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Preface

The series of International Conferences on Extending Database Technology (EDBT)
is an established and prestigious forum for the exchange of the latest research results
in data management. It provides unique opportunities for database researchers,
practitioners, developers, and users to explore new ideas, techniques, and tools, and to
exchange experiences. This volume contains the proceedings of the 10th EDBT
Conference, held in Munich, Germany, March 27-29, 2006. The conference included
3 keynote talks, 56 full-size and 4 half-size research papers in 20 sessions, 8 industrial
presentations in 3 sessions, 1 panel session, 5 tutorials in 7 sessions, and 20
demonstrations in 4 sessions. All of the research papers as well as papers and
abstracts from most of the other sessions are included here.

Distinguished members of the database and information-retrieval communities
delivered the three keynotes, which were all in the spirit of the banner theme chosen
for EDBT 2006: “From Database Systems to Universal Data Management.” Martin
Kersten, a pioneer in the area of database support for ambient application
environments and the investigator of several kernel database architectures, discussed
various hard issues that arise in organic database systems, i.e., systems that can be
embedded in several hardware applications and have autonomic behavior. Alan
Smeaton, a leader in content-based retrieval of information in a wide variety of media,
introduced us to the world of digital video libraries and challenged us with several
open problems associated with their effective management. Finally, David Maier,
whose introduction of object-oriented concepts to the field has been pivotal for the
establishment of object-relational databases as the current state of the art, used the
Lewis and Clark expedition as an analogy to discuss the problems faced when trying
to deploy dataspace systems, i.e., systems that manage enterprise data in the entire
spectrum from fully structured to completely unstructured.

The Research Program Committee consisted of 76 members and was chaired by
Yannis Ioannidis (University of Athens). It accepted 60 papers (56 regular-size and 4
half-size) out of 352 submissions, both of which are the largest numbers ever for
EDBT. Papers were submitted from 37 countries. The reviewing process was
managed by the Microsoft Conference Management Toolkit, developed and supported
by Surajit Chaudhuri and the CMT team (from Microsoft Research).

The Industrial and Applications Program was assembled by a small committee
under Alfons Kemper (Technical University of Munich). The 8 short papers that
appear in the proceedings were selected from 28 submissions.

One panel session was solicited by Klemens Bohm (University of Karlsruhe), who
also selected five tutorials out of ten submissions.

Christian Bohm (University of Munich) led a 14-member committee in putting
together the Demonstrations Program, consisting of 20 demonstrations selected from
52 submitted proposals.

Mike Hatzopoulos (University of Athens) edited the proceedings. He also
produced an electronic version for inclusion in the SIGMOD digital library and for
posting on the Web prior to the conference.

The program and social activities of EDBT 2006 are the result of a huge effort by
many hundreds of authors, reviewers, presenters, and organizers. We thank them all
for helping to make the conference a success. In particular, we want to thank Gisela
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Kriigel and Josef Lankes (both from the Technical University of Munich) for the
smooth local organization.

Finally, this 10th edition of the EDBT Conference series coincides with the year of
retirement of Joachim Schmidt, who was one of the “fathers” of EDBT. The success
of the EDBT Association, its conferences, and services to the community is largely
due to the effort and expertise that its founders invested. As a tribute to Joachim’s
commitment and dedication to EDBT, the organizers invited Joachim as an Honorary
Chair of this year’s conference. Thank you Joachim for all these years!

Yannis loannidis Program Chair

Marc H. Scholl General Chair

Florian Matthes Executive Chair

Michael Hatzopoulos  Proceedings Chair

Klemens Bohm Panel and Tutorial Chair

Alfons Kemper Industrial and Applications Chair
Torsten Grust Workshop Chair

Christian Bohm Demonstrations Chair
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Database Architecture Fertilizers: Just-in-Time,
Just-Enough, and Autonomous Growth

Martin Kersten

CWI Amsterdam, The Netherlands
Martin.Kersten@cwi.nl

Organic Databases

Ambient application environments call for innovations in database technology to ful-
fill the dream of an organic database, a database system which can be embedded in a
wide collection of hardware appliances and provides an autonomous self-descriptive,
self-organizing, self-repairable, self-aware and stable data store-recall functionality to
its environment.

The envisioned setting consists of a large collection of database servers holding por-
tions of the database. Each server joins this assembly voluntarily, donating storage and
processing capacity, but without a “contract” to act as an obedient agent for the user in
coordination of access to all other servers. They are aware of being part of a distributed
database, but do not carry the burden to make this situation transparent for the application.

Applications should be prepared that updates sent to a server are either accepted,
rejected with referrals, or only partly dealt with. An active client is the sole basis to
exploit the distributed system and to realize the desired level of ACID properties.

The query language envisioned for this system avoids the trap to allocate unbounded
resources to semantically ill-phrased, erroneous, or simply too time-consuming queries.
It limits the amount of resources spent and returns a partial answer together with referral
queries. The user can at any point in time come back and use the referral queries to
obtain more answers.

The topics presented are part of ongoing long-term research in novel database tech-
nology based on and extending MonetDB]].

Biography

Martin Kersten is professor at the University of Amsterdam and head of the Information
Systems department of CWI, Amsterdam. He founded the CWI database research group
in 1985. He devoted most of his scientific career on the development of database kernel
software. The latest incarnation is the open-source system MonetDB, which demon-
strates maturity of the decomposed storage scheme as an efficient basis for both SQL
and XQuery front-ends. In 1995 he co-founded the company Data Distilleries to com-
mercialize the data mining technology based on MonetDB technology. The company
was sold to SPSS in 2003. In recent years his focus has been shifting to the implica-
tions of high demanding applications on the next generation systems. He is a member
emeritus of the VLDB Endowment.

I See http://monetdb.cwi.nl
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Digital Video: Just Another Data Stream?

Alan F. Smeaton

Centre for Digital Video Processing & Adaptive Information Cluster,
Dublin City University, Glasnevin, Dublin 9, Ireland
Alan.Smeaton@dcu.ie

Technology is making huge progress in allowing us to generate data of all kinds,
and the volume of such data which we routinely generate is exceeded only by
its variety and its diversity. For certain kinds of data we can manage it very
efficiently (web searching and enterprise database lookup are good examples of
this), but for most of the data we generate we are not good at all about managing
it effectively. As an example, video information in digital format can be either
generated or captured, very easily in huge quantities. It can also be compressed,
stored, transmitted and played back on devices which range from large-format
displays to portable handhelds, and we now take all of this for granted. What we
cannot yet do with video, however, is effectively manage it based on its actual
content. In this presentation I will summarise where we are in terms of being able
to automatically analyse and index, and then provide searching, summarisation,
browsing and linking within large collections of video libraries and I will outline
what I see as the current challenges to the field.

Biography

Alan Smeaton is Professor of Computing at Dublin City University where he
is Director of the Centre for Digital Video Processing and a member of the
Adaptive Information Cluster. He was Dean of the Faculty of Computing and
Mathematical Sciences from 1998 to 2004 and was Head of the School of Com-
puter Applications from January 1999 to December 2001. His early research
interests covered the application of natural language processing techniques to
information retrieval but this has broadened to cover the indexing and content-
based retrieval of information in all media, text, image, audio and especially
digital video. Currently his major research funding is in the area of indexing
and retrieval of digital video where most of his work is in the area of analysis,
indexing, searching, browsing and summarisation of digital video information.
Alan Smeaton was program co-chair of the ACM SIGIR Conference in Toronto
in 2003, general chair of CIVR which he hosted in Dublin in 2004, and co-chair
of ICME in 2005. He is a founding coordinator of TRECVid, the annual bench-
marking activity for content-based video analysis and searching, hehas published
over 150 book chapters, journal and conference papers and he is on the editorial
boards of four journals. He holds the B.Sc., M.Sc. and PhD degrees in Computer
Science from the National University of Ireland.
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Charting a Dataspace: Lessons from Lewis and Clark

David Maier

Department of Computer Science, Portland State University,
PO Box 751, Portland, OR 97207-0751, USA
maier@cs.pdx.edu

Learning from the Past

A dataspace system (DSS) aims to manage all the data in an enterprise or project, be it
structured, unstructured or somewhere between. A fundamental task in deploying a
DSS is discovering the data sources in a space and understanding their relationships.
Charting these connections helps prepare the way for other DSS services, such as
cataloging, search, query, indexing, monitoring and extension. In this, the
bicentennial of the Lewis and Clark Expedition, it is enlightening to look back at the
problems and issues they encountered in crossing an unfamiliar territory. Many
challenges they confronted are not that different from those that arise in exploring a
new dataspace: evaluating existing maps, understanding local legends and myths,
translating between languages, reconciling different world models, identifying
landmarks and surveying the countryside. I will illustrate these issues and possible
approaches using examples from medication vocabularies and gene annotation.

The work I describe on dataspaces is joint with Mike Franklin and Alon Halevy.
Nick Rayner, Bill Howe, Ranjani Ramakrishnan and Shannon McWeeney have all
contributed to the work on understanding relationships among data sources.

Biography

Dr. David Maier is Maseeh Professor of Emerging Technologies at Portland State
University. Prior to joining PSU, he taught at the OGI School of Science &
Engineering at Oregon Health & Science University, and at the State University of
New York at Stony Brook. He is the author of books on relational databases, logic
programming and object-oriented databases, as well as papers in database theory,
object-oriented technology, query processing and scientific databases. He received the
Presidential Young Investigator Award from the National Science Foundation in 1984
and was awarded the 1997 SIGMOD Innovations Award for his contributions in
objects and databases. He is also an ACM Fellow. His current research interests
include data stream processing, superimposed information management, data product
generation and forensic system reconstruction. He holds a double B.A. in
Mathematics and Computer Science from the University of Oregon (Honors College,
1974) and a Ph.D. in Electrical Engineering and Computer Science from Princeton
University (1978).
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Fast Approximate Wavelet Tracking on Streams

Graham Cormode?!, Minos Garofalakis2, and Dimitris Sacharidis®

1 Bell Labs, Lucent Technologies
cormode@bell-labs.com
2 Intel Research Berkeley
minos.garofalakis@intel.com
3 National Technical University of Athens
dsachar@dblab.ntua.gr

Abstract. Recent years have seen growing interest in effective algorithms for
summarizing and querying massive, high-speed data streams. Randomized sketch
synopses provide accurate approximations for general-purpose summaries of the
streaming data distribution (e.g., wavelets). The focus of existing work has typi-
cally been on minimizing space requirements of the maintained synopsis — how-
ever, to effectively support high-speed data-stream analysis, a crucial practical
requirement is to also optimize: (1) the update time for incorporating a stream-
ing data element in the sketch, and (2) the query time for producing an approx-
imate summary (e.g., the top wavelet coefficients) from the sketch. Such time
costs must be small enough to cope with rapid stream-arrival rates and the real-
time querying requirements of typical streaming applications (e.g., ISP network
monitoring). With cheap and plentiful memory, space is often only a secondary
concern after query/update time costs.

In this paper, we propose the first fast solution to the problem of tracking
wavelet representations of one-dimensional and multi-dimensional data streams,
based on a novel stream synopsis, the Group-Count Sketch (GCS). By imposing
a hierarchical structure of groups over the data and applying the GCS, our al-
gorithms can quickly recover the most important wavelet coefficients with guar-
anteed accuracy. A tradeoff between query time and update time is established,
by varying the hierarchical structure of groups, allowing the right balance to be
found for specific data stream. Experimental analysis confirms this tradeoff, and
shows that all our methods significantly outperform previously known methods
in terms of both update time and query time, while maintaining a high level of
accuracy.

1 Introduction

Driven by the enormous volumes of data communicated over today’s Internet, several
emerging data-management applications crucially depend on the ability to continu-
ously generate, process, and analyze massive amounts of data in real time. A typical
example domain here comprises the class of continuous event-monitoring systems de-
ployed in a wide variety of settings, ranging from network-event tracking in large ISPs
to transaction-log monitoring in large web-server farms and satellite-based environ-
mental monitoring. For instance, tracking the operation of a nationwide ISP network
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requires monitoring detailed measurement data from thousands of network elements
across several different layers of the network infrastructure. The volume of such mon-
itoring data can easily become overwhelming (in the order of Terabytes per day). To
deal effectively with the massive volume and continuous, high-speed nature of data in
such environments, the data streaming paradigm has proven vital. Unlike conventional
database query-processing engines that require several (expensive) passes over a static,
archived data image, streaming data-analysis algorithms rely on building concise, ap-
proximate (but highly accurate) synopses of the input stream(s) in real-time (i.e., in one
pass over the streaming data). Such synopses typically require space that is significantly
sublinear in the size of the data and can be used to provide approximate query answers
with guarantees on the quality of the approximation. In many monitoring scenarios, it is
neither desirable nor necessary to maintain the data in full; instead, stream synopses can
be used to retain enough information for the reliable reconstruction of the key features
of the data required in analysis.

The collection of the top (i.e., largest) coefficients in the wavelet transform (or, de-
composition) of an input data vector is one example of such a key feature of the stream.
Wavelets provide a mathematical tool for the hierarchical decomposition of functions,
with a long history of successful applications in signal and image processing [16}22].
Applying the wavelet transform to a (one- or multi-dimensional) data vector and retain-
ing a select small collection of the largest wavelet coefficient gives a very effective form
of lossy data compression. Such wavelet summaries provide concise, general-purpose
summaries of relational data, and can form the foundation for fast and accurate approx-
imate query processing algorithms (such as approximate selectivity estimates, OLAP
range aggregates and approximate join and multi-join queries. Wavelet summaries can
also give accurate (one- or multi-dimensional) histograms of the underlying data vec-
tor at multiple levels of resolution, thus providing valuable primitives for effective data
visualization.

Most earlier stream-summarization work focuses on minimizing the space require-
ments for a given level of accuracy (in the resulting approximate wavelet representation)
while the data vector is being rendered as a stream of arbitrary point updates. However,
while space is an important consideration, it is certainly not the only parameter of in-
terest. To effectively support high-speed data-stream analyses, two additional key para-
meters of a streaming algorithm are: (1) the update time for incorporating a streaming
update in the sketch, and (2) the query time for producing the approximate summary
(e.g., the top wavelet coefficients) from the sketch. Minimizing query and update times
is a crucial requirement to cope with rapid stream-arrival rates and the real-time query-
ing needs of modern streaming applications. Furthermore, there are essential tradeoffs
between the above three parameters (i.e., space, query time, and update time), and it can
be argued that space usage is often the least important of these. For instance, consider
monitoring a stream of active network connections for the users consuming the most
bandwidth (commonly referred to as the “top talkers” or “heavy hitters” [[6,/18]). Typical
results for this problem give a stream-synopsis space requirement of O(1/¢), meaning
that an accuracy of e = 0.1% requires only a few thousands of storage locations, i.e.,
a few Kilobytes, which is of little consequence at all in today’s off-the-shelf systems
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featuring Gigabytes of main memoryE]. Now, suppose that the network is processing IP
packets on average a few hundred bytes in length at rates of hundreds of Mbps; essen-
tially, this implies that the average processing time per packet must much less than one
millisecond: an average system throughput of tens to hundreds of thousands of packets
per second. Thus, while synopsis space is probably a non-issue in this setting, the times
to update and query the synopsis can easily become an insurmountable bottleneck. To
scale to such high data speeds, streaming algorithms must guarantee provably small
time costs for updating the synopsis in real time. Small query times are also important,
requiring near real-time response. (e.g., for detecting and reacting to potential network
attacks). In summary, we need fast item processing, fast analysis, and bounded space
usage — different scenarios place different emphasis on each parameter but, in general,
more attention needs to be paid to the time costs of streaming algorithms.

Our Contributions. The streaming wavelet algorithms of Gilbert et al. [11]] guaranteed
small space usage, only polylogarithmic in the size of the vector. Unfortunately, the
update- and query-time requirements of their scheme can easily become problematic for
real-time monitoring applications, since the whole data structure must be “touched” for
each update, and every wavelet coefficient queried to find the best few. Although [11]
tries to reduce this cost by introducing more complex range-summable hash functions
to make estimating individual wavelet coefficients faster, the number of queries does
not decrease, and the additional complexity of the hash functions means that the update
time increases further. Clearly, such high query times are not acceptable for any real-
time monitoring environment, and pose the key obstacle in extending the algorithms
in [L1] to multi-dimensional data (where the domain size grows exponentially with data
dimensionality).

In this paper, we propose the first known streaming algorithms for space- and time-
efficient tracking of approximate wavelet summaries for both one- and multi-dimensional
data streams. Our approach relies on a novel, sketch-based stream synopsis structure,
termed the Group-Count Sketch (GCS) that allows us to provide similar space/accuracy
tradeoffs as the simple sketches of [11]], while guaranteeing: (1) small, logarithmic up-
date times (essentially touching only a small fraction of the GCS for each streaming
update) with simple, fast, hash functions; and, (2) polylogarithmic query times for com-
puting the top wavelet coefficients from the GCS. In brief, our GCS algorithms rely on
two key, novel technical ideas. First, we work entirely in the wavelet domain, in the
sense that we directly sketch wavelet coefficients, rather than the original data vector,
as updates arrive. Second, our GCSs employ group structures based on hashing and hi-
erarchical decomposition over the wavelet domain to enable fast updates and efficient
binary-search-like techniques for identifying the top wavelet coefficients in sublinear
time. We also demonstrate that, by varying the degree of our search procedure, we can
effectively explore the tradeoff between update and query costs in our GCS synopses.
Our GCS algorithms and results also naturally extend to both the standard and non-
standard form of the multi-dimensional wavelet transform, essentially providing the
only known efficient solution for streaming wavelets in more than one dimension. As

! One issue surrounding using very small space is whether the data structure fits into the faster
cache memory, which again emphasizes the importance of running time costs.
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our experimental results with both synthetic and real-life data demonstrate, our GCS
synopses allow very fast update and searching, capable of supporting very high speed
data sources.

2 Preliminaries

In this section, we first discuss the basic elements of our stream-processing model and
briefly introduce AMS sketches [2]]; then, we present a short introduction to the Haar
wavelet decomposition in both one and multiple dimensions, focusing on some of its
key properties for our problem setting.

2.1 Stream Processing Model and Stream Sketches

Our input comprises a continuous stream of update operations, rendering a data vector
a of N values (i.e., the data-domain size). Without loss of generality, we assume that
the index of our data vector takes values in the integer domain [N] = {0,... ,N — 1},
where N is a power of 2 (to simplify the notation). Each streaming update is a pair
of the form (i, +v), denoting a net change of +v in the a[i] entry; that is, the ef-
fect of the update is to set a[i] «— a[i] £ v. Intuitively, “+v” (“—v”) can be seen as
v insertions (resp., deletions) of the i vector element, but more generally we allow
entries to take negative values. (Our model instantiates the most general and, hence,
most demanding turnstile model of streaming computations [20].) Our model gener-
alizes to multi-dimensional data: for d data dimensions, a is a d-dimensional vec-
tor (tensor) and each update ((i1,... ,%q), 2v) effects a net change of +v on entry
Cl[il, cen ,id]

In the data-streaming context, updates are only seen once in the (fixed) order of
arrival; furthermore, the rapid data-arrival rates and large data-domain size N make
it impossible to store a explicitly. Instead, our algorithms can only maintain a concise
synopsis of the stream that requires only sublinear space, and, at the same time, can
(a) be maintained in small, sublinear processing time per update, and (b) provide query
answers in sublinear time. Sublinear here means polylogarithmic in /N, the data-vector
size. (More strongly, our techniques guarantee update times that are sublinear in the size
of the synopsis.)

Randomized AMS Sketch Synopses for Streams. The randomized AMS sketch [2] is
a broadly applicable stream synopsis structure based on maintaining randomized linear
projections of the streaming input data vector a. Briefly, an atomic AMS sketch of a is
simply the inner product (a, &) =, a[i]€(i), where £ denotes a random vector of four-
wise independent +-1-valued random variates. Such variates can be easily generated
on-line through standard pseudo-random hash functions £() using only O(log N) space
(for seeding) [2L/11]. To maintain this inner product over the stream of updates to a,
initialize a running counter X to 0 and set X « X =+ v€(i) whenever the update
(7, +w) is seen in the input stream. An AMS sketch of a comprises several independent

2 Without loss of generality we assume a domain of [N]? for the d-dimensional case — different
dimension sizes can be handled in a straightforward manner. Further, our methods do not need
to know the domain size /N beforehand — standard adaptive techniques can be used.
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atomic AMS sketches (i.e., randomized counters), each with a different random hash
function £(). The following theorem summarizes the key property of AMS sketches for
stream-query estimation, where ||v||o denotes the La-norm of a vector v, so ||v||s =

V{v,v) = /32 ol

Theorem 1 ([1,2]). Consider two (possibly streaming) data vectors a and b, and let
Z denote the O(log(1/6))-wise median of O(1/€?)-wise means of independent copies
of the atomic AMS sketch product (3, a[i]€;(3))(D_, b[i]&;(9)). Then, |Z — (a,b)| <
el|al|2]|b||2 with probability > 1 — 6.

Thus, using AMS sketches comprising only O(logi#) atomic counters we can ap-
proximate the vector inner product (a, b) to within +¢||al|2||b||2 (hence implying an
e-relative error estimate for ||a||3).

2.2 Discrete Wavelet Transform Basics

The Discrete Wavelet Transform (DWT) is a useful mathematical tool for hierarchically
decomposing functions in ways that are both efficient and theoretically sound. Broadly
speaking, the wavelet decomposition of a function consists of a coarse overall approxi-
mation together with detail coefficients that influence the function at various scales [22].
Haar wavelets represent the simplest DWT basis: they are conceptually simple, easy to
implement, and have proven their effectiveness as a data-summarization tool in a variety
of settings [4}24,[10].

One-Dimensional Haar Wavelets. Consider the one-dimensional data vector
a =[2,2,0,2,3,5,4,4] (N = 8). The Haar DWT of a is computed as follows. We
first average the values together pairwise to get a new “lower-resolution” representation
of the data with the pairwise averages [2£2, 842, 312 4441 — 2 1 4 4]. This averag-
ing loses some of the information in a. To restore the original a values, we need defail
coefficients, that capture the missing information. In the Haar DWT, these detail coef-
ficients are the differences of the (second of the) averaged values from the computed
pairwise average. Thus, in our simple example, for the first pair of averaged values, the
detail coefficient is 0 since <%= 2 = 0, for the second it is —1 since 02 = —1. No infor-
mation is lost in this process — one can reconstruct the eight values of the original data
array from the lower-resolution array containing the four averages and the four detail
coefficients. We recursively apply this pairwise averaging and differencing process on
the lower-resolution array of averages until we reach the overall average, to get the full
Haar decomposition. The final Haar DWT of « is given by w, = [11/4, —=5/4,1/2, 0,
0, —1, —1, 0], that is, the overall average followed by the detail coefficients in order
of increasing resolution. Each entry in w, is called a wavelet coefficient. The main ad-
vantage of using w, instead of the original data vector a is that for vectors containing
similar values most of the detail coefficients tend to have very small values. Thus, elim-
inating such small coefficients from the wavelet transform (i.e., treating them as zeros)
introduces only small errors when reconstructing the original data, resulting in a very
effective form of lossy data compression [22].

A useful conceptual tool for visualizing and understanding the (hierarchical) Haar

DWT process is the error tree structure [19] (shown in Fig. [[(a) for our example
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Fig. 1. Example error-tree structures for (a) a one-dimensional data array (N = 8), and (b) non-
standard two-dimensional Haar coefficients for a 4 x 4 data array (coefficient magnitudes are
multiplied by 41 (—1) in the “+” (resp., “-”) labeled ranges, and O in blank areas)

array a). Each internal tree node c; corresponds to a wavelet coefficient (with the root
node ¢g being the overall average), and leaf nodes a[¢] correspond to the original data-
array entries. This view allows us to see that the reconstruction of any a[i] depends only
on the log N + 1 coefficients in the path between the root and a[¢]; symmetrically, it
means a change in a[i] only impacts its log N + 1 ancestors in an easily computable
way. We define the support for a coefficient ¢; as the contiguous range of data-array
that c; is used to reconstruct (i.e., the range of data/leaf nodes in the subtree rooted
at ¢;). Note that the supports of all coefficients at resolution level ! of the Haar DWT
are exactly the 2! (disjoint) dyadic ranges of size N/2! = 298N~ over [N], defined
as Ry = [k-2leN=t . (k+1)-2°eN=l _1q]fork =0,...,2" — 1 (for each
resolution level [ = 0, ... , log V). The Haar DWT can also be conceptualized in terms
of vector inner-product computations: let ¢; . denote the vector with ¢; x[i] = 2!-1°8 N
fori € Ry and O otherwise, forl =0, ... ,log N andk =0,... ,21 — 1; then, each of
the coefficients in the Haar DWT of a can be expressed as the inner product of a with
one of the IV distinct Haar wavelet basis vectors:

1
{§(¢l+1,2k — Gr1ok41) 11 =0,...,logN —1;k=0,...,2" =1} U {00}

Intuitively, wavelet coefficients with larger support carry a higher weight in the re-
construction of the original data values. To equalize the importance of all Haar DWT
coefficients, a common normalization scheme is to scale the coefficient values at level
I (or, equivalently, the basis vectors ¢; i) by a factor of y/N/2!. This normalization
essentially turns the Haar DWT basis vectors into an orthonormal basis — letting ¢
denote the normalized coefficient values, this fact has two important consequences:
(1) The energy of the a vector is preserved in the wavelet domain, that is, ||a||3 =
Sosali]* =30, (c)? (by Parseval’s theorem); and, (2) Retaining the B largest coeffi-
cients in terms of absolute normalized value gives the (provably) best B-term approx-
imation in terms of Sum-Squared-Error (SSE) in the data reconstruction (for a given
budget of coefficients B) [22].

Multi-Dimensional Haar Wavelets. There are two distinct ways to generalize the Haar
DWT to the multi-dimensional case, the standard and nonstandard Haar decomposi-
tion [22]. Each method results from a natural generalization of the one-dimensional
decomposition process described above, and both have been used in a wide variety of
applications. Consider the case where a is a d-dimensional data array, comprising N¢
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entries. As in the one-dimensional case, the Haar DWT of « results in a d-dimensional
wavelet-coefficient array w, with N d coefficient entries. The non-standard Haar DWT
works in log N phases where, in each phase, one step of pairwise averaging and dif-
ferencing is performed across each of the d dimensions; the process is then repeated
recursively (for the next phase) on the quadrant containing the averages across all di-
mensions. The standard Haar DWT works in d phases where, in each phase, a com-
plete 1-dimensional DWT is performed for each one-dimensional row of array cells
along dimension k, for all k = 1,... , d. (full details and efficient decomposition al-
gorithms are in [4}124]].) The supports of non-standard d-dimensional Haar coefficients
are d-dimensional hyper-cubes (over dyadic ranges in [N]?%), since they combine 1-
dimensional basis functions from the same resolution levels across all dimensions. The

cross product of a standard d-dimensional coefficient (indexed by, say, (i1, ... ,%q))
is, in general a d-dimensional hyper-rectangle, given by the cross-product of the 1-
dimensional basis functions corresponding to coefficient indexes 1, . .. , 4.

Error-tree structures can again be used to conceptualize the properties of both forms
of d-dimensional Haar DWTs. In the non-standard case, the error tree is essentially
a quadtree (with a fanout of 2¢), where all internal non-root nodes contain 29~ co-
efficients that have the same support region in the original data array but with differ-
ent quadrant signs (and magnitudes) for their contribution. For standard d-dimensional
Haar DWT, the error-tree structure is essentially a “cross-product” of d one-dimensional
error trees with the support and signs of coefficient (i1, . . . ,i4) determined by the prod-
uct of the component one-dimensional basis vectors (for i1, ... , d). Fig.[I(b) depicts a
simple example error-tree structure for the non-standard Haar DWT of a 2-dimensional
4 x 4 data array. It follows that updating a single data entry in the d-dimensional data
array a impacts the values of (2¢ — 1)log N 4+ 1 = O(2%log N) coefficients in the
non-standard case, and (log N + 1)¢ = O(log® N) coefficients in the standard case.
Both multi-dimensional decompositions preserve the orthonormality, thus retaining the
largest B coefficient values gives a provably SSE-optimal B-term approximation of a.

3 Problem Formulation and Overview of Approach

Our goal is to continuously track a compact B-coefficient wavelet synopsis under our
general, high-speed update-stream model. We require our solution to satisfy all three
key requirements for streaming algorithms outlined earlier in this paper, namely: (1)
sublinear synopsis space, (2) sublinear per-item update time, and (3) sublinear query
time, where sublinear means polylogarithmic in the domain size N. As in [[11], our al-
gorithms return only an approximate synopsis comprising (at most) B Haar coefficients
that is provably near-optimal (in terms of the captured energy of the underlying vector)
assuming that our vector satisfies the “small-B property” (i.e., most of its energy is con-
centrated in a small number of Haar DWT coefficients) — this assumption is typically
satisfied for most real-life data distributions [[11]].

The streaming algorithm presented by Gilbert et al. [11] (termed “GKMS” in the
remainder of the paper) focuses primarily on the one-dimensional case. The key idea is
to maintain an AMS sketch for the streaming data vector a (as discussed in Sec. 2.T)).
To produce the approximate B-term representation, GKMS employs the constructed
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sketch of a to estimate the inner product of a with all wavelet basis vectors, essen-
tially performing an exhaustive search over the space of all wavelet coefficients to iden-
tify important ones. Although techniques based on range-summable random variables
constructed using Reed-Muller codes were proposed to reduce or amortize the cost of
this exhaustive search by allowing the sketches of basis vectors to be computed more
quickly, the overall query time for discovering the top coefficients remains superlinear
in N (i.e., at least Q(E%N log N)), violating our third requirement. For large data do-
mains, say N = 232 = 4 billion (such as the IP address domain considered in [11]),
a query can take a very long time: over an hour, even if a million coefficient queries
can be answered per second! This essentially renders a direct extension of the GKMS
technique to multiple dimensions infeasible since it implies an exponential explosion
in query cost (requiring at least O(N?) time to cycle through all coefficients in d di-
mensions). In addition, the update cost of the GKMS algorithm is linear in the size of
the sketch since the whole data structure must be “touched” for each update. This is
problematic for high-speed data streams and/or even moderate sized sketch synopses.

Our Approach. Our proposed solution relies on two key novel ideas to avoid the short-
comings of the GKMS technique. First, we work entirely in the wavelet domain: in-
stead of sketching the original data entries, our algorithms sketch the wavelet-coefficient
vector w, as updates arrive. This avoids any need for complex range-summable hash
functions. Second, we employ hash-based grouping in conjunction with efficient binary-
search-like techniques to enable very fast updates as well as identification of important
coefficients in polylogarithmic time.

— Sketching in the Wavelet Domain. Our first technical idea relies on the observation
that we can efficiently produce sketch synopses of the stream directly in the wavelet do-
main. That is, we translate the impact of each streaming update on the relevant wavelet
coefficients. By the linearity properties of the DWT and our earlier description, we
know that an update to the data entries corresponds to only polylogarithmically many
coefficients in the wavelet domain. Thus, on receiving an update to a, our algorithms
directly convert it to O(polylog(N)) updates to the wavelet coefficients, and maintain
an approximate representation of the wavelet coefficient vector wy,.

— Time-Efficient Updates and Large-Coefficient Searches. Sketching in the wavelet do-
main means that, at query time, we have an approximate representation of the wavelet-
coefficient vector w, and need to be able to identify all those coefficients that are
“large”, relative to the total energy of the data ||w,||3 = ||a||3. While AMS sketches can
give us these estimates (a point query is just a special case of an inner product), querying
remains much too slow taking at least £2( E%N ) time to find which of the N coefficients
are the B largest. Note that although a lot of earlier work has given efficient stream-
ing algorithms for identifying high-frequency items [5,/6,/18]], our requirements here
are quite different. Our techniques must monitor items (i.e., DWT coefficients) whose
values increase and decrease over time, and which may very well be negative (even
if all the data entries in a are positive). Existing work on “heavy-hitter” tracking fo-
cuses solely on non-negative frequency counts [6] often assumed to be non-decreasing
over time [5.[18]. More strongly, we must find items whose squared value is a large
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Fig. 2. Our Group-Count Sketch (GCS) data structure: x is hashed (¢ times) to a bucket and then
to a subbucket within the bucket, where a counter is updated

fraction of the total vector energy | |w,||3: this is a stronger condition since such “L3 heavy
hitters” may not be heavy hitters under the conventional sum-of-counts definition.

At a high level, our algorithms rely on a divide-and-conquer or binary-search-like
approach for finding the large coefficients. To implement this, we need the ability to
efficiently estimate sums-of-squares for groups of coefficients, corresponding to dyadic
subranges of the domain [N]. We then disregard low-energy regions and recurse only
on high-energy groups — note that this guarantees no false negatives, as a group that
contains a high-energy coefficient will also have high energy as a whole. Furthermore,
our algorithms also employ randomized, hash-based grouping of dyadic groups and
coefficients to guarantee that each update only touches a small portion of our synopsis,
thus guaranteeing very fast update times.

4 Our Solution: The GCS Synopsis and Algorithms

We introduce a novel, hash-based probabilistic synopsis data structure, termed Group-
Count Sketch (GCS), that can estimate the energy (squared Lo norm) of fixed groups of
elements from a vector w of size N under our streaming model. (To simplify the expo-
sition we initially focus on the one-dimensional case, and present the generalization to
multiple dimensions later in this section.) Our GCS synopsis requires small, sublinear
space and takes sublinear time to process each stream update item; more importantly,
we can use a GCS to obtain a high-probability estimate of the energy of a group within
additive error ¢||w||3 in sublinear time. We then demonstrate how to use GCSs as the
basis of efficient streaming procedures for tracking large wavelet coefficients.

Our approach takes inspiration from the AMS sketching solution for vector Ly-norm
estimation; still, we need a much stronger result, namely the ability to estimate Lo
norms for a (potentially large) number of groups of items forming a partition of the
data domain [N]. A simple solution would be to keep an AMS sketch of each group
separately; however, there can be many groups, linear in N, and we cannot afford to
devote this much space to the problem. We must also process streaming updates as
quickly as possible. Our solution is to maintain a structure that first partitions items of
w into their group, and then maps groups to buckets using a hash function. Within each
bucket, we apply a second stage of hashing of items to sub-buckets, each containing
an atomic AMS sketch counter, in order to estimate the Lo norm of the bucket. In our

3 For example, consider a set of items with counts {4,1,1,1,1,1,1,1,1}. The item with count
4 represents % of the sum of the squared counts, but only % of the sum of counts.
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analysis, we show that this approach allows us to provide accurate estimates of the
energy of any group in w with tight +¢||w||3 error guarantees.

The GCS Synopsis. Assume a total of k£ groups of elements of w that form a partition of
[N]. For notational convenience, we use a function id that identifies the specific group
that an element belongs to, id : [N] — [k]. (In our setting, groups correspond to fixed
dyadic ranges over [N] so the id mapping is trivial.) Following common data-streaming
practice, we first define a basic randomized estimator for the energy of a group, and
prove that it returns a good estimate (i.e., within +¢||w||3 additive error) with constant
probability > %; then, by taking the median estimate over ¢ independent repetitions,
we are able to reduce the probability of a bad estimate to exponentially small in ¢. Our
basic estimator first hashes groups into b buckets and then, within each bucket, it hashes
into ¢ sub-buckets. (The values of ¢, b, and ¢ parameters are determined in our analysis.)
Furthermore, as in AMS sketching, each item has a {41} random variable associated
with it. Thus, our GCS synopsis requires three sets of ¢ hash functions, h,, : [k] —
[0], fm : [N] — [c], and &, : [N] — {£1} (m = 1, ..., t). The randomization
requirement is that h,,’s and f,,’s are drawn from families of pairwise independent
functions, while &,,,’s are four-wise independent (as in basic AMS); such hash functions
are easy to implement, and require only O(log V) bits to store.

Our GCS synopsis s consists of ¢ - b - ¢ counters (i.e., atomic AMS sketches), labeled
s[1][1][1] through s[t][b][c], that are maintained and queried as follows:

UPDATE (%, u). Set s[m][h, (1d(0))][fm (D)]+ = u - & (i), foreachm =1, ..., t.
ESTIMATE(GROUP). Return the estimate median,;,—1,_.. ¢ >-;_, (s[m] [ (croUP)][4])?
for the energy of the group of items GROUP € {1,... ,k} (denoted by ||GROUP||3).

Thus, the update and query times for a GCS synopsis are simply O(t) and O(t - ¢),
respectively. The following theorem summarizes our key result for GCS synopses.

Theorem 2. Our Group-Count Sketch algorithms estimate the energy of item groups
of the vector w within additive error €||w||3 with probability > 1 — 6 using space of
(0] (}3 log %) counters, per-item update time of O (log %), and query time of O (E% log %)

Proof. Fix a particular group GROUP and a row r in the GCS; we drop the row index m
in the context where it is understood. Let BUCKET be the set of elements that hash into
the same bucket as GROUP does: BUCKET = {i | i € [1,n] A h(id(¢)) = h(GRoOUP)}.
Among those, let COLL be the set of elements other than those of GROUP: COLL =
{i]i € [1,n] A id(i) # GrOUP A h(id(i)) = h(Group)}. In the following, we abuse
notation in that we refer to a refer to both a group and the set of items in the group with
the same name. Also, we write ||S||3 to denote the sum of squares of the elements (i.e.
L3)inset S: ||S|3 = >, cq wlil?.

Let est be the estimator for the sum of squares of the items of GROUP. That is,
est = Y7, estj where est; = (s[m][h,,(GROUP)][j])? is the square of the count in
sub-bucket SUB ;. The expectation of this estimator is, by simple calculation, the sum of
squares of items in sub-bucket j, which is a fraction of the sum of squares of the bucket.
Similarly, using linearity of expectation and the four-wise independence of the ¢ hash
functions, the variance of est is bounded in terms of the square of the expectation:
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E[est] = E[||BUCKET||3] Varlest] < 2E[|[BUCKET]|3]

To calculate E[||BUCKET||3], observe that the bucket contains items of GROUP as well
as items from other groups denoted by the set COLL which is determined by h. Because
of the pairwise independence of h, this expectation is bounded by a fraction of the total
energy. Therefore:

E[|BUCKET||3] = [|GROUP||3 + E[[|cOLL|]3] < [[GROUP||3 + ¢||w][3
and E[||BUCKET||4] = ||GROUP||3 + E[||coLL||3] + 2||GROUP||ZE[||cOLL||3]
<|lwll3 + $llwll3 +2[|wl|3 - $llwll5 < (1 + H|wl|lz < 2[|wl3

since ||GROUP||3 < ||w]||3 and b > 3. The estimator’s expectation and variance satisfy
Elest] < |[GROUP||3 + ||w|[3 Varlest] < 2||w]3
Applying the Chebyshev inequality we obtain Pr [|est — E[est]| > A||w]|[3] < e
and by setting ¢ = 33 the bound becomes %, for some parameter A. Using the above
bounds on variance and expectation and the fact that |z — y| > ||z| — |y|| we have,

1
lest — E[est]| > |est — ||GROUP||3 — EHng

1
> ’|est — |lroup||3] - g|w||§‘~

Consequently (note that Pr[|z| > y] > Pr[z > y]),

| =

1
Pr [\est ~ JlRoUP[3| 4 l[wl3 = Allwll3] < Pr[lest — Elest]] = Allwll3] <

or equivalently, Pr [|est — |GROUP||3| > (A + 1) [|lw][3] < 3. Setting b =  we get
Pr [|est — ||GROUP||3| > 2A||w||3] < % and to obtain an estimator with €||w]|3 addi-
tive error we require A = & which translates to b = O(1) and ¢ = O(%).

By Chernoff bounds, the probability that the median of ¢ independent instances of the
estimator deviates by more than e||w||3 is less than e ~9', for some constant q. Setting
this to the probability of failure §, we require ¢ = O (log +), which gives the claimed

bounds. O

Hierarchical Search Structure for Large Coefficients. We apply our GCS synopsis
and estimators to the problem of finding items with large energy (i.e., squared value)
in the w vector. Since our GCS works in the wavelet domain (i.e., sketches the wavelet
coefficient vector), this is exactly the problem of recovering important coefficients. To
efficiently recover large-energy items, we impose a regular tree structure on top of the
data domain [N], such that every node has the same degree r. Each level in the tree in-
duces a partition of the nodes into groups corresponding to r-adic ranges, defined by the
nodes at that level. fl For instance, a binary tree creates groups corresponding to dyadic
ranges of size 1, 2, 4, 8, and so on. The basic idea is to perform a search over the tree
for those high-energy items above a specified energy threshold, ¢||w||3. Following the
discussion in Section[3] we can prune groups with energy below the threshold and, thus,
avoid looking inside those groups: if the estimated energy is accurate, then these can-
not contain any high-energy elements. Our key result is that, using such a hierarchical
search structure of GCSs, we can provably (within appropriate probability bounds) re-
trieve all items above the threshold plus a controllable error quantity ((¢+¢€)||w]||3), and
retrieve no elements below the threshold minus that small error quantity ((¢ — €)||w]|3).

* Thus, the id function for level [ is easily defined as id;(i) = |4/r!].
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Theorem 3. Given a vector w of size N we can report, with high probability > 1 — 6,
all elements with energy above (¢ + €)||w||3 (where ¢ > ¢) within additive error of
€||w||3 (and therefore, report no item with energy below (¢ — €)||w||3 ) using space
of O (bgegN -log mog- N ) per item processing time of O (logT N - log "1o8- N) and

b6
query time of O ( -log, N - log "8z N).

Proof. Construct log,. N GCSs (with parameters to be determined), one for each level
of our 7-ary search-tree structure. We refer to an element that has energy above ¢||w||3
as a “hot element”, and similarly groups that have energy above ¢||w||3 as “hot ranges”.
The key observation is that all r-adic ranges that contain a hot element are also hot.
Therefore, at each level (starting with the root level), we identify hot r-adic ranges by
examining only those r-adic ranges that are contained in hot ranges of the previous
level. Since there can be at most % hot elements, we only have to examine at most

1 logr N ranges and pose that many queries. Thus, we require the failure probability

to be 10%6 for each query so that, by the union bound, we obtain a failure probability
of at most 6 for reporting all hot elements. Further, we require each level to be accurate
within e||w||3 so that we obtain all hot elements above (¢ + €)||w||2 and none below
(¢ — €)||w]||3. The theorem follows. O

Setting the value of r gives a tradeoff between query time and update time. Asymp-
totically, we see that the update time decreases as the degree of the tree structure, r,
increases. This becomes more pronounced in practice, since it usually suffices to set
t, the number of tests, to a small constant. Under this simplification, the update cost
essentially reduces to O(log, V), and the query time reduces to O( . 3 N). (We
will see this clearly in our experimental analysis.) The extreme settings of 7 are 2 and
N:r = 2 imposes a binary tree over the domain, and gives the fastest query time but
O(log, N) time per update; » = N means updates are effectively constant O(1) time,
but querying requires probing the whole domain, a total of N tests to the sketch.

Sketching in the Wavelet Domain. As discussed earlier, given an input update stream
for data entries in a, our algorithms build GCS synopses on the corresponding wavelet
coefficient vector w,, and then employ these GCSs to quickly recover a (provably good)
approximate B-term wavelet representation of a. To accomplish the first step, we need
an efficient way of “translating” updates in the original data domain to the domain of
wavelet coefficients (for both one- and multi-dimensional data streams).

— One-Dimensional Updates. An update (i, v) on a translates to the following collection
of log N + 1 updates to wavelet coefficients (that lie on the path to leaf ai], Fig. [la)):

(O, 272 long) , {(21°gN_l + k,(—1)F mod 22_511): foreach [ =0,...,log N — 1} ,

where [ = 0,...,log N — 1 indexes the resolution level, and k = |i2~!|. Note that
each coefficient update in the above set is easily computed in constant time.

— Multi-Dimensional Updates. We can use exactly the same reasoning as above to pro-
duce a collection of (constant-time) wavelet-coefficient updates for a given data update
in d dimensions (see, Fig. [[(b)). As explained in Section 2.2} the size of this collec-
tion of updates in the wavelet domain is O(log? N) and O(2¢log N) for standard and
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non-standard Haar wavelets, respectively. A subtle issue here is that our search-tree
structure operates over a linear ordering of the N¢ coefficients, so we require a fast
method for linearizing the multi-dimensional coefficient array — any simple lineariza-
tion technique will work (e.g., row-major ordering or other space-filling curves).

Using GCSs for Approximate Wavelets. Recall that our goal is to (approximately)
recover the B most significant Haar DWT coefficients, without exhaustively search-
ing through all coefficients. As shown in Theorem [3 creating GCSs for for dyadic
ranges over the (linearized) wavelet-coefficient domain, allows us to efficiently identify
high-energy coefficients. (For simplicity, we fix the degree of our search structure to
r = 2 in what follows.) An important technicality here is to select the right threshold
for coefficient energy in our search process, so that our final collection of recovered
coefficients provably capture most of the energy in the optimal B-term representation.
Our analysis in the following theorem shows how to set this threshold, an proves that,
for data vectors satisfying the “small-B property”, our GCS techniques can efficiently
track near-optimal approximate wavelet representations. (We present the result for the
standard form of the multi-dimensional Haar DWT — the one-dimensional case follows
as the special case d = 1.)

Theorem 4. If a d-dimensional data stream over the [N]% domain has a B-term stan-
dard wavelet representation with energy at least ||a||3, where ||a||3 is the entire energy,

then our GCS algorithms can estimate an at-most- B-term standard wavelet represen-
B3dlog N Bdlog N
e log =T8S, per

3
gng -log N -

tation with energy at least (1 — €)n||a||3 using space of O(

item processing time of O(dlog®™ N -log Bd::;&g XY, and query time of O(

Bdlog N)
enéd

log

Proof. Use our GCS search algorithm and Theorem[3to find all coefficients with energy
at least Z||al|3 = Z||w|[3. (Note that ||a|[3 can be easily estimated to within small
relative error from our GCSs.) Among those choose the highest B coefficients; note
that there could be less than B found. For those coefficients selected, observe we incur
two types of error. Suppose we choose a coefficient which is included in the best B-
term representation, then we could be inaccurate by at most % ||a||3. Now, suppose we
choose coefficient c¢; which is not in the best B-term representation. There has to be a
coefficient co which is in the best B-term representation, but was rejected in favor of
c1. For this rejection to have taken place their energy must differ by at most 2% ||a|[3
by our bounds on the accuracy of estimation for groups of size 1. Finally, note that for
any coefficient not chosen (for the case when we pick fewer than B coefficients) its true
energy must be less than 2 ||a||3. It follows that the total energy we obtain is at most
2¢n||al|3 less than that of the best B-term representation. Setting parameters \, ¢/, N’
of TheoremBlto A = ¢ = & and N’ = N we obtain the stated space and query time
bounds. For the per-item update time, recall that a single update in the original data
domain requires O(log? N coefficient updates. O

The corresponding result for the non-standard Haar DWT follows along the same lines.
The only difference with Theorem 4] comes in the per-update processing time which, in

the non-standard case, is O(d2%log N - log %%N)'
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Fig. 3. Performance on one-dimensional data

5 [Experiments

Data Sets and Methodology. We implemented our algorithms in a mixture of C and
C++, for the Group-Count sketch (GCS) with variable degree. For comparison we also
implemented the method of [[11] (GKMS) as well as a modified version of the algorithm
with faster update performance using ideas similar to those in the Group-Count sketch,
which we denote by fast-GKMS. Experiments were performed on a 2GHz processor
machine, with 1GB of memory. We worked with a mixture of real and synthetic data:

— Synthetic Zipfian Data was used to generate data from arbitrary domain sizes and
with varying skewness. By default the skewness parameter of the distribution is
z=1.1.

— Meteorological data sef] comprised of 10° meteorological measurements. These
were quantized and projected appropriately to generate data sets with dimensional-
ities between 1 and 4. For the experiments described here, we primarily made use
of the AirTemperature and WindSpeed attributes to obtain 1- and 2-dimensional
data streams.

In our experiments, we varied the domain size, the size of the sketclﬁ and the degree
of the search tree of our GCS method and measured (1) per-item update time, (2) query

>http://www-k12.atmos.washington.edu/k12/grayskies/
% In each experiment, all methods are given the same total space to use.
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time and (3) accuracy. In all figures, GCS-k denotes that the degree of the search tree is
2%: i.e. GCS-1 uses a binary search tree, whereas GCS-logn uses an n-degree tree, and
so has a single level consisting of the entire wavelet domain.
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0.4
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@ 03 GCS-logn = o 025 offline —e—
& offine —— 5
3 025 ® 02
3 o2 ]
g 0.15
015
. 01
0.1 R T
0.05 0.05 o
0 0
0 5 10 15 20 25 30 3 40 0 5 10 15 20 25 30 35 40
number of wavelet coefficients number of wavelet coefficients
(a) z=1.1 (b)z=1.4

Fig.4. Accuracy of Wavelet Synopses

One-Dimensional Experiments. In the first experimental setup we used a synthetic
1-dimensional data stream with updates following the Zipfian distribution (z = 1.1).
Space was increased based on the log of the dimension, so for log N = 14, 280KB
was used, up to 600KB for log N = 30. Figure [3] (a) shows the per-item update time
for various domain sizes, and Figure 3| (b) shows the time required to perform a query,
asking for the top-5 coefficients. The GKMS method takes orders of magnitude longer
for both updates and queries, and this behavior is seen in all other experiments, so we
do not consider it further. Apart from this, the ordering (fastest to slowest) is reversed
between update time and query time. Varying the degree of the search tree allows up-
date time and query time to be traded off. While the fast-GKMS approach is the fastest
for updates, it is dramatically more expensive for queries, by several orders of mag-
nitude. For domains of size 222, it takes several hours to recover the coefficients, and
extrapolating to a 32 bit domain means recovery would take over a week. Clearly this
is not practical for realistic monitoring scenarios. Although GCS-logn also performs
exhaustive search over the domain size, its query times are significantly lower as it does
not require a sketch construction and inner-product query per wavelet coefficient.
Figures [3] (c) and (d) show the performance as the sketch size is increased. The
domain size was fixed to 2'® so that the fast-GKMS method would complete a query in
reasonable time. Update times do not vary significantly with increasing space, in line
with our analysis (some increase in cost may be seen due to cache effects). We also
tested the accuracy of the approximate wavelet synopsis for each method. We measured
the SSE-to-energy ratio of the estimated B-term synopses for varying B and varying
zipf parameter and compared it against the optimal B-term synopsis computed offline.
The results are shown in Figures 4] (a) and (b), where each sketch was given space
360KB. In accordance to analysis (GCS requires O(%) times more space to provide the
same guarantees with GKMS) the GCS method is slightly less accurate when estimating
more than the top-15 coefficients. However, experiments showed that increasing the size
to 1.2MB resulted in equal accuracy. Finally we tested the performance of our methods
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Fig. 5. Performance on 1-d Real Data and multi-d Real and Synthetic Data

on single dimensional meteorological data of domain size 22°. Per-item and query times
in Figure[3l (a) are similar to those on synthetic data.

Multi-Dimensional Experiments. We compared the methods for both wavelet decom-
position types in multiple dimensions. First we tested our GCS method for a synthetic
dataset (z = 1.1, 10° tuples) of varying dimensionality. In Figure [3] (b) we kept the
total domain size constant at 224 while varying the dimensions between 1 and 4. The
per-item update time is higher for the standard decomposition, as there are more up-
dates on the wavelet domain per update on the original domain. The increase in query
time can be attributed to the increasing sparseness of the domain as the dimensionality
increases which makes searching for big coefficients harder. This is a well known effect
of multidimensional standard and non-standard decompositions. For the real dataset,
we focus on the two dimensional case; higher dimensions are similar. Figure Blc) and
(d) show results for the standard and non-standard respectively. The difference between
GCS methods and fast-GKMS is more pronounced, because of the additional work in
producing multidimensional wavelet coefficients, but the query times remain signifi-
cantly less (query times were in the order of hours for fast-GKMS), and the difference
becomes many times greater as the size of the data domain increases.

Experimental Summary. The Group-Count sketch approach is the only method that
achieves reasonable query times to return an approximate wavelet representation of
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data drawn from a moderately large domain (22° or larger). Our first implementation is
capable of processing tens to hundreds of thousands of updates per second, and giving
the answer to queries in the order of a few seconds. Varying the degree of the search tree
allows a tradeoff between query time and update time to be established. The observed
accuracy is almost indistinguishable from the exact solution, and the methods extend
smoothly to multiple dimensions with little degradation of performance.

6 Related Work

Wavelets have a long history of successes in the signal and image processing arena
[L6,22] and, recently, they have also found their way into data-management applica-
tions. Matias et al. [[19] first proposed the use of Haar-wavelet coefficients as synopses
for accurately estimating the selectivities of range queries. Vitter and Wang [24] de-
scribe I/0-efficient algorithms for building multi-dimensional Haar wavelets from large
relational data sets and show that a small set of wavelet coefficients can efficiently pro-
vide accurate approximate answers to range aggregates over OLAP cubes. Chakrabarti
et al. [4] demonstrate the effectiveness of Haar wavelets as a general-purpose approx-
imate query processing tool by designing efficient algorithms that can process com-
plex relational queries (with joins, selections, etc.) entirely in the wavelet-coefficient
domain. Schmidt and Shahabi [21] present techniques using the Daubechies family
of wavelets to answer general polynomial range-aggregate queries. Deligiannakis and
Roussopoulos [8] introduce algorithms for building wavelet synopses over data with
multiple measures. Finally, I/O efficiency issues are studied by Jahangiri et al. [[15] for
both forms of the multi-dimensional DWT.

Interest in data streams has also increased rapidly over the last years, as more algo-
rithms are presented that provide solutions in a streaming one-pass, low memory envi-
ronment. Overviews of data-streaming issues and algorithms can be found, for instance,
in [3L120]. Sketches first appeared for estimating the second frequency moment of a set
of elements [2]] and have since proven to be a useful summary structure in such a dy-
namic setting. Their application includes uses for estimating join sizes of queries over
streams [1,|9], maintaining wavelet synopses [[L1]], constructing histograms [12}|23]], es-
timating frequent items [5,/6] and quantiles [13]. The work of Gilbert et al. [11] for
estimating the most significant wavelet coefficients is closely related to ours. As we
discuss, the limitation is the high query time required for returning the approximate
representation. In follow-up work, the authors proposed a more theoretical approach
with somewhat improved worst case query times [12]. This work considers an approach
based on a complex construction of range-summable random variables to build sketches
from which wavelet coefficients can be obtained. The update times remain large. Our
bounds improve those that follow from [12]], and our algorithm is much simpler to im-
plement. In similar spirit, Thaper et al. [23] use AMS sketches to construct an optimal
B-bucket histogram of large multi-dimensional data. No efficient search techniques are
used apart from an exhaustive greedy heuristic which always chooses the next best
bucket to include in the histogram; still, this requires an exhaustive search over a huge
space. The idea of using group-testing techniques to more efficiently find heavy items
appears in several prior works [|6,(7,(12]; here, we show that it is possible to apply similar
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ideas to groups under Ly norm, which has not been explored previously. Recently, dif-
ferent techniques have been proposed for constructing wavelet synopses that minimize
non-Euclidean error metrics, under the time-series model of streams [14}|17].

7 Conclusions

We have proposed the first known streaming algorithms for space- and time-efficient
tracking of approximate wavelet summaries for both one- and multi-dimensional data
streams. Our approach relies on a novel, Group-Count Sketch (GCS) synopsis that, un-
like earlier work, satisfies all three key requirements of effective streaming algorithms,
namely: (1) polylogarithmic space usage, (2) small, logarithmic update times (essen-
tially touching only a small fraction of the GCS for each streaming update); and, (3)
polylogarithmic query times for computing the top wavelet coefficients from the GCS.
Our experimental results with both synthetic and real-life data have verified the effec-
tiveness of our approach, demonstrating the ability of GCSs to support very high speed
data sources. As part of our future work, we plan to extend our approach to the problem
of extended wavelets [8] and histograms [23]].
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Abstract. Streaming environments typically dictate incomplete or ap-
proximate algorithm execution, in order to cope with sudden surges in
the data rate. Such limitations are even more accentuated in mobile en-
vironments (such as sensor networks) where computational and memory
resources are typically limited. This paper introduces the first “resource
adaptive” algorithm for periodicity estimation on a continuous stream
of data. Our formulation is based on the derivation of a closed-form
incremental computation of the spectrum, augmented by an intelligent
load-shedding scheme that can adapt to available CPU resources. Our
experiments indicate that the proposed technique can be a viable and
resource efficient solution for real-time spectrum estimation.

1 Introduction

Spectrum estimation, that is, analysis of the frequency content of a signal, is a
core operation in numerous applications, such as data compression, medical data
analysis (ECG data) [2], pitch detection of musical content [4], etc. Widely used
estimators of the frequency content are the periodogram and the autocorrelation
[5] of a sequence. For statically stored sequences, both methods have an O(nlogn)
complexity using the Fast Fourier Transform (FFT). For dynamically updated
sequences (streaming case), the same estimators can be computed incrementally,
by continuous update of the summation in the FFT computation, through the
use of Momentary Fourier Transform [12][9}[15].

However, in a high-rate, data streaming environment with multiple processes
‘competing’ over computational resources, there is no guarantee that each run-
ning process will be allotted sufficient processing time to fully complete its op-
eration. Instead of blocking or abandoning the execution of processing threads
that cannot fully complete, a desirable compromise would be for the system to
make provisions for adaptive process computation. Under this processing model
every analytic unit (e.g., in this case the ‘periodogram estimation unit’) can
provide partial (‘coarser’) results under tight processing constraints.

Under the aforementioned processing model and given limited processing time,
we are not seeking for results that are accurate or perfect, but only ‘good-
enough’. Since a typical streaming application will require fast, ‘on-the-fly’ deci-
sions, we present an intelligent sampling procedure that can decide whether to

Y. Ioannidis et al. (Eds.): EDBT 2006, LNCS 3896, pp. 23-[0} 2006.
© Springer-Verlag Berlin Heidelberg 2006
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retain or discard an examined sample. Our technique is based on a lightweight
linear predictor, which records a sample only if its value cannot be predicted by
previously seen sequence values.

Due to the sampling process, the retained data samples (asubset of the examined
data window) are not guaranteed to be equi-spaced. Hence, we also elaborate on
a closed-form periodogram estimation given unevenly spaced samples. We should
note that the proposed method for periodogram reconstruction based on irregu-
larly spaced samples is significantly more lightweight than the widely used Lomb
periodogram [I3] (which incurs a very high computational burden).

Other recent work on periodicity estimation on data streams has appeared
in [6], where the authors study sampling techniques for period estimation us-
ing sublinear space. [8] proposes sampling methods for retaining (with a given
approximation error) the most significant Fourier coefficients. In [I1] Papadim-
itriou, et al., adapt the use of wavelet coefficients for modeling a data stream,
providing also a periodicity estimator using logarithmic space complexity. How-
ever, none of the above approaches address the issue of resource adaptation
which is one of the main contributions of our work.

In the sections that follow we will illustrate the main concepts behind the
adaptive computation of the spectrum. In section [3] we describe our intelligent
‘on-the-fly’ sampling, and in section [ we elaborate on the closed-form incre-
mental computation of the periodogram from unevenly spaced data samples.
Finally, section [ provides extensive experiments that depict the accuracy and
effectiveness of the proposed scheme, under given complexity constraints.

2 Overview of Our Approach

Considering a data streaming scenario, our goal is to provide efficient mecha-
nisms for estimating and updating the spectru within the current data win-
dow. We use the periodogram as an estimate of the spectrum. A schematic of
our resource-adaptive methodology is provided in Fig. [l

At any given time, there might not be enough processing capacity to provide a
periodogram update using all the samples within the data window. The first step
toward tackling this problem is the reduction of points using an ‘on-the-fly’ load-
shedding scheme. Sub-sampling can lead to data aliasing and deteriorate the qual-
ity of the estimated periodogram. Therefore our sampling should not only be fast
but also intelligent, mitigating the impact of the sub-sampling on the squared er-
ror of the estimated periodogram. Sampling is based on a linear predictor, which
retains a sample only if its value cannot be predicted by its neighbors. An esti-
mator unit is also employed, which changes over time the ‘elasticity’ of the linear
predictor, for proper adaptation to the current CPU load.

If there is enough CPU time to process the final number of retained samples,
the spectrum is computed. Otherwise, more samples are dropped randomly and
the new estimate is computed on the remaining samples.

! Note that during the course of the paper, we may use the terms periodicity estima-
tion, spectrum estimation and periodogram estimation interchangeably.
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Fig. 1. Visual depiction of our methodology

The computation of the approximate periodogram is based on a formulation of
the DFT and the periodogram using unevenly spaced samples, a necessary step
due to the sampling process. Under a sliding window model, some of the previ-
ously used samples are discarded, while new samples are added in the window.
The proposed periodicity estimation algorithm possesses a very simple update
structure, requiring only subtraction of contributions from discarded samples
and addition of contributions due to the newly included samples.

The contributions of this paper are summarized below:

— We provide an abstraction of the resource adaptation problem for periodicity
estimation.

— We propose an intelligent load-shedding scheme along with a parameter es-
timator unit that tunes the adaptation to the current CPU load.

— We present a closed-form Fourier approximation using unevenly spaced sam-
ples and we show how to update it incrementally.

We analyze the performance of our proposed approach under CPU constraints,
and we measure the complexity abstractly, in terms of the number of multiplica-
tions, additions and divisions involved (making the analysis independent of the
underlying processor architecture). Even though our model is very spartan in its
memory utilization, we do not explicitly impose any memory constraints, since
this work focuses primarily on CPU adaptation. However, inclusion of potential
memory constraints is a straightforward addition to our model.

2.1 Notation

The Discrete Fourier Transform is used to analyse the frequency content in a
discrete and evenly sampled signal. In particular for a discrete time signal z[n]
the DFT X[m] is defined for all samples 0 < m,n < N — 1 as:

27rnm

(1)

%\H

n=0
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The periodogram P of a signal corresponds to the energy of its DFT:
P[m] = || X[m]||” (2)

Consider now, a continuous signal z(¢) sampled unevenly at discrete time
instants {to,t1,...,tn—1}. We show an example of this in Fig. [

Fig. 2. Unevenly sampled signal

We write this unevenly sampled signal using the discrete notation as x[k,]
where t; = k;T(k;eZ™) and T corresponds to the sampling interval with all
sampling instants as multiples. This is also shown in Fig. 2 In the remainder
of this paper we will describe an adaptive load-shedding algorithm that retains
unevenly spaced samples and we will also provide an incremental DFT estimation
for such discrete signals.

We measure the complexity of all our algorithms in terms of the number of
additions (subtractions), multiplications and divisions involved in the compu-
tations. Thus, we label the complexity of a single multiplication as &y, of a
division as £p;, and of a sum/subtraction as £gyp-

3 Load-Shedding Scheme

We consider the typical problem of running spectral analysis where we slide a
window across the temporal signal and incrementally update the signal’s DFT
(and the respective periodogram). We start with an evenly sampled signal, with
sampling interval T'. Consider that the window slides by a fixed amount Width x
T. As aresult of this sliding we discard n; points from the beginning of the signal
and add ng points to the end. However, if the available CPU cycles do not allow
us to update the DFT using all the points, we can adaptively prune the set
of added points using uneven sub-sampling to meet the CPU constraint while
minimizing the impact on the accuracy of the updated DFT.

3.1 Intelligent Sampling Via a Linear Predictor

We now present an algorithm (with linear complexity) for the adaptive pruning
of the newly added samples. In order to decide whether we can retain a particular
sample, we determine whether it can be linearlyg predicted from its neighbors.

2 Higher order predictors are also possible, but result in higher complexity.
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In particular, to make a decision for sample k; we compare the interpolated value
z"[k;] with the actual value z[k;], where the interpolated value is computed as:

wlki—1](kit1 — ki) + @[kipa](ki — kic1)

xint k'z —
[ki] kiv1 — ki1

3)

where sample k;_1 is the last retained sample before sample k; and sample
kit1 is the immediately following sample. If |z [k;] — z[k;]| < %ﬁlww
we can discard the sample k;, otherwise we retain it. The parameter Thresh is
an adaptive threshold that determines the quality of the approximation. If the
threshold is large, more samples are discarded, and similarly if the threshold is
small fewer samples are discardedd. We show an example of this interpolation
scheme in Fig. Bl

Cannot Discard

nt

S % Thresh . xolkal o

Discard
]

I [le ‘ ]|

ky ks ko ky ky ks

A
\4

Fig. 3. Linear interpolation scheme for adaptive pruning of samples

In Fig. Bl we show two steps of the algorithm. In the first step, we decide
that we can discard sample k1 as it can be interpolated by samples kg and ko.
In the next step, we decide that we cannot discard sample ko, as it cannot be
interpolated using samples kg and ks, its neighbors. If we start out with no
samples that we need to prune, the complexity of this algorithm is:

EMTP = (28 ry + 4€sub + Epiv) (N2 — 2) (4)

In Section we discuss how to tune the threshold T'hresh in order to obtain
the desired number of n1o samples, out of the ny samples added by the sliding
window.

In Fig. [ we illustrate on a stream that measures web usage, a comparison
of our intelligent sampling method against the equi-sampling technique, which
samples data at a specified time interval. We execute our algorithm for a specific
threshold and reduce the data points within a window from M down to N

3 Note that the squared approximation error due to this sub-sampling scheme cannot
be bounded in general for all signals, however we select it for its computational sim-
plicity. In particular, for the wide variety of signals we consider in our experiments,
we do not observe squared error significantly larger than the absolute squared thresh-
old value. Modification of this scheme to guarantee bounds on the approximation
error is a direction for future research.
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Fig. 4. Comparison of spectrum estimation errors for intelligent sampling and equi-

M. Vlachos, D.S. Turaga, and P.S.

Yu

Weblog Data

Original Periodogram
— Intelligent Sampling

Total Error = 28.67

Original Periodogram
— Equi Sampling

Total Error = 62.24

V.S

sampling techniques

(unevenly spaced). We estimate the resulting periodogram (see section M) as well
the periodogram derived by equi-sampling every N/M points. It is apparent from
the figure that intelligent sampling provides a much higher quality reconstruction
of the periodogram, because it can retain important features of the data stream.
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Fig. 5. Estimation comparisons for additional datasets

Additional examples on more datasets are provided in Fig. [l
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3.2 Threshold Estimator

The load-shedding algorithm assumes the input of a threshold value, which
directly affects the resulting number of retained points within the examined
window. The desirable number of final points after the thresholding is dic-
tated by the available CPU load. An optimal threshold value would lead to

WebLog Data, Thresh = 60, compression = 47.9452%

=== QOriginal Signal
X Retained Points

=== Before Load Shedding
— After Load Shedding

WebLog Data, Thresh = 100, compression = 69.0411%

=== Qriginal Signal
X Retained Points

=== Before Load Shedding
— After Load Shedding

WebLog Data, Thresh = 120, compression = 80%

=== Qriginal Signal
X Retained Points

=== Before Load Shedding
— After Load Shedding

Fig. 6. [Weblog Datal: Spectrum approximation for different threshold values
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Fig. 7. [Chaotic Data]: Spectrum approximation for different threshold values

sampling exactly as many points as could be processed by the currently avail-
able CPU time. However, there is no way of predicting accurately the correct
threshold without having seen the complete data, or without resorting to an
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expensive processing phase. In Figures [f] and [ we provide various examples of
the spectrum approximation for different parameters of the load-shedding thres-
hold value.

We will provide a simple estimator of the threshold value with constant com-
plexity, which is derived by training on previously seen portions of the data
stream. The expectation is that the training will be performed on a data subset
that captures a sufficient variation of the stream characteristics. The estima-
tor will accept as input the desired number of final samples that should remain
within the examined window, along with a small subset of the current data char-
acteristics, which -in a way- describe its ‘shape’ or ‘state’ (e.g. a subset of the
data moments, its fractal dimensionality, etc.). The output of the estimator is a
threshold value that will lead (with high expectation) to the desirable number
of window samples.

The estimator is not expected to have zero error, but it should lead approz-
imately to the desired compression ratio. In the majority of cases the selected
threshold will lead either to higher or lower compression ratio. Intuitively, higher
compression (or overestimated threshold) is preferable. This is the case, because
then one does not have to resort to the additional phase of dropping randomly
some of the retained samples (a sampling that is ‘blind’ and might discard cru-
cial points, such as important local minima or maxima). In the experiments, we
empirically verify that this desirable feature is true for the threshold estimator
that is presented in the following section.

3.3 Training Phase

Assume that F is a set of features that capture certain desirable characteristics
of the examined data window w, and P € {0,1,...,|w|} describes how many
points can be processed at any given time. The threshold estimator will provide
a mapping F X P — 7, where 7 is a set of threshold values.

It is not difficult to imagine, that data whose values change only slightly (or
depict small variance of values) do not require a large threshold value. The re-
verse situation exists for sequences that are ‘busy’, or exhibit large variance of
values. With this observation in mind, we will use the variance within the ex-
amined window as a descriptor of the window state. Higher order moments of
the data could also be used in conjunction with the variance for improving the
accuracy of the predictor. However, for simplicity and for keeping the computa-
tional cost as low as possible, we select to use just the variance in our current
prototype implementation.

The training phase proceeds as follows; given the training data we run a
sliding window on them. For each data window we compute the variance and
we execute the load-shedding algorithm for different threshold values (typically,
20,40, ..., 100, 120). After the algorithm execution the remaining number of data
points is recorded. This process is repeated for all the extracted data windows.
The result of this algorithm will be a set of triplets: [threshold, variance,
number of points]. Given this, we can construct the estimator as a mapping
f(numPoints,variance) — Thresh, where the actual estimator is essentially
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stored as a 2-dimensional array for constant retrieval time. An example of this
mapping is shown in Fig. B

It is clear that the training phase is not performed in real-time. However it

happens only once (or periodically) and it allows for a very fast prediction step.

Number of Points

Fig. 8. Training phase for the threshold estimator

3.4 Additional Notes

There are a couple of points that we would like to bring to the attention of the
reader:

1. Even though we assume that the training data will provide ‘sufficient’ clues

on the data stream characteristics, the estimator might come upon an in-
put of [variance, numPoints] that has not encountered during the train-
ing phase. In this case, we can simply provide the closest match, e.g. the
entry that has the closest distance (in the Euclidean sense) to the given
variance and number of points. Alternatively, we could provide an extrapo-
lation of the values, in other words, explicitly learn the mapping function.
This can be achieved by constructing an RBF network [I] based on the
training triplets. Since this approach is significantly more expensive and
could present over-fitting problems, in our experiments we follow the former
alternative.

. Over the period of time, the stream characteristics may gradually change,
and finally differ completely from the training data, hence leading to inconsis-
tent predictions. We can compensate for this by ‘readjusting’ the predictor,
by also recording the observed threshold error during the algorithm execu-
tion. This will result in a more extended maintenance phase of the estimator,
but this cost is bound to pay off in the long run for datasets that exhibit
frequent ‘concept drifts’ [10,[7]. We do not elaborate more on this exten-
sion, but we note it as potential addition for a more complex version of the
threshold estimator.
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4 Incremental Spectrum Estimation for Unevenly
Sampled Signals

Consider a signal z[k;],0 < i < N — 1, as shown in Fig. 2l Since the DFT is
defined only for evenly sampled signals, we implicitly recreate an evenly sampled
signal before computing the DFT. For this, we again use a linear interpolator
(that matches our sub-sampling algorithm), thereby reconstructing a piece-wise
linear evenly sampled signal. The DFT of this evenly sampled signal may be
computed in terms of the sum of contributions of each of the individual line
segments that constitute it. Due to the nature of the linear interpolator the
contribution of each line segment to the DFT may be analytically derived in
terms of only the endpoints of the segment (i.e. samples in the original unevenly
sampled signal) and the distance between them. This means that we do not
actually need to interpolate the unevenly sampled signal but can derive a closed
form expression for the DFT under the assumption of a linear interpolation
scheme. Similar approaches to ours have also been followed in [2]. Note that
while the time domain signal consists of only N (uneven) samples, in order to
compute the Discrete Fourier Transform (DFT) of this signal, we need to sample
the DFT at least M = ky_1 — ko times to avoid time domain aliasing. If we
denote by X,[m| the contributions to the Fourier Transform from each of the
N —1 line segments that make up the implicitly recreated evenly sampled signal,
then the DFT of the whole signal can be written as:

N-1
Xim] = 3" X,[ml 5)
n=1
where form=1,... M —1
1 —j 27”71]’:;—1 _ e_j ZWEA-H
nlml = Gy ] = etk ) (6)
2T e e )
and for m =0 .
Xn[o] = i(x[knfl] + m[kn])(kn —kn1) (7)

A significant benefit that equation (Bl brings is that the DFT for such un-
evenly sampled signals can be evaluated incrementally. Hence, if we shift the
window by a fixed width such that the first n; points are discarded, and nso
points are added at the end, then the DFT of the signal may be updated as

follows:
N+ns—1

X"m) = Xm] = > " Xpfml+ Y Xu[m] (8)

We now consider the complexity of computing this update. As with several
papers that analyze the complexity of the FFT, we assume that the complex
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exponentials e (and the intermediate value are considered pre-
computed for all m and n. Using our labels for complexity as defined in the
notation, the complexity of computing one single update coefficient X,,[m] for
m=1,..., M — 1 may be represented as:

2mmky, )
M

§ = 6&nur + 5Esub + Epiv 9)

and for m =0 as

€ = 26aru + 25ub (10)
Finally, the complexity of updating all the M DFT coefficients in this scenario
is:

gPdote (N iy ng) = (ny + n2)[(M — 1)(6Earur + 5Esub + Epiv)

11
+ (26pui + 265up) + MEsup) + 2MEsup (1)

4.1 Benefit of Sub-sampling Algorithm

Using our sub-sampling algorithm we can reduce the number of samples that
need to be used to update the DFT. Consider that as a result of the pruning, we
can reduce ng samples into a set of 72 samples (7ia < ng). While the reduction in
the number of samples directly translates to a reduction in the complexity of the
update, we also need to factor in the additional cost of the sub-sampling algo-
rithm. Comparing equations () and () we realize that the overall complexity
of the update (including the sub-sampling) is reduced when:

gupdate(M’ ni, n2) > gupdate(M’ ni, ﬁ2) + ginterp (12)

To determine when this happens, consider a simple case when no = ny — 1, i.e.
the sub-sampling leads to a reduction of one sample. The increase in complexity
for the sub-sampling is (2&pru1 + 4€sub + Epiv)(n2 — 2) while the corresponding
decrease in the update complexity is (M — 1)(6&nu + 5Esub + Epiv) + (2€psul +
28sub) + MEsyp (from equation (II)). Clearly, since 7ia < my < M, one can
easily realize that the reduction in complexity far outweighs the increase due to
the sub-sampling algorithm. In general, equation ([Z) is always true when the
sub-sampling algorithm reduces the number of samples (i.e., when 715 < ng).

If, at a certain time, the CPU is busy, thereby imposing a computation con-
straint of €™ we need to perform our DFT update within this constraint. If
gupdate (N my ng) > €M we cannot use all the samples ny for the update, and
hence we need to determine the optimal number of samples to retain 72, such
that £UPdate (M ny, fig) 4 £terP < ¢limit Qpecifically, we may compute this as:

glimit _ ginterp _ 2M£Sub
(M — 1)(6&nrur + 5Esub + Epiv) + (28arui + 2Esub) + MEsup

ni1 (13)

flg <

Finally, we can achieve this by tuning the sub-sampling threshold T hresh based
on the algorithm described in Section
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5 Experiments

The usefulness of the proposed resource-adaptive periodicity estimation depends
on two factors:

— The accuracy of the approach, which is indicated by the quality of the DFT
approximation and its respective periodogram. If the periodogram after the
load-shedding closely resembles the original one, then the provided estimate
is meaningful.

— The adaptiveness of the proposed methodology, which is highly dependent
on the quality of the threshold estimator. An accurate estimator will lead to
sampling rates that closely adapt to the current CPU loads.

We examine separately those two factors in order to provide a more thorough
and clear evaluation.

5.1 Quality of DFT Estimation

The quality of the approximated Fourier coefficients is measured on a variety
of periodic datasets obtained from the time-series archive at UC Riverside [14].
These datasets only have a length of 1024, therefore it is difficult to provide a
meaningful evaluation on the streaming version of the algorithm. However, by
providing the whole sequence as input to the periodicity estimation unit we can
evaluate the effectiveness of the load-shedding scheme in conjunction with the
closed-form DFT computation on the unevenly spaced samples. We compute
the accuracy by comparing the estimated periodogram against the actual one
(had we not discarded any point from the examined data window). We run
the above experiment on different threshold values Thresh = 20...120. For
example, a value of Thresh = 20 signifies that the predicted value (using the
linear predictor) does not differ more than 20% from the actual sequence value.

Note that the original periodogram is evaluated on a window of M points
(M = 1024), while the one based on uneven sampling uses only the N remaining
samples (N < M). In order to provide a meaningful comparison between them
we evaluate the latter periodogram on all M/2 frequencies -see equation [6+, even
though this is not necessary on an actual deployment of the algorithm.

We compare the accuracy of our methodology against a naive approach that
uses equi-sampling every N/M points (i.e., leading again to N remaining points
within the examined window). This approach is bound to introduce aliasing
and distort more the original periodogram, because (unlike the intelligent load-
shedding) it does not adapt according to the signal characteristics.

Figures[d] [0 indicate the periodogram error introduced by the intelligent and
the equi-sampling techniques. On top of each bar we also portray the compression
achieved using the specific threshold Thresh, computed as 100 % (1 — N/1024).

The results suggest that the load-shedding scheme employed by our technique
can lead to spectrum estimates of much higher quality than competing methods.
In two cases (Fig. 9, Reality Check) the equi-sampling performs better than
the linear interpolator, but this occurs only for minute compression ratios (i.e.,
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Fig. 9. Spectrum estimation comparison for various compression rates. The proposed
intelligent sampling provides spectrum reconstruction of higher quality given the same
number of samples.

when the threshold discards less than 10 samples per 1024 points). In general
the observed reduction in the estimation error compared to equi-sampling, can
range from 10% to more than 90% on the 14 datasets examined in this paper.

5.2 Threshold Estimator Accuracy

For testing the accuracy of the threshold estimator we need longer datasets,
which could be used for simulating a sliding window model execution and ad-
ditionally provide a training subset. We utilize real datasets provided by the
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Fig.10. Again the intelligent sampling outperforms equi-sampling techniques for the
same compression rates

automotive industry. These are diagnostic measurements that monitor the evo-
lution of variables of interest during the operation of a vehicle. Examples of
such measurements could be the engine pressure, the torque, vibration patterns,
instantaneous fuel economy, engine load at current speed, etc.

Periodic analysis is an indispensable tool in automotive industry, because pre-
dictive maintenance can be possible by monitoring the changes in the spectrum
of the various rotating parts. Therefore, a change in the periodic structure of the
various engine measurements can be a good indicator of machine wear and/or
of an incipient failure.

The measurements that we use have length of 50000 points and represent
monitoring of a variable over an extended period of timd]. On this data we use
a sliding window of 1024 points. We generate a synthetic CPU load, which is
provided as input to the periodicity estimation unit. Based on the synthetic CPU
trace, at any given point in time the periodicity unit is given adequate time
for processing a set of points with cardinality within the range of 50 to 1024

4 We have not provided the name of the specific engine measurement, because it is
provided to us unlabeled by our automotive partner.
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Fig.11. A deployment of our algorithm on streaming automotive measurements. We
constrast the estimated spectrum with the original one at two instances of the sliding
window.
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Fig. 12. Left: Histogram of the threshold estimator error. Right: Cases of overestimated
threshold (fewer remaining samples -more desirable) are more frequent than instances
of underestimated threshold

(1024 being the length of the window). In Fig. [[1] we show two instances of the
approximated spectrum under limited CPU resources. On the first instance the
indicated available CPU of 12.41% means that only 12.41% of the total window
points should remain after the load-shedding, given the available processing time.

Executing our algorithm on the complete data stream, we monitor the accu-
racy of the threshold estimator. The estimator is fed with the current CPU load
and provides a threshold estimate T hreshes; that will lead with high probability
to P remaining points (so that they could be sufficiently processed given the
available CPU load). Suppose that the actual remaining points after the appli-
cation of the threshold Thresh.s are P. An indicator of the estimator accuracy
is provided by contrasting the estimated number of points P against the actual
remaining ones P (error = |P — P|).

The experimental results are very encouraging and indicate an average er-
ror on the estimated number of points in the range of 5% of the data window.



Resource Adaptive Periodicity Estimation of Streaming Data 39

For this experiment, if the predicted number of points for a certain threshold
is 250 points, the actual value of remaining points could be (for example) 200
points. This is the case of an overestimated threshold which compressed more
the flowing data stream. As mentioned before, this case is more desirable (than
an underestimated threshold), because no additional points need to be subse-
quently dropped from the current data window (which is not bound to introduce
additional aliasing problems).

A histogram of the estimator approximation error is given on the left part of
Fig. We observe that for the majority of data windows the estimation error is
small, while fewer instances of the algorithm execution report a large error in the
threshold estimation. On the right part of Fig. [2 we also provide how many cases
of overestimated thresholds we have and how many underestimated. The overes-
timated ones (more desirable) are higher than the underestimated, which again
indicates many of the attractive properties of the proposed threshold predictor.

6 Conclusion

We have presented the first resource-adaptive method for periodicity estimation.
The key aspects of the proposed method are: (1) An intelligent load-shedding
scheme that can adapt to the CPU load using a lightweight predictor. (2) A
DFT estimation that utilizes unevenly spaced samples, provided by the previ-
ous phase. We have shown the quality of the approximated DFT and we also
demonstrated that our scheme can adapt closely to the available CPU resources.
We compare our intelligent load-shedding scheme against equi-sampling and we
show improvements in the periodogram estimation ranging from 10% to 90%.
As part of future work, we plan to examine whether it is possible to reduce even
further the computational cost. This could be achieved by investigating the pos-
sibility of a ‘butterfly’ structure [3] in the incremental spectrum computation.
We also plan to modify the sub-sampling algorithm in order to support provable
bounds on the periodogram approximation error.
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Abstract. Recent advances in hardware technology have resulted in the
ability to collect and process large amounts of data. In many cases, the
collection of the data is a continuous process over time. Such continuous
collections of data are referred to as data streams. One of the interesting
problems in data stream mining is that of predictive query processing.
This is useful for a variety of data mining applications which require us
to estimate the future behavior of the data stream. In this paper, we will
discuss the problem from the point of view of predictive summarization.
In predictive summarization, we would like to store statistical charac-
teristics of the data stream which are useful for estimation of queries
representing the behavior of the stream in the future. The example uti-
lized for this paper is the case of selectivity estimation of range queries.
For this purpose, we propose a technique which utilizes a local predictive
approach in conjunction with a careful choice of storing and summarizing
particular statistical characteristics of the data. We use this summariza-
tion technique to estimate the future selectivity of range queries, though
the results can be utilized to estimate a variety of futuristic queries. We
test the results on a variety of data sets and illustrate the effectiveness
of the approach.

1 Introduction

A number of technological innovations in recent years have facilitated the auto-
mated storage of data. For example, a simple activity such as the use of credit
cards or accessing a web page creates data records in an automated way. Such
dynamically growing data sets are referred to as data streams. The fast nature of
data streams results in several constraints in their applicability to data mining
tasks. For example, it means that they cannot be re-examined in the course of
their computation. Therefore, all algorithms need to be executed in only one pass
of the data. Furthermore, if the data stream evolves, it is important to construct
a model which can be rapidly updated during the course of the computation.
The second requirement is more restrictive, since it needs us to design the data
stream mining algorithms while taking temporal evolution into account. This
means that standard data mining algorithms on static data sets cannot be easily
modified to create a one-pass analogue for data streams. A number of data min-
ing algorithms for classical problems such as clustering and classification have
been proposed in the context of data streams in recent years [1-8, 14].

Y. Ioannidis et al. (Eds.): EDBT 2006, LNCS 3896, pp. 4158 2006.
© Springer-Verlag Berlin Heidelberg 2006
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An important problem in data stream computation is that of query selectiv-
ity estimation. Such queries include, but are not limited to problems such as
selectivity estimation of range queries. Some examples of such queries are as
follows:

— Find the number of data points lying in the range cube R. (Range Query)
— For a target point X, find the number of data points within a given
radius r. (Radius Query)

A more general formulation of the above queries is to find the number of data
points which satisfy a user-specified set of constraints &/. While this includes all
standard selectivity estimation queries, it also allows for a more general model
in which the selectivity of arbitrary constraints can be determined. For example,
the constraint U could include arbitrary and non-linear constraints using some
combinations of the attributes. This model for selectivity estimation is signifi-
cantly more general than one which supports particular kinds of queries such as
range queries.

Consider an aggregation query on a data stream for a given window of time
(T, T). While the query processing problem has been explored in the context
of data streams [6][7,[T0}[TTL[T3LT5], these methods are designed for processing of
historical queries. These correspond to cases in which 77 and T, are less than
the current time to. In this paper, we examine the problem of predictive query
estimation. In the predictive query estimation problem, we attempt to estimate
the selectivity of queries in a future time interval by making use of the current
trends of the data stream. Thus, the generic data stream predictive selectivity
estimation problem is defined as follows:

Definition 1. FEstimate the number of points in a data stream in the future
time interval (Ty,Ty), which satisfy the user-specified set of constraints U.

We note that predictive query processing is a significantly more difficult problem
than historical query processing. This is because the historical behavior of the
stream is already available, whereas the future behavior can only be estimated
from the evolution trends in the data stream. This creates significant challenges
in deciding on the nature of the summary information to be stored in order
to estimate the responses to predictive queries. Some work has been done on
performing high-level regression analysis to data cubes, but this work is designed
for finding unusual trends in the data, and cannot be used for estimation of the
selectivity of arbitrary user queries.

In order to solve the predictive querying problem, we use an approach in
which we utilize local regression analysis in conjunction with storage of the
summary covariance structure of different data localities. The local predictive
approach stores a sufficient amount of summary statistics that it is able to create
effective predictive samples in different data localities. These predictive samples
can then be used in order to estimate the accuracy of the underlying queries.
The sizes of the predictive samples can be varied depending upon the desired
level of accuracy. We will show that such a local approach provides significant
advantages over the technique of global regression. This is because the latter
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cannot generate the kind of refined summary constructed by the local approach.
The refined summary from the local approach provides the ability to perform
significantly superior estimation of the future data points. Thus, this approach
is not only flexible (in terms of being able to handle arbitrary queries) but is also
more effective over a wide variety of data sets. Furthermore, the summaries can
be processed very efficiently because of the small size of the data stored. Thus,
the paper presents a flexible, effective and efficient approach to predictive data
summarization.

This paper is organized as follows. In the next section, we will discuss the overall
framework for the approach. We will also discuss the summary statistics which are
required to be stored in order to implement this framework. In section 3, we will
discuss the algorithms in order to create the summary statistics, and the process
of performing the estimation. The empirical sections are discussed in section 4.
Section 5 contains the conclusions and summary.

2 The Overall Summarization Framework

In order to perform predictive selectivity estimation, we need to store a sufficient
amount of summary statistics so that the overall behavior of the data can be
estimated. One way of achieving this goal is the use of histograms in order to
store the summary information in the data. While traditional methods such as
histograms and random sampling are useful for performing data summarization
and selectivity estimation in a static data set, they are not particularly useful
for predicting future behavior of high dimensional data sets. This is because of
several reasons:

(1) Histograms are not very effective for selectivity estimation and summariza-
tion of multi-dimensional sets. It has been estimated in [I2] that for higher
dimensional data sets, random sampling may be the only effective approach.
However, random sampling is not very effective for predictive querying because
the samples become stale very quickly in an evolving data stream.

(2) Since the data may evolve over time, methods such as histograms are not
very effective for data stream summarization. This is because when the behavior
of the data changes substantially, the summary statistics of the current his-
tograms may not effectively predict future behavior.

(3) In this paper, we propose a very general model in which queries of arbitrary
nature are allowed. Thus, the geometry of the queries is not restricted to partic-
ular kinds of rectangular partitions such as range queries. While summarization
methods such as histograms are effective for rectangular range queries,they are
not very effective for arbitrary queries. In such cases, random sampling is the
only effective approach for static data sets. However, our empirical results will
show that the random sampling approach is also not very useful in the context
of an evolving data stream.

The overall approach in this paper emphasizes predictive pseudo-data gen-
eration. The essential idea in predictive pseudo-data generation is to store a
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sufficient amount of summary statistics so that representative pseudo-data can
be generated for the future interval (T7,T3). The summary statistics include
such parameters as the number of data points arriving, the mean along each
dimension as well as relevant second order statistics which encode the covari-
ance structure of the data. While such statistics are stored on a historical basis,
they are used to estimate the corresponding statistics for any future time hori-
zon (T1,T5). Such estimated statistics can then be used to generate the sample
pseudo-data records within the desired horizon (T3, 7). We note that while the
sample records (which are generated synthetically) will not represent the true
records within the corresponding future time horizon, their aggregate statistics
will continue to reflect the selectivity of the corresponding queries. In other
words, the aggregation queries can be resolved by determining the number of
pseudo-data points which satisfy the user query. The advantage of using pseudo-
data is that it can be leveraged to estimate the selectivity of arbitrary queries
which are not restricted to any particular geometry or form. This is not the
case for traditional methods such as histograms which work with only a limited
classes of queries such as rectangular range queries.

We will now describe the statistics of the data which are maintained by the
stream summarization algorithm. The summary statistics consist of the first
order statistics as well as the co-variance structure of the data. In order to
introduce these summary statistics, we will first introduce some further nota-
tions and definitions. Let us consider a set of N records denoted by D, each
of which contains d dimensions. The records in the database D are denoted
by Xi...Xy. The dimensions of each individual record X; are denoted by
(x}...z¢). For a subset of records Q from the database D, we define the sum-
mary statistics Stat(Q) = (Sc¢(Q), Fs(Q),n(Q)), which defines the complete
covariance structure of Q. Specifically, Sc(Q) corresponds to the second or-
der statistics of Q, F's(Q) corresponds to the first order structure, and n(Q)
corresponds to the number of data points. Each of these statistics are defined
as follows:

(1) Product Sum (Second Order Covariance) Statistics. For each pair
of dimensions i and j, we store the sum of the product for the corresponding
dimension pairs. For the sake of convention (and to avoid duplication), we assume
that ¢ < j. The product sum for the dimension pairs 4, 7 and record set Q is
denoted by Sc;;(Q). The corresponding value is defined as follows:

Scii(Q) =) af-af (1)

keQ

The second order statistics is useful in computing covariance structure of the
data records in Q. We note that a total of d- (d 4 1)/2 values (corresponding to
different values of ¢ and j) need to be maintained in the vector Sc(Q).

(2) First Order Statistics. For each dimension ¢ we maintain the sum of the
individual attribute values. Thus, a total of d values are maintained. The value
for the dimension i is denoted by F's;(Q), and is defined as follows:
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Fsi(Q) =Y af (2)
keQ

We denote the vector (F's1(Q)...Fsq(Q)) by Fs(Q).

(8) Zero Order Statistics. The zero order statistics n(Q) contains one value
and is equal to the number of records in Q.

Thus, the total number of values which need to be stored in the vector Stat(Q)
is equal to d?/2 + 3 - d/2 + 1. We make the following observations about the
statistics which are stored:

Observation 21. Each of the statistical values in Stat(Q) can be expressed
as a linearly separable and direct sum of corresponding functional values over
individual records.

Observation 22. The covariance Cj; between the dimensions i and j can be
expressed in the following form:

Cij = 5¢i;(Q)/n(Q) — F'si - Fs;/(n(Q) - n(Q)) 3)

The first observation is important because it ensures that these statistical values
can be efficiently maintained in the context of a data stream. This is because
Stat(Q) can be computed as the simple arithmetic sum over the corresponding
functional values over individual records. The second observation is important
because it ensures that the covariance between the individual dimensions can
be computed in terms of the individual statistical values. Thus, the statistical
values provide a comprehensive idea of the covariance structure of the data. This
is achieved by the method of principal component analysis. Since we will use this
technique in our paper, we will discuss this method in detail below.

Let us assume that the covariance matrix of Q is denoted by C(Q) = [Cj;].
Therefore, C;; is equal to the covariance between the dimensions 7 and j. This
covariance matrix is known to be positive-semidefinite and can be diagonalized
as follows:

€(Q) = P(Q)- A(Q) - P(Q)" (4)

Here the columns of P(Q) represent the orthonormal eigenvectors, whereas A(Q)
is a diagonal matrix which contains the eigenvalues. The eigenvectors and eigen-
values have an important physical significance with respect to the data points in
Q. Specifically, the orthonormal eigenvectors of P(Q) represent an axis system
in which the second order correlations of Q@ are removed. Therefore, if we were
to represent the data points of @ in this new axis system, then the covariance
between every pair of dimensions of the transformed data set would be zero.
The eigenvalues of A(Q) would equal the variances of the data Q along the
corresponding eigenvectors. Thus, the orthonormal columns of the matrix P(Q)
define a new axis system of transformation on Q, in which A(Q) is the new
covariance matrix.

We note that the axis system of transformation represented by Q is a par-
ticularly useful way to regenerate a sample of the data from the distribution
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represented by these statistics. This is because of the pairwise (second-order)
independence between the dimensions of the transformed system. As a result,
the data values along each of the transformed dimensions can also be generated
independently of one another[] Thus, the covariance matrix serves the essential
purpose of summarizing the hidden structure of the data.

This structural description can be used to estimate and generate future sam-
ples of the data. In order to do so, we use the historical statistics in order to esti-
mate the future statistics. The aim of this approach is to effectively re-generate
the data samples, while taking into account the evolution of the data. In the
next section, we will discuss the details of the approach and its application to
the predictive query estimation problem. In order to actually store the statis-
tics, we use both a global and a local predictive approach. In the global approach,
the summary statistics of the entire data are stored at regular intervals. Let us
denote the data points which have arrived till time ¢ by DS(t). As each data
point X; arrives, we add the corresponding values of Fs({X;}) and Sc;;({X:})
to F's(DS(t)) and Se(DS(t)) respectively. The value of n(DS(t)) is incremented
by one unit as well. Thus, the additivity property of the statistics ensures that
they can be maintained effectively in a fast stream environment.

In order to improve the accuracy of prediction, we use a local approach in
which the prediction is performed separately on each data locality. In the local
predictive approach, the statistics are maintained separately for each data local-
ity. In other words, the data stream DS(t) is segmented out into ¢ local streams
which are denoted by DS1(t), DSa(t), ... DS,(t) respectively. We note that the
statistics for each local segment are likely to be more refined than the statistics
for the entire data stream. This results in more accurate prediction of the future
stream summaries. Correspondingly, we will show that the selectivity results are
also more accurate in the local approach. We note that the local predictive ap-
proach degenerates to the global case when the value of g is set to 1. Therefore,
we will simply present the predictive query estimation method for the local case.
The global case can be trivially derived from this description.

The process of maintaining the g local streams is illustrated in Figure [l
The first step is to create the initial set of statistics. This is achieved by stor-
ing an initial portion of the stream onto the disk. The number of initial data
points stored on disk is denoted by Init. A k-means algorithm is applied to
this set of points in order to create the initial clusters. Once the initial clusters
DS (t)...DS4(t) have been determined, we generate the corresponding statis-
tics Stat(DS1(t)) ... Stat(DS,(t)) from these clusters. For each incoming data
point, we determine its distance to the centroid of each of the local streams. We
note that the centroid of each local stream DS;(t) can be determined easily by
dividing the first order statistics F's(DS;(t)) by the number of points n(DS;(t)).
We determine the closest centroid to each data point. Let us assume that the
index of the closest centroid is min € {1,...q}. We assign that data point to
the corresponding local stream. At the same time, we update Stat(DSin (1))

! This results in a second-order approximation which is useful for most practical pur-
poses.
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Algorithm. MaintainLocalStream(Data Stream: DS(t),
TimeStamp: t);
begin
Store the first Init points from the data stream;
Apply k-means clustering to create [ clusters;
Denote each cluster by DS;(t) for i € {1,...q};
Compute Stat(DS;(t)) for i € {1,...q};
for each incoming data point X do

begin
Compute centroid of each DS;(t) using Stat(DS;(t));
Compute closest centroid index min € {1,...q};

Assign X to closest centroid and update
corresponding statistics DS;(t);
end
end

Fig. 1. Local Stream Maintenance

by adding the statistics of the incoming data point to it. At regular intervals of
r, we also store the corresponding state of the statistics to disk. Therefore, the
summary statistics at times 0,7,2-r,...¢-r... are stored to disk.

3 The Predictive Query Estimation Method

In this section, we will discuss the predictive query estimation technique. Let
us assume that the user wishes to find a response to the query R over the
time interval (T%,7%). In order to achieve this goal, a statistical sample of the
data needs to be generated for the interval (77,7%). This sample needs to be
sufficiently predictive of the behavior of the data for the interval (77,7%). For
this purpose, we also need to generate the summary statistics which are relevant
to the future interval (T4, T%).

Let us assume that the current time is tg < 7T} < T5. In order to generate the
statistical samples in the data, we utilize a history of length 75 — tg. In other
words, we determine p evenly spaced snapshots in the range (to — (T2 — to), to).
These p evenly spaced snapshots are picked from the summary statistics which
are stored on disk. In the event that the length of the stream is less than (75 —t),
we use the entire stream history and pick p evenly spaced snapshots from it. Let
us assume that the time stamps for these snapshots are denoted by b ...b,.
These snapshots are also referred to as the base snapshots. Then, we would like
to generate a functional form for Stat(DS;(t)) for all values of ¢ that are larger
than ¢y. In order to achieve this goal, we utilize a local regression approach for
each stream DS;(t). Specifically, each component of Stat(DS;(t)) is generated
using a polynomial regression technique.

The generation of the zeroth order and first order statistics from Stat(DS;(t))
is done slightly differently from the generation of second order statistics. A bursty
data stream can lead to poor approximations of the covariance matrix. This is
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because rapid changes in the covariance values could occur due to either changes
in the speed of arriving data points, or due to changes in inter-attribute corre-
lations. In order to improve the accuracy further, we use the correlation matrix
for the period between (to — (T2 — to),to) as a more usable predictor of future
behavior. We note that the correlation matriz is far less sensitive to the absolute
magnitudes and rate of arrival of the data points, and is therefore likely to vary
more slowly with time. The correlation between the dimensions ¢ and j for a
set of data points Q is denoted by 6,;(Q) and is essentially equal to the scaled
covariance between the dimensions. Therefore, if Cov;;(Q) be the covariance
between the dimensions ¢ and j, we have:

_ C’O'Uij(Q)
\/CO’U“' (Q) . COUjj (Q)

0:;(Q) (5)

We note that unlike the covariance, the correlation matrix is scaled with respect
the absolute magnitudes of the data values, and also the number of data points.
This ensures that the correlation between the data points remains relatively
stable for a bursty data stream with noise in it. The value of 6;;(Q) lies between
0 and 1 for all 4,5 € {1,...d}.

The local predictive approach works on each local stream DS;(t) separately,
and determines the values of certain statistical variables at the base snapshot
times by ...b,. These statistical variables are as follows:

(1) For each local stream DS;(t) and j € {1...p — 1} we determine the num-
ber of data points arriving in the time interval [b;,b;41]. This can be derived
directly from the summary statistics stored in the snapshots, and is equal to
n(DS;(bj4+1) — n(DS;(b;)). We denote this value by (i, b;).

(2) For each local stream DS;(t), j € {1...p— 1}, and k € {1...d}, we de-
termine the mean of the data points which have arrived in the time interval
[bj,bj+1]. This can again be estimated from the summary statistics stored in the
snapshots at by ...b,. The corresponding value is equal to (F'sip(DS;(bjy1)) —
Fsk(DSZ(bJ)))/(n(DSZ(bJH)) — n(DSZ(b]))) We denote this value by ,uk(i, bj)
(3) For each local stream DS;(t), j € {1...p— 1}, and dimension k € {1...d},
we determine the variance of the data points which have arrived in the time
interval [bj, bj+1]. This is estimated by using a two step process. First we com-
pute the second order moment of dimension k in interval [b;, bj+1]. This second
order moment is equal to (Scpr(DS;(bjy1)) — Scrn(DSi(b5)))/(n(DSi(bj+1)) —
n(DS;(b;))). We denote this value by SquareMomenty(i,b;). Then, the vari-
ance in interval [b;,bj11] is equal to SquareMomenty(i,b;) — pi(i,b;)?. We
denote this variance by o7 (i, b;).

(4) For each local stream DS;(t), j € {1...p — 1}, and dimension pairs k,l €
{1...d}, we determine the correlation between these dimension pairs. The cor-
relation is determined by the expression (SquareMomenty(i,b;) — ux(i,b;) *
wi(3,05))/(ok(i,b;) * 01(4,b;)). The correlation is denoted by ¢w:i(i,b;).

For each of the statistical values (i, b;), ug(i,b;), o2 (i,b;), and ¢ (i, b;), we
have (p — 1) different instantiations for different values of k and [. Therefore, for
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each of the different values, we would like to define a functional form in terms
of the time t. In the following discussion, we will discuss the general approach
by which the functional form is that of the expression 7. Let us assume that the
functional form is determined by the expression H(n,i,t). Note that the value
of H(n,1i,t) refers to the number of data points in an interval of length (by — by)
and starting at the point ¢ for data stream DS;(t). We also assume that this
functional form H(n,14,t) is expressed polynomially as follows:

Hm,it) = am - t™ 4+ am_1 -t 4+ ...+ ay -t +ag (6)

The coefficients ag . . . a,, define the polynomial function for H(n,1,t). These co-
efficients need to be approximated using known instantiations of the function
H(n,i,t). The order m is chosen based on the number (p — 1) of known instanti-
ations. Typically, the value of m should be significantly lower than the number
of instantiations (p— 1). For a particular data stream DS;(t), we know the value
of the function for (p — 1) values of ¢ which are given by ¢ = by ...b,—1. Thus,
for each j = 1...(p — 1), we would like H(n,%,b;) to approximate n(i,b;) as
closely as possible. In order to estimate the coefficients ag . . . a,,, we use a linear
regression technique in which we minimize the mean square error of the approxi-
mation of the known instantiations. The process is repeated for each data stream
DS;(t) and each Statisticaﬂ variable 7, pg, ok, and ¢g;. Once these statistical
variables have been determined, we perform the predictive estimation process.
As mentioned earlier, it is assumed that the query corresponds to the future
interval (T1,Ts). The first step is to estimate the total number of data points in
the interval (T1,T2). We note that the expression H(n,4,t) corresponds to the
number of points for data stream i in an interval of lengthf] (ba — b1). Therefore,
the number of data points s(i, 77, T») in stream ¢ for the interval (71, T5) is given
by the following expression:

s(i,T1,T) = /T2 Mdt (7)

=1, b2—b1

The value of (bs — by) is included in the denominator of the above expression,
since the statistical parameter 17 has been estimated as the number of data points
lying in an interval of length (by — b1) starting at a given moment in time. Once
the number of data points in the time interval (71,7T5) for each stream DS;(t)
have been estimated, the next step is to generate Nsqmp(i) sample points using
the statistics 1, u, o, and ¢. The value of Nsgmp(i) is chosen proportionally to
s(¢,T1,T>) and should at least be equal to the latter. Larger values of Nygmyp(4)
lead to greater accuracy at the expense of greater computational costs. We will

2 We note that the fitting method need not have the same order for all the polynomials.
For the zeroth, first order, and second order statistics, we used second order, first
order and zeroth order polynomials respectively. This turns out to be more useful in
a bursty data stream in which these parameters can vary rapidly.

3 Since the intervals are evenly spaced, we note that (b; — b;j_1) is equal to (ba — b1)
for each value of j € {1,...(p—1)}.
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discuss the process of generating each sample point slightly later. Each of these
sample points is tested against the user-defined query predicate, and the fraction
of points f(i,U) which actually satisfy the predicate U from data stream DS;(t)
is determined. The final estimation ES(U) for the query U is given by the sum
of the estimations over the different data streams. Therefore, we have:

Zs i, Ty, Ty) - f(i,U) (8)

It now remains to describe how each sample point from stream 7 is generated
using the summary statistics.

The first step is to generate the time stamp of the sample point from stream
DS;(t) . Therefore, we generate a sample time t5 € (T1,T2) from the relative
density distribution 7(i,T"). Once the sample time has been determined, all the
other statistical quantities such as mean, variance, and correlation can be instan-
tiated to pux(i,ts), oi(i,ts), and ¢p(i,ts) respectively. The covariance oy (i, ts)
between each pair of dimensions k and [ can be computed as:

oni(iste) = \JoR(i,ts) - o7 (i) - (i t) )

The equation [9] relates the covariance with the statistical correlation by scaling
appropriately with the product of the standard deviation along the dimensions
k and . This scaling factor is given by /07 (i, ts) - 07(i, ts). Once the covariance
matrix has been computed, we generate the eigenvectors {7y ...e5} by using the
diagonalization process. Let us assume that the corresponding eigenvalues are
denoted by {1 ...y} respectively. We note that A; denotes the variance along
the eigenvector €;. Since the eigenvectors represent the directions of zero corre-
lationf], the data values can be generated under the independence assumption
in the transformed axis system denoted by {e7...e5}. We generate the data in
each such dimension using the uniform distribution assumption. Specifically, the
offset from the mean pu(i,t,) of stream DS;(t) along & is generated randomly
from a uniform distribution with standard deviation equal to \/)\—] . While the
uniform distribution assumption is a simplifying one, it does not lead to an ad-
ditional loss of accuracy. Since each data stream DS;(t) represents only a small
locality of the data, the uniform distribution assumption within a locality does
not affect the global statistics of the generated data significantly. Once the data
point has been generated using this assumption, we test whether it satisfies the
user query constraints /. This process is repeated over a number of different data
points in order to determine the fraction f(i,U) of the data stream satisfying the
condition Y. The overall process of query estimation is illustrated in Figure [2
It is important to note that the input set of constraints U can take on any form,
and are not restricted to any particular kind of query. Thus, this approach can
also be used for a wide variety of problems that traditional selectivity estimation

4 We note that the eigenvectors represent the directions of zero second-order correla-
tion. However, a second-order approximation turns out be effective in practice.
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Algorithm. EstimateQuery(Local Statistics: Stat(DS;(b;)),
Query Interval: (Th,T2), Query: U);
begin
Derive (i, b;), px(4,b;), o2(i,b), éxi(4,b;) from
Stat(DS;(bj));
Use local polynomial regression to generate
functional forms H(n,14,t), H(u,,t), H(o,1,t),
and H(¢,1,t) for each stream g;
s(i, Ty, To) = [, Gleebdt;
Generate s(i,T1,T2) pseudo-points for each stream
using statistics 7, u, o and ¢;
Let f(4,U) be the fraction of data points satisfying
predicate U from data stream DS;;
BSU) = X0, s(i, T0, To)-f (6, U);
report(ES(U));
end

Fig. 2. The Query Estimation Algorithm

methods cannot solve. For example, one can use the pseudo-points to estimate
statistical characteristics such as the mean or sum across different records. We
note that we can reliably estimate most first order and second order parameters
because of the storage of second-order covariance structure. A detailed descrip-
tion of these advanced techniques is beyond the scope of this paper and will be
discussed in future research. In the next section, we will discuss the effectiveness
and efficiency of the predictive summarization procedure for query selectivity
estimation.

4 Empirical Results

We tested our predictive summarization approach over a wide variety of real
data sets. We tested our approach for the following measures:

(1) We tested the accuracy of the estimation procedure. The accuracy of the
estimation was tested in various situations such as that of a rapidly evolving data
stream or a relatively stable data stream. The aim of testing different scenarios
was to determine how well these situations adjusted to the predictive aspect of
the estimation process.

(2) We tested the rate of summarization of the stream processing framework.
These tests determine the workload limits (maximum data stream arrival rate)
that can be handled by the pre-processing approach.

(8) We tested the efficiency of the query processing approach for different data
sets. This is essential to ensure that individual users are able to process offline
queries in an efficient manner.

The accuracy of our approach was tested against two techniques:

(1) We tested the technique against a random sampling approach. In this
method, we estimated the query selectivity of U corresponding to future in-
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terval (T1,T>) by using a sample of data points in the most recent window of
size (Ty —T1). This technique can work poorly in a rapidly evolving data stream,
since the past window may not be a very good reflection of future behavior.
(2) We tested the local technique against the global technique in terms of the
quality of query estimation. The results show that the local technique was sig-
nificantly more effective on a wide variety of data sets and measures. This is
because the local technique is able to estimate parameters which are specific to
a given segment. This results in more refined statistics which can estimate the
evolution in the stream more effectively.

4.1 Test Data Sets

We utilized some real data sets to test the effectiveness of the approach. A good
candidate for such testing is the KDD-CUP’99 Network Intrusion Detection
stream data set. The Network Intrusion Detection data set consists of a series
of TCP connection records from two weeks of LAN network traffic managed
by MIT Lincoln Labs. Each record can correspond to a normal connection, an
intrusion or an attack. This data set evolves rapidly, and is useful in testing
the effectiveness of the approach in situations in which the characteristics of the
data set change rapidly over time.

Second, besides testing on the rapidly evolving network intrusion data stream,
we also tested our method over relatively stable streams. The KDD-CUP’98
Charitable Donation data set shows such behavior. This data set contains 95412
records of information about people who have made charitable donations in
response to direct mailing requests, and clustering can be used to group donors
showing similar donation behavior. As in [9], we will only use 56 fields which can
be extracted from the total 481 fields of each record. This data set is converted
into a data stream by taking the data input order as the order of streaming and
assuming that they flow-in with a uniform speed.

The last real data set we tested is the Forest CoverType data set and was
obtained from the UCI machine learning repository web site [I6]. This data
set contains 581012 observations and each observation consists of 54 attributes,
including 10 quantitative variables, 4 binary wilderness areas and 40 binary soil
type variables. In our testing, we used all the 10 quantitative variables.

4.2 Effectiveness Results

We first tested the prediction accuracy of the approach with respect to the global
approach and a random sampling method. In the sampling method, we always
maintained a random sample of the history of the data stream. When a query
was received, we used the random sample from the most recent history of the
stream in order to estimate the effectiveness of the queries. The queries were
generated as follows. First, we randomly picked k¥ = d/2 dimensions in the
data with the greatest standard deviation. From these dimensions, we picked k
dimensions randomly, where k was randomly chosen from (2,4). The aim of pre-
selecting widely varying dimensions was to pick queries which were challenging
to the selectivity estimation process. Then, the ranges along each dimension were
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generated from a uniform random distribution. In each case, we performed the
tests over 50 such randomly chosen queries and presented the averaged results.

In Figure Bl we have illustrated the predictive error of the Network Intrusion
data set with stream progression. In each group of stacked bars in the chart, we
have illustrated the predictive error of each method. Different stacks correspond
to different time periods in the progression of the stream. The predictive accuracy
is defined as the difference between the true and predictive selectivity as a percent-
age of the true value. On the X-axis, we have illustrated the progression of the data
stream. The predictive error varied between 5% and 20% over the different meth-
ods. It is clear that in each case, the local predictive estimation method provides the
greatest accuracy in prediction. While the local method is consistently superior to
the method of global approach, the latter is usually better than pure random sam-
pling methods. This is because random sampling methods are unable to adjust to
the evolution in the data stream. In some cases, the 5% random sampling method
was slightly better than global method. However, in all cases, the local predictive
estimation method provided the most accurate result. Furthermore, the 2% sam-
pling method was the least effective in all cases. The situations in which the 5%
sampling method was superior to global method were those in which the stream
behavior was stable and did not vary much over time.

In order to verify this fact, we also performed empirical tests using the charitable
donation data set which exhibited much more stable behavior than the Network
Intrusion Set. The results are illustrated in Figuredl The stable behavior of the
charitable donation data set ensured that the random sampling method did not
show much poorer performance than the predictive estimation methods. However,
in each case, the local predictive estimation method continued to be significantly
superior to other techniques. In some cases, the 5% sampling method was slightly
better than the global estimation method. Because of the lack of evolution of the
data set, the sampling method was relatively more robust. However, it was still
outperformed by the local predictive method in all cases.
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Finally, the results for the forest cover data set are illustrated in Figure [l
This data set showed similar relative trends between the different methods. How-
ever, the results were less skewed than the network intrusion data set. This is
because the network intrusion data set contained sudden bursts of changes in
data behavior. These bursts correspond to the presence of intrusions in the data.
These intrusions also show up in the form of sudden changes in the underlying
data attributes. While the forest cover data set evolved more than the charita-
ble donation data set, it seemed to be more stable than the network intrusion
data set. Correspondingly, the relative performance of the sampling methods im-
proved over that for the network intrusion data set, but was not as good as the
charitable donation data set. As in the previous cases, the predictive estimation
approach dominated significantly over other methods.

We also tested the effectiveness of the approach in specific circumstances
where the data was highly evolving. In order to model such highly evolving data
sets, we picked certain points in the data set at which the class distribution of
the data stream showed a shift. Specifically, when the percentage presence
of the dominant class in successive blocks of 1000 data points showed a change of
greater than 5%, these positions in the data stream were considered to be highly
evolving. All queries to be tested were generated in a time interval which began
at a lag of 100 data points from the beginning of the shift. This ensured that the
queries followed a region with a very high level of evolution. For each data set,
ten such queries were generated using the same methodology described earlier.
The average selectivity error over the different data sets was reported in Figure
[6l Because of the greater level of evolution in the data set, the absolute error
values are significantly higher. Furthermore, the random sampling method per-
formed poorly for all three data sets. The results were particularly noticeable for
the network intrusion data set. This is because the random sampling approach
uses only the history of past behavior. This turned out to be poor surrogate in
this case. Since the random sampling approach relied exclusively on the history
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of the data stream, it did not provide very good results in cases in which the
stream evolved rapidly. These results show that the predictive estimation tech-
nique was a particularly useful method in the context of a highly evolving data
stream.

We also tested the effectiveness of the predictive estimation analysis with in-
creasing number of segments in the data stream. The results for the network
intrusion data set are presented in Figure [l These results show that the error
in estimation reduced with the number of segments in the data stream, but lev-
elled off after the use of 7 to 8 segments. This is because the use of an increasing
number of segments enhanced the power of data locality during the parame-
ter estimation process. However, there was a limit to this advantage. When the
number of clusters was increased to more than 20, the error rate increased sub-
stantially. In these cases, the number of data points from each cluster (which
were used for the polynomial fitting process) reduced to a point which leads to
a lack of statistical robustness. The results for the charitable donation data set
are presented in Figure Bl While the absolute error numbers are slightly lower
in each case, the trends are quite similar. Therefore, the results show that it
is a clear advantage to use a large number of segments in order to model the
behavior of each data locality.

4.3 Stream Processing and Querying Efficiency

In this section, we will study the processing efficiency of the method, and its
sensitivity with respect to the number of segments used in the data stream.
The processing efficiency refers to the online rate at which the stream can be
processed in order to create and store away the summary statistics generated
by the method. The processing efficiency was tested in terms of the number of
data points processed per second with stream progression. The results for the
case of the network intrusion and charitable donation data sets are illustrated in
Figure[d On the X-axis, we have illustrated the progression of the data stream.
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The Y-axis depicts the processing rate of the stream in terms of the number
of data points processed every minute. It is clear that the algorithm was stable
throughout the execution of the data stream. The processing rate for the network
intrusion data set was higher because of its lower dimensionality. Furthermore,
the execution times were relatively small, and several thousand data points were
processed per minute. This is because the stream statistics can be updated using
relatively straightforward additive calculations on each point. We have drawn
multiple plots in Figure [@ illustrating the effect of using the different data sets.
In order to illustrate the effect of using different number of segments, we have
illustrated the variation in processing rate with the number of stream segments in
Figure Both data sets are illustrated in this figure. As in the previous case,
the lower dimensionality of the network intrusion data set resulted in higher
processing efficiency. It is clear that the number of data points processed per
second reduces with increasing number of segments. This is because of the fact
that the time for finding the closest stream segment (in order to find which set
of local stream segment statistics to update) was linear in the number of local
stream segments. However, the majority of the time was spent in the (fixed) cost
of updating stream statistics. This cost was independent of the number of stream
segments. Correspondingly, the overall processing rate was linear in the number
of stream segments (because of the cost of finding the closest stream segment),
though the fixed cost of updating stream statistics (and storing it away) tended
to dominate. Therefore, the results of Figure [[Q illustrate that the reduction in
processing rate with increasing number of stream segments is relatively mild.
Finally, we studied the efficiency of querying the data stream. We note that
the querying efficiency depends upon the number of segments stored in the data
stream. This is because the statistics need to be estimated separately for each
stream segment. This requires separate processing of each segment and leads
to increased running times. We have presented the results for the Charitable
Donation and Network Intrusion Data data set in Figure[Idl In order to improve
the accuracy of evaluation, we computed the running times over a batch of one
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hundred examples and reported the average running times per query on the
Y-axis. On the X-axis, we have illustrated the number of stream segments used.
It is clear that in each case, the running time varied between 0.3 and 8 seconds.
A relevant observation is that the most accurate results for query responses is
obtained when about 7-10 segments were used in these data sets. For these cases,
the query response times were less than 2 seconds in all cases. Furthermore, we
found the running time to vary linearly with the number of stream segments. The
network intrusion and the charitable donation data sets showed similar results
except that the running times were somewhat higher in the latter case. This is
because of the higher dimensionality of the latter data set which increased the
running times as well.

5 Conclusions and Summary

In this paper, we discussed a method for predictive query estimation of data
streams. The approach used in this paper can effectively estimate the changes
in the data stream resulting from the evolution process. These changes are in-
corporated in the model in order to perform the predictive estimation process.
We note that the summarization approach in this paper is quite general and
can be applied to arbitrary kinds of queries as opposed to simple techniques
such as range queries. This is because the summarization approach constructs
pseudo-data which can be used in conjunction with an arbitrary query. While
this scheme has been developed and tested for query estimation, the technique
can be used for any task which requires predictive data summarization. We tested
the scheme on a number of real data sets, and compared it against an approach
based on random sampling. The results show that our scheme significantly out-
performs the method of random sampling as well as the global approach. The
strength of our approach arises from its careful exploitation of data locality in
order to estimate the inter-attribute correlations. In future work, we will uti-
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lize the data summarization approach to construct visual representations of the
data stream.
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Abstract. Ontologies are increasingly used to represent the intended
real-world semantics of data and services in information systems. Unfor-
tunately, different databases often do not relate to the same ontologies
when describing their semantics. Consequently, it is desirable to have
information about the similarity between ontology concepts for ontol-
ogy alignment and integration. This paper presents the SOQA-SimPack
Toolkit (SST), an ontology language independent Java API that enables
generic similarity detection and visualization in ontologies. We demon-
strate SST’s usefulness with the SOQA-SimPack Toolkit Browser, which
allows users to graphically perform similarity calculations in ontologies.

1 Introduction

In current information systems, ontologies are increasingly used to explicitly rep-
resent the intended real-world semantics of data and services. Ontologies provide
a means to overcome heterogeneity by providing explicit, formal descriptions of
concepts and their relationships that exist in a certain universe of discourse,
together with a shared vocabulary to refer to these concepts. Based on agreed
ontological domain semantics, the danger of semantic heterogeneity can be re-
duced. Ontologies can, for instance, be applied in the area of data integration
for data content explication to ensure semantic interoperability between data
sources.

Unfortunately, different databases often do not relate to the same ontolo-
gies when describing their semantics. That is, schema elements can be linked
to concepts of different ontologies in order to explicitly express their intended
meaning. This complicates the task of finding semantically equivalent schema
elements since at first, semantic relationships between the concepts have to be
detected to which the schema elements are linked to. Consequently, it is desirable
to have information about the similarity between ontological concepts. In addi-
tion to schema integration, such similarity information can be useful for many
applications, such as ontology alignment and integration, Semantic Web (ser-
vice) discovery, data clustering and mining, semantic interoperability in virtual
organizations, and semantics-aware universal data management.

Y. Ioannidis et al. (Eds.): EDBT 2006, LNCS 3896, pp. 5976l 2006.
© Springer-Verlag Berlin Heidelberg 2006
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The task of detecting similarities in ontologies is aggravated by the fact that
a large number of ontology languages is available to specify ontologies. Besides
traditional ontology languages, such as Ontolingua [5] or PowerLoont!, there is
a notable number of ontology languages for the Semantic Web, such as SHOEH,
DAMIE7 or OWI. That is, data semantics can often be described with respect to
ontologies that are represented in various ontology languages. In consequence,
mechanisms for effective similarity detection in ontologies must be capable of
coping with heterogeneity caused by the use of different ontology languages.
Additionally, it is desirable that different similarity measures can be employed
so that different approaches to identify similarities among concepts in ontologies
can be reflected.

For instance, assume that in an example scenario, a developer of an integrated
university information system is looking for semantically similar elements from
database schemas that relate to the following ontologies to describe their se-
mantics: (1) the Lehigh University Benchmark Ontologyﬁ that is represented in
OWL, (2) the PowerLoom Course Ontologyﬁ developed in the SIRUP project
[21], (3) the DAML University Ontologyl] from the University of Maryland, (4)
the Semantic Web for Research Communities (SWRC) Ontolo Wi modeled in
OWL, and (5) the Suggested Upper Merged Ontology (SUMO), which is also
an OWL ontology. Assume further that there are schema elements linked to all
of the 943 concepts which these five ontologies are comprised of. Unless suitable
tools are available, identifying semantically related schema elements in this set
of concepts and visualizing the similarities appropriately definitely turns out to
be time-consuming and labor-intensive.

In this paper, we present the SOQA-SimPack Toolkit (SST), an ontology
language independent Java API that enables generic similarity detection and
visualization in ontologies. Our main goal is to define a Java API suitable for
calculating and visualizing similarities in ontologies for a broad range of on-
tology languages. Considering the fact that different databases often do not
relate to the same ontologies, we aim at calculating similarities not only within
a given ontology, but also between concepts of different ontologies. For these
calculations, we intend to provide a generic and extensible library of ontologi-
cal similarity measures capable of capturing a variety of notions of “similarity”.
Note that we do not focus on immediate ontology integration. Instead, we strive
for similarity detection among different pre-existing ontologies, which are sepa-
rately used to explicitly state real-world semantics as intended in a particular
setting.

! http://www.isi.edu/isd/L0O0M/PowerLoom/

2 http://www.cs.umd.edu/projects/plus/SHOE/

3http://www.daml.org

4 http://www.w3.org/2004/0WL/

® http://www.lehigh.edu/~zhp2/univ-bench.owl
Shttp://www.ifi.unizh.ch/dbtg/Projects/SIRUP/ontologies/course.ploom
"http://www.cs.und.edu/projects/plus/DAML/onts/univi.0.daml

8 http://www.ontoware.org/projects/swrc/
9http://reliant.teknowledge.com/DAML/SUMO. owl
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This paper is structured as follows: Section [ gives an overview of the founda-
tions of the SOQA-SimPack Toolkit and Section [3] presents SST’s functionality
and architecture in detail. In Section @, the SOQA-SimPack Toolkit Browser is
illustrated, which allows users to graphically perform similarity calculations in
ontologies. Section [l discusses related work and Section [6] concludes the paper.

2 Foundations of the SOQA-SimPack Toolkit

In this section, the SIRUP Ontology Query API [22] and SimPack [2] are pre-
sented, which form the basis for the SOQA-SimPack Toolkit.

2.1 The SIRUP Ontology Query API

To overcome the problems caused by the fact that ontologies can be specified in
a manifold of ontology languages, the SIRUP Ontology Query API (SOQA) [22]
was developed for the SIRUP approach to semantic data integration [2I]. SOQA
is an ontology language independent Java API for query access to ontological
metadata and data that can be represented in a variety of ontology languages.
Besides, data of concept instances can be retrieved through SOQA. Thus, SOQA
facilitates accessing and reusing general foundational ontologies as well as spe-
cialized domain-specific ontologies through a uniform API that is independent
of the underlying ontology language.

In general, ontology languages are designed for a particular purpose and,
therefore, they vary in their syntax and semantics. To overcome these differences,
the SOQA Ontology Meta Model [22] was defined. It represents modeling capa-
bilities that are typically supported by ontology languages to describe ontologies
and their components; that is, concepts, attributes, methods, relationships, in-
stances, and ontological metadata. Based on the SOQA Ontology Meta Model,
the functionality of the SOQA API was designed. Hence, SOQA provides users
and applications with unified access to metadata and data of ontologies accord-
ing to the SOQA Ontology Meta Model. In the sense of the SOQA Ontology
Meta Model, an ontology consists of the following components:

— Metadata to describe the ontology itself. This includes name, author, date
of last modification, (header) documentation, version, copyright, and URI
(Uniform Resource Identifier) of the ontology as well as the name of the on-
tology language the ontology is specified in. Additionally, each ontology has
extensions of all concepts, attributes, methods, relationships, and instances
that appear in it.

— Concepts which are entity types that occur in the particular ontology’s uni-
verse of discourse — that is, concepts are descriptions of a group of individu-
als that share common characteristics. In the SOQA Ontology Meta Model,
each concept is characterized by a name, documentation, and a definition
that includes constraints@ additionally, it can be described by attributes,

19 Tn SOQA, axioms/constraints are subsumed by the definitions of the particular meta
model elements.
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methods, and relationships. Further, each concept can have direct and indi-
rect super- and subconcepts, equivalent and antonym concepts, and coordi-
nate concepts (that are situated on the same hierarchy level as the concept
itself). For example, ontology language constructs like <owl:Class...>from
OWL and (defconcept...) from PowerLoom are represented as concepts
in the SOQA Ontology Meta Model.

— Attributes that represent properties of concepts. Each attribute has a name,
documentation, data type, definition, and the name of the concept it is spec-
ified in.

— Methods which are functions that transform zero or more input parameters
into an output value. Each method is described by a name, documentation,
definition, its parameters, return type, and the name of the concept the
method is declared for.

— Relationships that can be established between concepts, for instance, to build
taxonomies or compositions. Similar to the other ontology components, a
name, documentation, and definition can be accessed for each relationship.
In addition, the arity of relationship, i.e., the number of concepts it relates,
as well as the names of these related concepts are available.

— Instances of the available concepts that together form the extension of the
particular concept. Each instance has a name and provides concrete incar-
nations for the attribute values and relationships that are specified in its
concept definition. Furthermore, the name of the concept the instance be-
longs to is available.

Ontology [<—>>{ MetaModelElement
ontology

Attribute Instance
concept Concept concept
Method Relationship

Fig. 1. Overview of the SOQA Ontology Meta Model as a UML Class Diagram

A UML class diagram of the SOQA Ontology Meta Model is shown in Figure[Il
Note that the SOQA Ontology Meta Model is deliberately designed not only
to represent the least common denominator of modeling capabilities of widely-
used ontology languages. In deciding whether or not to incorporate additional
functionality that is not supported by some ontology languages, we opted for
including these additional modeling capabilities (e.g., information on methods,
antonym concepts, ontology authors, etc.), provided that they are useful for users
of the SOQA API and available in important ontology languages.
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Architecturally, the SOQA API reflects the Facade [6] design pattern. That
is, SOQA provides a unified interface to a subsystem that retrieves information
from ontologies, which are specified in different ontology languages. Through
the SOQA Facade, the internal SOQA components are concealed from external
clients; instead, a single point for unified ontology access is given (see
Figure [). For example, the query language SOQA-QL [22] uses the API pro-
vided by the SOQA Facade to offer declarative queries over data and metadata
of ontologies that are accessed through SOQA. A second example for an exter-
nal SOQA client is the SOQA Browser [22] that enables users to graphically
inspect the contents of ontologies independent of the ontology language they are
specified in. Last, but not least, (third-party) Java applications can be based
on SOQA for unified access to information that is specified in different ontol-
ogy languages. Possible application areas are virtual organizations, enterprise
information and process integration, the Semantic Web, and semantics-aware
universal data management.

4—»4—»4—» /%User

SOQA-QL

R e T I "\
Other >
Applications

SOQA

ED) ¢ Ry e[| [
@‘_"_’H T [ soca (_»%

Browser

Ontologies Reasoners  Wrappers User
Fig. 2. Overview of the SOQA Software Architecture

Internally, ontology wrappers are used as an interface to existing reasoners
that are specific to a particular ontology language (see Figure [2). Up to now,
we have implemented SOQA ontology wrappers for OWL, PowerLoom, DAML,
and the lexical ontology WordNet [IT].

2.2 SimPack

SimPack is a generic Java library of similarity measures for the use in ontologies.
Most of the similarity measures were taken from the literature and adapted for
the use in ontologies. The library is generic, that is, the measures can be applied
to different ontologies and ontology formats using wrappers. The question of
similarity is an intensively researched subject in the computer science, artificial
intelligence, psychology, and linguistics literature. Typically, those studies focus
on the similarity between vectors [I,[I7], strings [14], trees or graphs [I8], and
objects [7]. In our case we are interested in the similarity between resources in



64 P. Ziegler et al.

ontologies. Resources may be concepts (classes in OWL) of some type or indi-
viduals (instances) of these concepts. The remainder of this section will discuss
different types of similarity measures, thereby explaining a subset of the mea-
sures implemented in SimPack [1]

Vector-Based Measures. One group of similarity measures operates on vec-
tors of equal length. To simplify their discussion, we will discuss all measures
as the similarity between the (binary) vectors x and y, which are generated
from the resources R, and R, of some ontology O. The procedure to generate
these vectors depends on how one looks at the resources. If the resources are
considered as sets of features (or properties in OWL terminology), finding all
the features for both resources results in two feature sets which are mapped to
binary vectors and compared by one of the measures presented in Equation [II
through Bl For instance, if resource R, has the properties type and name and
resource R, type and age, the following vectors x and y result using a trivial
mapping M; from sets to vectors:

0 0
R, = {type,name} = x' = | name | = x= |1
type 1
age 1
R, = {type,age} =y’ = 0 =sy=10
type 1

Typically, the cosine measure, the extended Jaccard measure, and the overlap
measure are used for calculating the similarity between such vectors [1]:

. X y
SlmcosiWE(X7 y) - m (1)

. X i y
Slmjaccard(X7 Y) = ||X||§ ¥ HyH% —-x-y (2)

_ 3
Slmove’r‘lﬂp(x’ y) mln(HXH%v ||y||§) ( )

In these equations, ||x|| denotes the L'-norm of x, i.e. ||x|| = 31", |z;|, whereas
|[x||2 is the L*-norm, thus ||x||2 = />, |z;|>. The cosine measure quantifies
the similarity between two vectors as the cosine of the angle between the two
vectors whereas the extended Jaccard measure computes the ratio of the number
of shared attributes to the number of common attributes [19].

1 We have also introduced a formal framework of concepts and individuals in ontologies
but omit it here due to space limitations. Please refer to [2] for further details about
the formal framework.
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String-Based Measures. A different mapping M, from the feature set of a
resource makes use of the underlying graph representation of ontologies. In this
mapping, a resource R is considered as starting node to traverse the graph along
its edges where edges are properties of R connecting other resources. These re-
sources in turn may be concepts or, eventually, data values. Here, these sets are
considered as vectors of strings, x and y respectively. The similarity between
strings is often described as the edit distance (also called the Levenshtein edit
distance [9]), that is, the minimum number of changes necessary to turn one
string into another string. Here, a change is typically either defined as the in-
sertion of a symbol, the removal of a symbol, or the replacement of one symbol
with another. Obviously, this approach can be adapted to strings of concepts
(i-e., vectors of strings as the result of mapping M>) rather than strings of char-
acters by calculating the number of insert, remove, and replacement operations
to convert vector x into vector y, which is defined as x form(x,y). But should
each type of transformation have the same weight? Is not the replacement trans-
formation, for example, comparable with a deleting procedure followed by an
insertion procedure? Hence, it can be argued that the cost function ¢ should
have the behavior ¢(delete) + c(insert) > c(replace). We can then calculate the
worst case (i.e., the maximum) transformation cost z form..(x,y) of x to y by
replacing all concept parts of x with parts of y, then deleting the remaining
parts of x, and inserting additional parts of y. The worst case cost is then used
to normalize the edit distance resulting in

: zform(x,y)

S1Mevenshtein (R:m Ry) - .TfOT‘me(X7 y) (4)
Full-Text Similarity Measure. We decided to add a standard full-text sim-
ilarity measure simqyiqr to our framework. Essentially, we exported a full-text
description of all concepts in an ontology to their textual representation and
built an index over the descriptions using Apache Lucend'3. For this, we used a
Porter Stemmer [I3] to reduce all words to their stems and applied a standard,
full-text TFIDF algorithm as described in [I] to compute the similarity between
concepts.

TFIDF counts the frequency of occurrence of a term in a document in relation
to the word’s occurrence frequency in a whole corpus of documents. The resulting
word counts are then used to compose a weighted term vector describing the
document. In such a TFIDF scheme, the vectors of term weights can be compared
using one of the vector-based similarity measures presented before.

Distance-Based Measures. The most intuitive similarity measure of concepts
in an ontology is their distance within the ontology [15], defined as the number of
sub- /super-concept (or is-a) relationships between them. These measures make
use of the hierarchical ontology structure for determining the semantic similar-
ity between concepts. As ontologies can be represented by rooted, labeled and
unordered trees where edges between concepts represent relationships, distances

12 http://lucene.apache.org/java/docs/
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between concepts can be computed by counting the number of edges on the path
connecting two concepts. Sparrows, for example, are more similar to blackbirds
than to whales since they reside closer in typical biological taxonomies. The cal-
culation of the ontology distance is based on the specialization graph of concepts
in an ontology. The graph representing a multiple inheritance framework is not
a tree but a directed acyclic graph. In such a graph, the ontology distance is
usually defined as the shortest path going through a common ancestor or as the
shortest path in general, potentially connecting two concepts through common
descendants/specializations.

One possibility to determine the semantic similarity between concepts is
$iMedge as given in [16] (but normalized), which is a variant of the edge counting
method converting from a distance (dissimilarity) into a similarity measure:

2+« MAX —len(Ry, Ry) (5)
2+« MAX
where M AX is the length of the longest path from the root of the ontology to
any of its leaf concepts and len(R;, R,) is the length of the shortest path from
R, to RRy.
A variation of the edge counting method is the conceptual similarity measure
introduced by Wu & Palmer [20]:

$iMedge(Ra, Ry) =

S$TMeon =
con N1—|—N2—|—2*N3
where N1, Ny are the distances from concepts R, and R,, respectively, to their
Most Recent Common Ancestor M RCA(R,, R,) and N3 is the distance from

MRCA(R,, Ry) to the root of the ontology.

Information-Theory-Based Measures. The problem of ontology distance-
based measures is that they are highly dependent on the (frequently) subjec-
tive construction of ontologies. To address this problem, researchers have pro-
posed measuring the similarity between two concepts in an ontology in terms of
information-theoretic entropy measures [I6L10]. Specifically, Lin [I0] argues that
a class (in his case a word) is defined by its use. The information of a class is
specified as the probability of encountering a class’s (or one of its descendants’)
use. In cases where many instances are available, the probability p of encounter-
ing a class’s use can be computed over the instance corpus. Alternatively, when
the instance space is sparsely populated (as currently in most Semantic Web on-
tologies) or when instances are also added as subclasses with is-a relationships
(as with some taxonomies), then we propose to use the probability of encoun-
tering a subclass of a class. The entropy of a class is the negative logarithm of
that probability. Resnik [16] defined the similarity as

Simresnik(Rwa Ry) = RZGISI%%}:,R;,) [_ 10g2 p(Rz)] (7)
where S(R,, Ry) is the set of concepts that subsume both R, and R,, and
p(R,) is the probability of encountering a concept of type z (i.e., the frequency
of concept type z) in the corresponding ontology.
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Lin defined the similarity between two concepts slightly differently:

. _ 2logy p(MRCA(R,, R,))
simuin (Re, Ry) = log, p(R,) + log, P(Ry)

(®)

Intuitively, this measure specifies similarity as the probabilistic degree of overlap
of descendants between two concepts.

3 The SOQA-SimPack Toolkit

The SOQA-SimPack Toolkit (SST) is an ontology language independent Java
API that enables generic similarity detection and visualization in ontologies.
Simply stated, SST accesses data concerning concepts to be compared through
SOQA; this data is then taken as an input for the similarity measures provided
by SimPack. That is, SST offers ontology language independent similarity cal-
culation services based on the uniform view on ontological content as provided
by the SOQA Ontology Meta Model. SST services that have already been im-
plemented include:

— Similarity calculation between two concepts according to a single similarity
measure or a list of them.

— Similarity calculation between a concept and a set of concepts according to
a single or a list of similarity measures. This set of concepts can either be a
freely composed list of concepts or all concepts from an ontology taxonomy
(sub)tree.

— Retrieval of the k& most similar concepts of a set of concepts for a given
concept according to a single or a list of similarity measures. Again, this set
of concepts can either be a freely composed list of concepts or all concepts
from an ontology taxonomy (sub)tree.

— Retrieval of the k most dissimilar concepts of a set of concepts for a given
concept according to a single or a list of similarity measures. As before, a
freely composed list of concepts or all concepts from an ontology taxonomy
(sub)tree can be used to specify the set of concepts.

Note that for all calculations provided by SST, the concepts involved can be
from any ontology that is connected through SOQA That is, not only is it
possible to calculate similarities between concepts from a single ontology (for ex-
ample, Student and Employee from the DAML University Ontology) with a given
set of SimPack measures, but also can concepts from different ontologies be used
in the very same similarity calculation (for example, Student from the Power-
Loom Course Ontology can be compared with Researcher from WordNet). For
all SST computations, the results can be output textually (floating point values
or sets of concept names, depending on the service). Alternatively, calculation
results can automatically be visualized and returned by SST as a chart.

13 Generally, this is every ontology that can be represented in an ontology language.
In fact, it is every ontology that is represented in a language for which a SOQA
wrapper is available.
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Using concepts from different ontologies in the same similarity calculation is en-
abled by the fact that in SST, all ontologies are incorporated into a single ontology
tree. That is, the root concepts of the available ontologies (e.g., owl: Thing) are di-
rect subconcepts of a so-called Super_Thing root concept. This makes it possible
that, for instance, not only vector- and text-based similarity measures, but also
distance-based measures that need a contiguous, traversable path between the con-
cepts can be applied to concepts in SST. Alternatively, we could have replaced all
root concepts of all ontologies with one general Thing concept. This, however, is a
first step into the direction of ontology integration by mapping semantically equiv-
alent concepts from different ontologies and not our goal in this research (conse-
quentially, the ontologies should then completely be merged). Moreover, replacing
the roots with Thing means, for example for OWL ontologies, that all direct sub-
concepts of owl:Thing from arbitrary domains are put directly under Thing and,
thus, become immediate neighbors, blurring which ontology and domain a partic-
ular concept originates from. This is illustrated in Figure[Bt Whereas the university
domain of ontology; and the ornithology domain of ontologys remain separated in
the first case, they are jumbled in the second. However, not mixing arbitrary do-
mains is essential for distance-based similarity measures which found their judg-
ments on distances in graphs (in Figure Student is as similar to Professor as
to Blackbird, due to the equality of the graph distances between Student, Professor,
and Blackbird). Hence, we opted for introducing the Super_Thing concept as the
root of the tree of ontologies in the SOQA-SimPack Toolkit.

Super_Thing
|
I s e [
“owlThing . .- daml:Thing ", e A Thing e
L ] o ] ]
‘Student _Professor: ‘Sparrow_Blackbird:  :Student Professor::Sparrow _Blackbird:
Ontology+4 Ontology, Ontology Ontology,

(a) Classifying All Ontologies Below  (b) Replacing the Root Concepts of
Super_Thing All Ontologies with Thing

Fig. 3. Comparison of Approaches to Building a Single Tree for a Set of Ontologies

Like SOQA, the SOQA-SimPack Toolkit architecturally reflects the Facade
design pattern: SST provides a unified interface to a subsystem which is in charge
of generic similarity calculations based on data from ontologies that are specified
in different ontology languages. The SST Facade shields external clients from its
internal components and represents a single access point for unified ontological

similarity services (see Figure H]). External users of the services provided by the
SST Facade include:

— The SOQA-SimPack Toolkit Browser that is a tool to graphically perform
similarity calculations in ontologies independent of the ontology language
they are specified in;
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Fig. 4. Overview of the SOQA-SimPack Toolkit Software Architecture

— (Third-party) Java applications that use SST as a single point of access to
generic similarity detection and visualization services as provided by the SST
Facade. Possible application areas are ontology alignment and integration,
Semantic Web (service) discovery, data clustering and mining, semantic in-
teroperability in virtual organizations, and semantics-aware universal data
management.

Behind the SOQA-SimPack Toolkit Facade, MeasureRunner implementations
are used as an interface to the different SimPack similarity measures available.
Each MeasureRunner is a coupling module that is capable of retrieving all neces-
sary input data from the SOQAWrapper for SimPack and initiating a similarity
calculation between two single concepts for a particular similarity measure. For
example, there is a TFIDFMeasureRunner that returns a floating point value
expressing the similarity between two given concepts according to the TFIDF
measure. More advanced similarity calculations, such as finding the & most
similar concepts for a given one, are performed by tailored methods in the
SOQA-SimPack Toolkit Facade itself based on the basic services supplied by
underlying MeasureRunner implementations. By providing an additional Mea-
sureRunner, SST can easily be extended to support supplementary measures
(e.g., new measures or combinations of existing measures). Hence, the SOQA-
SimPack Toolkit provides not only means for generic similarity detection, but
can also be a fruitful playground for development and experimental evaluation
of new similarity measures.

The SOQAWrapper for SimPack as another internal component of SST is in
charge of retrieving ontological data as required by the SimPack similarity mea-
sure classes. This includes, for example, retrieval of (root, super, sub) concepts,
provision of string sequences from concepts as well as depth and distance cal-
culations in ontologies. Basically, all of this is done by accessing the necessary
ontological data according to the SOQA Ontology Meta Model through SOQA
and by providing the requested information as expected by SimPack. Summing
up, the MeasureRunner implementations together with the SOQAWrapper for Sim-
Pack integrate both SOQA and SimPack on a technical level on behalf of the
SST Facade.
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Based on its Facade architecture, the SOQA-SimPack Toolkit provides a set
of methods for ontology language independent similarity detection and visualiza-
tion in ontologies. The following three method signatures (S1) to (S3) illustrate
how similarities can be calculated with SST:

public double getSimilarity(String firstConceptName, (S1)
String firstOntologyName, String secondConceptName,
String secondOntologyName, int measure)

public Vector<ConceptAndSimilarity> getMostSimilarConcepts (SQ)
(String conceptName, String conceptOntologyName,
String subtreeRootConceptName, String subtreeOntologyName,
int k, int measure)

public Image getSimilarityPlot(String firstConceptName, (S3)
String firstOntologyName, String secondConceptName,
String secondOntologyName, int[] measures)

In the examples given before, method signature (S1) provides access to the cal-
culation of the similarity between the two given concepts — the similarity mea-
sure to be used is specified by an integer constant (e.g., SOQASimPackToolkit-
Facade.LIN.MEASURE for the measure by Lin). Note that in SST, for each con-
cept we have to specify which ontology it originates from (parameters first-
OntologyName and secondOntologyName, respectively). This is necessary since
in SST’s single ontology tree (into which all ontologies are incorporated), concept
names are generally not unique anymore. For example, in case that more than
one OWL ontology is used for similarity calculations, we have more than one
owl:Thing concept as a direct subconcept of Super_Thing. Distinguishing which
ontology the particular owl:Thing is the root of is essential (e.g., for graph-based
measures) since the (direct) subconcepts for each owl:Thing concept differ. (S2)
enables SST clients to retrieve the k£ most similar concepts for the given one
compared with all subconcepts of the specified ontology taxonomy (sub)tree. In
the result set, ConceptAndSimilarity instances contain for each of the k concepts
the concept name, the name of its ontology, and the respective similarity value.
Finally, (S3) computes the similarity between two concepts according to a set of
measures and sets up a chart to visualize the computations.

Beyond access to similarity calculations, the SOQA-SimPack Toolkit Facade
provides a variety of helper methods — for example, for getting information
about a particular SimPack similarity measure, for displaying a SOQA Ontology
Browser [22] to inspect a single ontology, or for opening a SOQA Query Shell to
declaratively query an ontology using SOQA-QL [22].

Recall that in our running example from Section [l a developer is looking for
similarities among the concepts of five ontologies. In this scenario, the SOQA-
SimPack Toolkit can be used, for instance, to calculate the similarity between
the concept basel_0_daml:Professor from the DAML University Ontology and
concepts from the other ontologies according to different SimPack similarity
measures as shown in Table [[l Behind the scenes, SST initializes the necessary



Detecting Similarities in Ontologies with the SOQA-SimPack Toolkit 71

Table 1. Comparisons of basel_0_daml:Professor with Concepts from Other Ontologies

Concept Conceptual|Leven-| Lin |Resnik|Shortest| TFIDF
Similarity | shtein Path
basel_0_daml:Professor 0.7778 1.0 [0.8792|2.7006 1.0 1.0
univ-bench_owI:AssistantProfessor| 0.1111 ]0.1029| 0.0 0.0 | 0.0588 |0.3224
COURSES:EMPLOYEE 0.1176 ]0.0294| 0.0 0.0 0.0625 | 0.0475
SUMO_owl_txt:Human 0.1 0.0028| 0.0 0.0 | 0.0526 | 0.0151
SUMO_owl_txt:Mammal 0.0909 0.0032| 0.0 0.0 0.0476 | 0.0184

i _Levenshtein

Similarity

Fig. 5. SST Visualization of the Ten Most Similar Concepts for basel_0_daml:Professor

MeasureRunner instances which in turn manage the calculation of the desired
similarity values by SimPack based on ontological information retrieved through
SOQA. Note that for the plausibility of the calculated results, the SimPack
measures as taken from the literature are responsible in general; in case that the
available measures do not seem to be suitable for a particular domain, the set of
available similarity measures can easily be extended by providing supplementary
MeasureRunner implementations for further similarity measures.

In addition to numeric results, the SOQA-SimPack Toolkit is able to visualize
the results of similarity calculations. For instance, our developer can retrieve the
k most similar concepts for basel 0_daml:Professor compared with all concepts
from all five ontologies in our scenario. In response to this, SST can produce a
bar chart as depicted in Figure Bl To generate the visualizations, SST creates
data files and scripts that are automatically given as an input to Gnuplo,
which then produces the desired graphics. Thus, the SOQA-SimPack Toolkit
can effectively be employed to generically detect and visualize similarities in on-
tologies according to an extensible set of similarity measures and independently
of the particular ontology languages in use.

' http://www.gnuplot.info
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4 The SOQA-SimPack Toolkit Browser

The SOQA-SimPack Toolkit Browser is a tool that allows users to graphically
perform similarity calculations and visualizations in ontologies based on the
SOQA-SimPack Toolkit Facade. In general, it is an extension of the SOQA
Browser [22] enabling users to inspect the contents of ontologies independently
of the particular ontology language (i.e., according to the SOQA Ontology Meta
Model). Based on the unified view of ontologies it provides, the SOQA-SimPack
Toolkit Browser can be used to quickly survey concepts and their attributes,
methods, relationships, and instances that are defined in ontologies as well
as metadata (author, version, ontology language name, etc.) concerning the
ontology itself.

In addition, the SOQA-SimPack Toolkit Browser provides an interface to all the
methods of SST through its Similarity Tab (see Figure[d]). That is, it is a tool for
performing language independent similarity calculations in ontologies and for re-
sult visualization. In the Similarity Tab, users can select the similarity service to be
run — for example, producing a graphical representation of the similarity calcula-
tion between two concepts according to the Resnik measure. Then, input fields are

£ SOQA-SimPack Toolkit Browser

File Edit Find Ontology Options Window Help
D& H @ =Rt
| (Gl Concepts | [&]] Attributes | (1) "[RIIR | I) nstances | @2 Metadata [ (§) Similarity |
Concept Hierarchy Calculation Type
Super_Thing Similarity{single concept, subtree root concept, single measure) | - |
¢+ © v Thing o ;| © First concept
o © univ-bench_owl:Organization - - |
° © univ-bench_owl Person univ-bench owl:Person
9 ([©) univ-bench_owl Employee {| &) Subtree Root Concept
o= (€] univ-bench_owlAdministrativeStat | £/Super Thing |
@ univ-hench_owl:Director Number of Similar Concepts
o @ un?v-bench_oWI:Faculw ) “1on |
© univ-hench_owlResearchAssistant i Similarity M
o= (iC) univ-bench_owl Student : TS R
(C) univ-bench_owl TeachingAs sistant :| TFIDF |V|
o © univ-hench_owl:Publication | Resutt
N © “”!"'EE”CE—UW:ﬁ”id“'E I Name Similarity -
(C) univ-bench_owlwor o Junivhench_owlPerson 0.9399599999999998 |—
¢ (€ PLUSERTHING A1 [univ-bench_owl:Student 0.9480268924380211 [
& {€) COURSESTIMERELATEDTHING A2 [uni-bench_owl Employae 092055535067 64682
o (C) COURSESTIMEUNRELATEDTHING 13 [univhench_owlDirector 0.5156623959017584
& (C) daml+0il:Thing A4 |univ-hench_owl GraduateStudent 0.8080441645171614
o= @ owl Thing 5 univ-hench_owlAdministrativeStaff 0.9080441645171614
-3 ©owl:Thing H [<] univ-bench_owlUndergraduateStudent |0.9080441645171614
¢ (€) SUMO_nwi_tet Enttity 7 |univbench_owlClericalStar 0.5969902002501978
[ © SUMO_owl_tdAbstract K E] univ-bench_owl SystemsStaff 0.8969902002501978
o © SUNMO_owl_tdPhysical HE! univ-hench_owlResearchAssistant 0.8963302002501978
© SUMO_owl_tdInheritableRelation 55 10 |univ-bench_owlProfessor 0.886204352570354
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Fig. 6. The SOQA-SimPack Toolkit Browser and its Similarity Calculation Tab
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inserted into the Similarity Tab so that all necessary input values can be entered;
here, concept names can directly be mouse-dragged from the Concept Hierarchy
view and dropped into the respective input field. In the end, the calculated results
are shown in tabular or graphical form, depending on the selected service.

In our running example, the SOQA-SimPack Toolkit Browser can first be
employed by the developer to quickly get a unified overview of the five ontologies
represented in PowerLoom, OWL, and DAML respectively. Subsequently, he or
she can use the Similarity Tab and calculate, for instance, the ¥ most similar
concepts for univ-bench_owl:Person according to the TFIDF measure. The result
is then presented in a table as shown in Figure[6 Thus, contrasting a conventional
scenario where several ontology-language specific tools have to be employed for
ontology access, the developer who takes advantage of SST does not have to cope
with different ontology representation languages in use. Based on the unified view
of ontologies as provided by the SOQA Ontology Meta Model, our developer can
generically apply a rich and extensible set of SimPack similarity measures for
similarity detection through the services offered by the SOQA-SimPack Toolkit.
The results of these calculations can be presented as numerical values, textual
lists (of concept names), or visualized in graphics. Hence, similarity detection in
ontologies is facilitated and leveraged through the SOQA-SimPack Toolkit and
its browser for the benefit of human users and applications.

5 Related Work

Closest to our work is the ontology alignment tool OLA presented by Euzénat
et al. []. OLA is implemented in Java and relies on a universal measure for
comparing entities of ontologies. Basically, it implements a set of core similarity
functions which exploit different aspects of entities, such as textual descriptions,
inter-entity relationships, entity class membership, and property restrictions.
OLA relies on WordNet to compare string identifiers of entities. The main dif-
ference to our approach is OLA’s restriction and dedication to the alignment
of ontologies expressed in OWL-Lite. Using our generic approach, however, it is
possible to compare and align entities of ontologies represented in a variety of
ontology languages with the same set of similarity measures.

Noy and Musen’s approach [12] follows similar goals: the comparison, alignment,
and merging of ontologies to improve their reuse in the Semantic Web. The authors
implemented a suite of tools called PROMPT that interactively supports ontology
merging and the finding of correlations between entities to simplify the overall in-
tegration task. Compared to the SOQA-SimPack Toolkit, PROMPT is restricted
to the comparison and merging of ontologies expressed in a few common ontology
languages, such as RDF, DAML, and OWL. SST, on the other hand, offers the pos-
sibility to incorporate ontologies represented in a much broader range of languages.
This includes not only ontologies described with recent Semantic Web languages,
but also ones represented in traditional ontology languages, like PowerLoom. Fur-
thermore, the SOQA-SimPack Toolkit supports ontologies supplied by knowledge
bases, such as CYC [8], and by lexical ontology systems, such as WordNet.
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Ehrig et al. [3] propose an approach that measures similarity between en-
tities on three different layers (data layer, ontology layer, and context layer).
Finally, an amalgamation function is used to combine the partial similarities
of each layer and to compute the overall similarity between two entities. This
approach differs from ours in its strong focus on entity layers and its amalga-
mation of individual layer-based similarity measures. Whilst it is easily possible
to introduce such combined similarity measures through additional MeasureRun-
ner implementations into the SOQA-SimPack Toolkit, we have left experiments
with such measures for future work. In addition to this, we intend to extend the
set of provided similarity measures in future, e.g., by incorporating measures
from the SecondString projec which focuses on implementing approximate
string-matching algorithms, and from SimMetricd™ which presents similarity
and distance metrics for data integration tasks.

6 Conclusions and Future Work

In this paper, we presented the SOQA-SimPack Toolkit, an ontology language
independent Java API that enables generic similarity detection and visualization
in ontologies. This task is central for application areas like ontology alignment
and integration, Semantic Web (service) discovery, data clustering and mining,
semantic interoperability in virtual organizations, and semantics-aware universal
data management. SST is founded on (1) the SIRUP Ontology Query API, an
ontology language independent Java API for query access to ontological meta-
data and data, and (2) SimPack, a generic Java library of similarity measures
adapted for the use in ontologies.

The SOQA-SimPack Toolkit is extensible in two senses: First, further ontol-
ogy languages can easily be integrated into SOQA by providing supplementary
SOQA wrappers, and second, our generic framework is open to employ a multi-
tude of additional similarity measures by supplying further MeasureRunner im-
plementations. Hence, the extensible SOQA-SimPack Toolkit provides not only
means for generic similarity detection, but can also be a fruitful playground for
development and experimental evaluation of new similarity measures.

Contrasting a conventional scenario where several ontology-language specific
tools have to be adopted for ontology access, users and applications taking ad-
vantage of the SOQA-SimPack Toolkit do not have to cope with different on-
tology representation languages in use. SST supports a broad range of ontology
languages, including not only ontologies described with recent Semantic Web
languages, but also ones represented in traditional ontology languages, like Pow-
erLoom. Furthermore, ontologies supplied by knowledge bases, such as CYC,
and by lexical ontology systems, such as WordNet, can be used in the SOQA-
SimPack Toolkit.

Based on the unified view on ontologies as provided by the SOQA Ontology
Meta Model, users and applications can generically apply a rich set of SimPack

15 http://secondstring.sourceforge.net
16 http://www.dcs.shef .ac.uk/~sam/simmetrics.html
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similarity measures for similarity detection in SST services. By taking advantage
of an extensible library of ontological similarity measures, a variety of notions of
“similarity” can be captured. Additionally, for all calculations provided by SST,
concepts can be used from any ontology that is connectible through SOQA. This
is accomplished by incorporating all ontologies into a single ontology tree. The
results of these calculations can be presented as numerical values, textual lists
(of concept names), or visualized in graphics. As an application that is based on
SST, we provide the SOQA-SimPack Toolkit Browser, a tool to graphically per-
form similarity calculations in ontologies independent of the ontology language
they are specified in. Thus, similarity detection in ontologies is facilitated and
leveraged through the SOQA-SimPack Toolkit and its browser for the benefit of
human users and applications.

Future work includes the implementation of additional similarity measures
(especially for trees) and the provision of more advanced result visualizations.
Besides, we intend to do a thorough evaluation to find the best performing simi-
larity measures in different task domains and to experiment with more advanced,
combined similarity measures. In the end, a comprehensive assessment of SST
in the context of data and schema integration is planned.
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Abstract. One significant part of today’s Web is Web databases, which can dy-
namically provide information in response to user queries. To help users submit
queries to different Web databases, the query interface matching problem needs to
be addressed. To solve this problem, we propose a new complex schema matching
approach, Holistic Schema Matching (HSM). By examining the query interfaces
of real Web databases, we observe that attribute matchings can be discovered
from attribute-occurrence patterns. For example, First Name often appears to-
gether with Last Name while it is rarely co-present with Author in the Books
domain. Thus, we design a count-based greedy algorithm to identify which at-
tributes are more likely to be matched in the query interfaces. In particular, HSM
can identify both simple matching i.e., 1:1 matching, and complex matching, i.e.,
1:n or m:n matching, between attributes. Our experiments show that HSM can
discover both simple and complex matchings accurately and efficiently on real
data sets.

1 Introduction

Today, more and more databases that dynamically generate Web pages in response to
user queries are available on the Web. These Web databases compose the deep Web,
which is estimated to contain a much larger amount of high quality information and to
have a faster growth than the static Web [1L3]].

While each static Web page has a unique URL by which a user can access the page,
most Web databases are only accessible through a query interface. Once a user submits a
query describing the information that he/she is interested in through the query interface,
the Web server will retrieve the corresponding results from the back-end database and
return them to the user.

To build a system/tool that helps users locate information in numerous Web data-
bases, the very first task is to understand the query interfaces and help dispatch user
queries to suitable fields of those interfaces. The main challenge of such a task is that
different databases may use different fields or terms to represent the same concept. For
example, to describe the genre of a CD in the MusicRecords domain, Category is used
in some databases while Style is used in other databases. In the Books domain, First
Name and Last Name are used in some databases while Author is used in others to
denote the writer of a book.

In this paper, we specifically focus on the problem of matching across query inter-
faces of structured Web databases. The query interface matching problem is related to

Y. Ioannidis et al. (Eds.): EDBT 2006, LNCS 3896, pp. 77941 2006.
(© Springer-Verlag Berlin Heidelberg 2006
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a classic problem in the database literature, schema matching, if we define an entry or
field in a query interface as an attribute and all attributes in the query interface form
a schema of the interfacdll. Schema matching maps semantically related attributes be-
tween pairs of schemas in the same domain. When matching the attributes, we call a 1:1
matching, such as Category with Style, a simple matching and a 1:n or m:n matching,
such as First Name, Last Name with Author, a complex matching. In the latter case,
attributes First Name and Last Name form a concept group before they are matched
to attribute Author. We call attributes that are in the same concept group grouping at-
tributes and attributes that are semantically identical or similar to each other synonym
attributes. For example, attributes First Name and Last Name are grouping attributes,
and First Name with Author or Last Name with Author are synonym attributes.

Discovering grouping attributes and synonym attributes in the query interfaces of
relevant Web databases is an indispensable step to dispatch user queries to various Web
databases and integrate their results. Considering that millions of databases are available
on the Web [3], computer-aided interface schema matching is definitely necessary to
avoid tedious and expensive human labor.

Although many solutions have been proposed to solve the schema matching problem,
current solutions still suffer from the following limitations:

1. simple matching: most schema matching methods to date only focus on discovering
simple matchings between schemas [2,/6(9,/16].

2. low accuracy on complex matching: although there are some methods that can iden-
tify complex matchings, their accuracy is practically unsatisfactory [5,12].

3. time consuming: some methods employ machine-learning techniques that need a
lot of training time and some have time complexity exponential to the number of
attributes [8,[10].

4. domain knowledge required: some methods require domain knowledge, instance
data or user interactions before or during the matching process [12,15,8L14,[16L17].

In this paper, we propose a new interface schema matching approach, Holistic
Schema Matching (HSM), to find matching attributes across a set of Web database
schemas of the same domain. HSM takes advantage of the term occurrence pattern
within a domain and can discover both simple and complex matchings efficiently with-
out any domain knowledge.

The rest of the paper is organized as follows. Section 2 reviews related work and
compares our approach to previous approaches. In section 3, we introduce our obser-
vations on Web database query interfaces and give an example that motivates our ap-
proach. Section 4, the main section of the paper, presents the holistic schema matching
approach HSM. Our experiments on two datasets and the results are reported in section
5. Section 6 concludes the paper and discusses several further open research issues.

2 Related Work

Being an important step for data integration, schema matching has attracted much atten-
tion [2, 5-10, 12, 14, 16, 17]. However, most previous work either focuses on discover-
ing simple matchings only or has un-satisfactory performance on discovering complex

! The terms “schema” and “interface” will be used in this paper interchangeably.
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matchings. This is because complex matching discovery is fundamentally harder than
simple matching discovery. While the number of simple matching candidates between
two schemas is bounded by the product of the sizes of the two schemas, the number of
complex matching candidates is exponential with respect to the size of the two schemas.

As a result, the performance of some existing complex matching discovery algo-
rithms is not satisfactory. [9] tries to convert the problem of matching discovery into the
problem of searching in the space of possible matches. [[12]] views the input schemas
as graphs and designs a matching algorithm based on a fixpoint computation using the
fact that two nodes are similar when their adjacent nodes are similar. Both approaches
can handle simple matchings well (average accuracy around 78% in [5] and 58% in
[12]), but their accuracy drops dramatically for complex matchings (around 55% in [5]]
and negative accuracy in [12])). [L7] out performs [S./12] by utilizing different kinds of
information, such as linguistic similarity, type similarity and domain similarity between
attributes. However, it also needs user interaction during the matching process to tune
system parameters.

Different from most existing approaches, [2,/16] are notable in that they focus on ex-
ploiting instance-level information, such as instance-value overlapping. However, these
two approaches can only handle simple matchings. In addition, data instances are very
hard to obtain in the Web database environment.

[14,[10] are similar approaches in that they manage to combine multiple algorithms
and reuse their matching results. [[14] proposes several domain-independent combina-
tion methods, such as max and average, and [10] employs a weighted sum and adapts
machine learning techniques to learn the importance of each individual component for
a particular domain. Although the approach in [[1Q] is able to learn domain-specific
knowledge and statistics, it requires a lot of human effort to manually identify correct
matchings as training data.

In contrast to the above works, our approach is capable of discovering simple and
complex matchings at the same time without using any domain knowledge, data in-
stances or user involvement. The HSM approach proposed in this paper can be con-
sidered as a single matcher that only focuses on exploiting domain-specific attribute
occurrence statistics. HSM is specifically designed, and is thus more suitable, for the
hidden Web environment where there are a large number of online interfaces to match
whose attributes are usually informative in order to be understood by ordinary users.
Compared with the above works, HSM is not suitable for a traditional database envi-
ronment, where there are often only two schemas involved in the matching process and
the attribute names could be very non-informative, such as attr1 and attr2, depending
on the database designers.

Our HSM approach is very close to DCM developed in [[7], which discovers com-
plex matchings holistically using data mining techniques. In fact, HSM and DCM are
based on similar observations that frequent attribute co-presence indicates a synonym
relationship and rare attribute co-presence indicates a grouping relationship. However,
HSM has two major differences (advantages) compared to DCM:

1. measurement: DCM defines a H-measure, H = %, to measure the negative

correlation between two attributes by which synonym attributes are discovered.
Such a measure may give a high score for rare attributes, while HSM’s matching
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score measure does not have this problem. Suppose there are 50 input schemas,
where 25 schemas are { A1, A3}, 24 schemas are {A4;, A4} and the remaining one
is {A1, A2, Ays}. In these schemas, A3 and A, are actual synonym attributes ap-
pearing a similar number of times and A, is a rare and “noisy” attribute that only
appears once. According to the negative measure of DCM, the matching score
Has = 1223 = 1, and the matching score Hzy = 32%23 is also 1. In contrast,
HSM measures the matching scores as Xo3 = 0.96 and X34 = 12.5 (see section
4.1). In this extreme case, DCM cannot differentiate frequent attributes from rare
attributes, which affects its performance.

2. matching discovery algorithm: The time complexity of HSM’s matching discovery
algorithm is polynomial with respect to the number of attributes, n, while the time
complexity of DCM is exponential with respect to n. DCM tries to first identify all
possible groups and then discover the matchings between them. To discover grouping
attributes, it calculates the positive correlation between all combinations of groups,
from size 2 to size n (the worst case). In contrast, HSM only considers the group-
ing score between every two attributes, and the complex matching is discovered by
adding each newly found group member into the corresponding group incrementally.

Consequently, HSM discovers the matchings much faster than DCM does.

Our experimental results in section 5.2 show that HSM not only has a higher accuracy
than DCM, but is also much more efficient for real Web databases.

3 Intuition: Parallel Schemas

In this section, we first present our observations about interface schemas and interface
attributes of Web databases in a domain, on which the HSM approach is based. Then,
examples are given to motivate the intuition of HSM.

3.1 Observations

In Web databases, query interfaces are not designed arbitrarily. Web database designers
try to design the interfaces to be easily understandable and usable for querying impor-
tant attributes of the back-end databases. For Web databases in the same domain that
are about a specific kind of product or a specific topic, their query interfaces usually
share many characteristics:

1. Terms describing or labeling attributes are usually unambiguous in a domain al-
though they may have more than one meaning in an ordinary, comprehensive dic-
tionary. For example, the word title has ten meanings as a noun and two meanings
as a verb in WordNet [13]]. However, it always stands for “the name of a book”
when it appears in query interfaces of the Books domain.

2. According to [8]], the vocabulary of interfaces in the same domain tends to converge
to a relatively small size. This indicates that the same concepts in a domain are
usually described by the same set of terms.

3. Synonym attributes are rarely co-present in the same interface. For example, Au-
thor and Last Name never appeared together in any query interface that we inves-
tigate in the Books domain.
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4. Grouping attributes are usually co-present in the same interface to form a “larger”
concept. For example, in the Airfares domain, From is usually paired with To to
form a concept, which is the same as the concept formed by another frequently co-
present attribute pair, Departure city and Arrival city. This phenomenon is recog-
nized as collocation in natural language [[11] and is very common in daily life.

3.2 Motivating Examples

We use the query interfaces shown in Figure [l to illustrate the main idea of HSM. Let
us first consider the schemas in Figure[Ila) and[Ilb). The two schemas are semantically
equaﬂ, i.e., any single attribute or set of grouping attributes in one of them semantically
corresponds to a single attribute or set of grouping attributes in the other. If we compare
these two schemas by putting them in parallel and deleting the attributes that appear in
both of them (according to observation 1), we get the matching correspondence between
the grouping attributes {First Name, Last Name} and the attribute Author.

Author:
Title:

Last Name:

Keyword:
First Name:
(a) AddAll.com Author: "y
Title:

Last Name First Name (Optional) Subject: ISBN:

TltlB ISBN: Keyword:
Keyword: | Publisher: category: | —All— v
(b) hwg.org (c) Amazon.com (d) Randomhouse.com

Fig. 1. Examples of query interfaces

Definition 1. Given two schemas S1 and Ss, each of which are comprised of a set of
attributes, the two schemas form a parallel schema (), which comprises two attribute

sets {{S1 — S1(\S2} and {S3 — S1 () S2}}-

Table 1. Examples of parallel schemas

Amazon.com|RandomHouse.com
Author First Name
AddAll.com| hwg.org Subject Last Name
Author  |First Name Publisher Keyword
Last Name Category

(a) (b)

Table [I(a) shows the parallel schema formed by the schemas in Figure [I(a) and
[[lb). The complex matching {First Name, Last Name}={Author} is directly avail-
able from this parallel schema. However, in most cases, matching is not so easy because

2 We ignore the word “(Optional)” that appears in Figure[I(b) because it will be discarded during
query interface preprocessing [7].
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two target schemas may not be semantically equal, such as the schemas in Figure [Iic)
and[1(d). After putting these two schemas in parallel and deleting common attributes,
the parallel schema in Table[I(b) is obtained. Unfortunately, correct matchings are not
directly available from this parallel schema.

To address this problem, we consider any two attributes cross-copresent in a parallel
schema to be potential synonym attributes. For example Author with First Name and
Author with Last Name in TabldIlb) are potential synonym attributes. As a result, if
two attributes are potential synonym attributes appearing in many parallel schemas, we
may be statistically confident to find the synonym relationship between them
(observation 3).

Furthermore, we also notice that First Name and Last Name are always co-present
in the same query interface, which indicates that they are very likely to be grouping
attributes that form a concept group (observation 4). Suppose we also know that Au-
thor with First Name and Author with Last Name are synonym attributes. We can
compose an attribute group containing First Name and Last Name, with both of the
two members matched to Author. That is, {First Name, Last Name}={Author} is
discovered as a complex matching.

4 Holistic Schema Matching Algorithm

We formalize the schema matching problem as the same problem described in [7]. The
input is a set of schemas & = {S1,..., Sy}, in which each schema S; (1 < i < u)
contains a set of attributes extracted from a query interface and the set of attributes
A = UL, S, = {41,...,A,} includes all attributes in S. We assume that these
schemas come from the same domain. The schema matching problem is to find all
matchings M = {M;,..., M,} including both simple and complex matchings. A
matching M; (1 < j < v) is represented as Gj1 = Gj2 = ... = G}y, Where G
(1 <k < w) is a group of attributed] and G, is a subset of A4, ie., Gji C A. Each
matching M ; should represent the semantic synonym relationship between two attribute
groups G, and Gj; (I # k), and each group G, should represent the grouping rela-
tionship between the attributes within it. More specifically, we restrict each attribute to
appear no more than one time in M (observation 1 and 4).

A matching example is {First Name, Last Name} = {Author} in the Books do-
main, where attributes First Name and Last Name form an attribute group and at-
tribute Author forms another group and the two groups are semantically synonymous.
Besides this matching, suppose another matching {Author} = {Writer} is found. Ac-
cording to our restriction, we will not directly include the latter matching in the match-
ing set M. Instead, we may adjust the original matching to {First Name, Last Name}
= {Author} = {Writer} or {First Name, Last Name, Writer} = {Author}, depending
on whether the relationship found between Writer and {First Name, Last Name} is a
grouping or a synonym relationship.

The workflow of the schema matching algorithm is shown in Figure 2l Before the
schema matching discovery, two scores, matching score and grouping score, are calcu-
lated between every two attributes. The matching score is used to evaluate the possibility

3 An attribute group can have just one attribute.
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I | Synonym Attribute |
|| Candidate Generation | |
1 ]
i Synonym i
i Candidates| !
i Matching Score IMatching
Schemas—1——* Calculation I Scores
Grouping Score Grouping Schema Matching Complex
Calculation Scores Discovery Matching

Fig. 2. Holistic Schema Matching Workflow

that two attributes are synonym attributes and the grouping score is used to evaluate the
possibility that two attributes are in the same group in a matching.

The matching score is calculated in two steps. First, Synonym Attribute Candidate
Generation takes all schemas as input and generates all candidates for synonym attributes
based on the observation that synonym attributes rarely co-occur in the same interface
schema. Then, Matching Score Calculation calculates matching scores between the can-
didates based on their cross-copresence count (see section 4.1) in the parallel schemas.

Grouping Score Calculation takes all schemas as input and calculates the grouping
score between every two attributes based on the observation that grouping attributes
frequently co-occur in the same schema.

After calculating the grouping and matching score between every two attributes, we
use a greedy algorithm in Schema Matching Discovery that iteratively chooses the high-
est matching score to discover synonym matchings between pairs of attributes. At the
same time, the grouping score is used to decide whether two attributes that match to
the same set of other attributes belong to the same group. At the end, a matching list is
outputted, including both simple and complex matchings. The overall time complexity
of HSM is O(un?+n3) where n is the number of attributes and u is the number of input
schemas. We will explain the time complexity of HSM in detail later in this section.

The rest of this section is organized according to the workflow shown in Figure 2
Subsection 4.1 presents how to calculate the matching score between every two at-
tributes. Subsection 4.2 shows how to calculate the grouping score between every two
attributes, and finally subsection 4.3 describes how the matchings can be identified us-
ing the grouping and matching scores. In these subsections, the schemas in Table 2l will
be used as examples of input schemas.

Table 2. Examples of input schemas

S1 Sa S3 Sy Ss
Title Title Title Title Title
First Name| Author | Author |First Name| Author
Last Name | Subject |Category | Last Name | Category
Category |Publisher Publisher
Publisher
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4.1 Matching Score Calculation

As discussed above, in HSM, the matching scores between two attributes are calculated
in two steps: Synonym attribute candidate generation and matching score calculation.

Synonym Attribute Candidate Generation. A synonym attribute candidate is a pair
of attributes that are possibly synonyms. If there are n attributes in the input schemas,
the maximum number of synonym attribute candidates is C2 = % However, not
every two attributes from A can be actual candidates for synonym attributes. For ex-
ample in the Books domain, attributes Title and Author should not be considered as
synonym attribute candidates, while Author and First Name should. Recall that, in
section 3.1, we observed that synonym attributes are rarely co-present in the same
schema. In fact, Author and First Name do seldom co-occur in the same interface,
while Title and Author appear together very often. This observation can be used to re-
duce the number of synonym attribute candidates dramatically.

Example 1. For the four input schemas in Table 2] if we make a strict restriction that
any two attributes co-present in the same schema cannot be candidates for synonym
attributes, the number of synonym attribute candidates becomes 5 (shown in Table [3)),
instead of 21 when there is no restriction at all.

Table 3. Synonym attribute candidates

First Name, Author
First Name, Subject
Last Name, Author
Last Name, Subject
Category, Subject

| | W o —

In HSM, we assume that two attributes (A,, A,) are synonym attribute candidates
if A, and A, are co-present in less than 7,, schemas. Intuitively, 7,, should be in
proportion to the normalized frequency of A, and A, in the input schemas set S. Hence,
in our experiments, we set the co-presence threshold of A, and A, as

a(Cp + Cq)

T =
rq U

ey
where « is determined empirically, C, and C; are the count of attributes A, and A,
in S, respectively, and u is the number of input schemas. In out experiments, « is
empirically set to be 3.0

Suppose there are 50 input schemas and two attributes A; and A, that occur 20 and
25 times, respectively, then 775 = 2.7. This means that A; and As should be co-present
in no more than two schemas to be synonym attribute candidates.

We use £ = {(4p,Ay),p=1..n,¢g=1..n,p # q,Cpq < Tpq} to represent the set
of synonym attribute candidates, where C,, is the count of the co-occurrences of A,
and A, in the same schema.

* The experiments have the best performance when o € [2, 4]. We select a middle value of the
range [2,4] here in our experiments.
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Matching Score Calculation. For any two attributes A, and A,, a matching score X,
measures the possibility that A, and A, are synonym attributes. The bigger the score,
the more likely that the two attributes are synonym attributes.

Definition 2. Given a parallel schema @), we call A, and A, to be cross-copresent in
Qlpr S Sl —SlﬂSQanqu S SQ—SlﬂSQ.

If we compare every two schemas, we can get Dy, = (C, — Cpq)(Cyq — Cpq) parallel
schemas in which A, and A, are cross-copresent. The bigger D,, is, i.e., the more often
A, and A, are cross-copresent in a parallel schema, the more likely that A, and A, are
synonym attributes. However D, itself is not able to distinguish a scenario such as that
in Example 2}

Example 2. Suppose there are 50 input schemas, where 15 schemas are { A1, Az}, 15
schemas are { A1, As}, 15 schemas are { A1, As} and the rest 5 are { A3 }. Our intuition
is that the matching As = Ay = As should be more preferred than matching Ay = As
because it is highly like that A is a noise attribute and occur randomly. D, alone is not
able to correctly catch this case because D12 = D3y = D35 = D45 = 225. Meanwhile,
we also notice that Cy + Cy = 50 and C5 + Cy = C3 + C5 = Cy + C5 = 30. Hence if
we divide D4 by C), + Cy, we can reduce the problem caused by noise attributes, such
as As above.

Hence, we formulate the matching score between A, and A, as:

0 if (A,, A L
qu:{(cp if (Ap, Ag) ¢ 2

_CI”I)(C’Z_CP’Z) o
R (o otherwise,

Specifically designed for the schema matching problem, this matching score has the
following important properties:

1. Null invariance [15]. For any two attributes, adding more schemas that do not con-
tain the attributes does not affect their matching score. That is, we are more inter-
ested in how frequently attributes A, and A, are cross co-present in the parallel
schemas than how frequently they are co-absent in the parallel schemas.

2. Rareness differentiation. The matching score between rare attributes and the other
attributes is usually low. That is, we consider it is more likely that a rare attribute
is cross co-present with other attributes by accident. Example 3 shows that the
matching scores for rare attributes, e.g., Subject, are usually small.

Example 3. Matching scores between the attributes from the schemas in Table [2l are
shown in Tabled) given the synonym attribute candidates in Table[3]

In this example, the matching scores between all the actual synonym attributes are non-
zero and high, such as the score between First Name and Author and the score between
Category and Subject, which is desirable. The matching scores between some non-
synonym attributes are zero, such as the score between Title and Category and the
score between Publisher and Author, which is also desirable. However, the matching
scores between some non-synonym attributes are also non-zero yet low, such as the
score between First Name and Subject, which is undesirable. To tackle this problem,
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Table 4. Matching scores

Title| First | Last |Cate-|Publi- | Au-|Sub-
Name|Name| gory | sher |thor| ject
Title 0 0 0 0 0] 0
First Name 0 0 0 |1.2]0.67
Last Name 0 0 |1.2]0.67
Category 0 0 [0.75
Publisher 0] 0
Author 0
Subject

our matching discovery algorithm is designed to be greedy by considering the match-
ings with higher scores first when discovering synonym attributes (see section 4.3).

We use X = {X,q,p = 1..n,q = 1..n,p # ¢} to denote the set of matching scores
between any two different attributes.

4.2 Grouping Score Calculation

As mentioned before, a grouping score between two attributes aims to evaluate the pos-
sibility that the two attributes are grouping attributes. Recall observation 4 in
section 3.1, attributes A, and A, are more liable to be grouping attributes if Cq is
big. However using C),, only is not sufficient in many cases. Suppose there are 50 input
schemas, where 8 schemas are {41, A3}, 10 schemas are {A;, A3}, 10 schemas are
{A3, A4}, and the rest are { A4 }. In this example, C12 = 8 and C3 = 10. Note that A
always appears together with A; and As does not co-occur with A; half of the time,
which indicates that A; and As are more likely to be a group than A; and As. Given
cases like this, we consider two attributes to be grouping attributes if the less frequent
one usually co-occurs with the more frequent one. We propose the following grouping
score measure between two attributes A, and A,:

C
Vg = — 2 3)

min(Cp, Cy)’

We need to set a grouping score threshold 7, such that attributes A, and A, will
be considered as grouping attributes only when Y,, > 7,. Practically, 7, should be
close to 1 as the grouping attributes are expected to co-occur most of the time. In our
experiment, 7, is an empirical parameter and the experimental results show that it has
similar performance in a wide range (see section 5.2).

Example 4. Grouping scores between the attributes from the schemas in Table [2l are
shown in Table[3]

In Table [3] the actual grouping attributes First Name and Last Name have a large
grouping score, which is desirable. However, it is not very ideal that some non-grouping
attributes also have large grouping scores, e.g., Publisher and Subject. This is not a
problem in our matching discovery algorithm, which is designed to be matching score
centric and always consider the grouping scores together with the matching scores when
discovering grouping attributes (see section 4.3).

We use Y = {Y,q,p = 1.n,q = 1.n,p # ¢} to denote the set of grouping scores
between any two different attributes.
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Table 5. Grouping scores between every two different attributes

Title| First | Last |Cate-|Publi- | Au- |Sub-
Name|Name| gory | sher |thor | ject
Title 1 1 1 1 1 1
First Name 1 0505|010
Last Name 05105 |0 0
Category 0.67 [0.67| 0
Publisher 0.67| 1
Author 1

Subject

The time complexity of both matching score calculation and grouping score calcu-
lation are O(un?) as there are u schemas to go through and it takes a maximum of
O(n?) time to go through each schema to obtain the co-occurrence counts for any two
attributes in Equation (2) and (3).

4.3 Schema Matching Discovery

Given the matching score and grouping score between any two attributes, we propose
an iterative matching discovery algorithm, as shown in Algorithm 1. In each iteration,
a greedy selection strategy is used to choose the synonym attribute candidates with the
highest matching score (Line 4) until there is no synonym attribute candidate available
(Line 5). Suppose X, is the highest matching score in the current iteration. We will
insert its corresponding attributes A, and A, into the matching set M depending on
how they appear in M:

1. If neither A, nor A, has appeared in M (Lines 7 - 8), {A4,} = {A4,} will be
inserted as a new matching into M.

2. If only one of A, and A, has appeared in M (Lines 9 - 16), suppose it is A, that
has appeared in M (the j-th matching of M), then A, will be added into M; too
if:

- A, has non-zero matching scores between all existing attributes in A/;. In this
case, {A,} is added as a new matching group into M; (Lines 11 - 12).

— there exists a group G, in M; where the grouping score between A, and any
attribute in Gy, is larger than the given threshold 7, and A, has non-zero
matching score between any attribute in the rest of the groups of M. In this
case, { Ay} is added as a member into the group G in M; (Lines 13 - 15).

— If both A, and A, have appeared in M, X, will be ignored because each
attribute is not allowed to appear more than one time in M. The reason for this
constraint is that if A, and A, have been added into M already, they must have
had higher matching scores in a previous iteration.

Finally, we delete X, from A" (Line 17) at the end of each iteration.

One thing that is not mentioned in the algorithm is how to select the matching score
if there is more than one highest score in X'. Our approach is to select a score X, where
one of A, and A, has appeared in M, but not both. This way of selection makes full
use of previously discovered matchings that have higher scores. If there is still more
than one score that fits the condition, the selection will be randorrﬁ.

5 Actually a tie occurs very seldom in our experiments.
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Algorithm 1. Schema Matching Discovery

Input:

A = {A;,i = 1...n}: the set of attributes from input schemas

X ={Xpq,p=1...n,q=1...n,p # q}: the set of matching scores between two attributes
Y={Ypg,p=1...n,g=1...n,p # q}: the set of grouping scores between two attributes
T4: the threshold of grouping score

Output:
M = {Mj,j = 1...v}: the set of complex matchings where each matching M is represented as
Gj1 =...= Gjuw,and Gji, k = 1...w stands for a group of grouping attributes in .4

1: begin

22 M0

3. while X # () do
4 choose the highest matching score X, in X

5: if X, = O then break;

6: end if

7: if neither A, nor A, appears in M then

8: M= M+ {{4,} = {A}}

9: else if only one of A, and A, appears in M then

10: /*Suppose A, appears in M; and A, does not appear in M*/

11 if For each attribute A; in M;, X4 > 0 then

12: Mj “— Mj + (: {Aq})

13: else if there exists a matching group G, in M; such that for any attribute A; in
Gk, Yq > Ty, and for any attribute A,, in other groups Gz, x # k, Xqm >0
then

14: Gjk — Gir +{Aq}

15: end if

16: end if

17: X — X - X,
18: end while

19: return M

20: end

Example 5 illustrates the matching discovery iterations using the attributes from the
schemas in Table 2.

Example 5. Before the iteration starts, there is no matching among attributes
(Figure B(a)). In the first iteration, First Name with Author and Last Name with
Author have the highest matching score from Table dl As the matching set is empty
now, we randomly select one of the above two pairs, say, First Name with Author.
Hence, {First Name}={Author} is added to M (Figure[3(b)) and the matching score
between First Name and Author is deleted from X. In the second iteration, Last Name
with Author has the highest matching score. Because Author has already appeared in
M, Last Name can only be added into the matching in which Author appears, i.e.,
{First Name}={Author}. Suppose the grouping threshold T, is set to 0.9. We then
let Last Name form a group with First Name as their grouping score is above the
threshold (Table D). Hence, the matching { First Name}={Author} is modified to be
{First Name, Last Name}={Author} in M (Figure[3(c)). After the group is formed,
the matching score of Last Name with Author is deleted from X. In the third iteration,
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Category and Subject have the highest matching score. Accordingly, the matching
{Category}={Subject} is added to M (Figure[3(d)) and the matching score between
them is deleted from X. In the fourth and fifth iterations, no more attributes are added
to M because all attributes associated with the current highest matching score, such as
First Name with Subject have already appeared in M, i.e., they have been matched
already. After that, no matching candidates are available and the iteration stops with
the final matching results shown in Figure[3(d)|

Title Title Title Title

First 0 First ° First ° First Q
Name Author Name Author MNam; Author Nam Author
o o o= V @7‘:
] [s]
Last O Subject Last 0 subject Lot O Subject Last Subject
Narne Narne Narne Name
o o 0 o o o
Cat
Category Publisher Category Publisher Catzgory Publisher stegary Publisher
() (b) (© (d)

Fig. 3. Matching discovery iterations

The greediness of this matching discovery algorithm has the benefit of filtering bad match-
ings in favor of good ones. For instance, in the above example, even though the match-
ing score between First Name and Subject is non-zero, the algorithm will not wrongly
match these two attributes because their matching score is lower than the score between
First Name and Author, and also lower than the score between Category and Subject.

Another interesting and beneficial characteristic of this algorithm is that it is matching
score centric, i.e., the matching score plays a much more important role than the grouping
score. In fact, the grouping score is never considered alone without the matching score.
For instance in the above example, even though the grouping score between Publisher
and Subject is 1, they are not considered by the algorithm as grouping attributes. Recall
that a matching {Category}={Subject} is found in the early iterations. In order for
Publisher to form a group with Subject, it must have a non-zero matching score with
Subject’s matching opponent, i.e., Category. Obviously, this condition is not satisfied
in the example. Similarly, although Title has high grouping scores with all the other
attributes, it forms no groups as its matching score with all the other attributes is zero.

The time complexity of the matching discovery algorithm is O(n?) because a max-
imum of n? (i.e., the number of scores in X) iterations are needed, and within each
iteration a maximum of n comparisons (i.e., the number of attributes in M) are needed.

To conclude, the overall time complexity of HSM is O(un? + n?) since the time
complexity of its three steps, matching score calculation, grouping score calculation
and schema matching discovery are O(un?), O(un?) and O(n?), respectively.

5 [Experiments

We choose two datasets, TEL-8 and BAMM, from the UIUC Web integration reposi-
tory [4], as the testsets for our HSM matching approach. The TEL-8 dataset contains
query interface schemas extracted from 447 deep Web sources of eight representative
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domains: Airfares, Hotels, Car Rentals, Books, Movies, Music Records, Jobs and Auto-
mobiles. Each domain contains about 20-70 schemas and each schema contains 3.6-7.2
attributes on average depending on the domain. The BAMM dataset contains query
interface schemas extracted from four domains: Automobiles, Books, Movies and Mu-
sic Records. Each domain has about 50 schemas and each schema contains 3.6-4.7
attributes on average depending on the domain.

In TEL-8 and BAMM, Web databases’ query interfaces are manually extracted and
their attribute names are preprocessed to remove some irrelevant information, e.g.,
“search for book titles” is cleaned and simplified to “title”. In addition, the data type of
each attribute is also recognized in TEL-8 which can be string, integer or datetime. For
details of the preprocessing and type recognition, interested readers can refer to [4].

5.1 Metrics

We evaluate the set of matchings automatically discovered by HSM, denoted by M, by
comparing it with the set of matchings manually collected by a domain expert, denoted
by M.. To facilitate comparison, we adopt the metric in [[7], farget accuracy, which
evaluates how similar M, is to M.. Given a matching set M and an attribute A,, a
Closenym set Cls(Ap| M) is used to refer to all synonym attributes of A, in M.

Example 6. For a matching set {{A1, A2}={As}={A4}}, the closenym set of A; is
{As, A4}, the closenym set of Az is also {As, A4}, the closenym set of Az is { A1, As,
Ay} and the closenym set of Ayis { A1, Aa, As}. If two attributes have the same closesym
set, they are grouping attributes, such as Ay, with As. If two attribute have each other in
their closenym sets, they are synonym attributes, such as Ay with As and Az with Ay.

The target accuracy metric includes target precision and target recall. For each attribute
A,, the target precision and target recall of its closesym set in M, with respect to M.

are:
Cls(Ay|M.) N Cls(Ay | My))|

|Cls(Ap| M) ’
|Cls(Ap| M) N Cls(Ap|Mp)|
|Cls(Ap|M.)] '

According to [7], the target precision and target recall of M}, (the matching set
discovered by a matching approach) with respect to M. (the correct matching set) are
the weighted average of all the attributes’ target precision and target recall (See equ.
(4) and (5)). The weight of an attribute A,, is set as ﬁ in which C}, denotes the

count of A, and C); denotes the count of attribute A, in S The reason for calculating
the weight in this way is that a frequently used attribute is more likely to be used in a
query submitted by a user.

Py, (Mp, M) =

Ra,(Mp, M) =

Pr(Mp, M sz oy P (Mo, Mo, )

Ry (Mp, M sz e o (Mo, M), (5)
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5.2 Experimental Results

Similar to [7], in our experiment we only consider attributes that occur more than an
occurrence-percentage threshold 7. in the input schema set S, where 7. is the ratio of
the count of an attribute to the total number of input schemas. This is because occur-
rence patterns of the attributes may not be observable with only a few occurrences. In
order to illustrate the influence of such a threshold on the performance of HSM, we run
experiments with 7. set at 20%, 10% and 5%.

Result on the TEL-8 dataset. Table |6/ shows the matchings discovered by HSM in the
Airfares and CarRentals domains, when 7 is set at 10%. In this table, the third column
indicates whether the matching is correct: Y means fully correct, P means partially
correct and N means incorrect. We see that HSM can identify very complex match-
ings among attributes. We note that destination in Airfares (the third row in Airfares)
should not form a group by itself to be synonymous to other groups. The reason is that
destination co-occurs with different attributes in different schemas, such as depart,
origin, leave from to form the same concept, and those attributes are removed because
their occurrence-percentages are lower than 10%.

Table 6. Discovered matchings for Airfares and CarRentals when 7. = 10%

Domain Discovered Matching Correct?

Airfares {departure date (datetime), return date (datetime)} = {depart (datetime), return (datetime) }
{adult (integer), children (integer), infant (integer), senior (integer) } ={passenger (integer) }

{destination (string) } = {from (string), to (string)} ={arrival city (string), departure city (string) }

{cabin (string) } = {class (string) }
CarRentals| {drop off city (string), pick up city (string) } ={drop off location (string), pick up location (string) }
{drop off (datetime), pick up (datetime)= { pick up date (datetime),
drop off date (datetime), pick up time (datetime), drop off time (datetime) }

o e e

Table 7. Target accuracy for TEL-8

Domain |7 = 20%[7. = 10%[7c = 5%| Domain [T = 20%[7Te. = 10%][7c = 5%|

[Pr] Rr |Pr] Rr |Pr] Rr | [Pr] Br |[Pr] Rr [Pr] Rr |
Airfares 1 1 1 94 [.90] .86 Airfares 1 1 1 71 [.56] 51
Automobiles | 1 1 1 1 76| .88 Automobiles | 1 1 93 1 67| .78
Books 1 1 1 1 67| 1 Books 1 1 1 1 45| .77
CarRentals 1 1 89 91 |.64| .78 CarRentals |.72 1 72 .60 [.46] .53
Hotels 1 1 72 1 .60 .88 Hotels .86 1 86| .87 [.38] .34
Jobs 1 1 1 1 0| .72 Jobs 1 86 |.78| .87 [.36| .46
Movies 1 1 1 1 7201 Movies 1 1 1 1 48| .65
MusicRecords| 1 1 74 1 .62 .88 MusicRecords| 1 1 76 1 48| .56

[ Average [ 1] 1 [.92] 98 [.70] 88 ] [ Average [.95] .98 [.88] .88 [.48] .58 |

(a) HSM with 7, = 0.9 (b) DCM

Table [Z(a) presents the performance of HSM on TEL-8 when the grouping score
threshold 7 is set to 0.9. As expected, the performance of HSM decreases when we
reduce the occurrence-percentage threshold 7. (from 20% to 5%), meaning that more
rare attributes are taken into consideration. Moreover, we can see that the performance
of HSM is almost always better than the performance of DCM, which was implemented
with the optimal parameters reported in [7], especially for a small occurrence percent-
age threshold such as 5%, as shown in Table [Z(b).
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We note that the target recall is always higher than the target precision because we do
not remove the less likely matchings, which are discovered in later iterations with small
matching scores. These less likely matchings will reduce the target precision, while they
are likely to improve the target recall. One reason that we do not set a threshold to filter
lower score matchings is that the threshold is domain dependent. We also consider that
it is much easier for a user to check whether a matching is correct than to discover a
matching by himself/herself.

Result on the BAMM dataset. The performance of HSM on BAMM is shown in
Table B(a), when the grouping score threshold 7, is set to 0.9, and the target accu-
racy of DCM on BAMM is listed in Table [§[b). For the BAMM dataset, HSM always
outperforms DCM.

Table 8. Target accuracy for BAMM

Domain  |7T. = 20%]7. = 10%[7: = 5%| Domain  |7. = 20%]7. = 10%[7c = 5%|
[Pr] Rr |Pr] Rr [Pr] Rr | [Pr] Rr [Pr] Rr [Pr|Rr]
Automobiles | 1 1 .56 1 50 1 Automobiles | 1 1 .56 1 450 1
Books 1 1 .86 1 82| 1 Books 1 1 .63 1 AT |78
Movies 1 1 1 1 90| .86 Movies 1 1 1 1 45 .53
MusicRecords| 1 1 81 1 720 1 MusicRecords| 1 1 .52 1 36 | .55
[ Average [ 1] 1 [8I] 1 [80].97] [ Average [ 1] 1 [B81] 1 [433].72]
(a) HSM with 7, = 0.9 (6) DCM

We note that the target precision in the Automobiles domain is low when 7, = 10%.
Again, the reason is that we do not remove the matchings with low matching scores,
which are less likely to be correct matchings. We also note an exception that, in the
Automobiles domain, the precision when 7. = 5% is much better than the precision
when 7. = 10%. This is because there are some incorrect matchings identified when
7. = 10%, while most newly discovered matchings when 7., = 5% are correct.

Influence of grouping score threshold. The performance of HSM with different 7,
on TEL-8 is shown in Table Of(a). We can see that 7, actually does not affect the per-
formance of HSM much in a wide range. The target accuracy of HSM is stable with
different 7, except for the target accuracy in domain CarRentals. A similar phenom-
enon can be observed when we run experiments on BAMM using different 7, as shown
in Table[B[b). The explanation is as follows:

1. We use a greedy algorithm to always consider high matching scores first and the
grouping score plays a minor role in the algorithm. Therefore, the change of group-
ing score threshold does not make much difference.

2. As we observed, an attribute usually co-occurs with the same set of attributes to
form a larger concept. Hence, most grouping attributes have a grouping score equal
to 1. This makes the grouping attribute discovery robust to the change of 7,. The
reason why the target accuracy in domain CarRentals changes with 7, is that some
attributes in this domain co-occur with different sets of attributes to form the same
concept, which makes their grouping scores less than 1 and thus the accuracy is
affected by the threshold.
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Table 9. Target accuracy of HSM with different grouping score thresholds when 7. = 10%

Domain [Ty = 7|1, = 8]7, = .9[T, = 95|
[Pr[Rr |[Pr[Rr [Pr[Rr[Pr] Rr |

Airfares T]04]1]04]1]04] 1] o4
Automobiles | 1 1 1 1 1 1 1 1
Books TTT [T T T[T 1] 1 Domain |1y = .T|Ty = 8|74 = 9|1, = .95
CarRentals [.60] 71 [ 75| 81 .89 91].86] 88 |Pr]Re [Pr]Re[PrRe|Pr] By |
Hotels 7211 [721T 1 72171 721 1 Automobiles [.55[ 1 |.55] 1 |[.55] 1 [.55 1
Jobs Tl 1T 111111 Books |86 1 |86] 1 |.86] 1 |.02] 1
Movies 1 1 1 1 1 1 1 1 Movies 1 1 1 1 1 1 1 1
MusicRecords|.74| 1 [.74] 1 [.74] 1 [.74] 1 MusicRecords| 1 | 1 |1 | 1 |1 ] 1|1 1
[ Average [.89] 96].00] 97 [.92] 98] 92] 98 | [ Average [.85] I [85] I [.85[ I [.87] 1 |
(a) TEL-8 (b) BAMM

Table 10. Actual execution time in seconds

Dataset | BAMM | TEL —38 |
[30% [ 10% | 5% |20%] 10% | 5% ]

[ DCM__ [0.861[5.171]12.749]2.332[ 15.813] 12624.5
| _HSM__ |0.063]0.202] 0.297 |0.207| 0.781 | 2.313 |

[speedup ratio] 13.7[25.6 [ 42.9 [11.3] 20.2 [ 5458 |

Actual Execution Time. As we have pointed out, HSM discovers matchings in time
polynomial to the number of attributes while DCM discovers matchings in time expo-
nential to the number of attributes. In our experiments, both HSM and DCM are imple-
mented in C++ and were run on a PC with an Intel 3.0G CPU and 1G RAM. Table[10]
shows the actual execution time accumulated on TEL-8 and BAMM with different 7... It
can be seen that HSM is always an order of magnitude faster than DCM. The time needed
by DCM grows faster when 7, is smaller, i.e., when more attributes are considered for
matching. As shown in Table 11, DCM takes more than three hours to generate all the
matchings for the TEL-8 dataset when the occurrence-percentage threshold 7. = 5%.

6 Conclusions and Future Work

In this paper, we present a holistic schema matching approach, HSM, to holistically
discover attribute matchings across Web query interfaces. The approach employs sev-
eral steps, including matching score calculation that measures the possibility of two
attributes being synonym attributes, grouping score calculation that evaluates whether
two attributes are grouping attributes, and finally a matching discovery algorithm that
is greedy and matching score centric. HSM is purely based on the occurrence patterns
of attributes and requires neither domain-knowledge nor user interaction. Experimental
results show that HSM discovers both simple and complex matchings with very high
accuracy in time polynomial to the number of attributes and the number of schemas.

However, we also note that HSM suffers from some limitations that will be the focus
of our future work. In the Airfares domain in Table [f] although the matching {from,
to}={arrival city, departure city} has been correctly discovered, HSM is not able to
identify the finer matchings {from}={arrival city} and {to}={departure city}. To ad-
dress this problem, we can consider to employ some auxiliary semantic information
(i.e., an ontology) to identify the finer matchings.
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We also plan to focus on matching the rare attributes for which HSM’s performance

is not stable. One promising direction may be to exploit other types of information, such
as attribute types, linguistic similarity between attribute names, instance overlapping,
and/or schema structures.
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Abstract. In this paper, we describe and situate the TUPELO system for data
mapping in relational databases. Automating the discovery of mappings between
structured data sources is a long standing and important problem in data manage-
ment. Starting from user provided example instances of the source and target
schemas, TUPELO approaches mapping discovery as search within the trans-
formation space of these instances based on a set of mapping operators. TU-
PELO mapping expressions incorporate not only data-metadata transformations,
but also simple and complex semantic transformations, resulting in significantly
wider applicability than previous systems. Extensive empirical validation of TU-
PELO, both on synthetic and real world datasets, indicates that the approach is
both viable and effective.

1 Introduction

The data mapping problem, automating the discovery of effective mappings between
structured data sources, is one of the longest standing problems in data management
[L7,124]. Data mappings are fundamental in data cleaning [4}|32]], data integration [19],
and semantic integration [829]. Furthermore, they are the basic glue for constructing
large-scale semantic web and peer-to-peer information systems which facilitate coop-
eration of autonomous data sources [[15]. Consequently, the data mapping problem has
a wide variety of manifestations such as schema matching [31.34], schema mapping
[[L7,126]], ontology alignment [[L0], and model matching [24}25]].

Fully automating the discovery of data mappings is an “Al-complete” problem in
the sense that it is as hard as the hardest problems in Artificial Intelligence [24]. Con-
sequently, solutions have typically focused on discovering restricted mappings such
as one-to-one schema matching [31]. More robust solutions to the problem must not
only discover such simple mappings, but also facilitate the discovery of the structural
transformations [[18139] and complex (many-to-one) semantic mappings (814,129,131
which inevitably arise in coordinating heterogeneous information systems. We illustrate
such mappings in the following scenario.

Example 1. Consider the three relational databases F1ights A, B, and C maintain-
ing cost information for airline routes as shown in Fig.[ll These databases, which ex-
hibit three different natural representations of the same information, could be managed
by independent travel agencies that wish to share data.

* The current paper is a continuation of work first explored in poster/demo presentations (IHIS05
and SIGMODO05) and a short workshop paper [11].

Y. Toannidis et al. (Eds.): EDBT 2006, LNCS 3896, pp. 95-[I111 2006.
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FlightsB
) Prices:

Flightsa Carrier Route Cost AgentFee
Flights: AirEast ATL29 100 15
Carrier Fee ATL29 ORD17 JetWest ATL29 200 16
AirEast 15 100 110 AirEast ORD17 110 15
JetWest 16 200 220 JetWest ORD17 220 16

FlightsC
AirEast: JetWest :
Route BaseCost TotalCost Route BaseCost TotalCost
ATL29 100 115 ATL29 200 216
ORD17 110 125 ORD17 220 236

Fig. 1. Three airline flight price databases, each with the same information content

Note that mapping between the databases in Fig.[[lrequires (1) matching schema el-
ements, (2) dynamic data-metadata restructuring, and (3) complex semantic mapping.
For example, mapping data from F1ightsB to F1ightsaA involves (1) matching the
Flightsand Prices table names and (2) promoting data values in the Rout e column
to attribute names. Promoting these values will dynamically create as many new attribute
names as there are Route values in the instance of F11ightsB. Mapping the data in
FlightsBto FlightsC requires (3) a complex semantic function mapping the sum
of Cost and AgentFee to the TotalCost column in the relations of F1ightscC.

1.1 Contributions and Outline

In this paper we present the TUPELO data mapping system for semi-automating the
discovery of data mapping expressions between relational data sources (Section[2). TU-
PELO is an example driven system, generating mapping expressions for interoperation
of heterogeneous information systems which involve schema matching, dynamic data-
metadata restructuring (Section 2.1)), and complex (many-to-one) semantic functions
(Section ). For example, TUPELO can generate the expressions for mapping between
instances of the three airline databases in Fig.[Il

Data mapping in TUPELO is built on the novel perspective of mapping discovery
as an example driven search problem. We discuss how TUPELO leverages Artificial
Intelligence search techniques to generate mapping expressions (Sections 2] and [3). We
also present experimental validation of the system on a variety of synthetic and real
world scenarios (Section[3)) which indicates that the TUPELO approach to data mapping
is both viable and effective. We conclude the paper with a discussion of related research
(Section[6)) and directions for future work (Section[7).

2 Dynamic Relational Data Mapping with TUPELO

In this section we outline the architecture and implementation of the TUPELO system,
illustrated in Fig. 2l TUPELO generates an effective mapping from a source relational
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Complex
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Fig. 2. Data Mapping in the TUPELO System

schema S to a target relational schema 7'. The system discovers this mapping using
(1) example instances s of .S and ¢ of T" and (2) illustrations of any complex semantic
mappings between the schemas. Mapping discovery in TUPELO is a completely syn-
tactic and structurally driven process which does not make use of a global schema or
any explicit domain knowledge [2}[16].

We first introduce the mapping language £ used in TUPELO. This language focuses
on simple schema matching and structural transformations. We then discuss the Rosetta
Stone principle which states that examples of the same information under two different
schemas can be used to discover an effective mapping between the schemas. We close
the section by describing the idea that drives data mapping in the TUPELO system,
namely that data mapping is fundamentally a search problem.

2.1 Dynamic Relational Transformations

TUPELO generates expressions in the transformation language £, a fragment of the
Federated Interoperable Relational Algebra (FIRA) [39]]. FIRA is a query algebra for
the interoperation of federated relational databases. The operators in £ (Table [T) ex-
tend the relational algebra with dynamic structural transformations [18}32,/39]]. These
include operators for dynamically promoting data to attribute and relation names, a
simple merge operator [40]], and an operator for demoting metadata to data values. The
operators, for example, can express the transformations in Fig. Il such as mapping the
data from FlightsBto FlightsaA.

Example 2. Consider in detail the transformation from F1ightsB to F1ightsA.
This mapping is expressed in L as:
Ry :=1$55. (FlightsE)
Promote Route values to attribute names with
corresponding Cost values.
R> := Lroute (-lLCost (Rl ))
Drop attributes Route and Cost.
R3 = ,uCarrier(RQ)
Merge tuples on Carrier values.

1
R4 = pz;gntFeeHFee (p;iices—ﬁ‘lights (RJ))
Rename attribute AgentFee to Fee and relation Prices to Flights
(i.e., match schema elements).

The output relation Ry is exactly F1ightsA.
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Table 1. Operators for dynamic relational data mapping

Operation Effect

Dereference Column A on B. ¥t € R, append a new column named B with

B
—a (B) value t[t[A]].
14 (R) Promote Column A to Metadata. Vt € R, append a new column named ¢[A]
B with value ¢[B].
| (R) Demote Metadata. Cartesian product of relation R with a binary table contain-
ing the metadata of R.
(R) Partition on Column A. Yv € mwa(R), create a new relation named v, where
£a tevifft € Rand t{A] = v.
x(R,S) Cartesian Product of relation R and relation S.
ra(R) Drop column A from relation R.
na(R) Merge tuples in relation R based on compatible values in column A [40].

1 . . . .
P;ti/;e/ (R)  Rename attribute/relation X to X’ in relation R.

FIRA is complete for the full data-metadata mapping space for relational data
sources [39]. The language £ maintains the full data-metadata restructuring power of
FIRA. The operators in £ focus on bulk structural transformations (via the —, T, |,
£, X, 1, and p operators) and schema matching (via the rename operator p). We view
application of selections (o) as a post-processing step to filter mapping results accord-
ing to external criteria, since it is known that generalizing selection conditions is a
nontrivial problem. Hence, TUPELO does not consider applications of the relational o
operator. Note that using a language such as £ for data mapping blurs the distinction
between schema matching and schema mapping since £ has simple schema matching
(i.e., finding appropriate renamings via p) as a special case.

2.2 The Rosetta Stone Principle

An integral component of the TUPELO system is the notion of “critical” instances s
and ¢ which succinctly characterize the structure of the source and target schemas S
and T, respectively. These instances illustrate the same information structured under
both schemas. The Rosetta Stone principle states that such critical instances can be used
to drive the search for data mappings in the space of transformations delineated by the
operators in £ on the source instance s. Guided by this principle, TUPELO takes as input
critical source and target instances which illustrate all of the appropriate restructurings
between the source and target schemas.

Example 3. The instances of the three airline databases presented in Fig. [l illustrate
the same information under each of the three schemas, and are examples of succinct
critical instances sufficient for data mapping discovery.

Critical Instance Input and Encoding. Critical instances can be easily elicited from
a user via a visual interface akin to the Lixto data extraction system [13] or visual
interfaces developed for interactive schema mapping [1,[3,26.[37]]. In TUPELO, critical
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Initialize Critical Instances

Source 0, Name: Grades

source®, #of Colmes[5
Source®, #ofRows |+
Target 0, Name | Students

Targeto, #ofCoumns [5
Targeto, #ofRows [ Choose a Search Heuristic

Back | et | € setsma

& Set-simB

Start Over | Start Search!

Fig.3. TUPELO GUI

instances are articulated by a user via a front-end GUI that has been developed for the
system (Figure[3). Since critical instances essentially illustrate one entity under different
schemas, we also envision that much of the process of generating critical instances can
be semi-automated using techniques developed for entity/duplicate identification and
record linkage [2,138]].

Critical instances are encoded internally in Tuple Normal Form (TNF). This nor-
mal form, which encodes databases in single tables of fixed schema, was introduced
by Litwin et al. as a standardized data format for database interoperability [23]]. TU-
PELO makes full use of this normal form as an internal data representation format.
Given a relation R, the TNF of R is computed by first assigning each tuple in R a
unique ID and then building a four column relation with attributes TID, REL, ATT,
VALUE, corresponding to tuple ID, relation name, attribute name, and attribute value,
respectively. The table is populated by placing each tuple in R into the new table in a
piecemeal fashion. The TNF of a database is the single table consisting of the union of
the TNF of each relation in the database.

Example 4. We illustrate TNF with the encoding of database F1ightsC:

TID REL ATT VALUE
ti AirEast Route ATL29
fi AirEast BaseCost 100
fi AirEast TotalCost 115
t AirEast Route ORD17
f» AirEast BaseCost 110
f AirEast TotalCost 125
t3 JetWest Route ATL29
f3 JetWest BaseCost 200
t3 JetWest TotalCost 216
4 JetWest Route ORD17
fy, JetWest BaseCost 220
s JetWest TotalCost 236

The TNF of a relation can be built in SQL using the system tables. The benefits of
normalizing the input instances in this manner with a fixed schema include (1) ease and
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uniformity of handling of the data, (2) both metadata and data can be handled directly
in SQL, and (3) sets of relations are encoded as single tables, allowing natural multi-
relational data mapping from databases to databases.

2.3 Data Mapping as a Search Problem

In TUPELO the data mapping problem is seen fundamentally as a search problem. Given
critical instances s and ¢ of the source and target schemas, data mapping is an explo-
ration of the transformation space of £ on the source instance s. Search successfully
terminates when the target instance ¢ is located in this space. Upon success, the trans-
formation path from the source to the target is returned. This search process is illustrated
in Figure ] The branching factor of this space is proportional to |s| + |¢|; however in-
telligent exploration of the search space greatly reduces the number of states visited, as
we discuss next.

Source State

f7 i X 1 P

JITW D@WM AT, T, T

Target State

Fig. 4. Search space for data mapping discovery

Heuristic Search Algorithms. Due to their simplicity and effectiveness, we chose to
implement the heuristic based Iterative Deepening A* (IDA) and Recursive Best-First
Search (RBFS) search algorithms from the Artificial Intelligence literature [28]. In the
heuristic exploration of a state space, both of these algorithms use a heuristic function
to rank states and selectively search the space based on the rankings. The evaluation
function f for ranking a search state x is calculated as f(z) = g(x) + h(z), where g(z)
is the number of transformations applied to the start state to get to state = and h(z) is
an educated guess of the distance of x from the target state. Search begins at the source
critical instance s and continues until the current search state is a structurally identical
superset of the target critical instance ¢ (i.e., the current state contains t). The transfor-
mation path from s to ¢ gives a basic mapping expression in L. After this expression
has been discovered, filtering operations (via relational selections o) must be applied if
necessary according to external criteria, as discussed in Section[2.1l The final output of
TUPELO is an expression for mapping instances of the source schema to corresponding
instances of the target schema.



Data Mapping as Search 101

The two search algorithms used in TUPELO operate as follows. IDA performs a
depth-bounded depth-first search of the state space using the f-rankings of states as
the depth bound, iteratively increasing this bound until the target state is reached [28].
RBFS performs a localized, recursive best-first exploration of the state space, keep-
ing track of a locally optimal f-value and backtracking if this value is exceeded [28].
Each of these algorithms uses memory linear in the depth of search; although they
both perform redundant explorations, they do not suffer from the exponential mem-
ory use of basic A* best-first search which led to the ineffectiveness of early im-
plementations of TUPELO. Furthermore, they both achieve performance asymptotic
to A*.

Simple Enhancements to Search. To further improve performance of the search al-
gorithms, we also employed the simple rule of thumb that “obviously inapplicable”
transformations should be disregarded during search. For example if the current search
state has all attribute names occurring in the target state, there is no need to explore ap-
plications of the attribute renaming operator. We incorporated several such simple rules
in TUPELO.

3 Search Heuristics

Heuristics are used to intelligently explore a search space, as discussed in Section[2.3]
A search heuristics h(z) estimates the distance, in terms of number of intermediate
search states, of a given database x from a target database ¢. A variety of heuristics
were implemented and evaluated. This section briefly describes each heuristic used in
TUPELO.

Set Based Similarity Heuristics. Three simple heuristics measure the overlap of val-
ues in database states. Heuristic 41 measures the number of relation, column, and data
values in the target state which are missing in state x:
hi(z) = [mreL(t) — mreL(2)]
+ |[maTT (t) — TATT ()]
+ |mvaLue (t) — mvaLue(z)].
Here, 7 is relational projection on the TNF of x and ¢, and |z| is the cardinality of
relation x. Heuristic ho measures the minimum number of data promotions (T) and
metadata demotions (]) needed to transform x into the target ¢:
ha(z) = |mreL(t) N maTT(2)]
+ |mreL (t) N wvaLue ()|
+ |maTT (t) N 7REL ()]
+ |maTT () N 7vaLue ()|
+ |mvaLue (t) N reL ()]
+ |mvaLue(t) N waTT ().

Heuristic h3 takes the maximum of hq and hs on x:
hs(z) = max{hi(x), ha(x)}.
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Databases as Strings: The Levenshtein Heuristic. Viewing a database as a string
leads to another heuristic. Suppose d is a database in TNF with tuples

(k1,7m1,a1,01) 5.y (Kny Ty Gy Un)

For each tuple, let s; = r; * a; * v;, where * is string concatenation. Define string(d)
to be the string dy % - - - x d,,, where dy, . . ., d,, is a lexicographic ordering of the strings
s, potentially with repetitions. The Levenshtein distance between string = and string v,
L(z,y), is defined as the least number of single character insertions, deletions, and sub-
stitutions required to transform « into y [20]]. Using this metric, we define the following
normalized Levenshtein heuristic:

hi(z) = mund(k L(string(x), string(t)) >

max{|string(x)|,|string(t)|}

where |w| is the length of string w, k > 1 is a scaling constant (scaling the interval
[0,1] to [0, k]), and round(y) is the integer closest to y.

Databases as Term Vectors: Euclidean Distance. Another perspective on a database
is to view it as a document vector over a set of terms [36]. Let A = {a1,...,a,} be
the set of tokens occurring in the source and target critical instances (including attribute
and relation names), and let

D = {<a17a17a1>7'~'7<anaanan>}

be the set of all n? triples over the tokens in A. Given a search database d in TNF with
tuples (k1,71,a1,v1) - -+, {km, "m, @m, Um), define d to be the n3-vector (d,. . ., d,3)
where d; equals the number of occurrences of the ith triple of D in the list

<7’17a1,vl>7...7<rm,am,vm> .

This term vector view on databases leads to several natural search heuristics. The
standard Euclidean distance in term vector space from state x to target state ¢ gives us
a Euclidean heuristic measure:

where x; is the ith element of the database vector .
Normalizing the vectors for state x and target ¢ gives a normalized Euclidean heuris-
tic for the distance between z and ¢:

where k > 1 is a scaling constant and |Z| = />, x2, as usual.



Data Mapping as Search 103

Databases as Term Vectors: Cosine Similarity. Viewing databases as vectors, we can
also define a cosine similarity heuristic measure, with scaling constant & > 1:

heos() = round (k {1 - MD

|z [¢]

Cosine similarity measures the cosine of the angle between two vectors in the database
vector space. If x is very similar to the target ¢, heos returns a low estimate of the
distance between them.

4 Supporting Complex Semantic Mappings

The mapping operators in the language £ (Table [[) accommodate dynamic
data-metadata structural transformations and simple one-to-one schema matchings.
However, as mentioned in Section[Il many mappings involve complex semantic trans-
formations [8,114,29,131]]. As examples of such mappings, consider several basic com-
plex mappings for bridging semantic differences between two tables.

Example 5. A semantic mapping f, from airline names to airline ID numbers:

Carrier CID
AirFast <% 123
Jetlest 456

A complex function fo which returns the concatenation of passenger first and last
names:

Last First ; Passenger
Smith John 2 John Smith
Doe Jane Jane Doe

The complex function fs between F1ightsBand F1ightsCwhich maps AgentFee
and Cost to TotalCost:

CID Route Cost AgentFee CID Route TotalCost
123 ATL29 100 15 123 ATL29 115
456 ATL29 200 16 S 456 ar2e 216
123 ORD17 110 15 123 ORD17 125
456 ORD17 220 16 456 ORDI17 236

Other examples include functions such as date format, weight, and international finan-
cial conversions, and semantic functions such as the mapping from employee name to
social security number (which can not be generalized from examples), and so on.

Support for Semantic Mapping Expressions. Any complex semantic function is
unique to a particular information sharing scenario. Incorporating such functions in
a non-ad hoc manner is essential for any general data mapping solution. Although
there has been research on discovering specific complex semantic functions [6,14],
no general approach has been proposed which accommodates these functions in larger
mapping expressions.
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TUPELO supports discovery of mapping expressions with such complex semantic
mappings in a straight-forward manner without introducing any specialized domain
knowledge. We can cleanly accommodate these mappings in the system by extending
L with a new operator A which is parameterized by a complex function f and its input-
output signature:

AP A(R).

Example 6. As an illustration of the operator, the mapping expression to apply function
f3 in Example[dlto the values in the Cos t and AgentFee attributes, placing the output
in attribute TotalCost:

TotalCost .
/\f:,éaostcjsi-xgentFee(FllghtSB)'

The semantics of A is as follows: for each tuple 7" in relation R, apply the mapping f to
the values of T on attributes A = (A1, ..., A,) and place the output in attribute B. The
operator is well defined for any tuple 7" of appropriate schema (and is the identity map-
ping on T" otherwise). Note that this semantics is independent of the actual mechanics
of the function f. Function symbols are assumed to come from a countably infinite set

F={fi}i=5.

Discovery of Semantic Mapping Expressions. TUPELO generates data mapping ex-
pressions in £. Extending £ with the A operator allows for the discovery of mapping
expressions with arbitrary complex semantic mappings. Given critical input/output in-
stances and indications of complex semantic correspondences f between attributes A
in the source and attribute B in the target, the search is extended to generate appropriate
mapping expressions which also include the A operator (Figure ).

For the purpose of searching for mapping expressions, \ expressions are treated just
like any of the other operators. During search all that needs to be checked is that the
applications of functions are well-typed. The system does not need any special semantic
knowledge about the symbols in [F; they are treated simply as “black boxes” during
search. The actual “meaning” of a function f is retrieved during the execution of the
mapping expression on a particular database instance, perhaps maintained as a stored
procedure. Apart from what can be captured in search heuristics, this is probably the
best that can be hoped for in general semantic integration. That is, all data semantics
from some external sources of domain knowledge must be either encapsulated in the
functions f or somehow introduced into the search mechanism, for example via search
heuristics.

This highlights a clear separation between semantic functions which interpret the
symbols in the database, such as during the application of functions in I, and syntactic,
structural transformations, such as those supported by generic languages like £. This
separation also extends to a separation of labor in data mapping discovery: discovering
particular complex semantic functions and generating executable data mapping expres-
sions are treated as two separate issues in TUPELO.

Discovering complex semantic functions is a difficult research challenge. Some re-
cent efforts have been successful in automating the discovery of restricted classes of
complex functions [6,/14]. There has also been some initial research on optimization of
mapping expressions which contain executable semantic functions [4].
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Focusing on the discovery of data mapping expressions, TUPELO assumes that the
necessary complex functions between the source and target schemas have been discov-
ered and that these correspondences are articulated on the critical instance inputs to the
system (Fig. ). These correspondences can be easily indicated by a user via a visual
interface, such as those discussed in Section Internally, complex semantic maps
are just encoded as strings in the VALUE column of the TNF relation. This string indi-
cates the input/output type of the function, the function name, and the example function
values articulated in the input critical instance.

5 Empirical Evaluation

The TUPELO system has been fully implemented in Scheme. In this section we dis-
cuss extensive experimental evaluations of the system on a variety of synthetic and
real world data sets. Our aim in these experiments was to explore the interplay of the
IDA and RBFS algorithms with the seven heuristics described in Section[3l We found
that overall RBFS had better performance than IDA. We also found that heuristics h;,
hs, normalized Euclidean, and Cosine Similarity were the best performers on the test
data sets.

Experimental Setup. All evaluations were performed on a Pentium 4 (2.8 GHz) with
1.0 GB main memory running Gentoo Linux (kernel 2.6.11-gentoo-r9) and Chez
Scheme (v6.9¢). In all experiments, the performance measure is the number of states
examined during search. We also included the performance of heuristic hy for compar-
ison with the other heuristics. This heuristic is constant on all values (Vx, ho(z) = 0)
and hence induces brute-force blind search. Through extensive empirical evaluation of
the heuristics and search algorithms on the data sets described below, we found that the
following values for the heuristic scaling constants & give overall optimal performance:

Norm. Euclidean Cosine Sim. Levenshtein
IDA k=T k=5 k=11
RBEFS k=20 k=24 k=15

These constant k values were used in all experiments presented below.

5.1 Experiment 1: Schema Matching on Synthetic Data

In the first experiment, we measured the performance of IDA and RBFS using all seven
heuristics on a simple schema matching task.

Data Set. Pairs of schemas with n = 2, ..., 32 attributes were synthetically generated
and populated with one tuple each illustrating correspondences between each schema:

Al Bl Al A2 Bl B2 Al --- A32 Bl--- B32
al’al ala2’al a2 al---a32’al--- a32

Each algorithm/heuristic combination was evaluated on generating the correct match-
ings between the schemas in each pair (i.e., A1<B1, A2+B2, etc.).




106 G.H.L. Fletcher and C.M. Wyss

Synthetic Schema Matching, IDA Synthetic Schema Matching, IDA
T T T T T

1000000 T

1000000

T T T
Heuristic 0 —%— Euclid K
Heuristic 1 Euclid Norm L

Cosine - @ &
Levenshtein O

100000 - 4 100000 |

10000 |- 4

10000 |

1000 - 4 1000 |

5
T
.

# of States Examined (logscale)

# of States Examined (logscale)

1 L L L L L L PR L L L L L L
20 25 30 1 2 3

<
®

15 4 5
Schema Size Schema Size

Fig. 5. Number of states examined using IDA for schema matching on synthetic schemas
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Fig. 6. Number of states examined using RBFS for schema matching on synthetic schemas. Note
that the number of states examined using the normalized Euclidean and Cosine Similarity heuris-
tics were identical.

Results. The performance of IDA on this data set is presented in Fig. 3l and the per-
formance of RBFS is presented in Fig.[6l Heuristic ho performed identically to hg, and
heuristic h3’s performance was identical to h;. Hence they are omitted in Figs[3land[6l
RBFS had performance superior to IDA on these schemas, with the iy, Levenshtein,
normalized Euclidean, and Cosine Similarity heuristics having best performance.

5.2 Experiment 2: Schema Matching on the Deep Web

In the second experiment we measured the performance of IDA and RBFS using all
seven heuristics on a set of over 200 real-world query schemas extracted from deep
web data sources [3]].

Data Set. The Books, Automobiles, Music, and Movies (BAMM) data set from the
UIUC Web Integration Repositoryﬂ contains 55, 55, 49, and 52 schemas from deep web
query interfaces in the Books, Automobiles, Music, and Movies domains, respectively.
The schemes each have between 1 and 8 attributes. In this experiment, we populated

! http://metaquerier.cs.uiuc.edu/repository, last viewed 26 Sept 2005.
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the schemas of each domain with critical instances. We then measured the average cost
of mapping from a fixed schema in each domain to each of the other schemas in that
domain.

BAMM Schemas, IDA BAMM Schemas, RBFS
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Fig. 7. Average number of states examined for mapping discovery in the four BAMM Domains
using (a) IDA and (b) RBFS
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Fig. 8. Average number of states examined for mapping discovery across all BAMM domains

Results. The average performance of IDA on each of the BAMM domains is presented
in Fig. [ (a). Average RBFS performance on each of the BAMM domains is given in
Fig. [7] (b). The average performance of both algorithms across all BAMM domains
is given in Fig. [8l We found that RBFS typically examined fewer states on these do-
mains than did IDA. Overall, we also found that the Cosine Similarity and normalized
Euclidean heuristics had the best performance.

5.3 Experiment 3: Real World Complex Semantic Mapping

In the third experiment we evaluated the performance of TUPELO on discovering com-
plex semantic mapping expressions for real world data sets in the real estate and
business inventory domains.
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Data Set. We measured performance of complex semantic mapping with the schemas
for the Inventory and Real Estate II data sets from the Illinois Semantic Integration
Archive A In the Inventory domain there are 10 complex semantic mappings between the
source and target schemas, and in the Real Estate II domain there are 12. We populated
each source-target schema pair with critical instances built from the provided datasets.

Results. The performance on both domains was essentially the same, so we present the
results for the Inventory schemas. The number of states examined for mapping discovery
in this domain for increasing numbers of complex semantic functions is given in Fig.
On this data, we found that RBFS and IDA had similar performance. For the heuristics,
the best performance was obtained by the hi, hs and cosine similarity heuristics.
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Fig. 9. Number of states for complex semantic mapping discovery in the Inventory domain using
(a) IDA and (b) RBFS

5.4 Discussion of Results

The goal of the experiments discussed in this section was to measure the performance
of TUPELO on a wide variety of schemas. We found that TUPELO was effective for dis-
covering mapping expressions in each of these domains, even with the simple heuristic
search algorithms IDA and RBEFS. It is clear from these experiments that RBFS is in
general a more effective search algorithm than IDA. Although we found that heuristic
h, exhibited consistently good performance, it is also clear that there was no perfect
all-purpose search heuristic. TUPELO has also been validated and shown effective for
examples involving the data-metadata restructurings illustrated in Fig. [ [T1]. It was
found in that domain that no particular heuristic had consistently superior performance.
We can conclude from these observations that work still needs to be done on developing
more intelligent search heuristics.

6 Related Work

The problem of overcoming structural and semantic heterogeneity has a long history
in the database [8] and Artificial Intelligence [29] research communities. In Section [I]

2 http://anhai.cs.uiuc.edu/archive/, last viewed 26 Sept 2005.
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we have already situated TUPELO in the general research landscape of the data map-
ping problem. We now briefly highlight related research not discussed elsewhere in the

paper:

— Schema Matching. A wide variety of existing systems have leveraged Artificial
Intelligence techniques for solving different aspects of schema matching and map-
ping. These include neural networks, Bayesian learning, and genetic programming
approaches [[7,122,127,133]]. The TUPELO view on data mapping as search comple-
ments this body of research; this view also complements the characterization of
schema matching as constraint satisfaction proposed by Smiljanic et al. [35].

— Data-Metadata Transformations. Few data mapping systems have considered the
data-metadata structural transformations used in the TUPELO mapping language
L. Systems that have considered some aspects of these transformations include
[6L9L126].

— Example-Driven Data Mapping. The notion of example-based data mapping is
an ancient idea, by some accounts dating back to the 4th century [30]. Recent
work most closely related to the example driven approach of TUPELO include
[2111305133]].

— Executable Mapping Expressions. Most schema matching systems do not address
the issue of generating executable mapping expressions, which is in general con-
sidered to be an open hard problem [24]]. Several notable systems that do generate
such expressions include [[1,12526}133].

TUPELO complements and extends this research by (1) attacking the data mapping
problem as a basic search problem in a state space and by (2) addressing a broader class
of mapping expressions including data-metadata transformations and complex seman-
tics functions. We have also initiated a formal investigation of various aspects of the
data mapping problem for relational data sources [12].

7 Conclusions and Future Work

In this paper we presented and illustrated the effectiveness of the TUPELO system for
discovering data mapping expressions between relational data sources. Novel aspects
of the system include (1) example-driven generation of mapping expressions which in-
clude data-metadata structural transformations and complex semantic mappings and (2)
viewing the data mapping problem as fundamentally a sarch problem in a well de-
fined search space. Mapping discovery is performed in TUPELO using only the syntax
and structure of the input examples without recourse to any domain-specific seman-
tic knowledge. The implementation of TUPELO was described and the viability of the
approach illustrated on a variety of synthetic and real world schemas.

There are several promising avenues for future work on TUPELO. As is evident from
the empirical evaluation presented in Section[3 further research remains on developing
more sophisticated search heuristics. The Levenshtein, Euclidean, and Cosine Simi-
larity based search heuristics mostly focus on the content of database states. Successful
heuristics must measure both content and structure. Is there a good multi-purpose search
heuristic? Also, we have only applied straightforward approaches to search with the
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IDA and RBFS algorithms. Further investigation of search techniques developed in the
Al literature is warranted. Finally, the perspective of data mapping as search is not lim-
ited to relational data sources. In particular, the architecture of the TUPELO system can
be applied to the generation of mapping expressions in other mapping languages and
for other data models. Based on the viability of the system for relational data sources,
this is a very promising area for future research.

Acknowledgments. We thank the Indiana University database group, Alexander Bilke,
Jan Van den Bussche, and Robert Warren for their helpful feedback and support.
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Abstract. Skyline queries help users make intelligent decisions over complex
data, where different and often conflicting criteria are considered. Current skyline
computation methods are restricted to centralized query processors, limiting scal-
ability and imposing a single point of failure. In this paper, we address the prob-
lem of parallelizing skyline query execution over a large number of machines by
leveraging content-based data partitioning. We present a novel distributed skyline
query processing algorithm (DSL) that discovers skyline points progressively. We
propose two mechanisms, recursive region partitioning and dynamic region en-
coding, to enforce a partial order on query propagation in order to pipeline query
execution. Our analysis shows that DSL is optimal in terms of the total num-
ber of local query invocations across all machines. In addition, simulations and
measurements of a deployed system show that our system load balances com-
munication and processing costs across cluster machines, providing incremental
scalability and significant performance improvement over alternative distribution
mechanisms.

1 Introduction

Today’s computing infrastructure makes a large amount of information available to con-
sumers, creating an information overload that threatens to overwhelm Internet users.
Individuals are often confronted with conflicting goals while making decisions based
on extremely large and complex data sets. Users often want to optimize their decision-
making and selection criteria across multiple attributes. For example, a user browsing
through a real-estate database for houses may want to minimize the price and maximize
the quality of neighborhood schools. Given such a multi-preference criteria, the system
should be able to identify all potentially “interesting” data records. Skyline queries pro-
vide a viable solution by finding data records not “dominated” by other records in the
system, where data record x dominates y if z is no worse than y in any dimension of
interest, and better in at least one dimension. Records or objects on the skyline are “the
best” under some monotonic preference functiond.

A more general variant is the constrained skyline query [[19], where users want to find
skyline points within a subset of records that satisfies multiple “hard” constraints. For

* This work was supported in part by NSF under grants IIS 02-23022, IIS 02-20152, and CNF
04-23336.

! Without loss of generality, we assume in this paper that users prefer the minimum value on all
interested dimensions.

Y. Ioannidis et al. (Eds.): EDBT 2006, LNCS 3896, pp. 112-{130] 2006.
(© Springer-Verlag Berlin Heidelberg 2006
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example, a user may only be interested in car records within the price range of $10,000
to $15,000 and mileage between 50K and 100K miles. The discussion hereafter focuses
on this generalized form of the skyline query.

Until recently, Skyline query processing and other online analytical processing
(OLAP) applications have been limited to large centralized servers. As a platform, these
servers are expensive, hard to upgrade, and provide a central point of failure. Previous
research has shown common-off-the-shelf (COTS) cluster-based computing to be an
effective alternative to high-end servers [3], a fact confirmed by benchmarks [4] and
deployment in large query systems such as Google [6]. In addition, skyline queries
are especially useful in the context of Web information services where user preference
plays an important role. Integrating structured data from a large number of data sources,
those services [2] help Web surfers formulate “structured” queries over large data sets
and typically process considerable query load during peak hours. For these Web ser-
vices, a scalable distributed/parallel approach can significantly reduce processing time,
and eliminate high query load during peak hours.

Our paper is the first to address the problem of parallelizing progressive skyline
queries on a share-nothing architecture. This paper makes four key contributions. First,
we present a recursive region partitioning algorithm and a dynamic region encoding
method. These methods enforce the skyline partial order so that the system pipelines
participating machines during query execution and minimizes inter-machine communi-
cation. As a query propagates, our system prunes data regions and corresponding ma-
chines for efficiency, and progressively generates partial results for the user. In addition,
we propose a “random sampling” based approach to perform fine-grain load balancing
in DSL. Next, we perform analysis to show that our approach is optimal in minimizing
number of local query invocations across all machines. Finally, we describe the clus-
ter deployment of a full implementation on top of the CAN [21] content distribution
network, and present thorough evaluations of its bandwidth, scalability, load balancing
and response time characteristics under varying system conditions. Results show DSL
clearly outperforms alternative distribution mechanisms.

The rest of the paper is organized as follows: Section[2ldescribes our design goals as
well as two simple algorithms for distributed skyline calculation. We present our core
algorithm (DSL) in Section[3l In Section[d] we address the query load-balancing prob-
lem in DSL. We then evaluate our system via simulation and empirical measurements
in Section[3l Finally, we present related work in Section [land conclude in Section[7]

2 Design Goals and Proposals

In this section, we describe our design goals for parallel/distributed skyline query process-
ing algorithms. We then present two simple solutions and discuss their limitations.

2.1 Goals

In addition to basic requirements for skyline processing, we describe three design goals
for a distributed skyline algorithm. 1) Progressiveness. Similar to the requirements for
centralized solutions [17]], a distributed algorithm should be able to progressively pro-
duce the result points to the user: i.e., the system should return partial results
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immediately without scanning the entire data set. Progressiveness in a distributed set-
ting further requires that results be returned without involving all the nodes in the sys-
tem. This eliminates the need for a centralized point for result aggregation. 2) Scala-
bility. Incremental scalability is the primary goal for our system. In order to scale to
a large number of participant machines, we require that internode communication be
minimized, and processing load should be spread evenly across all nodes. It should
also be easy to add more nodes into the system to handle increased data volume and/or
heavier query load. 3) Flexibility. Our goal for flexibility has two components. First, the
system should support constrained skyline queries, and find skyline records in arbitrar-
ily specified query ranges during the runtime. Second, the distributed algorithm should
not impose any restrictions on the local implementation on each machine, thus allowing
easy incorporation of “state of the art” centralized skyline solutions.

2.2 Simple Solutions

In this section, we discuss two simple approaches towards distributing data and query
processing across multiple machines. We analyze both proposals according to our stated
goals.

Naive partitioning. One simple approach is to partition data records randomly across
all machines, and to contact all nodes to process each query. Each node calculates a
result set from local data, and all result sets are merged at a centralized node. To reduce
congestion, we can organize the nodes into a multi-level hierarchy where intermediate
nodes aggregate result sets from children nodes. We call this approach the naive method.

While easy to implement, this approach has several drawbacks. First, each query
must be processed by all nodes even if the query range is very small, resulting in sig-
nificant unnecessary computation. Second, most data points transmitted across the net-
work are not in the final skyline, resulting in significant waste in bandwidth. Finally, this
method is not progressive, since the final result set cannot be reported until all the nodes
have finished their local computations. Note that using locally progressive algorithms
does not produce globally progressive results.

@) ' (b)

Fig. 1. (a) CAN multicast-based Method with in-network pruning. (b) Observation: partial order
between nodes.
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CAN Multicast. An improved algorithm utilizes the notion of content-based data parti-
tioning. Specifically, we normalize the entire data space and directly map it to a virtual
coordinate space. Each participating machine is also mapped into the same coordinate
space and is responsible for a specific portion of that space. Then every machine stores
all the data points that fall into its space. During query processing, a multicast tree is
built to connect together all nodes overlapping with the query range, with the root at
the node that hosts the bottom-left point of the query range. The query propagates
down the tree, nodes perform local computation, and result sets are aggregated up back
to the root. Ineligible data points are discarded along the path to preserve bandwidth.
Figure [I(a)] illustrates how the tree is dynamically built at query time. Node 3 hosts
the bottom-left point of the query range ((0.3, 0.3),(0.9, 0.9)), and acts as the multicast
tree root. In this paper, we implement the content-based data partitioning scheme by
leveraging the existing code base of the CAN [21] content distribution network. There-
fore we call this approach the CAN-multicast method. While the following discussion
is based on the CAN overlay network, our solutions do not rely on the specific features
of the CAN network such as decentralized routing and are thus applicable to general
cases of content-based data partition as well.

The CAN-multicast method explicitly places data so that constrained skyline queries
only access the nodes that host the data within the query range. This prunes a signifi-
cant portion of unnecessary data processing, especially for constrained skyline queries
within a small range. However, its nodes within the query box still behave the same
as those in the naive method. Thus it shares the bandwidth and non-progressiveness
drawbacks.

3 Progressive Distributed Skylines

In this section, we begin by making observations from exploring the simple methods
described in the last section. Based on these observations, we propose our progressive
skyline query processing algorithm (DSL) and show the analytical results regarding its
behavior.

3.1 Observations

Our progressive algorithm derives from several observations. Using the CAN multicast
method, no result can be reported until results from all nodes in the query range are
considered. We note that this strategy can be optimized by leveraging content-based
data placement. Skyline results from certain nodes are guaranteed to be part of the
final skyline, and can be reported immediately. For example, in Figure no data
points from other nodes can dominate those from node 3, and node 3 can reports its
local results immediately. Meanwhile, node 8’s calculations must wait for results from
3 and 4, since its data points can be dominated by those two nodes. On the other hand,
data points in nodes 4 and 2 are mutually independent from a skyline perspective; that
is, no points from node 2 can dominate points in node 4 and vice versa. Therefore, their

2 The choice of the root will not impact the final result set as long as all the nodes in the query
range are covered by the tree.
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calculations can proceed in parallel. We summarize this observation as: any node in
the virtual CAN space can decide whether its local skyline points are in the final result
set or not by only consulting a subset of all the other nodes within the query range
(Observation 1).

Based on the Observation 1, we visualize the computational dependency between
nodes in Figure [I(b)] Each edge in the graph captures the precedence relationship be-
tween CAN nodes. During query propagation, skyline points must be evaluated at all
“upstream” nodes before “downstream” nodes can proceed. Based on this, we also ob-
serve that with skyline values from upstream nodes, some nodes within the query region
do not need to execute the query(Observation 2). For example, in Figure[I(a)] any sky-
line point from node 3 means that the query execution on nodes 5, 6, 9 and 10 should
be skipped. In Theorem H] our solution is proven to be optimal inthis sense.

3.2 Partial Orders over Data Partitions

We now formalize the notion of partial order over data partitions. According to CAN
terminology, we call each data partition a zone in the CAN virtual space. Let Qqp
be a d-dimensional query region in CAN space; a(a1, as, ..., aq), b(b1,ba, ..., bq) be
the bottom-left and top-right points, respectively. The master node of @), denoted as
M (Quab), is the CAN node whose zone contains the point a (e.g. Node 3 is the master
node in Figure[I(a)).

Let point x(x1, T2, ..., 4) be the top-right point of M (Q)’s CAN zone (e.g. point
(0.5,0.5) in Figure . M(Qap) partitions the query region Q. as follows: for each
dimension i(1 < i < d), if z; < b;, M(Qap) partitions @, into two halves on di-
mension 4: namely the upper interval [x;, b;] and the lower interval [a;, z;]; if ; > b;,
the partition will not occur on this dimension since M (Qap) “covers” @ on dimen-
sion 7. Thus, M (Q.s) divides the query space @, into at most 2d subregions (e.g., the
query region in Figure[I(a)is partitioned into 4 subregions by node 3). We denote all the
subregions resulting from the partition as the region set RS(Qqup) and |RS(Qap)| < 2.

Example 1. Figure[2l shows all four possibilities for region partitioning on a 2-d CAN
space. a, b determine the query box Q.» and x represents the top-right point of
M (Qap)’s zone. In (a), RS(Q.p) contains 4 subregions (denoted as rg, 71, 72, 73) since
x falls inside the query box and both dimensions are split. In (b) and (c), only one
dimension is divided since z is greater than b in at least one dimension. Therefore,
RS(Qap) contains 2 subregions (denoted as 7¢, 1) in both cases. Finally, in (d), the
zone of M (Q.p) covers the entire query space (on both dimensions), and no partition-
ing occurs. ([

Given a query region (J,; and its master node’s zone, the region partitioning process
as well as its resulting region set RS(Q4s) can be uniquely determined. It is important
to note that the region partitioning process is dynamically determined, depending on 1)
query region Q4 of the current skyline query; 2) the CAN zone of the node M (Q )
containing the virtual coordinate a. Furthermore, since there does not exist a “global”
oracle in a distributed setting and each node only sees its own zone, this process is exe-
cuted at the master node M (Q;). Next we define a partial order relation on RS(Qqp).
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Fig. 2. Region partitions on 2-d CAN space

Definition 1. (Skyline Dependent, <): Relation “Skyline Dependent, <” is a rela-
tion over Region Set RS(Qqp): region r; is “Skyline Dependent” on region rj, iff.
Elp(plap27"'7pd) € riuaq(qlaq%'“qu) € 14, S.L Vk,1 < k < du k. < pr, Le., q
“dominates” p.

Example 2. In Figure[2(a)} there are four subregions resulting from the partition of the
query region Qqp. Specifically, RS(Qaub) = {ro,71,72,73}. And according to Defini-
tion, 7 K 1o, 12 K 19, 3 K 19, r3 L r1 and rz K ro.

Theorem 1. “Skyline Dependent, < is a reflexive, asymmetric, and transitive relation
over RS(Qap), and thus it defines a partial order over the region set RS(Qap).

Proof. It is straightforward to show the reflectivity and transitivity of “Skyline Depen-
dent”. Asymmetry can be derived by the fact that all the subregions resulting from the
region partitioning process are convex polygons. ([

Intuitively, for each incoming query, if we can control the system computation flow to
strictly satisfy the above partial order, then we can produce skyline results progressively.
Hence nodes in a region would not be queried until they see the results from all “Skyline
Dependent” regions. The reason for this is that with the aid of the partial order between
regions, the local skyline on each participant node is only affected by the data in its
“Skyline Dependent” regions, i.e. each region is able to determine its final result based
only on the data from its “Skyline Dependent” regions and its own data records. This
exactly captures our previous two observations.

3.3 Dynamic Region Partitioning and Encoding

We still face two remaining challenges. The first challenge involves generalizing the
above approach to the case where subregions are distributed over multiple CAN zones.
We call this the Resolution Mismatch Problem. We address this challenge with a Recur-
sive Region Partitioning technique. Specifically, for a query range ()., for each subre-
gions in RS(Q,p) resulting from a region partitioning based on master node M (Q ), the
same region partitioning process is carried out recursively. Since after one region parti-
tioning, at least the bottom-left subregion ¢ is entirely covered by the zone of M (Qap),
we can resolve one part of the region @),; at each step. Consequently, this recursive
process will terminate when the entire query region is partitioned and matches the un-
derlying CAN zones. Figure[3(a)] shows that for the query range ((0.3,0.3),(0.9,0.9)), in
total, region partitioning process is invoked three times on node 3, 2, and 6 sequentially
until each of the resulting subregions is covered exactly by one CAN zone.
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Algorithm 1. Successor Calculation

: Qqp: the “parent” region of 7.q;

Teq: aregion € RS(Qab);

ID(rcq): the code of rcq;

succ(req): successors of region rcq4;

succ(req) «— ©; /nitialization

: foreach i,s.t. ID(rcq)[i]=="0

: begin

: oneSucessor.codeli] < 17; // flip one *0’ bit to "1’

: oneSucessor.region[i] «—(d[i],b[¢] ); // Set the corresponding region interval to the “upper
interval”

10: succ(req) «— succ(r;) | oneSuccessor;

11: end

12: Return succ(req);

13: END

LRI NA RN

The second challenge that naturally arises is that the query range for a constrained
skyline query is only given at query time. The recursive region partitioning and the
partial order information are also computed at query time, since they are completely
dependent on the query range. In order to enforce the partial order during the query
propagation in a distributed setting, the master nodes in the subregions should know
the predecessors they need to hear from before their own regions are activated, as well
as their successive regions that it should trigger upon its own completion. Below, we
present a dynamic region encoding scheme to capture this “context” information during
the query processing time. In our solution, once a node receives its code from one of its
predecessors, it obtains all the necessary information to behave correctly.

Definition 2. (Dynamic Region Encoding) Given query region Qup, let x be the top-
right point of master node M (Qap)’s CAN zone. For each d-dimensional region r €
RS(Qab), we assign a d-digit code ID(r) to region r. where I1D(r)[i] equals to ‘0’ if
the interval of v on the i*" dimension = |a;,z;]; ID(r)[i] = ‘1’ if the interval of r on
the it" dimension = [z;,b;]; ID(7)[i] = “** if during the region partition the original
interval on i*" dimension is not divided.

Informally, the i*" digit of I D(r) encodes whether 7 takes on the “lower half” (‘0°),
the “upper half” (‘1°) or the “original interval” (**’) as the result of the corresponding
region partitioning. Based on this region coding scheme, we define a “Skyline Precede”
relation as follows:

Definition 3. (Skyline Precede, <) Relation “Skyline Precede” (<) is a relation over
region set RS(Qap): region r; “Skyline Precede” rj, or vy < 15, iLf.f. code I1D(r;)
differs from I1D(r;) in only one bit, say, the k' bit, where ID(r;)[k] = ‘0" and
ID(r;)[k] = ‘1'. We denote pred(r;) as the set containing all the regions that “Sky-
line Precede” r;, and succ(r;) as the set containing all the regions that r; “Skyline
Precede”.

“Skyline Precede” precisely defines the order in which a distributed skyline query
should be propagated and executed. In Algorithm [l we describe how a specific
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Fig. 3. (a) Finding the skyline points in range ((0.3,0.3),(0.9,0.9)). In total, region partitioning
operation happens 3 times. (b) The query propagation order according to DSL.

region r.4 calculates its successor set succ(rqq) in RS(Qqp) based on its code 1D (7.q)
(pred(r.q) is computed analogously). Basically, each successor is generated by flipping
one single ‘0’ bitto ‘1’ (1ine 8) and adjust the region interval on that dimension to
the “upper interval” accordingly (1ine 9). Therefore, the query coordinates a, b of
region Q) qp, and ¢, d (its own region 7.4) and code I D(r.q) are all the information that
needs to be sent for correct query propagation. Figure 3(a) illustrates the region codes
and the “Skyline Precede” relationship on a 2-d CAN network given the initial query
range ((0.3,0.3),(0.9,0.9)). For example, node 5 is given code ‘10, its own query region
(0.5, 0.3),(0.9,0.5)), the whole query region ((0.3,0.3),(0.9,0.9)), it flips the ‘0’ bit to
‘1’ and adjust the y-interval from (0.3,0.5) to (0.5,0.9) and get its only successor region
((0.5,0.5), (0.9,0.9)) with code “11°.

The relationship between “Skyline Dependent, < and “Skyline precede, <” is de-
scribed by Lemmal[ll Lemmal[Ilguarantees that, if we enforce that the query propagation
follows the “Skyline Precede,<” relation, by the time a region starts, all and only its
“Skyline Dependent, < regions are completed.

Lemma 1. For any two regionr; and r; (1;,7; € RS(Qap)), i < 1, Lf.f. there exists
a sequence of regions, s.t.:T; < Tjj1... < Ti—1 =< 7.

Proof. According to Definition 2] in order for region r; to be Skyline Dependent on
region r;, for those bits in which ID(r;) differs from code ID(r;), ID(r;) must be
‘1’ and I.D(r;) must be ‘0’. This, together with Definition[3] ensures the correctness of
Lemmalll O

3.4 Algorithm Description

Now we present our system for Distributed SkyLine query, or DSL. We assume that the
data is injected into the system either by feeds from merchant’s product databases [[1]
or from a Web database crawler that “pulls” structured data records from external Web
sources [24]. The data space is normalized to [0, 1] on each dimension and every data
object is stored at the corresponding CAN node. Starting from the global query region,



120 P. Wu et al.

Algorithm 2. Distributed Skyline(DSL) Computation

1: Qcq: current region to evaluate; Qap: the “parent” region of Qcq
2: I1D(Qcq): region code for Qcaq; skyline: skyline results from upstream regions;
3: M(Qcq): master node of Q.q;

4:

5: QUERY(Qcd> Qabs ID(Qca), skyline)

6: Procedure

7: calculate predecessor set pred(Qcq) and successor set succ(Qcd);

8: if all regions in pred(Q.q) are completed then

9:  if skyline dominates Q.4 then
10: M (Qeq).COMPLETE():
11:  endif

12:  localresults «—— M(Qcq)-Calculate Local Skyline(skyline, Qcaq);
13:  skyline «—— skyline U localresults;
14:  if M(Qcq).zone covers Q.q then

15: M(Qcq).COMPLETE();

16:  else

17: M(Qcq) partitions Qcq into RS(Qca);

18: foreach successor Qg1 in RS(Qca)

19: M(Qgn).-QUERY(Qgn,Qcd, I D(Qqgn).skyline);
20:  end if

21: end if

22: End Procedure

23:

24: COMPLETE()

25: Procedure

26: if succ(Qcaq) equals to NULL then

27: M(Qap).COMPLETE();

28: else

29:  foreach successor Q. in succ(Qcq)

30: M(Qes).QUERY(Qey, Qab, ID(Qey), skyline);
31: end if

32: End Procedure

DSL recursively applies the region partitioning process to match the underlying CAN
zones and the query propagation between the resulting subregions strictly complies with
the “Skyline Precede” relationship which is enforced using dynamic region coding.

On each node involved, the DSL computation is composed of two asynchronous
procedures: QUERY and COMPLETE. These two procedures are described in Algo-
rithm[2l To activate a subregion Q.4 of Q 4, a query message ¢ is routed towards point ¢
in the CAN virtual space using the CAN overlay routing mechanism. The node hosting ¢
becomes the master node of the region, or M (Q.4). Upon receiving ¢, the QUERY pro-
cedure on M(Q.q) is invoked. DSL’s QUERY procedure on M (Q.4) will be provided
4 parameters: 1) its region code I D(Q.q); 2) its own query region Q.q4; 3) the skyline
point set skyline discovered from its “upstream” regions and 4) its “parent” query re-
gion Q4. Using this information, M (Q.q) is able to calculate its position in the parent
query region @ s, i.e. its immediate predecessors pred(Q.q) (1ine 9) and successors
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succ(Qeq) (Line 10). M(Q.q) starts computation on its own query region Q.q only
after hearing from all its predecessors in pred(Qcq) (1ine 11). M(Q.q) first checks
whether its own zone covers region (.4 or whether .4 has already been dominated
by “upstream” skyline points in skyline (Line 14).If either is positive, M (Q.q) will
not further partition its query region Q.4 and just directly call its local COMPLETE
procedure meaning it finishes evaluating the region Q.4 (1ine 15). Otherwise it re-
cursively partitions (.q into a new region set RS(Q.q) (Line 17), in which M (Q.q)
is responsible for the “first” subregion. For each successive region @4y, in the new re-
gion set of RS(Qcq), M(Qca) activates Qg5’s QUERY procedure by routing a query
message ¢’ to the corresponding bottom-left virtual point g (1ine 18-19).

In COMPLETE procedure, M (Q.q) proceeds with the computation by invoking the
QUERY procedures on its successors in succ(Q.q)(line 29-30).If Q.4 happens to
be the last subregion in region set RS(Qap), i.e. set succ(Q.q) contains no successive
regions, M (Q.q) will pass the control back to the master node M (Q,;) of its “parent”
region Q4 and invokes the COMPLETE procedure on M (Qg)(1ine 27), i.e. the
recursion “rebounds”. The entire computation terminates if the COMPLETE procedure
on the master node of the global query region is invoked.

Figure[3(a)] shows the recursive region partitioning process and its corresponding re-
gion codes of a constrained skyline query with initial query range ((0.3,0.3),
(0.9,0.9)). Figure[3(b))illustrates the actual query propagation order between machines
according to DSL.

Theorem 2. (Correctness and Progressiveness): For any constrained skyline query,
DSL described above can progressively find all and only the correct skyline points in
the system.

3.5 Algorithm Analysis

In this subsection, we present two analytical results. First, in Theorem[3] we show DSL’s
bandwidth behavior, which measures the inter-machine communication overhead and
is critical for the system scalability. Then we show in Theorem ll DSL’s optimality in
terms of the total number of local skyline query invocation on each participating ma-
chine, which measures the I/O overhead and is important for its response time perfor-
mance. We omit the proof here, please refer to a forthcoming technical report version
for complete proofs.

Theorem 3. (Bandwidth Behavior): In DSL, only the data tuples in the final answer set
may be transmitted across machines.

Theorem 4. (Optimality): For a given data partitioning strategy, the total number of
local skyline query invocations in DSL is minimized.

4 Load Balancing

Load balancing plays an important role in the performance of any practical distributed
query system. Some data storage load balancing techniques are described in [12], and
specific data load balancing work for CAN-based systems can be found in [14]. This
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paper focuses only on addressing the query load imbalance issue inherent in DSL. We
assume that compared to local query processing involving disk I/O, control messages
consume negligible amounts of system resources. Therefore, our goal is to balance the
number of local skyline queries processed on each node.

4.1 Query Load Imbalance in DSL

Our DSL solution leads to a natural query load imbalance. In DSL, query propagation
always starts from the bottom-left part of the query box. An intermediate master node
will not split its region if the region is dominated by “upstream” skyline points. When
the region split does not take place, all nodes inside the region other than the master
node will be left untouched which causes query load imbalance. Intuitively, for a given
query range, nodes from the top-right regions are less likely to be queried than their “up-
stream” counterparts. In addition, real world query loads are more likely to be skewed,
i.e. some query ranges are far more popular than others, which may further exacerbate
this problem.

(a) original load  distribu- (b) after zone replication (inde-
tion(independent and anticorre- pendent and anti-correlated; ran-
lated; random query) dom query)

Fig. 4. Query Load Visualization

Figure [i(a)| visualizes the original query load in a 2-d CAN space without load bal-
ancing. The darkness level of each zone represents the number of times a local skyline
calculation is invoked on the corresponding node. The darker a zone appears, the heav-
ier its load. We use independent as well as anti-correlated data sets, both with cardinality
of 1 million on a 5000 node system. The workload consists of 1000 constrained sky-
line queries with randomly generated query ranges (For more about experiment setting,
please see Section[3)). We see in Figure [d(a)| that the query load exhibits strong imbal-
ance among nodes with zones at the bottom-left corner being much heavier loaded.

4.2 Dynamic Zone Replication

To address the load imbalance problem, we propose a dynamic zone replication scheme.
Our proposal is similar to the approach used in [26], but is tailored specifically to ad-
dress the load imbalance in DSL.

Specifically, each node p; in the system periodically generates m random points in
the d dimensional CAN space. We set m equal to 10 by default. p; routes probes to
these points to ask for the query load at the local node. After obtaining all the replies, p;
compares its own load with the “random” probes. p; will only initiate the zone replica-
tion process when its load is heavier than some threshold 7" of all samples. 7" is a system
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parameter set to 0.5 by default. In zone replication, p; sends a copy of its zone contents
to the least loaded node p,,;,, in the sample set, and records p,,;,’s virtual coordinates
in its replicationlist.

If a node has performed zone replication, local query processing adjusts to take ad-
vantage. When calculating a local skyline query, p; picks a virtual coordinate v; from
its replicationlist in a round-robin fashion. Then p; forwards the query to the node
p; responsible for v; for actual processing. To avoid unnecessary load probing mes-
sages, we set the probing interval proportional to the rank of node’s query load in its
latest samples. By doing so, lightly loaded machines probe less frequently while nodes
in heavily loaded zones probe and distribute their load more aggressively. Figure [4(b)]
visualizes the system load distribution on both data sets after dynamic zone replication.
On both data sets, the load distribution is much “smoother” than in Figure[d(a)]

5 Performance Evaluation

5.1 Experimental Setup

We evaluate our DSL system through both simulation and measurements of a real de-
ployed system. Our system is implemented on the Berkeley PIER query engine [16],
and uses PIER’s CAN implementation and runtime environment. Because PIER uses
identical interfaces for both discrete-event simulations and real deployment code, we
used identical code in our simulations and cluster deployment. Our simulations ran on
a Linux box with an Intel Pentium IV 2.4 GHz processor and 2 GB of RAM. The real
measurement ran on a cluster composed of 20 Dell PowerEdge 1750 Servers, each with
Intel 2.6Ghz Xeon CPUs and 2GBs of memory. We run 4 node instances on each server,
for a total of 80 nodes. Since the cluster is shared with other competing applications,
we ran the same experiment 10 times and the average response time is reported. In this
experiment, the data space is static in the sense that neither deletion nor insertion is
allowed during the query processing.

We summarize default parameters in Table[Il Specifically, we use both independent
(uniform) and anti-correlated data sets with cardinality of 1 million and dimensionality
from 2-5 [19]. For those experiments where the results reflect the same trend on both
data sets, we only show one of them to save space. The number of nodes in the simu-
lation varies from 100 to 10000. The default query load in simulation consists of 1000
sequential constrained skyline queries with the query range randomly generated. More
specifically, for each dimension, both the starting point and the length of the interval
are randomly distributed.

Table 1. Default setting

Parameter Domain Default
Total nodes (Simulation) [100,10000] 5000
Total nodes (Deployment) 80 80

Data cardinality 1,000,000 1,000,000
Dimensions (Simulation) 2,3,4,5 2
Dimensions (Deployment) 2,3,4,5 3

Query Range Pattern random, biased |random
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We used three metrics in the experiment: percentage of nodes visited per query, num-
ber of data points transmitted per query and average query response time. All the re-
sponse time results are from real measurement and the results of the other two metrics
are based on simulation. Our experiments are divided into two groups: First, we show
comparative results on the three distributed skyline query methods described in this pa-
per. Second, we study the effects of different system parameters on DSL’s performance.

5.2 Comparative Studies

Scalability Comparison. Figure[3compares the three methods in terms of the number
of node visited for each query on the anti-correlated data set. We show the cumulative
density function (CDF) of percentage of queries (y-axis) against the percentage of nodes
visited (x-axis). As expected, the naive method contacts all the nodes in the system for
every incoming query, significantly limiting its scalability. The CAN-multicast method
considerably improves upon the naive method: 90 percent of the queries will contact
less than 40% of the nodes in the system. However, the remaining 10% of the queries
still visit roughly 60% of all nodes. In a 5000 node system, this translates into visiting
3000 nodes for a single query! In contrast, DSL does a much better job of isolating
the relevant data: no query involves more than 10% of the nodes, and roughly 90% of
queries contact less than 1% of all nodes.

Bandwidth Comparison. Figure |6l shows the bandwidth performance of all three
methods on the anti-correlated data set when varying system size from 100 to 10000
nodes. We measure for each query the average number of data tuples transmitted per
node. The x-axis plots the total number of nodes in the system and y-axis shows the av-
erage number of data points transmitted for a single query divided by the total number
of nodes. Here we use the number of data points to characterize the bandwidth con-
sumption, because data points are the dominant factor in the overall bandwidth usage
when compared to control messages. For all system sizes, DSL outperforms the other
two methods by one order of magnitude. This validates our claim in Theorem [3 that
DSL saves bandwidth by transmitting only the data points inside the final result set.
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Query Response Time Comparison. We compare DSL’s query response latency with
the naive method and the CAN-multicast method. Due to the space constraints, we only
show a workload containing one global skyline query, i.e. find all skyline points in
the entire data sefl. There are a total of 130 skyline points in the result set. For each
skyline point returned (x-axis), Figure [7] depicts the elapsed time of all three methods
(y-axis). The progressive behavior of DSL is not clearly reflected here due to the log-
arithmic scale of the y-axis. In fact, the initial results of DSL are reported within 0.8
seconds, while the last skyline point is reported in less than 1.2 seconds. As expected,
DSL demonstrates orders of magnitude performance improvement over the other two
methods.

A surprising result is that CAN multicast method performs much worse than the
naive method. There are two reasons for this. First, our query is a global skyline query
without constraints. This means the CAN-multicast method has no advantage over the
naive method. Second, the CAN-multicast method dynamically constructs a query prop-
agation tree which is less efficient than the naive method where the entire tree is stati-
cally built at the beginning.

In summary, DSL is the clear winner over the other two alternative distribution meth-
ods in all the three metrics.

5.3 Performance Study of DSL

In this subsection, we study DSL’s performance under different system settings.

Scalability. Figure [Bluses a CDF to illustrate the effect of system size on the number
of nodes visited per query. We ran the simulation by varying the system size from 100
to 10000 nodes. Figure 8] shows a very clear trend: with the increase of the system
size, the average number of participating nodes is quite stable. For example, when the
system size is 100, most queries touches 15 machines. When the system size grows to
10000, all queries involve less than 3% of the node population; and among them, a large
portion (80%) of the queries only touch less than 0.5% (or 50 in a 10000 node system)

3 We have also tested several other query ranges and DSL is the consistent winner with the first
several skyline points returned almost instantly (see Figure[13).
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Fig. 9. Effectiveness of dynamic zone replication

of the nodes. The reason behind is that with the virtual space partitioned by more nodes,
the average partition size on each node becomes smaller. The finer granularity of zone
partitioning allows a more accurate pruning of relevant nodes and data points. This
simulation shows that DSL can scale up to a fairly large number of machines.

Effects of Dynamic Zone Replication on Load Balancing. In this simulation, we
study the effects of dynamic zone replication scheme on load balancing. We tested both
the random query pattern as well as the biased query pattern. We only show the biased
query load results because random query results were already visualized in Figure 4l

Figure Bl compares query load distributions before and after dynamic zone repli-
cation. The workload consists of 1000 constrained skyline queries evaluated on both
anti-correlated and independent data sets. Each node reports the number of times its
local skyline procedure is invoked. The x-axis represents the query load percentage and
the y-axis plots the percentage of nodes with that load. In a perfectly balanced system
with 5000 nodes, each node would perform 0.02% of the total number of local query
operations.

The original load distribution is clearly imbalanced. In the anti-correlated data set,
almost the entire query load is taken by 10% of the machines. 2% of the nodes are each
responsible for more than 0.2% of the total query load, or overloaded by a factor of 10!
After dynamic zone replication is used on both data sets, the query load is much more
evenly distributed and closer to the ideal. Together with the previous visualization re-
sults, these results clearly show that dynamic zone replication is effective for balancing
the query load in the system.

Effects of Dimensionality on Bandwidth. Now we study the effects of dimensionality
on DSL’s bandwidth overhead. We vary the dimensionality of queries from 2 to 5, which
according to [[7] satisfies most real world applications. Figure [10 shows the effect of
dimensionality on the average bandwidth usage on the anti-correlated data set. The y-
axis represents the average number of data points transmitted by every node for each
query and the x-axis plots the dimensionality. Overall, the bandwidth usage steadily
increases with the dimensionality. Specifically, on a 2-d data set, an average node only
injects 1 data point into the network and this number grows to 20 on the 5-d data set. The
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main reason for this increase is that the original size of the skyline result set increases
rapidly with dimensionality and thus more result points need to be transmitted with the
query message from the “upstream’” machines to the “downstream” nodes, leading to
greater bandwidth consumption.

Effects of Dimensionality on Scalability. Figure [[1] shows the effects of dimension-
ality on the percentage of nodes visited per query on the independent data set. We vary
the dimensionality from 2 to 5 and show the relationship between the query load per-
centage and node percentage involved. With the increase of the dimensionality, more
nodes are involved in query processing. This is due to two reasons. First, as described
above, with the increase in dimensionality, the skyline result size increases dramatically
and thus more nodes are likely to store data points in the final result set. Second, with
higher dimensionality, more virtual space needs to be visited while the number of ma-
chines used to partition the virtual spaces remains the same. However, even when the
dimension number grows to as large as 5, most queries are evaluated across a small por-
tion of the nodes. Specifically, more than 90% of queries each require less than 10% of
all nodes. This demonstrates that DSL is scalable with the increase of dimensionality.

Effects of Dimensionality on Response Time. In Figure 2] we study the effects of
dimensionality on the query response time on the independent data set. We still use one
global skyline query as our query load. Under each dimensionality setting, Figure
shows the average response delay for all skyline results reported by DSL. Due to the
progressiveness of DSL, initial result points are typically received much faster than
this average number. As the number of dimensions grows, the average delay increases
steadily. On the 2-d data set, the average response delay is 0.6 seconds. As the num-
ber of dimensions grows to 5, the average response time grows to roughly 2 seconds.
This is explained by three factors. First, as was shown in Figure DSL’s bandwidth
consumption increases with dimensionality, and therefore more time is spent on data
transmission between nodes. Second, as was shown in simulations (Figure[TT)), the per-
centage of nodes visited per query also increases in the higher dimensional data sets.
Since more machines are involved, it takes more time for the query to propagate to
the “downstream” nodes. Finally, local skyline calculations at each node also becomes
more expensive in higher dimension datasets.
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Effects of Query Range on Response Time. In Figure[[3] we investigate the effects of
query box size on the response time. For each query box size, we generate 10 constrained
skyline queries, each of which has a query range covering a certain percentage of the
entire data space. We show the average response delay of 10 queries. For each point along
the line, we also draw a bounding box that depicts the standard deviation of the response
delay. Clearly, the average response delay increases with the growth of the query box
size. In particular, when the query range equals 20%, the average delay is less than 0.2
seconds. The delay increases to 0.85 seconds when the query range grows to 100%.

6 Related Work

Skyline query processing algorithms have received considerable attention in recent
database research. Early work [7]] proposed the Block-nested loops, Divide and conquer,
and B-tree solutions. Later work proposed the Indexing and Bitmaps solutions [23].
This was further improved in [[L7], where Nearest neighbor search (NN) was used on
a R-tree indexed data set to progressively discover skyline points. The best centralized
method, BBS [[19], has been shown to be I/O optimal, and outperforms NN. Other work
addresses continuous skyline queries over data streams [18]], extends skyline query to
categorical attribute domains where total order may not exist [8]]. One latest work [13]]
introduces a new generic algorithm LESS with O(n) average case running time. Simi-
lar results are presented in [25]] and [20] on efficient computation methods of finding
skyline points in subspaces. Huang et al. investigate efficient methods for supporting
skyline queries in the context of Mobile Ad Hoc networks (MANETS) [15].

The notion of recursive partitioning of the data space in DSL is similar to NN and
BBS. However, fundamental differences distinguish our effort from these two works.
In NN, the order of the intermediate partitions will not influence its correctness and a
distributed solution relying on NN queries is doomed to be inefficient. On the other hand,
unlike BBS, there does not exist an “oracle” in the distributed environment to order the
candidate partitions in a centralized priority queue. Moreover, DSL recursively partitions
the query region during run-time to match the underlying node zones, since, unlike BBS,
there does not exist certain a-priori “recursive” index structures like R-Tree.
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The only previous work that calculates skyline query over distributed sources was
presented in [3)]. In this work, data is vertically distributed across different web infor-
mation services. A centralized site is responsible for probing attribute values from each
site to calculate the final skyline. This limits the scale of distribution and may result
in intolerable response time due to round trip communications with multiple sources.
Unlike this approach, DSL is targeted at cluster-based internet services, in which one
integrates external data and has total control over the data placement. In addition, our
solution provides incremental scalability, where performance is improved by adding
additional machines to the cluster.

Parallel databases [9] and distributed database systems such as Mariposa [22] used
multiple machines to efficiently process queries on partitioned data relations. In partic-
ular, previous research on parallel database systems have shown that “range partition-
ing” can successfully help query processing in share-nothing architectures(e.g. parallel
sorting [[L0] and parallel join [[L1]). Skyline processing in these settings has not been
studied, and is the problem addressed in this paper.

7 Conclusion and Future Work

In this paper, we address an important problem of parallelizing the progressive sky-
line queries on share nothing architectures. Central to our algorithm DSL, is the use
of partial orders over data partitions. We propose two methods: namely recursive re-
gion partitioning and dynamic region encoding, for implementing this partial order for
pipelining machines in query execution. We provide analytical and optimality result of
our algorithm. Finally, we introduce the use of dynamic zone replication to distribute
computation evenly across nodes. We implemented the DSL system on top of the PIER
code base, and use the resulting code to perform extensive experiments on a simulation
platform as well as a real cluster deployment. Our evaluation shows DSL to signifi-
cantly outperform other distribution approaches, and that dynamic zone replication is
extremely effective in distribution query load. As future work, we will further explore
the resilience of query processing to node failures and replications, and DSL’s band-
width consumption in higher dimension data sets.
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Abstract. We consider the conflicting problems of ensuring data-access load
balancing and efficiently processing range queries on peer-to-peer data net-
works maintained over Distributed Hash Tables (DHTs). Placing consecutive
data values in neighboring peers is frequently used in DHTs since it accelerates
range query processing. However, such a placement is highly susceptible to
load imbalances, which are preferably handled by replicating data (since repli-
cation also introduces fault tolerance benefits). In this paper, we present
HotRoD, a DHT-based architecture that deals effectively with this combined
problem through the use of a novel locality-preserving hash function, and a tun-
able data replication mechanism which allows trading off replication costs for
fair load distribution. Our detailed experimentation study shows strong gains in
both range query processing efficiency and data-access load balancing, with
low replication overhead. To our knowledge, this is the first work that concur-
rently addresses the two conflicting problems using data replication.

1 Introduction

Structured peer-to-peer (P2P) systems have provided the P2P community with effi-
cient and combined routing and location primitives. This goal is accomplished by
maintaining a structure in the system, emerging by the way that peers define their
neighbors. Different structures have been proposed, the most popular of which being:
distributed hash tables (DHTs), such as CAN [17], Pastry [18], Chord [21], Tapestry
[24], which use hashing schemes to map peers and data keys to a single, modular
identifier space; distributed balanced trees, where data are stored at the nodes of a
tree, such as P-Grid[1], PHT [16], BATON [11], etc.

One of the biggest shortcomings of DHTSs that has spurred considerable research is
that they only support exact-match queries. Therefore, the naive approach to deal with
range queries over DHTs would be to individually query each value in the range,
which is greatly inefficient and thus infeasible in most cases. Although there are many
research papers that claim to support range queries over DHTs more “cleverly” and,
thus, efficiently ([2], [9], [19], [22]), all of them suffer from access load imbalances in
the presence of skewed data-access distributions. Only a few approaches deal with
both problems, i.e. load balancing and efficient range query processing, in DHTs
([5]), or other structures ([3], [7], [11]). However, these solutions are based on data
migration which is sometimes inadequate in skewed data access distributions. This is
more apparent in the case of a single popular data value which makes the peer that

Y. Toannidis et al. (Eds.): EDBT 2006, LNCS 3896, pp. 131 — 2006.
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stores it heavily loaded. Transferring this value to another peer only transfers the
problem. In such cases, access load balancing is best addressed using replication of
popular values to distribute the access load among the peers storing such replicas.

In this work we propose solutions for efficiently supporting range queries together
with providing a fair load distribution over DHTs using replication. Our approach is
based on two key ideas. The first is to use locality-preserving data placement, i.e. to
have consecutive values stored on neighboring peers; thus, collecting the values in a
queried range can be achieved by single-hop neighbor to neighbor visits. The second
is to replicate popular values or/and ranges to fairly distribute access load among
peers. However, using data replication together with a locality-preserving data place-
ment is not simple: if the replicas of a popular value are placed in neighboring peers,
the access load balancing problem still exists in this neighborhood of peers that is al-
ready overloaded; On the other hand, if the replicas are randomly distributed, addi-
tional hops are required each time a replica is accessed during range query processing.
Addressing these two conflicting goals is the focus of this paper.

Specifically, we make the following contributions:

1. We define a novel locality-preserving hash function, used for data placement in a
DHT, which both preserves the order of values and handles value/range replica-
tion. The above can be applied to any DHT with slight modifications (we use
Chord [21] for our examples and in our experiments).

2. We propose a tunable replication scheme: by tweaking the degree of replication, a
system parameter, we can trade off replication cost for access load balancing. This
is useful when we know, or can predict the characteristics of the query workload.

3. We develop a locality-preserving, DHT architecture, which we coin HotRoD, that
incorporates the above contributions, employing locality-preserving replication to
ensure access-load balancing, and efficient range query processing.

4. We comprehensively evaluate HotRoD. We propose the use of a novel load balanc-
ing metric, Lorenz curves and the Gini coefficient (which is being heavily used in
other disciplines, such as economics and ecology), that naturally captures the fair-
ness of the load distribution. We compare HotRoD against baseline competitors for
both range query processing efficiency and load distribution fairness. Further, we
study the trade-offs in replication costs vs. achievable load balancing.

5. Our results from extensive experimentation with HotRoD show that HotRoD
achieves its main goals: significant speedups in range query processing and dis-
tributes accesses fairly to DHT nodes, while requiring only small replication over-
head. Specifically, a significant hop count saving in range query processing, from
5% to 80% compared against standard DHTs. Furthermore, data-access load is
significantly more fairly distributed among peers, with only a small number of rep-
licas (i.e. less than 100% in total). As the range query spans, or data-access skew-
ness increases, the benefits of our solution increase.

To our knowledge, this is the first work to concurrently address the issues of repli-
cation-based data-access load balancing and efficient range query processing in
structured P2P networks and study in detail its performance features.

The rest of the paper is organized as follows: In section 2 we introduce the HotRoD
architecture, its locality-preserving hash function, and the mechanisms for replica man-
agement, and in section 3 we present the algorithm for range query processing. In
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section 4 we experimentally evaluate HotRoD, and present its ability to tune replication.
Finally, we discuss related work, in section 5, and conclude in section 6.

2 HotRoD: A Locality-Preserving Load Balancing Architecture

The main idea behind the proposed architecture is a novel hash function which: (a)
preserves the ordering of data to ensure efficient range query processing, and, (b) rep-
licates and fairly distributes popular data and their replicas among peers.

HotRoD is built over a locality-preserving DHT, i.e. data are placed in range parti-
tions over the identifier space in an order-preserving way. Many DHT-based data
networks are locality-preserving (Mercury [5], OP-Chord [22, 15], etc) in order to
support range queries. However, this additional capability comes at a price: locality-
preserving data placement causes load imbalances, whereas trying to provide load
balancing, the order of data breaks. HotRoD strives for a uniform access load distribu-
tion by replicating popular data across peers in the network: its algorithms detect
overloaded peers and distribute their access load among other, underloaded, peers in
the system, through replication. (We should mention that instances of the algorithms
run at each peer, and no global schema knowledge is required).

In the following sub-sections, we overview the underlying locality-preserving
DHT, define a novel locality-preserving hash function, and algorithms to detect load
imbalances and handle data replication and load balancing.

2.1 The Underlying Locality-Preserving DHT

We assume that data objects are the database tuples of a k-attribute relation R(A;, A,,
..., Ay), where A; (1 <i<k) are R’s attributes. The attributes A; are used as single-
attribute indices of any tuple 7 in R. Their domain is DA;, for any 1 <i<k. Every tu-
ple ¢ in R is uniquely identified by a primary key, key(t), which can be either one of its
A; attributes, or calculated by more than one A; attributes.

In DHT-based networks, peers and data are assigned unique identifiers in an m-bit
identifier space (here, we assume an identifier ring modulo-2™). Traditional DHTS use
secure hash functions to randomly and uniquely assign identifiers to peers and data.
Here, a tuple’s identifier is produced by hashing its attributes’ values using k (at
most') order-preserving hash functions, hashi(), to place tuples in range partitions
over the identifier space. For fault tolerance reasons, a tuple is also stored at the peer
mapped by securely hashing its key(t). Thus, data placement requires O((k+1)-logN)
hops - N is the number of peers ([22]).

Note: We may apply an additional level of indirection by storing pointers to tuples, as
index tuples I(t): {vi(t) key(t)}, instead of tuples themselves. At this point, we make
no distinction.

As most existing DHTs, tuples use consistent hashing ([12]): a tuple with identifier id
is stored at the peer whose identifier is the “closest” to id in the identifier space (i.e.
the successor function, succ(), of Chord [21]). Peers also maintain routing information

! Functions hash() may be different for each one of the k different attributes A..
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about peers that lie on the ring at logarithmically increasing distance (i.e. the finger
tables of Chord [21]). Using this information, routing a message from one peer to an-
other requires O(logN) hops in the worst case, where N is the number of peers. For
fault-tolerance reasons, each peer also maintains a maximum of logN successors.

Example 2.1. Fig. 1. illustrates data placement in a 14-bit order-preserving Chord-
like ring, i.e. the id space is [0, 16383]. We assume single-attribute A tuples, DA=[0,
4096). Let N=7 peers inserted in the network with identifiers 0, 2416, 4912, 7640,
10600, 11448, and 14720. Each peer is responsible for storing a partition of the at-
tribute domain DA, in an order-preserving way, as shown.

0 (3916, 4095]U{0}

(2862, 3916] 157‘20 ,r—.——-k_,‘l_‘ )
o~ —. ~.\\2416r0 604]
Lookup for . — ,Onkupor_i__""‘\,_\ !
(1000, 2000] — ~
T s /Succ(J——ﬁ:,b/ ~
(1910, 2862 11448~ —— ucrﬂ.r\\\:‘, — — 4912 (604, 1228]

“““““ - i
10600 100 57 e o rory RS0 [T

|vaiuss‘ | |2330 | |vaﬁues| | | |

Fig. 1. The substrate locality-preserving DHT. (a) A tuple with value ve DA is stored on peer
succ(hash(v)), (b) The range query [1000, 2000] is routed from peer succ(hash(1000))=4912,
through the immediate successors, to peer succ(hash(2000))=10600.

A range query is pipelined through those peers whose range of index entries stored at
them overlaps with the query range. It needs O(logN+ n') routing hops — n' is the
number of these peers ([22]).

Example 2.2. Fig. 1. also illustrates how the range query [1000, 2000] initiated at
peer 11448 is answered. Using the underlying DHT network look up operation,
lookup() (i.e. Chord lookup, if the underlying network is Chord), we move to peer
succ(hash(1000)), which is peer 4912. Peer 4912 retrieves all tuples whose values fall
into the requested range, and forwards the query to its successor, peer 7640. The
process is repeated until the query reaches peer 10600 (i.e. succ(hash(2000))), which
is the last peer keeping the requested tuples.

Although it accelerates routing for range queries, this scheme cannot handle load bal-
ancing in the case of skewed data-access distributions. HotRoD, the main contribution
of this work, deals with this problem while still attaining the efficiency of range query
processing. From this point forward, we assume that R is a single-attribute index A
relation, whose domain is DA. Handling multi-index attribute relations is straightfor-
ward ([14]), and beyond the scope of this paper.

2.2 Replication and Rotation

Each peer keeps track of the number of times, a, it was accessed during a time inter-
val, and the average low and high bounds of the ranges of the queries it processed,
at this time interval — avgLow and avgHigh respectively. We say that a peer is
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overloaded, or “hor” when its access count exceeds the upper limit of its resource
capacity, i.e. when o>o,,. An arc of peers (i.e. successive peers on the ring) is “hot”
when at least one of these peers is hot.

In our scheme, “hot” arcs of peers are replicated and rotated over the identifier
space. Thus, the identifier space can now be visualized as a number of replicated, ro-
tated, and overlapping rings, the Hot Ranges/Rings of Data, which we call HotRoD
(see fig 2). A HotRoD instance consists of a regular DHT ring and a number of virtual
rings where values are addressed using a multi-rotation hash function, mrhf{), defined
in the following sub-section. By the term “virtual” we mean that these rings material-
ize only through mrhf{); there are no additional successors, predecessors or other links
among the peers in the different rings.

2.3 Multi-rotation Hashing

We assume that p,,,,(A) is the maximum number of instances that each value of an at-
tribute A can have (including the original value and its replicas). This parameter
depends on the capacity of the system and the access load distribution of A’s values;
indicative values for p,,..(A) are discussed in section 4.4. We also define the index
variable de[1, p,..(A)] to distinguish the different instances of A’s values, i.e. an
original value v corresponds to =1 (it is the 1% instance of v), the first replica of v
corresponds to 0=2 (it is the 2™ instance of v), and so on. Then, the " instance of a
value v is assigned an identifier according to the following function, mrhf{)*.

Definition 1: mrhf(). For every value, ve DA, and J€[1, p.x(A)], the Multi-Rotation
Hash Function (MRHF) mrhf : DAX[1, prax (A)]1 = {0,1,...,2™ —1} is defined as:

mrhf (v, 8) = (hash(v) + random[8]- symod 2™ (1

where s:% -2"™ is the rotation unit (or else, “stride”), and random[] is a
Pmax (A)

pseudo-random permutation of the integers in [1, p,.x(A)] and random[1]=0.

It is obvious that for =1, mrhf{) is a one-to-one mapping from DA to {0, 1, ..., 2"-1}
and a mod2" order-preserving hash function. This means that, if v and v' € DA and

v<v', then mrhf(v,1)< 00om mrhfiv',1), which means that mrhfi(v,1)lies before
mrhf(v',1) in a clockwise direction over the identifier ring. For any 6>1, HotRoD is
also mod2"™ order-preserving (the proof is straightforward and omitted for space
reasons).

Therefore, a value v is placed on the peer whose identifier is closer to mrhf(v,1),
according to the underlying DHT. When the 0" instance of a value v is created, or else
the (5-1)™ replica of v (i.e. 8>1), it will be placed on the peer whose identifier is closer
to mrhfi(v,1) shifted by J-s clockwise. This can be illustrated as a clockwise rotation
of the identifier ring by J-s, and, thus, s is called rotation unit, whereas ¢ is also re-
ferred as the number of rotations.

2 Mapping data to peers (i.e. using consistent hashing) are handled by the underlying DHT.
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Example 2.3. Fig. 2. illustrates a HotRoD network with 6=2, where ring 1 is the net-
work of fig 1. We assume that peers 4912 and 7640 are “hot”, and, thus, have created
replicas of their tuples in the peers 14720, and 0. Let s=8191 (i.e. half the identifier
space). The partitions of the attribute domain that these peers are responsible to store
in the ring 2 (i.e. the first replicas) are shown in the figure.

‘vaa‘uesl 930 | | I IVaiues‘ | | ‘
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— 7N\ T
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Fig. 2. HotRoD for 8=2. (a) The hot peers 4912, 7640 create replicas of their tuples at peers
14720, O of ring 2. (b) The range query [1000, 2000] initiated at peer 11448 is sent to peer
mrhf(1000, 2)=14720 at ring 2, then to 0, and it jumps to ring 1, to complete.

mrhf() leverages the existence of a maximum of p,,,«(A) replicas per value v, thus be-
ing able to choose one out of p,;,,,(A) possible positions for v in the system. That way
it fights back the effects of load imbalances caused by hash() (which are explained in
[22]). Note that randomly selecting replicas, using random[], leads to a uniform load
distribution among replica holders. The result can be thought of as superimposing
multiple rotated identical rings (as far as data is concerned) on each other, and
projecting them to the original unit ring. Thus, “hot” (overloaded) and “cold” (under-
loaded) areas of the rings are combined through rotation, to give a uniform overall
“temperature” across all peers.

2.4 Replicating Arcs of Peers: Implementation Issues

We assume that each peer keeps pna.x(A), the per-attribute maximum number of in-
stances of a value of attribute A (and, thus, it can calculate stride s )3 . In addition, each
peer can calculate the highest value of DA that it is responsible to store at a specific
ring; we call it higherValue (this is achieved through the reverse function of mrhf{),

mrhf'() ).

3 We assume integer domains, whereas real domains can be handled in a similar way. Attribute
domains other than integer/real valued can be handled by converting them to an appropriate
integer/real form. Note that this conversion is also central to the design of range queries; e.g.
range queries for string-valued attributes ought to define some sort of binary comparison op-
erator between values of the attribute.
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We also define p(v(A)) to be the replication factor for a value v(A), i.e. the (current)
number of its replicas, which should be equal to, or less than p,,,x(A). Each peer must
have “write” access to this measure during replication (see PutRho() below), or “read”
access during query processing and data placement (see GetRho() below).

When a peer, p, is detected “hot”, it starts replication. Instead of replicating a sin-
gle peer, we decide to replicate arcs of peers, and specifically the arc consisting of p’s
successive neighbors that correspond to the range [avgLow, avgHigh]. In that way,
costly jumps between rings during range query processing are reduced; jumps be-
tween rings happen when different replication factors exist between consecutive val-
ues (i.e. when two non successive peers store their replicas in one peer at a higher
ring, whereas the peers that lie between them in the lower ring do not have replicas at
the higher ring).

In terms of simplicity, in the algorithms presented below we assume that replica-
tion is only initiated at the original ring, i.e. ring 1.

Each peer periodically (or upon a request of another peer) runs the algorithm
REPLICATE_ARC() which detects whether it is hot, or not (if o > a,,,,); if it is hot, it
creates replicas of its tuples, and sends replication messages, CREATE_REPLICA(), to
both its successor (succ()) and predecessor (pred()). The number of replicas that creates
is equal t0 rho =max (& [ Gy |- { P(v (A)), V(A) € [avgLow,avgHigh1}} (if tho<p,,.(A)).
Upon receiving a replication message, a peer creates rho replicas of those tuples that
have less than rho replicas, and sends replication messages to its successor (or predeces-
sor, depending on which peer sent the message). Besides, each peer sets the replication
factor p(v(A)) equal to rho, for all values v(A) € [avgLow, avgHigh] that had less than
rho replicas. The message is sent to all peers that are responsible to store all values v €
[avgLow, avgHigh], which form an arc on the identifier ring.

The pseudocode follows (it uses the inverse function of MRHF, mrhf 1 ).

1. REPLICATE_ARC()
2. /* p is the current peer */
3. BEGIN

4 rho = ceiling(a / a_);

5. 1f (rho <= 1) exit;

6 for each v(a) , v(A) >= avgLow and v(A) <= avgHigh {
7 tmp = GetRho (v () ) ;

8 rho = max(rho, tmp); }

9. 1if (rho > p_(A)) rho = p_(A);

10. for each tuple t in p, and v(d) € t

11. copy t to succ(mrhf(v(a), k)), for all k:pv(a)) < k < rho;
12. for each value v(A) in (avgLow, avgHigh) ({
13. if (p(v(Ad)) < rho) putRho(v(a), rho); }

14. send create replica(p, (avglow, avgHigh), rho, 1) to succ(p);
15. send create replica(p, (avglow, avgHigh), rho, 0) to pred(p);
16. END

17. CREATE_REPLICA (n, (low, high), rho, succ)

18. /* n is the initiator peer; succ is equal to 1/0, if the
message is propagated through successsor/predecessor 1
inks; p is the current peer */

19. BEGIN
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20. highervalue = mrhf™ (p, 1);
21. if (succ==0 and higherValue<low)

22. exit;

23. for each tuple t in p, and v(Aa) € t

24. copy t to succ(mrhf(v(a), k)), for all k:pv(a)) < k < rho;
25. for each value v(A) in (avgLow, avgHigh) {

26. if (p(v(d)) < rho) putRho(v(a), rho); }

27. if (succ==1 and higherValue<high)

28. send create replica(n, (avglow, avgHigh),rho,1l) to succ(p);
29. else if (succ==0)

30. send create replica(n, (avglow, avgHigh),rho,0) to pred(p);
31. END

Functions GetRho(), PutRho() manipulate the replication factor, p(v(A)) of an at-
tribute value v(A) over the network; the former gets p(v(A)), while the latter sets
p(v(A)) equal to a specific number. The replication factor, p(v(A)), is uniformly
hashed in the underlying DHT architecture (using the secure hash function). The ini-
tial values for p(v(A)) is 1, for all v(A)e DA. Since both functions use the underlying
DHT architecture, their hop-count complexity is O(logN).

Please note that we do not necessarily replicate all tuples that belong to a peer
which is replicated. We replicate only the tuples whose values have fewer replicas
than target rho (this concerns only the first and last peer of the arc). This reduces
replication costs without affecting the efficiency of range query processing; we
simply assume that each peer keeps track of the ranges that stores at each ring it be-
longs to.

2.5 Fault-Tolerance and High Availability

The existence of replicas in addition to being critical for load balancing purposes is
instrumental in providing increased data availability and fault-tolerance during query
processing. Although details are beyond the scope of this paper, HotRoD can straight-
forwardly provide fault tolerance as follows: when a peer storing a queried value does
not respond, the requesting peer simply selects another p-value and redirects the query
to the peer which keeps a replica of the queried values at a different ring. This contin-
ues until one available replica is retrieved.

2.6 Managing Tuple Updates

Tuple Insertion. The peer publishing the tuple stored the tuple at peer
succ(mrhf(v(A), 1)), and checks if p(v(A)) > 1. If true, it creates p(v(A))-1 replicas of
the tuple (or of its indices) and stores them to succ(mrhf(v(A), k)), for 2 < k < p(v(A)).

This operation needs O(logN) hops to retrieve p(v(A)) plus O(pn.x(A) - logN) hops
when p(v(A)) > 1, in the worst case (since p(V(A)) < pmax(A)).

Tuple Deletion. A tuple deletion message is sent to peer succ(mrhf(v(A), 1)) and to
all p(v(A))-1 replica holders, if p(v(A)) > 1. In addition, peer succ(mrhf(v(A),1))
checks if there are other tuples having value v(A), and if not, it sets p(v(A))
equal to 1.
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The cost of a tuple deletion is, in the worst case, O((pax(A)+2)-1ogN)) hops (in-
cluding a GetRho() operation to get p(v(A)), and a PutRho() operation, to set p(v(A))
equal to 1, if needed).

Tuple Update. It consists of one tuple deletion and one tuple insertion operations.

Naturally, as with all data replication strategies, the load balancing and fault tolerance
benefits come at the expense of dealing with updates. However, our experimental re-
sults (presented below) show that with a relatively small overall number of replicas
our central goals can be achieved, indicating that the relevant replication (storage and
update overheads) will be kept low.

2.7 Discussion

Optimal p,,,, Values

The calculation of optimal p,,,(A) is important for the efficiency and scalability of
HotRoD. This value should be selected without assuming any kind of global knowl-
edge. Fortunately, the skewness of expected access distributions has been studied, and
it can be given beforehand; for example, the skewness parameter (i.e. theta-value) for
the Zipf distribution ([20]). Given this, and the fact that each additional replica cre-
ated is expected through HotRoD to take on an equal share of the load, our present
approach is based on selecting a value for p,,,x(A) to bring the total expected hits for
the few heaviest-hit peers (e.g., 2-3%) close to the expected average hits all peers
would observe, if the access distribution was completely uniform.

Data Hotspots at p-value Holders
In order to avoid creating new data hotspots at the peers responsible for storing
p(v(A)) of a value v(A), our approach is as follows:

®  puax(A) instances for this metadata information (p-value) of each value can be
easily maintained, with each replica selected at random at query start time (re-
call that p,,,x(A) is kept in each peer).

e The hottest values are values that participate in a number of range queries of
varying span. Thus, all these queries may start at several different points.

3 Range Query Processing

Consider a range query [Viow(A), Vhign(A)] on attribute A initiated at peer pini. A brief
description of the algorithm to answer the query follows: peer p;,; randomly selects
a number, r from 1 to p(v;,(A)), the current number of replicas of v, (A). Then, it
forwards the query to peer p;: succ(mrhf(viow(A), r)). Peer p, searches for matching
tuples and forwards the query to its successor, p. Peer p repeats similarly as long as
it finds replicas of values of R at the current ring. Otherwise, p forwards the
range query to a (randomly selected) lower-level ring and repeats. Processing is
finished when all values of R have been looked up. The pseudocode of the
algorithm follows:
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PROCESS_RANGE_QUERY (p,,., (v, (R), v, (A)) )

1. o

2. BEGIN

3. rho = GetRho(v, (3));

4. r = random(l, rho);

5. send Forward_Range (p,,., (v, (&), v}@(A) ), r) to
succ (mrhf (v (), ©);

6. END

7. FORWARD_RANGE (p,,., (v,(3), v, (4)), r)

8. /* p 1s the current peer */

9. BEGIN

10. Search p locally and send matching tuples to p,,;
11. higherValue = mrhf’(p, r);
12. if (higherValue < v, (3)) {

13. v_.(A) = higherValue+l;

14. rho = GetRho(v_ (3));

15. if (rho >= r)

16. send Forward Range(p,,, (v (A),v, (A)),r) to succ(p);
17. else {

18. ¥ _next=random(l, rho);

19. send Forward_Range(p,,., (v, (3), v, (A)), r_next)

to succ (mrhf (v.. (A), rnext)); } }
20. END

higherValue of p is used to forward the query to the peer responsible for the lowest
value of DA that is higher than higherValue. Let this value be v, (A). If there is such
a peer in ring r (i.e. this happens when p(v,.(A)) is equal to, or higher than r), p for-
wards the query to its successor. Otherwise, p sends the query to a peer at a lower-
level ring, selected randomly from 1 to p(v,,(A)) (using the lookup operation of the
underlying DHT). This happens when the range consists of values with different
number of replicas. The algorithm finishes when the current higherValue is equal to,
or higher than vygy(A).

Example 3.1. Fig. 2b illustrates how the range query of example 2.2 is processed in
HotRoD. First, we assume that peer 11448 forwards the query to peer 14720, i.e.
lookup(mrhf(1000, 2)). Moving through successors, the query reaches peer 0. But, the
range partition (1910, 2000] is not found at ring 2. Therefore, the query “jumps” to
ring 1, peer 10600 (i.e. lookup(mrhf(1911, 2))), where it finishes.

4 Experimental Evaluation

We present a simulation-based evaluation of HotRoD. The experiments have been

conducted on a heavily modified version of the internet-available Chord simulator,

extended to support relations, order-preserving hashing, replication, and range queries.
We compare the performance of HotRoD against:

— Plain Chord (PC), as implemented by the original Chord simulator;

— an imaginary enhanced Chord (EC), assuming that for each range the system
knows the identifiers of the peers that store all values of the range;

— OP-Chord, alocality preserving Chord-based network ([22, 15])
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The results are presented in terms of:

a. efficiency of query processing, mainly measured by the number of hops per
query, assuming that for each peer, the local query processing cost is O(1) ;

b. access load balancing, measured by the cumulative access load distribution
curves and the Gini coefficient (defined below);

c. overhead costs, measured by the number of peers’ and tuples’ replicas.

4.1 Simulation Model

The experiments are conducted in a system with N =1,000 peers, and a maximum of
10 (i.e. logN) finger table entries and 10 immediate successors for each peer. We use
a single-index attribute relation over a domain of 10,000 integers, i.e. DA=[0, 10,000).

We report on 5,000 tuples and a series of 20,000 range queries generated as fol-
lows: the mid point of a range is selected using a Zipf distribution ([20]) over DA with
a skew parameter 6 taking values 0.5, 0.8, and 1. The lower and upper bounds of a
range are randomly computed using a maximum range span equal to 2-r, for a given
parameter r (i.e. r is equal to the average range span). In our experiments, r ranges
from 1 to 400, and, thus, yielding an average selectivity from 0.01% to 4% of the do-
main size DA.

Finally, we present experimental results of the HotRoD simulator with different
maximum numbers of instances, pn.x(A), ranging from 2, i.e. one replicated Chord
ring, to 150 (in this section, p,.x(A) is denoted as p,,), to illustrate the trade-off load
imbalances with replication overhead costs. We should mention here that the reported
load imbalances are collected when the system has entered a steady state with respect
to the peer population and the number of replicas.

4.2 Efficiency of Query Processing

Chord and OP-Chord resolve equality queries (i.e. r =1) in ¥2 -logN hops, on average.
In HotRoD, this becomes logN since two Chord lookup operations are needed: one for
the GetRho() operation and one for the lookup operation on the selected ring.

Let a range query RQ of span r (i.e. there are r integer values in the query). We as-
sume that the requested index tuples are stored on n peers under Chord and enhanced
Chord, and on n' peers under OP-Chord. Thus, the average complexity of the range
query processing is estimated as follows:

e PC: r equality queries are needed to gather all possible results (one for each
one of the values belonging to RQ) for an overall hop count of O(r-logN).

e EC: n equality queries must be executed to gather all possible results for an
overall hop count of O(n-logN).

e  OP-Chord and HotRoD: one lookup operation is needed to reach the peer
holding the lower value of RQ (logN hops), and n'-1 forward operations to the
successors (n'-1 hops), for a final overall hop count of O(logN + n'); note that
the constant factor hidden by the big-O notation is higher in HotRoD, due to
the GetRho() operations needed to be executed first of all.

The experimental results in terms of hop counts per range query are shown in
Table 1. Comparing HotRoD against OP-Chord, we conclude, as expected, that
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HotRoD is more expensive; the extra hops incurred are due to the GetRho() operations,
which facilitate load balancing. We should note, however, that HotRoD compares very
well even against EC, ensuring hop-count savings from 4% to 78% for different r’s. As
r increases, the hop-count benefits of OP-Chord/HotRoD versus PC/EC increase.

Table 1. Average number of hops per query for different range spans r (6 = 0.8)

r 50 100 200 400
PC 123 246 489 898
EC 25 48 87 190
OP-Chord 18 20 25 33
HotRoD (pmax=30) 24 27 31 41

4.3 Access Load Balancing

We compare load balance characteristics between OP-Chord and HotRoD. We use the
access count, a, which, as defined above, measures the number of successful accesses
per peer (i.e. hits). We illustrate results using the Lorenz curves and the Gini Coefti-
cient, borrowed from economics and ecology because of their distinguished ability to
capture the required information naturally, compactly, and adequately.

Lorenz curves ([6]) are functions of the cumulative proportion of ordered individu-
als mapped onto the corresponding cumulative proportion of their size. In our context,
the ordered individuals are the peers ordered by the number of their hits. If all peers
have the same load, the curve is a straight diagonal line, called the line of equality, or
uniformity in our context. If there is any imbalance, then the Lorenz curve falls below
the line of uniformity. Given n ordered peers with /; being the load of peer i, and [; <
I, < ... <1, the Lorenz curve is expressed as the polygon joining the points (h/n,

h
Ly/L,), where h=0, 1, 2, ..., n, L= 0, and [, =21i .
i=1
The total amount of load imbalance can be summarized by the Gini coefficient (G)
([6]), which is defined as the relative mean difference, i.e. the mean of the difference
between every possible pair of peers, divided by their mean load. It is calculated by:

G=Z(2~i—n—l)-li/n2-,u, )
i=1

where 1 is the mean load. G also expresses the ratio between the area enclosed by the
line of uniformity and the Lorenz curve, and the total triangular area under the line of
uniformity. G ranges from a minimum value of 0, when all peers have equal load, to a
maximum of 1, when every individual, except one has a load of zero. Therefore, as G
comes closer to 0, load imbalances are reduced, whereas, as G comes closer to 1, load
imbalances are increased.

We should mention here that G=0 if and only if all peers in the network have equal
load. However, this is extremely rare in a P2P network. Therefore, we measured G in
different setups with different degrees of fairness in load distributions. We noticed
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that G was very close to 0.5 in all setups with quite a fair load distribution. In general,
in fair load distributions G’s values ranged from 0.5 to 0.65, whereas in very unfair
load distribution, from 0.85 to 0.99. Therefore, our target is to achieve values of G
close to 0.5. Besides, G is used as a summary metric to compare load imbalances be-
tween different architectures (i.e. PC, EC, etc) and different setups.

We ran experiments with different range spans, r’s, and Zipf parameters, §’s. In
figure 3, hits distribution is illustrated for r=200 and 6=0.8 (here, HotRoD ran with
Pmax = 400, and px=15). The Gini coefficient (G) in PC and EC is 0.78*, in OP-
Chord 0.87, and in HotRoD 0.53. G in HotRoD is significantly reduced comparing
to the other architectures, with a decrease of 32% comparing with PC/EC and 39%
comparing to OP-Chord. The results of experiments with lower range spans are
similar. As example, for =50 and 6=0.8, G in PC and EC is 0.81, in OP-Chord
0.95, whereas in HotRoD (p,,,=100, p,,x=50) G is 0.64, i.e. decreased by 20% and
32%, respectively (see figure 4). Both examples show clearly how HotRoD
achieves a great improvement in access load balancing. All experiments have
shown similar results.

Furthermore, the resulting Lorenz curves (figures 3 and 4) show that the top 3%
heaviest-hit peers receive about an order of magnitude fewer hits in HotRoD than in
OP-Chord. At the same time, the mostly-hit of the remaining (underutilized) 97% of
the peers receive a hit count that is very slightly above the load they would receive if
the load was uniformly balanced. The load balancing benefits and key philosophy of
HotRoD are evident in Lorenz curves. HotRoD attempts to off-load the mostly-hit
peers by involving the remaining least-hit peers. Thus, intuitively, we should expect
to see a considerable off-loading for the heaviest-hit peers, while at the same time, we
should expect to see an increase in the load of the least-hit peers.

Lorenz Curves for Access Load Distribution
(r=200, 6 =0.8)

90% 97%; 90%

97%; 73%

Line of uniformity

40% 97%; 40%
HotRoD

Chord

cumulative percentage of hits
@
g

OP-Chord

0% 10% 20% 30% 40% 50% 60% 70% 80% 90%
cumulative percentage of peers

100%
97%

—&—HotRoD —@—OP-Chord —#-Chord — Line of uniformity’

Fig 3. In Chord, OP-Chord, HotRoD, the top 3% heaviest peers receive almost 27%, 60%, 10%
of total hits

* Although Chord uniformly distributes values among peers (using consistent hashing), it does
not succeed in fairly distributing access load in case of skewed query distributions.
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Access Load Distribution for different pmax's
(r=50, 6=0.8)

Line of uniformity

cumulative percentage of hits
g
R

0% 10% 20% 30% 40% 50% 60% 70% 80% 90%  100%
cumulative percentage of peers

——HotRoD (117) —o— HotRoD (50) —5- HotRoD (5)
—A— HotRoD (2) —%—OP-Chord —— Line of uniformity

Fig 4. As pmax increases, the Lorenz curves that illustrate the access load distribution come
closer to the line of uniformity, which means that load imbalances and, thus, G are decreased

We should mention that, in our experiments, the upper access count threshold,
Pmar, Was set equal to the average (value) access load expected to be received by each
peer in a uniform access load distribution. The latter is equal to 2-r, as we briefly
prove below.

Proof sketch. We assume that Q=20,000 queries request r values each, on average,
and each peer is responsible for an average of IDAI/N=10 values. Therefore, we have
Q1 N/IDAI hits uniformly distributed among N peers, and, thus an average of
Q-r/IDAI hits per peer, which is equal to 2-r, since [DAI = 10,000. O

In our experiments, py. was kept low (i.e. less than 50), which introduces a total of
about 100% additional replicas. This is definitely realistic, given typical sharing net-
work applications ([21], [24]); however, we stress that good load balancing can be
achieved using even fewer replicas— see below.

4.4 Overhead Costs — Tuning Replication

An important issue is the degree of replication required to achieve a good load
balancing performance. Therefore, we study the HotRoD architecture when tuning the
parameter pn,x the maximum allowed number of rings in HotRoD.

We ran experiments with different range spans, 7’s, and different access skew pa-
rameters, 0’s. All experiments show that, as p,,.x increases, the numbers of peers’ and
tuples’ replicas are increased till they reach an upper bound each (i.e. for r=50, 6=0.8,
the upper bounds are 1449 for peers and 8102 for tuples).

Figure 5 illustrates how different p,,,x’s affect the number of peers’ and tuples’ rep-
licas for r=50 and 6=0.8. Specifically: for p,.x=2, 11% of peers and 12% of tuples
have been replicated; for p.x=5, 25% and 30% respectively; for p,.x=10, 38% and
47%; for pmx=50, 85% and 103%. For high p,.’s, peers and replicas are heavily rep-
licated, till py, reaches 117 (as it was experimentally proven), beyond which there is
no replication and, thus, there are no further benefits in load balancing.
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Number of Replicas per pmax
(r=50, 6=0.8, A gy =100)

(117, 162%)

(117, 145%)

number of replicas (%)

—=—node replicas
——tuple replicas

0%
0510 o 50 75 100 17 125 150 175

Pmax
Fig. 5. Tuning replication degree by p.x

Similar conclusions are drawn from experiments with different ’s and 6’s. In gen-
eral, it holds that the lower the range span, r, or the higher the skew parameter, 6, the
higher the upper limit of p,,,,. For example, for r=50 and 6=0.5, the upper limit of p,,.,
is 90; for =200, 6=0.8, it is 59; for =200, 6=0.5, it is 23.

Figures 4 and 5 illustrate the role that p,,x plays in the access load distribution. As
Pmax 1NCreases, the load imbalances are decreased, and G is decreased. Specifically, G
is decreased as follows: for pu. = 2, G=0.92; for p,.x = 5, G=0.88; for pn.x = 50,
G=0.64; for pn.x > 117, G=0.50. On the other hand, the degree of replication (RD) for
the number of tuple replicas is increased as follows: for pp.x = 2, RD = 12%; for
Pmax = 3, RD =30%; for ppax = 50, RD =103%; for pp.x > 117, RD =162%.

It is obvious that high values of p,.x provide diminished returns in load balancing,
although the degree of replication is very high. This means that we can achieve a very
good access load balancing with low values of p.x, and thus, low overhead costs.

To recap: In terms of average hop-counts per range query, HotRoD ensures signifi-
cant savings, which increase as the range span r, or the access skew parameter 6 in-
creases. At the same time, with respect to load balancing, HotRoD achieves its goal of
involving the lightest hit peers to offer significant help to the heaviest hit peers, while
the total replication overhead is no more than 100%.

5 Related Work

There are quite a few solutions supporting range queries, either relying on an underly-
ing DHT, or not. Some indicative examples of such DHTs solutions follow. Andrze-
jak and Xu ([2]) and Sahin, et al. ([19]) extended CAN ([17]) to allow for range query
processing; however, performance is expected to be inferior compared to the other
DHT-based solutions, since CAN lookups require O(2:N"?) hops, for a two-
dimensional identifier space. Gupta et. al ([9]) propose an architecture based
on Chord, and a hashing method based on a min-wise independent permutation hash
function, but they provide only approximate answers to range queries. The system
proposed in Ntarmos et al. ([14]) optimizes range queries by identifying and
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exploiting efficiently the powerful peers which have been found to exist in several
environments. Ramabhadran et al ([16]) superimpose a trie (prefix hash tree — PHT)
onto a DHT. Although their structure is generic and widely applicable, range queries
are highly inefficient, since locality is not preserved. Triantafillou and Pitoura ([22])
outlined a Chord-based framework for complex query processing, supporting range
queries. This was the substrate architecture of HotRoD, which we extended here to
address replication-based load balancing with efficient range query processing. Al-
though capable to support range queries, none of the above support load balancing.

Among the non-DHT solutions, the majority of them (such as Skip Graphs ([4]),
SkipNet ([10]), etc) do not support both range queries and load balance. In a recent
work ([3]), Aspnes et al provide a mechanism for providing load balancing using skip
graphs. With the use of a global threshold to distinguish heavy from light nodes, they
let the light nodes continue to receive elements whereas the heavy ones attempt to
shed elements. However, many issues have been left unanswered, such as fault toler-
ance. Ganesan et al ([7]) propose storage load balance algorithms combined with
distributed routing structures which can support range queries. Their solution may
support load balance in skewed data distributions, but it does not ensure balance in
skewed query distributions. BATON ([11]) is a balanced binary tree overlay network
which can support range queries, and query load balancing by data migration between
two, not necessarily adjacent, nodes. In their Mercury system ([5]), Bharambe et al
support multi-attribute range queries and explicit load balancing, using random sam-
pling; nodes are grouped into routing hubs, each of which is responsible for various
attributes.

In all the above approaches, load balancing is based on transferring load from peer
to peer. We expect that this will prove inadequate in highly-skewed access distribu-
tions where some values may be so popular that single-handedly make the peer that
stores them heavy. Simply transferring such hot values from peer to peer only trans-
fers the problem. Related research in web proxies has testified to the need of replica-
tion ([23]). Replication can also offer a number of important advantages, such as fault
tolerance and high availability ([13]) albeit at the storage and update costs. Besides,
we have experimentally shown that storage and update overheads can be kept low,
since we can achieve our major goals with a relatively small number of replicas.

Finally, an approach using replication-based load balancing, as ours, is [8], where a
replication-based load balancing algorithm over Chord is provided; however, it ap-
pears that knowledge about the existence of replicas is slowly propagated, reducing
the impact of replication. Besides, it only deals with exact-match queries, avoiding the
most difficult problem of balancing data access loads in the presence of range queries.

6 Conclusions

This paper presents an attempt at concurrently attacking two key problems in struc-
tured P2P data networks: (a) efficient range query processing, and (b) data-access
load balancing. The key observation is that replication-based load balancing tech-
niques tend to obstruct techniques for efficiently processing range queries. Thus,
solving these problems concurrently is an important goal and a formidable task. Some
researchers claim that existing DHTs are ill-suited to range queries since their prop-
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erty of uniform distribution is based on randomized hashing, which does not comply
with range partitioning (i.e. [5]). However, HotRoD succeeded in combining the good
properties of DHTs (simplicity, robustness, efficiency, and storage load balancing)
with range partitioning using a novel hash function which is both locality-preserving
and randomized (in the sense that queries are processed in randomly selected — repli-
cated - partitions of the identifier space).

We have taken an encouraging step towards solving the two key aforementioned
problems through the HotRoD architecture. HotRoD reconciles and trades-off hop-
count efficiency gains for improved data-access load distribution among the peers.
Compared to base architectures our detailed experimentation clearly shows that
HotRoD achieves very good hop-count efficiency coupled with a significant im-
provement in the overall access load distribution among peers, with small replication
overheads. Besides, in parallel with the evaluation of HotRoD, we have introduced
novel load balancing metrics (i.e. the Lorenz curves and the Gini coefficient) into the
area of distributed and p2p computing, a descriptive and effective way to measure and
evaluate fairness of any load distribution. Finally, HotRoD can be superimposed over
any underlying DHT infrastructure, ensuring wide applicability/impact.
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Abstract. We consider a collaboration of peers autonomously crawl-
ing the Web. A pivotal issue when designing a peer-to-peer (P2P) Web
search engine in this environment is query routing: selecting a small sub-
set of (a potentially very large number of relevant) peers to contact to
satisfy a keyword query. Existing approaches for query routing work well
on disjoint data sets. However, naturally, the peers’ data collections often
highly overlap, as popular documents are highly crawled. Techniques for
estimating the cardinality of the overlap between sets, designed for and
incorporated into information retrieval engines are very much lacking. In
this paper we present a comprehensive evaluation of appropriate over-
lap estimators, showing how they can be incorporated into an efficient,
iterative approach to query routing, coined Integrated Quality Novelty
(IQN). We propose to further enhance our approach using histograms,
combining overlap estimation with the available score/ranking informa-
tion. Finally, we conduct a performance evaluation in MINERVA, our
prototype P2P Web search engine.

1 Introduction

1.1 Motivation

In recent years, the Peer-to-Peer (P2P) paradigm has been receiving increasing
attention. While becoming popular in the context of file-sharing applications
such as Gnutella or BitTorrent or IP telephony like Skype, the P2P paradigm
is rapidly making its way into distributed data management and information
retrieval (IR) due to its ability to handle huge amounts of data in a highly
distributed, scalable, self-organizing way with resilience to failures and churn.
Given the potentially very large set of peers storing relevant data, one of the
key technical challenges of such a system is query routing (aka collection selec-
tion), which is the process of efficiently selecting the most promising peers for a
particular information need. For example, in a file-sharing or publish-subscribe
setting, a peer may issue a structured query about MP3 files with operas by
the Greek composer Mikis Theodorakis referring to attributes like file type, mu-
sic genre, and composer; and the P2P network should quickly and efficiently
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identify other peers that offer many such files and can deliver them with short
latency. Another example would be a Web search engine based on a P2P overlay,
where a peer initiates a multi-keyword search, and the query routing mechanism
should forward this request to the best peers that offer highly scoring documents
for IR-style top-k results. In this paper, we will primarily address the ranked
retrieval setting for P2P Web search, but our solutions are also applicable to
and beneficial for DB-style structured queries without ranking.

Several techniques borrowed from the literature on distributed IR [20] 12,
241, 28] could be employed for query routing, based on statistics about term fre-
quencies (tf) and inverse document frequencies (idf) that reflect the relevance of
documents to a query term and thus can be aggregated into measures reflect the
wealth and quality of a peer’s corpus. However, these strategies typically ignore
the fact that popular documents are replicated at a significant number of peers.
These strategies often result in promising peers being selected because they share
the same high-quality documents. Consider a single-attribute query for all songs
by Mikis Theodorakis. If, as in many of today’s systems, every selected peer
contributes its best matches only, the query result will most likely contain many
duplicates (of popular songs), when instead users would have preferred a much
larger variety of songs from the same number of peers. Other application classes
with similar difficulties include P2P sensor networks or network monitoring [22].
What is lacking is a technique that enables the quantification of how many nowvel
results can be contributed to the query result by each of the prospective peers.

1.2 Contribution

Contacting all prospective peers during query execution and exchanging the full
information necessary to determine collection novelty is unacceptable due to the
high cost in latency and network bandwidth. We envision an iterative approach
based on compact statistical synopses, which all peers have precomputed and
previously published to a (decentralized and scalable) directory implemented
by a distributed hash table (DHT). The algorithm, coined IQN routing (for
integrated quality and novelty), performs two steps in each iteration: First, the
Select-Best-Peer step identifies the most promising peer regarding result quality
and novelty based on the statistics that were posted to the directory. Then, the
Aggregate-Synopses step conceptually aggregates the chosen peer’s document
collection with the previously selected peers’ collections (including the query
initiator’s own local collection). This aggregation is actually carried out on the
corresponding synopses obtained from the directory. It is important to note that
this decision process for query routing does not yet contact any remote peers at
all (other than for the, very fast DHT-based, directory lookups). The two-step
selection procedure is iterated until some performance and/or quality constraints
are satisfied (e.g., a predefined number of peers has been chosen).

The effectiveness of the IQN routing method crucially depends on appropri-
ately designed compact synopses for the collection statistics. To support the
Select-Best-Peer step, these synopses must be small (for low bandwidth con-
sumption, latency, and storage overhead), yet they must offer low-error
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estimations of the novelty by the peers’ collections. To support the Aggregate-
Synopses step, it must be possible to combine synopses published by different
peers in order to derive a synopsis for the aggregated collection.

In this paper we consider three kinds of synopses that each peer builds up and
posts on a per-term basis, representing the global ids of documents (e.g., URLSs
or unique names of MP3 files) that a peer holds in its collection: Bloom filters
[7], hash sketches [18], and min-wise permutations [9, [10]. These techniques have
been invented for approximate, low-error representation of sets or multisets. In
this paper we show how they can be adapted to a P2P setting and exploited
for our highly effective IQN query routing. We assume that each peer locally
maintains inverted index lists with entries of the form < term, docld, score >,
and posts for each term (or attribute value in a structured data setting) a set
synopsis that captures the doclds that the peer has for the term. These postings
are kept in the DHT-based P2P directory for very efficient lookup by all peers
in the network.

The specific contributions of this paper are as follows:

— We have conducted a systematic study of Bloom filters, hash sketches, and
min-wise permutations to characterize the suitability for the specific purpose
of supporting query routing in a P2P system.

— We have developed the new IQN query routing algorithm that reconciles
quality and novelty measures. We show how this algorithm combines multiple
per-term synopses to support multi-keyword or multi-attribute queries in an
efficient and effective manner.

— We have carried out a systematic experimental evaluation, using real-life
data and queries from TREC benchmarks, that demonstrate the benefits
of IQN query routing (based on min-wise permutations) in terms of result
recall (a standard IR measure) and query execution cost.

The rest of the paper is organized as follows. Section 2 discusses related work
and gives general background on P2P IR. Section 3 introduces the different types
of synopses and presents our experimental comparison of the basic techniques.
Section 4 introduces our P2P testbed, coined MINERVA [5] [6]. Section 5 develops
the IQN routing method in detail. Section 6 discusses special techniques for
handling multi-dimensional queries. Section 7 describes extensions to exploit
histograms on score distributions. Section 8 presents our experimental evaluation
of the IQN routing method versus the best previously published algorithms,
namely, CORI [13] and our prior method from [5].

2 Related Work

Many approaches have been proposed for collection selection in distributed IR,
most notably, CORI [13], the decision-theoretic framework by [28], the GIOSS
method presented in [20], and methods based on statistical language models [32].
In principle, these methods could be applied to a P2P setting, but they fall short
of various critical aspects: they incur major overhead in their statistical models,
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they do not scale up to large numbers of peers with high dynamics, and they
disregard the crucial issue of collection overlap.

The ample work on P2P networks, such as Chord [33], CAN [29], Pastry [31], or
P-Grid [1], has developed scalable routing protocols for single-dimensional
key-based requests only. How to map multidimensional data onto distributed hash
tables (DHTSs) and other overlay networks [3] [35] has not received enough atten-
tion, and these approaches do not work for the very-high-dimensional data spaces
formed by text keywords and they do not provide any support for ranked retrieval
either. P2P Web search has emerged as a new topic only recently. A variety of on-
going research projects are pursuing this direction [2} 37, 4} [T4), [T5], 30, [36, 22], in-
cluding our MINERVA project [5]. Query routing has been identified as a key issue,
but none of the projects has a fully convincing solution so far.

Fundamentals for statistical synopses of (multi-)sets have a rich literature,
including work on Bloom filters [7, [I7], hash sketches [18], and min-wise inde-
pendent permutations [9, [10]. We will overview these in Section 3.

There is relatively little work on the specific issue of overlap and novelty
estimation. [38] addresses redundancy detection in a centralized information fil-
tering system; it is unclear how this approach could be made scalable in a highly
distributed setting. [27, 21] present a technique to estimate coverage and overlap
statistics by query classification and use a probing technique to extract features
from the collections. The computational overhead of this technique makes it un-
suitable for a P2P query routing setting where estimates must be made within
the critical response-time path of an online query.

Our own prior work [5] addressed overlap estimation for P2P collections, but
was limited to Bloom filters and used only a simple decision model for query
routing. The current paper shows how to utilize also more sophisticated and
flexible kinds of synopses like min-wise permutations, analyzes their advantages,
and develops the novel IQN routing method. IQN outperforms the method of [5]
by a large margin in terms of the ratio of query result recall to execution cost.

3 Collection Synopses for Information Retrieval

3.1 Measures

Consider two sets, S4 and Sp, with each element identified by an integer key
(e.g., docID). The overlap of these two sets is defined as |S4 N Sp|, i.e., the
cardinality of the intersection.

The notions of Containment and Resemblance have been proposed as mea-
sures of mutual set correlation and can be used for our problem setting [J].

Containment(Sa, Sg) = % is used to represent the fraction of elements
in Sp that are already known to Sa. Resemblance(Sa, Sg) = Igjggi: represents

the fraction documents that S4 and Sp share with each other. If the intersec-
tion |S4 N Sp| is small, so are containment and resemblance, and Sp can be
considered a useful information source from the viewpoint of S4. Note that re-
semblance is symmetric, while containment is not. Also, given |S4| and |Sg| and
either one of Resemblance or Containment, one can calculate the other [I1].
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However, none of these notions can fully capture the requirements of our sys-
tem model. Specifically, we expect peers to have widely varying index list sizes.
Consider now, for example, two collections S4 and Sp with |Sa| < |Sp| and aref-
erence collection Sc. Since |S 4] is small, so is |S4 N S¢|, yielding low containment
and resemblance values, even if Sy C S¢. If we preferred collections with low con-
tainment or resemblance, we would prefer S4 over S, even though S 4 might not
add any new documents. To overcome this problem, we propose the notion of nov-
elty of a set Sp with regard to S4, defined as Novelty(Sg|Sa) = |Sg—(SaNSE)|.

3.2 Synopses

In the following, we briefly overview three relevant statistical synopses methods
from the literature, focusing on estimating resemblance. In Section we will
show how to use resemblance to estimate our proposed novelty measure.

Bloom Filters. A Bloom filter (BF) [7] is a data structure that compactly
represents a set as a bit vector in order to support membership queries. Bloom
filters can easily approximate intersections and unions by bit-wise AN D and
ORing of two filters. The resemblance between two sets is derived from the
cardinalities of their union and intersection.

Min-Wise Independent Permutations (MIPs). Min-Wise Independent Per-
mutations, or MIPs for short, have been introduced in [9] [I0]. This technique
assumes that the set elements can be ordered (which is trivial for integer keys)
and computes N random permutations of the elements. Each permutation uses a
linear hash function of the form h;(z) := a;*x+b; mod U where U is a big prime
number and a;, b; are fixed random numbers. By ordering the resulting hash val-
ues, we obtain a random permutation. For each of the N permutations, the MIPs
technique determines the minimum hash value, and stores it in an N-dimensional
vector, thus capturing the minimum set element under each of these random
permutations. Its fundamental rationale is that each element has the same prob-
ability of becoming the minimum element under a random permutation.

An unbiased estimate of the pair-wise resemblance of sets using their N-
dimensional MIPs vectors is obtained by counting the number of positions in
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which the two vectors have the same number and dividing this by the num-
ber of permutations N [II]. Essentially, this holds as the matched numbers are
guaranteed to belong to the intersection of the sets.

A heuristic form of approximating also the intersection and union of two sets
would combine two MIPs vectors by taking, for each position, the maximum and
minimum of the two values. The ratio of the number of distinct values in the
resulting aggregated MIPs vector to the vector length N provides an estimate
for the intersection and union cardinalities, but in the intersection case, this is
no longer a statistically sound unbiased estimator.

Hash Sketches. Hash sketches were first proposed by Flajolet and Martin in
[18], to probabilistically estimate the cardinality of a multiset S. [I9] proposes
a hash-based synopsis data structure and algorithms to support low-error and
high-confidence estimates for general set expressions. Hash sketches rely on the
existence of a pseudo-uniform hash function h() : S — [0,1,...,2L). Durand
and Flajolet presented a similar algorithm in [I6] (super-LogLog counting) which
reduced the space complexity and relaxed the required statistical properties of
the hash function.

Hash sketches work as follows. Let p(y) : [0,2L) — [0,L) be the position
of the least significant (leftmost) 1-bit in the binary representation of y; that
is, p(y) = ming>obit(y, k) # 0, y > 0, and p(0) = L. bit(y, k) denotes the
kth bit in the binary representation of y (bit position 0 corresponds to the
least significant bit). In order to estimate the number n of distinct elements in
a multiset S we apply p(h(d)) to all d € S and record the results in a bitmap
vector B[0...L—1]. Since h() distributes values uniformly over [0,2%), it follows
that P(p(h(d)) = k) = 27+~1,

Thus, for an n-item multiset, B[0] will be set to 1 approximately % times, B[1]
approximately 7 times, etc. Then, the quantity R(S) = mazaesp(d) provides
an estimation of the value of logn. [I8| [T6] present analyses and techniques to
bound from above the error introduced, relying basically on using multiple bit
vectors and averaging over their corresponding R positions.

3.3 Experimental Characterization

We evaluated the above synopses in terms of their general ability to estimate
mutual collection resemblance. For this purpose, we randomly created pairs of
synthetic collections of varying sizes with an expected overlap of 33%.

For a fair and realistic comparison, we restricted all techniques to a synopsis
size of 2,048 bits, and from this space constraint we derived the parameters of
the various synopses (e.g., the number N of different permutations for MIPs).
We report the average relative error (i.e., the difference between estimated and
true resemblance over the true resemblance, averaged over 50 runs with different
synthesized sets)

! The expectation values, i.e., the averages over the estimated resemblance values, are
more or less perfect (at least for MIPs and hash sketches) and not shown here. This
is no surprise as the estimators are designed to be unbiased.
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Fig. 2. Relative Error of Resemblance Estimation

Figure [2] shows, on the left side, the relative error as a function of the set
cardinality. We see that MIPs offer accurate estimates with little variance and
that their error is almost independent of the collection sizes. Hash sketches are
also robust with respect to the collection sizes, but on average have a higher
error. Bloom filters perform worse even with small collections, because (given
their size of 2,048 bits) they are overloaded, i.e., they would require more bits
to allow for accurate estimates.

Next, we created synthetic collections of a fixed size (10,000 elements), and
varied the expected mutual overlap. We again report on average relative error.
The results, shown in Figure [2 on the right side, are similar to the observations
above: Bloom Filters suffer again from overload; MIPs and hash sketches offer
accurate estimates with a low variance for all degrees of overlap.

3.4 Discussion

A qualitative comparison for selecting the most appropriate synopsis of the peer
collections should be based on the following criteria: 1) low estimation error,
2) small space requirements for low storage and communication costs, 3) the
ability to aggregate synopses for different sets in order to derive a synopsis for
the results of set operations like union, intersection, or difference, and 4) the
ability to cope with synopses of heterogeneous sizes, e.g., to combine a short
synopsis for a small set with a longer synopsis for a larger set.

Bloom filters can provide tunably accurate estimations of resemblance be-
tween two sets. They also facilitate the construction of aggregate synopses for
the union and intersection of sets, by simply taking the bit-wise OR and bit-
wise AN D of the filters of the two sets. ; From these, it is in turn straightforward
to derive a novelty estimator. A major drawback of Bloom filters is that they
cannot work when different sets have used different size filters.

This leads either to very high bandwidth and storage overhead (when forc-
ing all collections to be represented by an a-priori maximum filter size) or to
high errors (when using inappropriately small size filters, due to very high false
positive probability).
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MIPs and hash sketches can offer set resemblance estimation with small errors
with reasonable space and bandwidth requirements. For the numbers chosen in
our experiments, MIPs work even more accurately (i.e., with a lower variance)
than hash sketches for different combinations of collection sizes and degrees of
overlap, for sets with cardinalities from a few thousand up to millions of elements.

For hash sketches, we are not aware of ways to derive aggregated synopses
for the intersection of two sets (whereas union is straightforward by bit-wise
OR). This somewhat limits their flexibility in some application classes with
conjunctive multi-dimensional queries (cf. Section [B]). Moreover, they share with
Bloom filters the disadvantage that all hash sketches need to have the same bit
lengths in order to be comparable.

MIPs are at least as good as the other two techniques in terms of error and
space requirements. In contrast to both Bloom filters and hash sketches, they
can cope, to some extent, with heterogeneous sizes for resemblance estimation.
When comparing two MIPs vectors with N; and No permutations, we can simply
limit ourselves to the min(N1, No) common permutations and obtain meaningful
estimates. Of course, the accuracy of the estimator may degrade this way, but
we still have a working method and our experiments in Section [§ show that the
accuracy is typically still good enough.

4 MINERVA Prototype for P2P Web Search

MINERVA is a fully operational distributed search engine that we have imple-
mented and that serves as a testbed for our work. A conceptually global but
physically distributed directory, which is layered on top of Chord [33], holds
compact, aggregated information about the peers’ local indexes, to the extent
that the individual peers are willing to disclose. Unlike [23], we use the Chord
DHT to partition the term space, such that every peer is responsible for the
statistics and metadata of a randomized subset of terms within the directory.
For failure resilience and availability, the responsibility for a term can be repli-
cated across multiple peers. We do not distribute the actual index lists or even
documents across the directory.

Directory maintenance, query routing, and query processing work as follows.
Every peer publishes statistics, denoted as Posts, about every term in its local
index to the directory. The peer onto which the term is hashed maintains a
PeerList of all postings for this term from all peers across the network. Posts
contain contact information about the peer who posted the summary together
with statistics to calculate IR-style relevance measures for a term, e.g., the length
of the inverted index list for the term, the maximum or average score among the
term’s inverted list entries, etc. A peer that initiates a multi-keyword query
first retrieves the PeerLists for all query terms from the distributed directory. It
combines this information to identify the most promising peers for the current
query. For efficiency reasons, the query initiator can decide to not retrieve the
complete PeerLists, but only a subset, say the top-k peers from each list based
on IR relevance measures, or more appropriately the top-k peers over all lists,
calculated by a distributed top-k algorithm like [25].
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5 Enhancing Query Execution Using Novelty Estimation

5.1 The IQN Query Routing Method
Good query routing is based on the following three observations:

1. The query initiator should prefer peers that are likely to hold highly relevant
information for a particular query.

2. On the other hand, the query should be forwarded to peers that offer a great
deal of complementary results.

3. Finally, this process should incur acceptable overhead.

For the first aspect, we utilize the statistical metadata about the peers’ local
content quality that all peers post to the distributed directory (based on lo-
cal IR measures like tf*idf-based scores, scores derived from statistical language
models, or PageRank-like authority scores of documents). For the second aspect,
each peer additionally publishes term-specific synopses that can be used to esti-
mate the mutual term-specific novelty. For the third aspect, we ensure that the
synopses are as compact as possible and we utilize in a particularly cost-efficient
way for making routing decisions.

The Integrated Quality Novelty (IQN) method that we have developed based
on this rationale starts from the local query result that the query initiator can
compute by executing the query against its own local collection and builds a syn-
opsis for the result documents as a reference synopsis against which additionally
considered peers are measured. Alternatively to the local query execution, the
peer may also construct the reference synopsis from its already existing local
per-term synopses. In this section we will simplify the presentation and assume
that queries are single-dimensional, e.g., use only one keyword; we will discuss
in Section [6l how to handle multi-keyword or multi-attributed queries.

IQN adds peers to the query processing plan in an iterative manner, by al-
ternating between a Select- Best-Peer and an Aggregate-Synopses step.

The Select-Best-Peer step uses the query-relevant PeerList from the directory,
fetched before the first iteration, to form a candidate peer list and identify the
best peer that is not yet included in the execution plan. Quality is measured
in terms of an IR relevance metric like CORI [13], 12]: CORI computes the
collection score s; of the i-th peer with regard to a query Q = {t1,t2,...,t,} as
51 =Y 1e0 iﬁ where s, = a+ (1 — )T - I y.

The computations of T;; and I;; use the number of peers in the system,
denoted mp, the document frequency (cdf) of term t in collection ¢, and the
maximum document frequency (cdf™*) for any term ¢ in collection i:

log(np+0.5)

o cdf; R cft
Tiv = cdf; ++50+150- hub Tit = TogtnptD
where the collection frequency cf: is the number of peers that contain the term
t. The value « is chosen as a = 0.4 [13)].
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CORI considers the size |V;| of the term space of a peer (i.e., the total number
of distinct terms that the peer holds in its local index) and the average term
space size |V9] over all peers that contain term t¢.

In practice, it is difficult to compute the average term space size over all
peers in the system (regardless of whether they contain query term ¢ or not). We
approximate this value by the average over all collections found in the PeerLists.

Novelty is measured by the candidate peers’ synopses, also fetched from the
directory upfront, using the techniques of the previous section with further de-
tails provided below. The candidate list is sorted by the product of quality and
novelty. Each IQN iteration selects the best quality*novelty peer, adds it to the
query processing plan, and removes it from the candidate list.

The Aggregate-Synopses step aims to update the expected quality of the result
under the condition that the query will be processed by all those peers that were
previously selected including the one chosen in the current iteration. For this
purpose, IQN aggregates the synopsis of the last selected peer and the references
synopsis, where the latter already captures the results that can be expected from
all peers chosen in previous iterations. The result forms the reference synopsis for
the next iteration. The details of the synopses aggregation depend on the kind
of synopsis structure and is discussed in the following subsection. Note that IQN
always aggregates only two synopses at a time, and also needs to estimate only
the novelty of an additionally considered peer against the reference synopsis.
The algorithm is designed so that pair-wise novelty estimation is all it needs.

The two steps, Select-Best-Peer and Aggregate-Synopses, are iterated until
some specified stopping criterion is satisfied. Good criteria would be reaching
a certain number of maximum peers that should be involved in the query, or
estimating that the combined query result has at least a certain number of (good)
documents. The latter can be inferred from the updated reference synopsis.

5.2 Estimating Pair-Wise Novelty

We show how to utilize the synopses based on MIPs, hash sketches, and Bloom
filters to select the next best peer in an iteration of the IQN method. For simplic-
ity, best refers to highest novelty here. In a real-world application like MINERVA,
the peer selection process will be based on a combination of novelty and quality
as explained in the previous subsection.

Exploiting MIPs. MIPs can be used to estimate the resemblance R between
S4 and Sp as seen in Section B2l Given |S4| and |Sg|, we estimate the overlap
between S, and Sp as |S4 N Sp| = W and can use this overlap esti-
mation to calculate our notion of novelty using the equation from the definition:
Novelty(Sg|Sa) := 1S — (San Sg)| = |Ss| — [(Sa N Sp)|. This assumes that
the initial reference synopsis from which IQN starts is given in a form that we
can estimate its cardinality (in addition to having its MIPs representation). This
is guaranteed as the query initiator’s local query result forms the seed for the
reference synopsis.
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Exploiting Hash Sketches. Hash sketches can be used to estimate the cardi-
nality of the union of two sets. Using the equation |S4 N Sg| = |Sa| + [SB| —
|Sa U Sp|, we can derive the overlap |S4 N Sp| and subsequently our notion
of novelty. Given hash sketches for all candidate peers and an (initially empty)
hash sketch representing the result space already covered, one can create a hash
sketch for the union of two sets by a bit-wise OR operation, as the document
that is responsible for a set bit will also be present in the combined collection.
Inversely, if none of the documents in either collection has set a specific bit, there
will also be no document in the combined collection setting this particular bit:
HSaupli) = HSAli) OR HS[i] Vi: 1 <i<mn.

Exploiting Bloom Filters. Given Bloom filter representations of the reference
synopsis and of the additionally considered peer’s collection, we need to estimate
the novelty of peer p to the query result. For this purpose, we first compute a
Bloom filter bf for the set difference by taking the bit-wise difference, that
is: bf[i] := bfp[i|\ /bfre[i]. This is not an accurate representation of the set
difference; the bit-wise difference may lead to additional false positives in bf, but
our experiments did not encounter dramatic problems with false positives due
to this operation (unless there were already many false positives in the operands
because of short bitvector length). Finally, we estimate the cardinality of the set
difference from the number of set bits in bf.

5.3 Aggregate Synopses

After having selected the best peer in an iteration of the IQN method, we need
to update the reference synopsis that represents the result space already cov-
ered with the expected contribution from the previously selected peers. This is
conceptually a union operation, since the previous result space is increased with
the results from the selected peer.

Exploiting MIPs. By design of MIPs, it is possible to form the MIPs represen-
tation for the union of two MIPs-approximated sets by creating a vector, taking
the position-wise min of the vectors. This is correct as for each permutation, the
document yielding the minimum for the combined set is the minimum of the two
minima. More formally, given M IPs 4[] and MIPspg[], one can form MIPssup][]
as follows MIPsaypli] = min{MIPsali], MIPsg[i]} ¥i:1<i<mn.

A nice property of MIPs that distinguishes this technique from hash sketches
and Bloom filters is that this MIPs-based approximation of unions can be applied
even if the MIPs vectors of the two operands have different lengths, i.e., have
used a different number of permutations. In a large-scale P2P network with
autonomous peers and high dynamics, there may be many reasons why individual
peers want to choose the lengths of their MIPs synopses at their own discretion.
The only agreement that needs to be disseminated among and obeyed by all
participating peers is that they use the same sequence of hash functions for
creating their permutations. Then, if two MIPs have different lengths, we an
always use the smaller number of permutations as a common denominator. This
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loses accuracy in the result MIPs, but still yields a viable synopsis that can be
further processed by the IQN algorithm (and possibly other components of a
P2P search engine).

Exploiting Hash Sketches. Similarly, one can create a hash sketch for the
union of two sets by a bit-wise OR operation, as described in Section

Exploiting Bloom Filters. For Bloom filters, forming the union is straightfor-
ward. By construction of the Bloom filters, one can create the Bloom filter f