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1 The forces of creation, sustanance and destruction — the material causes of the universe — are the teachers.
Through them, I offer my salutations to the ultimate teacher — the Supreme Being.  Upanishat.

1 He is Knowledge — complete and pure; He is the Knower — omniscient and self-illuminating. Yet, due to
Maya, He manifests Himself as the Teacher and as the Student. He is all-pervading.  Thirumandiram.
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Abstract

Efficient storage and query processing of data spanning multiple natural languages are
of crucial importance in today’s globalized world. A primary prerequisite to achieve
this goal is that the principal data repositories, relational database systems, should
efficiently and seamlessly support multilingual data. Our survey of current relational
systems indicates that while they do support storage and management of multilingual
data, querying is restricted to be within a given language, with no crosslingual query
support. Further, quantitative performance study of the systems working on different
character sets has not been published so far and therefore is an open issue.

In this thesis, we first profile the multilingual performance of a set of current relational
database systems, using an environment based on the TPC benchmark suites. The results
indicate a significant performance degradation while handling multilingual data. While
the differential performance is huge when disk traffic is a factor, it is substantial even
when only in-memory processing is considered. To address this inequity, we propose
a split representation format that reduces the multilingual storage space and largely
eliminates the differential performance for most languages except those with unusually
large repertoires.

Next, we propose functionality enhancements that complement the standard lexico-
graphic matching, specifically in the multilingual text space. Two new multilingual join
operators — one for joining names across languages and the second for joining multilin-
gual categories based on their meanings — are proposed and formally defined. These
operators are implemented in an outside-the-server approach using existing SQL features

of relational systems, and using standard linguistic resources. While the performance
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of these basic implementations is too slow for real-world deployments, a host of opti-
mization techniques that tune the schema and index choices to match typical linguistic
features are employed and shown to improve the performance to a level sufficient for
practical use.

Finally, for a full integration of multilingual functionality with the database engine,
we specify a query algebra with a new multilingual storage datatype and the above join
operators. The operators are implemented natively as first-class features in an open-
source database system, along with all components that are required to leverage the
relational query optimizer, specifically, the operator cost models and their selectivities.
The performance experiments indicate that this native implementation of the multilin-
gual operators improves the performance significantly over the outside-the-server imple-
mentation. Further, the power of the algebra is demonstrated through selection of better
execution plans for queries using the multilingual operators.

In summary, this thesis presents a multilingual query processing architecture, with a
set, of functionalities, algorithms, implementation and optimization techniques, all geared

towards the goal of developing natural-language-neutral database engines.
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Chapter 1

Introduction

1.1 Motivation for Multilingualism

Efficient storage and query processing of data spanning multiple natural languages are
of crucial importance in today’s globalized world. A case in point is the changing user
and data demographics of the highly popular Internet, which has become the primary
medium for information access and commerce!. Surveys indicate that the demographics
of the Internet are steadily turning multilingual: the fraction of Internet users that are
non-native English speakers has grown from about half in mid-go’s, to about two-thirds
now [24] and it is predicted that the majority of information available in the Internet will
be multilingual by 2010 [132]. The changing demographics will affect the way in which
the Internet-based e-Commerce or e-Governance systems are to be deployed: It has been
found that a user is likely to stay twice as long at a site and four-times more likely
to buy a product or consume a service, if the information is presented in their native
language [2]. Hence, it is imperative that the information systems support storage and
management of multilingual data, efficiently and effectively. A primary prerequisite to
achieve this goal is that the principal data repositories — relational database management

systems — should natively support multilingual information.

! The size of Internet user population is ~ 1 B and generates an economic activity of ~ 1 T US$ [48].
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1.2 Existing Support for Multilingual Data

All commercial and open-source relational database systems profess support for multi-
lingualism. To baseline the multilingual support currently available, we first present a
survey of the multilingual support specification in the SQL standard and that offered by

a suite of relational database systems?.

1.2.1 Multilingual Specifications in SQL Standard

SQL-92 [83] was the first standard that specified SQL features for multilingual support,
and the current SQL:1999 Standard [59, 84] has largely left it unmodified. SQL Stan-
dard specifies a new datatype — National Char (referred to as NChar) — large enough to
store characters from any language or script. However, the NChar datatype is not a core
requirement in SQL:1999 and hence is not supported uniformly even by SQL:1999 com-
pliant database systems. The NChar datatype may be defined and manipulated similar
to the normal character datatype and may be used in all character predicates. Further,
the storage format of NChar is left unspecified in the SQL standard, leading to different
support formats between different database vendors. For the support of a language, spec-
ification of its collation — the sort order of the characters in that language — is needed;
SQL standard allows specification of collations dynamically. SQL standard also specifies
that new repertoires may be defined and that a column may be restricted to hold only
characters from such a specific repertoire. Finally, the standard specifies that comparison

and sorting of strings to be meaningful only within a repertoire.

1.2.2 Multilingual Support in Database Systems

Table 1.1 provides a comparison of the multilingual features supported by a suite of
commercial database systems, namely Oracle 9i Database Server (Version 9.0.1), IBM

DB2 Universal Server (Version 7.1.0) and Microsoft SQL Server (Version 8.00.194) and

2Knowledge of multilingual character encodings standards is assumed as a background for this thesis.
However, a brief overview is provided in Appendix A.
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the popular open-source database systems, namely, My SQL (Version 4.0.3 Beta) and
PostgreSQL (Version 8.0.1-Beta) database servers®. The information provided in this

comparison is gathered from white papers, product literature and other information

published in their respective web-sites [56, 86, 94, 100, 103].

Database Oracle Microsoft IBM DB2 MySQL PostgreSQL
9i Server SQL Server | Univ. Server
Storage Unicode UCS-2 Unicode Binary Unicode
Format UTF-8 /16 | UTF-8 UTF-8 / 16 UTF-8
Support At Attribute | At Attribute At Attribute At Attribute At Attribute
Level level level and level level level
also Schema
Objects
Collation | Pre-defined Pre-defined Pre-defined Pre-defined; Pre-defined;
Sequence OS Collations User-definable | User-definable
(source-level) (source-level)
Indexing || Using only Using only Using only Using Using
predefined predefined predefined predefined and | predefined and
Collations Collations Collations User-defined User-defined
Collations Collations
Locale ~ 50 Locales | Uses all Locales | ~ 40 Locales ~ 23 Locales ~ 30 Locales
pre-specified | specified in OS | pre-specified pre-specified pre-specified
Query All Char All Char All Char Binary All Char
Predicate || predicates predicates predicates predicates predicates
Cross- No Support | No Support No Support, No Support, No Support
Lingual
Queries

Table 1.1: Database Systems vis-a-vis Multilingual Support

While all these database systems except for MySQL Server, support multilingual
storage using either Unicode or UCS-2, the MySQL Server supports storage only using
binary datatype. However, Unicode is in the road-map of all vendors, as the prime candi-

date for multilingual storage. All systems support multilingual specification at all levels

3Locale is the subset of user’s computing environment that defines the language for user input/output,
the cultural and national conventions for formatting time, date, numeric and monetary data. Collation
sequence specifies a sort order for the strings in a given language environment. This sort order may be
different from the standard binary sort order of the character codes; in addition, the same character
codes may sort differently in different language environments.
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— schema, table, record and attribute, while Microsoft SQL Server provides multilingual
support for database catalogs as well. No system has support for restricting the data in a
column to be from a single repertoire, though specified in SQL:1999. All the systems pre-
define collations that are needed for sorting the data for output and for building internal
indexes. Though the SQL standard specifies user-defined collations, none of the systems
have implemented this feature at this time. User defined collations may be added only
to the MySQL and PostgreSQL systems, with source changes. Support for linguistic
querying of text data is available in commercial database systems, but the techniques
used are not uniform among the systems, due to the lack of specified guidelines in the
SQL standard. A variety of statistical and natural language processing techniques are
employed, resulting in, for a given query on a given data-set, a non-uniform result sets
among different systems. Further, such querying is done only within a single language
and the capability is available only in a handful of languages.

Multilingual query processing is supported along the same lines as that for standard
database character sets, using Char predicates, in all database systems. However, the use
of Char predicates implies the use of lexicographic comparisons for comparing multilingual
text strings — even for strings that are from different languages. Such a methodology is
bound to fail when the multilingual text strings do not share the same script; the equality
will always fail and the sort order between two multilingual text strings in different scripts
would depend only on the placement of the script in the Unicode codespace. As a result
of such sorting methodology, the indexes that are built on multilingual data will arrange
the strings from different languages in the same order as that of respective languages in
the Unicode codespace. Finally, no database system currently supports cross-language
querying of data — that is, searching across different languages for a given query string.

In summary, our survey indicates that all database systems do provide for the storage
and management of multilingual data, primarily by supporting the Unicode character set
and by specifying collations for supported languages. In query processing, each system
offers the same SQL querying power in each of the supported languages; that is, the

same querying capability (lexicographic, regular-expression matching, comparison, etc.)
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is offered within each of the languages. However, no specialized operators or enhanced
query semantics are offered to support queries across languages — that is, for combining

information across database columns that may be in different languages.

1.2.3 Multilingualism in Database Research

While a rich body of literature on multilingual information processing exists from the
Natural Language Processing [5] and Information Retrieval [116] communities, there is
comparatively very little in the database context. In database literature, the multilingual
data management issues may be classified as one of, solutions for specific languages, data
integration solutions or proprietary solutions.

An implementation of a database system for Arabic data is presented in [71], where
the authors present specific issues and solutions for storing, indexing, querying and
presenting Arabic language data, in an object-oriented paradigm. A database for storing
and query processing ideographic Chinese, Japanese and Korean (CJK) character data
is detailed in [81], where the focus was primarily on definition of resources needed for
handling ideographic scripts in database systems. While both these papers address issues
specific to the languages concerned (Arabic and CJK languages respectively), neither of
them propose general purpose solutions for multilingual data management.

In the second category, the FEMUS [4] system, though referred to as a multilingual
database system, outlines a federated system that can integrate data from different data-
models and the associated query languages; it does not address issues in integrating data
from different natural languages. Similarly, a multilingual query processing framework for
sharing lexical resources is discussed in [139], but the focus of this work is on improving
the efficiency of administration of multilingual resources in a database environment, and
not on multilingual query processing or performance.

Finally, proprietary solutions exist in integrating multilingual data in specific applica-
tions: The Look-Alike-Sound-Alike [78] (LASA) system is employed by the pharmaceutical
industry, to identify strings that look or sound similar to each other, to prevent trade-

mark violations and potentially dangerous medical situations. However, this system



Chapter 1. Introduction 6

works only in Latin-based scripts. The EROS [33] system for art conservation, matches
multilingual records (that refer to diverse objects of art by masters) using specialized
paired multilingual thesaurii that are specific to the art domain. However, such systems
do not address general purpose multilingual data management issues.

To the best of our knowledge, there is not much research literature that deals with
issues that are specific to supporting multilingualism in database systems or those that

may be extended to general purpose solutions in multilingual data management.

1.3 A Sample Multilingual Application: Books.com

In order to highlight the multilingual data management issues, we first outline a hy-
pothetical e-Commerce portal — Books.com — that requires multilingual data storage
and query processing functionality. The same multilingual query paradigm can be used
in other information systems that need to integrate multilingual data, such as, digital
libraries, search engines, etc. This multilingual portal is used as a running example
throughout the reminder of this thesis. Consider Books.com that sells books across the
globe, with the database table — Book — that stores book information in multiple lan-
guages, as shown in Figure 1.1.

The Book table may be considered as a logical view assembled from data from a set
of distributed unilingual databases, each of which stores book data in a local language,
aligned with the local needs. A common view might have been defined, as shown in
Figure 1.1, to support searches in a unified manner for multilingual users or for corporate
reports. Clearly, the storage format of such text must be in an encoding scheme that is
capable of storing all language data unambiguously; Without loss of generality, the data
is assumed to be stored in Unicode [125] format, as Unicode is supported by all database
management systems as the default format for storing multilingual data.

The table in Figure 1.1 stores the author’s first and last names, book title, price
and the subject category of the book. The category of the book is assumed to be from

a well-defined classification scheme that spans across languages. All the attributes of
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Figure 1.1: Hypothetical Multilingual Books.com Catalog

the records are assumed to be in the language of the publication. The column titled
Language is presented here in English in order to enhance the readability of the table; it
may be assumed to be an identifier corresponding to the language of publication, stored

explicitly or derived implicitly based on the source of the record.

1.4 Research Issues Explored

Given the need for supporting multilingualism in an increasingly global economy and
the state of the commercial art as given in Section 1.2, in this thesis we explore means
of enhancing the support for multilingualism in relational database systems — both in

terms of performance and functionality — as follows:

1.4.1 Multilingual Performance

While the survey given in Section 1.2 indicates the near-uniform multilingual support
of database systems using Unicode, to the best of our knowledge, no quantitative data
has been published on the performance of the systems working on Unicode data; that

is, their multilingual performance, specifically their relative performance with respect to
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that on default character set, is largely unknown.
Hence, in the first part of our research, we set out to quantify the multilingual per-
formance of a suite of current commercial and open-source relational database systems,

and to alleviate any differential performance in handling multilingual data.

1.4.2 Multilingual Names Matching

As discussed earlier, the current relational systems do not offer any alternate matching
semantics for integrating data across languages. To rectify this state of affairs, we define
two functionalities for matching multilingual data: First, the functionality of Multilingual
Names Matching is defined, as the retrieval of records that store the same proper name,
perhaps in different natural languages, including names with minor spelling variations in
each of the languages. Though restricted to proper names, such matching represents a
significant part of the user query strings in text databases and search engines, as proper
and generic names constitute a fifth of normal corpora [67].

For example, consider a query by a multilingual user to retrieve the works of an
author, say Nehru, in English, Greek, Hindi and Tamil, in the Books.com catalog shown
in Figure 1.1. A SQL:1999 compliant query and the result set for this retrieval is as given

in Figure 1.2. Note that the output would be in the language of the respective records.

SELECT Author, Title FROM Book
WHERE Author = ‘Nehru’ OR Author = ‘Nnpv’
OR Author = “Fm=’ OR Author = ‘g’

Author Titha:

Mebr | Lettars to sy Daughter
) &l (Heoa s

s WITEH 0 T

Figure 1.2: SQL:1999 Compliant Multilingual Names Query and Result Set

Such a query specification that requires the author’s name in several languages is

undesirable, due to requirement of linguistic expertise of the user and the availability
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of special lexical resources in several languages for the query input. Further, given that
the error rate for English query input is approximately 3% [67], the error in multilingual
query input could be expected to be much worse. Also, similar to the case of monolingual
matching, any differences in the spellings between the stored name and the query string
will result in false-dismissals.

Formally, a more intuitive Multilingual Name Join operator (referred simply hereafter
as MLNamelJoin) is defined as follows: MLNameJoin takes an input name in one language,
and returns all records that have the same name in all or in a user-specified set of
languages. The input query name may be specified either in the most comfortable
language for the user or the one for which the lexical resources for input are available.
The multilingual query given in Figure 1.2, is shown in Figure 1.3 specified with the
MLNamelJoin, producing an identical result set. The Threshold parameter specified in

the query determines the quality of matches, as described later in this thesis.

SELECT Author, Title FROM Book
WHERE Author MLNamelJoin ‘Nehru’ Threshold 0.25
InLang { English, Greek, Hindi, Tamil }

Authior Tl

Mehru | Lettars to My Daughter
::n-".} A iy Lden -_-:

s WITEH 0 T

Figure 1.3: A Multilingual Names Query

The MLNamelJoin operator, in addition to having a simpler input syntax, has two
powerful features that extend the power of standard SQL: First, it can express retrieval
of all records matching a name wrrespective of the language. The specification of ALL for
the list of languages retrieves all records containing the same author name in any of the
languages. Second, it can also express a join functionality (as given in Section 1.4.4)
that is not possible with standard SQL syntax. In the second part of our research,
we explore a strategy for implementing multilingual names matching on unmodified

relational database systems and optimize the performance of such an implementation.
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1.4.3 Multilingual Semantic Matching

A second Multilingual Semantic Join operator (referred simply hereafter as MLSemJoin)
is defined as follows: MLSemJoin takes an input query classification and outputs all
records that have classifications that are equivalent to (or, optionally, subclass of) the
input classification, irrespective of the language of the record. This matching is restricted
to attributes that store the categorical value of a record, possibly in different languages.

Consider in the Books.com example, an SQL:1999 compliant query to retrieve all
History books in a set of user specified languages. Clearly, a query with a selection
condition as Category = ‘History’ would return only those books that have Category
as History, in English. A multilingual query to retrieve the required answer set needs
specification of categorical value strings that are equivalent to ‘History’ in all the
languages in which output is desired. Figure 1.4 shows such a multilingual query in
which the query categorical value, ‘History’, is specified in all the target languages,
namely, English, French and Tamil. The output records have categorical values that are

semantically equivalent to ‘History’?.

SELECT Author, Title, Category FROM Book
WHERE Category = ‘History’ OR Category = ‘Histoire’
OR Category = ‘ #1 4 % 1ii”’
Baitfior | Tile Calegory
Durant Histar of Ciwl l1Za8t9an -'Hl':'l'l'
T [ Ll .J.Il-'_' T -;. wrt l-\.;:. Fif
Labirun [ L'Histgire Dea La France H siudre

Figure 1.4: SQL:1999 Compliant Multilingual Semantic Query and Result Set

Just as in the multilingual names matching, specification of the categorical value in
different languages may be undesirable due to the need for linguistic expertise and spe-

cialized lexical resources. Further, the synonyms of the query terms will not be retrieved,

4The second record has as category, the value #fs&7id (transliterated as, Charitram) in Tamil,
meaning History.
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even within the same language (such as, Annals, Chronicle, etc., that are synonyms of
History in English). Finally, even if all the synonyms are specified explicitly, classifica-
tion that are specializations of a query term will not be retrieved (such as, Biography,
Autobiography, Genealogy, etc., which are specializations of History in English).

We define formally the multilingual semantic matching as Multilingual Semantic Join
operator that takes input categorical value in one language and returns all multilingual
records that semantically match the input categorical value. Figure 1.5 shows the same
example as in Figure 1.4, but using the MLSemJoin operator, producing an identical result
set. The output contains all books that have categorical values semantically equivalent

to History in the respective languages.

SELECT Author,Title,Category FROM Book
WHERE Category MLSemJoin ‘History’
InLang {English, French, Tamil }

Baithor | Tirie Calegory
Durant Histar of Ciwl l1Za8t9an Hsloey
FB0H . e (R & ot A
Labrun L°wWistoire Da La France Hishoire

Figure 1.5: A Multilingual Equivalent Semantic Query and Result Set

The definition of the MLSemJoin operator may be made more general, to match not
just on categories that are equivalent to the query categorical value, but also to those that
may be generalized to the query category. In Figure 1.6, the MLSemJoin operator with the
optional ALL clause takes an input category and returns all books that have multilingual
categories that may be generalized to History. Note that the first three records in the
output are the same as in Figure 1.5 and have the Category value equivalent to History,
in English, French and Tamil, respectively. The last four records have categorical values

that are subsumed by History®, in the languages specified in the query for output.

’Historiography (Oxford English Dictionary — OED - definition: the study of of history writing and
written histories), Autobiography (OED definition: writing ones own life history) and Journal (OED
definition: a personal record) are considered as specialized branches of History itself. The fifth record
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SELECT Author,Title,Category FROM Book

WHERE Category MLSemJoin ALL ‘History’

InLang {English, French, Tamil }
Aaithor Titte Categury
Durant Hisrtary af civilization Hytory
A | e Tari [ i e
Labrun . L Histol ra :;e La France .--Islnle
Gilderhus . Histary and Histarians .--I:I.:rl:-u:prr.l
&1 B [ F A (e menen [ s g
Framk1in [un Américain autobiographie | Aunstiographie
rehru | Lattars ta My Daughtar rem—

Figure 1.6: A Multilingual Generalized Semantic Query and Result Set

The MLSemJoin operator has features that are not expressible in standard SQL: First,
MLSemJoin may be used for retrieving all records, irrespective of language, that match
a specific categorical value. Second, matching on categories that are equivalent and
subsumed by the query categorical value is possible with the proposed operator. Finally,
MLSemJoin may be used for defining a join between two multilingual columns, a feature
not possible in standard SQL.

In the third part of our research, we explore a strategy for implementing multilingual
semantic matching using standard linguistic resources and present its implementation,

along with optimization techniques to make the operator efficient for practical use.

1.4.4 Complex Multilingual Operations

Similar to normal SQL operators, the multilingual query operators, namely MLNameJoin
and MLSemJoin, may be combined with other SQL operators, as well as among them-
selves, to express more complex queries, depending on the user needs in an application
domain. The declarative specification of such queries makes them intuitive to understand

and express, in addition to being amenable for optimization.

has as category the value ssusfig b (transliterated as suyacharitam) in Tamil, meaning Autobiography.
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Consider the e-Commerce portal Books.com, whose catalog of books (the Book Table)
is as given in Figure 1.1. Let the publisher information is stored in a Publisher table, as
shown in Figure 1.7. Assume that the Book record includes a foreign key (Book.PublD)
to the publisher of the book.

Motr aw-15i11 PO01 | Mew Yark, United Stabes Tachnical | Englsh
afle_sw POO2 | Lo siistres | oy | Tami
[Rutledge P03 | London, UnituKingdom | Philosophy | Englesh
Addi son-wesley P04 | Aegding HA United States General Englsh

Figure 1.7: Multilingual Publisher Table

Suppose the user wants to retrieve the books whose author’s name is similar to that of
the book’s publisher. This query requires a join between the Book and Publisher tables, as
shown in Figure 1.8. While the first equijoin join is necessary to establish the relationship
between the books and the publishers, the second MLNameJoin operator verifies similarity

of names.

SELECT B.Author
FROM Book B, Publisher P
WHERE B.PubID = P.PubID
AND A.Author MLNamelJoin P.Publisher threshold 0.25

Figure 1.8: Sample Multilingual Complex Query — 1

Consider another query to retrieve the books that are published in subjects that are
outside the publisher’s area of specialization. This query requires an explicit join of Book
and Publisher tables to establish the publication relatonship and a negated MLSemJoin
operator, as specified in Figure 1.9:

An interesting self-join variation of a complex query to retrieve those authors who
have published books in atleast two distinct areas (possibly in different languages), is
specified as shown in Figure 1.10. This query requires a self join of Book table using

MLNamelJoin operator, to ensure similarity of names in different languages, and a pair
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SELECT B.Title

FROM Books B, Publisher P

WHERE B.PubID = P.PubID

AND NOT (B.Category MLSemJoin ALL P.Specialization)

Figure 1.9: Sample Multilingual Complex Query — 2

of negated MLSemJoin operators between the categories. Note that this answer set is a

superset of the real results, and requires filtering out those distinct authors who have

similar names.

SELECT B1.Author, B2.Author
FROM Book B1, Book B2
WHERE B1.Author MLNamelJoin B2.Author threshold 0.25
AND NOT ((B1.Category MLSemJoin ALL B2.Category)
OR (B2.Category MLSemJoin ALL B1.Category))

Figure 1.10: Sample Multilingual Complex Query — 3

1.5 Proposed Solution Strategies

Next, we outline our research strategy and our solution methodologies for implementing

the proposed multilingual functionalities in relational database systems.

1.5.1 Design Goals for Our Research Strategy

The following design goals were pursued, for the addition of multilingual features to the

relational database systems in a useful, usable and scalable manner.

Relational Systems Oriented: Our focus is on adding multilingual support to rela-

tional database systems — the backbone for most current information systems.
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Attribute Data Oriented: The focus of multilingual query processing is only on attribute-
level data, in order to support high-volume Internet-based applications. To have a
fast, light-weight query processing of attribute-level data, the usage of linguistic re-
sources, rather than Natural Language Processing (NLP) techniques was pursued.
Note that our approach is well suited for search strategies on documents, since the
inverted index used in the text processing systems contains primarily stemmed text

keywords that are similar to attribute data.

Standards Based: Standard linguistic resources must be preferred in order to en-
sure uniformity and consistency in multilingual query processing, across different
database systems. As a side-effect, the techniques would yield the same answer set
for a given query on a given data-set, irrespective of the systems on which they are

implemented.

Customizable Matching: The matching must be customizable by users, depending

on the requirements of specific domains and applications.

Few Database Kernel Changes: Database software has been developed and fine-
tuned over a period of decades, representing substantial resources spent by aca-
demic and industrial research communities. Hence, our aim is to leverage the
capabilities of the system with minimal changes. Also, such an approach makes it

easier for adoption of our methodology among the existing systems.

1.5.2 Multilingual Performance

Our survey on the multilingual support offered by a suite of popular commercial and
open-source relational database management systems indicates that almost all the sys-
tems do provide for the storage and management of multilingual data, by their support
of Unicode as the storage mechanism. However, there is no published research literature

on performance implications of Unicode data in database systems.
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Hence, the first part of this thesis, Chapter 2, focuses on quantifying the perfor-
mance of systems handling multilingual data using the standard TPC benchmark suites,
modified appropriately for multilingual environments. The objective was to quantify
the differential performance of popular commercial and open-source relational database
systems in storing and processing multilingual data in the Unicode character set, as com-
pared with their performance on the default 1SO:8859 character set and to explore ways

of making the performance natural language neutral.

1.5.3 Multilingual Matching Functionalities

In the second part of the thesis, we pursue solution strategies for supporting the cross-
lingual query processing functionalities, specifically for implementing the multilingual
names matching and multilingual semantic matching functionalities (as in Sections 1.4.2
and 1.4.3).

Our view of storage and semantics of textual information in database systems is
shown in Figure 1.11. Note that our discussion here pertains exclusively to the text data
types, which are relevant for multilingual information processing. Non-text datatypes,
such as number, date etc., are not relevant and hence are not addressed in this thesis.
The top half of the figure sketches the ontology of text data stored in database systems,
and the bottom part of the figure sketches the storage mechanisms that are used to
store textual data. Simply, the top half refers to what types of textual data is stored
in database systems and the bottom half refers to how they are stored. The dotted
and dashed lines represent how the matching semantics of specific attribute types are
implemented.

The Text Data in database systems may represent a wide variety of information:
Text String that stores singular string representing a proper name (tagged as Proper
Noun in Figure 1.11), a categorical information (tagged as Category in Figure 1.11) or a
compound string (tagged as Other Text Data in Figure 1.11). The Other Text Data may
represent complex information, such as, an address, a description etc. Another important

type of text information in databases is a document, which may be a very long string
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Figure 1.11: Ontology for Text Data

representing a full document (tagged as Document in Figure 1.11). The document may
be stored either as a long text sting in the table itself or as a binary object in a local or a
foreign table or as a logical pointer to the database location where the actual document
is stored; each database system may implement the document storage differently and
hence it is not classified under Text String. As mentioned in Sections 1.4.2 and 1.4.3, this
thesis focuses on multilingual query processing on the Proper Noun and Category types of
textual attributes only. Query processing on Other Text Data and Document attributes
requires Natural Language Processing (NLP) algorithms and are beyond the scope of this
thesis.

How the information is represented in the database systems, is sketched by the lower
half of Figure 1.11. Though multimedia systems may store the visual representation,
namely, Glyphs®, as images of the text (tagged as Images in Figure 1.11), normal text
databases store them only as graphemes internally. The Grapheme representation in a

database depends on two orthogonal specifications: the Script (such as, English, Hindi,

6The characters are composed into Glyphs by a rendering engine, based on the composition rules and
visual representations that are specific to a language.
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Arabic, Chinese, etc.) and the Encoding (such as, ASCII[57], ISCII[122], Unicode[125],
etc.). Given the two specifications, a multilingual text string is represented by a Nor-
malized Text String. While, in general, the Encoding is specified at the database creation
time (as the database character set), the Script is not usually specified explicitly.
Databases employ lexicographic comparison (represented by the dash-dotted line in
Figure 1.11) for all the text operations (such as, matching, sorting, search, etc.), but
this facility fails in multilingual environments — for example, the matching always fails
since the strings are represented in different scripts and the sorting depends solely on the
placement of the scripts in the Unicode codespace. Hence, in multilingual environments,
the semantics of the matching operator itself must be defined and their implementations
explored. The solution strategies for the two alternative MLNameJoin and MLSemJoin

matching semantics are presented in the following sections.

Multilingual Names Matching Strategy

In multilingual environments, for a specific class of attributes, such as those that store the
names of individuals, corporations and places, we start with the premise that the value
of the string is primarily aural; that is, when a name is explicitly queried for, the user
may be interested in retrieving all names that aurally match the query string irrespective
of the language (at least in the set of languages in which the user is interested). For
example, in MLNamelJoin matching semantics, comparing “Nehru” and “F#=" should
succeed, as both the strings encode the same name in English and Hindi, respectively.
We propose a framework to capture this intention, by transforming the multilingual
name match in the text space to a corresponding match in the phoneme space.

The database text data ontology is augmented to store the phonemic equivalents of
the multilingual text strings. Note that though the ontology is augmented, the phoneme
strings need not be materialized and stored explicitly; they may be generated at the
query processing time. However, materialization may be employed, in order to improve
the query processing efficiency. The storage of phoneme strings parallels the storage of

grapheme strings in the database systems: a phonemic string may be represented by
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Figure 1.12: Ontology for Names Matching of Text Data

specifying a Format and an Encoding. The Format is one among several competing pho-
netic repertoires that specify different phoneme alphabets. While a variety of phoneme
formats are available, the phoneme alphabet specified by the International Phonetic As-
sociation [60] (IPA) was chosen in our strategy, as it covers the set of phonemes from all
the languages and its repertoire is explicitly specified and supported in Unicode. The
Encoding specification for the phoneme strings as Unicode allows the storage and ma-
nipulation of phoneme strings in the NChar datatype, in all the database systems. The
phonetic representations of given multilingual strings may be derived from the standard
Text-to-Phoneme (TTP) systems of the respective languages. However, the transformed
phoneme strings of the same name in different languages may not match exactly, since
phoneme sets of two languages are seldom identical; that is, the same name in two dif-
ferent languages may transliterate only to a pair of close phoneme strings. Hence, we
propose the use of approximate matching techniques to compare phoneme strings. In
summary, we propose to implement the MLNamelJoin operator by transforming multi-

lingual text strings to their equivalent phonemic strings in a common alphabet (IPA)
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and employing approximate matching techniques (shown in dotted line in Figure 1.12),
instead of the standard lexicographic matching (shown in dash-dotted line in Figure 1.12).

Storage of aural representation of multilingual names as an audio file (in a specific
format) or as a mathematical representation (such as the Fourier Transformation of
the waveforms) is possible; however, these choices result in heavy overheads in storage
and/or query processing. Further, our methodology leverages the ready availability of
the multilingual names as text strings in the database systems.

While the use of pre-defined mappings between names in different languages is possi-
ble, this approach suffers from several drawbacks: First, even in the monolingual domain,
proper names suffer from large expansions of the term being matched”; in multilingual
searching, the expansion may be worse. Second, a new name (for which the corresponding
variations may not be readily available) given as an input cannot be handled effectively.
Third, such an approach requires creation and constant maintenance of meta-data infor-
mation that could result in large manual overheads. In contrast, our approach is very
generic, and depends only on integration of language-specific TTPs and approximate
matching operators with the database system.

Chapter 3 details our strategy of implementing multilingual names matching, by con-
verting matches in text space to phoneme space. Further, an outside-the-server approach
to implement the functionality on existing database systems is presented, along with

optimization techniques to make the performance sufficient for practical use.

Multilingual Semantic Matching Strategy

Consider the class of attributes that store the classification information of a record (such
as, the Category attribute in Books.com table). The values of this attribute are usu-
ally specific Concepts from a well defined set. For example, the Category attribute in
Books.com may be from the Dewey Decimal Classification [29] that classifies all subject

categories. Hence, we propose that the categorical value strings may be compared after

"For example, a popular Internet search engine [50] employs about 600 variations of a popular query
name — Britney Spears, to correct a mis-spelt form of the name.
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transforming them to canonical semantic atoms using appropriate linguistic resources®.
Further, if the semantic atoms are arranged in a semantic network for the domain (such
as, Dewey Decimal Classification that arrange the subject categories in a taxonomical
hierarchy), more expressive power may be added to the matching, leveraging on the

richer semantics available.
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Figure 1.13: Ontology for Semantic Matching of Text Data
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For MLSemJoin matching functionality, a specific linguistic resource — the Word-
Net [135, 39|, a Computational Linguistics resource that arranges the concepts of a
language using psycho-linguistic principles, is used. WordNet contains two important
features that may be leveraged for semantic query processing in the linguistic domain:
First, a Lezical Matriz that converts a word form (lexicographic representation) to a
word sense (the semantic atom of the language, called Synset). Second, the Tazonomic

Hierarchy that arranges all the synsets of a language in an inheritance hierarchy based on

8Here we distinguish from Words and Semantic Atoms, though the semantic atoms may be expressible
only in terms of words. The words in a natural language, in general, have low resolution power and refer
to multiple concepts. For example, in the two contexts “bow and arrow” and “ship’s bow”, the same
word — bow — instantiates to distinctive semantic atoms.
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their meanings. Using the above two resources word forms may be mapped to synsets of
that specific language and compared. Further, with the available taxonomical hierarchy
of noun forms, matching may also be defined on specializations and generalizations of the
synset corresponding to the query term. For multilingual domains, more importantly,
efforts are under way to develop WordNets in many languages with semantic links be-
tween their individual synsets [37, 65, 19]. The multilingual categorical attribute values
may be matched leveraging the interlinked WordNets in multiple languages (shown as
dashed line in Figure 1.13), instead of the standard lexicographic matching (shown in
dash-dotted line in Figure 1.13).

Chapter 4 presents details of our implementation strategy for multilingual semantic
matching, by leveraging the WordNet linguistic resources that are available in multiple
languages. The implementation methodology uses standard SQL:1999 features on un-
modified relational database systems. Further, optimization strategies for improving the
performance, by tuning storage and access structures to match the characteristics of the

linguistic resources, are presented.

1.5.4 Multilingual Query Processing Architecture

Traditionally, a new functionality is added to the database systems as a user-defined
function (UDF), due to its simplicity. However, such an approach suffers from perfor-
mance overheads due to remote execution and due to the fact that a query using UDFs
cannot be optimized by the query optimizer. Further, the query specification tends
to be unintuitive, since the functional UDF calls get interspersed with declarative SQL
constructs. Hence, for an intuitive and efficient functionality enhancement in database
systems, the functionality must be made available as first-class engine operators.
Chapter 5 presents a unified multilingual query processing architecture that natively
integrates the proposed multilingual functionality to the database system. A multilin-
gual query algebra — Mural — that specifies a uniform framework for expressing complex
queries declaratively and intuitively, is presented. Subsequently, Chapter 6 presents a

native implementation of the query processing architecture with Mural algebra on the
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PostgreSQL open-source relational database system. The performance of such a native
implementation is presented and the power of optimization opportunities that it affords,

is demonstrated.

1.5.5 Applicability in Other Domains

It should be specially noted here that though our solution methodology is primarily de-
signed for matching multilingual strings, it is equally applicable for matching of mono-
lingual strings (for example, for matching text strings that are all in English).
Monolingual Names / Semantic Matching

The MLNamelJoin operator may be used for matching the English name Catherine
and all its variations, such as Kathrin and Katrina, with the names being matched
phonetically using English TTP and using approximate matching techniques. Similarly,
using only the English WordNet, the semantic matching methodology presented here
may be used for matching Disk Drive with Computer Storage Devices.
Domain-specific Semantic Matching

The semantic matching methodology outlined here may be applied, in general, to any
domain, where a well-defined ontological hierarchy of concepts is available. For example,
while the WordNet linguistic ontological hierarchies were used in our methodology, the
same query processing methodology may be applied in Bio-informatics domain by using
Gene-Ontology [45] ontology or in Library domain by using Dewey Decimal Classifica-
tion [29] system. Specialized domain hierarchies, such as Yahoo!Directory [137] may also

be used for specific applications.

1.6 Real-life Multilingual Systems

In this section, a few multilingual initiatives from around the globe are outlined. While
all the initiatives given below cater to a multilingual population, none of them support
cross-lingual searches, as defined in this thesis. The functionality we proposed could

enhance the multilingual support provided by each of them, in a meaningful way.
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Global e-Governance Portals’

In the European Union, one of the most linguistically diverse regions of the world, a
pan-European Union portal — Europe [34] — disseminates information on its legislative,
judicial, economic and social programmes to the member citizens, in all of the EU lan-
guages. The goal of this portal is to provide the public with the information that they are
looking for in their own language or in a language that they can understand.

Similarly, the portals of United Nations [126] or United Nations Educational, Sci-
entific and Cultural Organization [127] present data in the six official languages of the
organizations — namely, English, French, Russian, Spanish, Arabic and Chinese. Among
the stated objectives of the organizations is the dissemination of information to all mem-

ber organizations in a timely and transparent manner, to foster better governance.

Indic e-Governance Portals

The Government of India has introduced several e-Governance initiatives to serve the
citizens of India, efficiently and effectively. Use of local language content is encouraged,
since it provides better access for the vast majority of the population that are functionally
literate only in the local language. For example, Bhoomi [9] is a e-Governance system
designed for computerizing land records of about 20 Million agricultural properties in the
local language, Kannada, serving 7 Million farmers in the state of Karnataka in India.
The system is being modified for adoption in different states of the Union of India, in
the respective local languages.

As a result of such multilingual e-Governance systems, other system that need to
integrate data from different sources need to scale multilingually: consider the Income
Tax department of Government of India, which requires a citizen of India to file an
income tax return, if he/she satisfies any two of the following six criteria [51]:

e Owns a landed property

e Possesses a passport and travels abroad

9Though this portal deals with documents, as indicated earlier, the proposed multilingual matching
operator may be useful here, as the keywords used for inverted-indexes and document searches are
similar to the attribute data in relational database systems.



Chapter 1. Introduction 25

e Owns a motor vehicle

Subscribes to a telephone or a mobile phone connection

Possesses a credit card

Is a member of any exclusive clubs.

An automated system to identify potential tax payers must work with information
that is in different languages; for example, as mentioned earlier, the land records are
maintained in a local language for a large portion of rural properties, whereas the tele-
phone and banking records are maintained in English. Hence it introduces a problem of
matching of names in Indic character set from land records, with names in English from
telephone records, presenting a potential application for the MLNameJoin operator. Sim-
ilarly, there are other demographic data (such as, profession, religion, etc.) that require
the MLSemJoin operator. The matching problem is also compounded by the fact that the
income tax returns themselves may be filed in either English or Hindi. Hence, matching
potential and existing income tax assessees require merging of data in potentially three

or more languages.

aAQUA: A Rural Multilingual Agricultural Portal

aAQUA [1] (almost All QUestions Answered) is a project of Indian Institute of Technology-
Bombay (IIT-Bombay), and a part of Development Gateway India Research Center,
funded by Government of India. It is currently operational in English and two Indic
languages, to enable Indian farmers to get in touch with and get advice from by the agri-
cultural experts. The portal, as shown in Figure 1.14, provides a multilingual interactive
forum for farmers — primarily from the state of Maharashtra in India — to interact with
experts and among themselves. This portal also provides constantly updated prices on
agricultural commodities in the markets.

The query address system hosted in this portal allows farmers to post queries that
are answered by experts about any agricultural issues of interest, in any of the supported
languages; in addition, it provides a wealth of information on common problems faced

by the farmers, and data about appropriate crop cycles, pesticides, soil and weather
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Figure 1.14: aAqua: An Indic Multilingual Agricultural Portal

conditions. Potential features that may be supported on the top of aAQUA are the mul-
tilingual names search on entities (say, pesticide names), and the multilingual semantic
search on concepts (say, “vegetable prices”). The pesticide name may be searched in
all the supported languages as the names are likely to be transliterated in different lan-
gauges; the resulting documents may be presented to the user in his/her own language
as the translated pages are also readily available in aAQUA. The semantic search may
return potential answer set for a given search; for example, “price of vegetable” search
may yield prices for different vegetables, and “crop failure” may retrieve articles ranging

from insects in rose buds to flooded rice fields.
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Vidyanidhi: E-Scholarship Portal

Vidyanidhi [130] is India’s premier digital library initiative to facilitate the creation,
archiving and dissemination of doctoral theses that are produced in a host of Indian
universities, in English and a set of Indic languages. Vidyanidhi is envisioned to evolve
as a national repository of research publications in India, encouraging dissemination and
sharing of knowledge. Such a portal may support searching of potential plagiarism, by
semantically matching the multilingual keywords associated with the scholarly work in

different languages.

Multilingual Search Engines

There are several initiatives that attempt to search multilingual web-sites and docu-
ments. EuroSeek [35] — shown in Figure 1.15 is a search initiative that works currently
with most major European languages and has a stated goal of creating a pan-FEuropean
search engine that is transparent to national and linguistic boundaries.

However, EuroSeek, based on the popular Google [50], supports searches based on
patterns (that is, lexicographic) only. As can be noticed in Figure 1.15, the query word
“Mira” is searched only lexicographically even on a collection of documents that are
not in Latin script. Similarly, even in the multilingual UN and UNESCO portals, search
is compartmentalized to each of the official languages; integration happens, at best, in
matching between those languages that share the same script — such as English and
French. In contrast, some of the local initiatives, such as, Agro Explorer [105, 106],
search based on the meaning that is represented in UNL [129], and hence are language
independent. All search engines may leverage on the alternative matching methodologies

highlighted in this thesis, and enhance support in multilingual domains.

1.7 Organization of this Thesis

The reminder of this thesis is organized in the following manner:
Chapter 2 profiles the performance of a set of popular database systems in handling multi-

lingual data, using the standard TPC performance test suites, modified appropriately for
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Figure 1.15: Euroseek: A Pan-European Multilingual Search Engine

multilingual environments. While the results highlight the differential multilingual per-
formance of the database systems, we explore efficient character representation formats
to make the performance equitable across languages.

Chapter 3 outlines our implementation strategy for multilingual names matching, by
transforming matches in text space to phoneme space. While the basic implementation
using UDF’s is too slow for practical use, we show that with specialized indexing tech-
niques, the performance may be improved substantially.

Chapter 4 outlines our implementation strategy for multilingual semantic matching, by
leveraging WordNet linguistic resources. We present our implementation using standard
SQL features on unmodified database systems and a set of optimization techniques that

demonstrate acceptable performance for practical use.
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In Chapter 5, we formalize the previous functionality proposals as operators and define
a query algebra that ties them together in a unifying multilingual query processing
architecture, along with all the components needed for a native implementation of the
multilingual functionality in a relational database system.

In Chapter 6, we outline a native implementation of the multilingual operators along with
the query algebra, in the PostgreSQL open-source database system. Subsequently, the
performance of such a native implementation is presented, along with the optimization
opportunities afforded by such an implementation.

Finally, Chapter 7 concludes the thesis, with avenues open for further research, in ex-
tending the problem or solution methodologies.

Traditionally, the database management systems have become transparent to physical
storage formats (by automatic transcriptions) and to logical data models (by programming-
language-neutral access methods). In this thesis, we take the next step of making the
query processing transparent to the natural languages, with a set of functionalities, al-
gorithms, implementation techniques and an architecture, all geared towards the goal of

developing natural-language-neutral database engines.



Chapter 2

Multilingual Performance of

Current Systems

2.1 Overview of the Chapter

In this chapter, we profile the performance of a set of popular database systems in han-
dling multilingual data, using the standard TPC [123] performance test suites modified
appropriately for the multilingual environment. The results highlight the inequitous per-
formance of the database systems while working on multilingual data, compared with
their monolingual performance. To alleviate the magnitude of such inequity, we propose
a split storage format that largely eliminates the differential performance for most lan-
guages, except those with unusually large repertoires (specifically, those with repertoire

size > 2506).

2.2 Setup for Multilingual Performance Study

In this section, we first describe a testing framewodirk for measuring the differential
performance of database systems with respect to multilingual data. Next, we define the
metrics measured to quantify the differential performance and subsequently present the

performance of a suite of popular commercial and open-source database systems.

30
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2.2.1 System and Database Environment

A standard Intel Pentium IV (1.7 GHz) workstation with 256 MB memory running Win-
dows 2000 Professional operating system was used as the test machine for the perfor-
mance study. All the database systems were installed and tested on this machine to
normalize the effects of the hardware environment. Before each experiment, the machine
was quiesced and only the database system being tested and allied processes were allowed
to run in order to have measurement parity between the systems.

Four of the popular database systems — specifically, Oracle 9i Database Server (Ver-
sion 9.0.1), IBM DB2 Universal Server (Version 7.1.0), Microsoft SQL Server (Version
8.0.194) and PostgreSQL Database Server (Version 8.0.1) — were evaluated in our perfor-
mance study. In the performance section, they are identified randomly, as A, B, C and
D, to protect their identities. The database systems were installed with default config-
urations, with the vendor-provided installation scripts. All the systems were configured
to use only 64 MB for the database buffer pool, a popular choice among the systems.
No optimization of the parameter settings was attempted, as the focus of our study was
to report the performance of the database systems under default conditions and not to
optimize individual performance. It is worth noting here that apart from the format
specification of NChar datatype, we found no other database system parameters that are

specifically designated for multilingual character sets.

2.2.2 Dataset

The TPC-H benchmark [123] data generator was used to generate a large database
for the performance study. A specific table (partsupp) that stores the part-supplier
relationship! was modified further to hold equivalent data in the default Char character
set and the multilingual NChar character set, as shown in Figure 2.1, for our experiments.

Specifically, two different tables — partsuppChar and partsuppNChar, with attributes

! The Part-Supplier relationship in TPC-H benchmarks captures the relationship between Parts and
Suppliers. In addition to foreign keys identifying the part and a supplier, it stores three additional at-
tributes — Price quoted for the part by the supplier, Quantity available with the supplier and Comments,
a general field for any remarks.
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in Char and NChar (in Unicode format) datatypes, respectively, were created. The Char
attributes are in English, while Tamil, a prominent Indian language, was used for the
NChar attributes.

These tables were populated with a modified TPC-H generator that embeds inte-
ger keys in the part and supplier name attributes, resulting in {SuppName, PartName}
becoming a candidate key, in the respective tables. After being populated with data,
each of the tables held the same information as the original partsupp table, but with
keys that are in Char or NChar datatypes, respectively. It should be noted that both
the tables contain data of the same logical length, but the NChar attributes need more
physical storage than the Char attributes, due to Unicode format of storage in the NChar
attribute. Thus, the performance of a given query on each of these tables is indicative
of performance of the operators on each of the datatypes.

Finally, a common table, partsuppCom, was created by adjoining all the attributes of
the above two individual tables. While the queries on the partsuppChar and partsuppNChar
tables provide differential performance between the datatypes including the I/O costs,
queries on the common partsuppConm table isolate the differential performance solely due
to in-memory processing, since the queries need to access the same database blocks irre-
spective of the datatype on which the query was issued, assuming horizontal partitioning
of the table attributes in datablocks. Hence, queries on the common table provide a lower

bound on differential performance between the datatypes.

The tables were populated with 4 million records, taking up to 1.2 GB in the common
table. Appropriate commands were issued to ensure that the systems computed the table
statistics necessary for the optimizer to make more precise estimates of operator costs.
Lastly, indexes were created as and when necessary on Char and NChar fields to measure

index performance.
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Figure 2.1: Data Setup for Performance Study

2.2.3 Query Workload

The prime objective of our performance study was to measure the performance of basic
database operators; hence, simple queries as described below were used.

To model the Table-scan operator, a query that scans the appropriate table for retriev-
ing all the parts supplied by a given manufacturer was used. To model the performance
on Char and NChar data types, the select condition was specified on the appropriate

attribute. For example, the table scan query on partsuppCom table is as follows:

select count (*) from partsuppCom

suppNameChar ‘Supplier 2503’
where =

suppNameNChar ‘suriiuag 2503’

The Indez-scan operator performance was measured by running a index-scan query,
which returns 20% of the tuples in the table (i.e. 800,000 rows), making the run time
large enough to nullify any measurement errors. For example, the index scan query
on partsuppCom table is as follows (after the indexes were created on appropriate at-

tributes):
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select count(*) from partsuppCom

partNameChar ‘Part 200000’
where <=

partNameNChar ‘umen@uuy 200000

The Join query finds those suppliers who supply at least two distinct parts, modeling
a multi-scan operation. An example join query that self-joins the partsuppCom table is
given below. The join query was used for measuring performance of the join operator,

using one of three different join techniques : Sort-Merge, Hash or Nested-Loop.

select count(*) from partsuppCom P1, partsuppCom P2

suppNameChar suppNameChar
where Pi.{ }= P2.{ }
suppNameNChar suppNameNChar
{ partNameChar } { partNameChar }
and P1. <> P2,
partNameNChar partNameNChar

All queries were further simplified by eliminating the post-processing of output data.
As the queries return a large number of records (up to 12M records), an aggregate
function, count(x), is used to nullify the output time. The query plans obtained from
the optimizers confirmed that most of the work done for the queries was executed in the
targeted basic relational operators. While the individual query run times were measured
as the wall-clock times using database time-stamps, the average runtime from several
identical runs was taken as the runtime of a specific query. The number of runs were
chosen such that the error in the computed runtime is less than 5% at the 9o% confidence
interval. Before each query was executed, a large unrelated table was scanned to flush
the database buffers and a large unrelated file was read to flush the OS buffers, thereby

ensuring a cold start.

2.2.4 Performance Metrics

We measured three different performance metrics, to quantify the differential perfor-
mance of the database operators and the optimizer while working on multilingual data,

as outlined below:
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Operator Performance
The operator performance is measured by the run times for the above simple queries
that approximate the database operators under default conditions. First, a metric Mul-

tilingual Runtime Overhead (M ROope,), is defined as follows:

T shar
MROgpey = Tycnar

Tchar

where Tepar and Tycpaer are the run times for the operator on Char and NChar datatypes,
respectively. This metric measures the performance overhead of operators working on
multilingual data in Unicode with respect to the corresponding performance on default
character data in ASCII. A figure close to 1 indicates equitable performance between Char
and NChar data types and the magnitude of the metric indicates the relative inefficiency
of the database systems in handling multilingual data. We expect no values less than 1

for this metric, since NChar performance cannot be better than that of Char data.

Multilingual Efficiency
Next, an aggregate metric for capturing the relative performance of a given database

system, Multilingual Efficiency (M Eppps), is defined as follows:

_ GcChar
MEDBMS o GNChar

where G ncpar is the geometric mean of the run times of operators on NChar data and
Gchar 1s the geometric mean of the run times of operators on Char data. We use the
ratio of the geometric means? to measure the overall efficiency, in order to ensure that
all queries are represented in the final metric, independent of the scales of their run
times. While the run times from a complete set of operators will model this metric
accurately, we used the run time figures for the following seven operators measured
in the study — Table-Scan, Sort, Index-Create, Index-Scan and the variations of Join
operator, to provide an estimate of this efficiency. The M Epgars measure indicates how
well the database handles multilingual character sets with respect to the basic database

character set, with a value close to 1 indicating equitable performance across the sets.

2Similar to other database benchmarks, such as Bucky [14].
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Optimizer Prediction Accuracy

In addition to the operator run times, we also recorded the optimizer estimates of the
cost of each query, to assess the relative accuracy of the optimizer between Char and
NChar datatypes. In all database systems, the optimizer estimate for completing an SQL
query is either output explicitly in the plan diagram or recorded in the plan table along
with the execution plan corresponding to the query. These estimates were retrieved
and recorded for each query run. An optimizer metric, Multilingual Prediction Equity

(M PEoper) is defined as follows:

( ONChar )
OChar

MPEOpeT = (TNChaT)

Tchar

where Ocper and Tep,, are the optimizer estimate and the actual run time of the query
to run on Char datatype, and Oxchar and Tycper are the corresponding numbers for the
query on NChar datatype.

The MPFE metric measures how equitable the optimizer is between the two char-
acter datatypes, by comparing the ratio of optimizer prediction to the ratio of actual
performance. An MPE value close to 1 indicates equitable prediction accuracy between
the data types, while significantly deviations from 1 indicate non-uniform prediction

accuracies.

2.3 Performance Results

In this section, we present the results of the experiments that we conducted in the above

framework for a set of popular database systems.

2.3.1 Space Overheads

As expected, there was a space overhead of 100% for multilingual data, since each ASCII
character that is coded in 1-byte in Char attribute, needs 2-bytes in Unicode format.
Curiously, the database systems seem to store even NChar data specified in the UTF-8

format internally as UTF-16 (and convert it to UTF-8 format at the interface layer).
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This was confirmed by a set of experiments in which the same multilingual data was
stored in UTF-16 and UTF-8 formats and a set of queries were run on each; there was no
significant difference in the storage size between the two formats and a very slight query

performance degradation (~ 4%) in UTF-8 format.

2.3.2 Separate Table Processing

When the Char and NChar datatypes were created and queried in separate tables, namely,
partsuppChar and partsuppNChar, the Table-scan operator was slower on the NChar
table by up to 475% from the corresponding Char performance (for 55 characters long
Char and NChar attributes), and the join operators were slower by up to 275% (for 55
characters long Char and NChar attributes). At first glance, it might be thought that
these effects are solely due to the increased storage required by NChar. However, as we
will show next, even if all queries are run on a common table, thereby ensuring that the
total disk I/O is identical for both query sets, there still remain computational factors

that come into play resulting in differential performance.

2.3.3 Common Table Processing

Table 2.1 presents the performance of the various operators when the queries were run
on the partsuppCom common table, forcing the same database blocks to be accessed,
irrespective of the datatype on which the queries were issued. This implies that the
performance differentials are solely due to in-memory processing.

We wish to emphasize that the performance figures in Table 2.1, are not meant to
compare the absolute performance of database systems in handling multilingual data,
but only to highlight their relative performance in handling Char and NChar data. Hence
we draw attention only to the figures in the M ROqpe, and M P Epp., columns of the
Table 2.1. It should be noted here that the performance of System D was measured on
the same test machine, but with a 512 MB main memory, while all other systems were

measured with a 256 MB main memory. Hence, the absolute runtimes for System D
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may be faster, though we expect the relative performance (of NChar vs. Char datatypes)

of system D to be similar, in a machine with less memory.

Table Scan Operator: For the Table-Scan operator, very similar performance for Char
and NChar should be expected in a database that partitions the table data horizon-
tally, since the same database blocks are accessed for both the queries. While we
observe that systems B, C and D do exhibit this behavior, for system A, however,
there is a very substantial difference. Such a differential may be due to vertical
partitioning of the table data and/or storage of NChar attributes in foreign tables,

or due to a very high overhead in multilingual data processing functions.

Sort Operator: The cost of this operator includes the cost for the required initial table
scan. The differential sort cost is between 20% and 40% in systems B, C and D,

but it is a high 80% in system A.

Index Create Operator: All the database systems were slower in building an index
on the NChar attribute by about 20 to 40 percent. Though the slowdown in index
creation may not be a source of concern as it is typically an off-line activity, index
maintenance, especially in a 24 x 7 operation may well be affected adversely by

this slowdown.

Index Scan Operator: The Indez-Scan performance figures indicate that two of the
four systems (specifically, systems A and C) have significant deterioration in NChar
performance, and one system has a moderate deterioration of NChar performance
(system B). System D has near equal performance in indez-scan. Since the query
is answered by accessing a small number of index blocks, thus incurring only a
small 1/O cost, the index scan performance is a good indicator of the absolute
main memory processing efficiency of the databases with respect to multilingual

data.

Join Operator: For the join operator, the three standard join implementation tech-

niques were evaluated: Sort-Merge, Hash and Nested-Loops. In different relational
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Query Query
Database Runtime Runtime MROoper || MPEoper
System || on Char data | on NChar data
(Sec) (Sec)
Table Scan Operator
A 50 136 2.72 0.37
B 116 154 1.33 0.75
C 232 246 1.06 0.94
D 31.2 35.1 1.13 0.89
Sort Operator
A 78 142 1.81 1.30
B 159 235 1.48 0.68
C 352 431 1.22 1.01
D 221 276 1.24 0.80
Index Create Operator
A 214 259 1.21 NA
B 457 591 1.25 NA
C 388 538 1.39 NA
D 156 206 1.32 NA
Index Scan Operator
A 2.73 4.78 1.75 0.38
B 8.51 11.4 1.35 1.55
C 3.33 6.54 1.97 0.31
D 0.78 0.79 1.02 0.99
Join (Sort-Merge) Operator
A 1156 2198 1.92 0.89
B 841 1304 1.55 1.20
C 852 1143 1.34 0.95
D 909 2459 2.70 0.37
Join (Hash) Operator
A 4558 11848 2.60 1.26
B 576 778 1.35 0.75
C 754 971 1.29 1.22
D 3068 5521 1.80 0.55
Join (Nested-Loop) Operator
A 799 823 1.03 0.97
B 323 334 1.03 0.97
C 144 230 1.60 1.16
D 584 791 1.35 0.74

Table 2.1: Multilingual Performance of Operators
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database systems, the join operators were invoked by specification of appropriate
system parameters or optimization parameters. In Oracle 9i Database Server, op-
timizer hints were added to the SQL statements that make the optimizer prefer the
desired join operator. In IBM DB2 Universal Server the optimization level may
be set to different values, to ensure that the desired join operator is chosen by the
optimizer. In SQL Server, a desired join operator is chosen by explicit specification
in the corresponding SQL statement. In all these cases, the selection of appropriate
join operator is verified by examining the final execution plan for the given SQL
query. In PostgreSQL Database Server the different join operators are forced to be
invoked, after explicitly disabling the other join operators by appropriate setting
of system parameters. Only a small portion of the original table was used for the
Nested-Loop implementation, since joining the full table proved to be prohibitively

expensive (in the order of days), time-wise.

Table 2.1 shows that there are substantial performance differences between NChar
and Char, for all the join implementations. Specifically, the join queries are 35% to
170% slower for Sort-Merge, 25% to 160% for Hash; the Nested-Loop join is most

equitable, though it could be as much as 60% slower in System C.

To summarize the above results, we computed the Multilingual Efficiency of each of the
database systems using the run time figures for the seven database operators — the results

are presented in Table 2.2.

Database System | M Epgus
System A 0.57
System B 0.76
System C 0.70
System D 0.69

Table 2.2: Multilingual Efficiency

As can be clearly seen in Tables 2.1 and 2.2, all the database systems are inequitable
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with respect to multilingual data, and no single system (or a set of systems) has per-
formed badly consistently in all the operators. Also, there is a wide variation in relative
performance, indicated by the M E values ranging from 0.57 to 0.76: for example, System
A is slower by nearly 75% in handling multilingual data.

Some database architectures organize table data in a wvertically partitioned manner,
to make the query processing cache-friendly. For example, the Sybase[120] and the Mon-
etDB [90] database systems partition the table data vertically. In such architectures, we
expect absolute performance of our tested queries on both Char and NChar datatypes
to be better, when compared to those in the horizontally partitioned database systems.
Also, we expect the relative performance of database operators on multilingual char-
acter set over the default character set, to be similar to that of storing the Char and
NChar data in separate tables. Conversely, should the output of the query span multiple
attributes or if the selection condition involves multiple attributes, then we expect the
horizontally partitioned database systems to perform better than the vertically parti-
tioned ones. However, such hypothesis needs to be verified with experiments, which we

hope to take up in our future work.

2.3.4 Optimizer Prediction Accuracy

The accuracy of the optimizer is an important factor in database system performance,
since errors in estimation could lead to a huge performance degradation as grossly inef-
ficient plans could be chosen. Table 2.1 also provides the optimizer metric, M PEg,e,,
for each of the database operators. No M PEy,., figure is calculated for Indez-Create
operator, since it is a DDL statement that requires no optimization.

For most of the operators, the optimizer predictions were inequitable (indicated by the
M PF figures much different from 1). The accuracies of the Table-Scan, Sort, Indez-Scan,
Sort-Merge join and Hash join estimates on NChar are different by up to 60%, 30%, 60%,
20% and 25%, with respect to the corresponding Char estimates. In addition, we find that
in some cases, the optimizers are impervious to the differences between the datatypes;

they estimate the operators to perform equally, though the actual run times vary by



Chapter 2. Multilingual Performance of Current Systems 42

more than 100%. Such inequities in prediction may indicate a non-uniform cost model
between Char and NChar datatypes. In conjunction with the large slowdowns in query
performance, such mis-estimation may have serious impact on database performance,

due to selections of inefficient plans for complex queries.

2.4 Performance Analysis

The results from the previous section indicate that all the database systems were slow
in processing data in multilingual character set, compared with their performance in
handling default character set. In this section, we conduct a series of experiments to
understand the trend of, and the reasons for, this multilingual query processing overhead
and to pinpoint the sources of inefficiency. The database system that exhibited the most

iniquitous performance, namely, system A, was chosen for this study.

2.4.1 Slowdown wvis-a-vis String Length

As a first step towards calibrating the performance with respect to multilingual data,
we studied the effect of the string length on the differential performance, M ROoper.
Specifically, the table scan and a set of join operator queries were run on the common
table with Char and NChar attributes of equal logical length, varying from 15 to g5
characters long. Note that, as mentioned before, though the strings lengths are equal,
the NChar strings need twice as many bytes as Char strings for storage. The experiments

were conducted on the common table to nullify the effects of the disk traffic.

The results for this experiment are shown in Figure 2.2, which captures how the NChar
performance slowdown with respect to Char varies with the length of a text string. The
table scan slowdown is very high at small string lengths but decreases with increasing
length and asymptotically settles at about 125%. At small string lengths, the large
differential performance in NChar data indicates very high fixed cost (such as function

call overheads) in NChar data over Char data. As the string length increases, the variable
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Figure 2.2: Query Slowdown with String Size

cost of string comparison becomes significant, dominating the function overheads, and
hence the differential performance reduces.

The Hash join technique exhibits a fairly steady trend of increasing differential per-
formance with string length, indicating that the operator is affected more by the string
processing overheads in NChar than those in Char. Sort-Merge, on the other hand, ex-
hibits a fairly constant slowdown, indicating that the slowdown is balanced between
string processing and disk access.

Overall, one can observe that the slowdowns exist for all operators and at all string
lengths, though it is more serious for short strings for scan operators and for long strings
for join operators. It should be noted that the observed slowdowns are significant for
the chosen queries, given that the runtimes are in the order of tens of seconds for table

scan, and in the order of hundreds of seconds for join operators.

2.4.2 Components of the Slowdown

We took the default size of character attribute in TPC-H database (55 characters) and
conducted a second set of experiments to determine the specific reasons for the slowdown.

In database systems, typically the operators are implemented as common functions, but
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invoked with different type parameters. Hence it is reasonable to assume that the same
code path will be taken for each of the above queries irrespective of the datatypes on
which the queries were issued, as long as the plans are the same.

Under the above assumption, the slowdown between Char and NChar datatypes may

be attributable to the following three components:
AT = AT}/O + AT'Type + AT1St7"ingProcessing

where ATj/o is the differential cost due to the increased disk access for NChar storage
over Char storage, ATry,. is the differential cost in handling different datatype (NChar
vs. Char) and ATsyingProcessing 1S the difference in the cost due to processing of the string
— due to both the function call overheads invoked with different byte lengths and the
actual comparison of different byte strings. Of the three, the first factor corresponds
to slowdown due to increased disk access and the next two correspond to that due to
in-memory computation.

The slowdown due to the increased disk access, namely ATy,o, is zero, as all the per-
formances were observed by running the queries on partsuppCom table, thereby forcing
the same disk blocks to be accessed.

Next, to isolate the cost due to the datatype, namely AT, we created the partsuppCom
table with Char attribute of size 110 and NChar attribute of size 55, forcing each attribute
to store the attribute values in equal number of bytes. The scan and join queries were run
on each datatype as before to find any variation in performance which can be attributed
to datatype specific processing. The NChar queries are slower by about 10% indicating

that ATry,. is small, but not insignificant.

Finally, to isolate the cost due to the size of the data, namely ATs ingprocessing:
we created a set of tables with NChar attributes replaced by Char attributes, but with
different sizes ranging from 55 characters to 165 characters, corresponding to scale factors
between 1 and 3. The keys were embedded at the end of the character strings forcing
each comparison to scan the entire length of the string to determine [in]equality. The

slowdowns of Table-scan and Join queries on scaled up Char attribute, relative to normal
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Figure 2.3: Query Slowdown with Scaling

Char attribute, are shown in Figure 2.3, as lines marked Max Comparison. The relative
slowdown in a single-scan Table-Scan operator is very low with a maximum slowdown of
10% for a scale up factor of 3. Such negligible relative slowdown indicates that the overall
cost of the operator is dominated by disk I/O, which is equal for the two attributes due
to the common table design. The performance of the multi-scan Sort-Merge and Hash
join operators, however, show that the relative slowdowns increase substantially with
scale-up, indicating that the join and string processing costs dominate disk I/O cost for
long strings. Also, the slowdowns for the Sort-Merge and Hash joins, for a scale up factor
of 2 in Figure 2.3, match closely with those reported earlier, in Table 2.1, for NChar that
takes twice as much space as Char.

The I/O dominated Table-Scan operator exhibits no differential performance in the
table with both character attributes, but a substantial difference in the table with Char
and NChar attributes. This behaviour indicates that the NChar attribute may be stored
in a foreign table, in database system A. Also, the slowdowns for the Sort-Merge and
the Hash joins in Figure 2.3, for a scale up factor of 2, match closely with those reported
earlier, in Table 2.1, for NChar that takes twice the space as Char. The behaviour of the

processing-dominated joins confirm the above observation of a foreign table for NChar
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attributes.

We also isolated the specific costs due to actual string comparison itself, by re-running
the experiments with Char data strings that have integer keys embedded in the beginning
of the string, thus causing nearly 95% of the comparisons to fail in the first few bytes
of data itself. The associated performance graphs are marked in Figure 2.3 as Min
Comparison. The difference between the operator performance for maximal and minimal
comparison indicates the differential cost due to byte comparison itself. We found this
cost to be negligible for the Table-scan operator, confirming our initial observation that
disk I/O time dominates the string processing time. For Join operators, these costs are
not negligible, and become significant for long strings (up to 15%).

As a result of the above experiments we could effectively isolate the main reasons for
the differential performance between Char and NChar datatypes in system A as the fol-
lowing: primarily, the differential costs associated with the size of the data (> 80%) and,
secondarily, that due to the datatype. Though we have established that the comparison
of strings itself plays a role in the slowdown, we ignore this data-dependent slowdown for
efficiency improvements. Hence, to improve the performance of NChar it is imperative
that methods to reduce the storage space required by the multilingual character sets be

found.

2.5 The Cuniform Storage Format

In the previous section, the storage size of the multilingual character sets was identified
as the prime reason for the inequitous multilingual performance of the database systems.
In this section, we propose a simple, split storage representation for storing Unicode
data, to reduce the multilingual storage space required. Subsequently, we present the
performance profiles of the database systems working on this storage format.

Our proposal for the split-representation of Unicode strings stems from the following

two observations:

Character Block Information: Unicode characters are organized in Character Blocks
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(variable in length, corresponding to the size of the script used in that language).
Character block information forms a part of the character code in Unicode charac-
ters. Since most scripts in Unicode have less than 256 characters, for these scripts
about half of the Unicode code is used for representing the character block infor-

mation.

Language of an Attribute Value: It is reasonable to assume that in a multilingual
environment, a data item stored in NChar field is likely to have all the characters
from the same script. Hence, storing the character block information for each

character would be wasteful of resources in the database context.

Based on the above two observations, we propose a new internal split representation
of Unicode called Cuniform (Compressed UNIcode FORMat), which splits each Unicode
string into two pieces. The first piece stores the information about the character block
corresponding to the script from which the characters of the string occur. This infor-
mation may be the starting code of that character block corresponding to the script or
a Script Identifier that may be translated to the previous one. The second piece stores
the offsets of each character in the original Unicode string, in the character block corre-
sponding to the specific script. We term such splitting of a Unicode string into a pair of
Cuniform strings as “skinning”. When the string contains characters from multiple code
blocks, skinning is not possible, and hence the original string is stored without any mod-
ification. Skinning allows the code block information to be stored as a meta-data once
for the entire string, effectively reducing the storage of Unicode strings, yet ensuring that
the original string is reproducible by assembling the two pieces. The proposed format
is trivially convertible to the Unicode format, since our primary design goal is to find a

solution within, and not outside, the framework of Unicode.

2.5.1 Sample Unicode and Cuniform Strings

Examples of Unicode to Cuniform transformation are shown in Figure 2.4. The first two

strings (in English and Tamil) have only characters from a single character block each
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Figure 2.4: Skinning of Unicode Strings

and hence may be skinned, setting the script identifier (S7D) as the respective code
block identifier, and the skinned string as the string of offsets into the code block. The
sizes of the Cuniform strings thus reduce to about half that of the corresponding Unicode
strings. The third string which has mixed scripts is not skinnable, but only a small
fraction of strings is expected to have such a characteristic. The fourth string in Kanji
may be skinned, but since each of the offsets would need about 2 bytes due to the large
size of the language repertoire, it may not provide any saving over the storage needed
for the Unicode format itself. Hence for such languages that have a large repertoire, the

Unicode strings are stored as-is.

2.5.2 Limitations of Cuniform Format

While there are advantages to the Cuniform representation as discussed above, there are
some limitations as well.

Firstly, if the database stores primarily English (or, Latin based) data, then usage of
Cuniform may add a slight storage and query processing overhead, due to the split nature
of the storage. In such cases, the usage of 1S0:8859 format will be more efficient.

Secondly, if each of the data items stored in the Cuniform attribute is a miz of char-

acters from different code blocks, the space compression and the associated performance
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improvements may not materialize. As Unicode has allocated special blocks for com-
mon characters (e.g., Math symbols), mix of characters from different blocks may occur
frequently in some domains.

Finally, languages with character block size more than 256 may not be able to gain
any performance benefits by the Cuniform format. The storage space required to store
strings from such character blocks may be reduced by storing the offsets; typically, each
offset may require more than one byte®. However, due to the non-byte aligned nature of
the offsets, the performance of any substring operation will be more expensive and the

performance benefits of Cuniform storage may not materialize.

2.6 Cuniform Performance

Since we lacked access to the source code of the database system A, a prototype of the
Cuniform representation was implemented using an outside the server approach: Fach
NChar attribute was converted into a pair of attributes — C'unigq and Cunigying, where
Cunigyq is the Script Identifier that stores the starting code of the character block, and
Cunisiring stores the offsets of each character in the original Unicode string into the
character block corresponding to the script of the Unicode string. During data input, the
common character block of the Unicode string was identified and stored in Cunigzg and
the offsets of each character in the input string was stored in Cunisying. If a mix of code
blocks existed in the input string, then the input string was stored with no modification
in Cunigiying and a Mixed (or Null) was inserted into Cunigq. For output, the character
block information from Cunig,q was merged byte-by-byte with C'unigyipg, reconstructing
the original Unicode string. Fortunately, all the database operations may be executed
directly on the Cuniform strings without any explicit conversion to Unicode strings.

In the processing side, all SQL queries need to be recast to handle the split image of
Cuniform attributes. While explicit representation of Unicode strings in NChar attributes

in SELECT, INSERT and UPDATE statements are handled easily by skinning them into

3They need a bit-string of size that is logarithmic in size of the repertoire of the language.
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Cuniform format, the predicates involving NChar attributes in WHERE clause need to be
recast into more complex predicates. An equality predicate between NChar attributes
was replaced with a conjunction of equalities on both Cunigg and Cunigying compo-
nents of the respective attributes. Similarly, an inequality predicate was replaced by a
disjunction of inequalities on Cunisg and Cunigying components of the respective at-
tributes. Correlated sub-queries were replaced with the conjunction or disjunction of the
pair of Cuniform attributes, as appropriate. In summary, all operations on the Cuniform
attributes were executed on Cuniform pair of attributes, with no conversion to Unicode,

except for the output.

2.6.1 Performance of Cuniform Storage

To measure the performance of the operators with the multilingual strings stored in the
Cuniform format, we used the following procedure: The common partsuppCom table that
was used for the experiments detailed in Section 2.2 was augmented with Part and Sup-
plier names in Cuniform format. All the NChar values are assumed to be from a distinct
multilingual script and hence each value was skinned into Cuniform format. All the pre-
vious queries, appropriately modified for Cuniform datatype, were run on this new table
and the performance of operators measured. The M ROg,., for the operators, running
on each of the datatypes in the partsuppCom table are provided in Table 2.3%. Also,
no M PEo,., figures were reported, as the optimizer prediction for operators working on
Cuniform datatype is meaningless in an outside-the-server implementation.

As can be seen from Table 2.3, the performance of the operators on multilingual
data in the Cuniform format is vastly better than the corresponding performance in the
Unicode format, except for Indez-Scan. The performance of Table-Scan on Cuniform
is almost identical to Char datatype and the performance of join operators are only

marginally slower than that on Char datatype. However, the performance of Indez-Scan

4Tt should be noted that the figures are slightly different from those presented in Table 2.1, since the
new table has two additional Cuniform attributes and hence incurs additional disk I/O. However, the
MROoper is found to be almost the same as in Table 2.1.
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Query Query Query
DBMS | Runtime | Runtime | Runtime | M ROpper | MROoper
Operator || on Char | on NChar | on Cuniform | on NChar | on Cuniform
(Sec) (Sec) (Sec) (%) (%)
Table Scan 52.9 135 55.5 1.56 1.05
Sort, 81.1 143.5 86.1 1.77 1.06
Index Scan 2.89 5.46 5.60 1.88 1.99
Join (Sort-Merge) 1188 2371 1370 1.99 1.15
Join (Hash) 4575 12534 5591 2.74 1.22
Join (Nested-Loops) 805 834 827 1.04 1.03

Table 2.3: Multilingual Performance of Operators on Cuniform

on Cuniform attribute is substantially slower than the corresponding Unicode datatype,
primarily due to the additional overheads of the composite index on a pair of Cuniform
attributes. Significantly, the Cuniform representation incurred only a negligible space
overhead (approximately 2%), a tremendous improvement over NChar’s 100%.

Finally, we computed a new Multilingual Efficiency for system A using the Cuniform
performance numbers, which evaluated to 0.83. Compared to the MFE figure of o.57
presented in Table 2.2, the NChar stored using Cuniform improves the multilingual per-
formance of A substantially, bringing it to within 20% of the performance on the default
ISO:8859 character set.

In summary, Cuniform shows that multilingual data may be stored and manipulated
almost as efficiently as the default character data in 1SO:8859 by using an appropriate
internal storage format. Further, the Cuniform datatype supports substring operations
efficiently. Specifically, when a substring of a Cuniform string is needed, a normal sub-
string function call may be invoked on the string that stores the offsets and the resulting
substring may be converted into a Unicode string efficiently, by appending appropriate
code block information corresponding to the script identifier to every character in the
result. If the script identifier is NU LL, then the substring requires no modification as no
skinning was done to the original Unicode string. Thus, Cuniform retains random access

of its substrings, aiding efficient database query processing.
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2.6.2 Potential for Further Performance Improvement

An important by-product of skinning Unicode strings into Cuniform strings is the explicit
availability of character block information of the multilingual attributes®. This additional
piece of information may be used for partitioning the multilingual data: either as a query
predicate to improve the selectivity of the query or in partitioning the table data into sub-
tables. Such partitioning of data would make the operators proportionally more efficient,
as they need to process only on a subset of the tuples. Suppose the multilingual table
has data in n different langauges, then the table may be horizontally split into n tables,
each storing data from a single language. For selection operation, only that subtable
that contains the records in the language of the query string needs to be examined,
and for join operation, only that subtable that contains the records in the language
of the outer loop value needs to be accessed. Hence, a substantial improvement in
the runtime may be achieved by appropriate partitioning of the table data over the
languages. In our experiments, partitioning the records in the partsupp table assuming
a uniform distribution of data over 5 different languages, we observed the performance
of the operators on NChar in Cuniform format to be faster than even Unicode by about
70% for Table-scan operator and upto 40% for Join operators.

In such an environment, it may be advantageous to store information in multilingual

scripts, rather than in a single script.

2.7 Related Research

To the best of our knowledge, performance evaluation of relational database systems with
respect to multilingual data or their differential performance had not been published in
the database research literature.

The following studies address, partially, the compression and efficient storage of Uni-
code data: The Standard Compression Scheme for Unicode (SCSU) for Unicode data is

reported to have compression characteristics similar to that of 1S0:8859 data, in [133].

5This language identifier is used in Chapter 5 for designing a new multilingual datatype, Uniform.
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SCSU uses a dynamically positioned window covering 128 consecutive characters for com-
pression. This scheme is intended primarily for medium and large text strings, and is
not well suited for attribute level strings. A study of different compression techniques
(such as bzip, gzip, pksip, Huffman, etc.) on Unicode data is presented in [6] and [40],
where the authors indicate that all these techniques produce similar compression ratios
for basic Unicode files, for a given Unicode encoding format. An interesting proposal that
they offer is that it may be advantageous, under certain conditions, to transcode the base
Unicode document (to among one of UTF-8, UTF-16 etc.), and then use a compression
technique, to achieve better performance. However, all their experimentation is done on
large files and hence, not directly relevant for efficient storage of attribute-level data.
Multicode [92] overcomes some of the storage space related issues in Unicode, by al-
lowing efficient representation for characters of a language and by allowing special switch
characters to mix characters from a different language in the same multilingual string.
While this scheme optimizes space, the substring searches become more expensive due
to the need for decompression of the entire string; essentially, no random access of sub-
strings is possible. Similarly, the Binary Ordered Compression for Unicode (BOCU) [108]
adapts well for compressing small Unicode strings, but is not suited in environments where
random access of substrings is necessary. In database environments random access of
substrings is essential for supporting normal text operations. Finally, the efficient multi-
lingual framework described in [139] makes the administration of multilingual resources
in a multilingual database environment more efficient, but not the query performance of

multilingual data.

2.8 Conclusions on Multilingual Performance Study

In this chapter, we focused on identifying the differential performance of a suite of pop-
ular database management systems while handling multilingual data, and provided our

solutions to overcome this differential performance.
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First, an experimental framework to measure the storage and query processing ef-
ficiency of basic database operators on multilingual data was described and the per-
formance of a suite of database systems in this framework was presented. Our exper-
imental results indicate that multilingual data stored in the popular Unicode encoding
suffers from a serious space overhead and a corresponding query processing overhead,
in all database systems. The query performance overhead was significant, even when
only the in-memory processing is considered. The primary factor for the inefficiency was
identified as the storage size of multilingual data.

Cuniform, a split internal storage format that is trivially convertible to Unicode, was
proposed to overcome such performance overheads. Multilingual data in the Cuniform
format exhibited marginal space overhead and correspondingly small query overhead, im-
proving significantly the query performance over that in the Unicode format. In addition,
performance of operators on Cuniform could further be improved in highly multilingual

environments by partitioning of data using the explicit script handle available in it.
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Multilingual Names Matching

3.1 Overview of the Chapter

In this chapter, we outline the implementation of the multilingual names join operator
that was proposed in Chapter 1. First, some background needed for this chapter is
provided; next, the MLNameJoin functionality is defined formally and our strategy for
the implementation of the functionality, by transforming the matches from the textual
space to the phonetic space, is detailed. Finally, while a basic implementation using
UDFs on database systems was too slow for practical use, we show that with specialized
indexing techniques, the performance may be improved substantially to a level that

appears commensurate with requirements for practical deployment.

3.2 Background Information

In this section, some background needed to implement our multilingual names matching

methodology, is presented.

3.2.1 Pseudo-Phonetic Matching Function

The currently popular algorithm for pseudo-phonetic matching of English text strings in

database systems is the Soundex [73] algorithm. This simple algorithm defines groups of

95
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similar sounding vowels and consonants and converts a given text string into a string of
alpha-numeric characters (the first being an alphabet, referred to as Soundez-key, and
the remaining being a numeric between 0 and 6 corresponding to unique consonants in
the string). The transformed string is truncated after 4 characters and the resulting
string is used as a key for the original English name. The details of the algorithm are

shown in Figure 3.1.

Transformation ( English to Soundex Code )
FPV > 1;

KQSXZ— 2

3;

5-

’

J

_)
4;

_)
6

DErOQW
1=l

1. Except in the first place of the string:
— Remove all the vowels and the consonants H, W and Y.
— Remove all consecutive duplicate characters.
2. Transform to Soundex string, using transformations above.
3. Return the first 4 characters of the transformed string.

Figure 3.1: Soundexr Algorithm

For example, the Soundex-key for both the English strings, Interpid and International,
is I536. The English word India has a soundex-key of I53 and the word Enterprise
has a soundex-key of E536; both these keys are at an edit-distance of 1 from the original
key, namely I536. Hence one can see that the value of such keys as a similarity measure
is limited. However, they may be used as a filter for efficiently narrowing down possible
proximity, which we explore later.

Other algorithms, such as Phoniz [44] and Metaphone [77] are similar in principle to
Sounder, but they employ, in addition, English spelling and pronunciation rules. It is
clear that the Soundex algorithm and its variations were devised for English, and do not

scale across languages.
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3.2.2 Approximate Matching

Approximate matching techniques are used for matching strings that are close to each
other in a common alphabet, but which are not exactly equal. A common use for
approximate matching techniques is in Bioinformatics for genomic comparisons and in
Information Retrieval for compensating typographic errors. Several frameworks exist
to capture the notion of closeness of strings. A popular example is the FEdit Distance
metric [54], which is used in Approzimate String Matching, as given in the following
definitions:

Definition 3.1 [Edit Distance]: The edit distance between two strings in a common
alphabet Y, is the minimum number of edit operations (i.e., insertions, deletions and
substitutions) that are needed to transform one string to the other.

Definition 3.2 [Approximate String Matching|: Two strings are considered to
match approxrimately, if the edit distance between them is less than a user specified
threshold®.

To compute the edit distance between two given strings S; and S;, a standard Dy-
namic Programming algorithm [112] may be used. This algorithm sets up a matrix of
size (|S;| % |S;|) and computes the transformation of S; to S;. Though this algorithm
is not the most efficient, it is preferred for its flexibility and adaptability in modeling a

wide variety of other distance measures[96].

3.2.3 Q-Grams

In situations where approximate matching of strings is applicable, @-Grams have been
successfully employed to narrow down the search space effectively. In this section, we
briefly sketch the concepts of q-grams, and refer to [54] for details.

Let o be a string of size n in a given alphabet 3. o[i,j], 1 < i < j < n, denotes a

substring starting at position ¢ and ending at position j of o.

! Usually, the threshold is specified as a symmetric function of the input strings, in order to make the
approximate matching symmetric.
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Definition 3.3 [Q-Gram]: Given a string o and ¢, a substring of o of length ¢, that
is, o[i,i + q¢ — 1], is called a ¢-gram of o.

The g-grams of o consists of all ¢g-length substrings of o, and is obtained by sliding a
window of size ¢ over the string.

Definition 3.4 [Positional Q-Gram]|: The pair (i, o[i,i+¢—1]) is called the positional
g-gram, where 7 is the starting position of the g-gram in o.

Usually, the g-gram matching techniques use an augmented string o4,,,, where (¢—1)
start symbols (say, <) are pre-pended to o and (¢ — 1) end symbols (say, ) are appended
to o, where < and > are not part of the original alphabet, 3. Note that for a given
string o, there are (|o|4+¢q — 1) q-grams. For example, a string LEXEQUAL will have the
following positional q-grams: {(1,<<L), (2, <LE), (3, LEX), (4, EXE), (5, XEQ), (6, EQU),
(7, QUA), (8, UAL), (9, AL>), (10, L>>)}. The g-gram can be implemented as an auxiliary
table, in the relational databases, in (n * 04, * (¢ + C)) space, where n is the number of
multilingual strings in the original table, o, is the average length of the strings and C'
is the overhead of storing each of the g-grams.

The intuition behind using q-grams is that strings that match approximately will
share a large number of ¢-grams [52]; hence, an approximate match may be replaced
by more efficient exact matching of the g-grams; further, the database matching func-
tionality may be used efficiently, since any query using the standard query features may

leverage on the well-developed optimizer of relational systems.

3.3 Multilingual Names Matching Implementation

Multilingual names matching was defined as matching of the same names across multiple
languages, as shown in Figure 1.3. Such multiscript matching functionality is applicable
to many user domains, especially with regard to e-Commerce and e-Governance ap-
plications, web search engines, digital libraries and multilingual data warehouses. As
expounded in Section 1.5.3, we assume that when a name is queried for, the primary

intention of the user is in retrieving all names that match aurally, in the specified set
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of target languages. Hence, the matching is restricted to attributes that contain proper
names (such as attributes containing names of individuals, corporations, cities, etc.),

which are assumed not to have any semantic value other than their vocalizations.

3.3.1 MLNamelJoin Implementation Details

In this section, the details of our strategy to implement the multilingual names matching
operator — MLNamelJoin — are provided.

Let L; be a natural language with an alphabet ¥,. Let s; in language L; be a
string composed of characters from ¥;, and let Sz be set of all such s;. Then, § =
UzSz, represent the set of all name strings in a given set of languages. Similar to
the multilingual name strings, the phoneme strings are assumed to be encoded in the
IPA [60] alphabet, namely, ¥;p4. Further, it is assumed that every natural language
string can be transformed to a phonetic string in the IPA alphabet (in line with the
phonetic conventions of the language). A transformation, 77, between a given language
string s; and a corresponding phonemic string p;, is represented by 77 : Sz — Srp42,
where s; € Sz and p; € Szp4. The union of such transformation functions 7 (= U;7T7)
in a set of desired languages, represented by 7 : & — Szp.4, is assumed to be given as
an input to the query processing engine. Given the above, phonetic equality is defined
as follows:

Definition 3.5 [Phonetic Equality]: Two strings s; € S; and s; € S are phonetically
equal, if p; = pj, where p; = T (s;) and p; = T (s;).

Example 3.1: Given that {“Nehru” in English, “Cs@” in Tamil and “"™®*” in Hindi}
have corresponding phonemic representations { “nahru”, “nzeru” and “nahru” }, only the
English “Nehru” and the Hindi “™*” are phonetically equal. o

Though all the names in the above set refer to the same name written in different
languages, it is almost impossible to exactly match their respective phoneme strings,
since the sets of phonemes used by different languages are seldom identical and the rules

for conversion of a textual string to a phoneme string may differ, due to linguistic and

2Such transformation 77 is coded as linguistic rules in the language specific TTP engines.
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cultural differences. Hence in the phonetic domain, phonetic closeness, a weaker notion
of equality, is defined as follows:

Definition 3.6 [Phonetic Closeness|: Two strings s; and s; are phonetically close if
{d(pi, pj) < t}, where p, is the phonemic representation of s, (= T(s;)), d(z,y) is the
edit distance function as per Definition 3.1, and ¢ is a user defined parameter for match.
Example 3.2: With the sample strings as in Example 3.1 and assuming the string

” is at a phonetic distance of

“Nero” has a corresponding phonemic string “nerou”, “Cmm
1 and “Nero” is at a distance of 2, from the English “Nehru”. They may be phonetically
close depending on the user specified value of ¢. o

We propose to implement the MLNamelJoin functionality, using phonetic closeness, as
follows:

Definition 3.7 [MLNamelJoin Matching]: {s; MLNameloin s;} < {d(pi,p;) < t},
where t is a parameter that is specified for a specific domain or application.

Definition 3.7 provides the basis for multilingual names matching operator for com-
paring phoneme strings corresponding to the multilingual text strings. The quality of
match is determined by the user-specified threshold parameter, ¢, which is usually de-
fined symmetrically, as a function of the two phonemic strings p; and p;. Traditionally,
this is specified as a fraction (in the range [0, 1]) of the length of the smaller of the two
strings being compared.

We wish to emphasize that while our implementation methodology works well (as
will be shown in subsequent sections), it may introduce significant (=~ 15% in our ex-
periments) false-positives in the result set. Depending on the setting for the threshold
parameter, the matching may also have false-negatives; however, at the expense of pre-
cision, the false-negatives may be nullified, by specifying a higher value for the threshold

parameter.

3.3.2 Linguistic Issues

We hasten to add that phonetic matching of multilingual names is, not surprisingly given

the diversity of natural languages, fraught with a variety of linguistic pitfalls, accentuated
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by the attribute level processing in the database context. While simple lexicographic
variations in names are handled in our methodology, issues such as language-dependent
vocalizations and context-dependent vocalizations, discussed below, appear harder to

resolve, and are left as future extensions to the current work.

Language-dependent Vocalizations A single text string (say, Jesus) could be differ-
ent phonetically in different languages (“Jesus” in English and “Hesus” in Spanish).
So, it is not clear when a match is being looked for, which vocalization(s) should be
used. One plausible solution is to take the vocalization that is appropriate to the
language in which the base data is present. But, automatic language identification
is not a straightforward issue, as many languages are not uniquely identified by
their associated Unicode character-blocks. With a large corpus of data, IR and

NLP techniques may perhaps be employed to make this identification.

Context-dependent Vocalizations In some languages (especially, Indic), the vocal-
ization of a set of characters is dependent on the surrounding context. For example,
consider the Hindi name Rama. It may have different vocalizations depending on
the gender of the person (pronounced as Rami for males and Rama for females).
While it is possible to make the appropriate associations in a running text based
on the context, it is nearly impossible while processing the database attributes,
which are stored at an atomic value level. Specifically, a noun occurring in iso-
lation may have no cues to its pronunciation, as it does not carry the contextual

information needed for proper vocalization.

3.3.3 Existing Database Support for Implementation

While a survey of general multilingual support by current database systems was outlined
in Section 1.2, in this section, the support provided by database systems, specifically for
implementing multilingual names matching functionality, is provided.

Unicode, the default multilingual storage standard supported in all database systems,

specifies the semantics of comparison of a pair of multilingual strings at three different
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levels [26]: using base characters (plain vanilla lexicographic matching of the strings),
case (where the case of a character is ignored), or diacritical marks (where the diacritical
marks are ignored). For example, Miller and miller are matched successfully in Level 2
and Miller and Muller are matched successfully in Level 3, but both the matchings fail
in Level 1. More importantly, such matching levels are applicable only between strings
in languages that share a common script. In Unicode, the comparison of multilingual
strings across scripts is considered only as a binary comparison. Hence, no meaningful
comparison is possible across scripts. Also, the SQL:1999 standard [59, 84] specifies that
any comparison across collations is binary.

To the best of our knowledge, none of the commercial and open-source database
systems currently support multilingual string matching. Further, their support of even
other techniques to implement our proposal of multilingual names matching is limited,

as given below:

Phonetic Matching Most database systems allow matching text strings using pseudo-

phonetic Soundez algorithm [73], primarily for English text strings.

Regular Expression (LIKE) Matching The regular expression matching feature — the
LIKE predicate that is available in all database systems — are designed for regular

expressions, but cannot be used for approximate matching in metric space.

Multiscript Comparison and Indexing All systems have pre-defined collation se-
quences for the supported languages. While comparison within a collation has
normal semantics, comparison across collations is binary; that is, the sort order
is same as that of the binary strings corresponding to the text strings. Conse-
quently, any index built on multiscript strings is based on the binary sort order of

the multilingual text strings.

Approximate Matching Approximate matching is not supported by any of the com-
mercial or open-source databases. However, most database systems support User-
defined Functions (UDF) that may be used to add new functionality to the server.

The major drawbacks with UDF implementations are the overheads in making UDF
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calls and the inability of queries using UDFs to leverage on the well-tuned relational

optimizer, as the UDFs are not costed.

In summary, while current databases are effective and efficient for processing mono-
lingual data (that is, within a collation sequence), they do not support processing mul-

tilingual strings across languages in an integrated manner.

3.4 MLNamelJoin Matching Algorithm

The MLNamelJoin algorithm for matching multilingual names strings is provided in this
section, following the strategy outlined in Section 1.5.3. In essence, the multilingual name
strings are converted into equivalent phonemic strings using calls to the TTP engines and
compared using approximate matching techniques.

The algorithm is as shown in Figure 3.2. The MLNamelJoin operator accepts two mul-
tilingual text strings and a match threshold value as input. In addition, the language
identifiers were also input, explicitly®. The strings are first transformed to their equiva-
lent phonemic strings using the PhoneticTransform function that takes a multilingual
string in a given language and returns its phonemic representation in IPA alphabet (Lines
3 and 4), by calls to standard TTP systems of the appropriate language. For efficient
query processing, we used the materialized phonemic string corresponding to a multilin-
gual text string, instead of an on-line call to TTP system. The edit distance between
them is then computed, using the editdistance function [54] that takes two strings
and returns the edit distance between them; by changing the input parameters for the
matching, the function may be made to compute the standard Levenshtein edit distance,
or a weighted edit distance using a special substitution cost matrix, as required. A dy-
namic programming algorithm is used for this computation, due to the flexibility that it

offers in experimenting with different cost functions. If the edit distance is less than the

3 As explained earlier, automatic identification of the language of the input string is possible only for
a very limited set of languages. In Chapter 5 we propose a new datatype, which stores explicitly the
language identifiers, which may be used in this function.
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Ol W=

MLNameJoin (S, L;, S, L, e, So)
Input: Input Strings S;, S,, Input String Languages L;, L,, Threshold e

Set of Languages for output Sp
Set of Languages with IPA transformations S; (as global resource)

Output: TRUE, FALSE or NORESOURCE

if L, ¢ S; or L; ¢ S; then return NORESOURCE;
if L, € Sp then
T)<PhoneticTransform(S;,L;);
T,+PhoneticTransform(S,,L,);
if | 7, | <| T, | then Smaller < | T} |
else Smaller < | T, |;
if editdistance(7},7},) < (e x Smaller) then
return TRUE else return FALSE;

SOt L=

editdistance(S7, Sk)
Input: String S, String Sg
Output: Edit-distance k

Ll<—|SL|;Lr(—|SR|;

Create DistMatriz[L;, L,] and initialize to Zero;

for i from 0 to L; do DistMatriz[i, 0] < i;

for j from 0 to L, do DistMatriz|0, j| < j;

for ¢ from 1 to L; do

for j from 1 to L, do
DistMatrizi — 1, j|+InsCost(St,)
DistMatrizi, j] < Min DistMatrizfi — 1, j — 1]+SubCost(Sg;,SL,)

DistMatrizli, j — 1]+DelCost(Sg;)

return DistMatriz{L,, L,);

Figure 3.2: The MLNameJoin Matching Algorithm
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user-specified threshold value (specified as a fraction of the length of the smaller of the

equivalent phoneme strings), a positive match is flagged (Line 6).

Match Threshold Parameter

A user-settable parameter, Threshold (a fraction between 0 and 1) is an input parameter
for the MLNameJoin matching. This parameter specifies the user tolerance for approx-
imate matching: 0 signifies that only perfect matches are accepted, whereas a positive
threshold specifies the allowable error (that is, edit distance) as the fraction of the size
of smaller of the two phonemic strings being compared. The appropriate value for the
threshold parameter is determined by the requirements of the application domain, and

may be set globally by the administrators for the environment.

Intra-Cluster Substitution Cost Parameter

The three cost functions in Figure 3.2 (Line 7), namely InsCost, DelCost and SubsCost,
provide the costs for inserting, deleting and substituting characters in matching the
phonemic strings. With different cost functions, different flavors of edit distances may
be implemented easily in the above algorithm. For example, all values set to 1 will
simulate Levenshtein edit distance function.

In addition, MLNamelJoin supports a Clustered Edit Distance parameterization, by
extending the Soundez [73] algorithm to the phonetic domain, under the assumptions
that clusters of like phonemes exist and a substitution of a phoneme from within a cluster
is more acceptable as a match than a substitution from across clusters. For example,
a substitution of like-phonemes, such as, [ (pronounced as sh), is a more acceptable
match for the standard s, than a substitution of distinct-phonemes, such as, k. Hence,
near-equal phonemes are clustered, based on the similarity measure as outlined in [82],
and the substitution cost within a cluster is made a tunable parameter, the Intra-Cluster
Substitution Cost. This parameter may be varied between 0 and 1, with 1 simulating the
standard Levenshtein cost function and lower values modeling the phonetic proximity of

the like-phonemes.
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3.5 Access Structures for MLNamelJoin

The approximate matching algorithm used for implementing MLNamelJoin is an expensive
O(n?) algorithm; hence, in this section, we explore different index structures and their
utility in improving the performance of the multilingual names query, by narrowing
the candidate result set, to be checked using explicit calls to MLNameJoin UDF. The
proximity measure (i.e., the edit distance) used for approximate matching of phoneme
strings, is a metric and hence requires specialized index structure. The standard B+Tree
index is also discussed, due to its availability as the standard index structure in all
database systems. It should be noted here that indexes are considered only on the

materialized phoneme strings corresponding to the multilingual names attribute.

3.5.1 B+ Tree Index

The MLNameJoin operator may leverage only marginally on the availability of B+ Tree
index structures on the materialized phoneme strings corresponding to the multilingual
names attribute. The B+ Tree index cannot be used for retrieving those phonetic strings
that are within an edit-distance of k, as the B+ tree uses the lexicographic ordering of
the string values. A proper retrieval based on edit-distance proximity requires the edit-
distance metric measure to be stored explicitly in the index structure or calculated easily
from the contents of the index structure. However, the lexicographic ordering available in
the B+Tree index may be leveraged on, to improve the performance of the MLNameJoin
operator, as follows: first, by accessing only the index pages (thus reducing the disk
I/O’s), and, second, by reducing the number of invocations of the EditDistance function
to unique values of the attribute (thus reducing in-memory computation). Hence, the

improvements depend directly on the nu