed to develop index structures that overcome the above limitations of existing
multidimensional index structures. Like B+-trees, the developed index structures should be paginated (so
that we do not need the entire structure to fit in memory), height-balanced and have high node fanout. The
index structure should support range and k-nearest neighbor (k-NN) searches based on arbitrary distance
functions so that we can use the index to answer similarity queries (e.g., the color query above [43]) based
on the similarity measure that best captures the perception of the user.?.

Dimensionality Reduction Techniques : While a scalable index structure would be a big step towards
enabling DBM Ss to efficiently support queries over high dimensional data, further improvements are pos-
sible. High dimensional data often have highly correlated distributions [140, 24]. In order to exploit such
correlations, adimensionality reduction technique (e.g., Principal Component Analysis (PCA) [48]) is used
in conjunction with a high dimensional index structure. The idea is to first reduce the dimensionality of
the data and then index the reduced space using a multidimensional index structure [43]. If PCA is able to
condense most of the distance information in the first few dimensions (the first few principal components
(PCs)), the index, being built on alower dimensional space, will be able to evaluate queries more efficiently
than the index on the original high dimensional space. A good “condensation” is possible only when the
data set is globally correlated, i.e., most of the variation in the data can be captured by a few (arbitrarily
oriented) dimensions. In practice, datasets are often not globally correlated. In such cases, the above tech-
nique, referred to as global dimensionality reduction (GDR), causes significant loss of distance information
resulting in alarge number of false positives and hence a high query cost. A key observation is that even

Here we consider answering single feature similarity queries using the F-index (e.g., the color query using color index).
Multifeature queries (e.g., find similar images with respect to both color and texture) are typically evaluated by retrieving the
similar items with respect to each individual feature (i.e., individual color and texture matches) using the corresponding F-indices
and then merging them using a merging algorithm as described in [42, 111].



when a global correlation does not exist, there may exist subsets of data that are locally correlated. GDR
can not exploit such local correlations. A technique that can discover such local correlations in data and
exploit those correlations for building the reduced-space index can significantly enhance the scalability of a
multidimensional index structure.

Time Series Indexing Techniques : Similarity search in time series databases poses severa new index-
ing challenges. It is a difficult problem because of the typically high dimensionality of the raw data. For
example, the raw ECG datain [78] has dimensionality between 256 and 1024. The most promising solution
involves performing dimensionality reduction on the data, then indexing the reduced data with a multidi-
mensional index structure. All dimensionality reduction techniques proposed so far for time-series data
(e.g., DFT, DWT, SVD) are global techniques; they choose a common representation for all the itemsin the
database that minimizes the global reconstruction error. A technique that adapts locally to each time-series
item and chooses the best reduced-representation for that item (i.e., the one with the lowest reconstruc-
tion error for that item) can reduce the dimensionality of time-series data with significantly lower loss of
information. If such a representation can be indexed using a multidimensional index structure, it, due to
its high fidelity to the original signal, would support much faster similarity search compared to previous
dimensionality reduction techniques.

Integration of Multidimensional Index Structures to DBMSs : While there exists several research
challenges in designing scalable index structures, one of the most important practical challenges is that of
integration of multidimensional index structures as access methods (AMs) in aDBMS. Building a database
server with native support for al possible kinds of complex data and index structures that covers all ap-
plication domains is not feasible. The solution is to build an extensible database server that alows the
application developer to define her own data types and operations on those data types as well as her own
indexing mechanisms on the stored data which the database query optimizer can exploit to access the data
efficiently. Commercial ORDBM Ss already support user-defined data types and operations and have re-
cently started providing extensibility options for users to incorporate their own index structures [18, 135].
However, the interfaces exposed by commercial systems for index structure integration are too low level
and places too much burden (e.g., writing code to pack records into pages, maintain links between pages,
handle concurrency control etc.) on the AM implementor. The Generalized Search Tree (GiST) [63] pro-
vides amore elegant solution to the above problem by providing a higher level interface and abstracting out
the primitive page-level operations from the AM implementor. The AM implementor just needs to register
afew extension methods with GiST. GiST implements the standard index operations, search, insertion and
deletion, with the help of those methods provided by the AM implementor, who thus controls the behavior of
the search operation and organization of keys within the tree, thereby customizing GiST to her desired AM.
Although GiST considerably reduces the effort of integrating multidimensional index structures as AMsin
DBMSs, before it can be supported in a“commercial strength” DBMS, efficient techniques to support con-



current access to data viathe GiST must be devel oped. Developing concurrency control (CC) techniques for
GiST is particularly beneficial since it would need writing the CC code only once and would allow concur-
rent access to the database via any multidimensional index structure implemented in the DBM Susing GiST,
thus avoiding the need to write the code for each index structure separately.

Approximate Query Answering for Decision Support Applications : Another problem in multidimen-
sional data management is dealing with huge data volumes and stringent response time requirements in deci-
sion support/OLAP systems. Multidimensional index structures are not always the best option for accessing
OLAP data as OLAP queries may involve selections with unrestricted dimensions [128]. For example, the
guery “get the average income of all people between 35 and 45 years of age with educational attainment
> Bachelors degree” mentioned above is unrestricted along the income and full/part-time work dimensions
and is only left-restricted along the educational attainment dimension. Assuming that the index is built on
al dimensions, such queries may cause accessing large portions of the index structure leading to high cost
[128]. 3 Furthermore, OLAP queries may involve joins with usually just 1 or 2 join dimensions. Thereis
no efficient way to handle such queries using indexes built on all dimensions. Alternate techniques need
to developed for managing multidimensional data for OLAP applications. Approximate query answering
has recently emerged as a viable solution to this problem. Approximate answers are often acceptable in
DSS applications as such applications are usually exploratory in nature. For example, during a drill-down
query sequence in ad-hoc data mining, the main purpose of the initial queries in the sequence is to deter-
mine the truly interesting queries and regions in the database. Computing the exact answers for such queries
would unnecessarily waste time and system resources. Providing fast and accurate approximate answers, on
the other hand, would enable the users to focus on their explorations quickly and effectively. The genera
approach to approximate query answering is to first construct compact synopses of interesting relations in
the database (using a data reduction technique like random sampling, histograms, wavelets etc.) and then
answering the queries by using just the synopses (which usualy fit in memory). Approximate query an-
swering techniques proposed so far either suffer from high error rates (e.g., random sampling techniques for
joins and non-aggregate queries, histogram techniques at high dimensions) or are severely limited in their
guery processing scope (e.g., wavelet-based techniques). We need to develop approximate query answering
techniques that are accurate, efficient and general in their query processing scope.

1.3 Contributionsand Structure of Thesis

In this thesis, we analyze the problems posed by the above challenges and design, implement and evaluate
techniques to efficiently manage large, complex multidimensional datasets inside a database system. The
devel oped techniques include:

3Techniques to overcome the above problem has been proposed in the literature [107, 128]. Multidimensional index structures
have been used to index OLAP datain [39, 122].



e Index Structure for High Dimensional Spaces: We design an index structure, namely the hybrid
tree, that scales to 50-100 dimensional spaces. Such dimensionalities are common for multimedia
features (e.g., 64-d color histograms) and time-series/scientific/medical applications (e.g., 20-d feature
vectors extracted from Space Shuttle data [79], 100-d space in SDSS [140], 64-d ECG data [78]).
All previously proposed multidimensional index structures are either purely data partitioning (DP)
(e.g., R-tree and its variants) or space partitioning (SP) (e.g., kDB-tree and its variants) in nature
(see Section 3.2). We explore a “ hybrid” technique that combines the positive aspects of the two
types of index structures into a single data structure to achieve search performance more scalable than
either of the above techniques. The hybrid tree is disk-based, height balanced and have high node
fanout (independent of data dimensionality). It supports range and k-NN searches based on arbitrary
distance functions. Our experiments on real-life datasets show the hybrid tree scales well to high
dimensionalities and significantly outperforms both DP-based and SP-based index structures as well
as sequential scan (which isacompetitive technique for high dimensional data) at all dimensionalities.

e Local Dimensionality Reduction for High Dimensional Indexing: To improve the scalability of the
hybrid tree even further, we propose a new dimensionality reduction technique called Local Dimen-
sionality Reduction (LDR). LDR discovers local correlations in the data and performs dimensionality
reduction on the locally correlated clusters individually. We develop an index structure (based on the
hybrid tree 4 ) that exploits the correlated clusters to efficiently support point, range and k-nearest
neighbor queries over high dimensional datasets. Our technique guarantees that for any query, the
reduced-space index returns the same answers as it would have if the query was executed in the orig-
inal space (referred to as “ exact searching”). LDR marks a significant improvement over the GDR
technique which works well only when the data is globally correlated and cannot exploit local corre-
lations in data. Our experiments on synthetic as well as real-life datasets show that our technique (1)
reduces the dimensionality of the data with significantly lower lossin distance information compared
to GDR (smaller number of false positives) and (2) significantly outperforms the GDR, original space
indexing and linear scan techniques in terms of the query cost for both synthetic and real-life datasets.

e Locally Adaptive Dimensionality Reduction for Time Series Data: We introduce anew dimension-
ality reduction technique which we call Adaptive Piecewise Constant Approximation (APCA). While
previous techniques (e.g., SVD, DFT and DWT) choose a common representation for all theitemsin
the database that minimizes the global reconstruction error, APCA approximates each time series by
aset of constant value segments of varying lengths such that their individual reconstruction errors are
minimal. We show how APCA can be indexed using a multidimensional index structure. Since our
distance measure in the APCA space lower bounds the true distance (i.e., the Euclidean distance in
the original space), we guarantee exact searching, i.e., return the same answers as the original space

4Any multidimensional index structure can be used in conjunction with the LDR technique. We used the hybrid tree in our
experiments for LDR due to its scalability of high dimensions.



index. Our experiments show the APCA outperforms DWT, DFT and SVD by one to two orders of
magnitude in terms of search performance.

e Concurrency Control Techniques to enable integration of multidimensional index structures
as AMs in a DBMS: We develop efficient techniques to provide transactional access to data via
multidimensional index structures. Concurrent accesses to data via index structures introduce the
problem of protecting ranges specified in the retrieval from phantom insertions and deletions (the
phantom problem). We propose a dynamic granular locking approach to phantom protection in GiSTs.
The granular locking technique offers a high degree of concurrency and has alow lock overhead. Our
experiments show that the granular locking technique (1) scales well under various system loads and
(2) similar to the B-tree case, provides a significantly more efficient implementation compared to
predicate locking for multidimensional AMs aswell. Since awide variety of multidimensional index
structures can be implemented using GiST, the developed algorithms provide a genera solution to
concurrency control in multidimensional AMs. The other advantage of developing the solution in the
context of GiST is, as mentioned earlier, that the CC code would have to written only once. To the
best of our knowledge, our proposal is the first such solution for multidimensional index structures
based on granular locking.

e Wavelet-based Approximate Query Processing Tool for DSS applications: We develop awavelet-
based approximate query answering tool for high-dimensional DSS applications. We construct acom-
pact and approximate synopsis of interesting tables based on multiresolution wavelet decomposition.
We propose anovel wavelet decomposition algorithm that can build these synopses in an I/O-efficient
manner. We develop novel query processing algorithms that can answer any SQL query by working
just on the compact synopsis. This guarantees extremely fast response times since our approximate
query execution engine can do the bulk of its processing over compact sets of wavelet coefficients,
essentialy postponing the expansion into relational tuples till the very end of the query. Unlike pre-
vious techniques, we can handle al types of queries. aggregate queries, GROUP BY queries as well
as queries that return relations as answers (i.e., select-project-join queries). Our experiments on syn-
thetic as well asreal-life data sets show that our techniques (1) provide approximate answers of better
quality than either sampling or histograms, (2) offer query execution-time speedups of more than two
orders of magnitude, and (3) guarantee extremely fast synopsis construction times that scale linearly
with the size of the data.

In addition to developing and implementing the above techniques individually, we have the integrated
some of these techniques into the MARS database system. MARS (Multimedia Analysis and Retrieval
System) isanew object-relational DBM Sthat supports flexible and customizable similarity-based search and
ranked retrieval over arbitrary, application-defined data-types. ® MARS consists of 100,000 lines of C++

SMARS also provides built-in support for query refinement (via relevance feedback) in order to improve the quality of search
results.



code and isfully operational at this moment. MARS allows applications to create new data-types and define
the meaning of similarity for those data-types. For example, an image content-based retrieval application
can create a new image datatype and define afunction that, given two images, returns the similarity between
them. Subsequently, the application can run image similarity queries on MARS; MARS would compute the
results based on the application-specified similarity functions. MARS allows queries to have exact search
conditions in addition to similarity search conditions; the results are filtered based on the exact conditions
and ranked based on the similarity conditions. Applications that deal with multidimensional data including
multimedia content-based retrieval, spatial/spatio-temporal retrieval, time-series retrieval and data mining
applications, can easily be supported on MARS. To support similarity search in such applications efficiently,
the MARS index manager (MARS/IM) supports multidimensional AMsin addition to one-dimensional AMs
like B+-trees. The multidimensional AMs supported by MARS/IM include the R-tree and the hybrid tree
(they are supported only as secondary AMs). An application can create a multidimensional index of either
type on one or more attributes of a relation. Similarity queries on a relation can then be answered by
running a range query or a k-NN query on the index 8, the distance function will be chosen based on the
application-specified similarity function. MARS allows the distance functions to be dynamically modified
by the application at query time in order to adapt to the user's subjective perception of similarity. As
expected, using the index significantly speeds up similarity queries in MARS, often by several orders of
magnitude. We plan to integrate some of the other techniques developed in this thesis into MARS as well.

Therest of thethesisis organized asfollows. Chapter 2 provides abackground on multidimensional data
management techniques. Chapters 3 to 7 form the core of thisthesis. Chapter 3 introduces the hybrid tree, an
index structure that scales to high dimensional feature spaces. Chapter 4 describes the local dimensionality
reduction (LDR) technique. Chapter 5 proposes the locally adaptive dimensionality reduction technique,
namely adaptive piecewise constant approximation APCA, for indexing time series data. In Chapter 6, we
present concurrency control techniques in order to enable integration of multidimensional index structures
asAMsinaDBMS. Chapter 7 describes our wavel et-based approximate query answering tool for DSS data.
Finally, in Chapter 8, we summarize the contributions of this thesis and outline some directions for future
research.

®The decision as to whether to use an index or not is made by the query optimizer — so the system may not always use the index
to answer a similarity query.



Chapter 2

Background on Multidimensional Data
M anagement Techniques

The purpose of this chapter is to provide a background on multidimensional data management techniques.
We start with an overview of database access methods, mainly the B+-tree. In Section 2.2, we describe
two ways B+-trees can be used to index multidimensional data and point out their limitations, thereby mo-
tivating the need for multidimensional index structures. Section 2.3 presents the R-tree, the most popular
multidimensional index structure, and serves as a background for Chapter 3. Section 2.4 discusses the lim-
itations of R-tree and motivates the need for index structures that scale to high dimensionalities. In Section
2.5, we present dimensionality reduction techniques and discuss their limitations. Section 2.6 provides an
overview of existing dimensionality reduction techniques for time series indexing, highlighting their weak-
nesses. Section 2.7 presents concurrency control techniques for B-trees and explains why they cannot be
applied for concurrency control in multidimensional access methods. Finally, in Section 2.8, we provide a
background on approximate query answering techniques.

2.1 Access methods

Access methods (AMs) provide an efficient way to selectively access some data items in alarge collection
associatively. Consider adirectory of all people in UIUC being stored as arelation in a database. Consider
aquery for all people with last name “Smith*” (“*” denotes wildcard) on the above relation. If there are
no way to access the relation associatively by last name, the entire relation would have to be scanned to
answer the query and every item in the relation would have to be examined. This technique is usually too
slow, especialy for large relations. Now let assume that there exists an ordering AM on last name. The
AM can either keep the directory (i.e., the relation) itself sorted by last name (primary index) or maintain a
separate sorted list of last names with pointers into the full records in the directory (secondary index). The
AM can answer the above range query in time linear in the number of names in the range, after an initia
search logarithmic in the size of the directory (e.g., binary search). The B+-treeisarobust ordering AM that
is ubiquitous in database systems. It is a paginated search tree (i.e. each node corresponds to a disk page)
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with high fanout nodes that is used for one dimensional (i.e., linearly orderable) key spaces (e.g., integers,
floats, strings). B+-trees grow bottom up by splitting overfull nodes, followed by posting of index terms
higher in the tree. Searchers touch only logr.nout(filesize) pages (approximately), which is a factor of 8
improvement over binary search when fanout is 256, a typical vaue. Storage utilization with node splitting
is about 69%.

2.2 Inadequacy of B-trees

The B-tree, being an ordering AM, cannot index data based on multiple dimensions simultaneously asthere
isno linear order between, say, two 2-d points (2, 5) and (4, 2). There are two ways a B-tree can be used for
indexing multidimensional data:

e Using multiple B-trees, one per dimension: This approach is shown for a 2-d space in Figure 2.1.
This approach is inefficient as at most one of the indexes can be a clustering (i.e. primary) index. If
neither BTreel or BTree2 are primary indices, a 2-d range query (that requests all points contained in
the range) would need to execute a 1-d range query on each BTree (shaded regions) and then take the
intersection of the results, thus accessing much more datathan is necessary for the 2-d range query. If
one of themisaprimary index (say, BTreel), only one 1-d range queries needs to executed which still
would access more data than necessary. This problem becomes more severe at high dimensionalities.
Insertion and deletions also create problems as all the indices need to be updated.

e Linearizing multidimensional space and then using a B-tree: Thisapproach isshown for a2-d spacein
Figure 2.2. Linearization isachieved by Z-order but other ordering techniques (e.g., Hilbert curve) can
be used instead [72]. This solution is also inefficient as a 2-d range query (same as the one in Figure
2.1) needs to access irrelevant regions of the data space (shaded region) just because those regions
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happens to lie within the upper and lower bounds of the query according to superimposed Z-order.
Thiswould also create problemsin terms of access method concurrency control as the searches would
acquire locks on much larger regions than is necessary, leading to low concurrency and high lock
overhead (see Chapter 6 for details). Once again, the problems are greatly exacerbated by increasing
dimensionality.

2.3 R-trees

From the above discussion, it is clear can we need multidimensional index structures to efficiently access
multidimensional datasets associatively. One of the earliest multidimensional index structures to be pro-
posed is the R-tree [59]. It is aso one of most popular ones and several variants of the R-tree have been
proposed in the last few years (e.g., R+-tree, R*-tree, VAMSplit R-tree). To the best of our knowledge, it
is the only true multidimensional index structure supported by a commercial DBMS [141]. An example
R-tree (for the same point distribution as Figures 2.1 and 2.2 is shown in Figure 2.3. It recursively clusters
the multidimensional data using minimum bounding rectangles (MBR), forming a hierarchical tree structure
(e.0., a3leve treein Figure 2.3). Like the B-tree, it is height balanced and paginated (i.e., the nodes corre-
spond to disk pages). The leaf nodes contain either the actual tuples (if it is a clustering/primary index) or
just the multidimensional keys along with a pointer to the actual tuple (if it is a secondary index). Non-leaf
nodes contain entries of the form (M BR, child_pointer) where child_pointer is the address of a lower
level node in the R-tree and M B R is the smallest rectangle the spatially contains al the items in the lower
node's entries. The R-tree guarantees a node utilization bound i.e. every node contain between m and M
entries except the root (m and M can be different for leaf and non-leaf nodes). Although Figure 2.3 shows
point data, R-tree can store data with spatia extents (e.g., polygons).

A range search in the R-tree (to find all points contained in arectangular box) proceeds top-down from
the root by determining the overlapping entries in the node and recursively searching the corresponding
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child subtrees. For example, the 2-d range query shown in Figure 2.3 (same as the ones in Figures 2.1 and
2.2) would first examine the root node and determine that R1 and R2 are the only overlapping entries.

Then, it would explore the entries inside R1 and determine that it only overlaps with R6. Subsequently, it
checks the leaf node corresponding to R6 and adds al the qualifying points to the result. Then, it would
explore the entries inside R2 and determine that R10 is the only overlapping one: so it accesses the leaf
node corresponding to R10 and adds all the qualifying points to the result. The R-tree can also support
the k-nearest neighbor (k-NN) query efficiently, i.e., find the k nearest neighbors to a given point in terms
of Euclidean distance [121, 66]. K-NN queries with respect to other distance functions has been studied
recently [82, 131, 21].

Inserting a new point in the R-tree involves selecting aleaf node L to place the point (by starting from
the root and recursively selecting the node that requires the least enlargement to accommodate the point),
and placing the point in L. If the boundary of L changes or L is split (because it became overfull) due
to the insertion, the changes are recursively propagated up the tree. The node splitting algorithm of the
R-tree bipartitions the objects in the node such that the sum of the areas of the two MBRs after the split is
minimized. Severa optimizations of the R-tree bipartitioning algorithm have been proposed in the literature
(e.g., new criteria like minimizing the overlap between the MBRs, minimizing the perimeter of the MBRs
etc.) [11, 50]. The deletion takes place by locating the leaves L that may contain the point, looking for the
point in those leaves and deleting it if found. If the leaf becomes underfull, it is deleted and the changes are
propagated up the tree. We refer the interested readers to [59] for further details.
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24 Dimensionality Curse

The R-tree and its variants (e.g., R+-tree, R*-tree) work well at 2-5 dimensional spaces. Beyond 5 dimen-
sions, the performance of these index structures deteriorate rapidly. A simple sequential scan through the
entire dataset (examining each item to determine whether it qualifies as an answer) turns out to be faster
than using the R-tree (see Figure 1.2). This phenomenon, commonly known as the “dimensionality curse”,
occurs due to many reasons. Firgt, let us consider the R-tree-specific reasons:

e High Overlap: Thereisahigh degree is overlap between the index nodes of the R-tree at high dimen-
sions[15]. Overlap increases the average number of paths a search needsto follow, thereby increasing
query cost.

e Low Fanout: The fanout of the nodes decreases linearly with the increase in dimensionality. If the
disk page size is 4KB, the fanout of an R-tree non-leaf node at 64-d drops to about 7. Lower the
fanout, deeper the tree, higher the cost.

The above problems occur in al bounding region based index structures (also referred to as data par-
titioning(DP) index structures) no matter what the shape of the region is. Examples include SS-tree (that
uses minimum bounding spheres [149]), SR-tree (that uses both rectangles and spheres [77]), X-tree (that
uses rectangles [15]), M-tree (where region shape is determined by the I, metric used, i.e., diamonds if
Ly isused, spheres if Ly isused etc. [33]). Space partitioning (SP) index structures overcome the above
problems by always splitting nodes along one dimension? (in contrast to DP-based structures that use all
the dimensions to split) and representing the partitioning inside an index node using a kd-tree [90]. This
eliminates overlap and makes the node fanout independent of dimensionality. However, existing SP-based
technigues have other problems (e.g., no guaranteed node utilization in kdB-trees, redundant information in
hB-trees) which will be discussed in detail in Chapter 3.

Another reason for dimensionality curse is the increasing sparsity of high dimensional spaces [146]. If
the space is sparse, the nearest neighbors to a query point P would be far away from P (as well as from
each other) requiring the k-NN algorithm to explore alarger region in space to return the answers and hence
accessing more nodes of the index structure (i.e. more disk pages). This effect is most severe in uniformly
distributed datasets [16, 146]. In a uniformly distributed dataset, above a certain dimensionality, al points
aremore or less equidistant (equally far) from each other, raising the question of “ meaningfulness’ of nearest
neighbor queries in high dimensional spaces[16]. Thisis not the case with most real-life datasets and hence
nearest neighbor queries are meaningful for such datasets. An example distance distribution for a real-life
64-d color histogram dataset (based on L1 distance) is shown in Figures 2.4 and 2.5. The figures show that
al points are certainly not equidistant from the query point; afew points are close of the query point while
most points are far from it. However, even red-life feature spaces do exhibit the some sparsity effect and
sequential scan would start to outperform an index scan above a certain “cut-off” dimensionality. Our goal

IWe are using the Ri’s to denote both the node and the corresponding MBR. For example, R1 denotes the the node containing
entries (R4, R5, R6, R7) in Figure 2.3(b) and the corresponding MBR shown by the dashed rectangle in Figure 2.3(a).
2hB-tree, athough a SP-based technique , uses multiple dimensions to split [90].
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is to design indexing techniques that have high cut-off dimensionality (above 100) so that it is useful for
indexing feature spaces that arise in most real life applications (2-100 dimensional spaces).

2.5 Dimensionality Reduction Techniques

A common technigue to overcoming dimensionality curse isto use a dimensionality reduction technique in
conjunction with a multidimensional index structure. The most commonly used dimensionality reduction
technique is Principal Component Analysis (PCA) [38, 48]. PCA examines the variance structure in the
data and determines the directions (which are linear combinations of the original dimensions) along which
the data exhibits high variance. The first direction (called the first principal component (PC)) accounts for
as much of the variability in the data as possible, and each succeeding PC accounts for as much of the
remaining variability as possible. Figure 2.6 shows a set of points and the two PCs (X’ and Y’). Since the
first few PCs account for most of the variation in the data, the rest can be eliminated without significant
loss of information. For example, in Figure 2.6, the second principal component Y’ can be eliminated, thus
reducing the dimensionality from 2 to 1. The 1-d images of the 2-d points are obtained by projecting them
on the first principal component X’ (shown by squares in Figure 2.6). The position of any point along an
eliminated component is assumed to be the mean value of al points along that component. It can be shown
that PCA is the optima way to map points in a D-dimensional space to points in a d-dimensional space
(d < D), i.e, it minimizes the mean sgquare error, where the error is the distance between each D-d point
and its d-d image [48].

Algebraically, the principal components are computed as follows. Let A bethe N x D data matrix
whose each row corresponds to a point in the original D-dimensional space (/N is the number of pointsin
the dataset). The first principal component is the eigenvector corresponding to the largest eigenvalue of
the variance-covariance matrix of A, the second component correspond to the eigenvector with the second
largest eigenvalue and so on. The mapping (to reduced dimensionality) corresponds to the well known
Singular Value Decomposition (SVD) of data matrix A and can be donein O(N I?) time.

The reduced dimensiona points can be indexed more effectively using a multidimensional index struc-
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ture. It can be shown that distances in the reduced space satisfies the lower bounding lemma [43]:
D(Image(A), Image(B)) < D(A, B) (2.1)

where A and B are two points in the origina space, Inage(A) and I'mage(B) are their images in the
reduced space and D is any L, metric. The above property guarantees that executing the query on the
reduced space index cannot result in any false dismissals and hence (by appropriate post-processing) can
produce the exact same results as origina space querying (see Chapter 4 for details).

One of the main limitation of PCA is that it works well only when the dataset is globally correlated,
i.e., most of the variation in the data can be captured by a few dimensions. In practice, datasets are often
not globally correlated. In such cases, reducing the dimensionality using PCA causes significant loss of
distance information and hence degrades the query performance. Our goal in this thesis is to develop a
dimensionality reduction technique that works well under all circumstances, even when the dataset is not
globally correlated.

2.6 Time SeriesIndexing

Time series data is usually high dimensional in nature. For example, the ECG data in [78] has dimen-
sionality between 256 and 1024. As discussed in Section 2.5, the most common technique to handle high
dimensionality is to first reduce the dimensionality of the data and then index the reduced-dimensional data
using a multidimensional index structure. Although PCA is the most common dimensionality reduction
technigue for other types of high dimensional data, other techniques like Discrete Fourier Transform (DFT),
Discrete Wavelet Transform (DWT) and Piecewise Aggregate Approximation (PAA) are more common for
time series data. We discuss these techniques in further detail in this section:
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e Discrete Fourier Transform (DFT): Thefirst technique suggested for dimensionality reduction of time
series is DFT [5]. The basic idea of DFT is that any signal can be represented by the superposition
of afinite number of sine (and/or cosine) waves, where each wave is represented by a single complex
number known as a Fourier coefficient. A time series represented in this way is said to be in the fre-
guency domain. There are many advantages to representing atime seriesin the frequency domain; the
most important of which is datareduction. A signal of length n can be decomposed into n sine/cosine
waves that can be recombined into the original signal. However, most of the later coefficients (the
higher frequency ones) have very low amplitude and thus contribute little to the reconstructed signal;
they can be discarded without much loss of information thereby producing data reduction.

To perform dimensionality reduction of a time series X of length n into a reduced feature space
of dimensionality IV, the DFT of X is computed. The vector containing the first % coefficients
(lowest frequency ones) forms the reduced N-d representation of X. The reason the truncation takes
place at % and not at N is that each coefficient is a complex number, and therefore we need one
dimension each for the imaginary and real parts of the coefficients. Figure 2.7 shows asignal X and
its approximation X’ computed from the retained % (which is4 inthis case) coefficients.

Thekey observation isthat the Euclidean distance between two signalsin thetime domain is preserved
in the frequency domain. This result is an implication of a well-known result called Parseval’s law
[46]. If some coefficients are discarded, then the estimate of the distance between two signals is
guaranteed to be an underestimate, thus obeying the lower bounding requirement in Equation 2.1.
Hence we can use DFT for indexing series data without compromising the exactness of the results.
The original work demonstrated a speedup of 3 to 100 of such an index over sequential scanning
[5, 46].

e Discrete Wavelet Transform (DWT): Wavelets are mathematical functions that represent data in terms
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Figure 2.9: Anillustration of the PAA technique. A time series consisting of eight (n) points is projected
into two (N) dimensions.

of the sum and difference of a prototype function, called the basis function. In this sense they are
similar to DFT. They differ in several important respects, however. One important difference is that
wavelets are localized in time, i.e., each wavelet coefficient of a time series object contributes to the
reconstruction of small portions of the object. Thisisin contrast to DFT where each Fourier coefficient
contributes to the reconstruction of each and every datapoint of the time series. This property of DWT
is useful for multiresolution analysis of the data. The first few coefficients contain an overal, coarse
approximation of the data; addition coefficients can be imagined as ”zooming-in” to areas of high
detail. Figure 2.8 illustrates this idea for Haar Wavelets.

To perform of atime series X of length »n into a reduced feature space of dimensionality N, we
compute the wavelet coefficients and retain the first V coefficients. Chan and Fu devel oped a distance
measure defined on wavelet coefficients (Haar wavelets) which provably satisfies the lower bounding
requirement in Equation 2.1 [29]; hence DWT can be used for indexing.

e Piecewise Aggregate Approximation (PAA): PAA reduces the dimensionality of atime series X of
length (dimensionality) n to N (1 < N < n) by dividing X into N equal-length segments and
recording the mean value of the datapoints falling within the segment [79, 153]. Figure 2.9 illustrates
PAA. The distances in the PAA space lower bounds the distances in the origina space, so PAA can
be used for indexing [79]. It can be shown that PAA isidentical to the wavelet technique proposed in
[29] except that PAA is faster to compute and can support more general distance measures [153, 79].

All the above dimensionality reduction techniques choose a common representation for all the time
series objects in the database; the first % fourier coefficients in DFT, the first N wavelet coefficients in
DWT and the low resolution version of the object in PAA where al parts of the object are represented at
equal resolution. A technique that adapts the reduced-representation locally to each time series and chooses
the best one for that item (i.e., the one with the lowest reconstruction error) can reduce dimensionality with
significantly lower loss of information. Our goal in this thesis is to develop such a representation that can
aso be indexed using a multidimensional index structure (and support exact searching).
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2.7 AccessMethod Integration: Concurrency Control in B-trees

Concurrent access to data via a general index structure introduces two independent concurrency control
problems:

e Preserving consistency of the data structure in presence of concurrent insertions, deletions and up-
dates
e Protecting search regions from phantoms

In this thesis, we address the problem of phantom protection in multidimensional AMs (in the context
of GiSTs). Although this problem has received little attention in the context of multidimensional AMs, it
has been addressed effectively for B-trees. We discuss the solution for B+-trees in this section.

The phantom problem is defined as follows: Transaction T1 reads a set of data items satisfying some
<sear ch condi ti on>. Transaction T2 then creates data items that satisfies T1's<sear ch condi -
t i on> and commits. If T1 then repests its scan with the same <sear ch condi ti on>, it gets a set of
data items (known as “phantoms’) different from the first read. Phantoms must be prevented to guarantee
serializable execution. Note that object level locking [55] does not prevent phantoms since even if al objects
currently in the database that satisfy the search predicate are locked, concurrent insertions into the search
range cannot be prevented.

One solution isfor transactions to acquire locks on predicates (instead of objects). For example, arange
scan that accesses all employees in the database whose salary is between 10K and 20K will acquire a shared
mode (S) lock on the predicate: 10K < emp.salary < 20K. A lock request < ¢, p, m > by transaction
t on predicate p with mode m conflicts with another request < #,p',m’ > iff all of the following are true:
(1) t and ¢’ are different (2) m and m’ conflict and (3)p A p' is satisfiable (i.e. there may exist an object that
satisfies both predicates). A transaction wishing to insert a new employee record whose salary is 11K will
acquire an exclusive mode (X) lock on the predicate emp.sal = 11K which conflicts with the predicate
10K < emp.salary < 20K associated with the range scan and will not be permitted. On the other hand, a
transaction wishing to insert a new employee whose salary is 30K is permitted to execute concurrently with
the scan.

While the predicate locking solves the problem of phantoms, unfortunately, testing for predicate satis-
fiability may be expensive. Even if predicates are simple and their satisfiability can be checked in constant
time, the complexity of acquiring a predicate lock is linear in the number of concurrent transactions which
is an order of magnitude costlier compared to acquiring object locks that can be set in constant time [55].
This problem is overcome using granular locking which is an engineering approach towards implementing
predicate locks. The ideaisto divide the predicate space into a set of resource granules that may include or
overlap with other resource granules. Transactions acquire locks on granules instead of on predicates. The
locking protocol guarantees that if two transactions request conflicting mode locks on predicates p and )

3These insertions may be aresult of insertion of new objects, updates to existing objects or rolling-back deletions made by other
concurrent transactions.
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such that p A p' is satisfiable, then the two transactions will request conflicting locks on at least one granule
in common. Granular locks can be set and released as efficiently as object locks.

An example of a granular locking approach is the multi-granularity locking protocol (MGL) [89]. Be-
sides preventing phantoms, MGL aso has an added benefit that transactions can acquire locks on granules
at different levels of coarseness based on their requirements— alock on a node of the granule graph in mode
M implicitly locks al the descendants of that node in mode M. To achieve this, MGL exploits additional
lock modes called intention mode locks which represent the intention to set locks at finer granularity[89].
An intention mode lock on a node prevents other transactions from setting coarse granularity (i.e S or X)
locks on that node. (see the lock compatibility matrix shown in Table 6.1). Transactions acquire locks from
the root to the leaf of the granule graph and release locks in the reverse order. A transaction can acquire
an Sor ISmode lock at agranule g if it has at least one parent of g locked in either 1S or higher mode. A
transaction can acquire an X, SIX or IX modelock at ¢ if it has all parents of g locked in IX or SIX mode.

Application of MGL to the key space associated with a B-treeisreferred to as key range locking. In key
range locking, the entire key space is partitioned into certain key ranges which are supported as lockable
granules. For example, if the domain of the key isthe set of integers, the range may be divided into 4 distinct
key ranges (—oo, 10], (10, 35], (35, 50, (50, c0). A scan acquires locks to completely cover its query range.
For example, a scan that accesses the keys between 5 to 30 will acquire Slocks on the ranges (—oo, 10] and
(10, 35]. Similarly, atransaction that inserts, deletes, or updates an object that liesin agiven range, acquires
an I1X lock which denotes its intention to change an object in that range. For example, atransaction wishing
to insert an object whose key value is 11 will acquire an 1X lock on the range (10, 35] which conflicts with
the Slock held by the scan (see Table 6.1) and will therefore not be permitted concurrently with the scan
thereby preventing phantoms.

The above discussion suggests that the set of key ranges supported as granules are static. In practice,
an approach in which the key ranges that dynamically evolve as new key values are inserted and/or deleted
from the database are preferred. Dynamic key range schemes are more adaptive to the changes in the key
space over time and provides a higher degree of concurrency. However, since the granules may dynamically
change, the locking protocols are significantly more complex. Further details about granular locking and key
range locking can be found in [55]. In Chapter 6, we discuss in detail why the solution for B-trees cannot be
applied for phantom protection in multidimensional AMs. We need new techniques for concurrency control
in multidimensional AMs.

2.8 Approximate Query Answering Techniques

Approximate query processing has recently emerged as aviable, cost-effective solution for dealing with the
huge data volumes and stringent response time requirements of today’s Decision Support Systems (DSS)
[1, 51, 53, 61, 64, 70, 115, 144, 145]. The general approach is to first construct compact synopses of the
interesting relations in the database (using a data reduction technique) and then answering the user queries
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Figure 2.10: Data reduction techniques for approximate query answering.

by using just the synopsis. Data reduction techniques used for constructing the synopses include sampling,
histograms and wavelets.

e Sampling-based techniques use random samples as synopses for large datasets. Figure 2.10(a) shows
an example 2-dimensional DSS dataset where the location of each point represent the age and salary
of asingleindividual. Figure 2.10(b) shows the synopsis of that dataset using random samples. Each
sample point stores the location of the point and the number of tuples it represents. The ratio of
the number of sample points to the size of the original dataset is the compression ratio (assuming
that storing the count information has negligible cost compared to the point location which is true
for high dimensional data). For example, in Figure 2.10, the compression ratio is 5. Consider the
range count query shown in Figure 2.10, i.e., we want to know the number of individuals between
40 and 64 years making between 45K and 70K. The exact answer is 5 as shown in Figure 2.10(a).
Figure 2.10(b) shows the computation of the approximate answer using the random sample synopsis.
Since the synopsis is usually much smaller than the original data and usualy resides in memory, the
approximate answer can be computed much faster compared to the exact answer. Sample synopsis
can be either precomputed (as shown in the example above) and maintain incrementally [1, 51] or can
be obtained progressively at run-time by accessing the base data using appropriate access methods
[61, 64]. Random samples typically provide accurate estimates for aggregate quantities (e.g., count,
sum and average). Random samples can provide probabilistic guarantees on the quality of estimated
aggregate [60]. Sampling techniques have several disadvantages, especially for non-aggregate queries
and when join operations are involved, which is discussed in detail in Chapter 7.

¢ Histogram-based techniques use multidimensional histograms as synopses for large datasets. Figure
2.10(c) shows the synopsis of the same dataset using multidimensional histograms. Each histogram
bucket stores a rectangle that specifies the coverage of the bucket, the number of points represented
by that bucket and the number of unique positions along each dimension to capture the distribution
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of the points. For example, for bucket B4 in Figure 2.10(c), the count is 6 and the number of unique
positions are 2 and 3 aong the age and salary dimensions respectively. Approximate answers for
range-aggregate queries are obtained by determining the overlap of the range with the buckets and
then computing the aggregates based on the distribution of the points in the overlapping regions.
Figure 2.10(c) shows the computation of the the approximate answer for the range-count query using
the histogram synopsis. Once again, since the histogram synopsis is usualy memory-resident, the
approximate answer can be computed much faster compared to the exact answer. While histograms
have been studied mostly in the context of selectivity estimation [52, 68, 69, 99, 116, 117], recently
it has been proposed as an approximate query answering tool [70, 115]. Histogram techniques have
several limitations, especially for high dimensional data, which is discussed in detail in Chapter 7.

Wavel et-based techniques use wavel et coefficients as synopses. Recent work shows the wavel et-based
synopses can produce surprisingly accurate results with very few retained coefficients, even at high
dimensions [144, 145]. However, the work on wavelet-based approximate querying has so far been
extremely limited in their query processing scope as discussed in Chapter 7.
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Chapter 3

High Dimensional I ndex Structures. The
Hybrid Tree

This chapter describes the hybrid tree, an index structure for high dimensional feature spaces.

3.1 Introduction

Feature based similarity search has emerged as an important search paradigm in database systems. The
technique used is to map the data items as points into a high dimensiona feature space. The feature space
is indexed using a multidimensional data structure. Similarity search then corresponds to a range or k-NN
search on that data structure. To support efficient similarity search in a database system, robust techniques to
index high dimensional feature spaces needs to be developed. Traditional multidimensional data structures
(e.g., R-trees [59], kDB-trees [120], grid files [105]), which were designed for indexing spetial data, are
not suitable for multimedia feature indexing due to (1) inability to scale to high dimensionality and (2) lack
of support for queries based on arbitrary distance measures. Recently, there has been significant research
effort in developing indexing mechanisms suitable for multimedia feature spaces. One of the techniquesis
dimensionality reduction (DR). Existing DR techniques have several limitations: (1) they work well only
when the data is strongly correlated (2) they usually do not support similarity queries based on arbitrary
distance functions [13] and (3) they are not suitable for dynamic database environments. We address some of
these limitations in Chapter 4. Since DR techniques are typically used in conjunction with multidimensional
index structures (to index the reduced space) and the reduced spaces are still expected to be high dimensional
in nature, a robust solution to feature indexing requires multidimensional data structures that scale to high
dimensionalities and supports arbitrary distance measures.

This chapter introduces the hybrid tree for this purpose. What distinguishes the hybrid tree from other
multidimensional data structures is that it is neither a pure DP-based nor a pure SP-based technique. Ex-
perience has shown that neither of these techniques are suitable for high dimensionalities but for different
reasons. Simple sequentia scan performs better beyond 10-15 dimensions [16]. BR-based techniques tend
to have low fanout and a high degree of overlap between bounding regions (BRs) at high dimensions. On
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the other hand, SP-based techniques have fanout independent of dimensionality and no overlap between
subspaces. But SP-based techniques suffer from problems like no guaranteed utilization (e.g., KDB-trees)
or require storage of redundant information (e.g., hB-trees). The main contribution of this chapter is the
“hybrid” approach to multidimensional indexing: a technique that combines positive aspects of the two
types of index structures a single data structure to achieve search performance more scalable to high di-
mensionalities than either of the two technigues. On one hand, like SP-based index structures, the hybrid
tree performs node splitting based on a single dimension and represents space partitioning using kd-trees.
This makes the fanout independent of dimensionality and enables fast intranode search. On the other hand,
space partitions, like the BRs in DP-based techniques, are allowed to overlap whenever clean splits neces-
sitate downward cascading splits, thus retaining the guaranteed utilization property. The tree construction
algorithms in the hybrid tree are geared towards providing optimal search performance. As desired, the
hybrid tree alows search based on arbitrary distance functions. The distance function can be specified by
the user at query time. Our experiments on “real” high dimensional large size feature databases show that
the hybrid tree scales well to high dimensionality and large database sizes. It significantly outperforms both
purely DP-based and SP-based index mechanisms as well as linear scan at all dimensionalities for large
sized databases.

The rest of the chapter is organized as follows. Recently, many multidimensional data structures have
been developed for the purpose of high dimensional feature indexing. In Section 3.2, we develop a classifi-
cation of these data structures that allows us to compare them to the hybrid tree. Section 3.3 introduces the
hybrid tree and is the main contribution of this chapter. In Section 3.4, we present the performance results.
Section 3.5 offers the final concluding remarks.
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Index Struc- || Number of di- | Number of | Number of kd- | Fanout Degree Node Uti- | Storage

ture mensions used to | (k-1)-d hyper- | tree nodes used to of lization Redun-
split planes used to | represent the split Overlap Guarantee dancy

split

KDB-tree 1 1 1 High (Independent of k) None No None

hB-tree d1<d<k) d d High (Independent of k) None Yes Yes

R-tree k 2k Low for large k (o< %) High Yes None

Hybrid tree 1 lor2 1 High (Independent of k) Low Yes None

Table 3.1: Splitting strategies for various index structures. & is the total number of dimensions.

3.2 Classification of Multidimensional Index Structures

Theincreasing need of applications to be able to store multidimensional objects (e.g., features) in adatabase
and index them based on their content has trigerred alot of research on multidimensional index structures.
In this section, we develop a classification of multidimensiona indexing techniques which alows us to
compare the hybrid tree with the previous research in this area. The classification is summarized in Figure
3.1. Since we have aready discussed dimensionality reduction techniques, we restrict the discussion in this
section to multidimensional index structures.

Existing multidimensional techniques can be classified in two different ways. One way to classify them
isinto Data Partitioning (DP)-based and Space Partitioning (SP)-based index structures. A DP-based
index structure consists of bounding regions (BRS) arranged in a (spatial) containment hierarchy. At the
data level, the nearby dataitems are clustered within BRs. At the higher levels, nearby BRs are recursively
clustered within bigger BRs, thus forming ahierarchical directory structure. The BRs may overlap with each
other. The BRs can be bounding boxes (e.g., R-treg[59], X-treg[15]) or bounding spheres/diamonds (e.g.,
SS-tree[149], M-treg[33], TV-treg[86]). On the other hand, a SP-based index structure consists of space
recursively partitioned into mutually digoint subspaces. The hierarchy of partitions form the tree structure
(e.g., kKDB-treg[120], hB-treg[90] and L SDh-tree[65]). We compare these two types of index structures with
the hybrid tree as a solution to high dimensional feature indexing in Section 3.3.6.

An dternative way of classification is into Feature-based and Distance based techniques. In feature
based techniques, the data/space partitioning is based on the values of the vectors along each independent
dimension and is independent of the distance function used to compute the distance among objects in the
database or between query objects and database objects. Examples of DP-based techniques that are feature
based include R-tree and X-tree. Examples of SP-based techniques that are feature based include kDB-
tree, hB-tree, LSDh-tree. On the other hand, distance based techniques partition data/space based on the
distance of objects from one or more selected pivot point(s), where the distance is computed using a given
distance function. Examples of DP-based techniques that are distance based include SS-tree, M-tree and
TV-tree. Examples of SP-based techniques that are distance based include vp-tree [31] and mvp-tree [19].
A comparison between the two classes can be found in [22].

25



Space partitioning
within hybrid tree
i ndex node

=—— Note: Partitions
may not al ways be
mutual 'y disjoint

Dim.2 3 :
) W/// // Cor respondi ng
2 representation
Note: Internal nodes
1 of kd-trees maitain
2 split positions
0 2 3 (I'sp and rsp) instead
Dim. 1(x) of one to represent

overlapping splits

<= kd-tree Leaf Node
(> kdreelnternal Node

[ ] BRcorresponding to an internal node of the kd-tree |:|
1 BRcorresponding to aleaf node of the kd-tree 40 41

Figure 3.2: Mapping between each node and the corresponding BR. The shaded area represents overlap
between BRs

3.3 TheHybrid Tree

In this section, we introduce the hybrid tree. We discuss how the hybrid tree partitions the space into
subspaces and how the space partitioning is represented in the hybrid tree. We discuss the node splitting
algorithms and show how they optimize expected search performance. We describe the tree operations and
conclude with a discussion on where the hybrid tree fits into the classification developed in Section 2.

3.3.1 SpacePartitioningintheHybrid Tree

First, we describe the “ space partitioning strategy” in the hybrid treei.e. how to partition the space into two
subspaces when a node splits. The first issue is the number of dimensions used to partition the node. The
hybrid tree always splits a node using a single dimension. 1-d split is the only way to guarantee that the
fanout is totally independent of dimensionality. Thisisin sharp contrast with DP-based techniques which
are at the other extreme: they use al the k dimensions to split, leading to alinear decrease in fanout with
increase in dimensionality. Some index structures follow intermediate policies [90]. The only disk-based
index structure that follows a 1-d split policy isthe kDB-tree [120]. Single dimension splitsin the KDB-tree
necessitate costly cascading splits and causes creation of empty nodes. Due to the above reasons, kDB-
tree shows poor performance even in 4 dimensional feature spaces [56]. kDB-trees cause cascading splits
since it requires the node splits to be necessarily clean i.e. the split must divide the indexed space into two
mutually disjoint partitions. We relax the above constraint in the hybrid tree: the indexed subspaces need
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not be mutually digoint. The overlap is allowed only when trying to achieve an overlap-free would cause
downward cascading splits and hence a possible violation of utilization constraints. The splitting strategies
of the various index structures is summarized in the Table 3.1.

It is clear from the above discussion that the hybrid tree is more similar to SP-based data structures than
DP-based index structures. But the above “relaxation” necessitates several changes in terms of representa-
tion and algorithms for tree operations as compared to the pure SP-based index structures. The first change
isin the representation. Asin other SP-based techniques, the space partitioning within each index nodein a
hybrid tree is represented using a kd-tree. Since regular kd-trees can represent only overlap free splits, we
need to modify the kd-tree in order to represent possibly overlapping splits. Each internal node of the regular
kd-tree represents a split by storing the split dimension and the split position. We add a second split position
field to the kd-tree internal node. The first split position represents the right (higher side) boundary of the
left (lower side) partition (denoted by Isp or left side partition) while the second split position represents
the left boundary of the right partition (denoted by rsp or right side partition). While lsp = rsp means
non-overlapping partitions, Isp > rsp indicate overlapping partitions. The second change is in the algo-
rithms for regular tree operations, namely, search, insertion and deletion. The tree operations in SP-based
index structures are based on the assumption that the partitions are mutually digoint. Thisis not true for the
hybrid tree. We solve the problem by treating the indexed subspaces as BRs in a DP-based data structure
(which can overlap). In other words, we define a mapping the kd-tree based representation to an “array of
BRs’ representation. This allows us to directly apply the search, insertion and deletion algorithms used in
DP-based data structures to the hybrid tree. The mapping is defined recursively as follows: Given any index
node N of the hybrid tree and the BR Ry corresponding to it, we define the BRs corresponding to each child
of N. The BR of the root node of the hybrid tree is the entire data space. Given that, the above “ mapping”
can compute the BR of any hybrid tree node.

Let V be an index node of the hybrid tree. Let K be the kd-tree that represents the space partitioning
within N and Ry bethe BR of N. We define a BR associated with each node (both internal as well as leaf
nodes) of K. This defines the BRs of the children of N since the leaf hodes of Kjy are the children of N.
For example, the leaf nodes L1 to L7 are the children of the hybrid tree node N shown in the Figure 3.2. The
BR associated with the root of K is Ry. Now given an internal node I of K and the corresponding BR
R;, the BRsof thetwo children of I are defined asfollows. Let I = (dim,lsp, rsp), wheredim, [sp and rsp
are the split dimension, left split position and right split position respectively. The BR of the left child of T is
defined as Ry N (dim < lsp) where, inthe expression (dim < [sp), dim denotes the variable that represents
the value along dimension dim (for simplicity) and N represents geometric intersection. Similarly, the BR
of the right child of I isdefined as R; N (dim > rsp). For example, (0,0, 6, 6) isthe BR for the hybrid tree
node shown in Figure 3.2 (BR is denoted as x;,, Y10, Thi, yni)- The BR of 11 (the root) is (0,0,6,6). The
BRsof I2and 13 are (0,0,6,6) N (z < 3) =(0,0,3,6) and (0,0,6,6) N (x > 3) = (3,0,6,6) respectively.
Similarly, the BR of L3, which, being aleaf of Ky, isachild of N, isobtained by BR(I2) N (y > 2) i.e.
(0,0,3,6) N (y > 2) = (0,2,3,6). The children of internal nodes with [sp > rsp have overlapping BRs
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Figure 3.3: Choice of split dimension for data nodes. Thefirst split isthe optimal choice in terms for search
performance.

(e.0., BRsof 14 and L3 (children of 12) overlap). Figure 3.2 shows al the BRs — the shaded rectangles are
the BRs of the children of the node while the white ones correspond to the internal nodes of Ky .

Note that the above mapping is“logical”. The search/insert/del ete algorithm does not actually compute
the “array of BRS’ during tree traversal: rather it navigates the node using the kd-tree and computes the
BR only when necessary (cf. Section 3.3.4). The kd-tree based navigation allows faster intranode search
compared to array-based navigation. While searching for a correct lower level node using a kd-tree usu-
ally requires order log n comparisons (for a balanced kd-tree), searching in a array requires linear number
of comparisons. Also, in a kd-tree representation, BRs share boundaries. In an array representation, the
boundaries are checked redundantly while in akd-tree, a boundary is checked only once [90].

3.3.2 Data Node Splitting

The choice of asplit of anode consists of two parts: the choice of the split dimension and the split position(s).
In this section, we discuss the choice of splits for data nodes in the hybrid tree.

Choice of split dimension: When a data node splits, it is replaced by two nodes. Assuming that the rest
of the tree has not changed, the expected number of disk accesses per query (EDA) would increase due to
the split. The hybrid tree chooses as the split dimension the one that minimizes the increase in EDA due to
the split, thereby optimizing the expected search performance for future queries.

Let N be the data node being split. Let R be the k-dimensional BR associated with N. Let 5 be the
extent of R along the ith dimension, i = [1, k]. Consider a bounding box range query @) with each side
of length . We assume that the feature space is normalized (extent is from 0 to 1 along each dimension)
and the queries are uniformly distributed in the data space. Let I,¢,14p(q,r) denote the probability that ¢)
overlaps with R. To determine F,,.,1,(0,r), W€ Move the center point of the query to each point of the
data space marking the positions where the query rectangle intersects the BR. The resulting set of marked
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positions is called the Minkowski Sum which is the origina BR having all sides extended by query side
length 7 [12]. Therefore, Fyyeriap(@,r) = (51 + 1) (52 +1)...(sx + 7). Thisis the probability that () needs
to access node NV (1 disk access) (It isthe volume of lightly shaded region in Figure 3.3).

Now let us consider the splitting of IV and let j be the splitting dimension. Let N1 and N2 be the nodes
after the split and R1 and R2 be the corresponding BRs. R1 and R2 have the same extent as R aong all
dimensions except j i.e. s;, 4 = [1,k],% # j. Let as; and fs; be the extents of R1 and R2 aong the jth
dimension. Since the split is overlap-free, 8 = 1 — «. The probabilities I,,c,10p(0,r1) @ Poyeriap(Q,r2)
are(sy+r)...(asj+7r)...(sp+r)and (s; +7)...((1 — a)sj +1)...(si + 1) respectively. Since R = R1U R2
(where U is the geometric union) and @ is uniformly distributed, ,cri0p(Q,r) = Povertap(Q,R1UR2) =
Povertap(Q,R1)Uoverlap(Q,r2)- ThUs, the probability F,criap(Q,R1)novertap(Q,r2) that both N1 and N2 are
accessed is equal t0 Fyyeriap(q,r1) T Povertap(@,R2) — Povertap(@,R)- (Poverlap(Q,R1)noverlap(Q,r2) 1S €qual
to the volume of the dark shaded region in Figure 3.3). If () does not overlap with R, there is no increase
in number of disk accesses due to the split. If it does, Fcriap(Q, R1)noveriap(Q,r2) 1S the probability that the
disk accesses increases by 1 due to the split. Thus, the conditional probability that ¢ overlaps with both
R1 and R2 given Q overlaps with R, i.e. P"”erlaf’lgfvjllir;‘zg;f;’p(c’ :£2) repr%ents the increase in EDA due to

. Note that

is minimum if j is chosen such that s; = mazf 184, independent of the value of r. The hybrid tree

Sj —i—r
always chooses the dimension along with the BR has the largest extent as the split dimension for splitting

data nodes so as to minimize the increase in EDA due to the split.

An example of the choice of split dimension isshownin Figure 3.3. Notethat the optimality of the above
choice is independent of the distribution of data. It is also independent of the choice of split position. Pre-
vious proposals regarding choice of splitting dimensions include arbitrary/round-robin [65] and maximum
variance dimension [150]. The maximum variance dimension is chosen to make the choice insensitive to
“outliers’ [150]. Since the number of disk accesses to be made depends on the size of the subspaces indexed
by data nodes and is independent of the actual distribution of data items within the subspace, presence or
absence of “outliers’ is inconsequentia to the query performance. We performed experiments to compare
our choice of maximum extent dimension as the splitting dimension with the maximum variance choice and
isdiscussed is Section 5.

Choice of split position: The most common choice of the split position for data node splitting is the
median [120, 90, 150]. The median choice, in general, distributes the data items equally among the two
nodes (assuming unique median). The hybrid tree, however, chooses the split position as close to the middie
aspossible. T Thistends to produce more cubic BRs and hence ones with smaller surface areas. The smaller
the surface area, the lower the probability that a range query overlaps with that BR, the lower the number of
expected number of disk accesses [14]. Our experiments validate the above observation.

To find the position, we first check whether it is possible to split in the middle without violating utilization constraint. If yes, it
ischosen. Otherwisethe split position is shifted from the middle position in the proper direction just enough to satisfy the utilization
reguirement.
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Figure 3.4: Index node splitting (with overlap). s;, w; and split positions (LSP and RSP) only along
dimension 1 are shown.

3.3.3 Index Node Splitting

In this section, we discuss the choice of split dimension and split position for index nodes.

Choice of the split dimension: Like data node splitting, the choice of split dimension for index nodes
splitting is also based on minimization of the increase in EDA. However, unlike data node splitting where
the choice isindependent of the query size, the choice of the split dimension for index nodes depends on the
probability distribution of the query size as discussed below.

The main difference here compared to data node splitting is splits are not always overlap free. Let w
(w; < s;) bethe amount of overlap between R1 and R2 aong the jth dimension (how wj; is computed is
discussed in the following paragraph on choice of split position). So asj + 8s; = sj + wj. An example
of anindex node split is shown in Figure 3.4. The probabilities e, iap(Q,r1) @ Poyeriap(@,r2) A€ (51 +
r)...(as; +7)...(sp, + ) and (s1 + 7)...(Bsj + 7)...(sx + r) respectively. Proceeding in the same way as
before, theincreasein EDA if j ischosen asthe split dimension evaluates out to be-2-—- i ” . Thechoice of j that
minimizes the above quantity optimizes search performance. But the choice depends on r and can differ
for different values of ». For a given probability distribution of r, the hybrid tree chooses the dimension
that minimizes the increase in EDA averaged over all queries. Let P(r) be probability distribution of r.

Theincrease in EDA averaged over al queriesisequal to [2 2" p(r).% o tr

—dr where r can vary from R to
R+AR. Thedimension that minimizes the above quantity is chosen as the spl it dimension. For example, for

Wlog(1+ 2%,
) ismaximum. In our experiments,

uniform distribution, where P(r) = <=, the above integral evaluates to be (1 — (&%

Inthis case, the hybrid tree chooses that j for which (s;— w])log(l—i—s o

we use all queries of the same size, say R. In this case, the dimension j that m|n|m|Z$wJ+R should be

chosen as the split dimension which is indeed the case since limar o (1 — (Pt )log(1 + 54+RR)> =
wj—i-R
S]'+R "

Choice of split position: Given the split dimension, the split positions are chosen such that the overlapis

minimized without violating the utilization requirement. The problem of determining the best split positions
along agiven dimension is a 1-d version of the R-tree bipartitioning problem. In the latter, the problem isto
equally divide the rectangles into two groups to reduce the total area covered by the bounding boxes. while
in the former, the problem is to divide the line segments (indexed subspaces of the children projected along
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Property of index structure

|| BR-based index structures

kd-tree based index structures | Hybrid Tree

Representation of space parti- || Array of bounding boxes kd-tree kd-tree (modified to represent overlap-
tioning ping partitions)

Indexed subspaces May mutually overlap Strictly digjoint May mutually overlap

Node splitting Using all dimensions Using 1 or more dimensions Using 1 dimension

Dead space t elimination

Yes

No

Yes (with live space encoding)

Table 3.2: Comparison of the hybrid tree with the BR-based and kd-tree based index structures. { Dead
space refers to portions of feature space containing no data items (cf. Section 4.2).

the split dimension) into two groups in away to minimize the the overlap along the split dimension without

violating the utilization constraint. We sort the line segments based on both their Ieft (Ieftmost to rightmost)

and right (rightmost to leftmost) boundaries. Then we choose new segments aternately from the left and

right sorted lists and place them in left and right partitions respectively till the utilization is achieved. The

remaining line segments are put in the partition that needs least elongation without caring about utilization.

The above bipartitioning agorithm is similar to the R-tree quadratic algorithm but runs in O(nlogn) time

instead of O(n?) (where n isthe number of children nodes) since 1-d intervals can be sorted based on their

values (left and right boundaries) along the split dimension.

Before the split dimension is actually chosen, the best split positions are determined for al the dimen-

sions. Thenthew;’sand s;’sare calculated for each dimension and the onewith thelowestflf+AR P(r)

wj+r
tsjtr

is selected. After the selection of the split dimension, the split positions for the selected dimension deter-

mined during the pre-selection phase are used as split positions.

Implicit Dimensionality Reduction:

We conclude the subsection on index node splitting with the following observation. The hybrid tree

implicitly eliminates “ non-discriminating” dimensionsi.e. those dimensions along which the feature vectors

are not much different from each other. In other words, these dimensions are never used for node splitting.

Thisistrue for data node splitting due to the “maximum extent” choice. To ensure that these dimensions are

indeed eliminated, we must guarantee that an eliminated dimension is hever chosen for splitting the index

node. Let NV be anindex node. Let Dy be the set of dimensions used for partitioning space within N. We

can provide the above guarantee if the the split dimension dy of N satisfies dyy € Dy, The reason is that

a dimension not used to split any data hode cannot be in Dy. Suppose we restrict our choice of the split

dimension of IV to Dy instead of al dimensions. We show that even then we would make the EDA-optimal

choice.

Lemma 1 (Implicit Dimensionality Reduction) It is possible to make the EDA-optimal choice even when

restricting the choice of the split dimension of node NV to Dy.

Pr oof:

The EDA-optimal choice of the split dimension of NV is the one with the lowest Y ratio. We need to

r+s;

show that the above ratio for any dimension j € Dy isless than or equal to the ratio for every dimension
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i ¢ Dy. For any dimension j € Dy, w; < s;. Sofor any j € Dy and for any value of r, 24 < 1. For

1 .
r+s;

= 1 for dl r (worst case). Hence the proof. [ |

r+w;
r+s;

The hybrid tree achieves implicit dimension elimination through the above choice. This effect is not

any dimension s ¢ Dy, w; = s, hence

seen in most paginated multidimensional data structures. For example, DP-based techniques, all dimensions
are used for indexing - so nothing is eliminated. SP-based techniques which choose the split dimension
arbitrarily/round robin fashion cannot provide the above guarantee.

3.34 Dead Space Elimination

The hybrid tree, like other SP techniques, indexes dead space i.e. space the contains no data objects. DP-
techniques, on other other hand, does not. Dead space indexing cause unnecessary disk accesses. This
effect increases at higher dimensionality. Storage of the live space BRs would reduce the hybrid tree into
a DP-based technique, making the fanout of the node sensitive to dimensionality. Instead, we encode the
live space BR relative to the entire BR (defined by kd-tree partitioning) using a few bits as suggested in
[65]. The live space encoding is explained in Figure 3.5. More the number of bits used, the higher the
precision of the representation, lower the number of unnecessary disk accesses. We observed that using as
few as 4 bits per dimension eliminates most dead space. For 8K page, 4 bit precision and 64-d space, the
overhead is less than 1% of the database size and can be stored in memory. The overhead is even less for
lower dimensionality. During search (say range search), the overlap check is performed in 2 steps: first,
the BR defined by kd-tree is checked and if they overlap, the live space BR is decoded and checked, thus
saving any unnecessary decoding/checking costs. We performed experiments to demonstrate the effect of
EL S optimization in the hybrid tree as discussed in Section 5.

3.35 TreeOperations

The hybrid tree, like other disk based index structures (e.g., B-tree, R-tree) is completely dynamici.e. inser-
tions, deletions and updates can occur interspersed with search queries without requiring any reorganization.
The tree operations in the hybrid tree are similar to the R-trees i.e. indexed subspaces are treated as BRs
but the kd-tree based organization is exploited to achieve faster intranode search. In addition to point and
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bounding-box queries (i.e. feature-based queries), the hybrid tree supports distance-based queries: both
range and nearest neighbor queries. Unlike several index structures (e.g., distance-based index structures
like SS-tree, M-tree), the hybrid tree, being a feature-based technique, can support queries with arbitrary
distance measures. Thisisimportant advantage since the distance function can vary from query to query for
the same feature or even between several iterations of the same query in arelevance feedback environment
[71, 124].

The insertion and deletion operations in the hybrid tree is also similar to that in R-trees. The insertion
algorithm recursively picks the child node in which the new object should be inserted. The best candidate
is the node that needs the minimum enlargement to accommodate the new object. Ties are broken based on
the size of the BR. The deletion operation is based on the eliminate-and-reinsert policy asin [59].

3.3.6 Summary

It is clear from the above discussion that the hybrid tree resembles both DP and SP techniques in some
aspects and differs from them in others: rather it isa“hybrid” of the two approaches. The comparison of
the hybrid tree with the two techniques is shown in Table 3.2. Now we summarize the reasons why hybrid
tree is more suitable for high dimensional indexing either DP or SP techniques. It is more suitable than
than pure DP techniques since (1) its fanout is independent of dimensionality while DP-techniques have low
fanout at high dimensionalities (2) enables faster intranode search by organizing the space partitioning as a
kd-tree instead of an array and (3) eliminates overlap from the lowest level (since datanode splits are always
mutually non-overlapping) and reduces overlap at higher levels by using EDA-optimal 1-d splits instead
of k-d splits as in DP techniques. The hybrid tree performs better than other SP-based techniques using
1-d splits (e.g., KDB-trees) since unlike the latter, it provides (1) guaranteed storage utilization (2) avoids
costly cascading splits and (3) chooses EDA-optimal split dimensions instead of arbitrarily. It performs
better than SP-based techniques using multiple dimensional splits (e.g., hB-trees) since (1) 1-d splits usualy
provide better search performance compared to multiple dimensiona ones since the latter tends to produce
subspaces with larger surface area and hence more disk accesses [14] and (2) it does not require storage of
redundant information (e.g., posting full paths).

3.4 Experimental Evaluation

We performed extensive experimentation to (1) evaluate the various design decisions made in the hybrid tree
and (2) compare the hybrid tree with other competitive techniques. We conducted our experiments over the
following two “real world” datasets:

(1) The FOURIER dataset contains 1.2 million 16-d vectors produced by fourier transformation of
polygons. We construct 8-d, 12-d and 16-d vectors by taking the first 8, 12 and 16 fourier coefficients
respectively.
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Figure 3.6: (@) and (b) shows the effect of EDA Optimization on query performance. (¢) shows the effect of
EL S Optimization on query performance. Both experiments were performed on 64-d COLHIST data.

(2) The COLHIST dataset comprises of color histograms extracted from about 70,000 color images
obtained from the Corel Database. We generate 16, 32 and 64 dimensional vectors by extracting 4x4, 8x4
and 8x8 color histograms [110] from the images.

The queries are randomly distributed in the data space with appropriately chosen ranges to get constant
selectivity. Inall experiments discussed below, the selectivity ismaintained constant at 0.07 % for FOURIER
and 0.2 % for COLHIST. All the experiments were conducted on a Sun Ultra Enterprise 3000 with 512MB
of physical memory and several GB of secondary storage. In all our experiments, we use a page size of 4096
bytes.

We performed experiments to evaluate (1) the impact of EDA-optimal node splitting algorithms and
(2) the effect of live space optimization in the hybrid tree. Both the experiments were performed on the
64-d COLHIST data. The performance is measured by (1) the average number of disk accesses required to
execute a query and (2) the average CPU time required to execute a query. Figure 3.6(a) and (b) show the
performance of the hybrid tree constructed using EDA-optimal node splitting algorithms compared to the
hybrid tree constructed using the VAM-split node splitting algorithm [150]. The EDA-optimal split algo-
rithms consistently outperforms the VAM Split algorithm. The performance gap increases with the increase
in dimensionality. Figure 3.6(c) shows the effect of live space optimization. Using 4-bit ELS improves the
performance significantly compared to no ELS but using more bits does not improve it much further.

We conducted experiments to compare the performance of the hybrid tree with the following competitive
techniques: (1) SR-tree [77] (2) hB-tree [90] (3) Sequential Scan. We chose SR-tree since it is one of the
most competitive BR-based data structures proposed for high dimensional indexing. Similarly, hB-tree is
among the best known SP-based techniques for high dimensionalities. We normalize the 1/0 cost and the
CPU cost of each of the 3 indexing techniques against the cost of linear scan. We define the normalized
costs as follows:

e The Normalized 1/O cost: the ratio of the average number of disk accesses required to execute a

query using the indexing technique to the number of disk accesses to execute a linear scan. The
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Figure 3.7: Scalahility to dimensionality. (a) and (b) shows the query performance (1/0 and CPU costs) for
medium dimensional data (FOURIER dataset(400K points)). (c) and (d) shows the same for high dimen-
sional data (COLHIST dataset(70K points))

; DatabaseSize ; NumberO fObjectsx Dimensionality+sizeof( float) :
latter is computed by =572 e, PageSize . Note that since

sequential disk accesses are about 10 times faster compared to random accesses, the normalized 1/0O
cost of linear scan is 0.1 instead of 1.0. Hence, for any index mechanism, a normalized /O cost of
more than 0.1 indicate worse 1/0O performance compared to linear scan.

e The Normalized CPU cost: the ratio of average CPU time required to execute a query using the index

mechanism to the average CPU time required to perform alinear scan. The normalized CPU cost of
linear scanis 1.0.

Using normalized costs instead of direct costs (1) allows us to compare each of the techniques against
linear scan as the latter is widely recognized as a competitive search technique in high dimensional feature
spaces [16] while still comparing them to each other and (2) makes the measurements independent of the
experimental settings (e.g., H/W platform, pagesize).

Figures 3.7 shows the scalability of the various techniques to medium dimensional and high dimensional
feature spaces respectively. The hybrid tree performs significantly better than any other technique including
linear scan. The hB-tree performs better compared to SR-tree since SP-based techniques are more suited for
high dimensional indexing than BR-techniques as argued in [146]. The fast intranode search in the hybrid
tree due to its kd-tree based organization account for the faster CPU times.

Figures 3.8(a) and (b) compares the different techniques in terms of their scalability to very large
databases. The hybrid tree significantly outperforms all other techniques by more than an order of mag-
nitude for all database sizes. The hybrid tree shows a decreasing normalized cost with increase in database
size indicating sublinear growth of the actual cost with database size. Figures 3.8(c) and (d) compares the
query performance of various techniques? for distance-based queries. As suggested in[110], we usethe L1
metric. Again, the hybrid tree outperforms the other techniques.

From the experiments, we can conclude that the hybrid tree scales well to high dimensional feature

2hB-treeis not used since it does not support distance-based search.
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Figure 3.8: (a) and (b) compares the scalability of the various techniques with database size of high dimen-
sional data. (c) and (d) comparesthe query performance of the various techniques for distance-based queries
(Manhattan Distance). Both experiments were performed on 64-d COLHIST data.

spaces, large database sizes and efficiently supports arbitrary distance measures.

3.5 Conclusion

Feature based similarity search is emerging as an important search paradigm in database systems. Efficient
support of similarity search requires robust feature indexing techniques. In this chapter, we introduce the
hybrid tree - amultidimensional data structure for indexing high dimensional feature spaces. The hybrid tree
combines positive aspects of bounding region based and space partitioning based data structuresinto asingle
data structure to achieve better scalability. It supports queries based on arbitrary distance functions. Our
experiments show that the hybrid tree is scalable to high dimensional feature spaces and provides efficient
support of distance based retrieval. The hybrid tree is a fully operational software and is currently being
deployed for feature indexing in MARS[111].

In the next chapter, we introduce the Local Dimensionality Reduction (LDR) technique in order to
enhance the scalability of the hybrid tree even further. LDR reduces the dimensionality of data by exploiting
local correlations in data. We describe how the reduced data can be indexed using the hybrid tree (or
any other multidimensional index structure). We show that LDR used in conjunction with the hybrid tree
provides a very scalable solution to the problem of high dimensional indexing.
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Chapter 4

L ocal Dimensionality Reduction for High
Dimensional | ndexing

We present the local dimensionality reduction (LDR) technique in this chapter. We show that LDR used in
conjunction with the hybrid tree proposed in the previous chapter provides a very scalable solution to the
problem of high dimensional indexing.

4.1 Introduction

While designing high dimensional index trees like the hybrid tree is a big step towards providing efficient
access over high dimensional feature spaces (HDFS), it must be used in conjunction with a dimensionality
reduction technique in order to exploit the correlations in data and hence achieve further scalability. This
approach is commonly used in both multimedia retrieval ([43, 103, 76, 142]) and data mining ([47, 8, 49])
applications. The idea is to first reduce the dimensionality of the data and then index the reduced space
using a multidimensional index structure [43]. Most of the information in the dataset is condensed to a
few dimensions (the first few principal components (PCs)) by using principa component analysis (PCA).
The PCs can be arbitrarily oriented with respect to the original axes [48]. The remaining dimensions (i.e.
the later components) are eliminated and the index is built on the reduced space. To answer queries, the
query is first mapped to the reduced space and then executed on the index structure. Since the distance
in the reduced-dimensional space lower bounds the distance in the original space, the query processing
algorithm can guarantee no false dismissals [43]. The answer set returned can have false positives (i.e.
false admissions) which are eliminated before it is returned to the user. We refer to this technique as global
dimensionality reduction (GDR) i.e. dimensionality reduction over the entire dataset taken together.

GDR works well when the dataset is globally correlated i.e. most of the variation in the data can be
captured by a few orthonormal dimensions (the first few PCs). Such a case is illustrated in Figure 4.1(a)
where a single dimension (the first PC) captures the variation of data in the 2-d space. In such cases, it is
possible to eliminate most of the dimensions (the later PCs) with little or no loss of distance information.
However, in practice, the dataset may not be globally correlated (see Figure 4.1(b)). In such cases, reducing
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Figure 4.1: Globa and Loca Dimensionality Reduction Techniques (a) GDR(from 2-d to 1-d) on globally
correlated data (b) GDR (from 2-d to 1-d) on globally non-correlated (but locally correlated) data (c) LDR
(from 2-d to 1-d) on the same data asin (b)

the data dimensionality using GDR will cause a significant loss of distance information. Loss in distance
information is manifested by alarge number of false positives and is measured by precision [76] (cf. Section
4.5). More the loss, larger the number of false positives, lower the precision. False positives increase the
cost of the query by (1) causing the query to make unnecessary accesses to nodes of the index structure and
(2) adding to the post-processing cost of the query, that of checking the objects returned by the index and
eliminating the false positives. The cost increases with the increase in the number of false positives. Note
that false positives do not affect the quality the answers as they are not returned to the user.

Even when a global correlation does not exist, there may exist subsets of data that are locally correlated
(e.g., thedatain Figure 4.1(b) is not globally correlated but islocally correlated as shown in Figure 4.1(c)).
Obvioudly, the correlation structure (the PCs) differ from one subset to another as otherwise they would be
globally correlated. We refer to these subsets as correlated clusters or simply clusters. In such cases, GDR
would not be able to obtain a single reduced space of desired dimensionality for the entire dataset without
significant loss of query accuracy. If we perform dimensionality reduction on each cluster individually
(assuming we can find the clusters) rather than on the entire dataset, we can obtain a set of different reduced
spaces of desired dimensionality (as shown in Figure 4.1(c)) which together cover the entire dataset? but
achieves it with minimal loss of query precision and hence significantly lower query cost. We refer to this
approach aslocal dimensionality reduction (LDR).

Contributions: In this chapter, we propose LDR as an approach to high dimensional indexing. Our
contributions can be summarized as follows:

e We develop an algorithm to discover correlated clusters in the dataset. Like any clustering problem,
the problem, in genera, is NP-Hard. Hence, our algorithm is heuristic-based. Our agorithm per-
forms dimensionality reduction of each cluster individually to obtain the reduced space (referred to as
subspace) for each cluster. The dataitems that do not belong to any cluster are outputted as outliers.
The agorithm allows the user to control the amount of information loss incurred by dimensionality
reduction and hence the query precision/cost.

!Note that correlated clusters (formally defined in Section 4.3) differ from the usual definition of clustersi.e. aset of spatially
close points. To avoid confusion, we refer to the latter as spatial clustersin this chapter.

2The set of reduced spaces may not necessarily cover the entire dataset as there may be outliers. We account for outliersin our
algorithm.
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e We present atechnique to index the subspaces individually. We present query processing algorithms
for point, range and k-nearest neighbor (k-NN) queries that execute on the index structure. Unlike
many previous techniques [76, 142], our algorithms guarantee correctness of the result i.e. returns
exactly the same answers as if the query executed on the original space. In other words, the answer
set returned to the user has no false positives or false negatives.

e We perform extensive experiments on synthetic as well as real-life datasets to evaluate the effective-
ness of LDR as an indexing technique and compare it with other techniques, namely, GDR, index
structure on the original HDFS (referred to as the original space indexing (OSI) technique) and lin-
ear scan. Our experiments show that (1) LDR can reduce dimensionality with significantly lower
loss in query precision as compared to GDR technique. For the same reduced dimensionality, LDR
outperforms GDR by amost an order of magnitude in terms of precision. and (2) LDR performs
significantly better than other techniques, namely GDR, original space indexing and sequential scan,
in terms of query cost for both synthetic and real-life datasets.

Roadmap: The rest of the chapter is organized as follows. In Section 4.2, we provide an overview of
related work. In Section 4.3, we present the algorithm to discover the correlated clusters in the data. Section
4.4 discusses techniques to index the subspaces and support similarity queries on top of the index structure.
In Section 4.5, we present the performance results. Section 4.6 offers the final concluding remarks.

4.2 Related Work

Previous work on high dimensional indexing techniques includes development of high dimensional index
structures (e.g., X-treg[15], SR-tree [77], TV-tree [86], Hybrid-tree [23]) and global dimensionality reduc-
tion techniques [48, 43, 47, 76]. The techniques proposed in this chapter build on the above work. Our
work is also related to the clustering algorithms that have been developed recently for database mining (e.g.,
BIRCH, CLARANS, CURE agorithms) [154, 102, 58]. The algorithms most related to this chapter are
those that discover patterns in low dimensiona subspaces [2, 3]. In [2], Agarwal et. al. present an algo-
rithm, called CLIQUE, to discover*dense” regionsin all subspaces of the original data space. The algorithm
works from lower to higher dimensionality subspaces: it starts by discovering 1-d dense units and iteratively
discovers all dense unitsin each k-d subspace by building from the dense units in (k-1)-d subspaces. In [3],
Aggarwal et. a. present an agorithm, called PROCLUS, that clusters the data based on their correlation
i.e. partitions the data into disjoint groups of correlated points. The authors use the hill climbing technique,
popular in spatial cluster analysis, to determine the projected clusters. Neither CLIQUE, nor PROCLUS can
be used as an LDR technique since they cannot discover clusters when the principal components are arbi-
trarily oriented. They can discover only those clusters that are correlated along one or more of the original
dimensions. The above techniques are meant for discovering interesting patterns in the data; since correla
tion along arbitrarily oriented components is usually not that interesting to the user, they do not attempt to
discover such correlation. On the contrary, the goal of LDR is efficient indexing; it must be able to discover
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| Symbols | Definitions
N Number of objectsin the database
M Maximum number of clusters desired
K Actua number of clustersfound (K < M)
D Dimensionality of the original feature space
S; Theith cluster
C; Centroid of S;
n; Size of S; (number of objects)
A; Set of pointsin S;
P, The principal componentsof S;
¢I>§j ) The jth principal component of S;
d; Subspace dimensionality of S;
€ Neighborhood range
MaxReconDist Maximum Reconstruction distance
FracOutliers Permissible fraction of outliers
MinSize Minimum Size of a cluster
MaxDim M aximum subspace dimensionality of a cluster
o Set of outliers

Table 4.1: Summary of symbols and definitions

such correlation in order to minimize the loss of information and make indexing efficient. Also, since the
motivation of their work is pattern discovery and not indexing, they do not address the indexing and query
processing issues which we have addressed in this thesis. To the best of our knowledge, thisisthe first work
that proposes to exploit the local correlations in data for the purpose of indexing.

4.3 ldentifying Correlated Clusters

In this section, we formally define the notion of correlated clusters and present an algorithm to discover such
clustersin the data.

4.3.1 Definitions

In developing the algorithm to identify the correlated clusters, we will need the following definitions.

Definition 1 (Cluster and Subspace) Given a set A of N points in a D-dimensional feature space, we
define acluster S asaset As (As C A) of localy correlated points. Each cluster S is defined by S =
(®g,dg,Cg, Ag) where:

e &g arethe principal components of the cluster, @g) denoting the sth principal component.

e dg isthe reduced dimensiondlity i.e. the number of dimensions retained. Obviously, the retained
dimensions correspond to the first dg principal components ég),l < i < dg while the eliminated
dimensions correspond to the next (D — dg) components. Hence we use the terms (principal) com-
ponents and dimensions interchangeably in the context of the transformed space.
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Figure 4.2: Centroid and Reconstruction Distance.

o Oy = [ngSH) e CgD)] is the centroid, that stores, for each eliminated dimension &;, (dg + 1) <
1 < D, asingle constant which is “representative” of the position of every point in the cluster along
this unrepresented dimension (as we are not storing their unique positions along these dimensions).
e Ag isthe set of pointsin the cluster
The reduced dimensionality space defined by &, 1 < i < ds is called the subspace of S. dg is called the

subspace dimensionality of S.

Definition 2 (Reconstruction Vector) Givenacluster S = (®g,dg, Cs, Ag), we define the reconstruction

vector ReconVect(Q, S) of apoint ) from S asfollows:
ReconVect(Q,S) = ii(dsﬂ)(Q . @g) - Céi))q)g) 4.1

where 3 denotes vector addition and e denotes scalar product (i.e. @ e @g) isthe projection of () on (I)Eqi) as
shown in Figure 4.2). (Q e <I>g) — qui)) isthe (scalar) distance of @@ from the centroid along each eliminated

dimension and ReconVector(Q, S) isthe vector of these distances.

Definition 3 (Reconstruction Distance) Given acluster S = (®g,dg, Cs,.As), we now define the recon-
struction distance (scalar) ReconDist(Q, S, D) of apoint @ from S. D is the distance function used to
define the similarity between points in the HDFS. Let D be an L, metrici.e. D(P, ') = || P —P' |, =
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24, (|P[i] — P'i]l)"]"/". We define ReconDist(Q, S, D) 3 asfollows:

ReconDist(Q,S,D) = ReconDist(Q,S,Ly) 4.2
= || ReconVect(Q,S) ||, (4.3
i i)\P,1/P
= [BPyn(Qe 0y — )] (44)
|

Note that for any point Q mapped to the ds-dimensiona subspace of S, ReconVect(Q, S) (and ReconDist(Q, S))
represent the error in the representation i.e. the vector (and scalar) distance between the exact D-dimensional
representation of () and its approximate representation in the ds-dimensional subspace of S. Higher the er-
ror, more the amount of distance information lost.

4.3.2 Constraintson Correlated Clusters

Our objective in defining clusters is to identify low dimensional subspaces, one for each cluster, that can
be indexed separately. We desire each subspace to have as low dimensionality as possible without losing
too much distance information. In order to achieve the desired goal, each cluster must satisfy the following
constraints:

1. Reconstruction Distance Bound: In order to restrict the maximum representation error of any point
in the low dimensional subspace, we enforce the reconstruction distance of any point P € 4 to
satisfy the following condition: ReconDist(P,S) < MaxReconDist where MaxReconDist isa
parameter specified by the user. This condition restricts the amount of information lost within each
cluster and hence guarantees a high precision which in turn implies lower query cost.

2. Dimensionality Bound: For efficient indexing, we want the subspace dimensionality to be as low
as possible while still maintaining high query precision. A cluster must not retain any more dimen-
sions that necessary. In other words, it must retain the minimum number of dimensions required to
accommodate the points in the dataset. Note than a cluster S can accommodate a point P only if
ReconDist(P,S) < MazReconDist. To ensure that the subspace dimensionality ds is below the
critical dimensionality of the multidimensional index structure (i.e. the dimensionality above which a
sequential scan is better), we enforce the following condition: ds < MaxDim where MaxzDim is
specified by the user.

3. Choice of Centroid: For each cluster S, we use PCA to determine the subspace i.e. ®g is the set of
eigenvectors of the covariance matrix of Ag sorted based on their eigenvalues. [48] shows that for
a given choice of reduced dimensionality ds, the representation error is minimized by choosing the

3Assuming that D is afixed L, metric, we usually omit the D in ReconDist(Q, S, D) for simplicity of notation.
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first ds components among &5 and choosing Cys to be the mean value of the points (i.e. the centroid)
projected on the eliminated dimensions. To minimize the information |oss, we choose Cg) =F{Pe
<1>E;’>} = FE{P}e Qg) (see Figure 4.2).

4. Size Bound: Finally, we desire each cluster to have a minimum cardinality (number of points) :
ng > MinSize where MinSize is user-specified. The clusters that are too small are considered to
be outliers.

The goa of the LDR algorithm described below isto discover theset S = 5, Sy, ..., Sk of K clusters
(where K < M, M being the maximum number of clusters desired) that exists in the data and that satisfy
the above constraints. The remaining points, that do not belong to any of the clusters, are placed in the
outlier set O.

4.3.3 TheClustering Algorithm

Since the LDR agorithm needs to perform local correlation analysis (i.e. PCA on subsets of points in the
dataset rather than the whole dataset), we need to first identify the right subsets to perform the analysis on.
This poses acyclic problem: how do we identify the right subsets without doing the correlation analysis and
how do we do the analysis without knowing the subsets. We break the cycle by using spatial clusters asan
initial guess of the right subsets. Then we perform PCA on each spatia cluster individually. Finally, we
‘recluster’ the points based on the correlation information (i.e. principal components) to obtain the correlated
clusters. The clustering algorithm is shown in Table 4.2. It takes a set of points A and a set of clusters S as
input. When it isinvoked for thefirst time, A4 isthe entire dataset and each cluster in S ismarked ‘empty’. At
the end, each identified cluster is marked ‘complete’ indicating a completely constructed cluster (no further
change); the remaining clusters remain marked ‘empty’. The points that do not belong to any of the clusters
are placed to the outlier set 0. The details of each step is described bel ow:

e Construct Spatial Clusters(Steps FC1 and FC2): The algorithm starts by constructing M spa-
tial clusters where M is the maximum number of clusters desired. We use a simple single-pass
partitioning-based spatial clustering algorithm to determine the spatial clusters [102]. We first choose
aset of C C A of well-scattered points as the centroids such that points that belong to the same spatial
cluster are not chosen to serve as centroids to different clusters. Such a set C is called a piercing
set [3]. We achieve this by ensuring that each point P € C in the set is sufficiently far from any
aready chosen point P/ € Ci.e. Dist(P,P') > threshold for a user-defined threshold. 4 This
technique, proposed by Gonzalez [54], is guaranteed to return a piercing if no outliers are present. To
avoid scanning though the whol e database to choose the centroids, wefirst construct arandom sample
of the dataset and choose the centroids from the sample [3, 58]. We choose the sample to be large

“For subsequent invocations of FindClusters procedure during the iterative algorithm (Step 2 in Table 4.3), there may exist
already completed clusters (does not exist during the initial invocation). Hence P must also be sufficiently far from all complete
clustersformed so far i.e. ReconDist(P, S) > threshold for each complete cluster S.
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Clustering Algorithm
Input: Set of Points A, Set of clusters S (each cluster is either empty or compl ete)
Output: Some empty clusters are completed, the remaining points form the set of outliers O

FindClusters(A4, S, O)

FC1:

FC2:

FC3:

FC4:

FC5:

FCe6:

FCT7:

For each empty cluster, select arandom point P € A such that P is sufficiently far from all completed and
valid clusters. If found, make P the centroid C'; and mark S; valid.

For each point P € A, add P to the closest valid cluster S; (i.e. i = argmin(Distance(P, C;))) if P liesin
the e-neighborhood of C; i.e. Distance(P,C;) < e.

For each valid cluster S;, compute the principal components @ ; using PCA. Remove al pointsfrom A;.

For each point P € A, find the valid cluster S; that, among al the valid clusters requires the minimum
subspace dimensionality LD(P) to satisfy ReconDist(P,S;) < MaxReconDist (break ties arbitrarily). If
LD(P) < MaxzDim, increment V;[j] for j = 0to (LD(P) — 1) and n;.

For each valid cluster S;, compute the subspace dimensiondity d; as. d; = {j|Fi[j] <
FracOutliers and F;[j — 1] > FracOutliers} where F;[j] = V;L—m
For each point P € A, add P to thefirst valid cluster S; such that ReconDist(P,S;) < MaxReconDist. If
no such S; exists, add P to O.

If avalid cluster S; violatesthe size constrainti.e. (|.A;| < MinSize), mark it empty. Remove each point P €
A; from S; and add it to the first succeeding cluster S; that satisfies ReconDist(P, S;) < MaxReconDist
or to O if thereis no such cluster. Mark the other valid clusters complete. For each complete cluster S ;, map
each point P € A; to the subspace and store it along with Recon Dist(P, S, D).

Table 4.2: Clustering Algorithm

enough (using Chernoff bounds [98]) such that the probability of missing clusters due to sampling
islow i.e. thereis at least one point from each cluster present in the sample with a high probability
[58]. Once the centroids are chosen, we group each point P € A with the closest centroid Cjpsest
if Distance(P,Ceosest) < € and update the centroid to reflect the mean position of its group. If
Distance(P, Cgosest) > €, Weignore P. The restriction of the neighborhood range to e makes the
correlation analysis localized. Smaller the value of ¢, the more localized the analysis. At the same
time, e hasto be large enough so that we get a sufficiently large number of pointsin the cluster which

is necessary for the correlation analysis to be robust.

Compute PCs(Step FC3): Once we have the spatial clusters, we perform PCA on each spatia
cluster S; individually to obtain the principal components <I>Egi),z' = [1,D]. We do not eliminate
any components yet. We compute the mean value M; of the points in \S; so that we can compute
ReconDist(P, S;) in Steps FC4 and FC5 for any choice of subspace dimensiondlity ;. Finaly, we
remove the points from the spatial clusters so that they can be reclustered as described in Step FCB6.

Deter mine Subspace Dimensionality(Steps FC4 and FC5): For each cluster S;, we must retain no
more dimensions than necessary to accommodate the points in the dataset (except the outliers). To
determine the number of dimensions d; to be retained for each cluster S;, we first determine, for
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each point P € A, the best cluster, if one exists, for placing P. Let LD(P, S;) denote the the least
dimensionality needed for the cluster S; to represent P with ReconDist(P, S;) < MaxReconDist.
Formally,

LD(P,S;) = {d|ReconDist(P, S;) < MazReconDist if d; > d

and ReconDist(P, S;) > MazReconDist otherwise }  (4.5)

In other words, thefirst LD (P, S;) PCsarejust enough to satisfy the above constraint. Note that such
aLD(P,S;) aways exists for anon-negative M axReconDist. Let LD(P) = min { LD(P, S;)|S;
isavalid cluster }. If LD(P) < MaxDim, there exists a cluster that can accommodate P without
violating the dimensionality bound. Let LD(P,S;)) = LD(P) (if there are multiple such clusters
S;, break ties arbitrarily). We say S; is the “best” cluster for placing P since S; is the cluster that,
among all the valid clusters, needs to retain the minimum number of dimensions to accommodate P.
P would satisfy the ReconDist(P,S;) < MaxReconDist bound if the subspace dimensionality
d; of S;issuchthat LD(P,S;) < d;j < MazDim and would violate it if 0 < d; < LD(P, S;).
For each cluster S;, we maintain this information as a count array V;[j],7 = [0, MazDim] where
Vilj] is the number of points that, among the points chosen to be placed in .S, would violate the
ReconDist(P,S;) < MaxReconDist constraint if the subspace dimensionality d; is j: so in this
case (for point P), we must increment V;[j] for j = 0to (LD(P, S;) — 1) and the total count n; of
points chosen to be placed in S;. (V;[j] and n; isinitialized to O before FC4 begins). On the other
hand, if LD(P) > MazDim, there exists no cluster in which P can be placed without violating the
dimensionality bound; so we do nothing.

At the end of the pass over the dataset, for each cluster S, we have computed V;[j], j = [0, M azDim]
and n;. We use this to compute F;[j],7 = [0, MaxDim] where F;[j] is the fraction of points
that, among those chosen to be placed in S; (during FC4), would violate the ReconDist(P, S;) <
M azReconDist constraint if the subspace dimensionality ¢; isj i.e. F;[j] = Vn_[ﬂ An example of F;
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from one of the experiments conducted on the real life dataset (cf. Section 4.5.3) is shown in Figure
4.3. We choose d; to be as low as possible without too many points violating the reconstruction dis-
tance bound i.e. not more than F'racOutliers fraction of pointsin S; where FracOutliers is speci-

fied by the user. In other words, d; isthe minimum number of dimensions that must be retained so that
the fraction of points that violate the ReconDist(P, S;) < MaxReconDist constraint is no more
that FracOutliersi.e. d; = {j|F;[j] < FracOutliers and F;[j — 1] > FracOutliers}. In Figure

4.3, d; is21 for FracOutliers = 0.1, 16 for FracOutliers = 0.2 and 14 for FracOutliers = 0.3.

We now have al the subspaces formed. In the next step, we assign the points to the clusters.

Recluster Points(Step FC6): In the reclustering step, we reassign each point P € A to acluster S
that covers P i.e. ReconDist(P,S) < MaxReconDist. If there exists no such cluster, P is added
to the outlier set O. If there exists just one cluster that covers P, P is assigned to that cluster. Now
we consider the interesting case of multiple clusters covering P. Inthis case, thereisapossibility that
some of these clusters are actualy parts of the same correlated cluster but has been split due to the
initial spatial clustering. Thisis illustrated in Figure 4.4. Since points in a correlated cluster can be
spatially distant from each other (e.g., form an elongated cluster in Figure 4.4) and spatial clustering
only clusters spatially close points, it may end up putting correlated pointsin different spatial clusters,
thus breaking up a single correlated cluster into two or more clusters. Although such *splitting’ does
not affect the indexing cost of our technique for range queries and k-NN queries, it increases the cost
of point search and deletion as multiple clusters may need to searched in contrast to just one when
there is no ‘splitting’. (cf. Section 4.4.2). Hence, we must detect these ‘broken’ clusters and merge
them back together. We achieve this by maintaining the clusters in some fixed order (e.g., order in
which they were created). For each point P € P, we check each cluster sequentially in that order
and assign it to the first cluster that covers P. If two (or more) clusters are part of the same correlated
cluster, most points will be covered by all of them but will always be assigned to only one them,
whichever appears first in the order. This effectively merges the clusters into one since only the first
one will remain while the others will end up being aimost empty and will be discarded due to the
violation of size bound in FC7. Note that the F'racOutliers bound in Step FC5 still holdsi.e. besides
the points for which LD(P) > M axDim, no morethat F'racOutliers fraction of points can become
outliers.

Map Points(Step FC7): In the fina step of the algorithm, we eliminate clusters that violate the size
constraint. We remove each point from these clusters and add it to the first succeeding valid cluster §

that satisfies the ReconDist(P, S;) < MaxReconDist bound or to O otherwise. For the remaining
clusters S;, we map each point P € A; to the subspace by projecting P to <I>Ej ), 1 < j < d; and refer

it asthe (d;-d) image Image(P, S;) of P:

Image(P, S;)[j] = P o ®Y for 1 < j < d; (4.6)
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We refer to P as the (D-d) origina Original(Image(P, S;), S;) of its image I'mage(P, S;). We
store the image of each point along with the reconstruction distance ReconDist(P, S).

Since FindClusters chooses the initial centroids from a random sample, there is a risk of missing out
some clusters. One way to reduce thisrisk is to choose alarge number of initial centroids but at the cost of
slowing down the clustering algorithm. We reduce the risk of missing clusters by trying to discover more
clusters, if there exists, among the points returned as outliers by the initial invocation of FindClusters. We
iterate the above process as long as new clusters are till being discovered as shown below:

Iterative Clustering

(1) FindClusters(A, S, O); /* initial invocation */

(2) Let O be an empty set. Invoke FindClusters(O, S, O'). Make O’ the new outlier set i.e.
O « O'. If new clustersfound, go to (2). Elsereturn.

Table 4.3 Iterative Clustering Algorithm

The above iterative clustering algorithm is somewhat similar to the hill climbing technique, commonly
used in spatia clustering algorithms (especialy in partitioning-based clustering algorithms like k-means,
k-medoids and CLARANS [102]). In this technique, the “bad quality” clusters (the ones that violate the
size bound) are discarded (Step FC7) and isreplaced, if possible, by better quality clusters. However, unlike
the hill climbing approach where all the points are reassigned to the clusters, we do not reassign the points
aready assigned to the ‘complete’ clusters. Alternatively, we can follow the hill climbing approach but it is
computationally more expensive and requires more scans of the database [102].

Cost Analysis: We conclude this section with a analysis of the cost of the clustering algorithm. Let us
first analyze the cost of the first invocation of the FindClusters procedure (where A is the whole dataset).
The centroid selection step (FC1) has a small cost since we are using a random sample and |sample| <
|A|. Step FC2 requires one pass through the dataset .4 and has a time complexity of O(NKD). Step
FC3 has a complexity of O(n; D?) for each cluster S; and hence an overall complexity of O(N D?) (since
¥;n; < N). This step also has a memory requirement of O(n; D) for each cluster and hence a maximum
of O(maz;(n;)D) which is smaller than the memory requirement of O(NN D) of GDR. Thisis an advantage
of LDR over GDR: while the latter requires the whole dataset to fit in memory, the former requires only
the points in the cluster to fit in memory. In either case, if the memory is too small, we can perform SVD
on a sample rather than the whole data [76]. Step FC4 requires another pass through the database and has
a time complexity of O(ND?K) (assuming MazDim is a constant). Step FC5 is a simple step with a
complexity of O(K D). Step FC6 requires a final pass through the database and has a time complexity of
O(ND?K). Also, the first invocation of FindClusters accounts for most of the cost of the algorithm since
the later invocations have much smaller sets as input and hence much smaller cost. Thus, the agorithm
requires three passes through the dataset (FC2,FC4 and FC6) and atime complexity of O(NI’K).
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4.4 Indexing Correlated Clusters

Having developed the technique to find the correlated clusters, we now shift our attention to how to use them
for indexing. Our objective is to develop a data structure that exploits the correlated clusters to efficiently
support range and k-NN queries over HDFSs. The developed data structure must also be able to handle
insertions and deletions.

441 Data Structure

The data structure, referred to as the global index structure (Gl) (i.e. index on entire dataset), consists
of separate multidimensional indices for each cluster, connected to a single root node. The globa index
structure is shown in Figure 4.5. We explain the various components in details below:

e The Root Node R of GI contains the following information for each cluster S: (1) apointer to the root
node R; (i.e. the address of disk block containing R;) of the cluster index I; (the multidimensional
index on S;), (2) the principal components ®; (3) the subspace dimensionality d; and (4) the centroid
C;. It aso contains an access pointer O to the outlier cluster O. If thereis an index on O (discussed
later), O points to the root node of that index; otherwise, it points to the start of the set of blocks on
which the outlier set resides on disk. R may occupy one or more disk blocks depending on the number
of clusters K and original dimensionality D.

e The Cluster Indices: We maintain a multidimensiona index I for each cluster S; in which we store
the reduced dimensional representation of the points in 5. However, instead of building the index
I; on the d;-d subspace of S; defined by <I>Ej), 1 < j < d;, webuild I; on the (d; 4+ 1)-d space,
the first d; dimensions of which are defined by (I)Z(.j),l < j < d; as above while the (d; + 1)th
dimension is defined by the reconstruction distance ReconDist(P, S, D). Including reconstruction
distance as a dimension helps to improve query precision (as explained later). We redefine the image
NewlImage(P, S;) of apoint P € A; asa(d; + 1)-d point (rather than a d;-d point), incorporating
the reconstruction distance as the (d; + 1)th dimension:

NewlImage(P, S;)[j] = Image(P,S;)[j]=Pe @gj) forl <j<d; 4.7)
= ReconDist(P,S;,D) forj =d; +1 (4.8)

The (d;+1)-d cluster index I; isconstructed by inserting the (d;+1)-dimages (i.e. NewlImage(P, S;))
of each point P € A; into the multidimensional index structure using the insertion algorithm of the
index structure. Any disk-based multidimensional index structure (e.g., R-tree [59], X-tree [15], SR-
tree [77], Hybrid Tree [23]) can be used for this purpose. We used the hybrid tree in our experiments
since it is a space partitioning index structure (i.e. has “ dimensionality-independent” fanout), is more
scalable to high dimensionalities in terms of query cost and can support arbitrary distance metrics
[23].
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Figure 4.5: The global index structure

e The Outlier Index: For the outlier set ©, we may or may not build an index depending on whether the
original dimensionality D is below or above the critical dimensionality. In this chapter, we assume
that D is above the critical dimensionality of the index structure and hence choose not to index the
outlier set (i.e. use sequential scan for it).

Like other database index trees (e.g., B-tree, R-tree), the global index (GI) shown in Figure 4.5 is disk-
based. But it may not be perfectly height balanced i.e. al paths from R to leaf may not be of exactly equal
length. The reason is that the sizes and the dimensionalities may differ from one cluster to another causing
the cluster indices to have different heights. We found that Gl is almost height balanced (i.e. the difference
in the lengths of any two pathsfrom R to leaf is never morethan 1 or 2) due to the size bound on the clusters.
Also, its height cannot exceed the height of the original space index by more than 1.

Lemma 2 (Height and balance of GI) Gl isalmost height balanced and the height cannot exceed cannot
exceed the height of the original space index by more than 1

Proof: Let hg; denote the the height of GI. Let h,,;, denote the height of the original space index i.e.
index on the entire dataset in the D-d original space. We assume that the multidimensional index structure
used as the original space index is same as the one used to index the clusters (e.g., hybrid tree in both cases).
Then, hgr < 1 + horig. Since I; is built on a subset of points of the entire set (i.e. o, < N) and fewer
dimensions (i.e. d; < D), its height h;, cannot be greater h,,;4. Since hgr = 1 + maxz;hy, and hy, < horig
for al i, hgr < 1+ horig. The bound is a conservative one as the hqr is usualy smaller than h,,;, due to
the reduced size of the index.

We now show that Gl is almost height-balanced. There are two factors that affect the height of a clus-
ter index I;: the number of points n; and the subspace dimensionality ¢;. Lower the value of n;, lower
the height. Also, lower the value of d;, lower the height. Let I,;,,,; be the shortest index. Note ngpore >
MinSize. Let Cgpore and Fyp, o denote the average number of entriesin aleaf and index node of L. re-
spectively Then, as explained in [55], the minimum possible height of Lyor: is (1+ [logr,),, ([ *H252€])])
Similarly, the maximum possible height of tallest index L is (1 + [logFm”([%])]) since nggy <
N. For space partitioning index structures (which is preferred for high dimensional indexing due to its
“dimensionality-independent” fanout), Finort ~ Fian (S&Y, F) [23]. Csnore @nd Cyqy depend on the respec-
tive subspace dimensionalities i.e. % diall. - The maximum difference I,,,., in the lengths of any two

tall dshort
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N*Cshort

paths from R to leaf iSlnaz ~ logr (37,578 —) 1-€. lnaz ~ logr ( Nxdyqyy

MinSizexdgport

). Usually, the subspace
dimensionalities are close i.e. dyq; ~ dshore- FOr Space-partitioning indexes, F' istypicaly around 50-100
[23]. Under the above assumptions, b, < 1if MinSize > & and 0, < 2if MinSize < 58 Inother
words, with a proper size bound, /.4, isusually 1 or at most 2, implying that Gl is almost height balanced.
[ ]

To guarantee the correctness of our query agorithms (i.e. to ensure no false dismissals), we need to
show that the cluster index distances lower bounds the actual distances in the original D-d space [43]. In
other words, for any two D-d points P and Q, D(NewImage(P.S;), NewlImage(Q,S;)) must always |ower
bound D(P, Q).

Lemma 3 (Lower Bounding Lemma) D(NewlImage(P, S;), NewImage(Q, S;)) always lower bounds

D(P,Q).

Proof: Let P; denote Image(P, S;) and Q; denote I'mage(Q, S;). Let P' = £ (P e @Z(.j)) and
Q' =%2,(Qe o). Then, D(P', Q') = D(P, Q) since & is orthonormal. Now,

)

1
Q' = Q; + ReconVect(Q, S;) + E_]j:di_,_lCi(j)(I)(»j) (4.10)

)

P' = P, + ReconVect(P, S;) + Sf:diﬂc.(”@(j) (4.9)

The vector distance Dist(P', Q') between P and Q' is

Dist(P', Q") = Dist(P;,Q;) + (ReconVect(P, S;) — ReconVect(Q, S;)) (4.11)

= D(P', Q") = [D(P;, Q;)? + || ReconVect(P, S;) |, — ReconVect(Q, S’i))p]l/p (4.12)
Since L, functions obey triangle inequality,

| ReconVect(P, S;) — ReconVect(Q, ;) ||, > [(ReconDist(P, S;, D) — ReconDist(Q, S, D))|
(4.13)

= D(P',Q") > [D(P;,Q:)" + |(ReconDist(P, S;, D) — ReconDist(Q, Si, D))|"]*/” (4.14)
Now,

D(NewlImage(P,S;), NewImage(Q, S;)) = [D(P;, Q;)* + |(ReconDist(P,S;,D) — ReconDist(Q, Si,D))|p]1/p
(4.15)
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Since D(P’, Q") = D(P, Q) and from Equations 4.14 and 4.15,
D(Q, P) > D(NewImage(P, S;), NewImage(Q, S;)) (4.16)

|

Note that instead of incorporating reconstruction distance as the (¢ + 1)th dimension, we could have
simply constructed Gl with each cluster index I; defined on the corresponding d;-d subspace <I>Ej ), 1<5<
d;. Since the lower bounding lemma holds for the d;-d subspaces (as shown in [43]), the query processing
algorithms described below would have been correct. The reason we use (d + 1)-d subspace is that the
distances in the (d; + 1)-d subspace upper bounds the distances in the d;-d subspace and hence provides a
tighter lower bound to distances in the original D-d space:

D(NewlImage(P,S;), NewImage(Q, S;)) = [D(Image(P, S;), Image(Q, S;))? +

|(ReconDist(P, S;, D) — ReconDist(Q, Si,D))|p]1/p (4.17)

= D(NewlImage(P, S;), NewImage(Q, S;)) > D(Image(P,S;), Image(Q, S;)) (4.18)

Furthermore, the difference between thetwo (i.e. D(NewImage(P, S;), NewImage(Q, S;)) and D(Image(P, S;),
Image(Q, S;))) isusualy significant when computing the distance of the query from apoint in the cluster:
Say, Pisapointin S; and Q isthe query point. Dueto the reconstruction distance bound, ReconDist(P, S, D)
is always a small number (< MaxReconDist). On the other hand, ReconDist(Q, S;, D) can have any
arbitrary value and is usually much larger than Recon Dist(P, S;, D)), thus making the difference quite sig-
nificant. This makes the distance computations in the (d; + 1)-d more optimistic than that in the d;-d index
and hence a better estimate of the distances in the original D-d space. For example, for a range query, the
range condition (D(NewlImage(P, S;), NewImage(Q, S;)) < p) is more optimistic (i.e. satisfies fewer
objects) than the range condition (D(Image(P, S;), Image(Q, S;)) < p), leading to fewer false positives.
The same istrue for K-NN queries. Fewer false positives imply lower query cost. At the same time, adding
anew dimension also increases the cost of the query. Our experiments show that decrease in the query cost
from fewer false positives offsets the increase of the cost of the adding a dimension, reducing the overal
cost of the query significantly (cf. Section 4.5, Figure 4.12).

4.4.2 Query Processing over the Global I ndex

In this section, we discuss how to execute similarity queries efficiently using the index structure described
above (cf. Figure 4.5). We describe the query processing algorithm for point, range and k-NN queries. For
correctness, the query processing algorithm must guarantee that it always returns exactly the same answer as
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RangeSearch(Query O = (Q, p, D))

for (i=1;i < K i++)
Q; < Newlmage(Q, S;);
RangeSearchOnClusterIndex(Q;, R;, S;, result);
foreachO € O
if D(Q,0) < presult + result UO,;

OO WN P

RangeSear chOnCluster Index(Query Q, Node T, Cluster S, Set result)

if (T isanon-leaf node)
foreach child N of T
if MINDIST(Q,N,D) < p RangeSearchOnClusterIndex(Q, N, S, result);
else/* T isaleaf node*/
for each object O inT
it D(Q,0) < p
if D(Original(Q, S), Original(O, S)) < presult < result U O;

~NOo o~ WNRE

Table 4.4: Range Query.

the query onthe original space[43]. Often dimensionality reduction techniques do not satisfy the correctness
criteria[76, 142]. We show that all our query processing algorithms satisfy the above criteria.

Point Search

To find an object O, wefirst find the cluster that contains O. It isthe first cluster S (in the order mentioned
in Step FC6) for which the reconstruction distance bound is satisfied. If such acluster S exists, we compute
NewlImage(O, S) and find it in the corresponding index by invoking the point search algorithm of the
index structure. The point search returns the object if it exists in the cluster, otherwise it returns null. If no
such cluster S exists, O must be, if at al, in O. So we sequentially search through O and return it if it exists
inO.

Range Queries

A range query Q@ = (Q, p, D) retrieves al objects O in the database that satisfies the range condition
D(Q, O) < p. Theagorithm for range queriesis shown in Table 4.4. For each cluster S, we map the query
anchor @) to its (d; + 1)-d image @; (using the principal components ®; and subspace dimensionality d;
stored in the root node R of Gl) and execute a range query (with the same range p) on the corresponding
cluster index I; by invoking the procedure RangeSearchOnClusterIndex on the root node R, of ;. Range-
SearchOnClusterlndex isthe standard R-tree-style recursive range search procedure that starts from the root
node and explores the tree in a depth-first fashion. It examines the current node 7': if 7" is a non-leaf node,
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it recursively searches each child node N of T that satisfies the condition MINDIST(Q,N,D) < p
(where MINDIST(Q, N, D) denotes the minimum distance of the (d; + 1)-d image of query point to the
(d; + 1)-d bounding rectangle of N based on distance function D); if T" isaleaf node, it retrieves each data
item O stored in T' (which is the NewImage of the original D-d aobject) that satisfies the range condition
D(Q,0) < pinthe (d; + 1)-d space, accesses the full D-dimensional tuple on disk to determine whether
it is afase positive and adds it to the result set if it is not a false positive (i.e. it aso satisfies the range
condition D(Q,0) < pinthe origina D-d space). After all the cluster indices are searched, we add all
the qualifying points from among the outliers to the result by performing a sequential scan on O. Since
the distance in the index space lower bounds the distance in the original space (cf. Lemma 3), the above
agorithm cannot have any false dismissals. The algorithm cannot have any false positives either asthey are
filtered out before adding to the result set. The above algorithm thus returns exactly the same answer as the
query on the original space.

In the above discussion, we assumed that we store the reduced representation of the points (i.e. the
‘Newlmage's) in the leaf pages of the cluster indices. Another option was to store the original D-d pointin
the leaf pages (although the index is built on the reduced space). With the former option, the index will have
much fewer leaf nodes than the latter due to the smaller representation. On the other hand, in the latter case,
the fal se positives can be eliminated at the leaf page level while the former would require an additional page
access into the relation (where the full tupleis stored) to eliminate false positives. Since the index is usualy
a secondary index, we assume that for each match, we need to access the full tuple anyway (to retrieve the
additional attributes). In that case, the extra cost of the former option is that of additional page accesses for
only the false positives (see Section 4.5.1 for the details on the cost computations). Our experiments show
that our technique usually operates in a high precision zone (> 90%) i.e. has very few false positives. The
experiments also show that the smaller size of the indices in the former approach saves enough query cost to
compensate the few extra 1/Os due to false positives. Hence we store just the NewImagesin the leaf pages
of the index structure.

k Nearest Neighbor Queries

A k-NN query Q = (Q, k, D) retrieves a set R of k objects such that for any two objects O € R, 0 ¢

R, D(Q,0) < D(Q,0"). The agorithm for k-NN queries is shown in Table 4.5. Like the basic k-
NN algorithm, the algorithm uses a priority queue queue to navigate the nodes/objects in the database
in increasing order of their distances from (). Note that we use a single queue to navigate the entire global
index i.e. we explore the nodes/objects of al the cluster indices in an intermixed fashion and do not require
separate queues to navigate the different clusters. Each entry in queue is either a node or an object and
stores 3 fields: the id of the node/object T' it corresponds to, the cluster S it belongs to and its distance dist
from the query anchor (). The items (i.e. nodes/objects) are prioritized based on dist i.e. the smallest item
appears at the top of the queue (min-priority queue). For nodes, the distance is defined by MINDIST
while for objects, it is the the point-to-point distance. Initially, for each cluster, we map the query anchor @
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k-NNSearch(Query Q = Q, k, D))

1 for (i=1;i < K;i++)

2 Qs, + Newlmage(Q, Sy);

3 queue.push(S;, R;, MINDIST (Q;, R;, D));

4 Addtotemp the k closest neighbors of ) among O (lin. scan)
5 while(not queue.lSEmpty())

6 top=queue.Top();

7 for each object O in temp such that O.dist < top.dist
8 temp < temp — O;

9 result = result U O;

10 retrieved++;

11 if (retrieved = k) return result;

12 queue.Pop();

13 if top.T isan object

14 top.dist = D(Q, Original (top.T, top.S));

15 temp =temp U top.T;

16 eseif top.T isaleaf node

17 for each object O intop.T'

18 queue.push(top.S, O, D(Q top.s, O));

19 else/* top. T isanindex node*/

20 for each child N of top.T

21 queue.push(top.S, N, MINDIST(Qtop.s, N, D));

Table 4.5: k-NN Query.

to its (d; + 1)-d image Q; using the information stored in the root node R of Gl (Line 2). Then, for each
cluster index I;, we compute the distance M INDIST(Q;, R;, D) of @; from the root node R; of I; and
push R; into queue aong with the distance and the id of the cluster S to which it belongs (Line 3). We also
fill the set temp with the & closest neighbors of ) among the outliers by sequentialy scanning through O
(Line 4).

After these initialization steps, we start navigating the index by popping the item from the top of
queue at each step (Line 11). If the popped item is an object, we compute the distance of the origi-
nal D-d object (by accessing the full tuple on disk) from ) and append it to temp (Lines 12-14). If it
a node, we compute the distance of each of its children to the appropriate query image Q,,.s (Where
top.S denotes the cluster which top belongs to) and push them into the queue (Lines 15-20). Note that
the image for each cluster is computed just once (in Step 2) and is reused here. We move an object O
from temp to result only when we are sure that it is among the £ nearest neighbors of () i.e. there ex-
ists no object O’ ¢ result such that D(0',Q) < D(0,Q) and |result| < k. The second condition
is ensured by the exit condition in Line 11. The condition O.dist < top.dist in Line 7 ensures that
there exists no unexplored object O such that D(0',Q) < D(0,Q). The proof is smple: O.dist <
top.dist implies O.dist < D(NewImage(O',S), NewlImage(Q,S)) for any unexplored object (J in
a cluster S (by the property of min-priority queue) which in turn implies D(0, Q) < D(0, Q) (since
D(NewImage(O',S), NewImage(Q, S)) lower bounds D(0', Q), see Lemma 3). By inserting the ob-
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jectsin temp (i.e. adready explored items) into result in increasing order of their distances in the orig-
ina D-d space (by keeping temp sorted), we also ensure there exists no explored object J such that
D(0',Q) < D(0, Q). This shows that the algorithm returns the correct answer i.e. the exact set of objects
asthe query in the original D-d space. It is also easy to show that the algorithm is 1/O optimal.

Lemma 4 (Optimality of k-NN algorithm) The k-NN algorithm is optimal i.e. it does not explore any
object outside the range of kth nearest neighbor.

Proof: Let @« = mazpeaD(Q,0) where A is the set of final answers (the k nearest neighbors).
The algorithm is optimal if it does not explore any indexed object O (in any cluster) (13-15) such that
D(NewlImage(O,S), NewImage(Q,S)) > «. Let us assume that it does explore such an object O.
When O is explored, |result| < k because otherwise the algorithm would have terminated before reaching
this point. We will show that when O isexplored, |result| isat least & and hence prove the lemma (by con-
tradiction). Each O' € A has been explored before O since D(NewImage(O', S), NewImage(Q, S)) <
a < D(NewlImage(O,S), NewImage(Q,S)) (by property of min-priority queue). Now top.dist =
D(NewImage(O,S) , NewImage(Q,S)) when O is explored i.e. top.dist > «. Sinceeach 0 € A
satisfies the condition D(Q, O) < «, it satisfies the condition D(Q, O) < top.dist and is hence added to
result (Line 7). So |result| isat least k. [ ]

4.4.3 Modifications

We assume that the data is static in order to build the index. However, we must support subsequent in-
sertions/deletions of the objects to/from the index efficiently. To insert an object O, we find the first
cluster S (in the order mentioned earlier) for which the reconstruction distance bound is satisfied i.e.
ReconDist(0,S,D) < ReconError. If such a cluster exists, we compute NewlImage(O,S) and in-
sert it into the corresponding index using the insertion algorithm of the index structure. Otherwise, we
append O to O.

The deletion algorithm isalso simple. To delete an object O, wefirst find O by invoking the point search
algorithm (cf. Section 4.4.2). If it isfound in acluster, we delete it using the deletion algorithm of the index
structure; elseif itisfound in O, we delete it from O; else, we return not found.

If the database is dynamic (i.e. frequent insertions and deletions), the principal components need to be
updated from time to time. One option is to repeat the entire clustering algorithm and construct the index
structure from scratch. This can be done more efficiently using techniques proposed by Ravi Kanth et.
a. [76]. Theideais to use aggregate data, obtained from the cluster indices, to recompute the principal
components for each cluster and then incorporate the new components back into the cluster indices. [76]
shows that this technique improves the recomputation time significantly without degrading the quality of the
index structure. We can use their approach to handle dynamic databases. On the other hand, if the database
ismoreor less static (i.e. insertions and deletions arerare) asis often the case [43, 41], such recomputations
are not necessary.
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45 Experiments

In this section, we present the results of an extensive empirical study we have conducted to (1) evaluate the
effectiveness of LDR as a high dimensional indexing technique and (2) compare it with other techniques,
namely, GDR, original space indexing (OSl) and linear scan. We conducted our experiments on both syn-
thetic and real-life datasets. The mgjor findings of our study can be summarized as follows:

e High Precision: LDR provides up to an order of magnitude improvement in precision over the GDR
technique at the same reduced dimensionality. Thisindicates that LDR can achieve the same reduction
as GDR with significantly lower loss of distance information.

e Low Query Cost: LDR consistently outperforms other indexing techniques, namely GDR, original
space indexing and sequential scan, in terms of query cost (combined 1/0 and CPU costs) for both
synthetic and real-life datasets.

Thus, our experimental results validate the thesis of this chapter that LDR is an effective indexing tech-
nique for high dimensional datasets. All experiments reported in this section were conducted on a Sun
Ultra Enterprise 450 machine with 1 GB of physical memory and several GB of secondary storage, running
Solaris 2.5.

451 Experimental Methodology

We conduct the following two sets of experiments to evaluate the LDR technique and compare it with other
indexing techniques.

Precision Experiments Due to dimensionality reduction, both GDR and LDR, cause loss of distance
information. More the number of dimensions eliminated, more the amount of information lost. We measure
this loss by precision defined as Precision = H where Ry eqyced aNd Roriging; are the sets of

answers returned by the range query on the reduced dimensiona space and the original HDFS respectively
[76]. We repeat that since our algorithms guarantee that the user always gets back the correct set R,;ginai

of answers (as if the query executed in the original HDFS), precision does not measure the quality of the
answers returned to the user but just the information loss incurred by the DR technique and hence the query
cost. For aDR technique, if we fix the reduced dimensionality, the higher the precision, the lower the cost of
the query, the more efficient the technique. We compare the GDR and LDR techniques based on precision

at fixed reduced dimensionalities.

Cost Experiments We conducted experiments to measure the query cost (I/0 and CPU costs) for each
of the following four indexing techniques. We describe how we compute the 1/0 and CPU costs of the
techniques below.

e Linear Scan: In this technique, we perform a simple linear scan on the original high dimensional

Dsxsizeof(float)+sizeof(id))

PageSize . Since

dataset. The I/O cost in terms of sequential disk accesses is N
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Param. Description Default Value
n Total number of points 100000
D Original dimensionality 64
k Number of clusters 5
d Avg. subspace dimensionality 10

Zdim Skew in subspace dim. across clusters 0.5

Zsize Skew in size across clusters 0.5
c Number of spatial cluster per cluster 10
r Extent (from centroid) along subspace dim 05
P Max displacement along non-subspace dim 0.1
0 Fraction outliers 0.05

Table 4.6: Input parameters to Synthetic Data Generator

sizeof (id) < (D x sizeof (float)), wewill ignore the sizeof (id) henceforth. Assuming sequential

1/0 iss 10 times faster than random 1/0, the cost in terms of the random accesses is™*52co/ULcal)eD).

The CPU cost is the cost of computing the distance of the query from each point in the database.
Original Space Indexing (OS): In thistechnique, we build the index on the original HDFSitself using
a multidimensional index structure. We use the hybrid tree as the index structure. The 1/0O cost (in
terms of random disk accesses) of the query is the number of nodes of the index structure accessed.
The CPU cost is the CPU time (excluding 1/0 wait) required to navigate the index and return the
answers.

GDR: In this technique, we peform PCA on the original dataset, retain the first few principal com-
ponents (depending on the desired reduced dimensionality) and index the reduced dimensional space
using the hybrid tree index structure. In this case, the 1/0O cost has 2 components: index page accesses
(discussed in OSI) and accessing the full tuplesin the relation for false positive elimination (post pro-
cessing cost). The post processing cost can be one 1/0 per false positives in the worst case. However,
as observed in [55], this assumption is overly pessimistic (and is confirmed by our experiments). We,

therefore, assume the postprocessing 1/0 cost to be “um=lels¢-positives " The total 1/O cost (in number

of random disk accesses) isindex_page_access_cost + "n=Lalsepositives The CPY cogt is the sum

of the index CPU cost and the post processing CPU cost i.e. cost of computing the distance of the
query from each of the false positives.

LDR: In this technique, we index each cluster using the hybrid tree multidimensional index structure
and used alinear scan for the outlier set. For LDR, the I/O cost of a query has 3 components. index
page accesses for each cluster index, linear scan on the outlier set and accessing the full tuplesin the
relation (post processing cost). Thetotal index page access cost isthe total number of nodes accessed
of al the cluster indices combined. The number of sequential disk accesses for the outlier scan is
[OlxDxsizeof(floal) " The cogt of outlier scan in terms of random accesses js [ 2lxsizeo/(Jloab)sD) —pg

PageSize -~ 10xPageSize
postprocessing 1/0 cost is ™=/ “lsg""’““”es (as discussed above). The total 1/O cost (in number of

sizeof(float)xD) +num_false_positives Simi-
5 .

. . O|x*
random disk accesses) is index_page_access_cost + Sl T0+PageSize
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larly, the CPU cost is the sum of theindex CPU cost, outlier scan CPU cost (i.e. cost of computing the
distance of the query from each of the outliers) and the post processing cost (i.e. cost of computing
the distance of the query from each of the false positives).
We chose the hybrid tree as the index structure for our experiments since it is a space partitioning index
structure (“dimensionality-independent” fanout) and has been shown to scale to high dimensionalities [23].
5> We use a page size of 4KB for all our experiments.

45.2 Experimental Results - Synthetic Data Sets

Synthetic Data Setsand Queries In order to generate the synthetic data, we use a method similar to that
discussed in [154] but appropriately modified so that we can generate the different clusters in subspaces
of different orientations and dimensionalities. The generator generates k clusters with atotal of n.(1 — o)
points distributed among them using a Zipfian distribution with value ;... The subspace dimensionality

of each cluster also follows a Zipfian distribution with value z;,,, the average subspace dimensionality
being d. Each cluster is generated as follows. For a cluster with size n; and subspace dimensionality d;

(computed using the Zipfian distributions described above), we randomly choose ¢ dimensions among the
D dimensions as the subspace dimensions and generate »; points in that d;-d plane. Along each of the
remaining (D — d;) non-subspace dimensions, we assign a randomly chosen coordinate to all the ; points
in the cluster. Let f; be the randomly chosen coordinate along the jth non-subspace dimension. In the
subspace, the points are spatially clustered into several regions (c regions on average) with each region
having a randomly chosen centroid and an extent of r from the centroid along each of the ¢ dimensions.

After dl the points in the cluster are generated, each point is displaced by a distance of at most p in either
direction along each non-subspace dimension i.e. the point is randomly placed somewhere between ( f —p)

and (f;+p) along the jth non-subspace dimension. The amount of displacement (i.e. value of p) determines
the degree of correlation (since r is fixed). Lower the value, more the correlation. To make the subspaces
arbitrarily oriented, we generate a random orthonormal rotation matrix (generated using MATLAB) and
rotate the cluster by multiplying the data matrix with the rotation matrix. After al the clusters are generated,
we randomly generate N.o points (with random values along al D dimensions) as the outliers. The default
values of the various parameters is shown in Table 4.6.

We generated 100 range queries by selecting their query anchors randomly from the dataset and choosing
arange value such that the average query selectivity is about 2%. We tested with only range queries since
the k-NN algorithm, being optimal, isidentical to the range query with the range egqual to the distance of the
kth nearest neighbor from the query (Lemma 3). We use L, distance (Euclidean) as the distance metric. All
our measurements are averaged over the 100 queries.

5The performance gap between our technique and the other techniques was even greater with SR-tree [77] astheindex structure
due to higher dimensionality curse [23]. We do not report those results here but can be found in the full version of the LDR paper
[25].
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Precision Experiments In our first set of experiments, we carry out a sensitivity analysis of the GDR and
L DR techniques to parameters like skew in the size of the clusters (z;,.), number of clusters (k) and degree
of correlation (p). In each experiment, we vary the parameter of interest while the remaining parameters
are fixed at their default values. We fix the reduced dimensionality of the GDR technique to 15. We fix the
average subspace dimensionality of the clusters (i.e. Zlfil"dei) also to 15 by choosing F'racOutliers and
MaxReconDist appropriately (FracOutliers = 0.1 and MaxReconDist = 0.5). Figure 4.6 compares
the precision of the LDR technique with that of GDR for various value of z;,.. LDR achieves about 3 times
higher precision compared to GDR i.e. the latter has more than three times the number of false positives as
the former. The precision of neither technique changes significantly with the skew. Figure 4.7 compares the
precision of the two techniques for various values of k. As expected, for one cluster, the two techniques are
identical. Ask increases, the precision of GDR deteriorates while that of LDR isindependent of the number
of clusters. For k = 10, LDR isalmost an order of magnitude better compared to GDR in terms of precision.
Figure 4.8 compares the two techniques for various values of p. Asthe degree of correlation decreases (i.e.
the value of p increases), the precision of both techniques drop but LDR outperforms GDR for al values p.
Figure 4.9 shows the variation of the precision with the reduced dimensionality. For the GDR technique, we
vary the reduced dimensionality from 15 to 60. For the LDR technique, wevary the FracOutliers from 0.2
to 0.01 (0.2, 0.15, 0.1, 0.05, 0.02, 0.01) causing the average subspace dimensionality to vary from 7 to 42
(7, 10, 12, 14, 23 and 42) (M axDim was 64). The precision of both techniques increase with the increase
in reduced dimensionality. Once again, LDR consistently outperforms GDR at all dimensionalities. The
above experiments show that LDR is a more effective dimensionality reduction technique as it can achieve
the same reduction as GDR with significantly lower loss of information (i.e. high precision) and hence
significantly lower cost as confirmed in the cost experiments described next.

Cost Experiments We compare the 4 techniques, namely LDR, GDR, OSI and Linear Scan, in terms of
query cost for the synthetic dataset. Figure 4.10 compares the 1/O cost of the 4 techniques. Both the LDR
and GDR techniques have U-shaped cost curves: when the reduced dimensionality istoo low, thereis ahigh
degree of information lossleading to alarge number of fal se positives and hence a high post-processing cost;
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when it istoo high, the index page access cost becomes too high due to dimensionality curse. The optimum
points lies somewhere in the middle; it is a dimensionality 14 (about 250 random disk accesses) for LDR
and at 40 (about 1200 random disk accesses) for GDR. The 1/0O cost of OSl and Linear Scan is obviously
independent of the reduced dimensionality. LDR significantly outperforms all the other 3 techniques in
terms of 1/0 cost. The only technique that comes close to LDR in terms of 1/O cost is the linear scan (but
LDR is 2.5 times better as the latter performs 6274 sequential accesses ~ 627 random accesses). However,
linear scan loses out mainly due to its high CPU cost shown in Figure 4.11. While LDR, GDR and OS|

technigues have similar CPU cost (at their respective optimum points), the CPU cost linear scan is almost
two orders of magnitude higher that the rest. LDR has dlightly higher CPU cost compared to GDR and OS|

since it uses linear scan for the outlier set: however, the savings in the I/O cost over GDR and OS| (by a
factor of 5-6) far offsets the slightly higher CPU cost.
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45.3 Experimental Results- Real-Life Data Sets

Description of Dataset Our real-life data set (COLHIST dataset [23]) comprises of 8 x 8 color histograms

(64-d data) extracted from about 70,000 color images obtained from the Corel Database (http://corel .digitalriver.com/)
and is available online at the UCI KDD Archive web site (http://kdd.ics.uci.edu/databases/Corel Features).

We generated 100 range queries by selecting their query anchors randomly from the dataset and choosing a

range value such that the average query selectivity is about 0.5%. All our measurements are averaged over

the 100 queries.

Cost Experiments  First, we evaluate the impact of adding Recon Dist asan additional dimension of each
cluster in the LDR technique. Figure 4.12 shows that the additional dimension reduces the cost of the query
significantly. We performed the above experiment on the synthetic dataset as well and observed a similar
result. Figures 4.15 and 4.16 shows the sensitivity of the LDR technique to the M ax Recon Dist parameter
in terms of 1/O and CPU costs respectively. The 1/O cost improves with decrease in M axz Recon Dist due
to decrease in the information loss (i.e. fewer false positives) and hence decrease in post processing cost.
However, with the decrease in M ax ReconDist, the number of outliers increase as fewer points satisfy the
reconstruction distance bound which causes the CPU cost to increase (the cost of scanning the outlier set) as
shown in the Figure 4.16. The choice of M axReconDist must consider the combined 1/0 and CPU cost;
for example, M axzReconDist = 0.08 represents agood choice for this real-life dataset.

Figure 4.13 compares the 4 techniques, namely LDR, GDR, OSI and Linear Scan, in terms of 1/O cost.
LDR outperforms all other techniques significantly. Again, the only technique that come close to LDR in
I/0O cost (i.e. number of random disk accesses) is the linear scan. However, again, linear scan turns out
to significantly worse compared to LDR in terms of the overall cost due to its high CPU cost as shown in
Figure 4.14.
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4.6 Conclusion

With numerous emerging applications requiring efficient access to high dimensional datasets, thereisaneed
for scalable techniques to indexing high dimensional data. In this chapter, we proposed local dimension-
ality reduction (LDR) as an approach to indexing high dimensional spaces. We developed an algorithm
to discover the locally correlated clusters in the dataset and perform dimensionality reduction on each of
them individually. We presented an index structure that exploits the correlated clusters to efficiently support
similarity queries over high dimensional datasets. We have shown that our query processing algorithms
are correct and optimal. We conducted an extensive experimental study with synthetic as well as real-life
datasets to evaluate the effectiveness of our technique and compare it to GDR, original space indexing and
linear scan techniques. Our results demonstrate that our technique (1) reduces the dimensionality of the data
with significantly lower loss in distance information compared to GDR, outperforming GDR by almost an
order of magnitude in terms of query precision (for the same reduced dimensionality) and (2) significantly
outperforms all the other 3 techniques (namely, GDR, origina space indexing and linear scan) in terms of
the query cost for both synthetic and real-life datasets.

In the next chapter, we present a new dimensionality reduction technique, called Adaptive Piecewise
Constant Approximation (APCA), for time series data. APCA goes a step further compared to LDR; while
LDR chooses areduced-representation that islocal to each cluster, APCA adapts locally to each dataitemin
the database and chooses the best reduced-representation for that item. We show how APCA can be indexed
using amultidimensional index structure. Such an index enables extremely fast similarity searching in time
series data.
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Chapter 5

Indexing Time Series Data

In this, we present a new locally adaptive dimensionality reduction technique for indexing large time series
databases.

5.1 Introduction

Time series account for alarge proportion of the data stored in financial, medical and scientific databases.
Recently there has been much interest in the problem of similarity search (query-by-content) in time series
databases. Similarity search is useful in its own right as a tool for exploratory data analysis, and it is aso
an important element of many data mining applications such as clustering [36], classification [80, 101] and
mining of association rules[35].

The similarity between two time seriesis typically measured with Euclidean distance, which can be cal-
culated very efficiently. However the volume of data typically encountered exasperates the problem. Multi-
gigabyte datasets are very common. As typical example, consider the MACHCO project. This database
contains more than aterabyte of dataand is updated at the rate of severa gigabytes a day [148].

The most promising similarity search methods are techniques that perform dimensionality reduction
on the data, then use a multidimensional index structure to index the data in the transformed space. The
technigue was introduced in [5] and extended in [119, 32]. The original work by Agrawal et. al. utilizes the
Discrete Fourier Transform (DFT) to perform the dimensionality reduction, but other techniques have been
suggested, including Singular Value Decomposition (SVD) [79, 76, 81], the Discrete Wavelet Transform
(DWT) [29, 151, 75] and Piecewise Aggregate Approximation (PAA) [79, 153].

For a given index structure, the efficiency of indexing depends only on the fidelity of the approximation
in the reduced dimensionality space. However, in choosing adimensionality reduction technique, we cannot
simply choose an arbitrary compression algorithm. What is required is a technique that produces an index-
able representation. For example, many time series can be efficiently compressed by delta encoding, but this
representation does not lend itself to indexing. In contrast SVD, DFT, DWT and PAA al lend themselves
naturally to indexing, with each eigenwave, fourier coefficient, wavelet coefficient or aggregate segment
mapping onto one dimension of an index tree.
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Figure 5.1: A visua comparison of the time series representation proposed in this work (APCA), and the
3 other representations advocated in the literature. For fair comparison, all representations have the same
compression ratio. The reconstruction error is the Euclidean distance between the original time series and
its approximation.

The main contribution of this chapter isto propose asimple, but highly effective compression technique,
Adaptive Piecewise Constant Approximation (APCA), and show that it can be indexed using a multidimen-
sional index structure. This representation was considered by other researchers, but they suggested it ”does
not allow for indexing due to its irregularity” [153]. We will show that indexing APCA is possible, and,
using APCA is up to one to two orders of magnitude more efficient than aternative techniques on real world
datasets. We will show that our distance measure in the APCA space lower bounds the true distance (i.e.,
Euclidean distance in the origina space); hence our APCA index always returns exact results. We will
define the APCA representation in detail in Section 5.3, however an intuitive understanding can be gleaned
from Figure 5.1.

The rest of the chapter is organized as follows. In Section 5.2 we provide background on and review
related work in time series similarity search. In Section 5.3 we introduce the APCA representation, an
algorithm to compute it efficiently and two distance measures defined on it. In Section 5.4 we demonstrate
how to index the APCA representation. Section 5.5 contains a comprehensive experimental comparison of
APCA with al the competing techniques. In section 5.8 we discuss several advantages APCA has over the
competing techniques, in addition to being faster. Section 5.9 offers the conclusions.

C
M
% _

Figure 5.2: The intuition behind the Euclidean distance. The Euclidean distance can be visualized as the
square root of the sum of the squared lengths of the gray lines.



5.2 Background and Related Work

Given two time series Q= {qi,... ,q,} and C= {cy,... , ¢, }, the Euclidean distance D(Q,C) between Q
and C isdefined as:

D(Q,C) = | Y (g — )’ (5.1)

Figure 5.2 shows the intuition behind the Euclidean distance.

There are essentially two ways the data might be organized [46]:

e Whole Matching: Hereit assumed that all sequences to be compared are the same length n.

e Subsequence Matching: Here we have aquery sequence Q (of length n), and alonger sequence C (of

length m). Thetask isto find the subsequence in C of length n, beginning at ¢, which best matches
Q, and report its offset within C.

Whole matching requires comparing the query sequence to each candidate sequence by evaluating the
distance function and keeping track of the sequence with the lowest distance. Subsequence matching re-
quires that the query Q be placed at every possible offset within the longer sequence C. Noteit is possible to
convert subsequence matching to whole matching by sliding a“window” of length n across C, and making
copies of the (m — n) windows. Figure 5.3 illustrates the idea. Although this causes storage redundancy it
simplifies the notation and algorithms so we will adopt this policy for the rest of this chapter.

There are two important kinds of queries that we would like to support in time series database, range
gueries (e.g., return all sequences within an epsilon of the query sequence) and nearest neighbor (e.g., return
the K closest sequences to the query sequence). The brute force approach to answering these queries,
sequential scanning, requires comparing every time series g to Q. Clearly this approach is unrealistic for
large datasets.

Any indexing scheme that does not examine the entire dataset could potentially suffer from two prob-
lems, false alarms and false dismissals. False alarms occur when objects that appear to be close in the
index are actually distant. Because false alarms can be removed in a post-processing stage (by confirming
distance estimates on the original data), they can be tolerated so long as they are relatively infrequent. A

n datapoints

Figure 5.3: The subsequence matching problem can be converted into the whole matching problem by
diding a“window” of length n across the long sequence and making copies of the data falling within the
windows.
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false dismissal iswhen qualifying objects are missed because they appear distant in index space. Similarity-
searching techniques that guarantee no false dismissals are referred to as exact while techniques that do
not have this guarantee are called approximate. Although approximate techniques can sometimes be useful
for exploring large databases, we do not consider them in this thesis. We devote the rest of this section in
reviewing exact techniques for similarity search in time series data.

A timeseriesC = {c, ... , ¢, } with n datapoints can be considered as a point in n-dimensional space.
This immediately suggests that time series could be indexed by multidimensional index structure such as
the R-tree and its many variants [59]. Since realistic queries typically contain 20 to 1,000 datapoints (i.e., n
varies from 20 to 1000) and most multidimensional index structures have poor performance at dimension-
alities greater than 8-12 [23], we need to first perform dimensionality reduction in order to exploit multidi-
mensional index structures to index time series data. 1n [46], the authors introduced GEneric Multimedia
INdexIng method (GEMINI) which can exploit any dimensionality reduction method to allow efficient in-
dexing. The technique was originally introduced for time series, but has been successfully extend to many
other types of data[81].

An important result in [46] is that the authors proved that in order to guarantee no false dismissals, the
distance measure in the index space must satisfy the following condition:

Dindex_space (Aa B) < Dtrue (A7 B) (52)

This theorem is known as the lower bounding lemma or the contractive property. Given the lower
bounding lemma, and the ready availability of off-the-shelf multidimensional index structures, GEMINI
requires just the following three steps:

e Establish adistance metric Dy, from adomain expert (in this case Euclidean distance).

e Produce adimensionality reduction technique that reduces the dimensionality of the datafromnto N,

where N can be efficiently handled by your favorite index structure.

e Produce adistance measure D;;, ges_space defined on the N dimensional representation of the data, and

prove that it obeys Equation 5.2

Table 5.1 contains an outline of the GEMINI indexing algorithm. All sequences in the dataset C are
transformed by some dimensionality reduction technique and then indexed by the index structure of choice.
The indexing tree represents the transformed sequences as points in N dimensional space. Each point con-
tains a pointer to the corresponding original sequence on disk.

Algorithm Buildindex(C,n) Il C isthe dataset, n isthe size of the window

for each abject C; € C
C; + C; — Mean(C;); // Optional: remove the mean of Ci
C; + SomeTrans formation(C;); Il C; isany dimensionality reduced representation
Insert C; into Spatial Access Method with a pointer to Ci on disk from leaf page;

Table 5.1: An outline of the GEMINI index building agorithm.
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Note that each sequence has its mean subtracted before indexing. This has the effect of shifting the
sequence in the y-axis such that its mean is zero, removing information about its offset. Thisstep isincluded
because for most applications the offset isirrelevant when computing similarity.

Table 5.2 below contains an outline of the GEMINI range query algorithm.

Algorithm RangeQuery(Q,¢)

Project the query Q into the same feature space as the index.

Find all candidate objects in the index within e of the query.
Retrieve from disk the actual sequences pointed to by the candidates.
Compute the actual distances, and discard false alarms.

Table 5.2: The GEMINI range query algorithm.

The range query algorithm is called as a subroutine in the K Nearest Neighbor algorithm outlined in
Table 5.3. There are several optimizations to this basic K Nearest Neighbor algorithm that we utilize in this
chapter [131]. We will discuss them in more detail in Section 5.4.

Algorithm K_NearestNeighbor(Q,K)

Project the query Q into the same feature space as the index.

Find the K nearest candidate objects in the index.

Retrieve from disk the actual sequences pointed to by the candidates.
Compute the actual distances and record the maximum, call it 6, -

I ssue the range query, RangeQuery(Q,émnaz)-

Compute the actual distances, and choose the nearest K.

Table 5.3: The GEMINI nearest neighbor algorithm.

The efficiency of the GEMINI query agorithms depends only on the quality of the transformation used
to build the index. The tighter the bound in Equation 5.2 the better, as tighter bounds imply fewer false
alarms hence lower query cost [24]. Time series are usually good candidates for dimensionality reduction
because they tend to contain highly correlated features. For brevity, we will not describe the three main
dimensionality reduction techniques, SVD, DFT and DWT, in detail. Instead we refer the interested reader
to the relevant papers or to [79] which contains asurvey of all the techniques. We will briefly revisit related
work in Section 5.8 when the reader has developed more intuition about our approach.

5.3 Adaptive Resolution Representation

In recent work Keogh et. a. [79] and Yi and Faloutsos [153] independently suggested approximating a
time series by dividing it into equal-length segments and recording the mean value of the datapoints that fall
within the segment. The authors use different names for this representation, for clarity we will refer to it
as Piecewise Aggregate Approximation (PAA). This simple technique is surprisingly competitive with the
more sophisticated transforms.
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Figure 5.4: A comparison of the reconstruction errors of the egqual-size segment approach (PAA) and the
variable length segment approach (APCA), on a collection of miscellaneous datasets. A) INTERBALL
Plasma processes. B) Darwin sea level pressures. C) Space Shuttle telemetry. D) Electrocardiogram. E)
Manufacturing. F) Exchange rate.

Thefact that each segment in PAA isthe same length facilitates indexing of this representation. Suppose
however we relaxed this requirement and allowed the segments to have arbitrary lengths, does thisimprove
the quality of the approximation? Before we consider this question, we must remember that the approach
that alows arbitrary length segments, which we call Adaptive Piecewise Constant Approximation (APCA),
requires two numbers per segment. The first number records the mean value of al the datapoints in segment,
the second number records the length. So a fair comparison is N PAA segments to M APCA segments,
were M = [ ].

It is difficult to make any intuitive guess about the relative performance of the two techniques. On one
hand PAA has the advantage of having twice as many approximating segments. On the other hand APCA
has the advantage of being able to place a single segment in an area of low activity and many segments in
areas of high activity. In addition one has to consider the structure of the data in question. It is possible to
construct artificial datasets where one approach has an arbitrarily large reconstruction error, while the other
approach has reconstruction error of zero.

Figure 5.4 illustrates afair comparison between the two techniques on several real datasets. Note that for
the task of indexing, subjective feelings about which technique “1ooks better” are irrelevant. All that matters
isthe quality of the approximation, which is given by the reconstruction error (because lower reconstruction
errors result in tighter bounds on Dygeq_space (A, B) < Dirue(A, B)).

On five of the six time series APCA outperforms PAA significantly. Only on the Exchange Rate data
arethey essentialy the same. In fact, we repeated similar experiments for more than 40 different time series
datasets, over a range of sequence lengths and compression ratios and we found that APCA is aways at
least as good as PAA, and usually much better. This comparison motivates our approach. If the APCA
representation can be indexed, its high fidelity to the original signal should allow very efficient pruning of
the index space (i.e., few false alarms, hence low query cost). We will show how APCA can be indexed

68



Symbols Definitions
S The number of objectsin the database
n The length of a time series (also called query length, original dimen-
sionality)
C=Act,...,cn} A time seriesin a database, stored a vector of length n
Q={q, - - ,qn} The user specified query, represented as a vector of length n
N The dimensionality of an index structure, with N < n
M The number of segmentsin a APCA representation, withM = | I |
C = {{cvy,cr1),... ,{cop,cra)} | An adaptive piecewise constant approximation of C, with ¢; the value
of the ith segment and cr; the right endpoint of the ith segment
Q' = {{qu1,q7m1), ... ,{qum,qra)} | Also an adaptive piecewise constant approximation, but obtained using
a special algorithm as describein Equation 5.4
D The Euclidean distance, defined for Q and C
Dip An approximation of the Euclidean distance, defined for Q' and C

Table 5.4: The notation used in this chapter.

in the next section (Section 5.4). In the rest of this section, we define the APCA representation formally,
describe the algorithm to obtain the APCA representation of atime series and discuss the distance measures
for APCA.

5.3.1 The APCA representation
Given atime series C' = {c1,... ,cn}, we need to be able to produce an APCA representation, which we

will represent as.

C = {(cv1,cr1),... ,(cop,era)}, crg=0 (5.3)

where cv; isthe mean value of datapoints in the ith segment (i.e., cy; = mean(cer;_,+1,- - - » Cer;)) @ cr; the
right endpoint of the ith segment. We do not represent the length of the segments but record the locations of
their right endpoints instead for indexing reasons as will be discussed in Section 5.4. The length of the ith
segment can be calculated as (cr; — cri — 1). Figure 5.5 illustrates this notation.

cvy

cv,

cv,
‘ cv,

C C

Figure 5.5: A time series C and its APCA representation C, withM =4
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5.3.2 Obtaining the APCA representation

As mentioned before, the performance of the index structure built on the APCA representation defined in
Equation 5.3 depends on how closely the APCA representation approximates the original signal. Closer
the approximation, fewer the number of false alarms, better the performance of the index. We say that an
M-segment APCA representation C of atime series Cisoptimal (in terms of the quality of approximation)
iff C has the least reconstruction error among all possible M-segment APCA representations of C. Finding
the optimal piecewise polynomial representation of atime series requires a O (M+7) dynamic programming
algorithm [15, 35]. Thisistoo slow for high dimensional data. In this chapter, we propose anew algorithmto
produce almost optimal APCA representations in O(nlog(n)) time. The algorithm works by first converting
the problem into a wavelet compression problem, for which there are well known optimal solutions, then
converting the solution back to the ACPA representation and (possibly) making minor modifications. The
agorithm leverages off the fact that the Haar wavel et transformation of atime series signal can be calculated
in O(n), and that an optimal reconstruction of the signal for any level of compression can be obtained
by sorting the normalized coefficients in order of decreasing magnitude, then truncating off the smaller
coefficients [136]. Note that such a reconstruction is equivalent to an APCA representation. There are,
however, two issues we must address before utilizing this approach.

1. The DWT isdefined only for time series with alength that is an integer power of two while n may not
necessarily be a power of two. This problem can be solved easily by padding those time series with
zeros, then truncating the corresponding segment after performing the DWT.

2. Thereis no direct mapping between the number of Haar coefficients retained and the number of seg-
ments in the APCA representation resulting from the reconstruction. For example a single coefficient
Haar approximation could produce a 1, 2 or 3-segment APCA representation. Our solution is to keep
the largest M coefficients, and if this results in an APCA representation with more than M segments,
adjacent pairs of segments are merged until exactly M segments remain. The segment pairs targeted
for merging are those that can be fused into a single segment with the minimum increase in recon-
struction error.

Table 5.5 contains the outline of the algorithm, and Figure 5.6 illustrates the working of the algorithm
on real world data.

We experimentally compared this algorithm with several of the heuristic, merging agorithms [45, 114,
133] and found it is faster (at least 5 times faster for any length time series) and slightly superior in terms of
reconstruction error.

5.3.3 Lower Bounding Distance measure for the APCA representation

Suppose we have atime series C, which we convert to the APCA representation C, and aquery time series Q.
Clearly, no distance measure defined between Q and C' can be exactly equivalent to the Euclidean distance

70



Algorithm Compute. APCA(C,M)
if length(C) is not a power of two, pad it with zeros to make it so.
Perform the Haar Discrete Wavelet Transform on C.
Sort coefficients in order of decreasing magnitude, truncate after M.
Reconstruct approximation (APCA representation) of C from retained coeffs.
If C was padded with zeros, truncate it to the original length.
while the number of segmentsis greater than M
Merge the pair of segments that can be merged with the least rise in error.

Table 5.5: An algorithm to produce the APCA.

Figure 5.6: A visualization of the algorithm used to produce the APCA representation. The origina time
series (A) is padded with zeros up to the next power of two (B). The optima Haar compression for M
coefficients is obtained (C), it consists of dightly more than M segments. The sequence is truncated back to
the original length (D) and segments are merged until exactly M remain (E).

D(Q,C) (defined in Equation 5.1) because C generally contains less information than C. We need to define
adistance measures Dy, 5(Q,C) between Q and C that lower bounds the Euclidean distance D(Q,C) so that
we can utilize the GEMINI framework. To define Dy, 5(Q,C), we must first introduce a special version of
the APCA. Normally the algorithm mentioned in Section 5.3.2 is used to obtain the APCA representation
of any time series. However we can also obtain the APCA representation of the query time series Q by
“projecting” the endpoints of C' onto Q, and finding the mean value of the sections of Q that fall within the
projected intervals. A time series Q converted into the APCA representation this way is denoted as Q’. The
idea can be visualized in Figure 5.7(a). Q' is defined as:

Q" = {{qui,qr1), .. ,{quim,qra)} wheregr; = cr; and qu; = mean(qer;_y+1s- - - »qer;) (5.4)

DLB(Q',C) isdefined as (see Figure 5.7(b)):

M

D1p(Q',C) = \l > (eri = erica)(qui — cv;)? (5.5)

=1

Lemma5 (Lower Bounding Lemma) D; 3(Q,C) lower bounds the Euclidean Distance D(Q,C).

71



D 15 (Q,0)

Figure 5.7: A visudization of the lower bounding distance measure Dy, 5(Q’, C) defined on the APCA
representation. (&) (' is obtained by projecting the endpoints of C' onto Q and calculating the mean values
of the sections falling within the projected lines. (b) D 5(Q’, C) can be visuaized as the square root of the
sum of the product of squared length of the gray lines with the length of the segments they join.

Proof: We present a proof for the case where there is asingle segment in the APCA representation. The
more general proof for the M segment case can be obtained by applying the proof to each of the M segments.

Let W = {wy,ws,...,w,} beavector of p real numbers. Let W denote the arithmetic mean of W,
e, W = ZT“’ We define a vector AW of real numbers where Aw; = W — w;. It is easy to see that
3" Aw; = 0. The definition of Aw; allows us to substitute w; by W — Aw;, afact which we will utilize in
the proof below.

Let Q and C be the query and data time series respectively, with |Q| = |C| = n. Let ¢ and C be the
corresponding APCA vectors as defined in Equations 5.4 and 5.3 respectively.

We want to prove

n M
Z(Qi —¢)? > \J Z(cm —cri—1)(qu; — cv;)? (5.6)

i=1 =1

We start the proof with the assumption that the above is true. Since we are considering just the single
segment case, we can remove summation over M segments and rewrite the inequality as:

n

> (g — i)® =V (eri — cris1)(qui — ev;)? (5.7)

=1

Since (cr; — ¢ri—1) = n,

> (g — i) = /n(qui — cv;)? (58)

=1
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Squaring both sides,

Since quv; = Q and cv; = C,

Substituting ¢; by Q — Ag; and ¢; by C' — Ac;,
S (@ - Ag) — (C = Aci))? > n(Q — 0)?
=1

Rearranging terms,

n

2 —(Agi— Ac))? > n(Q-0)?
z (@0 ~ 2@ - 0)(Agi — Ac) + (Mg~ Aef) > n(Q— O
zn: 22 — C)(Agi — Aci) + Z (Agi — Aci)? > n(Q—C)?
i=1 p
n(Q - C)? —2(Q - 0) Z Ag — Ac;) +i(Aqi ~A¢)? > n(Q-0)?
1@ 0P ~2Q - O/Y Au= Y 8e) + 3 (0~ A > (@~ O
Since Y Aw; =0,
n(Q - C)? —2Q - 0)(0—0) + Z (Agi — Aci)? > n(Q ~C)?
n(Q—-C)* + i(Aqi —Ac)? > n(Q - 0)?
Xn:(Aq,» —A¢)? > 0
P

The sum of sguares must be nonnegative, so our assumption was true. Hence the proof.
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Algorithm ExactK NNSearch(Q,K)

Variable queue: MinPriorityQueue;

Variable temp: List;

1. queue.push(root node of_index, 0);

2. while not queue.IsEmpty() do

3 top = queue.Top();

4 for each time series C in temp such that D(Q,C) < top.dist
5. Remove C from temp;

6 Add Cto result;

7 if |[result| = K return result;

8 queue.Pop();

9. if top isan APCA point C

10. Retrieve full time series C from database;

11. temp.insert(C, D(Q,C));

12. elseif top isaleaf node

13. for each dataitem C'intop

14. queue.push(C, Dr(Q', C));

15. else // top is anon-leaf node

16. for each child node U in top

17. queue.push(U, MINDIST(Q,R)) // RisMBR associated with U

Table 5.6: K-NN algorithm to compute the exact K nearest neighbors of a query time series Q using a
multidimensional index structure

5.4 Indexing the APCA representation

The APCA representation proposed in Section 5.3.1 defines a N-dimensional feature space (N = 2M).
In other words, the proposed representation maps each time series C = {q,...,c,} to apoint C =
{cvi,cr,... ,cup,era} ina N-dimensional space. We refer to the N-dimensional space as the APCA
space and the points in the APCA space as APCA points. In this section, we discuss how we can index
the APCA points using a multidimensional index structure (e.g., R-tree) and use the index to answer range
and K nearest neighbors (K-NN) queries efficiently. We will concentrate on K-NN queries in this section;
range queries will be discussed briefly at the end of the section.

A K-NN query (Q, K) with query time series Q and desired number of neighbors K retrieves a set C
of K time series such that for any two time seriesC € C, E ¢ C, D(Q, C) < D(Q, E). The algorithm for
answering K-NN queries using a multidimensional index structure is shown in Table 5.6. * The above

Yn this chapter, we restrict our discussion to only feature-based index structures i.e. multidimensional index structures that
recursively cluster points using minimum bounding rectangles (MBRs). Examples of such index structures are R-tree, X-tree and
Hybrid Tree . Note that the MBR-based clustering can belogical i.e. theindex structure need not store the MBRs physically aslong
as they can be derived from the physically stored information. For example, space partitioning index structures like the hB-tree and
the Hybrid Tree store the partitioning information inside the index nodes as kd-trees [90, 23]. Since the MBRs can be derived from
the kd-trees, the techniques discussed here are applicable to such index structures [23].
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algorithm is an optimization on the GEMINI K-NN algorithm described in Table 5.3 and was proposed
in [131]. Like the basic K-NN algorithm [121, 66], the algorithm uses a priority queue queue to navigate
nodes/objects in the index in the increasing order of their distances from Q in the indexed (i.e., APCA)
space. The distance of an object (i.e., APCA point) C from Q isdefined by Dy 5(Q’, C) (cf. Section 5.3.3)

while the distance of anode U from Q is defined by the minimum distance MINDIST(Q,R) of the minimum
bounding rectangle (MBR) R associated with U from Q (definition of MINDIST will be discussed later).
Initially, we push the root node of the index into the queue (Line 1). Subsequently, the algorithm navigates
the index by popping out the item from the top of queue at each step (Line 8). If the popped item is an
APCA point C, weretrieve the original time series C from the database, compute its exact distance D(Q,C)
from the query and insert it into atemporary list temp (Lines 9-11). If the popped item is anode of theindex
structure, we compute the distance of each of its children from Q and push them into queue (Lines 12-17).
We move atime series C from temp to result only when we are sure that it isamong the K nearest neighbors
of Q, i.e, there exists no object E ¢ result such that D(Q,E) < D(Q,C) and |result| < K. The second

condition is ensured by the exit condition in Line 7. The first condition can be guaranteed asfollows. Let Z
be the set of APCA pointsretrieved so far using theindex (i.e., Z = tempUresult). If we can guarantee that
VC € I,VE ¢ T,Dr5(Q',C) < D(Q,E), then the condition “D(Q,C) < top.dist” in Line 4 would ensure
that there exists no unexplored time series E such that D(Q, E) < D(Q,C). By inserting the time series in
temp (i.e., already explored objects) into result in increasing order of their distances D(Q,C) (by keeping
temp sorted by D(Q,C)), we can ensure that there exists no explored object E such that D(Q, E) < D(Q,C).
In other words, if VC € Z,VE ¢ Z,Dp(Q’,C) < D(Q,E), the above agorithm would return the correct

answer.

Before we can use the above algorithm, we need to describe how to compute MINDIST(Q,R) such that
the correctness requirement is satisfied, i.e,, VC € Z,VE ¢ T, Dy p(Q', C) < D(Q,E). We now discuss how
the MBRs are computed and how to compute MINDIST(Q,R) based on the MBRs. We start by revisiting
the traditional definition of an MBR [17]. Let us assume we have built an index of the APCA points by
simply inserting the APCA points C = {cuv,cri,... ,cop,cry} into a MBR-based multidimensional
index structure (using the insert function of the index structure). Let U be a leaf node of the above index.
Let R = (L, H) bethe MBR associated with U where L = {l;,1ls,... Iy} and H = {hy, hs,... ,hy} &€
the lower and higher endpoints of the mgjor diagonal of R. By definition, R isthe smallest rectangle that
spatially contains each APCA point C' = {cui,cry,... ,cop,cry ) stored inU. Formally, R = (L, H) is
defined as:
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Figure 5.8: Definition of cmaz; and emin; for computing MBRs

Definition 4 (Old definition of MBR)

Iy = minc in UCYi+1)/2 if i isodd
= Mminginycrie ifiiseven
hi = mazqiny v ifiisodd

= maT.ijpycriz ifiiseven

(5.20)
(5.21)
(5.22)
(5.23)

The MBR associated with a non-leaf node would be the smallest rectangle that spatially contains the

MBRs associated with its immediate children [59].

However, if we build the index as above (i.e., the MBRs are computed as in Definition 4), it is not

possible to define a MINDIST(Q,R) that satisfies the correctness criteria. To overcome the problem, we
define the MBRs are follows. Let us consider the MBR R of aleaf node U. For any APCA point C' =

{cvi,cry,... ,cop, cras} storedinnode U, let cmaz; and emin; denote the maximum and minimum val ues

of the corresponding time series C among the datapoints in the ith segment, i.e.,

. _ Crj
cmax; = Mar;_.,. . .1Ct

L . erg
cming = man_.. 4G

(5.24)
(5.25)
(5.26)

The cmazx; and emin; of a sSimple time series with 4 segments is shown in Figure 5.8. We define the

MBR R = (L, H) associated with U as follows:
Definition 5 (New definition of MBR)
li = minginyemingyye  ifiisodd
= Minginycriz ifiiseven

hi = mazq iy yemazyy, ifiisodd

= mazqinycriz  ifiiseven
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[ ]
As before, the MBR associated with a non-leaf node is defined as the smallest rectangle that spatially
contains the MBRs associated with its immediate children.
How do we build the index such that the MBRs satisfy Definition 5. We insert rectangles instead of the

APCA points. In order to insert an APCA point C' = {cvy,cr1, ... ,con,cry }, weinsert arectangle C' =
({eming, cry, ... ;emingg, erar}, {emaxy, cry, ... ;emaxyr, erpy}) (i€, {eming, ery, ... ,eminyg, eryr}
and {cmaz1,cry, ... ,cmazyr,cryr}) aethe lower and higher endpoints of the major diagonal of C) into

the multidimensional index structure (using the insert function of the index structure). Since the insertion
algorithm ensures that the MBR R of aleaf node U spatially contains all theC’s stored in U, R satisfies

definition 5. The same is true for MBRs associated with non-leaf nodes. Since we use one of the existing
multidimensional index structures for this purpose, the storage organization of the nodes follows that of the
index structure (e.g., (M BR, child_ptr) array if R-tree is used, kd-tree if hybrid tree is used). For the leaf
nodes, we need to store the cv;’s of each data point (in addition to the cmaz;’s, cmin;’'s and cr;’'s) since

they are needed to compute Dy, (Line 14 of the K-NN algorithm in Table 5.6). The index can be optimized

(in terms of leaf node fanout) by not storing the crmax;’s and emin;'s of the data points at the leaf nodes,

i.e, just storing the cv;’s and cr;’s (atotal of 20 numbers) per data point in addition to the tuple identifier.

The reason is that the cmaz;’s and cmin;’'s are not required for computing Dy, g, and hence are not used

by the K-NN algorithm. They are needed just to compute the MBRs properly (according to definition 5) at
the time of insertion. The only time they are needed later (after the time of insertion) is during the recom-
putation of the MBR of the leaf node containing the data point after a node split. The insert function of the
index structure can be easily modified to fetch the cmaz;’s and cmin;’s of the necessary data points from

the database (using the tuple identifiers) on such occasions. The small extracost of such fetches during node
splits is worth the improvement in search performance due to higher leaf node fanout. We have applied this
optimization in the index structure for our experiments but we believe the APCA index would work well

even without this optimization.

Once we have built the index as above (i.e., the MBRs satisfy Definition 5), we define the minimum
distance MINDIST(Q,R) of the MBR R associated with anode U of the index structure from the query time
series Q. For correctness, VC' € Z,VE ¢ Z,Drp(Q’',C) < D(Q,E) (where Z denotes the set of APCA
points retrieved using the index at any stage of the algorithm). We show that the above correctness criteriais
satisfied if MINDIST(Q,R) lower bounds the Euclidean distance D(Q,C) of Q from any time series C placed
under U in the index. 2

Lemma6 If MINDIST(Q,R) < D(Q,C) for any time series C placed under U, the algorithmin Table 5.6 is
correct, i.e, VC € Z,VE ¢ T, Drp(Q',C) < D(Q,E) where 7 denotes the set of APCA points retrieved
using the index at any stage of the algorithm.

Note that MINDIST (Q,R) does not have to lower bound the lower bounding distance Dz (Q,C) for any APCA point C
under U; it just has to lower bound the Euclidean distance D(Q,C) for any time-series C under U.
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Figure 5.9: The M Regions associated with a2M-dimensional MBR. The boundary of aregion G is denoted
by G = G[1], G[2], G[3], G[4]

Proof: According to the K-NN algorithm, any item E' ¢ Z must satisfy one of the following conditions:

1. E has been inserted into the queue but has not been popped vet, i.e, VC € Z, Dy p(Q',C) <
Drp(Q' E)

2. F has not yet been inserted into the queue, i.e., there exists a parent node U of E whose MBR R
satisfies the following condition: VC € Z, Dpp(Q’, C') < MINDIST(Q,R).

Since D1 p(Q', E) < D(Q,E) (Lemmab), (1) impliesVC € Z, Drp(Q', C) < D(Q,E). If MINDIST(Q,R)
< D(Q,E) for any time series E under U, (2) impliesthat VC € Z, Dp(Q’, C) < D(Q,E). Since either (1)
or (2) must betruefor anyitem £ ¢ Z,VC € Z, D,p(Q',C) < D(Q,E). [ ]

A trivial definition MINDIST(Q,R) that lower bounds D(Q,C) for any time series C under U isMINDIST(Q,R)
=0 for al Q and R. However, this definition is too conservative and would cause the K-NN algorithm to
visit al nodes of the index structure before returning any answer (thus defeating the purpose of indexing).

The larger the MINDIST, the more the number of nodes the K-NN agorithm can prune, the better the
performance. We provide such a definition of MINDIST below 3.

Let us consider anode U with MBR R = (L, H). We can view the MBR as two APCA representations
L={l,ls,...,In}yand H = {hy, ho,... ,hy}. Theview of a6-dimensional MBR ({l1,12,... ,ls},{h1,h2,... ,hs})
as two APCA representations {l1,l2, ... ,lg} and {h1, ha,... ,hg} is shown in Figure 5.9. Any time se-
riesC = {ci,¢c,... ,c,} Under the node U is “contained” within the two bounding time series L and H
(as shown in Figure 5.9). In order to formalize this notion of containment, we define a set of M regions
associated with R. The ith region G® (i = 1,... , M) associated with R is defined as the 2-dimensional

3Index structures can allow external applications to plug in domain-specific MINDIST functions and point-to-point distance
functions and retrieve nearest neighbors based on those functions (e.g., Consistent function in GiST).
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rectangular region in the value-time space that fully contains the ith segment of all time series stored under
U. The boundary of aregion G, being a 2-d rectangle, is defined by 4 numbers: the low bounds G[1] and
(2] and the high bounds G[3] and G[4] along the value and time axes respectively.

By definition,

Gl = ming ynder p(cmin;) (5.31)
G2l = ming ynder p(cri—1 +1) (5.32)
GFB] = maz, ynder y(cmam;) (5.33)
GF4] = maz, ynder (i) (5.34)

Based the definition of MBR in Definition 5, G can be defined in terms of the MBR R as follows:

Definition 6 (Definition of regions associated with MBR)

GE[1] = lg (5.35)
GR2] = lyo+1 (5.36)
GFBl = hain (5.37)
GFM4 = hy (5.38)
[ |
Figure 5.9 showsthe 3 regions associated with the 6-dimensional MBR ({4, l2, ... ,lg}, {h1, ho, ... ,he}).
Attimeinstancet (t = 1,... ,n), we say aregion G is active iff GE[2] < t < G[4]. For example, in

Figure 5.9, only regions 1 and 2 are active at timeinstant ¢ whileregions 1, 2 and 3 are active at time instant
to. The value ¢; of atime series C under U at time instant ¢ must lie within one of the regions active at ¢,
i.e., \/Gf{ IswlveGﬁ[l] <c¢ < GZR[?)]

Lemma7 Thevalue¢; of atime series C under U at timeinstant t must lie within one of the regions active
at t.

Proof: Let usconsider aregion GF that isnot active at timeinstant ¢, i.e., either G[2] > t or GE[4] < t.
First, let us consider the case GR[2] > t. By definition, GE[2] < cr; 1 + 1 for any C under U . Since
GR[2] > t,t <cri1+1,i.e,c isnotinsegment i.

Now let us consider the case GE[4] < ¢. By definition, GE[4] > cr; for any C under U. Since G[4] < ¢,
t > cry, i€, ¢ isnot in segment 4.

Hence, if region Gﬁ isnot active at ¢, ¢; cannot liein segment 4, i.e., ¢ can liein segment i only if GZR is
active. By definition of regions, ¢ must lie within one of the regions active at t, i.e., Vi s activeG 1] <
¢ < GR[3)]. l -
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REGION 2
GzR ={L;, ,+1, hs, hy}

Query time series

Q = {ql’ L] qn}

1
1
value : : /
axis 1
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I I 5 G} = {ls, 1,+1, hs, hy}
; 1 /
| 1 4
1 1 3
REGION 1 1 1
G® = {l;, 1, h;, hy} I I
> ] 2
time axis /< '\
MINDIST(Q,R,t1) MINDIST(Q,R,(2)
=min(MINDIST(Q,G R.t1), MINDIST(Q,G/,t1)) =min(MINDIST(Q,G R,2), MINDIST(Q.G,},t2), MINDIST(Q,G,12))
=min((q,, - h1)?, (q,, - h3)?) =min((q, - h1)?, 0, (q,, - h3)*)
=(q,, - h3) =0

Figure 5.10: Computation of MINDIST

Given aquery time series Q = {q1, ¢2, - - - , qn }, the minimum distance MINDIST(Q,R,t) of Q from R
at timeinstant ¢ (cf. Figure 5.10) is given by MINDIST(Q,G,t) where

MINDIST(Q,G,t) = (G[1] —q)?* if ¢ < G[1] (5.39)
= (g —G[3])? ifG[3] < (5.40)

= 0 otherwise. (5.41)

(5.42)

MINDIST(Q,R) is defined as follows:

MINDIST(Q,R) = J > MINDIST(Q,R,t) (5.43)
t=1

Lemma 8 MINDIST(Q,R) lower bounds D(Q,C) for any time series C under U.

Proof: Wewill first show MINDIST(Q,R,t) lower bounds D(Q, C,t) = (¢ — ¢;)? for any time series C
under U. We know that ¢; must lie in one of the active regions (Lemma 7). Without loss of generality, let us
assumethat ¢; liesinan activeregion G, i.e., G[1] < ¢ < G[3]. Hence MINDIST(Q, G,t) < D(Q, C,t).
Also, MINDIST(Q,R,t) < MINDIST(Q,G,t) (by definition of MINDIST(Q, R,t)). Hence
MINDIST(Q, R,t) lower bounds D(Q, C,t). Since MINDIST(Q,R) = /., MINDIST(Q, R, )
and D(Q,C) = \/S1_, MINDIST(Q,C,t), MINDIST(Q, R,t) < D(Q, C,t) impliessMINDIST(Q, R) <
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Algorithm ExactRangeSearch(Q, ¢, T)

if T isanon-leaf node
for each child U of T
if MINDIST(Q, R) < e ExactRangeSearch(Q, ¢, U); // RisMBR of U
else// T isaleaf node
for each APCA pointCinT
if DLB(QI,C) S €
Retrieve full time series C from database;
if D(Q,C) < epsilon Add C to result;

NG~ WDNE

Table 5.7: Range search algorithm to retrieve all the time series within a range of ¢ from query time series
Q. Thefunction isinvoked as ExactRangeSearch(Q, ¢, root. node. of_index).

D(Q,C). ]

Note that, in general, lower the number of active regions at any instant of time, higher the MINDIST,
better the performance of the K-NN agorithm. Also, narrower the regions along the value dimension,
higher the MINDIST. The above two principles justify our choice of the dimensions of the APCA space.
The odd dimensions help clustering APCA points with similar cvi’s, thus keeping the regions narrow along
the value dimension. The even dimensions help clustering APCA points that are approximately aligned at
the segment end points, thus ensuring only one region (minimum possible) is active for most instants of
time.

Although we have focussed on K-NN search in this section, the definitions of Dy, g and MINDIST pro-
posed in this chapter are also heeded for answering range queries using a multidimensional index structure.
The range search algorithm is shown in Table 5.7. It isa straightforward R-tree-style recursive search algo-
rithm combined with the GEMINI range query agorithm shown in Table 5.2. Since both MINDIST(Q,R)
and DLB(Q’,C) lower bound D(Q,C), the above algorithm is correct [46].

5.5 Experimental Evaluation

In this section we will experimentally demonstrate the superiority of APCA in terms of query response
time. We will also demonstrate that the APCA index can be built in reasonable time. For completeness
we experimentally compare all the state of the art indexing techniques with our proposed method. We
have taken great care to create high quality implementations of all competing techniques. For example we
utilized the symmetric properties of the DFT as suggested in [119]. Additionally when taking the DFT
of areal signal, the first imaginary coefficient is zero, and because all objects in our database have had
their mean value subtracted, the first real coefficient is also zero. We do not include these constants in the
index, making room instead for two additional coefficients that carry information. All other approaches are

81



similarly optimized.

551 Experiment methodology

We performed all tests over a range of reduced dimensionalities (V) and query lengths (i.e., origina di-
mensionalities, n). Because we wanted to include the DWT in our experiments, we are limited to query
lengths that are an integer power of two. We consider a length of 1024 to be the longest query likely to be
encountered (by analogy, one might query atext database with aword, a phrase or a complete sentence, but
the would be little utility in a paragraph-length text query. A time series query of length 1024 corresponds
approximately with sentence length text query). We tested on two datasets, one chosen because it is very
heterogeneous and one chosen because it is very homogeneous.

e Homogeneous Data: Electrocardiogram: This dataset is taken from the MIT Research Resource for
Complex Physiologic Signals [32]. It is a“ relatively clean and uncomplicated” electrocardiogram.
Thetotal size of the datais 100,000 objects.

e Heterogeneous Data: Mixed Bag: This dataset we created by combining 7 datasets with widely
varying properties of shape, structure, noise etc. The only preprocessing performed was to insure that
each time series had a mean of zero and a standard deviation of one (otherwise many queries become
pathologically easy). The 7 datasets are, Space Shuttle STS-57 [80], Arrhythmia [97], Random Walk
[79, 153], INTERBALL Plasma processes (Figure 5.4) [134], Astrophysical data (Figure 5.1) [147],
Pseudo Periodic Synthetic Time Series [10], Exchange rate (Figure 5.4) [147]. The total size of the
datais 100,000 objects.

To perform readlistic testing we need queries that do not have exact matches in the database but have
similar properties of shape, structure, spectral signature, variance etc. To achieve this we used cross vali-
dation. We removed 10% of the dataset, and build the index with the remaining 90%. The queries are then
randomly taken from the withheld subsection. For each result reported for a particular dimensionality and
guery length, we averaged the results of 50 experiments.

For simplicity we only show results for nearest neighbor queries, however we obtained similar results
for range queries.

5.5.2 Experimental results: Computing the dimensionality reduced representation

We begin our experiments by measuring the time taken to compute the reduced dimensionality representa-
tion for each of the suggested approaches. We did this for query lengths from 32 to 1024 and database sizes
of 40 to 640 kilobytes. 4 The relatively small databases were necessary to include SVD in the experiments.
We used a Pentium PC 400 with 256 megs of ram. Experimenta runs requiring more than 1,000 seconds
were abandoned as indicated by the black-topped histogram barsin Figure 5.11.

“We wish to reemphasize that a small databaseis only used in this experiment. All other experiments use 100,000-item datasets.

82



PAA

Figure 5.11. The time taken (in seconds) to build an index using various transformations over a range of
query lengths and database sizes. The black topped histogram bars indicate that an experimental run was
abandoned at 1,000 seconds.

We can see that SVD, being O(Sn?), is simply intractable for even moderately sized databases with
long queries. We extrapolated from these experiments that it would take several months of CPU time to
include SVD in al the experiments in this chapter. For this reason we shall exclude SVD from the rest of
the experiments (in Section 5.8 we will discuss more reasons why SVD is not a practical approach). The
results for DWT and APCA are virtually indistinguishable, which is to be expected given that the algorithm
used to create the APCA spends most of its time in a subroutine call to the DWT. The main conclusion of
this experiment is that APCA istractable for indexing.

5.6 Experimental results. Pruning power

In comparing the four competing techniques there exists a danger of implementation bias. That is, con-
sciously or unconsciously implementing the code such that some approach is favored. As an example of
the potential for implementation bias in this work consider the following. At query time DFT must do a
Fourier transform of the query. We could use the nave algorithm which is O () or the faster radix-2 algo-
rithm (padding the query with zeros for n # 27¢9¢T) which is O(nlogn). 1f we implemented the simple
agorithm it would make the other indexing methods appear to perform better relative to DFT. While we
do present detailed experimental evaluation of an implemented system in the next section, we also present
experiments in this section which are free of the possibility of implementation basis. We achieve this by
comparing the pruning power of the various approaches.

To compare the pruning power of the four techniques under consideration we measure P, the fraction
of the database that must be examined before we can guarantee that we have found the nearest match to a
1-NN query.

~ Number of objects that must be examined
N Number of objects in database

(5.44)

To calculate P we do the following. Random queries are generated (as described above). Objectsin the
database are examined in order of increasing (feature space) distance from the query until the distance in
feature space of the next unexamined object is greater than minimum actual distance of the best match so
far. The number of objects examined at this point is the absolute minimum in order to guarantee no false
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Figure 5.12: The fraction P, of the Mixed Bag database that must be examined by the four dimensionality
reduction techniques being compared, over arange of query lengths (256-1024) and dimensionalities (16-

Figure 5.13: The fraction P, of the Electrocardiogram database that must be examined by the three dimen-
sionality reduction techniques being compared over arange of query lengths (256-1024) and dimensionali-
ties (16-64).

dismissals.

Note the value of P for any transformation depends only on the data and is completely independent of
any implementation choices, including spatial access method, page size, computer language or hardware. A
similar idea for evaluating indexing schemes appears in [62].

Figure 5.12 shows the value of P over arange of query lengths and dimensionalities for the experiments
that were conducted the Mixed Bag dataset.

Note that the results for PAA and DWT areidentical. This because the pruning power of DWT and PAA
are identical when N = 2t¢9¢ [79]. Having empirically shown this fact which was proved in [79, 153],
we have excluded PAA from future experiments for clarity.

We repeated the experiment for the Electrocardiogram data, the results are shown in Figure 5.13.

In both Figure 5.12 and Figure 5.13 we can see that APCA outperforms DFT and DWT significantly,
generaly by an order of magnitude. These experiments indicate that the APCA technique has fewer false
alarms, hence lower query cost as confirmed by the experiments below.

5.7 Experimental results. Implemented system

Although the pruning power experiments are powerful predictors of the (relative) performance of indexing
systems using the various dimensionality reduction schemes, we include a comparison of implemented
systems for completeness. We implemented four indexing techniques: linear scan, DFT-index, DWT-index
and APCA-index. We compare the four techniques in terms of the 1/0 and CPU costsincurred to retrieve the
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exact nearest neighbor of aquery time series. All the experiments reported in this subsection were conducted
on a Sun Ultra Enterprise 450 machine with 1 GB of physical memory and several GB of secondary storage,
running Solaris 2.6.

Cost Measurements.  We measured the 1/0 and CPU costs of the four techniques as follows:

1. Linear Scan (LS): In this technique, we perform a simple linear scan on the origina n-dimensional

dataset and determine the exact nearest neighbor of the query. The 1/O cost in terms of sequential disk

Sx(nxsizeof(float)+sizeof(id)))
PageSize

the sizeof (id) henceforth. Assuming sequential 1/O is about 10 times faster than random 1/O, the

(Sxsizeof(float)*n)
(PageSizex10)

distance D(Q,C) of the query Q from each time seriesC = {¢, ... , ¢, } in the database.

accesses is

. Since sizeof (id) < (n x sizeof (float)), we will ignore

cost in terms of random accesses is . The CPU cost is the cost of computing the

2. DFT-index (DFT): In thistechnique, we reduce the dimensionality of the datafromn to NV using DFT
and build an index on the reduced space using a multidimensional index structure. We use the hybrid
tree as the index structure. The 1/0O cost of a query has two components: (1) the cost of accessing the
nodes of the index structure and (2) the cost of accessing the pages to retrieve the full time series from
the database for each indexed item retrieved (cf. Table 5.6). For the second component, we assume
that afull time series access costs one random disk access. Thetotal 1/0 cost (in terms of random disk
accesses) is the number of index nodes accessed plus the number of indexed items retrieved by the
K-NN agorithm before the algorithm stopped (i.e. before the distance of the next unexamined object
in the indexed space is greater than the minimum of the actual distances of itemsretrieved so far). The
CPU cost also has two components: (1) the CPU time (excluding the I/O wait) taken by the K-NN
algorithm to navigate the index and retrieve the indexed items and (2) the CPU time to compute the
exact distance D(Q,C) of the query Q from the original time series C of each indexed item C retrieved
(Line11in Table 5.6). Thetotal CPU cost is the sum of the two costs.

3. DWT-index (DWT): In this technique, we reduce the dimensionality of the data from n to N using
DWT and build the index on the reduced space using the hybrid tree index structure. The I/O and
CPU costs are computed in the same way as in DFT.

4. APCA-index (APCA): In this technique, we reduce the dimensionality of the data from n to IV using
APCA and build the index on the reduced space using the hybrid tree index structure. The I/O and
CPU costs are computed in the same way asin DFT and DWT.

We chose the hybrid tree as the index structure for our experiments since it is a space partitioning
index structure (“dimensionality-independent” fanout) and has been shown to scale to high dimension-
aities [23, 79, 118]. Since we had access to the source code of the index structure (htt p: // www
db. i cs. uci . edu), weimplemented the optimization discussed in Section 5.4 (i.e., to increase leaf node
fanout) for our experiments. We used a page size of 4KB for all our experiments.
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Figure 5.14: Comparison of LS, DFT, DWT and APCA techniques in terms of 1/0 cost (number of random

disk accesses). For LS, the cost is computed as "nber-sequential diskaccesses

Dataset: We used the Electrocardiogram (ECG) database for these experiments. We created 3 datasets
from the ECG database by choosing 3 different values of query length n (256, 512 and 1024). For each
dataset, we reduced the dimensionality to NV = 16, N = 32 and N = 64 using each of the 3 dimension-
ality reduction techniques (DFT, DWT and APCA) and built the hybrid tree indices on the reduced spaces
(resulting atotal of 9 indices for each technique). As mentioned before, the queries were chosen randomly
from the withheld section of the dataset. All our measurements are averaged over 50 queries.

Figure 5.14 compares the LS, DFT, DWT and APCA techniques in terms of 1/O cost (measured by the
number of random disk accesses) for the 3 datasets (n = 256, 512 and 1024) and 3 different dimensionalities
of theindex (N = 16, 32 and 64). The APCA technique significantly outperforms the other 3 techniques
in terms of 1/0 cost. The LS technique suffers due to the large database size (e.g., 100,000 sequentia disk
accesses for n = 1024 which is equivalent to 10,000 random disk accesses). Although LSis not considerably
worse than APCA in terms of 1/O cogt, it is significantly worse in terms of the overall cost due to its high
CPU cost component (see Figure 5.15). The DFT and DWT suffer mainly due to low pruning power (cf.
Figure5.13). Since DFT and DWT retrieve alarge number of indexed items before it can guaranteed that the
exact nearest neighbor isamong the retrieved items, the second component of the I/O cost (that of retrieving
full time series from the database) tends to be high. The DFT and DWT costs are the highest for large n and
smal N (e.g., » = 1024, N = 16) asthe pruning power isthe lowest for those values (cf. Figure 5.13). The
DWT technique shows a U-shaped curve for n = 1024: when the reduced dimensionality islow (N = 16),
the second component of the I/O cost is high due to low pruning power, while when N is high (N = 64), the
first component of the I/O cost (index node accesses) becomes large due to dimensionality curse. We did
not observe such U-shaped behavior in the other techniques as their costs were either dominated entirely by
the first component (e.g., n = 256 and n = 512 cases of APCA) or by the second component (all of DFT
and n = 1024 case of APCA).

Figure 5.15 compares the LS, DFT, DWT and APCA techniques in terms of CPU cost (measured in
seconds) for the 3 datasets (n = 256, 512 and 1024) and 3 different dimensionalities of the index (N =
16, 32 and 64). Once again, the APCA technique significantly outperforms the other 3 techniques in terms
of CPU cost. The LS technique is the worst in terms of CPU cost as it computes the exact (n-dimensional)
distance D(Q,C) of the query Q from every time series C in the database. The DFT and DWT techniques
suffer again due to their low pruning power (cf. Figure 5.13), causing the second component of the CPU
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Figure 5.15: Comparison of LS, DFT, DWT and APCA techniques in terms of CPU cost (seconds).

cost (i.e. the time to compute the exact distances D(Q,C) of the original time series of the retrieved APCA
points from the query) to become high.

5.8 Discussion

Now that the reader is more familiar with the contribution of this chapter we will briefly revisit related work.
We believe that this thesis is the first to suggest locally adaptive indexing time series indexing. A locally
adaptive representation for 2-dimensional shapes was suggested in [26] but no indexing technique was pro-
posed. Also in the context of images, it was noted by [152] that the use of the first N Fourier coefficients
does not guarantee the optimal pruning power. They introduced a technique where they adaptively choose
which coefficients to keep after looking at the data. However, the choice of coefficients was based upon a
global view of the data. Later work [151] in the context of time series noted that the policy of using the
first N wavelet coefficients [29, 151] is not generaly optimal, but “ keeping the largest coefficients needs
additional indexing space and (more complex) indexing structures’ . Singular value decomposition isaso a
data adaptive technique used for time series[79, 81, 76], but it isglobally, not locally, adaptive. Recent work
[24] has suggested first clustering a multi-dimensional space and then doing SVD on local clusters, making
it asemi-local approach. It isnot clear however that this approach can be made work for time series. Finally
arepresentation similar to APCA was introduced in [45] (under the name “piecewise flat approximation”™)
but no indexing technigque was suggested.

5.8.1 Other factorsin choosing arepresentation to support indexing.

Although we have experimentally demonstrated that the APCA representation is superior to other ap-
proaches in terms of query response time, there are other factors which one may wish to consider when
choosing a representation to support indexing. We will briefly consider some of these issues here.

One important issue is the length of queries allowed. For example the wavelet approach only alows
gueries with lengths that are an integer power of two [79]. This problem could be addressed by having the
system pad in zeros up to the next power of two, then filter out the additional false hits. However this will
severely degrade performance. The APCA approach, in contrast, allows arbitrary length queries.

Ancther important point to consider are the set of distance measures supported by a representation. It
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has been argued that for many applications, distance measures other than Euclidean distance are required.
For example in [153], the authors noted that the PAA representation can support queries where the distance
measure is an arbitrary Lp norm (i.e., p = 1,2,... ,00). We refer the interested reader to that paper for a
discussion of the utility of these distance metrics, but note that the APCA representation can easily handle
such queries by trivial generalizations of Equation 5.5 to Equation 5.45.

M

DLB(QI, C) = d Z cl; (Qi — Ci)p (545)

=1

Note that as with the approach of [153] we can reuse the same index for any Lp norm.

Almost al time series databases are dynamic. For example, NASA updates its archive of Space Shuttle
telemetry data after each mission. Some databases are updated continuously, for example financial datasets
are updated (at least) at the end of each business day. It istherefore important that any indexing technique be
able to support dynamic inserts. Our proposed approach (along with DWT, DFT and PAA) has this property.
However dynamic insertion is the Achilles heel of SVD, a single insertion requires recomputing the entire
index. Faster methods do exist for incremental updates, but they introduce the possibility of false dismissals
[30].

5.9 Conclusions

The main contribution of this chapter is to show that a simple, novel dimensionality reduction technique,
namely APCA, can outperform more sophisticated transforms by one to two orders of magnitude. In contrast
to popular belief [153, 45], we have shown that the APCA representation can be indexed using a multidi-
mensional index structure. We have also shown that our approach can support arbitrary Lp norms, using the
same index.

So far in this thesis, we have focussed on developing index structures and dimensionality reduction
techniques to handle high dimensional data. In the next chapter, we address the challenge of integration of
multidimensional index structures as access methods in a DBMS. One of the main issues there is providing
transactional access to data via multidimensional index structures. We devel op efficient concurrency control
techniques for multidimensional access methods in the next chapter.
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Chapter 6

Integration of Multidimensional Index
Structuresinto DBM Ss

In this chapter, we develop efficient concurrency control techniques for multidimensional access methods.
This is one of the key challenges in integrating multidimensional index structures as access methods in a
DBMS.

6.1 Introduction

Modern database applications like computer-aided design (CAD), geographical information systems (GIS),
multimedia retrieval systems etc., require database systems to alow the application developer (1) define
their own data types and operations on those data types, and (2) define their own indexing mechanisms
on the stored data which the database query optimizer can exploit to access the data efficiently. While
object relational DBM S (ORDBM Ss) have addressed the first problem effectively [139], the ability to alow
application developers to easily define their own access methods (AMSs) still remains an elusive goal.

The Generalized Search Tree (GiST) [63] addresses the above problem. GiST is an index structure that
is extensible “both” in the data types it can index and in the queries it can support. It is like a “template”
— the application developer can implement her own AM using GiST by simply registering a few extension
methods with the DBMS. GiST solves two problems:

e Over the last few years, severa multidimensional data structures have been developed for specific
application domains. Implementing these data structures from scratch every time requires a signifi-
cant coding effort. GiST can be adapted to work like these data structures, a much easier task than
implementing the tree package from scratch.

e Since GiST is extensible, if it is supported in a DBMS, the DBMS can alow application developers
to define their own AM, atask that was not possible before.

Although GIiST considerably reduces the effort of integrating new AMs in DBMSs, before it can be

supported in a “commercia strength” DBMS, efficient techniques to support concurrent access to data via
the GiST must be developed. Developing concurrency control (CC) techniques for GiST have severa im-
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Figure6.1: A GiST for akey set comprising of rectangles in 2 dimensional space. O11 isanew object being
inserted in node N'5. R isasearch region. Predicates P1 through P6 are the BPs of the nodes N2 through
N7 respectively.

portant benefits. (1) Since a wide variety of index structures can be implemented using GiST, developing
CC techniques in the context of GiST would solve the CC problem for multidimensional index structuresin
genera. (2) Experience with B-trees has shown that the implementation of CC protocols requires writing
complex code and accounts for a major fraction of the effort for the AM implementation [55]. Developing
the protocols for GiST is particularly beneficial since it would need writing the code only once and would
alow concurrent access to the database via any index structure implemented in the DBM S using Gi ST, thus
avoiding the need to write the code for each index structure separately.

Concurrent access to data via a general index structure introduces two independent concurrency control
problems:

e Preserving consistency of the data structure in presence of concurrent insertions, deletions and up-
dates.
e Protecting search regions from phantoms

This chapter addresses the problem of phantom protection in GiSTs. In our previous research, we
had studied a granular locking (GL) solution for phantom protection in R-trees [28]. We refer to it as the
GL/R-tree protocol. Due to fundamental differences between R-tree and GiST in the notion of a search
key, the approach developed for R-trees is not a feasible solution for GiST. Specifically, the GL/R-tree
protocol needs several modifications for making it applicable to GiSTs and the modified algorithms, when
applied to GiSTs, impose a significant overhead, both in terms of disk 1/0 as well as computational cost, on
the tree operations. To overcome this problem, we develop a new granular locking approach for phantom
protection in GiSTs in this chapter. We refer to it as the GL/GIiST protocol. The GL/GiST protocol differs
from the GL/R-tree protocal in its strategy to partition the predicate space and hence defines a new set
of lockable resource granules. Based on the set of granules defined, lock protocols are developed for the
various operations on GiSTs. For an R-tree implemented using GiST, GL/GiST protocol provides similar
performance as the GL/R-tree protocol. On the other hand, for index structures where the search keys do not
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satisfy the “ containment hierarchy” constraint, the GL/Gi ST protocol performs significantly better than the
GL/R-tree protocol. Examples of such index structures include distance-based (centroid-radius based) index
structures (e.g., M-tree, SS-tree). In summary, GL/GiST provides ageneral solution to concurrency control
in multidimensional AMs rather than a specific solution for a particular index structure (e.g., GL/R-treg),
without any compromise in performance.

The problem of phantom protection in GiSTs has previously been addressed in [83] where the authors
develop a solution based on predicate locking (PL). As discussed in [55], athough predicate locking offers
potentially higher concurrency, typically granular locking is preferred since the lock overhead of predicate
locking is much higher compared to that of granular locking. The reason is while granular locks can be
set and cleared as efficiently as object locks (~ 200 RISC instructions), setting of a predicate lock requires
checking for predicate satisfiability against the predicates of all concurrently executing transactions. For this
reason, all existing commercial DBMSs implement granular locking in preference to the predicate based
approach. Our experiments on various “real” multidimensional data sets show that (1) GL/GiST scales well
under various system loads and (2) Similar to the B-tree case, GL provides a significantly more efficient
implementation compared to PL for multidimensional AMs as well.

The rest of the chapter is developed as follows. Section 6.2 reviews the preliminaries. Section 6.3 de-
scribes the space partitioning strategy for GiSTs and discusses the difficulty in applying the R-tree approach
to GiSTs. Section 6.4 presents the dynamic granular locking approach to phantom protection in GiSTs. The
experimental results are presented in Section 6.5. Finally, Section 6.6 offers the conclusions.

6.2 Preiminaries

In this section, we first review the basic GiST structure. Next we describe the phantom problem, its so-
lutions for B-trees and why they cannot be applied to multidimensiona data structures. Finally, we state
the desiderata of a granular locking solution to the phantom problem in multidimensional index structures
followed by the terminology used in presenting the algorithms.

Generalized Search Trees GiST is a height balanced multiway tree. Each tree node contains a number
of node entries, £ = (p, ptr), where E.p is a predicate that describes the subtree pointed by E.ptr. If N
is the node pointed by E.ptr, E.p is defined to be the bounding predicate (BP) of NV, denoted by BP ().
The BP of the root node is the entire key space S. Figure 6.1 shows a GiST for a key space comprising of
2-d rectangles.

A key in GiST can be any arbitrary predicate. The application developer can implement her own AM
by specifying the key structure via akey class. The design of the key class involves providing a set of six
extension methods which are used to implement the standard search, insert and delete operations over the
AM. A more detailed description can be found in [63].
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LockMode| IS| IX | S | SIX X LOCK MODE PURPOSE
s Shared Access
Is M M M M X Exclusive Access
IX 1X Intention to set shared or
M M exclusive locks at finer
larity
s granul
1/ 1/ IS Intention to set shared
X locks at finer granularity
M SIX A course granularity shared
lock with intention to set
X finer-granularity exclusive
locks (union of Sand 1X)

Table 6.1: Lock mode compatibility matrix for granular locks. The purpose of the various lock modes are
shown alongside.

Serializability Concepts and the Phantom Problem Transactions, locking and serializability concepts
are well documented in the literature [112, 113, 55]. The phantom problem is defined as follows (from
the ANSI/ISO SQL-92 specifications [93, 7]): Transaction T1 reads a set of data items satisfying some
<search condi ti on>. Transaction T2 then creates data items that satisfy T1's <search condi -

t i on> and commits. If T1 then repests its scan with the same <sear ch condi ti on>, it gets a set of
data items (known as “phantoms”) different from the first read. Phantoms must be prevented to guarantee
serializable execution. Object level locking does not prevent phantoms since even if al objects currently in
the database that satisfy the search predicate are locked, concurrent insertions into the search range cannot
be prevented. These insertions may be a result of insertion of new objects, updates to existing objects or
rolling-back deletions made by other concurrent transactions.

Approaches to Phantom Protection There are two general strategies to solve the phantom problem,
namely predicate locking and its engineering approximation, granular locking. In predicate locking, trans-
actions acquire locks on predicates rather than individual objects. Although predicate locking is a complete
solution to the phantom problem, the cost of setting and clearing predicate locks can be high since (1)
the predicates can be complex and hence checking for predicate satisfiability can be costly and (2) even
if predicate satisfiability can be checked in constant time, the complexity of acquiring a predicate lock is
proportional in the number of concurrent transactions which is an order of magnitude costlier compared to
acquiring object locks that can be set and released in constant time [55]. In contrast, in granular locking, the
predicate space is divided into a set of lockable resource granules. Transactions acquire locks on granules
instead of on predicates. The locking protocol guarantees that if two transactions request conflicting mode
locks on predicates p and ¢ such that p A p' is satisfiable, then the two transactions will request conflicting
locks on at least one granule in common. Granular locks can be set and released as efficiently as object
locks. For this reasons, al existing commercial DBMSs use granular locking in preference to predicate
locking. A more detailed comparison between the two approaches can be found in [55].

An example of the granular locking approach is the multi-granularity locking protocol (MGL) [89].
MGL exploits additional lock modes called intention mode locks which represent the intention to set locks
at finer granularity (see Table 6.1). Application of MGL to the key space associated with a B-tree is referred
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to as key range locking(KRL) [89, 95]. KRL cannot be applied for phantom protection in multidimensional
data structures since it relies on the total order over the underlying objects based on their key values which
does not exist for multidimensional data. Imposing an artificial total order (say a Z-order [108]) over mul-
tidimensional data to adapt KRL would result in a scheme with low concurrency and high lock overhead
since protecting a multidimensional region query from phantom insertions and deletions will require ac-
cessing and locking objects which may not be in the region specified by the query (since an object will be
accessed as long as it is within the upper and the lower bounds in the region according to the superimposed
total order). It would severely limit the usefulness of the multidimensional AM, essentially reducing it to a
1-d AM with the dimension being the total order.

Desiderata of the Solution Since KRL cannot be used in multidimensional index structures, new tech-
niques need to be devised to prevent phantoms in such data structures. The principal challenges in develop-
ing a solution based on granular locking are:

e Defining a set of lockable resource granules® over the multidimensional key space such that they
(1) dynamically adapt to key distribution (2) fully cover the entire embedded space and (3) are fine
enough to afford high concurrency. The importance of these factors in the choice of granules has been
discussed in [55]. The lock granules (i.e. key ranges) in KRL satisfy these 3 criteria.

e Easy mapping of a given predicate onto a set of granules that needs to be locked to scan the predicate.
Subsequently, the granular locks can be set or cleared as efficiently as object locks using a standard
lock manager (LM).

e Ensuring low lock overhead for each operation.

e Handling overlap among granules effectively. This problem does not arise in KRL since the key
ranges are always mutually digoint. In multidimensional key space partitioning, the set of granules
defined may be, in GiST terminology, “mutually consistent”. For example, there may be spatial over-
lap among R-tree granules. This complicates the locking protocol since alock on a granule may not
provide an “exclusive coverage” on the entire space covered by the granule. For correctness, the gran-
ular locking protocols must guarantee that any two conflicting operations will request conflicting locks
on at least one granule in common. This implies that at least one of the conflicting operations must
acquire locks on all granules that overlap with its predicate while the other must acquire conflicting
locks on enough granules to fully cover its predicate [28]. This leads to two alternative strategies:

e Overlap-for-Search and Cover-for-Insert Srategy (OSCI) in which the searchers acquire shared
mode locks on all granules consistent with its search predicate whereas the inserters, deleters
and updators acquire IX locks on a minimal set of granules sufficient to fully cover the object
being inserted, deleted or updated.

e Cover-for-Search and Overlap-for-Insert Strategy (CSOIl) in which the searchers acquire shared
mode locks on aminimal set of granules sufficient to fully cover its search predicate whereas the

Ynthis chapter, we use the term " granules’ to mean lock units—resources that are locked to insure isolation and not in the sense
of granulesin “granule graph” of MGL [55]. Thisisdiscussed in further detail in Section 4.1.
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inserters, deleters and updators acquire 1X locks on all granules consistent with the object being

inserted, deleted or updated.
While the former strategy favors the insert and delete operations by requiring them to do minimal
tree traversal and disfavors the search operation by requiring them to traverse all consistent paths, the
latter strategy does exactly the reverse. Intermediate strategies are also possible. For GL/GiST, we
choose the OSCI strategy in preference to the rest. The OSCI strategy effectively does not impose
any additional overhead on any operation as far as tree traversal is concerned since searchersin GiST
anyway follow all consistent paths. The CSOI strategy may be better for index structures where
inserters follow all overlapping paths and searchers follow only enough paths to cover its predicate.
The R+-tree is an example of such an index structure [132]. We assume that the OSCI strategy is
followed for al discussions in the rest of the chapter.

Terminology In developing the algorithms, we assume, as in [89], that a transaction may request the fol-
lowing types of operations on GiST: Search, Insert, Delete, ReadSingle, UpdateSingle and UpdateScan. In
presenting the solution to the phantom problem, we describe the lock requirements of each of these and
present the algorithms used to acquire the necessary locks. The lock protocols assumes the presence of a
standard LM which supports all the MGL locks modes (as shown in Table 6.1) as well as conditional and
unconditional lock options [96]. Furthermore, locks can be held for different durations, namely, instant,
short and commit durations [96]. While describing the lock requirements of various operations for phan-
tom protection, we assume the presence of some protocol for preserving the physical consistency of the
tree structure in presence of concurrent operations. The lock protocol presented in this chapter guarantees
phantom protection independent of the specific algorithm used to preserve tree consistency. In our imple-
mentation, we have combined the GL/GiST protocol with the latching protocol proposed in [83]. We do
not describe the combined algorithms in this chapter due to space limitations but can be found in the longer
version of this paper [27].

6.3 Why the R-tree protocol cannot be applied to GiSTs?

The most obvious solution to the phantom problem in GiSTsisto treat GiSTsas extensible R-trees and apply
the GL/R-tree protocol we developed in [28] to GiSTs. In this section, we argue that GL/R-tree protocol is
not afeasible solution for GiSTs. We first briefly review the approach developed for phantom protection in
R-trees [28]. We do this for two main reasons: (1) it builds the context for the solution developed for GiSTs
and (2) it enables us to illustrate why GL/R-tree cannot be applied to GiSTs. Subsequently, we define the
resource granules in GiST. We conclude the section by discussing why GL/R-treeisinapplicable to GiSTs.

6.3.1 TheR-treegranular locking protocol

In GL/R-tree, we define the following two types of lockable granules:
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(1) A leaf granule associated with each leaf level index node L of the R-tree. We denote it by TG (L)
i.e. the tree granule associated with the leaf node L. The bounding rectangle (BR) associated with L
defines the lock coverage of TG(L).

(2) An external granule associated with each non-leaf node NV of the R-tree. We denote it by ext(NV)
i.e. the external granule associated with the non-leaf node N. Thelock coverage of ext(NV) isdefined
to be the space covered by the BR of N which is not covered by the BRs of any of its children.

The search operation acquires locks on all leaf granules and external granules overlapping with the
search predicate (referred to as SP/R-tree).

To prevent insertion of objects into search ranges of uncommitted searchers, we follow the OSCI policy.
Although the plain OSCI policy guarantees phantom protection when the operations do not change the gran-
ules, phantoms may arise when the granule boundaries dynamically change due to insertions and deletions.
To prevent phantoms, inserters in GL/R-tree follows the following protocol (referred to as |P/R-tree):

Let g be the granule corresponding to the leaf node in which the insertion takes place (referred to as the
target granule) and O be the object being inserted. 1P/R-tree handles the following 2 cases separately:

e Case 1 - Insertion does not cause g to grow: In this case, the inserter acquires (1) a commit duration

IX lock on g and (2) a commit duration X lock on O.

e Case 2 - Insertion causes g to grow (to say, ¢): In this case, it acquires (1) acommit duration IX lock
on g (2) acommit duration X lock on O and (3) short duration IX locks on all granules into which it
grew i.e. all granules overlapping with (¢ — g). (3) ensures that there exists no old searchers which
could lose their lock coverage due to the growth of g. Note that acquiring the extra locks of (3) may
cause the inserter to perform additional disk accesses.

A detailed discussion of the lock requirements for other tree operations and the protocols followed to

acquire the locks can be found in [28].

6.3.2 Space partitioning strategy for GiSTs

The first task in developing a granular locking solution to the phantom problem is to develop a strategy to
partition the key space. Note that the BPs in GiST, unlike the BRs in R-tree, cannot be used to define the
granules since the BPs, unlike the BRs, are not arranged in a*“ containment hierarchy” i.e. given anode T',
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for any node N under (i.e. reachable from) 7', BP(N) — BP(T') is not necessarily true. So, for a search
with predicate P, there might exist aleaf (or external) granule that is consistent with the search predicate P
under anon-leaf node N whose BP isnot consistent with P. For example, in Figure 6.1, the search predicate
R is not consistent with BP(N2) (i.e. P1) but is consistent with TG(N5) (i.e. P4) where N5 lies under
N2 inthe tree. This means that to follow the OSCI policy (i.e. get locks on al consistent granules), the
searcher cannot “prune” its search below N2 asit would normally do. Thisisimpractical since the searcher
would have to access extra nodes (and possibly extra disk accesses) for the purpose of getting locks.

Itisclear from the above discussion that we must define granules such that their lock coverage satisfy the
“containment hierarchy” constraint even if the BPs do not. For that purpose, we define a granule predicate
associated with every index node of a GiST.

Definition 1(Granule Predicate): Let N be an index node and P be the parent of N. The granule
predicate of NV, denoted by GP(N), is defined as:

GP(N) = BP(N)if N istheroot (6.1)
= BP(N) A GP(P) otherwise (6.2

Note that GPs, unlike BPs, are guaranteed to satisfy the “ containment hierarchy” property.
Using GPs, we define the following two types of granules:

(1) A leaf granule TG(L) associated with each leaf node L whose coverage is defined by GP(L). For
example, in Figure 6.1, there are 4 leaf granules: TG(N4), TG(N5), TG(N6) and TG(N7) with lock
coverage slock coverages P1 A P3, P1 A P4, P2 A P5 and P2 A P6 respectively

(2) An external granule ext(N) associated with each non-leaf node N whose coverage defined as
(GP(N)A- (V7 GP(Q)))). where Q1, Q2, ...Qn, arethe children of N. For example, in Figure 6.1,
there are 3 external granules: ext(N1), ext(N2) and ext(N3) will havelock coverages S A —(P1V P2),
P1A=((P1AP3)V (P1AP4))and P2 A—((P2 A P5)V (P2 A P6)) respectively.

Apart from the fact that the granules obey “containment hierarchy”, the above definition has another
motivation. In GiST, for any index node N, BP(N) holds for each object in the subtree rooted at N. For
example, in Figure 6.1, P1 holdsfor objects O1, 02, 03, O4 and O5 whileboth P1 and P3 holdsfor objects
01, 02 and O3. Thisimpliesthat if an insertion does not change the BP of any node, it is guaranteed to be
covered by the BP of each node in the path from the root to the leaf in which the object is being inserted.
For example, in Figure 6.1, the object O11 (being inserted in node N5) is covered by both P1 and P4. So
the leaf granule T'G(N5) should have lock coverage of P1 A P4 since that is what the inserter needs for
covering the object. Thisis exactly the definition of GP.

Having defined the new set of granules, we next try to apply GL/R-tree on GiST.
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6.3.3 Problemsin Applying GL/R-treeto GiSTs

Let us consider the GiST shown in Figure 6.2. There are 4 leaf granules G1, G2, G3 and G4 corresponding
to nodes N4, N5, N6 and N7 with GPs P1 A P3, P1 A P4, P2 A P5 and P2 A P6 respectively. For
simplicity, the partitioning of the space has been so chosen that all the external granules are empty.

Let ¢, be atransaction searching region R1. Let t;,,; be a new transaction that arrives to insert R2 into
N4. After the insertion, t;,; updates P1 from z < 2toxz < 3. This causes t; to lose it lock coverage.
GL/R-tree prevents this by requiring ¢, to acquire locks on all granules which the target granule G1 has
grown into. Thisisnot sufficient for GiSTs since, unlike in R-trees, the target granule is not the only granule
that can grow due to an insertion. For example, in Figure 6.2, both G1 and G2 grow due to the insertion.
Assuming that only the target granule can grow can lead to phantoms. Under that assumption, ¢, would
request a short duration 1X lock on only G3 since that is the only granule into which G'1 has grown, get the
lock and commit. Now if #'° arrives to insert R3 into N2, it would get the IX lock on G2 and proceed
with insertion. Now if ¢, repeats its scan, it would find R3 has arrived from nowhere. Growing of multiple
leaf granules can happen in GiSTs because the lock coverage of the leaf granules, due to the definition of
GP, depend of the BPs of the parents. So if an inserter modifies a node, the lock coverage of any granule
under that node can possibly change. Thisis not possible in GL/R-tree since the lock coverage of agranule
isindependent of the BRs of its parent nodes.

To prevent phantoms, if the insertion changes any granule, it must acquire the following locks:

Let HC-node (Highest Changed Node) denote the the highest node in the insertion path path from root to
leaf in which insertion takes place) whose BP (hence GP) changes due to theinsertion. In Figure 6.2, N2 is
the HC-node for the insertion of R2. Let G’ be the new GP of HC'-node after theinsertion (e.g., x < 3 is
the new GP of N2). Since any granule that grows due to the insertion is fully covered by G, short duration

IX locks on all granules consistent with G' would ensure that no searcher losesitslock. In Figure 6.2, since
al the 4 leaf granules are consistent with the predicate = < 3, %, would need to acquire short duration

IX locks on G2, G3 and G4 in addition to the commit duration lock on G1 and X lock on R2. This would
prevent t;,(by the conflicting lock on G4) till ¢, commits, thus preventing the phantom.

The above solution involves additional disk accesses to acquire those extra locks. In our experiments,
we found that the number of disk accesses involved is significant and increases exponentially with the level
of the HC-node. as shown in Figure 6.3. In genera, the HC-node can be at any level of the GiST: al
levels are equally likely. For the above experiment, performed on a 5-level GiST with fanout of about 100
and containing 400,000 2-d point objects, an insertion that causes a BP-change (about 6% of al insertions
caused BP change) may need upto 1000 additional disk accesses to get all the locks (when the HC-node is
at height 3i.e. 3 levels above the leaf). This indicates that GL/R-tree can impose significant 1/0 cost for
index structures where BPs do not obey “containment hierarchy” (e.g., distance-based index structures like
M-tree).

Besides high cost, GL/R-tree has some other limitations for GiSTs: (1) It requires checking consistency
with external granules during search, an extratask not performed by the regular GiST algorithm. This check

97



can be computationally expensive in GiSTs. (2) It cannot allow an insertion or deletion to take place at an
arbitrary level of the tree, a situation that can arise in GiSTs.

6.4 Phantom Protection in GiSTs

In this section, we present a dynamic granular locking approach to phantom protection in GiST. In the
following subsections, we define the set of lockable resource granules for GiSTs and present lock protocols
for various operations on GiSTs.

6.4.1 Resourcegranulesin GiSTs
In GL/GiST, we define two types of granules:

(1) Leaf granules. This is the same as the previous GP-based definition of leaf granules. A leaf
granule T'G(L) is associated with each leaf node L whose lock coverage is defined by GP(L).

(2) Non-leaf granules: Thisisanew set of granules. A non-leaf granule T'G(N) is associated with
each non-leaf node V whose lock coverage, like leaf granules, is defined by GP(N). In Figure 6.1,
there are 3 non-leaf granules associated with the 3 non-leaf nodes N1, N2 and N3 with GPs S (entire
key space), P1 and P2 respectively.

For both types of granules, the page ids of the index nodes are the resource ids used to lock the granules.

Thus, GL/GIiST defines a different set of lock granules compared to those in the GL/R-tree protocol
developed in [28]. External granules are no longer used as lockable granules. Non-leaf granules are used
instead. There are severa reasons for this choice: (1) it alows us to develop protocols that imposes ab-
solutely no overhead (in terms of extra node accesses) on any tree operation (2) it causes almost no loss
in concurrency since all commit duration locks held on non-leaf granules are shared mode locks (3) it has
no extra computational cost since checking for consistency with non-leaf granules, unlike that with exter-
nal granules, does not involve any extra checking other than what is performed anyway during the regular
GiST search algorithm and (4) it allows the protocols to work even when insertions/deletions take place at
arbitrary levels of the tree.

It is important to note that although non-leaf granules are introduced as lockable units, the GiST/GL
protocol is completely different from and should not be confused with MGL. First, in MGL, the granules
are hierarchically arranged to form a*“granule graph” over which it follows the DAG protocol. In agranule
graph, each node represents or “covers’ a “logical” predicate. Since they are “logical”, operations cannot
dynamically change the predicate covered by any node in the graph. On the other hand, in GL/GiST, each
node in a GiST represents a “physical” predicate: the GP of the node. Since GP is*physical” (i.e. defined
based on the structure of thetree), operations (like insertions, deletions and updates) can dynamically change
their lock coverages which complicates the protocol. Second, in MGL, alock on a coarse (higher level)
granule grants a certain lock coverage on the finer (lower level) granules under it. In GiST/GL, that is not
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Algorithm Search(R, g, t)

Input: GIiST rooted at R, predicate g, transaction t

Output: All tuples that satisfy g

Si: If Risroot, request an S mode unconditional commit duration lock on R.

S2: If R is non-leaf, check each entry E' on R to determine whether Consistent(E,q). For each
entry that is consistent, request an S mode unconditional commit duration lock on the node
N referenced by E.ptr and Search isinvoked on the subtree rooted at V.

S3: If Risaleaf, check each entry £ on R to determine whether Consistent(E,q). If E is Consis-
tent, it isaqualifying entry that can be returned to the calling process.

Table 6.2: Concurrent Search Algorithm

the case: the higher level (non-leaf) granules are introduced in order to cover the entire embedded space
and a lock on does not grant coverage on any granule under it. In summary, DAG locking and GL/GiST
are fundamentally different protocols and serve different purposes. We believe that the idea of defining lock
granules associated with non-leaf nodes is novel and, to the best of our knowledge, has been discussed
before only in the context of bulk insertions in B-trees as an open problem in [55].

6.4.2 Search

In this section, we describe the lock protocol followed by the search operation in GiST. According to the
OSCI palicy, a searcher with search predicate () acquires commit duration S mode locks on all granules
consistent with Q. The concurrent search agorithm is described is Table 6.2.

Werefer to the above lock protocol as SP/GiST (Search Protocol for GiST). SP/GiST isastraightforward
protocol and does not require any modification to the basic tree-navigation algorithm of GiST. This gives
rise to a possible discrepancy. Like the regular GiST search agorithm, SP/GiST uses the BPs to do the
“Consistency(E,q)” check during tree navigation. But the granules in GiST are defined in terms of the GPs.
To show that SP/GiST is correct, we need to show that it guarantees that a searcher acquires locks on all the
necessary granules i.e. for any index node 7', if GP(T) A Q is satisfiable, then the searcher acquires an S
lock on TG(T).

To prove it, let us assume that 1, P, ..., P, are the nodes in the path from the root to T' where R) is
the root and P, isT'. Since a searcher acquires a shared lock on TG(T) iff it is consistent with with the
BPsof al P;,i = [1,m], we need to prove that if GP(T') A Q is satisfiable, @ is consistent with the BP of
P;, Vi = [1,m]. In other words, we need to prove that

GP(T) A Qissatisfiable = /\ Consistent(BP(P), Q) (6.3)
=0
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Using the definition of GP(T),

GP(T) A Q issdtisfiable < (7\ BP(Pi)> A Qis satisfiable (6.4)
i=1
Since A isidempotent,
(7\ BP(Pi)> A Q issatisfiable & 7\(BP(Pi) A Q)is satisfiable (6.5)
i=1 i=1
Since p A g issdtisfiable = Consistent(p, q), S0 Vi, i = [1, m]
(BP(P;) A Q) issdtisfiable = Consistent(BP(F;), Q) (6.6)
Snce(A=BAC=D)=(ANC = CAD),
7\ (BP(P;) A Q) issatisfiable = 7\ Consistent(BP(F;), Q) (6.7)
i=1 i=0
Equations (4) and (7) together implies (3). [ |

6.4.3 Insertion

The locking protocol for an insert operation must guarantee:

e Full Coverage of the object being inserted till the time of transaction commit/rollback: We say an
object O being inserted (deleted) isfully covered by a set of granules G iff O :>Ug€g g. Aninsertion

(aswell asadeletion or an update) operation must acquire commit duration I X locks on G such that G
fully covers O. Full coverage guarantees that an insertion is permitted only if O does not conflict with
the predicate of any uncommitted searcher assuming that each searcher hold commit duration locks
on al consistent granules.

Prevent Phantoms due to Loss of Lock Coverage: Since insertions (as well deletions and updates) can
dynamically modify one or more granules which in turn can affect the lock coverage of transactions
holding locks on other granules, full coverage is not sufficient to prevent phantoms. For example, the
insertion of an object O into aleaf node L of a GiST may cause the granule T'G(L) to grow into the
search range of an old uncommitted searcher, resulting in the searcher losing its lock. This loss of
lock coverage may cause future insertions, in spite of satisfying the full coverage condition, giving
rise to phantoms as illustrated in Figure 6.4. The insertion lock protocol must prevent such phantoms
from arising.
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R 1. tl arrivesto scan R3; acquires Slock on R1.

L B ] R2 1 2. t2 arrivesto insert R4; acquires 1X locks on R2 and ext(R)
| I
! and X lock on R4
e |

R2 3.R2growsto R2'

4. t2 commits; releases all locks

5. t3 arrives to insert R5; acquires IX lock on R2' and X lock on RS
6. t1 repeatsits scan; R4 has appeared from nowhere

Figure 6.4: Loss of lock coverage can cause phantoms.

To ensure full coverage and prevention of phantoms due to loss of lock coverage, the following protocol,
referred to as IP/GiST (Insert Protocol for GiST), is used.

Let O bethe object being inserted and ¢ be the target granule. We consider the following two cases:

e Case 1 - Insertion does not cause g to grow: In this case, the inserter acquires (1) a commit duration

IX lock on g and (2) acommit duration X lock on O.

e Case?2 - Insertion causes g to grow: Let LU-node (Lowest Unchanged Node) denote the lowest node
in the insertion path whose GP does not change due to the insertion. For example, in Figure 6.2, N1
is the LU-node for the insertion operation of R2. The insertion acquires (1) a commit duration 1X
lock on ¢ (2) acommit duration X lock on O and (3) ashort duration IX lock on TG(LU-node).? For
example, in Figure 6.2, t;,,s would need to acquire a short duration IX lock on TG(N1) in addition to
the IX lock on TG(N4) and X lock on R2.

The concurrent insert algorithm is described in Table 6.3.

IP/GIST is a simple and efficient protocol since it, unlike the IP/R-tree, does not impose any /O or
computational overhead on the insertion operation. Asaresult, IP/GiST is more efficient that | P/R-tree even
on R-trees. Second, unlike IP/R-tree, IP/GiST works even if the target granule is a non-leaf granule i.e.
when insertion takes place at a higher level of the tree.

Now we show that IP/GiST satisfy the above requirements of correctness. First, we prove full coverage.
In Case 1, g fully covers O, so commit duration X lock on g ensures full coverage. In Case 2, at the start of
the operation, g does not fully cover O but TG(LU-node) does. So full coverage is provided by the sequence
of 2 locks. (1) the short duration 1X lock on TG(LU-node) from the beginning of the operation till the end
of the operation 2 (2) the commit duration IX lock on g from the end of the operation till the end of the
transaction (since g has already grown to accommodate O).

Next we show prevention of phantoms due to loss of lock coverage. In Case 1, there can be no loss of
lock coverage of any searcher. In Case 2, the short duration 1X lock on TG(LU-node) guarantees that no
searcher can lose it lock coverage. Let usfirst consider a searcher ¢, aready executing when the inserter
tins @rives to insert O. Let (Q be the search predicate of ¢,. Let h be agranule that grows to 7/ due to the
insertion of O. t, can loseits lock iff b A @ isnot satisfiable but /' A @ is satisfiable. From the definition
of LU-node, b’ = TG(LU-node). (A’ A Q) is satisfiable and (' = TG(LU-node)) imply (TG(LU-node)

2The short duration IX lock can be released immediately if the AdjustKeys operation is performed right away i.e. in atop-down
fashion rather than bottom-up asis done in GiSTs. This would avoid holding the lock across I/O operations.

®Note that this the best we can do since, at this point of time, TG(LU-node) isthe smallest granule in the insertion path that fully
covers O.
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Algorithm Insert(R, E, I, t)

Input: GiST rooted at R, entry E=(p, ptr) (where p is a predicate such that p holds for all tuples
reachable from ptr), level |, transaction t.

Output: New GiST resulting from insert of E at level |

Variables: root isglobal variable (const) pointing to the root node of the GiST. L isalock initialized
to NULL.

11: If Risnot at level |, check al entries E; = (p;, ptr;) in R and evaluate Penalty(F;,E) for
eachi. Let m be argmin; (Penalty(FE;, E)). If (L == NULL) A (Union(E.p, Ey,-pm)
# En.pm)), request a unconditional I X mode lock L on R (for short duration). Insert is
invoked on the subtree rooted at the node referenced by F,, .ptr,.

12: Otherwise (level of insertion reached), request a commit duration unconditional 1X lock
on R and a commit duration unconditional X lock on E.ptr. If thereisroom for E on R,
install E on R. Otherwise invoke Split(root, R, E, t).

13: AdjustKeys(root, R, t).

14: If L £ NULL, release L.

Table 6.3: Concurrent Insert Algorithm

AQ) is satisfiable which in turn implies Consistent(TG(LU-node), Q). This means that 4, can lose it’s lock

coverage iff it has an Slock on TG(LU-node) (since searcher acquires S locks on all consistent granules).
Thus, the I X lock requirement on TG(LU-node) prevents any searcher from losing itslock coverage. TheIX
lock on TG(LU-node), being a short duration lock, would prevent any loss of lock by even those searchers
that arrive during the operation. Any searcher that arrives after the completion of the insertion operation
cannot loseits lock coverage due to the insertion.

6.4.4 Node Split

We now consider the special case where the insertion by atransaction ¢ into an already full node causes the
target granule g to split into granules ¢, and g-. Insertions causing node splits follow the IP/GiST except
that it needs to acquire some additional locks when it causes the splits.

If the insertion by ¢ causes g to split, since the IX lock held by ¢ on g islost after the split, ¢ needs to
acquire 1X locks on ¢g; and g- to protect the inserted object. Since ¢ acquires an IX lock on g before the
insertion, no other transaction, besides ¢ itself, can be holding an Slock on g. If ¢ itself holds an S lock on
g, it needs to inherit its Slock on g to ¢; and g». Thisis because g; and g5 are the only additional granules
that may become consistent with the search predicate of ¢ due to the split.

Since before the split the inserter acquires an 1X lock on g, other inserters and deleters may also be
holding IX locks on g. When g splits, all transactions holding I X locks on g must acquire IX locks on g and
go after the split. Thisissufficient as all the insert and/or delete ranges (logical deletion) is guaranteed to be
protected by the IX locks on ¢, and g5 since al objectsin g will be either in ¢, or go. It may not possible for
t to change lock requests of other transactions using a standard lock manager. The problem can be avoided
if theinserter acquires ainstant duration SIX lock on g in caseit causes g to split. After the split, the inserter
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| Operation | Lock Requirements | Other Actions

Insertion(no granule || Commit dur. 1X on g; Commit dur. X on O None

change /no node split)

Insertion (granule || Short dur. IX on TG(LU-node); IX on g; X on O None

change)

Insert (node split) If Tisleaf : Instant dur. SIX on T'G(T) before split; IX | Inherit S locks to
oneither TG(T) or TG(T'T), whichever contains O after | TG(TT) if itself
split holding S lock on
If Tisnon-leaf : Instant dur. SIX on T'G(T); TG(T)

Search Son al consistent leaf and non-leaf granules None

Delete (Logical) IXong; XonO Mark O deleted; Re-

move O from page

Delete (Deferred) If node is not empty: Short dur. IX on TG(HC-node); IX | Eliminate node  if
ong; X onQO. empty
If becomes empty: If T isleaf, Short dur. SIX on TG(T);

If T isnon-leaf , Short dur. IX on TG(T)

ReadSingle SonO None

UpdateSingle If no indexed attribute changed: IX on g; X on O None
Otherwise: Delete O; Insert modified O

UpdateScan Son al consistent granules; For every individual object | None
updated, same requirement as UpdateSingle

Table 6.4: Lock requirements for various operations in the dynamic granular locking approach. g is the
target granule for insertion/deletion, O isthe object being inserted/del eted/updated.

acquires acommit duration I X lock on either ¢ or go, whichever contains O.

The splitting of the granule may propagate upwards causing the non-leaf nodes to split. Asin the case
of leaf node split, the transaction causing anon-leaf node NV to split acquires ainstant duration SIX lock on
TG(N) to prevent any other transaction losing itslock. If ¢ itself was holding an Slock on T'G(N), it needs
to inherit its Slock on the two granules formed after split.

The node split operation can be allowed to be carried out “asynchronously”. This requires maintaining
the information of an “outstanding split” in the node - the transaction can subsequently commit while a
separate transaction executes the split operation later by checking the “outstanding split” flags. The lock
requirements remain the same asin the “synchronous’ case.

6.45 Deletion

Similar to insertion, to delete an object O, the deleter requires an 1X lock on the region that covers O.
However, unlike insertion, (in which the granule where the object isinserted grows and covers the inserted
object), the granule g from which O is deleted may shrink due to the deletion and may not cover O. To
protect the delete region, the deleter would need a commit duration IX lock on TG(LU-node) (here it is
the LU-node of the deletion of operation) since TG(LU-node) is the smallest granule to fully cover O at
the completion of the deletion operation. This would result in low concurrency since a large number of
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searchers may be unnecessarily prevented till the deleter commits. For this reason, we do not consider this
approach any further. Instead, deletes are performed logically. We present the lock needs of the logical and
physical deletions in the following subsections.

Logical Deletion

The logical deleter needs to acquire a commit duration IX lock on only the leaf granule ¢ that contains the
object and an X lock on O itself. The IX lock on g is sufficient to cover O since even if the GP of g changes
due to other insertions and deletions (physical) since g would still cover O. Subsequently, it removes the
object from the page and marks it as deleted. If the transaction aborts, the changes are undone, the delete
mark is removed and the locks are released. On the other hand, if it commits, the physical deletion of O
from the GiST is executed as a separate operation.

If the transaction requests deletion of an object O that does not exist, other transactions wishing to insert
the same object should be prevented as long as the deleter is active. For this purpose, the deleter acquires S
locks on all consistent granules just like a search operation with O as the search predicate.

Deferred (Physical) Deletion

The deferred delete operation removes the logically deleted object from the GiST and adjusts the BPs of
the ancestors. To physically delete an object from a granule g, a short duration IX lock on ¢ is acquired
to prevent other searchers having S locks on g from losing their lock coverage. The IX lock is sufficient
as inserters and other deleters holding locks on g would not lose the necessary lock coverage even after g
shrinks dueto the physical deletion. Deletion of an entry from the node may also result in the node becoming
empty in which caseit is eliminated from the GiST. Since anodeis eliminated only when it becomes empty,
no transaction can lose its X lock due to elimination of g as g does not cover any object. So the IX lock on
g issufficient even if the deletion causes the elimination of the node.

In either case, since the change of ¢ may propagate upwards causing BPs of the ancestor nodes to
change, the non-leaf granules associated with the ancestors may shrink. Since only searchers hold locks on
non-leaf granules (inserters request only instant-duration locks), only searchers can lose their lock coverage
due to this shrinkage. Note that only the searchers whose predicates are consistent with the HC-node (i.e.
the highest index node in the deletion path whose BP changes due to the deletion) can lose lock coverage,
possibly giving rise to phantoms. The loss of lock coverage of the searchers can be prevented by acquiring
a short duration 1X lock on TG(HC-node). Note that for insertion, it was the TG(LU-node) on which the
short duration 1 X lock had to be acquired. The difference comes from the fact that insertion causes granules
to grow while deletion causes them to shrink.

6.4.6 Other Operations

The locks needs for the other operations are:
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| Parameters | Meaning
MPL multiprogramming level
Transaction | the number of operations per transaction
Size
Write Proba- | the fraction of operations in atransaction that are writes (i.e.
bility inserts)
Query Size | the average selectivity of a search operation
External mean time between transactions
Think Time
Restart De- | mean time after which an aborted transaction is restarted
lay

Table 6.5: Workload Parameters

e The ReadSngle operation just acquires an Slock on the object.

e The UpdateSngle operation, if none of the attributes indexed by GiST are changed, just needs an 1X
lock on the granule containing the object and an X lock on the object. Otherwise, it first executes a
deletion operation of the object to be updated followed by the insertion of the updated object obeying
the respective lock protocols.

e The UpdateScan operation acquires S locks on al consistent granules just like a Search operation.
For every individua object O updated, it requires the same locks as an UpdateSingle operation on O.

The lock requirements for the various operations is shown in the Table 6.4.

6.5 Experimental Evaluation

We performed several experiments to (1) evaluate the performance of the GL/GiST protocol under various
degrees of system loads and (2) compare it with other protocols in terms of concurrency and lock overhead.
In this section, we discuss our implementation of the protocols followed by the performance results.

6.5.1 Implementation

Implementation of the Protocols We implemented the complete GL/GiST protocol as described in this
chapter. To evaluate the performance of the GL/GiST protocol, we aso implemented the pure predicate
locking (referred to as the PurePL protocol) to serve as the baseline case. In PurePL, each search operation
checksits predicate against the objects of the insert/del ete/update operations of all currently executing trans-
actions. If there is any conflict, it blocks on that transaction by requesting an S lock on that transaction ID,
assuming that every transaction acquires an X lock on its own ID when it starts up. Otherwise it proceeds
with the search. Similarly, each insert/delete/update operation checks its object against the predicates of the
search operations of all currently executing transactions and in case of a conflict, blocks on the conflicting
transaction.
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Construction of GiST We conducted our experiments on two different GiSTs constructed over the fol-
lowing two datasets:

e The 2-d dataset: is the 2-d point data set of the Sequoia 2000 benchmark [138]. It contains lo-
cations(easting and northing values) of 62,556 California places extracted from the US Geological
Survey’s Geographic Names Information System (GNIS)). The points are geographically distributed
over a1046km by 1317km area.

e The 3-d dataset: is derived from the FOURIER dataset [23]. The FOURIER dataset data set com-
prises of 1.2 million vectors of fourier coefficients produced by fourier transformation of polygons.
We constructed the 3-d dataset by taking the first 3 fourier coefficients of each vector.

We set aside some points (by random choice) from the above datafilesfor insertion into the Gi ST during
the run of transactions. The searches to be executed during the run are generated by randomly choosing the
guery anchor from the data file and generating a bounding box by choosing a proper side length needed to
obtain desired search selectivity. The set-aside points and the queries are stored in two separate files which
are used by the workload generator.

We created the GiSTs by bulkloading the remaining points. The two GiSTs are described below:

e 2-d GiST: constructed on 56,655 2-d points with 2K page size (fanout 102, 821 nodes). Since the size

of the data set is small, we use a comparatively small page size to make the GiST of significant size.

e 3-d GiST: constructed on 480,471 3-d points with 8K page size (fanout 292, 2360 nodes)

In both cases, we configured the GiST to behave as an R-tree by specifying the extension methods appropri-
ately.

Workload Generator and theL ock Manager Theworkload generator (WG) generates aworkload based
on the input parameters shown in Table 6.5. The WG assigns some search operations (from the bounding box
query file) and some insertion operations (from the set-aside point file) to each transaction. Each transaction
executes as a separate thread. We use the Pthread library (Solaris 2.6 implementation) for creating and
managing the threads [104]. One thread only executes one transaction: it is created at the beginning of
the transaction and is terminated when the latter commits. The WG maintains the MPL at the specified
value by using an array of flags (MPL number of them): when a thread finishes, it sets a flag. The main
WG thread constantly polls on this array and when it detects the setting of aflag, it starts a new thread and
assigns the next transaction to it. The thread waits for some time (external think time) and starts executing
the transaction: it executes one operation after another on the GiST following the lock protocols. If any
lock request returns an error (due to a deadlock or a timeout), the transaction aborts. If it aborts, it isre-
executed within the same thread after a certain restart delay (each transaction remembers its constituent
operations till it commits for possible re-execution). Our implementation of the WG consists of 3 main C++
classes (TransactionManager, Transaction and Operation). The TransactionManager class also maintains
the global statistics of the run (e.g., throughput, conflict-ratio, number of locks acquired, number of aborts
etc.) which are used to measure the performance of the various protocols. Although the other 4 simulation
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parameters are varied, we fix the external think time to 3 seconds and the restart delay to 3 seconds for all
our experiments. Also, for the two GiSTs, the buffer sizes are set such that about 75% of the pages fit in
memory.

For thelock manager (LM) implementation, we reused most of the LM code of MiniRel system obtained
from the University of Maryland. The LM code closely follows the description in [55].

All experiments were performed on a Sun Ultra Enterprise 3000 Server running Solaris 2.6 with two
167MHz CPU, 512MB of physical memory and several GB of secondary storage.

6.5.2 Experimental Results

Evaluation of the GL/GiST protocol We conducted experiments to evaluate the performance of the
GL/GIiST protocol under various system loads. Performance is measured using throughput i.e. the ratio
of the total number of transactions that completed during the period when the transactions ran at full MPL
(ignoring the starting phase and the dying phase when the MPLs are lower) to the total duration of the full-
MPL phase [4]. Figures 6.5 shows the throughput of GL/GiST and PurePL protocols at various MPLs for
the 2d dataset. Initialy, the throughput increases with the MPL as the system resources were underutilized
a low MPLs. For GL/GiST, the throughput reaches a peak (~ 14 tps) at an MPL of 50 while for PurePL,
the peak (~ 6 tps) is reached at an MPL of 60. Beyond that point, the throughput starts decreasing as the
system starts thrashing. Figures 6.6 shows the performance of the two protocols for the 3d dataset. Like the
2-d dataset, the GL/GiST achieves significantly higher throughput compared to PurePL.

We also varied the system load by tweaking the other parameters like write probability, transaction size
and size of search [4]. These experiments were conducted on the 2-d dataset. Figure 6.7 shows the per-
formance of the two protocols under various mixes of read(search) and write(insert) operations. GL/GiST
significantly outperforms PurePL under all workloads. Figure 6.8 shows the throughputs at various transac-
tion sizes. Again, GL/GiST mostly outperforms PurePL. At an MPL of 50, for transactions with 20 or more
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operations, since a large portion of the GiST is locked by some transaction or the other, GL/GiST starts
thrashing due to high lock contention leading to decrease in throughput. Figure 6.9 shows the performance
for various query sizes. Once again, GL/GiST performs better than PL for al workloads.

Comparison to other techniques In this section, we compare GL/GiST protocol with the predicate lock-
ing protocol presented in [83]. We refer to the above protocol as the PL/GIiST protocol. In PL/GiST, a
searcher attaches its search predicate ) to all the index nodes whose BPs are consistent with Q. Subse-
guently, the searcher acquires S locks on all objects consistent with (). An inserter checks the object to
be inserted against all the predicates attached to the node in which the insertion takes place. If it conflicts
with any of them, the inserter also attaches its predicate to the node (to prevent starvation) and waits for the
conflicting transactions to commit. If the insertion causes a BP of a node N to grow, the predicate attach-
ments of the parent of IV is checked with new BP of N and are replicated at N if necessary. The processis
carried out top-down over the entire path where node BP adjustments take place. Similar predicate checking
and replication is done between sibling nodes during split propagation. The details of the protocol can be
found in [83]. A complete performance study would require a full fledged implementation of the PL/GiST
protocol (including implementation of the Predicate Manager, augment GiST with data structures to be able
to attach/detach predicates to tree nodes etc.). Due to the complexity of the this task, we only compare the
two protocols in terms of the degrees of concurrency offered and their lock overheads. Again PurePL isused
to serve as the baseline case. All the experiments were conducted on the 2-d dataset.

Figure 6.10 compares the concurrency offered by the GL/GiST and the PL protocols. Concurrency is
measured using conflict ratio i.e. the average number of times some transaction blocked on a lock request
per committed transaction [4]. Lower the conflict ratio, higher the concurrency. Both PL/GiST and PurePL
protocols offer the maximum permissible concurrency since transactions are blocked only when they truly
conflict. On the other hand, GL/GiST offers lower concurrency due to “false conflicts’ i.e. a situation
where athough the predicates do not conflict with each other, they end up reguesting conflicting locks on
the same granule (e.g., in R-trees, a search predicate and an object being inserted do not overlap with each
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other but they overlap with the BR of the same leaf node). More the number of false conflicts, higher the
loss of concurrency. Figure 6.10 shows that false conflicts do not cause a significant loss of concurrency in
GL/GiST compared to PL. Thisis an outcome of the “fineness’ of the chosen granules.

Figure 6.11 and 6.12 showsthelock overheads imposed by the GL/GiST, PL/GiST and PurePL protocols
for the search and insert operations respectively. The lock overhead is measured by the average number of
locks acquired or the average number of predicate checks performed, as the case may be, measured on the
same scale. Although the two costs (i.e. acquiring alock and performing a predicate check) are within the
same order of magnitude (between 50-200 RISC instructions) for 2d data, the costs would differ for higher
dimensional data (predicate checking becomes costlier while the cost of acquiring alock remains the same).
While the lock overhead of predicate locking increases linearly with MPL, that of GL is independent of
MPL. The figures show that for both search and insert operations, GL/GiST imposes considerably lower
lock overhead compared to PL protocols.

To study the performance of GL at higher dimensionalities, we aso conducted experiments on 5-d
data. The 5-d dataset is derived from the FOURIER dataset and is constructed by taking the first 5 fourier
coefficients of each vector. We built the GiST on 480,471 points of the 5-d dataset with 8K page size(fanout
136, 5186 nodes). The buffer size was set to about 10% of the size of the GiST. Figure 6.13 shows the
performance the two approaches at various MPLs for 5-d data. Like 2-d and 3-d datasets, granular locking
outperforms predicate locking for 5-d data as well.

In summary, there is a tradeoff between GL and PL — while GL enjoys lower lock overhead, it has
lower concurrency compared to PL. Our experiments confirm that similar to granule based protocols for 1-d
datasets, the GL protocol performs significantly better than PL for multidimensional datasets as well.

6.6 Conclusions and Future Work

Numerous emerging applications (e.g., GIS, multimedia, CAD) need support of multidimensiona AMs
in DBMSs. The Generalized Search Tree (GiST) is an important step to meet that need. GiST, being an
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extensible index structure, when supported inaDBMS, will allow application devel opers to define their own
AMs by supplying a set of extension methods. However, before GiSTs can be supported by any commercial
strength DBM Ss, efficient techniques to support concurrent access to data viathe GiST must be devel oped.
Concurrent access to data via a general index structure introduces two independent concurrency control
problems. First, techniques must be developed to ensure the consistency of the data structure in presence of
concurrent insertions, deletions and updates. Second, mechanisms to protect search regions from phantom
insertions and deletions must be developed. Developing such mechanisms to guarantee transactional access
to data via multidimensional data structures has been identified as one of the key challenges to transaction
management in future database systems [55].

This chapter presents adynamic granular locking approach to phantom protection in GiSTs. The chapter
builds on our previous work on a dynamic granular locking strategy for R-trees [28]. Due to some funda-
mental differences between R-tree and GiST in the notion of a search key, the agorithms developed for
R-trees do not provide a feasible solution for phantom protection in GiST. Motivated by the limitations of
the previous approach in the context of GiSTs, we develop a new granular locking approach suited for con-
currency control in GiSTs. The devel oped protocols provide a high degree of concurrency and have low lock
overhead. Our experiments have shown that the granular locking technique (1) scales well under various
system loads and (2) significantly outperforms predicate locking for low to medium dimensional datasets
(2d, 3d and 5d). While most applications that involve dynamic datasets and require highly concurrent ac-
cesses to the data deal with low to medium dimensional spaces, 4 it is nevertheless interesting to explore
approaches that provide good performance for high dimensional datasets as well. Although the granular
locking proposed in this chapter provides amost as high concurrency as the predicate locking approach
for low to medium dimensionalities (see Figure 6.10), the loss of concurrency increases with the increase
in dimensionality. The reason is that at high dimensionalities, the data space gets increasingly sparse (a
phenomenon commonly known as the “ dimensionality curse” [12]), resulting in coarser leaf granules which
causes more “false conflicts” and hence a higher lossin concurrency. While at low to medium dimensional-
ities the efficiency of granular locking far outweighs the loss of concurrency resulting in better performance
compared to predicate locking, it may not be the case at high dimensionalities. Thisis evidenced by the fact
that for 5-d data, though granular locking still outperforms predicate locking, the performance gap between
them is less compared to the 2-d and 3-d datasets. A simple approach to improve the concurrency offered
by granular locking is to define finer granules. The benefit of such an approach is not clear since while the
finer granules will improve concurrency, it will also increase the lock overhead of each operation. A hybrid
strategy between the granular and predicate locking techniques may be a more suitable solution for high
dimensional datasets.

So far in this thesis, we have concentrated on multidimensional access methods as the primary weapon
to deal with large volumes of highly multidimensiona data. In the next chapter, we explore approximate

“For example, GIS and CAD systems deals with spatial data which is either 2-d or 3-d. Spatio-temporal applications (e.g.,
management of moving objects) dealswith 3-d or 4-d data. Multimediaretrieval systems like QBIC index images using 3-d feature
vectors [44].
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guery answering as atechnique to deal with the large data volumes and stringent access time requirementsin
DSS/OLAP systems. We develop a wavelet-based approximate query answering tool for high dimensional
DSS applications.
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Chapter 7

Approximate Query Processing

In this chapter, we explore approximate query answering as a technique to deal with the large data volumes
and stringent response time requirements in DSS/OLAP systems. We devel op a wavel et-based approximate
guery answering tool for high dimensional DSS applications.

7.1 Introduction

Approximate query processing has recently emerged as aviable solution for dealing with the huge amounts
of data, the high query complexities, and the increasingly stringent response-time requirements that char-
acterize today’s Decision Support Systems (DSS) applications. Typically, DSS users pose very complex
gueries to the underlying Database Management System (DBMS) that require complex operations over Gi-
gabytes or Terabytes of disk-resident data and, thus, take a very long time to execute to completion and
produce exact answers. Due to the exploratory nature of many DSS applications, there are a number of
scenarios in which an exact answer may not be required, and a user may prefer afast, approximate answer.
For example, during adrill-down query sequence in ad-hoc data mining, initial queriesin the sequence fre-
guently have the sole purpose of determining the truly interesting queries and regions of the database [64].
Providing (reasonably accurate) approximate answers to these initial queries gives users the ability to fo-
cus their explorations quickly and effectively, without consuming inordinate amounts of valuable system
resources. An approximate answer can also provide useful feedback on how well-posed a query is, allowing
DSS users to make an informed decision on whether they would like to invest more time and resources to
execute their query to completion. Moreover, approximate answers obtained from appropriate synopses of
the data may be the only available option when the base data is remote and unavailable [6]. Finally, for DSS
gueries requesting a numerical answer (e.g., total revenues or annual percentage), it is often the case that
the full precision of the exact answer is not needed and the first few digits of precision will suffice (e.g., the
leading few digits of atotal in the millions or the nearest percentile of a percentage) [1].

Prior Work. The strong incentive for approximate answers has spurred a flurry of research activity on
approximate query processing techniquesin recent years[1, 51, 53, 61, 64, 70, 115, 144, 145]. The mgjority
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of the proposed techniques, however, have been somewhat limited in their query processing scope, typically
focusing on specific forms of aggregate queries. Besides the type of queries supported, another crucial
aspect of an approximate query processing technique is the employed data reduction mechanism; that is,
the method used to obtain synopses of the data on which the approximate query execution engine can then
operate [9]. The methods explored in this context include sampling and, more recently, histograms and
wavelets.

e Sampling-based techniques are based on the use of random samples as synopses for large data sets. Sam-
ple synopses can be either precomputed and incrementally maintained (e.g., [1, 51]) or they can be obtained
progressively at run-time by accessing the base data using appropriate access methods (e.g., [61, 64]). Ran-
dom samples of adata collection typicaly provide accurate estimates for aggregate quantities (e.g., count s
or aver ages), as witnessed by the long history of successful applications of random sampling in popula-
tion surveys [34, 130] and selectivity estimation [87]. An additional benefit of random samples is that they
can provide probabilistic guarantees on the quality of the estimated aggregate [60]. Sampling, however,
suffers from two inherent limitations that restrict its applicability as an approximate query processing tool.
First, aj oi n operator applied on two uniform random samples results in a non-uniform sample of the join
result that typically contains very few tuples, even when the join selectivity isfairly high [1]. Thus, j oi n
operations typically lead to significant degradations in the quality of an approximate aggregate. (*Join syn-
opses’ [1] provide asolution, but only for foreign-key joins that are known beforehand; that is, they cannot
support arbitrary join queries over any schema.) Second, for a non-aggregate query, execution over random
samples of the data is guaranteed to always produce a small subset of the exact answer which is often empty
when j oi nsareinvolved [1, 70].

e Histogram-based techniques have been studied extensively in the context of query selectivity estima
tion [52, 68, 69, 99, 116, 117] and, more recently, as a tool for providing approximate query answers [70,
115]. The very recent work of loannidis and Poosala [70] isthe first to address the issue of obtaining practi-
cal approximations to non-aggregate query answers, making two important contributions. First, it proposes
anovel error metric for quantifying the quality of an approximate set-valued answer (in general, a multiset
of tuples). Second, it demonstrates how standard relational operators (likej oi n and sel ect ) can be pro-
cessed directly over histogram synopses of the data. The experimental results givenin[70] prove that certain
classes of histograms can provide higher-quality approximate answers compared to random sampling, when
considering simple queries over low-dimensional data (one or two dimensions). It is a well-known fact,
however, that histogram-based approaches become problematic when dealing with the high-dimensional
data sets that are typical of modern DSS applications. As the dimensionality of the data increases, both
the storage overhead (i.e., number of buckets) and the construction cost of histograms that can achieve
reasonable error rates increase in an explosive manner [85, 144]. The dimensionality problem is further
exacerbated by j oi n operations that can cause the dimensionality of intermediate query results (and the
corresponding histograms) to explode.
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o Wavelet-based techniques provide a mathematical tool for the hierarchica decomposition of functions,
with along history of successful applications in signal and image processing [74, 100, 137]. Recent stud-
ies have demonstrated the applicability of wavelets to selectivity estimation [91] and the approximation of
range-sum queries over OLAP data cubes [144, 145]. The idea is to apply wavelet decomposition to the
input data collection (attribute column(s) or OLAP cube) and retain the best few wavelet coefficients as a
compact synopsis of the input data. The results of Vitter et a. [144, 145] have shown that wavelets are
effective in handling aggregates over high-dimensional OLAP cubes, while avoiding the high construction
costs and storage overheads of histograming techniques. Their wavelet decomposition requires only alog-
arithmically small number of passes over the data (regardiess of the dimensionality) and their experiments
prove that a few wavelet coefficients suffice to produce surprisingly accurate results for summation aggre-
gates. Nevertheless, the focus of these earlier studies has always been on a very specific form of queries
(i.e.,, range-sums) over a single OLAP table. Thus, the problem of whether wavelets can provide a solid
foundation for general-purpose approximate query processing has hitherto been left unanswered.

Our Contributions. In this chapter, we significantly extend the scope of earlier work on approximate
query answers, establishing the viability and effectiveness of wavelets as a generic approximate query
processing tool for modern, high-dimensional DSS applications. More specifically, we propose a novel
approach to general-purpose approximate query processing that consists of two basic steps. First, multi-
dimensional Haar wavelets are used to efficiently construct compact synopses of general relational ta-
bles. Second, using novel query processing algorithms, standard SQL operators (both aggregate and non-
aggregate) are evaluated directly over the wavel et-coefficient synopses of the datato obtain fast and accurate
approximate query answers. The crucial observation here is that, as we demonstrate in this work, our ap-
proximate query execution engine can do all of its processing entirely in the wavel et-coefficient domain; that
is, both the input(s) and the output of our query processing operators are compact collections of wavelet
coefficients capturing the underlying relational data. This implies that, for any arbitrarily complex query,
we can defer expanding the wavel et-coefficient synopses back into relationa tuples till the very end of the
query, thus allowing for extremely fast approximate query processing. * The contributions of our work are
summarized as follows.

e New, I/O-Efficient Wavelet Decomposition Algorithm for Relational Tables. The methodology
developed in this chapter is based on a different form of the multi-dimensional Haar transform than
that employed by Vitter et al. [144, 145]. As a consequence, the decomposition algorithms proposed
by Vitter and Wang [144] are not applicable. We address this problem by developing a novel, 1/O-
efficient algorithm for building the wavel et-coefficient synopsis of arelational table. The worst-case
I/O complexity of our algorithm matches that of the best algorithms of Vitter and Wang, requiring

!Note that the j oi n processing algorithm of loannidis and Poosala [70], on the other hand, requires each histogram to be
partially expanded to generate the tuple-value distribution for the corresponding approximate relation. As our results demonstrate,
this requirement can slow down join processing over histograms significantly, since the partially expanded histogram can give rise
to large numbers of tuples, especially for high-dimensional data (cf. Figure 7.15).

114



only alogarithmically small number of passes over the data. Furthermore, there exist scenarios (e.g.,
when the table is stored in chunks [37, 129]) under which our decomposition algorithm can work in a
single pass over the input table.

e Novel Query Processing Algebra for Wavelet-Coefficient Data Synopses. We propose a new a-
gebra for approximate query processing that operates directly over the wavelet-coefficient synopses
of relations, while guaranteeing the correct relational operator semantics. Our algebra operators in-
clude the conventiona aggregate and non-aggregate SQL operators, likesel ect , pr oj ect,j oi n,
count ,sumand aver age. Based on the semantics of Haar wavelet coefficients, we develop novel
query processing algorithms for these operators that work entirely in the wavel et-coefficient domain.
This alows for extremely fast response times, since our approximate query execution engine can do
the bulk of its processing over compact wavel et-coefficient synopses, essentialy postponing the ex-
pansion into relational tuples until the end-result of the query. We also propose an efficient algorithm
for this final rendering step, i.e., for expanding a set of multi-dimensional Haar coefficients into an
approximate relation which is returned to the user as the final (approximate) answer of the query.

e Extensive Experiments Validating our Approach. We have conducted an extensive experimental
study with synthetic as well as real-life data sets to determine the effectiveness of our wavel et-based
approach compared to sampling and histograms. Our results demonstrate that (1) the quality of ap-
proximate answers obtained from our wavelet-based query processor is, in general, better than that
obtained by either sampling or histograms for a wide range of sel ect, proj ect,j oi n, and ag-
gregate queries, (2) query execution-time speedups of more than two orders of magnitude are made
possible by our approximate query processing algorithms; and (3) our wavelet decomposition ago-
rithm is extremely fast and scales linearly with the size of the data.

Roadmap. The remainder of this chapter is organized as follows. After reviewing some necessary back-
ground material on the Haar wavelet decomposition, Section 7.2 presents our 1/O-efficient wavelet decom-
position algorithm for multi-attribute relational tables. In Section 7.3, we develop our query algebra and
operator processing agorithms for wavel et-coefficient data synopses. Section 7.3 aso proposes an efficient
rendering algorithm for multi-dimensional Haar coefficients. In Section 7.4, we discuss the findings of an
extensive experimental study of our wavelet-based approximate query processor using both synthetic and
real-life data sets. Section 7.5 concludes the chapter.
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7.2 Building Synopses of Relational Tables Using Multi-Dimensional
Wavelets

7.2.1 Background: The Wavelet Decomposition

Wavelets are a useful mathematical tool to hierarchically decompose functions in a manner that is both
efficient to compute and theoretically sound. Broadly speaking, the wavelet decomposition of a function
consists of a coarse overal approximation together with detail coefficients that influence the function at
various resolutions [137]. The wavelet decomposition has excellent energy compaction and de-correlation
properties, which can be used to effectively generate compact representations that exploit the structure of
data. Furthermore, wavelet transforms can generaly be computed in linear time, thus alowing for very
efficient algorithms.

Thework in this chapter is based on the multi-dimensional Haar wavelet decomposition. Haar wavel ets
are conceptually ssimple, very fast to compute, and have been found to perform well in practice for avariety
of applications ranging from image editing and querying [100, 137] to selectivity estimation and OLAP ap-
proximations [91, 144]. Recent work has also investigated methods for dynamically maintaining Haar-based
data representations [92]. In this section, we discuss Haar wavelets in both one and multiple dimensions.

One-Dimensional Haar Wavelets. Suppose we are given aone-dimensiona data vector A containing the
following four values A = [2,2,5,7]. The Haar wavelet transform of A is computed as follows. We first
perform pairwise averaging of the values to get the following “lower-resolution” representation of the data
vector: [2,6]. In other words, the average of the first two values (that is, 2 and 2) is 2 and that of the next
two values (that is, 5 and 7) is 6. Obviously, some information has been lost in this averaging process. To
be able to restore the original four values of the data array, we need to store some detail coefficients, that
capture the missing information. In Haar wavelets, these detail coefficients are smply the differences of the
second element of the pairs being averaged from the average value.

In our example, for the first pair of averaged values, the detail coefficient is O since 2-2 =0, while for
the second we need to store —1 since 6 — 7 = —1. Note that it is possible to reconstruct the four values
[2,2,5,7] of theoriginal dataarray from the lower-resolution array containing the two averages [2, 6] and the
two detail coefficients [0, —1]. Recursively applying the above pairwise averaging and differencing process
on the lower-resolution array containing the averages, we get the following full decomposition.

Resolution | Averages | Detail Coefficients
2 [2,2,5,7] -
1 [2, 6] [0, -1]
0 [4] [-2]

We define the wavel et transform (also known as the wavelet decomposition) of A to be the single coef-
ficient representing the overall average of the data values (i.e. [4]) followed by the detail coefficients in the
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order of increasing resolution (i.e. [—2] at the lowest resolution and [0, —1] at the next higher resolution as
there are only two resolutions of detail coefficients of A). The one-dimensional Haar wavelet transform of
A istherefore given by W4 = [4, —2,0, —1]. Each entry in Wy is called a wavelet coefficient. The main
advantage of using W instead of the origina data vector A isthat for vectors containing similar valuesin
neighboring positions (i.e. having locality), most of the detail coefficients would have very small values.
Eliminating such small coefficients from the wavel et transform (i.e., treating them as zeros) introduces only
small errors when reconstructing the original data, giving an effective form of lossy data compression.

Note that, intuitively, wavelet coefficients carry different weights with respect to their importance in
rebuilding the origina data values. For example, the overall average is obviously more important than any
detail coefficient since it affects the reconstruction of al entries in the data array. In order to equalize the
importance of all wavelet coefficients while determining which coefficients to retain and which to eliminate
(i.e. during thresholding), we need to normalize the final entries of W, appropriately. Thisis achieved by
dividing each wavelet coefficient by v/2, where I denotes the level of resolution at which the coefficient
appears (with [ = 0 corresponding to the “coarsest” resolution level). Thus, the normalized wavelet trans-
form for our example data array becomes W, = [4, 2,0, —1/+/2]. Note that the unnormalized transform
is used for the reconstruction of the original vector; the normalized version is used only for thresholding (cf.
Section 7.2.2).

Multi-Dimensional Haar Wavelets. There are two common methods to compute the Haar wavelet trans-
form of a multi-dimensional array. Each of these transformations is a generalization of the one-dimensional
decomposition process described above. To simplify the exposition to the basic ideas of multi-dimensional
wavelets, we assume that the input array is of equal size along all dimensions.

The first method is known as standard decomposition. In this method, we first fix an ordering of the
dimensions of the input array A (say, 1,2,... ,d) and then proceed to apply the complete one-dimensional
wavelet transform for each one-dimensional “row” of array cells along dimension k, forall £ = 1,... ,d.
The standard Haar decomposition forms the basis of the recent results of Vitter et al. on OLAP data cube
approximations [144, 145].

Thework presented in this chapter is based on the second method of extending Haar wavel ets to multiple
dimensions, namely the nonstandard decomposition. Instead of performing one-dimensional wavelet trans-
form on all one-dimensional rows along dimension 1 followed by transform on all rows along dimension
2 and so on as in standard decomposition, the nonstandard Haar decomposition alternates between the the
one-dimensiona rows along different dimensions i.e. at each step, it performs a one-dimensional wavelet
transform on one row along dimension 1 followed by transform on one row along dimension 2 and so on
till dimension k. The steps are repeated till each row along each dimension has been transformed. Note
that the transform of A is performed “in place”: i.e. the results of atransform is used as the input data for
subsequent transforms. The above process is then repeated recursively on the quadrant containing averages
across al dimensions. One way of to conceptualize (and implement [100]) the above process is dliding a
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2 x 2 x --- x 2 d-dimensional hyper-box across the data array, performing pairwise averaging and differ-
encing of the cellsin A faling inside the hyper-box, distributing the results to the appropriate locations of
the wavelet transform array W, (with the averages for each box going to the “lower-left” quadrant of W)

and, finally, recursing the computation on the lower-left quadrant of 1/4. This procedure is demonstrated

pictorially for a 2-dimensional data array A in Figure 7.1(a). A is2™ x 2 in size. The figure shows the

pairwise averaging and differencing step for one positioning of the 2 x 2 box with its “root” (i.e., lower-left
corner) located at the coordinates [2i;, 2i5] of A followed by the distribution of the results in the wavelet
transform array. The above step is repeated for every possible combination of 4's, i; € {0,... ,2m 1 —1}.

A detailed description of the nonstandard Haar decomposition can be found in any standard reference on the
subject (e.g., [74, 137]).

[2i, , 2i,]
\
\
\
Averaging &
(a) @ D:>
ifferencing
oo™ "M
Data Array A Wavelet Transform
Array Wp

RECURSE
9 34|00 314 ]o0]o0
3|16 4|8 75-15] 10| - 112|100 -11-2]1010
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Figure 7.1: Non-standard decomposition in two dimensions. (a) Computing pairwise averages and differ-
ences and distributing them in the wavel et transform array. (b) Example decomposition of a4 x 4 array.

Example7.2.1: Consider the 4 x 4 array A shown in Figure 7.1(b.1). In the first level of recursion, the
2 x 2 dliding hyper-box is placed at the 4 possible “root” positions on A, namely [0, 0], [0, 2], [2,0] and
[2,2], and pairwise averaging and differencing is performed on each of them individualy. The result is
shown in Figure 7.1(b.2). For example, the pairwise averaging and differencing on the hyper-box with root

position [2,0] (containing values A[2,0] = 2, A[3,0] = 4, A[2,1] = 6, and A[3,1] = 8) produces the
[2,0}+A[3,0}1—A[2,1}+A[3,1} — 5 and detail coefficients A[2,0]+A[2,1}ZA[B,O}—A[B,I} _ 1

average coefficient A

AROPABO_ARNZABY _ g gng ARALABIABOARL _ o (shown in the same positions (A[2, 0],

A[3,0], A[2,1] and A[3,1]). Figure 7.1(b.3) shows the array after the results are distributed in the right
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positions in W,. For the hyper-box with root position [2,0] (i.e. iy = 1, i3 = 0 and m = 2 according to
the notation in Figure 7.1(a)), the results 5, —1, —2 and 0 are placed at positions [, is] = [1,0], [2™~! +
i1, 42 = [3,0], [i1,2™7" + o) = [1,2] and 2™~ 4 45, 2™ +4y] = [3, 2] respectively. The process is
then recursed on the lower-left quadrant of W4 (which contains the average values 2.5, 7.5, 5 and 10 of the
4 boxes), resulting in the average coefficient 6.25 and detail coefficients —1.25, —2.5 and 0. That ends the
recursion, producing the final wavelet transform array W, shown in Figure 7.1(b.4). I

As noted in the wavelet literature, both methods for extending one-dimensional Haar wavelets to higher
dimensionalities have been used in awide variety of application domains and, to the best of our knowledge,
neither has been shown to be uniformly superior. Our choice of the nonstandard method was mostly moti-
vated by our earlier experience with nonstandard two-dimensional Haar wavel ets in the context of effective
image retrieval [100]. An advantage of using the nonstandard transform is that, as we explain later in the
chapter, it allows for an efficient representation of the sign information for wavelet coefficients. This effi-
cient representation stems directly from the construction process for a nonstandard Haar basis [137]. Using
nonstandard Haar wavelets, however, also implies that the standard decomposition agorithms of Vitter and
Wang [144] are no longer applicable. We address this problem by proposing a novel 1/0O-efficient algorithm
for constructing the nonstandard wavel et decomposition of arelational table (Section 7.2.2). (We often omit
the “nonstandard” qualification in the rest of the chapter.)

Multi-Dimensional Haar Coefficients: Semantics and Representation. Consider a wavelet coefficient
W generated during the multi-dimensional Haar decomposition of a d-dimensional data array A. Mathe-
matically, the coefficient is amultiplicative factor for an appropriate Haar basis function when the datain A
is expressed using the d-dimensional Haar basis [137]. The d-dimensional Haar basis function correspond-
ing to W is defined by (1) a d-dimensional rectangular support region in A that captures the region of A’s
cellsthat W contributes to during reconstruction; and (2) the quadrant sign information that defines the sign
(+ or —) of W’s contribution (i.e., +W or —W) to any cell contained in a given quadrant of its support
rectangle. The wavelet decomposition process guarantees that (1) W can contribute only to a rectangular
regions of A’s cellsi.e. the support region is always a d-dimensional rectangle and (2) the signs of W’s
contribution to those cells can change only across quadrants of the support region i.e. we need to store at
most one sign per quadrant. For example, the overall average coefficient 19,40, 0] = 6.25 in Figure 7.1(b)

contributes positively (i.e.,“+6.25") to the reconstruction of al the cellsin A, so its support region in the
whole array A and itssign is + for all quadrants of the support region. On the other hand, the detail coeffi-
cient W4[1,2] = —2 contributes only the cells in the lower-right quadrant of A (i.e. A[2,0], A[3,0], A[2,1]

and A[3, 1]) and the signs are + for the lower |eft and lower right quadrants of the support region and — for
the other two quadrants (i.e. contributes +(—2) = —2 to A[2,0] and A[3,0] and —(—2) = +2 to A[2,]]

and A[3,1]). The support regions and signs of al the sixteen coefficients in Figure 7.1(b.4) are shown in
Figure 7.2(a). The support regions are superimposed on the entire array A: the white areas for each coeffi-
cient correspond to regions of A which it does not contribute to i.e. whose reconstruction is independent of
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the coefficient (e.g., W41, 2] iswhite for al cells except A[2,0], A[3, 0], A[2, 1] and A[3, 1]). Figure 7.2(a)

also depicts the two levels of resolution (I = 0, 1) for our example two-dimensional Haar coefficients; as
in the one-dimensional case, these levels define the appropriate constants for normalizing coefficient values
(see, eg., [137)).

Example 7.2.2 Since the support region represents the cellsin A which awavelet coefficient contributes to,
the value of acell in A can be reconstructed by adding up the contributions (with the appropriate signs) of
those coefficients who support regions include the cell. For example, the coefficients whose support regions
include A[0,1] are W4[0,0](+), W4[0, 1](+), Wa[1,0](+), Wa[l, 1](+), W4[0,2](—), W4[2,0](+) and
Wa[2,2](—), so A]0, 1] can be reconstructed using the following formula:

A[0,1] = +WA[0,0]+ W0, 1]+ Wa[L, 0]+ Wa[l, 1] = WA[0, 2] + Wa[2,0] - W4[2,2] = 2.5—(—1)+(—.5) = 3.
|

____________________________

1]

= [
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Figure 7.2: (a) Support regions and signs for the sixteen nonstandard two-dimensional Haar basis functions.
The coefficient magnitudes are multiplied by +1 (—1) where asign of + (resp., —) appears, and 0 in blank
areas. (b) Representing quadrant sign information for coefficients using “ per-dimension” sign vectors.

To simplify the discussion in this chapter, we abstract away the distinction between a coefficient and
its corresponding basis function by representing a Haar wavelet coefficient with the triple W = (R, S, v),
where:

1. W.R is the d-dimensional support hyper-rectangle of W enclosing all the cells in the data array A
which W contributes to (i.e., the support of the corresponding basis function). We represent this
hyper-rectangle by its low and high boundary values (i.e., starting and ending array cells) aong each
dimension j, 1 < j < d; these are denoted by W.R.boundary[j].lo and W.R.boundary[j].hi, re-
spectively. Thus, the coefficient T# contributes to each data cell A[, ... , 4] satisfying the condition
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W.R.boundary[j].lo < i; < W.R.boundary[j].hi for all dimensions j, 1 < j < d. For example, for
the detail coefficient Wy([1, 2] in Figure 7.1(b), W.R.boundary|0].lo = 2, W.R.boundary[0].hi = 3,
W.R.boundary|[l].lo = 0 and W.R.boundary[l].hi = 1. The space required to store the support
hyper-rectangle of a coefficient is2log NV bits, where N denotes the total number of cells of A.

. W.S stores the sign information for all d-dimensional quadrants of W.R. Storing the quadrant sign
information directly (i.e. asign per quadrant) would mean a space requirement of O(2') as there
are 2¢ quadrants in d-dimensional hyper-rectangle. Instead, we use a more space-efficient repre-
sentation of the quadrant sign information (using only 2d bits) that exploits the regularity of the
nonstandard Haar transform. The basic observation here isthat a nonstandard d-dimensional Haar ba-
sis is formed by scaled and trandlated products of d one-dimensional Haar basis functions [137].
Thus, our idea is to store a 2-bit sign vector for each dimension ; that captures the sign varia
tion of the corresponding one-dimensional basis function. The two elements of the sign vector of
coefficient W along dimension j are denoted by W.S.sign|[j].lo and W.S.sign[j].hi, and contain
the signs that correspond to the lower and upper half of W.R’s extent along dimension j, respec-
tively. Given the sign vectors along each dimension and treating asign of + (—) as being equivaent
to +1 (resp., —1), the sign of any d-dimensional quadrant can be computed by taking the prod-
uct of the d sign-vector entries that map to that quadrant; that is, following exactly the basis con-
struction process. (Note that we will continue to make use of this “+1/-1" interpretation of signs
throughout the chapter.) Figure 7.2(b) shows the sign-computation methodology for two example
coefficient hyper-rectangles from Figure 7.2(a). For example, the upper example in Figure 7.2(b)
shows a coefficient with sign vectors W.S.sign[0].lo = +1 and W.S.sign[0].hi = —1 aong di-
mension O (x-axis) and W.S.sign[l].lo = +1 and W.S.sign[l].hi = —1 aong dimension 1 (y-
axis); the signs of the lower left, lower right, upper left and upper right quadrants of its support
region are therefore W.S.sign[0].lo * W.S.sign[1].lo = +1, W.S.sign[0].hi x+ W.S.sign[1].lo = —1,
W.S.sign[0].lo * W.S.sign[1].hi = —1, and W.S.sign[0].hi x+ W.S.sign[1].hi = +1 respectively.

. W.v isthe (scalar) magnitude of coefficient W. This is exactly the quantity that W contributes (either
positively or negatively, depending on 17.S) to all data array cells enclosed in W.R. For example, the
magnitude of W40, 0] in Figure 7.1(b) is 6.25 and that of W4[1, 2] is —2.

Thus, our view of a d-dimensional Haar wavelet coefficient is that of a d-dimensiona hyper-rectangle

with a magnitude and a sign that may change across quadrants. Note that, by the properties of the nonstan-

dard Haar decomposition, given any pair of coefficients, their hyper-rectangles are either completely digjoint

or one is completely contained in the other; that is, coefficient hyper-rectangles cannot partially overlap. As

will be seen later, it is precisely these containment properties coupled with our sign-vector representation

of quadrant signs that enable us to efficiently perform j oi n operations directly over wavelet-coefficient

Synopses.
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7.2.2 Building and Rendering Wavelet-Coefficient Synopses

Consider arelational table R with d attributes X;, X, ... X4. A straightforward way of obtaining awavel et-

based synopsis of R would be to take the traditional two-dimensional array view of arelational table (with
attributes on the x-axis and tuples on the y-axis), apply atwo-dimensional wavelet decomposition on R, and
retain a few large coefficients. It is highly unlikely, however, that this solution will produce a high-quality
compression of the underlying data. The reason is that wavelets (like most compression mechanisms) work
by exploiting locality (i.e., clusters of constant or similar values), which is amost impossible when group-
ing together attributes that can have vastly different domains (e.g., consider an age attribute adjacent to a
sal ary attribute). Similar problems occur in the vertical grouping as well, since even sorting by some at-
tribute(s) cannot eliminate large “ spikes” for others. We address these problems by taking a dlightly different
view of the d-attribute relational table R. We can represent the information in R as a d-dimensional array
Ag, whose j* dimension isindexed by the values of attribute X; and whose cells contain the count of tuples
in R having the corresponding combination of attribute values. Ag is essentiadly the joint frequency distri-

bution (JFD) of al the attributes of R. Figure 7.3 shows an example relation with 2 attributes (Figure 7.3(a))

and the corresponding JFD array (Figure 7.3(b)). We obtain the wavelet synopsis of R by performing non-
standard multi-dimensional wavelet decomposition (denoted by %) of A and then retaining only some of

the coefficients (based on the desired size of the synopsis) using a thresholding scheme. In this section, we
propose a novel, 1/O-¢efficient algorithm for constructing Wx. Note that, even though our agorithm com-

putes the decomposition of Ag, it in fact works off the * set-of-tuples” (ROLAP) representation of R. (As
noted by Vitter and Wang [144], thisis arequirement for computational efficiency sincethe JFD array A is

typicaly very sparse, especially for the high-dimensional data setsthat are typical of DSS applications.) We
also briefly describe our thresholding scheme for controlling the size of a wavelet-coefficient synopsis. We
have also developed atime- and space-efficient algorithm (termed r ender ) for rendering (i.e., expanding)

a synopsis into an approximate “ set-of tuples’ relation (which is used during query processing as the fina
step). We begin by summarizing the notational conventions used throughout the chapter.

Notation. Let D = {D;,Dy,...,D;} denote the set of dimensions of Ag, where dimension D; cor-
responds to the value domain of attribute X;. Without loss of generality, we assume that each dimension
D; isindexed by the set of integers {0,1,--- ,|D;| — 1}, where | D;| denotes the size of dimension D;. 2
The d-dimensional JFD array Ar comprises N = Hle |D;| cells with cell Agliy,i9,... 4] containing
the count of tuplesin R having X; = ¢; for each attribute 1 < 5 < d. We define IV, to be the number of
populated (i.e., non-zero) cells of Ag (typicaly, N, << N). Table 7.1 outlines the notation used in this

2\We assume that the attributes { X1, ... , X4} are ordinal in nature i.e. their domain are ordered. This includes all numeric
attributes (e.g., age, income) and some categorical attributes (e.g., education). Such domains can always be mapped to the set of
integers mentioned above while preserving the order and hence the locality of the distribution. It isaso possible to map unordered
to domains to the set of integers; however, such mappings do not always preserve the locality of the data. For example, mapping
countries to integers using al phabetic ordering does not preserve locality. There may be alternate mappings that are more locality
preserving, e.g., assigning neighboring integers to neighboring countries. Such mapping techniques based on concept hierarchies
are discussed in [40].
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chapter with abrief description of its semantics. We provide detailed definitions of some of these parameters
in the text. Additional notation will be introduced when necessary.

Symbol Semantics

d Number of attributes (i.e., dimensionality) of the input relational table

R, Ag Relational table and corresponding d-dimensional joint frequency array

X;,D; 4" attribute of relation R and corresponding domain of values (1 < j < d)

D ={Di,...,D4} Set of all datadimensionsof thearray A

ARgli1,ia, - ,id) Count of tuplesin Rwith X; = i; (i; € {0,...,|D;| —1}),V1<j <d

N =TI, |Djl Size (i.e., number of cells) of Ar

N, Number of non-zerocellsof A (V. << N)

Wrli1,ia, -+ ,iq Coefficient located at coordinates[iy, is, - - - , 4] Of the wavelet transform array Wr
W.R.boundary[j].{lo, hi} | Support hyper-rectangle boundaries along dimension D ; for coefficient W (1 < j < d)
W.S.sign[j].{lo, hi} Sign vector information along dimension D ; for the wavelet coefficient W (1 < j < d)
W.S.signchangelj] Sign-change value along dimension D ; for the wavelet coefficient W (1 < j < d)

W.w Scalar magnitude of the wavelet coefficient W

[ Current level of resolution of the wavelet decomposition

Table 7.1: Notation

Most of the notation pertaining to wavelet coefficients W has already been described in Section 7.2.1.
The only exception is the sign-change value vector W.S.signchange[j] that captures the value along di-
mension j (between W.R.boundary[j].lo and W.R.boundary[j].hi) a which atransition in the value of
the sign vector W.S.sign[j] occurs, for each 1 < j < d. That is, the sign W.S.sign[j].lo (W.S.sign[j].hi)
appliesto therange [W.R.boundarylj].lo, ... ,W.S.signchange[j| — 1] (resp., [W.S.signchangel[j], ... ,
W.R.boundary[j].hi]). As a convention, we set WW.S.signchange|j] equa to W.R.boundary[j].lo when
there is no “true” sign change along dimension j, i.e.,, W.S.sign[j] contains [+, +] or [—, —]. Note that,
for base Haar coefficients with a true sign change along dimension j, W.S.signchange|j] is smply the
midpoint between W. R.boundaryl[j].lo and W.R.boundary|j].hi (Figure 7.2). This property, however, no
longer holds when arbitrary selections and joins are executed over the wavelet coefficients. As a conse-
guence, we need to store sign-change values explicitly in order to support general query processing opera-
tions in an efficient manner.

The CoMPUTEWAVELET Decomposition Algorithm. We now present our |/O-efficient algorithm (called
CoMPUTEWAVELET) for constructing the wavelet decomposition of R. Our algorithm exploits the interac-
tion of nonstandard wavelet decomposition and “ chunk-based” organizations of relational tables [129, 37].
In chunk-based organizations, the JFD array Ag is split into d-dimensional chunks and tuples of R be-
longing to the same chunk are stored contiguoudly on disk. Figure 7.3 shows an example chunking of A

(Figure 7.3(c)) and the corresponding organization of R (Figure 7.3(d)). If R isorganized in chunks, Com-
PUTEWAVELET can perform the decomposition in a single pass over the tuples of R. Note that such data
organizations have aready been proposed in earlier work (e.g., the chunked-file organization of Deshpande
et a. [37] and Orenstein’s z-order linearization [73, 109]), where they have been shown to have significant
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Figure 7.3: (a) Anexamplerelation R with 2 attributes (b) The corresponding JFD array Ag (c) Onepossible
chunking of Ag: dl cellsinside a chunk are stored contiguously on disk. The chunk size is assumed to be
2i.e. 2 cells (or tuples) fit in one chunk. (d) The corresponding chunked organization of R: al tuples
belonging to the same chunk are stored contiguously.

performance benefits for DSS applications due to their excellent multi-dimensional clustering properties.

We present our |/O-efficient CoMPUTEWAVELET agorithm below assuming that R’s tuples are or-
ganized in d-dimensional chunks. If R is not chunked, then an extra preprocessing step is required to
reorganize R on disk (e.g., to reorganize the relation shown in Figure 7.3(a) as that in Figure 7.3(d)).
This preprocessing is no more expensive than a sorting step (e.g., in z-order) which requires a logarith-
mic number of passes over R. Thus, while the wavelet decomposition requires just a single pass when R
is chunked, in the worst-case (i.e., when R is not “chunked”), the I/O complexity of COMPUTEWAVELET
matches that of Vitter and Wang's 1/0-efficient algorithm for standard Haar wavelet decomposition [144].
We also assume that each chunk can individually fit in memory. We show that the extra memory required
by our wavelet decomposition algorithm (in addition to the memory needed to store the chunk itself) is at
most O(2¢ - log(max;{|D;|})). Finally, our implementation of COMPUTEWAVELET also employs several
of the improvements suggested by Vitter and Wang [144], including a dynamic coefficient thresholding
scheme to ensure that the density of the data remains approximately constant across successive averaging
and differencing steps. We do not discuss the dynamic thresholding step below to keep the presentation of
COMPUTEWAVELET simple.

Our 1/O-€fficient decomposition algorithm is based on the following observation:

The decomposition of a d-dimensional array Ar can be computed by independently computing
the decomposition for each of the2¢ d-dimensional subarrays corresponding to Az’s quadrants
and then performing pairwise averaging and differencing on the computed 2 averages of Ag’s
quadrants.

Due to the above property, when a chunk is loaded from the disk for the first time, COMPUTEWAVELET

124



can perform the entire computation required for decomposing the chunk right away (hence no chunk is read
twice). Lower resolution coefficients are computed by first accumulating, in main memory, averages from
the 2¢ quadrants (generated from the previous level of resolution) followed by pairwise averaging and dif-
ferencing, thus requiring no extra I/O. Due to the depth first nature of the algorithm, the pairwise averaging
and differencing is performed as soon as al the 2! averages are accumulated, making the algorithm memory
efficient (as, at no point of computation, there can be more than one “active” subarray (whose averages are
gtill being accumulated) for each level of resolution).

The outline of our I/O-efficient wavelet decomposition agorithm COMPUTEWAVELET is depicted in
Figure 7.4. To simplify the presentation, the COoMPUTEWAVELET pseudo-code assumes that all dimensions
of thedataarray Ar areof equal size, i.e., |Di| = |Dz| = ... = |Dy4| = 2™. Wediscuss handling of unequal
sizes later in this section. Besides the input JFD array (Ag) and the logarithm of the dimension size (m),
CoMPUTEWAVELET takes two additional arguments: (a) the root (i.e., “ lower-left” endpoint) coordinates
of the d-dimensional subarray for which the wavelet transform is to be computed (4, 79, ... ,iq), and (b)
the current level of resolution for the wavelet coefficients (/). Note that, for agiven level of resolution [, the
extent (along each dimension) of the d-dimensional array rooted at (4, 42, . . . ,iq) being processed is exactly
2m—!_The procedure computes the wavel et coefficients of the input subarray and returns the overall average
to the caller (Step 14). It does so by: (1) performing wavelet decomposition recursively on each of the 2
quadrants of the input array and collecting the averages returned ina2 x - - - x 2 = % temporary hyper-box
T (Steps 2-4), (2) performing pairwise averaging and differencing on 7" to produce the average and detail
coefficients for the level-I decomposition of the input subarray (Step 5), and finaly, (3) distributing these
level-I wavelet coefficients to the appropriate locations of the wavelet transform array Wx (computing their
support hyper-rectangles and dimension sign vectors at the same time) (Steps 6-12). The initial invocation
of COMPUTEWAVELET is done with parameters (A4, 3, (0,0), 0).

Example 7.2.3: Figures 7.5 illustrates the working on the COMPUTEWAVELET algorithm on the 8 x 8
data array Ar (corresponding to the relation shown in Figure 7.3). The recursive invocations of CoMm-
PUTEWAVELET form a depth-first invocation tree: the root corresponds to theinitial invocation COMPUTE-
WAVELET (A, 3, (0,0), 0) with the entire Ag as the input subarray. The root then invokes CoOMPUTE-
WAVELET on itsfour quadrants: COMPUTEWAVELET (A, 3, (0,0), 1), COMPUTEWAVELET (A, 3,(0,4), 1),
COMPUTEWAVELET (A, 3, (4,0), 1) and COMPUTEWAVELET (A, 3, (4,4), 1) with the lower left, upper left,
lower right and upper right quadrants as the input subarrays respectively. COMPUTEWAVELET (A, 3, (0,0),
1) in turn invokes COMPUTEWAVELET on its four quadrants: COMPUTEWAVELET (A, 3, (0,0), 2), Com-
PUTEWAVELET (A, 3, (0,2), 2), COMPUTEWAVELET (A, 3, (2,0), 2) and COMPUTEWAVELET (A, 3, (2,2),
2). CoMPUTEWAVELET (A, 3, (0,0), 2) then invokes COMPUTEWAVELET on its four quadrants. CoMm-
PUTEWAVELET (A, 3, (0,0), 3), COMPUTEWAVELET (A, 3, (0,1), 3), CoMPUTEWAVELET (A, 3, (1,0), 3)
and CoMPUTEWAVELET (A, 3, (1,1), 3). Each of these 4 invocation satisfy the terminating condition in
Line 1 of Figure 7.4: so they simply return the respective input 1-cell subarrays (3, 0, 0 and 1 respectively).
The caller i.e. COMPUTEWAVELET (A, 3, (0,0), 2) collects those returned values (i.e. 3,0, 0 and 1) in the
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“quadrant averages array” T, performs pairwise averaging and differencing, distributes the results in Wj;

and returns the average (i.e. 1) to itscaller (i.e. the COMPUTEWAVELET (A, 3, (0,0), 1) invocation). The
other three invocations by CoMPUTEWAVELET (A, 3, (0,0), 1), namely, COMPUTEWAVELET (A, 3, (0,2),

2), COMPUTEWAVELET (A, 3, (2,0), 2) and COMPUTEWAVELET (A, 3, (2,2), 2) are processed in the same
way. Thecaler i.e. COMPUTEWAVELET (A, 3, (0,0), 1) then collects those returned values (i.e. 1, 0, 0 and
3) in the “quadrant averages array” T, performs pairwise averaging and differencing, distributes the results
in Wg and returns the average (i.e. 1) to itscaler (i.e. the COMPUTEWAVELET (A, 3, (0,0), 0) invocation).
The other three invocations by COMPUTEWAVELET (A, 3, (0,0), 0), namely, COMPUTEWAVELET (A, 3,

(0,4), 1), COMPUTEWAVELET (A, 3, (4,0), 1) and COMPUTEWAVELET (A, 3, (4,4), 1) are processed in the
same way. The caler i.e. COMPUTEWAVELET (A, 3, (0,0), 0) then collects those returned values (i.e. 1,
0, 0.5and 0.5) in the “quadrant averages array” T, performs pairwise averaging and differencing, distributes
the results in W5, and returns the average (i.e. 0.5).11

procedure COMPUTEWAVELET(A R, m, (i1,i2,... ,i4), 1)

begin

1. ifl >mreturn Agliy,... ,i4

2. fort;:=01 --- forty:=0,1

3. T[t1,.-. ,tq) :== COMPUTEWAVELET(AR, m, (i1 +t1 - 2" g +t9 - 2707 0 ig +tg - 2m7 00 1 +1)
4. end --- end

5. perform pairwise averaging and differencingonthe2 x ... x 2 = 2¢ hyper-box T

6. fort;:=01 --- forty:=0,1

7. Wg[ty -2+ 55, g - 20+ S ]o =Tty . .., t4]

8. forj:=1,...,d

9. Whrlty - 2" + 58, .. ta - 2 + 5] Rboundary[j] := [ij,i; + 2™ — 1]

10. Wgt: - 2" + 557, ta - 2" + 547].S.signlj] == (t; == 0) 7 [+, +] : [+, -]

11. Wrgt: - 2! + 2,,’}_, eyt 2N 2,ff_,].5.signchange[j] = (t; ==0)7¢; @ i;+ om—l
12. end

13.end .-+ end

14. return T'[0, ... , 0]

end

Figure 7.4: COMPUTEWAVELET: An I/O-¢fficient wavelet decomposition algorithm.

Assuming we can to store the temporary quadrant averages arrays T' in memory, COMPUTEWAVELET
can load the d-dimensional chunks of Ag into memory one at atime and compute the wavel et coefficients at
all levelsfor each chunk with no additional 1/0’s. This property guarantees that all computation is completed
in a single pass over the chunks of Ag i.e. the time complexity of COMPUTEWAVELET is O(N,). 3 If
Ap is not chunked, the complexity of O(N,.log(IN,)) due to the preprocessing step as discussed before.
The memory requirement of the algorithm is that of storing those temporary hyper-boxes (in addition to
that needed to store the data chunk itself). Each such hyper-box consists of exactly 2 entries and the

3For simplicity, the CoMPUTEWAVELET algorithm shown in Figure 7.4 works on Ar and hence has a complexity of O(IV).
Our implementation, as mentioned before, works on R itself and hence has a time complexity of O(N;).
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Figure 7.5: Execution of the COMPUTEWAVELET algorithm of a 8 x 8 data array. Each invocation of
the COMPUTEWAVELET procedure is shown in a dotted box labeled with the procedure call with the right
parameters.

number of distinct hyper-boxes that can be “active” at any given point in time during the operation of
CoMPUTEWAVELET isbounded by the depth of the recursion, or equivalently, the number of distinct levels
of coefficient resolution. Thus, the extra memory required by COMPUTEWAVELET is a most O(2 - m)

(when |Dy| = ... = |Dy| = 2™) or O(2¢ - log(max;{|D;|})) (for the general case of unequal dimension
extents).

We should note here that both the hyper-rectangle and the sign information for any coefficient generated
during the execution of COMPUTEWAVELET over abase relation R can easily be derived from the location
of the coefficient in the wavelet transform array Wy, based on the regular recursive structure of the de-
composition process. Thus, in order to conserve space, hyper-rectangle boundaries and sign vectors are not
explicitly stored in the wavel et-coefficient synopses of base relations. (All that we need are the coefficients
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coordinates in Wx.) Aswe will see later, however, this information does need to be stored explicitly for
intermediate collections of wavelet coefficients generated during query processing,

Handling Unequal Dimension Extents If the sizes of the dimensions of Ay are not equal, then the recur-
sive invocation of COMPUTEWAVELET for quadrant [¢, . .. , t4] (Step 3) takes place only if the inequality
1+t gm—l=l < |D;| issatisfied, for each 7 = 1,... ,d. Thismeansthat, initially, quadrants along certain
“smaller” dimensions are not considered by COMPUTEWAVELET; however, once quadrant sizes become
smaller than the dimension size, computation of coefficientsin quadrants for such smaller dimensionsisini-
tiated. Consequently, the pairwise averaging and differencing computation (Step 5) is performed only along
those dimensions that are “ active” in the current level of the wavelet decomposition. The support hyper-
rectangles and dimension sign vectors for such active dimensions are computed as described in Steps 8-10,
whereas for an “inactive” dimension ; the hyper-rectangle boundaries are set at boundary[j] := (0, |D|—1)
(the entire dimension extent) and the sign vector is set at sign[j] = [+, +].

As mentioned in Section 7.2.1, the coefficient values computed by COMPUTEWAVELET heed to be
properly normalized in order to ensure that the Haar basi s functions are orthonormal and the coefficients are
appropriately weighted according to their importance in reconstructing the original data. Thisis obviously
crucial when thresholding coefficients based on a given (limited) amount of storage space. When al dimen-
sions are of equal extents (i.e., |D;| = |Da| = ... = |Dy| = 2™), we can normalize coefficient values by
simply dividing each coefficient with \/?d, where [ isthelevel of resolution for the coefficient. Asfor one-
dimensiona wavelets, this normalization ensures the orthonormality of the Haar basis [137]. The following
lemma shows how to extend the normalization process for nonstandard Haar coefficients to the important
case of unequal dimension extents. (The proof follows by a simple verification of the orthonormality prop-
erty for the constructed coefficients.)

Lemma7.2.4: Let W be any wavelet coefficient generated by pairwise averaging and differencing during
the nonstandard d-dimensional Haar decomposition of A = |Dy| x --- x |Dg4|. Also, let W.R.length[j] :=
W.R.boundary[j].hi — W.R.boundary|j].lo + 1 denote the extent of W along dimension j, for each 1 <
j < d. Then, dividing the value W.v of each coefficient W by the factor Hj #ﬁ‘gmm gives an
orthonormal basis. i

Coefficient Thresholding. Given alimited amount of storage for maintaining the wavel et-coefficient syn-
opsis of R, we can only retain a certain number C' of the coefficients stored in . (The remaining co-
efficients are implicitly set to 0.) Typically, we have C' << N,, which implies that the chosen C' wavelet
coefficients form a highly compressed approximate representation of the original relational data. The goal
of coefficient thresholding is to determine the “best” subset of C' coefficients to retain, so that the error in
the approximation is minimized.

The thresholding scheme that we have employed for the purposes of this study isto retain the C largest
wavelet coefficients in absolute normalized value. 1t is awell-known fact that (for any orthonormal wavelet
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basis) this thresholding method is in fact provably optimal with respect to minimizing the overall mean
squared error (i.e., L? error norm) in the data compression [137]. Given that our goal in this work is to
support effective and accurate general query processing over such wavel et-compressed relationa tables, we
felt that the Z? error norm would provide areasonable aggregate metric of the accuracy of the approximation
over al theindividual tuplesof R. Our thresholding approach isalso validated by earlier results, whereit has
been proven that minimizing the L? approximation error is in fact optimal (on the average) for estimating
the sizes of join query results [69]. 4 For the remainder of the chapter, we use the symbol W5 to denote
the set of wavelet coefficients retained from the decomposition of relation R (i.e., the wavel et-coefficient
synopsis of R).

Rendering a Wavelet-Coefficient Synopsis. A crucia requirement for any lossy data-compression scheme
is the ability to reconstruct an approximate version of the original data from a given compressed rep-
resentation. In our context, this requirement translates to rendering a given set of wavelet coefficients
Wy = {W; = (R;, Si,v;)} corresponding to arelational table 7', to produce an “approximate version” of T
that we denote by r ender (W7). Itisimportant to note that 7' can correspond to either abase relation or the
result of an arbitrarily complex SQL query on base relations. Aswe show in Section 7.3, our approximate
guery execution engine does the bulk of its processing directly over the wavelet coefficient domain. This
means that producing the final approximate query answer in “human-readable” form can always be done by
placing ar ender () operator at the root of the query plan or as a post-processing step.

Abstractly, the approximate relation r ender (W) can be constructed by summing up the contributions
of every coefficient W; in Wy to the appropriate cells of the (approximate) MOLAP array Ap. Consider
acdl in Ap with coordinates (i1,... ,i4) that is contained in the W;'s support hyper-rectangle W;.R.
Then, the contribution of W; to Ar[iy, ... ,ig] isexactly Wi.v - ], <455, Where s; = W.S.sign[j].lo
if i; < W.S.signchange[j], otherwise, s; = W.S.sign[j].hi. Once the counts for al the cells in the
approximate MOLAP array Ar have been computed, the non-zero cells can be used to generate the tuples
in the approximate relation r ender (7). In Section 7.3.5, we present an efficient algorithm for rendering
a set of wavelet coefficients W to an approximate MOLAP representation. (The tuple generation step is
then trivial.)

7.3 Processing Relational Queriesin the Wavelet-Coefficient Domain

In this section, we propose a hovel query agebra for wavelet-coefficient synopses. The basic operators of
our algebra correspond directly to conventional relational algebra and SQL operators, including the (non-
aggregate) sel ect, proj ect, and j oi n, as well as aggregate operators like count , sum and av-

“Note that it is possible to optimize the ComPUTEWAV EL ET algorithm for this thresholding scheme (e.g, do not perform Steps
6-12 for coefficients with absolute normalized value less than the C' best coefficients found so far). We do not incorporate those
optimizations into COMPUTEWAVELET in order to keep it independent of the thresholding scheme. This will allow us to try out
new thresholding approaches in the future without having to change COMPUTEWAVELET .
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er age. Thereis, however, one crucial difference: our operators are defined over the wavel et-coefficient
domain; that is, their input(s) and output are sets of wavelet coefficients (rather than relational tables). The
motivation for defining a query algebra for wavelet coefficients comes directly from the need for efficient
approximate query processing. To see this, consider an n-ary relational query @ over R,... , R, and as

sume that each relation R; has been reduced to a (truncated) set of wavelet coefficients Wg,. A simplistic

way of processing () would be to render each synopsis Wx, into the corresponding approximate relation

(denoted r ender (Wg,)) and process the relational operators in () over the resulting sets of tuples. This
strategy, however, is clearly inefficient: the approximate relation r ender (Wg,;) may contain just as many

tuples as the original R; itself, which implies that query execution costs may also be just as high as those
of the original query. Therefore, such a “render-then-process’ strategy essentially defeats one of the main
motivations behind approximate query processing.

On the other hand, the synopsis Wk, is a highly-compressed representation of r ender (Wg,) thet is
typically orders of magnitude smaller than R;. Executing () in the compressed wavel et-coefficient domain
(essentiadly, postponing r ender -ing until the final query result) can offer tremendous speedupsin query ex-
ecution cost. We therefore define the operators op of our query processing algebra over wavel et-coefficient
synopses, while guaranteeing the valid semantics depicted pictorially in the transition diagram of Figure 7.6.
(These semantics can be translated to the equivalencer ender (op(1i, ... ,T})) = op(r ender (11,... ,T})),
for each operator op.) Our algebra allows the fast execution of any relational query @ entirely over the
wavel et-coefficient domain, while guaranteeing that the final (rendered) result is identical to that obtained
by executing ) on the approximate input relations.

Wavelet-Coefficient ‘ render(er) . Approximate
Synopses - Relations
W W, W | render (W) | T, %
°p<Wr1,Wr2,--,\M-.zl lop(Tl,Tz,..,Tk)
Result Set of ‘ Result Approximate
Wavelet Coefficients - Relation
W ‘ render(v\é) S

Figure 7.6: Valid semantics for processing query operators over the wavelet-coefficient domain.

In the following subsections, we describe our algorithms for processing the SQL operators in the
wavelet-coefficient domain. Each operator takes as input one or more set(s) of multi-dimensional wavelet
coefficients and appropriately combines and/or updates the components (i.e., hyper-rectangle, sign infor-
mation, and magnitude) of these coefficients to produce a “valid” set of output coefficients (Figure 7.6).
Note that, while the wavel et coefficients (generated by ComPUTEWAVELET) for base relational tables have
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avery regular structure, the same is not necessarily true for the set of coefficients output by an arbitrary
sel ect orj oi n operator. Nevertheless, we loosely continue to refer to the intermediate results of our
algebra operators as “wavelet coefficients’ since they are characterized by the exact same components as
base-relation coefficients (e.g., hyper-rectangle, sign-vectors) and maintain the exact same semantics with
respect to the underlying intermediate relation (i.e., the rendering process remains unchanged).

7.3.1 Selection Operator (sel ect)

Our selection operator hasthe general formsel ect,,..q(Wr), where pred represents ageneric conjunctive
predicate on a subset of the d attributes in T'; thet is, pred = (§, < X;, < hi,)) A... A (L, < X5, < hiy),
where[;; and h;; denote the low and high boundaries of the selected range along each selection dimension
Di;,j=1,2,--- ,k, k <d. Thisisessentialy ak-dimensiona range selection, where the queried range is
specified along k dimensions D' = {D;,, D;,, ... ,D;, } and left unspecified along the remaining (d — k)
dimensions (D — D). (D = {D1,D,,...,Dy} denotes the set of all dimensions of T'.) Thus, for each
unspecified dimension D;, the selection range spans the full index domain along the dimension; that is,
l; =0and h; =|D;| — 1,foreach D; € (D — D).

Thesel ect operator effectively filters out the portions of the wavelet coefficients in the synopsis
that do not overlap with the k-dimensional selection range, and thus do not contribute to cells in the selected
hyper-rectangle. This process is illustrated pictorialy in Figure 7.7. More formally, let W € W, denote
any wavelet coefficient in the input set of our sel ect operator. Our approximate query execution engine
processes the selection over W asfollows. If W's support hyper-rectangle W. R overlaps the k-dimensional
selection hyper-rectangle; that is, if for every dimension I, € D', the following condition is satisfied:

li; < W.R.boundarylij].lo < h;; or W.R.boundarylij].lo < l;; < W.R.boundaryl[i;].hi,

then

1. Foral dimensions D;, € D' do

11 Set W.R.boundaryl[i;].lo := max{l;;, W.R.boundaryli;].lo} and W.R.boundaryli;].hi :=
min{h;,, W.R.boundaryli;].hi}.

12. If W.R.boundaryli;].hi < W.S.signchangeli;] thenset W.S.signchangeli;] := W.R.boundary(i;].lo
and W.S.sign[i;] := [W.S.signl[ij].lo, W.S.sign][i;].lo].

1.3. Elseif W.R.boundary[i;].lo > W.S.signchangeli;] thenset W.S.signchangeli;] := W.R.boundaryli;].lo
and W.S.sign[i;] := [W.S.sign[ij].hi, W.S.sign[i;].hi].

2. Addthe (updated) IV to the set of output coefficients; that is, set W := WsU{W},whereS = sel ect ,..q(T).

Our sel ect processing agorithm chooses (and appropriately updates) only the coefficients in W4
that overlap with the k-dimensional selection hyper-rectangle. For each such coefficient, our algorithm (a)
updates the hyper-rectangle boundaries according to the specified selection range (Step 1.1), and (b) updates
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selection rectangle

D2

(b)

Figure 7.7 (a) Processing selection operation in the relation domain. (b) Processing selection operation in
the wavel et-coefficient domain.

the sign information, if such an update is necessary (Steps 1.2-1.3). Briefly, the sign information along the
queried dimension D;; needs to be updated only if the selection range along L, is completely contained
in either the low (1.2) or the high (1.3) sign-vector range of the coefficient along 1),. In both cases, the
sign-vector of the coefficient is updated to contain only the single sign present in the selection range and
the coefficient’s sign-change is set to its leftmost boundary value (since there is no change of sign along
D;; after the selection). The sign-vector and sign-change of the result coefficient remain untouched (i.e.,
identical to those of the input coefficient) if the selection range spans the original sign-change value.

Example 7.3.1: Figure 7.7(a) shows the semantics of the selection operation in the relation domain. A
relation 7" with 2 dimensions (| D;| = 16, |Dz| = 16) isshown inits JFD representation Ar. Thesel ect
operator isa2-dimensional selection hyper-rectangle with boundaries [i, b1 ] = [4, 13] and [l2, ha] = [5, 10]
along dimensions D; and D- respectively. The output of the operation consists of only those tuples that fall
inside the selection hyperrectangle.

Figure 7.7(b) shows the semantics of the same selection operation in the wavelet domain. We illustrate
the processing for one of the wavelet coefficients: the others are processed similarly. Consider the wavelet
coefficient W3 having hyper-rectangle ranges Ws.R.boundary[l] = [9,15] and W5.R.boundary[2] =
[2,7]. The sign information for W3 is Ws5.S.sign[l] = [+, —], W3.S.sign[2] = [+, —] (Figure 7.2(b)),
Ws.S.signchange[l] = 12, and W3.S.signchange[2] = 4. Since W3's hyper-rectangle overlaps with the
selection hyper-rectangle, it is processed by the sel ect operator as follows. First, in Step 1.1, the hyper-
rectangle boundaries of Ws are updated to Ws. R.boundary(l] := [9,13] and W5.R.boundary[2] := [5, 7]
(i.e, the region that overlaps with the select ranges along D, and Ds). Since W3.S.signchange[l] = 12
which is between 9 and 13 (the new boundaries along D;), the sign information along D; is not updated.
Along dimension Dz, however, wehave Ws.S.signchange[2] = 4 whichislessthan Ws5. R.boundary[2].lo =

-t
w3

w3
L DI

5, and so Step 1.3 updates the sign information along ), to W5.S.sign[2] := [—, —] and W3.S.signchange|2] :=
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5 (i.e., the low boundary along D). i
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Figure 7.8: (@) Processing projection operation in the relation domain. (b) Processing projection operation
in the wavel et-coefficient domain.

7.3.2 Projection Operator (proj ect)

Our projection operator has the general form pr oj ect Xy o X (Wr), where the k projection attributes
Xi,,...,X;, form a subset of the d attributes of T'. Letting D' = {D;,,... ,D;,} denotethe k < d
projection dimensions, we are interested in projecting out the d — k dimensions in (D — T). We give
a general method for projecting out a single dimension D; € D — D’. This method can then be applied
repeatedly to project out al the dimensionsin (D — '), one dimension at atime.

Consider T”s corresponding multi-dimensional array Ar. Projecting adimension D; out of A isequiv-
alent to summing up the counts for all the array cellsin each one-dimensional row of Ay along dimension
D; and then assigning this aggregated count to the single cell corresponding to that row in the remaining
dimensions (D — {D;}). The above process is illustrated with an example 2-dimensional array Ar in Fig-
ure 7.8(a). Consider any d-dimensional wavelet coefficient T in the pr oj ect operator’s input set ;-
Remember that T/ contributes a value of W.v to every cell in its support hyper-rectangle W.R. Further-
more, the sign of this contribution for every one-dimensional row along dimension D is determined as
either W.S.sign[j].hi (if the cell lies above W.S.signchange[j]) or W.S.sign[j].lo (otherwise). Thus, we
can work directly on the coefficient W to project out dimension D; by simply adjusting the coefficient’s
magnitude with an appropriate multiplicative constant W.v := W.v * p;, where:

p; = (W.R.boundary|j).hi — W.S.signchange[j] + 1) x W.S.sign[j].hi +
(W.S.signchange[j] — W.R.boundary[j].lo) x W.S.sign[j].lo. (7.1)

A two-dimensional example of projecting out a dimension in the wavel et-coefficient domain is depicted in
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Figure 7.8(b). Multiplying W.v with p; (Equation (7.1)) effectively projects out dimension D; from W
by summing up W’s contribution on each one-dimensional row along dimension ). Of course, besides
adjusting W.v, we also need to discard dimension D; from the hyper-rectangle and sign information for W,
sinceitisnow a(d—1)-dimensional coefficient (on dimensions D—{D;}). Notethat if the coefficient’s sign-
change liesin the middle of its support range along dimension D; (e.g., see Figure 7.2(a)), then its adjusted
magnitude will be 0, which means that it can safely be discarded from the output set of the projection
operation.

Repeating the above process for each wavelet coefficient W € W4 and each dimension D; € D — D’
gives the set of output wavelet coefficients Ws, where S = pr oj ect /(7"). Equivalently, given a coef-
ficient W, we can smply set W.v := W % ]"[D]ED_D, pj (where p; is as defined in Equation (7.1)) and
discard dimensions D — D' from W’s representation.

Example 7.3.2: Figure 7.8(a) shows the semantics of the projection operation in the relation domain. It
shows the same 2-dimensiona relation (|D;| = 16,|D2| = 16) from Example 7.3.1 and the result of its
projection on dimension D, .

Figure 7.8(b) shows the semantics of the projection operation in the wavelet domain. Consider the
wavelet coefficient W whose hyper-rectangle and sign information along dimension I, are as follows:
W.R.boundary(2] = [4,11], W.S.sign[2] = [—,+], and W.S.signchange[2] = 10. Also, let the mag-
nitude of W be W.v = 2. Then, projecting W on dimension D; causes W.v to be updated to W =
2-((11 —=1041) — (10 —4)) = —8. 1

7.3.3 Join Operator (j oi n)

Our join operator has the general formj oi n,,.q(W,, Wr,), where T, and T are (approximate) relations
of arity d; and ds, respectively, and pred is a conjunctive k-ary equi-join predicate of the form (X! =
XY A A (X = X}), where X! (D)) (j = 1,... ,d;) denotes the ;' attribute (resp., dimension) of
T; (i = 1,2). (Without loss of generality, we assume that the join attributes are the first £ < min{d, d»}
attributes of each joining relation.) Note that the result of the join operation Ws isaset of (d; + d2 — k)-
dimensiona wavelet coefficients; that is, the join operation returns coefficients of (possibly) different arity
than any of itsinputs.

To see how our join processing agorithm works, consider the multi-dimensiona arrays Ar, and Ar,
corresponding to the join operator's input arguments. Let (7,... 4y ) and (i7,... ,i3,) denote the co-
ordinates of two cells belonging to Ay, and Arp,, respectively. If the indexes of the two cells match on
the join dimensions, i.e, ii = i%,... ,i. = 42, then the cell in the join result array Ag with coordinates
(i1,--- »iy, ip41s--- »ig,) is populated with the product of the count values contained in the two joined
cells. Figure 7.9(a) illustrates the above process with two example 2-dimensional arrays Ap, (having di-
mensions D; and Dy, |D;| = |Dz| = 16) and Az, (having dimensions D; and Ds, |D;| = |D3| = 16)
and join dimension D; . For example, the cells (9,6) in Az, (count value 2) and (9,2) in Az, (count value
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6) match on join dimension D; (both 9); hence the output is populated with the cell (9, 6,2) (count value
=2 x 6 = 12). Since the cell counts for Az, are derived by appropriately summing the contributions of the
wavelet coefficients in Wz, and, of course, a numeric product can aways be distributed over summation,
we can process the j oi n operator entirely in the wavelet-coefficient domain by considering all pairs of
coefficients from Wy, and W, . Briefly, for any two coefficients from Wy, and W, that overlap in the join
dimensions and, therefore, contribute to joining data cells, we define an output coefficient with magnitude
equal to the product of the two joining coefficients and a support hyper-rectangle with ranges that are (a)
equal to the overlap of the two coefficients for the £ (common) join dimensions, and (b) equal to the original
coefficient ranges along any of the d; + do — 2k remaining dimensions. The sign information for an output
coefficient along any of the & join dimensions is derived by appropriately multiplying the sign-vectors of the
joining coefficients along that dimension, taking care to ensure that only signs along the overlapping portion
are taken into account. (The sign information along non-join dimensions remains unchanged.) An example
of this processin two dimensions (d; = dy = 2, k = 1) isdepicted in Figure 7.9(b).

More formally, our approximate query execution strategy for joins can be described as follows. (To
simplify the notation, we ignore the “1/2” superscripts and denote the join dimensionsas 3, . .. , Dy, and
the remaining d; + do — 2k dimensions as Dy 1, ... ,Dg, 1+4,—%.) FOr each pair of wavelet coefficients
Wy € Wy, and Wy € Wr,, if the coefficients’ support hyper-rectangles overlap in the & join dimensions;
that is, if for every dimension D;, 7 =1... , k, the following condition is satisfied:

Wi.R.boundary.loli] < Ws.R.boundary.lo[i] < Wi.R.boundary.hi[i] or
Ws.R.boundary.loli] < Wi.R.boundary.lo[i] < Way.R.boundary.hi[i],

then the corresponding output coefficient W € W is defined in the following steps.

1. Fordl joindimensionsD;,i=1,...,k do
1.1. Set W.R.boundaryli].lo := max{W;.R.boundaryli].lo, W5.R.boundary[i].lo} and W.R.boundaryl[i].hi :=
min{W;.R.boundary[i].hi, W2.R.boundaryli].hi}.
12 Forj=1,2 I* let s; be atemporary sign-vector variable */
1.2.1. If W.R.boundary[i].hi < W;.S.signchange[i] thenset s; := [W;.S.sign[i].lo, W;.S.signli].lo].
1.2.2. Elseif W.R.boundary[i].lo > W;.S.signchange[i] thenset s; := [W;.S.signl[i].hi, W;.S.sign[i].hi].
1.2.3. Elseset s; := W;.S.sign[i].
1.3. Set W.S.sign[i] := [s1.lo* sa.lo, s1.hi x s2.hi].
14. If W.S.sign[i].lo == W.S.sign[i].hi thenset W.S.signchangeli] := W.R.boundary]i].lo.
15 Elseset W.S.signchange[i] := max;j—1 » {W;.S.signchangel[i] : W;.S.signchangel[i] € [W.R.boundaryli].lo,
W.R.boundaryli].hi]}.
2. For each (non-join) dimension D;, i = k+ 1,... ,d; do: Set W.R.boundary[i] := Wi.R.boundaryli],
W.S.signl[i] := W;.S.sign[i], and W.S.signchange[i] := W1.S.signchangeli].

3. Foreach(non-join)dimension D ;,i = dy+1,... ,di+d2—kdo: Set W.R.boundaryli] := Wy.R.boundary[i—
dy + k], W.S.signli] := Wa.S.sign[i —dy + k], and W.S.signchange[i] := W5.S.signchangeli — dy + k].
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Figure 7.9: (a) Processing j oi n operation in the relation domain. (b) Processing j oi n operation in the
wavel et-coefficient domain. (¢) Computing sign information for j oi n output coefficients.

4. Set W :=WiwxWaw and Ws:=WsU{W}, where S =join,..(T1,Tz).

Note that the bulk of our join processing algorithm concentrates on the correct settings for the output
coefficient W aong the k join dimensions (Step 1), since the problem becomes trivial for the d + ds — 2k
remaining dimensions (Steps 2-3). Given a pair of joining input coefficients and a join dimension I, our
algorithm starts out by setting the hyper-rectangle range of the output coefficient W along I} equal to the
overlap of the two input coefficients dlong D; (Step 1.1). We then proceed to compute W's sign information
aong join dimension D; (Steps 1.2-1.3) , which is dlightly more involved. (Remember that i and T, are
(possibly) theresults of earlier sel ect and/orj oi n operators, which meansthat their rectangle boundaries
and signsaong D; can be arbitrary.) The basic ideaisto determine, for each of the two input coefficients 1#{
and W5, where the boundaries of the join range lie with respect to the coefficient’s sign-change value along
dimension D;. Given an input coefficient W; (j = 1, 2), if the join range along D; is completely contained
in either the low (1.2.1) or the high (1.2.2) sign-vector range of W¥; along D;, then atemporary sign-vector
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s; isappropriately set (with the same sign in both entries). Otherwise, i.e., if the join range spans W;’s sign-
change (1.2.3), then s; issimply set to W;'s sign-vector along D;. Thus, s; captures the sign of coefficient
W; in the joining range, and multiplying s; and s, (€element-wise) yields the sign-vector for the output
coefficient W along dimension D; (Step 1.3). If the resulting sign vector for W does not contain atrue sign
change (i.e., the low and high components of W.S.sign[i] are the same), then W's sign-change value along
dimension D; is set equal to the low boundary of W.R along D;, according to our convention (Step 1.4).
Otherwise, the sign-change value for the output coefficient W along D), is set equal to the maximum of the
input coefficients’ sign-change values that are contained in the join range (i.e., W.R’s boundaries) along I}
(Step 1.5).

In Figure 7.9(c), we illustrate three common scenarios for the computation of W's sign information
along the join dimension D;. The left-hand side of the figure shows three possibilities for the sign infor-
mation of the input coefficients 1, and W5 along the join range of dimension D; (with crosses denoting
sign changes). The right-hand side depicts the resulting sign information for the output coefficient W along
the same range. The important thing to observe with respect to our sign-information computation in Steps
1.3-1.5 is that the join range along any join dimension D, can contain at most one true sign change. By
this, we mean that if the sign for input coefficient W; actually changes in the join range along D;, then
this sign-change value is unique; that is, the two input coefficients cannot have true sign changes at distinct
points of the join range. This follows from the complete containment property of the base coefficient ranges
along dimension D; (Section 7.2.1). (Note that our algorithm for sel ect retains the value of atrue sign
change for a base coefficient if it is contained in the selection range, and sets it equal to the value of the
left boundary otherwise.) This range containment along D; ensures that if W, and W5 both contain a true
sign change in the join range (i.e., their overlap) aong D;, then that will occur at exactly the same value for
both (asillustrated in Figure 7.9(c.1)). Thus, in Step 1.3, W4 'sand W5,'s sign vectors in the join range can
be multiplied to derive W’'s sign-vector. If, on the other hand, one of W] and W, has a true sign change
in the join range (as shown in Figure 7.9(c.2)), then the max operation of Step 1.5 will always set the sign
change of W aong D; correctly to the true sign-change value (since the other sign change will either be at
the left boundary or outside the join range). Finaly, if neither /i nor W, have atrue sign change in the
join range, then the high and low components of W's sign vector will be identical and Step 1.4 will set W's
sign-change value correctly.

Example 7.3.3 Figure 7.9(a) shows the semantics of join operation in the relation domain as explained be-
fore. Figure 7.9(b) and (c) shows the semantics of the operation in the wavelet domain. Consider the wavel et
coefficients W, and W,. Let the boundaries and sign information of 1, and W5 aong the join dimension
D, be as follows: W;.R.boundary[l] = [4,15], Wa.R.boundary[l] = [8,15], W1.S.sign[l] = [—,+],
Wy.S.sign[l] = [—, +], W1.S.signchange[l] = 8, and W5.S.signchange[l] = 12. In the following,
we illustrate the computation of the hyper-rectangle and sign information for join dimension Iy for the
coefficient W that is output by our algorithm when 1 and W, are “joined”. Note that for the non-join
dimensions D, and Ds, thisinformation for W isidentical to that of W} and W, (respectively), so we focus
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solely on the join dimension D;.

First, in Step 1.1, W.R.boundary[l] is set to [8, 15], i.e., the overlap range between W, and W, along
D;. In Step 1.2.2, since W.R.boundary[l].lo = 8 is greater than or equa to W).S.signchange[l] = 8,
weset s; = [+, +]. In Step 1.2.3, since W,.S.signchange[l] = 12 liesin between W.R’s boundaries, we
set s9 = [—,+]. Thus, in Step 1.3, W.S.sign[1] is set to the product of s; and so which is[—, +]. Findly,
in Step 1.5, W.S.signchange[l] is set to the maximum of the sign change values for W and W, aong
dimension Dy, or W.S.signchange[l] := max{8,12} = 12. I

7.3.4 Aggregate Operators

In this section, we show how conventional aggregation operators, like count , sum and aver age, are
realized by our approximate query execution engine in the wavelet-coefficient domair?. As before, the
input to each aggregate operator is a set of wavelet coefficients W, If the aggregation is not qualified
with a GROUP- BY clause, then the output of the operator is a simple scalar value for the aggregate. In the
more general case, where a GROUP- BY clause over dimensions D = {D;,... , Dy} has been specified,
the output of the aggregate operator consists of a k-dimensional array spanning the dimensionsin D, whose
entries contain the computed aggregate value for each cell.

Note that, unlike our earlier query operators, we define our aggregate operators to provide output that is
essentially arendered data array, rather than aset of (un-rendered) wavelet coefficients. Thisisbecause there
is no clean, general method to map the computed aggregate values (e.g., attribute sums or averages) onto
the semantics and structure of wavelet coefficients. We believe, however, that exiting the coefficient domain
after aggregation has no negative implications for the effectiveness of our query execution agorithms. The
reason is that, for most DSS queries containing aggregation, the aggregate operator is the final operator at
the root of the query execution plan, which means that its result would have to be rendered anyway.

While the earlier work of Vitter and Wang [144] has addressed the computation of aggregates over a
wavel et-compressed relational table, their approach is significantly different from ours. Vitter and Wang
focus on avery specific form of aggregate queries, namely range-sum queries, where the range(s) are spec-
ified over one or more functional attribute and the summation is done over a prespecified measure attribute.
Their wavelet decomposition and aggregation algorithm are both geared towards this specific type of queries
that essentially treats the relation’s attributes in an “asymmetric” manner (by distinguishing the single mea-
sure attribute). Our approach, on the other hand, has a much broader query processing scope. As aresult,
al attributes are treated in a completely symmetric fashion, thus enabling us to perform a broad range of
aggregate (and non-aggregate) operations over any attribute(s).

SLike most conventional data reduction and approximate querying techniques (e.g., sampling and histograms), wavelets are
inherently limited to “trivial answers” when it comes to mi n or nax aggregate functions (see, for example, [70]). In our case,
this would amount to selecting the non-zero cell in the reconstructed array with minimum/maximum coordinate along the specified
query range. We do not consider i n or max aggregates further in this chapter.
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Count Operator (count ). Our count operator hasthe general form count (W), where the k GROUP-
BY dimensionsD' = {D;,, ..., D;, } forma(possibly empty) subset of the d attributes of T". Counting isthe
most straightforward aggregate operation to implement in our framework, since each cell in our approximate
multi-dimensional array already stores the count information for that cell. Thus, processing countp (W)
is done by simply projecting each input coefficient onto the GROUP- BY dimensions 7 and rendering the
result into amulti-dimensional array of counts, as follows.

1. Let Wg := proj ect o (Wr) (see Section 7.3.2).

2. Let As :=r ender (Wg) and output the cellsin the |'|-dimensional array As with non-zero counts.

Sum Operator (sum). The general form of our summation operator is sumy (Wr, D;), where D' =
{D;,,...,D;,} denotes the set of GROUP- BY dimensions and D; ¢ D' corresponds to the attribute of T
whose values are summed. The sumoperator is implemented in three steps. First, we project the input
coefficients W on dimensions D' U {D; }. Second, for each coefficient T output by the first step and for
each row of cells along the summation attribute D;, we compute the sum of the product of the coefficient’s
magnitude W.v and the index of the cell along D; 6. This sum (essentialy, an integral along D;) isthen
assigned to the coefficient’s magnitude IW.v and the summing dimension D; is discarded. Thus, at the end of
this step, W.v stores the contribution of 1 to the summation value for every ||-dimensional cell in W.R.
Third, the resulting set of wavelet coefficients is rendered to produce the output multi-dimensional array on
dimensions D'. More formally, our sumy (Wr, D;) query processing algorithm comprises the following
steps.

1. LetWs := proj ect pyrp,1(Wr) (Section 7.3.2).
2. For each wavelet coefficient W € W do

2.1. Set W.v according to the following eguation:

W.S.signchange[j]—1 W.R.boundary[j].hi
Ww:= Ww- | W.S.sign[j].lo- Z k + W.S.signlj].hi - k
k=W.R.boundary[j].lo k=W.S.signchangel[j]

Note that, the summations of the index values along D ; in the above formula can be expressed in closed
form using straightforward algebraic methods.

2.2. Discard dimension D ; from the hyper-rectangle and sign information for 1.

3. Let As :=render (Wg) and output the cellsin the |D’|-dimensional array A s with non-zero values for the
summation.

®To simplify the exposition, we assume that the (integer) cell index values along dimension D; are identical to the domain
values for the corresponding attribute X; of T'. If that is not the case, then a reverse mapping from the D; index values to the
corresponding values of X; is needed to sum the attribute values along the boundaries of a coefficient.
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Average Operator (aver age). The averaging operator aver agep (Wr, D;) (where D' is the set of

GROUP- BY dimensions and D; ¢ D' corresponds to the averaged attribute of T') is implemented by com-
bining the computation of sumy (Wr, D;) and count o (W7). Theideaisto compute the attribute sums
and tuple counts for every cell over the data dimensions in the GROUP- BY attributes 77, as described earlier

in this section. We then render the resulting coefficients and output the average value (i.e., the ratio of sum
over count) for every cell with non-zero sum and count.

7.3.5 Rendering a Set of Wavelet Coefficients

Since our approximate query execution engine does the bulk of its processing in the wavel et coefficient do-
main, an essentia final step for every user query isto render an output set s of d-dimensional wavelet co-
efficients (over, say, D = {Dy,... , Dy}) to produce the approximate query answer in a*human-readable”’
form. (Note that rendering is required as afinal step even for the aggregate processing algorithms described
in the previous section.) The main challenge in the rendering step is how to efficiently expand the input
set of d-dimensional wavelet coefficients Ws into the corresponding (approximate) d-dimensional array of
counts Ag.

A naive approach to rendering Ws would be to simply consider each cell in the multi-dimensiona array
Ag and sum the contributions of every coefficient W € W to that cell in order to obtain the corresponding
tuple count. However, the number of cellsin Ag is potentially huge, which implies that such a naive render-
ing algorithm could be extremely inefficient and computationally expensive (typically, of order O(N -|#%|),
where N = Hle | D;| is the number of array cells). Instead of following this naive and expensive strategy,
we propose a more efficient algorithm (termed r ender ) for rendering an input set of multi-dimensional
wavelet coefficients. (Note that r ender can be seen either as a (final) query processing operator or as a
post-processing step for the query.) Our algorithm exploits the fact that the number of coefficients in 11§
is typicaly much smaller than the number of array cells N. Thisimplies that we can expect As to consist
of large, contiguous multi-dimensional regions, where all the cells in each region contain exactly the same
count. (In fact, because of the sparsity of the data, many of these regions will have counts of 0.) Further-
more, the total number of such “uniform-count” regions in Ag is typically considerably smaller that N.
Thus, the basic idea of our efficient rendering algorithm is to partition the multi-dimensiona array A;, one
dimension at atime, into such uniform-count data regions and output the (single) count value corresponding
to each such region (the same for all enclosed cells).

Our r ender agorithm (depicted in Figure 7.10) recursively partitions the d-dimensional data array
Ag, one dimension at atime and in the dimension order Dy, ... , Dg. Algorithm r ender takes two input
arguments: (a) the index (z) of the next dimension D; along which the array Ag isto be partitioned, and (b)
the set of wavelet coefficients (COEFF) in the currently processed partition of As (generated by the earlier
partitionings along dimensions Dy, ... ,D; 1). Theinitia invocation of r ender isdonewith: = 1 and
COEFF = Wg.
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procedurer ender (COEFF, i)

begin
1L ifG>d){
2. count :=0
3. for each coefficient W in COEFF
4, sign := HD,-eD sign;
I* sign; := W.S.sign[j].lo if W.R.boundary[j].lo < W.S.signchange[j]; €lse, sign; := W.S.sign[j].hi */
5. count := count + sign * W.v
6. output (W.R.boundary, count) I* W isany coefficient in COEFF */
7. return
8. }
9. Q=10 /* elements e in priority queue () are sorted in increasing order of e.key */
10. for each coefficient W in COEFF
11. insert element e into Q) wheree.key := W.R.boundaryli].lo — 1 and e.val := W
12. insert element e into @ where e.key := W.R.boundary[i].hi and e.val := W
13. if (W.R.boundary[i].lo < W.S.signchange[i] < W.R.boundaryli].hi)
14. insert element e into @ where e.key := W.S.signchange[i] — 1 and e.val := W
15. prev := —oo, TEMP1 := ()
16. while (@ is not empty) do {
17. TEMP2 := (), topkey := e.key for element e at head of Q
18. dequeue all elements e with e.key = topkey at the head of () and insert e.val into TEMP1
19. for each coefficient W in TEMP1
20. delete W from TEMPL if W.R.boundary[i].hi < prev + 1
21 if W.R.boundaryli] overlapswith the interval [prev + 1, topkey] dong dimension D ;
22. w'.=Ww
23. W' .R.boundaryli].lo := prev + 1, W'.R.boundary[i].hi := topkey
24. insert W' into TEMP2
25, render (TEMP2,i + 1)
26. prev := topkey
27. }
end

Figure 7.10: r ender : An efficient agorithm for rendering multi-dimensional wavelet coefficients.

When partitioning Ag into uniform-count ranges along dimension D, the only points that should be
considered are those where the cell counts along D, could potentially change. These are precisely the points
where anew coefficient W starts contributing (. R.boundary([i].l0), stops contributing (W. R.boundaryli].hi),
or the sign of its contribution changes (W.S.signchangeli]). Algorithm r ender identifies these points
along dimension D; for each coefficient in COEFF and stores them in sorted order in a priority queue
(Steps 10-14). Note that, for any pair of consecutive partitioning points along I3, the contribution of each
coefficient in COEFF (and, therefore, their sum) is guaranteed to be constant for any row of cells dong I}
between the two points. Thus, abstractly, our partitioning generates one-dimensional uniform-count ranges
along D;. Once the partitioning points along dimension D, have been determined, they are used to partition
the hyper-rectangles of the wavelet coefficients in COErF along D; (Steps 16-27). Algorithm r ender is
then recursively invoked with the set of (partial) coefficients in each partition of 1) to further partition the
coefficients along the remaining dimensions D, 1,... , D4. Once the array has been partitioned along all
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(b)

Figure 7.11: Partitioning atwo-dimensional array by procedure r ender .

dimensionsin D (i.e.,, r ender isinvoked with parameter i > d), acoefficient W in the input set of coeffi-
cients COEFF is guaranteed to have a constant contribution to every cell in the corresponding d-dimensional
partition. This essentially means that we have discovered a d-dimensional uniform-count partition in A,
and we can output the partition boundaries and the corresponding tuple count (Steps 2-6).

Figure 7.11(b) depicts the partitioning of a two-dimensional data array generated by r ender for the
input set consisting of the four wavelet coefficients shown in Figure 7.11(a). The time complexity of our
r ender agorithm can be shown to be O(|Ws| - P), where P is the number of uniform-count partitionsin
Ag. Aswe have aready observed, P istypically much smaller than the number of array cells N. Also, note
that r ender requires only O(|Ws| - d) of memory, since it only needs to keep track of the coefficients in
the partition currently being processed for each dimension.

7.4 Experimental Study

In this section, we present the results of an extensive empirical study that we have conducted using the novel
guery processing tools developed in this chapter. The objective of this study is twofold: (1) to establish
the effectiveness of our wavelet-based approach to approximate query processing, and (2) to demonstrate
the benefits of our methodology compared to earlier approaches based on sampling and histograms. Our
experiments consider a wide range of queries executed on both synthetic and real-life data sets. The major
findings of our study can be summarized as follows.

e Improved Answer Quality. The quality/accuracy of the approximate answers obtained from our
wavelet-based query processor is, in general, better than that obtained by either sampling or his-
tograms for awide range of datasetsand sel ect , pr oj ect ,j oi n, and aggregate queries.

e Low Synopsis Construction Costs. Our I/O-efficient wavelet decomposition algorithm is extremely
fast and scales linearly with the size of the data (i.e., the number of cellsin the MOLAP array). In
contrast, histogram construction costs increase explosively with the dimensionality of the data.
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e Fast Query Execution. Query execution-time speedups of more than two orders of magnitude are
made possible by our approximate query processing algorithms. Furthermore, our query execution
times are competitive with those obtained by the histogram-based methods of loannidis and Poos-
ala[70], and sometimes significantly faster (e.g., for j oi ns).

Thus, our experimental results validate the thesis of this chapter that wavelets are a viable, effective tool
for general-purpose approximate query processing in DSS environments. All experiments reported in this
section were performed on a Sun Ultra-2/200 machine with 512 MB of main memory, running Solaris 2.5.

7.4.1 Experimental Testbed and Methodology

Techniques. We consider three approximate query answering techniques in our studly.

e Sampling. A random sample of the non-zero cells in the multi-dimensional array representation for each
base relation is selected , and the counts for the cells are appropriately scaled. Thus, if the total count of all
cells in the array is t and the sum of the counts of cellsin the sampleis s, then the count of every cell in
the sample is multiplied by g These scaled counts give the tuple counts for the corresponding approximate
relation.

e Histograms. Each base relation is approximated by a multi-dimensional MaxDiff(V,A) histogram. Our
choice of this histogram class is motivated by the recent work of loannidis and Poosala [70], where it is
shown that MaxDiff(V,A) histograms result in higher-quality approximate query answers compared to other
histogram classes (e.g., EquiDepth or EquiWidth). We process sel ect s, j oi ns, and aggregate operators
on histograms as described in [70]. For instance, while sel ect sare applied directly to the histogram for
arelation, aj oi n between two relations is done by first partially expanding their histograms to generate
the tuple-value distribution of the each relation. An indexed nested-loop j oi n is then performed on the
resulting tuples.

¢ \\avelets. Wavelet-coefficient synopses are constructed on the base relations (using algorithm CoOMPUTE-
WAVELET) and query processing is performed entirely in the wavelet-coefficient domain, as described in
Section 7.3. In our j oi n implementation, overlapping pairs of coefficients are determined using a sim-
ple nested-loop join. Furthermore, during the rendering step for non-aggregate queries, cells with negative
counts are not included in the final answer to the query.

Since we assume d dimensions in the multi-dimensional array for a d-attribute relation, ¢ random sam-
plesrequire ¢ * (d + 1) units of space; d units are needed to store the index of the cell and 1 unit is required
to store the cell count. Storing ¢ wavelet coefficients aso requires the same amount of space, since we
need d units to specify the position of the coefficient in the wavelet transform array and 1 unit to specify
the value for the coefficient. (Note that the hyper-rectangle and sign information for a base coefficient can
easily be derived from itslocation in the wavel et transform array.) On the other hand, each histogram bucket
requires 3 x d + 1 units of space; 2 * d units to specify the low and high boundaries for the bucket along
each of the d dimensions, d units to specify the number of distinct values along each dimension, and 1 unit
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to specify the average frequency for the bucket [116]. Thus, for a given amount of space corresponding to
c samples/wavelet coefficients, we store b ~ 5 histogram buckets to ensure a fair comparison between the
methods.

Queries. Theworkload used to evaluate the various approximation techniques consists of four main query
types. (1) SELECT Queries. ranges are specified for (a subset of) the attributes in a relation and al tu-
ples that satisfy the conjunctive range predicate are returned as part of the query result, (2) SELECT- SUM
Queries: the total sumof a particular attribute’s values is computed for all tuples that satisfy a conjunctive
range predicate over (asubset of) the attributes, (3) SELECT- JO NQueries: after performing selections on
two input relations, an equi-join on asingle join dimension is performed and the resulting tuples are output;
and, (4) SELECT- JO N- SUMQueries: thetotal sumof an attribute’s values is computed over al the tuples
resulting from a SELECT- JO N.

For each of the above query types, we have conducted experiments with multiple different choices for
(@) sel ect ranges, and (b) sel ect,j oi n, and sumattributes. The results presented in the next section
are indicative of the overall observed behavior of the schemes. Furthermore, the queries presented in this
chapter are fairly representative of typical queries over our data sets.

Answer-Quality Metrics. In our experiments with aggregate queries (e.g., SELECT- SUMqueries), we
use the absolute relative error in the aggregate value as a measure of the accuracy of the approximate
guery answer. That is, if actual_aggr is the result of executing the aggregation query on the actual base
relations, while approx_aggr is the result of running it on the corresponding synopses, then the accuracy of

lactual_aggr—approz_aggr|
actual_aggr )

the approximate answer is given by

Deciding on an error metric for non-aggregate queries is slightly more involved. The problem here is
that non-aggregate queries do not return a single value, but rather a set of tuples (with associated counts).
Capturing the “distance” between such an answer and the actual query result requires that we take into
account how these two (multi)sets of tuples differ in both (a) the tuple frequencies, and (b) the actual values
in the tuples [70]. (Thus, simplistic solutions like “symmetric difference” are insufficient.) When deciding
on an error metric for non-aggregate results, we considered both the Match And Compare (MAC) error of
loannidis and Poosala [70] and the network-flow-based Earth Mover’s Distance (EMD) error of Rubner et
a. [123]. We eventually chose a variant of the EMD error metric, since it offers a number of advantages
over MAC error (e.g., computational efficiency, natural handling of non-integral counts) and, furthermore,
we found that MAC error can show unstable behavior under certain circumstances [67]. We briefly describe
the MAC and EMD error metrics below and explain why we chose the EMD metric.

The EMD and MAC Set-Error Metrics  One of the main observations of loannidis and Poosala [ 70] was
that acorrect error metric for capturing the distance between two set-valued query answers (i.e., multisets of
tuples) should take into account how these two (multi)sets of tuples differ in both (@) the tuple frequencies,
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and (b) the actual values in the tuples. A naive option isto simply define the distance between two sets of
elements S; and Sy as |(S1 — S2) U (S2 — S1)|. However, as discussed in [70], this measure does not take
into account the frequencies of occurrences of elements or their values. For example, by the above measure,
the two sets {5} and {5, 5, 5} would be considered to be at a distance of 0 from each other, whilethe set {5}
would be at the same distance from both {5.1} and {100}.

In [70], the authors define the notion of Match And Compare (MAC) distance to measure the error
between two multisets S; and Sy. Let dist(eq, e2) denote the distance between elementse; € S and e €
Sy (in this chapter, we use the euclidean distance between elements). The MAC error involves matching
pairs of elements from S; and Sy such that each element appearsin at least one matching pair, and the sum
of the distances between the matching pairs is minimum. The sum of the matching pair distances, each
weighted by the maximum number of matches an element in the pair isinvolved in, yields the MAC error.
Though the MAC error has a number of nice properties and takes both frequency and value of elementsin
the sets into account, in some cases, it may be unstable [67]. Also, the MAC error, as defined in [70], could
become computationally expensive, since multiple copies of acell need to be treated separately, thus making
set sizes potentially large.

Due to the stability and computational problems of the MAC error, in our experiments, we use the
Earth Mover’s Distance EMD error instead, which we have found to solve the above-mentioned problems.
The EMD error metric was proposed by Rubner et al. [123] for computing the dissimilarity between two
distributions of points and was applied to computing distances between imagesin adatabase. The main idea
isto formulate the distance between two (multi)sets as a bipartite network flow problem, where the objective
function incorporates the distance in the values of matched elements and the flow captures the distribution of
element counts. More formally, the EMD error involves solving the bipartite network flow problem which
can be formalized as the following linear programming problem. Let S, and S, be two sets of elements and
let ¢; denote the count of element ¢;. Without loss of generality, let the sum of the counts of elementsin S
be greater than or equal to the sum of counts of elements in S,. Consider an assignment of non-negative
flows f (e;, e;) such that the following sum is minimized:

Z Z f(ei,ej) * dist(e;, e5) (7.2)
e; €51 ej €8Sy
subject to the following constraints:
> fleie) = ¢ (7.3)
e;€S1
> fleie) <c (7.4)
e; €S2
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The EMD error, that we employ in this chapter’ is as follows:

EMD(S,89) = Z Z f(ei,ej) * dist(e;, ;) * (Zjeles1 cl)

€;€S51 ;€S> ZGJES2

Thus, intuitively, theflows f (e;, e;) distribute the counts of elementsin S; across elementsin S in amanner
that the sum of the distances over the flowsis minimum. Note that since S, has a smaller count than S, we
require that the inflow into each element ¢; of .Sy is equal to ¢; (Constraint 7.3). Also, the outflow out of
each element ¢; in S; cannot exceed ¢; (Constraint 7.4). Also, observe that since the count of .S could be
much larger than that of S;, we scale the sum in Equation 7.2 by the ratio of the sum of counts of .5 and
So. Thisensures that counts for elementsin S; that are not covered as part of the flows get accounted for in
the EMD error computation.

Thus, the EMD naturally extends the notion of distance between single elements to distance between
sets of elements. Also, the EMD has the nice property that if the counts of 5 and S, are equal, then the
EMD is a true metric. There are efficient algorithms available to compute the flows f (¢, e;) such that
congtraints (7.2), (7.3) and (7.4) are satisfied. Another added benefit of the EMD error isthat it is naturaly
applicable to the cases when elements in the sets have non-integral counts. Since in a number of cases, the
number of tuples computed by the approximation techniques can be fractions, this is an advantage. Hence
we chose EMD as the error metric for non-aggregate queries.

7.4.2 Experimental Results— Synthetic Data Sets

The synthetic data sets we use in our experiments are similar to those employed in the study of Vitter
and Wang [144]. More specifically, our synthetic data generator works by populating randomly-selected
rectangular regions of cellsin the multi-dimensional array. The input parameters to the generator along with
their description and default values are as illustrated in Table 7.2. The generator assigns non-zero counts to
cellsinr rectangular regions each of whose volume israndomly chosen between v,,;, and v,,4,. (the volume
of aregion is the number of cells contained in it). The regions themselves are uniformly distributed in the
multi-dimensional array. The sum of the counts for al the cellsin the array is specified by the parameter ¢.
Portiont - (1 — n.) of the count is partitioned across the r regions using a Zipfian distribution with value z.
Within each region, each cell is assigned a count using a Zipfian distribution with value between 3,;, and
Zmaz, @nd based on the L; distance of the cell from the center of the region. Thus, the closer acell isto the
center of its region, the larger is its count value. Finaly, we introduce noise into the data set by randomly
choosing cells such that these noise cells congtitute afraction n, of the total number of non-zero cells. The
noise count ¢ - n, isthen uniformly distributed across these noise cells.

Note that with the default parameter settings described in Table 7.2, there are atotal of amillion cells of

Yeies EEjesz feisej)*dist(e;,ej)
2ejesq i ’

"Rubner et al. [123] define the EMD error as theratio
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which about 25000 have non-zero counts. Thus, the density of the multi-dimensional array is approximately
2.5%. Further, in the default case, the approximate representations of the relations occupy only 5% of the
space occupied by the original relation — this is because we retain 1250 samples/coefficients out of 25000
non zero cells which translates to acompression ratio of 20. The same istrue for histograms. Finally, we set
the default selectivity of range queries on the multi-dimensional array to be 4% — the SELECT query range
along each dimension was set to (512,720).

Parameter | Description Default Value
d Number of dimensions 2

s Size of each dimension (equal for al dimensions) | 1024

r Number of regions 10

Upnins Umae | Minimum and maximum volume of each region 2500, 2500
z Skew across regions 0.5

Zmins Zmae | Minimum and maximum skew within each region | 1.0, 1.0
Ny, Ne Noise volume and noise count 0.05, 0.05
t Tota count 1000000

c Number of coefficients/samples retained 1250

b Number of histogram buckets 420

sel Selectivity in terms of volume 1%

Table 7.2: Input Parameters to Synthetic Data Generator

Time to Compute the Wavelet Transform. In order to demonstrate the efficiency of our algorithm for
computing the wavelet transform of a multi-dimensional array, in Table 7.3, we present the running times
of COMPUTEWAVELET as the number of cells in the multi-dimensiona array is increased from 250,000 to
16 million. The density of the multi-dimensional array is kept constant at 2.5% by appropriately scaling the
number of cellswith non-zero countsin the array. From thetable, it follows that the computation time of our
ComMPUTEWAVELET agorithm scaleslinearly with thetotal number of cellsinthe array. We should note that
the times depicted in Table 7.3 are actually dominated by CPU-computation costs — COMPUTEWAVELET
required asingle pass over the datain all cases.

Number of Cellsin Multi-dimensional Array
250,000 | 1000,000 | 4000,000 | 16,000,000
Execution Time (in seconds) 6.3 26.3 109.9 4454

Table 7.3: Wavelet Transform Computation Times

SELECT Queries. In our first set of experiments, we carry out a sensitivity analysis of the EMD error
for SELECT queries to parameters like storage space, skew in cell counts within aregion, cell density, and
query selectivity. In each experiment, we vary the parameter of interest while the remaining parameters
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Figure 7.13:. SELECT Queries. Sensitivity to (a) cell density and (b) query selectivity.

are fixed at their default values. Our results indicate that for a broad range of parameter settings, wavel ets
outperform both sampling and histograms —in some cases, by more than an order of magnitude.

e Sorage Space. Figure 7.12(a) depicts the behavior of the EMD error for the three approximation methods
as the space (i.e., number of retained coefficients) allocated to each is increased from 2% to 20% of the
relation. For agiven value of the number of wavelet coefficients ¢ along the x-axis, histograms are allocated
space for ~ £ buckets. As expected, the EMD error for al the cases reduces as the amount of space is
increased. Note that for 500 coefficients, the EMD error for histograms is almost five times worse that the
corresponding error for wavelets. Thisis because the few histogram buckets are unable to accurately capture
the skew within each region (in our default parameter settings, the Zipfian parameter for the skew within a
regionisl).

e Skew Within Regions. In Figure 7.12(b), we plot the EMD error asthe Zipfian parameter z,,,, that controls
the maximum skew within each region is increased from 0 to 2.0. Histograms perform the best for values
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of zq between 0 and 0.5 when the cell counts within each region are more or less uniformly distributed.
However, once the maximum skew increases beyond 0.5, the histogram buckets can no longer capture the
datadistribution in each region accurately. Asaconseguence, we observe aspikeinthe EMD error for region
skew corresponding to avalue of z,,, = 1.5. Incidentally, a similar behavior for MaxDiff histograms has
been reported earlier in [70].

e Cell Density. In Figure 7.13(a), we plot the graphs for EMD error as 4., the maximum volume of

regions is varied between 1000 (1% density) and 5000 (5% density) (4., isfixed at 1000). Asthe number

of non-zero cellsin the multi-dimensional array increases, the number of coefficients, samplesand histogram
buckets needed to approximate the underlying data also increases. As a consequence, in general, the EMD
error is more when regions have larger volumes. Note the sudden jump in the EMD error for histograms
when the volume becomes 5000. This is because the histogram buckets overestimate the total of the cell
counts in the query region by almost 50%. In contrast, the error in the sum of the cell counts within the
guery range with wavelets is less than 0.1%.

e Selectivity of Query. Figure 7.13(b) illustrates the EMD errors for the techniques as the selectivity of
range queries is increased from 2% to 25%. Since the number of tuples in both the accurate as well as the
approximate answer increase, the EMD error increases asthe selectivity of the query isincreased (recall that
the EMD error is the sum of the pairwise distances between elements in the two sets of answers weighted
by the flows between them).

SELECT-SUM Queries. Figure 7.14(a) depicts the performance of the various techniques for SELECT-

SUM queries as the allocated space is increased from 2% to 20% of the relation. Both wavelets and his-
tograms exhibit excellent performance compared to random sampling; the relative errors are extremely low
for both techniques — 0.2% and 0.6%, respectively. These results are quite different from the EMD error
curves for the three schemes (see Figure 7.12(a)). We can thus conclude that although histograms are excel-
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Figure 7.15: (a) SELECT- JO N- SUMquery execution times. (b) SELECT query errors on real-life data.

lent at approximating aggregate frequencies, they are not as good as wavelets at capturing the distribution
of values accurately. 1n [144], wavelets were shown to be superior to sampling for aggregation queries —
however, the work in [144] did not consider histograms.

SELECT-JOIN and SELECT-JOIN-SUM Queries. For join queries, in Figure 7.14(b), we do not show
the errors for sampling since in almost all cases, the final result contained zero tuples. Also, we only plot
the relative error results for SELECT- JO N- SUMqueries, since the EMD error graphs for SELECT- JO N
gueries were similar.

When the number of coefficients retained is 500, the relative error with waveletsis more than four times
better than the error for histograms —thisis because the few histogram buckets are not as accurate as wavel ets
in approximating the underlying data distribution. For histograms, the relative error decreases for 1000 and
2000 coefficients, but shows an abrupt increase when the number of coefficients is 5000. Thisis because at
5000 coefficients, when we visuaized the histogram buckets, we found that a large bucket appeared in the
guery region (that was previously absent), in order to capture the underlying noise in the data set. Cellsin
this bucket contributed to the dramatic increase in the join result size, and subsequently, the relative error.

We must point out that although the performance of histograms is erratic for the query region in Fig-
ure 7.14(b), we have found histogram errors to be more stable on other query regions. Even for such regions,
however, the errors observed for histograms were, in most cases, more than an order of magnitude worse
than those for wavelets. Note that the relative error for wavelets is extremely low (less than 1%) even when
the coefficients take up space that is about 4% of the relation.

Query Execution Times. In order to compare the query processing times for the various approaches,
we measured the time (in seconds) for executing a SELECT- JO N- SUMquery using each approach. We
do not consider the time for random sampling since the join results with samples did not generate any
tuples, except for very large sample sizes. The running time of the join query on the original base relations
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(using an indexed nested-loop join) to produce an exact answer was 3.6 seconds. In practice, we expect
that this time will be much higher since in our case, the entire relations fit in main memory. Asis evident
from Figure 7.15(a), our wavel et-based technique is more than two orders of magnitude faster compared to
running the queries on the entire base relations.

Also, note that the performance of histograms is much worse than that of wavelets. The explanation lies
in the fact that the j oi n processing algorithm of loannidis and Poosala [70] requires joining histograms to
be partially expanded to generate the tuple-value distribution for the corresponding approximate relations.
The problem with this approach is that the intermediate relations can become fairly large and may even
contain more tuples than the original relations. For example, with 500 coefficients, the expanded histogram
contains almost 5 times as many tuples as the base relations. The sizes of the approximate relations de-
crease as the number of buckets increase, and thus execution times for histograms drop for larger numbers
of buckets. In contrast, in our wavel et approach, join processing is carried out exclusively in the compressed
domain, that is, joins are performed directly on the wavelet coefficients without ever materializing interme-
diate relations. The tuples in the final query answer are generated at the very end as part of the rendering
step and thisis the primary reason for the superior performance of the wavelet approach.

7.4.3 Experimental Results— Real-life Data Sets

We obtained our real-life data set from the US Census Bureau (ww. census. gov). We employed the
Current Population Survey (CPS) data source and within it the Person Data Files of the March Questionnaire
Supplement. We used the 1992 data file for the select and select sum queries, and the 1992 and 1994 data
files for the join and join sum queries. For both files, we projected the data on the following four attributes
whose domain values were previously coded: age (with value domain 0to 17), educational attainment (with
value domain 0 to 46), income (with value domain 0 to 41) and hours per week (with value domain 0 to 13).
Along with each tuple in the projection, we stored a count which is the number of times it appears in the
file. We rounded the maximum domain values off to the nearest power of 2 resulting in domain sizes of 32,
64, 64 and 16 for the four dimensions, and atotal of 2 million cells in the array. The 1992 and the 1994
collections had 16271 and 16024 cells with non-zero counts, respectively, resulting in a density of ~ 0.001.
However, even though the density is very low, we did observe large dense regions within the arrays when
we visualized the data — these dense regions spanned the entire domains of the age and income dimensions.

For &l the queries, we used the following select range: 5 < age < 10 and 10 < income < 15 that we
found to be representative of several select ranges that we considered (the remaining two dimensions were
left unspecified). The selectivity of the query was 1056/16271= 6%. For sumqueries, the sumoperation
was performed on the age dimension. For j oi n queries, the j oi n was performed on the age dimension
between the 1992 and 1994 data files.

SELECT Queries. Infigures 7.15(b) and 7.16(a), we plot the EMD error and relative error for SELECT
and SELECT- SUMqueries, respectively, as the space alocated for the approximations is increased from
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3% to 25% of the relation. From the graphs, it follows that wavelets result in the least value for the EMD
error, while sampling has the highest EMD error. For SELECT- SUMqueries, wavel ets exhibit more than an
order of magnitude improvement in relative error compared to both histograms and sampling (the relative
error for wavelets is between 0.5% and 3%). Thus, the results for the select queries indicate that wavelets
are effective at accurately capturing both the value as well as the frequency distribution of the underlying
real-life data set.

Note that unlike the EMD error and the synthetic data cases, the relative error for sampling is better than
for histograms. We conjecture that one of the reasons for this is the higher dimensionality of the real-life
data sets, where histograms are | ess effective.

JOIN Queries. Weonly plot the results of the SELECT- JO N- SUMqueries in Figure 7.16(b), since the
EMD error graphs for SELECT- JO Nqueries were similar. Over the entire range of coefficients, wavelets
outperform sampling and histograms, in most cases by more than an order of magnitude. With the real-life
data set, even after thej oi n, the relative aggregate error using wavelets is very low and ranges between 1%
to 6%. The relative error of all the techniques improve as the amount of allocated space isincreased. Note
that compared to the synthetic data sets, where the result of aj oi n over samples contained zero tuples in
most cases, for the real-life data sets, sampling performs quite well. Thisis because the size of the domain
of the age attribute on which the join is performed is only 18, which is quite small. Consequently, the result
of thej oi n query over the samplesis no longer empty.

In summary, our wavelet-based approach consistently outperforms the sampling and histograms ap-
proaches. Sampling suffers mainly for non-aggregate queries as it always produces a small subset of the
exact answer. This problem is extreme when j oi ns are involved as the results often contain zero tuples.
Histograms perform poorly for non-uniform and high dimensional datasets as such data distributions cannot
be accurately captured with a small number of rectangular regions containing uniformly distributed points.
The wavelet approach do not suffer from the above problems. As mentioned before, wavelets are effective
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as long as the data distribution exhibits the locality property i.e. tuples corresponding to neighboring cells
in the multidimensional representation have similar counts. They may not work well for “spiky” data dis-
tributions. Our experience shows that most datasets in real-life DSS applications do exhibit locality; hence
the wavelet-based approach proposed in this chapter is an effective approximate query answering solution
for such applications.

7.5 Conclusions

Approximate query processing is slowly emerging as an essential tool for numerous data-intensive applica-
tions requiring interactive response times. Most work in this area, however, has so far been limited in its
scope and conventional approaches based on sampling or histograms appear to be inherently limited when it
comes to complex approximate queries over high-dimensional data sets. In this chapter, we have proposed
the use of multi-dimensional wavelets as an effective tool for general-purpose approximate query processing
in modern, high-dimensional applications. Our approach is based on building wavel et-coefficient synopses
of the data and using these synopses to provide approximate answers to queries. We have developed novel
guery processing algorithms that operate directly on the wavel et-coefficient synopses of relational data, al-
lowing us to process arbitrarily complex queries entirely in the wavel et-coefficient domain. This guarantees
extremely fast response times since our approximate query execution engine can do the bulk of its processing
over compact sets of wavelet coefficients, essentially postponing the expansion into relational tuples until
the end-result of the query. We have also proposed anovel 1/0-efficient wavel et decomposition algorithm for
building the synopses of relational data. Finally, we have conducted an extensive experimental study with
synthetic aswell asreal-life data sets to determine the effectiveness of our wavel et-based approach compared
to sampling and histograms. Our results demonstrate that our wavel et-based query processor (a) provides
approximate answers of better quality than either sampling or histograms, (b) offers query execution-time
speedups of more than two orders of magnitude, and (c) guarantee fast synopsis construction times that scale
linearly to the size of the relation.
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Chapter 8

Conclusion and Future Work

We conclude this dissertation with a summary of our contributions and directions for future work.

8.1 Summary

In this thesis, we identified some of the main challenges in managing large, complex multidimensional
datasets inside a database system:

e High Dimensional Index Structures: High dimensional similarity search is common in many mod-
ern database applications like multimedia retrieval (e.g., 64-d color histograms), data mining/ OLAP
(e.g., 52-d bank data in clustering) and time series/scientific/medical applications (e.g., 20-d Space
Shuttle data, 100-d astronomy data in SDSS, 64-dimensional ECG data). Sequential scanning and
1-dimensional index structures are not effective solutions; we need multidimensional index struc-
tures. Existing multidimensional index structures do not scale beyond 10-15 dimensions. We need
multidimensional index structures that would scale to high dimensionalities (50-100 dimensions).

e Dimensionality Reduction Techniques. While ascalable index structure would be abig step towards
enabling DBMSs to efficiently support queries over high dimensional data, we can achieve further
scalability by first reducing the dimensionality of data and then building the index on the reduced data.
Existing dimensionality reduction techniques work well only when the data set is globally correlated.
In practice, datasets are often not globally correlated. We need dimensionality reduction techniques
that would work well even when the data is not globally correlated.

e Time Series Indexing Techniques: Similarity search in time series databases is a difficult problem
due to the typicaly high dimensionality of the raw data. The most promising solution involves per-
forming dimensionality reduction on the data, then indexing the reduced data with a multidimensional
index structure. Existing dimensionality reduction techniques choose acommon representation for all
theitemsin the database; this causes |oss of fidelity of the reduced-representation to the original signal
which in turn degrades the search performance. We need a dimensionality reduction technique where
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the reduced representation always closely approximates the original signal. The representation has to
be indexable using a multidimensional index structure.

e Integration of Multidimensional I ndex Structuresto DBM Ss: One of the most important practical
challenges in multidimensional data management is that of integration of multidimensional index
structures as access methods in a DBMS. The Generalized Search Tree (GiST) provides an elegant
solution to the above problem. However, before it can be supported in a “commercia strength”
DBMS, efficient techniques to support transactional access to data viathe GiST must be devel oped.

e Approximate Query Answering for Decision Support Applications. Approximate query answer-
ing has emerged as a viable approach for dealing with the huge data volumes and stringent response
time requirements in decision support/OLAP systems. The genera approach isto first construct com-
pact synopses of interesting relations in the database and then answering the queries by using just the
synopses (which usualy fit in memory). Approximate query answering techniques proposed so far
either suffer from high error rates or are severely limited in their query processing scope. We need
to develop approximate query answering techniques that are accurate, efficient and genera in their
query processing scope.

This dissertation addresses the above challenges as follows:

e Index Structure for High Dimensional Spaces: We have designed an index structure, namely the
hybrid tree, that scales to high dimensiona feature spaces. The key idea is to combine the positive
aspects of the two types of index structures, namely data partitioning and space partitioning index
structures, into a single data structure to achieve scalable search performance. The details of the
hybrid tree can be found in Chapter 3.

e Local Dimensionality Reduction for High Dimensional Indexing: We have developed the local
dimensionality reduction (L DR) technique which reduces the dimensionality of datawith significantly
lower loss of information compared to global dimensionality reduction. The main idea here is to
exploit local, as opposed to global, correlations in the data for dimensionality reduction. The details
of LDR can be found in Chapter 4.

e Locally Adaptive Dimensionality Reduction for Time Series Data: We have introduced a new
dimensionality reduction technique for time series called Adaptive Piecewise Constant Approximation
(APCA). APCA adapts locally to each data item and thereby achieves high fidelity to the original
signal. The details can be found in Chapter 5.

e Concurrency Control in Generalized Search Trees: In order to facilitate integration of multidi-
mensional index structures as access methods in DBMSs, we have developed techniques to provide
transactional accessto dataviamultidimensional index structures. The details can befound in Chapter
6.
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e Wavelet-based Approximate Query Processing Tool: We have developed a wavel et-based approx-
imate query answering tool for high-dimensional DSS applications. We showed how we can process
any SQL query entirely in the wavelet domain, thereby guaranteeing extremely fast response times.
The details can be found in Chapter 7.

8.2 Software

The softwares developed during this dissertation include:

e Hybrid Tree: We have implemented the hybrid tree as described in Chapter 3 (about 6000 lines of
C++ code) and distributed the software viaour web siteht t p: / / ww« db. i ¢s. uci . edu/ pages/ sof t war e.
The software is being used by at least 3 companies and 8 universities for research and teaching pur-
poses.

e LDR: We have also implemented LDR as described in Chapter 4 (about 2100 lines of C++ code)
and distributed it via our web site ht t p: / / wwwww db. i cs. uci . edu/ pages/ sof t war e. The
software is being used by at least 4 universities for research purposes.

e Wavelet-based Approximate Query Answering Tool: We implemented a wavel et-based approxi-
mate query answering engine as described in Chapter 7 (about 3200 lines of C++ code).

e Integration of developed techniquesto MARS: We have integrated the hybrid tree into the MARS
database system. An application in MARS can create a hybrid tree index of desired dimensionality
on one or more attributes of arelation. The hybrid tree nodes can be striped across multiple disks
(for parale 1/0). Similarity queries on a relation can then be answered by running an appropriate
range query or k-NN query on the index. Besides the hybrid tree, the MARS index manager supports
B+-tree, R-tree and text indices.

8.3 FutureDirections

There are severa interesting directions of future work based on the work described in this thesis. Some of
these are extensions of our work, while some others are motivated by the general problems of managing
multidimensional data.

¢ Indexing and Mining Sequence Data: In thisthesis, we proposed dimensionality reduction and index-
ing techniques for time series data. Some of these techniques can be applied to sequence data as well,
both one-dimensional and multidimensional sequences. Examples of one-dimensiona sequences in-
clude gene/protein sequences and clickstream data generated by web sites; examples of multidimen-
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sional sequences include 2-dimensional shapes! . Developing new search and mining techniques for
such types of data based on adaptive representations is an interesting direction of research.

e High Dimensional Data Mining: In Chapter 4, we introduced local dimensionality reduction (LDR)
as atechnique for high dimensional indexing. LDR has applications beyond indexing; it can be used
to discover patterns in high dimensional data. Current efforts based on LDR include using LDR for
selectivity estimation in high dimensional datasets [57] and text data mining [17].

e Data Visualization and Visual Data Mining: Data Visualization has been proven to be of high value
for exploratory data analysis and database mining. Theideaisto present the datain some visual form,
alowing a human to get insight into the data, draw conclusions and interact directly with the data.
Techniques proposed in thisthesis can be applied to improve current data visualization techniques. For
example, LDR can be used to handle the high dimensionality of the datato be visualized. Approximate
query answering techniques like the wavelet-based technique proposed in Chapter 7 can be used to
achieve tradeoff between the resolution of the display and speed.

e Approximate Query Answering with Error Guarantees. In Chapter 7, we developed an approximate
query answering tool for OLAP data. Although our technique offers high accuracy and low response
times, we do not provide guaranteed error bounds. Recent work suggests a trend toward approximate
answering with error bounds [84, 106].

e Location-dependent Querying from wireless'/mobile devices. One of most common types of multi-
dimensional data is spatial or geographic data. With the advent of global positioning system (GPS)
technology, all users/devices in the future will have knowledge of their locations. Thisinformation can
be used to query location-sensitive information and/or obtain |ocation-dependent service. Developing
an infrastructure for such applications is an active area of research, with the potential of significant
commercial impact [94, 143].

1We proposed alocally adaptive representation for 2-d shapes in [26].
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