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From a customer perspective, three main
dimensions are relevant when evaluating
and procuring database systems: func-
tionality, performance, and total cost of
ownership. Traditionally, database re-
search has focused a lot on performance
improvements of database systems, but
less on new functionality and reducing
the total cost of ownership. In this paper,
we give our perspective on these three di-
mensions based on our experience in an
industrial research laboratory. The paper
is not intended to give a comprehensive
overview of all activities, nor is it intend-
ed to provide an in-depth discussion of
the research work we illustrate. Instead it
highlights a set of activities at IBM'’s
Almaden Research Center and outlines
open research challenges that could be
tackled by universities in Germany and
elsewhere.

With respect to the performance di-
mension, systems are being designed to
be more scalable, by utilizing hardware
support to evaluate queries close to the
storage subsystem (Netezza), and by mas-
sively parallel systems like Google’s
map/reduce, which go beyond classical
shared-nothing or shared-disk parallel-
ism. That said performance seems to play
a less important role in modern database
systems as users are willing to trade per-
formance for a reduction of total cost of
ownership and —to a lesser extent —for an
increase in functionality.

The functionality dimension of data-
base systems has evolved from simple
SQL queries to recursive queries, to data
mining, and to support for semi-struc-
tured data (for example, XML). However,
several areas remain insufficiently sup-
ported.

We see a future trend to enable sup-
port of unstructured information, and for
combined storage and querying of semi-
structured and unstructured data. In Sec-
tion 1 we introduce AVATAR, a project
aimed at discovering and extracting
structured information buried in volumes
of unstructured text such as emails and
blogs. This information can then be ex-
ploited to drive the next generation of

search and business intelligence applica-
tions.

Another emerging trend is the de-
mand for legislative compliance technol-
0gy. In Section 2 we discuss Hippocratic
Database technology as IBM’s approach
to tackle the enforcement of privacy reg-
ulations or confidentiality policies. In-
creasing legal regulations regarding pri-
vacy of personal data require support for
compliance without impeding the flow of
information. Whenever business-critical
data is involved, companies want to pro-
tect the confidentiality of their data and
share only on a need-to-know basis ac-
cording to carefully crafted sharing poli-
cies.

Total cost of ownership has become
an active research area. As computer sys-
tems become cheaper, manpower to
maintain those systems is becoming the
largest cost factor. In Section 3 we dis-
cuss some of the work carried out at IBM
in order to make database systems more
self-tuning. As a future manifestation of
that trend we see that DBMSs will be of-
fered as appliances, with little or no con-
figuration required.

1 Semantic Search and High
Precision Annotations

1.1 Problem Description

AVATAR Semantic Search tackles the
problem of precision-oriented retrieval.
A keyword query is interpreted as a set of
precise queries in the context of informa-
tion extracted from text. Consider the sce-
nario of searching email. Suppose a user
submits the keyword query [jeff phone].
A standard keyword search engine will
interpret this query as »retrieve emails
that contain the words jeff and phone.«
However, such an interpretation will not
return emails which mention a phone
number but not the keyword »phone.«
The goal of the AVATAR project is two
fold: (i) to enable the discovery and ex-
traction of structured information buried
in volumes of unstructured text (such as
emails, web pages, and blogs), and (ii) to

exploit this information to drive the next
generation of search and business intelli-
gence applications. In the following sec-
tions we present our work on both as-
pects.

1.2 The AVATAR Information Extraction
System

Text analytics is a mature area of research
concerned with the problem of automati-
cally analyzing text to extract structured
information. Examples of common text
analytic tasks include entity identification
(e.g., identifying persons, locations, or-
ganizations, etc.) [Cunningham 1997],
relationship detection (e.g., person X
works in company Y) [Nanda 2004] and
co-reference resolution (identifying dif-
ferent variants of the same entity either in
the same document or different docu-
ments) [McCarthy & Lehnert 1995]. Text
analytics programs used for information
extraction are called annotators and the
objects extracted by them are called an-
notations. Traditionally, such annota-
tions have been directly absorbed into ap-
plications. Moreover, a very important
pre-requisite for the use of annotations in
enterprise applications is high precision.
Increasingly, due to the complex needs of
today’s enterprise applications (such as
Community Information Management
[Doan et al. 2006]), there is a need for in-
frastructure that enables information ex-
traction, manages the extracted objects.
Furthermore, to enable collaborative ef-
forts to build high precision annotations,
the infrastructure should allow sharing
annotators among users and reusing ex-
isting annotators in different text corpora.
At the IBM Almaden Research Cent-
er we are currently building the AVATAR
Information Extraction System (IES) to
tackle the challenge of creating annota-
tors and annotations. Every annotation
object produced by an annotator is char-
acterized by a well-defined set of opera-
tions. We refer to each such operation as a
rule. A set of rules within an annotator
that together produce an annotation ob-
ject is called a meta-rule. As an example,
consider a simple base annotator that
identifies occurrences of person names in
the text of a document. An example of a
meta-rule used by such an annotator
would be (informally) MR1: look for the
presence of a salutation such as Dr. or Mr.
followed by a capitalized word. Meta-rule



MR1 would identify »Dr. Dasovich« as a
candidate Person annotation.

Annotator Data Model

Each annotation produced by the AVA-
TAR IES can be viewed as a structured
object with a well-defined type. The over-
all output of an IES, called an annotation
store, is a collection of such objects.
Please refer to [Jayram et al. 2006] for a
formal definition of an annotation store.
Figure 1 shows a simple annotation store
with one document object of type Email
and three annotation objects. Each oval in
the figure represents one object and is la-
beled as A:B where A is the ID of the ob-
ject and B is the type. The rectangular
boxes represent atomic attribute values.
In this example the span type S contains a
pair of integers begin and end that store
the character offsets of the piece of the
text corresponding to the annotation. For
the purposes of this paper, we assume that
every annotation is extracted from a sin-
gle document and that the span is inter-
preted relative to the fext of this docu-
ment.

Annotators in AVATAR IES are clas-
sified into two categories based on their
input:

Base Annotators operate over the
document text, independent of any other
annotator. E.g., base annotator Simple-
Person identifies persons using two dic-
tionaries — Du (containing unambiguous
first or last names such as »jeff«, »daso-
vich«, etc.) and Da (containing ambi-
guous first or last names such as »bill,
»gray«). Following the template descri-
bed in [Jayram et al. 2006] the base anno-
tator SimplePerson works as follows:

1. The input document is tokenized and
each individual token is added to the

set of features. Further, for each fea-
ture, an attribute dictU (resp. dicta)
is set to true if the corresponding token
matches an entry in the dictionaries Du
or Da.

2. Apply a set of rules for identifying per-
son names (i) a pair of features that are
adjacent to each other in the document
text and both of which are labeled with
Du (e.g., jeff dasovich), (ii) a pair of
features that are adjacent to each other
in the document text and are labeled
with Du and Da respectively (e.g.,
james gray), (iii) a feature that is
labeled with Du (e.g., jeff), and (iv) a
feature that is labeled with Da (e.g.,
gray).

3. Apply a consolidation rule rd that exe-
cutes the following logic: If two candi-
dates ol and 02 are such that the
ol.span contains 02.span, discard o02.
This rule is applied repeatedly to pro-
duce the result of the annotator.

[Jayram et al. 2006] describes the func-
tionality of the annotator in more details.
Derived Anneotators operate on doc-
ument text as well as the annotation ob-
jects produced by other annotators. E.g.,
the derived annotator PersonPhone
identifies people’s phone numbers from
documents. This annotator takes in as in-
put the document and a set of Person,
Phone and ContactPattern annotati-
ons identified by Base annotators. Here
(i) Person annotations are produced by a
person annotator such as SimplePer-
son, (ii) Phone annotations are produ-
ced by an annotator that identifies tele-
phone numbers, and (iii) ContactPat-
tern annotations are produced by an an-
notator that looks for occurrences of
phrases such as »at«, »can be (reache |
called) at« and » ’s number is«. Given the-

call Jeff Dasovich
at 415-782-7822. He
is an excellent
source and has a
long, sordid histroy
in california's Energy
market

Fig. 1: Annotation Store

se inputs, the PersonPhone annotator is
fully described by the following two ru-
les:

« If a triple (Person,ContactPattern,
Phone) appear sequentially in the do-
cument, create a candidate Person-
Phone annotation. An example in-
stance identified using this rule is
shown in Figure 1.

* Consolidation rule rd as described
earlier.

The current implementation of AVATAR
IES uses the UIMA [Ferrucci & Lally
2004] workflow engine to execute anno-
tators. Annotations produced in AVATAR
IES are stored in an annotation store im-
plemented using a relational database
(DB2). The store allows multiple derived
annotators to be executed without having
to re-execute the base annotators.

1.3 The AVATAR Semantic Search
System

Our primary focus will be the task of
bridging the gap between the keyword
queries that users submit and the struc-
tured queries that model their intent.
AVATAR Semantic Search uses the no-
tion of keyword query interpretation — a
process by which end-user keyword que-
ries are automatically converted into one
or more precise queries called interpreta-
tions. Each interpretation, when executed
over the annotation store, produces a set
of documents as result.

Runtime architecture: Figure 2a
shows the runtime architecture for AVA-
TAR Semantic Search consisting of a Se-
mantic Optimizer and a User Interaction
Engine. The semantic optimizer takes a
keyword query as input and produces a
ranked list of semantically meaningful in-
terpretations of that query. The top ranked
interpretations produced by the semantic
optimizer are handed over to the user in-
teraction engine, which is a suite of tools
for presenting and displaying interpretati-
ons and result documents to the user. The-
se two components use a pair of indexes
as shown in the figure 2b (i) a translation
index to help identify the set of relevant
interpretations for a given keyword que-
ry, and (ii) a data index over which indi-
vidual interpretations are executed.

Translation index: It is used by the
semantic optimizer to retrieve the possi-
ble »meanings« of an individual key-
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the (i) concepts in the schema, such as
types and paths, that match the keyword
(based on keywords provided by domain
experts for types and paths in the sche-
ma), and (ii) paths where the keyword ap-
pears as a data value in the data set.

Data index: It is used to execute the
interpretations generated by the semantic
optimizer. We implemented the data in-
dex using the IBM OmniFind [Web-
sphere 2006] indexing engine that not
only supports XPath queries but also in-
corporates all of the standard text retriev-
al features such as stemming, multi-word
tokenization, stop word dictionaries, etc.

Semantic optimizer: The key com-
ponent of the AVATAR Semantic Search
runtime architecture is the semantic opti-
mizer (fig. 2a). Internally, the semantic
optimizer is organized as a sequence of
the following three stages:

Enumeration: The concept of justifi-
cation is used to formally define the
class of queries over the annotation
store that represents valid interpreta-
tions of a keyword query. In the enu-
meration step, user keywords are
matched against the translation index
as shown in figure 2b. The resulting
matches are used to generate every
possible justified interpretation of a
keyword query.

Pruning: Even for annotation stores
with a small number of types, the set
of possible justified interpretations
can be extremely large. The pruning
step uses domain specific constraints
over the annotation schema to elimi-
nate several of these interpretations,

ample constraints.

Ranking: After pruning, every remai-
ning interpretation is potentially of
interest to a user who submitted the
original keyword query. The goal of
ranking is to generate an ordering of
these interpretations so that the more
likely interpretations are ranked high-
er, see [Kandogan et al. 2006] for an
example on ranking.

1.4 Challenges

AVATAR IES scales to a large number of
high precision annotators. We are cur-
rently building a framework to map such
annotators to queries in a data base sys-
tem. Deriving precision estimates in such
a database system presents a significant
challenge for probabilistic database sys-
tems. This is the focus of our ongoing
work in this area, such as in [Kandogan et
el. 2006, Burdick et al. 2005].

2 Enforcing Privacy and
Confidentiality of Data

2.1 Problem Description

Several governments have passed data
protection laws to govern the processing
and movement of personal data. For ex-
ample, the European Union passed the
1995 European Union Directive on Data
Protection [EU Directive 1995] requiring
its member states to adopt laws to protect
personally identifiable information. For
obvious reasons privacy of health care in-
formation has received significant legis-
lative attention in countries such as the

[Agrawal & Johnson 2006]. As a conse-
quence, health care providers in these
countries need support to comply with
regulations on which data (addresses,
medical history, drug prescriptions) can
be shared with whom (physicians, phar-
macists, researchers) for which purpose
(treatment, research, marketing).

To stay competitive in a global mar-
ket, companies are increasingly forced to
share information among each other. For
example, tracking individual RFID-
tagged items throughout supply chains of
independent enterprises is an emerging
trend in many industries. To completely
track an item data has to be shared across
multiple, possibly competing, enterpris-
es. The need to simultaneously compete
and cooperate requires new technologies
that allow companies to share their trace-
ability data while maintaining complete
sovereignty over what data is shared and
with whom [Agrawal et al. 2006].

The goal of IBM’s data privacy re-
search is to build next-generation infor-
mation systems that preserve privacy and
confidentiality of data without impeding
the flow of information.

2.2 The Hippocratic Database

Traditionally, database systems have
been designed to guarantee efficient stor-
age and access of information. Most cur-
rent commercial database systems still
use the authorization model System R in-
troduced in 1976 [Astrahan et al. 1976].
Consequently, privacy and confidentiali-
ty of data is mostly handled outside the

database system in individual applica-
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tions. This approach has two severe draw-
backs: First, functionality needed by mul-
tiple applications is re-implemented in
each application. Second, the control
over data is moved away from the data-
base, thus increasing the potential for data
abuse and policy violation.

Hippocratic database (HDB) [Agraw-
al et al. 2002] is a vision that embraces the
responsibility for the privacy of data
managed as a fundamental tenet of the da-
tabase, realized using a suite of technolo-
gies to manage disclosure of data. We de-
scribe four such technologies: active en-
forcement, compliance auditing, sover-
eign information sharing, and privacy-
preserving data mining.

Active Enforcement:
forcement [Lefevre et al. 2004] ensures
that applications accessing data within a
Hippocratic database will adhere to data-
disclosure policies. Active enforcement
takes place in three phases: policy instal-
lation, user preference collection, and
data retrieval (see fig. 3). In the policy in-
stallation phase an organization specifies
its data-sharing practices using a policy
specification language such as P3P
[Cranor et al. 2002]. Policies may be
specified with specific query-purpose and
result-recipient in mind. The policy spec-
ification is shredded and stored inside the
database as relations. In the next phase,
individual user preferences such as opt-in
and opt-out choices are collected. The
user preferences are expressed in XPref
[Agrawal et al. 2003b], an XPath-based
language. In the data retrieval phase, ap-
plication queries are modified based on
the policy specification and user prefer-
ences. These modifications are done at
the SQL interface level (for example, us-
ing a special JDBC driver). The modified
query is able to restrict access at individ-
ual cell level without requiring any mod-
ification of applications.

Compliance Auditing: Compliance
auditing (CA) [Agrawal et al. 2004] gives
companies the ability to retroactively
demonstrate that their data-management
practice did comply with the declared
policies. A naive implementation logs,
for each query, all records accessed by the
query. Our approach logs only query
strings and the rest of the query-process-
ing is unencumbered (see fig. 4). Offline,
the database recovery log is used to create
backlog tables, which allow reconstruc-
tion of any past state of the database. To
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perform an audit, the auditor formulates
an expression specifying the data whose
disclosure is to be tracked. Audit expres-
sions are similar to SQL queries, and al-
low audits to be performed at individual
cell level. When an audit expression is
received, it is statically analysis to select
candidate queries that could potentially
have disclosed the data being audited.
The audit expression is then combined
with the candidate queries, and run
against the backlog database. The final
result of auditing returns the precise set
of queries that accessed the specified
data.

Sovereign Information Sharing: In
certain situations, enterprises are interest-
ed in sharing query results, but they do
not want to reveal all records accessed to
compute the result (see fig. 5 for an illus-

tration). For example, airlines and securi-
ty agencies want to know whether a sus-
pectis on board a plane. However, neither
does the security agency want to reveal its
list of suspects, nor the airline its list of
passengers. Sovereign Information Shar-
ing (SIS) [Agrawal et al. 2003a] provides
anew paradigm to meet the requirements
for such information sharing across au-
tonomous entities. In this model, the exe-
cution of a query over two or more data-
bases reveals only the result of the query
to all entities involved. SIS applies a set
of commutative encryption functions to
the data at each location. The multiply en-
crypted values are then compared, and the
query results provided, without compro-
mising the privacy of any data set. SIS
can be seamlessly integrated into existing
environments without any anonymization
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of data or without the need for a trusted
third-party.

Privacy-Preserving Data Mining:
In some sense privacy and data mining
have conflicting goals: Privacy aims at
protecting information whereas data min-
ing aims at discovering information. Pri-
vacy-Preserving Data Mining [Agrawal
& Srikant 2000] resolves this dilemma by
exploiting the difference between the lev-
el at which people care about privacy, i.e.
individual data, and the level at which
data mining algorithms operate, i.e. ag-
gregated data. User data is randomized
such that it cannot be recovered at the in-
dividual level with reasonable precision,
but the original data distribution can still
be reconstructed at the aggregate level.
Thus, classification and association-rule
mining can be performed on top of priva-
cy-preserved data with only a small loss
in accuracy [Evfimievski 2002].

2.3 Research Challenges

Policy specification: HDB relies on the
fact that privacy and confidentiality con-
straints can be captured in the form of a
policy, using a policy specification lan-
guage. The policy specifications must be
complete, correct, concise, and clear to
three participants: The policy maker re-
quires the policy to be easy to compose
and to precisely capture her intent. The
human policy readers want it to be easier
to read and understand than long legal
texts. HDB requires the policy to be in a
format that can be efficiently interpreted.
Designing a policy language that satisfies
all three participants is a major challenge.

Currently, policy languages do not
capture privacy constraints that relate to
multiple pieces of information, e.g. an en-

terprise is willing to share information /
or H separately, but it is not willing to re-
veal I and H together. When such con-
straints can be expressed, policy enforce-
ment and auditing techniques need to be
extended to detect inferences possible by
issuing multiple (correlating) queries.

Sticky policies: HDB allows compa-
ny X to enforce its confidentiality policy
when company Y requests information /.
However, it does not give X control over
what happens to / once it is released to Y.
If X’s policy states that it is willing to
share information / with Y but with no
other company, this policy should also be
enforced by Y. One way is to stick a piece
of policy to [ telling Y not to share I with
anyone else. Some of the challenges that
would have to be addressed to enable
such a solution are: a standardized format
for sticky policies, a way to generate
sticky policies given a query result, and a
way to import sticky policies into another
database.

Data Lifecycle Management: Priva-
cy protection also needs to consider data
lifecycle issues such as retention period.
Some regulations require organizations to
retain some kinds of data for a minimum
amount time. Similarly, there are regula-
tions and policies that require organiza-
tions to delete some kinds of data after a
certain period of time. For example, the
Health Insurance Portability and Ac-
countability Act [HIPAA 1996] requires
hospitals providing certain services to
keep patient records for a period of five
years. In contrast, patient data collected at
a hospital for a specific research purpose
might have to be deleted when the re-
search ends. In some cases, the same data
might be collected for purposes with con-
flicting retention requirements. Conse-
quently, managing the lifecycle of such
data, especially those that additionally re-
quire privacy enforcement and compli-
ance auditing, becomes harder.

3 Autonomic DBMS

3.1 Requirements for an Autonomic
DBMS

To reduce the total cost of ownership da-
tabase systems should be more self-tun-
ing. We divided the operational require-
ments of autonomic DBMS in the four
categories self-configuring, self-healing,
self-optimizing, and self-protecting.

Self-configuring refers to function
that connects and configures components
so that technology is operational with
minimal human intervention. For data-
base servers, this can include server and
storage topology configuration, installa-
tion, initial database design, configura-
tion of the database server (there are sev-
eral dozen possible configuration op-
tions), and physical database design.
Self-configuring also includes the ability
for a database server to be easily de-
ployed, configured, and interconnected
with other middleware and applications.

Self-healing refers to the ability of a
system to detect problems or problem
trends (which have not yet manifested as
problems) and either take corrective ac-
tion or provide advice and automated no-
tification to an end user, who can then
take corrective action. Even with all the
sophistication and redundancy in data-
base systems, things can and will occa-
sionally fail, which makes the automated
problem determination aspect of self-
healing a critical domain as well. In auto-
mated problem determination, an auto-
nomic system detects problem trends
(such as disk storage filling up at a detect-
able rate, from which a storage constraint
can be projected) or detects and notifies
the DBA when sudden errors arise.

Self-optimizing is the domain of sys-
tem performance tuning. For databases,
this includes compiling queries so that
they perform well when run, tuning utili-
ties so that they maximize the available
resources, and throttling background
processes to avoid undesirable impact to
the production workload. Self-optimizing
also includes the daily maintenance of the
database, which, if neglected, will gener-
ally lead to system performance degrada-
tion or storage waste. This includes, for
example, regular backups, collection of
data statistics, and data defragmentation
and reclustering.

The final functional category is Self-
protecting, which describes a system’s
ability to anticipate, identify, and protect
against security attacks. The scope varies
from static defenses such as virus protec-
tion and data encryption to more ad-
vanced dynamic defenses such as behav-
ior analysis, where the actions taken by
the users accessing the RDBMS are ana-
lyzed for negative behaviors, tracked, and
adaptively unwound.



3.2 A Self-Optimizing DBMS

A database management system has vari-
ous ways of processing any given SQL
query. For instance, it could use a hash-
join or a nested-loops join to combine two
tables. It also has to select one or more of
many available indexes to evaluate a se-
lection predicate and to determine the or-
der in which tables should be joined to-
gether. It is the task of the query optimizer
of a relational DBMS to choose the opti-
mal query execution plan (QEP) for any
given query. In order to achieve that, the
query optimizer relies on a mathematical
model of the cost of each query execution
plan, which in turn relies on proper esti-
mates of the sizes of intermediate steps
(cardinalities) in each plan that is consid-
ered. This cardinality model is based on
statistics about the distribution of values
in the database.

Tuning query plans, and specifically
keeping the necessary statistics for the
query optimizer available and up to date,
is a major area of concern in day-to-day
database operations. At the IBM Al-
maden Research Center, we have carried
out a vast body of research on autonomic
computing for information management
[Garcia-Arellano et al. 2006] and specifi-
cally on automatically collecting, main-
taining, and optimally using statistics in
the query optimizer [Markl et al. 2003].

In order to automatically maintain
statistics for the query optimizer, we ex-
plored closed loop tuning in our LEO
(Learning Optimizer, see [Stillger et al.
2001]) and POP (Progressive Optimiza-
tion, see [Markl et al. 2004]) projects.
Both LEO and POP adjust the query opti-
mizer’s model based on actual informa-
tion from running queries. POP uses that
information to determine if a currently
running query is suboptimal, and triggers
re-optimization of the query in that case.
LEO persists the learned information to
remedy the errors in the optimizer’s mod-
el for future queries. In contrast to ASP,
both LEO and POP implement a fully
closed loop, in that they do not merely
give recommendations, but immediately
alter the optimizer’s model.

Both LEO and POP use results from
actual executions of queries to validate
the optimizer’s model incrementally, de-
duce what part of the optimizer’s model is
in error, and compute adjustments to the
optimizer’s model for future query opti-
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mizations. Deferred learning with LEO
works under the assumption that future
queries are similar to previous queries,
i.e., they share one or several predicates.

The LEO feedback loop is comprised
of four steps: monitoring, analysis, feed-
back, and feedback exploitation. The
monitoring component saves at query
compilation time the cardinality esti-
mates derived by the optimizer for the
best (i.e., least-cost) plan, and during que-
ry execution saves the actual cardinalities
observed for that plan. The analysis com-
ponent uses the monitored information to
identify modeling errors and compute
corrective adjustments. This analysis is a
standalone process that may be run sepa-
rately from the database server, and even
on another system. The feedback compo-
nent modifies the catalog statistics of the
database according to the learned infor-
mation. The exploitation component
closes the feedback loop by using the
learned knowledge in the system catalog
to provide adjustments to the query opti-
mizer’s cardinality estimates.

The four components can operate in-
dependently, but form a consecutive se-
quence that constitutes a continuous
learning mechanism by incrementally
capturing plans, monitoring their execu-
tion, analyzing the monitor output, and
computing adjustments to be used for fu-
ture query compilations. This mechanism
enables deferred learning, since only fu-
ture queries will benefit from the feed-
back.

The monitored cardinalities need not
be used for subsequent queries alone. If
the actual cardinalities are significantly
different from the estimated cardinalities,

the chosen query plan could be highly
sub-optimal. POP uses this knowledge
immediately by dynamically re-optimiz-
ing the current query and changing its ex-
ecution plan, if all of the rows for an in-
termediate result are materialized before
proceeding at any point in the plan. In that
way POP can improve queries under exe-
cution, while reusing the work already
done.

POP combines a plan optimality crite-
rion with checkpoints, runtime monitor-
ing and a sophisticated matching of inter-
mediate results. It can this way catch bad-
ly performing queries and improve them,
while still imposing only a negligible
overhead on well performing queries.
During access plan selection, POP deter-
mines criterions for estimated parameters
that are required to hold if the plan is to be
the optimal one. The current prototype
uses only the estimated cardinality, which
is the most important parameter and also
the one subject to the gravest estimation
error. It computes the validity range
around it, an interval that describes for
which cardinality range the current plan is
truly the optimal one. It then places
CHECK operators at strategic points,
which in turn validate during plan execu-
tion that the actual cardinality, obtained
from the runtime monitor, is within the
validity range. If this is not the case, all in-
termediate results from fully materialized
points are retained and the optimizer is
called again. The actual cardinalities from
the aborted query execution are made
available to the optimizer so that it is able
to develop a better plan, which is not sub-
ject to the estimation error that caused the
re-optimization. Note that this makes



POP suitable for any source of cardinality
estimation error, be it bad statistics,
wrong assumptions, or parameter mark-
ers. The retained intermediate results are
treated as materialized views, also called
materialized query tables (MQT) or auto-
matic summary tables in DB2. The opti-
mizer has the cost-based choice to match
them back into the plan, enabling the que-
ry to basically continue from the point it
was aborted for re-optimization, avoiding
the re-execution of previously executed
parts. A subset of our work has already
made it into the IBM DB2 product
[Aboulnaga et al. 2004], and we are cur-
rently working on actively extending the
work to shared-nothing and federated en-
vironments [Ewen et al. 2005].

3.3 Challenges

While we have been successful with our
research in autonomic query optimiza-
tion, several challenges still remain: One
big problem is how to maintain robust-
ness in the light of an autonomic system.
We have to ensure that a system converg-
es to a stable point, and that performance
becomes predictable. Customers prefer
predictable performance over overall best
performance. This may mean to alter the
cost model of the query optimizer, to fa-
vor robust plans (plans that perform well
even in the case of uncertainty of, for in-
stance, cardinality estimates) over best
plans. While some work has been carried
out in that area, suggesting to consider es-
timates as expected values of a probabili-
ty distribution, there has been no conclu-
sive solution to that problem yet.

Other challenges arise when new
functionality is added. Total cost of own-
ership has to be kept low, when databases
support more complex data types, includ-
ing semi-structured and unstructured da-
ta. This may mean to design robust runt-
ime operators and thus remove the need
of proper statistics at compile time of a
query, effectively pushing optimization
into the runtime system. The same holds
true when query processing is extended to
web-sources to enable mash-ups of infor-
mation in the Web 2.0 style.

4 Summary

The next generation DBMS has to ac-
complish two almost competing goals.
On the one hand the DBMS needs to em-

brace a multitude of new functionalities
to support emerging data types and appli-
cation needs. In this article, we have dis-
cussed two such future functionalities:
support for semantic query processing
and protection of data privacy. On the
other hand, there is a need to reduce a
DBMS’ complexity, or hide its complex-
ity from its users. We have discussed self-
optimization as a way to reduce the main-
tenance cost of a database and gave an
outlook how the total cost of ownership
can be reduced.

We believe the three research areas il-
lustrated in this article are of practical rel-
evance, and there are opportunities for
new discoveries and improvements in
these areas. We hope this article encour-
ages readers to learn more about these
topics; perhaps to even conduct research
in these areas.
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